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AN ATTENTION BASED DEEP NEURAL NETWORK FOR VISUAL QUESTION
ANSWERING SYSTEM
LABHESH POPLI
ABSTRACT

With advances of internet computing and a great success of social media websites,
internet is exploded with a huge number of digital images. Nowadays searching appropriate
images directly through search engines and the web is trending. However, automatically
finding images relevant to a textual query content remains a very challenging task. Visual
Question Answering (VQA) system has emerged as a significant multidisciplinary research
problem. The research combines methodologies from the different areas like natural
language processing, image recognition and knowledge representation.

The main challenges for developing such a VQA system is to deal with the scalability
of the solution and handling features of the objects in vision and questions in a natural
language simultaneously. Prior works have been done to develop models for VQA by
extracting and combining image features using Convolution Neural Network (CNN) and
textual features using Recurrent Neural Network (RNN). This thesis explores
methodologies to build a Visual Question Answering (VQA) system that can automatically
identify and answer a question about the image presented to it. The VQA system uses
methods of deep Residual Network (ResNet), an advanced Convolution Neural Network
(CNN) model for image identification, and Long Short-Term Memory (LSTM) networks,
which is advanced form of Recurring Neural Network (RNN) for Natural Language

Processing (NLP) to analyze a user-provided question. Finally, the features from both an
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image and a user question are combined to indicate an attention area to focus on to identify
objects in the area of the image in deep residual network, to produce an answer in text.
When evaluated on the well-known challenging COCO data set and VQA 1.0 dataset,
this system has produced an accuracy of 59%, with a 12% increase when compared with a
baseline model without the attention-based technique and the results also show comparable
performance to other existing state-of-the-art attention-based approaches in the literature.
The quality and the accuracy of the method used in this research are compared and

analyzed.
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CHAPTER1
INTRODUCTION
1.1. Background

With advances of internet computing and a great success of social media websites,
internet is exploded with a huge number of digital images. Nowadays searching appropriate
images directly through search engines and the web is trending. The most common search
engines today such as Google, Yahoo or Bing offer image search in a natural language
query. However, the challenging task of automating the image retrieval relevant to a textual
query content remains prevalent. Google image search engine which is used by numerous
people around the world is reported to have a precision of only 39% [38].

Visual Question Answering (VQA) [2, 3, 4, 5, 8] has emerged as a significant
multidisciplinary research problem and employs methods from areas such as image
recognition, natural language processing and knowledge representation in both academia
and industry. The machine needs to interpret both images and the questions to correctly
answer any given questions about an image. Recently, visual attention-based models [41,

42, 43, 44] have shown great prospect for VQA, where the attention mechanism highlights



the image regions relevant to answers of the question by producing a spatial map manually
[39].

As deep learning advances, VQA employs methods from image recognition, natural
language processing and knowledge representation to obtain a better solution [30].
However, integrating the domain knowledges from multiple areas like object identification,
object classification and text processing is a challenging Al task. For example, for a given
image and a question “how many apples are in the basket?” the challenge is to recognize
the “basket” in the image along with detecting and classifying the object “apples”. When
such an integrated model is presented with an input image and a textual question, the model
generates back a textual answer in the form of natural language [20].

Most of literature of attention models for visual question answering systems talk about
the problem of identifying and focusing attention on the image. In this study, the problem
and the importance of identifying “which words to listen to” or the attention on the question
text is stressed upon. Consider the questions “how many horses are in this image?” and
“how many horses can you see in this image?". The same meaning from these two
sentences are being captured from the first three words itself. Motivated by this
observation, this thesis studies approaches to address the problem of question attention as
well as reasoning about visual attention.

One major approach in research in deep learning for QA system per given input image
is the use of attention based on the semantic representation of a question as query. The
attention-based method searches for the regions in an image that are closely related to the
answer instead of searching the whole image. When an image is searched focusing only on

the relevant regions of the image with respect the questions to generate answers



progressively, the results of the attention-based approaches are proven to outperform any
previous state-of-the-art approaches without attention [4].

This thesis follows a similar approach to develop an attention-based image question
answering system with an unsupervised attention generated by a user-provided textual
question related to the image. The system extracts feature from images using a deep
Convolutional Neural Network (CNN), combines the features from the question analyzer
in Natural Language Processing (NLP) using Long Short-Term Memory (LSTM)
networks, which are a special kind of Recurrent Neural Network (RNN) explicitly designed
to remember information for long periods of time. This eventually generates an attention
model to produce answers based on the inputs with improved accuracy. The following
sections explains a deep learning architecture with neural networks in detail, how they are
trained and how a deep convolutional neural network is so remarkably good at
understanding images.

1.2. Motivation

Visual question answering (VQA) and image captioning present the researchers with
high complexity compared to traditional machine learning tasks, such as classification or
segmentation since the task of generating an answer for a textual question related to the
image is not straightforward, it introduces a number of new challenges [34].

One of the challenging tasks begins with generating data sets to train and test. These
efforts include crowdsourcing generated curated datasets. A significant motivation for
crafting good benchmark dataset is that the interpretation and evaluation of the generated
answer becomes difficult as problem and the scope of the task grows. Establishing and

evaluating methodology that assigns scores also becomes more complex. As people have



a greater access to social media, the human answers in different scenarios are becoming
more inconsistent [35].

Malinowski and Fritz [36] identified three different set of challenges to deal with in
VQA tasks. The first deals with scalability of the solution, dealing with inherent concept
ambiguity, and handling attributes of the objects in vision and language. The second is how
to use the commonsense knowledge in question answering. To define and craft a
benchmark dataset and quantifying the performance of different methods are the third
challenge [34].

There are many applications for VQA systems which can inspire the researchers to
establish more advance systems to make the results better. Some of the examples are the
disability aid systems along with being tremendously useful for blind and visually impaired
users. VQA systems can also provide an image retrieval system, which could help the local
authorities to solve cases from image retrieved from CCTV cameras to identify the
criminals. It can also have an impact on e-commerce trends etc.

1.3. Problem Statement

This thesis explores methodologies to build a framework (henceforth called “The
Framework™) for a Visual Question Answering (VQA) system that can automatically
identify answers for a question in a natural language about an image presented to it. The
study explores the research in building a Visual Question Answering system using deep
learning algorithms based on CNN for image recognition, and LSTM networks for NLP
for question analysis for generating attention. The research categorizes the visual question
answering technique as a classification problem [15]. For a given image and a textual

question in the form of natural language, the system estimates the most likely answer from












produce an answer ("Is the detected object a cat?") [32]. Then, VQA systems also classify
the objects based on its attributes ("What is the color of the cat?"), scenario ("Is it day or
night?") or produce a count the number of times the object has occurred in an image ("How
many cats are there in the image?") [32]. Another challenging task is the proposed natural
language questions that are only known to the system during run-time.

The final challenge was to combine the result of natural language processing with the
image data focusing on most relevant areas of the given image (attention) to produce a set
of possible answers with a cutoff accuracy. The approach used in The Framework
addresses the problem to employ deep residual network (ResNet) and LSTM. The
experiments were done using the well-known COCO data set [14]. The results showed that
the approach used with ResNet and attention-based LSTM networks improved up to 5% in
accuracy when compared to the existing literature using other well-known models-
AlexNet [6] and VGG16 [37]. The Framework, despite a simple architecture, achieves an
accuracy of 59% on VQA 1.0 [53] and COCO datasets.

The rest of the thesis is organized in the following manner. Chapter 2 discusses the
literature review and related work done to build a VQA system using other deep learning-
based models. Chapter 3 explains the CNN architecture and the main steps involved in
detail. Chapter 4 gives an overview of the RNNs and explains the LSTM network with
attention based RNN in detail. Chapter 5 discusses the technical approach and the
methodology used in The Framework, including the image and question models,
explanation of ResNet architecture and feature extraction. Chapter 6 shows the
experimental results and evaluation done on The Framework. Finally, chapter 7 concludes

the thesis also mentioning about the future scope of work.



CHAPTER I
LITERATURE REVIEW AND RELATED WORK
2.1 Literature Review

Visual Question Answering (VQA) system and image captioning systems are closely
linked as both need a reasoning about the visual contents and output either a word or a full
sentence. Some of the work has been accomplished using attention-based configurable
convolutional neural network (ABC-CNN) to locate the question-guided attention based
on input queries [3]. The technique used here is based on question guided attention maps
(QAM) where QAM is achieved by convolving the image feature maps and the convolution
kernels obtained by different dense question embeddings.

Some of the other similar work done uses the power of backpropagation techniques to
train the model deterministically by maximizing a variational lower bound [28]. This is
achieved by using a stacked attention networks (SAN) as in [4]. This is closely related to
The Framework in the sense that it uses SANs to represent a question semantically and
search for only specific regions of the image related to the question. This is achieved in
multiple steps of reasoning. Thus, a multiple-layer SAN infers the answer progressively in
this case. When the answer only relates to a smaller region of the whole image, it is valid

to say that using the one global image feature vector introduces noise from the irrelevant



regions with respect to the answer, hence producing suboptimal results [4]. Instead, using
SANs the image feature and question vector are first fed through a single layer neural
network and then an attention distribution is generated over the specific regions of the
image using a Softmax function [4].

There are several other recent papers to address VQA [2, 3, 4, 5, 8]; most of them are
based on deep learning except [2]. Seo et al. [2] also mentions about a methodology
proposing a Bayesian framework, which exploits current advances in natural language
processing and image processing even though this method depends on a pre-defined set of
predicates. This eventually creates difficulties in representing complex models which are
required to understand input images.

Deep learning-based approaches demonstrate competitive performances in VQA [4, 6,
8]. Most common VQA approaches use CNN for image feature extraction and use various
different techniques to handle question sentences. Some algorithms [52] employ
embedding of joint features based on an image and a question. A currently used approach
uses pre-trained neural networks such as ResNet [21] and VGG [37], pre-trained on the
ImageNet corpus to extract the visual information of the input image. This image feature
extraction method, has proven to achieve state of the art results in many systems, including
VQA.

Stack based coarse-to-fine multistage prediction approach [29] propose a prediction
framework for image captioning where multiple decoders operate on the output of the
previous stage, resulting in improved image descriptions. They optimize the attention-
based model with a reinforcement learning approach which normalizes the words by using

the output of the interference algorithm of intermediate decoder along with its preceeding
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decoder. It is claimed that this model solves the exposure bias and loss-evaluation
mismatch problem [29].

Since the creation of AlexNet architecture in 2012 [6], there have been progressive
researches in the field of CNNs for image recognition and the percentage accuracy for
object identification has significantly increased. Over these years, there have been various
other CNN based models such as VGG, GoogleNet and their enhanced versions due to
which the task of image recognition has become even more innovative. In 2015, ResNet
model won the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) challenge
on ImageNet classification, detection and localization and COCO detection and
segmentation with only 3.6% top 5 error, which is considered the best so far.

The Framework has taken into consideration all the previous researches done in the
same field and based the experiments and results to reproduce and improve the accuracy

of results that have been achieved.
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CHAPTER III
INTRODUCTION TO CONVOLUTION NEURAL NETWORKS

Overview

It was Fukushima who first proposed the idea of Convolution Neural Network (CNN)
in 1988. Since then, many researches and improvement have been going on to improve the
image recognition, face recognition and object identification tasks in the field of CNNs.
CNNs offer many advantages over its previous architectures of Deep Neural Network such
as providing human like visual processing system which is effective for processing 2D and
3D images, its learning and abstractions. CNN demonstrates to be better as it exploits the
way that the input images sensibly constrain the architecture [5]. The layers of a CNN have
neurons organized in 3 dimensions: width, height, depth in contrast to a customary Neural
Network. Depth here alludes to the third dimension of an activation volume. For instance,
the images in CIFAR-10 are a volume of activations of the dimensions 32x32x3 (width,
height, depth respectively). The neurons in a layer are associated with a smaller layer before
it, rather than the all the neurons connected in a fully connected way. The last output layer
for CIFAR-10 have dimensions 1x1x10, as the complete image is reduced into a single
vector class score by the end of the CNN based model [5]. This layer is arranged along the

depth dimensions. Figure 4 below shows a visualization of the CNN architecture:
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To summarize this chapter, to enable a convolution neural network for feature extraction
and classification, the input data passes through four main operations of convolution, non-
linearity (ReLU), pooling/sub sampling, fully connected layer to get the final classification.
The overall training process of the ConvNet is summarized as below [44]:

1. Initialize all filters and parameters/weights with random values.

2. Forward propagation step (convolution, ReLU and pooling operations along with
forward propagation in the fully connected layer) on an input image- find output
probability for each class.

3. Assuming the output probabilities for the boat image in figure 5 are [0.1, 0.6, 0.2, 0.1],
they are still random, since the weights are randomly assigned for the first training input
image.

4. Calculate sum of error at output layer (for all 4 classes) [44]

Total Error = ) ¥4 (target probability — output probability) 2

5. Backpropagate to find the gradients of error with respect to all network weights [44].

6. Use gradient descent to minimize output error. Update filter values/weights and
parameter values.

6.1 Weights adjustment is proportional to their contribution to total error.

6.2 The same image will have different output probabilities when inputted next time

taking it closer to the target vector. This implies that means that by adjusting the

weights and filters correctly, the network has learnt to classify eventually reducing the
output error.

7. Repeat steps 2-6 for all images in training set.
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The above steps will correctly classify images from the input training set by optimizing
all the weights and parameters of the convolution network. The next chapter describes
Recurrent Neural Networks, laying emphasis on long short-term memory units and their

internal working as they are used in question embedding tasks for The Framework.
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CHAPTER1V
INTRODUCTION TO RECURRENT NEURAL NETWORKS

Overview

Recurrent Neural Network (RNN) is unique to neural networks in the sense that it is
designed to identify patterns in sequences of data (time-series, handwriting, numerical data
series etc.) generated from different sources like various sensors, stock markets,
handwritten books etc. RNNs take two sources as the input, the data from the present step,
and the most recent past (previous step), based on which a decision on the new data is made
[15]. The decision a recurrent neural network will reach at time 7 is affected by the decision
it has reached at time 7-/ [15]. The outputs are fed back to the inputs continuously, making
it the vital differing point with the feed-forward neural network. Figure 11 shows a

complete sequence of an RNN.
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Where, x; = input at 7. x; considered as one-hot vector regarded as the second word of the
sentence.

h; = hidden state (memory) at time 7. A, is calculated by taking the current input value and
the previous hidden state.

y: = output at time 7. The predicted next word of a sentence. This can be done considering
a vector of probabilities in the vocabulary.

0, 0., 6, = same distinct weights at all time steps

4.1 Back Propagation Through Time (BPTT)

Backpropagation Through Time (BPTT), is the application of the Backpropagation
training algorithm to RNN data which is a sequence like data as explained above (like time
series). BPTT is recursive in nature with respect to the weights applied at each step and its
effect on the loss which distributes over time [5S0]. BPTT follows the process of initializing
the weight matrices randomly to begin with. Then, forward propagation is applied to
compute the predictions. Next, the loss is computed at each time-step using the chain rule,
and backpropagation is applied to compute the gradients. Finally, the weights are updated
based on gradients and these steps are repeated. Once the gradients are available for the
input weights, they are updated, and the same steps are repeated with the backpropagation
workflow [50]. BPTT works for an ordered sequence of & input-output pairs. The RNN is
unfolded in time to begin the BPTT. The unfolded network contains & inputs and outputs
where the shared parameters are present in every step of the network [51].
The backpropagation algorithm helps identify the gradient of the cost with respect to the
network parameters. Eventually, the weights are updated in each instance of the recurrent

layer and are summed together [51].
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4.2 The Problem of Long-Term Dependencies & Vanishing Gradient

RNNs connect the information from the past step to the present step by adding a
correction term at the output of each neuron which may be enough for predicting the next
word in each sentence or word sequence but may not be enough when more context is
needed. For example, in the following sentence, the previous step’s information may be
enough: “the car is in the garage” but might need more context for the following sentence:
“I have a car ... it gives excellent mileage”. In RNNs, during the back propagation through
time gradient phase, the gradient signal or the correction term gets multiplied multiple
times ending in a correction term greater than one. If the gradients are greater than one, the
problem of exploding gradients can occur due to which the learning diverges. A known
solution for exploding gradient would be to limit the gradients to a certain max value. On
the other hand, if the gradients are very small, also called as vanishing gradients, the
learning rate of the network becomes very slow or even stops. The solution to such a
problem of vanishing gradient is the use of Long Short-Term Memory (LSTM) networks
as described in the next section.
4.3 Long Short-Term Memory (LSTM) Networks

Long Short-Term Memory (LSTM) networks solve the problem of vanishing gradient
as explained above in the RNNs. They are capable of learning long-term dependencies
[20]. Unlike the regular RNNs, where a node has an activation function, every node in
LSTM network can store not only its own state or its previous step’s information, but also
of states which occurred many time steps back this is achieved by using a memory cell

which uses logistic and linear units with multiplicative interactions.
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There are three major steps in LSTM networks. First, the cell state remembers only the
appropriate information from of the previous cell state. The rest of the irrelevant
information can be forgotten. Second, the cell state is updated selectively depending on the
new input. Finally, a decision is made on the new hidden state from the portion of the cell
state that should be considered as output [15].

The information can flow along the memory cell unchanged or it can be removed or
written to the memory cell which is regulated by the input and output gates. The gates are
a way to decide whether to let information pass through or not. A sigmoid layer outputs
number between 0 and 1, deciding how much of each component should be let through
which is then multiplied to the input to get the output. Similar concept is applied to input
and forget gates as well. A Tanh will create a vector of new values filde C; to write to the
memory cell. Once the decision has been made on which values are to be reset and
overwritten, the LSTM applies the decisions on the memory cell, where the sigmoid layer
decided which value of the memory cell must go through output. Finally, the memory cell
is multiplied by the output gate and passed through 7anh.

LSTM have become very popular in the field of natural language processing ever since
they have been in place. Their additive interactions in the network improve the gradient
vanishing problem.

The next chapter presents the detail technical solution, approach and implementation

details of The Framework.
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CHAPTER V
TECHNICAL APPROACH AND METHODOLOGY

Overview

In 2015, when Deep Residual Learning for Image Recognition [22] also called as
ResNet, won the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) in image
classification, detection, and localization, as well as won the MS COCO 2015 detection,
and segmentation by a significant margin, it was intriguing to understand how this is going
to change the existing industry-wide algorithms and ways in which image recognition is
done. This chapter formalizes the task of Visual Question Answering system and discusses
the technical approach for the ResNet and LSTM with attention-based solution in detail.
5.1 Architecture

The Framework uses a 152-layer deep residual network (ResNet) to compute the image
features and LSTM to compute question embedding. Depending on the question
embedding, two attention layers are applied to output two most significant glimpses of the
image features. For answer prediction, a probabilistic classifier is used over an answer set.
The two focused glimpses of image features along with the final LSTM output are passed
as an input to a classifier to generate an answer.

Figure 15 below shows the complete architecture of The Framework.
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2. Question model: This is implemented using a long short-term memory unit to encode
the semantics of the given question.

3. Stacked Attention: This focusses on the most relevant part of the image instead of
predicting an answer on the whole image.

5.1.1 Image Model

The image model computes a high-level representation f; of the given image /, a
pretrained convolutional neural network (CNN) model based on residual network
architecture [6] which is a pre-trained model. £ is image feature map extracted from the
raw image /.

Jfi = CNNpesve(l)

The feature map f; has 14 X 14 X 2048 dimensions. This the three-dimensional tensor
from the output from the last layer of ResNet, which is then applied to the final pooling
layer. By performing this, the spatial information of the images can be preserved. The
image model “... [flurthermore perform /> normalization on the depth (last) dimension of
image features which enhances learning dynamics” [21].

5.1.2 Question Model

The input question e is tokenized and word embeddings V. are extracted from it. We =
{W1, W2, ... Wi} where Nis the number of words in e. The embeddings W. are then passed
to LSTM as input. The final state of LSTM is represented as s.

s = LSTM(W,)
5.1.3 Stacked Attention
Stacked attention mechanism is one of the recent successful method to consistently

improve the overall accuracy of neural network models. It gives neural networks the
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flexibility to compute localized image features. When we weight the spatial dimensions of
the Convolution Neural Network’s image features according to the importance of the
assessed image features, we call it as ‘attention mechanism’. In other words, there can be
multiple objects in an image, like dog, cat, telephone, lamp etc. and predicting an answer
using a global image feature vector can lead to noise around the regions irrelevant to the
required object’s image resulting in sub-optimal result. Attention mechanism gradually
filters out the noises focusing only on the regions relevant to the image producing higher
level of accuracy.

In The Framework, the question embeddings are not fixed size when passed as unlike
the image embeddings which are of the size 14x14x2048. A single vector for each region
is formed by concatenating the word embedding vector with different image features. This
single vector representation consists of the localized region of the image along with the
entire question semantics. With the application of multiple Convolution and ReLu layers
on the concatenated vectors, the resultant section of the initial Convolution, ReLu layers
identify the significant areas of the image based on the question embeddings [15]. The next
convolution layer after the ReLU, results in a vector by focusing on the significant regions
identified in the previous section. This convolution layer then goes through a Softmax and
passes to the weighted average layer. The input to the weighted average layer is a
condensed vector representation of the concatenated vectors [15].

The image feature vector is sent as an input to the attention distribution to include varied
spatial feature regions to produce a concentrated representation of the input image that

concentrates on the most significant spatial areas as compared to others [15]. Finally, the
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optimization problem where deeper models are harder to optimize (He et al., 2015) and the
deeper do not guarantee a better performance.

ResNet architecture presents answers to three main problems which its predecessors
had. The first problem seen in previous implementations of CNN is when the input and
output are equal for a dataset and a multi-layered network needs to be trained on it. One
solution to this can be to keep weights equal to one and biases as zero for all hidden layers
[23]. But this kind of a network produces a complex mapping when trained through
backpropagation as the weights and biases have a varied range in their values [23].

The second problem ResNet answers is the vanishing gradient problem. Adding more
layers to existing neural network decreases the accuracy for the network, whereas it should
increase if the over-fitting is taken care of. As the depths of the layers increase, the
prediction becomes significantly small at the initial layers and it becomes hard to change
the weights at the end of the network as the required signal is negligibly small. Hence, the
initial layers are almost negligibly learned [9]. This is called vanishing gradient.

Third problem with training deeper network is getting higher training error when there
are huge number of parameters and adding more layers to handle it leads to the problem,
also called as degradation problem.

ResNet architecture uses shortcut connections to solve the vanishing gradient problem.
The basic building block of ResNet is a Residual block. It is repeated throughout the

network. Figure 16 below shows the “plain layers” and the residual block [21].

35















success when it became possible to have CNN model with layers as deep as 152. The
researches were then more oriented towards improved layer architectural design rather than
parameter optimization and connections readjustment.

In AlexNet, there were seven layers for feature extraction stages with 650k units and 60
million parameters to make CNN pertinent for images of varied categories. AlexNet made
some adjustments to use large size filters (11x11 and 5x5) at the initial layers as compared
to prior work. Due to high efficiency in training the model of AlexNet, it had a major role
to play in the new era of CNNs and started a revolution in research and architectural
advancements of CNNs. AlexNet has input images of dimension 227x227x3 images. The
first layer (CONV1) has 96 (11x11) filters applied at stride 4 resulting in an output volume
size of 55. The total output volume of 55x55x96 gives 35k parameters, calculated as
(11x11x3)x96 = 35K. The second layer (POOL1) has 3x3 filters applied at stride 2. The
output volume size is 27 and the total output volume is 27x27x96.

VGG model, which was proposed by Oxford Robotics Institute was made with a depth
of 19 layers. VGG has a stack of 3x3 filters replacing the 11x11 and 5x5 of AlexNet, with
stride 1 and 2x2 max pool with stride 2 and demonstrated through rigorous experiments
that the simultaneous positioning of 3x3 filters can have the same effect of the larger size
of filters. Use of the small size filters also help in reducing the number of parameters
required for computation and have a low complexity [11]. VGG places 1x1 filters in
between the convolutional layers to regularize the complexity of network and additionally
learn a linear combination of the resultant feature maps [11]. For tuning purposes of the
network, max pooling layer is placed after the convolutional layer in VGG and padding

was performed to maintain the spatial resolution. Despite small size filters, VGG still has
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a high computational cost as it uses about 140 million parameters. But as we go deeper in
the VGG network, more non-linearities are introduced in the data and parameters are
decreased per layer.

ResNet, which is by far the most efficient CNN architecture with a depth of 152 layers
and researches are still going on to extend it up to thousand layers is more than 20 times
deeper than AlexNet and 8 times deeper than VGG. ResNet clearly displayed less
computational complexity than previously proposed architectures [11]. ResNet got 3.5 of
7% top 5 error with 152-layer model for ImageNet. It gained 28% improvement on the
COCO image recognition benchmark dataset. ResNet is made up of stacked residual blocks
as explained in section 5.2.1 where every residual block in ResNet has two 3x3 conv layers.
The number of filters is doubled periodically and with a stride of 2, it is down-sampled
spatially. There is an additional convolution layer at the beginning and no fully connected
layers at the end. For networks that are more than 50 layers deep, ResNet uses bottleneck
layers similar in order to improve efficiency. Within each block, it has 1x1 convolution
filter, that first projects it down to a smaller depth. For example, if there is a 28x28x256
input, its projecting depth is taken down to get 28x28x64 using 64 filters. Next, the 3x3
convolution is applied only on 64 feature maps. Again, 1x1 convolution is applied which
projects the depth back up to 256. This makes the total number of operations as roughly
600k. ResNet also uses batch normalization after every conv layer.

Figure 21 below shows the winners of the ImageNet Large Scale Visual Recognition

challenge (ILSVRC) challenge over the years where ResNet had 3.6% top 5 error rate [43].
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CHAPTER VI
EXPERIMENTAL RESULTS AND EVALUATION
6.1 Datasets used for The Framework

COCO dataset is

“...[t]he state-of-the-art in object recognition by placing the question of object

recognition in the context of the broader question of scene understanding. This is

achieved by gathering images of complex everyday scenes containing common
objects in their natural context. Objects are labeled using per-instance
segmentations to aid in precise object localization. Our dataset contains photos of

91 objects types that would be easily recognizable by a 4-year-old. With a total of

2.5 million labeled instances in 328k images, the creation of our dataset drew upon

extensive crowd worker involvement via novel user interfaces for category

detection, instance spotting and instance segmentation.” [13]

As mentioned in chapter II, the image dataset used to evaluate the model in The
Framework is Common Objects in Context (COCQ) 2014 [14]. It is provided by Microsoft
and is most widely used. COCO dataset has half a million images which are divided into
training, validation, and test sets. It has 82,783 images for training dataset and 40,504
images for validation dataset. For question and answers, The Framework uses VQA 1.0
dataset [32]. It also consists of human annotations for the training and validation sets where
each annotation is a 10-15 words with 5-7 annotations per image. For most of experiments,

training data was set to be the train set and the results are validated and reported from the

validation set. The results were also taken from test set to compare them with the prior
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work done. VQA 1.0 data set uses images from the COCO data set [14]. For question and
answers, there are three questions per image. For every question, there are ten labelled
answers by human annotators [4]. Table 1 below shows the number of questions and
images available in the VQA dataset. There are 3129 answer label classes, 443757 training

questions and 214354 validation questions in the data set.

Mode Training Validation Testing
Images 82783 40504 81434
Questions 443757 214354 447793
Answers 443757 214354 -

Table 1: Number of questions and images in VQA dataset

6.2 Evaluation Metrics

The Framework is modeled as an open-ended task or multiple-choice questions, where
the questions are open ended or as a multiple-choice task. For multiple-choice types of
questions, simple accuracy can be used as an evaluation metric as there can be a single
right choice. For open-ended questions, it is imperative that the ground truth answer and
the predicted answer matches exactly. As simple accuracy metrics do not produce good
results, there are various other different evaluation metrics proposed to evaluate open-
ended visual question answering problems to find accuracy of different types of questions
[15]. Wu-Palmer Similarity (WUPS) [24] measures the difference between the predicted
answer and the ground truth based on their semantic meaning. In VQA 1.0 Dataset, there
are ten ground truth answers which are annotated by human for every question [15]. The

metric used for evaluation is given by [15]:
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Table 3 shows a comparison of The Framework with prior researches on COCO and
VQA 1.0 Dataset using a similar model of ResNet with LSTM and attention model. The
authors of [20] mention that all the baseline input images were scaled while preserving
aspect ratio and center cropped to 299x299 dimensions. The rest of the parameters and
image dimensions are the same. The authors of [ 19] on the other hand developed a multiple-
layer Stacked Attention Network which progressively queries an image to generate answers
multiple times, with the rest of the methodology same as The Framework. The authors of

[39] reasons about the question in a hierarchical fashion via a 1-dimensional CNN.
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Model Accuracy (%)
CNN + LSTM [26] 52

ResNet + LSTM [27] 51

LSTM + VGG [32] 54.1

Resnet + bytenet [15] 60

Resnet + LSTM + attention [20] 59

Resnet + LSTM [33] 58

VGG + LSTM + attention [4] 58.9

The Framework (ResNet + LSTM + | 59

attention)

Table 4: Comparing percentage accuracy of The Framework with prior work

Figure 27 below shows the accuracy comparison of The Framework compared to other
prior work done and indicates that the accuracy with attention model proves to be amongst

the better model out of all.
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CHAPTER VII
CONCLUSION AND FUTURE DIRECTION

7.1 Conclusion

The methodologies to build a Visual Question Answering system using question
attention-based deep neural network were studied. The study explored the research in
building a Visual Question Answering system using deep learning algorithms based on
CNN for image recognition and LSTM networks for NLP for question analysis for
generating attention. The research considers the visual question answering task as a
classification problem [15]. For a given input image and a textual question in natural
language, the model developed in this research estimates the most likely answer from a
fixed set of answers basing it and matching it from the contents of the image. The model
uses a deep residual network (ResNet), an advanced CNN model to compute the image
features, and LSTM, a special type of RNN to compute question embedding combined with
an attention mechanism to focus on important parts of the input image features and a
classifier is used to generate textual answer probabilities over a given set.

The Framework offers an effective method that can be applied to various image
recognition tasks. Its challenges and future directions in the field of Visual Question

Answering system were investigated and discussed. Two challenging tasks to build a
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Visual Question Answering system for image identification and sentence processing were
discussed with ResNet architecture for image feature extraction, and Long Short-Term
Memory (LSTM) network for question processing. The attention-based method to combine
the outputs from these two components were applied to get the final answer prediction in
VQA.

Prior to using deep residual networks with LSTM and attention model, experiments
were carried out using deep residual networks with LSTM for generating answers in
Natural Language. From the results in the previous section, it was observed that using
ResNet with LSTM and attention model answer generation resulted in a significant
increase in the accuracy when compared to the model not using attention model. Some
experiments for question processing were also performed by replacing long short-term
memory unit (LSTM) with ByteNet and results were compared for accuracies.

7.2 Future Work

By building The Framework, the various concepts, advantages as well as limitations of
multiple CNN models were explored, which is essential to leverage its potential with the
goal of developing strong knowledge-base and skill set in machine learning and deep
learning networks. The Framework can also be extended to answer open-ended questions
on multiple images at the same time. Having said that, the possibility of extending The
Framework to video question answering system can also be explored, whose application

can be seen in the field of video surveillance systems and crowd surveillance systems.
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APPENDIX

SYSTEM CONFIGURATION

Specification

Value

Machine Name

Bigdata Windows Server 2016, Ubuntu
bigdatal server, Ubuntu bigdata2 server

Operating System

Ubuntu 16.04

Processor

Intel(R) Core (TM) 17-5820K CPU @ 3.30GHz

Graphic Processing Unit

GP102 [GeForce GTX 1080 Ti]

RAM (Memory) 64 GB

Programming Language Python 2.7

Tensortlow 13.0

Other Libraries Theano (Numerical computation), Keras

(Neural Network Library), OpenCV (Computer
Vision), DLib (Data mining and machine
learning techniques)
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