
International Journal of Recent Technology and Engineering (IJRTE)  
ISSN: 2277-3878, Volume-8 Issue-3, September 2019 

8792 

 

Retrieval Number: C5306098319/2019©BEIESP 
DOI:10.35940/ijrte.C5306.098319 
Journal Website: www.ijrte.org 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

 
Abstract: We improvised the performance on the task of 

Visual Dialogue. We integrate a novel mechanism called self-
attention to improve the results reported in the original Visual 
Dialogue paper. Visual Dialogue is different from other 
downstream tasks and serves as a universal test of machine 
intelligence. The model has to be adroit in both vision and 
language enough to allow assessment of individual answers and 
observe the development. The dataset used in this paper is 
VisDial v0.9 which is collected by Georgia Tech University. We 
used the same train/test splits as the original paper to estimate the 
result. It contains a total of approximately 1.2 million dialogue 
question-answer pair which has ten question-answer pairs on 
~120,000 images from COCO.To keep the comparison fair and 
simple, we have used the encoder-decoder architecture namely 
Late-Fusion Encoder and Discriminative decoder. We included 
the self-attention module from SAGAN paper into the encoder. 
The inclusion self-attention module was based in the fact that a 
lot of answers from visual dialog model were solely based on the 
questions asked and not on the image. So, the hypothesis is that 
the self-attention module will make the model attend to the image 
while generating an answer. 

I. INTRODUCTION 

We have witnessed massive growth in the applications of 
deep learning exceeding human accuracy in computer vision 
on different applications, for example, picture grouping [4, 
5], article recognition [6,7] and semantic and instance 
segmentation [8, 9] . Natural language processing is also on 
similar trends indicating increasing performances on 
machine translation [10, 11] and sentiment classification 
[12, 13] with each passing year. 

Vision and language understanding has become a popular 
upcoming inter-disciplinary department in computer vision 
and natural language processing. Researchers have 
accomplished noteworthy headway in a variety of vision 
language tasks, including image captioning [14-17], 
referring expression grounding [18,19] and visual question 
answering (VQA) [20-22], attributable to the quick 
progression of deep neural networks and high grade quality 
of large-scale real-world datasets. 

However, when the AI agent communicates with a human 
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subject in an uninterrupted conversation, comprehension and 
reasoning in this case is still far from being resolved, 
especially, such as visual and language route [23] and visual 
dialogue [1].  
In Visual Dialogue an AI agent is supposed to keep a 
purposeful dialogue with humans in natural, colloquial 
language about some visual data. 
Primarily, the AI agent is given an image, about which   the 
question is to be posed primarily; the AI specialist is given a 
picture, about which the inquiry is to be posed, a 
background marked by past inquiries and answers, and the 
present inquiry regarding the picture. The agent at that point 
needs to relate the inquiry concerning the picture, construe 
the setting from the historical backdrop of inquiries, and 
answer the inquiry viably. 

 
Visual dialog being one of the prototype tasks, has been 

gaining prominence in the last few years [1].  It can be 
considered as the generalization of Visual Question 
Answering, which is an exploration region requiring 
building of computer system that includes the agent to 
answer to the query introduced around a picture [20] or 
video [22] after assimilating and rationalizing out of visual 
and textual content. Visual dialog is a multi-round 
communication about a picture which makes it not the same 
as  single round VQA. Accordingly, the key test in visual 
dialog is the visual co-reference resolution, for instance 
“What is he doing “requires co-reference resolution (here 
the reference of ‘he’ is to be determined), since 98% of 
dialogues and 38% of queries in the enormous-scale VisDial 
dataset have in any event one pronoun (like “it”, “they”, 
“this”, “he”, “she”). For example, as given in above Figure 
1, queries “Are they on or off?” “What color is it?” contain 

pronouns that need co-reference resolution to be determined 
before answering which makes it an interesting and 
challenging problem. Attempts have been made by 
researchers recently to address this problem using attention 
memory [24] at sentence level which makes the answer 
more dependent on  
question rather than image thus only partially addressing   
the problem. 
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Figure1: Image illustrating the use of several pronouns 

during the various Q-A rounds. 

II.  RELATED WORK 

Intersection of visual and language has recently gained 
attention - text to image grounding [27,28,29,30,31,32], 
image captioning [33,34,35,36], video description 
[37,38,39], visual storytelling [40,41] and visual question 
answering [42-51]. However, in all of these there is no 
dialog, most of them mainly involve single-shot language 
interaction. Our work is additionally identified with the 
work of  Geman et al [52] who proposed a process that asks 
arranged, binary question and is popularly known as ‘visual 
turing test’. Also, the datasets which are available for this 

domain include the twenty artificial tasks in the bAbI dataset 
[53], the 30M Factoid Question-Answer corpus [54], 
DeepMind Q&A dataset [55], the SQuAD dataset for 
learning comprehension [56], and the 100K Simple 
Questions dataset [57]. Visual Dialog is the visual simple of 
content based exchange and discussion demonstrating. 
While chatbots were rule-based, start to finish learning 
based methodologies are currently being effectively 
investigated [59-65]. The field of language emergence in 
multi-agent systems [66] has also seen tremendous growth 
and most recent focus on deep Reinforcement Learning [67-
74]. 

III. METHODS 

Convolutional Neural Networks (CNN) architecture 
VGG16[25] Convolutional Neural Networks (CNN) 
architecture VGG16 [25] is utilized for extracting the 
highlights from the picture and Long Short-Term Memory 
(LSTM) [26] will be used for processing natural language. 
The dataset to be used is VisDial v0.9 which contains one 
dialogue with ten query-result pairs on 120,000 images from 
COCO, totaling to 1.2 Million dialogue Q/A pairs. The 
VisDial dataset contains answers like “I suspect so much”, 
“I can’t inform”, or “I can’t perceive”, which trains the AI 
agent to refuse to answer queries it doesn’t have sufficient 
knowledge to reply. This creates a human-like variance in 
dataset. It is necessary for informal dialog data to have 
consistency in the topics being analysed. The encoder-
decoder [11] architecture is used for processing question and 
answers. The specific type of encoder used is Late-Fusion 
(LF) Encoder and Discriminative Decoder. The self-
attention mechanism is utilized over the element guide of 
the picture just before passing to the LF encoder.Self 
Attention-Mechanism 

Figure2 shows the self-attention module implemented on 
the features of VGG16 penultimate layer features. This 

module was implemented earlier in GANs [2] which later 
was incorporated into Visual Dialogue model. It follows the 
equation. 

The picture highlights from the previous hidden layer  

 
Figure 2: Self-Attention Module 

x       are first changed into two component spaces    
,   to compute the attention, where  

            

          

      
             

  
                

 

 Where          
       

This forms one part of the self-attention module. Now the  
     will decide, which part from the image feature space is 
important to pass to the encoder. The result of the attention 
layer is 

                                   , where, 
              

               Where               

In all the above equations   are the learned weights 
which are learned during training. One thing which we 
changed from the original self attention was the multiplying 
of the attention layer by a scaling factor. 

Late-Fusion Encoder 
In this we conduct, history of past questions H as a long 

chain or sequence containing entire history concatenated as 
(H0, Ht−1). The history is encoded using an LSTM The 

current question i.e. at time-step t is separately encoded and 
is represented as Qt.  

The image is then passed through VGG-16 architecture 
and at last passed through self-attention module, which 
gives us the vector I. These vectors are then concatenated as 
in Figure 3 and passed to the decoder. 

 
FIGURE 3: LATE-FUSION ENCODER 
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 DECODER:  In this setting, we used a discriminative 
decoder to select the answer to predict. It calculates the 
cosine similitude between the LSTM encoding of each 
answer option and the input encoding. These inner products 
of the corresponding entries are passed to a softmax layer to 
figure the back likelihood(prior  probability) over decisions. 
That’s why it is also called the softmax decoder. We attempt 

to amplify the log-probability of the right choice during the 
training phase. During calculation, choices are directly 
ranked based on their posterior probabilities. A unique set of 
answers are chosen from the dataset which is later ranked 
according to their posteriors. Practically the decoder is just a 
linear layer with softmax output. 

IV. RESULT 

Evaluation of model is done on retrieval metrics – (a) The 
presence of human reaction in top-k for example recall@k 
and (b) mean reciprocal(proportional) position/rank (MRR) 
of the human reaction (higher is better). 

V. CONCLUSION 

In all the above metrics our model clearly outperforms the 
old visual dialogue LF encoder model by a significant 
margin. 
Table I: Performance of Model on various Metrics 

Model MRR R@1  R@5  R@10 

Mean 
Reciprocal 

Rank 

LF Encoder 
(Without 
Self 
Attention) 

0.5807 43.82 74.68 84.07 5.78 

LF Encoder 
(With Self 
Attention) 

0.5977 45.52 76.06 85.83 6.67 

 
The table above summarizes the results on different metrics 
compared with the vanilla visual dialogue model. 
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