
 

 

저 시-비 리- 경 지 2.0 한민  

는 아래  조건  르는 경 에 한하여 게 

l  저 물  복제, 포, 전송, 전시, 공연  송할 수 습니다.  

다 과 같  조건  라야 합니다: 

l 하는,  저 물  나 포  경 ,  저 물에 적 된 허락조건
 명확하게 나타내어야 합니다.  

l 저 터  허가를 면 러한 조건들  적 되지 않습니다.  

저 에 른  리는  내 에 하여 향  지 않습니다. 

것  허락규약(Legal Code)  해하  쉽게 약한 것 니다.  

Disclaimer  

  

  

저 시. 하는 원저 를 시하여야 합니다. 

비 리. 하는  저 물  리 목적  할 수 없습니다. 

경 지. 하는  저 물  개 , 형 또는 가공할 수 없습니다. 

http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/


 

 

공학박사 학위논문 

 

비디오 스토리 질의응답을 위한  

주의 깊은 시각-언어 스토리  

표현 학습 

 

Attentive Visual-Linguistic Story 

Representation Learning  

for Video Story Question Answering 

 

 

2018 년 8 월 

 

 

서울대학교 대학원 

전기컴퓨터공학부 

김 경 민 

 



 

 

비디오 스토리 질의응답을 위한  

주의 깊은 시각-언어 스토리 

표현 학습 
 

 

지도 교수  장 병 탁 

 

이 논문을 공학박사 학위논문으로 제출함 

2018 년  8 월 

 

서울대학교 대학원 

전기컴퓨터공학부 

김 경 민 

 

김경민의 공학박사 학위논문을 인준함 

2018 년  8 월 

 

위 원 장                          (인) 

부위원장                          (인) 

위    원                          (인) 

위    원                          (인) 

위    원                          (인)



i 

 

Abstract 
Attentive Visual-Linguistic Story 

Representation Learning  
for Video Story Question Answering 

 

Kyung-Min Kim 

Computer Science & Engineering 

The Graduate School 

Seoul National University 
 

Question-answering (QA) on video contents is a significant task for achieving 
human-level intelligence as it involves both vision and language in real-world 
settings. However, video story QA task is challenging because of its 
multimodal, time-series, and ambiguous properties. The task requires to 
extract high-level meanings from the multimodal contents, while scene frames 
and captions in a video are redundant, highly-complex, and sometimes 
ambiguous information for the task.  
Here we demonstrate the possibility of an AI agent performing video story 
QA. We approach the problem using various visual-linguistic story 
representation with attention mechanisms. Each model represents visual-
linguistic knowledge in the form of a sentence or a distributed representation 
taking the entire story into account in order to extract the high-level meaning 
of the video. Those representation is reduced to only the information needed 
for QA using selective attention, distributed attention, and divided attention 
mechanisms. 
Deep Embedded Memory Networks (DEMN) uses descriptions to represent a 
video story in a sentence format, and then uses selective attention to focus on 
a specific sentence. Specifically, DEMN reconstructs stories from a joint 
scene-dialogue video stream using a latent embedding space of observed data. 
The video stories are stored in a long-term memory component. For a given 
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question, an LSTM-based attention model uses the long-term memory to 
recall the best question-story-answer triplet by focusing on specific words 
containing key information. Our experimental results show that the DEMN 
outperforms other QA models. This is mainly due to 1) the reconstruction of 
video stories in a scene-dialogue combined form that utilize the latent 
embedding and 2) attention. DEMN also achieved state-of-the-art results on 
the MovieQA benchmark. 
Multimodal Sequence Memory (MuSM) uses a video-to-text translation 
method to represent a video story in sentence format. The translated video 
stories are stored in a long-term memory component. Then, MuSM uses 
distributed attention to focus on multiple translated sentences. For a given 
question, an LSTM-based attention model uses the long-term memory to 
summarize the video stories by focusing on specific stories. The summarized 
story is compared with possible answers using another attention model. We 
tested the MuSM on both dataset. The experimental results show that the 
model achieved better QA performances on the MovieQA dataset than the 
baseline models. 
Multimodal Dual Attention Memory (MDAM) uses self-attention to represent 
individual scenes and subtitles as distributed representations that take into 
account the entire story context. MDAM uses a dual attention mechanism 
with late fusion. Given a question, MDAM uses divided attention over these 
latent concepts. Multimodal fusion is performed after the dual attention 
processes (late fusion). Using this processing pipeline, MDAM learns to infer 
a high-level vision-language joint representation from an abstraction of the 
full video content. We evaluate MDAM on PororoQA and MovieQA datasets 
which have large-scale QA annotations on cartoon videos and movies, 
respectively. For both datasets, MDAM achieves new state-of-the-art results 
with significant margins compared to the runner-up models. We confirm the 
best performance of the dual attention mechanism combined with late fusion 
by ablation studies. We also perform qualitative analysis by visualizing the 
inference mechanisms of MDAM. 
For learning materials, we use two different datasets. PororoQA is a newly 
created video QA data set, constructed from 171 episodes of the cartoon video 
series ‘Pororo’. The dataset contains 16,066 scene-dialogue pairs of 20.5-hour 
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videos, 27,328 fine-grained sentences for scene description, and 8,913 story-
related QA pairs. MovieQA contains 140 movies with various genres and 
6,462 QA pairs.  
Finally, we demonstrate practical examples of video QA agent by 

implementing the proposed models in the humanoid robot platform. 

 

Keywords: Question-Answering, Video Story Comprehension, 
Multimodal Learning, Attention Mechanism, Memory Networks, Deep 
Learning 
Student Number: 2013-20746



iv 

 

Contents 
 
Chapter 1 Introduction ............................................................ 1 

1.1 Building a Video Story QA Agent ........................................... 1 

1.2 Two Major Problems for Video Story QA .............................. 4 

1.3 The Proposed Approach and its Contribution ......................... 5 

1.4 Thesis Organization .............................................................. 11 

 

Chapter 2 Related Workds ..................................................... 14 

2.1 Story Question Answering .................................................... 14 

2.2 Models for Story Question Answering.................................. 15 
2.2.1 Read Write Memory Networks ........................................... 15 

2.2.2 ST-VQA .............................................................................. 16 

2.2.3 Memory Networks .............................................................. 17 

2.2.4 Deep Hypernetworks .......................................................... 18 

2.2.5 Proposed Models VS. Conventional Model ........................ 19 

2.2.6 Proposed Models VS. Deep Hypernetworks ....................... 21 

2.3 Dataset for Story Question Answering.................................. 22 
2.3.1 Text Story Question Answering .......................................... 22 

2.3.2 Video Story Question Answering ........................................ 23 

 

Chapter 3 Video Story QA Dataset Construction using 

Cartoon Video Series ‘Pororo’ ............................ 26 

3.1 Construction Protocol ........................................................... 26 

3.2 Dataset Properties ................................................................. 31 

3.3 Summary ............................................................................... 32 



v 

 

 

Chapter 4 Description-aided Story Representation with 

Selective Attention .............................................. 34 

4.1 Overview ............................................................................... 34 

4.2 Learning of Deep Embedded Memory Networks ................. 35 

4.3 Video Question Answering on Cartoon Videos .................... 40 

4.4 Video Question Answering on Real Videos .......................... 44 

4.5 Summary ............................................................................... 44 
 

Chapter 5 Translation-aided Story Representation with 

Distributed Attention ........................................... 47 

5.1 Overview ............................................................................... 47 

5.2 Attention Mechanism on Multimodal Sequences ................. 48 

5.3 Video Question Answering on Cartoon Videos .................... 52 

5.4 Video Question Answering on Real Videos .......................... 54 

5.5 Summary ............................................................................... 56 
 

Chapter 6 Episodic Story Representation with Divided 

Attention .............................................................. 58 

6.1 Overview ............................................................................... 58 

6.2 Learning of Multimodal Dual Attention ............................... 61 

6.3 Video Question Answering on Cartoon Videos .................... 69 

6.4 Video Question Answering on Real Videos .......................... 72 

6.5 Summary ............................................................................... 80 
 



vi 

 

Chapter 7 Concluding Remarks ............................................ 82 
7.1 Summary of Methods and Contributions .............................. 82 

7.2 Application of Our Proposed System As a Child Tutoring 

Robot for English Education ................................................. 86 

7.3 Limitation of Proposed Models ............................................ 90 

7.4 Suggestions for Future Works ............................................... 92 

 

Bibliography .......................................................................... 94 

 

Abstract ............................................................................... 104 

 



vii 

 

List of Tables 
 

Table 1.1  Our approach in terms of video representation and attention types. 

1) DEMN uses descriptions to represent visual information of a 

video in text form and then focuses on one particular sentence 

using selective attention. 2) MuSM uses a video-to-text 

translation method to represent visual information of a video in a 

text form and then selects multiple sentences using distributed 

attention. 3) MDAM uses self-attention to learn episodic 

representations of each frame and caption and then extracts high-

level semantics using the divided attention for each modality.  ... 6 

Table 1.2 Our contribution points: Three video story QA models, new be nc- 

 hmark dataset ‘PororoQA’, and its performance & demonstration  

 results ............................................................................................ 7 

Table 2.1 Comparison between our proposed models and conventional 

models ......................................................................................... 20 

Table 2.2 The list of text story QA ............................................................. 23 

Table 2.3 The list of video story QA .......................................................... 24 

Table 3.1 Polling results comparing the descriptions from MovieQA and 

PororoQA datasets ...................................................................... 27 

Table 3.2 Comparison of various public datasets in terms of video story 

analysis. N/A means that information is not available. ............... 31 

Table 4.1 Accuracies(%) of human and visual QA baseline models for th- 

 e PororoQA task. Q, L, V, E stands for question, dialogue, scen- 

 e, and ground-truth description, respectively.............................. 42 

Table 4.2 Accuracies(%) of text QA baseline models and DEMN for the 

PororoQA task. Q, L, V, E stands for question, dialogue, scene, 

and ground-truth description, respectively. The ablation 



viii 

 

experiments of all memory networks variants using E used the 

ground-truth descriptions ei for the scenes vi, not the retrieved 

ones êi (i.e., we did not use V if V and E are both included in the 

input). MRR scores are denoted in the parentheses. ................... 43 

Table 4.3 Accuracies(%) for the MovieQA task. DEMN achieved the state-

of-the-art scores on the VideoQA mode. Rand. means the 

accuracy of the model is nearly 20%. SSCB is convolutional 

neural networks-based model. .................................................... 44 

Table 5.1 Accuracies(%) for the PororoQA task ........................................ 53 

Table 5.2 Accuracies(%) for the MovieQA task. Rand. means the accuracy 

of the model is nearly 20% ......................................................... 54 

Table 6.1 Performance comparison between other models and MDAM 

variants on the test set of PororoQA. .......................................... 70 

Table 6.2 Performance comparison between our proposed models and other 

state-of-the-art model, RWMN [Na et al., 2017]. We show the 

mean and standard deviation of the performance of 30 times on 

the test set. Unlike other models, DEMN uses additional labels 

between question and scene-dialogue pairs. ............................... 71 

Table 6.3 Performance comparison between our proposed models and other 

state-of-the-art model, RWMN [Na et al., 2017]. We show the 

mean and standard deviation of the performance of cross 

validation. ................................................................................... 72 

Table 6.4 Performance comparison with other models proposed in the 

MovieQA Challenge leaderboard of the video QA section ........ 76 

Table 6.5 Performance comparison between our proposed models and other 

state-of-the-art model, RWMN [Na et al., 2017]. We show the 

mean and standard deviation of the performance of 30 times on 

the validation set of MovieQA ................................................... 77 

Table 6.6 Performance comparison between our proposed models and other 



ix 

 

state-of-the-art model, RWMN [Na et al., 2017]. We show the 

mean and standard deviation of the performance of cross 

validation. ................................................................................... 78 

Table 7.1 Summary of the proposed models and its QA result. ................. 84 

Table 7.2 Conclusion from the results of the proposed models .................. 85 

 

 

 

 

 



x 

 

List of Figures 
 

Figure 1.1 Video story QA agent that play video QA game with users ......... 3 

Figure 1.2.  A challenging example of video story QA. Person, action, and 

background in scene are encoded differently with that of caption 

or question.  .................................................................................. 4 

Figure 1.3.  Our approach from an abstract point of view: high-level 

abstractive knowledge extraction from an input video by various 

multimodal representation and attention mechanisms.  ............... 6 
Figure 2.1 Overview of video story QA task ............................................... 14 

Figure 2.2 The structure of memory networks ............................................. 17 

Figure 2.3 The Structure of deep concept hierarchies (DCH) ...................... 18 

Figure 2.4.  Our proposed models in perspective of hypernetworks.  ........... 21 
Figure 3.1 The instructions shown to the AMT QA creators ....................... 28 

Figure 3.2 Construction protocol of dataset collection ................................ 29 

Figure 3.3 Statistics about questions based on answer types ....................... 30 

Figure 3.4 Average number of words in our dataset depend on the first word 

in the question. Size of a circle means the number of QA. ......... 30 

Figure 3.5 Examples of Pororo QA datasets. We illustrate the eight multiple-

choice QAs. The questions were created from the third scene-

dialogue pair of each example and the preceding two scene-

dialogue two scene-dialogue pairs are shown to give readers 

more contexts. Description means corresponding description of 

scene. Note that the scenes show only the first frame. The green 

answer is the ground-truth, and the red ones are human-generated 

wrong answers. ........................................................................... 33 

Figure 4.1 Motivation of DEMN. DEMN obtains a description sentence 

from a video scene and selects a sentence containing correct 

answer information among a sequence of sentences. ................. 34 



xi 

 

 

Figure 4.2 The structure of deep embedded memory networks for the video 

story QA task .............................................................................. 36 

Figure 4.3 Qualitative results of the DEMN on the PororoQA tasks. We 

illustrate the prediction results of three multiple-choice QAs, 

with and without videos. Scene and dialogue correspond to the 

scene and dialogue that contain the story selected by model...... 46 

Figure 5.1 The structure of Multimodal Sequence Memory (MuSM) for the 

 video story QA task .................................................................... 47 

Figure 5.2 The attention-based scoring function .......................................... 51 

Figure 5.3 Examples of constructed video stories (the third row) from the 

video story understanding module of MuSM. This figure shows 

the video stories of three scene-dialogue pairs from a video clip. 

We show only the first frame of the scenes ................................ 55 

Figure 6.1 The system architecture of Multimodal Dual Attention Memory  

(MDAM). 1) At the self-attention step, MDAM learns the latent 

variables of frames and captions based on the full video content. 

2) For a given question, MDAM attend to the latent variables to 

remove unnecessary information. 3) At the multimodal fusion 

step, the question, caption, and frame information are fused using 

residual learning. During the whole inference process, 

multimodal fusion occurs only once ........................................... 58 

Figure 6.2 Five steps in our processing pipeline of Multimodal Dual 

Attention Memory for the video story QA task. (1) All given 

inputs are embedded as tensors and stored into long-term 

memory. (2) The frame tensor MV
self and caption tensor MC

self 

have latent variables of the frames and captions through the self-

attention mechanism. (3) By using attention once again but with 

a question, the frames and captions are abstracted by the rank-1 



xii 

 

tensors v and c. (4) The fused representation o is calculated using 

residual learning fusion. (5) Finally, the correct answer sentence 

is selected with element-wise operations followed by the softmax.

 .................................................................................................... 60 

Figure 6.3 Word representation using GloVe and casing features ............... 62 

Figure 6.4 (a) Illustration of the attention layers consisting of Lattn identical 

layers. The self-attention module uses the multi-head self-attion 

networks while the attention by question module uses the multi-

head attention networks. (b) The multi-head self-attention 

networks select a pivot p from the key set K to obtain the updated  

 key set K. (c) The multi-head attention networks use the question  

 q as a pivot to obtain the updated key set K................................ 64 

Figure 6.5 A schematic diagram of the multimodal fusion module with the 

two deep residual blocks. The final output o is the concatenation 

of the outputs from the two residual blocks, H(2) (question q - 

frame v) and H(2) (question q - caption c), followed by a linear 

projection and tanh activation .................................................... 68 

Figure 6.6 The results of the model variants on the validation set of 

MovieQA. Lattn denotes the number of layers in the attention 

networks. Lm denotes the depth of the learning blocks in the 

multimodal fusion module .......................................................... 75 

Figure 6.7 Qualitative results for the MovieQA of MDAM with and without 

the self-attention module (MDAM and MDAM-NoSelfAttn, 

respectively). The successful cases are (a), (b), and (c), and the 

failure case is (d). Bold sentences are ground-truth answers. Green  

 check symbols indicate the predictions of MDAM. Red cross 

symbols indicate the predictions of MDAM-NoSelfAttn. In each 

case,  we show that which scene frames and captions are attended  

 by the model for a given question. .............................................. 79 



xiii 

 

Figure 7.1 A Video Q&A Game Robot “Pororobot” .................................... 87 

Figure 7.2 Video story QA demonstration using Nao Evolution V5 at 

Roboworld 2016 ......................................................................... 88 

Figure 7.3 Video story QA demonstration using Pepper at RoboCup@home 

  .................................................................................................... 89 

Figure 7.4 Twelve types of video story question and its level. The models 

we proposed deal with question at level 3. The blue color 

represents the problem that our model handled, the red color is a 

problem that has not been covered yet, and the purple color is a 

problem that needs improvement due to the difficulty of the 

problem ....................................................................................... 90 

Figure 7.5 The types of question that have been addressed in the published 

image or video story QA dataset ................................................. 91 

Figure 7.6 Friends drama consists of 10 seasons and 236 episodes. 

Character relationships, jokes, and emotional changes are 

frequent through exaggerated situations. .................................... 92 

  



 

 

 

1

Chapter 1. Introduction 

 

1.1 Building a Video Story QA Agent 
 

The question-answering (QA) problem is an important research theme in 

artificial intelligence, and many computational models have been proposed 

during the past few decades. Most traditional methods focused on knowledge 

representation and reasoning based on natural language processing with many 

hand-crafted syntactic and semantic features [Abney et al., 2000; Hovy et al., 

2001]. Recently, deep learning methods have started to outperform traditional 

methods on text domain using convolutional neural networks [Yu et al., 2014], 

long short-term memory [Wang et al., 2015] and attention based deep models 

[Tan et al., 2016]. These methods are different from previous approaches in 

that they do not require any feature engineering and exploit a large amount of 

training data. The performance improvements have continuously extended to 

image QA tasks [Fukui et al., 2016]. 

However, the results in the video domain so far have lagged compared 

to that in the text or image settings. There are still very few methods and 

datasets to address the video story QA. As an early approach, [Kim et al., 

2015] used a probablistic concept graph. [Tapaswi et al., 2016] built two 

story learning models separately from scenes and dialogues of videos and 

fused the final answer predictions of each model, i.e. averaging the answer 

prediction scores. This late fusion sometimes led to performance degradation 

because understanding video stories requires both scene and dialogue 
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information together, not separately. Note that video story QA is more 

challenging than image QA for the following two reasons. 

First, video story QA involves multimodal content aligned on time-

series. The model must learn the joint representations among at least two 

multimodal contents and given questions, and those joint representations 

must consider dynamic patterns over the time-series. Therefore, the use of 

multimodal fusion methods such as concatenation [Lu et al., 2016; Jabri et 

al., 2016] or Multimodal Bilinear Pooling [Fukui et al., 2016; Na et al., 

2017; Kim et al., 2017c] along with time axis might be prohibitively 

expensive and have the risk of over-fitting. 

Second, video story QA requires to extract high-level meanings from 

the multimodal contents, i.e., scene frames and captions segmented based on 

the consistency of story. However, scene frames and captions in a video are 

redundant, highly-complex, and sometimes ambiguous information for the 

task, although humans can easily reason and infer based on the 

understanding of the video storyline in an abstract-level.  

It implies that humans can successfully extract the latent variables 

related to the multimodal content, which are used by the process of 

reasoning and inference. These latent variables are conditioned on a given 

question to give a correct answer. However, the previous work on video 

story QA has focused on the understanding of raw scene frames and captions 

without modeling on the latent variable [Kim et al., 2017a; Na et al., 2017; 

Jang et al., 2017; Zeng et al., 2017]. 
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 If we can build a video story QA agent, it could be used for children’s 

education. After watching videos with a AI agent, users like children can 

play QA games with the agent. The user interacts with the agent that learn 

stories of videos and get help with cognitive development including English 

learning. Additionally, the video story QA model could be used in various 

fields such as maximizing the PPL advertisement effect of video contents in 

the aspect of industry, silver care robots helping the elderly living alone in 

social aspect, and assisting in abdominal surgery in medical aspect. Research 

on story QA models also facilitates video analysis, story generation domain. 

Figure 1.1 show video story QA agent that can play video QA game with 

users. 

 

Figure 1.1. Video story QA agent that play video QA game with users. 
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1.2 Problem to be Tackled 
 

In this thesis, we deal with two challenging problems which are essential to 

build video story QA architecture. 

First, multimodal and time-series property of a video. Multimodal 

property has been dealt with from imageQA, but in videoQA, this property is 

different from imageQA due to the time-series property of a video. By its 

multimodal and time-series nature, stories of a video are represented by two 

mediators, i.e., vision and language, with different patterns over time series. 

Hence, solving the QA task might require models to understand a storyline 

throughout a video. Even the multimodal fusion methods used in most image 

QA models [Kim et al., 2016c; Agrawal et al., 2015] e.g., elementwise 

multiplication, may not yet be desirable for video story QA. Because, so far, 

 

Figure 1.2. A challenging example of video story QA. Person, action, and 

background in scene are encoded differently with that of caption or 

question. 
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there have been still very few methods to represent multiple image frames 

with a single representation effectively.   

 Second, redundancy and highly complexity of a video story. Vision and 

language in a video have redundant, highly complex and sometimes 

ambiguous information. For examples, one and the same story may be 

represented in many unnecessarily similar image frames, or one semantic 

concept may be distributed over one or multiple dialogue sentences. Therefore, 

a QA model should be able to select only relevant stories from the whole 

video content and summarize them as human beings. 

Figure 1.2 shows a challenging example of video story QA. Due to the 

multi-modal nature of a video, characters, background, and behavior 

information to be displayed on the scene are hugely different from the 

information and nature of the subtitles and question. Also, the knowledge in 

the scenes and captions is implicitly expressed, requiring a high level of 

understanding. 

 

1.3 The Proposed Approach and its Contribution 
 

To deal with video story QA tasks, a QA model needs to effectively represent 

multimodal inputs of a video and attend to the key information needed to 

extract high-level meaning for answering. In this thesis, we propose three 

different method for representing multimodal input and three method for 

attention mechanism.  
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Figure 1.3. Our approach from an abstract point of view: high-level 
abstractive story extraction from an input video by various visual-
linguistic story representation and attention mechanisms. 
 
 
Table 1.1. Our approach in terms of video story representation and 
attention types. 1) DEMN uses descriptions to represent story of an input 
video in text form and then focuses on one particular sentence using 
selective attention. 2) MuSM uses a video-to-text translation method to 
represent story of an input video in a text form and then selects multiple 
sentences using distributed attention. 3) MDAM uses self-attention to 
learn episodic story representations of each frame and subtitles and then 
extracts high-level semantics using the divided attention for each modality. 
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Figure 1.3 shows the proposed model from an abstract point of view. 

After storing a video input in working memory, our models represent a video 

story with different methods each other and give attention to key information 

to extract the high-level story abstraction needed for QA.  

Table 1.1 shows the multimodal representation method and attention 

mechanism used by each model. In terms of multimodal story representation, 

DEMN creates story sentences by using descriptions to represent visual 

information of a video in text form. Likewise DEMN, MuSM creates story 

sentences. However MuSM uses a video-to-text translation method to 

represent visual information of a video in a text form. MDAM uses self-

attention to learn episodic story representations of each frame and caption. In 

Table 1.2. Our contribution points: Three video story QA models, new 
benchmark dataset ‘PororoQA’, and its performance and demonstration 
results 
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terms of attention mechanism, DEMN focuses on one particular story 

sentence using selective attention. MuSM can focuses multiple sentences 

using distributed attention. MDAM extracts high-level semantics using the 

divided attention for each modality. 

As a result, we provide five contributions to the video story QA 

problem. Table 1.2 summarizes our contribution points.  

First, we propose Deep Embedded Memory Networks (DEMN). 

DEMN reconstructs stories from a joint stream of video scene-dialogue by 

combining scenes and dialogues in sentence forms using a latent embedding 

space. The video stories are stored in the long-term memory component that 

can be read and written to [Ha et al., 2015; Weston et al., 2015]. For a given 

QA pair, a word level attention-based LSTM evaluates the best answer by 

creating question-story-answer triplets using long-term memory and 

focusing on specific keywords. These processes pass through three modules 

(video story understanding module, story selection module, answer selection 

module) and, they are learned in a supervised learning setting. We test 

DEMN on two different datasets – PororoQA and MovieQA and compare 

the results with various story QA models including human, VQA models, 

memory networks [Weston et al., 2015]. The experimental results show that 

the DEMN achieves state-of-the-art performances on both datasets by 1) the 

reconstruction of video stories in a scene-dialogue combined form using the 

latent embedding and 2) the attention. 

Second, we propose Multimodal Sequence Memory (MuSM) that 

exploits a sequence-to-sequence framework and explicit memory scheme to 
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deal with multimodal fusion for time series properties and memorization 

issues [Kim et al., 2017b]. The MuSM first creates a multimodal sequence of 

scene-dialogue pairs from a video and transforms visual stories of the video, 

i.e., scenes, to textual format using a sequence-to-sequence framework for 

video-to-text. It then concatenates the visual stories of textual format and 

linguistic stories from dialogues. The video stories are stored in a long-term 

memory component that can be read and written to. For a given QA pair, an 

attention-based LSTM evaluates the video stories from the long-term memory 

and averaging the stories based on the evaluation scores. The summarized 

story is compared with the possible answers using another attention-based 

LSTM. These processes consist of three modules (video story understanding, 

story summarization, answer selection), and they are learned in a supervised 

learning setting. We tested the MuSM on the MovieQA dataset containing 140 

movies and 6,462 QA pairs [Tapaswi et al., 2016], and PororoQA dataset 

[Kim et al., 2017a]. The experimental results showed that the model achieved 

better QA performances on the MovieQA dataset than the baseline models. 

For the PororoQA dataset, we need to improve the video story understanding 

module to get better performance results with using a small-sized dataset. 

Third, we propose a novel model for video story QA task, Multimodal 

Dual Attention Memory (MDAM), which uses ResNet [He et al., 2016], 

GloVe [Pennington et al., 2014], positional encoding [Gehring et al., 2017], 

and casing features [Reimers et al., 2017] to represent scene frames and 

captions of a video. Then, using multi-head attention networks [Vaswani et al., 

2017], self-attention calculates the latent variables for the scene frames and 
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captions. For a given question, the MDAM attends to the subset of the latent 

variables to compress scene frame and caption information to each single 

representation. After that, multimodal fusion occurs only once during the 

entire QA process, using the multimodal residual learning used in image QA 

[Kim et al., 2016c]. This learning pipeline consists of five submodules, 

preprocessing, self-attention, attention by question, multimodal fusion, and 

answer selection, which is learned end-to-end, supervised by given 

annotations. We evaluate our model on the large-scale video story QA datasets, 

MovieQA [Tapaswi et al., 2016] and PororoQA [Kim et al., 2017a]. The 

experimental results demonstrate two hypotheses of our model that 1) 

maximize QA related information through the dual attention process 

considering high-level video contents, and 2) multimodal fusion should be 

applied after high-level latent information is captured by our early process. 

We achieve the state-of-the-art results on both PororoQA and MovieQA 

datasets, and our model is ranked at the first entry in the MovieQA Challenge 

at the time of submission. 

Fourth, we construct a novel and large-scale video story QA dataset-

PororoQA from children’s popular cartoon videos series ‘Pororo’ [Kim et 

al., 2016a; Kim et al., 2017a]. PororoQA has two properties that make it 

suitable as a test bed for video story QA. 1) Due to the characteristics of 

cartoon videos series, it has simple, clear but a coherent story structure and a 

small environment compared to other videos like dramas or movies. 2) The 

dataset provides high-quality scene descriptions to allow high-level video 

analysis. The new dataset consists of 16,066 video scene-dialogue pairs 
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created from the videos of 20.5 hours in total length, 27,328 fine-grained 

descriptive sentences for scene descriptions and 8,913 multiple choice 

questions about the video stories. Each question is coupled with a set of five 

possible answers; one correct and four incorrect answers provided by human 

annotators.  

Finally, we implement the practical application using the proposed video 

QA architectures with humanoid robots such as Nao and Pepper [Kim et al., 

2015; Kim et al., 2016b]. This application has a scenario to improve children's 

English skills through human-robot interaction (HRI) English quiz game. We 

demonstrated the application on Roboworld 2016 and RoboCup@Home 2017. 

We won the RoboCup@Home 2017. 

 

1.4 Thesis Organization 
 
The remained part of this thesis is organized as follows. 

Chapter 2 illustrates the related works of story QA task. First, we 

introduce the definition of the story QA task. Then, we review various story 

QA model structures. We also illustrate the explicit memory-based deep 

learning models. From 2015, two models, i.e., memory networks and deep 

hypernetworks, have been proposed so far. We compare our proposed models 

with other conventional models. The chapter includes the published datasets 

for text story QA and video story QA. 

Chapter 3 introduces our proposed video QA dataset, PororoQA, and 

explains its construction protocol. We also analysis the properties of new 

dataset. 
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Chapter 4, 5, and 6 introduce three video story QA models which use our 

proposed visual-linguistic story representation and attention mechanisms. 

Chapter 4 introduces a method of representing multimodal story in the 

form of a sentence using a linear embedding matrix and a scene description, 

and then using selective attention to focus on a particular sentence (Deep 

Embedded Memory Networks, DEMN). First, we illustrate the difference 

points between memory networks and DEMN which make our model 

expandable for video QA, and then introduce learning algorithm of DEMN. 

After that, we show the qualitative, quantitative results on the PororoQA and 

MovieQA. 

Chapter 5 introduces the use of sentences generated from the video-to-

text translation model to represent multimodal story in the form of sentences 

and then focus on multiple sentences using distributed attention (Multimodal 

Sequence Memory Networks, MuSM). First, we illustrate the properties of 

MuSM that motivates the proposed model. Then, we explain its attention 

mechanism which makes the model appropriately consider all stories of a 

video for QA. After that, we show the experimental results on both PororoQA 

and MovieQA. 

Chapter 6 introduces the uses of self-attention to describe frames and 

captions as episodic representations associated with the whole story, and then 

uses divided attention to frames and captions to reduce information 

(Multimodal Dual Attention Memory, MDAM). First, we illustrate the overall 

architecture of MDAM which has dual attention mechanism with late-

multimodal fusion method. After explaining learning process of the model, we 
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show the qualitative and quantitative results on the PororoQA and MovieQA. 

Finally, we summarize the thesis and future works in Chapter 7. This 

chapter also includes a practical application of our proposed models and its 

limitation. 
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Chapter 2. Related Works 

 

2.1 Story Question Answering 
 

Figure 2.1 shows the overview of a video story QA task. We regard video X, 

e.g. an episode of a cartoon video series, as a compositional material 

consisting of a set of video scenes V={vi}1…|V|, and a set of dialogues 

L={li}1…|L|, where vi is a sequence of image frames (not single). li is a natural 

language sentence containing a dialogue. In our work, vi is paired with li, i.e. 

X={(vi,li)}1…|X|, and |X|=|V|=|L|. Also, we assume that there is a set of 

externally available sources E which is not included in the video itself but 

available for the video story QA task. For an external information source, we 

use a set of ground-truth scene descriptions E in which a description ei is one 

or multiple sentences describing the scene vi of video X. Considering that 

 

Figure 2.1. Overview of video story QA task. 
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most videos in the real environment do not have fine-grained annotations, 

we let the QA model learn the relationships between the ground-truth 

descriptions and scenes of videos during training and retrieve the relevant 

descriptions ê from E at test time for newly observed scene. 

We also formulate a video story QA task as a multi-choice QA task. 

Each video X has story-related questions and an answer sentence set for each 

question. Let q be a question about a story of a video X and, A be a 

hypothesis answer sentence set for q. A consists of k multiple choice answer 

sentences A={ar}1…k (in our work, k=5). Thus, the QA model should choose 

a correct answer sentence among the set of k possible answer sentences 

given a question q and a video X. In other words, given a scoring function 

F(X, q, ar), our goal is to pick the correct answer sentence a* that maximize 

F: 

* arg max ( , , )
r

ra
a F X q a=                      (1) 

 

2.2 Models for Story Question Answering 
 
2.2.1 Read Write Memory Networks 
 

Encoding each frame of video using Convolutional Neural Networks (CNN) 

is the most basic method. Let a frame set be F = {F1, F2, ... , FN}. The set of 

frame features f = {f1, f2, ... , fN} can be encoded using CNN. The simplest 

way to aggregate and summarize the frame feature set f is via mean pooling. 

The mean pooled frame features are fused with caption features and used for 
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QA with a softmax classifier. An example of a video QA model using CNN 

is Read Write Memory Networks (RWMN) [Na et al. 2017]. RWMN fuses 

individual captions with the corresponding frames using Compact Bilinear 

Pooling [Fukui et al. 2016] and store them in memory slots. Given the fact 

that each memory slot is not an independent entity, multi-layer convolutional 

neural networks are used to represent temporally adjacent slots.  

One of our proposed models named Multimodal Dual Attention Memory 

(MDAM) provides a better solution to capture the latent variables of scene 

frames and captions through our dual attention mechanism for the full 

memory slots compared to the convolutional approach. Note that our 

multimodal fusion is applied to the latent variables instead of the early 

fusion in this work for high-level reasoning process. 

 

2.2.2 ST-VQA 
 

Recent studies have used Recurrent Neural Networks (RNN) to encode video 

frames, considering the video frame as a temporal sequence. For example, if 

we use Gated Recurrent Units, we can calculate each hidden state hi = GRU 

(vi, hi-1). The last hidden vector is used as a video representation. ST-VQA is a 

video QA model using LSTM [Hochreiter et al., 1997] and CNN. ST-VQA 

applies attention mechanism on both spatial and temporal features of the 

videos [Jang et al. 2017]. Unlike our proposed model, these attentions are 

only given to scene frames since the input of ST-VQA is short video clips 

such as GIFs without captions. ST-VQA concatenates C3D [Tran et al., 2015] 
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and residual network features [He et al., 2016] extracted from every interval 

of a video clip to obtain the spatial features. The model then calculates the 

temporal features of the intervals by feeding the spatial features into an LSTM. 

Given a question, attention mechanism is applied to both spatial and temporal 

features.  

 

2.2.3 Memory Networks 
 

A memory networks is a neural network that uses the explicit memory 

scheme [Weston et al. 2015]. Figure 2.2 shows the structure of memory 

networks. In the memory networks, external knowledge like Freebase 

[Bordes et al., 2015] is embedded into a vector space using embedding 

function M. For a given question q, the model explores story sentence s* that 

contains the most appropriate answer to question q. Story with the highest 

score is to be selected through scoring function. Selected story is combined 

with question q. Finally, the model chooses the best answer among a set of 

 

Figure 2.2. The structure of memory networks 
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Figure 2.3. The Structure of deep concept hierarchies (DCH) 

possible answers A = {ar}1...k. Simple linear embedding is used as a scoring 

function. 

 

2.2.4 Deep Hypernetworks 
 

As a concept learning method, Deep Concept Hierarchies (DCH) was 

proposed recently [Ha et al. 2015]. DCH is motivated by the literature on 

cognitive development in early childhood. The model is built incrementally 

and can handle concept drift, allowing it to be deployed in lifelong learning 

environments. Figure 2.3 shows the structure of DCH. The DCH contains a 

large population of microcodes in the sparse population code (SPC) layer 

(layer h) which encodes the concrete textual words and image patches in the 

scenes and subtitles of the video [Zhang et al., 2008; Zhang et al., 2012]. The 

number of microcodes increment as the video story goes on. A node in 



 

 

 

19

concept layer 1 (layer c1) is a cluster of microcodes in layer h and as the 

model continuously observes the video, the number of nodes in c1 

dynamically change according to the similarities of the microcodes in the 

cluster. This flexible property of the model structure allows the model to 

incrementally learn the new conceptual knowledge in the video and thus 

enables the DCH in the second part to act as the long-term memory. A node in 

concept layer 2 (layer c2) represents an observable character in the video. The 

number of c2 nodes matches the total number of characters and the 

connections between the c1 and c2 layer are constructed according to the 

appearance of the characters in hm. The weight of the connection between the 

node in c1 and the node c2 node is proportional to the frequency of appearance 

of the character in hm. DCH stores the learned concept into a network which 

becomes a knowledge base. The knowledge base is used to gives a hypothesis 

microcodes set which is input to the fifth part.  

 

2.2.5 Proposed Models VS. Conventional Models 
 

This section compares the proposed models with the existing video story QA 

models. DEMN and MuSM have a module for transforming a scene to 

sentence. Thus, they have room for using world knowledge. Additionally, they 

are easy to analyze the result of QA because they have the intermediate result 

of QA in the form of generated story. However, RWMN and MDAM is better 

than DEMN or MuSM in terms of the ability to process multimodal 

information or process input at various time resolutions. RWMN processes a 
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video input from scratch using multi-layer convolutional neural networks. 

MDAM also processes a video input with self-attention and multimodal 

fusion module. In the view of ability to process temporal action information, 

DEMN and MuSM can represent the behavior of the character and 

background information in sentence form. Also, ST-VQA can learn temporal 

information about event occurrence in LSTM hidden representation. In terms 

of learning, DEMN has the advantage of being relatively easy to learn 

because it has less hyperparameter. Table 2.1 summarizes the comparison 

between our proposed models and conventional models. 

 

 

Table 2.1. Comparison between our proposed models and conventional 
models 
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2.2.5 Proposed Models VS. Deep Hypernetworks 

Figure 2.4 shows our proposed models in the perspective view of 

hypernetworks. DEMN and MuSM create a second-order hyperedge (visual, 

language) from the scene and subtitle pairs of the input video. Then, to select 

the key edge from the question, we transform a visual node in an edge into a 

language node, DEMN uses the external description set, and MuSM uses the 

video-to-text translation model. If a question is given, the key edge is selected 

from among the transformed edges, and the DEMN selects one specific edge 

using selective attention and the MuSM focuses multiple edge using 

distributed attention. MDAM approximates constructing an nth-order 

hyperedge from the input video. The approximation is processed through self-

attention, and each edge can have information about the entire story context. 

 

Figure 2.4. Our proposed models in perspective of hypernetworks.  
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Given a question, divided attention is given to edges (both frames and 

subtitles), and a fused representation is calculated to solve the QA. 

[Ha et al., 2015] proposed three ways of constructing hyperedges from 

the input using the Graph Monte Carlo method. However, this thesis deals 

with the method of representing nodes from multimodal input rather than the 

structure of networks, and the attention method to search key edge when a 

question is given. 

 

2.3 Dataset for Story Question Answering 
 

2.3.1 Text Story Question Answering 
 

Table 2.2 summarize the published dataset for text story QA. 

BAbI task has 20 basic reasoning tasks that are needed when a person 

performs QA after reading a paragraph [Weston et al., 2014]. The 20 sub-tasks 

include single support fact, two support fact, yes/no questions, counting, 

simple negation, and much more tasks. Each sub-task contains 1,000 training 

data and 1,000 test data. QA models can test their performances on each sub-

task. The correct answer consists of a single word, and QA model should 

select one of every vocabulary (total 20-30 words).  

MCTest is a dataset for testing the model's machine reading comprehension 

capabilities [Richardson et al., 2013]. The dataset has a level of paragraph 

difficulty that children can understand to reduce the need for world 

knowledge, and the correct answer can be found in the given paragraph. The 
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task is multiple-choice to facilitate evaluation, and each correct answer is a 

word or phrase. 

CNN + DailyMail tests the model's machine reading comprehension 

capability with automatically generated tasks from news articles [Chen et al., 

2016]. The task is to fill in a blank in the summarized bullet points given the 

main article of the news. The data set contains a total of 2,600 questions. 

 

2.3.2 Video Story Question Answering 
 

Table 2.3 shows the list of video story QA. TGIF-QA is buldt from animated 

GIFs [Jang et al., 2017]. TGIF-QA contains the following three tasks. 1) 

counting the number of actions an object performs repeatedly, 2) detecting 

object's state change, 3) identifying action performed by object when the 

number of times is given. Additionally, it includes FrameQA related to 

Table 2.2. The list of text story QA 

 
Data Source Answering Type #Q 

MCTest 
[Richardson et al., 

2013] 

children’s 
stories 

MC (4) 2.6K 

bAbI 
[Weston et al., 2014] 

synthetic Word 40K 

CNN+DailyMail 
[Chen et al., 2016] 

news articles Word 1M 
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object / color / number / location for one still image. The dataset contains 

165,165 questions and 71,741 gif-formated videos. 

MarioQA is a video QA dataset from Super Mario Bros gameplay video 

[Mun et al., 2017]. Questions are created using the pre-defined templates 

asking about content such as events, jump counts, and state transitions of a 

player. The dataset contains 187,757 question and videos pairs. 

MovieQA is the most popular public dataset to the video story QA task 

[Tapaswi et al., 2016]. This dataset contains 14K QA pairs about 408 movie 

stories and provides various information sources including video clips and 

descriptive sentences. However, to be more suitable as a testbed for the 

video story QA, certain points of MovieQA should be considered: 

• Scenes of videos are not always provided for the QA tasks (6,462 

questions can be answered using the scenes); most questions are answered 

only using the linguistic information sources such as dialogues, script, and 

plot. 

Table 2.3. The list of video story QA 

 
Data Source Answering Type #Q 

MarioQA 
[Mun et al. 2017] 

Mario 
gameplay 

MC (vocab) 187K 

TGIF-QA 
[Jang et al. 2017] 

GIF clips MC 165K 

MovieQA 
[Tapaswi et al., 2016] 

Movie stories MC(5) 15K 
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• All questions are created from the plot synopsis of Wikipedia 

without watching movies. 

• All movies have different characters and backgrounds, and complex 

and distant story structures that make optimization difficult. 

• The descriptive sentences in MovieQA often contain contextual 

information not available within the provided video clip [Li et al., 2016], 

i.e. low cohesion between the scenes and descriptive sentences. 

For these reasons, we created a new benchmark, PororoQA, that 1)  

allows high-level video analysis with high-quality, large amounts of 

descriptive sentences, and 2) have simple, clear but a coherent story structure. 
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Chapter 3. Video Story QA Dataset Construction 

using Cartoon Video Series ‘Pororo’ 

 

3.1 Construction Protocol 
 

Because of its simple nature, cartoon images were used for exploring the 

high-level reasoning required to solve imageQA [Zitnick et al., 2013; Agrawal 

et al., 2015]. Similar to cartoon images, cartoon videos have a simple story 

structure and a small environment compared to other videos such as movies 

and dramas. In particular, cartoon series for kids have the properties that 

similar events are repeated, and the number of characters and background is 

small. We use a famous cartoon video series for children called ‘Pororo’, 

which consists of 171 episodes. Each episode has a different story of 7.2 

minutes average length, and the amount of total running time is 20.5 hours. 

There are ten main characters in the entire video. The size of vocabulary is 

about 4,000 [Kim et al., 2016a]. 

Scene & dialogue pair construction: We extracted scenes by 

segmenting the videos based on the start/end times of speech of all the 

character in the videos and made 16,066 scene-dialogue pairs from the 

whole video. Note that the subtitles of the videos were used to make the 

dialogues; thus, the dialogues do not contain speaker information. A scene 

has 34 image frames on average.  

Descriptive sentences collection: The descriptive sentences and QAs 
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were collected through our website. We made all the videos and the scene-

dialogue pairs visible to human annotators. The annotators could provide data 

directly on the site after viewing the videos and the scene-dialogue pairs. We 

converted each scene to an animated GIF to be displayed on the site. Then we 

asked the human annotators from Amazon Mechanical Turk (AMT) to visit the 

site and concretely describe each scene in one or multiple sentences following 

the guidelines. Total 27,328 descriptive sentences were collected from the 

human annotators. The average number of sentences and words in the scene 

description is 1.7 and 13.6. Table 3.1 shows the advantage of our descriptions 

over that of MovieQA; the descriptions are well associated with the visual 

stories. For the evaluation, we randomly selected 100 samples from each 

dataset and recruited ten persons to score on each question between 0 and 1. 

QA collection: We recruited AMT workers different from the 

workers who participated in making the descriptive sentences. They were 

asked to watch the videos before creating any QA and then asked to make 

questions about the video stories with a correct answer and four wrong 

Table 3.1. Polling results comparing the descriptions from MovieQA and 

PororoQA datasets. 

 MovieQA PororoQA 

Q1: Sentence only describes the visual 
information that can be obtained in the 
video. 

0.46 0.75 

Q2: Sentence precisely describes the scene 
without missing information. 

0.40 0.71 
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answers for each question. The descriptive sentences were not given to the 

annotators. Next, they gave the context for each question by localizing the 

question to a relevant scene-dialogue pair in the video. In other words, each 

question has a relevant scene-dialogue pair which contains information about 

the answer. After excluding QA pairs that do not follow the guidelines, e.g., 

vague or irrelevant ones such as “where are they?” or ‘how many trees in the 

videos?”, we obtained 8,913 QA pairs. The average number of QA per 

Please read carefully. Your work will be rejected if you don't follow the guide lines. 

1. After selecting an episode and watching a Youtube video, please make story-related 

   QAs in English. Please keep in mind that be sure to watch a video before making 

any  

   data. 

2. Please select a scene-subtitle pair that is most likely to match with your question  

   and write down QAs. All questions should be localized in the video contents. 

3. Please provide a correct answer to a question that most people would agree on  

   and four wrong answers for deception. 

4. Your answer should be a complete sentence with correct grammar. The  

   minimum number of words in a sentence is four. 

   - "lunch" (x) -> "Pororo and Crong are having a lunch" (o) 

5. Please avoid vague terms. 

   - "When did Pororo go there?" (x) -> "When did Pororo go Loopy's house?" (o) 

   - "What is Pororo doing?" (x) -> "What is Pororo doing when Crong is crying in the           

                                                             house?" (o) 

6. Please avoid completely unrelated questions. 

   - "How old is the earth" (x) 

7. Please avoid image-specific (and not story-related) questions. 

   - "How many trees are in the video?" (x) 

8. Please avoid creating duplicate questions in an episode. 

9. Please use character names as follows. 
 

Figure 3.1. The instructions shown to the AMT QA creators. 
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episode, i.e. a video, is 52.15. The average numbers of words in the question 

and answer is 8.6 and 7.3. Figure 3.1 shows the guildleines given to the AMT 

workers. Figure 3.2 summarizes the construction protocol of dataset 

collection. Figure 3.3 shows the statistics about questions based on answer 

types. Figure 3.4 represents the average number of words in our dataset 

depend on the first word in the question. Size of a circle means the number 

of QA. We divide the questions beginning with the word ‘what’ into four 

groups. Action(what) : what did/does/do ~ do ?; Abstract(what) : what ~ ?; 

Detail:action(what) : what did/does/do (subject) (verb); Statement(what) : 

what did/does/do (subject) ask/tell/talk. 

 

Figure 3.2. Construction protocol of dataset collection. 
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Figure 3.3. Statistics about questions based on answer types. 

 
Figure 3.4. Average number of words in our dataset depend on the first 

word in the question. Size of a circle means the number of QA. 
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3.2 Dataset Properties 
 
We compare our dataset to other existing public video datasets in Table 3.2. 
To the best of our knowledge, PororoQA has the highest number of human-
curated videoQA, as well as is the first video dataset that have a coherent 
storyline throughout the dataset. The simple and coherent story facilitates 
story learning. Events that occur repeatedly within a restricted environment 

Table 3.2. Comparison of various public datasets in terms of video story analysis. 

N/A means that information is not available. 

Dataset # video # clip # sent. # QA Domain Coherency 

MPII-MD 
[Rohrbach et al., 

2015] 
94 68,337 68,375 - Movie X 

LSMDC 
[Rohrbach et al., 

2015] 
202 108,503 108,470 - Movie X 

M-VAD 
[Torabi et al., 2015] 

92 46,589 46,523 - Movie X 

MSR-VTT 
[Xu et al., 2015] 

7,000 10,000 200,000 - Open X 

TGIF 
[Li et al., 2016] 

- 100,000 125,781 - Open X 

MovieQA 
[Makarand et al., 

2016] 
140 6,771 N/A 6,462 Movie X 

PororoQA 
(ours) 

171 16,066 43,394 8,913 Cartoon O 
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can also help develop a home AI agent that recognizes families and 
recognizes small events in a small home environment. Figure 3.5 shows the 
examples of Pororo QA datasets 
 

3.3 Summary 
 
We proposed the new challenging video story QA dataset-PororoQA. We 

plan to release the new dataset to the community as our contribution. We 

tested various story QA models on our dataset. One of our future works is 

scaling up the size of descriptions as well as QA pairs using our agent. The 

size of descriptions is an important factor for performance of joint story 

understanding module and overall accuracy. 
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Figure 3.5: Examples of Pororo QA datasets. We illustrate the eight multiple-

choice QAs. The questions were created from the third scene-dialogue pair of 

each example and the preceding two scene-dialogue pairs are shown to give 

readers more contexts. Description means corresponding description of scene. 

Note that the scenes show only the first frame. The green answer is the 

ground-truth, and the red ones are human-generated wrong answers. 
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Chapter 4. Description-aided Story 

Representation with Selective Attention  

 

4.1 Overview 
 

Memory networks, initially proposed for text QA, use an explicit 

memory component and model the relationships between the story, question, 

and answer [Weston et al., 2015]. In video story QA, these ideas have to be 

extended such that the model understands video stories from a joint stream of 

two modalities, i.e., scene and dialogue, and gives attention to specific pieces 

of evidence to answer correctly. Deep Embedded Memory Networks (DEMN) 

is characterized by converting the event information of a video frame into a 

sentence format that explains the action, background screen, etc. of characters 

by embedding method. Figure 4.1 show the motivation of DEMN. We regard 

 

Figure 4.1. Motivation of DEMN. DEMN obtains a description sentence from 

a video scene and selects a sentence containing correct answer information 

among a sequence of sentences. 
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video story QA as an extension of textQA. Because more image information 

is given to solve textQA. Figure 4.1 shows a story that Petty comes to the 

house of the Loopy and is treated to dinner. The question is 'What did the 

Loopy give the Petty?'. However, a QA model may do not know who the 

characters are and what they are doing with only using caption. If there is a 

sentence from the video scene, a model can select a sentence that contains 

correct answer information from several sentence sequences. 

 

4.2 Learning of Deep Embedded Memory Networks 
 

Figure 4.2 shows the structure of our proposed model DEMN for video 

story QA. DEMN takes a video X={(vi,li)}1…|X| as input, where vi is a scene (a 

sequence of image frames), and li is a dialogue (a natural language sentence). 

A QA task passes through three modules as described below. 

(1) Video Story Understanding module 

The main objective of this module is to reconstruct video stories in the form 

of sentences from the scene-dialogue streams of the observed videos. At 

training time (trained independently with other modules), the module learns a 

scene embedding matrix M1 and a dialogue embedding matrix M2. At test 

time, the module transforms each scene-dialogue pair to a video story in the 

following way: 
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• Deep residual networks [He et al., 2016] and an encoder-decoder 

deep model [Kiros et al., 2015a] compute a visual-linguistic features pair (vi, 

li) for an input scene-dialogue pair (vi, li).  

• Combined vector ci is the sum of embedded representation of the 

scene vi
TM1 and representation of the corresponding dialogue li, i.e. ci = 

vi
TM1 + li.  

• The module retrieves the nearest description êi to ci by measuring the 

dot-product similarity of the embedded combined vector ci
TM2 and the deep 

representation êi of the description êi.  

• We define a video story si as a concatenation of êi and li.  

The output S is a set of video stories for the input video X, i.e. S={si}1…|X| 

={êi || li}1…|X|. || means concatenation. For example, si can be ‘There are three 

friends on the ground. The friends are talking about the new house.’ Each 

story si is stored in a long-term memory component, e.g. a table.  

Training: We use the scene-dialogue-ground truth description pairs in 

Figure 4.2. The structure of deep embedded memory networks for the video 

story QA task. 
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the training dataset to learn M1 and M2. First, we train a scene embedding 

matrix M1 using a combination of hinge rank loss and dot-product score 

[Weston et al., 2010; Frome et al., 2013; Kiros et al., 2015a] such that the M1 

is trained to achieve a higher dot-product score between the embedded 

representation of the scene and the representation of the corresponding 

dialogue than the scores between non-corresponding combinations. Thus, the 

per training example hinge rank loss is as follows: 

( , ) max(0, )tr tr u
j

loss v l g= - +å T T
1 1v M l v M ltr tr tr j            (2) 

where vtr is a scene in the training video dataset and, vtr is a vector of 

aggregation of image features computed from each frame of vtr. We used the 

average pooling of 2,048-D sized 200-layer residual networks activations [He 

et al., 2016]. ltr is a corresponding dialogue for vtr and, ltr is a feature vector of 

ltr computed from 4,800-D skip-thought vectors pre-trained using Wikipedia 

and the dialogue corpus in ‘Pororo’ cartoon videos [Kiros et al., 2015a]. lj is a 

feature vector of a contrastive (non-corresponding) dialogue sentence for vtr. 

We use the same deep models when computing features for scenes and 

dialogues at the test time. M1 is the embedding matrix of trainable parameters 

pre-trained with scene-descriptive sentence pairs from MPII-MD dataset 

[Rohrbach et al., 2015]. We use stochastic gradient descent (SGD) to train M1. 

γu is a margin and fixed as 1 during training time. 

After M1 is trained, we compute a combined vector ctr for each pair (vtr, 

ltr) by summing the embedded scene vector vtr
TM1 and the representation of 

corresponding dialogue ltr. Then, we train M2 in the same way such that 
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embedding of ctr, i.e. ctr
TM2, and the deep representation etr for the ground-

truth description etr of vtr achieves a higher dot-product score than the scores 

between ctr and contrastive description vectors ej. Note that all denoted 

vectors, i.e. vtr, ltr, lj, ctr, etr, ej are normalized to unit length.   

(2) QA Modules  

Story selection module: The key function of the module is to recall the 
best video story s* that contains the answer information to the question q. The 
module reads the list of the stories S = {si}1…|X| of the input video X from long-
term memory and scores each story si by matching with q. The highest scoring 
relevant story is retrieved with: 

* arg max ( , )
i

i
s

s G q s=                        (3) 

where G is a function that scores the match between the pair of q and si. The 
output of the module sa is q || s*, which fuses the question and the relevant 
story. An example of sa is ‘What were the friends doing on the ground? There 
are three friends on the ground. The friends are talking about the new house’. 

Answer selection module: This module selects the most appropriate 
answer a* in the answer set A={ar}1…k. Similar to the story selection module, 
this module scores the match between the pair of the sa and each answer 
sentence ar. The highest scoring answer sentence is selected with: 

* arg max ( , )
r

a r
a

a H s a=                       (4) 

where H is a scoring function that matches between the pair.  

Scoring function: To handle the long sentences such as si or sa, the word 
level attention-based model [Tan et al., 2016] is used as the scoring functions 
G and H. The model builds the embeddings of two sequences of tokens 

X={xi}1…|X|, Y={yi}1…|Y| and measure their closeness by cosine similarity. X and 
Y can be a video story, a question or an answer sentence. The model encodes 
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each token of X, Y using a bidirectional LSTM [Hochreiter et al., 1997; 

Schuster et al., 1997] and calculates the sentence vector X by averaging the 
output token vectors of the bidirectional LSTM on the X side. Then the each 
token vector of Y are multiplied by a softmax weight, which is determined by 

X.  

   

                    

( ) tanh( ( ) )                                 5( )

        exp( ( ))                                        (6)
           ' ( ) ( )                            

t

t

t t

o t
t t o

m W h W X

w m
h h

= +

µ

=

a y q

T
ms

y y         (7)
 

where hy(t) is the t-th token vector on the Y side.  h′y(t) is the updated t-th 
token vector. Wa, Wq, wms are attention parameters. The sentence vector Y is 
calculated by averaging the updated token vectors on the Y side.  

Training: We train the QA modules in a fully supervised setting. 
Each question q in the training data set is associated with a list of scene-
dialogue pairs {(vi, li)}1…|X| of a video X to which the q belongs and their 
respective judgements {ys

i}1…|X|, where ys
i = 1 if (vi, li) is correctly relevant 

for q, and ys
i=0 otherwise. Also, each q is associated with a list of answer 

sentences {ar}1…k with their judgments {ya
r}1…k, where ya

r = 1 if the ar is the 
correct answer for q, and ya

r = 0 otherwise. In our setting, there is one 
relevant scene-dialogue pair and correct answer for each q. We considered 
each data instance as two triplets (q, (vi, li), ys

i), (q, ar, ya
r) and convert them 

to (q, si, ys
i) and (sa, ar, ya

r), where si is êi || li, and sa is q || êc || lc. êi means the 
description of vi retrieved by the video story understanding module. 
Subscript c is an index of the correctly relevant scene-dialogue pair for q, i.e. 
ys

c = 1. Training is performed with a hinge rank loss over these two triplets: 

| |

*

*

( , , , ) max(0, ( , ) ( ))

                           max(0, ( , *) ( , ))       (8)

i

r

X

s i
s s

k

a a a r
a a

loss X E q A G q s* g q,s

H s a H s a

g

g

¹

¹

= - + +

- +

å

å
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where s* is the correct relevant story for q, i.e. s* = êc || lc, and a* is the 
correct answer sentence for q. γs and γa are margins fixed as 1 during training 
time. 

 

4.3 Video Question Answering on Cartoon Videos 
 
We split all 171 episodes of the ‘Pororo’ videos into 60% training (103 

episodes) / 20% validation (34 episodes) / 20% test (34 episodes). The 

number of QA pairs in training / validation / test are 5521 / 1955 / 1437. The 

evaluation methods are QA accuracy and Mean Reciprocal Rank (MRR). 

MRR is used to evaluate the story selection module of the models, and its 

value informs the average of the inverse rank of the correct relevant story 

among a video story set S. For model selection, we train 20 different models 

and pick the best model among them. 

We intend to measure 1) human performance on the PororoQA task, 2) 

performance of existing story QA models, 3) performance comparison 

between the proposed model and other story QA models. The performances 

were evaluated for ablation experiments with all possible input combinations 

(Q: question, L: dialogue, V: scene, E: ground-truth descriptions). We briefly 

describe the human experiments, the comparative models, and our model 

setting. 

Human baselines: In each experiment, six human evaluators 

answered all questions in the test set.  

Visual QA basline models (BoW Q+V / W2V Q+V / LSTM Q+V): 

These are baseline models used in the VQA challenge [Agrawal et al., 2015]. 
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For video story QA task (Q+L+V), we extended the models by replacing the 

image input to the video scene input and adding an extra input (or two inputs 

for L+E) to the models to use linguistic sources in videos, such as dialogues 

or descriptions. To represent language, they used 2,000-D bag-of-word, the 

average pooling of 2,000-D word2vec [Mikolov et al., 2013], and 4,800-D 

skip-thoughts vectors. These linguistic features were fused with visual 

features calculated from the average pooling of 200-layer residual networks 

activations. 

Text QA baseline models (memory networks / end-to-end memory 

networks): Memory networks and end-to-end memory networks 

[Sukhbaatar et al., 2015] were initially proposed for text story QA. For the 

video story QA task (Q+L+V), these models were extended by [Tapaswi et 

al., 2016]. They separately built two story QA models, i.e., a visual story 

model and linguistic story model, using scenes (Q+V) and dialogues (Q+L). 

Then fused the QA results from the last components of the models. The 

visual story models retrieved the descriptions ê as a proxy for the scenes like 

our model. 

DEMN: We evaluated the DEMN with two modes, i.e. with and 

without attention. We used linear neural networks as alternative scoring 

functions G and H. Also, the DEMN and the (end-to-end) memory networks 

did not retrieve the descriptions for all ablation experiments involving V+E 

but used the ground-truth descriptions instead. 

Results: We report human performances on the PororoQA task. The first 

column in Table 4.1 shows the human performances on the experiments. 
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Videos were important in the majority of the questions. As more information 

was provided, human performance was significantly improved. We found that 

there was more useful information in the descriptions to answer questions 

than the dialogues. Overall, humans achieved a high accuracy of 96.9%.  

The remaining columns in Table 4.1 show the performances of the visual 

QA baseline models. Unlike images, the visual QA models failed to solve the 

QAs only with the visual features (Q+V). Also, they had difficulty using the 

sequences of the long dialogues and descriptions.  

Table 4.2 shows the accuracies of text QA baseline models and our 

DEMN. The end-to-end memory networks do not use the supervisions 

between questions and relevant scene-dialogue labels, so performances were 

lower than the memory networks. The memory networks had similar 

performances to the DEMN that do not use attention when there was one story 

Table 4.1. Accuracies(%) of human and visual QA baseline models for the 

PororoQA task. Q, L, V, E stands for question, dialogue, scene, and ground-

truth description, respectively.  

Method Human BoW V+Q W2V V+Q LSTM V+Q 

Q 28.2 32.1 33.3 34.8 

Q+L 68.2 34.6 34.9 42.6 

Q+V 74.3 34.2 33.8 33.5 

Q+E 70.5 34.6 34.8 36.2 

Q+V+E 74.6 34.6 34.0 34.6 

Q+L+V 96.9 34.4 34.5 41.7 

Q+L+E 92.3 34.3 34.6 36.3 

Q+L+V+E 96.9 34.2 34.1 41.1 
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modality (Q+L, Q+V, Q+E or Q+V+E). However, when using linguistic 

stories and visual stories together (Q+L+V, Q+L+E or Q+L+V+E), DEMN 

was able to achieve better performances. Our combined video story 

reconstruction led to improved MRR scores (0.19 and 0.20) and thus QA 

accuracies. Using attention, DEMN showed the best performance than the 

other models. However, there is still room for performance improvement 

when comparing differences in performance with humans, or performance 

differences depending on whether E is used. Figure 4.3 shows the qualitative 

results of the DEMN on the PororoQA tasks. 

Table 4.2. Accuracies(%) of text QA baseline models and DEMN for the 

PororoQA task. Q, L, V, E stands for question, dialogue, scene, and ground-

truth description, respectively. The ablation experiments of all memory 

networks variants using E used the ground-truth descriptions ei for the scenes 

vi, not the retrieved ones êi (i.e. we did not use V if V and E are both included 

in the input). MRR scores are denoted in the parentheses.  

Method MemN2N MemNN DEMN w/o attn.. DEMN 

Q 31.1 32.1 31.9 32.0 

Q+L 41.9 43.6 (0.16) 43.4 (0.15) 47.5 (0.18) 

Q+V 45.6 48.8 (0.11) 48.9 (0.11)  49.7 (0.12) 

Q+E 
50.9 51.6 (0.12) 51.6 (0.12) 54.2 (0.10) 

Q+V+E 

Q+L+V 
53.7 55.3 61.9 (0.19) 65.1 (0.21) 

Q+L+E 

Q+L+V+E 56.5 58.9 63.9 (0.20) 68.0 (0.26) 
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4.4 Video Question Answering on Real Videos 
 
The MovieQA benchmark dataset provides 140 movies and 6,462 multiple 

choices QAs. We report the accuracies of DEMN in Table 4.3. At the time of 

submission of the paper, DEMN achieved state-of-the-art results on both the 

validation set (44.7%) and test set (30.0%) for video QA mode. To understand 

the scenes, we used a description set from MPII-MD [Rohrbach et al., 2015] 

as E. We assume that the reason for the relatively low performance on 

MovieQA is that unlike PororoQA, there are many different story structures 

that make optimization difficult.  

 

4.5 Summary 
 
We proposed the video story QA model DEMN with the new video story QA 

dataset-PororoQA. PororoQA has simple, coherent story-structured videos 

Table 4.3. Accuracies(%) for the MovieQA task. DEMN achieved the state-

of-the-art scores on the VideoQA mode. Rand. means the accuracy of the 

model is nearly 20%. SSCB is convolutional neural networks-based model 

[Tapaswi et al., 2016]. 

Method 
 Val   Test  

Q+L Q+V Q+L+V Q+L Q+V Q+L+V 

SSCB 22.3 21.6 21.9 Rand. Rand. Rand. 

MemN2N 38.0 23.1 34.2 Rand. Rand. Rand. 

DEMN 42.4 39.5 44.7 28.5 29.4 30.0 
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and high-quality scene descriptions. We demonstrated the potential of our 

model by showing state-of-the-art performances on PororoQA and MovieQA. 

Our future work is to explore methods such as curriculum learning [Bengio et 

al., 2009] that may help optimize in more complex story structures using 

PororoQA. 
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Figure 4.3. Qualitative results of the DEMN on the PororoQA tasks. We 

illustrate the prediction results of three multiple-choice QAs, with and 

without videos. Scene and dialogue correspond to the scene and dialogue 

that contain the story selected by the model.  
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Chapter 5. Translation-aided Story 

Representation with Distributed Attention  

 

5.1 Overview 
 

Like the DEMN introduced in the previous chapter, the Multimodal Sequence 

Memory Networks (MuSM) also converts the event information of a video 

frame into a sentence format that describes the characters' behavior, 

background, and so on. However, using a sequence-to-sequence framework 

for video-to-text, the MuSM transforms visual stories of a video to textual 

format. Additionally, it differs from DEMN, which considers only one 

sentence in that it takes into account all sentences converted from the video to 

answer the question (distributed attention). The below describes the brief 

Figure 5.1. The structure of Multimodal Sequence Memory (MuSM) for 

the video story QA task. 
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overview of the model. 

The MuSM first creates a multimodal sequence of scene-dialogue pairs 

from a video and transforms visual stories of the video, i.e., scenes, to textual 

format using a sequence-to-sequence framework for video-to-text. It then 

concatenates the visual stories of textual format and linguistic stories from 

dialogues. The video stories are stored in a long-term memory component that 

can be read and written to [Weston et al., 2015; Ha et al., 2015]. For a given 

QA pair, an attention-based LSTM evaluates the video stories from the long-

term memory and averaging the stories based on the evaluation scores. The 

summarized story is compared with the possible answers using another 

attention-based LSTM. These processes consist of three modules (video story 

understanding, story summarization, answer selection), and they are learned in 

a supervised learning setting. 

 

5.2 Attention Mechanism on Multimodal Sequences 
 

Figure 5.1 shows the structure of our proposed model MuSM for video story 

QA. The main differences between the MuSM and DEMN are as follows. 1) 

The MuSM generates a scene description at the word-level like 

[Venugopalan et al., 2015, Yao et al., 2015]. Thus it is more robust to 

include visual information of a scene than to retrieve a description in a 

predefined set. 2) For a given question, the MuSM generalizes a video story 

based on the relevance of all scenes and dialogues to the question, but the 

DEMN specifies only one scene-dialogue.  
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The MuSM has three modules as described below. 

(1) Story Understadning. The main objective of this module is to 

construct video story set S in the form of sentences from a video I. The 

module first takes a video I as an input and creates a scene-dialogue pairs by 

segmenting the video I based on the start/end times of speech of all the 

character, i.e., I={(vi,li)}1…|I|, where vi is a scene (a sequence of image frames), 

and li is a dialogue (a natural language sentence, subtitle). Each scene vi is 

paired with a dialogue li. 

At training time (trained independently with other modules), the 

module learns a sequence-to-sequence function that translates a scene to a 

sentence. At test time, the module transforms each scene-dialogue pair to a 

video story in the following way: 

• 200-layers residual networks [He et al., 2015] compute a visual 

feature set vi for an input scene vi. Each visual feature has 2,048 dimensions. 

• The sequence to sequence function translates the vi to a sentence ei.  

• We define a video story si as a concatenation of ei and li.  

The output S is a set of video stories for the input video I, i.e., S={si}1…|I| 

={ei || li}1…|I|. || means concatenation. For example, si can be ‘I just want to say 

goodbye. Someone is talking to a boy.’ Each story si is stored in a long-term 

memory component. 

Sequence-to-sequence function: Let (X, Y) be a source image set 

and a target sentence pair. Let X = x1, x2, x3, ..., xM be the sequence of M 

images in the source image set, and let Y = y1, y2, y3, ..., yN be the sequence of 
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N words in the target sentence. The encoder LSTM is a function of the 

following form:  

( )1 2 1 2 3, ,  ...,  _ , , ,  ...,M MEncoder LSTM x x x xx x x =      (9) 

where x1, x2, ..., xM is a list of hidden representations of the encoder. The 

decoder predicts the following probability with a combination of an LSTM, 

an attention module, and a softmax layer. 

( ) ( )

( )

1 2 3

0 1 2 1 1 2 3
1

, , ,  ...,

             ,

| |

 ,  ,  ...,  ; ,  ,  ,  ...,  |

M
N

i i M
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P Y X P Y

P y y y y y x x x x

x x x x

-
=

=

=Õ        (10) 

The decoder LSTM produces a hidden representation yi for the next 

word to be predicted, which goes through the softmax layer to compute a 

probability distribution over candidate output words. The attention module is 

similar to [Bahdanau et al., 2015]. Let yi−1 be the decoder output from the 

past decoding time step. Attention context ai for the current time step is 

calculated as follows: 

( )1

1

  ,
                                        (12
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                                       (13
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where MLP is a multilayer perceptron with one hidden layer. Our encoder-

decoder module have 1,024-D hidden representations with two hidden layers, 

and we pre-trained them with TGIF dataset [Li et al., 2015] containing 100K 

ground-truth scene-description pairs. 

(2) Story Summarization. The key function of the module is to 
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summarize the story set S and a question q into a single representation sa. The 

summarization process is as follows: 

• The module reads the list of the stories S = {si}1…|I| of the input 

video I from long-term memory. 

• Our scoring function transforms a story si and question q into a 

vector representation si and q, respectively. 

• The function scores each story si by matching with q.  

• Similar to equation (4) and (5), the module computes a weighted 

average vector of the stories. 

• We define a summarized story representation sa as the sum of the 

question vector q and weighted sum of stories. We fully explain the scoring 

function in below. 

(3) Answer Selection. This module selects the most appropriate answer 

a* in the answer set A={ak}1…5. Similar to the story summarization module, 

the scoring function scores the match between the pair of the sa and each 

 

Figure 5.2. The attention-based scoring function 
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answer sentence ak. In this module, we use sa itself as an embedded 

representation. 

Scoring Function: Our attention-based scoring function is shown in 

Figure 5.2. The function builds the embeddings of two sequences of tokens 

X={xi}1…|X|, Y={yi}1…|Y| and measure their closeness using a multilayer 

perceptron with one hidden layer. X and Y can be a video story si, a question q 

or an answer sentence ak. The function encodes each token of X, Y using a 

256-D bidirectional LSTM and calculates the vector representation X by 

averaging the output token vectors of the bidirectional LSTM on the X side. 

The each token vector of Y is multiplied by a softmax weight, which is 

determined by X.  
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where hy(t) is the t-th token vector on the Y side.  ay(t) is the attention 

context for hy(t). Wa, Wq, wms are attention parameters. The sentence vector 

Y is calculated by averaging the attention contexts on the Y side. We trained 

our scoring function using a triplet loss. 

 

5.3 Video Question Answering on Cartoon Videos 
 
We intend to measure 1) performance of existing story QA models, 2) 

performance comparison between the proposed model and other story QA 

models. The performances were evaluated for ablation experiments with three 
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input combinations (Q: question, L: dialogue, V: scene). We briefly describe 

the comparative models. 

End-to-end memory networks (MemN2N): MenN2N were initially 

proposed for text story QA [Sukhbaatar et al., 2015]. For the video story QA 

task (Q+L+V), the model was extended by [Tapaswi et al., 2016]. They 

separately built visual and linguistic story QA models using scenes (Q+V) 

and dialogues (Q+L). Then fused the QA results from the last components of 

the model. The visual story QA model retrieved a description for a scene as a 

proxy for the scene using a linear embedding matrix. 

Deep Embedded Memory Networks (DEMN): Using MPII-MD 

dataset [Rohrbach et al., 2015], we trained a DEMN to retrieve a scene 

description for each scene of a given video. In this step, we used a linear 

embedding matrix that maps between the scenes and descriptions of MPII-

MD. Then the DEMN reconstructed video story sentences by concatenating 

the scene description and dialogue. For a given question, the DEMN 

evaluated the question-video story-answer triplets using an attention function. 

Table 5.1. Accuracies(%) for the PororoQA task. 

Method Q Q+L Q+V Q+L+V 

MemN2N 31.1 41.9 45.6 53.7 

DEMN 32.0 47.5 48.9 61.9 

MuSM 31.5 48.1 43.4 56.3 
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The PororoQA contains 8,913 QA pairs with 27,328 scene descriptions, 

and 16,066 scene-dialogue pairs for 171 cartoon video ‘Pororo’ episodes. For 

the experiments, we splitted the whole dataset into train / validation / test. 

Each set contains 5521 / 1955 / 1437 QA pairs. We report the accuracies for 

the PororoQA task of MuSM in Table 5.1. The MuSM achieved 56.3% 

accuracies when both the scenes and dialogues are available (Q+L+V), and 

43.4% when only the scenes are available (Q+V). These performance are 

lower than that of DEMN (61.9%, and 48.9%) because it was very difficult to 

train the complex structure of video story understanding module with only 

16K scene-dialogue pairs. 

 

5.4 Video Question Answering on Real Videos 
 
Table 5.2 shows the performance results on the MovieQA dataset for video 

QA mode. Using scene and dialogue both (Q+L+V), the MemN2N achieved 

34.2% accuracy on validation set and nearly 20% accuracy on test set [4]. 

Table 5.2. Accuracies(%) for the MovieQA task. Rand. means the accuracy 

of the model is nearly 20%. 

Method 
 Val   Test  

Q+L Q+V Q+L+V Q+L Q+V Q+L+V 

MemN2N 38.0 23.1 34.2 Rand. Rand. Rand. 

DEMN 42.4 39.5 44.7 28.5 29.4 30.0 

MuSM 43.3 42.4 47.1 - - 34.7 
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While the performance of MemN2N was degraded by late fusion to 

multimodal, the DEMN and MuSM could improve the performances on  

video QA (Q+L+V) than that on only using single modality (Q+L, Q+V). 

Also, the sequence-to-sequence framework and attention mechanism on the 

Scene vi 

 

Dialogue li 
- Jeffrey, come on 

in. 
- Wanna dance? - I love you, too. 

Video 
Story si 

- A man is walking 
and a woman is 
behind him he is 
talking. Jeffrey, 
come on in. 

- A man is looking 
at a woman and 
smiling very happy. 
Wanna dance? 

- A man is dancing 
in a crowd of 
people. I love you, 
too. 

Question q q: When do Sandy and Jeffrey profess their love? 

Answer A 
a1: At Sandy’s house.   a2: In a restaurant.  
a3: At the police station.     a4: At Jeffrey’s house.  

a5: At a dance. 

Figure 5.3. Examples of constructed video stories (the third row) from the 

video story understanding module of MuSM. This figure shows the video 

stories of three scene-dialogue pairs from a video clip. We show only the 

first frame of the scenes 
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video stories help our model achieve better performance than that of DEMN. 

The overall accuracy of our model’s video QA mode is 34.7%.  

Figure 5.3 shows the qualitative results of the video story understanding 

module of our model by showing the constructed video stories. The model 

transforms the video QA to text QA using the video story sentence si created 

in the story understanding module. 

 

5.5 Summary 
 

We proposed Multimodal Sequence Memory (MuSM) for a video story QA 

task. The MuSM is designed to handle event QA by converting the event 

information of video frame into sentence format that describes the behavior 

of the character, background, and so on. Unlike DEMN, MuSM uses a 

sequence-to-sequence framework and attention mechanism to transform 

video into sentences and considers all sentences transformed to answer the 

question. For a given video, the MuSM takes a sequence of scene-dialogue 

pairs as input. Then, it transforms the scenes to textual format using a 

sequence-to-sequence framework for video-to-text. Video stories are stored 

in a long-term memory component after concatenating each descriptive 

sentence from a scene with the paired dialogue. When a question is given, an 

LSTM-based attention function evaluates a matching score between the 

question and video story, which leads to summarization of the video stories. 

Each answer is also evaluated with the summarized video story using 

another LSTM-based function. We demonstrated the potential of our model 
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by showing better QA performances on the MovieQA dataset than baseline 

models. From the experiments of the PororoQA dataset, we confirm that our 

video story understanding module needs to be improved to  

deal with small-sized dataset. In this dataset, it is very difficult to train the 

module because there is no other effective dataset to pretrain it. We are 

planning to modify the video story understanding module of our model as 

there is still much room for improvement. One of them is applying speaker 

recognition from a sound modality. 
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Chapter 6. Episodic Story Representation with 

Divided Attention  

 

6.1 Overview 
 

Our goal is to build a video QA model that maximizes information 

 

Figure 6.1. The system architecture of Multimodal Dual Attention 

Memory (MDAM). 1) At the self-attention step, MDAM learns the latent 

variables of frames and captions (divided attention) based on the full 

video content. 2) Given question, MDAM attend to the latent variables to 

remove unnecessary information. 3) At the multimodal fusion step, the 

question, caption, and frame are fused using residual learning.  
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needed for QA through attention mechanisms and fuses the multimodal 

information at a high-level of abstraction. We tackle this problem by 

introducing the two attention layers, which leverage the multi-head attention 

functions [Vaswani et al., 2017], followed by the residual learning of 

multimodal fusion. 

Figure 6.1 shows the proposed model at an abstract level. Figure 6.2 

shows the overall architecture of our proposed model - Multimodal Dual 

Attention Memory(MDAM) for video story QA. The MDAM consists of five 

modules.  

1) The first module is the preprocessing module. All input including 

frames and captions of a given video is converted to the tensor formats. 

2) In the self-attention module, the MDAM learns to obtain latent 

variables of the preprocessed frames and captions based on the whole video 

content. This process mimics a human who watches the full content of a video 

and then understands the story by recalling the frames and captions himself. 

3) In the attention by question module, the MDAM learns to give 

attention scores to find the relevant latent variables for a given question. It can 

be regarded as a cognitive process of finding points that contain answer 

information based on the understood story.  

4) These attentively refined frames and captions, and a question are fused 

using the residual function in the multimodal fusion module. 5) Finally, the 

answer selection module selects the correct answer by producing confidence 

score values over the five candidate answer sentences. 
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Figure 6.2. Five steps in our processing pipeline of Multimodal Dual 

Attention Memory for the video story QA task.  

(1) All given inputs are embedded as tensors and stored into long-term 

memory. (2) The frame tensor MV
self and caption tensor MC

self have latent 

variables of the frames and captions through the self-attention mechanism. 

(3) By using attention once again but with a question, the frames and 

captions are abstracted by the rank-1 tensors v and c. (4) The fused 

representation o is calculated using residual learning fusion. (5) Finally, the 

correct answer sentence is selected with element-wise operations followed 

by the softmax classifier. 
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6.2 Learning of Multimodal Dual Attention  
 
(1) Preprocessing 

The input of the model is composed of 1) a sequence of frames Vframes and 2) a 

sequence of captions Ccaptions of a video clip Iclip = Vframes, Ccaptions, 3) a question, 

and 4) a set of five candidate answer sentences Aanswers = (a1, …, a5).  

Vframes and Ccaptions consist of N multiple frames and captions, Vframes = (v1, 

…, vN), Ccaptions = (c1, …, cN), where ci is a i-th dialogue caption of the Iclip, and 

vi is an image frame sampled at the midpoint between the start and end times 

of the caption ci. The value of the story length N is fixed differently depending 

on the dataset used in this work. If the number of captions in the video is less 

than N, zero padding is added. Later, we will report the values of the 

hyperparameters.  

The main purpose of the preprocessing module is to transform the raw 

input as tensor formats, MV ∈ RNx2048, MC ∈ RNx512, q ∈ R512, A ∈ 

R5x512, respectively, and store these in long-term memory, e.g., RAM. 

Linguistic Inputs: We first convert Ccaptions, question, Aanswers as word-level 

tensor representations, EC ∈ RNxMx305, Eq ∈ RMx305 EA ∈ R5xMx305, 

respectively. M is the fixed value denoting the maximum number of words in 

a sentence. Like the story length N, the value of M depends on the dataset. For 

a sentence with less than M words, zero padding is added. To represent each 

word of the inputs, we concatenate 300-D GloVe [Pennington et al., 2014] 

with positional encoding [Gehring et al., 2017], and 5-D casing features. 

Figure 6.3 shows our word representation using GloVe and casing features. 
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- GloVe and positional encoding. Each word in the sentences is mapped 

to a GloVe embedding followed by positional encoding. 

 ei = gi + pi ∈ R300                 (17) 

where gi is GloVe embedding, and pi is the learnable embedding vector of the 

position index i. ei is an output embedding. 

- Casing features. As is used in the existing NLP studies [Reimers et al., 

2017], we add the following 5-D flag for each word representation. 1) A 

capitalization flag. This flag assigns the label True if at least one character of 

a word is upper-cased. 2) A numeric flag that assigns the label True if at least 

one character is numeric. 3) A personal pronouns flag that captures whether 

the word is a personal pronoun, e.g., she, he, they. 4) A unigram flag and 5) A 

bigram flag that indicate whether there is a unigram/bigram match between 

question and captions or question and candidate answer sentences. The casing 

 

Figure 6.3. Word representation using GloVe and casing features 
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feature is mapped to a five-dimensional zero-one vector. 

To obtain 512-D sentence-level tensor representations, we apply the 

shared 1-D convolution layers consisting of filters with varying window 

sizes we1
conv ∈ RMx1x1x128, we2

conv ∈ RMx2x1x128, we3
conv ∈ RMx3x1x128, we4

conv 

∈ RMx4x1x128 and max pooling operations to the word-level tensor 

representations, EC, Eq, EA [Kim et al., 2014]. 

31 2 4

31 2 4

31 2 4

[ ] max(ReLU(conv( [ ,:,:],[ , , , ])))
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=

=

=
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where conv (input, filters) means the convolution layer, ReLU is the 

elementwise ReLU activation [Nair et al., 2010]. Finally, the output tensors 

for the captions, question, answer sentences are MC ∈ RNx512, q ∈ R512, A 

∈ R 5x512, respectively, and they are stored into long-term memory. 

Visual Inputs: The 2048-D sized activation output of 152-layer residual 

networks [He et al., 2016] is used to represent Vframe as MV ∈ RNx2048. It is 

stored in long-term memory. 

 

(2) Self-attention 

This module imports the frame tensor MV ∈ RNx2048, and caption tensor 

MC ∈ RNx512 from the long-term memory as input. The output is the tensors 

Mself
V ∈ RNx2048 and Mself

C ∈ RNx512 that have latent values of the input by 

using attention layers [Vaswani et al., 2017]. The module provides separate 

attention to frames and captions. 
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Fig. 6.4 (a) shows the process of the attention layers consisting of Lattn 

identical layers [Vaswani et al., 2017]. Each layer has two sub-layers; 1) 

multi-head self-attention networks and 2) point-wise fully connected feed 

forward networks. There are a residual connection and layer normalization 

between each sub-layer. The Lattn layers use different learning parameters for 

each layer. 

Multi-head Self-attention Networks: In this sub-layer, each frame and 

caption can attend to all frames and captions including itself to obtain a latent 

variable. It is achieved by selecting one pivot from the frames or captions and 

updating it using the attention mechanism. 

Figure 6.4. (a) Illustration of the attention layers consisting of Lattn identical 
layers. The self-attention module uses the multi-head self-attention 
networks while the attention by question module uses the multi-head 
attention networks. (b) The multi-head self-attention networks select a 
pivot p from the key set K to obtain the updated key set K. (c) The multi-

head attention networks use the question q as a pivot to obtain the updated 
key set K. 
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Fig. 6.4 (b) illustrates the detailed process. There are a pivot p ∈ Rdk 

and key set K ∈ RNxdk. K is the output of the previous layer or the input 

embedding, i.e., MV, MC, for the first layer. Each row vector of K is a key 

whose latent variable is to be computed. dk is the dimension of the key, i.e., 

512 or 2048. The pivot p is selected from one of the N keys of K. 

First, the networks project the pivot p and N keys to dproj dimensions h 

times, with different, learnable projection matrices. Then, for each projection, 

the weighted average using the scores obtained from the dot product-based 

attention by pivot p aggregates N keys. 

average(DotProdAttn( , )))

where DotProdAttn( , ) softmax( / )

projdp K
i i i

T
proj

head pW KW

x Y xY d Y

¡= Î

=
     (19) 

h outputs are concatenated and projected once again to become the 

updated key value K’[j,:] if the pivot p is K[j,:]. 

1'[ ,:] ( ) kd
h oK j head head WL ¡= Ä Ä Î          (20) 

where Ä denotes concatenation, and Wo ∈ Rhdproj x dk is a projection matrix. 

The networks change a pivot p from K[1,:] to K}[N,:] and repeat the Eqn. 

(19) – (20) to obtain the updated key set K’. In this work, we use h=8, dproj=64. 

Later, we will report the model performances according to the various Lattn 

values. 

Feed Forward Networks: Fully-connected feed forward networks apply 

two linear transformations and a ReLU activation function separately and 

identically for every point of the input. 
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1 1 2 2FFN( ) ReLU( )x xW b W b= + +                 (21) 

where x is a point of the input. The dimension size of input and output is dk, 

and the inner-layer has a dimension size of 2dk. 

 

(3) Attention by Question 

This module takes the final output tensors, Mself
V, Mself

C, of the self-

attention module and again calculates the attention scores separately, by using 

the question. Attention information is aggregated using the 1-D convolutional 

neural networks to produce the output, v ∈ R512 and c ∈ R512, for the 

frames and captions, respectively. 

Multi-head Attention Networks: Like the self-attention module of the 

previous module, this module uses the attention layers consisting of Lattn 

identical layers illustrated in Fig. 6.4 (a). However, the attention layers differ 

from that of the self-attention module in that they have the multi-head 

attention networks inside. 

Fig. 6.4 (c) shows the multi-head attention networks. The networks 

calculate the updated key set K’ by applying attention to the key set K as in 

Eqn. (19) - (20), but there are three differences when calculating Eqn. (19) 

and (20). 1) The networks use the question tensor q as a pivot by reading from 

the long-term memory. 2) The networks calculate the attention output values 

without average, i.e., headi = DotProdAttn(...) ∈ RNxdproj. 3) The output of 

the Eqn. (7) becomes K’ ∈ RNxdk which is not a specific point of K. 

We denote the final output of the attention layers as Mq
V ∈ RNx2048 and 
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Mq
C ∈ RNx512. Then, these are seperately aggregated using the 1-D 

convolutional neural networks and max pooling operation to get the outputs v 

∈ R512 and c ∈ R512. 

31 2 4

31 2 4

max(ReLU(conv( ,[ , , , ])))

max(ReLU(conv( ,[ , , , ])))

vq v v v
conv conv conv convV

cq c c c
conv conv conv convC

w w w w

w w w w

v M

c M

=

=
      (22) 

where wvi
conv ∈ R2048 x i x 1 x 128 1-D convolution filters of length i for Mq

V, 

and wci
conv ∈ R512 x i x 1 128 denote 1-D convolution filters of length i for Mq

C. 

 

(4) Multimodal Fusion 

During the entire QA process, multimodal fusion occurs only once in this 

module. The module fuses the refined frames v ∈ R512, and captions c ∈ 

R512, with the question q ∈ R512 to output a single representation o ∈ R512.  

We borrow the idea of multimodal residual learning [Kim et al., 2016c].  

Fig. 6.5 illustrates an example of our multimodal fusion module. The final 

output, o, is the concatenation of the two deep residual blocks followed by 

linear projection and tanh activation.  

Each of the deep residual blocks consists of element-wise multiplication 

of question q and frames v, or q and captions c, with residual connection. 
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where Lm is the depth of the learning blocks. We use various values for 
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Lm in this work. Ä  is the concatenation operation, σ is the element-wise 

tanh activation, and ⊙ is the element-wise multiplication. ( ) ( , )mLH q v and 

( ) ( , )mLH q c  use different learning parameters. 

 

(5) Answer Selection 

This module learns to select the correct answer sentence using the basic 

element-wise calculation between the output of multimodal fusion module, o 

∈ R512, and the answer sentence tensor, A ∈ R5x512, which is read from the 

long-term memory, follwed by the softmax classifier.  

Figure 6.5. A schematic diagram of the multimodal fusion module with the 

two deep residual blocks. The final output o is the concatenation of the 
outputs from the two residual blocks, H(2) (question q - frame v) and H(2) 
(question q - caption c), followed by a linear projection and tanh 
activation. 
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( ) ( )
softmax( )

A tile tile

A

O o o
z O W b

A Ae= Ä Å

= +                     (24) 

Where otile ∈ R5x512 is the tiled tensor of o. Å  is the element-wise addition. 

z ∈ R5 is the confidence score vector over the five candidate answer 

sentences. Finally, we predict the answer y with the highest score value, 

y=argmaxi∈[1,5] (zi). 

 

6.3 Video Question Answering on Cartoon Videos 
 

The PororoQA dataset has 171 episodes with 8,834 QA pairs [Kim et al., 

2017a]. Like MovieQA, each question has one correct answer sentence and 

four incorrect answer sentences. One episode consists of a video clip of 431 

seconds average length. For experiments, we split all 171 episodes into 

train(103 ep.)/val(34 ep.)/test(34 ep.) sets. The number of QA pairs in 

train/val/test are 5521/1955/1437, respectively. Unlike the MovieQA, the 

PororoQA has supporting fact labels that indicate which of the frames and 

captions of the video clip contain correct answer information, and description 

set. However, because our model does not use any supporting fact label or 

description, we do not use them in the experiment.  

In Table 6.1, we present the experimental results of our MDAM for the 

PororoQA dataset. The comparative models are the five MDAM variants and 

the existing baseline methods (BoW V+Q, W2V V+Q, LSTM V+Q) which do 

not use the descriptions and supporting fact labels like ours [Kim et al., 

2017a].  
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As a result, MDAM achieves a state-of-the art performance 48.9 \%, 

marginally beating the existing methods. Furthermore, we observe that the 

two hypotheses of MDAM are valid in PororoQA. The self-attention module 

helps MDAM achieve better performance 48.9 % for MDAM vs. 47.3 % for 

MDAM-NoSelfAttn, and multimodal fusion with high-level latent 

information by our module performs better than early fusion baseline 46.1 % 

for MDAM-EarlyFusion. All MDAM variants use Lattn=2 and Lm=1. 

Model comparison between state-of-the-art models: Table 6.2 shows 

the performance comparison between our proposed models and other state-of-

the-art model, RWMN [Na et al., 2017]. We show the mean and standard 

deviation of the 30 accuracy measurements for the PororoQA test set. Because 

Table 6.1. Performance comparison between other models proposed in 

[Kim et al., 2017a] and MDAM variants on the test set of PororoQA. 

Method test 

BoW V+Q 34.2 

W2V V+Q 34.1 

LSTM V+Q 41.1 

MDAM-MulFusion 41.5 

MDAM-FrameOnly 42.1 

MDAM-CaptOnly 42.5 

MDAM-EarlyFusion 46.4 

MDAM-NoSelfAttn 47.3 

MDAM 48.9 
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DEMN uses additional labels between the question and scene-dialogue pairs, 

higher accuracy can be achieved compared to other models. MDAM shows 

higher accuracy than the proposed model and other state-of-the-art models, 

RWMN which use same annotation as MDAM. Table 6.3 show the mean and 

standard deviation of the performance of 30 times with 8:2 cross validation. 

As shown in Table 6.2 and Table 6.3, the MDAM variants, which are early-

fusion model, single-modal model, or no self-attention model, show lower 

performance than MDAM. Among the models using the same level of 

supervision, MDAM shows the highest accuracy with 0.389743%. 

Table 6.2. Performance comparison between our proposed models and 

other state-of-the-art model, RWMN [Na et al., 2017]. We show the mean 

and standard deviation of the performance of 30 times on the test set. 

Unlike other models, DEMN uses additional labels between question and 

scene-dialogue pairs. 

Method test 

DEMN 0.562600 +- 0.059666 

MuSM 0.373590 +- 0.007580 

RWMN 0.365956 +- 0.029545 

MDAM-img 0.403236 +- 0.006805 

MDAM-capt 0.404980 +- 0.008249 

MDAM-early 0.394812 +- 0.005949 

MDAM-noself 0.421619 +- 0.006336 

MDAM 0.423939 +- 0.005243 
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6.4 Video Question Answering on Real Videos 
 

The MovieQA dataset for the video QA mode consists of 140 movies 

with 6,462 QA pairs [Tapaswi et al., 2016]. Each question is coupled with a 

set of five possible answers; one correct and four incorrect answers. A QA 

model should choose a correct answer for a given question only using 

provided video clips and subtitles. The average length of a video clip is 202 

seconds. If there are multiple video clips given in one question, we link them 

together into a single video clip. The number of QA pairs in train/val/test are 

Table 6.3. Performance comparison between our proposed models and 

other state-of-the-art model, RWMN [Na et al., 2017]. We show the mean 

and standard deviation of the performance of cross validation. 

Method test 

DEMN 0.511576 +- 0.03201 

MuSM 0.370102 +- 0.018386 

RWMN 0.368856 +- 0.019412 

MDAM-img 0.389743 +- 0.017360 

MDAM-capt 0.305436 +- 0.011405 

MDAM-early 0.301359 +- 0.011665 

MDAM-noself 0.358664 +- 0.028367 

MDAM 0.389743 +- 0.017360 
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4318/886/1258, respectively.  

Pretrained Parameters: In the preprocessing module, ResNet-152 [He 

et al., 2016] pre-trained with ImageNet is used to encode the raw visual input, 

Vframe. GloVe [Pennington et al., 2014] pre-trained with Gigaword 5 and 

Wikipedia 2014 consisting of 6B tokens is used to encode the raw linguistic 

input, Ccaptions, question, and Aanswers. The error is not back-propagated to these 

parts due to the heavy computational cost. 

Hyperparamters: For MovieQA, we limit the number of sentences per 

video clip to 40, i.e., N=40, and the number of words per sentence to 60, i.e., 

M=60. For PororoQA, we use N=20 and M=100. These are the maximum 

lengths of the sentences and words in each dataset. 

Sentences or words below the given length are padded with zero values. 

We prevent the zero padding from participating in the error in the learning 

process. 

The learnable parameters are initialized using the Xavier method [Glorot 

et al., 2010] except for the pretrained models. The batch size is 16, and the 

number of epochs is fixed to 160. Adam [Kingma et al., 2015] is used for 

optimization, and dropouts [Hinton et al., 2012] are used for regularization.  

For learning rate and loss function, we empirically found that good 

parameters can be obtained by pre-training the model with the cross-entropy 

loss between the ground-truth one-hot vector zgt and prediction z at a learning 

rate of 0.01 and then learning it again with the categorical hinge loss at a 

learning rate of 0.0001 from the best point.  

For model selection, we train 20 different models and pick the best 
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model among them. 

Baselines: To compare the performance of each component, we conduct 

the ablation experiments with the following five model variants. 

1) MDAM-MulFusion: model using element-wise multiplication instead 

of the residual learning function in the multimodal fusion module. 2) MDAM-

FrameOnly: model using only scene frames. 3) MDAM-CaptOnly: model 

using only captions. 4) MDAM-EarlyFusion: model that moves the position 

of the multimodal fusion module forward in the QA pipeline; thus the 

information flow goes through the following steps (i) preprocessing, (ii) 

multimodal fusion, (iii) self-attention, (iv) attention by question, (v) answer 

selection. The fusions of frames and captions occur N times by fusing MV and 

MC. 5) MDAM-NoSelfAttn: model without the self-attention module. 

Furthermore, we measure the performance comparisons between our MDAM 

and other state-of-the-art models. 

Quantitative Results: We report the experimental results of our model 

for validation and test sets. We conduct the ablation experiments using the 

validation set to set the hyper-parameters of our models. Based on these 

results, we participated in the MovieQA Challenge. At the time of submission 

of the paper, our MDAM has recorded the highest accuracy of 41.41 %. 

Ablation Experiments: Fig. 6.6 shows the results of the ablation 

experiments. Due to the small size of the MovieQA data set, the overall 

performance pattern shows a tendency to decrease as the depth of the attention 

layers Lattn and the depth of the learning blocks in the multimodal fusion 

module Lm increase. Comparing the performance results by module, the 
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models, in which multimodal fusions occur early in the QA pipeline (MDAM-

EarlyFusion), shows little performance difference with the models, which use 

only sub-part of the video input (MDAM-FrameOnly, MDAM-CaptOnly). In 

addition, even if multimodal fusion occurs late, the performance is degraded 

where a simple element-wise multiplication is used as the fusion method 

(MDAM-MulFusion). Finally, the MDAM with self-attention through the full 

video content performs the best among our variant models. These results 

imply the validity of our hypotheses of the model that 1) maximize the QA 

related information through the dual attention module and 2) fuse the 

multimodal information at a high-level of abstraction. 

 

Figure 6.6. The results of the model variants on the validation set of 

MovieQA. Lattn denotes the number of layers in the attention networks. Lm 

denotes the depth of the learning blocks in the multimodal fusion module. 
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MovieQA Challenge: The MovieQA Challenge provides a separate 

evaluation server for the test set so that participants can evaluate the 

performance of their models using the server. The evaluation is limited to 

once for every 72 hours. 

Table 6.4 shows the performance comparison with the other models 

released on the MovieQA Challenge leaderboard. Our MDAM Lattn=2, Lm=1 

achieves 41.41% and shows the performance gain of 2.38% compared to the 

runner-up model, Layered Memory Network, which achieves 39.03%. 

Model comparison between our proposed models: Table 6.5 shows the 

performance comparison between our proposed models and other state-of-the-

Table 6.4. Performance comparison with other models proposed in the 

MovieQA Challenge leaderboard of the video QA section. 

Method test 

LSTM+CNN 23.45 

Simple MLP 24.09 

LSTM+discriminative CNN 24.32 

DEMN 29.97 

MuSM 34.74 

RWMN 36.25 

Local Average Pooling Networks 38.16 

Layered Memory Networks 39.03 

MDAM 41.41 
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art model, RWMN [Na et al., 2017]. We show the mean and standard 

deviation of the performance of 30 times on the validation set of MovieQA. 

Overall, our MDAM achieve 0.3077 % with the highest average accuracy. 

Table 6.6 shows the mean and standard deviation of the performance of cross 

validation. Likewise, MDAM get the highest accuracy of 0.3102 %.  

Qualitative Results: In this section, we visually analyze the inference 

mechanism of MDAM. Fig. 6.7 shows the selected qualitative results of 

MDAM and MDAM without self-attention MDAM-NoSelfAttn for MovieQA. 

Fig. 6.7 (a)-(c) show the successful examples of MDAM. Given a 

Table 6.5. Performance comparison between our proposed models and 

other state-of-the-art model, RWMN [Na et al., 2017]. We show the mean 

and standard deviation of the performance of 30 times on the validation set 

of MovieQA.  

Method test 

DEMN 0.266629 +- 0.026093 

MuSM 0.292400 +- 0.007803 

RWMN 0.268856 +- 0.011008 

MDAM-img 0.28992 +- 0.007613 

MDAM-capt 0.290496 +- 0.007726 

MDAM-early 0.28637 +- 0.006855 

MDAM-noself 0.305246 +- 0.005955 

MDAM 0.307736 +- 0.008017 
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question, MDAM solves the QA task correctly by attending to frames and 

captions containing answer-related information, which is performed by the 

attention by question module. Note that the model attends to frames and 

captions separately. It allows the model to focus on single modality one-by-

one in the self-attention and attention by question modules for scene frames 

and captions in parallel.  

Fig. 6.7 (d) shows a challenging example of the MovieQA dataset.The 

given video clip persists similar scenes with a long narrative by the character. 

These inputs make our MDAM to be challenging to select keyframes and 

corresponding captions which contain the information related to the given 

question, i.e., time interval and the location of the watch.  

Table 6.6. Performance comparison between our proposed models and 

other state-of-the-art model, RWMN [Na et al., 2017]. We show the mean 

and standard deviation of the performance of cross validation.  

Method test 

DEMN 0.277885 +- 0.025733 

MuSM 0.305801 +- 0.014333 

RWMN 0.269695 +- 0.010286 

MDAM-img 0.285810 +- 0.017931 

MDAM-capt 0.300000 +- 0.018997 

MDAM-early 0.285230 +- 0.017709 

MDAM-noself 0.293433 +- 0.017393 

MDAM 0.310212 +- 0.012125 
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Figure 6.7. Qualitative results for the MovieQA of MDAM with and 
without the self-attention module (MDAM and MDAM-NoSelfAttn, 
respectively). The successful cases are (a), (b), and (c), and the failure 
case is (d). Bold sentences are ground-truth answers. Green check 
symbols indicate the predictions of MDAM. Red cross symbols indicate 
the predictions of MDAM-NoSelfAttn. In each case, we show that which 
scene frames and captions are attended by the model for a given 
question. 
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In the most of cases, the attention results of MDAM without self-

attention (MDAM-NoSelfAttn) is more spreading out (especially for frames) 

compared to the effects of MDAM. which leads to the incorrect answer. We 

believe that our dual attention mechanism is critical for MDAM to capture the 

latent variables of frames and captions. 

 

6.5 Summary 
 

We proposed a video story QA architecture, MDAM. The fundamental 

idea of MDAM is to provide the dual attention structure that captures a high-

level abstraction of the full video content by learning the latent variables of 

the video input, i.e., frames and captions, then, late multimodal fusion is 

applied to get a joint representation.  

We empirically demonstrated that our architectural choice is valid by 

showing the state-of-the-art performance on MovieQA and PororQA datasets. 

Exploring various alternative models in our ablation studies, we conjecture 

the following two points: 1) The position of multimodal fusion in our QA 

pipeline is important to increase the performance. We learned that the early 

fusion models are easy to overfit, and the training loss fluctuates during a 

training phase due to many fusions occurred on time domain. Their 

performance was similar to the models which use only sub-part of a video, \eg, 

frame or caption. On the other hand, the late fusion model were faster in 

convergence, leading to better performance results. 2) For a given question, it 

is useful to attend to video content after self-attention. Because questions and 
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scene frames are different modalities, i.e., language and vision, attending to a 

subset of the frames using a question tends to get a poor result if two hidden 

representations are not sufficiently aligned. Our self-attention module relieved 

this problem by calculating latent variables of frames and captions.  

We believe these results can be applied to an extensive range of video 

story tasks, e.g., video story summarization and its generation, and look 

forward to the upcoming future works.  
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Chapter 7. Concluding Remarks 
 

7.1 Summary of Methods and Contributions 
 

To learn video story QA model, it is important to tackle two problem. 

First, multimodal and time-series property of a video. By its multimodal and 

time-series nature, stories of a video are represented by two mediators, i.e., 

vision and language, with different patterns over time series. Hence, solving 

the QA task might require models to understand a storyline throughout a 

video. Second, redundancy and highly complexity of a video story. Vision 

and language in a video have redundant, highly complex and sometimes 

ambiguous information. 

In this dissertation, we provided five contributions to the video story 

QA problem.  

First, we proposed a method of representing a story of video in the form 

of a sentence using descriptions and focusing on a particular sentence using 

selective attention (Deep Embedded Memory Networks, DEMN). DEMN 

transforms the event information of a video frame into a sentence format 

containing the contents of the character's behavior, background, and so on. 

Thus, the scene-dialogue pairs of the input video are converted into scene 

description-dialogue pairs using linear embedding. All converted sentence 

pairs in the video are stored in long-term memory, e.g., RAM, and, when 

given a question, use the LSTM based attention mechanism model to find the 

most appropriate question-story sentence-answer pair. For experiment, we test 
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DEMN to PororoQA and MovieQA dataset. MovieQA dataset contains 6,462 

story-related QA pairs created from 140 movies. Experimental results show 

that deep embedded memory network achieved better performance than other 

QA models by combining the scene and dialogue to reconstruct story sentence. 

DEMN showed state-of-the-art performance in PororoQA and MovieQA. 

Second, we proposed a method of representing a video story in the form 

of sentences using video-to-text translation and focusing on multiple 

sentences using distributed attention (Multimodal Sequence Memory 

Networks, MuSM). Like the DEMN, MuSM converts video frames into 

sentence formats that contain event information. However, MuSM differs 

from story memorization and multimodal learning, which are important in 

dealing with video QA problems. MuSM uses a sequence-to-sequence 

framework for video-text to transform the visual story into a text form. Then, 

concatenates the visual story with the language story of the dialogue. The 

story sentences are stored in long-term memory, such as RAM. Given a 

question, attention-based LSTM uses long-term memory to focus on a 

particular story sentence and summarize the entire story. While DEMN can 

select one story sentence when given a question, MuSM can refer to several 

story sentences by giving attention score to the whole story sentence. 

Experimental results showed that MuSM ranked 6th in MovieQA Challenge. 
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Third, we proposed a method of representing each scene and caption to 

episodic representation and giving a divided attention to each modality 

(Multimodal Dual Attention Memory, MDAM). The fundamental idea of 

MDAM is to introduce a dual attention structure that references the full video 

contents to obtain latent variables of the video inputs and to apply multimodal 

fusion after high-level latent information is captured. We empirically 

demonstrate the validity of the assumptions of MDAM by showing the state-

of-the-art performances on the MovieQA dataset and the PororoQA dataset.  

Fourth, we constructed PororoQA dataset and release it to public for 

other researchers. [Kim et al., 2016a; Kim et al., 2017a]. Story-line of videos 

in PororoQA has a coherent property because the dataset was constructed 

from 171 episodes of the cartoon video series ‘Pororo’ compared to the 

existing public video datasets. The cartoon video 'Pororo' has about 15 

characters, background, and about 3,000 small vocabulary, so it can be used as 

a testbed of video story QA datasets. Additionally, it contains the largest 

number of QA pairs among the other human-annotated video QA datasets. 

PororoQA includes 8,913 multiple-choice QA, 27,328 scene descriptions, and 

Table 7.1. Summary of the proposed models and its QA result. 
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16,066 screen-dialogue pairs from 20.5 hours of cartoon video 'Pororo'. 

Fifth, we demonstrated our proposed models for real world application. 

We implemented the models into Nao Evolution V5 and Pepper and 

participated at Roboworld 2016 and RoboCup@Home.  

Table 7.1 summarizes the models presented in this thesis and shows the 

QA results. In Table 7.2, we summarize the conclusions derived from the 

results. We achieved better performance by giving time dependency to the 

multimodal story representation in MovieQA (MDAM VS. DEMN and 

MuSM). Also, when representing multimodal story in sentence form, the more 

expressiveness and versatility of a sentence, the better the performance. 

(DEMN VS. MuSM). This is because more variety of sentences and accurate 

sentence representation can be obtained when the sequence-to-sequence 

model is learned by TGIF with a large dataset size than when retrieving 

sentences from MPII. This result could also be observed when tested on 

PororoQA. MDAM with time dependency on multimodal story achieved 

better performance than that of DEMN and MuSM with non-time dependency 

Table 7.2. Conclusion from the results of the proposed models. 
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on multimodal story. MuSM could not learn sequence-to-sequence model well 

due to the small size of PororoQA description, showed lower accuracy than 

that of DEMN. 

From the perspective of attention, the results of MovieQA and PororoQA 

are slightly different. In MovieQA, the models (MuSM and MDAM) that 

gave attention to more than one constructed story showed higher performance 

than that of the model (DEMN) that gave attention to single story. However, 

in PororoQA, the DEMN showed higher performance than MuSM and 

MDAM, which focused on multiple stories, even though only one story was 

focused on. This is presumably because the description of PororoQA contains 

a label that includes whether a story sentence contains correct answer 

information, and the quality of description is high and contains a lot of 

information. 

 

7.2 Application of Our Proposed System As a Child 
Tutoring Robot for English Education 
 

We used the proposed model and dataset to demonstrate the possibility of 

a video story QA agent. Human-robot interaction (HRI) is an emerging field 

which makes an effort to create socially interactive robots that help humans in 

various aspects, including healthcare [Fasola at al., 2013], and education 

[Kory et al., 2014]. Now, robots can interact with children and help their 

educational development [Saerbeck et al., 2010; Kory et al., 2013; Fridin 

2014], and personalized tutor robots have shown to notably increase 

effectiveness of tutoring [Leyzberg et al., 2014]. Particularly, recent 
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Figure 7.1. A Video Q&A Game Robot “Pororobot” 

advancement of machine learning enables robots to deeply understand visual 

scene information and describe the scene in natural language as comparable to 

that of human [Fang et al. 2015; Karpathy et al., 2015; Vinyals et al. 2015]. 

Many studies on image question answering (QA) have also shown successful 

results [Gao et al., 2015; Malinowski et al. 2015; Ren et al. 2015] and 

improve the level of HRI. However, in order to interact with a human in an 

effective manner, a robot agent must deal with real-world environments 

including dynamic, uncertain, and asynchronous properties based on lifelong 

learning [Zhang 2013].  

As an application of HRI, video QA game robots could be a favorable 

technology to improve children’s early education in two aspects [Kim et al., 

2015; Kim et al., 2016b]. First, both a child and a robot can learn new 

concepts or knowledge in the video during the question & answering game. 

For example, the robot can learn the unknown fact or knowledge by 
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answering questions from the child. Second, the robot can leverage 

children’s social abilities. The robot and the child have the same experiences, 

i.e. watching a video, and interact with each other in that experience. Here is 

an example scenario of child-robot interaction whilst playing the video Q&A 

game. A child and a robot sit in front of a television and watch a cartoon 

video for 10~15 minutes together. After watching this, the child asks some 

questions to the robot regarding the story (e.g. “First question, what did they 

do last night?”). The robot should be able to generate answer given the 

observed video. If the robot answers correctly, the child agrees with the 

answer and gives a next question (e.g. the child say while clapping “Correct! 

Second question, what is the color of the sky?”). As the game goes on, the 

child can learn more concepts from the video with the robot. Figure 7.1 

shows an example of a video question & answering game played by a child 

 

Figure 7.2. Video story QA demonstration using Nao Evolution V5 at 
Roboworld 2016 
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and a robot “Pororobot”. 

To implement the scenario, we use the Nao Evolution V5 and Pepper as 

robot platforms. For QA architecture, we use the three models proposed in 

this thesis. QA demonstration using a Nao platform can be found at 

https://www.youtube.com/watch?v=OtkEkLpjs3s&t=18s [Kim et al., 2015]. 

Figure 7.2 shows the video story QA demonstration using Nao at Roboworld 

2016. Using a Pepper platform, we participated in the RoboCup@home 

challenge with the name TeamAupair, and demonstrated a QA session on the 

cartoon video series ‘Pororo’. As a result, TeamAupair won the overall 

championship at RoboCup@home. Demonstration using a Pepper platform 

can be found at https://www.youtube.com/watch?v=W6nDoKgM2Zs 

&t=154s. Figure 7.3 shows the video story QA demonstration using Pepper 

at RoboCup@home. 

Figure 7.3. Video story QA demonstration using Pepper at 
RoboCup@home 
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7.3 Limitation of Proposed Models 
 

To analyze question types that can be covered in the video story QA 

problem, we collected over 300 problems from human workers and divided 

them into 12 types. Figure 7.4 shows twelve types of video story question and 

its level. The degree of difficulty of the question is judged to be higher as the 

current development level of the method (e.g., object recognition, emotion 

recognition) required by the problem was lower and the resolution of the 

reference time needed to solve the problem was higher. In the Figure, the blue 

 

Figure 7.4. Twelve types of video story question and its level. The models 
we proposed deal with question at level 3. The blue color represents the 
problem that our model handled, the red color is a problem that has not 
been covered yet, and the purple color is a problem that needs 
improvement due to the difficulty of the problem. 
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color represents a question that our model handled, the red color means a 

question that has not been covered yet, but the purple color denotes a question 

that needs improvement due to the difficulty of the problem. The three models 

we proposed are at the level of handling question at level 3. Some of them 

were able to generate information from a scene to obtain information such as 

characters, behaviors, and background place information, or to obtain story 

context information to cope with events and NLP problems.  

However, there are many problems that have not been addressed yet. For 

example, an association with external knowledge (world knowledge or 

common sense knowledge) is needed. Without this association, a QA model 

can not handle proper nouns (e.g., batman) that exist only in the test set in 

MovieQA. Also, a question related to joke points or knowledge that can not 

be obtained by the video itself is untreatable. ‘When was Monica's hairstyle 

popular in America?’ is a representative question requiring external 

 

Figure 7.5. The types of question that have been addressed in the 
published image or video story QA dataset 
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knowledge. There must be a module that can handle the emotions, intentions, 

or inquiries about human relationships. For this purpose, it is necessary to be 

able to focus on the face or facial expression of characters as a human do. A 

module that grasps the intentions of characters from facial expressions and 

gestures in conjunction with common sense knowledge is also needed. 

There are limitations of the dataset. Figure 7.6 shows the types of 

question that have been addressed by the published image or video story QA 

dataset. Due to the lack of a public video story QA set, existing datasets deal 

with only seven types of problems. MovieQA and PororoQA are datasets 

mainly asking about the statement, place, causal relation of event and 

characters, and MarioQA and TGIF-QA are datasets asking action or object. 

VQA includes questions about objects. 

 

7.4 Suggestions for Future Works 
 

In the future, video story QA dataset should be larger and more task-specific 

to study more diverse video QA models. In addition to measuring the overall 

Figure 7.6. Friends drama consists of 10 seasons and 236 episodes. 
Character relationships, jokes, and emotional changes are frequent through 
exaggerated situations. 
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QA accuracy, we need to divide the entire task into sub-tasks, e.g., place, 

action, emotion, and then determine the effect of the model's bias on the sub-

tasks. The choice of video genre is also important. Because question created 

out of the story is depend on the characteristics of the video genre. For 

example, from a sitcom drama ‘Friends’, a QA can be made to guess the 

hero's feelings and humor in the dialogue. In order to solve the emotion and 

humor-related question, it is necessary to use not only the frame and the 

caption but also the modality such as the tone of the sound. Using Friends, we 

can create more than 10k questions from 236 episodes in 10 seasons and 

extract about 3k of scenes. 

Also, we need to develop a model that gives more attention to the faces 

and expressions of the person than the whole object in the frame. When 

dividing QA task into subdivided sub-tasks, a model could be created with a 

unique bias for each task. This would be a stepping stone to achieve human-

like intelligence. 
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초    록 

 
비디오 컨텐츠에 대한 질의응답은 실세계 환경의 시각과 언어를 

모두 다루고 있기 때문에 인간 수준 지능을 얻기 위해 매우 중요한 

문제이다. 또한, 비디오 스토리 질의응답은 화면 프레임과 자막이 

중복적이고, 매우 복잡하며 때로 모호한 정보를 갖고 있기 때문에 

이로부터 의미있는 정보를 추출해야만 한다. 본 논문에서는 다양한 

멀티모달 표현 방법과 주의집중 기작을 활용하여 비디오 스토리 

질의응답을 수행하는 인공지능 에이전트의 가능성을 보여주고자 

한다. 

멀티모달 표현을 위해 1) 화면 설명문을 사용하여 비디오의 화면-

자막을 문장으로 표현하는 방법, 2) 비디오-글 번역 기법을 사용하여 

비디오의 화면을 문장으로 표현하는 방법, 3) 자가 주의집중 기작을 

사용하여 비디오의 화면-자막을 전체 스토리 맥락이 포함된 

분산표현으로 나타내는 방법을 제안한다. 그리고 주의집중 

기작으로는 1) 하나의 특정 문장에 집중하는 선별적 주의집중, 2) 

다수의 문장에 집중하는 분산 주의집중, 3) 멀티모달 입력에 별도로 

집중하는 분리된 주의집중 기작을 제안한다.  

심층 임베딩 메모리 네트워크 (Deep Embedded Memory Networks, 

DEMN)는 관측 데이터의 은닉 임베딩 공간을 활용하여 비디오의 

화면-자막 스트림으로부터 스토리를 재구성한다. 비디오 스토리는 

RAM과 같은 메모리에 저장된다. 질의가 주어지면, LSTM 기반 

주의집중 모델이 기억장치로부터 중요한 정보를 포함하는 특정 
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단어에 집중하여 가장 적합한 질의-스토리-정답 쌍을 선택한다. 

실험결과는 DEMN이 다른 질의응답 모델보다 10% 이상 성능이 

좋음을 보였다. 이는 1) 은닉 임베딩 공간을 활용하여 화면과 

자막을 결합하여 스토리를 재구성하고, 2) 주의집중 기작을 활용했기 

때문이다. 영화QA와 뽀로로QA에서 DEMN의 성능을 보고한다. 

멀티모달 시퀀스 메모리 (Multimodal Sequence Memory Networks, 

MuSM)은 비디오-텍스트 변환을 위한 시퀀스-시퀀스 프레임워크를 

사용하여 비디오의 시각 스토리를 텍스트 형식으로 변환한다. 

그리고 MuSM은 시각 스토리와 자막의 언어 스토리를 이어붙인다. 

비디오 스토리는 장기기억 컴포넌트에 저장된다. 질의가 주어지면, 

LSTM 기반 주의집중 모델이 장기기억을 사용하여 특정 스토리에 

집중하여 비디오 스토리를 요약한다. 요약된 스토리는 다른 

주의잡중 모델을 사용하여 후보 답 문장들과 비교된다. 두 개의 

데이터 집합에 MuSM을 테스트했을 때, 실험결과는 영화QA에 

대해서 다른 모델들보다 더 좋은 성능을 보여주었다. 

멀티모달 이중 주의 메모리 (Multimodal Dual Attention Memory, 

MDAM)은 이중 주의 기작과 늦은 멀티모달 퓨전을 사용한다. 

MDAM은 화면 프레임과 자막의 은닉 개념을 학습하기 위해 자기 

주의를 사용한다. 질의가 주어지면, MDAM은 은닉 개념들을 

대상으로 또 다른 주의 기작을 사용한다. 늦은 멀티모달 퓨전은 

이중 주의 기작 후에 이루어진다. 이 파이프라인을 사용해서 

MDAM은 전체 비디오 컨텐츠로부터 고수준의 시각-언어 결합 

표현을 추론하도록 학습한다. MDAM을 뽀로로QA와 영화 QA에 

평가했다. 두 데이터 집합에 대해서 MDAM은 다른 모델에 비해서 
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월등한 성능을 보였다. 절제 실험을 통해서 이중 주의 집중 기작과 

늦은 결합이 가장 좋은 성능을 보임을 입증했다. 또한, MDAM의 

주의집중 기작을 시각화 함으로써 QA 결과를 분석을 하였다. 

학습 데이터로, 두 개의 데이터 집합을 사용한다. 뽀로로QA는 만화 

비디오 시리즈 ‘뽀로로’의 171개 에피소드로부터 구축된 새로운 

비디오 QA 데이터 집합이다. 데이터 집합은 20.5 시간분량의 

16,066개의 화면-자막 쌍, 세세하게 화면을 설명하는 27,328개의 

문장들, 8,913개의 스토리 관련 질의응답 쌍을 포함한다. 영화QA는 

다양한 장르의 140개 영화와 6,462개의 질의응답 쌍을 포함한다. 

마지막으로, 본 논문은 제안하는 모델들을 휴머노이드 로봇 

플랫폼에 구현함으로써 비디오 질의응답 에이전트의 실용적 

어플리케이션들을 보여준다. 

 

주요어: 질의응답, 비디오 스토리 이해, 멀터모달 학습, 주의집중 메

카니즘, 메모리 네트워크, 딥러닝 

학  번: 2013-20746 
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