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Abstract 
Recent progress in machine learning has lead to great advance-
ments in robot intelligence and human-robot interaction (HRI). It 
is reported that robots can deeply understand visual scene infor-
mation and describe the scenes in natural language using object 
recognition and natural language processing methods. Image-
based question and answering (Q&A) systems can be used for 
enhancing HRI. However, despite these successful results, several 
key issues still remain to be discussed and improved. In particular, 
it is essential for an agent to act in a dynamic, uncertain, and 
asynchronous environment for achieving human-level robot intel-
ligence. In this paper, we propose a prototype system for a video 
Q&A robot “Pororobot”. The system uses the state-of-the-art 
machine learning methods such as a deep concept hierarchy mod-
el. In our scenario, a robot and a child plays a video Q&A game 
together under real world environments. Here we demonstrate 
preliminary results of the proposed system and discuss some di-
rections as future works. 

 Introduction   
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 (Fa-
sola and Mataric 2013), and education (Kory and Breazeal 
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 the effectiveness of tutor-
ing (Leyzberg et al. 2014). Particularly, recent advance-
ment in machine learning enables robots to deeply under-
stand visual scene information and describe the scene in 
natural language as compared to that of humans (Fang et al. 
2015; Karpathy and Fei-Fei 2015; Vinyals et al. 2015). 
Many studies on image question & answering (Q&A) have 
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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 environ-
ments including dynamic, uncertain, and asynchronous 
properties based on lifelong learning (Zhang 2013). In this 
paper, we propose a prototype system using state-of-the-art 
deep learning methods for a child-robot interaction scenar-
io. The deep concept hierarchy (Ha et al. 2015) is used as a 
knowledge base and deep learning methods including deep 
convolutional neural networks (CNNs) (Krizhevsky et al. 
2012) and recurrent neural networks (RNNs) (Mikolov et 
al. 2013; Gao et al. 2015) are used for representing features 
of the video data and generate answers from the questions. 
The scenario is based on a video Q&A game under the real 
world environment where a child and a robot asks ques-
tions on the cartoon video contents and answers these 
questions to each other. As a robot platform, we use the 
Nao Evolution V5. Nao can synthesize speech from the 
text and recognize the human voice. For preliminary exper-
iments, we generate questions from the video and the re-
sults determined by a BLEU score and human evaluators 
show that the questions are somewhat appropriate to be 
raised to the child and the robot. Furthermore we discuss 
some directions of future work for achieving human-level 
robot intelligence. 

Video Q&A Game Robots 
Video Q&A game robots could be a favorable technology 
to improve children’s early education in two aspects. 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 an unknown fact or 
knowledge by asking questions to the child and vice versa. 
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 with that 
experience. Here is an example scenario of a child-robot 
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Figure 1: A Video Q&A Game Robot “Pororobot” Figure 3: The Structure of Deep Concept Hierarchies 

interaction whilst playing the video Q&A game. A child 
and a robot sit in front of a television and watch a cartoon 
video together for 10~15 minutes together. After watching 
this, the robot asks some questions to the child regarding 
the story (e.g. “First questions, what did they do last 
night?”). The robot should be able to generate questions 
from the observed video. If the child answers correctly, the 
robot agrees with the answer and gives the next question 
(e.g. the robot says while clapping “Correct! Second ques-
tion, 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 1 shows an example of a video question & 
answering game played by a child and a robot “Pororobot”. 

Video Q&A System
The overall process of the video question & answering is 
described in Figure 2. The system has four parts. (i) a pre-
processing part for feature generation consisting of convo-
lutional neural networks (CNNs) and recurrent neural net-
works (RNNs). (ii) deep concept hierarchies for learning 
visual-linguistic concepts and storing the knowledge from 

the video into a network structure. (iii) a vision-question 
conversion part, and (iv) a candidate microcode extraction 
component using RNNs. An RNN is used to generate the 
next word in the answer and the method is similar to the 
current image question & answering techniques (Gao et al. 
2015).  

The Four Parts of the System 

(i) The preprocessing part converts a video into a set of 
visual-linguistic features. Firstly, the video is converted to 
scene-subtitle pairs. Whenever the subtitle appears in the 
video, the scene at that time is captured. Also, each scene 
is converted to a set of image patches using Regions with 
Convolutional Neural Network (R-CNN) features 
(Girshick et al 2014). Each patch is represented by a CNN 
feature, which is represented by a 4096 dimensional real-
value vector using the Caffe implementation (Jia 2013). A 
subtitle is converted to a sequence of words and each word 
is represented by a real-valued vector using RNN. In this 
work, we use the word2vec to encode the words (Mikolov 
et al. 2013). 

 
Figure 2: Diagram of the Video Question & Answering Process 
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(ii) The objective of the second part is to learn visual-
linguistic knowledge, i.e. concepts or stories, in the video 
and store the knowledge into a network structure. For 
learning concepts, we use a recently proposed concept 
learning algorithm, deep concept hierarchies (DCH). The 
overall structure of DCH is described in Figure 3. 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 2012). A 
flexible property of the model structure allows the model 
to incrementally learn the new conceptual knowledge in 
the video (Ha et al 2015). A node in 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. 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 con-
structed according to the appearance of the characters in hm. 
The weight of the connection between the node in c1 and 
the node in c2 is proportional to the frequency of appear-
ance of the character in hm. DCH stores the learned concept 
into a network which becomes a knowledge base. The 
knowledge base is used to generate questions for the given 
video clip in the third part and give a hypothesis micro-
codes set which is input to the fourth part. 

(iii) The third part converts scenes to questions using DCH. 
The conversion is similar to a machine translation problem. 
For this conversion, we make an additional question & 
answering dataset and convert it into scene-question pairs. 
Another DCH is used to learn the patterns between scenes 
and questions and generate questions from the images. The 
vision-question translation can be formulated as follows. 

* arg max ( | , ) arg max ( | , ) ( )
q q

q P q P Pθ θ θ= =r r q q, ,  (1) 

where θ is a DCH model and q* are the best questions gen-
erated from the model.  

(iv) The fourth component contains a candidate microcode 
extraction component and a RNN. The extraction compo-
nent receives a question Q and selects a hypothesis micro-
code set m.    

argmax ( , )m i
i

m s Q E= ,                   (2) 

Ei is the i-th microcode in the DCH and sm is a selection 
function. sm converts Q into a set of distributed semantic 
vectors with the same embedding vector space used in the 
preprocessing part and computes the cosine similarity be-
tween Q and Ei. The selected hypothesis microcode set is 
then fed into the RNN to generate answer. 

1arg max ( ,[ ... ], )a Ma s Q E E w= ,                 (3) 

where M is the total number of the selected microcodes and 
sa is an answer generation function. In this paper, this func-
tion will be similar to recent RNN techniques used in im-
age question & answering problems (Gao et al. 2015]. 

Experiment Design and Preliminary Results 

Cartoon Video and Q&A Dataset Description 
Cartoon videos are a popular material for early language 
learning for children. They have a succinct and explicit 
story, which is represented with very simple images and 
easy words. These properties allow the cartoon videos to 
be a test bed material suitable for a video question & an-
swering played by a child and a robot. For the experiment, 
we use a famous cartoon video ‘Pororo’ of 1232 minutes 
and 183 episodes. 
 Also, we make approximately 1200 question & answer 
pairs from ‘Pororo’ video by making five questions for 
every five minutes in the video. In detail, there exist two 
types of questions. One can be answered using the image 
information only (e.g. “What did Pororo and his friends do 
after eating?”, “What did Eddy ride?”) and the other type 
needs additional information like subtitles or the story to 
be answered (e.g. “Why did Pororo and his friends go into 
cave?”, “How was Loopy's cooking?”). 

Robotic Platform
For a robotic platform, the Nao Evolution V5, 58-cm tall 
humanoid robot is used. Nao is equipped with text-to-
speech / face detection software and mainly used in an ed-
ucational environment.  

Video Q&A Game Environment 
A child and a robot will play a video question & answering 
game. The game will be situated in a notebook and the 
game event can be streamed to the robot. Based on the vid-
eo contents, the robot asks questions to the child and the 
child answers as described before. Some simple sound ef-
fects or animations may be included.  

Question Generation Results 
To evaluate the reasonability of the questions generated 
from DCH, we measure a BLEU score of the questions and 
conduct human evaluations. Table 1 summarize the results 
of the evaluation. A BLEU score is typically used in ma-
chine translation problems and can range from 0 to 1 (Pap-

 
Table 1: Results of the Evaluation for Our Generated Questions 
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ineni et al. 2012). Higher scores indicate close matches to 
the reference translations. In this paper, we match the gen-
erated questions to the ground truth questions and the DCH 
achieves a BLEU score of 0.3513 with 1-gram precision on 
200 generated questions. For human evaluations, seven 
human judges rate the generated questions with scores 
from 1 to 5. The average score on 80 generated questions is 
2.534. The results show that the generated questions are 
somewhat appropriate to be raised to the child and the ro-
bot. Figure 4 shows the examples of the generated ques-
tions. A query scene image is positioned in center (4th im-
age) in an image row and images are ordered sequentially 
as are in the video. 

Discussions and Conclusions 
We proposed a deep learning-based system for a video 
question & answering game robot “Pororobot”. The system 
consists of four parts using state-of-the art machine learn-
ing methods. The first part is the preprocessing part con-
sisting of the CNNs and RNNs for feature construction. 
The knowledge on an observed video story is learned in the 
second part where DCH is used to learn visual-linguistic 
concepts in the video. The third part converts the observed 
video scenes to questions and the last part uses the RNN 
which encodes the words in the answer and generates next 
answer words. We demonstrate that the preliminary results 
of the proposed system can allow for making a socially 
interactive robot which can play with a child and thus build 
a stepping stone for achieving human-level robot intelli-
gence.  

For further research, the robot should be able to generate 
questions and give a reaction differently according to the 
child’s states like emotions. The state determined by the 
sensors of the robot may be an important factor to decide 
which questions should be generated during the child-robot 
interaction.  To this end, the system we described in this 
paper should be expanded to be a “purposive” or “inten-
tional” agent. These creative modes is prerequisite for life-

long learning environments (Zhang 2014). Also, the model 
should be end-to-end equipped with a large-scale GPU 
cluster to deal with real-time, dynamic, heterogeneous na-
ture of the real-world data in everyday life. 
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