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Abstract. To build an intelligent robot, we must develop an autonomous mental 
development system that incrementally and speedily learns from humans, its 
environments, and electronic data. This paper presents an ultra-fast, multimod-
al, and online incremental transfer learning method using the STAR-SOINN. 
We conducted two experiments to evaluate our method. The results suggest that 
recognition accuracy is higher than the system that simply adds modalities. The 
proposed method can work very quickly (approximately 1.5 [s] to learn one ob-
ject, and 30 [ms] for a single estimation). We implemented this method on an 
actual robot that could estimate attributes of “unknown” objects by transferring 
attribute information of known objects. We believe this method can become a 
base technology for future robots. 

SOINN is an unsupervised online-learning method capable of incremental 
learning. By approximating the distribution of input data and the number of 
classes, a self-organized network is formed. SOINN offers the following advan-
tages: network formation is not required to be predetermined beforehand, high 
robustness to noise, and reduced computational cost. In the near future, a 
SOINN device will accompany an individual from birth; this will allow the 
agent to share personal histories with its owner. In this occasion, a person's 
SOINN will know "everything" about its owner, lending assistance at any time 
and place throughout one's lifetime. Besides having a personal SOINN, an indi-
vidual can install this self-enhanced agent into human-made products - making 
use of learned preferences to make the system more efficient. If deemed non-
confidential, an individual's SOINN could also autonomously communicate 
another SOINN to share information. 

Keywords: SOINN (Self-organizing Incremental Neural Network), Home  
robots, Machine learning. 

1 Introduction 

To compensate for a shortage of labor in the near future, it is vital to develop an intel-
ligent robot that works for human beings in real living environments. To build such a 
robot, we require a system that can autonomously learn from real world interactions 
with humans, its environment, and electronic data. Therefore, we proposed an ultra-
fast and online incremental transfer learning method [1]. This method uses the  
STAtistical Recognition on Self-Organizing and Incremental Neural Network (STAR-
SOINN), which is an extension of the original SOINN [2]. We performed a  
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comparative experiment with previous offline [3] and online [4] methods using “An-
imals with attributes” dataset [3]. In this experiment, we attempted to estimate 
attributes of the unseen animal’s image by transferring attribute information of 
learned animals. On the basis of experimental results, our method can maintain rec-
ognition rate equivalent to the online method. Table I shows the learning and test 
times and the features of these methods. The results show that our method is an ultra-
fast transfer learning method, and can have potential practical applications. 

 

Fig. 1. Framework of our research 

The online incremental transfer learning method that we propose did not use or fo-
cus on certain modalities (e.g., sound, touch, and weight) because comprehensive 
combining of such modalities is difficult. For example, a “heavy” attribute can only 
be understood by a weight sensor. This implies the system cannot understand such an 
attribute from an image even if the system collects a huge amount of image. There-
fore, the system requires a confidence value that represents the relationship between 
an attribute and a modality. In this paper, we propose multimodal transfer learning 
using the STAR-SOINN[1]. Figure 1 shows an overview of our research. This system 
can estimate attributes of an “unknown” object by transferring a robot’s prior experi-
mental learning of other objects. This implies that the robot can understand concep-
tual categories of any object in front of the robot, and can use this knowledge to act 
accordingly. This feature is required an intelligent robot that can work in real envi-
ronments, because there is a wide variety of objects in such environments. 
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2 Proposed Method 

Figure 2 shows a system overview of the proposed method. In the learning phase, the 
robot receives real data from its environment, interactions with humans, and electron-
ic data, e.g. Internet. It then extracts features and trains each STAR-SOINN to re-
member the features for each attribute. After a short training, the system also uses the 
learning data to update the confidence value using attribute estimation. In the test 
phase, the robot receives real data from its environment, extracts features, and esti-
mates attributes using the STAR-SOINN and the confidence value. 

 

Fig. 2. Outline of our system 

Table 1. Comparison of previous research 
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Fig. 3. A multi-modal robot used in our experiment 

3 Experiment and Result 

We conducted two experiments to evaluate the proposed method. One experiment 
was to verify the effects of the confidence value, and the other was to estimate the 
“unknown” object using a humanoid robot. In these experiments, we defined 23 
attributes for each object used. 

1. Verify the effects of the confidence value 

We developed two systems; the proposed system, and a system that simply added 
modalities (i.e. it did not use the confidence value). We used these objects shown in 
Figure 3, and 3 modalities (image, sound, and depth). Table II shows the accuracy of 
these methods. The proposed method is more accurate than the method that simply 
added these modalities. 

2. Estimate “unknown” objects using the robot 

Figure 3 shows the robot, sensors, and learning objects used in this experiment. The 
robot learned these 20 objects from the 5 modalities using the proposed method. The 
system took approximately 1.5 [s] to learn one object. We then gave the robot four 
unknown objects, and checked the results of the attribute estimation for these objects. 
Figure 4 shows the result for the “mate tea cup”(=unknown object). The system  
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4 Future Work 
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