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Abstract: Education is traditionally designed and practiced in classrooms, but recent research 
has shown the importance of real-world learning for autonomously searching and obtaining 
knowledge in and from the world. This paper considers the characteristics of knowledge space 
that are self-organized inside a learner through bottom-up real-world behavior, and then 
models a process in which a learner's strategies activate and drive inquiry behavior to achieve 
knowledge in and from the world. By improving our technologies for multimodal knowledge 
sensing, this research proposes analytics to code and understand the time-series of learning 
strategies occurring through learner-environment interactions. As an initial and important step 
in the research, we analyze learners' possible strategies in the world to find strategies related to 
the production of inquiry behavior. 

 
 
Introduction 
 
Real-world Learning 

 
Top-down classroom education by an educator is a traditional and effective approach (Bloom, 1976), 

but learning is not necessarily completed by only reading and memorizing a textbook in a classroom (Lave & 
Wenger, 1991). The theory of situated cognition explains that knowledge can be better acquired when a learner 
is involved in a social situation and context in which the knowledge is actually used (Lave & Wenger, 1991). 
Therefore, opportunities for real-world learning should be provided to a learner so that he/she can be involved 
in diverse situations outside the classroom, can autonomously think and behave in such real-world situations, 
and can acquire real-world knowledge through diverse learner-world interactions (Okada & Tada, 2014a, 2014b, 
2014c). 
 

 
Figure 1: Environmental learning as a typical example of real-world learning. 



 

 

In contrast to top-down classroom learning, real-world learning is a bottom-up process that is 
autonomously driven by a learner's body-based inquiry behavior through interactions in the world outside the 
classroom (Okada & Tada, 2014a, 2014b, 2014c). Environmental learning is a typical example of real-world 
learning (Fig. 1). In environmental learning, a learner observes while walking in a natural environment, and 
uses their behavior-based experiences to consider a symbiotic relationship between humans and the 
environment. Our previous studies (Okada & Tada, 2014a, 2014b, 2014c) developed various technologies using 
multimodal sensors to capture and understand the activities of real-world learning (Fig. 1). This paper extends 
our technologies to analyze the generation process of inquiry behavior in the world outside the classroom. 
 
Internal Strategy Driving Intellectual Activity 

 
In general, information processing during intellectual activities (including learning and problem 

solving) is planned and driven by the internal strategies of a learner. A strategy is considered as a method that 
people use to solve a problem or to achieve a particular goal. We consider that an activity is performed as the 
result of a learner searching, selecting, and executing a strategy. We also consider that what to do next is 
planned and prepared by self-assessing the result of the performed activity and modifying the old strategy.  
The strategy for learning is an internal background force that generates learning activities and drives the 
learning process cycle.  

Learner's strategies for problem solving have been observed and studied in various educational 
domains such as language acquisition (Döernyei, 2006; Macaro, 2002), engineering education (Felder & 
Silverman, 1988), and social learning (learning from others) (Rendell et al., 2011). Even if engaged in one 
specific learning domain, the learner can use a diverse range of strategies (Döernyei, 2006; Macaro, 2002). For 
example, we consider that the strategies of a language learner include the following: planning-level strategy 
(setting a goal and plan, self-monitoring of task achievement), cognitive-level strategy (deductive/inductive/ 
analogical inference, prediction, classification), social-level strategy (negotiation, collaboration), and 
action-level strategy (speaking, reading, writing). 

The strategies that a learner executes determine the learning effects. In fact, it was stated that learning 
outcomes can be predicted by analyzing the quantity, quality, and combinations of learning strategies that a 
learner uses (Glogger et al., 2012). However, the effectiveness of a strategy depends on the learning goal or 
structure of learning. It is important to consider the features and mechanisms for information processing in each 
learning domain, to investigate the coding schema of learner strategies, and to understand which strategies are 
effective. 
 
Real-world Inquiry Behavior 

 
Let us discuss the features of real-world learning, especially the learning resources, a learner's way to 

access and use the resources, and our previous findings. Classroom learning uses textbooks, electronic 
documents, or a computer database as learning resources. On the other hand, the resources in real-world 
learning are the world itself with its physical and complex structure, for example, an outdoor field where 
various objects exist and various phenomena spontaneously occur. That is, the learning resources of real-world 
learning are the information embedded in the world (Okada & Tada, 2014a, 2014b, 2014c). In the case of 
real-world learning, no information can be extracted from the world by just thinking inside in the world, and so 
the behavior to appropriately interact with the world is indispensable for accessing, picking up, and examining 
real-world information (Okada & Tada, 2014a, 2014b, 2014c). 

In our previous studies, we confirmed that a learner is able to obtain different knowledge from the 
world according to how actively the learner probes the world and how carefully the learner observes phenomena 
in the world (Okada & Tada, 2014a, 2014b, 2014c). Among various human behaviors, the key of real-world 
learning is a learner's intellectual behavior, specifically real-world inquiry behavior to search, discover, 
examine, and understand information embedded in the world. For example, learners frequently display a 
particular stay behavior when they are engaged in observation, knowledge exchange, and intellectual 
investigation in the world (Okada & Tada, 2014c). Moreover, a learner can acquire a higher level of knowledge 
(e.g., a scientific explanation of a real-world phenomenon) when the learner carefully distributes his/her 



 

 

attention to the world by physically moving his/her head and body to multiple observation targets in a natural 
field (Okada & Tada, 2014a). Motion patterns of a learner's body accompanying this stay behavior and the 
attention distribution behavior can be defined and estimated with sensor data for walking speed, angular 
velocity and acceleration of the head and body (Okada & Tada, 2014b, 2014c). These results showed that (1) a 
learner's body-based behavior (e.g., real-world inquiry behavior) and his/her intellectual situation (e.g., the state 
of knowledge acquisition) are co-coordinated in the world, and (2) a learner's internal situation can be estimated 
by observing his/her external situation, externalized as the learner's body-based behavior. 

 
Research Objective 

 
Real-world learning is behavior-based inquiry learning that is aimed at processing real-world 

information through a learner's bottom-up trials. The behavior of a real-world learner is to find and examine 
information in the world, and to construct an internal representation of knowledge by making a semantic 
network of the found information. We consider that a strategy inside a learner is the driving force to 
autonomously produce his/her real-world inquiry behavior and to activate the learning process. Thus, we 
consider that if an appropriate learning strategy is not executed, effective behavior cannot be produced. 

Conventional studies have investigated strategies in inquiry-based learning in a classroom setting (e.g., 
sketching learners' preliminary ideas about a given topic, writing down their individual inquiry questions, 
collecting and sharing information, summing up the results of inquiries) (Salovaara, 2005). However, inquiry 
and discovery in real-world learning are attained by being involved in the world with its complex structure. 
Little is known about a strategy to attain intellectual interaction with the complex world, a strategy to extract 
information embedded in the world, and a strategy to effectively make a semantic network of real-world 
information. For clarifying these strategies, the first problem we have to consider is that no analytics have been 
developed to objectively observe and understand the transition process of a learner's internal strategies that 
generate his/her real-world inquiry behavior and encourage his/her internal knowledge space to be 
self-organized. This paper considers the characteristics of the knowledge space that a learner internally operates 
and discusses how a learner's strategy can contribute toward obtaining his/her intellectual achievement. Then, 
this paper proposes analytics to code and to understand the strategies that generate real-world inquiry behavior 
for interacting, investigating, and understanding the world. The analytics are applied to the data from our field 
experiments, and we obtained initial results that revealed the strategies that learners selected and used in the 
world. 
 
 
Knowledge Emergence in the World 
 

A learner in top-down education (e.g., conventional classroom learning) and a learner in bottom-up 
learning (e.g., real-world learning) possess and operate different types of knowledge spaces (Fig. 2). Let us 
consider how the knowledge space of a learner is controlled, and from what dynamics knowledge is obtained. 
 
Dynamics of Knowledge Spaces 
 
Top-down approach by external control of learning 

 
Classroom learning generally deals with well-defined problem domains such as mathematics or 

physics. As is well known for programmed instruction in conventional school learning, a top-down approach 
makes an educator strictly pre-define a learning scenario (e.g., the outline of a supposed sequence of learning 
events) and “what (i.e., content) and how (i.e., strategy) a learner should learn” (Bloom, 1976). An educator in 
this approach provides a learner with not only the knowledge that a learner should obtain but also the strategies 
that the learner should use to solve a problem (Fig. 2 left). This means that the top-down approach limits the 
range of intellectual activities with a hard definition for the purpose of encouraging a learner to follow an 
educator's policy to efficiently obtain knowledge by using definite strategies within a definite range of 
knowledge space. 



 

 

 
Figure 2: Dynamics of knowledge spaces under external or internal control. 

 
The structure and range of the knowledge space of a classroom learner are determined by the 

educator's top-down external control. The state of knowledge space in top-down learning is not expected to 
have drastic fluctuations where unpredictable learning activities often occur, and the appropriate top-down 
learning state is carefully pre-designed to have closed, stable, and standardized dynamics for the efficiency of 
knowledge acquisition. 
 
Bottom-up approach by internal control of learning 

 
Real-world learning deals with an ill-defined real-world problem that can be interpreted differently 

according to different standpoints, for example, an environmental issue that results from the competing interests 
of human development and environmental protection. Bottom-up activity in such real-world learning 
encourages a learner to think and decide “what and how he/she should learn”, and to autonomously construct 
strategy and knowledge (Fig. 2 right). The range of knowledge space in bottom-up learning is not strictly 
limited by an educator's external control and is softly defined by a learner's strategy-based behavior. The range 
of knowledge space is expanded and decided by a learner's internal control of searching, selecting, executing, 
self-assessing, and modifying a learner's internal strategies. A learner's strategies autonomously decided in such 
a bottom-up process can determine possible intellectual achievements (i.e., what a learner can learn). 

Knowledge space in bottom-up learning is an open system with chaotic dynamics. From a 
mathematical viewpoint, a chaotic and complex system where diverse interactions occur displays nonlinear 
behavior, for example, the emergence of unpredicted functional properties that have not been previously 
observed in the system. Similarly, diverse intellectual activities can autonomously occur in bottom-up learning, 
which generates the “fluctuation” of a learner's internal knowledge space. New knowledge can be achieved 
when different viewpoints or different ideas are encountered. Therefore, we consider that the unpredictable 
achievement of knowledge can be accomplished more frequently from knowledge space with diversity rather 
than from knowledge space without diversity. Instead of top-down and external control of a learner's knowledge 
space, a learner's internal control of knowledge space in bottom-up learning can be activated and promoted 
without explicit intervention from outside the space. 

As discussed above, bottom-up learning should be a self-organizing system, where emergent and 
unpredictable phenomena occur. We emphasize that the essence of bottom-up learning is making a “planned” 



 

 

 
Figure 3: A mechanism of strategy-based drive of intellectual activities open to the world. 

 
fluctuation in the dynamics of the learner's internal knowledge space by encouraging the learner to 
autonomously but appropriately select and execute strategies. 
 
Drive Mechanism of Real-world Learning 

 
The knowledge space of a real-world learner is not closed inside the learner's brain and is open to the 

world. Therefore, intellectual achievements (i.e., learning effects) obtained from such a knowledge space are 
mainly dependent on the real-world inquiry behavior to find, obtain, and examine information in the world 
(Okada & Tada, 2014a, 2014b, 2014c). For example, even if a learner is located in an interesting place where 
strange and unidentifiable objects exist, the learner cannot obtain information about the nature of the objects 
without engaging in the appropriate behavior (e.g., multidirectional observation by paying attention to several 
observation targets, visual inspection of evidence to build and verify a hypothesis). Key and basic “information” 
for achieving knowledge exists in the world and is potentially accessible to learners. The role of a learner's 
behavior is to actively interact with the world, to selectively pick up real-world information, to put the 
information into his/her knowledge space, and to carefully examine the information (Okada & Tada, 2014c). 

We consider that self-regulation and execution of a learner's strategy is a background force in 
generating intellectual behavior in the world, but no method had been proposed to investigate the mechanism in 
which a learner's internal strategies drive the system of information processing and behavior generation in the 
world. This research proposes a process model of real-world learning (Fig. 3). In this model, a double loops 
consist of the cycle of real-world inquiry driven by behavior (Ext.1, Ext.2) and the cycle of internal control 
driven by sensing information and strategy (Int.1, Int.2, Int.3). 



 

 

Behavior in the world is the key to obtaining intellectual achievements, and such behavior is generated 
and driven by the learner's strategies. For example, a learner uses his/her body as an interface not only to actuate 
the world (Ext.1) but also to sense information from the world (Ext.2). Real-world information obtained from 
body-based interaction with the world is used in the learner's information processing (e.g., interpretation or 
understanding of information) (Int.1). Through this information processing, an internal strategy is generated 
(Int.2), and this strategy generates and drives new body-based behavior to make inquiries in the world (Int.3). 
Again, the functions of this real-world behavior newly generated from the learner's strategy are to actuate and 
sense the world (Ext.1, Ext.2), and to expand and determine his/her internal knowledge space (Int.1). 

A learner's internal situation (i.e., state of knowledge and strategy) and his/her external situation (i.e., 
behavior-based interaction) are constructed in the world. It is expected that the new structure of the knowledge 
space can be self-organized and can emerge through the cyclic process of internal control that a learner's 
strategy triggers and drives learner-environment interactions. 
 
Unknown Strategies for Real-world Learning 

 
The approach of bottom-up learning does not strictly pre-determine the knowledge that a learner 

should acquire or the knowledge state that a learner should reach. Bottom-up learning encourages a learner to 
autonomously select strategies, to execute the strategies through his/her behaviors, and to self-determine the 
range of knowledge space. If a learner autonomously creates the dynamics of knowledge space that is chaotic 
but has creative fluctuation, the possibility of change for a new order of knowledge space and the possibility of 
emergence of new knowledge increases (Section “Bottom-up approach by internal control of learning”). 

An important key of bottom-up learning in the world is the strategy that a learner selects and executes 
during learner-environment interaction with his/her body, but little is known about the following: 
1. What internal strategy can promote interaction to effectively find and examine information embedded in 

the world? 
2. What strategy-based behavior can effectively activate bottom-up internal control of a learner and can 

appropriately determine the range of knowledge space that is open to the real world? 
3. What strategy-based behavior can create the dynamics of knowledge space with creative fluctuation that 

promotes self-organizational emergence of a new knowledge structure? 
 
These research questions should be investigated by observing and examining the actual situation of a learner's 
strategy-based interaction with the world. Therefore, these questions go beyond the interests of conventional 
classroom learning that studies the strategies of internal information processing (e.g., strategy of inference, 
information interpretation, discussion). A difficulty is that a strategy is internal information of a learner, and a 
researcher cannot directly observe the state of the strategy at each time point (i.e., static state) and the transition 
process of strategies (i.e., dynamic state) from the outside. Now, let us consider key information that is 
observable from the outside for grasping the static and dynamic states of internal strategies of a learner. Our 
previous studies considered that the final output of the brain is behavior, and confirmed that the process and 
result of information processing inside a learner is externalized and observable as behavior-based 
learner-environment interaction to some extent (Okada & Tada, 2014a, 2014b, 2014c). By focusing on 
behavior-based learner-environment interactions, this paper develops a methodology to observe, code, and 
examine strategies executed in the world, and to analyze and understand the relation between intellectual 
activities in the world and strategies underlying the activities. 
 
Analytics of Strategy-based Real-world Learning 

 
Our previous technologies multimodally observed, measured, and understood a learner's diverse 

intellectual interactions with the world (Okada & Tada, 2014a, 2014b, 2014c). A learner's equipment including 
wearable sensors and data storage is shown in Fig. 1. For example, to examine a learner's external situation, we 
developed multimodal behavior observation technologies that capture time-series information of a learner's 
behavior (e.g., utterance, vision, walking, head and body movement) by wearable sensors (e.g., local 
positioning system, 3-axis accelerometer, 3-axis gyroscope, eye camera, microphone) and video cameras held 



 

 

by experimenters. The data of a learner's body motion (e.g., head and body motion, walking) are used to 
identify specific types of stay behavior and attention distribution behavior that occur when a learner is engaged 
in observation and discussion. Each learner's eye camera (first-person view) and each experimenter's handheld 
camera (third-person view) are used as multiview video data to identify the learners' learning activity, their 
observation targets, and their surrounding information at each time point. However, these technologies of 
sensor-based external observation did not include observing, recording, and analyzing learner strategy that 
works as an internal force to generate real-world inquiry behavior. 

The learner strategy inside a learner's brain is not directly observable from the outside of the learner. 
Therefore, we should consider how we can estimate the semantics of learner behavior. Let us recall our 
discussion in Section “Real-world Inquiry Behavior”. A learner's body-based behavior (e.g., real-world inquiry 
behavior) and his/her intellectual situation (e.g., state of knowledge acquisition) are co-coordinated in the world, 
and a learner's internal situation can be estimated by observing his/her external situation as body-based behavior. 
For example, it was reported that verbal data externalized by a person is reliable to read his/her internal 
thoughts from the outside (Ericsson & Simon, 1980, 1984). Moreover, after finishing real-world learning, 
network-style knowledge representation with our activity map is useful because the learner can externalize 
his/her internal process during real-world inquiry behavior and knowledge acquisition in the world (Okada & 
Tada, 2014c). The role and category of each activity of a learner can be clarified by him/herself when the 
learner draws the activity map and adds information on one of the following attributes to each activity: (1) 
example of a concept, (2) general knowledge (a learner's background knowledge that is socially or generally 
known), (3) question, (4) hypothesis to explain the relation between concepts, (5) observation of a phenomenon 
in the world carefully watched for a period of time, (6) verification of behavior to examine and verify the 
hypothesis, and (7) discovery (new knowledge obtained through observation, discussion, and hypothesis 
verification) (Okada & Tada, 2014c). 

We propose a method to capture and analyze the data from a learner's conversation, behavior, and 
knowledge, and to understand a process in which a learner drives and self-regulates his/her internal situation 
(Fig. 4). The data for the conversation and behavior are captured at an on-site setting with multimodal sensors, 
and the internal process data of knowledge acquisition are captured with our activity map at an off-site setting 
after finishing the real-world learning. Our previous studies (Okada & Tada, 2014a, 2014b, 2014c) did not 
consider using an activity map for eliciting a learner's internal strategies, but our current research considers that 
reading the semantics of real-world activities post-visualized in network style can provide clues to 
understanding the internal process during information processing, for example, a learner's internal strategies 
while building, examining, and verifying a hypothesis in the world. 

By complementarily watching the external and internal observation data as multimodal reference data 
(e.g., audio data from conversations, video data of behavior, and knowledge process data of an activity map), 
we understand a learner's thought, intention, and goal for intellectual activities in the world, and identify the 
learner's internal strategy that prompted a specific learner-environment interaction at each time point (Fig. 4). 
We select an appropriate annotation code from the code list and provide the multimodal data at each time point 
with the annotation code of the strategy used (Fig. 4). This is a manual annotation technique for coding, 
reconstructing, and analyzing the time-series transition of learning strategies occurring through 
learner-environment interactions. 

For the purpose of designing the coding scheme for the annotating of a behavior strategy, we 
investigated the data for learning activities in our past experiments. Our annotation codes were defined 
multidirectionally and at several levels to include both individual-level strategy and group-level strategy, to 
include general intellectual strategies (e.g., way of thinking, collaboration, discussion), and to include 
domain-specific strategies (e.g., way of searching real-world information, way of using real-world information, 
way of interpreting real-world information). The domain-specific strategies are indispensable for real-world 
learning and are designed to be identified from the outside as the learner's behavior.  

The time-series transition data of the occurrence and non-occurrence of each learning strategy are 
constructed and used to enrich the time-series process data of other learning activities. The advantages gained 
from this research are (1) developing a multimodal observation technique of strategy-based behavior in the 
world, and (2) designing and implementing codes to bridge a learner's external situations (i.e., behavior) and  

 



 

 

 
Figure 4: Annotation of learning strategy at each time point. 

 
his/her internal and hidden situations (i.e., strategy). These advantages make it possible to extract a learner's 
strategy that makes bottom-up and internal control of his/her knowledge space, and to trace the state of the 
strategy-based drive of intellectual activities open to the world. Intellectual processes are generated through 
recurring internal cycles of acquiring knowledge and generating a strategy, and our extended analytics can be 
used for analyzing cause and effect among the tripartite relation of behavior, strategy, and knowledge. For 
example, our analytics can analyze a conventionally unknown fact such as “what strategy promotes the 
generation of a particular type of inquiry behavior that effectively obtains intellectual achievements in the 
world.” 
 
 
Trial Analysis 
 

As discussed in this paper, it is not known how a learner's strategies generate the activities of 
real-world learning. As an initial and basic research step to model the strategy-based processing of real-world 
information, we conducted a trial and qualitative analysis of the process data of real-world learning to extract 
and understand possible learning strategies that occur through a learner's intellectual interactions with the world. 
By complementarily referring to a learner's activity map, we watched and observed video-based and 
audio-based evidence of real-world learning. We focused on the transition of the learning strategy at each time 
point, and then we conducted an initial investigation of these learning strategies. The data were obtained at 
Kamigamo Experimental Forest, Kyoto University, Japan. Moreover, participation observations in on-site and 
real-time settings (Dewalt & Dewalt, 2011) were made several times by us in our experimental forest to 
carefully watch learners who behaved in situation changes in the experimental field.  

Through the analysis, we found occurrences of knowledge-level strategies and behavior-level 
strategies during real-world learning. Knowledge-level strategies include a way of problem solving based on 
the deductive method, the inductive method, and an inference method. These knowledge-level strategies can 
also be found in classroom learning, because the process of examining, transforming, and using information 
inside a learner is a common process of learning. On the other hand, behavior-level strategies are characteristics 
of real-world learning, specifically, the strategies trigger the generation of behavior to interact with the world, to 
search, find, and examine real-world information, and to discover and understand the nature of real-world 
phenomena. The following are examples of behavior-level strategies of a learner in real-world learning:  
1. Basic method of learning in the world 

A) Thinking by using the result of a learner's own behavior. 
B) Behaving by using the result of a learner's own thinking. 

2. Method of observation for understanding 
A) Making observation behavior to accumulate empirical evidence to concretely understand real-world 

phenomena. 



 

 

B) Making observation behavior to construct a model to abstractly understand real-world phenomena. 
3. Method for finding a solution from behavior 

A) Finding a method to solve a problem (i.e., find a solution) by self-monitoring the result of a learner's 
own behavior. 

B) Finding a method to solve a problem by monitoring the result of other learners' behavior. 
4. Method for grounding discussion 

A) Making a discussion based on observational evidence (i.e., data obtained by a learner's observation 
behavior in the world). 

B) Making a discussion based on a conceptual model (i.e., a model constructed by the thought 
experiment inside a learner) 

5. Method of behavior for information supplementation 
A) Making search behavior to find observational evidence that can enhance a learner's observational 

evidence. 
B) Making search behavior to find observational evidence that can support a learner's conceptual model. 

6. Method of consuming or increasing a solution 
A) Trying to solve a problem by using existing methods that a learner already has. 
B) Generating new behavior to increase possible methods that a learner can use. 

7. Method of processing observation results 
A) Obtaining concrete knowledge by separately examining each of the observation results. 
B) Obtaining abstract knowledge by integrating and summarizing the observation results. 

 
We found that the success and failure of behavior based on a certain strategy triggered the occurrence of the 
next learning behavior or the change of the strategy, and therefore it is considered that strategies and behavior 
are chained. A simple example is that when a learner, who was searching for particular information for his/her 
discussion or consideration noticed that the necessary information did not exist around his/her location, he/she 
moved to another place to search information and to make further investigation. 

Our previous studies showed that learning effects obtained by a learner in the world are determined by 
his/her real-world behavior (Okada & Tada, 2014a, 2014b, 2014c), and this paper discussed that this real-world 
behavior is determined by his/her internal strategies. Our trial analysis found that a learner's strategies are 
variously related to the generation of real-world inquiry behavior. It is considered that a learner changes 
different strategies according to the state of his/her consideration, understanding, or discussions. The function of 
a learner's body can possibly indicate a wide range of behavior, but we consider that his/her behavior-level 
strategy determines the range of behavior that can possibly occur. This means that a strategy functions as an 
internal constraint of behavior generation, i.e., a restrainer of some behavior and a promotor of another behavior. 
This consideration can be used as our basic hypothesis to extend future investigations. 

Real-world learning is behavior-based information processing in the world, and our future work should 
include how knowledge-level strategies and behavior-level strategies are related and co-constructed. We expect 
that each of the behavior-level or knowledge-level strategies contributes in different ways to the emergence of 
knowledge, and our future work should also investigate the relation between internal strategies (i.e., cause) and 
learning achievement (i.e., effect), and should examine “what learning strategy should be executed in the world 
for achieving higher intellectual achievements?” These future works form a base to develop a learning support 
technology that encourages a learner to effectively improve his/her way to learn in the world. 
 
 
Conclusions 
 

Knowledge can be better acquired when a learner is involved in the social situation and context in 
which the knowledge is actually used. Therefore, a learner should autonomously think and behave in diverse 
real-world situations, and should acquire real-world knowledge through diverse learner-world interactions. 
However, conventional studies on learning science and educational engineering have shown neither the 
dynamics of knowledge space self-organized through real-world bottom-up activities, nor the drive mechanism 
for the process by which a learner finds and understands the semantics of real-world information. Our research 



 

 

modeled the self-organizing dynamics of a learner's knowledge space that is open to the real world. Then, this 
research modeled the process by which a learner's strategy activates and drives inquiry behavior to find and 
examine information embedded in the world, from a bidirectional viewpoint not only at the external level of 
behavior but also at the internal level of self-regulation of strategies of a learner. Then, we developed new 
learning analytics to observe and examine internal and external situations of a learner by using the latest 
engineering technologies, such as ubiquitous sensing, knowledge representation, and multimodal behavior 
analysis. As the results of our trial analysis, we found learner strategies that were variously related to the 
generation of real-world inquiry behavior, such as ways of observation for concretely or abstractly 
understanding the world, ways of grounding discussion by using observational evidence or a conceptual model. 
A learner can possibly perform a wide range of behavior using his/her body, but we consider that a learner's 
strategy functions as an internal constraint of behavior generation, i.e., a restrainer of some behavior and a 
promotor of another behavior. 

Artificial intelligence (AI) reconstructs a society that surrounds and changes the role of people. In fact, 
information processing and judgement by people are recently becoming automated and replaced by sensors and 
computers embedded in our social lives. However, people should not be slaves of artificial intelligence that just 
consumes given information, and people should dynamically generate new knowledge and intelligence based on 
their own will and strategies. Our research is based on the viewpoint of behavior informatics, and it examines 
the challenge to understand and enhance the process of generating and driving “human intelligence emerging 
through behavior-based information processing in the world.” This research is a basis to develop an AI-based 
learning support system that considers the internal strategies of people, enhances their intellectual activities, and 
creates the dynamics of generating new knowledge. 
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