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Abstract. Research suggests AI-driven personalized support can help students learn 
from Open-Ended Learning Environments (OELEs). We are specifically  looking at 
Pedagogical Agents that provide AI-driven personalized support in a OELE designed 
to foster computational thinking skills via free-form game design in K-6 education. 
However, 
delivering such support in an effective and unobtrusive manner can be 
challenging, especially with younger students. We have thus far addressed issues 
such as how to effectively provide repeated hints, namely help when students 
repeat a suboptimal behavior (e.g., an error) after receiving a hint on how to 
recover from the first occurrence of the behavior. However, we have not done 
any speech or NLP processing yet, all our dialogues have been based on canned 
text. We are now interested in exploring how speech and NLP could help with 
devising pedagogical dialogues that foster learning and motivation in our young 
audience 
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1 Introduction 
 

There is mounting evidence that AI-driven personalized support can help stu- dents 
learn from Open-Ended Learning Environments (OELEs), namely edu- cational 
software that is specifically designed to let the students learn via ex- ploration of the 
learning material with minimal constraints [13, 15, 20, 23, 24, 28]. However, delivering 
such help in a way that is effective and well accepted by students is difficult, due to two 
main challenges. The first challenge relates to student modeling, namely, how to capture 
and recognize students’ behaviors that indicate the need for help. The second challenge 
relates to how to deliver the help effectively, without being too intrusive nor interfering with 
the exploratory nature of the interaction with the OELE [1, 26]. 

The long-term goal of our research is to study how to design effective per- sonalized 
help in the context of OELEs that support game-based activities for elementary school 
students. This context is especially challenging from the point of view of delivering help 
that is effective and not intrusive, because younger stu- dents tend to become highly 
engaged in game-based activities and thus are more prone to perceive offers of help as 
undesirable interruptions that interfere with their flow and reduce their motivation [10, 
22, 14]. For this purpose, we leverage 
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Unity-CT, an OELE designed and commercialized by a UME, a local company, to foster 
computational thinking (CT) skills in K-6 education. With this OELE, students can 
engage in free-form game-based activities, where they create and play video games 
following a curriculum designed to incremen- tally introduce various CT skills. 

The student modeling challenge of delivering personalized help in Unity-CT has 
been addressed in [17], by applying a data-driven framework for user mod- eling and 
adaptation (FUMA, [15]) to Unity-CT. This work showed that FUMA could infer from 
data a variety of nonobvious suboptimal student behaviors that call for personalized help. 
In parallel, we address the challenge of how to de- liver this personalized help effectively 
once the need for it has been established by the student model. 

 
2 Delivering Effective AI-Drive Help in Unity-CT 

 
In recent years, there has been increasing interest in fostering CT in K- 12 

education [2]. Unity-CT, which is built on the Unity game engine, was developed to 
engage elementary school students with CT by leveraging free-form game design 
activities. It consists of a curriculum of 8 lessons to introduce the CT skills as suitable 
for young audiences. These skills are di- vided into higher-level problem-solving 
practices that emerge during algorithmic and programming processes, and lower-level 
programming concepts employed for coding. The online version of the curriculum that has 
been used since November 2020 to deliver 800+ classes in North America. During each 
lesson, lasting 1 hour, an instructor demonstrates a set of game- design functionalities 
targeting the CT skills covered in that lesson, and then assigns a 30-minute challenge to 
design incremental game components that meet specific constraints. Students can freely 
explore how to build these components via an interactive scene view in which they can 
manipulate game objects. Different manipulators allow different interactions with the 
objects in the scene (e.g., move, resize and rotate).  

Results from evaluations of Unity-CT are in line with research showing that game-
based activities increase student engagement in CT classes [4, 9], however, Unity-CT 
introduces specific challenges due to students having to both operate in the complex 
Unity interface and learn the CT material. Although students can ask the instructor for 
help, not all students do it. Instructors generally try to watch for students needing help, 
but this is challenging without continuously monitoring what each student is doing on 
their computer. Thus, we are collaborating with UME  to augment Unity-CT with 
Intelligent Pedagogical Agents (IPA from now on) that can deliver personalized help  when 
a student needs it. A main challenge of this endeavor is how to make sure that children pay 
attention and follow the help, making sure that the help does not interfere with student’s 
engagement and motivation.  

For instance, we have been investigating how to effectively deliver a specific form 
of help, namely how to effectively provide repeated hints when students repeat sub-
optimal behaviors and they have already received a hint on how to recover from the first 
occurrence of the behavior. We focused on hint repetition because this is one aspect of 
supporting effective learning with OELEs where it is crucial to understand how to 
provide sufficient guidance without being too intrusive and interfering with the 
exploratory nature of OELEs [19, 6]. 

Most previous research on this issue [15, 6, 7] targeted university students and 
OELEs that do not include game-based activities, thus their find- ings may not 
generalize to younger K-6 students engaged with OELEs that are game-based. 

As a first step to investigate how to provide effective repeated hints in Unity-CT, 
we focused on two well-defined errors that students frequently make in using the Unity-
CT interface [31]. We compared the effectiveness of repeating a hint against providing 
it only once the first time one of these errors occurs. Hints here are delivered by the IPA 
via text in speech bubbles, as shown in Figure 1 and Figure 2 below. We found that, for one 
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of these error types, repeating the hints helped students make fewer errors and perform 
more correct actions, however, they did not help the students correct their errors after they 
were made, in comparison to receiving the hints only once. Also, the repeated hints 
generated higher levels of student self-reported confusion, although they received very 
positive ratings for other usability measures (liking, helpfulness, distraction and intent 
to reuse). 

We then built on these results to see if we can improve the design of these repeated 
hints to alleviate the issues of increased confusion and lack of impact on error correction. 
We did so by varying how the first hints and their repeated versions are delivered: 
namely while the first hint consists of different parts that the student can access in 
sequence (e.g. see Figure 1) in the repeated hint  

 

 
 

Fig. 1. First hint for the PlayMode error, delivered via two sequential speech bubbles. The image in the 
last bubble is an animated GIF. 
 

all the parts are summarized in one single delivery (e.g. see Figure 2), based on the 
existing evidence that varying the repeated hints was successful in other contexts [15, 
3, 6]. 

 

 
Fig. 2. Repeated hints with all text combined in one speech bubble for PlayMode 
 
We then compare this design against not varying the delivery of the repeated hints, 

that is, repeating hints with the same sequential delivery as the first hint, as done in [31].  
The evaluation of the new hints was conducted in fully ecological settings, during 
several of the in-line classes delivered with Unity-CT. Our results [32] show that the 
new design was successful in reducing student reported confusion with the hints, and 
in improving error correction for one of the two error types. The results also generated 
insights of why the  new design did not help with the correction of the second error 
type, and how to address this limitation in the future 

 
3 Future Work: Multimodal Pedagical Dialogue 

 
Our findings so far provide a promising proof of concept for the value of adaptive 

interventions to support young learners in a game-based open-ended learning setting that 
is becoming increasingly used in K-6 education to foster CT, e.g., [30, 16]. However, 
these findings only scratch the surface of what is needed to provide effective AI-driven 
support in this challenging  context. Isolating specific aspects of what makes OELE’s 
personalized support effective in different contexts is crucial. We have uncovered design 
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insights related to  a specific aspect of how to deliver repeated hints on two well defined  
performance errors. However, these hints were delivered via simple canned text presented 
through speech bubbles (see Appendix), that students interact with via mouse clicks. One 
critical next step in this research will be to investigate the added value of  extending this simple 
interaction into richer multimodal dialogue, leveraging both speech and NLP to investigate 
how to manage conversational flow and repair in the pedagogical interaction, which we 
see a  key aspect to balance the need to provide didactic help and to maintain student 
engagement and motivation;   The next step will then be to extend the pedagogical 
dialogue to cover a broader set of behaviors relevant to the Unity-CT curriculum, as 
they were uncovered by the Fuma student model [17]. 
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