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Keynote:

A co-evolving socio-technical system: Learners, 
Teachers and AI Technologies

Prof. Dr. Inge Molenaar

In preparation for the 2025 International Conference on Educational 
Policy, 22nd of November 2025. This paper was submitted on the 19th 
of October 2025.

First, I would like to thank you for the honor of speaking at this 
important conference and for the invitation to discuss the application 
of AI in K-12 education and teacher education. The theme of this 
conference, “Revolutionizing K-12 Education in the Age of AI: 
Curriculum, Teaching and Assessment,” aligns closely with my work 
as the scientific director of the National Education Lab AI of the 
Netherlands, and I look forward to sharing my thoughts with you. 

Moreover, I would like to compliment you on the impressive 
strategy and vision regarding AI in education, as reflected in the Digital 
Learning Enhancement Plan for Grade 1-12 (2022-2025) and the 
Taiwan Adaptive learning Platform (TALP) (Kuo, Chang & Lee, 2023). 
The work is impressive, combining a vision of education's future, an 
innovative approach to pedagogical and instructional practices, and 
state-of-the-art technological infrastructure. Many countries around the 
world struggle to bring these elements together, and Taiwan features as 
an example of innovation in this space. 
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In this talk, I will address the current application of AI in education, 
foregrounding recent developments to inform new future developments. 
The current global discussion around AI and education can be viewed 
from two perspectives: societal and educational.

The societal perspective asks for a response to the rise of AI as 
a systems technology in our societies (WRR, 2021; OECD, 2025). 
This puts new demands on the development of your learners’ skills 
and competencies to live and learn in an AI era. A central question 
resonating around the world is “Which abilities do young learners need 
in an AI era?” (OECD 2025; Schwartz & Molenaar 2023). Several 
international guidelines discuss the need for core foundational domain 
knowledge and skills such as reading, writing, and mathematics, generic 
skills and competences such as creativity, problem solving, AI literacy, 
collaboration, and self-regulated learning skills. All these skills are 
considered critical for students to learn, live in, and develop their talents 
in an AI-based society (CELLA, 2021). 

Historical evidence shows that system technologies put pressure 
on societies at large and specifically on educational systems. In the 
past, governments have responded by extending and innovating formal 
education (Goldin & Katz, 2018). Again today, the question is how we 
can adequately respond to these challenges. In this keynote address, I 
would like to emphasize the need for learners to develop foundational 
domain knowledge combined with the ability to regulate their own 
learning, also when they learn using AI technologies. These skills will 
enable young learners to adapt flexibly to a changing society.

This response to the societal implications of AI as a system 
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technology is closely connected to the educational perspective. AI-
driven technologies offer ample opportunities to improve educational 
practices through personalized education, enhanced feedback to 
learners, optimized practice trajectories, and align the curriculum with 
individual and class needs (Lin et al, 2024; Kou et al. 2025; Holmes 
& Tuomi, 2022; Molenaar, 2022). At the same time, it has been 
challenging to align our scientific knowledge of learning with the design 
of AI technologies, to professionalize teachers effectively, and to induce 
system-wide, innovative, transformative educational practices in schools 
around the world. This calls for mindful consideration of the role of 
AI technologies to support students’ learning and teachers’ teaching. 
Human-AI collaboration should be viewed as a complex socio-technical 
system that needs a deliberate design, development, and implementation 
process to reach its full potential.

Different responses to these societal and educational challenges 
have been formulated around the world in various AI & educational labs 
and programs (Molenaar & Sleegers, 2023). Today, I am excited to bring 
forward the connection between the Taiwanese and Dutch approaches 
and outline how they address the challenges of equipping young learners 
with the skills needed for an AI era. 

In the Netherlands, we are addressing these challenges within the 
National Education Lab AI, which is dedicated to developing innovate 
practices of AI together with primary and secondary schools, scientists, 
and entrepreneurs in our co-creation and co-implementation program. In 
this way, teachers and educational professionals are actively involved in 
the design, development, and implementation of novel AI innovations. 
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The seamless connection between the teachers’ pedagogical-
instructional practices in the classroom and the design and functioning 
of AI technology is the central focus of this approach. In this way, we 
aim to develop novel educational practices that, in fact, transform our 
educational system to be ready for an AI era1. 

In this talk, I will discuss key elements of our response to the 
societal and educational challenges posed by AI as a system technology 
on our education systems. I will draw on examples for your projects 
in NOLAI and hope to connect this with Taiwanese examples to 
foreground future collaboration. 

My talk is divided into two main parts; first, I will focus on 
how adaptive learning systems can support learners’ development of 
domain knowledge. I will elaborate on the important role of teachers in 
orchestrating the use of these adaptive technologies in their classrooms. 
Especially, aligning the AI functionalities with their pedagogical and 
instruction practices is critical.  Second, I will focus on the importance 
and development of self-regulated learning skills with AI technologies 
and emphasize the combined role of teachers and technology.  In this 
section, the transition from adaptive learning to adaptive learners that 
drive their own learning processes is highlighted. Lastly, I will elaborate 
on the importance of further understanding how AI can complement and 
augment humans in education. 

Learning and AI: from adaptive learning to adaptive learners
As outlined in the societal challenge, optimizing young learners’ 

1. www.nolai.nl
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knowledge and skills is multifaceted in an AI era. Both domain-specific 
knowledge, such as mathematics, reading, and writing, and general 
skills, such as self-regulated learning skills, are crucial for learners to 
develop. Although domains and generic skills reinforce each other, they 
also require distinct pedagogical and instructional approaches to develop 
them. This also translates into different designs of AI technologies.  

Domain knowledge development and adaptive learning 
In the last decade, there has been increasing evidence that domain-

specific skills can be developed with adaptive learning technologies 
(ALTs) and intelligent tutoring systems (ITS) (Baker, 2016; Kulik & 
Fletcher, 2016). These systems adjust to learners’ individual needs to 
optimize domain learning. This personalization can be directed at step, 
task, and curriculum adaptivity. ITS systems have traditionally combined 
curriculum-level adaptivity to help students reach mastery by selecting 
appropriate learning goals, along with step adaptivity to remediate 
misconceptions. Although this approach has proven effective for mostly 
structured domains with clear answers, such as mathematics, developing 
these systems is labor-intensive and costly. Moreover, the teacher's role 
in ITS has only recently received more attention in research. Findings 
show that an active teacher role improves the effectiveness of ITS, and a 
new research direction is under development (Aleven et al. 2023). 

This aligns with developments in Adaptive Learning Technologies 
in the Netherlands, which have been designed with a clear division of 
tasks between the ALT and the teachers. Based on the direct instruction 
model (Gersten, Keating & Becker, 1988), teachers enact the direct 
instruction cycle together with the AI technology (Cijvat et al. 2022; 
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Molenaar, 2024; Kessel et al. 2025). Teachers led class-level actions, 
introducing the lesson objectives and learning goal, activating learners' 
prior knowledge, delivering instruction, and orchestrating whole-
class practice. Learners’ individual practice activities are guided by the 
ALT, who selects appropriate problems and provides direct feedback. 
This task adaptivity selects problems based on an estimate of student 
knowledge and an appropriate probability of success. Task adaptivity 
in the ALTs ensures that students practice within their zone of proximal 
development. At the same time, the teacher is informed of class progress 
by the teacher dashboard and provides targeted instruction and feedback 
to those learners who require additional support.  

The important role of teachers in adaptive learning
Over 10 years of research on ALT use in classrooms provides 

ample insights into how these technologies positively affect student 
learning (Mooij et al. submitted), but also affect teacher practices. 
Research indicates that ALTs support teachers, change their practices, 
and can induce professionalization of teachers (Knoop-van Campen et 
al. 2021; Molenaar et al. 2020; Molenaar et al 2022; Mooij et al. 2025). 
Teacher dashboards provide teachers with information about students' 
current and predicted progress and knowledge development. This is 
used during lessons and in lesson preparation (Molenaar et al. 2018; 
Kessel et al. 2025). Even though there is much variation in how teachers 
use ALTs (van Leeuwen et al. 2022), research has shown that teachers' 
pedagogical and instructional practices change over time when using 
ALTs. The lesson structure changed, and next to instruction lessons 
more repetition lessons receive more attention to ensure students reach 
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mastery on learning goals. Teachers' feedback strategies also changed; 
they provided more tailored and varied feedback and delivered it to 
different learners (Molenaar & Knoop-van Campen, 2018; Knoop-van 
Campen & Molenaar, 2020; Knoop-van Campen, Wise & Molenaar, 
2021). The dashboard enhanced teachers’ knowledge and insights 
about learners’ progress, enabling them to provide more appropriate 
feedback. Finally, the introduction of the ALTs also stimulates teachers’ 
professional development toward adaptive and differentiated teaching 
practices (Cijvat et al. 2025). 

In this decade of research, the importance of understanding the 
socio-technical system between the teacher, learner, and AI technology 
has been highlighted (Cukurova et al. 2025; 2018). Hence, attention 
should be focused on the effectiveness of the combined teacher-AI 
system and on how different components interact (Ley et al. 2025). 
Although there is evidence that teacher-AI combinations are more 
effective than AI technologies alone (Aleven et al. 2023), our research 
shows that teacher practices and AI technology mutually influence one 
another, leading to new practices (Molenaar, 2024). It is still unclear 
how best to design for effective teacher-AI collaboration, and how to 
design, develop, and implement it is still scarce.

New directions in research and development of adaptive 
learning

There are some interesting new developments at the domain level. 
Acknowledging that different approaches to adaptivity exist, adaptive 
learning systems in the Netherlands are now moving towards including 
more advanced forms of step, task, and curriculum adaptivity.
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With respect to step adaptivity, different co-creation projects 
in NOLAI address the measurement and response to students’ 
misconceptions during learning. Task adaptivity in the ALTs needs 
to find the right balance between challenging students and providing 
success experiences to ensure deliberate practice. This balance interacts 
with knowledge development, and learners’ emotional motivation 
and metacognitive regulation, and needs future research (Knoop-van 
Campen et al. submitted; Ring et al. submitted; Kooi et al. submitted). 
Finally, more advanced forms of curriculum adaptivity are included in 
adaptive learning systems in the Netherlands. Based on historical data 
from these ALTs, combined with predictive analytics at the class and 
learner levels, advice is given to teachers on the number of instruction 
and repetition lessons needed for a particular class (Vermeire et al. 
2025). In this way, the system helps the teacher to optimize class and 
individual learner needs in planning the curriculum. 

This new form of adaptivity is expected to affect the task 
division between the teacher and AI technology, and therefore, we are 
implementing this in our new co-implementation program. This program 
is executed in close collaboration among teachers in a large school 
board, scientists at NOLAI, and technology developers at Snappet2. The 
program is divided into a co-design phase (3 years; 9 cycles), in which 
teacher–AI collaboration is investigated. The goal is to understand how 
teachers’ pedagogical and instructional practices change when using this 
AI technology in classroom practices. We investigate what this means 
for the task division between the teacher and AI, and how teachers use 

2. www.snappet.org, the mostly used adaptive learning technology in the Netherlands 
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this technology in their classrooms. 

The functioning of the AI model and the interface between 
the teacher and the AI are analyzed in short 6-week cycles with an 
increasing number of teachers. Expert teachers play a critical role 
in training and supporting novel teachers. Teachers are testing new 
functionalities and refinements of the AI model in their day-to-day 
practices. Researchers investigate the changes in teacher pedagogical 
and instructional practices, as well as how this affects student learning. 
Technology designers monitor the technology and reiterate on their 
development roadmap based on the feedback.  Each cycle is centralized 
around refinement sessions, in which these different stakeholders discuss 
progress and refinements needed for the AI technology, the teacher’s 
pedagogical and instructional practices, and professional development. 

In these cycles of improvement, the AI technology matures, and 
we redesign for meaningful teacher-AI task division and interactions 
that transform educational practices. For example, in the second cycle, 
teachers indicated that they needed a better understand of why the AI 
technology suggests different activities for different learners. Increased 
understanding of the algorithm's functioning supported teacher trust and 
changed classroom use. Hence in this program, we aim to unravel the 
complex interactions between teacher characteristics, such as knowledge 
and trust in technology, and how they use ALT and AI technologies to 
support student learning.  

To conclude, over the last decades, innovative practices have 
been developed and successfully implemented in schools to build these 
domain-specific skills and knowledge. Different AI technologies have 
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adopted different approaches to adaptivity. Although most systems 
are focused on one type of adaptivity, increasingly, combinations of 
different levels of adaptivity are made. Interactions of different levels of 
adaptivity within one adaptive technology remain challenging (Molenaar, 
2023). NOLAI’s co-creation and co-implementation programs work on 
the improvement of different types of adaptivity and the combination 
thereof. 

Also, the impact on teaching practices is central in these programs, 
increasing teacher autonomy through co-design and co-orchestration. 
We refocus viewing AI in educational as the socio-technical system as 
opposed to an AI technology that is developed, implemented and judged 
on its effectiveness in isolation. 

I am pleased to see parallels with the approach here in Taiwan, 
and I belief there is ample room to learn from each other's approaches 
to develop learners’ domain knowledge further with the support of 
advancement in adaptive learning with AI technologies. Now I would 
like to switch to generic skills and specifically discuss the development 
of Self-Regulated Learning skills.

Generic skills: developing self-regulated learning skills 
towards adaptive learners

Next to the above-described approaches to developing domain-
specific knowledge is the importance of developing generic skills. 
Problem-solving, creativity, and AI literacy are all important, but in this 
talk, I will focus on students’ self-regulated learning skills. These skills 
need special attention to develop and benefit from tailored instruction 
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and support (Azevedo & Gasevic, 2019; Jarvela et al. 2024). We 
know these skills often receive little structured attention in primary 
and secondary schools, and scholars have emphasized the need for 
comprehensive instructional approaches to develop students’ SRL 
skills (Dignath et al., 2023). Important elements of SRL instruction are 
a combination of explicit direct instruction in which teachers model 
cognitive and metacognitive strategy use, and a learning environment 
that stimulates students to control and monitor their own learning 
(Dignath et al. 2024) 

AI technologies can play an important role in creating such a 
stimulating environment and can, as such, reinforce teachers' and 
students' development of SRL skills, which is also clearly evidence from 
your national program (Kou et al. 2025).

At the same time, current adaptive learning approaches may 
harm students’ ability to become adaptive learners (Molenaar, 2022). 
As learning environments increasingly adapt to students’ individual 
needs, this reduces learners' opportunities to control and monitor their 
learning. In these situations, metacognitive activities, such as planning 
and monitoring, are taken over by the technology. Learners no longer 
need to engage in metacognitive activities, and the technology offloads 
regulation, reducing opportunities for learners to develop SRL skills 
(Molenaar et al. 2022). 

Therefore, I emphasis the need for careful consideration to develop 
learning environments that provide learners with challenges at the 
regulatory level to practice these skills. In fact, AI technologies can help 
students develop SRL skills when designed with these requirements in 
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mind. This is exemplified by your TALP learning environment, which 
provides learners with tools to practice self-regulation in technology 
(Kou et al. 2025). In line with the expectation that SRL is important 
for both future learning and improved domain learning (Azevedo & 
Gasevic, 2019; Molenaar, Mooij et al. 2025), your larger-scale study 
provides unique proof for this dual pathway by which SRL support in 
technology can enhance learners’ mathematical learning (Kou et al. 
2025).

Novel measurements and support of SRL with the FLORA 
engine

Indeed, there are powerful opportunities to improve measurement, 
support, and development of SRL skills with AI. With respect to 
measurement, a significant advantage is the ability track learners' 
learning processes in detail (Fan et al. 2022). Multiple datastreams that 
can be collected, such as logfiles, mouse and keyboard clicks, which 
allow us to capture SRL activities in detail. These real-time data can be 
integrated and diagnosed using AI technologies, allowing new insights 
into learners’ self-regulated learning activities. While learners completed 
the essay task in a lab setting, we gathered multimodal data, including 
log data, keystrokes, mouse clicks, and eye movements, to map their 
self-regulated learning process (Fan et al., 2023). Simultaneously, 
learners were asked to think aloud, a widely recognised method for 
measuring self-regulated learning activities (Bannert et al., 2009; 
Molenaar et al., 2011).

Especially the combination of multiple data into patterns that 
indicate different SRL activities has proven to be a fruitful approach. 
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These patterns were validated through think-aloud studies in multiple 
studies in higher education (van der Graaf, 2023) and secondary 
education (Lamsa et al. 2025) and formed the basis for new support 
tools. Inspired on the COPES model of Winne and Hadwin (1998), 
which outlines the self-regulated learning process in four phases, 
different personalized scaffolds were designed (van der Graaf et al. 
2023; Lyn et al. 2025). Within the context of writing education, we 
found that learners benefit significantly from orientation at the start of 
a task and monitoring while reading and writing (van der Graaf et al. 
2023). Hence, during learning, learners receive ‘scaffolds’, structured 
guidance to perform specific self-regulated learning activities (Molenaar 
et al. 2012; van der Graaf et al. 2023). At the ‘right’ moment, learners 
received prompts to regulate, for example, when a learner spends the 
first 10 minutes without reading the task instructions, an orientation 
scaffold was sent. In this way, measurement SRL with the Flora engine 
enables personalized scaffolding —targeted, context-specific, and user-
informed support which increased the number of monitoring activities 
learners executed during learning (Lim et al. 2023). 

Learner and teacher-facing SRL dashboards
Additionally, this measurement can serve as a basis for learner-

facing dashboards, allowing learners to reflect on self-regulated learning 
(van der West et al. submitted).  Self-regulated learning is a complex 
skill, and learners must combine SRL knowledge (know what a plan 
is) with SLR skills (the ability to make a plan) and have the conditional 
knowledge of when to use this skill during learning (when do I plan to 
write a good essay).  Learners can face availability deficiency —they 
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may not have the needed knowledge or skills —or production deficiency 
—they may not engage in the right regulatory activities during learning. 
Especially, production deficiencies have been challenging to resolve, 
and learner-facing dashboards can serve as a mirror, helping learners 
become aware of their own regulation, compare learning activities with 
peers, and reflect (Molenaar et al. 2018). 

In fact, we have used the FLORA data for all these instances. A 
learner-facing dashboard that provides a detailed overview of learners’ 
cognitive and metacognitive activities during writing. In debrief lessons, 
learners answered reflection questions about their own learning and 
determined which SRL profile they were most similar to (van der West 
et al. submitted). Discussed with peers who had different profiles and set 
goals for their next writing session based on these reflections. During 
this second writing session, the AI technology would provide them with 
concurrent feedback on their goals. In this way, students’ monitoring and 
control were supported by the AI technology.  

As with adaptive learning technologies, instruction, modeling, 
scaffolding support, and reflection are ideally combined. Together 
with teachers, we designed a lesson sequence that integrates writing 
education with SRL instruction. Teachers are enthusiastic about this 
approach and indicated a wish for a teacher dashboard to inform their 
SRL instruction and provide insights into students’ SRL use during 
learning.  This teacher dashboard will provide self-regulated learning 
analytics about their learners during learning support more advanced 
teacher practices. 

Hence, learner and teacher-facing dashboards with advanced 
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insights into SLR processes can be instrumental in SRL skill instruction 
and support. Future applications would also be a generative AI that 
allows learners to respond to scaffolds or ask questions related to their 
self-regulated learning profile. This connection between the FLORA 
engine and the LLM enables novel support types that leverage learner-
AI collaboration to demonstrate SRL skills. A large-scale international 
study in 25 countries is upcoming to explore these possibilities within 
international research collaboration further. 

The FLORA approach has been successfully integrated into the 
TALP infrastructure, and potential future collaboration could involve 
connecting the HHAIR and FLORA approaches to enhance both 
measurement and support for SRL in young learners. 

From adaptive learning to adaptive learners; hybrid 
human-A regulation

Next to this focus on micro-level SRL measurement with multiple 
datastreams, we have also developed a novel way of integrating SRL 
support in math education using adaptive learning technologies. As 
indicated above, ALTs may reduce the need for learners to use SRL 
activities as ALTs take over monitoring and control activities (Molenaar 
et al. 2018). For example, based on a student's progress, the ALT can 
reduce the task difficulty when a student makes a mistake. This reduces 
the need for students to monitor their progress and enact control 
strategies to overcome errors. In some cases, offloading regulation can 
be purposeful, for instance, when the student is experiencing heavy 
cognitive load or lacks the necessary SRL skills. Hence, learners can 
benefit from a customized SRL challenge, which slowly builds up over 
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time, and can be accomplished with an AI technology.

Previously, I suggested transferring AI regulation to self-regulation 
as a mechanism to develop students’ SRL skills (Molenaar, 2022). This 
transitional process between learners and an AI technology is called 
Hybrid human-AI regulation (HHAIR). We have developed HHAIR 
in the context of ALTs, using learner-facing dashboards as an interface 
between learners and AI technology. Different degrees of hybrid 
regulation, which differ in the level of control over regulation, are used 
to customize the SRL challenges. In fact, control over SRL is onload 
from the AI technology to the learner. The ALT's functionality is used 
to make learners aware of regulation, model monitoring, engage in 
control actions, and ultimately enhance learners’ self-regulated learning 
skills. This forward adaptivity was translated in four degrees of hybrid 
regulation, see figure 1. Currently, three degrees (AI, co and shared) 
have been developed and investigated in experimental research. 

AI regulation is characterized by AI controlling the success rate at 
which a student practices. The primary aim is to help learners experience 
an effectively regulated learning process and success in learning. The 
dashboard is not used during learning to prevent cognitive overload, 
but can be used after learning in a debriefing lesson to increase learners’ 
SRL awareness.

strategies to overcome errors. In some cases, offloading regulation can be purposeful, for 
instance, when the student is experiencing heavy cognitive load or lacks the necessary SRL 
skills. Hence, learners can benefit from a customized SRL challenge, which slowly builds up 
over time, and can be accomplished with an AI technology. 
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onload from the AI technology to the learner. The ALT's functionality is used to make 
learners aware of regulation, model monitoring, engage in control actions, and ultimately 
enhance learners’ self-regulated learning skills.  This forward adaptivity was translated in four 
degrees of hybrid regulation, see figure 1. Currently, three degrees (AI, co and shared) have 
been developed and investigated in experimental research.  

AI regulation is characterized by AI controlling the success rate at which a student practices. 
The primary aim is to help learners experience an effectively regulated learning process and 
success in learning. The dashboard is not used during learning to prevent cognitive overload, 
but can be used after learning in a debriefing lesson to increase learners’ SRL awareness. 

Table 1. Degrees of Hybrid Regulation. 
Degrees of 

hybrid 
regulation 

AI regulation Human regulation Function of dashboard 

AI regulation AI monitors and adjusts 
success rate for students 
extensively 

Experience successful 
regulation and become 
aware of AI regulation 

Debrief AI functioning after learning 

Co-regulation AI monitors and adjusts 
limitedly 

Understanding how AI 
regulates and support 
monitoring  

The dashboard shows with 
performance feedback, learning 
curves and informs the learners of 
the control actions of the AI 

Shared-
regulation 

AI monitors and allow 
learners to enact control 
actions themselves 

Understanding monitoring 
and executing control 

The dashboards shows the above 
and is extend with additional 
learners' control options. 

Self-regulation Observing regulation Monitoring and self-
initiation of control 

Mirroring learners' regulation to 
support monitoring and control 

 
In co-regulation, the learner-facing dashboard is introduced and used during math practice. It 
provides learners with performance information to enhance their monitoring. The dashboard 
shows the student’s individual learning curve to indicate how progress is made, relate it to 
student effort, and to help students monitor the need for control actions such as increased 
effort. This allows the learner to develop monitoring skills. 
 
In shared-regulation, learners are encouraged to exercise control themselves and take over 
tasks that the AI technology previously governed. Dashboards continue to function as an 
explicit reference for learners to monitor progress and evaluate the need for control actions. In 
our current version, learners can increase or decrease the success rate with which the ALTs 
select problems.  
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In co-regulation, the learner-facing dashboard is introduced and 
used during math practice. It provides learners with performance 
information to enhance their monitoring. The dashboard shows the 
student’s individual learning curve to indicate how progress is made, 
relate it to student effort, and to help students monitor the need for 
control actions such as increased effort. This allows the learner to 
develop monitoring skills.

In shared-regulation, learners are encouraged to exercise control 
themselves and take over tasks that the AI technology previously 
governed. Dashboards continue to function as an explicit reference for 
learners to monitor progress and evaluate the need for control actions. 
In our current version, learners can increase or decrease the success rate 
with which the ALTs select problems. 

Finally, in self-regulated learning the AI transfers control over 
regulation back to the learner. Dashboards serve as an explicit reference 
for learners to understand their regulation, but learners are responsible 

strategies to overcome errors. In some cases, offloading regulation can be purposeful, for 
instance, when the student is experiencing heavy cognitive load or lacks the necessary SRL 
skills. Hence, learners can benefit from a customized SRL challenge, which slowly builds up 
over time, and can be accomplished with an AI technology. 
 
Previously, I suggested transferring AI regulation to self-regulation as a mechanism to 
develop students’ SRL skills (Molenaar, 2022). This transitional process between learners and 
an AI technology is called Hybrid human-AI regulation (HHAIR). We have developed 
HHAIR in the context of ALTs, using learner-facing dashboards as an interface between 
learners and AI technology. Different degrees of hybrid regulation, which differ in the level of 
control over regulation, are used to customize the SRL challenges. In fact, control over SRL is 
onload from the AI technology to the learner. The ALT's functionality is used to make 
learners aware of regulation, model monitoring, engage in control actions, and ultimately 
enhance learners’ self-regulated learning skills.  This forward adaptivity was translated in four 
degrees of hybrid regulation, see figure 1. Currently, three degrees (AI, co and shared) have 
been developed and investigated in experimental research.  

AI regulation is characterized by AI controlling the success rate at which a student practices. 
The primary aim is to help learners experience an effectively regulated learning process and 
success in learning. The dashboard is not used during learning to prevent cognitive overload, 
but can be used after learning in a debriefing lesson to increase learners’ SRL awareness. 

Table 1. Degrees of Hybrid Regulation. 
Degrees of 

hybrid 
regulation 

AI regulation Human regulation Function of dashboard 

AI regulation AI monitors and adjusts 
success rate for students 
extensively 

Experience successful 
regulation and become 
aware of AI regulation 

Debrief AI functioning after learning 

Co-regulation AI monitors and adjusts 
limitedly 

Understanding how AI 
regulates and support 
monitoring  

The dashboard shows with 
performance feedback, learning 
curves and informs the learners of 
the control actions of the AI 

Shared-
regulation 

AI monitors and allow 
learners to enact control 
actions themselves 

Understanding monitoring 
and executing control 

The dashboards shows the above 
and is extend with additional 
learners' control options. 

Self-regulation Observing regulation Monitoring and self-
initiation of control 

Mirroring learners' regulation to 
support monitoring and control 

 
In co-regulation, the learner-facing dashboard is introduced and used during math practice. It 
provides learners with performance information to enhance their monitoring. The dashboard 
shows the student’s individual learning curve to indicate how progress is made, relate it to 
student effort, and to help students monitor the need for control actions such as increased 
effort. This allows the learner to develop monitoring skills. 
 
In shared-regulation, learners are encouraged to exercise control themselves and take over 
tasks that the AI technology previously governed. Dashboards continue to function as an 
explicit reference for learners to monitor progress and evaluate the need for control actions. In 
our current version, learners can increase or decrease the success rate with which the ALTs 
select problems.  

Table 1. Degrees of Hybrid Regulation.
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for their own control and monitoring actions. 

As we move through these degrees of hybrid human-AI regulation, 
the role of AI technology in controlling regulation diminishes. learners 
are expected to acquire SRL skills and use the learner-facing dashboards 
as a reference during this process. It is important to note that self-
regulated learning initiated by the learner is present in all degrees 
of hybrid regulation. However, over time AI control and support are 
reduced, and learners increasingly become more dependent on internal 
triggers and control actions.

This forward adaptive relationship between the AI technology 
and the learner is then used to develop monitoring and control skills in 
young learners. Within ALTs, this combines ALTs’ learner models and 
prediction analytics of learners’ knowledge development with novel 
process measurements of SRL support needs (Dijkstra et al., 2023; 
2025) and consistency (Ring et al., submitted). Even though our HHAIR 
research is still developing, I would like to outline some examples of 
this forward adaptive in practice. 

The different degrees are covered by a new algorithm, especially 
developed to measure students’ SRL support needs (Dijkstra et al. 
2023), which can be predicted early in the practice process (Dijkstra et 
al. 2025). Based on these predictions, different levels of SRL support 
can be selected. The newly designed Learning Path App makes the 
transitional process between the learner and the AI explicit in learner-
facing dashboards. We have found that learners benefited from AI 
regulation (Dijkstra et al. submitted) and co-regulation (Molenaar et al. 
2018; Horvers et al. 2025). Learners in shared controlled were using 
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these options, but different learner profiles emerged (Kooi et al. 2025).

In reflection of the above, the role of AI in domain and generic 
skill development is complex. I discussed the positive contribution of 
adaptive learning to the development of students’ domain knowledge, 
illustrated with examples of adaptive learning in mathematics in 
ALTs. Yet, this adaptive learning may also hamper the development of 
student self-regulated learning.  I outlined the importance of SRL, new 
approaches to measurement and support. Finally, I illustrated how we 
can move from adaptive learning to adaptive learners using the concept 
of Hybrid Human-AI Regulation to develop students' self-regulated 
learning skills. 

Your seminal work on the relationship between digital learning 
platforms, SRL, and mathematical achievement (Lin, Kou & 
Change, 2025) confirms the importance of SRL in mathematical skill 
development and the mediating role that digital learning platforms can 
play in inducing SRL. This dual pathway to enhance domain knowledge 
and general skills through AI solutions is a critical area for future 
research and holds ample opportunities for future collaboration. 

Future vision: towards hybrid human-AI collaboration in 
education

To conclude, I want to highlight the importance of human-
AI collaboration and the need to advance our understanding of 
this. As stated before, traditionally, teachers' roles have been vastly 
underestimated, and often, AI has been positioned as a replacement for 
teachers. However, current reflections reintroduced the role of teachers 
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in orchestrating the use of AI technologies in classrooms (Ley et al 
2025). This perspective aligns with the notion of hybrid human-AI 
collaboration that emphasis that AI technologies not only replace but 
also augment human teachers (Molenaar, 2025; Schneiderman, 2022). 

We start to understand the emerging process in which teachers’ 
pedagogical and instructional practices change in interaction with AI 
technologies. This evolving relationship between teacher practices 
and AI technology can be designed in such a way that it develops in 
meaningful collaboration. Your co-implementation program is precisely 
doing this, namely by organizing a structured dialogue between teachers, 
technology developers, and researchers to make this transformative 
process explicit and measurable. In this novel, practices at the teacher 
and technology development levels emerge, coevolve, and are designed 
to reinforce each other. This opens novel pathways to transformative 
changes and practices in classrooms.

I will end this talk by integrating with the conference themes.

First, with respect to the role of AI technologies in curriculum 
development. Learners’ domain-specific knowledge development can be 
enhanced with adaptive AI technologies that integrate different types of 
adaptivity to support efficient and effective learning. Also, applications 
of curriculum adaptivity in which teachers and AI optimize the order and 
timing of learning goals over the school year are a valuable application 
of AI technology.  Learners’ development of self-regulated learning 
skills has the potential to improve domain-specific learning and equip 
learners for future learning. Novel application of AI technologies can 
facilitate the transition from AI regulation to self-regulation to develop 
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students’ SRL skills. Combining these two points, progress can be made 
in driving from adaptive learning to adaptive learners.

With respect to AI applications for teaching innovation, I 
addressed that research underscores the important role of teachers in co-
orchestrating the use of AI technologies in classrooms. Attention for the 
design of socio-technical systems in which students, AI technologies, 
and teachers reinforce each other can drive teaching innovation. I noted 
that an enhanced understanding of human-AI collaboration is needed 
to optimize innovative, transformative classroom practices. Taken 
together, teaching innovation can help come to practices in which AI 
complements and augments teachers and learners.

The dual pathway has important implications for assessment 
and testing in primary and secondary schools. Research shows that 
SRL is a key mechanism in driving the academic success of young 
learners. Teachers and curriculum designers should capitalize on the 
dual-pathway benefits of such platforms: directly enhancing academic 
outcomes and indirectly improving achievement by fostering SRL. Both 
domain knowledge and generic skills should receive ample attention, 
and new combinations of formative and summative assessment are 
called for. 

Finally, teacher education in the AI Era has the challenge to 
develop teachers with sound pedagogical and instruction knowledge, 
skills to execute this in classrooms, and integrate AI technology in 
a meaningful way. Ideally, teachers learn to co-orchestrate with AI 
technologies and find effective task division between their own role 
and that of AI in supporting learners. For this, the role of teachers 
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as instructional designers needs explicit attention, as the design of 
instructional materials and learning environments increasingly merges 
into the instructional cycle (Topali et al. 2025). Including teachers in 
co-design practices as a means of professional development could help 
teachers develop these new roles, as shown in my examples of co-
creation and co-implementation projects. 

This talk highlighted the critical role of teachers in guiding learners 
along dual pathways towards domain knowledge development, as well 
as towards the development of generic skills such as self-regulated 
learning skills. They play an important role in co-orchestrating these 
dual pathways. First steps have been taken, but future research is needed 
to optimize both domain knowledge and SRL skill development with 
AI, and to position the role of teachers in orchestrating the effective use 
of AI technologies in classrooms. There are ample opportunities for 
collaboration on these topics, and I look forward to learning from you 
during my stay in Taiwan. 
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主題演講

共演化的社會技術系統：學習者、教師與

人工智慧技術

Inge Molenaar

首先，我想感謝各位給予我在這場重要會議上發表演講的榮

譽，並邀請我討論人工智慧在 K-12 教育及師資培育中的應用。

本次會議的主題「在人工智慧時代革新 K-12 教育：課程、教學

與評量」與我作為荷蘭國家教育實驗室人工智慧研究總監的工作

高度契合，我非常期待與各位分享我的想法。

此外，我想對臺灣在教育中應用人工智慧的策略與願景表示

讚賞，這在《推動中小學數位學習精進方案（2022-2025）》以及

「教育部因材網（TALP）」（Kuo, Chang & Lee, 2023）中均有

體現。這些工作令人印象深刻，將教育的未來願景、創新的教學

與教學實踐方法，以及最先進的技術基礎設施有機結合。世界上

許多國家都在努力整合這些元素，而臺灣在這方面則展現了創新

的典範。

在本次演講中，我將探討人工智慧在教育中的現有應用，並

聚焦於近期發展，以提供對未來發展的參考。目前全球關於人工

智慧與教育的討論，可從兩個角度來觀察：社會層面與教育層面。

社會層面的討論關注的是，作為一種系統性技術，人工智慧

在我們社會中興起所帶來的挑戰（WRR, 2021；OECD, 2025）。

這對學習者在人工智慧時代的生活與學習能力發展提出了新的要
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求。全球關注的一個核心問題是：「年輕學習者在人工智慧時

代需要具備哪些能力？」（OECD, 2025；Schwartz & Molenaar, 
2023）。多項國際指南指出，學習者需要掌握的核心基礎領域知

識與技能，包括閱讀、寫作與數學；同時也需要培養通用技能與

能力，如創造力、問題解決能力、人工智慧素養、協作能力以及

自我調節學習能力。所有這些技能都被認為對學生在以人工智慧

為基礎的社會中學習、生活及發展自身才能至關重要（CELLA, 
2021）。

歷史證據顯示，系統性技術對整個社會，尤其是教育系統施

加了壓力。過去，各國政府的應對方式通常是擴展並創新正式教

育（Goldin & Katz, 2018）。今天，我們同樣面臨如何有效回應

這些挑戰的問題。在本次主題演講中，我想強調學習者需要發展

基礎領域知識，同時具備自我調節學習的能力，即使在使用人工

智慧技術學習時亦然。這些技能將使年輕學習者能夠靈活地適應

不斷變化的社會。

對人工智慧作為系統性技術所帶來的社會影響的回應，與教

育視角密切相關。人工智慧驅動的技術為改善教育實踐提供了豐

富的機會，例如個人化教育、提升對學習者的回饋、優化練習軌

跡，以及使課程更符合個人及班級需求（Lin et al., 2024；Kou et 
al., 2025；Holmes & Tuomi, 2022；Molenaar, 2022）。然而，將我

們對學習的科學知識與人工智慧技術設計相結合、有效地促進教

師專業成長、並在全球學校中推動系統性、創新及變革性的教育

實踐，仍面臨挑戰。這要求我們對人工智慧技術在支持學生學習

與教師教學中的角色進行謹慎考量。人與 AI 的協作應被視為一

個複雜的社會技術系統，需要經過精心的設計、開發和實施過程，

才能發揮其全部潛力。世界各地的人工智慧與教育實驗室及計
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畫，已針對這些社會及教育挑戰提出了不同的應對方案（Molenaar 
& Sleegers, 2023）。今天，我很高興能夠介紹臺灣與荷蘭方法之

間的聯繫，並概述它們如何應對在人工智慧時代裝備年輕學習者

所需技能的挑戰。

在荷蘭，我們透過國家教育人工智慧實驗室（National 
Education Lab AI）來應對這些挑戰。該實驗室致力於與小學和中

學、科學家以及企業家共同開發創新的人工智慧教育實踐，並在

共創與共實施的計畫中推動合作。透過這種方式，教師與教育專

業人員能積極參與新型人工智慧創新技術的設計、開發與實施。

這種方法的核心在於，教師在課堂中的教學與教學實踐，能與人

工智慧技術的設計與運作無縫連結。我們的目標是發展創新的教

育實踐，實質上轉型教育系統，使其能夠準備迎接人工智慧時代

的挑戰 1。

在本次演講中，我將討論我們對人工智慧作為系統技術對教

育系統所帶來的社會與教育挑戰的關鍵應對要素。我會引用國家

教育人工智慧實驗室（NOLAI）項目的案例，並希望能與臺灣的

實例連結，為未來的合作奠定基礎。

我的演講分為兩個主要部分：首先，我將聚焦於適性學習系

統如何支持學習者的領域知識發展。我將深入闡述，教師在課堂

上策略性地應用這些適性技術時，所扮演的關鍵角色。特別是，

將人工智慧功能與教師的教學法與教學實踐對齊是關鍵。

第二部分，我將強調在人工智慧技術輔助下自我調控學習技

能的重要性及其發展，並凸顯教師與技術的協同作用。在這一部

分，重點是從「適性學習」過渡到能主動驅動自己學習過程的「適

1. www.nolai.nl
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性學習者」。最後，我將進一步說明理解人工智慧如何在教育中

補充並增強人類能力的重要性。

學習與人工智慧：從適性學習系統到適性學習者

如同前述社會性挑戰所指出，在人工智慧時代，優化年輕學

習者的知識與技能是一個多面向的課題。學習者不僅需要領域專

業知識，例如數學、閱讀與寫作，也需要發展一般性技能，例如

自我調控學習技能。雖然領域知識與通用技能彼此互相強化，但

它們也需要不同的教學與課程設計方式來培養。這同樣反映在人

工智慧技術的設計上，需要針對不同目標採取差異化的方法。

領域知識發展與適性學習

在過去十年間，越來越多證據顯示，領域專業技能可以透過

適性學習技術（Adaptive Learning Technologies, ALTs）和智慧輔

導系統（Intelligent Tutoring Systems, ITS）來發展（Baker, 2016；
Kulik & Fletcher, 2016）。這些系統會根據學習者的個別需求進行

調整，以優化領域學習。這種個性化可針對學習步驟、任務以及

課程層級進行適應。傳統上，ITS 系統結合課程層級的適應性，

幫助學生透過選擇適當的學習目標來達成精熟，同時結合步驟層

級的適應性以矯正誤解。雖然此方法對於結構清楚且答案明確的

領域（如數學）被證明有效，但系統開發過程勞動密集且成本高

昂。此外，教師在 ITS 中的角色直到最近才受到研究更多關注。

研究結果顯示，積極的教師角色能提升 ITS 的效能，且這一研究

方向仍在發展中（Aleven et al., 2023）。

這與荷蘭適性學習技術（Adaptive Learning Technologies, 
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ALT）的發展相呼應，這些技術在 ALT 與教師之間設計了明確的

任務分工。基於直接教學模式（Direct Instruction Model）（Gersten, 
Keating & Becker, 1988），教師與 AI 技術共同執行直接教學循

環（Cijvat et al., 2022；Molenaar, 2024；Kessel et al., 2025）。教

師主導全班層級的活動，包括介紹課程目標與學習目標、喚起學

生的先備知識、進行教學講授，以及統籌全班練習。學習者的

個別練習則由 ALT 指導，系統會選擇適合的題目並提供即時回

饋。這種任務層級的適應性會根據學生知識的估算以及適當的

成功概率選擇題目，確保學生在其近側發展區（zone of proximal 
development）內進行練習。同時，教師可透過教師儀表板了解班

級進度，並針對需要額外支持的學習者提供精準的教學與回饋。

教師在適性學習中的重要角色

過去十年的課堂適性學習技術（ALT）研究提供了豐富

的見解，顯示這些技術如何正向影響學生學習（Mooij et al., 
submitted），同時也對教師的教學實踐產生影響。研究指出，

ALT 能支持教師、改變他們的教學行為，並促進教師專業化

（Knoop-van Campen et al., 2021；Molenaar et al., 2020；Molenaar 
et al., 2022；Mooij et al., 2025）。教師儀表板可提供學生當前與

預測的學習進度及知識發展資訊，教師可在課堂中以及備課時使

用這些資訊（Molenaar et al., 2018；Kessel et al., 2025）。雖然教

師使用 ALT 的方式存在很大差異（van Leeuwen et al., 2022），研

究已顯示，隨著 ALT 的使用，教師的教學與教學策略會隨時間發

生變化。課堂結構有所調整，除了傳統授課外，更多重複練習課

程受到重視，以確保學生達到學習目標的掌握程度。教師的回饋
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策略也發生變化，他們提供更具針對性且多樣化的回饋，並針對

不同學生給予不同回饋（Molenaar & Knoop-van Campen, 2018；
Knoop-van Campen & Molenaar, 2020；Knoop-van Campen, Wise & 
Molenaar, 2021）。教師儀表板增進了教師對學習者進度的知識與

洞察，使教師能提供更適切的回饋。最後，ALT 的引入也促進了

教師在適性與分化教學實踐上的專業成長（Cijvat et al., 2025）。

這十年的研究突顯了理解教師、學習者與 AI 技術之間的社

會技術系統（socio-technical system）的重要性（Cukurova et al., 
2018；2025）。因此，需要關注教師與 AI 系統結合的有效性，

以及不同組成部分如何互動（Ley et al., 2025）。雖然已有證據

表明教師與 AI 的結合比單純使用 AI 技術更有效（Aleven et al., 
2023），我們的研究顯示教師實踐與 AI 技術互相影響，進而產

生新的教學實踐（Molenaar, 2024）。然而，如何設計有效的教師

與 AI 協作，以及如何設計、開發與實施這種協作，仍然缺乏充

分的研究與實務經驗。

適性學習研究與發展的新方向

在領域知識層面上，出現了一些有趣的新發展。鑑於適應性

存在不同的實施方式，荷蘭的適性學習系統（ALT）正逐步向更

先進的步驟（step）、任務（task）與課程（curriculum）適應形

式發展。

在步驟適應（step adaptivity）方面，NOLAI 的多個共創項

目致力於在學習過程中測量並回應學生的概念誤解。ALT 中的

任務適應（task adaptivity）需要在挑戰學生與提供成功體驗之間

取得平衡，以確保學生能進行有意識的練習。這種平衡會影響知
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識發展、學習者的情感動機與元認知調節，因此需要進一步研究

（Knoop-van Campen et al., submitted；Ring et al., submitted；Kooi 
et al., submitted）。最後，荷蘭的適性學習系統也納入了更先進的

課程適應（curriculum adaptivity）形式。系統基於歷史數據結合

班級與學生層級的預測分析，向教師提供特定班級所需的授課與

重複練習課程數量建議（Vermeire et al., 2025）。透過這種方式，

系統協助教師在課程規劃中優化班級與個別學生的需求。

這種新型的適應性形式預期將影響教師與 AI 技術之間的任

務分工，因此我們在新的共實施計畫中將其落實。該計畫由大型

校區教師、NOLAI 科學家與 Snappet2 技術開發者密切合作執行。

計畫分為共設計階段（3 年；共 9 個循環），研究教師與 AI 的合

作方式。目標是了解教師在課堂中使用 AI 技術時，其教學與教

學策略如何變化，研究這對教師與 AI 的任務分工意味著什麼，

以及教師如何在課堂中使用這項技術。

AI 模型的運作以及教師與 AI 之間的介面，會在短期 6 週循

環中進行分析，參與教師數量逐漸增加。資深教師在訓練與支持

新教師方面發揮關鍵作用。教師在日常教學中測試 AI 模型的新

功能與改進。研究人員觀察教師教學策略的變化，以及這如何影

響學生學習。技術設計師則根據回饋持續監控技術並迭代開發路

線。每個循環以改進會議為中心，不同利害關係人討論 AI 技術、

教師教學策略及專業發展所需的改進與進展。

透過這些循環改進，AI 技術逐步成熟，我們重新設計教師與 
AI 之間的任務分工與互動，以轉化教育實踐。例如，在第二個循

環中，教師指出他們需要更清楚理解 AI 為何為不同學生建議不

2. www.snappet.org，荷蘭最常使用的適性學習技術
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同活動。對演算法運作的理解提升了教師的信任，並改變了課堂

使用方式。因此，該計畫旨在揭示教師特徵（如知識與對技術的

信任）與教師使用 ALT 及 AI 技術支持學生學習之間的複雜互動。

總結來說，過去幾十年中，創新教學實踐已在學校中成功開

發並實施，以建立領域專業知識與技能。不同的 AI 技術採取了

不同的適應性方式。雖然大多數系統專注於單一適應性類型，但

越來越多系統開始結合不同層級的適應性。然而，單一適性技術

中不同層級的互動仍具挑戰性（Molenaar, 2023）。NOLAI 的共

創與共實施計畫致力於改進不同類型的適應性及其組合。

此外，對教學實踐的影響在這些計畫中至關重要，透過協同

設計與協同調度提高教師自主性。我們重新將 AI 視為教育中的

社會技術系統（socio-technical system），而非孤立開發、實施並

以其效果評估的技術。

我很高興看到這與臺灣的做法有相似之處，我相信雙方有充

足空間互相學習，共同利用 AI 技術在適性學習上的進步，進一

步發展學生的領域知識。接下來，我將轉向討論通用技能，特別

是自我調節學習技能的發展。

通用技能：發展自我調節學習技能，培養適應性學習者

除了前面提到的發展領域知識的方法之外，發展通用技能

同樣重要。問題解決、創造力以及 AI 素養都是關鍵，但在本

次演講中，我將重點放在學生的自我調節學習（Self-Regulated 
Learning, SRL）技能上。這些技能需要特殊關注，才能通過量

身定制的教學與支持得到有效發展（Azevedo & Gasevic, 2019；
Jarvela et al., 2024）。我們知道，在小學與中學階段，這些技能

往往缺乏系統化的教學，而學者們也強調需要全面的教學方法來

培養學生的 SRL 技能（Dignath et al., 2023）。SRL 教學的重要元
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素包括：教師以直接教學方式明示認知與元認知策略使用的示範，

以及創建能促使學生自主控制和監控學習的學習環境（Dignath et 
al., 2024）。

AI 技術在創建這種促進性學習環境中可發揮重要作用，能夠

加強教師與學生的 SRL 技能發展，這一點在臺灣的全國性計畫中

也有明確證據（Kou et al., 2025）。

同時，現行的適性學習方法可能會削弱學生成為適應性學習

者的能力（Molenaar, 2022）。隨著學習環境越來越多地適應學生

的個別需求，學生自主控制與監控學習的機會減少。在這種情況

下，計畫與監控等元認知活動被技術所取代。學生不再需要主動

參與元認知活動，學生將調節功能轉嫁到技術上，從而降低了學

生發展 SRL 技能的機會（Molenaar et al., 2022）。

因此，我強調在設計學習環境時，需仔細考量如何在調節層

面上給予學生適當挑戰，以練習這些技能。事實上，當 AI 技術

在設計時考慮到這些需求，它能幫助學生發展 SRL 技能。以臺

灣的 TALP 學習環境為例，它為學生提供了練習自我調節的工具

（Kou et al., 2025）。與期望 SRL 對未來學習與領域知識學習均

具有重要作用一致（Azevedo & Gasevic, 2019；Molenaar, Mooij 
et al., 2025），郭伯臣教授的大型研究提供了獨特證據，說明透

過技術支持的 SRL 能夠雙向增進學生的數學學習（Kou et al., 
2025）。

使用 FLORA 引擎對 SRL 的創新測量與支持

確實，AI 提供了強大的機會來改進自我調節學習（SRL）技

能的測量、支持與發展。在測量方面，一個顯著的優勢是能夠詳

細追蹤學習者的學習過程（Fan et al., 2022）。可收集的多種數據
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流，如日誌檔（logfiles）、滑鼠與鍵盤點擊等，使我們能夠細緻

地捕捉 SRL 活動。這些即時數據可透過 AI 技術整合與分析，從

而提供對學習者自我調節學習活動的新見解。在實驗室環境中進

行作文任務時，我們收集了多模態數據，包括日誌數據、鍵盤輸

入、滑鼠點擊以及眼動軌跡，以描繪學習者的 SRL 過程（Fan et 
al., 2023）。同時，要求學習者進行「思考大聲說」（think-aloud），

這是一種廣泛認可的測量 SRL 活動的方法（Bannert et al., 2009；
Molenaar et al., 2011）。

尤其是將多種數據結合成可指示不同 SRL 活動的模式，

已被證明是一種有效方法。這些模式透過多個高等教育（van 
der Graaf, 2023）和中學教育（Lamsa et al., 2025）研究中的思

考大聲法得到驗證，並成為新型支持工具的基礎。參考 Winne 
與 Hadwin（1998）的 COPES 模型——將 SRL 過程分為四個階

段——設計了不同的個性化支架（personalized scaffolds）（van 
der Graaf et al., 2023；Lyn et al., 2025）。在寫作教育的情境中，

我們發現學習者在任務開始時進行定位（orientation）以及在閱

讀和寫作過程中進行監控（monitoring）時獲益顯著（van der 
Graaf et al., 2023）。因此，在學習過程中，學習者會收到「支

架」（scaffolds），即結構化的指導，用於執行特定的 SRL 活動

（Molenaar et al., 2012；van der Graaf et al., 2023）。在「合適的」

時刻，學習者會收到調節提示，例如當一位學習者在最初 10 分
鐘內未閱讀任務指示時，會提供定位支架。透過 FLORA 引擎測

量 SRL，可實現個性化支架——針對性、情境特定且以使用者為

中心的支持，從而增加學習者在學習過程中執行監控活動的次數

（Lim et al., 2023）。
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學習者與教師使用的 SRL 儀表板

此外，這些測量結果也可作為學習者使用的儀表板（learner-
facing dashboards）的基礎，使學習者能反思自我調節學習（SRL）
（van der West et al. submitted）。自我調節學習是一項複雜技能，

學習者需要結合 SRL 知識（了解計畫是什麼）、SRL 技能（能

夠制定計畫）以及條件性知識（知道在學習過程中何時使用這項

技能，例如：我何時計畫撰寫一篇優秀的文章）。學習者可能面

臨「可用性缺陷」（availability deficiency）——缺乏所需的知識

或技能——或「產出缺陷」（production deficiency）——在學習

過程中未執行正確的調節活動。尤其是產出缺陷一直難以解決，

而學習者使用的儀表板可作為鏡子，幫助學習者意識到自己的

調節行為，與同儕比較學習活動，並進行反思（Molenaar et al., 
2018）。

實際上，我們已經在所有這些情境中使用了 FLORA 數據。

學習者使用的儀表板提供他們在寫作過程中的認知與元認知活動

的詳細概覽。在課後回顧（debrief）課堂中，學習者回答關於自

身學習的反思問題，並判斷自己最接近哪種 SRL 個人檔案（van 
der West et al. submitted）。他們與擁有不同檔案的同儕討論，並

根據這些反思設定下一次寫作課的目標。在第二次寫作課中，AI 
技術會針對他們的目標提供即時回饋。如此一來，學習者的監控

與控制能力得到了 AI 技術的支持。

如同適性學習技術，理想的情境下，教學、示範、支架支持

（scaffolding support）與反思應結合進行。我們與教師共同設計

了一個課程序列，將寫作教育與 SRL 教學整合。教師對此方法非

常熱衷，並表示希望擁有教師儀表板（teacher dashboard），以便
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在 SRL 教學中獲取學生使用 SRL 的資訊與洞見。這個教師儀表

板將提供學習者在學習過程中的 SRL 分析，進一步支持更高階的

教學實踐。

因此，學習者與教師使用的儀表板，提供對 SRL 過程的深入

洞察，對 SRL 技能教學與支持具有重要作用。未來應用也可能包

括生成式 AI（generative AI），允許學習者對支架做出回應，或

提出與自身 SRL 檔案相關的問題。FLORA 引擎與大型語言模型

（LLM）的結合，使得創新支持形式成為可能，利用學習者與 AI 
的協作來展示 SRL 技能。一項涵蓋 25 個國家的大型國際研究即

將開展，以進一步探索這些可能性並推動國際研究合作。

FLORA 方法已成功整合進 TALP 平台，未來的合作潛力可

包括將 HHAIR 與 FLORA 方法連結，進一步提升對年輕學習者 
SRL 的測量與支持。

從適性學習到適性學習者：人 -AI混合調節（Hybrid 
Human-AI Regulation, HHAIR）

除了上述利用多重數據流進行微觀層級 SRL 測量的做法外，

我們還開發了一種將 SRL 支援整合到數學教育中的新方法，使

用適性學習技術（ALTs）。如前所述，ALTs 可能減少學習者使

用 SRL 活動的需求，因為 ALT 會承擔監控與控制活動（Molenaar 
et al., 2018）。例如，根據學生的學習進度，當學生犯錯時，ALT 
可以降低任務難度。這樣，學生就不需要自行監控進度，也不必

採取控制策略來克服錯誤。在某些情況下，將調節工作外包給 AI 
是有目的的，例如當學生認知負荷過重或缺乏必要的 SRL 技能

時。因此，學習者可以從量身定制的 SRL 挑戰中受益，這些挑戰

時。因此，學習者可以從量身定制的 SRL 挑戰中受益，這些挑戰隨時間逐步增加，並

可透過 AI 技術完成。 

我先前建議將 AI 調節轉移給自我調節（self-regulation）作為發展學生 SRL 技能的

機制（Molenaar, 2022）。這種學習者與 AI 技術之間的過渡過程稱為人-AI 混合調節

（Hybrid Human-AI Regulation, HHAIR）。我們在 ALTs 的背景下開發了 HHAIR，使

用學習者使用的儀表板（learner-facing dashboards）作為學習者與 AI 技術之間的介

面。不同程度的混合調節（hybrid regulation）根據對調節控制的程度來定制 SRL 挑
戰。實際上，SRL 的控制權從 AI 技術「傳遞」給學習者。ALT 的功能被用來使學習者

意識到調節行為、示範監控、參與控制活動，最終增進學習者的自我調節學習技能。

這種前向適應性（forward adaptivity）被分為四個混合調節等級（見圖 1）。目前，已有

三個等級（AI 調節、共同調節、共享調節）被開發並在實驗研究中進行探討。 

AI 調節的特徵是 AI 控制學生練習的成功率。其主要目的是幫助學習者體驗有效

調節的學習過程並取得學習成功。在學習過程中不使用儀表板，以避免認知過載，但

可以在課後回顧課（debriefing lesson）中使用，以提升學習者對 SRL 的覺察。 

表 1 混合調節的程度 

混合調節

的程度 
AI 調節 人類調節 儀表板的功能 

AI 調節 AI 廣泛監控並調

整學生的成功率 
體驗成功的調控並意

識到 AI 的調控 
學習後回顧 AI 的運作 

共同調節 AI 限制性地監控

並調整 
了解 AI 如何進行調控

並支持監控 
儀表板透過績效反饋和學習曲線顯示，並

告知學習者 AI 的控制行為 

共享調節 AI 監控並允許學

習者自行執行控

制行動 

理解監控並執行控制 儀表板顯示上述內容，並擴展提供額外的

學習者控制選項 

自我調節 觀察調控 監控並自主啟動控制 反映學習者的調控行為以支持監控與控制

在共同調節（Co-Regulation）階段，學習者使用學習者端儀表板（learner-facing 
dashboard）進行數學練習。儀表板提供學習者表現資訊以增強監控能力。它顯示學生

的個別學習曲線，幫助學生理解學習進度，將其與努力程度對照，並判斷是否需要採

取控制行動（如增加努力）。這使學習者能夠發展監控技能。 

在共享調節（Shared-Regulation）階段，學習者被鼓勵自行行使控制，接管之前由 
AI 技術管理的任務。儀表板仍然作為明確的參考工具，幫助學習者監控進度並評估是

否需要採取控制行動。在目前版本中，學習者可以調整 ALT 選擇題目的成功率，增加

或減少挑戰難度。 

最終，在自我調節學習（Self-Regulated Learning, SRL）階段，AI 將調節控制權完

全交還給學習者。儀表板作為明確參考，使學習者理解自己的調節狀態，但控制與監

控行動完全由學習者負責。 
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隨時間逐步增加，並可透過 AI 技術完成。

我先前建議將 AI 調節轉移給自我調節（self-regulation）作

為發展學生 SRL 技能的機制（Molenaar, 2022）。這種學習者與 
AI 技術之間的過渡過程稱為人 -AI 混合調節（Hybrid Human-AI 
Regulation, HHAIR）。我們在 ALTs 的背景下開發了 HHAIR，使

用學習者使用的儀表板（learner-facing dashboards）作為學習者與 
AI 技術之間的介面。不同程度的混合調節（hybrid regulation）根

據對調節控制的程度來定制 SRL 挑戰。實際上，SRL 的控制權從 
AI 技術「傳遞」給學習者。ALT 的功能被用來使學習者意識到調

節行為、示範監控、參與控制活動，最終增進學習者的自我調節

學習技能。這種前向適應性（forward adaptivity）被分為四個混

合調節等級（見圖 1）。目前，已有三個等級（AI 調節、共同調節、

共享調節）被開發並在實驗研究中進行探討。

AI 調節的特徵是 AI 控制學生練習的成功率。其主要目的是

幫助學習者體驗有效調節的學習過程並取得學習成功。在學習

過程中不使用儀表板，以避免認知過載，但可以在課後回顧課

（debriefing lesson）中使用，以提升學習者對 SRL 的覺察。

表 1  混合調節的程度
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可以在課後回顧課（debriefing lesson）中使用，以提升學習者對 SRL 的覺察。 
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的程度 
AI 調節 人類調節 儀表板的功能 
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整學生的成功率 
體驗成功的調控並意

識到 AI 的調控 
學習後回顧 AI 的運作 

共同調節 AI 限制性地監控
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了解 AI 如何進行調控

並支持監控 
儀表板透過績效反饋和學習曲線顯示，並

告知學習者 AI 的控制行為 

共享調節 AI 監控並允許學

習者自行執行控

制行動 

理解監控並執行控制 儀表板顯示上述內容，並擴展提供額外的

學習者控制選項 

自我調節 觀察調控 監控並自主啟動控制 反映學習者的調控行為以支持監控與控制

在共同調節（Co-Regulation）階段，學習者使用學習者端儀表板（learner-facing 
dashboard）進行數學練習。儀表板提供學習者表現資訊以增強監控能力。它顯示學生

的個別學習曲線，幫助學生理解學習進度，將其與努力程度對照，並判斷是否需要採

取控制行動（如增加努力）。這使學習者能夠發展監控技能。 

在共享調節（Shared-Regulation）階段，學習者被鼓勵自行行使控制，接管之前由 
AI 技術管理的任務。儀表板仍然作為明確的參考工具，幫助學習者監控進度並評估是

否需要採取控制行動。在目前版本中，學習者可以調整 ALT 選擇題目的成功率，增加

或減少挑戰難度。 

最終，在自我調節學習（Self-Regulated Learning, SRL）階段，AI 將調節控制權完

全交還給學習者。儀表板作為明確參考，使學習者理解自己的調節狀態，但控制與監

控行動完全由學習者負責。 
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在共同調節（Co-Regulation）階段，學習者使用學習者端儀

表板（learner-facing dashboard）進行數學練習。儀表板提供學習

者表現資訊以增強監控能力。它顯示學生的個別學習曲線，幫助

學生理解學習進度，將其與努力程度對照，並判斷是否需要採取

控制行動（如增加努力）。這使學習者能夠發展監控技能。

在共享調節（Shared-Regulation）階段，學習者被鼓勵自行

行使控制，接管之前由 AI 技術管理的任務。儀表板仍然作為明

確的參考工具，幫助學習者監控進度並評估是否需要採取控制行

動。在目前版本中，學習者可以調整 ALT 選擇題目的成功率，增

加或減少挑戰難度。

最終，在自我調節學習（Self-Regulated Learning, SRL）階段，

AI 將調節控制權完全交還給學習者。儀表板作為明確參考，使

學習者理解自己的調節狀態，但控制與監控行動完全由學習者負

責。

隨著我們在這些人 -AI 混合調節等級中進行過渡，AI 在控制

調節中的角色逐漸減弱，學習者則被期望獲得 SRL 技能，並在過

程中使用學習者端儀表板作為參考。需要注意的是，學習者主動

發起的自我調節行為在所有混合調節等級中均存在。然而，隨著

時間推移，AI 的控制和支援會逐漸減少，學習者越來越依賴內部

觸發與控制行動。

這種 AI 技術與學習者之間的前向適應性關係，用於培養年

輕學習者的監控與控制技能。在 ALTs 中，這結合了 ALT 的學習

者模型與學習者知識發展的預測分析，以及 SRL 支援需求的新型

過程測量（Dijkstra et al., 2023; 2025）與一致性評估（Ring et al., 
submitted）。雖然 HHAIR 研究仍在發展中，我想簡述一些前向

適應性在實踐中的例子。
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這些不同等級的混合調節由一個新算法覆蓋，該算法專門用

於測量學生的 SRL 支援需求（Dijkstra et al., 2023），並可在練習

過程早期進行預測（Dijkstra et al., 2025）。根據這些預測，可以

選擇不同層級的 SRL 支援。新設計的學習路徑（Learning Path）
App在學習者端儀表板中明確呈現學習者與 AI 之間的過渡過程。

我們發現，學習者從 AI 調節（Dijkstra et al., submitted）與共同

調節（Molenaar et al., 2018; Horvers et al., 2025）中獲益。在共享

調節階段，學習者使用了這些選項，但出現了不同的學習者類型

（Kooi et al., 2025）。

綜合上述，AI 在領域知識與通用技能發展中的角色非常複

雜。我討論了適性學習對學生領域知識發展的正向貢獻，並以數

學 ALT 的例子加以說明。然而，適性學習也可能阻礙學生自我調

節學習能力的發展。我概述了 SRL 的重要性、新的測量與支援方

法，最後展示了如何運用人 -AI 混合調節概念，將適性學習轉化

為適性學習者，以培養學生的自我調節學習技能。

臺灣在數位學習平台、SRL 與數學成就之間關係的開創性研

究（Lin, Kou & Chang, 2025）證實了 SRL 在數學技能發展中的重

要性，以及數位學習平台在促進 SRL 中的中介作用。透過 AI 解
決方案促進領域知識與通用技能的雙向增進，是未來研究的關鍵

領域，也為未來國際合作提供了廣泛的機會。

未來願景：邁向教育中的人 -AI混合協作

最後，我想強調人 -AI 協作的重要性，以及我們需要進一步

深化對此的理解。如前所述，傳統上，教師的角色往往被大大

低估，而人工智慧（AI）常被定位為教師的替代。然而，近期
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的反思重新強調了教師在課堂中協調 AI 技術使用的角色（Ley 
等，2025）。這一觀點與「人 -AI 混合協作」的概念相呼應，強

調 AI 技術不僅是替代，而是增強教師的能力（Molenaar, 2025；
Schneiderman, 2022）。

我們開始理解教師的教學與指導實踐如何在與 AI 技術互動

中發生變化。這種教師實踐與 AI 技術之間的演變關係可以被設

計成有意義的協作模式。貴單位的共同實施計畫正是在做這件

事，即透過組織教師、技術開發者和研究者之間的結構化對話，

使這一轉型過程變得可觀察且可衡量。在這一創新過程中，教師

與技術開發層面的實踐相互生成、共同演化，並被設計為互相強

化。這為課堂教學帶來了全新的轉型途徑與實踐模式。

我將以與會議主題的結合來結束這場演講。

首先，就 AI 技術在課程開發中的角色而言，適應性 AI 技術

能整合不同類型的自適應功能，支持高效且有效的學習，從而促

進學生的領域知識發展。此外，課程自適應應用中，教師與 AI
協作優化學習目標在學年內的順序與時機，也是 AI 技術的重要

應用。學生自我調節學習（SRL）技能的發展，不僅能促進領域

知識學習，也能為未來學習做好準備。AI 技術的新應用可以促進

從 AI 調控到自我調控的過渡，進而發展學生的 SRL 技能。結合

這兩點，我們可以從「適應性學習」推進至「適應性學習者」。

就 AI 在教學創新中的應用而言，研究凸顯了教師在課堂中

協同操作 AI 技術的重要角色。設計一個學生、AI 技術與教師相

互強化的社會技術系統，可以推動教學創新。我指出，為了優化

創新且具變革性的課堂實踐，需要增進對人 -AI 協作的理解。綜

合而言，教學創新可以促成 AI 輔助教師與學習者的教學實踐，

使 AI 成為補充與增強的工具，而非單純的替代。
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雙重途徑對小學及中學的評量與測試具有重要意涵。研究表

明，SRL 是推動學生學業成功的關鍵機制。教師與課程設計者應

善用這類平台的雙重效益：一方面直接提升學業成果，另一方面

透過培養 SRL 間接改善學習表現。領域知識與通用技能都應得到

充分關注，並需要探索形成性與總結性評量的新組合方式。

最後，AI 時代的教師教育面臨挑戰：培養具備扎實教學知識

與技能的教師，使其能在課堂中有效執行教學，並有能力將 AI
技術有意義地整合進教學中。理想情況下，教師能與 AI 協同操

作，找到自身角色與 AI 在支持學習者間的有效任務分工。為此，

教師作為教學設計者的角色需要被明確重視，因為教材與學習環

境的設計越來越融入教學循環（Topali 等，2025）。將教師納入

共設計實踐作為專業發展的一部分，能幫助教師發展新的角色，

這在我所舉的共創與共實施計畫中已有展示。

總結而言，本次演講強調了教師在引導學生沿雙重途徑發展

領域知識及通用技能（如自我調節學習技能）中的關鍵作用。教

師在協同操作這些雙重途徑中扮演重要角色。雖然已邁出第一

步，但仍需要未來研究來優化 AI 輔助下的領域知識與 SRL 技能

發展，並明確定位教師在課堂中有效協同 AI 技術的角色。這些

議題有廣泛的合作空間，我期待在臺灣逗留期間，向各位學習與

交流。
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