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Abstract
Generative artificial intelligence (AI) shows great promise for computer-assisted 
language learning (CALL), but its native application may lead to limited ben-
efits. This study introduces LinguaPilot, an innovative framework and online 
platform that integrates generative AI technologies to enhance self-regulated 
learning (SRL) among university-level English as a Foreign Language (EFL) 
learners. Following Zimmerman’s Cyclical Phases Model, LinguaPilot incor-
porates AI features into pre-reading, during-reading, and post-reading stages, 
corresponding to forethought, performance, and self-reflection phases, respec-
tively. In addition, as personalized recommendations and quizzes are two essen-
tial elements in self-regulated learning, this study experimented with various 
optimization techniques and reported the best results, demonstrating effective 
methods for harnessing AI’s potential to improve self-regulated EFL reading. 
Accessible via an intuitive online interface, LinguaPilot makes a tentative ful-
fillment of AI’s transformative role in enhancing self-regulated language learn-
ing and the application of generative AI in EFL reading.

Keywords: Generative artificial intelligence, EFL reading framework, Self-
regulated learning

Introduction
Generative artificial intelligence (GAI) technologies release huge potential 
in computer-assisted language learning. However, the direct application of 
ChatGPT and similar generative AI technologies in language learning, without 
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proper monitoring and control, will produce limited effects. Against this back-
ground, this study proposes an innovative framework and an online platform 
named LinguaPilot, which incorporates generative AI technologies to guide 
English as a Foreign Language (EFL) learners at the university level in fostering 
self-regulated learning capabilities.

Aligned with the Cyclical Phases Model proposed by Zimmerman (1996), 
the framework integrates the generative AI features into the three integral pro-
cesses of reading—namely, pre-reading, during-reading, and post-reading—
which correspond with the forethought, performance, and self-reflection 
phases, respectively. In addition, inspired by the roles of AI interventions in 
stimulating self-regulated learning (SRL) processes proposed by Järvelä et al. 
(2023), we identified three roles in AI-assisted self-regulated reading (assistants, 
tutors, and peer learners) and implemented them in the framework. Prompt 
engineering, fine-tuning, and multiple-agent techniques for text complexity 
classification and question generations are compared to gain the best methods, 
and the practical implications for leveraging large language models (LLMs) in 
self-regulated EFL reading are also discussed. 

Description of the GAI-based Framework for 
Self-regulated Reading
Reading is an essential activity in language learning, but it isn’t easy to use 
LLMs like ChatGPT to cover the whole gamut of the reading. LinguaPilot, a 
dedicated web-based online reading platform based on the theoretical frame-
work of self-regulated learning, has been developed to guide and monitor the 
reading activities of EFL learners, as shown in Figure 1. 

This framework provides comprehensive support for self-regulated learn-
ing and is designed based on the previous empirical studies that demonstrated 
the potential of advanced learning technologies for supporting self-regu-
lated learning, including learning analytics dashboard, goal-setting support, 
self-assessment activities, initiating reflection, and personalized recommenda-
tions as categorized by Radović et al. (2024) more efficient learning progress, and 
other non-academic benefits than those who do not. However, students often 
have poor self-regulation practices, lack reflective thinking, and fail to monitor 
their learning against defined goals. Therefore, a variety of advanced learning 
technologies and features have been developed to support students with regu-
lation. Nevertheless, the optimal level of regulation support and the most effec-
tive combination of these features remain unestablished in the existing research 
literature. Therefore, this study employs quantitative research to examine the 
effectiveness of two learning environments with different levels of self-regulation 
support (less and more. In particular, personalized recommendation is achieved 
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partially via an optimized text complexity classification algorithm and quizzes in 
the self-assessment activities are generated by GAI.

In addition, in the framework, a chatbot backed by GPT3.5 (OpenAI, 
2023) from OpenAI API is used to assist learners when they have doubts about 
reading materials, help them analyze sentence structures, and translate difficult 
sentences into their native language. Apart from using the system prompts to 
define the role of LLMs as assistants, tutors, and peer learners, the framework 
optimized the text complexity classification algorithm and question generation 
for self-assessment through multi-agent architecture (Durante et al., 2024).

As stated in the input hypothesis (Krashen, 1977), learners improve their 
language skills by understanding the slightly more complex input than their 
current proficiency level. The majority of EFL learners in Chinese universities 
need to sit for CET4 (College English Test Band 4), CET6 or TEM4 (Test for 
English Majors, Band 4) and TEM8 exams. To recommend suitable reading 
materials, we applied fine-tuning on deep learning models with a dataset of 
1320 articles, consisting of articles from authentic exam materials and study 
guides. Then, we trained the deep-learning models with that dataset. Through 
extensive experiments, we found that the model fine-tuned with RoBERTa-
large (Liu et al., 2019) achieved the highest accuracy at 81% with three diffi-
culty levels (CET4, CET6, and CET8), better than the supported vector 
machine models, random forest models, and XGBoost models trained with 
the features based on the syntactic complexity features (Lu, 2011, 2017) or the 
comprehensive features extracted by Lingfeat (Lee et al., 2021). In addition, 

Figure 1. Architecture of LinguaPilot.
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large language models, such as Llama3 (Touvron et al., 2023), an open-source 
LLM released by Meta, or ErnieBot 3.5-8K (Sun et al., 2019), a closed-source 
LLM released by Baidu, performed rather poorly in this difficulty classification 
task, with the accuracy below 50%.

Good self-assessment questions are important for learners to monitor their 
understanding of reading materials. To improve the quality of the generated 
questions, the framework proposed a multi-agent method for question gener-
ation. In the multi-agent method, one question writer agent and one question 
reviewer agent were used, in which the question reviewer agent would review 
the questions and give suggestions or criticism for the question writer agent to 
rewrite the question distractors. We have conducted experiments with Qwen 
(Bai et al., 2023), a large language model (LLM) released by Alibaba, including 
its variants qwen_plus and qwen_max. Inspired by the practice of using LLM 
for judging LLM (Zheng et al., 2023), we scored the generated results by using 
GPT4o, a powerful LLM released by OpenAI. Twenty articles from CET4 and 
CET6, 10 for each, were randomly sampled from the exam dataset. Then, we 
prompted the two LLM models to generate five questions for each article and 
also four options, including three distractors for each question. The quality of 
questions was evaluated on a scale from 1 to 10 in three dimensions: Fluency, 

Table 1. Comparison of question generation results

Model Total 
Questions

Fluency 
Mean(SD)

Semantics 
Mean(SD)

Relevance 
Mean(SD)

Plausibility
Mean(SD)

Reliability
Mean(SD)

qwen_max + 
guidelines + 
agent

86 – – – 2.80(1.09) 2.76(1.05)

qwen_
max + 
guidelines

75 10(0) 9.53(0.50) 9.99(0.12) 2.65(0.94) 2.63(0.93)

qwen_
max + agent

92 – – – 2.91(1.11) 2.86(1.09)

qwen_max 80 10(0) 9.60(0.52) 9.91(0.48) 2.73(0.95) 2.70(0.93)

qwen_plus + 
guidelines + 
agent

100 – – – 3.06(1.22) 2.98(1.19)

qwen_plus + 
guidelines

92 10(0) 9.49(0.50) 9.95(0.23) 2.97(1.33) 2.89(1.32)

qwen_plus + 
agent

95 – – – 2.85(1.20) 2.78(1.18)

qwen_plus 87 10(0) 9.47(0.52) 9.92(0.41) 2.72(1.21) 2.68(1.16)
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Semantics, and Relevance, as proposed by Zou et al. (2022). In addition, the 
quality of the distractors was scored on a scale from 1 to 5 against plausibility 
and reliability (Haladyna et al., 2002; Pho et al., 2014). As shown in Table 1, 
the two LLM variants, qwen_plus and Q qwen_max, failed to generate the 
exact number of questions (100 in total) for the 20 articles. Although feedback 
from the reviewer agent led to an increase in the total number of questions, they 
still fell short of the required count. For distractor generation, all models with 
reviewer agents performed better than their counterparts, i.e., corresponding 
no-agent models, which demonstrated the effectiveness of the agent method. 

Conclusion
This study demonstrates the pivotal role of generative AI technology in 
assisting EFL learners with reading, particularly within the context of learner 
autonomy. Based on the theoretical framework of self-regulated learning, this 
study weaved the principles of theory into the design and implementation of 
an online reading platform, with considerable efforts in algorithm optimiza-
tions to meet the specific needs of Chinese EFL learners. However, this study 
focuses on the technical details of the implementation of LLM as a pilot in 
self-regulated reading. In future, empirical studies should be conducted to 
ascertain the effectiveness of this framework in real-world scenarios. 
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Abstract
To keep up with the changes brought by technological advances and sur-
rounding social situations, many language teachers around the world have 
been turning to online teacher communities formed on various social media 
platforms, including Facebook, as a source of professional and emotional sup-
port. In particular, the popularity of online teacher communities heightened 
during the COVID-19 pandemic when many language teachers around the 
world were forced to temporarily shift to remote teaching. While the pan-
demic has waned and in-person classes have largely resumed, many teachers 
are now grappling with a new challenge: Understanding the role of ChatGPT 
and other generative AI technologies in the language learning classroom. As 
such, teachers in the post-pandemic era appear to be joining newly established 
ChatGPT-focused online teacher communities to explore how generative AI 
technologies can be utilized for educational purposes. The main objective of 
this ongoing research is therefore to understand how language teachers can 
capitalize upon self-generated ChatGPT-focused online teacher communities 
as a means of learning about how to use ChatGPT in educational settings. 
Employing a mixed-methods research design, data were collected via online 
observations of a self-generated Facebook group consisting of teachers who 
were interested in learning about ChatGPT and self-reported instruments, 
including a questionnaire and in-depth interviews with language teachers. The 
findings are discussed in terms of the potential benefits and drawbacks of lever-
aging a ChatGPT-focused online teacher community on Facebook as a way of 


