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Abstract

This present research is part of alongitudinal study that focuses on understand-
ing the capabilities and affordances of generative artificial intelligence (AI),
especially Large Language Models (LLMs), and how they can be harnessed
to support second language (L2) learning, teaching, and research. Leverating
LLMs’ significant new capabilities that resemble those of human languages, an
LLM-based application is developed to facilitate English language learners’ pro-
ficiency growth in productive skills. Specifically, utilizing the GPT-40 model
by OpenAl, this application guides learners through implicitly constrained
text-based conversations based on learners’ current proficiency level and per-
sonal interests. Further, two individualized feedback mechanisms provided by
the Al drawing on learner output are programmed and embedded in the con-
versation practices: 1) graduated corrective feedback informed by the sociocul-
tural theory of learning to guide learners’ self-identification and self-correction
of errors, and 2) metacognitive reviews to help learners become aware of areas
for improvement according to the detailed proficiency descriptions outlined in
the Common European Framework of Reference for Languages (CEFR). The
research presented here centers on the current phase in this project that aims
to evaluate the quality and effectiveness of the feedback mechanisms, exam-
ine learners’ responsiveness to Al-generated graduated feedback, and assess the
system’s potentials for supporting independent language learning, classroom
integration, and second language (.2) research. The main data sources include
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conversation logs between seven English learners at different proficiency levels
and the Al system over four weeks, and learners’ responses to post-session eval-
uation surveys. Findings from this phase provide important insights into how
LLMs can be utilized to guide conversation practices and provide both per-
sonalized corrective and metacognitive feedback and scaffolding for language
learners. Results emerged from the data analysis so far have informed further
modifications to the feedback mechanisms to enhance their effectiveness and
overall learner experience and led to pedagogical implications for classroom
instruction and independent learning.

Keywords: Dialogue-based CALL, Large language models (LLM:s), L2 pro-
ductive skills, Corrective feedback, Learner-Al conversation

Background

This present research is part of a longitudinal study that focuses on understand-
ing the capabilities and affordances of generative artificial intelligence (AI),
especially Large Language Models (LLMs) and how they can be harnessed to
support second language (L2) learning, teaching, and research. Recent develop-
ments in Al have brought significant changes to language modeling; as a result,
LLMs have acquired significant new capabilities that resemble those of human
languages: zero-shot language generation, in-context learning, and chain of
thought prompting which elicits reasoning (Liu et al., 2023). Leveraging these
capabilities, an LLM-based (GPT-40 by OpenAl) application is developed to
facilitate English language learners’ proficiency development in productive skills
through simulated conversation practices. Drawing on previous developments
and research on dialogue-based Computer-Assisted Language Learning (CALL)
systems (Bibauw et al., 2019), this application is designed to guide learners
through implicitly constrained text-based conversations customized to learn-
ers’ personal interests and proficiency levels informed by the CEFR (Council of
Europe, 2020). Further, two individualized feedback mechanisms provided by
Al based on learner output are programmed on top of the same GPT model
and embedded in the conversation practices: 1) graduated corrective feedback
informed by the sociocultural theory of learning to guide learners through
self-identification and self-correction of errors (Vygotsky, 1987), and 2) meta-
cognitive summary reviews to enhance learners’ planning, self-monitoring, and
self-reflection of their own learning processes and products (Sato, 2022).

A graduated approach to corrective feedback is driven by each individ-
ual learner’s real-time responses to potential errors, which may promote L2
learning in a dialogically and collaboratively constructed zone of proximal
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development (ZPD) (Aljaafreh & Lantolf, 1994). The feedback progresses
from most general and implicit (e.g., asking learners to reexamine a previous
sentence), to most specific and explicit (e.g., directly highlighting the error with
metalinguistic explanations) that help learners self-identify and self-correct
errors in their own output (e.g., Ai, 2017; Poehner & Lantolf, 2013). In the
case of this Al-powered application, such graduated feedback and scaffolding
are implemented via iterative prompting (Wang et al., 2022). After each turn
by the participant, a prompt mechanism is carried out to check whether the
participant’s response contains any error (grammatical, syntactic, or seman-
tic). If correction is required, a process consisting of three mediating levels of
explicitness and hints engages the learners in self-identification and correction
of errors until the correct form is provided.

For the metacognitive summary reviews, the system is instructed to draw
on the detailed description of goals and objectives in the CEFR proficiency
guidelines and each learner’s output during the practice session, and to pres-
ent evaluative summaries and suggestions for improvement. Metacognitive
reviews are delivered at two separate timepoints for each practice session:
1) a midpoint review after a few completed turns and 2) an extended summary
after the session is completed.

The research presented in this year’s International CALL conference
focuses on the current phase in this project that aims at evaluating the qual-
ity and effectiveness of the graduated feedback mechanisms, examining the
characteristics of learner-Al conversational interaction (especially learners’
responsiveness to Al-generated feedback), and assessing the system’s potentials
for supporting independent language learning, classroom integration, and L2
research.

Overview of Methodology

Data Collection

A total of seven participants were selected for this phase of the research. The
participants engaged in extended text-based conversations with the Al agent
at the proficiency levels selected by themselves and were instructed to prac-
tice at least once a week for a month at their own convenience. At the time
of this report, this has resulted in 26 conversations, 91 adjacency pairs, and
182 turns, with proficiency distributions of 3.9% for A1, 23.1% for B1, 53.8%
for C1, and 19.2% for C2 on the CEFR scale. Interaction transcripts between
participants and the Al agent are extracted from the system and converted into
text files for analysis. At the end of each conversation practice session, partici-
pants were prompted to complete a post-session evaluation survey (exit survey)
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to provide their rating and feedback to determine: 1) how the system guided
their language production, 2) helpfulness of the grammar feedback, 3) helpful-
ness of the feedback to communication skills, and 4) the degree to which they
attended to Al-generated target language.

Data Analysis

First, interaction transcripts between learners and the AI agent for all the con-
versation sessions are analyzed qualitatively to explore participants’ moment-
to-moment responsiveness and changes in reaction to the Al-generated
questions and prompts. Second, responses from the post-session evaluation
survey are analyzed both qualitatively and quantitatively to assess the efficacy
of the two feedback and scaffolding mechanisms from the learners’ perspective.

Preliminary Results

While the data analysis is still ongoing, some preliminary results have emerged.
First, participants were able to engage in extended conversations with the Al
agent and were attentive to the Al agent’s prompts to identify and correct their
own errors, with varying degrees and patterns identified in their responsive-
ness. Second, the exit survey responses show overall positive ratings provided
by the participants regarding the quality and helpfulness of the Al-generated

feedback on their overall output, grammar, and communication skills. Further,
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Figure 1. Summary of participants’ ratings to exit survey questions.
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the results support the observations drawn from the interaction data that par-
ticipants would pay attention to the target language generated by the Al agent
and consider it as a useful learning resource (see Figure 1). Meanwhile, some
participants have shared less favorable evaluations on the effectiveness of the
graduated approach to corrective feedback, citing its intrusiveness on the con-
versational flow and excessive focus on form over meaning.

Discussion and Conclusions

Findings from this phase of the study indicate that the LLM-based conversa-
tional Al system can provide personalized feedback and scaffolding drawing on
individual learner’s target language production, which is a significant improve-
ment on one of the major limitations related to natural language understand-
ing presented in previous dialogue-based CALL systems (Bibauw et al., 2019).
However, participants’ mixed reactions to the error correction experience
guided by the graduated feedback imply that the feedback mechanism needs to
be further fine-tuned through prompting instructions. Further, learners’ pos-
itive perceptions regarding the individualized holistic language experience and
the metacognitive review mediated by established proficiency guidelines show
that a system as such can both benefit independent language learning and sup-
port classroom instruction with appropriate instructional design.
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