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Abstract

Self-directed language learners increasingly turn to large language
models (LLMs) for assistance, but face the challenge of deciding
what learning tasks to delegate to LLMs and how. While prior
research has examined the effectiveness of LLM in improving lan-
guage proficiency, less is known about how learners negotiate
agency and what values guide delegation strategies. To address this
gap, we conducted a two-part study: an analysis of discussions in
the r/languagelearning subreddit to map learners’ LLM usage pat-
terns and factors driving delegation, followed by a technology probe
study where learners designed learning activities and experimented
with LLM support. Our findings reveal three key considerations
influencing delegation: accuracy, independence, and authenticity.
We analyze these considerations through two types of obstacles:
selection challenges in choosing appropriate strategies and execu-
tion challenges in following through on intentions. These insights
inform the design of AI-assisted learning systems that preserve
learner agency while supporting diverse learning goals.
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1 Introduction

Self-directed learning refers to a learning approach in which learn-
ers design their own learning journey, encompassing planning,
execution, monitoring, and evaluation. Compared with traditional
instructor-centered education, this approach offers learners greater
freedom and flexibility to pursue their individual preferences, but
it also places greater responsibility and risk on them for learn-
ing outcomes. This responsibility intensifies in foreign language
learning, one of the most popular yet most demanding domains
for self-directed learning. Language proficiency spans multiple
skills: vocabulary and grammar knowledge, reading and listening
comprehension, speaking and writing production. Self-directed lan-
guage learners must manage multiple learning threads that require
different resources and strategies, which they often lack without
institutional guidance.

The recent rise of large language models (LLMs) has opened
new opportunities for self-directed language learners by provid-
ing unprecedented access to personalized explanations, instant
feedback, and practice opportunities. Yet successful integration
depends on how learners construct delegation boundaries: what
tasks they delegate to LLMs and what they retain for themselves.
However, constructing effective boundaries poses significant chal-
lenges. Building on prior work examining discrepancies between
strategic knowledge and action [25], which distinguishes media-
tion deficiency (lacking knowledge to identify beneficial strategies)
from production deficiency (knowing what’s beneficial but fail-
ing to apply it), we identify analogous challenges in LLM-assisted
learning. Selection challenge arises when learners unreflectively or
mistakenly choose suboptimal delegation strategies that undermine
their learning goals. Execution challenge occurs when learners know
what they should do but struggle to implement their intentions.

Language learning systems aim to help address these challenges,
but effective designs require understanding how learners reason
about delegation—which activities they view as essential to retain,
which they willingly offload to LLMs, and what values guide these
distinctions. Designing learning assistance without these founda-
tions may impose assumptions that override learner autonomy and
fail to support the diverse goals that motivate individual learners.
Yet existing approaches have focused primarily on technological
novelty (e.g., LLM capabilities for language learning assistance) [61]
or on validating educational values in teacher-mediated settings.
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How self-directed language learners construct and maintain delega-
tion boundaries remains underexplored. To provide this foundation,
we conduct a two-part study that addresses the following research
questions:

• RQ1: How do self-directed language learners construct dele-
gation boundaries in LLM-assisted learning?

• RQ2: What underlying values and learning contexts shape
these delegation strategies?

To explore the decision space and major rationales for LLM-
assisted language learning, we analyzed online community discus-
sions on the r/languagelearning subreddit of Reddit, one of the most
active communities for language learners. Our analysis revealed
five major tasks where language learners leverage LLMs: planning,
conceptual explanations, language input practice, language out-
put practice, and evaluation. Learners expressed diverse opinions
on the appropriate use of LLMs, and these decisions were largely
shaped by three central considerations: accuracy, independence,
and authenticity. accuracy issues are especially critical in the
learning context, where users often lack the ability to reliably dis-
cern hallucinations. Independence concerns arise because LLM
delegations may undermine learning by replacing the deliberate ef-
fort required for skill development. Finally, authenticity emerged
as a consideration unique to language learning, as learners view
human communication as a central element in language use.

Building upon these findings, we conducted a technology probe
study to collect and analyze individual processes of LLM involve-
ment that could not be fully captured through online discussions.
Our agent design and customization were informed by the dele-
gated tasks and the decision space of Reddit users. The interview
questions were designed based on the tensions surrounding the
three considerations. After completing three learning sessions with
LLM support provided by the probe system, they were interviewed
on their overall LLM usage strategies and their desired forms of
assistance. From the study results, we derived insights on how the
three key considerations interact with individual contexts to shape
delegation decisions. While the participants were well aware of
the hallucination risks, their reactions were greatly influenced by
individual learning priorities. Participants were generally confident
in their ability to maintain independence, but were troubled by
the additional burden of learning design and control. Participants
showed mixed opinions and reactions towards the authenticity of
LLM interactions. We interpret these findings under the framework
of execution challenge and selection challenge, then provide design
implications to help handle these difficulties.

This study presents the following contributions to the field of
HCI:

• We reveal how self-directed language learners construct
AI delegation strategies by balancing multiple considera-
tions such as accuracy, independence, and authenticity
within their individual contexts.

• We propose design implications for AI-assisted language
learning systems that help self-directed learners make dele-
gation decisions aligned with their individual learning con-
texts and personal goals.

2 Related Work

2.1 Self-Directed Learning in Languages

Self-directed learning (SDL) emerged to capture the uniqueness of
the learner-centered learning experience, as opposed to the tradi-
tional research focus of pedagogy and instructor-centered educa-
tion [8]. Knowles defines SDL in the broadest sense as “a process
in which individuals take the initiative, with or without the help
of others, in diagnosing their learning needs, formulating learn-
ing goals, identifying resources for learning, choosing and imple-
menting appropriate learning strategies, and evaluating learning
outcomes [39]”. SDL differs with self-regulated learning (SRL) in
that SDL highlights learner autonomy over the whole learning jour-
ney (setting objectives, selecting resources, evaluating outcomes),
whereas SRL emphasizes ongoing regulation of strategies and effort
within a given task or curriculum [52, 55]. While SDL may involve
SRL processes, SDL provides a more comprehensive model for un-
derstanding learners who take agency over their own learning.

While SDL does not necessarily exclude instructor or institu-
tion guidance unlike in informal learning, learners assume primary
responsibility as decision-makers throughout their learning pro-
cess [91]. This creates additional metacognitive burdens for self-
directed learners, as they assume dual roles: learners of the target
content and architects of their learning process [20, 65]. These
metacognitive demands intensify in language learning contexts as
the domain’s complexity requires learners to coordinate multiple
skill areas of reading, listening, speaking, and writing simultane-
ously [31, 85]. These skills demand distinct approaches, resources,
and strategies, introducing a new decision space for learners to
navigate. Learners should evaluate their current status, decide on
priorities, and adopt appropriate resources or strategies for dif-
ferent skill areas based on their individual goals, strengths, and
progress [73].

The complexity of these decisions has intensified in modern dig-
ital learning environments. Initially, the major obstacle in SDL was
resource scarcity compared to traditional teacher-led classrooms.
However, the digital revolution has transformed this landscape from
one of resource scarcity to one of choice overload. Modern self-
directed language learners now face an array of learning platforms,
tools, and resources, each offering different approaches to language
acquisition [15]. According to Candy, SDL is not just a process of
learning the subject matter, but also a goal [13]: learners should
cultivate metacognitive learning skills and self-determination [58].
Ironically, this proliferation of tools may undermine the develop-
ment of learner autonomy when learners become overwhelmed by
choice or dependent on external guidance. This tension intensifies
when powerful AI tools enter the learning ecosystem, fundamen-
tally transforming the nature of decisions learners must navigate.
Our work aims to provide foundation for designs that not only
target language learning efficiency but also aims to assist users in
taking agency of the learning process. This calls for an alternative
approach that focuses on the decision making process within a
more open-ended system without strong interventions.
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2.2 LLM integration in Self-Directed Language

Learning

The term computer-assisted language learning (CALL) first emerged
in 1983, and went through three phases: behavioristic, cognitive,
and integrative [83]. Beginning as simple drill-and-practice pro-
grams for habit formation (behavioristic phase), CALL has evolved
with advances in computer technology and educational theories,
moving to interaction-focused conversation exercises (cognitive
phase) and then to a more socio-cognitive view (integrative phase).
The introduction of artificial intelligence technology led to new
attempts, known as intelligent tutoring systems (ITS), which aim
to approximate the benefits of individualized human tutoring in a
scalable, computer-based form [56]. ITS draws from learning sci-
ence and cognitive theories to provide a pedagogically effective
learning process. A good example is the cognitive tutor, designed
based on Anderson’s Adaptive Control of Thought-Rational (ACT-
R) theory [4].

After the arrival of LLMs, the field of language learning has
been enthusiastic to explore the potential of the new technology.
While previous approaches were pedagogically reliable, the highly
structured systems were limited in terms of individual adaptability
and natural language processing performance. Integrated AIs were
often task-specific with limited roles in the learning process [14].
Student-to-AI interaction was uncommon in AI-based language
learning systems as they focused on teacher-AI interactions or
unidirectional output from AI to students [14]. The introduction of
versatile LLMs fundamentally transformed this landscape, shifting
decisions from “which specialized tool for which task?” to “what
should I delegate to this multi-purpose AI?” LLM’s ability to adapt
and personalize interactions improves language learning outcomes
by sustained engagement and tailored assistance [2].

LLMs serve multiple roles in language learning [42, 89]: as tu-
tors guiding writing iterations [7], supporting formal language
learning [67]. Other common directions involved LLMs as feed-
back providers evaluating student outputs and suggesting improve-
ments [6, 29] and as generators of customized learning resources [48,
49], including short stories [34] and technical terms [1]. LLMs also
provided higher-level support, such as setting personalized goals
and detailed lesson plans [30, 44, 49].

However, language learning with LLM assistance entails new
risks and concerns. The major concerns include output quality is-
sues, such as inaccurate information [1, 26, 51], and bias toward
standard language [62], which require learners to develop fact-
checking and evaluation skills [35]. Li et al. identify structural
challenges, including a “learning optimization gap” where learners
struggle to leverage LLM affordances and a “knowledge compre-
hension gap” between AI-generated content and learners’ inte-
gration capacity [43]. Cognitive offloading remains a persistent
challenge [42] as students often focus on LLM outputs rather than
skill development [1, 54, 86]. There was also evidence of LLMs fre-
quently falling short in motivation[1, 29], engagement [34, 54, 86],
and practice opportunities [34, 87]. These challenges develop into
a complex decision-making problem: when using AI assistance,
writers face a dilemma between imitation for learning and pla-
giarism [84]. Weaker writers often failed to maintain balance and
overrelied on AI, hindering the development of foundational skills.

The main challenge of self-directed language learners in using
LLMs, therefore, is not on boolean adoption of LLMs, but on deter-
mining the optimal delegation boundaries that preserve learning
effectiveness while leveraging AI capabilities [28]. This navigation
involves developing meta-AI skills like prompt engineering and
output evaluation [68] and working within institutional guidance
frameworks [49]. In the face of these challenges, self-directed learn-
ers must balance immediate AI benefits against the SDL goal of
developing autonomous learning capabilities [32], without institu-
tional scaffolding to guide their choices. While AI systems targeting
these learners aim to assist LLM management and learning opti-
mization, their design requires an understanding of the natural
preferences and decision-making of their users.

However, current research remains limited in its examination
of learner-side decision-making regarding LLM utilization in self-
directed language learning, especially how learners develop and
justify task-wise delegation boundaries. B. Li et al. interviewed
YouTubers who own language learning channels to examine how
ChatGPT redefines self-directed learning, extending Song and Hill’s
SDL framework [70] to include both local factors (personal traits
and adaptive learning processes) and global factors (evolving AI
technology and sociocultural contexts) [44] that influence college
students’ SDL. Z. Li et al. build upon Garrison’s model of SDL [27]
to investigate the general motivation, self-management strategies,
and self-monitoring strategies of self-directed language learners in
ChatGPT use [47].

Although acknowledging task-related perceptions, these studies
do not explore how learners actively construct delegation bound-
aries through contextual reasoning about individual situations and
values. Designs without knowledge of natural usage boundaries
may deviate from actual needs, compromise learner agency, and,
as a result, undermine individual goals. In this study, we aim to
provide an empirical analysis of the delegation decision-making of
self-directed language learners to inform future designs of LLM-
based language learning assistance.

2.3 LLM Delegation Strategies and Frameworks

The versatility of LLMs has attracted much research interest for
delegation frameworks in general domains. Unlike task-specific
tools with fixed functions, LLMs enable users to dynamically adapt
delegation patterns based on context [60, 81]. Lubars and Tan [53]
proposed a foundational framework for understanding task dele-
gability, identifying four key factors: motivation, difficulty, risk,
and trust, with trust emerging as the most critical factor and users
preferring human-in-the-loop designs over full automation.

Recent studies have shown how people manage this complex-
ity through selective delegation principles based on their mental
models. Users readily delegate information-seeking tasks while
maintaining control over complex analytical work [37, 53, 69, 77].
Buçinca et al. [12] demonstrated that people develop general heuris-
tics about delegation decisions, though cognitive forcing functions
are needed to prevent overreliance on inaccurate outputs. Lai et
al. [40] introduced conditional delegation, where humans create
explicit rules to define trustworthy regions of AI models, enabling
scalable yet selective automation for high-volume tasks.
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However, there exist deeper tensions that complicate AI use
strategies. Tankelevitch et al. [72] found that generative AI systems
impose significant metacognitive demands, requiring users to bal-
ance the benefits of automation with the cognitive effort required
for effective use. They term this as the “efficiency-effectiveness ten-
sion”, the trade-off between immediate task completion and genuine
skill development. Other studies call for a more value-sensitive ap-
proach. Zhu et al. [90] demonstrated that algorithmic systems must
balance multiple stakeholder values and trade-offs, while Lee et
al. [41] showed how participatory frameworks can navigate equity-
efficiency tensions. We adopt these value-sensitive approaches to
examine self-directed language learning, where delegation deci-
sions involve navigating multiple tensions without institutional
scaffolding.

3 Study 1: Language Learners’ Online

Discussions on LLMs

As an initial observation of the learner-side practices in self-directed
language learning, we aimed to understand language learners’ per-
ceptions of LLMs and their adoption patterns in language learning
contexts. To this end, we conducted an exploratory analysis on the
r/languagelearning subreddit [64]. The overall process is depicted
in Figure 1.

3.1 Contexts and Settings: Reddit Community

of Language Learners

Reddit is one of the largest online community platforms, com-
prising numerous topic-based subreddits, and as of July 2025, the
r/languagelearning subreddit is ranked in the top 1%. Compared to
other communities, such as YouTube, Reddit is unique in that its
posts center on critical discourse, where users deliberate on LLM
use, debate conflicting values, and make conscious decisions about
adoption or rejection. Through a sweeping analysis of discussions
on LLM usage in language learning, we aim to identify a set of tasks
learners often delegate to LLMs and surface key considerations that
complicate LLM adoption.

3.2 Data Sampling and Study Procedures

We collected public posts from January 2025 to June 2025, as the
rapid improvements in LLM performance may easily render pre-
vious experiences with the technology outdated. The data dumps
of all posts and their comments were provided by Project Arctic
Shift [5]. Posts removed by moderators or the submitter were ini-
tially filtered out, as their content was no longer reliably accessible
for analysis. Filtering the posts that contain at least one of the LLM-
related keywords yielded 457 posts with 6483 comments. Note that
our keywords included much broader terms, such as “AI”, since
most community members did not differentiate between LLMs and
general AI when discussing LLM usage, likely due to lesser pub-
lic familiarity with the term “LLM”. While we acknowledge the
distinction between LLM and general AI terminology, we respect
the original phrasing in quotes and use the terms interchangeably
where it reflects the community’s usage, except where a distinction
is necessary for clarity.

We further refined this pool by excluding those with more than
70% of their comments that did not contain any of the keywords.

This was to prioritize posts that discuss LLM as a central topic. Posts
without comments were still included in the analysis. We further
excluded non-English posts, discussions regarding non-LLM AI,
and posts selected by false keyword matches such as “j’ai” (‘I have’
in French) matching “AI”. This resulted in a total of 191 posts(Table
1). Among the 1614 comments to these posts, 777(approx 48.1%) con-
tained any of the keywords(Table 2). Before analysis, any identify-
ing details, including the usernames, were removed or anonymized
from both posts and comments. Any quote cited in this section is
paraphrased to prevent identification of original sources through
search engines.

3.3 Data Analysis

We adopt the reflexive thematic analysis (RTA) method demon-
strated by Braun and Clarke [9, 10], a qualitative analysis method
with theoretical flexibility and a constructionist focus. The first
author initially familiarized themselves with the community and
the data by browsing AI-related posts and community guidelines
on AI usage. Removing non-English posts and false matches also
involved a thorough reading of the collected data, which helped
further familiarization. Next, the first author initially coded the data
with a focus on tasks (RQ1) and rationales (RQ2) for the use and
non-use of LLMs. Although the post-comment structure was pre-
served for analysis, the two types of text were merged and analyzed
together with a shared code pool. The themes from the resulting
codes were iteratively developed and defined through discussions
between the authors.

4 Findings from Study 1: Online Community

Discussions

To understand the considerations that shape learners’ delegation
decisions, we first established the common task space observed
in LLM use cases. Then we examined the underlying dimensions
along which community members evaluated LLM delegation. From
online discussions, we identified three major value dimensions
that guided these decisions: accuracy, independence, and au-
thenticity. These dimensions capture how learners justified or
rejected delegation, reflecting not just practical trade-offs but also
the fundamental values they attached to the learning process itself.

4.1 Task Taxonomy for Language Learning with

LLMs

We provide an overview of the tasks by category to sketch the
decision space, drawing on subreddit discussions of which lan-
guage learning tasks were appropriate for LLM use. To understand
the tasks in the context of self-directed learning, we adopt Zim-
merman’s model of self-regulation in learning [92]. This cyclic
model consists of three phases: forethought, performance, and self-
reflection. To differentiate the externalized tasks from the internal
phases, we derive the planning task from the forethought phase
and the evaluation task from the self-reflection phase. We further
subdivide the performance phase to capture distinct learning areas
in language learning: conceptual explanations, language input
practice (e.g., reading and listening), and language output prac-

tice (e.g., speaking and writing). Together, this taxonomy outlines



Good Fences Make Good Learning: How Self-Directed Language Learners Navigate LLM Delegation Decisions CHI ’26, April 13–17, 2026, Barcelona, Spain

Reddit Data  
r/languagelearning


from 01/2025

to 06/2025

Reflexive

Thematic 
Analysis 

with comments

14,227 posts 7,623 posts 457 posts 204 posts 191 posts

exclude  
deleted post

exclude 

posts without 

LLM keywords

exclude 

posts with


> 70% comments

without LLM keywords

exclude 

irrelevant posts 

manually

Figure 1: Study 1 process overview. The study was based on the Reddit posts and comments of r/languagelearning from January

2025 to June 2025. The data sampling process was designed to sample the posts that have LLMs as their main topic and resulted

in 191 posts. These posts, along with their comments, were analyzed using the reflexive thematic analysis method.

the space of possible language learning with LLMs. The overview
of the tasks can be found in Figure 2.

4.1.1 Planning. Though less common than other tasks, some learn-
ers shared their experiences using LLM assistance to manage learn-
ing content and execution that are not directly related to any of the
previously discussed activities. One learner shared their prompt to
generate and execute lessons tailored to specified learning needs
and conditions, including neurodiversity supports. Another men-
tioned that they believed AI could help them decide which resource
or learning method to use when there are too many options.

4.1.2 Concept Explanation. One direct application of LLMs is using
them as language tutors to fill gaps in their understanding. Usage
patterns included requesting full explanations of certain concepts
or asking context-specific questions that arose while studying other
outside materials. Topics ranged from fundamentals, such as vocab-
ulary definitions and grammar rules, to more exploratory topics,
including the cultural backgrounds behind language use.

4.1.3 Language Input Practice. LLM was often a solution to pre-
pare resources for language input practice. Some learners generated
entirely new materials, while others would employ LLMs to curate
existing articles, books, videos, or songs. A hybrid approach in-
volved rewriting and adjusting existing content based on individual
preferences. This included adaptations made to improve out-of-
date, overly formal, or inconsistent materials. In all cases, LLMs
were favored for their ability to prepare for a custom level, topic,
or learning focus.

4.1.4 Language Output Practice. Another popular method was to
use the LLM as a practice partner for language output, such as speak-
ing and writing. In practicing conversations, LLMwas usually asked
to assume the role of a native speaker to talk to. While traditionally
done through text-based chat, the introduction of speech-based
modes, including ChatGPT’s advanced voice mode, has also made
LLM-assisted speaking practice easily accessible. For writing ex-
ercises, LLMs were often used to generate writing prompt ideas.
Learners would also come up with more engaging activities, such
as role-playing games, text-based adventures, and guessing games.

4.1.5 Evaluation. The output practice using LLMs was often com-
bined with personalized feedback from LLMs. Learners would ask
for varying improvements in their language use, asking LLMs to
point out grammatical errors, suggest alternative ways the natives

would use in real life, and come up with more advanced words
and expressions to further push their boundaries. Alternatively, the
learners also requested an overall evaluation of their proficiency
levels and an analysis of their weak points to help monitor their
progress and determine their next learning focus.

4.2 Accuracy: Considerations in General

Usages

As in other general tasks involving LLMs, the risk of inaccurate
responses and hallucinations was the most serious concern of LLM
usage in language learning. Community members noted that false
information would be conveyed without transparency regarding
accuracy or confidence levels. “It’s like 85% solid, but the other
15% is just straight-up nonsense said with total confidence.” They
attributed this to the underlying mechanism: LLMs generate real-
istic answers without actually understanding the language. Users
noted that it is particularly problematic in learning, as learners of-
ten lack the proficiency necessary to identify errors. For those who
opposed LLM use, this was often the cause of their apprehension,
which significantly contributed to their withdrawal. In language
learning contexts, users also identified more subtle quality issues in
LLM-generated content. While not grammatically incorrect, LLMs
are reported to fail to accurately reflect actual language use. This
led to concerns about the possibility of ending up “talking like an
AI”.

To cope with the limitations of their knowledge, learners often
actively evaluated the quality of LLM output. One strategy was
to test using their native language, which they could judge with
confidence. Those who have access to teachers or native speakers
often ask them to validate LLM outputs, adjusting their trust lev-
els accordingly. The online community also provided support, as
members actively shared their experiences of identifying errors
that contradicted their prior knowledge or previous LLM outputs,
thereby building a shared understanding of AI capabilities. They
acknowledged the varied performance across target language, pro-
ficiency level, and model type, and actively sought information
tailored to their individual needs.

As they make judgments on the reliability of LLMs, they find
themselves in a trade-off: should they endure the risks of inac-
curate information for the sake of efficiency in time and effort?
Language learners find different points of balance depending on
their tolerance levels. On one end, some users believed “AI could
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Table 1: Number of Resulting Posts and Comments for Each Month

JAN FEB MAR APR MAY JUN Total

Posts 14 12 25 28 55 57 191

Comments 81 15 182 186 579 571 1614

Total 95 27 2071 214 6342 628 1805

1March 16th: the community restriction on all AI-related posts was lifted [76]. This rule was meant to prevent the community
from being flooded with duplicate questions and promotions of low-quality AI-based apps.
2April 28th: CEO of Duolingo, a popular language learning app, announced to go “AI first” [23]. This sparked active debates on
using AI-based language learning apps.

Table 2: Number of Posts and Comments Containing Each Keyword

Categories Keyword
1

Posts Comments Total

LLM 8 59 67
LLM

language model2 0 6 6
AI 150 575 725
IA3 3 2 5
artificial intelligence 0 4 4

Related

generic

terms

chatbot 6 24 30
ChatGPT 40 176 216
GPT 18 41 59
Gemini 7 26 33
DeepSeek 2 6 8
Claude 1 7 8
Copilot 0 8 8
Grok 0 7 7
Perplexity 0 4 4
LLaMA 0 1 1
Qwen 0 0 0

Major

LLM-

powered

agents

Bard 0 0 0
Any of the keywords 191 777 968

1Including their capitalized/plural forms and occurrences that are separated by symbols or numbers (e.g., GPT4, gpt-like)
2Catches “large language model” as well.
3Community alternative for AI used to avoid the automatic removal due to the community rule (see Table 1).

not be trusted with anything (related to learning)”, and that they
would “rather go straight to reliable sources than to cross-check
AI outputs.” On the other hand, some users actively used LLMs for
all tasks, either because they believed the error rate was negligible
or because they didn’t expect perfection. Some claimed that with
suitable, detailed prompts, such errors could be minimized and that
the reported errors were rather a user issue. Others pointed out that
every source has a risk of being wrong, as they would say, “humans
make mistakes too,” or “same way it’s foolish to think everything
posted on Reddit is accurate.” Otherwise, they simply couldn’t resist
using it, even knowing it may be wrong, because they “find it too
useful”.

LLM tasks appear to exist along a perceived risk spectrum. For
instance, LLMs were often thought of as unsuitable to ask for eval-
uation, since they will “tell you whatever they believe you want
to hear” without actual judgment. Asking LLMs for detailed ex-
planations was also considered very risky, as learning the wrong
information could be critical. Simple questions, such as word defi-
nitions, were considered to be less likely to be wrong. Generating
grammatical example sentences was thought to be a task that LLMs
are good at. For practice partners, users didn’t consider hallucina-
tions as detrimental, because it was more important that they had
somebody, or something, to talk to. One user advocated using LLMs
for practice, saying, “learning language with a real person costs
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Planning

lesson design 
content and tool choices

suggest activity based on weakness

Forethought Phase Self-Reflection Phase

feedback to improve output

make it natural / advanced / formal

get explanations on why right or wrong

create quiz / evaluate proficiency level

Evaluation

grammar rules, word conjugations

context sensitive definitions

grammatical breakdowns of sentences

slang, cultural backgrounds

Concept Explanation

generate reading/listening materials 

curate or fetch existing materials

rewrite or reformat existing materials

customize level/topics

Input Practice (Reading/Listening)

generate writing prompts

play roleplay scenarios

practice conversations in voice mode

other activities like text-based games


Output Practice (Speaking/Writing)

Performance Phase

Figure 2: Results from Study 1: Task taxonomy for language learning with LLMs, based on Zimmerman’s self-regulation model

in learning. The taxonomy organizes language learning tasks into a three-phase cycle: forethought phase, performance phase,

and self-reflection phase. The performance phase is further subdivided into three categories to capture distinct learning areas

in language learning: conceptual explanations, language input practice, and language output practice. Each phase represents

different types of learning activities that language learners discuss in relation to LLM usage.

a lot... let AI handle the filler work and use humans for the stuff
that actually matters.” More rigorous learners would limit LLMs to
a tool for fetching human-made resources according to a custom
criterion.

4.3 Independence: Considerations in Learning

Context

However, independent task completion offers a distinct value in
learning contexts. Because the goal is not to produce a specific
output but to develop the skills required to build it on their own,
learners should decide which task is essential for them to do inde-
pendently. One of the common arguments was that the skills to
answer the questions and prepare the required management work
is not just an unnecessary overhead, but also a crucial skill required
in learning. This included looking up dictionaries and inferring
meanings from context, as shown in this comment: “You’re also
taking away essential abilities like finding verb forms, word def-
initions, working out what sentences mean, spotting known and
unknown patterns. For what purpose? To understand the text?”

This criticism is not limited to specific tasks such as googling or
searching in textbooks; it generalizes into a classical concern about
cognitive offloading or outsourcing essential learning activities.
There were multiple mentions of probable cognitive skill atrophy,

including critical thinking and communication. One user confesses
that they feel their language skills actually dwindled: “after 2023,
as I‘ve started using ChatGPT and even downloaded the app on my
phone, I wasn‘t able to even remember these phrases (that I actually
had memorized in the last years)”. Others, more favorable to LLM
use, view this as a repetitive argument that would be outdated, as
it has been for previous technologies. One user simply puts, “I’m
sure some cranky old person was also upset when Google Maps
first came out.”

Another classical concern is that because the learning process
naturally demands substantial engagement, attempts to make it con-
venient risk being self-defeating. Simply put, what is easily gained
is easily lost. According to these arguments, creating resources
is a good exercise in itself, and it is not advisable to outsource
it altogether to technology. One user replied to a request for an
image-generation tool as a memory aid, that “the benefit comes
from the actual work of creating them in your head, not just from
the final mental picture.” In deciding where to dedicate their efforts
and what to delegate to LLMs, learners should consider what parts
of learning they believe are central to their learning in terms of
involved skills and mental dedication.
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4.4 Authenticity: Considerations in Language

Learning

In considering LLM assistance, language learning is unique in that
its goal is to communicate with humans. Several Reddit users ex-
pressed discomfort with learning a human language through in-
teraction with a non-human entity. For them, this is a paradoxical
approach (“Why would anyone want a program to teach you how
people actually talk?!”). They believe that AIs lack understanding
of history, culture, and underlying emotions, which makes it non-
sensical for them to teach idioms and phrases rich with cultural
and emotional connotations. As conversation partners, they were
often described as artificial and repetitive. Several users complained
that they have to drive the conversation as LLMs do not take an
active role, or that it is not engaging enough, knowing that LLM
is “pretending to know or care”. Even as tutors, some say it is less
engaging or motivating compared to human teachers.

To others, the non-human aspect of LLM-infused learning is
more of a liberation. The most common pain points in practicing
conversation were, predictably, the lack of native speakers who can
be patient with beginners and can provide feedback and explana-
tions. Online learning communities and direct messaging posed
risks of encountering disrespectful strangers, and it was also dif-
ficult to enforce a desired practice format. As one proponent of
AI conversation said, “they either ignore me completely, insult me
with small spelling mistakes, or just switch to English.” Tutors were
not as affordable, especially for lengthy practices and question-
answering, and they were not as readily available as LLMs.

Social dynamics were one of the main “sparks” of human inter-
action, but also made learning stressful for novices. One common
motivation for using LLMs instead was that they didn’t want to
bother native speakers with small, many, or even ‘stupid’ questions.
While suitable levels of pressure may lead to better engagement, a
fear of judgment or anxiety can negatively impact their willingness
to communicate. Most learners agreed that direct communication
with real people was irreplaceable, but proponents of LLM claimed
to use it as a stepping stone before actually facing native speakers.

5 Study 2: Technology Probe on LLM Use in

Language Learning

While Reddit discussions offered a broad view of how language
learners perceive the usage of LLMs, they often lacked the situated
context of actual learning activities and the detailed rationales and
backgrounds required for an in-depth understanding of learners.
Moreover, such discussions could not surface unconscious consider-
ations that shaped delegation decisions. Therefore, we conducted a
technology probe study that placed learners in a structured yet flex-
ible learning environment to further observe the decision-making
process.

5.1 Context and Settings: Probe Design

5.1.1 Design Goals. Our system is designed as scaffolding rather
than active guidance to preserve learner autonomy in self-directed
learning. The system is built around a familiar chat interface tomini-
mize cognitive burden and preserve the natural environment where
learners use LLMs. The system supports autonomous exploration
of LLM integration without providing explicit instructions.

• DG1: Metacognitive support for self-directed learning.

The system workflow should follow Zimmerman’s model
(forethought, performance, and self-reflection) [92] to facili-
tate deliberate decision-making about task delegation.

• DG2: Scaffolding for LLM utilization. The system should
present the space of usage cases for experimentation, while
reducing barriers to effective prompting.

5.1.2 User Interface. To support DG1, the system comprises a
Setup Page for the Forethought phase and a Learning Page for
the Performance phase of Zimmerman’s model. The Setup Page
scaffolds the Forethought phase through three stages: User Pro-
filing to specify language level and context, Goal Setting (Fig-
ure 3(A)) to define learning objectives and activities, and Activity

Breakdown (Figure 3(B)) to decompose into sub-tasks. This phase
prepares learners to be self-aware of their current status and goals,
and facilitates deliberate decisions about LLM integration. Learners
can optionally consult the LLM during goal setting and planning.

The Learning Page facilitates the Performance phase through a
dual-panel interface that balances goal awareness with active learn-
ing engagement. The Learning Context Panel (Figure 3(C), Left)
persistently displays the learning objectives and activity plans es-
tablished during Setup, serving as a constant reminder that supports
self-monitoring, a key component of Zimmerman’s Performance
phase. The Chat Panel (Figure 3(C), Right) features a chat session
where learners engage with the system through an agent selection
mechanism: either selecting automatic mode, where the system
determines the appropriate agent, or directly choosing from five
specialized agents(planning, input practice, concept explanation,
output practice, evaluation).

The probe also includes an Agent Configuration (Figure 3(D)),
accessible from both the Setup and Learning Page. It allows learners
to customize task-specific preferences and response styles, with
changes applied instantly while preserving the learning context,
thereby reducing the load of formulating requests.

5.1.3 Multi-agent Design. To achieve DG2, the system addresses
a critical challenge: enabling learners to engage in SDL-aligned
interactions with LLMs without requiring expertise in prompt en-
gineering or complex instruction formulation. The system resolves
this through a multi-agent architecture that decomposes common
language learning interactions into specialized agent roles, allow-
ing learners to access appropriate LLM support through intuitive
agent selection rather than manual prompt construction. The sys-
tem implements a root coordinator agent that orchestrates five
specialized agents, analyzing learner requests and routing them
to the appropriate agent while maintaining conversation context
across agent transitions. Learners can either rely on this automatic
routing mechanism or directly select a specific agent through the
interface, preserving their autonomy in choosing support strategies.

The five specialized agents, all powered by the Gemini-2.5-flash
model, are equipped with distinct capabilities and tools tailored to
their roles. The planning agent provides strategic guidance with-
out additional tools, focusing on planning and decision-making
support. The input practice agent integrates web search and file
generation tools (.md, .csv, .docx, .pdf) to create and curate learning
resources, while also accessing the evaluation agent for quality
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Planning agent for optional help

(A) Setup Page: Goal Setting Interface (B) Setup Page: Activity Breakdown Interface

Initial delegation plans

(C) Learning Page

+ Add Activity Plan

Learning Context Panel Interactive Chat Panel

Agent selection

(D) Agent Configuration

Predefined tags

Free-form customization

Figure 3: Probe system overview. (A) and (B) are from the Setup Page that the learners use to specify plans in the initial session.

(C) is the Learning Page interface used in the learning session. (D) is the agent configuration accessible both in the Setup Page

and the Learning Page.

validation. The concept explanation agent combines search ca-
pabilities with file generation to provide accurate grammatical and
vocabulary clarifications with supporting documentation. The out-
put practice agent facilitates interactive exercises and can invoke
the feedback agent to assess learner performance during activities.
The evaluation agent analyzes learner output and can consult the
planning agent for strategic recommendations based on identified
strengths and weaknesses. Each agent shares access to the learner’s
profile, goals, and activity plans established during Setup, enabling
coherent support while preserving the specialized expertise that
makes each interaction effective, without requiring learners to un-
derstand the underlying complexity of the prompt engineering.

5.2 Participant Sampling and Study Procedures

5.2.1 Participants. The participants were recruited from online
community boards of a Korean university and included undergrad-
uate, graduate, and alumni students. The screening survey required
participants to self-report their target language, current proficiency,
and LLM usage to maintain diversity in the participant pool. The
final set of participants consisted of 13 learners of seven differ-
ent languages, comprising seven beginners and eight intermediate
learners. The participants’ basic information is presented in Table 3.

Each participant will be referred to by their participant ID, labeled
with their target language. The study was reviewed and approved
by the University ethics review board, and all participants pro-
vided written consent before participating. The participants were
rewarded with 40,000 KRW (approx. 29 USD) in compensation for
their time.

5.2.2 Initial Session. The initial session consisted of explaining the
study logistics, interviewing participants about their past experi-
ence with learning and LLM, and planning learning activities to
test on the system. This session was conducted either in person or
remotely, depending on the participant’s preference. After receiv-
ing a walkthrough of the study process and signing the consent
form, participants were interviewed for 30 minutes about their past
experiences with language learning and LLM utilization. These in-
terviews were conducted to enable the researcher to gain an initial
understanding of each participant’s background and to help the
participants themselves set a clearer picture of their learning goals,
motivations, and status before planning their self-directed learning
activities. The participants were then guided through the system’s
learning setup phase, as detailed in Section 5.1.2. Although the
learning tasks do not have to be digital or text-based, participants
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Table 3: Overview of Language Learning Tasks Assisted by LLMs

ID Age Gender Target lang. Curr. Lvl.
1

Learning Purpose/Goal

CN1 21 F Chinese A1 For casual conversation
CN2 26 F Chinese B1 For casual conversation
CN3 24 M Chinese B1 For work
DE1 25 F German A1 As a hobby

EN1 29 M English B2 For work
EN2 26 M English A2 For job interview

ES1 20 F Spanish A2 As a hobby

FR1 25 M French A1 For research
FR2 24 F French A1 For job application

JP1 27 F Japanese B1 For media consumption

JP2 30 F Japanese B1 For career change

JP3 28 F Japanese B2 For job / media consumption

RU1 30 F Russian A1 As a hobby

1Self-reported language proficiency levels based on the Common European Framework of Reference for Languages (CEFR),
ranging from A1 (beginner) to C2 (advanced).

Planning

specify goals

design activities

Initial Interview

backgrounds

learning goals

priorities

Initial Session
(1 hour)

Final Interview

role conceptualization

task delegation 
strategies

decison-making 
rationales

Final Session
(1 hour)

Learning Session

(5 min.)

Briefing

review/adjust plans 

LLM usage plans

Forethought

Learning

external tools allowed

Performance
(40 min.)

Debriefing

reflect on chat history

use/non-use rationales

Self-Reflection
(15 min.)

(1 hour * 3)

Figure 4: Study 2 process overview. The study consisted of three phases. The initial session included consent procedures, an

interview about past language learning experiences, and a planning task where participants set goals and designed activities

using the probe system. Each participant then completed three one-hour learning sessions, each comprising a brief forethought

phase (5 minutes), a performance phase of LLM-assisted learning (40 minutes), and a self-reflection phase (15 minutes) to

review LLM use and non-use rationales. The study concluded with a reflective session, a one-hour semi-structured interview.

were asked to focus on the tasks they would want LLM assistance
with most. The initial session concluded with a guided tutorial on
the system’s features, including agent usage and customization.

5.2.3 Learning Session. Each participant had three learning ses-
sions, one for each activity devised in the initial planning. Each
session lasted an hour and was primarily conducted remotely in
their typical learning environment, using their personal comput-
ers. Learning sessions were scheduled on separate days to control
for participant fatigue. While the entire screen was shared with
the researcher for observation, no intervention was made other
than the initial instruction and resolving technical issues during
learning. Participants were asked to use the system to conduct their
learning activities, with the flexibility to modify their LLM usage
strategies as needed. The initial plans, including their LLM usage
strategies, were presented on the left side of the system and could
be modified at any time. During the learning process, participants

were encouraged to experiment with their delegation strategies,
prompts, and agent settings. After 45 minutes of system usage, the
participants were asked to debrief on LLM utilization, explain the
rationales and perceptions of specific interactions, and discuss how
they would modify the strategies, if any.

5.2.4 Reflective Session. The reflective session was an hour-long,
semi-structured interview that examined 1) the participant’s role
conceptualization and task delegation strategies, and 2) their decision-
making rationales, including their opinions on value conflicts sur-
rounding accuracy, independence, and authenticity. The first
author, who conducted all the previous sessions, designed individ-
ual follow-up questions based on each participant’s past quotes and
their interaction patterns.
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5.3 Data Analysis

5.3.1 Log Analysis. The probe logged all learner interactions through-
out the study, including message content, agent selections, and plan
edits. Only learner responses were coded, while the preceding LLM
outputs and the surrounding learning context were referenced to
interpret the meaning of each entry. The log analysis followed a
hybrid coding approach [24]. First, all responses were deductively
classified according to the taxonomy of language learning tasks
developed in Study 1: Planning, Input, Output, Explanation,
and Evaluation. Second, within each category, we conducted in-
ductive, reflexive thematic analysis (RTA) [9, 10] to identify the
tasks learners used to interact with the LLM. Because individual re-
sponses often involved multiple functions, entries were allowed to
receive multiple category codes. The first and second authors were
familiarized with the full log data prior to the analysis. The initial
codes were developed by the second author and then synthesized
into subtasks and tasks through iterative discussions among the
authors.

5.3.2 Interview Analysis. The interviews, briefings, and debriefings
were fully recorded with participant consent and then transcribed
using an automatic transcription tool. The debriefings and the final
interview were the primary targets of analysis. The initial interview
was designed to understand individual backgrounds and contexts,
often containing opinions and experiences in general LLM use or
learning. Initial interviews were coded separately and were used as
supplementary information to better understand excerpts from later
sessions. Briefings served as background context to interpret par-
ticipants’ approaches and logs, but were not systematically coded
or treated as primary data for the results.

The transcriptions of the debriefings and the final interviews
were analyzed using the RTA method [9, 10]. The first and second
authors were familiarized with the full dataset prior to analysis. The
initial codes were developed by the first author and synthesized
into subthemes and themes through iterative discussions among the
authors. Throughout the process, the analysis was triangulated with
the initial interviews, briefings, chat logs, and manual observations
made by the first author during the sessions.

6 Findings from Study 2: Technology Probe

Section 6.1 reports the log analysis of enacted tasks; Sections 6.2-6.4
present interview-based findings along the three value dimensions
guiding delegation decisions, which were first revealed in Study 1;
and Section 6.5 introduces an additional insight about prompting
from the interviews.

6.1 Observed Tasks in LLM Usage

Through log analysis, we identified 19 distinct subtasks across
five top-level categories of language learning activities in Study
1 (Planning, Explanation, Input, Output, and Evaluation).
The occurrences are summarized in Table 4. Learners engaged
with most of the five language learning tasks. Eleven learners used
all five categories at least once during the three study sessions.
The remaining two engaged in four tasks each. Some tasks were
nearly universal. All participants requested explanations. Twelve
learners generated new materials, and twelve also searched for

existing resources. At the session level, these activities were also
dominant. Explanation tasks appeared in 34 of 39 sessions, and
material generation in 25.

Output practice, as defined in Study 1 as the production of the tar-
get language, was less common and narrower in scope. It appeared
only when learners engaged in role-play conversations or writing
tasks. These activities were observed in 11 participants across 19
sessions, whereas input practice was observed in all participants
across 33 sessions. In language learning, output practice is generally
considered more effortful than input [71], and our study similarly
showed that learners engaged less in output practice compared to
input activities.

Evaluation tasks showed greater diversity in both how learners
reflected and what they reflected on. Participants reviewed LLM
outputs, occasionally their own process, but more often asked the
LLM to provide feedback, generate practice problems, or check
proficiency. Reflection, therefore, took multiple forms, but it was
more often mediated through the LLM than carried out as explicit
self-assessment. Overall, the log analysis confirmed that the task
taxonomy from Study 1 captured learners’ practices well.

Table 4: Sub-tasks observed in the probe study logs, grouped

by task. The numbers indicate how many participants (out

of 13) engaged in each sub-task at least once.

Task Sub-task Count

Request Suggestions 6
Accept Suggestions 3
Declare Plan 5
Configure LLM 7

Planning

Choose Content 5
Explanation Ask Questions 13

Generate Materials 12
Search Resources 12
Generate Summary 6
Answer Questions 7

Input

Demonstrate Understanding 5
Conversation 8

Output

Writing 5
Request Feedback 7
Request Practice Problems 9
Request Proficiency Assessment 6
Self-assess Proficiency 4
Reflect on Learning Process 4

Evaluation

Evaluate LLM Output 7
Total participants (N) 13

Note: Each count indicates the number of unique participants who engaged in the
sub-task at least once during Study 2. Multiple codes could be assigned to a single
learner response if it reflected more than one sub-task.
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6.2 Accuracy: Rationalizing by Individual

Contexts

Probe participants provided more detailed rationales of accuracy
assessments based on their learning goals, preferences, and cur-
rent proficiency. All participants were aware of the possibilities
of hallucinations while using LLMs, either from previous experi-
ences in language-related tasks or from other domains in which
they use LLMs. While some believed this risk could be mitigated
through specific prompting, most felt limited in controlling output
accuracy. Managing this “issue of the model itself (CN1)” took the
form of a risk management problem. The participants would assess
the risks, decide the extent to which they could tolerate them, and
determine the optimal areas of use.

Unable to directly judge accuracy due to limited proficiency,
participants relied on indirect assessments: past hallucination ex-
periences in other domains, interaction quality in other languages,
or perceived task difficulty. This would then be connected to the
perceived difficulty of the task. Tasks that involve basic-level lan-
guage, easily available information (e.g., online dictionaries), or
verifiable outcomes were classified as inherently low-risk because
they were considered well-represented in the training data. On the
other hand, ambiguous grammar rules or subjective tasks related to
style or appropriateness were considered higher risk and required
more scrutiny.

While participants in the probe studywerewell aware of the risks
of inaccuracy, they differed most from Reddit members in their will-
ingness to tolerate errors. Casual learners constructed a pragmatic
reasoning where communication effectiveness was prioritized over
precision. They rationalized their error tolerance by the fact that
minor mistakes did not impede their core goal of communication,
making additional verification an inefficient use of limited time
and effort. Learners with more serious motivations either thought
the risk was negligible at their current level of proficiency or that
they would eventually correct themselves as they learned more.
The participants reasoned that they would validate the outputs in
more serious use cases, as with JP1, who used a dedicated translator
to cross-check LLM outputs before sending messages in Japanese,
but considered learning scenarios as a low-stakes situation. DE1
associated her tolerance with learning preferences. “Right now I
just read through it once or twice, maybe three times, say it out
loud, and go ‘oh okay, there’s this rule’ and move on. ... analyzing
everything precisely and memorizing it all before moving forward,
then for that kind of user it would probably be more critical.”

In the initial interviews, most of the participants shared their
experiences of hallucinations and how it was necessary to cross-
check in other domains. Six of them mentioned that they should
also cross-check for language learning. Despite acknowledging the
importance of verification, participants rarely cross-checked LLM
outputs in learning sessions, revealing a reasoning gap. In practice,
cross-validation was a conditional process that was triggered by a
clear contradiction with their prior knowledge or a previous LLM-
generated explanation. Participants would often instead blindly
trust LLM outputs because they cannot verify their accuracy (CN1,
FR1, JP3, RU1), or because verifying is itself a significant effort
(CN1, CN2). Users like CN3 and DE1 were also deterred by the
tool switch’s friction. The unresolved risk remains as a doubt that

underlies the learning process (EN1, EN2, JP3). The exceptional case
was where the participant used an external resource as a learning
material. This led to spontaneous cross-checking and, as a result,
much less anxiety about being wrong.

6.3 Independence: Maintaining, Enabling, or

Overwhelming

Regarding the independence issue in using LLMs for language
learning, participants were less concerned with cognitive offloading
or overreliance than Reddit community users, and instead viewed
LLM delegation as a resource-allocation problem. Many learners
described their language learning as a side project or hobby, and
they had limited time and cognitive resources available for learn-
ing. The participants were generally confident in their abilities to
maintain efficient learning, including JP3 and RU1, who explicitly
expressed that they were “tempted” to use LLMs for core learning
activities. EN2, ES1, and JP2 thought that LLM performance was
still too limited to displace their roles as learners. Conversely, CN3,
envisioning that some language skills would be fully replaced by
LLMs, believed it was enough to supplement his shortcomings with
AI assistance.

The participants employedmultiple boundarymaintenance strate-
gies to preserve their areas of effort rather than relying solely on
LLMs. JP1 and RU1 retained their original learning approaches
(textbook and Duolingo app, respectively) and integrated the LLM
system for gap filling. Active recording strategies found in CN1,
JP2, FR2 with different mediums reflected beliefs that physical en-
gagement and active reorganization enhanced retention. Multiple
participants experienced LLMs crossing their intended boundaries
to give unwanted help. This included translations provided in ad-
vance, pronunciation notes that made vocabulary quizzes too easy,
and sample sentences that gave away answers to writing exercises.
External tools were not only a means of cross-checking but also
served as intentional limitations on LLM support. CN1 and FR2
used online dictionaries to look up words and tried composing their
own sentences. While many participants thought it was important
to practice input or output on their own before asking the LLM
for assistance, this was at times overwhelming for beginners. For
instance, FR1 requested a full translation into French because he
felt he needed more scaffolding before actual writing practice.

Participants experienced a reversal of cognitive burden: rather
than fearing LLM dependency, they were overwhelmed by LLMs’
dependency on their self-direction. The learners appreciated the
LLM’s potential to customize and control the learning process, ac-
tively deciding what to learn next, organizing various learning
procedures, and adjusting the methods, frequency, and scrutiny of
evaluations. Conversely, many of them expressed concerns that
using LLMs in language learning required more SDL skills than tra-
ditional methods. As highly versatile tools, LLMs impose a greater
burden of design, monitoring, and reflection. Traditional materials,
such as textbooks, have a well-laid curriculum developed by hu-
man experts and were often trusted as a convenient and efficient
approach to learning. Six participants noted that LLMs must be
prompted to teach, making it difficult to discover new concepts
they are not yet aware of.
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While some participants discovered unexpected learning topics
through LLM responses, this often led them to deviate from their
original plans. Four were concerned about this unlimited freedom,
or lack of structure, in LLM interaction that may make learners lose
focus or skip necessary parts. Especially for concept explanation,
structured alternatives would function as safety nets, providing
coverage and a constructive constraint that supports concentration.
For input or output practice activities, the versatility of LLMs was
valued as adaptivity to various learning needs, both for generated
and external content. Hence, the participants were more skeptical
of LLM usage at the beginner level, believing it was more important
to learn the basic concepts and structures than to practice actual
language use.

6.4 Authenticity: Simulating Teachers and

Learning Partners

The participants often compared LLMs with human support in lan-
guage learning and considered whether they were a valid substitute
for teachers or practice partners. They shared the popular opinions
of Reddit on both sides of the debate: on how human imperfections,
rapport, and sincerity make conversations authentic and engaging,
and on how non-human LLMs could be an emotionally safer ground
for beginners without social complications. Beyond the use of con-
versation practices, our participants tended to be more forgiving of
unauthentic materials. While they recognized that reading materi-
als were more generic or that there might be a gap with real-world
language use, many of them thought authenticity was a low pri-
ority in the learning process. Some participants even thought the
generic expressions would be ideal for beginners, describing them
as “textbook-like” and therefore easier to learn.

In their interaction patterns, they showed distinct ways of treat-
ing LLMs. Some of them provided minimal prompts to achieve the
desired output. This type of user often thought emotional LLM
responses were performative rather than genuine. They chose to
optimize for pragmatic content as CN1 would explicitly prompt:
“No, don’t try to encourage me, just give me more example sen-
tences.” When some of these users provided subjective inputs, they
described these prompts as feedback to steer the AI towards their
desired behavior. A few others deliberately sought emotional ex-
changes with the LLM, including comments on learning activities
and playful interchanges. FR1 would keep the LLM updated with his
external activities (“Until now, I tried focusing on Gargamel’s lines
in the video and how he pronounces them”) and shared subjective
remarks (“I laughed a lot mimicking Gargamel’s lines”). ES1 asked
for LLM’s opinions on Spanish songs she studied, and told jokes
about how it pretended to understand love songs (“But you are an
AI, you don’t have any girlfriend/boyfriend lol sorry”).

When the interviewer asked about these incidents, many de-
scribed them as habitual behaviors in their social interactions.While
participants were aware of the non-human nature of LLMs, they
still felt them as humans to some extent. JP2 was one of the users
who provided only the necessary inputs and customized the given
LLM to exclude unnecessary comments, yet still found the conver-
sation format to be very engaging. JP3 still felt a certain extent of
social anxiety when talking to LLMs using voice mode, even though
she knew it was not a human. EN2 explicitly stated that he did not

want any emotional support from LLMs and often thought of it as
an overstatement, but still admitted that, “I was like, was it that
good? ... I kind of got fired up too, and I think I was able to focus
better.”

Interestingly, some learners reasoned that this seemingly redun-
dant interaction may help improve the learning experience. ES1
shared that “getting it to talk more” helped get more information,
as in the episode where she got some interesting backstory of the
song while chatting about the lyrics. FR1 explained that his addi-
tional remarks helped relax the atmosphere and made him ask more
questions. JP1 described her feedback to steer LLM behavior as a
process of “creating a bond with an account.”

6.5 Balancing Prompting Efforts

Prompting effort emerged as the meta-constraint shaping all del-
egation decisions. As some Reddit users did to dismiss criticisms
of LLMs, the participants often attributed their disappointments
to the quality of their prompts. Participants recognized that better
accuracy, independence, and authenticity were theoretically
achievable through strategic prompting, but felt that effort-quality
trade-offs forced them to compromise in their actual practices. Al-
though our system did not provide specific prompts to avoid leading,
several participants suggested providing a pre-made prompt set for
learners to use.

7 Discussion

Self-directed language learners were actively making delegation
decisions based on three major considerations: accuracy, indepen-
dence, and authenticity. However, with general LLM services
without pedagogical guardrails, they may adopt suboptimal strate-
gies that undermine their own learning goals.

Observing SRL of university students, Foerst et al. identified two
distinct causes for this inefficacy in strategies [25]. First, they can
determine the optimal strategy, but do not adhere to it. Second, they
select suboptimal strategies because they lack sufficient pedagog-
ical knowledge. Our participants gave direct reports for the first
obstacle, which we named the execution challenge. Some of their
accounts also implied the second obstacle, which we will refer to as
the selection challenge. After discussing each in detail, we provide
design implications to address these two obstacles in the context of
the three considerations.

7.1 Challenges in Delegation Strategy Execution

Our participants reported difficulties or reluctance in implementing
their stated intentions when integrating LLMs into language learn-
ing. This pattern echoes documented phenomena in self-regulated
learning research: Foerst et al. found that university students cor-
rectly identified beneficial SRL strategies 87–95% of the time, yet
failed to implement these strategies 22–34% of the time [25]. Un-
derstanding the mechanisms behind these execution failures is es-
sential for designing systems that support learners in maintaining
their own strategic intentions.

The reasoning gap of cross-checking LLM accuracy. The
most striking execution challenge emerged around accuracy veri-
fication. In initial interviews, most participants acknowledged the
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importance of cross-checking LLM outputs, drawing on their expe-
riences with hallucinations in other domains. Six explicitly stated
they should verify information when learning languages. Yet dur-
ing learning sessions, verification was rare, triggered only when
outputs clearly contradicted prior knowledge or previous LLM ex-
planations. This reasoning gap, in which learners articulate sound
strategies but fail to execute them, is a core challenge for LLM-
assisted learning.

Several mechanisms explain this gap. First, verification imposes
substantial effort costs. Participants described cross-validation as
“in itself a significant effort” (CN1, CN2), and several were “deterred
by the friction of the tool switch” (CN3, DE1). This aligns with
Vasconcelos et al.’s cost-benefit framework, which reframes over-
reliance not as an inevitable cognitive bias but as the outcome of
rational effort-utility trade-offs [75]. When verification costs exceed
perceived benefits, learners strategically choose to trust, even when
they know verification would be prudent.

In addition, our participants often described language learning
as a hobby or a side project, and were limited in time and cognitive
resources. Under such conditions, “satisficing” (accepting a “good
enough” outcome rather than maximizing) becomes a rational strat-
egy. Participants reasoned that minor errors would not impede
their core communication goals or long-term learning outcomes,
so additional verification would be an inefficient use of limited
resources.

Violation of boundaries and independence. The learn-
ers also struggled to maintain their intended boundaries around
independent effort. Multiple participants experienced LLMs cross-
ing their delegation boundaries to provide unwanted assistance:
translations offered before learners attempted their own, pronunci-
ation notations that made vocabulary quizzes substantially easier,
and sample sentences that revealed answers to writing exercises.
These violations undermined the productive struggle essential to
skill development and eliminated the cognitive engagement that
produces learning. However, the participants actively sought to
mitigate these risks by switching to alternative tools they could
better control, such as online dictionaries.

Some participants also explicitly described being “tempted” to
use LLMs for tasks they had initially designated as their own re-
sponsibility. This temptation persisted despite their stated com-
mitment to independent practice, suggesting that in-the-moment
convenience may override original intentions in real-world set-
tings. Notably, participants generally expressed confidence in their
ability to maintain boundaries—yet this confidence may be unwar-
ranted. A previous study on writing found that survey respondents
showed a comparatively lower level of self-monitoring, whereas
interviewees believed they had critically reflected on their learning
process [78]. Students who used AI scaffolding for peer feedback
were also reported to be unable to replicate their skills without
AI assistance [19]. Since evaluations on learning outcomes were
outside our scope, it remains unclear whether self-directed learners
actually maintain a stronger commitment to their goals or whether
they overestimate their ability to do so.

7.2 Challenges in Delegation Strategy Selection

Execution challenges arise when learners know what they should
do but fail to follow through. Selection challenges, by contrast, arise
when learners lack the knowledge to make informed delegation
decisions in the first place. This distinction matters for design: exe-
cution failures call for commitment devices and friction reduction,
while selection failures require scaffolding that helps learners un-
derstand what approaches are appropriate for their situation. Our
findings reveal that self-directed language learners face substan-
tial selection challenges that compound the execution difficulties
discussed above.

Limited capacity for direct accuracy assessment. The ma-
jority of participants expressed that they were incapable of direct
judgment of LLM accuracy, due to their limited proficiency in the
target language. This indicates the fundamental barrier unique to
learning: the very knowledge required for such evaluation is what
they are trying to acquire. Lai et al.’s work on conditional delegation
highlights the problem: effective human-AI collaboration requires
the ability to define “trustworthy regions” where AI outputs can be
relied upon [40].

Since our participants lack this capacity, they make delegation
decisions based on alternative evaluations. Some of them use avail-
able resources to validate, like native speakers or teachers. Others
without such resources resort to indirect assessments: perceived
task difficulty (i.e., questions on objective truth), past experiences in
other domains (i.e., hallucinations in report writing), or folk theories
about LLM capabilities (i.e., better with easily searchable defini-
tions). However, learners have no systematic way to distinguish
helpful intuitions from misleading ones, and the same content be-
comes inadequate as learners progress. Without guidance on LLM
usage, learners must rely on trial and error to discover what works,
and may never discover their previous mistakes.

Burden of independent instructional design. Opposed to
the widespread concerns of overreliance, participants were often
overwhelmed by the LLM’s dependency on their self-direction. Tra-
ditional learning materials such as textbooks, courses, and apps
embed curricular decisionsmade by experts. They provide structure,
sequence, and content developmentally, and ensure coverage of es-
sential topics. LLMs, by contrast, offer unlimited flexibility without
inherent structure, placing the full burden of instructional design
on learners themselves. Li et al. additionally point out that learners
may struggle to leverage the full range of LLM affordances [43].

This finding invites comparison with intelligent tutoring systems
(ITS), which maintain student models, adaptively sequence content,
and ensure coverage of essential material [74]. In contrast, the
flexibility of LLMs is especially of value for self-directed learners
with varying needs. One promising direction is shared control:
Corbalan et al. demonstrated benefits when an instructional agent
selects a subset of tasks based on the learner’s performance from
which the learner makes the final decision [17]. Such approaches
preserve learner agency while reducing design burden. However,
this control still requires effective use of self-directed learning
skills [18].

Authenticity and transferability left uncertain. Authen-
ticity presented a different selection challenge than accuracy or
independence. Learners did not know what level of authenticity
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was appropriate for their proficiency. But unlike accuracy and
independence, which were conceptualized as trade-offs, they rec-
ognized the liberating values of a non-human language partner and
regarded it more as a choice, depending on individual preferences.
This liberation from social pressure is well documented: multiple
studies show that AI chatbots reduce foreign language speaking
anxiety and increase willingness to communicate [79, 82]. Com-
mercial platforms explicitly market LLM-based chatbot practice
as “a stepping stone to help you build up the confidence to speak
your target language in the real world” [57]. Yet the critical ques-
tion remains empirically unresolved: Does reduced anxiety with AI
transfer to reduced anxiety with humans? A recent paper notes that
research remains limited on whether chatbot-supported confidence
persists outside classroom contexts [22].

7.3 Supporting Learners for Strategic SDL

Making validation accessible where it matters. (Accuracy/

Execution) As learners are conscious of the risk of inaccurate
responses from LLMs, they adjust their tolerance levels accord-
ing to individual goals and circumstances. This results in different
learning trajectories: some avoid using LLMs entirely, rather than
investing effort in validation. In contrast, others trust LLM outputs
even in areas where they cannot directly assess credibility. Both
groups find that the validation burden outweighs the benefits, high-
lighting a key design challenge. Rather than demanding users for
constant scrutiny, systems could adopt a more satisficing behav-
ior. But learners cannot identify which outputs need validation
with their limited understanding. This suggests embedding peda-
gogical knowledge about verification priorities: which grammar
patterns are foundational, which errors compound. Concentrating
low-friction verification at these critical points could reduce tool-
switching costs where accuracy matters most, paralleling how ITS
encodes expert curriculum decisions.

Improving transparency for uncertainty. (Accuracy/

Selection) Learners struggle to correctly assess the credibility of
LLM responses, which in turn increases the perceived risk, as they
cannot detect potential errors or allocate validation efforts to where
it is needed the most. This resonates with calls for greater explain-
ability to allow learners to judge trustworthiness themselves [36].
While model confidence is known to affect user perception of ac-
curacy [63] and their self-confidence [45], abstract metrics may
be difficult for novices to interpret. Our participants made intu-
itive judgments about model reliability but lacked a systematic way
to validate these theories. Future work is needed to characterize
LLM trustworthiness across language learning tasks: where outputs
are reliable, where regional variation complicates accuracy, and
where errors are common. Surfacing this domain-specific knowl-
edge could help learners refine their existing mental models and
make more informed delegation decisions.

Facilitating conscious delegation decisions. (Independence/

Execution) The learners were mostly confident in their own
abilities to construct delegation boundaries. Despite concerns in the
broader domain of learning [19, 88], learners reasoned that their
language learning was self-motivated and that they would therefore
not intentionally offload necessary tasks. Such over-delegation was
instead attributed to LLM-side violations, inefficient prompting, or

“temptations” to delegate what they originally thought was their
own work. The language of temptation suggests a self-control
problem, and our participants solved it not through willpower
but through improvised commitment devices [11]: switching to
dictionaries, keeping pen and paper, using external resources that
structurally limited LLM involvement. In-the-moment delegation
decisions, which are the default for general-purpose LLMs, are vul-
nerable to cognitive load and immediate convenience. Configuring
conditional delegation [40] in advance may reinforce commitment
for users, but pre-commitment mechanisms must therefore be
low-friction, embedded in system defaults rather than requiring
active setup.

Supporting adaptation of delegation boundaries. (Indep-

endence/Selection) Delegation boundaries are subject to adap-
tation across learning steps, situations, and content types. Some
instances are part of the general strategy (e.g., trying by themselves
first, then comparing with LLM’s version) or would be a result of
improvisation (e.g., adjusting the level of support depending on
perceived difficulty). However, learners often cannot judge what
adaptations are appropriate for their current proficiency. Shared
control offers a promising direction: systems could propose bound-
ary adjustments based on learner performance along with theory-
informed rationales, with learners making final decisions [17].
This preserves agency while reducing the design burden that over-
whelmed our participants. Systematic boundary adaptation settings
may serve as an adaptive scaffolding, which is known to have posi-
tive effects on learning gains and SDL processes [46, 59, 80]

Degrees to simulating authentic language use. (Authen-

ticity/Selection) There were multiple views on the ideal ex-
tent of simulating human conversations, implying the potential
value of controlling the conversation style and format. While it
was a matter of preference for some learners, other opinions were
proficiency-dependent. The generated reading materials were con-
sidered generic and beginner-friendly, like textbooks. In contrast,
real-time verbal conversation was challenging even with LLMs.
These observations suggest a folk theory of authenticity pro-
gression—from textbook-like text to chat to voice to human—that
merits validation. While chatbot practice reduces speaking anx-
iety and increases willingness to communicate [79, 82], transfer
to human interaction remains unexamined [22]. Moreover, idiody-
namic research reveals distinct anxiety-willingness patterns across
individuals and contexts [50], suggesting this progression may be
preference-dependent. Design should support exploration across
authenticity levels rather than provide a fixed path. However,
anthropomorphism of LLMs has its harms and risks, such as de-
ception and misplaced trust [3, 16, 38]. A thorough investigation is
needed on the effects and appropriateness of anthropomorphism
in language learning contexts [21, 33, 66].

7.4 Limitations and Future Directions

Our research builds upon the framework of self-directed learning,
with both our system and study specifically designed for deliberate
delegation decisions. While this approach reflects the ideal pro-
cedure of SDL, it may introduce post-hoc rationalization, thereby
obscuring the actual decision-making factors. Real-life LLM inte-
gration may also be influenced by unconscious or spontaneous
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decision-making, which indicates a potentially valuable research
area.

Our participant sample, aged 20-30 and drawn from a Korean
university, may reflect specific cultural and educational contexts.
While we believe the three considerations represent robust under-
lying rationales, the specific strategies they produce may vary with
factors such as L1-L2 typological distance and prior multilingual
experience, inviting further research on different populations. Ad-
ditionally, while our taxonomy distinguishes broad learning areas
(input, concept explanation, output), our analytical focus was on
how learners reason about delegation rather than mapping task-
specific patterns. Future work could systematically investigate how
delegation strategies vary across specific learning types—such as
vocabulary acquisition versus grammar learning—and proficiency
levels. A long-term study on strategy evolution and learning out-
comes is needed to validate whether learners’ strategies lead to
proficiency gains and to test system designs informed by our frame-
work. We also note that our system lacked a speech module and was
limited in capturing the additional dimension of multimodality.

8 Conclusion

This study reveals how self-directed language learners navigate
LLM integration by simultaneously considering accuracy, inde-
pendence, and authenticity; each dimension is shaped by individ-
ual learning contexts, goals, and histories. We found that learners
actively construct delegation boundaries while managing multiple
tensions: 1) tolerating accuracy risks based on task criticality and
personal learning goals, 2) preserving learning effort while seeking
efficiency, and 3) negotiating the paradox of seeking human-like
language practice from non-human entities. These decisions are
complicated by selection challenges, where learners lack knowl-
edge to choose appropriate strategies, and execution challenges,
where learners fail to follow through on stated intentions—as seen
in the reasoning gap between cross-checking intentions and actual
behavior. These findings suggest that effective AI-assisted learning
systems must support conscious boundary-making, provide trans-
parent uncertainty indicators, facilitate easy validation, and adapt
to heterogeneous learner needs—ultimately enabling learners to
craft personalized delegation strategies that preserve both learning
efficacy and learner agency.
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