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Abstract: With the gradual adoption of multilingual large language models in foreign language classrooms, the cognitive
load that learners experience when using intelligent tools has attracted increasing attention. Taking college Japanese-major
classrooms as the empirical setting, this study builds an intelligent foreign language teaching assistant system based on a
lightweight distilled multilingual model, collects learners’  subjective cognitive load data through questionnaires at three
time points (pre-test, mid-point, and post-test of a four-week Al-assisted practice period), and evaluates the changes in
cognitive load while learners use Al for Japanese language output practice. The results show that the lightweight multilingual
model effectively reduces part of learners’ memory retrieval load, but problems such as inaccurate model feedback
introduce additional cognitive consumption, and that the magnitude of these changes differs between higher- and lower-
proficiency learners. Accordingly, improvement countermeasures are proposed from two levels: model parameter
optimization and adjustment of teaching interaction modes. This study provides a reference for the development and
application of multilingual intelligent teaching tools for foreign language education.
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Introduction

Generative artificial intelligence is rapidly reshaping the landscape of second language learning. Previous studies have
pointed out that the influence of Al-mediated tools on foreign language learning cognitive load is a "redistribution" rather
than a simple "reduction": Al offloads lower-level encoding demands, but raises the requirements on central executive
functions for evaluation and integration. Cognitive Load Theory provides a structured framework for analyzing this
phenomenon, distinguishing intrinsic load, extraneous load, and germane load.

Meanwhile, knowledge distillation provides a technical path for building lightweight teaching models suitable for real-
time classroom interaction. Through a teacher-student framework, knowledge distillation transfers the feature
representations ("knowledge") learned by a structurally complex, parameter-heavy teacher model to a lightweight student
model, thereby significantly reducing inference latency while maintaining teaching quality. Previous studies have adopted
a two-stage sequence-level knowledge distillation framework to transfer the translation capability of a large multilingual
teacher model to a compact student model, with the teacher model being the 1.3-billion-parameter mBARTS50 and the
student model a 400-million-parameter Transformer.

Existing research on Al-assisted foreign language teaching still focuses mainly on English, and attention to Japanese and
other languages remains very limited. The Japanese writing system comprises three scripts—kanji, hiragana, and
katakana—and the working memory burden of language output practice differs from English scenarios. Taking college
Japanese-major classrooms as the empirical setting, this paper builds an intelligent teaching assistant system with a
lightweight distilled multilingual model and examines its effects on learners’ cognitive load.

Accordingly, the specific objectives of this study are threefold: (1) to build a lightweight multilingual teaching assistant
system for Japanese output practice based on knowledge distillation; (2) to evaluate how learners’ cognitive load changes
across four dimensions during a four-week period of Al-assisted Japanese output practice, both overall and across
proficiency levels; and (3) to identify the specific factors that increase cognitive load and to propose corresponding
optimization countermeasures at the model level and the pedagogical level.

Research Design

2.1 Theoretical foundation and instrument adaptation. This study takes Sweller’s Cognitive Load Theory as the core
framework. Previous research has further refined Al-mediated cognitive load into four observable dimensions: prompt
management, critical evaluation, integrative synthesis, and authorial core processing. That study proposed a "load
shifting" effect—large language models reduce content generation load, but significantly increase the load of critical
evaluation and prompt management. This study draws on this four-factor structure and makes adaptive revisions
according to the characteristics of Japanese output practice. In adapting the instrument, the four factors were re-specified
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in terms of the observable demands of Japanese output: the prompt-management items were reframed as strategy
regulation load (five items) and the critical-evaluation items as feedback evaluation load (five items), whereas the two
text-production factors were re-specified as memory retrieval load (four items, from integrative synthesis) and grammar
processing load (four items, from authorial core processing), yielding four subscales with 18 items in total.

Specifically, the original items, which were developed for English L2 writing, were reworded to match Japanese output
practice: expressions referring to "writing in English" were replaced with "composing Japanese sentences and short texts,"
and the item wording was adapted to salient features of Japanese output, such as evaluating feedback on honorific usage
and particle selection. The adapted items were reviewed by two university Japanese instructors for content validity, and
they were pilot-tested with 12 second-year Japanese majors in a previous teaching cycle before formal administration; on
the basis of the pilot feedback, the wording of two items that learners found ambiguous was revised.

2.2 Construction of the lightweight multilingual teaching system. The system is based on a knowledge distillation
architecture. The teacher model is a large pre-trained model with multilingual understanding and generation capabilities
(approximately 1.3 billion parameters); it provides two kinds of supervision—reference translations used as hard labels,
and its output distributions used as soft labels. The student model is a compact Transformer optimized for Japanese
teaching scenarios, with a parameter size of approximately 130 million, about one tenth of that of the teacher model, so
that it can respond in real time on ordinary classroom computers without dedicated GPU servers. In distillation training,
the total loss is a weighted combination of cross-entropy loss on hard labels and KL divergence between the teacher and
student output distributions (L =L CE + A-L__KD).

The weighting factor A was set to 0.3 based on preliminary experiments on a held-out validation set: smaller values
underused the knowledge of the teacher model, whereas larger values over-smoothed the student output distribution and
reduced the precision of grammar feedback, and A = 0.3 achieved the best trade-off between translation quality and
feedback accuracy. In a preliminary comparison across A € {0.1, 0.3, 0.5, 0.7, 0.9} on the validation set, A = 0.3 yielded
the lowest validation loss and the highest grammar-correction accuracy, and this setting was therefore retained for the full
training run.

The system consists of three core modules—a multilingual capability evaluation module, a data generation engine, and a
quality feedback loop—and provides learners with Japanese output practice support, including immediate grammar
correction, expression suggestions, and writing feedback. Previous research on knowledge distillation in education has
pointed out that transferring the capabilities of a large teacher model to a lightweight student model can provide high-
quality Al services for educational scenarios without requiring powerful hardware support.

In terms of overall model performance, on a held-out test set of 1,200 Japanese sentences drawn from the course materials,
the student model achieved 33.4 BLEU and 81.2% grammar-correction accuracy, compared with 36.8 BLEU and 87.6%
for the teacher model; that is, it retained about 90% of the teacher model’s translation quality while using roughly one
tenth of its parameters. The student model generated feedback with an average latency of 0.9 seconds per response on an
ordinary classroom computer, which made real-time interaction in class feasible.

2.3 Participants and data collection. The participants were 58 second-year Japanese majors at a university in China (41
female, 17 male; aged 19 to 21 years, M = 20.2, SD = 0.7), all native speakers of Chinese, whose Japanese proficiency
was approximately at JLPT N4 to N3 level at the beginning of the study. All participants were enrolled in the same course
and used the system as part of their regular coursework over four weeks. Because the study introduced no intervention
beyond regular classroom practice and collected only anonymized questionnaire and interview data, no formal
institutional ethics approval was obtained; the study protocol was instead reviewed and approved by the department and
the course instructor, and all students were informed of the purpose of the study and provided informed consent before
data collection. Participation was voluntary and anonymous, and course grades were not affected by participation.
Cognitive load was measured with a questionnaire based on the CL-AI-L2W scale (18 items, four-factor structure, 7-point
Likert scale), adapted as described in Section 2.1. The internal consistency of the adapted scale was acceptable, with
Cronbach’s a = .82 for memory retrieval, .80 for grammar processing, .88 for feedback evaluation, and .84 for strategy
regulation, and a = .90 for the overall scale. Data were collected at three time points: the pre-test before the Al-assisted
practice, the mid-point of the four-week practice phase, and the post-test. Paired-samples t-tests (two-tailed) were used to
compare pre- and post-test scores on each dimension, and independent-samples t-tests were used for between-group
comparisons, with the significance level set at p <.05.

At the pre-test, learners were divided into a high-proficiency group and a low-proficiency group by a median split of their
pre-test Japanese output scores; the high-proficiency group comprised 28 students and the low-proficiency group 27
students, and three learners whose scores fell exactly at the median were excluded from the between-group comparison. In
addition to the scaled items, the post-test questionnaire contained open-ended questions asking learners to describe in
detail the situations in which the Al system increased their cognitive burden; 52 of the 58 learners provided valid open-
ended responses. Semi-structured interviews were then conducted with 12 learners, purposively sampled from both
proficiency groups (six from each group), following a protocol covering feedback accuracy, feedback volume, and
prompt-writing experience; each interview lasted approximately 30 minutes (range 22-38 minutes) and was audio-
recorded and transcribed verbatim. The open-ended responses and interview transcripts were analyzed through thematic
content analysis: two researchers coded the data independently, resolved discrepancies through discussion, and
consolidated the initial codes into the themes reported in Section 3.3, achieving an inter-rater agreement of Cohen’s «
=.84.

Results
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3.1 Overall trends in cognitive load changes. Questionnaire data analysis showed that after four weeks of Al-assisted
practice, learners exhibited differentiated change trends across the four cognitive load dimensions, as shown in Table 1:

Cognitive load dimension Pre-test M (SD) Post-test M (SD)
Memory retrieval load 4.82 (1.13) 3.67 (1.21)
Grammar processing load 4.95 (1.08) 4.12 (1.25)
Feedback evaluation load 4.31(1.19) 5.08 (1.34)
Strategy regulation load 4.56 (1.22) 4.38 (1.31)

Table 1: Cognitive load scores before and after Al-assisted practice (M (SD))

Data collected at the mid-point of the practice phase showed that the mean scores of the four dimensions were 4.06 (SD =
1.18), 4.47 (SD = 1.19), 4.55 (SD = 1.27), and 4.49 (SD = 1.29) for memory retrieval, grammar processing, feedback
evaluation, and strategy regulation, respectively. These mid-stage results indicate that the reductions in memory retrieval
load and grammar processing load had already emerged by the mid-point, whereas the increase in feedback evaluation
load accumulated gradually over the practice period, and strategy regulation load remained essentially unchanged
throughout.

In the memory retrieval load dimension, learners’ self-rated scores decreased from 4.82 (SD = 1.13) to 3.67 (SD =1.21), a
decrease of 23.9% (p < .001), the largest change among the four dimensions. Previous studies have similarly found that
Al-assisted translation helps reduce surface-level difficulties in vocabulary selection and grammatical accuracy. In the
grammar processing load dimension, the score decreased from 4.95 (SD = 1.08) to 4.12 (SD = 1.25), a decrease of 16.8%
(p <0.05).

In contrast, the feedback evaluation load dimension showed an upward trend, rising from 4.31 (SD = 1.19) to 5.08 (SD =
1.34), an increase of 17.9% (p < .001). This finding is consistent with previous research: Al-assisted translation tools do
not eliminate mental effort, and students still need to carefully verify, evaluate, and revise Al-generated output. The
change in the strategy regulation load dimension did not reach significance (4.56 — 4.38), which may be related to the
insufficient design of metacognitive support functions in the system.

3.2 Differences between learners of different proficiency levels. Learners were divided into a high-proficiency group
and a low-proficiency group according to pre-test Japanese output ability for comparative analysis. The increase in
feedback evaluation load in the high-proficiency group (+0.42) was significantly lower than that in the low-proficiency
group (+1.15, p < 0.01). This result echoes previous findings: ChatGPT feedback guides learners to notice various
linguistic forms, but the depth of attention depends on learners’ familiarity with these features, and the usefulness of Al
feedback depends on how learners understand and evaluate the suggestions based on their existing knowledge. Learners in
the low-proficiency group, with relatively weak language foundations, consumed more cognitive resources in the process
of evaluating feedback. Given the limited subgroup sizes, this between-group result should be interpreted with appropriate
caution (see the Conclusion).

3.3 Identification of factors increasing cognitive load. Through the analysis of open-ended questionnaire responses (n =
52) and interview records (n = 12), this study identified three types of Al-assisted factors that increase cognitive load.
First, inaccurate feedback or over-correction. Some learners reported that the feedback provided by the system on
honorific usage and particle selection was inconsistent with classroom teaching. Previous studies have pointed out that
inaccurate correction suggestions still exist in Al outputs, and that to maximize their effectiveness, appropriate prompt
design and the cultivation of learners’ Al literacy are indispensable. Second, feedback information overload. Multiple
learners mentioned that the system annotated problems at multiple levels—vocabulary, grammar, and discourse
structure—in a single feedback session. Third, prompt management burden. Some learners said that in the early stage they
did not know how to effectively describe their practice needs to the system. Previous studies have similarly found that
EFL students reported high cognitive load in writing tasks, especially during the prompt engineering stage.

Discussion and Countermeasures

4.1 Redistribution of cognitive load and implications for teaching design. The results of this study show that the
lightweight multilingual model presents a cognitive load change pattern of "declining with rising" in Japanese output
practice. Some scholars have proposed the concept of the "cognitive paradox": if students are not good at critical
evaluation or prompt management, or if the system essentially completes the work without requiring evaluation, the total
cognitive load may fall below the threshold required for germane processing, causing the task to become too easy and
schema construction to stagnate. This means that teachers need to actively intervene in the Al-assisted learning process,
so that feedback evaluation load is transformed into germane load rather than extraneous load.

4.2 Countermeasures for model parameter optimization. First, a teaching-oriented filtering mechanism should be
introduced in the distillation training stage. The current quality evaluation module focuses mainly on semantic accuracy
and language fluency, with insufficient weight on teaching suitability. It is suggested that a "teaching appropriateness"
dimension be added in the data screening stage to filter out feedback samples that over-correct or exceed learners’ level.
Studies have pointed out that most pre-trained models are over-optimized on English data and have significant
weaknesses in non-English capabilities. It is suggested that domain-adaptive training on Japanese teaching corpora be
introduced during distillation to enhance the model’s accuracy in Japanese grammar correction and expression
suggestions. Second, a dynamic quality feedback loop should be established, incorporating high-quality feedback samples
into the continuous training dataset.

4.3 Adjustment of teaching interaction modes. First, a staged feedback strategy should be implemented. Previous
research has proposed the teaching idea of "hints before corrections": hints are first provided to guide learners to discover
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problems independently, and correction suggestions are given afterwards. Specifically, feedback can be divided into three
levels: the first level provides problem hints, the second level gives reference directions for revision, and the third level
presents complete optimized expressions, so that learners obtain feedback layer by layer to avoid information overload.
Second, prompt support functions should be optimized by providing simplified input interfaces and prompt templates for
lower-proficiency learners. Finally, a teacher-mediated Al-assisted teaching process should be established, forming a
collaborative teaching model of "Al providing immediate feedback + teachers providing in-depth guidance".

Conclusion

Taking college Japanese-major classrooms as the empirical setting, this study evaluated the changes in cognitive load in
Japanese output practice assisted by a lightweight multilingual model. The main findings are as follows: the model
effectively reduced memory retrieval load and grammar processing load, while feedback evaluation load increased,
showing the characteristic of cognitive load redistribution; there were significant differences in cognitive load changes
among learners of different proficiency levels; and inaccurate feedback, feedback information overload, and prompt
management burden were the main factors increasing cognitive load. Based on these findings, improvement
countermeasures were proposed from two levels: model parameter optimization and adjustment of teaching interaction
modes.

Several limitations should be acknowledged when interpreting these findings. First, the study adopted a single-group pre-
test—post-test design without a control group. Because the system was integrated into a regular credit-bearing course,
withholding Al support from a randomized control group for four weeks was pedagogically impractical and would have
been unfair to the students concerned; consequently, the observed changes cannot be attributed to the Al system alone.
Second, all cognitive load data were self-reported, and self-report measures may be subject to social desirability and recall
biases. Third, the sample of 58 students from a single university is relatively modest; no a priori power analysis was
conducted, the proficiency subgroups were small, and the reported effect sizes should therefore be interpreted with
caution and generalized carefully to other institutions and learner populations. Fourth, the four-week research period was
short. Future research should employ multi-site samples with larger, a priori powered designs, include control or
comparison conditions, combine behavioral data and physiological indicators for multimodal cognitive load assessment,
and track learners over longer periods.
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