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Abstract

Generative Al offers transformative potential for scalable, personalized, and dynamic
language education, particularly in enhancing oral proficiency among young learners.
However, effective deployment remains challenging due to limited resources for some
languages, the need for age-appropriate content and tools, and the importance of respecting
cultural relevance. In this paper, we introduce LEARN (Language Evaluation via question
Answer generation from caRtooNs), a culturally grounded multilingual visual dialogue
system designed to support oral proficiency in three of Singapore’s official languages:
Mandarin, Bahasa Melayu, and Tamil. English, as the lingua franca, is excluded. LEARN
integrates a teacher-facing module for curriculum-aligned visual question-answering task
creation and a student-facing module for voice-driven adaptive dialogue, optimized for
children’s speech. Unlike existing platforms, LEARN prioritizes cultural relevance and
low-resource language support, helping address gaps in heritage language preservation.
Pilot studies with students demonstrate significant improvements in engagement and
vocabulary acquisition. Designed for classroom as well as home use, LEARN presents a
scalable Al-driven language tutoring framework.

Keywords: language learning; Al tutoring; L2 acquisition; dialogue system; low-resource
language learning

1. Introduction

The advent of generative Al (GenAl) has provided new opportunities for scalable,
adaptive interaction in domains such as creative generation, productivity enhancement, and
education [1-6]. The effectiveness of GenAl is enhanced by ease of use through the ability
to interact using natural language. Meanwhile, events such as the COVID-19 pandemic
have led to acceptance and growing demand for robust digital learning tools [7,8]. While
GenAl may not be able to replace traditional pedagogies or teachers at present, it can serve
in a complementary fashion. Interactive dialogue and real-time personalization provide
a potential educational experience akin to having an individual private tutor. Emerging
support for multilingual interaction means that language learning has become a core
application aim for GenAl in education [9].

Singapore, with a multi-lingual population primarily comprising three main ethnici-
ties, as well as those from a myriad of other backgrounds, has recognised the potential of

Appl. Sci. 2026, 16,2379

https:/ /doi.org/10.3390/app16052379


https://crossmark.crossref.org/dialog?doi=10.3390/app16052379&domain=pdf&date_stamp=2026-02-28
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0009-0009-5284-6714
https://orcid.org/0009-0003-3927-6995
https://orcid.org/0000-0002-8338-3734
https://orcid.org/0000-0003-3410-8354
https://orcid.org/0000-0001-7111-2008
https://doi.org/10.3390/app16052379

Appl. Sci. 2026, 16, 2379

20f17

Al-enabled learning in fulfilling national priorities. The Ministry of Education mandates
that all students must learn a “mother tongue” (“Mother tongue” is the legal term that
refers to one of the historical languages of ethnicity, and the terminology used by the fund-
ing agency that supported this work. We adopt the terminology in this manuscript, but
acknowledge that it carries potential for gender bias), which involves a separate teaching
class in either their own historic language of ethnicity, or a choice from the three main
languages: Mandarin Chinese, Malay and Tamil. Mother tongue language (MTL) compe-
tency is a requirement at the primary level in Singapore, and forms part of the educational
assessment for all students. Meanwhile, English is the dominant language of education,
work and interaction in many Singaporean households, where it has largely supplanted
the historic languages of ethnicity (“mother tongues”). Children often receive limited
exposure to their MTLs outside of their MTL class, resulting in reduced heritage language
maintenance [10]. Hence, GenAl-powered tutoring systems to support MTL acquisition
and retention, as well as promote linguistic diversity at scale [11], would be of great value.

Despite advancements in speech and language technologies, deploying Intelligent
Tutoring Systems (ITSs) in real-world classrooms remains challenging. Current approaches
typically lack age-sensitive content controls and struggle to adapt to multilingual or code-
switching scenarios [7,12]. LLMs can sometimes generate hallucinated, biased, or cul-
turally inappropriate outputs, which are difficult for educators and caregivers to verify,
raising concerns about safety and reliability [13,14]. Meanwhile, ASR models frequently
underperform on children’s speech [15], especially when dealing with accent variations,
under-represented low-resource languages in training data [16,17], and background noise
in educational settings. The absence of pedagogical scaffolding and personalized feedback
mechanisms also hinders support for diverse learning pathways.

The proposed LEARN system bridges these gaps between low-resource languages,
automated dialogue systems for second-language acquisition and children’s speech inter-
faces, while aiming to make language learning engaging and accessible for young learners.
By combining Al-driven dialogue and appealing visual storytelling, the system assists
Primary 1-2 students to improve MTL skills through a visual question-answering (VQA)
pedagogy [18]. LEARN contains two key modules: a teacher module to support curriculum-
aligned task design and learner tracking, and a student module for real-time, adaptive
interaction. Students interact with the system using voice, while teachers interact via a
dashboard. Figure 1 illustrates a student module interaction sequence where the spoken
dialogue is represented in text boxes.

For Singaporean families, fluency in MTLs is more than a skill as it provides a bridge
to cultural heritage and family traditions, for example, in being able to communicate
with grandparents.

LEARN aims to strengthen that bridge using vision, speech, and text modalities to
build oral proficiency in Mandarin, Bahasa Melayu, or Tamil. The architecture of LEARN
is designed to be highly scalable and extensible, while delivering an interaction that is
both fun and meaningful. Initial findings, presented below, reveal promising levels of
engagement, where students eagerly participated in dialogue to expand their vocabulary
and oral proficiency.
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One last questic you like to play in the park?

Yes, | go to the park with my parents. | like swinging, and my mother pushes me high.

Figure 1. An illustration of the VQA paradigm where LEARN guides a student to enhance vocabulary
skills by introducing and practising new words through an adaptive dialogue. For illustrative
purposes, the verbal dialogue is presented in text boxes. Correct answers are in green, incorrect ones
are in red.

2. Related Works

Recent research in Al-driven education has increasingly focused on integrating genera-
tive models into tutoring systems that support adaptive and personalized learning at scale.
Moving beyond early rule-based Intelligent Tutoring Systems (ITSs), modern approaches
leverage LLMs to dynamically generate instructional content, assess learner responses, and
adapt feedback in real time. Advances in prompt engineering, fine-tuning, and retrieval-
augmented generation have enabled curriculum-aligned tutoring and assessment across
domains such as science [19], programming [20,21], mental health awareness [22], and
include automated evaluation through Al teaching assistants [23-25]. Studies suggest that
such systems can approximate aspects of one-to-one tutoring by tailoring prompts and
explanations to learners’ proficiency levels, learning trajectories, and error patterns [26].
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Yet, at the same time, the open-ended nature of LLM generation raises concerns regarding
pedagogical consistency, factual reliability, and suitability for young learners. This has mo-
tivated a shift towards constrained generation pipelines and human-in-the-loop validation
in educational deployments [13,14], a solution shared by LEARN.

Within language education, LLM-powered conversational agents have been explored
as tools for both first and second-language practice, providing learners with increased
opportunities for interactive dialogue beyond the classroom [27,28]. Commercial plat-
forms such as Duolingo, Stimular, and Speak2Me combine LLMs with speech technologies
to offer structured learning pathways and feedback. While these systems demonstrate
gains in engagement and fluency, most remain text-centric or are primarily designed for
adult learners.

Oral proficiency training for children clearly introduces additional challenges, as it re-
quires accurate speech recognition, age-appropriate and relevant feedback, and the subjects’
sustained engagement over short interaction cycles. ASR systems trained predominantly
on adult speech often perform poorly on children’s speech due to acoustic mismatch, de-
velopmental articulation differences, and pronunciation variability [15]. These issues are
further amplified in low-resource languages, where limited annotated data and dialectal
variation significantly degrade recognition accuracy [16] and are very challenging in terms
of automated feedback.

Recent work has shown that domain-specific data collection and fine-tuning can
substantially improve ASR performance for child speakers and low-resource languages [17].
However, relatively few studies have integrated such speech technologies into end-to-end
tutoring systems evaluated in real-world classrooms. This gap limits understanding of
how speech-enabled Al tutors perform under realistic conditions, particularly for language
learning contexts. The LEARN system and our analysis of its deployment performance
help to start filling that gap.

Parallel to advances in speech and dialogue, multimodal learning has gained promi-
nence as a means of enhancing comprehension and engagement for early learners. Ground-
ing language instruction in visual contexts has been shown to support vocabulary acqui-
sition and reduce cognitive load by anchoring meaning in concrete, perceptually salient
cues. VLM and VQA frameworks provide a foundation for generating and evaluating
language grounded in images [18,29]. Recent VLMs extend these capabilities by supporting
dialogue that jointly reasons over visual and linguistic inputs, enabling image-grounded
conversational tutoring in real-world contexts [30,31]. Despite this promising progress,
many existing systems rely on generic image datasets and lack cultural grounding, which
is important for engagement in diverse educational settings.

A notable trend since 2024 is the emergence of child-focused language tutors that ex-
plicitly combine LLM-based dialogue with pedagogical orchestration and age-appropriate
interaction design. For example, SingaKids [32] implements picture-description ped-
agogy for early primary learners by integrating dense image captioning, multilingual
ASR, dialogic interaction, and adaptive scaffolding across English, Mandarin, Malay, and
Tamil. While SingaKids demonstrates the feasibility of multimodal, multilingual tutoring
for children, it also highlights persistent challenges, including inconsistent performance
across languages, reliance on generic visual representations, and limited mechanisms for
curriculum-specific authoring and teacher oversight. In a related direction, Xiao et al. [33]
report an LLM-enhanced bilingual conversational agent embedded within an interactive
e-book to support children’s dialogic reading, where adaptive prompting and feedback are
used to encourage oral participation. Their findings underscore that child-facing language
systems must be designed not only for linguistic performance, but also for parental and
teacher perceptions of educational value, usability, and safety.
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Taken together, prior work demonstrates the growing promise of LLM-driven tutoring
for supporting interactive oral language practice, while also revealing a central design
tension: open-ended generation must be carefully balanced with structured pedagogi-
cal constraints, cultural relevance, age-appropriate scaffolding, and safeguards against
misleading or inappropriate outputs. In settings like Singapore, where MTL learning
depends on contextual engagement, these gaps highlight the need for culturally relevant
and age-appropriate Al-enabled solutions such as LEARN.

3. LEARN System Design

Contemporary theories of second-language acquisition (SLA) converge on several core
principles relevant to system-guided learning. Krashen’s Input Hypothesis [34] proposes
that language development occurs when learners receive comprehensible input that is
slightly beyond their current proficiency, formalised as the i+1 principle. Vygotsky’s Zone
of Proximal Development (ZPD) [35] further emphasises that learners progress most effec-
tively when supported through tasks just above their independent capability. Scaffolding
temporary adaptive instructional support enables students to bridge these gaps through
hints, prompts, or reformulations, with assistance gradually fading as autonomy increases.

Usage-based approaches [36] complement these views by highlighting that acquisi-
tion is driven by repeated exposure to meaningful linguistic usage. Learners internalise
grammatical patterns and semantic associations through frequent, reliable encounters with
constructions. Theories additionally stress the importance of interaction and multimodality.
Long’s Interaction Hypothesis [37] argues that comprehensible input is most beneficial
when embedded in exchanges that prompt learners to negotiate meaning through clarifica-
tion requests, expansions, or self-correction. Research on dual coding [38] demonstrates that
pairing verbal information with imagery produces complementary visual and linguistic
memory traces that enhance retention and retrieval.

LEARN operationalises these SLA principles by scaffolding tasks within each student’s
ZPD, maintaining i+1 comprehensibility through adaptive questioning, rephrasing, and vo-
cabulary recaps. Its Dialogue Manager fosters active production by dynamically adjusting
follow-up prompts to student responses, encouraging negotiation of meaning. Finally, the
integration of culturally grounded cartoon imagery with verbal prompts leverages dual
coding to reinforce comprehension and memory.

Cartoons were used rather than photographs to reduce unnecessary details, such as
complex backgrounds, uneven lighting variation and confusing textures. In addition to
reducing visual clutter, cartoons enabled scenes to be simplified and constructed to direct
attention to the key learning elements, actions and spatial distribution. In this, we were
guided by prior work [39] on the pedagogical value of cartoons. We also considered the
visual appeal of the cartoons to be valuable in maintaining student engagement, which we
assessed experimentally below.

The following sections further detail LEARN'’s system architecture: first, the teacher-
facing question generation module in Section 4, and then the student-facing dialogue-based
learning environment in Section 5.

4. LEARN Architecture: Teacher Module

The teacher module allows educators to create and manage oral tasks. Given a cartoon
image, it utilises a VLM to generate culturally relevant, age-appropriate VQAs in the
selected MTL.

To identify a suitable model for this pipeline, previous work [40] conducted a com-
parative evaluation of several open source VLMs on culturally grounded reasoning tasks
situated in Singaporean contexts. Qwen2.5-VL-7B-Instruct [41] emerged as the preferred
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model, offering the strongest performance below 10 billion parameters. Although some
closed-source models demonstrated higher cultural sensitivity, Qwen2.5-VL-7B-Instruct
provided a practical trade-off between accuracy, computational efficiency, and reproducibil-
ity. Its relatively compact architecture enabled complete pipeline deployment on a single
NVIDIA A6000 GPU, ensuring scalable and cost-effective inference suitable for real-time
educational applications. Figure 2 illustrates the overall architecture of the teacher module.
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Figure 2. Overview of the teacher module in LEARN. Educators upload images (top left) for
automated VQA generation via a VLM that is constrained in terms of curriculum alignment, age-
appropriateness, and cultural relevance. Human—AlI collaboration is used for an assessment of safety,
bias, hallucination and cultural sensitivity before the VQA list is generated in each MTL.

4.1. Image Activity Detection and Grounding

Task creation begins with educators choosing cartoon images around which the VQA
sessions will be scaffolded. Student familiarity with the subject matter is important (so that
vocabulary and language skills are tested, rather than recognition) [39]. Hence, the cartoons
in LEARN depict everyday human activities in common local Singaporean environments
such as MRT (train) stations, hawker centres (multi-vendor food courts), playgrounds and
schools. Although generative Al content creation tools have demonstrated impressive
abilities in recent years, the LEARN team employed a full-time artist. The artist ensured
the precise creation of culturally relevant images that support the required pedagogy, while
balancing representation in multiracial Singapore. In total, the artist created a dataset of
2500 target images from which educators can select.

The selected images were passed through a structured multi-stage visual analysis
pipeline composed of three key components: human activity detection, spatial segmen-
tation, and spatially grounded activity description [42]. This pipeline also produced a
structured scene representation by dividing the visual input into three spatial zones: left,
middle, and right. This structured scene is the basis for VQA pair generation.

4.2. Curriculum-Aligned VQA Generation

To support the generation of age-appropriate VQA tasks, we first impose a spatial
segmentation structure requirement on scene description inputs to the VLM, and then use
a curated few-shot prompting strategy based around an educator-provided vocabulary.
This yields five structured questions per image:

https:/ /doi.org/10.3390/app16052379
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* A question capturing the overall scene;
*  Three questions grounded in specific spatial regions of the image;
*  One question aiming to elicit a personal response from participants.

These questions collectively form the core instructional content.

Curricular alignment is achieved by an educator-supplied word bank containing
target vocabulary, alongside the curated dataset of cartoon images discussed above. Several
strategies were evaluated for question generation, including zero-shot [43], few-shot [44]
and LoRA fine-tuning [45] of the VLM. Experienced educators reviewed the results of
each. Few-shot prompting was found to best support the curriculum-specific vocabulary
lists and achieve the most reliable outcomes. To further enhance language accessibility
for young learners, we simplified the vocabulary by replacing less familiar terms with
more interpretable alternatives. For example, “vacuum cleaner” would be reformulated
as “a machine to clean the floor”. This was accomplished with LLM-guided detection and
prompting, with human decision making. In addition, negative prompting techniques
were used to minimize complex language and ensure that generated content was both
age-appropriate and aligned with instructional goals.

4.3. Multilingual VQA

Initial development of the multilingual pipeline followed a two-step approach where
VQA pairs were first generated in English and then translated into the target MTL using an
instruction-tuned LLaMA model [46]. While this method was very flexible and enabled
rapid scalability to other languages with good consistency, it tended to introduce cascading
translation errors. These affected fluency, and the eventual performance is highly dependent
upon the performance of the translation engine. The translation engine is required not only
to convert between languages but also maintain cultural relevance and safety, which is
difficult in practice. Furthermore, the extended pipeline containing a translation module
could be slow, introducing delays that affected the real-time streaming interaction and
delayed TTS rendering. A simple illustration of this is to consider sentence grammar where
the final word in a source language sentence need to be translated before the initial word in
the target language can start to be rendered, e.g., “The whole family, their dog, and their
friends are playing in the park today” and “4 K, @A~ A TEHFIAR A A 1#TAE 2 el B
ﬁg o

To improve output quality and speed, a direct multilingual VQA generation process
was developed using language-specific prompts, i.e., the entire pipeline operated in the
target language. This worked well in practice for Mandarin and Bahasa Melayu, but not
for Tamil.

4.4. Low-Resource Tamil VQA

Direct Tamil VQA generation was unreliable due to frequent hallucinations and seman-
tic errors, reflecting the comparative state of maturity of low-resource versus high-resource
language tools, and the urgent need for research in low-resource language technology.

To ensure that VQA material is of good quality, in practice, sentences were created in
English and then KrutrimTranslator [47] was used, which achieved a four times latency
reduction over IndicTrans2 [48], slightly alleviating pipeline delays caused by incorpo-
rating a translation step. The observation of cascading translation errors in Section 4.3
above remains, but these were judged to be less common than errors in direct Tamil VQA
generation. In all cases, the consequence of VQA errors is additional checking required by
the educators.

https:/ /doi.org/10.3390/app16052379
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The authors note that, as language models continue to improve in fidelity and relia-
bility, especially for low-resource languages, it is likely that direct creation in Tamil will
become viable in the short- to medium-term.

4.5. Human AI Collaborative Feedback

To ensure pedagogical and cultural integrity, we implemented a verification framework
that evaluated VQA outputs for age-appropriateness and the absence of harmful or biased
content. Originally designed for manual educator review, deployment constraints led to
a hybrid human-Al validation process using the VLM. Depending on the configuration,
each VQA pair is reviewed by either human experts or the model. Validated outputs
were serialized into structured JSON, supporting both educator-in-the-loop scenarios and
scalable, low-supervision deployment.

5. LEARN Architecture: Student Module

The student module provides a voice-driven dialogue experience that dynamically
adapts to learner responses in real time. Each session begins with a TTS-generated main
question, followed by a student’s spoken response in their MTL, transcribed using ASR.
The Personalized Dialogue Manager (PDM), powered by Qwen2.5-VL-7B-Instruct, clas-
sifies response intent and determines the next action, whether to give feedback, scaffold
with follow-up prompts, or proceed. The aim is to ensure linguistic accuracy, contextual
relevance, and a personalized learning flow. Figure 3 presents the overall architecture of
the student module.

fotne ( Next main ‘
ata Correct ) question
Detect -
Pb intent -){ Repetition B - ‘ ,))
class Off-topic
iy Follow-up m
; Incorrect question
- ifi i g
Speech Clarification L
quality [ Wrong language .,'ﬁstate
assessment| | ;

Figure 3. Architecture of the student module. The system delivers a voice-driven adaptive dialogue
experience powered by ASR, TTS, and PDM.

5.1. Children ASR

Student responses in their selected MTL are captured as spoken input and transcribed
through an ASR module for downstream dialogue processing. In early deployments, the
Whisper-Large-V3 model [49] was used. However, it exhibited limited robustness to the
acoustic variability of children’s speech, which is often characterised by age-related articu-
lation differences, higher pitch ranges, and regional accent variation [15]. These challenges
were particularly pronounced in lower-resource MTLs such as Tamil and Bahasa Melayu.

Prior work has shown that task-specific data collection and fine-tuning can substan-
tially improve ASR accuracy for low-resource and child-directed speech domains [17].
Following this methodology, we collaborated with 10 local primary schools to curate a
speech dataset comprising approximately 30 h of audio from 659 children aged 7 to 9
across Mandarin, Bahasa Melayu, and Tamil. The dataset includes 1318 recording sessions,
with gender representation of 44% boys and 56% girls. All recordings were annotated at
both phonetic and semantic levels by trained linguists in each respective MTL to ensure
high-quality transcriptions.

https:/ /doi.org/10.3390/app16052379
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‘eating’.

To ensure a fair evaluation of generalisation to unseen speakers, all ASR experiments
employed a per-speaker train-test split. No child’s recordings appeared in both the training
and evaluation sets, preventing speaker leakage and avoiding overly optimistic perfor-
mance estimates. The Whisper-Medium-V3 model [49] was then fine-tuned using LoRA
with an 80-20 training—evaluation split defined at the speaker level. The dataset collected
for training and fine-tuning is described in Zhang et al., 2025 [50].

This fine-tuning procedure produced consistent reductions in both Character Error
Rate (CER) and Word Error Rate (WER) across all three MTLs, as shown in Table 1. Marked
improvements in recognising children’s speech were achieved for each language, although
the Tamil ASR performance was still much poorer than the other languages.

Table 1. Comparison of baseline and fine-tuned ASR model performance on speech data across MTL.
Lower numbers indicate better performance.

Language Baseline CER/WER | Finetuned CER/WER |
Mandarin 29.4% 7.5%
Bahasa Melayu 63.6% 10.1%
Tamil 79.5% 35.0%

5.2. Personalized Dialogue Manager (PDM)

The PDM delivers an adaptive learning experience through a mobile or web interface
in which each question is vocalized using an MTL TTS engine. The main questions, curated
by the teacher module, are accompanied by one to three personalized follow-up questions
as noted above, and are designed to maintain student engagement to reinforce learning. To
enhance vocabulary development, the system incorporates an intent classification module
that assigns each student response to one of six distinct categories: correct, incorrect,
clarification request, off topic, repeated input, and language mismatch.

For correct responses, PDM acknowledges the input and proceeds to the next question.
Incorrect answers trigger up to two follow-up questions designed to scaffold understanding
(e.g., “Look at the girl’s hand, what is she holding?”), with encouraging feedback throughout
(e.g., “Great try! Let’s look again.”). Clarification requests prompt additional context before
reposing the question, while off topic replies are acknowledged and gently redirected. To
preserve dialogue integrity, PDM flags repetition (verbatim echoes) of the prompt, some-
thing that could lead to hallucinated validations if missed. The wrong language class flags
responses in languages other than the expected MTL. Although ASR models are fine-tuned
for specific languages, cross-lingual transcription errors (e.g., English detected in a Bahasa
Melayu session) can often occur in such a multilingual context. Unlike general-purpose
dialogue systems, LEARN is focused on MTL oral proficiency; thus, responses in the wrong
language are not accepted, even if semantically correct. Instead, the PDM scaffolds the
student back to the intended language, reinforcing consistent language use. Each session
concludes with a vocabulary recap (e.g., “Today, you learned words like ‘cleaning,” ‘plane,” and

7o

) to consolidate learning.

TTS

All dialogue responses are converted into audio using language-specific TTS engines to
support voice-based interaction. The pipeline employs MelayuSpeech [51] for Bahasa Melayu,
PaddleSpeech [52] for Mandarin, and Indic-TTS [53] for Tamil. Trained on adult speech, these
engines serve as a virtual “teacher voice”, with clear and consistent articulation.

https:/ /doi.org/10.3390/app16052379
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5.3. Student Response Evaluation

We explored three strategies to evaluate student responses across modalities. The
first method, speech-to-speech semantic evaluation, uses ECAPA-TDNN embeddings [54]
to compute cosine similarity between student and reference audio. The second, ASR-
based evaluation assesses accuracy using WER and BLEU [55]. The third, VLM-based
evaluation, currently deployed, uses Qwen2.5-VL-7B-Instruct to assess responses, offering
goal-aligned, grounded evaluation beyond text similarity. The VLM approach was chosen
for its robustness, with prior work demonstrating its effectiveness in VQA tasks [29],
positioning LLMs as reliable evaluators.

6. System Level Evaluation

Before conducting the classroom pilot, a series of system-level evaluations was carried
out to validate the quality, reliability, and pedagogical suitability of the key components
of LEARN. These internal assessments examined survey design considerations, dialogue
accuracy, VQA generation quality, and teacher workload reduction. The results informed
iterative refinement of the system prior to deployment in schools.

6.1. Personalized Dialogue Manager Accuracy

To assess the reliability of PDM, we evaluated both intent classification and the appro-
priateness of follow-up responses. A controlled dataset comprising 60 synthetic student
utterances (six intent categories) and 50 follow-up responses was constructed across Man-
darin, Bahasa Melayu, and Tamil. Each output was rated on a five-point scale by both
language experts and an external large language model (LLM) evaluator.

Table 2 summarises the average scores across the three languages for utterance-level
accuracy and follow-up response quality. It is interesting to note that the LLM-as-a-judge
correlated very well with the expert.

Table 2. Evaluation of the Personalized Dialogue Manager using 60 synthetic student utterances (six
intent categories) and 50 follow-up responses across three mother tongue languages. Each output
was rated on a 5-point scale by language experts as well as an external LLM judge (GPT-40O). Scores
reflect the accuracy of intent handling and the appropriateness of generated follow-up responses.

Expert LLM-as-a-Judge Expert LLM-as-a-Judge
Language L.
(Original Utterances) (Follow-Up Responses)
Bahasa Melayu 4.7 4.6 4.7 4.6
Mandarin 4.5 44 4.8 5.0
Tamil 3.8 4.2 4.2 4.4

These evaluations guided iterative revisions to the prompt templates, response scaf-
folding, and feedback logic, ensuring age-appropriate, consistent, and pedagogically reli-
able system behaviour across languages.

6.2. Quality of Generated VQA Questions

The teacher-facing VQA generation module was assessed through an educator survey
involving five language specialists. Participants rated the age-appropriateness and cur-
riculum relevance of automatically generated questions on a five-point Likert scale. The
system achieved an average rating of 4.4/5, with educators reporting that most questions
required only minor edits. These results indicate that LEARN is capable of producing
classroom-ready VQA items with minimal post-editing effort.

https:/ /doi.org/10.3390/app16052379


https://doi.org/10.3390/app16052379

Appl. Sci. 2026, 16, 2379

11 of 17

6.3. VQA Generation Workflow and Teacher Effort

To quantify teacher workload reduction, we conducted a controlled comparison of
manual versus LEARN-assisted VQA creation. Five educators (two Mandarin, two Tamil,
and one Bahasa Melayu) created identical sets of five questions with follow-up prompts
under both conditions.

Manual creation required between 22 and 65 min (median 30 min), whereas LEARN-
assisted authoring required only 3 to 6 min. This corresponds to an estimated 80-90%
reduction in preparation time. Educators reported making few corrections to generated
content (mean correction effort approximately 3/5), confirming that most outputs were
pedagogically suitable with minimal revision.

6.4. Safety Considerations

To ensure safe interactions with young learners, all testing and system evaluations
were conducted with a human in the loop. During both development and pilot phases, ed-
ucators or researchers monitored system outputs in real time to identify any inappropriate,
harmful, or misleading content. In addition, a reporting mechanism was established for
teachers to flag any safety concerns or unexpected system behaviours. These safeguards
ensured that the system remained pedagogically appropriate and aligned with classroom
safety expectations throughout the evaluation process.

7. Pilot Deployment and Feedback

The pilot deployment of LEARN was conducted over a two-week period using a six-
core NVIDIA A6000 GPU server. The infrastructure supported simultaneous interactions
with students across all three language streams and aimed to demonstrate feasibility for
classroom-scale deployment.

7.1. Subjective Performance

To evaluate LEARN'’s real-world impact, the pilot study targeted three key dimensions:
student engagement, vocabulary acquisition, and system usability for primary education.
In total, 206 Primary 1 and 2 students had parental consent to participate under educator
supervision. We conducted post-engagement surveys (Figures 4 and 5) to assess usability
and learner experience, while vocabulary acquisition was reported on by the educators.
Results revealed strong engagement, especially with image-based tasks, and a positive
reception to auditory feedback. Most students reported that the questions were manageable,
although a small subset indicated some difficulty with vocabulary. Enjoyment scores were
consistently high across all languages and grade levels.

The open-ended feedback given by educators consistently reported strong student
engagement, while some cited reduced workload due to the automated question generation
and monitoring. Educators noted student vocabulary acquisition, including being better
able to produce target words post-test, and this was consistent with the in-session tracking
of learned vocabulary and in-session vocabulary recaps. However, due to the relatively
short duration of sessions in the pilot deployment, this was not evaluated via a pre/post
session comparison.

Each assignment comprised five questions and follow-up responses, typically com-
pleted within 5-15 min making the system suitable for both classroom use as well as for
at-home learning. Open-ended feedback from parents revealed that they valued the web
interface for tracking learning progress and vocabulary growth. Also, the personalization
mechanism scaffolds vocabulary learning to suit the progress of each child. For example,
unfamiliar words like “climbing” were taught through follow-up prompts such as “repeat
after me”.
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Enjoyment of Interacting with LEARN by Students
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Figure 4. Post engagement enjoyment ratings from 206 Primary 1-2 students across three MTL streams.

Perceived Question Difficulty during Interaction with LEARN
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Figure 5. Perceived difficulty ratings reported by 206 Primary 1-2 students across three MTL streams.

One important finding was the system’s robustness to off-task responses: when students
gave unrelated answers (e.g., “I want to see my mother”), the PDM acknowledged them and
redirected the conversation. Persistent distraction, however, still required adult intervention.

Another issue noted was that some students defaulted to English due to a lack of
vocabulary knowledge. When they were marked incorrect for “language mismatch”, but
had provided a factually correct answer, frustration was occasionally expressed. This
highlights a need for gentle reinforcement of MTL learning expectations.

7.2. Technical Performance

The operational system was deployed via containerized microservices using a primary
Triton Inference Server [56] (v.3.5.1) with a fastAPI fallback [57] (v.0.122.1), orchestrated
using Kubernetes (v.1.34.2), and exposed through Docker to ensure real-time responsiveness
as well as scalability, i.e., compatibility for cloud-based deployment in the future.

The observed performance during the pilot deployment is presented in Table 3, with
statistics for each model in the student module reported separately. Performance is shown
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for the target 20-30 concurrent users, as well as stress-tested with 100 concurrent users.
No model or query failures were experienced during the deployment, but under high
load, the system utilised nearly all of the 48 GB available VRAM in the A6000. This is
because memory swapping rather than dropping of queries was occurring, which is also
consistent with the latency increases (i.e., 4x increase in users leads to 10x the latency).
Exploring further, the fine-tuned ASR service had a latency of 0.75 s mean/0.87 s P95 under
low load (10 concurrent users), achieving a throughput of 5.32 requests per second. High
load latency (50 concurrent users sustained for 300 s) led to 4.97 s mean/6.2 s P95 with a
throughput of 7.64 requests per second. Stress testing with 100 concurrent users sustained
for 300 s yielded a latency of 9.88 s mean/13.0 s P95 and a throughput of 7.51 requests
per second.

VQA generation performance via the teacher module is presented at the bottom of
Table 3. This was asynchronous to the student module and could easily be implemented
using a separate GPU or cloud service.

Table 3. Pilot deployment statistics on NVIDIA A6000 with AMD EPYC7763. Approximate figures
are reported separately for the synchronous student module ASR, TTS and PDM models, plus the
teacher module VQA model.

Student Module  ASR PDM TTS

Model Whisper-small, Triton =~ Qwen2.5-VL 7B text Section 5.2
20-30 user latency 0.7-1.0s 0.5-15s 0.3-0.8s

100 user latency 9-10s 1-2s 0.5-1s
VRAM peak 30 GB 18-20 GB 2.5-11GB!
Failures 0 0 0

Teacher Module  Asynchronous VQA generation (not part of the student pipeline)
Model Qwen2.5-VL 7B vision-language

Performance VRAM peak ~ 30-32 GB, latency 3-6 s/image

1 Peak VRAM for Malay 10 GB; Mandarin 2.5 GB; Tamil TTS 1 GB & Translate 8 GB.

8. Limitations

While LEARN demonstrates strong potential for multilingual oral learning, several
limitations remain. (a) Low-resource languages are poorly served by existing tools. The
authors found limitations with Tamil ASR in particular, as well as in Tamil question genera-
tion (requiring an intermediate step of English generation followed by translation). This
highlights the urgent need for research in under-represented and low-resource languages
such as Tamil. (b) ASR systems struggle with code switching. In LEARN, this could lead to
misclassifications of multilingual speech. While general ASR in most multilingual settings
would need to accept code-switched input, for the purpose of MTL, code switching needs
to be detected and flagged. We found it also needs to be flagged appropriately—the answer
might be correct, but in the wrong language. This must be handled very differently from an
incorrect answer in the right language. It is a disfluency rather than a mistake. (c) While the
teacher-in-the-loop overhead was small (i.e., teachers generally did not need to intervene,
requiring very little time for monitoring, which was a one-shot process), LLMs and VLMs
are known to occasionally generate age-inappropriate or inaccurate responses. Al abilities
are inexorably improving, but, for the foreseeable future, systems deployed in sensitive
settings such as children’s education will still require an element of human filtering.

9. Conclusions and Future Work

This paper has introduced the LEARN, multilingual visual dialogue system for young
MTL learners, and evaluated its performance ‘in the wild” through a medium-scale pilot
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deployment. LEARN is designed to support oral proficiency education for second lan-
guage learners, the so-called mother tongue languages (MTLs), taught at primary school in
Singapore. As a teacher-in-the-loop education system employing LLMs, LEARN constructs
pedagogically informed dialogue flows based around attractive and colourful hand-drawn
cartoon images, with oversight from teachers and educational professionals. The im-
ages and visual question-answering (VQA) dialogues are culturally and pedagogically
appropriate and relevant to the daily lives of learners. Survey and engagement results
collected during the pilot deployment from 206 primary-aged students demonstrated no-
table improvements in vocabulary acquisition and oral fluency, as well as high levels of
learner engagement.

While this research is situated within the context of Singapore’s MTL policy, it is
grounded in educational theories and pedagogical approaches that are likely to be easily
transferable to other educational settings. More broadly, this work illustrates very clearly
the potential for well-designed generative Al-based tools to deliver safe and context-
sensitive learning experiences for children’s education, in a way that is appreciated by
educators and learners alike.

In the future, the authors plan a larger-scale deployment with pre- and post-evaluation
of vocabulary. We believe reducing the human-in-the-loop intervention will best be accom-
plished through a tiered oversight model with: (a) Pre-deployment filtering via teacher
module validation in conjunction with automated safety classifiers (i.e., checks for toxicity,
age-appropriateness and policy compliance). Vocabulary and structural constraints would
also continue to be applied to the outputs. (b) At run-time, automated monitoring of LLM
outputs via structured LLM-based validators with possible guardrail-style input/output
validation (e.g., for toxicity, PII, grounding checks). When these automated checks flag
something, the offending output can be (a) replaced with a safe default (e.g., “Let us try the
next question”), or (b) logged for asynchronous review, while allowing the session to con-
tinue. Research has shown that an LLM-as-a-judge [58] can effectively complement human
risk scoring. Essentially, LLMs perform structured compliance checks to flag sessions for
post-session asynchronous review by educators, along with periodic audit sampling. As
LLM capabilities increase, higher levels of automation in checking will become viable.

Finally, future research is required in the area of low-resource language tool capability,
particularly for ASR and VLM/LLMs. Language tool performance ranking in the LEARN
trial correlates with language resource availability. Research is required in improving
low-resource language tools. For the Singapore context, this is particularly urgent in the
case of the Tamil language.
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Al Artificial Intelligence

ASR Automatic Speech Recognition
BLEU Bilingual Evaluation Understudy
CER Character Error Rate

ECAPA  Emphasized Channel Attention, Propagation, and Aggregation

GPU Graphics Processing Unit

LEARN Language Evaluation via question & Answer generation from caRtooNs
LLM Large Language Model

LoRA Low Rank Adaptation

MTL Mother Tongue Language
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PDM Personalized Dialogue Manager
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VLM Vision Language Model
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