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Abstract

The integration of generative artificial intel-
ligence into educational applications has en-
hanced personalized and interactive learning
experiences, and it shows strong potential to
promote young learners language acquisition.
However, it is still challenging to ensure con-
sistent and robust performance across differ-
ent languages and cultural contexts, and kids-
friendly design requires simplified instructions,
engaging interactions, and age-appropriate scaf-
folding to maintain motivation and optimize
learning outcomes. In this work, we introduce
SingaKids, a dialogic tutor designed to facili-
tate language learning through picture descrip-
tion tasks. Our system integrates dense image
captioning, multilingual dialogic interaction,
speech understanding, and engaging speech
generation to create an immersive learning en-
vironment in four languages: English, Man-
darin, Malay, and Tamil. We further improve
the system through multilingual pre-training,
task-specific tuning, and scaffolding optimiza-
tion. Empirical studies with elementary school
students demonstrate that SingaKids provides
effective dialogic teaching, benefiting learners
at different performance levels.

1 Introduction

The integration of generative artificial intelli-
gence into educational technologies has signifi-
cantly transformed learning environments by en-
abling more personalized and adaptive experiences
(Zhang and Aslan, 2021; Yan et al., 2024). These
AI-driven systems can respond to individual learner
needs, provide immediate feedback, and create en-
gaging interactions that support knowledge acqui-
sition and skill development (Zhai et al., 2021). In
the domain of language learning, this technological
advancement presents particularly promising op-
portunities, especially for young learners who ben-
efit from interactive and contextually rich learning
experiences (Pokrivčáková, 2019; Ji et al., 2023).

Figure 1: Multi-modal dialogic interaction for language
learning through the image description task. Students
use speech to interact with the system. Pink spans de-
note the dynamic scaffolding strategies.

Recent advances in large language models
(LLMs) and multimodal systems have demon-
strated impressive capabilities in understanding and
generating human language across diverse contexts
(Achiam et al., 2023a; Team et al., 2023). How-
ever, deploying these technologies effectively for
educational purposes, particularly for children’s
language acquisition, presents several significant
challenges. First, ensuring consistent performance
across different languages and cultural contexts re-
mains difficult, as most systems exhibit stronger
capabilities in high-resource languages like English
compared to others (Wang et al., 2023a). Second,
designing child-friendly interactions requires care-
ful consideration of cognitive load, attention spans,
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and developmental appropriateness—factors that
often necessitate simplified instructions, engaging
dialogue patterns, and age-appropriate scaffolding
to maintain motivation and optimize learning out-
comes (Liu et al., 2024c).

To address these challenges, we introduce Sin-
gaKids, a dialogic tutor specifically designed to
facilitate language learning through picture descrip-
tion tasks. The oral practice enhances children’s
language acquisition by stimulating vocabulary
development, syntactic complexity, and observa-
tional skills, and facilitating contextual language
use within meaningful visual contexts - all essential
components of early linguistic competence devel-
opment. To this end, our system integrates four
components: (1) dense image captioning to provide
rich visual context understanding, (2) multilingual
dialogic interaction to support natural conversa-
tional flow, and deliver appropriate feedback and
guidance, (3) robust speech understanding to pro-
cess young learners’ verbal responses, and (4) kids-
friendly speech generation to improve the student
engagement during tutorial sessions. SingaKids
operates across four languages relevant to Singa-
pore’s multicultural context: English, Mandarin,
Malay, and Tamil, making it accessible to students
from diverse linguistic backgrounds.

We further enhanced the system’s performance
through multilingual pre-training strategies, task-
specific tuning to optimize picture description di-
alogue flows, and scaffolding optimization to pro-
vide appropriate levels of support based on learner
responses. This approach allows the system to
adapt its interaction patterns to match learners’ pro-
ficiency levels and specific linguistic needs. To
evaluate the effectiveness of SingaKids, we con-
ducted empirical studies with first and second-
grade elementary school students of different lan-
guage proficiency levels. Our findings demonstrate
that the system provides effective dialogic teach-
ing experiences that support language acquisition
through natural conversation about visual stim-
uli. Notably, students at various performance lev-
els showed improvements in descriptive language
skills, vocabulary usage, and conversational fluency
after engaging with the system.

This work contributes to the growing field of
AI-enhanced language education by demonstrating
how multimodal, multilingual systems can be suc-
cessfully deployed to support young learners’ lan-
guage development. By addressing the challenges
of cross-linguistic consistency and age-appropriate

interaction design, SingaKids represents a step for-
ward in creating accessible and effective learning
agents for diverse educational contexts.

2 Related Work

Intelligent tutoring systems aim to replicate hu-
man tutoring by providing personalized instruc-
tion and adaptive feedback to language learners.
The advancement of ITSs has marked a significant
step forward in education practice (Graesser et al.,
2018; Demszky and Hill, 2023; Wang et al., 2023b).
These systems provide personalized learning ex-
periences and instant feedback (Chaffar and Fras-
son, 2004; Harley et al., 2015; Grivokostopoulou
et al., 2017), tailored to learners’ characteristics
and needs (Dzikovska et al., 2014; Grawemeyer
et al., 2016; Nihad et al., 2017), and are shown to
positively influence students’ engagement in learn-
ing and academic performance (Kulik and Fletcher,
2016; Xu et al., 2019).

Dialogue tutor is a particular type of intelligent
tutoring system that interacts with students via nat-
ural language conversation (Nye et al., 2014; Ruan
et al., 2019). In STEM domains, conversational
ITSs can facilitate university students in problem-
solving by providing real-time feedback and hints
in text formats (Nye et al., 2023; Paladines and
Ramirez, 2020; Arnau-González et al., 2023). How-
ever, prior work has widely relied on rule-based sys-
tems with human-crafted domain knowledge (Nye
et al., 2014; Graesser et al., 2018), or data-driven
approaches that require a certain amount of human
annotation for supervised learning (MacLellan and
Koedinger, 2022). Recently, LLMs show strong
potential to build dialogue tutors with less data su-
pervision and higher coherence (Afzal et al., 2019;
Demszky and Hill, 2023; Macina et al., 2023b), and
they can be further improved by integrating LLMs
with pedagogical and learning science principles
(Stasaski et al., 2020; Sonkar et al., 2023; Macina
et al., 2023a).

3 SingaKids System Architecture

In a picture description session, teachers first
present an image and ask students to observe it
carefully. They pose open-ended questions like
“What do you see in this picture?” to stimulate ob-
servation, then guide students beyond basic object
identification to describe qualities using adjectives
and adverbs, enhancing vocabulary, organization,
and fluency. The activity concludes with introduc-
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Figure 2: Overview of the conversational tutor architecture for language learning via the image description task.

ing new vocabulary and encouraging students to
create stories about the image, developing creativ-
ity and narrative skills.

Drawing from real-world teaching sessions, the
overall architecture of our conversational tutoring
system is illustrated in Figure 2. Interactions be-
gin with the Multimodal Understanding: the scene
comprehension extracts the keywords, objects, and
events in the given picture (Johnson et al., 2016);
the multilingual speech recognition converts the
student’s spoken response into text; speech eval-
uation component is to assess the student’s oral
language proficiency (Wong et al., 2022).

The Multilingual LLM represents the core of
educational interaction: multilingual semantic un-
derstanding interprets the student’s response in con-
text; language evaluation assesses the linguistic ac-
curacy and completeness of their description; scaf-
folded guidance determines the appropriate level
of support needed; This component effectively ana-
lyzes the student’s current understanding and for-
mulates an appropriate teaching strategy; pedagog-
ical anchoring establishes high-level educational
objectives such as word understanding or sentence
construction. Moreover, for elementary grade 1 and
2, we evaluate students’ skills in making sentences
to describe the activities in the image, focusing
on their vocabulary usage. The language evalu-
ation can be adapted for higher grade levels, by
measuring grammatical correctness and coherent
narratives (Genishi and Dyson, 2015).

The system’s response is formed in both text and
audio outputs. The Multilingual Speech Generation
converts text utterance into natural and engaging
speech to maintain student motivation (Kim et al.,
2021); In addition, beyond simple text-to-speech

synthesis, we incorporate a highlight component
which can emphasize important keywords or pro-
nunciation errors (Zhang et al., 2021).

Throughout this pipeline, the system maintains
an educational dialogic flow, asking guiding ques-
tions, providing hints, offering corrections, and ac-
knowledging progress as needed. If a student strug-
gles with specific vocabulary when describing the
image (for example, using general terms like “play-
ing” instead of specific verbs like “swimming” or

“climbing”), the system will scaffold their learning
through targeted questions and gradually decreas-
ing support until they can independently produce
the target words (Liu et al., 2024c).

4 Module Optimization

Young students at the early elementary stage with
limited language proficiency raise unique require-
ments for human-AI interaction. Enhancing the
multilingual capability of the core components
can improve communication efficacy as well as
handling mixed language usage or intra-sentential
code-switching. This is particularly important in
environments where learners may express them-
selves in multiple languages they are exposed to
at home or school. Additionally, scaffolding kids
requires simplified instructions, and consistent en-
gagement through positive feedback and social-
emotional support. While maintaining reasonable
performance in English and Mandarin, we specifi-
cally focus on improving Malay and Tamil to better
serve Singapore’s multilingual student population.1

1We used the Huggingface codebase for model training &
evaluation (https://github.com/huggingface/transformers). All
experiments were conducted on Nvidia A100 40/80GB GPUs.
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Figure 3: Dense image captioning with contextualiza-
tion (caption of each event aligns with large narrative)
and fine-grained understanding (detailed description of
objects, characters and activities).

4.1 Fine-grained Image Description

For the picture-guided conversation flow, we pro-
pose a dense image captioning module for visual
storytelling. The goals are to identify the key events
of interest in the image as well as generate rich cap-
tions for each key event of interest. Referring to
the example in Figure 3, the caption for each event
shall be aligned with the larger narrative of the im-
age (better contextualization), and include detailed
description of the objects, characters, and activi-
ties (fine-grained understanding). State-of-the-art
multi-modal LLMs (MLLMs), especially smaller
size models, generally struggle with dense image
content. The MLLMs often generate general and
broad descriptions of the image, and are limited
in deeper analysis of the visual details. Moreover,
hallucinations occur due to complex or ambiguous
image content. Hence, we adopt a two-stage ap-
proach – event bounding box proposal and caption
generation. For event bounding box proposal, we
leverage robust person and object detection (Liu
et al., 2024a), human segmentation (Kirillov et al.,
2023), coupled with depth estimation (Bhat et al.,
2023), for probabilistic reasoning on the neural
detections. For caption generation, we use chain-
of-thought prompting on a MLLM, InternVL2.5
(Chen et al., 2024), to incorporate global context
understanding into the individual event captions.

Figure 4: Malay ASR evaluation results.

Figure 5: Tamil ASR evaluation results.

We achieved a 75% sentence-level accuracy in our
image testbed, which provides reasonable content
for the conversational process.

4.2 Improving Multilingual ASR

To enhance the multilingual ASR capabilities of
our system, we selected Whisper-large-V3 (Rad-
ford et al., 2022) as the base model and fine-tuned it
with additional Malay and Tamil speech data. Pre-
liminary analysis revealed significant performance
gaps when processing lower-resource languages
(e.g., Malay, Tamil), and in children’s voice tran-
scribing (Attia et al., 2024). We addressed this
limitation by gathering a local dataset comprising
2,800-hour Tamil recordings and 1,000-hour Malay
recordings from more than 1,000 native speakers
from different age groups and linguistic contexts.

As shown in Figure 4 and Figure 5, we compare
Whisper-large-V3 with our fine-tuned model on
Malay and Tamil data. Evaluating on Malay data,
we achieved a lower WER from 40.5% to 28.4%
on conversational speech and from 20.3% to 5.1%
on children speech (Zhang et al., 2021). For Tamil,
we achieved lowers WER from 10.3% to 7.1% on
Bloom Speech Tamil (Leong et al., 2022) and from
13.7% to 7.9% on a children speech data (Zhang
et al., 2021). We obtained consistent improvements
at all test sets, particularly in children’s voice.
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Figure 6: Comparison between the base model and our
model of translation capability.

Figure 7: Comparison between the base model and our
model of multilingual instruction following.

4.3 Improving Dialogue LLM

We improve the dialogue component built on a text
LLM from the following two aspects:

4.3.1 Multilingual Capability
LLMs often show downgraded performance in low-
resource languages, and this problem becomes
more prominent on smaller models. In this work,
we selected Qwen1.5-4B (Bai et al., 2023) as the
base model for a balance of performance and cost-
efficiency.2 Our multilingual optimization follows
a two-stage process: First, we conducted continue
pre-training on 14B tokens of mixed data with
four languages (English, Mandarin, Malay, Tamil)
(Penedo et al., 2024). We set a balanced sampling
rate to elevate the multilingual modeling of Malay
and Tamil, and English and Mandarin data play
a role to retain the fundamental language capa-
bilities. Second, we enhanced the model’s multi-
lingual instruction following by multi-task learn-
ing (Teknium, 2023) and cross-lingual alignment
(Muennighoff et al., 2023; Lin et al., 2025), in-
cluding multilingual role-play corpora generated
through simulating diverse conversation scenarios
(Sun et al., 2024; Liu et al., 2024b). To further

2We tested a set of Qwen1.5 models from 1.8B to 14B,
and observed that model size is strongly correlated with mul-
tilingual capabilities, especially for languages with lower re-
sources such as Malay and Tamil.

Figure 8: Comparison between the base dialogue model
and pedagogical-enhanced model through the LLM-as-
a-judge evaluation.

strengthen cross-lingual capabilities, we did a hy-
brid training approach that combines translation
and cross-lingual problem-solving tasks (Muen-
nighoff et al., 2022; Liu et al., 2022). This enables
the language model of better semantic fusion across
languages. Experimental results shown in Figure
6 and Figure 7 show improvement on multilingual
translation and instruction following.

4.3.2 Scaffolding-guided Augmentation

We improved the dialogue model’s pedagogical
effectiveness by training with scaffolding instruc-
tions and personality-aware student simulation
(de Oliveira et al., 2023; Sonkar et al., 2023; Liu
et al., 2024c,d). Our scaffolding framework is for-
mulated upon the dialogic teaching theory (Alexan-
der, 2006), where the tutor encourages exchange
of ideas using follow-up questions, clues, elabora-
tions, or recaps. We conducted a theory-inspired
practice by sampling synthetic dialogue samples
from a stronger teacher LLM (GPT-4 (Achiam et al.,
2023b)) to guide the smaller LLMs, which is capa-
ble of providing scaffolded interactions based on
learners response. Moreover, in dialogic teaching,
recognizing and adapting to individual characteris-
tics can significantly enhance student engagement
and learning efficiency. We built a taxonomy of stu-
dent personality profiles based on established tradi-
tional psychology frameworks (Costa and McCrae,
1999), and integrated both cognitive and noncog-
nitive aspects into LLM-based personality-aware
student simulation (Liu et al., 2024d). This aug-
mentation enabled the dialogue model to dynam-
ically adjust its pedagogical approach, providing
encouragement for students exhibiting low confi-
dence or being distracted from the on-going ses-
sion, as shown in Figure 8.

Moreover, we observed that the scaffolding-
guided training improves the dialogue model’s ro-
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Figure 9: Subjective evaluation results for mean opin-
ion score (MOS) and objective evaluation results for
speech intelligibility with 95% confidence intervals for
the synthesized Malay and Tamil speech samples by the
proposed educational multilingual TTS.

bustness regarding inappropriate language and ran-
dom user inputs. By incorporating dialogic teach-
ing principles and personality-aware student simu-
lation, our system maintains focus on educational
objectives and avoids generating harmful or off-
topic responses. For instance, when faced with un-
expected user behaviors, the model usually prompts
the students back to the image description task (i.e.,
adopting the scaffolding type “instruction”).

4.4 Improving Multilingual TTS

For engaging speech generation, we utilized VITS
(Kim et al., 2021), a non-autoregressive framework
that achieves a balance between speech quality and
computational efficiency. In particular, for low-
resource scenarios Malay and Tamil, we collected
recordings from adult teachers and children for
modeling appropriate prosodic patterns and speech
rhythms. The Malay training data includes 22
hours of adult speech from 1 speaker and 9 hours
of child speech from 97 speakers, while the Tamil
training data comprises 63 hours of adult speech
from 1 speaker and 1.5 hours of child speech from
52 speakers. Speaker embeddings are in a one-hot
input format, followed by embedding layer, en-
abling multi-speaker generation. This approach
addresses the issue of voice naturalness in educa-
tional contexts, as our preliminary testing revealed
that students engage more effectively with systems
that generate age-appropriate speech.

As shown in Figure 9, both objective and sub-
jective evaluations are conducted to assess the mul-
tilingual TTS performance. Subjective evaluation
is conducted using Mean Opinion Score (MOS)
ratings, where listeners assess the overall speech

Figure 10: Dialogue analysis on scaffolding types of
high-performing and low-performing students.

quality and naturalness of the synthesized speech
on a 1-5 scoring. It includes 15 Malay and 15 Tamil
child speech samples, rated by 20 native Malay
and Tamil listeners respectively. The MOS results
indicate that our TTS models achieved a reason-
able performance (with an average score exceeding
3.50), showing the effectiveness of multilingual
adaptation on naturalness and overall quality. For
objective evaluations, we measure speech intelli-
gibility using the widely adopted character error
rate (CER). Specifically, we used pretrained Malay
and Tamil ASR models to transcribe the Malay and
Tamil TTS generation, and computed the CER to
quantify speech intelligibility. The results (see Fig-
ure 9) demonstrate that our TTS models achieve
high speech intelligibility, with recognition accu-
racy exceeding 90% for both Malay and Tamil.

5 Student Practice and Discussion

We conducted a user study with 35 elementary
school students (grade 1-2) to evaluate SingaKids’
effectiveness in real-world educational settings
(IRB number: IRB-2024-218). Participants rep-
resented diverse language proficiency levels, and
they were using the system under the consent and
guidance from their parents. Following previous
work (Liu et al., 2024c), we conducted a utterance-
level analysis of the 7 scaffolding types. As shown
in Figure 10, significant differences are in some
scaffolding types. High-performing students re-
ceive more feeding back (69% vs. 43%) and ex-
planations (21% vs. 9%), where students were
encouraged toward deeper understanding. Low-
performing students received more hints (12% vs.
5%) and social-emotional support (31% vs. 17%);
the system provides clues, support building confi-
dence when learners struggle.
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Moreover, there are observations from our pre-
liminary study: (1) In some cases, noisy environ-
ments and children’s speech led to more ASR er-
rors, affecting the communication quality. Noise-
robust speech recognition and speaker recogni-
tion and diarization can help mitigate these is-
sues; (2) Even with dynamic scaffolding and social-
emotional support, some students exited sessions
when facing persistent difficulties. The scaffold-
ing type “Modeling” needs to be triggered to pre-
vent frustration; (3) For lower elementary grades,
parent guidance is necessary, as they can provide
assistance and additional support; (4) When there
are many objects and activities in the picture, kids
sometimes become distracted or have difficulty pin-
pointing the focus area, and adding visual high-
lighting (e.g., bounding boxes) helps improve focus
and comprehension. These findings underline the
importance of modeling kids-specific learning pref-
erences, to create a more inclusive and effective
language learning experience.

6 Conclusion

In this work, we presented SingaKids, a multi-
lingual multimodal dialogic tutor designed to en-
hance elementary language acquisition through pic-
ture description tasks. By integrating dense im-
age captioning, multilingual interaction, speech
understanding, and engaging speech generation
across four languages, our system creates an inter-
active learning environment that adapts to diverse
linguistic contexts. Considering the speech and
language proficiency and learning objectives of el-
ementary students, we further improved the system
on task-specific optimization and age-appropriate
pedagogical alignment. Preliminary empirical stud-
ies with elementary school students demonstrated
SingaKids’ effectiveness in providing self-adaptive
guidance through dynamic scaffolding and social-
emotional support. Our work provides both techni-
cal and educational insights to build general agents
in broader educational contexts.

Limitations

We are aware that it remains an open problem to
mitigate hallucinations and biases in large language
models, which may cause communication issues in
human-machine interaction and computer-assisted
education. Of course, current models and labo-
ratory experiments are always limited in this or
similar ways. We do not foresee any unethical uses

of our proposed methods or their underlying tools,
but hope that it will contribute to reducing incorrect
system outputs.

Ethics and Impact Statement

We acknowledge that all of the co-authors of this
work are aware of the provided ACL Code of Ethics
and honor the code of conduct. In our experiments,
models are applied under proper license. All data
used in this work are only for academic research
purposes and should not be used outside of aca-
demic research contexts. Our proposed method-
ology in general does not create a direct societal
consequence and are intended to be used to im-
prove the performance, robustness, and safety of
the intelligent tutoring systems.
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