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Abstract

Purpose: Early childhood education (ECE) produces large volumes of daily
activity images that document classroom routines, play, peer interaction, and
teacher-guided activities. Converting such multimedia records into educationally
meaningful captions remains difficult because ECE scenes contain fine-grained
activity areas, visually ambiguous teaching toys, and professional terminol-
ogy that are underrepresented in generic captioning datasets. Methods: We
present KinderMM-Cap, a multimedia captioning system built around ECAC, a
controlled-access benchmark containing 256,121 real-world kindergarten images
with expert-level captions, activity-area labels, and structured teaching-toy anno-
tations. We introduce Teaching Toy Recognition Score (TTS) for evaluating
professional toy-name accuracy and propose RSRS, a reward-conditional hybrid
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training framework that switches between reinforcement learning and supervised
fine-tuning when sparse rewards cause zero-advantage groups. Results: Based
on ECAC and RSRS, KinderMM-Cap-3B achieves a TTS of 51.06 and an over-
all caption-quality score of 86.20, outperforming strong multimodal baselines.
Precision analysis further shows that RSRS improves measured toy-recognition
precision among the compared training strategies. Conclusion: The results
suggest that child-sensitive multimedia captioning benefits from domain data,
specialized evaluation, controlled data access, and reward-aware training.

Keywords: Multimedia systems, image captioning, early childhood education,
multimodal large language models, controlled-access benchmark, reinforcement learning

1 Introduction

Kindergarten classrooms are increasingly documented through multimedia records
such as photographs, videos, speech, and teacher notes. Among these modalities,
daily activity images are a compact and widely collected source of information:
they capture children working with teaching toys, participating in group routines,
moving across functional activity areas, and interacting with peers and teachers. If
these images can be automatically converted into accurate captions, they can sup-
port classroom documentation, family-school communication, activity retrieval, and
downstream educational assessment.

General-purpose multimodal large language models (MLLMs) have made substan-
tial progress in image understanding and natural-language generation [1–4]. They
have also shown strong potential in vertical domains such as medical imaging [5, 6],
finance [7–9], fashion product description [10], and agriculture [11]. Educational multi-
media analysis has similarly benefited from recent vision-language systems, including
classroom observation, multimodal teaching analytics, and child-centered interaction
modeling [12–19]. However, image captioning for early childhood education remains
less explored than recognition, tracking, or conversational support.

ECE daily activity captioning is not simply a generic image description problem.
A usable caption should identify the activity area, describe the main action, and name
teaching toys using professional and context-appropriate terminology. For example, a
generic model may describe an object as “craft material” or “item”, while teachers
expect more precise terms such as “modeling clay”, “cotton swab”, or “fruit pattern
card”. These differences matter because the caption is intended to support educa-
tional records rather than merely provide a natural sentence. ECE images also contain
small objects, partial occlusions, repeated background props, and children-centered
interactions, making fine-grained object naming difficult.

Two obstacles limit existing captioning systems in this setting. First, there is
a shortage of large-scale ECE-specific benchmarks with activity-area labels, expert
captions, and structured annotations for teaching toys. Without such data, mod-
els cannot learn the visual-semantic associations that distinguish ECE scenes from
generic indoor images. Second, conventional training paradigms are not well suited to
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Fig. 1 Overview of the KinderMM-Cap multimedia captioning system. Daily activity images in early
childhood education contain fine-grained teaching objects and functional activity areas. A general-
purpose MLLM often produces generic descriptions. The proposed system uses ECAC for domain
adaptation, TTS for professional toy-name evaluation, and RSRS for hybrid SFT/RL optimization.

sparse, domain-specific reward signals. Supervised fine-tuning (SFT) can teach com-
mon domain expressions but often favors frequent terms, while reinforcement learning
can stagnate when all sampled captions receive zero reward on hard samples.

This paper reformulates the task as a multimedia system problem: how to build a
captioning pipeline that collects authentic ECE images, governs child-sensitive data
access, constructs domain annotations, evaluates pedagogically relevant details, and
trains a compact MLLM that can produce professional captions. Figure 1 summarizes
the overall system. The proposed KinderMM-Cap system combines (1) a controlled-
access benchmark, ECAC; (2) a domain-specific evaluation protocol, Teaching Toy
Recognition Score (TTS); (3) a reward-conditional hybrid training algorithm, RSRS;
and (4) a domain-adapted model, KinderMM-Cap-3B.

The main contributions are as follows.

• We introduce ECAC, a large-scale benchmark for ECE daily activity image caption-
ing. The benchmark contains 256,121 real-world kindergarten images, expert-level
captions, activity-area labels, and structured teaching-toy annotations. Because the
images involve children, the full image set is governed by a controlled-access proce-
dure, while code, annotation schemas, split files, evaluation scripts, and de-identified
examples are intended for public release.

• We propose TTS, a domain-oriented evaluation protocol that measures whether
generated captions correctly name teaching toys at multiple precision levels and
foreground/background roles. TTS complements general caption-quality assessment
by focusing on educationally meaningful details.

• We design RSRS, a reward-conditional switch of reinforcement learning and super-
vised fine-tuning. RSRS routes zero-reward hard samples to supervised optimization
while applying reward-driven exploration to informative samples, mitigating the
zero-advantage problem in sparse-reward captioning.
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• We build KinderMM-Cap-3B on Qwen2.5-VL-Instruction-3B and evaluate it against
strong MLLM baselines. The model achieves a TTS of 51.06 and improves fine-
grained ECE object naming, while precision analysis shows that the gains are not
merely caused by indiscriminate toy-name insertion.

2 Related Work

2.1 Multimodal large language models

MLLMs connect language models with visual, audio, and other sensory inputs,
enabling open-ended perception and generation. Representative systems such as
Flamingo [1], MiniGPT-4 [2], LLaVA [22], and Qwen2.5-VL [23] have pushed forward
instruction-following multimodal understanding across visual question answering, doc-
ument understanding, OCR, and video-language tasks [24–28]. Recent work has also
adapted MLLMs to vertical domains where domain terminology and visual distribu-
tions differ from generic web data, including medical [30, 32], remote sensing [29],
financial [31], and agricultural [11] applications. This work follows the same vertical
adaptation motivation, but focuses on child-centered educational multimedia and the
fine-grained captioning needs of ECE scenarios.

2.2 Computer vision in early childhood education

Computer vision has been used in ECE for facial expression analysis, engagement
estimation, face tracking, classroom monitoring, and child-robot interaction [33–37].
These studies demonstrate the value of visual perception for understanding child
behavior and classroom activities. Nevertheless, most existing work emphasizes recog-
nition, classification, or interaction control rather than generating natural-language
descriptions that can be used by teachers and families. ECE captioning requires a
model to identify the activity setting, the main participants’ actions, and pedagogi-
cally relevant objects, making it both a multimedia understanding task and a domain
communication task.

2.3 Image captioning in vertical domains

Image captioning bridges computer vision and natural language processing by trans-
forming visual content into semantically consistent text [20, 21, 38]. Vertical-domain
captioning has been studied in news reporting [39], biomedical images [40], underwater
imagery [41], fashion products [10], and other application areas. These domains show
that generic captioning metrics and datasets are often insufficient when specialized
terminology and domain-specific correctness matter. In ECE, captions must not only
be fluent but also distinguish similar teaching toys, identify functional activity areas,
and ignore irrelevant background objects. ECAC and TTS are designed for this gap.
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Table 1 Distribution of
ECAC images across top-level
activity categories.

Category Number of images

Outdoor 56,665
Classroom 195,397
Specialty 4,059
Total 256,121

3 ECAC Benchmark and System Pipeline

3.1 Controlled benchmark construction

ECAC was constructed from authentic kindergarten daily activity images recorded
during routine educational observation. After removing damaged and blurred images,
256,121 images were retained. The images cover 35 functional areas and are grouped
into three scenario categories: outdoor, classroom, and specialty activities. Table 1
gives the top-level distribution.

Because ECAC involves real images of children, the benchmark is designed as a
controlled-access resource rather than an unrestricted public image repository. The
released resources should include source code, annotation schemas, split files, evalu-
ation scripts, and de-identified examples. Full images should be made available only
through a controlled request process subject to institutional approval, privacy review,
and data-use agreements. This access design is part of the multimedia system rather
than an afterthought: it supports reproducible research while respecting the sensitivity
of child-centered classroom data.

3.2 Structured caption construction

The annotation pipeline combines MLLM-assisted captioning with expert review.
First, ECE experts designed prompts with high-quality exemplar captions. GPT-4o
was then used to generate initial free-form captions and structured annotations. The
structured prompt identifies teaching toy names, assigns naming precision levels (low,
medium, high), and classifies each toy as foreground or background depending on
whether it is involved in the child’s main interaction. Eight graduate students spe-
cializing in early childhood education reviewed and refined the generated structures,
especially the teaching-toy names.

This pipeline reflects the desired output semantics of the system. Captions should
center on the child-relevant activity, avoid irrelevant background details, and use
professional object terminology when such objects support the activity description.
Figure 3 shows representative daily activity images in the dataset.
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Fig. 2 Distribution of images across the 35 functional regions in ECAC. The long-tailed distribution
reflects real kindergarten activity records and motivates domain-specific evaluation.

3.3 Teaching Toy Recognition Score

General caption metrics are useful for evaluating fluency and overlap with refer-
ences, but they do not directly measure whether a caption uses professional names
for teaching toys. We therefore define Teaching Toy Recognition Score (TTS). For
an image, let T = {t1, t2, . . . , t|T |} denote annotated toy names. For each toy ti, let
Ai = {ai1, ai2, . . . , aiN} be its candidate descriptions at different precision levels. A
generated caption is considered correct for ti if it matches at least one candidate
description:

δ(a) =

{

1, if the candidate description matches the caption,

0, otherwise,
(1)

γ(ti) = 1





N
∑

j=1

δ(aij) ≥ 1



 , (2)
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Fig. 3 Examples of daily activity images across ECE scenario categories. ECE captioning requires
identifying functional regions, child actions, and specialized teaching toys rather than producing
generic indoor descriptions.

TTS =
1

|T |

|T |
∑

i=1

γ(ti). (3)

Based on foreground/background status and low/medium/high naming precision,
TTS is further decomposed into TTS-FL, TTS-FM, TTS-FH, TTS-BL, TTS-BM,
and TTS-BH. These fine-grained metrics reveal whether a model only recognizes easy
foreground objects or also learns rare, precise, and background teaching objects.

4 RSRS: Reward-Conditional Hybrid Training

4.1 Motivation

Domain-adaptive SFT helps a general MLLM learn ECE terminology, but it tends
to reproduce high-frequency descriptions and may still miss rare or visually subtle
teaching toys. Reinforcement learning with a toy-name reward can encourage more
precise descriptions, but sparse rewards create a training problem: when all sampled
captions in a group fail to mention any annotated toy, all rewards become zero and
the normalized advantage collapses. In this case, reward learning provides no useful
gradient for hard samples.

RSRS addresses this problem by combining supervised correction and reward-
driven exploration. Informative samples with non-zero reward distributions continue
through GRPO-style optimization, while zero-reward hard samples are placed in
a buffer and later optimized with supervised fine-tuning. Figure 4 illustrates the
mechanism.
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Fig. 4 RSRS training mechanism. When generated groups produce informative rewards, the model
is optimized through reinforcement learning. When all advantages collapse to zero, the sample is
routed to a buffer and later trained by supervised fine-tuning.

4.2 Warm-up supervised fine-tuning

The warm-up stage adapts Qwen2.5-VL-Instruction-3B to ECE captioning using
247,579 image-text pairs from ECAC. Given image I, prompt p, and ground-truth
caption sequence g = [a1, a2, . . . , aL], the supervised objective minimizes negative
log-likelihood:

LSFT(θ) = −E(I,p,g)∼D

[

L
∑

t=1

log πθ(at|st)

]

, (4)

where st denotes the decoding state at step t and πθ is the model policy.

4.3 Reward design

For a caption C, the reward function uses structured teaching-toy annotations. Let
Ω denote the set of teaching toys in an image, divided into foreground set F =
{f1, . . . , fn} and background set B = {b1, . . . , bm}. Each toy name has a precision
score s(·) ∈ {1, 2, 3}. Foreground toys are weighted by wf = 1, while background toys
are weighted by wb = 0.5:

R(C) =

n
∑

i=1

wfs(fi)hf,i +

m
∑

j=1

wbs(bj)hb,j , (5)

where hf,i or hb,j equals 1 if the corresponding toy appears in the generated caption
and 0 otherwise. The reward therefore encourages captions to mention more pre-
cise and pedagogically relevant teaching toys, with stronger emphasis on foreground
objects.
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Algorithm 1 RSRS: Reward-Conditional Switch of RL and SFT

Require: SFT data DSFT, hybrid data DRSRS, warm-up steps W , hybrid steps T ,
group size G

Ensure: Final policy πθ

1: Initialize policy πθ

2: for i = 1 to W do

3: Sample (I, p, g) from DSFT

4: Update θ by minimizing LSFT

5: end for

6: Initialize empty hard-sample buffer
7: for t = 1 to T do

8: if buffer size is smaller than batch size then

9: Sample (I, p, g,Ω) from DRSRS

10: Generate {oj}
G
j=1 using πθ(I, p)

11: Compute rewards {rj}
G
j=1 using R

12: if
∑G

j=1 rj = 0 then

13: Append (I, p, g,Ω) to the buffer
14: end if

15: Update θ with the GRPO branch
16: else

17: Sample a batch from the buffer
18: Update θ with the SFT branch
19: end if

20: end for

21: return πθ

4.4 Reward-conditional switch

In the hybrid stage, each image and prompt generates G candidate captions. The
reward values are normalized within the group to obtain advantages. If all generated
captions receive zero reward, the sample is stored in a buffer. Once the buffer reaches
the training batch size, samples are trained using the SFT objective. Otherwise, sam-
ples with informative reward distributions are optimized using the GRPO branch.
Algorithm 1 summarizes this process.

5 Experiments

5.1 Experimental setup

Qwen2.5-VL-Instruction-3B was selected as the backbone because of its strong Chinese
multimodal performance. In the warm-up stage, 247,579 ECAC image-text pairs were
used for SFT with LLaVA-Factory. Training ran for 3 epochs on 8 NVIDIA V100
GPUs with a learning rate of 1.0 × 10−5. In the hybrid stage, 12,000 ECAC images
with structured toy annotations were used. Four GPUs were assigned to training and
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Table 2 Performance comparison on ECE
daily activity image captioning.

Model TTS Overall score

GLM-4v-9B 29.36 78.19
Gemma3-27B 10.74 12.00
Qwen2.5-VL-3B 38.07 84.63
Qwen2.5-VL-7B 45.25 85.70
KinderMM-Cap-3B 51.06 86.20

four GPUs to online inference through vLLM, generating 4 candidate responses per
step.

We evaluate mainstream MLLMs and trained variants using TTS and an auto-
mated overall caption-quality score. The overall score is produced by a vision-language
evaluator using three dimensions: activity-area recognition, teaching-toy recognition,
and action/expression description. The evaluation focuses on TTS because professional
object naming is the core domain requirement in ECE captioning.

5.2 Main results

Table 2 compares KinderMM-Cap-3B with representative MLLM baselines.
KinderMM-Cap-3B achieves the highest TTS score of 51.06, outperforming Qwen2.5-
VL-3B by 34.1% relative improvement and exceeding the larger Qwen2.5-VL-7B
baseline. This result supports the central system claim: in ECE captioning, domain
data and targeted optimization are more effective than relying only on larger
general-purpose MLLMs.

5.3 Reward validation

To test whether the reward function aligns with ECE expert judgment, we ran-
domly sampled 100 ECAC test images. For each image, five captions were generated
by Qwen2.5-VL-3B-Instruct, Qwen2.5-VL-7B-Instruct, Qwen2.5-VL-7B-Instruct with
SFT, Qwen2.5-VL-32B-Instruct, and Qwen2.5-VL-72B-Instruct. Four graduate stu-
dents with ECE expertise independently ranked the captions based on the accuracy
and professionalism of teaching-toy names. Table 3 shows that the proposed reward
function has the strongest correlation with human rankings.

5.4 Ablation on training strategies

Figure 5 and Table 4 compare baseline, SFT, GRPO, and RSRS variants. SFT
improves the baseline by adapting the model to ECE terminology. GRPO further
improves TTS with far fewer training samples, indicating the data efficiency of reward-
driven learning. RSRS obtains the best overall TTS and improves all fine-grained
toy-recognition categories over pure GRPO, including foreground low-precision recog-
nition, medium/high-precision recognition, and background toy recognition.
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Table 3 Correlation between automatic
ranking methods and human judgments.

Method Kendall’s τ Spearman’s ρ

CN-CLIP 0.11 0.13
GPT-4o 0.43 0.52
Gemma3-27B 0.26 0.32
Ours 0.67 0.72

Fig. 5 Ablation study on training strategies for ECE daily activity captioning.

RSRS achieves the best value on all six fine-grained TTS metrics. The gains
are especially meaningful in TTS-FM, TTS-FH, TTS-BL, and TTS-BM, where pure
GRPO struggles with precise or background teaching-toy names. This supports the
rationale of RSRS: when reinforcement learning cannot learn from zero-reward groups,
supervised correction can still expose the model to expert annotations for hard
samples.
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Table 4 Fine-grained toy-recognition metrics across training strategies.

Model TTS-FL TTS-FM TTS-FH TTS-BL TTS-BM TTS-BH

Baseline 57.47 8.88 0.03 24.52 1.53 0.01
Baseline+SFT 66.59 15.71 0.04 24.15 2.01 0.00
Baseline+SFT+GRPO 65.66 14.39 0.02 37.97 2.86 0.02
Baseline+SFT+RSRS 68.21 17.18 0.09 39.69 3.87 0.03

Table 5 Toy recognition precision across training
strategies.

Model Avg. toy count Precision (%)

Baseline 1.45 64.15
Baseline+SFT 1.66 65.12
Baseline+SFT+GRPO 1.84 64.43
Baseline+SFT+RSRS 2.08 69.59

5.5 Precision analysis

Because reward-driven training can in principle increase the number of mentioned
teaching toys, we evaluate toy-recognition precision to verify whether the TTS gains
come from genuine recognition rather than indiscriminate toy-name insertion:

Precision =
|Tcaption ∩ Tgroundtruth|

|Tcaption|
, (6)

where Tcaption is the set of toy names extracted from a generated caption and
Tgroundtruth is the annotated set of toys in the image. Table 5 shows that RSRS
increases the average number of predicted toys while also improving precision. Com-
pared with SFT, RSRS raises precision from 65.12% to 69.59%, indicating that the
additional toy mentions are more often correct rather than merely inflated.

This result is important for deployment. RSRS improves professional toy-name cov-
erage under sparse rewards while maintaining the highest measured precision among
the compared training strategies. The increased average toy count therefore reflects
better recovery of relevant teaching toys rather than a simple tendency to over-describe
the scene.

6 Discussion

The proposed system shows that ECE captioning requires a different design point from
generic image captioning. A caption useful to teachers should be accurate, concise,
child-centered, and professionally named. ECAC provides the domain data required
for this goal; TTS measures the details that generic metrics may miss; and RSRS
addresses the sparse-reward training issue that appears when the model faces rare or
visually subtle teaching toys.
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The system-level contribution lies in the integration of data governance, anno-
tation, evaluation, and training into a single multimedia captioning pipeline. The
controlled-access design is especially important. Fully open data release is not appro-
priate for child images, but reproducibility can still be supported through code,
annotation schemas, split files, evaluation scripts, de-identified examples, and a
reasonable data-access application process.

Several issues remain. First, the current evaluation focuses on toy-name correctness
and automated caption-quality scoring, while reference-overlap captioning metrics can
be further used to improve comparability with broader captioning literature. Second,
although RSRS improves both TTS and measured toy-recognition precision in the
current experiments, future work should further validate this precision gain under
broader activity areas and unseen kindergartens. Third, ECAC currently focuses on
image captioning; future work can extend the system to temporal video understanding,
emotion-aware activity interpretation, and teacher feedback generation.

7 Conclusion

This paper presented KinderMM-Cap, a multimedia captioning system for daily
activity images in early childhood education. The system includes ECAC, a large-
scale controlled-access benchmark; TTS, a domain-specific evaluation protocol for
teaching-toy recognition; RSRS, a reward-conditional hybrid training framework; and
KinderMM-Cap-3B, a domain-adapted MLLM. Experiments show that KinderMM-
Cap-3B improves professional teaching-toy recognition and outperforms strong base-
lines on TTS. Precision analysis further shows that RSRS improves toy-name coverage
while achieving the highest measured toy-recognition precision among the compared
training strategies. Overall, the work demonstrates how multimedia captioning sys-
tems can be adapted to child-sensitive educational scenarios through domain data,
privacy-aware release, specialized evaluation, and targeted optimization.
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