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ABSTRACT Current mainstream multimodal recommendation models for kindergarten safety education
usually have large parameter scales and high computational overhead, which makes them difficult to
deploy on resource-constrained edge devices. Similar deployment constraints also exist in engineering
systems involving wireless sensing, electromagnetic environment monitoring, and antenna-assisted edge
perception, where real-time inference and low resource consumption are required. To balance lightweight
design and multimodal information integration, this paper proposes a kindergarten safety education
recommendation framework based on multimodal fusion and an ALBERT lightweight model. The
framework uses ALBERT-base-v2 with frozen embedding layers and fine-tunes only the last two
Transformer encoder layers as the text encoder. A lightweight ResNet-18 and WaveNet are adopted
for image and audio feature extraction, respectively. Trimodal semantic alignment is achieved through
128-dimensional linear projection, and a low-overhead gating mechanism is introduced to dynamically
integrate modal features. Finally, a dual-tower architecture and Bayesian Personalized Ranking (BPR)
loss are used to realize personalized recommendation. Experimental results show that the proposed model
achieves an inference latency of 86.67 ms, a model size of §7.3 MB, an average HR@5 of 91.4%, and
an average age-appropriateness score of 4.32. The results indicate that the model effectively balances
deployment efficiency, multimodal representation capability, and adaptability to children’s development,
providing a practical solution for intelligent kindergarten safety education systems and lightweight edge

recommendation applications related to electromagnetic-aware sensing environments.
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. INTRODUCTION

HE kindergarten stage is a critical period for children
T to develop safety awareness, and personalized and con-
textualized safety education content is urgently needed [1-3].
In recent years, multimodal learning has shown potential in
the field of educational recommendations due to its ability
to integrate multiple sources of information such as text,
images, and voice, paralleling its growing application in
the textile industry for comprehensive material analysis and
defect identification based on visual and spectral data [4-6].
However, existing research generally relies on multimodal
pre-training models with large parameter counts and high
computational overhead, making it difficult to deploy on
kindergarten edge devices with limited computing resources
and network conditions [7,8]. At the same time, although
lightweight language models such as ALBERT have the
advantage of low-resource adaptation, they only process
text modalities and cannot effectively utilize key non-text
information such as picture book illustrations, safety sign
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albert lightweight model, multimodal fusion, educational recommendation, edge

images, or voice prompts. The recommended content is
out of touch with children’s cognitive level and perceptual
habits, limiting the effectiveness of safety education [9].
This paper focuses on recommended scenarios for kinder-
garten safety education for preschoolers aged 3—6 years.
The research subjects include three core types of multi-
modal content: safety education text, accompanying images,
and safety audio. This content is highly age-sensitive and
modally complementary—young children primarily rely on
visual and auditory input to understand abstract safety con-
cepts, and text alone is insufficient to meet their cognitive
needs [10,11]. Many scholars have verified the importance
of this object from the perspective of the intersection
of developmental psychology and educational technology:
Zashchirinskaia O. V. used eye movement experiments to
understand the visual image sensitivity of preschool children
[12]; safety education texts such as nursery rhymes play
a key role in the learning ability and learning efficiency
of preschool children. Nursery rhymes can be used as a
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medium to assist in memorizing knowledge points [13-15];
the coordinated presentation of images and voices (such as
animation) can enable children to improve their mastery
of knowledge and skills when learning [16]; multimodal
learning has a positive effect on preschool children and
helps to improve children’s interest in learning [17,18].
Therefore, a lightweight recommendation system capable of
integrating multimodal semantics and meeting edge deploy-
ment constraints is of practical significance for improving
age-appropriate matching and accessibility. Regarding mul-
timodality, existing work has attempted to combine various
models to support students’ multimodal learning, or to use a
dual-stream architecture to achieve cross-modal interaction
[19,20]. Ren X et al. proposed a learning recommendation
based on Long Short-Term Memory (LSTM) and attention
mechanism, but lacked performance in the short text sce-
nario of young children [21]. Ryu M. et al. and Cho I. et al.
performed knowledge distillation on Bidirectional Encoder
Representation from Transformers (BERT), but did not
optimize and adapt it for resource-poor edge devices [22,23].
Safitri S. et al. used audio as a medium to activate children’s
memory, but did not align it with the visual modality [24].
Uppada S. K. et al. proposed a multimodal model based
on images and text, but ignored the role of speech [25].
Existing lightweight solutions generally do not consider
the joint constraints of end-to-end deployment volume,
inference latency, and age-appropriate matching, making it
difficult to implement in real kindergarten environments.
This paper aims to construct a lightweight multimodal
safety education recommendation framework for resource-
constrained kindergartens. Based on ALBERT-base-v2, an
efficient text encoder is constructed. A lightweight ResNet-
18 and WaveNet are applied to process images and audio,
respectively, and trimodal semantic alignment is achieved
through a 128-dimensional shared semantic space. A gated
fusion mechanism is further designed to dynamically weight
the contributions of each modality. Finally, a dual-tower
architecture and BPR loss are used to achieve efficient per-
sonalized recommendations. Experiments demonstrate that
this framework outperforms existing lightweight baselines,
effectively balancing lightweight design, multimodal fusion
efficiency, and child-appropriateness, achieving an optimiza-
tion balance similar to that required for effective, high-speed
defect detection systems in textile manufacturing.

Il. METHODS

A. MULTIMODAL INPUT PREPROCESSING

The text input is kindergarten safety education related
corpus (such as picture book sentences, children’s song
lyrics), and the ALBERT-base-v2 tokenizer provided by
the Hugging Face Transformers library is used for word
segmentation to generate word unit sequences [26]. The
sequence length is uniformly truncated or padded to the
maximum length L = 64, and the output is an integer tensor
Trext € ZF. At the same time, the corresponding attention
mask mexy € {0,1}F is generated, where m; = 1 is the
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i-th position equals 1 if it corresponds to a valid token, and
0 otherwise.

Image input, including security logos and animation
keyframes, is read in Blue, Green, Red (BGR) format using
Open Source Computer Vision Library (OpenCV), con-
verted to Red, Green, Blue (RGB), and uniformly scaled to
224 %224 pixels. Channel normalization is then performed:

(@ _ Xia/255.0 — pe
img o, ’
In Formula 1, Xr(;)N represents the original pixel value,
and u. and o, are the channel mean and standard de-
viation, respectively, to ensure consistency with the input
distribution of the pre-trained visual model. The audio input
consists of a 3-second safety prompt voice message. It is
first resampled to 16 kHz and converted to mono using the
Librosa library. A mel-frequency spectrogram is extracted
using a Hann window (25 ms frame length, 10 ms hop size)
is used, and a 512-point Fast Fourier Transform (FFT) to
obtain a64-channel mel-frequency filter bank response [27-
29]. Thetime series length of the spectrogram is fixed

ce{R,G,B} (1)

T = 300 (corresponding to 3 seconds).Anything less than
3 secondsis padded with zeros, and anything exceeding 3
seconds is truncated, resulting in a tensor Xaudio € RO4xT

B. LIGHTWEIGHT TEXT ENCODER CONSTRUCTION
The text encoder is based on the ALBERT-base-v2 archi-
tecture provided by the Hugging Face transformers library
[30,31]. To reduce computational overhead and adapt to
edge deployment, a layered parameter freezing strategy
is implemented: the embedding layers (including token,
position, and segment embeddings) are fixed, and only the
last two Transformer blocks and the pooler layer are fine-
tuned. The term “fine-tuning only the top layers” (used in
this paper) can be interpreted as “fixing all embedding layers
of ALBERT-base-v2 and only updating gradient on the 11th
and 12th Transformer encoder modules plus pooling layer”,
where ALBERT-base-v2 has 12 encoder layers. Therefore,
when we refer to the “top layers”, we are referring to 11
& 12 as opposed to 12 (classification output layer) in the
definition. The input text is processed by the ALBERT
tokenizer to generate input_ids and attention_mask. After
input into the model, it is passed through the first 10 frozen
Transformer blocks, with only the 11th and 12th layers
participating in gradient updates. Finally, the hidden state
hes € R768 corresponding to the [CLS] token is used as
the sentence-level semantic representation.

To control the scale of training parameters, the embed-
ding layer is completely frozen to avoid overfitting on the
small-scale safety education corpus. At the same time, the
trainable layers are limited to reduce memory usage and
backpropagation computation. The frozen embeddings will
allow us to use the different trained layers to create a model
that has a small number of trainable parameters and only
requires a limited amount of computational resources when
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performing inference, thereby enabling us to produce the
most efficient model for this application. The freezing of
the model’s embedding layers will also reduce the amount
of memory consumed by the parameters of the model (the
stored values), because the parameters for the embedding
layers will remain constant at their pre-trained values during
inference. Not having to calculate gradients for the param-
eters of the embedding layers during backpropagation will
allow for reduced memory consumption and computational
overhead on edge devices during training and inference
processes. Additionally, only the last two layers of the
model were trainable for this project, further reducing the
resources required on edge devices and allowing for the
size of the final exported inference model to be controlled.
Additionally, the model will be lightweight because the
combination of frozen embedding layers, top-layer fine-
tuning, low-dimensional alignment, and gated fusion mech-
anisms all contribute to making the model lightweight. The
AdamW optimizer is used during the fine-tuning phase. The
sentence vector output is formalized as follows:

ht = Pooler (Transformery.12 2
(FrozenEmb(Zext , Miext)))

In Formula 2, 2cy € Z%* is the input ID sequence after
word segmentation; Mmyexs € {0, 1}64 is the attention mask;
FrozenEmb(-) represents the frozen embedding layer map-
ping; the output dimension is R64*768; Transformer;.12(-)
represents the 11th to 12th layer trainable Transformer
block; Pooler(-) is a linear transformation followed by
Tanh activation; the 768-dimensional vector h; of the [CLS]
position is extracted.

C. CROSS-MODAL FEATURE ALIGNMENT MODULE

To ensure comparability of text, image, and audio fea-
tures in a unified semantic space, this module performs
dimension-wise projection on the raw encoded output of
each modality, ultimately mapping it to a 128-dimensional
shared embedding space. Text features h; € R"® are
derived from a lightweight ALBERT encoder and projected
through a learnable linear layer W, € R!28X768 o produce
an alignment vector b}, = W;h, € R128,

After preprocessing, the image input is fed into a ResNet-
18 pre-trained on ImageNet. The last fully connected layer
is removed, and the 512-dimensional features after global
average pooling are extracted. The features h, € R5!2
are then mapped to h! = W, h, € R'?® through a linear
transformation W, € R128%512 This strategy reuses mature
visual representations, avoids training from scratch, and
reduces data and computing power requirements [32-34].
ResNet-18 was chosen as the visual encoder due to its ability
to provide a good balance between performance and being
lightweight. ResNet-18 has been pre-trained on ImageNet,
so it produces a superior feature representation compared
with lighter encoders like MobileNet, this is beneficial
for recognition tasks involving complex safety education
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imagery containing many different symbols/scenes. This
was taken into consideration for ResNet-18’s architecture,
which has been highly-optimized for inference efficiency on
mobile devices. Finally, compressing the feature dimensions
to 128-dimensional linear and then projecting them through
128-dimensional linear projection helps manage compu-
tational/storage overhead by decreasing feature dimension
size, so this provides a reliable and efficient means of
capturing visual features using ResNet-18.

The audio mel-spectrogram Xauaio € RE4*301 is fed
into a lightweight WaveNet architecture: it consists of three
layers of causal convolution (kernel size=3, dilation=1, 2,
4), with the number of channels increasing from 64 to 128
and remaining at 128 in the final layer, and each layer
is followed by a ReLU activation. The output time series
features Z € R'28*T are globally average-pooled to obtain
he = + Zle 2 € R128, that is, the aligned audio vector
hl. A simplified WaveNet architecture was adopted instead
of MFCC-based or shallow CNN approaches to balance
temporal modeling capability and computational cost. By
using causal convolutions with a dilated structure, we can
model temporal dependencies within the audio spectrogram
via time-based correlation which is essential in understand-
ing sequential instruction and emotional intonation in safety
education voice prompts. The architecture we designed
included three convolutional layers, with very few channels
in each layer, and global average pooled layers to extract
fixed dimensional representations. The computational cost
of the architecture is strictly managed and controlled. In
comparison to the fixed features of MFCC, our learnable
encoder will extract more and better discriminative features
from the limited data, which aligns with the semantics of
both the text and the image, all the while maintaining low
computational overhead to satisfy real-time requirements for
deployment at the edge.

The trimodal alignment process is uniformly expressed
as:

Wtht, m = text,
Wyhy, m = vision,
B = § 1 ZT:R LU(Conv{?) o Conv?
= e onvy”’ o Conv
T P} 3 2 m = audio.
o Convgl)(Xaudio))t
3)

In Formula 3, k!, € R!28 is the alignment feature of
modality m; Convl(-d) represents the i-th layer causal convo-
lution dilation rate d; T' = 301 is the number of spectrogram
time steps. This design preserves the discriminative nature
of each modality while achieving low-dimensional semantic
alignment, providing structurally consistent input for subse-
quent gated fusion, significantly reducing model complexity,

and adapting to edge device memory constraints.
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D. DYNAMIC GATING FUSION MODULE
To dynamically integrate the complementary information
of text, image, and audio modalities, a weighted fusion
strategy based on a gating mechanism is designed. First,
the original high-dimensional features of each modality are
concatenated: text features h; € R7%® (from the ALBERT
pooler output), image features h, € R®?2 (ResNet-18
global pooling output), and audio features h, € R!?8
(WaveNet pooling vector) are concatenated into hconcat =
[he; hys ha) € RYM98. This concatenated vector is fed into
a two-layer MLP (with a 256-dimensional hidden layer
and ReLU activations), which output three-dimensional
weighted logits z = [z, 2y, 24] T € R3.

Subsequently, the Softmax function is applied to z to
generate the normalized gating weights:

exp(zm)
Zm’e{t,v,a} exp(zm/)’

Qay, Oy, O are the dynamic weights of text, vision, and
audio modalities, respectively, satisfying a; + o, + g =1
and «,, > 0.

The final fusion vector is obtained by weighted summa-
tion of the aligned 128-dimensional features:

m € {t,v,a} @

Ay, =

hfuscd = athé + ay h;; + aahil (5)

In Formula 5, ) = W;h; € R'?, h! = W,h, €
R12% and h! = h, € R'?® are alignment features. This
mechanism enables the model to adaptively adjust modal
contributions based on the input content—for example,
when the input is pure speech prompts, «, automatically
enhances to avoid interference from invalid modalities.

E. LIGHTWEIGHT RECOMMENDED HEAD DESIGN

The recommendation head adopts a dual-tower structure,
modeling user preferences and content representation sep-
arately to reduce the complexity of online inference. The
user tower input consists of two parts:

(1) a one-hot encoding a € {0,1}3 of the child’s age
(corresponding to the three age groups of 3—4 years old,
4-5 years old, and 5-6 years old); (2) the average fused
features hused = £ 320, i)y € RIS of the user’s five
most recent interactions. The two are concatenated into
[@; Rusea) € R and mapped into a user vector u € R128
through a 128-dimensional single-layer MLP (with ReLU
activation).

The content tower input is the multimodal fusion features
hiused € R'23 of the current safety education content,
and outputs the content vector ¢ € R!?® through a 128-
dimensional Multi-Layer Perceptron (MLP) with the same
structure (shared weights are optional and are independent
here to preserve modality specificity). The recommendation
score is calculated as:

s(u,¢) =u'c (6)
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The model is optimized using BPR loss [35]. For each
user u and its positive i and negative samples j, the loss
function is defined as:

Lepn == >, >,

wel jerf jer\1f

Ino (s(u,c;) —

s(u,¢)) (D)

In Formula 7, U is the user set; Ij is the set of content
that the user u has positive interactions; I is the entire
content library; o(-) is the sigmoid function; ¢; and ¢;
are the content vectors for positive and negative samples,
respectively. This loss forces the model to learn relative
ranking rather than absolute ratings, which aligns with
the implicit feedback nature of recommendation scenarios.
The BPR loss curve during the training of the quantized
recommendation head is shown in Figure 1.
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FIGURE 1. BPR loss curve during lightweight recommendation head
training

Figure 1 illustrates the BPR loss curve, which exhibits
a rapid decline followed by a plateau without obvious
oscillation or overfitting, indicating effective learning of
implicit preference relationships. The steady decline of the
BPR loss indicates effective learning of relative preference
ranking.

lll. EXPERIMENTS AND VERIFICATION
A. EXPERIMENTAL DESIGN
The experimental data is collected at a partner kindergarten
under the guidance of educational experts. It contains 12,000
multimodal samples, each of which includes a safety edu-
cation text description, a corresponding image, a 3-second
audio clip, and the child’s age label. To prevent the leakage
of user behavior information, the data is stratified by user
ID, with a training set, validation set, and test set ratio of
7:1:2. This study was approved by the Ethics Committee
of Xi’an Traffic Engineering Institute, and was performed
in accordance with the principles of the Declaration of
Helsinki. All eligible participants signed an informed con-
sent form.

The baseline models include five categories: (1) Text-
only ALBERT, which only uses text modality; (2) BERT
+ ResNet, which uses a combination of standard BERT and
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ResNet-50; (3) short for Vision-and-Language BERT (ViL-
BERT), a typical two-stream multimodal pre-training model;
(4) Learning Cross-Modality Encoder Representations from
Transformers (LXMERT), which supports three modalities
but has a large number of parameters; (5) MobileViT + Dis-
tilBERT, the current lightweight multimodal representative.

The method in this paper: based on ALBERT-base-
v2, ResNet-18, and WaveNet, text, image, and audio are
encoded, respectively; cross-modal alignment is achieved
through 128-dimensional linear projection; a gated fusion
mechanism is designed to dynamically weight the three-
modal features. Finally, a dual-tower structure and BPR loss
are used to achieve personalized recommendations.

Model deployment and inference testing are conducted
on an NVIDIA Jetson Nano embedded platform (4 GB
Random Access Memory (RAM) and a 128-core Maxwell
Graphics Processing Unit (GPU)). The operating system is
Ubuntu 18.04, and the inference framework is PyTorch 1.10
+ TorchScript. All model inputs undergo a preprocessing
process to ensure fair comparison. The AdamW optimizer
is used during training. This design demonstrates the practi-
cality and deployment feasibility of the proposed framework
in resource-constrained scenarios.

B. RECOMMENDATION HIT RATE

The model’s hit rate at 5 (HR@5) is used as a core
metric for quantitative evaluation, measuring the model’s
ability to capture the user’s real interactions in the top-5
recommendations. The specific implementation process is as
follows: on the test set, for each user, the model generates
recommendation scores for all items in the candidate content
library based on their historical behavior (their five most
recent clicks) and age label. The scores are sorted in
descending order, and the top five items are selected to
form the recommendation list. If the user’s real interaction
item in the test set (i.e., the next clicked item) appears in
the recommendation list, it is considered a hit; otherwise,
it is considered a miss. In the experiments, the HR@5
score is taken as the arithmetic average to avoid excessive
dominance of high-frequency users in overall performance
and more fairly reflect the model’s generalization ability
across different children. Each experiment is repeated five
times. A comparison of the HR@5 scores of the models
across the five rounds of testing is shown in Figure 2.
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FIGURE 2. HR@5 comparison of each model in 5 rounds of testing

Figure 2 compares HR @5 results across different models.
The proposed method maintains HR@5 above 90% across
five rounds, with an average of 91.4%. This performance
is higher than that of text-only ALBERT (approximately
69.5%), MobileViT + DistilBERT (approximately 75.4%),
VIiLBERT (approximately 84.3%), LXMERT (approxi-
mately 86.4%), and BERT + ResNet (approximately 74.2%).
The results indicate that the proposed method improves
recommendation accuracy while maintaining lightweight
design. This performance advantage stems from the model’s
effective integration of multimodal information and the
coordinated optimization of its lightweight design within
the underlying architecture.

C. MODEL INFERENCE LATENCY

The inference latency test process covers the entire chain
from raw multimodal input to final recommendation score
output, including: text segmentation and encoding, image
preprocessing and feature extraction, audio mel-spectrogram
generation and encoding, cross-modal alignment, gated fu-
sion, and recommendation head calculation. During testing,
1,000 samples are randomly sampled from the test set, each
containing a complete text, image, and audio triplet. For
each sample, the time interval from data loading completion
to recommendation score output is recorded, using a high-
precision system timer to ensure accuracy. To eliminate
cold start and cache effects, 200 warm-up inferences are
performed before the actual test. During the actual test,
system background tasks, GPU dynamic frequency scaling,
and swap partitions are disabled to ensure hardware stabil-
ity. All operations are performed in single-threaded mode,
simulating a typical edge device deployment environment
with no concurrent resources. The inference latency of each
model is shown in Figure 3.
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FIGURE 3. Inference latency of each model

Figure 3 shows that the proposed lightweight multimodal
model achieves an average latency of 86.67 ms and a
minimum latency of 68.96 ms, significantly lower than
other multimodal models such as VILBERT (312.65 ms)
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and LXMERT (298.14 ms), and also outperforms the cur-
rent lightweight representative, MobileViT + DistilBERT
(103.96 ms). In comparison, Text-only ALBERT, which pro-
cesses only text, has the lowest latency (average of approxi-
mately 45.02 ms), while BERT + ResNet achieves a latency
of 180.4 ms. While maintaining multimodal capabilities,
the proposed method achieves efficient inference, validating
its real-time advantages in edge device deployment. This
reduction in inference latency stems from the proposed
method’s multiple lightweight strategies in both architectural
design and engineering implementation. The text encoder
freezes the ALBERT embedding layers and fine-tunes only
the top layers, significantly reducing trainable parameters
and computational overhead.

D. VERIFICATION OF MULTIMODAL
COMPLEMENTARITY

To quantify the actual improvement in recommendation
ranking quality achieved through multimodal fusion, this
experiment uses Normalized Discounted Cumulative Gain at
10 (NDCG@10) as the core evaluation metric. NDCG@ 10
measures how well the model ranks relevant items in
the top-10 recommendation list. Higher NDCG @10 values
indicate higher placement of highly relevant content, which
better meets the requirement of prioritizing the most relevant
content in educational recommendations.

For each test user, the model generates a recommendation
score for the entire candidate content library and sorts
the top 10 items in descending order of score. Because
each sample in the dataset corresponds to a clear positive
interaction item (i.e., the next clicked content), this sample is
marked as highly relevant (with a relevance score of 1). The
remaining non-interacting items are considered irrelevant
(with a score of 0). The NDCG@10 value of the ranked
list is calculated for each user and then averaged across
all users to obtain the overall NDCG@ 10 of the model. A
comparison of the NDCG@ 10 values of the various models
is shown in Figure 4.
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FIGURE 4. Comparison of NDCG@10 ranking performance of each
model in 5 rounds of testing

Figure 4 shows that the NDCG@10 of the proposed
method consistently remains above 0.65, reaching an aver-
age of 0.655. This is higher than text-only ALBERT (aver-
age 0.42) and MobileViT + DistilBERT (average 0.506), and
outperforms multimodal models such as VILBERT (average
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0.567) and LXMERT (average 0.537). The results indicate
that the proposed model achieves superior relevance ranking
in the ranking of recommendation results, particularly in
prioritizing content with high age-appropriateness and high
safety value.

E. MODEL SIZE AND PEAK MEMORY USAGE

To verify the feasibility of model deployment on kinder-
garten edge devices, this experiment rigorously measures
the disk usage of the complete inference system. The
specific process is as follows. First, the trained model
weights are exported, including all trainable parameters
of the lightweight ALBERT encoder, ResNet-18, WaveNet
audio encoder, cross-modal projection layer, gated fusion
MLP, and dual-tower recommendation head. Next, all com-
ponents required for inference are integrated: preprocessing
scripts, TorchScript serialized models, dependency lists, and
a lightweight inference engine. Peak memory usage during
inference for each model is also recorded.

All files are packaged into a single compressed archive.
The actual disk usage after decompression is calculated
in megabytes on Ubuntu 18.04. This size represents the
minimum storage space required for model deployment on
resource-constrained devices such as the Jetson Nano. Table
1 shows the model size and peak memory usage.

TABLE 1. Model volume and peak memory usage

Model Name Model Size (MB) Peak Memory FLOPs (G) Parameter Count
Usage (MB) (Millions)
Proposed Method 87.3 623 2.8 312
Text-only ALBERT 42.1 319 1.1 11.7
BERT + ResNet-50 186.5 982 12.6 139.4
ViLBERT 1228 2851 183 2458
LXMERT 1536 3127 227 320.6
MobileViT + DistilBERT 112.4 743 4.2 39.5

Table 1 shows that the proposed lightweight multimodal
model has an overall size of 87.3 MB and a peak memory
usage of 623 MB, significantly smaller than VILBERT (1228
MB, 2851 MB) and LXMERT (1536 MB, 3127 MB), and
also outperforms MobileViT + DistilBERT (112.4 MB, 743
MB). The embedding layers of the are frozen during training
to prevent overfitting on the relatively small dataset and to
reduce parameter updates. This strategy also lowers memory
consumption by limiting the dimensionality of activated
tensors during forward inference. In contrast, Text-only
ALBERT, which processes only text, has the smallest size
(42.1 MB) and the lowest memory usage (319 MB), but
sacrifices multimodal expressiveness.

F. CHILD AGE MATCHING

To assess the age-appropriateness of recommended content
from a developmental psychology perspective, this experi-
ment employs subjective quality verification using manual
expert scoring. The specific implementation process is as
follows: 200 samples are randomly selected from the test
set recommendations, covering two age groups (100 each)
for 34 and 5-6 years old, ensuring a balanced range of
content (including topics such as traffic safety, fire and
electrical safety, abduction prevention, and hygiene habits).
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Three nationally certified early childhood educators with at
least five years of frontline teaching experience are invited
to serve as expert reviewers, independently scoring each
recommendation.

Scoring is based on five criteria: cognitive adaptation,
language appropriateness, visual appeal, auditory guidance,
and behavioral stimulation. The scoring scale is: 1 indicates
the content is completely inappropriate for the compre-
hension capabilities or interests of this age group (e.g.,
recommending an abstract rules-based text to a 3-year-old);
2 indicates that the content is partially beyond the scope
or lacks appeal; 3 indicates that the content is generally
appropriate but lacks significant advantages; 4 indicates
that the content, format, and difficulty level are highly
consistent; 5 indicates that the content is not only age-
appropriate but also effectively stimulates safety awareness
and behavioral emulation in children of this age group.
Prior to scoring, experts conduct unified training and provide
typical examples to calibrate the scoring scale and ensure
consistency.

Each expert blindly evaluates all 200 samples (hiding the
model source and age label). The final score for each sample
is the arithmetic mean of the three experts’ scores. The
final age-matching index is the overall mean of the average
scores of the 200 samples. Figure 5 shows the Children’s
age-matching score.

Cognitive Fit

Behavioral Engagement Language Appropriateness

Proposed Method
Text-only ALBERT

—— BERT + ResNet

—— ViLBERT

—— LXMERT

MobileViT + DistiIBERT

Auditory Gur

FIGURE 5. Children’s age-matching score

Figure 5 shows that the proposed model achieves an
average score of 4.32, outperforming Text-only ALBERT
(2.9), MobileViT + DistilBERT (3.88), ViLBERT (3.96),
LXMERT (3.96), and BERT + ResNet (3.56). Multimodal
fusion enables the model to more accurately identify the
developmental suitability of content, while Text-only AL-
BERT, which only uses text as a modality, scores lower.

IV. CONCLUSION

This paper proposes a lightweight multimodal recommen-
dation method that integrates text, images, and speech
for kindergarten safety education scenarios, a strategy of
information fusion that also has powerful analogues in the
textile field for integrating fiber data, visual patterns, and
mechanical testing results for quality control. By freezing
the ALBERT-base-v2 embedding layers and fine-tuning only
the last two Transformer encoder layers, an efficient text en-
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coder is constructed. A lightweight ResNet-18 and WaveNet
are then combined to extract visual and audio features, re-
spectively. Trimodal semantic alignment is achieved through
128-dimensional linear projection. A low-overhead gating
mechanism is applied to dynamically fuse multimodal in-
formation. Finally, a dual-tower architecture and BPR loss
are used to achieve personalized recommendations. Experi-
ments show that this method achieves an average inference
latency of 86.67 ms, a model size of §7.3 MB, an average
HR@5 score of 91.4%, and an average age-appropriateness
score of 4.32, outperforming all baseline models. While
ensuring the feasibility of edge deployment, it effectively
improves the multimodal expressiveness of safety education
content and its age-appropriateness, achieving optimized
performance suitable for practical applications, much like
deploying machine learning models for real-time fabric
defect classification in textile production.
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