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An Immersive Mobile Learning Environment and 
Cross-Cultural Interactive Teaching Model for the 
Transmission of Ethnic Music

ABSTRACT
The living transmission of ethnic music is challenged by a fundamental disconnect between 
traditional oral and demonstration-based transmission practices and the cognitive paradigms of 
learners in the digital era. To address this challenge, a dual-engine immersive mobile learning 
framework was proposed, in which a context-aware dynamic graph attention recommendation 
engine and a multimodal sensor fusion-based interaction mechanism were integrated through 
a closed-loop data flow. In the recommendation engine, cultural background, real-time con-
text, and skill progression were jointly modeled as a dynamic heterogeneous graph, and three- 
dimensional personalized learning-path recommendations were generated through 
dual-channel graph embeddings and dynamic edge attribute updating. In the interaction mech-
anism, multimodal data acquired from accelerometers, gyroscopes, microphones, and cameras 
were fused, while embodied interaction, audio analysis, and augmented reality contexts were 
integrated through task-adaptive cross-attention to create an immersive learning experience. A 
shared optimization objective was adopted by the two modules, and synergistic enhancement of 
content adaptation and experiential immersion was achieved through joint training. Evaluation 
on a mobile ethnic music learning dataset comprising 200 cross-cultural learners demonstrated 
that the proposed model significantly outperformed the baseline methods in recommendation 
accuracy, immersion level, and cultural identity gain. These findings provide a feasible techno-
logical paradigm for mobile education aimed at the transmission of intangible cultural heritage.

KEYWORDS
ethnic music transmission, mobile learning, context-aware recommendation, dynamic graph 
attention networks, multimodal sensor fusion, immersive interaction

1	 INTRODUCTION

Ethnic music, as a core component of intangible cultural heritage, embodies 
the historical memory, aesthetic paradigms, and cultural identity of specific ethnic 
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groups [1, 2]. However, under the dual pressures of globalization and digitalization, 
the living transmission of ethnic music faces a profound rupture. The transmission 
modality is heavily dependent on oral–aural pedagogy, with its dissemination con-
strained to specific geographic and cultural spheres, while younger generations, 
lacking effective channels of engagement, have become increasingly detached from 
ethnic musical traditions [2, 3]. The rapid advancement of mobile technologies has 
opened new possibilities in this regard [4, 5]. Sustained improvements in smart-
phone computational capacity, together with the maturation of augmented real-
ity, embodied interaction, and artificial intelligence technologies, have rendered 
immersive mobile learning technically feasible, transitioning it from theoretical 
conception to engineering viability [6, 7]. Nevertheless, technological enablement 
does not inherently equate to cultural transmission. Whether a mobile learning 
environment can convey not only the formal attributes of ethnic music but also 
its cultural context and aesthetic connotations constitutes a fundamental question 
that must be addressed when technology is introduced into ethnic music educa-
tion [8, 9].

Existing research on mobile music learning is constrained by two structural 
limitations. The first concerns the decontextualization dilemma of recommenda-
tion systems. Current systems predominantly rely on tag matching or collaborative 
filtering, which fail to accommodate real-time variations in learners’ performance 
levels, learning progress, or mobile contextual states [10, 11]. Collaborative filter-
ing models only binary interactions, thereby neglecting the cognitive informa-
tion embedded in multi-directional interaction features. Although graph neural 
networks are capable of capturing higher-order relationships, the progressive 
nature of ethnic music skill acquisition has not been incorporated into their mod-
eling [12, 13]. More critically, the cultural background differences of learners are 
generally overlooked by existing recommendation systems. Learners from dis-
parate cultural contexts possess fundamentally different perceptual frameworks 
and cognitive demands when engaging with the same ethnic music work, yet no 
explicit representation of such differences is provided by current models [14]. 
The second limitation pertains to the shallow immersion of interactive experi-
ences. Most existing applications remain confined to audio-visual playback or 
three-dimensional instrument visualization, positioning learners as passive infor-
mation recipients rather than active cultural participants [7, 9]. Immersive learn-
ing has been reductively equated with visual immersion, while the critical roles of 
multi-sensory coordination, embodied participation, and contextual embodiment 
in facilitating cultural understanding remain largely unexploited [15, 16]. The rich 
sensor resources embedded in smartphones—including accelerometers, gyro-
scopes, and microphone arrays—remain nearly dormant in existing applications. 
Collectively, these two limitations render current systems incapable of supporting 
the deep cultural experience and personalized learning pathways demanded by 
ethnic music transmission.

To address the above limitations, a dual-engine-driven immersive mobile 
learning framework is proposed, in which a context-aware dynamic graph atten-
tion recommendation engine and a multimodal sensor fusion-based interaction 
mechanism are synergistically configured. The two modules are deeply coupled 
through a closed-loop data flow of perception–adaptation–interaction–feedback. 
In the recommendation engine, cultural background, real-time context, and skill 
progression status are jointly modeled as a dynamic heterogeneous graph, from 
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which three-dimensionally adapted personalized learning paths are generated via 
dual-channel graph embeddings and dynamic edge attribute updating. The inter-
action mechanism integrates multimodal sensor signals—including accelerometers, 
gyroscopes, microphones, and cameras—and synthesizes embodied interaction, 
real-time acoustic analysis, and augmented reality contexts through task-adaptive 
cross-attention. A unified optimization objective is shared by the two modules, and 
synergistic enhancement between content adaptation and experiential immersion 
is achieved through joint training.

The remainder of this study is organized as follows: The overall system architec-
ture is presented in Section 2. The technical implementation of the recommendation 
engine is detailed in Section 3. The design of the interaction mechanism is described 
in Section 4. Experimental design and result analysis are reported in Section 5. 
Concluding remarks are provided in Section 6.

2	 SYSTEM ARCHITECTURE

Design-based research is adopted as the overarching methodological frame-
work, with system development pursued through iterative prototyping coupled 
with continuous evaluation. The overall architecture comprises four layers, orga-
nized bottom-up as follows: data perception, contextual modeling, intelligent 
recommendation, and immersive interaction. In the data perception layer, mul-
timodal inputs are acquired through the mobile device’s sensor array: acceler-
ometers and gyroscopes capture embodied movements; microphones capture 
vocal or instrumental performance audio; cameras capture environmental visual 
information; Global Positioning System (GPS) provides geolocation data; and the 
touchscreen records interaction behaviors. All modal data are temporally aligned 
via sliding-window synchronization before being transmitted to the contextual 
modeling layer. In the contextual modeling layer, perceptual data are fused into a 
tripartite dynamic graph structure encompassing learners, learning content, and 
dynamic contexts. Contextual features are characterized across three dimensions— 
cultural background, real-time learning environment, and skill progression status— 
providing a unified state representation for the upper layers of recommendation 
and interaction.

In the intelligent recommendation layer, a dynamic graph attention network is 
employed, taking the dynamic graph output from the contextual modeling layer 
as input, to generate personalized learning paths that are three-dimensionally 
adapted to cultural background, real-time context, and skill levels. In the immersive 
interaction layer, recommendation results are received and transformed—via the 
multimodal sensor fusion mechanism—into immersive learning experiences such 
as embodied interaction, augmented reality overlays, and real-time acoustic feed-
back. Closed-loop synergy between these two core layers is achieved through real-
time bidirectional data flow: recommendation strategies are dynamically adjusted 
by the recommendation engine based on learner behavioral feedback returned 
from the interaction layer, while the interaction layer adaptively modulates the com-
bination of interaction modalities and feedback granularity according to the skill 
tags and difficulty levels carried by the recommended content. The architecture of 
the dual-engine immersive mobile learning system for ethnic music transmission is 
illustrated in Figure 1.

https://online-journals.org/index.php/i-jim


	 80	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 20 No. 19 (2026)

Wang

Fig. 1. Architecture of the dual-engine immersive mobile learning system for ethnic music transmission

3	 CONTEXT-AWARE DYNAMIC GRAPH ATTENTION 
RECOMMENDATION ENGINE

The central challenge in ethnic music learning recommendation lies in the fact 
that learner preferences and needs are not static but evolve continuously with cul-
tural background differences, real-time learning contexts, and skill progression. To 
this end, the recommendation task is formalized as a link prediction problem on 
dynamic graphs. A dynamic heterogeneous graph G = (V, E, C) is defined, where the 
node set V = U∪I consists of learner nodes and ethnic music content nodes, with 
content nodes encompassing fine-grained learning units such as pieces, rhythmic 
patterns, performance techniques, and cultural knowledge points. The edge set E 
represents historical interaction behaviors between learners and content, encom-
passing multiple types including learning, repetition, collection, and completion. 
The contextual feature set C = {ccult, ctime, cskill} comprises three dimensions: cultural 
background context, which encodes the learner’s native cultural background and 
prior musical experience; real-time learning context, which records environmental 
information such as learning session, geolocation, and device status; and skill evo-
lution context, which tracks the learner’s current progress within the ethnic music 
skill taxonomy. The recommendation objective is formulated as follows: given a 
learner u and the current context vector c, the preference score , ,

ˆ
u i cy  for candidate 

content i is to be predicted.
To adequately capture the stable collaborative signals embedded in historical 

interactions, a graph attention network is employed for embedding learning on the 
static interaction graph. The embedding of a learner node u at layer l is updated by 
aggregating information from its neighboring nodes as follows:
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The attention coefficient aui is computed according to a pairwise interaction 
attention mechanism:

	 �
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Through this mechanism, the model is enabled to discriminate the importance of 
different neighboring nodes during aggregation, thereby extracting high-quality static 
collaborative representations. Concurrently, dynamic contextual features are mapped 
into contextual embedding vectors via a dedicated contextual encoding network:

	 e MLP c W W c b b
c context
� � � � �( ) ReLU ReLU

2 1 1 2
( ( ) ) 	 (3)

The static graph embedding and the adaptive contextual embedding constitute 
the two branches of a dual-channel parallel learning architecture, with the former 
preserving stable collaborative patterns from interaction history and the latter cap-
turing the dynamic variations of mobile learning contexts.

The static graph embedding and the contextual embedding characterize the 
stable component and the context-dependent component of learner preferences, 
respectively, yet interaction between the two is absent. Existing methods typically 
incorporate contextual information as additional features through simple concat-
enation into user or item embeddings, thereby neglecting the dynamic reshaping 
effect of context on the graph structure itself. To address this, a dynamic edge attri-
bute updating mechanism is designed, in which the weight and attributes of each 
edge in the graph are adjusted in real time as the context evolves. For an edge (u, i), 
the temporal update process is formulated as:

	 e GRU e MLP h h e
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where, e
ui

t( ) denotes the edge attribute vector at time t, with the GRU responsible for 
fusing historical edge states with current contextual information, and MLPedge mapping 
the learner embedding, content embedding, and contextual embedding into update 
signals for edge attributes. Through this mechanism, the graph topology is rendered 
no longer fixed but dynamically evolving with learning contexts. For example, when a 
learner is traveling in a region associated with a particular ethnic music tradition, the 
edge weights of geographically relevant folk songs are automatically increased by the 
system; when a learner intensively practices a specific rhythmic pattern over a given 
time period, the edge connection strengths along the corresponding skill pathway are 
correspondingly enhanced. This dynamic nature enables the recommendation sys-
tem to perceive the most temporally sensitive contextual signals in mobile learning 
and encode them into the recommendation decision process in real time.

After the dynamically adjusted graph structure is obtained, the static graph embed-
ding and the contextual embedding must be organically fused to generate the final 
preference prediction. To achieve deep interaction between the two, an interactive 
attention mechanism is adopted, rather than simple concatenation or addition. The 
fused representations for the learner and the content are respectively formulated as:
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where, the attention function takes the contextual embedding as the key and 
value, computing the response weights of the static embedding to the current con-
text and highlighting context-relevant feature dimensions. The preference score is 
computed through the inner product of the fused representations, with an additional 
cultural context matching regularization term introduced:

	 ( )( )σ β= + ⋅
, ,

ˆ , cultural
cu i c u i iy z s ez im e 	 (7)

where, e
i

cultural denotes the cultural label embedding of the learning content, b is a 
weighting coefficient, and sim( , ) denotes cosine similarity. This regularization term 
directly constrains the matching degree between recommendation results and cultural 
background context, ensuring that learners from disparate cultural contexts are pre-
sented with content presentations that align with their respective cognitive frameworks.

The model is optimized jointly with Bayesian personalized ranking loss and con-
textual regularization:

	 ( ) 2

, , , , 2( , , , )
ˆ ˆInrec contextu i c u i cu i i c D

L y y Lσ λ γ+ −+ − ∈
= − − + Θ + ⋅∑ 	 (8)

where, i+ and i- denote positive and negative samples, respectively; Q denotes all 
trainable parameters; l controls the regularization strength; Lcontext constrains the 
temporal smoothness of contextual embeddings to prevent sharp fluctuations; and 
g is its weighting coefficient. Through this objective function, the relative order of 
the recommendation list is ensured to be reasonable by the pairwise ranking loss, 
while the smooth evolution of the embedding space is constrained by the contextual 
regularization term, enabling the recommendation strategy to remain stable while 
sensitively responding to the dynamic changes of mobile contexts.

4	 MULTIMODAL SENSOR FUSION-BASED IMMERSIVE 
INTERACTION MECHANISM

The perception and acquisition of ethnic music inherently depend on multi-sen-
sory coordination, with pitch and rhythm in the auditory domain, bodily move-
ment in the kinesthetic domain, and cultural symbols and environmental context 
in the visual domain all being indispensable. However, most existing mobile learn-
ing applications confine interaction to a single visual channel, failing to effectively 
exploit the rich interaction possibilities offered by native smartphone sensors. The 
design rationale of the proposed interaction mechanism is as follows: native device 
sensors—including accelerometers, gyroscopes, microphones, and cameras—are 
fully utilized to simultaneously incorporate the learner’s embodied movements, 
vocal expressions, and visual environment into the interaction loop, thereby trans-
forming the learning process from one-way information reception into active partic-
ipation through multimodal coordination. For each modality, task-relevant features 
are first extracted separately. From the accelerometer and gyroscope sequences, fea-
tures such as mean, variance, peak frequency, and energy spectrum are extracted 
through time- and frequency-domain analysis, forming the motion feature vector 
fmotion ∈Rdm. From the audio signals captured by the microphone, Mel-spectrogram 
transformation is applied, followed by local acoustic feature extraction using the 
lightweight convolutional neural network MobileNetV4, with temporal dependencies 
subsequently modeled through an extended long short-term memory network, 
yielding the audio feature vector f R

audio

d
a∈ . Environmental images captured by the 

camera are encoded into scene semantic features f R
vision

d
v∈  via a lightweight vision 
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Transformer. The three modal features are temporally synchronized through sliding 
windows, providing aligned multi-channel inputs for subsequent fusion.

Effective fusion of multimodal features constitutes the core technical challenge 
of immersive interaction. Fundamental differences exist among learning tasks 
in their degrees of reliance on each modality: rhythm imitation training depends 
more heavily on precise capture of the motion modality, vocal coaching must be 
dominated by the audio modality, and cultural narrative scenarios require the coor-
dinated utilization of visual and geolocation modalities. Fixed-weight fusion strate-
gies are incapable of adapting to this task-dependent dynamic variation. To address 
this, a task-adaptive cross-attention fusion mechanism is designed, in which the task 
embedding etask output from the recommendation engine is used as a conditioning 
signal to dynamically modulate the contribution weights of each modality during 
fusion. The fused feature ffusion is computed as the weighted sum of the modal features:

	 f f
fusion

m M

m m
� �

�

�� 	 (9)

where, the weight coefficients bm are generated by a gating network with Softmax 
normalization:
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where, M = {motion, audio, vision} denotes the set of modalities, ⊕ denotes the vector 
concatenation operation, and MLPgate maps the concatenated vector of modal features 
and task embedding to a scalar weight. Through this mechanism, the interaction system 
is enabled to automatically adjust modality preferences according to the nature of the 
current learning task: when the recommended content is long-tune vocal training, the 
weight of the audio modality is correspondingly elevated; when the learning content is 
ethnic dance rhythm imitation, the motion modality weight assumes dominance—all 
without requiring manually predefined modality combination strategies.

Based on the fused multimodal features, three mutually complementary types 
of immersive interaction are implemented by the system. In embodied interaction 
learning, the fused features are mapped to feedback scores across three dimen-
sions: rhythmic accuracy, movement completeness, and expressiveness. For rhythm 
training tasks, dynamic time warping is employed to align the learner’s embodied 
motion sequence with the target rhythmic pattern:

	 DTW f f f t f t
motion target

t

T
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where, p denotes the optimal alignment path, T is the sequence length, and a 
smaller alignment distance indicates more accurate rhythm imitation. In audio 
tutoring, the fundamental frequency fdetected is extracted from the audio features and 
compared with the target pitch ftarget to compute the pitch error:
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This error is expressed in cents; when |Dp| > 50 cents, visual deviation indi-
cators and semantic singing suggestions are triggered by the system. Augmented 
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reality interaction utilizes visual features for environmental plane detection and 
spatial localization, overlaying three-dimensional models of ethnic instruments or 
cultural-historical scenes onto the real-world view, while location-triggered cultural 
narrative content delivery is enabled in conjunction with GPS:

	 Trigger p p
POI

� ��
�

�
�1

2
�  	 (13)

where p denotes the current GPS coordinate, pPOI denotes the preset point-of-interest 
location, and  is the trigger radius threshold. The three types of interaction are not inde-
pendent of one another but are collaboratively combined according to the task embed-
ding, forming multimodal interaction schemes adapted to different learning content.

Interaction behaviors simultaneously constitute an important data source for con-
tinuous system optimization. Interaction metrics—including the learner’s embodied 
accuracy rate, pitch deviation sequences, augmented reality interaction duration, 
content repetition count, and completion rate—are recorded in real time and trans-
mitted back to the recommendation engine as update signals for the skill evolu-
tion context cskill and the real-time learning context ctime. Synergistic enhancement 
between the recommendation engine and the interaction mechanism is achieved 
through joint optimization, with the overall loss function defined as:

	 Ltotal = Lrec + l ⋅ Linter	 (14)

where, Lrec denotes the recommendation loss, Linter quantifies the quality of inter-
action experience—encompassing soft metrics such as immersion rating, learning 
retention rate, and cultural identity gain—and l is a balancing coefficient. The gradi-
ents of Linter are backpropagated through the shared contextual encoding network to 
the recommendation engine, enabling the recommendation strategy to account for 
the depth of interaction experience and the learner’s sense of cultural gain, in addition 
to optimizing conventional metrics such as click-through rate and completion rate. 
Through this design, recommendation and interaction form a continuously evolving 
closed loop: each interaction updates the learner’s contextual representation while 
driving the iteration of the recommendation strategy, and the adjusted recommenda-
tion strategy in turn shapes the form and quality of the subsequent interaction.

5	 RESULTS

5.1	 Recommendation accuracy

Table 1. Recommendation accuracy comparison across models

Model Precision @10 Recall @10 NDCG @10 Precision @20 Recall @20 NDCG @20

Collaborative filtering 0.187 ± 0.015 0.203 ± 0.018 0.215 ± 0.020 0.165 ± 0.013 0.298 ± 0.022 0.238 ± 0.019

Graph attention network 0.234 ± 0.019 0.256 ± 0.021 0.281 ± 0.024 0.206 ± 0.016 0.372 ± 0.025 0.305 ± 0.022

Knowledge graph attention network 0.241 ± 0.020 0.263 ± 0.020 0.289 ± 0.023 0.212 ± 0.017 0.381 ± 0.026 0.313 ± 0.024

M-GAN 0.277 ± 0.022 0.298 ± 0.024 0.322 ± 0.026 0.241 ± 0.019 0.427 ± 0.028 0.347 ± 0.027

CARS 0.219 ± 0.018 0.238 ± 0.019 0.259 ± 0.022 0.191 ± 0.015 0.348 ± 0.023 0.281 ± 0.021

Proposed model 0.308 ± 0.021 0.327 ± 0.022 0.362 ± 0.025 0.274 ± 0.018 0.478 ± 0.027 0.396 ± 0.026

Notes: The best results are bolded. All differences between the proposed model and all baselines were statistically significant at the p < 0.01 
level; M-GAN: Multi-directional mobile interaction graph attention network; CARS: Context-aware recommender systems.
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Table 1 reports the recommendation performance of all evaluated models at  
K = 10 and K = 20. The proposed model achieved the highest scores across all metrics. 
At K = 10, compared to the strongest baseline M-GAN, the proposed model achieved 
improvements of 11.2% in precision, 9.8% in recall, and 12.4% in normalized dis-
counted cumulative gain (NDCG). At K = 20, the performance gap was further wid-
ened, with relative improvements of 13.7%, 11.9%, and 14.2%, respectively. Among 
the baseline methods, graph attention networks and knowledge graph attention net-
works exhibited similar performance, suggesting that the introduction of knowledge 
graph structure onto a conventional graph attention network yielded only marginal 
gains. M-GAN, which integrates multi-directional interaction features, emerged as 
the best-performing baseline, indicating the value of fine-grained interaction pattern 
modeling. Context-aware recommendation ranked the lowest among the non-triv-
ial baselines, attributable to its incorporation of contextual information only at the 
feature level, lacking the capacity for dynamic reshaping of collaborative signals. 
Notably, the proposed model achieved even more pronounced improvements on the 
cross-cultural learner subset, with NDCG@10 reaching 0.492, representing a 16.9% 
relative increase over 0.421 of M-GAN, suggesting that explicit cultural context mod-
eling effectively bridged preference disparities among learners from different cul-
tural backgrounds.

5.2	 Ablation study

Fig. 2. Ablation study results
Note: M-GAN: Multi-directional mobile interaction graph attention network.

Figure 2 presents the contribution of each core component to recommendation 
performance. The most significant performance degradation was observed when 
the dynamic edge updating mechanism was removed, with Precision@10 dropping 
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from 0.308 to 0.254, a reduction of 17.5%, indicating that the capacity to dynam-
ically reshape the graph topology according to learning contexts is critical to the 
model’s effectiveness. A performance loss of 13.3% was incurred by the removal of 
cultural context embedding, suggesting that cultural background information sub-
stantially enhanced the relevance of recommendations for learners from disparate 
cultural origins. A relatively smaller yet non-negligible impact was associated with 
the removal of the skill context module, with an 8.8% performance drop, suggesting 
that progressive skill modeling is of considerable value for maintaining the coher-
ence of learning pathways, though its advantages are more pronounced in long-
term sequential recommendation than in immediate ranking accuracy. The removal 
of interactive attention fusion resulted in a 9.4% performance degradation, demon-
strating that explicit interaction between static embeddings and contextual represen-
tations outperforms simple concatenation or addition. Notably, with the exception 
of the dynamic edge updating variant, all ablated variants still outperformed the 
strongest baseline M-GAN, indicating that each module contributes positively and 
that their combined use yields synergistic enhancement.

5.3	 Immersive interaction experience

Fig. 3. Subjective experience ratings across the four participant groups  
(mean ± standard deviation, 7-point scale)

Figure 3 summarizes the subjective experience ratings across the four participant 
groups. One-way analysis of variance revealed significant between-group effects 
across all three dependent variables: for the immersion scale, F (3, 116) = 18.27,  
p < 0.001; for cultural identity gain, F (3, 116) = 12.54, p < 0.001; and for the system 
usability scale, F (3, 116) = 15.83, p < 0.001. Tukey’s honestly significant difference 
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post-hoc test indicated that the experimental group significantly outperformed 
all control groups on the immersion scale, with the largest gap observed against 
the commercial application (d = 1.24, p < 0.001) and the smallest—yet still highly 
significant—gap against the interaction-only group (d = 0.87, p < 0.01). For cultural 
identity gain, the difference between the experimental group and the commer-
cial application was particularly pronounced, suggesting that although commer-
cial products feature more polished interfaces, they were incapable of eliciting an 
equivalent degree of cultural engagement. The interaction-only group (with random 
content) achieved a higher score on the immersion scale (4.17) than the recom-
mendation-only group (3.52), indicating that multimodal interaction itself made an 
independent contribution to immersion; however, this group still lagged behind the 
experimental group in cultural identity, indicating that cultural adaptation of con-
tent is indispensable for establishing cultural connection.

5.4	 Learning outcomes

Table 2. Pre- and post-test scores across learning dimensions (mean ± standard deviation)

Group
Theoretical  
Knowledge

Rhythm Imitation 
Accuracy (%)

Cultural 
Understanding Depth Overall Gain  

Rate
Pre-Test Post-Test Pre-Test Post-Test Pre-Test Post-Test

Experimental Group 52.3 ± 6.8 82.7 ± 7.2 41.2 ± 8.3 76.5 ± 9.1 48.6 ± 7.1 81.3 ± 8.4 58.2%

Control Group 1 51.8 ± 7.1 67.2 ± 8.0 40.8 ± 8.7 59.4 ± 10.2 47.9 ± 7.6 64.2 ± 9.0 31.6%

Control Group 2 52.0 ± 6.9 68.5 ± 7.8 41.5 ± 8.2 61.3 ± 9.7 48.2 ± 7.3 65.8 ± 8.7 33.4%

Control Group 3 51.5 ± 7.3 63.7 ± 8.4 40.3 ± 8.9 54.6 ± 10.5 47.5 ± 7.8 58.9 ± 9.3 24.5%

Notes: Cohen’s d effect sizes between the experimental group and Control Group 3: theoretical knowledge, 1.32; rhythm imitation, 1.18; 
and cultural understanding, 1.51. All post-test differences between the experimental group and each control group were significant at the 
p < 0.001 level.

Table 2 presents the pre- and post-test scores across the four evaluation dimen-
sions. No significant differences in knowledge levels were observed across groups 
at baseline. After the eight-week intervention, the experimental group achieved 
the largest gains across all dimensions, with an overall knowledge gain rate of 
58.2%, significantly higher than Control Group 1 (31.6%), Control Group 2 (33.4%), 
and Control Group 3 (24.5%). The Cohen’s d effect sizes between the experimental 
group and the commercial application were as follows: theoretical knowledge, 
1.32; rhythm imitation, 1.18; cultural understanding, 1.51; and overall gain, 1.43—
all exceeding the threshold for large effects. The largest effect size was observed 
for the cultural understanding dimension, supporting the view that the combi-
nation of contextualized content and immersive interaction yielded dispropor-
tionately large gains for higher-order cultural understanding. The knowledge 
retention rate measured two weeks post-test indicated that the experimental group 
retained 86.3% of the learning gains, significantly higher than Control Group 1 
(72.4%, p < 0.05), Control Group 2 (74.1%, p < 0.05), and Control Group 3 (68.7%, 
p < 0.01). This suggests that multimodal immersive experiences not only facilitated 
initial acquisition but also contributed to long-term consolidation, potentially 
because multi-sensory channels and contextual associations jointly strengthened 
memory encoding.
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5.5	 Cross-cultural adaptability

Table 3. Comparison of system experience and learning depth across cultural groups

Group Sample Size Recommendation 
Satisfaction

Interaction 
Experience Rating

Cultural Understanding Depth

Aesthetic 
Connotation

Theoretical 
Comparison

Eastern Group (China, Japan, 
South Korea)

90 5.52 ± 0.85 5.41 ± 0.92 4.31 ± 0.87 3.85 ± 0.81

Western Group (the United States, the 
United Kingdom, France, Germany)

110 5.47 ± 0.89 5.36 ± 0.94 3.76 ± 0.84 4.42 ± 0.85

t-value / 0.41 0.38 4.52 4.87

p-value / 0.68 0.70 <0.001 <0.001

Notes: Between-group differences in recommendation satisfaction and interaction experience ratings were not significant. Between-group 
differences in both sub-dimensions of cultural understanding depth were significant at the p < 0.001 level.

Table 3 compares system performance between Eastern and Western learner 
groups. No significant differences were observed between the two groups in recom-
mendation satisfaction or interaction experience ratings, indicating that the system 
was capable of delivering consistent user experience across cultural boundaries. 
However, meaningful differentiation emerged in the sub-dimensions of cultural 
understanding depth: Eastern learners scored significantly higher on aesthetic con-
notation understanding (4.31 vs. 3.76, p < 0.001), whereas Western learners per-
formed better on theoretical-comparative understanding (4.42 vs. 3.85, p < 0.001). 
This pattern aligns with the system design expectations: learners from different 
cultural origins approached the same content through their respective intrinsic 
cognitive frameworks, with Eastern learners possessing inherent familiarity with 
aesthetic conventions and Western learners relying more heavily on structural and 
comparative analysis. Through the cultural context embedding, the learner’s back-
ground was explicitly modeled in the recommendation process; rather than leveling 
these differences, the system preserved and leveraged them, enabling each group to 
engage with the learning material in a manner suited to their own cultural orien-
tation without sacrificing depth in either dimension. The recommendation satisfac-
tion scores for the two groups were 5.52 and 5.47, respectively, indicating successful 
adaptation to individual cognitive styles and validating the cross-cultural effective-
ness of the approach.

It can be seen from the above experimental results that the dual-engine immer-
sive mobile learning framework constructed in this study demonstrates consistent 
advantages across four dimensions: recommendation performance, interactive 
experience, learning effectiveness, and cross-cultural adaptability. The dynamic 
graph attention and context-aware mechanism significantly improve the matching 
accuracy of personalized learning content, while dynamic edge updating, cultural 
context embedding, and interactive attention fusion each contribute independent 
and complementary gains to overall performance. The coordination of multimodal 
sensors further enhances learners’ sense of immersion, cultural identity, and sys-
tem usability, and facilitates knowledge comprehension and skill retention through 
the joint engagement of embodied, auditory, and visual channels. The results of the 
eight-week learning intervention indicate that the full model not only improves 
theoretical knowledge, rhythmic imitation, and cultural understanding but also 
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maintains a high retention rate of learning gains in delayed post-tests, suggesting 
that the synergy between immersive interaction and personalized recommendation 
fosters sustained learning enhancement. Furthermore, no significant differences can 
be observed between Eastern and Western learners in overall recommendation sat-
isfaction and interactive experience, whereas culturally relevant dimensions such 
as aesthetic appreciation and theoretical comparison reveal distinct advantages that 
align with each group’s cognitive background. This finding indicates that the model 
preserves and leverages learners’ original cultural cognitive characteristics while 
maintaining cross-cultural usability consistency.

6	 CONCLUSION

In response to the profound rupture facing the living transmission of ethnic music 
in the digital age, a dual-engine-driven immersive mobile learning framework is 
presented in this work. At the core of this framework are a context-aware dynamic 
graph attention recommendation engine and a multimodal sensor fusion-based 
interaction mechanism, which are deeply coupled through a closed-loop data flow 
of perception–adaptation–interaction–feedback. In the recommendation engine, 
cultural background, real-time context, and skill progression are unified within a 
dynamic heterogeneous graph model, from which three-dimensionally adapted 
personalized learning paths are generated via dual-channel graph embeddings and 
dynamic edge attribute updating. The interaction mechanism integrates multimodal 
sensor signals from accelerometers, gyroscopes, microphones, and cameras, with 
modality weights dynamically modulated through task-adaptive cross-attention, 
synthesizing embodied interaction, real-time acoustic analysis, and augmented real-
ity contexts into a unified multi-sensory immersive experience. Through joint opti-
mization, synergistic enhancement is achieved between the two modules, enabling 
content adaptation and experiential immersion to serve as mutual drivers.
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