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Adaptive Teaching Path Modeling and Dynamic 
Intervention Mechanisms for Higher Education 
Driven by Interactive Mobile Technologies

ABSTRACT
The proliferation of mobile intelligent terminals and ubiquitous networks has established 
mobile learning as a core modality within the digital–intelligent higher education ecosystem. 
Conventional adaptive teaching systems, which rely on centralized cloud architectures, suf-
fer from limited contextual awareness dimensionality, delayed intervention responses, and 
pronounced privacy risks—deficiencies that render them ill-suited for the fragmented and 
dynamically fluctuating contexts characteristic of mobile learning. To address these chal-
lenges, a three-tier adaptive teaching intervention framework was constructed, integrating 
on-device perception, edge-side inference, and cloud-based optimization. A gated adaptive 
multi-modal context fusion mechanism was designed to integrate multiple contextual dimen-
sions and cognitive states into a unified joint representation. A lightweight efficiency predic-
tion network was trained via knowledge distillation, enabling real-time local path fine-tuning 
on mobile terminals through constrained optimization, while raw data remained entirely 
on the device. An edge-empowered end–edge–cloud collaborative intervention strategy was 
proposed, wherein structured pruning facilitated low-latency inference at the edge layer, and 
a heterogeneity-aware personalized federated learning algorithm was introduced to per-
form global distributed optimization. A dual-timescale closed-loop feedback mechanism was 
established to synchronously enable instantaneous policy iteration and long-term knowledge 
system refinement. This study achieves a deep integration of mobile terminal sensing capa-
bilities with adaptive teaching logic, reconciling real-time adaptability, global optimization, 
and privacy preservation, thereby providing technical support for the scalable deployment of 
digital–intelligent learning ecosystems in higher education.
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1	 INTRODUCTION

Within the ongoing digital–intelligent transformation of higher education, mobile 
intelligent terminals—enabled by ubiquitous networking and multi-modal sensing 
capabilities [1, 2]—have become the primary vehicles supporting ubiquitous and 
fragmented learning. With the continued advancement of 5G universal coverage 
and on-device artificial intelligence computing power [3], a technical foundation has 
been established for adaptive learning grounded in real-time contextual awareness. 
Conventional adaptive teaching systems, which predominantly adopt centralized 
cloud architectures [4, 5], rely heavily on remote computation for path planning and 
intervention decision-making [6]. Such systems are constrained not only by network 
fluctuations that induce elevated response latency [7], but also by limited contextual 
awareness dimensionality, which precludes effective adaptation to the complex and 
dynamically changing scenarios inherent in mobile learning. The construction of a 
full-chain dynamic intervention system, achieved through deep integration of mobile 
computing with educational pedagogy, constitutes a critical pathway for resolving 
current bottlenecks in mobile learning experience, and offers a reusable technical 
paradigm for the scalable deployment of digital–intelligent learning ecosystems in 
higher education.

Contemporary research on mobile adaptive learning remains constrained by 
four core limitations. At the contextual awareness level, existing path modeling 
predominantly relies on learners’ cognitive states as the primary basis [8], while 
underutilizing the multi-dimensional contextual information retrievable via 
mobile terminals—including physical environment, device status, and interac-
tion behaviors. Moreover, statically weighted feature fusion logic proves inade-
quate in the presence of sensor signal loss and noise perturbations [9], resulting 
in notable deficiencies in system robustness. At the architectural level, pure cloud-
based solutions are precluded by transmission latency constraints from meeting 
millisecond-level path adjustment requirements [10], whereas pure on-device 
solutions are limited by computational capacity in supporting global complex 
path optimization [11]. Consequently, a layered collaborative architecture that bal-
ances real-time responsiveness with optimization depth has yet to be established. 
At the privacy and optimization level, centralized training paradigms necessitate 
the upload of learners’ raw behavioral data, which conflicts with regulatory com-
pliance requirements for personal information protection [12]; existing federated 
learning approaches predominantly employ generic aggregation strategies [13] 
without fully accounting for heterogeneity across different learning populations, 
thereby degrading the adaptation accuracy of global models in local contexts. 
At the feedback mechanism level, most existing studies adopt single-timescale opti-
mization logics, which fail to simultaneously accommodate both real-time contex-
tual adaptation in mobile scenarios and the dual objective of long-term learning 
efficacy improvement.

To address the aforementioned research limitations, a three-tier collaborative 
adaptive teaching path dynamic intervention framework is constructed in this work, 
integrating on-device perception, edge-side inference, and cloud-based optimiza-
tion. The core academic contributions can be summarized in three aspects. First, a 
gated adaptive multi-modal context fusion and local path fine-tuning mechanism 
is proposed, through which a joint context–cognitive state representation space is 
established. A lightweight prediction network is trained via knowledge distillation, 
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enabling millisecond-level adaptive path adjustment locally on mobile terminals, 
while raw data remain entirely on devices to ensure privacy preservation. Second, 
an edge computing-empowered end–edge–cloud collaborative intervention archi-
tecture is designed, and a heterogeneity-aware personalized federated learning 
algorithm is introduced. Global optimization is accomplished solely through model 
gradient transmission, while simultaneously adapting to population differences 
across different edge nodes, thereby balancing global commonality with local 
specificity. Third, a dual-timescale closed-loop feedback mechanism is constructed, 
through which synergistic coordination is achieved between second-level policy 
iteration at the edge layer and long-period knowledge system optimization at the 
cloud layer. The effectiveness of the proposed solution is validated through multi-
ple sets of controlled experiments across the dimensions of technical performance, 
learning efficacy, and privacy overhead.

2	 OVERALL ARCHITECTURE OF THE END–EDGE–CLOUD 
COLLABORATIVE ADAPTIVE TEACHING INTERVENTION

A three-tier collaborative overall architecture for adaptive teaching path 
dynamic intervention is constructed in this work, integrating on-device perception, 
edge-side inference, and cloud-based optimization, through which full-chain adap-
tive regulation is achieved following the closed-loop logic of perception, modeling, 
decision-making, intervention, and feedback. The on-device perception layer is 
deployed on learners’ terminal devices, undertaking the functions of multi-modal 
contextual data acquisition, local feature extraction, and path fine-tuning, while raw 
learning and sensor data remain entirely on terminals, with only anonymized fea-
ture vectors being output for participation in upper-layer computation. The edge-side 
inference layer is deployed at campus edge computing nodes, receiving anonymized 
features uploaded from multiple terminals, performing low-latency group interven-
tion decision-making and local model iteration, and supporting cross-individual 
coordination and local–global information scheduling. The cloud-based optimi-
zation layer is deployed at cloud data centers, maintaining the global knowledge 
graph and global path planning model, aggregating model gradients uploaded from 
each edge node to accomplish global optimization, and simultaneously advancing 
the long-period evolutionary update of the knowledge system. A bidirectional data 
flow pathway is formed within the architecture: the forward data flow sequentially 
transmits anonymized features and model gradients from bottom to top, while the 
backward data flow distributes optimized model parameters and global path strat-
egies from top to bottom. Two core technical mechanisms achieve deep synergy 
within the architecture: the data flow is fully connected from terminal acquisition 
to cloud optimization in a layer-by-layer manner; decision granularity progresses 
hierarchically from individual millisecond-level adaptation to local collaborative 
intervention and then to global long-period optimization; privacy protection forms 
full-chain coverage from raw data retention on terminals to gradient transmission 
at the transport layer. A unified architectural foundation is thereby provided for 
the detailed exposition of the two subsequent core technologies. Figure 1 presents 
the overall architecture and operational mechanism diagram of the end–edge–cloud 
collaborative adaptive teaching dynamic intervention.
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Fig. 1. Overall architecture and operational mechanism diagram of the end–edge–cloud collaborative 
adaptive teaching dynamic intervention

3	 REAL-TIME ADAPTIVE PATH FINE-TUNING MECHANISM DRIVEN 
BY MOBILE MULTI-MODAL CONTEXTUAL AWARENESS

Multi-dimensional learning contextual data is synchronously acquirable by 
mobile terminals. The raw contextual data vector at time step t is defined as 
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ries of behavioral statistics: click frequency, swipe velocity, page dwell time, and 
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caused by sensor signal fluctuations and frequent data missing in mobile scenarios, 
a gated adaptive multi-modal fusion mechanism is adopted to generate a unified 
contextual representation. Raw features of each modality are first mapped into a 
common feature space via a dedicated encoder network fm, and then a fused fea-
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The weight values are dynamically adjusted according to the quality of single- 
modal data. Modalities with signal missing or higher noise levels automatically 
receive lower contribution proportions, thereby enabling adaptive accommodation 
of sensing data characteristics across different mobile scenarios.
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Building upon the contextual feature representation, the learner’s knowledge 
mastery state is introduced to fully characterize the learning state. The knowledge 
mastery vector at time t is defined as kt ∈ RD, where D represents the total number 
of knowledge concepts in the target discipline, and its values are updated at each 
time step through dynamic assessment via embedded quizzes, with the update rule 
specified as:

	 kt+1 = kt + h ⋅ ∇L(responset, kt)	 (3)

where, L denotes the knowledge tracing loss function, responset denotes the 
learner’s quiz response at the current time step, and h denotes the learning rate for 
state updating. The fused contextual feature zt and the knowledge mastery vector kt 
are concatenated along the feature dimension to construct a context–cognitive joint 
state representation:

	 h z k
t t t

d D
z� � �[ ]; R 	 (4)

where, dz denotes the dimensionality of the contextual fused features. This joint 
representation simultaneously encompasses both the learner’s external environ-
mental constraints and internal cognitive level, thereby enabling more accurate 
reflection of the actual learning state boundaries in mobile scenarios and providing 
more comprehensive state input for subsequent path decision-making. Based on 
the joint state representation, a lightweight prediction network is constructed to 
evaluate the degree of suitability of different learning activities under the current 
state. The expected learning efficiency coefficient ê

t a,
 for learning activity a at time 

t is defined, with a value range of [0,1], serving to quantify the learning efficiency 
gain or discount effect of the current context on a specific learning activity. This is 
computed as:
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where, fq denotes the parameterized prediction network, and emba denotes the 
learnable embedding vector corresponding to learning activity a, with different con-
tent types of learning activities corresponding to different embedding representations. 
Considering the computational and power constraints of mobile terminals, the pre-
diction network is trained via a knowledge distillation strategy: a high-precision 
teacher network is deployed at the cloud for offline training, after which knowl-
edge is transferred to the on-device student network, whose parameter count is sub-
stantially compressed, through a distillation loss. The single-step inference latency 
of the finally deployed on-device network is controllable within 10 milliseconds, 
with the entire computation process completed locally on the terminal, requiring no 
reliance on cloud computing support.

When the expected efficiency coefficient of the current learning activity falls 
below a preset threshold corresponding to its type, the mobile terminal automat-
ically triggers the path fine-tuning process. Path fine-tuning is formulated as a 
constrained combinatorial optimization problem, with the optimization objec-
tive being the maximization of the product of the expected efficiency of candidate 
learning activities and the learning gain, where the learning gain R a k

t
( , )  is derived 

from knowledge graph reasoning, corresponding to the potential knowledge mas-
tery improvement obtainable upon completion of candidate activity a under the 
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current knowledge state. The formal formulation of the optimization problem is 
expressed as:

	 max ( , )ˆ
,







a t a t
e R a k⋅ 	 (6)
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where, the constraints respectively specify that the duration of the candidate 
activity does not exceed the current remaining available learning time Tremain, 
and that the bandwidth requirement of the activity does not exceed the current 
available network bandwidth Bavailable. The optimization solution outputs three 
categories of fine-tuning strategies: content type switching, learning granularity 
splitting, and high-load task deferral. The entire solution and decision execu-
tion process is completed locally on the mobile terminal, with no raw sensing 
or behavioral data uploaded to the cloud, thereby achieving learner privacy 
protection at the data source while ensuring real-time responsiveness of path 
adjustment.

4	 EDGE COMPUTING-EMPOWERED END–CLOUD 
COLLABORATIVE INTERVENTION STRATEGY AND FEDERATED 
OPTIMIZATION MECHANISM

Edge computing nodes serve as the inference hub between terminals and the 
cloud, undertaking group intervention decision-making functions within local 
regions and forming a hierarchically complementary decision-making system with 
on-device local fine-tuning. The mobile terminal is responsible for handling real-time 
contextual adaptation for individual learners, while the edge layer focuses on cross-
learner collaborative decisions and complex scenarios that depend on local–global 
information, including group learning path conflict resolution, peer-benchmark-
based incentive strategy triggering, and path re-planning tasks requiring local 
knowledge graph support. For the i-th learner, the output of the edge intervention 
decision model is expressed as:

	 d g h K
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where, h
t

i( ) denotes the anonymized joint state vector uploaded from the mobile 
terminal, K

t

edge denotes the local knowledge graph state maintained by the edge 
node, and gy denotes the parameterized intervention decision network. To satisfy 
the low-latency requirements in high-concurrency scenarios, the edge-side model 
is compressed via a structured pruning strategy, through which redundant network 
channels and fully connected layer parameters are pruned, with single-sample 
inference latency controlled within 50 milliseconds under the constraint that accu-
racy loss remains below 2%. Compared with pure cloud architectures that require 
full wide-area network transmission and remote inference, edge deployment short-
ens the intervention response pathway to within the campus local area network, 
reducing end-to-end latency by order of magnitude, thereby better accommodating 
the real-time requirements of mobile learning scenarios.

The cloud undertakes the core functions of global model aggregation and knowl-
edge system evolution, with a federated learning framework adopted to achieve 
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distributed collaborative optimization across multiple edge nodes, transmitting 
only model gradients throughout the process without involving raw learning data. 
The base aggregation adopts a federated averaging strategy, with the update rule for 
global model parameters in the (r + 1)-th round specified as:

	 � � �( ) ( ) ( )( )r r
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where M denotes the total number of edge nodes, nj denotes the number of 
learners covered by the j-th edge node, n denotes the total number of all learners, 
h denotes the global learning rate, and ∇Lj denotes the local gradient of the j-th 
node. Given that the learner populations covered by different edge nodes exhibit 
significant heterogeneity in knowledge foundations and learning behavioral pat-
terns, direct averaging aggregation would lead to degraded adaptation accuracy 
of the global model in local contexts. Therefore, a personalized federated update 
mechanism is introduced, with the local model update rule for each edge node 
specified as:

	 � � �
j
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where, l denotes the personalized coefficient, used to control the retention 
proportion of local model bias, and ψ

j

r( ) denotes the local model parameters of the 
j-th node prior to the update. The personalized coefficient is dynamically adjusted 
according to the Kullback–Leibler divergence between the local data distribution 
of the node and the global data distribution; a larger distribution difference yields 
a higher coefficient value, thereby adapting to the learning characteristics of dif-
ferent populations while preserving globally shared knowledge. Concurrently, the 
global knowledge graph is maintained at the cloud. When the cumulative gradient 
updates uploaded from each edge node reach a preset threshold, adjustments to 
knowledge concept prerequisite relationships, reordering of learning path topology, 
and relabeling of learning resources are triggered, enabling continuous evolution of 
the knowledge system.

The entire intervention system achieves continuous iterative optimization of 
strategies through a dual-timescale closed-loop feedback mechanism, simultane-
ously accommodating real-time responsiveness and long-term learning efficacy. 
The micro-level closed loop operates at the edge layer, with a temporal granular-
ity ranging from seconds to minutes, and employs a contextual bandit algorithm to 
accomplish real-time updating of intervention strategies, with the parameter update 
form specified as:

	 � � � � �
� �

� � � �� � �t t t
d hlog |  	 (11)

where, py denotes the policy function of the intervention strategy, g denotes 
the policy gradient learning rate, and dt denotes the immediate reward signal, 
calculated from the differences in short-term behavioral metrics—including task 
accuracy, completion duration, and interaction activity level—before and after the 
intervention. Following each intervention execution, the reward signal is immedi-
ately fed back to the edge model, enabling single-step policy updates and ensuring 
rapid adaptation of intervention strategies to dynamic contexts. The macro-level 
closed loop operates at the cloud layer, with a temporal granularity ranging from 
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weeks to months. Long-term learning efficacy data reported from each edge node 
are aggregated at the cloud, including metrics such as periodic assessment scores, 
course completion rates, and learning persistence. Systemic learning bottlenecks are 
identified at the global level, triggering deep optimization of the global knowledge 
graph reconstruction and the global path planning model. The dual closed loops 
are complementary in temporal scale: the micro-level closed loop ensures imme-
diate adaptation accuracy in dynamic contexts, while the macro-level closed loop 
governs the achievement of long-term learning objectives, preventing short-term 
optimization from deviating from long-term cultivation goals and avoiding global 
optimization lagging behind real-time contextual changes.

5	 EXPERIMENTAL DESIGN AND RESULT ANALYSIS

5.1	 Experimental setup

A real-world anonymized dataset from a mobile learning platform at a domestic 
higher education institution was adopted for the experiments, encompassing 
12-week course learning records from 216 undergraduate learners, including 
three categories of contextual data—physical sensing, device status, and interaction 
behavior—as well as embedded quiz response data from corresponding knowledge 
modules. The publicly available knowledge tracing dataset ASSISTments2017 was 
additionally introduced as a supplement to validate the generalization performance 
of the cognitive state modeling. All data were subjected to identity anonymization in 
compliance with institutional ethics review requirements and personal information 
protection regulations.

The mobile-side testing device was equipped with a Snapdragon 8 Gen 2 proces-
sor and 12 GB memory, running the Android 14 operating system. The edge node 
was configured as an edge server with dual Intel Xeon Silver 4314 processors and 
64 GB memory, deployed at a campus 5G multi-access edge computing node, with a 
one-way network latency of approximately 5 ms to the mobile terminal. The cloud 
was configured as a cloud server instance with 8 cores and 16 GB specification, with 
a one-way wide-area network latency of approximately 30 ms to the edge node. 
All experiments were repeated five times, with the average values taken as the 
final results.

5.2	 Performance validation of mobile-side contextual awareness 	
and path fine-tuning

The prediction accuracy, response speed, and scenario robustness of the 
gated adaptive multi-modal fusion method and the path fine-tuning algorithm 
were validated in this experiment. Three categories of comparison schemes 
were included: a statically weighted fusion scheme, in which fixed weights were 
assigned to the three modality features followed by linear fusion; a deep concat-
enation fusion scheme, in which the three modality features were directly con-
catenated and then mapped through a multi-layer perceptron for output; and 
the proposed gated adaptive fusion scheme. Two typical mobile scenarios were 
respectively configured for robustness testing: single-modality missing and 20% 
gaussian noise.
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Fig. 2. Performance comparison of mobile-side multi-modal fusion and path fine-tuning

As shown in Figure 2, the proposed method significantly outperformed the two 
baseline schemes in efficiency prediction accuracy, achieving an improvement of 
9.83 percentage points over statically weighted fusion and 4.21 percentage points 
over deep concatenation fusion. The core advantage was attributed to the adap-
tive accommodation of different modality data qualities by the dynamic confidence 
weights. In terms of inference latency, the proposed method achieved a single-step 
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inference time of 8.6 ms, satisfying the real-time design target of within 10 ms on 
mobile terminals. Although slightly higher than that of the structurally simplest stat-
ically weighted scheme, this latency was far lower than that of the deep concate-
nation fusion scheme, demonstrating a reasonable balance between accuracy and 
speed. In robustness testing, under sensor data missing and noise interference sce-
narios, the performance degradation rate of the proposed method remained below 
5% in all cases, far lower than those of the two baseline schemes. This validated 
the adaptability of the dynamic weighting mechanism in unstable sensing envi-
ronments, rendering it more suitable for the complex and dynamically changing 
characteristics of real-world mobile learning scenarios.

5.3	 Comparative experiment on edge-side intervention inference 
performance

The inference efficiency, concurrent processing capability, and accuracy loss con-
trol effectiveness of the pruned and compressed edge model were validated in this 
experiment. Four categories of comparison schemes were included: a pure cloud 
inference scheme, in which the entire intervention model was deployed at the cloud 
with computation performed via wide-area network transmission; an unpruned full 
model, in which the complete-parameter intervention model was directly deployed 
at the edge node; a conventional edge lightweight scheme, in which a lightweight 
intervention model constructed with depthwise separable convolutions was 
adopted; and the proposed structured pruning scheme.

Table 1. Performance comparison of edge-side intervention inference

Method
Single-Sample 

Inference 
Latency (ms)

100-Concurrent 
Throughput (req/s)

Decision 
Accuracy 

Loss Rate (%)

Edge-Side 
Memory 

Usage (MB)

Pure Cloud Inference 287.3 42.6 0 –

Unpruned Full Model 62.4 128.3 0 186.2

Conventional Edge 
Lightweight Scheme

38.7 215.4 3.87 92.5

Proposed Structured 
Pruning Scheme

41.2 247.1 1.72 78.3

As shown in Table 1, the end-to-end latency of the pure cloud scheme reached 
287.3 ms, far higher than that of all edge-deployed schemes, rendering it incapable of 
meeting the real-time intervention requirements of mobile learning scenarios. The 
proposed pruning scheme achieved a single-sample inference latency of 41.2 ms, 
meeting the design target of within 50 ms. Compared with the unpruned full model, 
latency was reduced by 34.0%, 100-concurrent throughput was improved by 92.6%, 
and edge-side memory footprint was reduced by 57.9%, while the decision accuracy 
loss was only 1.72%. Thus, inference efficiency and concurrent processing capac-
ity were substantially improved while accuracy loss was maintained within a con-
trollable range. Compared with the conventional lightweight scheme, the proposed 
scheme reduced accuracy loss by 2.15 percentage points under comparable latency 
and throughput, demonstrating the technical advantage of structured pruning in 
preserving core decision-making features.
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5.4	 Experiment on federated learning convergence and personalization 
effectiveness

The convergence efficiency and local adaptation performance of the heterogeneity- 
aware personalized federated learning algorithm in scenarios with population het-
erogeneity were validated in this experiment. Five edge nodes were configured, and 
medium-to-high heterogeneity learning population scenarios were constructed by 
adjusting the data distribution of each node. Four categories of comparison schemes 
were included: local training only, in which each edge node trained exclusively with 
local data without participating in federated aggregation; the classical federated 
averaging algorithm; the federated proximal algorithm, a federated optimization 
algorithm with a proximal term constraint; and the proposed personalized federated 
learning algorithm.

Fig. 3. Performance comparison of different federated learning algorithms
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As shown in Figure 3, the proposed algorithm required only 35 communication 
rounds to achieve convergence, representing a reduction of 27.1% and 16.7% in com-
munication rounds compared with federated averaging and federated proximal, 
respectively, demonstrating superior convergence efficiency. In terms of global average 
test accuracy, the proposed algorithm achieved 90.68%, outperforming the three base-
line schemes, thereby validating the effectiveness of global knowledge aggregation. On 
high-heterogeneity nodes, the average accuracy of the proposed algorithm reached 
88.74%, significantly higher than the 82.56% of federated averaging and the 84.32% of 
federated proximal, while the inter-node accuracy standard deviation was only 2.19%, 
far lower than those of the other federated schemes. The experimental results indi-
cate that the personalized coefficient dynamically adjusted based on distribution dif-
ferences effectively accommodates the learner population characteristics of different 
nodes, improving local adaptation accuracy while preserving globally shared knowl-
edge, and alleviating the global model performance bias caused by data heterogeneity.

5.5	 Comprehensive evaluation of learning efficacy and user experience

The practical educational application value of the proposed approach was vali-
dated in this experiment within real-world higher education teaching scenarios. A 
total of 180 undergraduate learners enrolled in three public foundational courses at 
a higher education institution were selected and randomly divided into three groups 
of 60 learners each, with an eight-week controlled teaching experiment conducted. 
The three groups respectively adopted: a conventional mobile learning system with-
out contextual awareness, a traditional cloud-based adaptive learning system, and 
the proposed end–edge–cloud collaborative adaptive learning system. Standardized 
knowledge level tests were administered before and after the experiment, while learn-
ing behavioral data and course satisfaction questionnaire results were also collected.

Fig. 4. (Continued)
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Fig. 4. Comparison of learning efficacy and user experience across different systems

As shown in Figure 4, the teaching experiment results demonstrated that the pro-
posed system significantly outperformed the two control systems across all learning 
efficacy metrics. The knowledge mastery improvement rate reached 31.02%, rep-
resenting an increase of 18.55 percentage points over the conventional mobile 
learning system and 9.67 percentage points over the traditional adaptive system, 
thereby validating the positive promotive effect of context–cognitive joint modeling 
and dynamic path adjustment on learning outcomes. The task completion efficiency 
improvement reached 24.51%, which was primarily attributed to the reduction of 
inefficient learning time by millisecond-level path fine-tuning, better accommo-
dating the fragmented mobile learning scenarios. Learning persistence and user 
satisfaction were also significantly higher than those of the control groups, indi-
cating that real-time contextual adaptation and low-latency intervention effectively 
enhanced the fluency and user acceptance of mobile learning.

5.6	 Privacy protection efficacy and system overhead analysis

The privacy protection level and terminal resource overhead performance 
of the proposed approach were validated in this experiment. Three categories of 
comparison schemes were included: a centralized cloud-based system, in which 
all raw behavioral data of learners were uploaded to the cloud for processing; a 
conventional federated learning system, in which an end–cloud architecture 
with federated averaging was adopted and only model gradients were uploaded; 
and the proposed end–edge–cloud collaborative system. The privacy leakage  
risk level was comprehensively assessed based on data sensitivity and transmis-
sion volume.
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Table 2. Comparison of privacy overhead and resource occupation across different systems

System Scheme
Average Daily 
Uploaded Data 

Volume per User (KB)

Terminal Energy 
Consumption per 

Unit Time (mAh/h)

Terminal 
Memory 

Usage (MB)

Privacy 
Leakage 

Risk Level

Centralized Cloud-Based  
System

1284.7 11.2 42.6 High

Conventional Federated 
Learning System

168.3 9.7 68.4 Medium

Proposed End–Edge–Cloud 
Collaborative System

27.9 7.8 56.2 Low

As shown in Table 2, the average daily uploaded data volume per user of the pro-
posed system was only 27.9 KB, representing a reduction of 97.8% compared with 
the centralized cloud-based system and 83.4% compared with the conventional fed-
erated learning system. This advantage was attributed to the fact that raw data were 
retained entirely on terminals, with only anonymized low-dimensional feature sta-
tistics and model gradients being uploaded, thereby reducing the risk of privacy 
leakage at the data source and achieving an overall low-risk privacy protection level. 
In terms of terminal resource overhead, the energy consumption per unit time of the 
proposed system was 7.8 mAh/h, and the terminal memory footprint was 56.2 MB, 
both within the acceptable range of mainstream mobile devices, imposing no signif-
icant burden on daily terminal usage and demonstrating feasibility for large-scale 
deployment.

6	 CONCLUSION

To address the issues of high response latency, limited contextual awareness 
dimensionality, and inadequate privacy protection mechanisms in conventional 
adaptive teaching systems within mobile learning scenarios, a three-tier collabo-
rative adaptive teaching path dynamic intervention framework was constructed in 
this work, integrating on-device perception, edge-side inference, and cloud-based 
optimization. A gated adaptive multi-modal context fusion method was proposed, 
through which a joint context–cognitive state representation space was established. 
Combined with a lightweight prediction network trained via knowledge distillation, 
real-time millisecond-level learning path fine-tuning was achieved locally on mobile 
terminals. A heterogeneity-aware personalized federated learning algorithm and a 
dual-timescale closed-loop feedback mechanism were designed, enabling distributed 
optimization of the global model and long-period iteration of the knowledge system 
without raw data leaving the terminals. Multiple controlled experiments demon-
strated that the proposed approach outperformed existing state-of-the-art technical 
solutions across dimensions including inference efficiency, prediction accuracy, 
learning efficacy, and privacy overhead, effectively accommodating the fragmented 
and dynamically changing characteristics of mobile learning in higher education. 
This study transforms the multi-modal sensing capabilities and on-device comput-
ing potential of mobile terminals into core driving factors for adaptive teaching, 
providing a systematic technical pathway for the deep integration of mobile comput-
ing technologies with higher education, and offering theoretical and methodological 
support for the large-scale deployment of digital–intelligent learning ecosystems.
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