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Abstract

INTRODUCTION: The lack of physical presence in online learning makes it difficult for teachers to perceive students'
cognitive and emotional states in real time, with learning burnout being a particularly prominent issue. Existing research
primarily relies on single-modality data or lagged learning analysis, making it difficult to achieve precise and timely
burnout early warning and intervention.

OBJECTIVES: This paper proposes an online learning burnout early warning model based on multi-modal temporal
feature fusion and designs a hierarchical adaptive intervention mechanism.

METHODS: First, utilizing lightweight convolutional neural networks and temporal encoders, facial expression features
and body posture features are extracted in real-time from the video stream, respectively. Second, a multi-modal temporal
fusion module based on attention mechanisms is designed to model the coordinated temporal evolution of facial
expressions and body postures, enabling precise identification of fatigue states such as "confusion","fatigued" and "bored".
Finally, a hybrid decision model combining rule-based and reinforcement learning approaches is developed. This model
dynamically triggers personalized intervention strategies—such as content adjustment, suggested breaks, and interactive
Q&A sessions—based on the type, intensity, and duration of fatigue.

RESULTS: Experiments conducted on a self-built authentic online learning dataset demonstrate that this system achieves
an F1 score of 0.91 in burnout state recognition, which significantly outperforms unimodal approaches. Furthermore, user
studies validate the effectiveness and high acceptance of its intervention mechanism.

CONCLUSION: This study offers a viable technical and practical approach for enabling precise, timely detection and
adaptive intervention of burnout in online learning environments.
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1. Introduction ) ) - _
are readily apparent in traditional classrooms. This

disconnect can lead students into a state of learning burnout
that goes undetected, ultimately resulting in decreased
learning efficiency and increased dropout rates[3-5].
Consequently, there is an urgent need in educational
technology to build intelligent learning systems that can

The proliferation of online education has dismantled
spatial and temporal barriers to learning[1,2]. However, it
has also limited teachers' ability to observe students'
nonverbal cues—such as facial expressions and body
language—which
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simulate teacher-like insight and provide timely, proactive
support[6].

Scholars domestically and internationally have conducted
preliminary explorations in learning state recognition. In
single-modal analysis, Wang et al.[7] proposed an LD-
identify network for action recognition based on passive
RFID. By extracting phase and signal strength
characteristics from two RFID tags, they combined a CNN
model to recognize three head movements with over 95.5%
accuracy. However, their method only models limited
actions and omits common learning behaviors like writing.
It also relies heavily on precise tag placement, making it
susceptible to occlusion in real-world scenarios, which
compromises its robustness. In multi-modal fusion, Cao et
al.[8] constructed a model based on the ResNet architecture.
By integrating facial images, EEG data, and learning logs,
they achieved 87% accuracy in predicting engagement,
confirming multi-modal superiority. However, their
approach was designed solely for MOOC scenarios and does
not generalize to other settings like live classrooms.
Moreover, its reliance on specialized EEG equipment
hinders seamless deployment. Jiang et al.[9] constructed a
three-dimensional framework integrating audio, image, and
text data. Their SMAT coding system analyzes behavioral
frequency and temporal shifts in smart classrooms. However,
their framework does not address fusion bias caused by
inter-modal data quality differences, while also offering
insufficient exploration of the correlation between learning
behaviors and academic outcomes. Wang and Zheng[10]
systematically reviewed multi-modal data types and
integration strategies in intelligent education. However, the
review does not propose actionable plans for optimizing
model integration into specific educational scenarios.
Furthermore, its discussion of ethical risks (e.g., privacy
concerns) is brief and lacks systematic solutions. Wang et
al.[11] constructed a multi-modal fusion model for online
learning integrating behavioral, emotional, and cognitive
dimensions. Utilizing IoT technology for automated data
collection, their model achieved an accuracy of no less than
76%. However, its feature fusion does not fully leverage
temporal correlations, which causes delayed responses to
dynamic state changes. Furthermore, it neglects variations in
modality importance across different task types, resulting in
inadequate adaptability in scenarios like skill training.

Current  research[12-14]  exhibits  three = major
shortcomings. The first is perceptual bias. Reliance on
single-modal or discontinuous data hinders comprehensive
and consistent capture of complex fatigue states. The second
is static modeling. Most approaches adopt segmented
classification, overlooking that burnout is a dynamic,
cumulative, temporal process. The last is lack of closed-loop
Intervention. Most studies stop at state recognition, failing
to form a complete "perception-decision-intervention-
evaluation" closed loop integrated with effective teaching
strategies.

To address these limitations, this paper proposes an end-
to-end online learning burnout early warning and
intervention system. Our core innovation lies in a novel
attention-based multi-modal temporal fusion model, which

effectively captures the complementary and synergistic
relationships between facial expressions and body postures
over time, enabling fine-grained, dynamic fatigue
recognition. We also design a hierarchical adaptive
intervention mechanism that combines rule-based rapid
responses with reinforcement learning-based long-term
optimization, making interventions more intelligent and
user-friendly. Finally, we have developed and validated a
complete real-time system prototype in authentic learning
scenarios, demonstrating its end-to-end effectiveness and
positive user experience.

2. Introduction to Related Work and
Technology

2.1 Related work

2.1.1 Research on Learning Burnout Detection

The assessment of learning burnout represents a significant
research focus in educational technology[15]. Current
methods primarily leverage physiological signals,
behavioral analysis, and multi-modal fusion. Physiological
approaches, such as electroencephalogram(EEG) and heart
rate variability(HRV), offer objective measures of cognitive
load but require specialized equipment and can be obtrusive.
Behavioral analysis infers fatigue states from learning
patterns like mouse click frequency and page dwell time;
however, these metrics are often influenced by individual
differences[16,17]. While multi-modal fusion techniques,
which integrate diverse data sources, enable a more
comprehensive assessment, they still face challenges in
effective temporal modeling and fusion strategy design.

2.1.2 Multi-modal Temporal Fusion Techniques
Effective multi-modal temporal fusion [18,19] is crucial for
modeling dynamic states like fatigue. Fusion strategies are
commonly categorized into three types: The first is early
fusion, which directly concatenates raw or low-level features.
The second is late fusion, which aggregates decisions from
models trained on separate modalities. The third is
intermediate fusion, which integrates modalities at the
feature representation level. Among these, attention
mechanisms have shown remarkable performance by
dynamically weighting the importance of different
modalities. Nonetheless, a key limitation of many existing
methods is their focus on static fusion, and they lack the
sophisticated temporal modeling capabilities needed to
capture the evolving patterns of fatigue states.

2.1.3 Adaptive Intervention Strategies

Adaptive intervention is a core function of intelligent
educational systems. Current strategies predominantly
utilize  rule-based systems, machine learning, or
reinforcement learning. Rule-based systems enable rapid
responses but lack personalization. Machine learning
approaches can learn personalized strategies but require
large amounts of labeled data. Reinforcement learning

EAI Endorsed Transactions on
Scalable Information Systems
| Volume 12 | Issue 10 | 2025 |

2 EA 2



A Study on Real-time Early Warning and Adaptive Intervention for Online Learning Burnout Using Multimodal Temporal

Feature Fusion

methods optimize strategies through environmental
interaction, but their training complexity and convergence
instability pose challenges. Consequently, balancing
immediate responsiveness with long-term optimization
through the integration of these diverse methods remains a
key research focus.

2.2. Related Technologies

2.2.1 Facial Expression Recognition

This paper employs the lightweight MobileViT network as
the backbone feature extractor. This model combines the
local feature extraction capabilities of CNNs with the global
context modeling capabilities of Vision Transformers. It
maintains high accuracy while significantly reducing
computational overhead, making it suitable for real-time
operation on standard PCs or edge devices. The model
outputs a continuous affective valence vector rather than
discrete classification labels, thereby capturing the nuanced
emotional shifts from positive to negative with greater
precision[20,21].

2.2.2 Body Posture Estimation and Behavior

Analysis

Real-time 2D human key-point detection using the Media

Pipe Pose solution. This solution is lightweight and highly

efficient. Based on detected key points (such as the nose,

shoulders, and hips), it calculates a set of pose features

describing the learned behavior, including:

® Head tilt angle: Indicates whether the head is “on the
desk.”

® Trunk Stability: Calculated by analyzing the variance
in movement of key shoulder points, this metric
indicates whether the body exhibits excessive
“swaying”.

®  Arm Range of Motion: Indicates whether the student is
engaged in activities unrelated to learning.

2.2.3 Deep Reinforcement Learning

This paper employs Deep Q-Networks to optimize long-
term intervention strategies. The agent's state is the sequence
of historical student burnout characteristics. The action
space comprises various intervention strategies. The reward
function comprehensively considers the degree of burnout
state alleviation, progress in completing learning tasks, and
student feedback on interventions—such as “turning off
reminders” being regarded as negative feedback. Through
continuous interaction with the environment (i.e., the
student), DQN learns to select optimal intervention actions
with a long-term perspective.

3. Framework Introduction

This paper introduces a closed-loop teaching assistance
system that automates the management of student learning
burnout by integrating real-time perception, intelligent early
warning, and adaptive intervention. Built upon the "End-

2 EA

Edge-Cloud" collaborative computing paradigm, our design
achieves holistic process management while maintaining
real-time operation and protecting user privacy. The system
architecture is shown in Figure 1, which consists of three
core modules. Seamless integration and secure data flow
between these modules are achieved through well-defined
interfaces.

Module One:
Multimodal Perception Module

Module Three:
Adaptive Intervention Engine

Module Two:
Fatigue Warning Center
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Figure 1. System Architecture
3.1 Multi-modal Perception Module

The Multi-modal Perception Module is deployed on student
client devices, such as personal laptops and tablets. It is
responsible for non-invasive data collection and lightweight
front-end intelligence. The module captures video streams
and concurrently executes facial expression recognition and
pose estimation models to generate real-time temporal
sequences of facial expression and body pose features. The
workflow is as follows:

(1) Data Capture

The device camera is activated to continuously capture
video streams at a configurable frame rate (e.g., 15 fps).

(ii)Parallel Model Inference

Facial Expression Analysis: A lightweight MobileViT
model performs real-time inference on the facial region of
each frame. Instead of a simple classification label, the
model outputs a high-dimensional feature vector that
encapsulates both global and local semantic information of
the expression, providing a rich basis for subsequent
temporal modeling.

Body Pose Analysis: The MediaPipe Pose solution runs
concurrently to detect and extract 2D coordinates of body
keypoints in real-time. Based on these coordinates, a set of
postural features—such as head tilt angle, trunk stability,
and arm movement frequency—is calculated locally.

(iii)Data Security and Upload
EAI Endorsed Transactions on
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To ensure privacy, original video frames are immediately
discarded after processing and never leave the client. Only
the anonymized feature sequences and corresponding
timestamps are uploaded in real-time to the Burnout Early
Warning Center via a secure communication protocol.

3.2 Burnout Early Warning Module

This module is deployed on edge servers or regional cloud
servers. Its primary function is to receive the dual-modality
feature sequences from client devices and perform joint
analysis using the core multi-modal temporal fusion model
proposed in this paper. The model outputs a comprehensive
burnout probability score along with a specific burnout type
classification. An early warning is triggered when the score
exceeds a predefined threshold and persists for a specified
duration. This edge/cloud deployment strategy reduces
network latency, enables rapid responses for regional
students, and further minimizes the transmission of sensitive
data across public networks. The workflow is as follows:

(i)Feature Reception and Caching

The module receives feature streams from multiple clients
and maintains a sliding time-window feature sequence for
each student.

(ii)Multi-modal Sequence Fusion

The cached bimodal sequences are fed into the multi-modal
temporal fusion model. First, two independent LSTM
networks encode the facial expression and pose feature
sequences separately, capturing the temporal dynamics
within each modality. Then, through cross-modal attention
layers, the model learns the interactive relationships between
them. For instance, it can learn to assign greater importance
to the co-occurrence of a "frown" expression and a "leaning
forward" posture when identifying a state of "confusion."
Finally, the fused high-level representation is passed to a
classification layer, which outputs a probability distribution
over four student states: focused, confused, fatigued,
and bored.

(iii))Early Warning Decision-Making

The early warning decision-making module continuously
monitors this probability distribution. It employs a decision
logic based on threshold and duration. For example, a
structured fatigue alert is generated only if the combined
probability of the fatigued and bored states exceeds a
threshold of 0.7 for a continuous one-minute period. This
alert signal contains key information such as fatigue type,
intensity, and onset time, and is immediately transmitted to
the adaptive intervention engine.

3.3 Adaptive Intervention Engine Module

2 EA

This module is co-deployed with the early warning center on
edge servers to ensure low-latency intervention. Its core
function is to receive early warning signals and generate the
most appropriate personalized intervention strategy through
a hybrid decision-making mechanism, thereby closing the
"perception-decision-action" loop. Upon receiving a signal,
the rule-based decision-maker first triggers a primary
intervention based on predefined mappings. Simultaneously,
the reinforcement learning (RL) agent evaluates the context
and may recommend a more strategic, secondary
intervention based on the student's current state and
historical interaction data, aiming to maximize long-term
learning gains. The workflow is as follows:

(i) Signal Reception and Analysis

Parses incoming signals from the early warning center to
determine the specific context and type of fatigue.

(i) Tiered Decision-Making

Rule-Based Decision Maker (Level 1 Response): This is an
expert system based on generative rules.It incorporates
explicit IF-THEN rules to handle common, typical fatigue
scenarios, achieving millisecond-level response times.

Reinforcement Learning Agent (Secondary
Optimization): It takes the current state (fused features,
historical intervention effects, user profiles) as input and
outputs a long-term value assessment for all possible
intervention actions.Its objective is to explore long-term
optimal strategies that transcend fixed rules and are more
personalized.

(iii)Decision Integration and Execution

The system will compare the outcomes of rule-based
decisions with those of RL decisions. Typically, rule-based
decisions serve as the default execution option. However, if
the RL agent assigns a significantly higher and credible Q-
value to an action differing from the rules, the system will
adopt this more strategic secondary intervention plan. The
strategy executor ultimately translates the selected
intervention actions into specific instructions, which are
transmitted to the teaching platform and interactive
terminals via API calls.

(iv)Feedback Loop and Online Learning

Following intervention implementation, the system
continuously monitors students' subsequent responses,
converting this data into reward signals. Reward signals are
used to update RL agents online, enabling their strategies to
continuously evolve and increasingly align with the genuine
needs of both the entire student body and individual
students.

Through the seamless collaboration of three modules, this
framework not only enables real-time, precise detection of
learning burnout but also integrates intelligent care into the
online learning process via a layered, adaptive intervention
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mechanism. Ultimately, it achieves the core objective of
enhancing students' learning experience and efficiency.

4. Algorithm Analysis

This section will rigorously define the two core components
of this system in terms of mathematical formalism and
algorithmic procedures: the learning burnout recognition
model and the hierarchical intervention decision mechanism.

4.1 A Time-Series Fusion Early Warning
Model Based on Cross-Modal Attention
Mechanism

This model maps online learning video streams to a
probability distribution of fatigue states, defining it as a
temporal classification problem.

4.1.1 Formal Definition of the Problem
1

Input a video clip of length V', V= {11’]2""’17} , where ™
represents the f-th frame image. The goal is to learn a

F(V)=17,.7,...7%,
function F as: ¥) { e T}.

V ={11,12,...,IT}

Given an input video clip of length V',

where 7t denotes the ¢-th frame, the goal is to learn a
function F' that maps the video to a sequence of output
F(V)={Y,Y,,..%,

states: () { 2 T}.

- "n 2 6 ¢ R?

Ve [p, PP P Je is a probability

n @ 6 ¢

vector, whose elements ¥ >Pr »Pr »Pi " represent the
predicted probabilities for the four states—focused,
confused, fatigued, and bored, respectively. It satisfies the

o . (‘)
condition: Z; p =1

Here,

41.2 Model
Formulation

Architecture and Mathematical

(i)Modality-specific Feature Encoding

Facial Expression Feature Extraction: For each frame L we

employ a lightweight Mobile ViT model qum’, pre-trained on
the Aff-Wild2 dataset, to extract facial features. Specifically,
we take the feature map from the layer preceding the global

average pooling layer, flatten it, and obtain a a4 .

dimensional feature vector f,'

f, = Flatten(GAP(® . (1,))) € R” W

Among these, GAP denotes Global Average Pooling. Input

sequence {f]’fz"“f r } into a unidirectional LSTM network
to learn the temporal context of facial expressions. At each

/ dj
time step ¢, the LSTM outputs a hidden state hi € R .

b/ =LSTM . (f,.h/,)
2
Hyppo = {h/», hl,..., hT/} ’h‘f < R @

Body Pose Feature Extraction: For each 1. frame, the Media
Pipe Pose function ¥ extracts N key-point coordinates

2N
k eR , forming a 2N -dimensional raw pose vector .

d,
Calculate a set of engineering feature vectors eR ,

including head pitch angle, torso stability, etc. Concatenate
these engineering features with the original coordinates to

form a ¢~ -dimensional augmented posture feature vector

b, yielding the augmented posture features after
concatenation.
D, :[k/;e[]eRd" 3)

Similarly, input the sequence Py Poveees Pr} into another
unidirectional LSTM for encoding.
h' =LSTM,,, (B,.h",)

2" %1

H e = (B e by | B =R )

pose

(11)Cross-Modal Attention Fusion Mechanism

This represents the core innovation of our model. Rather

than simply concatenating H e and H/"’“e, we introduce a

cross-modal attention mechanism. This allows the model to
dynamically determine when and which elements of the
pose stream to attend to, as the expression stream actively
queries relevant information from it using a scaled dot-
product attention layer.

Attention Weight Calculation: To prioritize the facial
modality while incorporating supplementary information

from posture, we designate H e as the Query and H e as
both the Key and Value. This configuration enables the
facial features to actively retrieve the most relevant
contextual cues from the pose sequence.

O=H, W° K=H, W V=H, W' )

is the learnable parameter

pose
Where W2 W . W" e R
matrix.

Attention Output Calculation: Compute the attention from

the expression stream to the pose stream using a scaled dot-
product attention mechanism. This operation generates a

new sequence Hf’"‘fzf”"f, which represents the most critical
portion of the pose information for understanding facial

expressions. Computing the attention weight matrix
AeR"™ and the weighted pose representation ** poseace
OK"
A = soft
S‘Ofmax[ \]dk ] Hpo.vezﬁme =AV (6)

Here, 4 denotes the degree of attention paid by the facial
feature to the pose feature at time step J during time step
i.

Modal Fusion: Concatenate the raw facial expression
representation ~ with  the  attention-weighted  pose
representation to obtain the fused temporal features:
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H

Sface> pose2face

H oy = [H ] e R 4.2.1 Formal Definition of the Problem
‘ ™ Model intervention decisions as a sequential decision
problem. At each decision point k (triggered by an alert), the

\Stat lassificati Earl o Tri .
(iii)Status Classification and Early Warning Triggering agent observes the current state 5 e . selects an

Classification: The fused temporal feature H e is mapped actiong, e A, and subsequently transitions the environment

to a four-state classification probability distribution via a  to the new state §

receiving a reward 7, . The objective is
W e R4
c

k+1°

fully connected layer and a Softmax function. to learn a policy  : § — 4 that maximizes the cumulative

P, = Softmax(VK "R e + bc) ® discounted reward E[z::() ror, J ,where e [0, 1] is the
Alert Trigger Conditions: Define an alert function 4% () discount factor.

Let the sliding window length be L, the intensity threshold . . . .
) () 4.2.2 Mathematical Formulation of Hierarchical
be?, and the duration threshold be? .” and 7 represent  pecision Models

the probabilities of fatigue and boredom, respectively. When
the moving averages of both probabilities within the (1) Rule-Based Rapid Responder

window simultaneously exceed the threshold @ and persist
for longer than 7 | the system triggers a fatigue alert and  This component is a deterministic function: e (5 )

sends the signal to the intervention engine. a,, if ses,
For the current time 7', if: a ifses
1 5 (04 @ z o (s)={" :
zl:;+l(p' + o )>6 H rule( ) .
Count({t e[r-L+1.7]| p +p” 9}) Qs> Otherwise
) P+ D, > >T (9) default (10)

In this framework, the state space is partitioned into multiple

Then trigger an alert. sub-regions 5. For instance,
S1= {S | 5. type ="Fatigue" N s.intensity > 0.8 A s.duration > 5Smin }
4.2 o Hlerarchlcal Adaptive Intervention and the corresponding intervention action is "Mandatory
Decision Mechanism Rest". The decision logic
Rule(S _{vype}, S -{intensity} , T _{duration})
Upon receiving an early warning signal, the mechanism  is summarized in the table below. This rule-based system

generates the optimal intervention strategy a e 4 ,  guarantees millisecond-level response times for frequently
where 4 is the set of intervention actions. It employs a encountered scenarios. The results are shown in Table 1.

hierarchical  structure to ensure both immediate L€ "Focused" state in Table 1 refers to situations where
responsiveness and long-term optimization. prolonged high concentration may potentially lead to fatigue.

Table 1. Decision Logic Table

Fatigue Type Strength Condition Duration Condition Intervention Action

Pop up a gentle reminder of "appropriate rest to|
maintain focus" which is non-intrusive and no screen
Focused S_intensity>0.8 T duration>5min locking, and provide an optional "5-minute rest timer"
that students can activate voluntarily; simultaneously
adjust the learning interface to reduce eye strain.

Pop up a reminder to take a break and lock the screen|

Fatigue S_intensity>0.6 T duration>3min for 30 seconds.
Boredom S_intensity>0.7 T duration>3min Push a fun short video ora small piece of knowledge
- - related to the current topic.
. , Lo .
Confusion S_intensity>0.75 T duration>2min Provide a 'Need a hint?' option, or bring up the relevant
— - knowledge graph card.
IAny Category S_intensity>0.9 Any Highest priority alert, it is recommended to contact aj
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Fatigue Type Strength Condition

Duration Condition

Intervention Action

teacher or counselor.

(if)Reinforcement Learning-Based Policy Optimizer

To achieve personalized, long-term adaptation for different
students, a Deep Q-Network (DQN) agent was introduced.

State Space: The state 5t is a vector defined as the

H

aggregation of the fused fatigue feature vectors **/w=<« from

the past I time steps, augmented with an embedded
representation of the current learning task context.
s, = [MeanPool(HﬁMd );emsk;acc] (11

Here, st represents the embedding vector of the current
learning task/knowledge point, while 4c¢¢ denotes the
student's historical acceptance rate vector for various
interventions.

Action Space: Action A is a discrete set comprising all
available intervention strategies.

A = {Do nothing, Recommend rest, Push engaging
content, Adjust content difficulty, Provide hints}.

Reward Functionr(s’a): The design of the 't reward is
crucial, as it guides the agent in learning “good” policies.

ro=w,-AF +w, - AB+w;-1I -w, -1l

complete reject
- W5 ’ Ilintrude

(12)

Among them, AF and AB represent the decrease in fatigue
and boredom probability over the A? time period following

the intervention. leomiee is a task completion indicator. If
students complete learning tasks after the intervention, it

. . m. . .
serves as a positive reinforcement. 9 is a punishment
where students explicitly reject interventions. If a student
manually closes or negatively evaluates an intervention, it

counts as a negative reward. i is a minor penalty for
overly frequent interference .
Network Architecture and Training: Use a neural network

O(s.4:0) to approximate ¢ | and learns parameters eby
minimizing the mean squared Bellman error, where the

input is the state S and the output is the Q-value
corresponding to each action @,
O (s.a)=E, |:r+quxQ* (s',a')\s,a] (13)

L(o)=E <'~l_)|: r+ymaxQ(s,a,07)-0O(s, a0 2:]
( ) (A,u.y.»s ) ( a ( ) ( )) (14)
Where D is the experience replay cache, ¢ are the

parameters of the target network, periodically copied from ¢.
Employing an experience replay mechanism, interaction

2 EA

data (S7-@0-71:50%1) ig sored in the memory bank and

randomly sampled for training to break data correlations.
Target Q-networks and periodic update strategies are
employed to stabilize the training process.

When an early warning is triggered, the rapid responder
first implements primary intervention. Simultaneously, the

alert event is fed into the policy optimizer, where the agent
RL

selects an action % based on the current state °* --which

may differ from the rule. If the confidence level (Q-value) of
" significantly exceeds the estimated value of the rule-

based action, the system may override the rule and execute
this more strategic secondary intervention. This design
ensures the system maintains foundational performance
while possessing the capability for continuous learning and
optimization

a

5. Experiment

5.1 Experimental Setup

The experimental dataset is the self-built “Online-Learning-
Fatigue” dataset, comprising 120 hours of online learning
video data from 50 volunteers, with fatigue states
meticulously annotated by educational psychology experts.
The proposed method is compared with four models: an
LSTM model based solely on facial expressions, an LSTM
model based solely on body posture, an early fusion model,
and a late fusion model. Data analysis encompasses
classification accuracy, precision, recall, FI1 score,
intervention effectiveness (measured by changes in pre-
intervention and post-intervention burnout scores), and user
satisfaction surveys.

5.2 Experimental Results and Analysis

Burnout identification results are shown in Table 2. The
findings indicate that all evaluation metrics of the proposed
method achieve optimal performance, with an F1 score
3.3% higher than the best baseline method. Multi-modal
approaches generally outperform unimodal methods. The
cross-modal attention mechanism significantly enhances
fusion effectiveness, underscoring the critical importance of
temporal modeling. While maintaining high performance,
the proposed method keeps parameter counts and inference
time within reasonable bounds
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Table 2. Burnout Identification Results

Model Accuracy | Precision | Recall Fi Inference
Score Time (ms)

Only facial |, ¢, 0.798 0.805 | 0.801 152

expressions

Just posture | 0.763 0.752 0.741 0.746 12.8

Early Fusion | 0.841 0.829 0.832 | 0.830 18.5

Late-stage | ) ¢57 0.843 0.848 | 0.845 203

fusion

This paper's | o, 0.911 0.909 | 0.910 219

model

The classification performance for different burnout
states is shown in Table 3. The focused state achieved the
highest recognition accuracy due to its most distinct
features. Confusion and fatigue states exhibited similar
recognition performance with some overlap. Although the
boredom state had fewer samples, its recognition
performance remained acceptable.

A wuser satisfaction survey revealed that 92% of
students found the intervention “timely and helpful,” and
reported “feeling cared for by the system.”

Table 3. Experimental Data for Different Burnout

States

Status Precision | Recall | F1 Number of
Type Score | Support

Samples
Focus 0.945 0.932 0.938 2,160
Confusion | 0.889 0.901 0.895 1,200
Fatigue 0.876 0.864 0.870 960
Boredom 0.834 0.821 0.827 480

Real-time performance analysis is shown in Table 4,
demonstrates that the system can process data in real-time
at a frame rate of 35 fps, meeting the real-time
requirements for online learning scenarios.

Table 4. Performance Data

Module Processing Memory CPU Usage

Time (ms) Usage (%)
(MB)

Facial 12.3 156 15.2

Expression

Recognition

Pose 8.7 89 8.9

Estimation

Sequence 5.2 234 12.1

Fusion

Intervention 2.1 45 3.2

Decision

Total 28.3 524 394

Evaluation of Intervention Effectiveness: Analysis of 100
intervention-triggering events revealed that 85% of
interventions occurred within two minutes of triggering,
students' overall burnout scores decreased by more than
50%.

6. Conclusion

This paper designs and implements an online learning
burnout real-time early warning and intervention system
based on multi-modal sequence fusion.Through the
innovative use of cross-modal attention mechanisms, the
system can accurately discern students' emotional and
behavioral states. A hybrid intervention strategy
combining rule-based and reinforcement learning enables
the system to respond rapidly while achieving long-term
optimization, thereby delivering adaptive interactions
with a human touch. Experiments have demonstrated the
superiority of this system in terms of recognition accuracy
and intervention effectiveness. This study provides a
feasible technical pathway and practical model for
constructing next-generation online learning
environments equipped with emotional intelligence.
Future work will explore integrating additional multi-
modal data such as eye tracking and heart rate, and
conduct in-depth research into the differentiated
preferences for intervention strategies among students
from diverse cultural backgrounds and age groups.
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