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ABSTRACT Accurate evaluation of music aesthetic education requires effective modeling of long-term
temporal dependencies and short-term dynamic variations in heterogeneous educational data. This study
proposes an intelligent evaluation framework based on a parallel Informer and BiGRU-Global Attention
architecture to analyze multi-source time series collected from questionnaires, classroom interactions, and
practical assessments. The Informer module captures global evolutionary patterns through ProbSparse
attention and multi-scale decomposition, while the BiGRU-Global Attention branch enhances sensitivity
to local fluctuations and key educational events. Experimental validation on 40-week records from
1,984 students demonstrates that the proposed model achieves superior predictive performance with an
MAE of 2.3, RMSE of 3.0, and MAPE of 3.5%, while maintaining an inference time of only 8.4 ms.
Comparative experiments and statistical significance tests confirm its robustness and effectiveness in
dynamic educational assessment. Beyond music aesthetic education, the proposed multi-source temporal
fusion strategy provides a transferable data-driven methodology for intelligent signal analysis and
sequential decision-making tasks, offering potential reference for information processing frameworks in
electromagnetic sensing and human-centered intelligent systems.

INDEX TERMS music aesthetic education, informer, BIGRU-Global attention, multi-source time series,

intelligent signal processing

I. INTRODUCTION

ITH the deepening of higher education reform,

music aesthetic education has become increasingly
important in enhancing college students’ aesthetic abilities,
cultural literacy, and overall quality, a holistic approach that
is vital for fostering creativity and technical excellence in
specialized fields [1,2]. Existing evaluations mostly rely on
static indicators such as final exam scores and question-
naires, ignoring students’ dynamic learning process during
the semester, and cannot meet the needs of integrated and
real-time management of process and results [3]. Some
studies have conducted discrete dynamic modeling of music
teaching based on the theory of multiple intelligences and
found that capturing up to 65 interaction frequencies within
10 seconds is helpful in understanding students’ interest
fluctuations [4]. However, this method lacks continuous
tracking of global trends across semesters, which can easily
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lead to misjudgment of long-term learning outcomes. At the
same time, it fails to take into account the agile response to
short-term fluctuations, and teaching interventions are often
delayed and have limited effects. It is urgent to build an
intelligent evaluation model that can capture ultra-long time
series dependencies in real time and take into account local
short-term fluctuations, so as to promote the development
of music aesthetic education in colleges and universities in
a precise and scientific direction.

This paper aims to develop an intelligent evaluation
model that considers both long-term trends and local key
fluctuations, thereby addressing the static lag and dynamic
blind spot issues of traditional evaluation, with a scope
that extends to specialized creative field. This paper takes
global trend-node feedback-real-time response as the core
causal chain, first obtains the global evolution trend across
40 weeks of the semester through the Informer module to
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avoid the failure of teaching intervention due to information
lag; then focuses on short-term key fluctuations through the
BiGRU-Global Attention branch to ensure agile response to
sudden evaluation and performance links; after the two-way
information fusion, a comprehensive score is generated in
real time to assist in the rolling optimization of teaching
strategies. The model training adopts AdamW optimization
combined with gradient clipping and a cosine annealing
strategy. The experimental results show that the model is
significantly better than the six mainstream baselines in
terms of overall accuracy (MAE 2.3 points, RMSE 3.0
points) and relative error (MAPE 3.5%), and the significant
difference is verified by T test (p<0.001). The inference time
is only 8.4 ms, and the average response time is 9.1 ms,
which is better than the other comparison models, verify-
ing the adaptability and practicality of the method to the
dynamic evaluation scenario of music aesthetic education
in colleges and universities. The contributions of this paper
are as follows:

(1) Innovatively constructing a parallel model based on
Informer + BiGRU-Global Attention to capture the global
trend of ultra-long time series and local key dynamic fluc-
tuations, thereby improving the accuracy and robustness of
aesthetic education evaluation.

(2) Applying multi-scale convolution and multi-source
data trend-season decomposition in the encoding layer,
combining with Global Attention to focus on key nodes,
and effectively enhancing the sensitivity and interpretability
of emergencies.

(3) Designing a lightweight fully connected output layer
and optimize the training strategy to achieve an inference
time of only 8.4 ms, meeting the dynamic and real-time
evaluation needs of college music aesthetic education on
the basis of high precision.

Il. RELATED WORK

Early music aesthetic education assessment mainly relied on
static indicators and expert scoring, which belonged to the
static assessment stage. Li Y et al. studied the impact of
intelligent technology on music aesthetic education curricu-
lum innovation. The results showed that it can significantly
improve student performance. However, this study did not
explore how to effectively model long-term data, and the
evaluation model primarily relied on stage-by-stage results,
overlooking dynamic changes [5]. Most existing studies
are based on theory and lack in-depth modeling of time
series data, which prevents them from effectively capturing
changes in students’ long-term trends.

Entering the stage of single-modal time series model-
ing, researches began to attempt to deeply model a single
time series signal. In the evaluation of music effective-
ness in colleges and universities, Li P et al. studied the
application of artificial intelligence and found that it can
improve students’ grades, but did not explore in depth how
to dynamically evaluate students’ progress, nor did they
solve the problem of long-term time series dependency [6].
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Kusumawardani S S, Wang H et al. applied the Transformer
model to music education and adaptive learning systems.
Their proposed learning analytics and adaptive learning
systems based on the Transformer model performed well
in short-term prediction. However, the high computational
complexity of the Transformer model makes it difficult to
cope with the frequent emergencies in music practice and
is still insufficient to capture the long-term dependencies
and changes in time series. In addition, the high compu-
tational complexity also makes it difficult to perform real-
time updates [7,8]. Most existing studies focus on music
evaluation in colleges and universities, lack the evaluation of
the effect of music aesthetic education, and fail to effectively
solve the problems of long-term dependence and short-term
fluctuations. Real-time and accuracy still face challenges.

In recent years, research has shifted to the stage of
multimodal dynamic fusion, attempting to unify the mod-
eling of different data sources and multi-scale information.
Currently, many scholars have proposed various models to
address the challenge of modeling long-term time series
data. The violin emotion recognition model combining
CNN-BiGRU and attention mechanism proposed by Ma
S et al. significantly improved the accuracy of emotion
recognition, but focused more on local emotion features
and failed to fully handle the temporal dependencies in
long sequences [9]. The Music Informer model of Sun H
et al. used the informer technology to generate music and
reduce computing consumption, but it mainly focused on
the generation task and is not designed for the dynamic
evolution of artistic expression in music aesthetic educa-
tion evaluation [10]. Existing research has achieved certain
results in time series modeling and computing efficiency,
but lacks an end-to-end evaluation framework that couples
global trends, local fluctuations, and multi-source data. In
particular, there is a research gap in the field of music
aesthetic education effect evaluation.

lll. CONSTRUCTION OF INTELLIGENT EVALUATION
MODEL FOR THE EFFECT OF MUSIC AESTHETIC
EDUCATION IN COLLEGES AND UNIVERSITIES
Currently, commonly used models in social science time
series research, such as ARIMA, simple RNN, or low-order
LSTM, have demonstrated good performance in scenarios
involving short sequences, low noise, or single statistical
indicators. However, the evaluation of the effectiveness of
music and aesthetic education in universities presents sig-
nificantly different complexities in terms of data format and
modeling objectives. This study involves time series data
(questionnaires, classroom behavior, and periodic assess-
ments) from multiple sources and asynchronous sampling
across semesters (40 weeks). Long-term trends and short-
term emergencies (such as concentrated presentations and
periodic assessments) coexist, making it difficult for tradi-
tional models to simultaneously address both long-term de-
pendencies and local key nodes within a unified framework.
Moreover, the evolution of aesthetic education effectiveness
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is not a stationary linear process but exhibits obvious staged,
periodic, and structurally abrupt changes. Simple models
are prone to trend lag or insufficient response to key events
in this context. Therefore, Informer’s ProbSparse attention
mechanism can selectively model the most informative long-
range dependencies while maintaining controllable compu-
tational complexity, avoiding interference from redundant
historical information in long-term predictions. Furthermore,
the introduction of a BiGRU branch with global attention
compensates for the insufficient sensitivity of pure long-
sequence models to short-term high-impact events. The par-
allel design of the two is not simply to pursue model com-
plexity, but a structured response to the inherent mechanism
of the task, which is driven by “long-term trends + short-
term key nodes”. Therefore, compared with traditional low-
overhead models, it has clear necessity and methodological
rationality in this specific aesthetic education evaluation
scenario.

A. INFORMER TIME SERIES ALGORITHM MODEL
Timing embedding.

In a parallel hybrid framework, this paper applies the
Informer time series algorithm model [11,12] to efficiently
model the ultra-long time series dependency and periodic
trend of multi-source music aesthetic education data across
semesters.

The study first maps the original multi-dimensional time
series input to a feature space of the same dimension and
adds position and time information. The input mapping
formula F; is shown in (1).

Et :Wemt+be (1)

In formula (1), b. represents the bias, W, represents
the linear mapping matrix, and z; represents the original
multidimensional time series.

After mapping, a fixed position encoding is added to each
time step ¢, and the position encoding formula is shown in
(2). Discrete time features such as date and week are mapped
to T} through trainable embedding.

. sin(m), if 7 is even

Kli] = : U 2)
cos(m).lf 7 is odd

In formula (2), P,[i] represents the positional encoding.

The total embedding representation is shown in formula

3).

7z =B, +P+T, 3)

In formula (3), Zt(o) represents the total embedding rep-
resentation.

Trend/Seasonal decomposition.

To improve the ability to capture cyclical fluctuations, the
sliding average is used to decompose the input sequence into
trend and seasonal terms.
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1 (0)
T = Z.
T okt 1 jzk e

S, =29-1, @

In formula (4), 2k + 1 represents the sliding window size,
and mirror padding is used at the endpoints. T} represents
the trend term, and S; represents the season term.

Sparse self-attention encoder.

Now linearly map the trend term and the season term
respectively to generate the query (Q), key (K), and value
(V) of multi-head attention, as shown in formula (5).

(h) _ (1=1)757(h)
Q - Z WQ )
K — Z(lfl)WI((h), 3)
v — Z(lfl)W‘(/h)

In formula (5), W(h), Wéh ), and W‘(,h) represent the
projection matrix of the h-th head, and [ represents the
number of encoder layers.

The traditional self-attention complexity of O(L?) is
difficult to extend to very long sequences. The Informer
time series algorithm model applies ProbSparse Attention
[13], which only retains a small number of u queries with
the most information. The selection method is based on the
sparseness of the attention distribution between each query
and all keys, expressed as KL(softmax(Q;K )| Uniform).
The Informer time series algorithm model retains the atten-
tion calculation for the first u queries with the highest KL
value, and directly simplifies the calculation of the remain-
ing queries with the average key, reducing the complexity to
O(Llog L). The attention calculation is shown in formula

(6).

K" AN
A(Q,K V) = softmax (Q‘R )V-I-Q(%) ©

Vi

In formula (6), é means that only the selected u rows
are included.

The outputs of each head are concatenated and projected
back to the original dimension, as shown in formula (7).

HO = Concat(head, . .., head )W,

head), = AP (QM, K™ 1) @)

In formula (7), H®") represents the multi-head sparse
attention output, and WO represents the projection matrix.

The residual connection and normalization processing are
shown in formula (8).

7z = LayerNorm (Z(l_l) + Dropout(H(l))) 8)

In formula (8), LayerNorm represents the layer normal-
ization process, and Z() represents the residual connection
and normalization process result.
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Multi-scale convolution fusion.

On the last layer of the encoder, one-dimensional convo-
lution with three different convolution kernel widths {3, 5,
7} is used for processing [14], as shown in formula (9).

Cr = Conv1Dyeme=1(Z7)),  k€{3,5,7} (9

In formula (9), k represents the width of the convolu-
tion kernel, and ConvlD represents 1D convolution. After
convolution, {C3,C5,C7} is concatenated in the feature
dimension and then reduced to d through 1 x 1 convolution
to fuse the local information of different receptive fields, as
shown in formula (10).

chc = COHVlDlxl([Cg; 05; 07]) (10)

In formula (10), Zen. represents the final output of the
Encoder.

Decoder prediction.

In the decoder prediction, the steps are as follows:

(1) After embedding the first O outputs predicted in the
previous step in a sliding window manner, add position and
time encoding in the same way as above to form D(©).

(2) In the [-th layer of the Decoder, first self-attention is
performed on DU~ and then cross-attention is performed
with the Encoder output Ze,,.. The calculation method is the
same as the encoder, but the Key/Value uses Zg..

(3) Each layer uses residual connection and LayerNorm,
and the last layer of the Decoder outputs Z4e.. After linear
mapping, the formula is shown in (11).

Y = ZgeeW, + by (11)

In formula (11), Y represents the predicted characteristics
of aesthetic education effects at o moments in the future.

B. BIGRU MODEL

In the parallel hybrid structure, the BiGRU module is
responsible for fine-grained modeling of short-term temporal
fluctuations of the input [15,16]. The BiGRU model extracts
history—future and future—history information in parallel
through bidirectional GRU layers, and applies normalization
and Dropout between layers to generate a representation
sequence that can reflect local dynamic changes.

For the input at time step t and the hidden state at the
previous moment, the calculation formulas for the update
gate, reset gate, and candidate hidden state are still as shown
in equations (12) to (15) [17].

%D::J(Wéwa_ngkUyW¥91+b90 (12)
A = (WOZ L UORD, +0)  a3)

=0
By =tanh (W20 4 0 (70 0 R, ) + b))
(14
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o ~(0
R = (1 2D ) or + 20 o h, (15)

In formulas (12) to (15), o represents Sigmoid activation,
tanh represents hyperbolic tangent activation, WZ( , Wr(l),

and W}(Ll) represent input mapping matrices, U. Z(l), (l) , and

U ,gl) represent hidden state mapping matrices, bg), bgl),
and bg) represent bias vectors. ® represents element-wise
product. In reverse time, the same calculation is <Berformed
on the input sequence in reverse order to obtain h ff). Now
the forward and reverse hidden states are concatenated in the
feature dimension to form a bidirectional representation, as
shown in (16).

hEl) = Concat (ﬁﬁ”, H”) (16)

In formula (16), hgl) represents the hidden state represen-
tation after concatenation.

To stabilize training, accelerate convergence, and prevent
overfitting, layer normalization and Dropout are applied in
sequence after each layer output, as shown in formula (17).

u(l) = LayerNorm (h(l) + Zt(l_l)) ,
a7
Z( ) = = Dropout ( (t ))

In formula (17), Zt(l) represents the representation after
layer normalization and Dropout processing.

Finally, the above-mentioned bidirectional GRU and nor-
malization, Dropout combination are stacked with multiple
layers Lgy,, and the top-level output sequence Zt(Lg”‘) is
taken as the final short-term dynamic feature representation
of the BiGRU module.

The overall framework diagram of the intelligent evalu-
ation model of music aesthetic education effect in colleges
and universities is shown in Figure 1.

In Figure 1, it can be seen that the framework takes
multi-source time series data as input and models them
separately through two parallel feature extraction branches.
One branch is based on the Informer time series algorithm
model, using sparse self-attention mechanism and multi-
scale convolution to efficiently capture ultra-long time series
trend characteristics. The other branch is based on BiGRU
combined with the Global Attention mechanism, focusing
on depicting local short-term dynamics and key moments.
The two-way features are spliced in the fusion layer and
passed to the fully connected layer to complete the regres-
sion prediction. The overall structure effectively balances the
modeling requirements of long-term time series dependency
and short-term fluctuations.

C. GLOBAL ATTENTION MECHANISM

To highlight the key nodes in local short-term fluctuations,
this paper applies the Global Attention module. Through
the trainable global query vector, the importance weight of
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FIGURE 1. Overall framework of the intelligent evaluation model for the effect of music aesthetic education in colleges and universities

each moment in the time series is calculated by the addi-
tive attention mechanism, and a fixed-dimensional context
representation is generated [18,19].

For each time step, the intermediate representation is
calculated, as shown in formula (18).

my = tanh(W,Z, + W,q + b) (18)

In formula (18), m; represents the intermediate represen-
tation.

It is mapped to the scalar score e; along the dimension,
as shown in (19).

er = v my (19)

In formula (19), v represents a row vector.

For ey, all e, are passed through the Softmax function to
obtain the normalized attention weight, and the calculation
formula is shown in formula (20).

exp(et) d
o = — D) Sar=1,

Zle exp(ex) t=1

In formula (20), «a; represents the normalized atten-

tion weight. The BiGRU output is weighted and summed

according to the weight to generate the global context
representation, as shown in (21).

a =0 (20)

T
c= ZatZt 21)
t=1

In formula (21), ¢ represents the corresponding global
context representation.

To stabilize the training, residuals are added to the context
vector, and layer normalization and dropout are performed
to output the features that are finally output by Global
Attention. The calculation is shown in formula (22).

T
- = 1
{u=LayerNorm(c+ 2), Z= ?Zztv
t=1 (22)

f = Dropout(u;p)

In formula (22), p represents the probability of zeroing,
and f represents the feature output by Global Attention.
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The attention visualization diagram is shown in Figure 2.

The Informer self-attention heat map in Figure 2(a) in-
tuitively demonstrates the model’s ability to capture global
dependencies over very long time series. The horizontal and
vertical axes represent the time step indexes of the Key
and Query, respectively, and the color depth corresponds
to the size of the sparse self-attention weight. As can be
seen from Figure 2, the weights of the 10th, 20th, and 30th
rows are obviously biased towards the later nodes (such as
week 40), indicating that at these query moments, Informer
can effectively focus on the key course evaluation and work
display weeks, thereby capturing semester cycle fluctuations
and long-term trends; while the attention of the middle and
non-key rows is relatively scattered, verifying that the Prob-
Sparse Attention mechanism can selectively retain the most
informative attention connections, significantly reducing the
computational complexity without sacrificing the modeling
accuracy of long-term dependencies.

The Global Attention weight bar chart in Figure 2(b)
further focuses on the key nodes of the BiGRU output
features, with the horizontal axis representing the week
and the vertical axis representing the normalized attention
weight. It can be seen that the weight has multiple obvious
peaks in the 10th, 20th, 30th, and 40th weeks, which is
highly consistent with the important events such as class-
room performance scoring and evaluation corresponding to
each stage evaluation week in the experimental data.

D. FEATURE FUSION AND OUTPUT LAYER DESIGN
Informer output feature aggregation.

This paper performs pooling aggregation on the multi-
step outputs of the Informer time series algorithm model to
generate a fixed-dimensional representation. The calculation
formula is shown in (23).

1<
j= Ly g0 23)
=1

In formula (23), O represents the number of future
prediction steps, 7*) represents the predicted feature vector
of the i-th step, and y represents the averaged informer
feature representation.

Parallel feature concatenation.

Ql
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(a) Informer self-attention heatmap

Query time step

10 20 30 40 50
Key time step

(b) Global attention weight histogram
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FIGURE 2. (a) Informer self-attention heat map; (b) Global Attention weight bar graph

Now, directly concatenating the average-pooled Informer
features and the Global Attention context vector in the
feature dimension to obtain the fused vector, as shown in
(24).

i
‘= H (24)

In formula (24), u represents the overall representation of
the fusion of Informer trend features and BiGRU- Attention
local features.

Two-layer fully connected network design.

This paper uses a two-layer Fully Connected (FC) net-
work to perform a nonlinear transformation on the fusion
vector to enhance the model’s expressiveness. The first layer
mapping and activation operations are shown in formula
(25).

h = ReLU(Wyu + by) (25)

In formula (25), W7 represents the weight matrix of the
first layer, by represents the bias vector of the first layer,
and h represents the hidden representation of the first layer.

After the first layer mapping and activation, Dropout
regularization is applied and the output is h. The second
layer mapping and output are shown in formula (26).

J = Wah + by (26)

In formula (26), W5 represents the second-layer weight
row vector, by represents the second-layer scalar bias, and
y represents the regression output result, which corresponds
to the predicted music aesthetic education effect score.

E. TRAINING AND OPTIMIZATION OF PARALLEL
HYBRID MODELS
Definition of loss function.

The expression of the loss function £(6) is shown in
formula (27).

1Y ~ A
LO) =5 > wi—mO) +5I013 @
=1
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In formula (27), y; represents the predicted value of
the fusion layer output, y; represents the actual aesthetic
education score, and 6 represents the total parameter vector
of the model.

Optimization algorithm and learning rate scheduling.

The experiment uses the AdamW optimizer [20-22] to
iteratively update the parameter 6, combined with cosine
annealing learning rate scheduling to avoid falling into the
local optimum. The formula for AdamW parameter update
is shown in (28).

iy
\/%Tt +e€

In formula (28), o, represents the learning rate, € repre-
sents the numerical stability constant, and a;\0;_1 repre-
sents the weight decay.

In the t-th round, the formula of the cosine annealing
learning rate schedule [23] is shown in (29).

0y =01 — oy — o A0y (28)

1 mt
O = Qmin + i(amax - amin) (]- + cos (7)) (29)

In formula (29), amax iS set as the initial learning
rate, and o, represents the minimum learning rate. The
hyperparameter settings are shown in Table 1.

TABLE 1. Hyperparameters

Parameters Value
Batch Size 32
Learning Rate (initial) 1x 1073

Learning Rate (minimum) 1x107°
Number of training rounds (maximum) 100
Dropout rate 0.2
Weight decay coefficient 1x 1074
Gradient clipping threshold 1
Informer encoder layers 3
Informer attention heads 8
Decomposer window size 25
BiGRU layers 2
BiGRU hidden state dimension (unidirectional) 128
Input window length 12
Prediction step length 4
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Gradient clipping and parallel synchronization.

The model contains ultra-long sequence attention and
a multi-layer RNN (Recurrent Neural Network), and the
gradient may explode. The experiment performs global
norm clipping on the gradient of the entire model and uses
synchronous SGD (Stochastic Gradient Descent) in a multi-
GPU (Graphics Processing Unit) environment. Each device
calculates the local gradient and summarizes it through
All-Reduce, and then clips and updates it to ensure the
consistency of model parameters.

IV. EXPERIMENT ON INTELLIGENT EVALUATION OF
MUSIC AESTHETIC EDUCATION EFFECT IN COLLEGES
AND UNIVERSITIES

A. EXPERIMENTAL DATA

The data used in this study comes from the teaching and
evaluation records of undergraduate students majoring in
music at a key university’s art college in the 2021-2024
academic year. It contains three types of multi-source time
series data, a total of 1,984 students, and 40 weeks. The
student questionnaire emotional attitude data is collected
in the form of online questionnaires 6-7 key weeks per
semester, covering 5 dimensions such as learning interest,
classroom satisfaction, and self-efficacy. For example, data
are collected in weeks 3, 5, 8, 10, 12, 14, and 16 of the
2021-2022 fall semester, and in weeks 3, 6, 9, 12, 15, and
18 of the 2022-2023 spring semester. Class participation and
interaction log data automatically record students’ “online
sign-in times”, “number of speeches”, “homework submis-
sion timeliness”, and other indicators in each class based
on the teaching management system; they are summarized
once a week, with a total of 40 weekly records. Practice
works and assessment scores include classroom performance
scores, comprehensive assessment scores, and homework
work scores, once a week, of which the 10th, 20th, 30th,
and 40th weeks correspond to stage assessments.

The training labels in this paper are not derived from a
single subjective evaluator, but are constructed through a
multi-source, quantifiable composite labeling process. The
labeling is mainly composed of (1) blind evaluation of
students’ final presentations and works by three independent
experts with teaching experience based on a unified scoring
scale (five-dimensional scoring items: expressiveness, skill,
creativity, material application, and overall aesthetics; the
expert scores are averaged with a weight of 0.60), (2)
standardized practical assessment scores at the end of the
semester (min-max normalized with a weight of 0.30), and
(3) a weighted linear combination of the sum of students’
self-evaluation and peer evaluation at the end of the semester
(weight of 0.10) to obtain the final “aesthetic education
effect score” as a monitoring signal. To ensure the reliability
of the labeling, the experiment calculated the intragroup
consistency (ICC(2,1)=0.82) and Cronbach’s a=0.86 for
the expert scores, and the Pearson correlation coefficient
between the composite score and the existing final com-
prehensive scores of the department was r=0.88 (p<0.001),
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indicating good construct validity. Furthermore, sensitivity
analysis was conducted for different weight configurations
(changing the expert scoring weight by £10%), and the
MAE of the model performance fluctuated only slightly
(£0.08), further demonstrating that the composite label used
not only overcomes the subjectivity problem of single-point
scoring, but also has sufficient stability and interpretability
to serve as a supervision target for time series prediction.

At the data aggregation level, the raw information was
scaled (min—max normalization) from three sources (expert
blind review of five-dimensional sub-items, standardized
practice assessment, and self-assessment/ peer assessment)
and its composability was tested using exploratory factor
analysis (EFA) and principal component analysis (PCA): the
first principal component explained approximately 61% of
the total variance, indicating the existence of a dominant
common factor that can represent the overall aesthetic per-
formance; subsequently, confirmatory factor analysis (CFA)
was used to evaluate the fit of the single-factor model
(CFI=0.95, RMSEA=0.045), supporting the rationality of
aggregating several observation dimensions into a single
latent variable. Secondly, the design of the aggregation
weights was guided by educational theory and experience,
with expert scores having the highest weight to reflect
professional judgment, followed by assessment scores and
students’ subjective feelings.

B. DATA PREPROCESSING

For the original multi-source time series data, missing values
and outliers are processed first. For missing items in the
student questionnaires due to unfilled or system anomalies,
the interpolation algorithm based on K-nearest neighbor is
used to fill them; at the same time, the IQR (interquartile
range) method is used to identify outliers for all numerical
features. If a sample feature value exceeds the interval [1-
1.5IQR, 3+1.5IQR], the value is truncated to the nearest
boundary point to ensure that the time series is smooth and
without extreme interference.

After filling and truncation, each feature is normalized
and time-series segmented, and continuous variables such
as class participation and assessment scores are mapped to
[0,1] using Min—Max normalization, as shown in formula
(30).

g = P %min (30)
Tmax — Lmin

In formula (30), Tmin and T« are the minimum and
maximum values of the feature in the training set, respec-
tively.

The discrete option dimensions of the questionnaire are
mapped to atomic features through one-hot encoding. Fi-
nally, the continuous time series is segmented into sliding
windows with a fixed window length of 12 weeks and a
step length of 1 week to generate input-label pairs, so that
the model can learn local short-term dynamics and maintain
sequence alignment.
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This study strictly adheres to ethical norms and the
principle of minimum necessity in educational data research.
All raw data underwent de-identification and anonymization
before entering the modeling process, including removing
any information that could directly or indirectly identify
individuals, such as student names, student IDs, account
numbers, and precise timestamps, and replacing individual
identifiers with random codes. Classroom interaction data
was used only in the form of statistical frequency and time
aggregation features, without involving specific speech con-
tent or behavioral text, ensuring that the data only reflects
the intensity of the learning process rather than individual
behavioral details. The collection and use of data were
approved by the teaching management departments of the
respective institutions, and informed consent was obtained
from students based on teaching improvement and research
purposes. The data was not used for individual evaluation,
rewards and punishments, or administrative decisions. To
reduce the risk of potential algorithmic bias, this paper did
not introduce sensitive attributes such as gender, ethnicity,
and family background during the modeling process. At the
same time, time-series cross-validation, multi-source feature
fusion, and regularization constraints were used to reduce
the model’s overfitting to a single data source or a specific
student group. In the experimental analysis phase, the distri-
bution of model error across different time periods and data
subsets did not show a systematic shift, indicating that the
model focuses more on the dynamic changes in the learning
process rather than inherent individual characteristics. It
is important to emphasize that the model in this paper is
positioned as a trend assessment and teaching feedback
support tool at the group level, rather than an automated
value judgment or labeling of individual students. Its design
intention and application boundaries are in line with the
ethical principle of current educational artificial intelligence:
“to assist decision-making rather than replace evaluation”.

C. EVALUATION METRICS

1 & .
MAE = =3 [y — Uil 31)
=1

Here y; represents the true value, and ¥; represents the
predicted value.

RMSE = (32)

Yi — Yi
Yi

100% —
MAPE = - > (33)

i=1

D. EXPERIMENTAL PLAN

To fully verify the evaluation performance of the parallel
hybrid model (Informer + BiGRU-Global Attention), the
experimental scheme is designed with different modeling
strategies as comparison baselines, including FFA-BiGRU
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based on attention mechanism and gated recurrent unit,
LSTNet (Long- and Short-term Time-series Network) com-
bining convolution and temporal recurrence, Transformer
with classic self-attention structure, CNN-LSTM integrating
convolution and LSTM, and Informer-BiLSTM (Informer-
Bidirectional Long Short-Term Memory) based on long
sequence sparse attention and recursive mixture. All models
are run under the same training set and test set division
to ensure the comparability of the results. The experiment
uses ten-fold cross validation to divide the data and keeps
the student data divided in chronological order to avoid
information leakage.

In the experiment, all models use the same input features,
the same sliding window length (12 weeks) and prediction
step (4 weeks), the optimizer used AdamW, the initial
learning rate is set to 0.001, the maximum number of learn-
ing rounds is 100, and the early stopping strategy is used
on the validation set. All experiments use MAE, MAPE,
RMSE and other indicators to comprehensively evaluate
the prediction accuracy, supplemented by the contribution
of multi-source data, and the visualization of the attention
mechanism to further analyze the model differences.

V. MUSIC AESTHETIC EDUCATION EFFECT
EVALUATION RESULTS

A. OVERALL PREDICTION ACCURACY ANALYSIS

The overall prediction accuracy evaluation uses three indi-
cators, MAE, RMSE, and MAPE, to measure the regression
performance of each model on the test set. The overall
prediction accuracy of the six comparison models is shown
in Figure 3.

In Figure 3, it can be see that the Informer+BiGRU-
Global Attention model performs best in terms of MAE
and RMSE, with scores of 2.3 and 3.0, respectively, which
is significantly better than other comparison models. For
the Informer-BiLSTM model, its MAE is 3.0 and RMSE
is 3.8, which is better than the traditional Transformer
(MAE 3.5, RMSE 4.2) and CNN-LSTM (MAE 3.9, RMSE
4.7). However, FFA-BiGRU and LSTNet perform relatively
poorly, with MAE exceeding 4 and RMSE exceeding 5,
indicating large errors.

This paper predicts a continuous scale for “Music Aes-
thetics Education Effectiveness Score” ranging from 0 to
100, consistent with the percentage-based grading com-
monly used in higher education teaching management. 60
points represents the basic passing grade, 70-80 points
indicate a good level, and above 80 points indicate high
aesthetic literacy and learning outcomes. Based on this
scoring range, the model’s MAE on the test set is 2.30,
equivalent to an average prediction error of only 2.3% of
the full score. This is significantly smaller than the width
of a typical grade range (usually 5-10 points), meaning that
the model’s predictions will generally not lead to substantial
changes in student evaluation levels or teaching decisions
in actual teaching evaluations. From an educational appli-
cation perspective, this error level is close to the subjective
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fluctuation range between expert ratings (ICC=0.82 in the TABLE 2. T-est results
consensus analysis of blind expert reviews in this paper),
thus possessing clear practical acceptability and interpreta- Baseline Model t Statistic p Value (Sig“iﬁ[c)ag;‘;
. . . . a = N
tive significance. In contrast, when the MAE of a simple
. . . FFA-BiGRU 8.52 <0.001 Significant
baseline model ex.cet.sds 5 points, :t often Sorresp(znds tg LSTNet 731 20001 Significant
a cross-grade deviation between “passable” and “good, Transformer 6.21 <0.001 Significant
making it difficult to directly use for teaching diagnosis CNN-LSTM 7.01 <0.001 Significant
Informer-BiLSTM 5.47 <0.001 Significant

and intervention decisions. In summary, under a clearly
defined 0-100 score evaluation system, the error index
reported in this paper is not only statistically significant,
but also has clear, understandable, and operable practical
value in educational evaluation practice. To verify whether
the overall prediction accuracy difference is statistically
significant, this paper conducts a paired sample t-test on the
test set MAE error series of the Informer+BiGRU-Global
Attention model and the other five baseline models. The
steps are as follows:

(1) For each pair of models, the absolute error sequence
of N samples in the test set is calculated and the difference
sequence is constructed.

(2) The sample mean and sample standard deviation of the
sequence are calculated, and the t statistic is calculated to
compare the two-tailed p value under the degree of freedom
N-1.

(3) The significance level is set to a=0.05. When p<a, the
difference in prediction accuracy between the two models
is considered statistically significant.

The t-test results are shown in Table 2.
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In Table 2, the Informer+BiGRU-Global Attention model
shows significant differences in overall prediction accu-
racy compared to the other five baseline models. In the
paired sample t-test of the test set MAE, the t-statistic of
the Informer+BiGRU-Global Attention model with FFA-
BiGRU is as high as 8.52 (p < 0.001), the t-value with
LSTNet is 7.34 (p < 0.001), the t-value with Transformer is
6.21 (p < 0.001), the t-value with CNN- LSTM is 7.01 (p <
0.001), and the t-value with Informer-BiLSTM is 5.47 (p <
0.001). All p values are much smaller than the significance
level a = 0.05, indicating that the Informer+BiGRU-Global
Attention model has a statistically significant advantage over
the comparison model in terms of MAE performance on the
test set. This shows that the parallel hybrid model in this
paper not only outperforms various baseline models in terms
of mean error but also has significantly improved stability
and generalization ability at the sample level.

B. ANALYSIS OF THE EFFECT OF LONG-TERM
DEPENDENCE TREND MODELING

This paper uses time series comparison curves to intuitively
demonstrate the ability of each model to capture the trend of
aesthetic education scores under 20-week and 30-week pre-
dictions. The predicted values of six models, FFA-BiGRU,
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LSTNet, Transformer, CNN-LSTM, Informer-BiLSTM, and
Informer + BiGRU-Global Attention, are compared with
the actual scores. The results are shown in Figure 4 (a) and
Figure 4 (b).

In the 20-week forecast in Figure 4(a), the Informer+
BiGRU-Global Attention curve almost completely overlaps
with the true value. For example, the true value in the
20th week is 72.66 points, and the predicted value is 72.71
points, with an error of only 0.05 points; the predictions of
FFA-BiGRU (73.36 points) (error 0.70 points), Transformer
(72.37 points) (error 0.29 points), and Informer-BiLSTM
(72.15 points) (error 0.51 points) are all more deviated. The
Informer+BiGRU-Global Attention model can also accu-
rately follow the trend turning point (jumping from 69.98
to 70.69 in the 8th week) (predicting 70.71, a difference
of 0.02 points), which fully demonstrates the high-precision
fitting ability of the hybrid model for macro trends and key
nodes within the cycle.

In the 30-week prediction in Figure 4(b), the
Informer+BiGRU—-Global Attention model predicts 73.43
points in the 30th week, the actual value is 73.31 points,
and the error is 0.12 points; while FFA-BiGRU is 74.09
points (error 0.78 points), Transformer is 73.78 points (error
0.47 points), and CNN-LSTM is 73.77 points (error 0.46
points). In particular, during the two significant fluctuations
in the 14th week (the actual value is 71.72 points) and
the 27th week (the actual value is 73.47 points), the
Informer+BiGRU-Global Attention hybrid model has only
0.10 points and 0.09 points of deviation, respectively, which
is significantly better than other models.

C. ANALYSIS OF SENSITIVITY OF LOCAL SHORT-TERM
DYNAMIC CHANGE RESPONSE

To evaluate the responsiveness of each model to short-term
events such as sudden teaching reform, centralized assess-
ment week and intensive training week, the experiment is
tested in weeks 10-12 (teaching reform), 20-22 (centralized
assessment) and 30-32 (intensive training) during the 40-
week semester. The sensitivity curve of the prediction error
of each model with the change of week is shown in Figure
5. In Figure 5, the yellow area represents teaching reform,
the green area represents centralized assessment, and the
blue area represents intensive training.

In Figure 5, the error peaks of each model increased sig-
nificantly during the 10th to 12th week (teaching reform pe-
riod). Taking the 10th week as an example, the error of FFA-
BiGRU is as high as 0.97 points, LSTNet 1.09 points, Trans-
former only 0.12 points, CNN-LSTM 0.43 points, Informer-
BiLSTM 0.01 points, and Informer+BiGRU-Global Atten-
tion only 0.00 points; the 11th and 12th weeks also show
similar trends, with the errors of the Informer+BiGRU-
Global Attention hybrid model being 0.28 points and 0.53
points, respectively. During the concentrated evaluation pe-
riod (weeks 20-22), the error of the Informer+BiGRU-
Global Attention hybrid model is 0.23 points in week
20, while FFA-BiGRU reaches 2.12 points, LSTNet 0.16
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points, Transformer 0.84 points, CNN-LSTM 0.86 points,
and Informer-BiLSTM 0.29 points; the errors of the hybrid
model in weeks 21-22 are 0.08/0.16 points, which are
significantly lower than the comparison models of 0.28/0.98
points (FFA-BiGRU) and 0.37/1.31 points (LSTNet). During
the training period (weeks 30-32), the hybrid model error
remains in the 0.04-0.55 range, while FFA-BiGRU fluctu-
ates more (0.27 in week 30, 1.52 in week 31, and 0.55
in week 32). Overall, Informer+BiGRU-Global Attention
exhibits the smallest error fluctuations in the three short-
term event windows, demonstrating its high sensitivity and
robustness to bursty and focused tasks.

D. IMPACT OF DIFFERENT DATA SOURCES ON
EVALUATION RESULTS

To evaluate the contribution of each data source to the
model’s performance, the model is trained and tested using
a single data source and its various combinations, and
the MAE, RMSE, and Pearson correlation coefficient are
calculated. At the same time, to quantitatively evaluate
the relative impact of each data source on the prediction
results of the parallel hybrid model, this paper calculated
the average contribution ratio of the three feature groups of
emotional attitude questionnaire, classroom participation log
and practical evaluation score based on the SHAP (SHapley
Additive exPlanations) method. The results of the impact of
different data sources on the evaluation effect are shown in
Figure 6. In Figure 6, the emotional attitude questionnaire
is represented by TS1, the classroom participation log is
represented by TS2, and the practical evaluation score is
represented by TS3.

In Figure 6 (a), the MAE and RMSE of the model
under each single data source vary significantly with the
data type. When only the emotional attitude questionnaire
(TS1) is used, the MAE is 5.1 points and the RMSE is
6.3 points; when the class participation log (TS2) is used,
it drops to 4.4 points and 5.5 points respectively; when
the practical assessment score (TS3) is used, it further
drops to 3.9 points and 4.6 points. This shows that, com-
pared with subjective questionnaires, objective scoring and
participation records can more accurately reflect student
dynamics. After combining TS1 and TS2, MAE/RMSE
continue to drop to 3.6/4.2 points; TS2+TS3 is 3.3/4.0
points; TS1+TS3 is 3.1/3.8 points; when the three are
used together, MAE/RMSE finally drop to 2.3/3.0 points,
and the accuracy is significantly improved, indicating that
multi-source fusion can complement each other. In the
Pearson correlation coefficient comparison in Figure 6(b),
the correlation between the model and the true score under
single source is TS1: 0.64, TS2: 0.71, and TS3: 0.76,
respectively, reflecting that the contribution of practical
assessment scores to the evaluation results is higher than
that of classroom participation and subjective attitude. After
the dual-source combination, the correlation coefficients are
increased to TS1+TS2: 0.80, TS2+TS3: 0.83, and TS1+TS3:
0.85; when the three-source data are used simultaneously,
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FIGURE 4. Time series comparison curve of actual and predicted values of aesthetic education scores of different models: (a) Time
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series comparison curve of actual and predicted values of aesthetic education scores of different models across 30 weeks

Figure 5. Sensitivity of each model's error response to short-term emergencies
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FIGURE 5. Sensitivity curves of prediction errors of each model as the week changes

the correlation coefficient reaches 0.91, which is close to a
perfect linear relationship, further proving that multi-source
information fusion can greatly improve the discrimination
consistency and correlation of the model.

The average contribution ratio of SHAP in Figure 6(c)
quantifies the impact of each data source on the prediction
of the parallel hybrid model from another perspective.
Class participation log (TS2) accounts for 37.5%, practical
assessment score (TS3) accounts for 34.1%, and emotional
attitude questionnaire (TS1) contributes 28.4%. Practical
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assessment is the most intuitive quantitative standard. Class
participation log plays a greater role in the overall prediction
by virtue of its high-frequency capture of the learning
process. The subjective questionnaire is slightly inferior, but
still indispensable.

E. ROBUSTNESS TEST

To verify the robustness of the parallel hybrid model under
data disturbance conditions, this paper adds Gaussian noise
of different intensities (standard deviation o) to the input
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FIGURE 6. The impact of different data sources on evaluation results: (a) MAE and RMSE values of different data sources; (b)
Pearson correlation coefficient of different data sources; (c) Contribution ratio of different data sources to model prediction

data, applies extreme outliers of different proportions, and
evaluates the changes in the model in terms of MAE, RMSE,
and MAPE indicators. The robustness test results are shown
in Figure 7.

In the Gaussian noise test in Figure 7 (a), as the noise
intensity increases from 0.01 to 0.20, the model MAE
gradually increases from about 2.3 points to 3.8 points,
while the RMSE increases from 3.0 points to 5.2 points.
When o is 0.10, the MAE increases to nearly 2.9 points,
the RMSE is close to 4.0 points, and the performance
degradation caused by noise remains in the medium range.
In the extreme noise environment where o reaches 0.20, the
model still controls the MAE within 3.8 points, indicating
that the parallel hybrid structure has a certain resistance to
random small disturbances.

In the extreme outlier test in Figure 7 (b), when the
proportion of outliers increases from 0 to 9%, the model
error deteriorates more significantly. Only 1% of the extreme
points cause the MAE to jump from about 2.3 points to 2.7
points, and the RMSE increases to about 3.4 points; when
it reaches 5%, the MAE reaches 3.6 points, and the RMSE
approaches 4.8 points; when 9% of the data is extremely
abnormal, the MAE climbs to about 4.5 points, and the
RMSE reaches 6.2 points, indicating that compared with
uniformly distributed Gaussian noise, a small number of but
large-amplitude outliers have a more severe impact on the
regression results. In summary, the model in this paper has
a certain degree of robustness to outliers.

F. COMPARISON WITH SIMPLE BASELINE MODELS
To demonstrate the rationale for using the complex and
high-overhead Informer+BiGRU architecture, comparative

experiments were conducted with three classic baselines
(moving average, ARIMA, and a simple LSTM).
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The experimental steps were as follows: Under the same
data preprocessing, sliding window (12 weeks input —
4 weeks prediction), 10-fold time series cross-validation
partitioning, and the same evaluation metrics (MAE, RMSE,
MAPE) as described above, the following models were im-
plemented and trained: (1) Simple moving average (window
=4); (2) ARIMA based on AIC automatic selection (p,d,q)
(modeling each time series separately and merging predic-
tions by week); (3) Single-layer LSTM (unidirectional, 128
hidden units, the same optimizer and early stopping strategy
as in this paper). Training and inference of the deep learning
models were measured on an NVIDIA V100 GPU (batch
size = 32); ARIMA and moving average were measured on
an Intel Xeon CPU on the same server to reflect common
deployment environments. All results are the mean of 10-
fold cross-validation, inference time is the average of 1000
iterations on the test set, and the number of parameters is an
approximate count. The comparison with the simple baseline
model is shown in Table 3.

In Table 3, the simple statistical baseline model showed
significant limitations in predicting the effectiveness of
music aesthetics education in higher education institutions.
The MAE scores for moving average and ARIMA were 6.18
and 5.42, respectively, with MAPEs as high as 10.47% and
9.21%. Although it had extremely low inference overhead
(£1.6 ms), it struggled to characterize the multi-scale and
nonlinear evolutionary features inherent in the teaching eval-
uation sequence. After introducing deep learning, the MAE
of a single-layer LSTM decreased to 3.62 and the RMSE to
4.58, but its inference time reached 14.8 ms, and its accuracy
still significantly lagged behind self-attention-based models.
The Informer-BiLSTM baseline further reduced the MAE
and RMSE to approximately 3.0 and 3.8, respectively,
validating the advantages of sparse self-attention in long
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TABLE 3. Comparison with the Simple Baseline Model
Model (Configuration) MAE (minutes) RMSE (minutes) MAPE (%) Inference Time (ms) Number of

Parameters (k)

Moving Average (window=4, CPU)

ARIMA (auto-ARIMA per series, CPU)

Simple LSTM (1 layer, 128 units, GPU)
Informer-BiLSTM (baseline, GPU)

Informer + BiGRU-Global Attention (This work)

6.18 7.93 10.47 0.4 (CPU) ~0.1
5.42 6.88 9.21 1.6 (CPU) ~0.1
3.62 4.58 5.81 14.8 (GPU) 512

3 3.8 4.8 9.6 (GPU) 1250
2.30 3.00 3.50 8.4 (GPU) 1800

sequence modeling. In comparison, our Informer + BiGRU-
Global Attention model achieves scores of 2.30, 3.00, and
3.50% on MAE, RMSE, and MAPE, respectively, showing
significant error improvement compared to simple LSTM
and Informer-BiLSTM. Furthermore, its inference time is
only 8.4 ms, lower than LSTM and Informer-BiLSTM.
These results demonstrate that, within an acceptable pa-
rameter size (approximately 1.8M) and real-time inference
overhead, introducing parallel BiGRU and a global attention
mechanism can achieve a better balance between accuracy
and efficiency, proving the rationality and necessity of the
complex architecture used in practical applications.

VI. EXPERIMENTAL DISCUSSION

In this paper, the Informer+BiGRU-Global Attention par-
allel hybrid model is significantly superior to the single
structure and other comparison models in terms of overall
accuracy (MAE/RMSE), long-term and short-term trend
capture, local event response, and robustness. The funda-
mental reason is that this method has both the ability to
model long-term dependencies at the macro-global level
and the ability to extract dynamic details at the micro-
local level at the algorithm level. The Informer module
uses ProbSparse Attention and multiscale decomposition
to efficiently capture global trends across semesters and
modules at O(L log L) complexity, effectively reducing gra-
dient attenuation and information loss caused by sequence
length; the parallel BiGRU layer uses a bidirectional gating
mechanism to synchronously learn short-term interactions
and assessment fluctuations in both the history and future
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directions, ensuring keen capture of key moments such
as “sudden teaching reforms” and “centralized assessment
weeks”; Global Attention performs trainable global weight-
ing on BiGRU outputs, automatically highlighting the win-
dow nodes with the highest contribution, balancing global
trends between local anomalies and periodic changes, and
significantly reducing prediction errors. Further analysis
found that the synergy of each submodule of the model
is also an important reason for the performance improve-
ment. The parallel rather than serial architecture avoids
the cumulative misleading of a single path. Even if one
path (such as long-term trends) is slightly biased, the other
side (such as short-term dynamics) can still compensate
for the final output through the attention mechanism; and
sparse self-attention reduces the computing and memory
pressure, making the training and reasoning process more
stable, and more robust under noise and outlier disturbances;
the fully connected fusion layer and regularization strate-
gies such as Dropout and LayerNorm jointly ensure the
seamless connection of cross-module features and the stable
convergence of the training process, avoiding overfitting
and gradient problems; the overall parameter scale of the
model is moderate, with both high expressiveness and com-
puting efficiency, and it also shows significant advantages
in throughput and MFLOPs, providing a solid foundation
for actual deployment. This paper uses data from a single
source, and the scope and extrapolation boundaries of the
research conclusions are discussed explicitly here. It is
important to emphasize that the Informer+BiGRU-Global
Attention parallel hybrid model proposed in this paper does
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not rely on the specific grading rules of a particular institu-
tion or course. Instead, it is designed to address the struc-
tural problem of “multi-source heterogeneous data, long-
term evolution, and overlapping of phased events” prevalent
in higher education music aesthetics. Its methodological
contribution has cross-scenario significance. However, due
to limitations in data acquisition, the current experimental
data only comes from 40 weeks of records from a sin-
gle university, a specific major, and a unified evaluation
system. This inevitably embeds the teaching organization
methods and evaluation culture of that institution into the
model’s numerical distribution, weight configuration, and
feature importance ranking. Therefore, this paper does not
advocate for “zero-cost direct transfer” of the model to other
institutions. A more reasonable approach is to adapt it to
different institutions, courses, or art categories by relabeling
the weights, performing minor retraining, or fine-tuning the
parameters, while maintaining the overall model architec-
ture (long-sequence sparse attention + short-term dynamic
modeling + global attention fusion). In fact, this paper has
shown in the data source contribution analysis and weight
sensitivity experiments that the model has good stability
with reasonable weight adjustments (MAE fluctuation <
0.08), which to some extent supports its feasibility for cross-
scenario transfer. Future work will introduce data from
multiple institutions, courses, and evaluation systems for
joint modeling or transfer learning verification, in order to
further systematically evaluate the model’s generalization
ability and applicability in a wider range of higher art
education scenarios.

VIl. CONCLUSION

This paper adopts an intelligent evaluation model based on
the parallel hybrid architecture of Informer + BiGRU-Global
Attention, designed to effectively assess aesthetic outcomes
and the technical skill development crucial innovation. In
the dual-path modeling of trend and local dynamic features,
the sparse self-attention mechanism and multi-scale decom-
position of Informer are first used to efficiently capture the
global trend across 40 weeks of long time series, and then
the BiGRU-Global Attention branch is used to focus on key
short-term fluctuations, and finally the fusion output is used
to predict the aesthetic education score. Experimental results
show that this method is significantly better than traditional
Transformer, LSTM and other baseline models in terms of
MAE (2.3 points), RMSE (3.0 points), MAPE (3.5%), and
the inference time is only 8.4 ms, which meets the real-
time requirements. This paper has made some achievements,
but the model still has room for improvement in handling
abnormal missing data and multi-school heterogeneous data
adaptability, and the number of parameters can be further
optimized. In the future, we will explore methods for en-
hancing generalization and interpretability on cross-regional
diversified datasets, further exploring lightweight strategies
while maintaining accuracy to support a wider range of
application scenarios, particularly in assessing specialized
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creativity and technical execution within smart and material
design.
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