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ABSTRACT With the increasing deployment of intelligent teaching environments and wireless digital
infrastructures, efficient multimodal information acquisition and transmission have become essential for
objective assessment in vocational education. To overcome the subjectivity and limited dimensionality of
conventional evaluation methods, this study proposes a digital literacy evaluation model for young voca-
tional education teachers based on a multimodal Transformer fusion network. Semantic representations of
instructional texts are extracted using BERT, spatiotemporal behavioral features from classroom videos are
learned through 3D Convolutional Neural Networks, and emotional acoustic characteristics are obtained
from speech signals using OpenSMILE and temporal modeling. A cross-modal attention mechanism
constrained by the Technological Pedagogical Content Knowledge (TPACK) framework is introduced
to integrate heterogeneous information and dynamically optimize feature weighting across instructional
scenarios. An end-to-end multi-task prediction architecture subsequently generates quantitative evaluations
for six digital literacy dimensions with enhanced interpretability. Experimental results demonstrate
approximately 92% classification accuracy on the test set, while quantitative scores for all six secondary
dimensions exceed 85.5 in both theoretical instruction and practical training environments. The proposed
framework establishes a high-precision and objective assessment methodology for teacher digital literacy
and provides an effective engineering solution for multimodal data fusion, intelligent educational sensing,
and distributed information processing. Furthermore, its multimodal perception and communication
framework offers valuable insights for electromagnetic-enabled smart education systems, wireless sensing
platforms, and next-generation intelligent information transmission technologies.

INDEX TERMS multimodal data fusion, digital literacy evaluation, Transformer network, intelligent
sensing, electromagnetic-enabled education systems

I. INTRODUCTION
IGITAL transformation is now a key driver for vo-
cational education reform worldwide. As the primary
young teachers in digital teaching play a decisive role in
the process of talent cultivation and industry-fitting based
on their digital literacy, establishing a reasonable evaluation
system can not only play a significant guiding role in
identifying teachers’ deficiencies and offering theoretical
support and implementation guidance for improving teacher
training methods and enhancing vocational education effec-
tiveness [1-2]. Under the impetus of policy and technology,
exploring the composition of young teachers’ digital literacy
and evaluation mechanism in vocational education offers a
critical methodological advancement in promoting the high-
quality development of vocational education [3-4].
Most of the existing researches depend on self-report
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questionnaires or subjective scores from experts as its only
data source. This kind of subjectivity and single-source data
can’t reflect the dynamic behavior feature of teachers in
complex and real teaching scenes [5-6]. The technical chal-
lenges of Multimodal data fusion include significant feature
distribution divergence across heterogeneous information
streams and spatiotemporal alignment problem. Therefore,
the mining of data value is insufficient [7-8]. There is no uni-
fied collection and processing specification for unstructured
data such as practical training operation and teacher-student
interaction in vocational education, which makes it difficult
to quantify evaluation index [9-10]. In addition, traditional
statistical method has less feature extraction ability in high-
dimensional nonlinear and multimodal data, and cannot
capture fine-grained changes in teaching behavior and emo-
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tional interaction clues [11-12]. Traditional rule-based eval-
uation models depend on manually designed weights and
have obvious subjectivity and lack of adaptability. Support
vector machine and other shallow machine learning algo-
rithms have poor generalization performance when dealing
with high-dimensional sparse multimodal features, and it
is difficult to model the complex nonlinear relationship
between different modalities. Traditional early splicing or
late voting strategies of multimodal fusion strategy ignored
the information complementarity and contextual relationship
between different modalities, causing key features to be
buried in noise. Although existing deep learning models
have achieved good performance in single-modal tasks,
the cross-modal semantic alignment and attention alloca-
tion mechanism is still very coarse, and it is difficult to
map the literacy dimension in specific vocational education
scene. In contrast to traditional evaluation methods that rely
on self-report questionnaires, the model proposed in this
study is designed to completely replace these subjective
instruments. By integrating objective multimodal data—
comprising teaching texts, classroom videos, and speech
signals—the framework eliminates personal bias and pro-
vides an evidence-based quantification of digital literacy
[13-14].

In order to solve the problem of semantic alignment
difficulty of multimodal data and evaluation subjectivity, this
paper constructs a multi-head attention based multimodal
Transformer fusion network. This paper uses BERT model
to realize deep semantic encoding of lesson plan text, uses
3D convolutional neural network to extract spatiotemporal
action features of classroom video, uses OpenSMILE toolkit
to analyze affective acoustic parameters of speech signal.
This paper introduces cross-modal attention module to cal-
culate correlation matrix of text, video and audio feature,
and dynamically change the weight of each modality to sup-
press noise interference. Finally input the fused high-order
features into fully connected layer for nonlinear mapping,
outputting the score of each dimension of digital literacy.
This research solves the problem of evaluation based on
single data source, establishes a data-driven objective eval-
uation framework, and provides new technical route and
methodological basis for accurate assessment of vocational
education teachers’ digital literacy.

Il. EVALUATION MODEL CONSTRUCTION BASED ON
MULTIMODAL TRANSFORMER

A. MULTIMODAL DATA PREPROCESSING AND
FEATURE EXTRACTION MECHANISM

The differences in original signals from multimodal data
in terms of dimension, scale and semantic space cause
great differences in the original signal. If these signals are
directly input into the model, it will lead to the problem of
gradient explosion or feature overload [15-16]. Establishing
a unified feature representation space is an indispensable
process before evaluating the effective operation of the
model. This paper uses mature deep neural network to
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encode three types of core data text, video and audio, so
that the feature vector extracted by the above method has
high discriminative ability and semantic information [17-
18]. As shown in Figure 1, the overall structure divides
the independent extraction path and final fusion interface
of each modality very clear.

Figure 1 shows that the architecture is divided into three
parts: input layer, feature extraction module and fusion inter-
face. After word segmentation and padding, the text branch
inputs the BERT encoder to generate semantic vectors. The
spatiotemporal action feature of video branch is extracted
by frame sampling and C3D (Convolutional 3D Neural
Network). The audio branch extracts acoustic parameters
by OpenSMILE and models temporal dynamics by LSTM
(Long Short-Term Memory). Finally, the output of each
branch is mapped to the unified space of 512 dimensions
by linear projection layer, and then enters the cross-modal
attention mechanism to calculate the mapping relationship
of query key-value. The information complementarity is
obtained by weighted summation and residual connection.
Finally, the feature is output after layer normalization. This
paper ensures the accurate end-to-end quantitative evalua-
tion of heterogeneous data based on semantic alignment.

For teaching text data, which mainly includes lesson
plans, teaching reflection logs and online discussion logs,
due to the long sequence and high context dependence of
this type of data, this paper chooses a pretrained language
model as the text encoder. After word segmentation, the
input text will be fed into the multi-layer Transformer
structure to get bidirectional context encoding, and then
output vector corresponding to the sequence start marker is
chosen as the global semantic representation of the whole
text, which integrates semantic information of lexicon and
sentence level. To fit the subsequent fusion network, the high
dimensional output vector is rescaled to a same dimension
by linear projection layer. This process can also capture the
logical structure and terminology used by teachers in digital
instructional design.

For classroom video data, the research focus is on the
logical information of teachers’ body language, use of teach-
ing aids and teacher-student interactions. Traditional three-
dimensional convolutions can only capture spatial infor-
mation, but can’t capture temporal information. Therefore,
this paper chooses three-dimensional convolutional neural
network to extract the spatiotemporal feature of classroom
video. The video is cut into fixed length segments, each of
which contains consecutive frames. The three-dimensional
convolutional neural network outputs the spatiotemporal
feature maps by performing convolution in the height and
width of each video simultaneously in three dimensions.
Connected to the backend of network, global average pool-
ing layer compresses the multidimensional feature maps into
one-dimensional feature vector. To translate these physical
actions into literacy scores, the model utilizes a predefined
mapping library where specific spatiotemporal features—
such as the precision of tool manipulation and the frequency
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FIGURE 1. Overall architecture of the multimodal Transformer evaluation model

of digital interface interactions—are weighted against spe-
cific literacy indicators like “Operational Standardization”
and “Digital Tool Proficiency.” This vector quantifies the
operational standardization and dynamic interaction times
of teachers in the training process, reflecting the teacher’s
ability to apply digital technology in “learning by doing”
scenario.

For audio data, the research focus is on the teacher’s
intonation, emotion and clarity. Due to the nonstationary
characteristics of speech signal, it is necessary to extract the
time-frequency domain feature. This paper chooses an open-
source toolset to extract acoustic feature, including low level
descriptor such as fundamental frequency, energy and Mel-
frequency cepstral coefficients [19-20]. Then choose long
short term memory network to model the sequential acoustic
feature and capture the dynamic change of speech emotion.
The final hidden state of the Long Short-Term Memory
(LSTM) network is used as the final sentiment represen-
tation vector of the audio segment. This feature reflects the
teacher’s emotional engagement and communicative impact
during the digital teaching process.

B. DESIGN OF CROSS-MODAL ATTENTION FUSION
MECHANISM

Single-modal features can only reflect a local aspect of
teachers’ digital literacy and cannot capture the deep se-
mantic relationships between multi-source information [21-
22]. Cross-modal attention mechanisms achieve information
complementarity and enhancement by dynamically calculat-
ing the correlation between different modal features. The
core of this mechanism lies in constructing query, key, and
value vectors, and generating weight matrices through a
scaled dot product attention algorithm, thereby guiding the
model to focus on the modal combination that contributes
the most to the evaluation results [23-24].

Let the feature vectors of text, video, and audio be H,,
H,, and H,, respectively, all with dimension d. To eliminate
the difference in dimensions and introduce nonlinear trans-
formation, each modal feature is first mapped to the same
latent space through a linear projection layer, generating
query vector @, key vector K, and value vector V. As shown
in equation (1), the projection process is achieved through
learnable weight matrices W, Wik, and Wy :

Q = HWg,

K=HWg, V=HWy (1
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Wq, Wi, Wy € R4 are the projection matrices. Here,
text is used as the query subject, and video and audio are
used as context references, aiming to explore the specific
manifestation of text semantics in audiovisual behavior [25-
26]. This asymmetric attention design conforms to the logi-
cal law of “instructional design guiding teaching behavior”
in vocational education. Based on the generated @, K,
and V, cross-modal attention weights are calculated [27-
28]. As shown in equation (2), the scaling dot product
attention mechanism is adopted, the transpose of @ and K
is multiplied by the dot product operation, and divided by
the scaling factorv/d to prevent gradient vanishing. Then,
the attention distribution matrix A is obtained by normaliza-
tion through the Softmax function:

T
A = Softmax (?j%) 2)

Each element a;; in matrix A represents the association
strength between the i-th text semantic unit and the j-th
audiovisual behavior unit [29-30]. A high weight means that
the audiovisual behavior closely supports the corresponding
instructional design concept and reflects the consistency of
the teacher’s digital literacy; a low weight may indicate
that the instructional behavior is out of sync with the
design or that there is noise interference [31-32]. The cross-
modal fusion feature H f,;on 1S obtained by weighting and
summing the value vector V using the attention weight
matrix A. As shown in equation (3), the fusion feature not
only retains the information of the original modality, but
also incorporates the cross-modal interaction context:

Hfusion =AV (3)

To further enhance the model’s expressive power, residual
connections and layer normalization are introduced. As
shown in equation (4), the fused features are added to the
original query features and then normalized to obtain the
final output representation H,;:

H oy = LayerNorm(H fysion + Ht) )

Residual connections ensure the effective propagation of
gradients in deep networks, avoiding information loss; layer
normalization stabilizes feature distribution and accelerates
model convergence [33-34].
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C. DIGITAL LITERACY QUANTITATIVE SCORING
MAPPING STRATEGY

High-order feature vector H,,,; is rich in semantic and be-
havioral interaction information after cross-modal attention
fusion. However, its dimension is high and abstract, and
cannot be used as evaluation results directly. Therefore,
this study designs MLP as scoring mapping module to
nonlinearly map fused features into specific digital literacy
dimension space, and then completing the latent feature
space to interpretable quantitative indicator space mapping,
making evaluation results conform to vocational education
and based on data. The mapping network includes two
fully connected layers, and ReLU (Rectified Linear Unit)
activation function is added in the middle of two layers.
The first fully connected layer compresses the input feature
dimension from d to the hidden layer dimension A, aiming
to extract the core elements that are highly related to literacy
evaluation and suppress redundant noise [35-36]. The sec-
ond fully connected layer maps the hidden layer features to
the output dimension C, where C' represents the number of
secondary indicators in the digital literacy evaluation index
system. As shown in equation (5), the final output scoring
vector Y is normalized by the Softmax function to ensure
that the sum of the scores of each dimension is 1, which
is convenient for subsequent conversion into a percentage
system or grade system:

Y = Softmax <W2 . ReLU(W1 . Hout + bl) + bg)
4)

Wi and W5 are learnable weight matrices, and b; and
bs are bias terms. The application of the Softmax function
gives the output values probabilistic meaning, intuitively
reflecting the teacher’s relative performance level in each
competency dimension. To meet practical evaluation needs,
the normalized probability values are multiplied by 100 to
obtain specific scores in the 0-100 range.

This study extracts the response intensity values of text,
video unimodal features, and multimodal fusion features on
six core competency dimensions. By comparing and analyz-
ing the differences in capturing complex teaching behaviors
from different data sources, it evaluates the ability of cross-
modal attention mechanisms to mine the complementarity of
heterogeneous information, resulting in the findings shown
in Figure 2.

Figure 2 shows that, in the teaching implementation
dimension, the response strength of the multimodal fusion
feature reached 0.92, which is higher than that of the
text monomodal feature (0.60) and the video monomodal
feature (0.80). In the social responsibility dimension, the
fusion feature score improved to 0.75, which far exceeded
that of the text monomodal feature (0.50) and the video
monomodal feature (0.60). The large jump in this perfor-
mance is due to the cross-modal attention mechanism suc-
cessfully calibrating the operational norms in video stream
with the instructing semantic information in audio stream.
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That is, avoiding the single context understanding or action
recognition based on one data source context, and then
allow model to evaluate the teacher in a comprehensive
way in complicated training process. This demonstrates
the technical superiority of multimodal fusion method in
extracting high-dimensional nonlinear literacy feature.

D. MODEL OPTIMIZATION AND LOSS FUNCTION
DESIGN

To ensure the convergence speed and generalization ability
of the multimodal Transformer fusion network in the digital
literacy assessment task, this study designed a composite
loss function and adopted an adaptive optimization strat-
egy [37-38]. Since digital literacy assessment has both
classification (level determination) and regression (specific
score) characteristics, a single loss function is difficult to
simultaneously take into account the clarity of the class
boundary and the accuracy of numerical prediction [39-
40]. Therefore, a weighted composite objective function
consisting of cross-entropy loss and mean squared error loss
is constructed. Cross-entropy loss is used to constrain the
model’s discrimination boundary for literacy level division
and enhance the inter-class separation degree in the feature
space; mean squared error loss is used to minimize the
Euclidean distance between the predicted score and the
expert-annotated true value to ensure the granularity of the
quantification results [41-42]. As shown in formula (6), the
total loss Lyytq; is defined as the linear sum of the two
losses:

Liotat = MLce + Mo Lyse (6)

Wherein, Lo g represents cross-entropy loss, Lassg rep-
resents mean squared error loss, and A\; and )\, are balance
coefficients, which were determined to be 0.6 and 0.4
respectively through grid search experiments, to emphasize
the accuracy of grade determination while retaining the
regression accuracy of the score. This composite loss mech-
anism effectively alleviates the gradient vanishing problem,
enabling the model to quickly locate the optimal solution
region in the early stage of training, and finely adjust
the weights in the later stage to fit complex nonlinear
relationships [43-44].

In terms of optimization algorithm selection, the AdamW
optimizer is used instead of the traditional Adam algorithm.
AdamW avoids the failure of L2 regularization under adap-
tive learning rate by decoupling the weight decay and gra-
dient update process, thereby improving the generalization
performance of the model [45]. With the cosine annealing
learning rate scheduling strategy, the learning rate decays
periodically with the number of iterations in a cosine curve.
As shown in formula (7), the learning rate 7, of the current
Epoch is calculated as follows:

1 Tcu'r'
Mt = Nmin + g(nmax - nmin) (]- + cos ( 7T>> 7

max
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FIGURE 2. Comparison of literacy dimension distribution before and after multimodal feature fusion

Where 7ax and npi, are the upper and lower bounds of
the learning rate, respectively, 1., is the current iteration
step, and Ti,ax 1s the maximum iteration period. This
strategy allows the model to explore the global optimum
with a larger step size in the early stages of training, and then
fine-tune local minima with a smaller step size in the later
stages, effectively avoiding getting trapped in local optima.

lll. EXPERIMENTAL DESIGN AND DATA SOURCES

A. DATASET CONSTRUCTION AND SAMPLE
SELECTION

This study randomly selected three high-level vocational
colleges in western China as data collection bases. Consider-
ing the diversity and representativeness of the sample, three
professional clusters of equipment manufacturing, electronic
information and finance and commerce are selected respec-
tively. Research subjects are defined as full-time young
teachers who meet the dual criteria of having less than five
years of professional service and being 35 years of age or
younger. This standardized boundary ensures consistency
with common academic and policy definitions of “young”
practitioners in vocational education. This group of teachers
is facing the stage of career adaptation and development, and
the research value of their digital literacy development pro-
cess is typical. Time period is one semester (16 weeks). Var-
ious teaching situations are considered, including theoretical
courses, practical training guidance and online tutoring, etc.
Multimodal data collection system deployed in intelligent
classroom is used to collect classroom teaching video, audio
and teacher operation log simultaneously. At the same time,
the corresponding lesson plan text, teaching reflection log
and student evaluation data are mined from school teaching
management platform. All data are strictly anonymized.
Delete sensitive personal information such as name and
employee number, retain only behavioral characteristic tags
related to research, and meet the requirements of ethical
review.

The paper deletes the invalid segments, including unclear
video, missing audio and segments less than 20 minutes;
the data interruption caused by equipment failure is deleted;
the teacher sample who is absent for more than two weeks
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during the experiment is deleted. Total 1248 valid multi-
modal teaching samples are obtained, involving 156 young
teachers meeting these refined criteria, 78 males and 78
females, with a balanced number of males and females.
In terms of age distribution, 26.9% are 22-25 years old,
57.1% are 26-30 years old, and 16.0% are 31-35 years old.
In terms of teaching experience, 19.9% are less than 1 year,
43.6% are 1-3 years, and 36.5% are 3-5 years. The covered
professional categories are engineering (39.7%), humanities
(30.1%) and arts (30.2%). The structure of professional titles
is mainly teaching assistant (60.3%) and lecturer (39.7%).

B. EXPERIMENTAL ENVIRONMENT AND PARAMETER
SETTINGS

The hardware platform is configured as follows: two
NVIDIA A100 80GB GPU accelerators are used to parallel
processing high-dimensional multimodal data; the central
processor uses Intel Xeon Gold 6248R@3.0GHz; 512GB
DDR4 memory is used to guarantee the batch processing
of large-scale data. The software environment is based on
the Ubuntu 20.04 operating system. PyTorch 1.12.0 deep
learning framework is used to build the model. CUDA
11.3 acceleration library is used to accelerate the low-level
computation process. This paper load the pre-trained model
BERT-Base and weight of C3D network from the official
repository to ensure the fairness of the feature extraction
baseline.

In the training process, this paper uses end-to-end su-
pervised learning strategy. This paper chooses AdamW
algorithm as the optimizer, and initializes the learning rate as
1 x 10~%. Tt introduces cosine annealing scheduling strategy
to adjust the learning rate of the model. This strategy can
make the model reach a relatively fast convergence speed
and a better search ability of global optimal solution. The
batch size is set to 32 to balance memory usage and gradient
estimation accuracy. The number of training iterations is
set to 50, and the Dropout ratio is uniformly set to 0.3
to enhance the model’s generalization ability. The weight
decay coefficient is set to 1 x 1072, and the gradient clipping
threshold is set to 1.0 to prevent gradient explosion.

4213



JOURNAL
¢ ORG

AE

S. Yang et al.

IV. EMPIRICAL RESEARCH

A. MODEL CONVERGENCE AND STABILITY ANALYSIS
To verify the convergence characteristics and robustness of
the multimodal Transformer fusion network during training,
this study iteratively trained the model for 50 epochs and
independently repeated the experiment five times to record
the accuracy change trajectory on the test set for each
run. By monitoring the fluctuations of the loss function
values on the training and validation sets in real time and
comparing the overlap of the accuracy curves under multiple
independent runs, the search efficiency and stability of the
optimization algorithm in the heterogeneous feature space
are evaluated, resulting in the model training convergence
and stability analysis results shown in Figure 3.

(a) Loss Convergence (b) Accuracy Stability

2 ——Training Loss 92 =
Validation Loss -
o F90 /
2 588
2 2 —Run |
3 o1
< / —Run2
86 —Run 3
—Run 4
Run 5
84
0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs

FIGURE 3. Model training convergence and stability analysis: (a) Loss
convergence curve; (b) Accuracy stability comparison

As shown in Figure 3(a), the training loss value rapidly
decreases to approximately 0.7 at the 10th epoch, then
smoothly converges to approximately 0.15 at the 50th epoch,
verifying that the loss value decreases monotonically. This
smooth and oscillating decline curve is attributed to the
AdamW optimizer combined with the cosine annealing
learning rate scheduling strategy effectively avoiding lo-
cal optima traps. Simultaneously, the cross-modal attention
mechanism suppresses interference from early noise fea-
tures, ensuring the accuracy of gradient update directions.
As shown in Figure 3(b), the five independent experiments
accuracy curve presents an S-shaped growth with the in-
crease of iteration times, and it reaches about 92% at the
50th epoch finally. The extremely small dispersion also
indicates that the complementarity of multimodal features
enhances the robustness of model to small perturbation.

B. CASE STUDY ON ADAPTABILITY OF THE
EVALUATION MODEL TO SPECIFIC VOCATIONAL
EDUCATION SCENARIOS

To further verify the adaptability and differentiation recog-
nition ability of the evaluation model in typical vocational
education teaching scenario, this paper selects two typical
kinds of core courses, namely theoretical teaching instruc-
tion and practical training guidance. For these two scenarios,
the multimodal data is collected and input into trained
Transformer fusion network for independent evaluation sep-
arately. Based on the distribution of quantitative score of
teachers on six secondary dimensions of digital literacy,
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it is explored that whether the model can distinguish the
typical “work-study integration” behavioral characteristics
of vocational education, such as operational standardization
and immediate feedback mechanism of practical training,
and get Figure 4.
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FIGURE 4. Digital literacy scores in different vocational education
teaching scenarios

Figure 4 shows that in the practical training scenario, the
teaching implementation dimension scored 92.5 points, and
the assessment and diagnosis dimension scored 93.0 points,
higher than the 89.0 and 85.5 points of the theoretical teach-
ing scenario, respectively. This difference in scores is at-
tributed to the cross-modal attention mechanism’s weighted
reinforcement of frequently occurring tool usage actions,
safety standard checks, and real-time teacher-student inter-
actions in the video stream, enabling the model to accurately
identify high-weight skill operation features in the practical
training process. In the resource development dimension,
the theoretical teaching scenario scored 91.2 points, slightly
higher than the practical training scenario’s 88.5 points.
This is due to the increased contribution of the lesson plan
structure and multimedia courseware logic density in the text
modality, proving that the model dynamically adjusts the
modal weights according to the scenario context, achieving
refined adaptation and objective evaluation of diversified
teaching forms in vocational education.

C. KEY FEATURE CONTRIBUTION ANALYSIS

To reveal the internal decision-making logic of the multi-
modal Transformer fusion network and enhance the inter-
pretability of the evaluation results, this study extracts the
weight parameters in the cross-modal attention mechanism
and quantitatively analyzes the contribution of each underly-
ing behavioral feature to the final digital literacy score. By
statistically analyzing the mean and standard deviation of
each feature weight in five independent experiments, the key
indicators that have the most significant impact on model
prediction are selected, as shown in Table 1.
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TABLE 1. Statistical analysis of the contribution weights of key multimodal
behavioral features

Key Behavior Feature Modality Mean Attention Std. Dev.
Weight

Tool Operation Video 0.852 0.031
Standardization

Instructional Clarity Audio 0.798 0.042
Safety Protocol Adherence Video 0.765 0.038
Interaction Frequency Video/Audio 0.712 0.055
Resource Structure Logic Text 0.689 0.047
Feedback Timeliness Audio 0.643 0.051
Digital Tool Proficiency Video 0.598 0.062
Reflection Depth Text 0.521 0.058

Table 1 shows that the standardization of tool opera-
tion ranks first with an average attention weight of 0.852,
followed by the clarity of instructions and compliance
with safety procedures with weights of 0.798 and 0.765,
respectively. The weight distribution of above pattern is
due to the inherent attribute of “work-study integration” of
vocational education, that is, the model can complete the
automatic allocation of higher priority for the modality of
video and audio reflecting practical skills and occupational
safety consciousness in feature fusion, and the resource
structure logic and reflection depth of text modality are
0.689 and 0.521, which means that although a certain basis
of instructional design is indispensible, in the evaluation of
dynamic teaching scenario, the real-time interactive behav-
ior and operation standardization play more decisive role
in differentiating the level of digital literacy, and it also
indicates that the model focuses on the accurate extraction of
vocational education-specific behavioral characteristic, and
the evaluation result has high robustness.

D. CONSISTENCY ANALYSIS OF EVALUATION
RESULTS AND EXPERT SCORES

To verify the validity and objectivity of the output results
of the multimodal Transformer evaluation model, this study
conducted a paired correlation analysis between the quanti-
tative scores generated by the model and the average scores
of independent blind reviews by three domain experts. By
calculating the Pearson correlation coefficient and plotting
the scatter plot, the consistency between the automatic
machine evaluation and human subjective judgment in terms
of numerical trends was examined, resulting in the results
shown in Figure 5.

FIGURE 5. Consistency between model prediction scores and expert
human scores

Figure 5 shows that the scatter points are closely clustered
around the regression fitted line, which highly coincides
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with the y = x reference line representing ideal consistency,
with a coefficient of determination of 0.88. This high linear
correlation is attributed to the cross-modal attention mecha-
nism successfully aligning multi-source heterogeneous fea-
tures such as operational norms in videos, instructional
logic in audio, and instructional design in text. This enables
the model to achieve a semantic understanding of complex
teaching behaviors that approaches the cognitive level of
human experts, effectively eliminating evaluation biases
caused by single-modal data lacking context or limited
perspective. This establishes the reliability and scientific
basis for this automated evaluation tool to replace subjective
human judgment in vocational education scenarios.

V. CONCLUSION

This study overcomes the problems of single data source
and subjective bias in the evaluation of digital literacy of
young vocational education teachers. Constructs multimodal
Transformer fusion network based on multi-head attention
mechanism, in which BERT is used to extract text semantics,
3D-CNN is used to extract spatiotemporal behavior in
video, and OpenSMILE combined with LSTM is used to
extract emotional feature of audio. The whole process of
cross-modal attention mechanism realizes the alignment of
heterogeneous data and eliminates semantic gap. The study
has verified that the model can accurately capture vocational
education-specific behavioral characteristic and has high
robustness.
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