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Abstract. With the advancement of educational evaluation reform and the populariza-
tion of higher education, university teaching quality evaluation has been a research hotspot
in the field of educational evaluation. In response to the issue of multimodal heterogene-
ity gap in current university education evaluation data, which makes it tough to integrate
evaluation data, this article suggests a Multimodal Data Fusion (MDF) method for uni-
versity teaching evaluation relied on Generative Adversarial Network (GAN). Firstly, the
MDF model is constructed from two aspects: establishing similarity network and design-
ing regularization terms. By designing sparse regularization terms, the feature selection
of multimodal samples is carried out to address the issue of large deviation of fusion data.
Secondly, BERT pre-training model is adopted to extract the modal embedding features of
teaching evaluation text, and Bi-LSTM is adopted to extract the audio and visual modal
embedding features of teaching evaluation. Then, on the ground of the constructed MDF
model, combined with the GAN and autoencoder, a multi-modal adversarial autoencoder
learning model is established to reduce the heterogeneous gap between modes and form a
unified representation. At last, the self-attention pretest network is established to achieve
the automatic classification of multi-modal university teaching evaluation data. The ex-
perimental outcome implies that the accuracy, F1 value and determination coefficient R2

of the suggested method are 92.18%, 93.72% and 90.5%, respectively, which are superior
to the comparison method, showing good classification performance.
Keywords: University teaching evaluation; Generative adversarial network; Multimodal
data fusion; BERT model; Self-attention mechanism
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1. Introduction. Teaching evaluation is an indispensable part of university teaching,
and its goal is to enhance the quality of teaching. On the one hand, it allows students to
gain self-knowledge through evaluation, discover their own strengths and weaknesses, and
then check and make up for the deficiencies; on the other hand, it allows teachers to have
more reflection on teaching through evaluation, and lays the foundation for improving the
quality of teaching [1, 2]. Recently, as artificial intelligence technology rapidly growing, the
university teaching reform has also undergone great changes, the university teaching mode
is more and more multimodal, and this new teaching mode change will inevitably bring
about the reform of teaching evaluation [3]. The traditional assessment model is mainly
based on summative assessment, which pays too much attention to the memorization of
language knowledge and written scores, ignores the learners’ enthusiasm and initiative,
and is not conducive to a comprehensive and objective assessment of the learners [4, 5].
It can be seen that the traditional university teaching evaluation mode can no longer
meet the requirements of modern teaching mode. Multimodal teaching makes up for the
shortcomings of traditional teaching evaluation and provides multiple forms for it, so that
teaching evaluation can become more objective, scientific and comprehensive [6].

1.1. Related work. Moubayed et al. [7] designed a learning performance assessment
system by incorporating K-Means clustering algorithm. Goos and Salomons [8] used
partial correlation analysis and factor analysis to analyze the indicators affecting the
quality of teachers’ teaching, and used multiple linear regression to find out the valuable
patterns of indicators. Ifenthaler and Widanapathirana [9] combined hierarchical analysis
and support vector machine to conduct fuzzy comprehensive evaluation of teaching quality
to enhance the scientific results. Furthermore, related studies on the introduction of
machine learning technology into university teaching evaluation include: the use of rough
set theory to deal with the issue of unreasonable indicator weights [10], the introduction
of decision trees to analyze multimodal evaluation data [11], the use of association rule
algorithms to analyze factors affecting the quality of teaching [12], and so on.

Currently, as deep learning technology rapidly developing, a variety of teaching evalua-
tion methods relied on deep learning have appeared. Yang et al. [13] relied on optimized
BP neural network to quantify the teaching indexes comprehensively, and obtained more
reasonable evaluation outcome. Zhang et al. [14] suggested a multimodal teaching eval-
uation fusion method based on Convolutional Neural Network (CNN). Ge et al. [15] on
the ground of deep CNN to reveal the hidden correlation and diversity of multimodal
features in teaching evaluation texts and images. Hutchings et al. [16] designed a unified
fusion model through feature extraction and information measurement to adaptively in-
tegrate the multimodal features. Qianyi and Zhiqiang [17] fused multimodal data using
an LSTM-based and an attentional mechanism that appropriate weights are generated to
combine features from different modalities relied on the context of the teaching evalua-
tion text. Jeong and Cho [18] designed a Recurrent Neural Network (RNN) to compute
displacement vectors by using a gating mechanism to learn the nonlinear combination
between the teaching evaluation text and images. This limits the performance of feature
fusion of instructional evaluation texts and images due to the large differences in feature
distributions between modalities.

To address the issue of feature distribution differences between multimodal instructional
evaluation data and to include more information in instructional evaluations, researchers
have turned their attention to Generative Adversarial Network (GAN)-based instructional
evaluation methods. Sarwat et al. [19] implemented the character-to-pixel conversion
process of instructional evaluation texts through GANs which maximized the similarity
between the source and the target codes of each category. Aguilar et al. [20] adopted two
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discriminative models for both intra-modal and inter-modal discrimination of instructional
evaluation text to make the generated common representations more discriminative. Chui
et al. [21] suggested a two-discriminator GAN model, which allows the generator to be
more adequately trained to maintain similarity with multiple instructional evaluation
distributions.

1.2. Contribution. On the ground of the above analysis, the current university teaching
evaluation methods ignore the heterogeneity gap of multimodal data and the integrity of
semantic information. Thus, how to obtain modality-invariant representations in the fea-
ture mapping process while reducing the loss of modality-specific representations requires
further research. In this article, a university teaching evaluation method based on GAN
for MDF is suggested. Firstly, the similarity relationship between each modal sample
is considered, and a similarity network is built and a regularization term is designed to
optimize the MDF model. Second, the textual modal embedding features of teaching
evaluation are extracted using BERT pre-training model, and the audio and visual modal
embedding features of teaching evaluation are extracted using Bi-LSTM. Then, relied
on the optimized MDF model and GAN, an adversarial encoder-discriminator is built
to reduce the modal gaps, so as to obtain the modal invariant representation. Again,
a new decoder structure is designed to reduce the loss of modal information. Finally, a
self-attentive prediction network is built to realize automatic classification of multimodal
university teaching evaluation data. The experimental outcome show that the suggested
method has high accuracy, F1 value, coefficient of determination (R2), and low Mean
Absolute Error (MAE) and Mean Square Error (MSE), which verifies the efficiency of the
designed method.

2. Theoretical analysis.

2.1. Generative adversarial network. At the heart of GAN is the adversarial learning
process between a generative network G and a discriminative network D. Specifically, G
generates false samples G(z) from a random vector z, while D receives real instance x
and false instance G(z) as inputs and outputs probability values to indicate whether
the inputs are from the true distribution [22]. This process can be understood as the
discriminative network tries to improve its accuracy by constantly distinguishing between
real and generated samples, while the generative network deceives the discriminative
network by constantly adjusting its parameters to generate more realistic fake instances.
This adversarial learning process allows GAN to excel in generated various types of data,
which is implied in Figure 1.

Let z denotes the input network, x represents the actual instance, G(z) denote the
output of the generator, and the output of the discriminator is divided into D(G(z)) and
D(x) according to the different types of inputs. Comparing the value of D(x) in the ideal
state is 1, and the value of D(G(z)) is 0, the adversarial learning process is represented
by the following objective function.

min
G

max
D

V (D,G) = Ex∼Pdata(x)[logD(x)] + Ez̃∼Pg(z̃) [log (1−D(G(z)))] (1)

where minG V (D,G) is the generator objective function, V (D,G) is the objective func-
tion of GAN and maxD V (D,G) is the discriminator objective function.

By training the GAN network to minimize the difference between Pg(x, δ) and Pdata(x),
the following likelihood function is established.



848 X.-M. Hou, L.-P. Cai and Y.-H. Wang

L =
n∏

i=1

Pg

(
xi, δ

)
(2)

where Pdata(x) denotes the sample-fixed data distribution, Pg(x, δ) denotes the gener-
ated sample distribution, and δ denotes the probability parameter.

The L-likelihood function is maximized to ensure that the difference between Pg(x, δ)
and Pdata(x) is kept to a minimum, and the optimal δ∗ is calculated on this basis.

δ∗ = argmax
n∏

i=1

Pg

(
xi, δ

)
= argmax

δ

(∫
x

Pdata logPg(x, δ)dx−
∫
x

Pdata logPdata(x)dx

) (3)

Noise

D=0 or D=1?

Real sample data X

A priori distribution z
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Discriminator 

D

Generate fake sample data Backpropagation

Figure 1. The structure of the GAN

2.2. Multimodal data fusion. When a person makes a judgment on a target object, he
or she usually obtains different feature information of the target object from different sen-
sory organs of the body [23], and then processes and analyzes various feature information
according to the existing a priori knowledge, and finally makes a corresponding judgment
according to the results of the analysis. Similarly, MDF also utilizes data from multiple
sources, such as text, image, audio, and video, to extract different feature information
from them, and then process the information by integrating and removing redundancy,
to ultimately arrive at a comprehensive and accurate outcome. The schematic diagram
of MDF is implied in Figure 2.

MDF is a method of integrating and processing data from different modalities to im-
prove system performance and accuracy [24]. In this process, redundant information can
be used to increase the accuracy of the system through cross-validation of multimodal
data, while complementary information can be used to improve the stability of the sys-
tem through the mutual complementation of data from different modalities.
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Figure 2. The schematic diagram of MDF

3. Construction of a multimodal data fusion model. Current MDF algorithms
ignore the structural information of the data, which leads to large bias. It is expected that
similar sample objects should have similar response values, so it is necessary to consider
the similarity relationship between the modal samples and design sparse regularization
terms to choose the features of the samples of multiple modalities. This article will
construct a MDF model from the establishment of similarity network and the design of
regularization terms.

(1) Similarity network construction. In order to make similar samples in multimodal
data have similar response values, the similarity relationship description of Equation (4)
is established as bellow.

Sdes =
1

2

L∑
i,j

S
(n)
i,j

(
ŷ(n)(i)− ŷ(n)(j)

)2
(4)

where ŷ(n) = X(n)v(n) ∈ RL is the estimated response vector, L is the sample, ŷ(n)

denotes the label estimation vector for the n-th modality, ŷ(n) ∈ Rl, X(n) denotes the
dataset for the n-th modality, v(n) denotes the weight vector for the n-th modality, and

S(n) =
[
S
(n)
i,j

]
∈ RL×L is defined as the similarity matrix between each pair of samples

under the n-th modality.

S
(n)
i,j =

{
exp

(
−∥xn

i −xn
j ∥22

}(n)

)
, xi ∼ xj

0, otherwise
(5)

where }(n) is a free parameter determined by a Gaussian kernel.
Using Laplace operator matrix diagram, Equation (4) is then rewritten as Equation (6)

by computing

L(n) = D(n) − S(n), D(n) = diag(di), di =
L∑

j=1

S
(n)
i,j , (1 ≤ i ≤ L),

where v represents the weight vector [25].

Sdes =
(
ŷ(n)

)T
L(n)ŷ(n) =

(
X(n)v(n)

)T
L(n)

(
X(n)v(n)

)
(6)

Based on the regularization constraint term of Equation (6), the MDF model that takes
into account the sample structure relationship within the modality is implied in Equation
(7).
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min
v

1

2

N∑
n=1

∥Y −X(n)v(n)∥22 +
N∑

n=1

µn∥v(n)∥1 + σ
N∑

n=1

(
X(n)v(n)

)T
L(n)

(
X(n)v(n)

)
(7)

where A represents the L1 regularization factor for the n-th mode, and σ denotes the
regularization factor.

(2) Regularization term design. The above models do not pay attention to the impor-
tant correlations between modes and modalities. Therefore, an optimized MDF model is
suggested by designing a new regularization term that takes full advantage of the potential
relationships existing between different modal data samples. To incorporate the similar
relationship between modes into the model of MDF, firstly, the new regularization term
is designed, as implied in Equation (8).

φ(v, α, β) =

{
α 1

2

∑N
a,bi,j

∑L
i,j S

(a,a)
i,j

(
ŷ(a)(i)− ŷ(a)(j)

)2
, a = b

β 1
2

∑N
a,bi,j

∑L
i,j S

(a,b)
i,j

(
ŷ(a)(i)− ŷ(b)(j)

)2
, a ̸= b

(8)

where a = b represents the correlation between samples in a single modality, and

a ̸= b denotes the correlation between samples between modalities, and S
(a,b)
i,j denotes

the similarity between the i-th sample of modality a and the j-th sample of modality
b. The two regularization parameters α and β constrain the two corresponding parts,
respectively.

Then the similarity between samples within modes and the similarity Laplace matrix
L of samples between modes are obtained by Laplace transform as implied in Equation
(9).

L =

[
L(1,1) · · ·
... L(N,N)

]
(9)

where the diagonal portion is the Laplace matrix of the samples within each group of
modes L, and the other portion off the diagonal is the Laplace matrix of the samples
between modes L. After obtaining the structural relationships within and between the
modes, the following new regularization term can be obtained.

φ(v, α, β) =

 X(1)v(1)

...
X(N)v(N)


T

L

 X(1)v(1)

...
X(N)v(N)

 (10)

The new regularization constraint terms mentioned above are added to the original
model to finally derive a new MDF model, as implied in Equation (11) below.

H(v) = min
v

1

2

N∑
n=1

∥Y −X(n)v(n)∥22 +
N∑

n=1

µn∥v(n)∥1 + φ(v, α, β) (11)

where µ, α and β are the control parameters of the regularizer. The first term is the
loss function term. The second term is the L1 norm regularization term, which aims to
sparse the features of each mode. The last term is the prevalence regularization term,
which preserves the structural relationship of the samples within modes.

4. Multimodal data fusion based on generative adversarial networks in uni-
versity teaching evaluation.
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4.1. Multimodal feature embedding for teaching evaluation data. Intending to
the issue that modality-specific representations of university teaching evaluation data are
ignored and the contribution of multimodal data is hard to be determined, a MDF method
relied on GAN is suggested for university teaching evaluation. Firstly, the embedding
features of textual, audio and visual modalities of teaching evaluation are extracted using
BERT model and Bi-LSTM respectively. Secondly, combining the GAN and the self-
encoder, an adversarial encoder-regressor is built to reduce the modal gaps, so as to
achieve the modal invariant representation. Third, a new decoder structure is designed
to minimize the loss of modal information. Finally, a MDF model is used to fuse modal-
invariant and modal-specific representations to gain automatic classification of multimodal
teaching evaluation data. The offered method’s workflow is implied in Figure 3.
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Figure 3. The entire model of the suggested method

Suppose the multimodal instructional evaluation dataset is divided into M segments,
each of which contains feature sequences for audio, visual and textual modalities, denoted
as Xb ∈ Rsb×db , Xw ∈ Rsv×dv and Xk ∈ Rsk×dk , respectively, where sn, dn, n ∈ {b, w, k},
dn, n ∈ {b, w, k} denote the length of the feature sequences and the dimensionality of
the corresponding features, respectively. Given the above feature sequences, this paper
predicts the label y based on GAN and the multimodal data fusion model in the previous
section, where y is the score variable (y ∈ R) of the teaching evaluation data.

For audio and visual modes, two LSTM components: Rsn×dn → Rd, n ∈ {b, w} are used
to extract features from audio modal data Xb and visual modal data Xw, and the outputs
are audio modal feature xb and visual modal feature xw. The LSTM module consists
of two parts: a bi-directional long- and short-term memory network, Bi-LSTM, and a
fully-connected layer, Dense, which is used to extract basic features of the audio modes
and visual modes, and the Dense layer is used to receive the hidden layer states from the
last moment of Bi-LSTM and unify the different modes dimensionally as indicated below.

xb = LSTM
(
Xb; δ

lstm
b

)
(12)

xw = LSTM
(
Xw; δ

lstm
w

)
(13)

where δlstmb and δlstmw denote the parameters of the LSTM components in audio and
visual modalities, respectively.
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For textual modalities, the gain in model performance is greater than that for non-
textual modalities, so it is especially important to learn feature embeddings for textual
modalities. This article adopts a pre-trained language model BERT [26] to extract features
from textual modal teaching evaluation data. In addition, like LSTM, a Dense layer is
connected to the output layer of BERT to form the BERT component: Rsk×dk → Rd, and
the output is textual modal feature xk, as indicated below.

xk = BERT
(
Xk; δ

bert
k

)
(14)

where δbertk is a parameter of the BERT component.

4.2. GAN-based multimodal data fusion for teaching evaluation. In this article,
textual modalities are adopted as source modalities, audio and visual modalities are used
as target modalities, and an adversarial encoder-regressor is adopted to narrow down the
distributional differences between the target modalities and the source modalities based
on GAN and a designed MDF model.

For each modality n ∈ {b, w, k}, an encoder Gn and discriminator Dn are constructed
for feature mapping and feature fusion of multimodal features, and multimodal embedded
features xn are mapped as inputs into a shared common subspace.

hn = Gn (xn; δHn) , n ∈ {b, w, k} (15)

where Gn is parameterized by δGn as a unimodal encoder and hn is a modal invariant
feature mapped into the common subspace.

Gn consists of a simple fully-connected network that plays two roles simultaneously: as
an encoder network in the autocoder and as a generator network in the GAN.

The multimodal features are then discriminated using a discriminator Dn. The features
of the textual modality of instructional evaluation are defined as true while the other
modalities are defined as false. Dn is to detect the modality of the feature as best as
possible given the unknown features of the modality. The task of the encoder is to reduce
the heterogeneity between modalities by making the discriminator unable to detect the
modality of the feature. The adversarial loss function is defined as bellow.

Lb = Exn∼Pxn
[log (D (Gk (xk))) + log (1−D (Gw (xw))) + log (1−D (Gb (xb)))] (16)

Using the loss function defined in the above equation, the modal invariant representation
of multimodal features can be learned by iteratively training the encoder and discriminator
networks in an adversarial manner. The training process is as bellow.

In the first step, the discriminator network parameters δD are updated and the encoder
network parameters δGn are frozen.

J (D) (δD, δGn) = − log (D (Gk (xk)))− log (1−D (Gw (xw)))− log (1−D (Gb (xb))) (17)

In the second step, the encoder network parameters δGn are updated, the discriminator
network parameters δD are frozen, and a model is generated aiming to minimize the
loss function so that the visual and audio features fit the correlation distributions of the
linguistic features as closely as possible.

J (Gn) (δD, δGn) = log (D (Gk (xk))) + log (1−D (Gw (xw))) + log (1−D (Gb (xb))) (18)

To minimize the risk of information loss during the sign mapping process, this paper
uses an encoder-decoder network structure to fuse modal invariant features in the common
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subspace. For each unimodal n ∈ {b, w, k}: the decoder is constructed separately for
fusing feature hn. The reconstruction loss function is implied below.

x̂n = Dn (hn; δDn) (19)

Lrk =
1

3

∑
n∈{b,w,k}

∥xn − x̂n∥22 (20)

4.3. Categorical prediction of instructional evaluation data. This article adopts
the self-attention mechanism [27] to fuse prediction networks to forecast evaluation score
labels by learning multimodal features of evaluation data. To extract more useful infor-
mation from the multimodal feature values, the self-attention mechanism is applied to
the hn.

Vb =
e(h

T
n ·hn)∑M

i=1 e
(hT

n ·hni)
, n ∈ {b, w, k} (21)

hb
n = Vb · hn (22)

h = concat
(
hb
b, h

b
w, h

b
k

)
(23)

where hT
n is the transpose vector of hn, Vb is the self-attention weight, hb

n is the self-
attention guided multimodal feature, and h is the multimodal fusion feature obtained by
splicing.

Finally, the multimodal fusion feature h is passed to a fully connected network ŷ =
G(h; δG) for classification prediction and the classification loss is computed.

L =
N∑
i=1

∥yi − ŷi∥22 (24)

The total loss of the model is weighted by task loss, reconstruction loss, within-modality
contrast loss and cross-modality contrast loss.

Ltotal = L+ φLb + µLrk (25)

where φ denotes the regularization constraint term and µ denotes the regularization
parameter.

5. Performance testing and analysis.

5.1. Recognition performance analysis. To estimate the performance of the sug-
gested university teaching evaluation method, this article experiments randomly sampled
university classroom teaching evaluation data from a university’s teaching management
system to conduct simulation experiments, which contains 11,392 student classroom teach-
ing evaluation data from six semesters as the initial dataset for the experiments. In this
article, the teaching evaluation data samples are divided into training set and validation
data set according to the ratio of 8:1:1, and the MSACNN [14], ECURNN [18], ETRGAN
[20] and the MDF-GAN method designed in this article are trained and tested respectively.

The experimental platform is configured as Ubuntu 23.04 LTS Linux operating system,
Intel(R) Core(TM) i5-13500H CPU @ 2.60GHz, 16 GB RAM, and Python V2.7. A 768-
dimensional pre-trained BERT model is adopted to generate word embedding vectors,
and the batch size is set to 32. Batch-size is set to 32, and the number of layers of the
neural network is set to 4. The Adam optimizer is adopted to optimize the parameters of



854 X.-M. Hou, L.-P. Cai and Y.-H. Wang

the model during the training process. In addition, to avoid overfitting, the learning rate
and dropout rate are set to 0.0001 and 0.1, respectively.
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Figure 4. Comparison of predictive scores for different teaching evaluation meth-
ods

For the purpose of reflecting the effectiveness of MDFGAN method more realistically,
this article selects 50 groups of teaching evaluation scores of the same teacher of the same
course in a university, and compares the outcome of the predicted scores of MSACNN,
ECURNN, ETRGAN and MDFGAN methods with the real data, and the outcome is
indicated in Figure 4. It can be seen that the MDFGAN model has a very small deviation
and the prediction curve is close to the real value, while the ETRGAN method model can
better predict the trend of the real value and has a smaller prediction deviation, and most
of the experimental results of the ECURNN model are far away from the error-tolerance
interval. The MSACNN model only uses the CNN method to extract the features of the
indexes that affect the text of the teaching evaluation and does not capture the multimodal
features of the data of these indexes, resulting in the prediction results being far away
from the error-tolerance interval. In summary, the prediction results of the MDFGAN
method are better than those of MSACNN, ECURNN and ETRGAN.

This article conducts comparative experiments of different teaching evaluation methods
using a combination of Accuracy (Acc), the reconciled value of precision and recall F1
[28], the mean absolute error (MAE), the mean square error (MSE), and the coefficient
of determination (R2) [29] performance metrics. Table 1 demonstrates the results of
comparative experiments of different methods.
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Table 1. Comparison of the categorization performance of various evaluation
methods

Method Acc(%) F1(%) MAE(%) MSE(%) R2(%)
MSACNN 76.44 75.22 19.25 21.54 75.91
ECURNN 80.90 78.16 16.42 17.83 80.46
ETRGAN 87.35 86.98 9.31 11.69 85.17
MDFGAN 92.18 93.72 4.63 5.86 90.50

The analysis reveals that the MDFGAN model improves in performance metrics with
92.18%, 93.72%, 4.63%, 5.86%, and 90.5% on Acc, F1, MAE, MSE, and R2, respectively,
which are superior to those of other comparison methods, indicating the effectiveness of
the proposed method.

when compared to the three instructional evaluation methods, namely, MSACNN,
ECURNN, and ETRGAN. Particularly, 20.59%, 13.92% and 5.53% are improved on Acc,
24.59%, 19.91% and 7.75% on F1 and 19.22%, 12.48% and 6.26% on R2, respectively.

This is because the MSACNN method is relied on CNN to extract and classify the text
features of teaching evaluation, but it needs to fix the size of the convolutional kernel
window, which is not useful when facing longer teaching evaluation sequence information.
The ECURNN method utilizes RNN to capture the unimodal features of the teaching eval-
uation data, but does not extract the multimodal features of the evaluation data, which
leads to the general classification effect. The ETRGAN method utilizes two discriminative
models of GAN to simultaneously perform intra-modal and inter-modal discrimination of
teaching evaluation text, without considering the inter-modal heterogeneity. The method
MDFGAN adopts the framework of multimodal adversarial self-encoder based on GAN
before fusion of multimodal data, which potentially maps the features of different modal-
ities into a common subspace and reduces the heterogeneity gap between modalities, so
the classification efficiency is higher.

5.2. Ablation experiment. To better validate the impact of the GAN module and the
MDF module in MDFGAN, two comparative models are designed for the analysis, in
which the method of removing the GAN module is denoted as MDFGAN/GAN, and the
method of removing the MDF module is denoted as MDFGAN/MDF. The outcome of
the four models’ evaluation metrics are given in Table 2, and the results are plotted on
the visual bar charts for the comparative outcome, which are implied in Figure 5.

Table 2. Comparison of experimental results of ablation of components

Method Acc (%) F1 (%) MAE (%) MSE (%) R2(%)
MDFGAN/GAN 79.42 80.39 11.48 13.95 77.16
MDFGAN/MDF 73.76 71.64 15.53 19.28 73.22

MDFGAN 92.18 93.72 4.63 5.86 90.50

As can be seen from Figure 5 and Table 2, the accuracy evaluation indexes of MDFGAN
are significantly better than those of MDFGAN/GAN and MDFGAN/MDF, in which the
MAE of the MDFGAN method is 4.63%, which is 6.85% and 10.9% lower than those of
MDFGAN/GAN and MDFGAN/MDF, respectively; the MSE of the MDFGAN method
is 5.86%, which is 8.09% and 13.42% lower than those of MDFGAN/GAN and MDF-
GAN/MDF, respectively. which is 8.09% and 13.42% lower compared to MDFGAN/GAN
and MDFGAN/MDF, respectively. Comparing the coefficient of determination R2, the R2

value of the MDFGAN method is 90.5%, which is 13.34% and 17.28% higher compared
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Figure 5. Comparison of performance indexes in ablation experiments

to MDFGAN/GAN and MDFGAN/MDF respectively. Through the above analysis, it
can be observed that there is a significant decrease in the recommendation performance
of MDFGAN after removing the GAN module and the MDF module, which proves the
importance of the MDF for GAN-based teaching and learning evaluation, and thus the
MDFGAN that fuses all the modules achieves the best performance.

6. Conclusion. Current university teaching evaluation methods ignore the heterogene-
ity gap of multimodal data and the integrity of semantic information, to deal with the
above issues, this article investigates a GAN-based MDF method for university teaching
evaluation. Firstly, the similarity network is built and the regularization term is designed
to optimize the MDF model to solve the problem of large data deviation. Secondly, BERT
pre-training model is used to extract textual modal embedding features for teaching eval-
uation, and Bi-LSTM is used to extract audio and visual modal embedding features for
teaching evaluation. Then, relied on the enhanced MDF model, combining the GAN and
the self-encoder, the multimodal adversarial self-encoder learning model is established,
and the adversarial encoder-discriminative reduces the modal gap, so as to obtain the
modal invariant representation. Finally, a self-attentive prediction network is constructed
to realize automatic classification of multimodal data for university teaching evaluation.
The experimental outcome implies that the suggested method can effectively improve the
classification accuracy, F1 value and R2 of teaching evaluation data.
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