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With the continuous expansion of the scale of higher education, the problem of students' academic risks 

has become increasingly prominent. How to effectively identify and warn students of academic risks has 

become an important topic in education. This study aims to explore the academic risk identification and 

early warning system of college students based on the adversarial Transformer model to improve the 

accuracy and timeliness of academic risk management. Firstly, the research analyzes the limitations of 

current academic risk identification methods, such as insufficient data feature extraction and weak 

generalization ability of the model, and then proposes a Transformer model integrating adversarial 

training. By introducing an adversarial sample generation mechanism, the model enhances the robustness 

and generalization ability of the model in the face of complex academic data. The dataset comprises 

100,000 desensitized records from 3 universities, covering structured data (exam scores, attendance, 

homework completion) and unstructured text; the adversarial Transformer model is configured with 12 

encoders, 512-dimensional embeddings, and 8 attention heads; evaluation metrics such as accuracy 

(92.5%), F1-score, and advance warning time (2 weeks) are included to enhance clarity. Experiments 

show that our model achieves 92.5% accuracy in risk identification, outperforming baselines by 8.3%. 

Regarding early warning timeliness, the model can accurately predict students with potential academic 

risks two weeks in advance, providing a valuable time window for the implementation of intervention 

measures. In addition, this study also constructs a visual early warning system, which realizes real-time 

monitoring and dynamic early warning of academic risk data and provides scientific decision support for 

university education administrators. The conclusion shows that the academic risk identification and early 

warning system based on the adversarial Transformer model has obvious advantages in improving the 

efficiency of academic risk management and promoting students' all-round development, and provides a 

new technical path and solution for college students' academic risk management. 

Povzetek: Študija predstavlja model adversarialnega Transformerja za zgodnje prepoznavanje 

študentskih akademskih tveganj, ki z visoko natančnostjo izboljšuje pravočasnost in učinkovitost 

ukrepanja v visokošolskem izobraževanju. 

 

1 Introduction 
With the rapid development of information technology, 

cutting-edge technologies such as big data and artificial 

intelligence have gradually penetrated the field of 

education, providing new tools and methods for 

educational management and decision-making [1]. As an 

important part of educational management, the 

effectiveness and accuracy of college students' academic 

risk management are directly related to the growth and 

development of students and the improvement of college 

education quality. However, the traditional academic risk 

management methods often rely on empirical judgment 

and manual analysis, which have some problems, such as 

strong subjectivity, low efficiency and difficulty in 

comprehensive coverage, and have been difficult to meet 

the needs of modern educational management [2, 3]. 

 

 

 Against this background, how to use advanced  

technical means to build a scientific and efficient 

academic risk identification and early warning system for 

college students has become an important issue that needs 

to be solved urgently in education. In recent years, deep 

learning technology has achieved remarkable results in 

natural language processing, image recognition and other 

fields, especially the emergence of the Transformer 

model, which has demonstrated excellent performance in 

multiple tasks with its powerful self-attention mechanism 

and parallel computing ability [4, 5]. This provides a new 

idea and method for college students' academic risk 

identification. 

The Transformer model can capture long-distance 

dependencies in input data through a self-attention 

mechanism and effectively extract key features, thus 

performing well in complex data analysis tasks [6]. 

However, the traditional Transformer model often shows 
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certain vulnerabilities when dealing with data with 

adversarial interference, which is easily affected by 

malicious attacks or abnormal data, resulting in model 

performance degradation [7]. Therefore, researchers have 

proposed an adversarial training method to enhance the 

robustness and generalization ability of the model by 

introducing adversarial samples. Adversarial training is 

an effective model training strategy. By adding 

adversarial samples in the training process, the model 

learns to identify and resist potential attacks, thus 

improving the stability and reliability of the model in 

practical applications [8, 9].  

The research of college students' academic risk 

identification and early warning system needs advanced 

technical support and a deep understanding of the 

formation mechanism and influencing factors of 

academic risk. Academic risk is often caused by various 

factors, including students' learning attitudes, learning 

methods, course difficulty, psychological state, etc. [10, 

11]. These factors are intertwined, forming complex risk 

characteristics that greatly challenge risk identification. 

Therefore, to construct an effective academic risk 

identification model, it is necessary to comprehensively 

consider various factors, extract key features and 

establish an accurate prediction model. 

This study constructs an academic risk early 

warning system, monitors students' academic data in real-

time, finds potential risk factors in time, issues early 

warnings in advance, and provides decision support for 

educational administrators. The effectiveness and 

timeliness of early warning systems are directly related to 

the effect of risk intervention, which is significant in 

helping students overcome academic difficulties and 

improve academic performance. Theoretically, this study 

will deeply explore the application principles and 

mechanisms of the adversarial Transformer model in 

academic risk identification and analyze the model's 

structural characteristics, training process and 

optimization strategies. At the same time, this study will 

combine educational management theory and student 

learning theory to explore the formation mechanism and 

influencing factors of academic risk and provide 

theoretical support for model construction and system 

design. The research on academic risk identification and 

early warning system of college students based on the 

adversarial Transformer model can effectively solve the 

problems existing in traditional academic risk 

management, improve the accuracy of risk identification 

and timeliness of early warning, and provide scientific 

and efficient tools and methods for college education 

management. This research has important theoretical 

value and broad application prospects, which are 

expected to bring new changes and improvements to 

college students' academic risk management. 

However, the existing research has significant 

limitations in data processing, model performance and 

generalization ability: the data level mostly relies on 

structured grades, ignoring dynamic risk cues such as 

course association, behavior time series and unstructured 

text. At the model level, traditional machine learning is 

difficult to process high-dimensional sparse and long-

sequence data, while conventional deep learning faces 

gradient problems. At the generalization level, the 

difference in data distribution between professional 

colleges and universities was not considered, which led 

to the failure of cross-group prediction. 

To this end, this study introduces an adversarial 

Transformer architecture, integrates GAN and multi-head 

attention mechanism, learns the distribution of risk 

features through the generator, and strengthens the 

robustness of the discriminator to overcome the problem 

of data imbalance. At the same time, it integrates teaching 

affairs, behavior logs and text data, and uses GNN to 

build a relationship graph to mine implicit associations. 

A domain adaptive adversarial training strategy was 

designed to improve the generalization performance of 

cross-groups by more than 30%. In this study, 100,000 

desensitized data from 3 universities in a province in 

2019-2023 were used, the data were processed through 

sliding windows and BERT pre-training, the model was 

constructed with 12-layer encoders, 512-dimensional 

embeddings and 8-head attention, combined with cross-

entropy and adversarial loss optimization, and the 

performance was evaluated by F1-score and other 

indicators, and the reproducibility was ensured by open-

source PyTorch code and Bayesian hyperparameter 

tuning, so as to provide universities with high-precision 

and strongly generalized academic risk monitoring tools. 

In this study, the problems focus on the accuracy, 

generalization ability and noise resistance of existing 

models when processing multi-source heterogeneous 

data, whether adversarial transformers can improve the 

efficiency of feature extraction and risk identification, 

and whether the system can accurately classify risk levels 

and give early warnings. It is assumed that the feature 

extraction ability of the model is better than that of 

traditional and non-adversarial models, and the 

recognition accuracy, generalization ability and noise 

resistance are better, and the system can effectively 

distinguish the risk level and give early warning. The 

expected result is that the model is significantly better 

than the comparison model in various indicators, the 

system can accurately divide the risk level, and the early 

warning time meets the needs, providing support for 

university management. 

2 Basic theory and method 

2.1 Transformer model 

Deep learning is a key branch of AI machine learning, 

which can be done in a supervised, semi-supervised, or 

unsupervised manner [12]. It learns more complex 

features by using multiple hidden layers. In image 

classification, the output of each layer represents features 

at different levels of abstraction, such as from pixels to 

object edges to image information [13]. Unlike earlier 

linear classifiers, deep learning achieves more general 

classification by introducing nonlinear functions or 

different architectures. 

Transformer is a deep-learning model for natural 

language processing [14]. It contains an encoder and a 
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decoder. The encoder processes the input layer by layer 

to generate vector codes, and the decoder generates the 

output based on these codes. The encoder and decoder are 

constructed by a self-attention mechanism and 

feedforward neural network, including residual 

connection and layer normalization [15, 16]. The decoder 

also contains an additional self-attention mechanism for 

extracting information before generating the output. At its 

core is the self-attention mechanism, which evaluates the 

correlation between the various parts of the input. 

Components such as CNN and ResNet in Figure 1 are 

part of a dedicated hybrid module integrated with 

Transformer to process structured academic risk data 

(tabular features with a spatial pattern)

 

 
Figure 1: Transformer architecture 

 

Figure 1 shows the Transformer architecture. The 

attention mechanism in Transformer architecture is a 

technique in neural networks that mimics cognitive 

attention, which strengthens the weights of important 

data parts in the network. There are various types of this 

mechanism, such as one-way, two-way, multi head, and 

self-attention [17]. In computer vision, RNN, LSTM, or 

self-attention mechanisms extract relational information 

from images. RNN processes sequence data, which is 

inefficient and prone to information loss. Although 

LSTM can remember for a long time, it also has the risk 

of information loss [18]. The self-attention mechanism 

improves model performance and generalization ability 

by paying attention to the relationship between input 

vectors. It calculates the weighted sum of input vectors, 

strengthens the relevant parts and suppresses the 

irrelevant parts. 

The core of self-attention mechanism is the scaling 

dot product attention unit, which can simultaneously 

calculate the attention weights between input vectors. 

This unit generates an embedded expression containing 

its own information and other related vector information 

for each vector [19, 20]. Each attention unit contains three 

learnable weight matrices, namely a query weight W, a 

key weight W and a value weight W. The embedding 

expression xi of each vector i itself is multiplied by three 

weight matrices to obtain the query vector qi=xiWQ, the 

key vector ki=xiWK, and the value vector vi=xiWv, 

respectively. Then use the query vector and key vector to 

calculate the attention weight, that is, calculate the dot 

product of qi and kj to obtain the attention weight aij 

between the vector and vector j. The attention weight is 

then divided by the square root of the vector dimension 

√𝑑𝑘  to stabilize the gradient during training, and the 

weight is normalized by the softmax function. Obviously, 

the significance of designing WQ and WK separately in the 

attention unit lies in distinguishing the attention weights 

between different vectors, that is, the attention aij of 

vector i to vector j and the attention aji of vector j to vector 

i are not necessarily the same. After the vector is 

processed by the attention unit, the final output is the 

weighted sum of the attention weights of vector i to each 

vector after weighting the value vectors of all vectors [21]. 

The attention calculation for all vectors of the same batch 

input can be expressed as a matrix calculation form using 

the softmax function. As shown in Equation (1), the 

matrices Q, K, and V are matrices in which the i-th row is 

the vectors qi, ki, and vi, respectively. 

SoftMax
T

k

QK
Attention( Q,K ,V ) ( )V

d
= (1) 

Transformer uses the Multi-Head Attention 

Mechanism (MSA), in which a set of attention weights 

(WQ, WK, WV) constitutes an attention head. Each layer 

contains multiple such heads, each focusing on attention 

between different vectors, and multiple heads can 

calculate attention weights for different correlations. Its 

expression is formula (2): 

i i i
i

MSA(Q,K,V ) Attention(Q ,K ,V )=  (2) 
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The Transformer architecture is mainly used for 

natural language processing because its attention 

mechanism is suitable for the lexical level [22, 23]. In 

computer vision, its variants, such as ViT (Vision 

Transformer), are usually adopted because the calculation 

at the pixel level is too complex. ViT segments the image 

into multiple pixel blocks (patches) and calculates the 

attention relationship between these blocks, reducing the 

amount of calculation. The processing involves flattening 

the patches into a vector, adding category and position 

encoding, and then feeding them into the Encoder part of 

the Transformer for feature extraction. Finally, an MLP 

layer classifies based on these features. Location 

encoding and category encoding are learnable and help 

the model determine the classification of images. 

Table 1 compares the performance of different 

models in the field of academic risk identification and 

early warning for college students. Among them, the 

adversarial transformer model is based on 100,000 

desensitization data from 3 universities in a province 

from 2019 to 2023 (covering multimodal information of 

12,000 students in 15 majors), and has excellent 

performance in accuracy (92.5%), F1 score (0.91) and 

early warning lead time (2 weeks), and has outstanding 

cross-institutional adaptability and multimodal 

integration capabilities. In contrast, models such as T5-

Base, GPT-2, and BERT-Gen rely on data from unknown 

sources or constitute a single source, and use generative 

evaluation indicators, which have problems such as non-

professional adaptation, poor cross-institutional robility, 

and weak multimodal integration. The gray prediction 

and BP combined model have limited performance due to 

the limitations of index mismatch and simple model. 

Current SOTA methods generally face the problems of 

insufficient robustness and lack of multimodal 

integration under cross-institutional differences, but 

adversarial transformers effectively break through these 

bottlenecks through domain adaptive adversarial training 

(30% improvement in cross-group generalization) and 

multimodal data integration. 

 

Table 1: Model performance comparison 

Model Dataset Metrics Results 

Adversarial 

Transformer 

100K anonymized records (2019-

2023) from 3 universitiesdata 

Accuracy, F1, 

Early Warning 

Accuracy 92.5%+8.3%, F1=0.91, 2-

week early warning 

T5-Base - 
BLEU-3/4, 

ROUGE 
BLEU-3=28.7, BLEU-4=18.0 

GPT-2 - 
BLEU-3/4, 

ROUGE 
BLEU-3=33.1, BLEU-4=23.4 

BERT-Gen - 
BLEU-3/4, 

ROUGE 
BLEU-3=32.9, BLEU-4=23.3 

Grey-BP 

Hybrid 
- 

Average Relative 

Error 

Small error fluctuation (no specific 

value) 

2.2 Theories related to academic risk 

identification 

Theories related to academic risk identification mainly 

involve early detection and warning of problems and 

challenges that student may encounter in the learning 

process [24, 25]. The core of these theories lies in 

understanding the complex factors behind students' 

academic performance and constructing effective 

recognition mechanisms based on this knowledge. 

The sample dataset is derived from a comprehensive 

full sample, covering 12 semesters in 3 academic years, 

involving a total of 12,000 students in 15 majors. The data 

consists of three parts: test results (100-point score at the 

end of the middle and final semester of compulsory 

courses/elective courses, including make-up examination 

records), attendance records (the number of absenteeism 

and tardiness is counted according to the course week), 

and homework completion (homework submission time, 

grading level and make-up status). All data is 

anonymized, time series are aligned at semester 

granularity, and missing values are filled with multiple 

filling strategies based on course average scores to ensure 

data integrity. 

The second paragraph: risk classification and early 

warning report 

The risk level is divided by multi-dimensional 

thresholds: low risk (semester average score ≥  75 

points, 2 ≤ absenteeism, and 1 ≤ homework make-

up); Medium risk (60-74 points and 3-5 times of 

absenteeism or 2-3 times of homework catch-up); High 

risk (< 60 points or 6 ≥  absenteeism or 2 ≥ 

assignments not submitted). The adversarial Transformer 

model captures the correlation patterns of performance 

fluctuations, attendance anomalies and job 

procrastination through the attention mechanism, outputs 

the risk probability distribution, and maps it to the 

corresponding level by Softmax. The early warning 

report is generated by semester, including the student's 
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risk level, key influencing factors (such as failure courses, 

absenteeism frequency), historical trend comparison, and 

intervention suggestions (such as academic tutoring 

matching, course retake reminders), and supports visual 

charts and data download functions. The hyperparameters 

are determined by Bayesian optimization: Transformer 

encoder 12 layers, embedding dimension 512, attention 

head number 8, adversarial training learning rate 1e-4, 

discriminator gradient penalty coefficient 10, to ensure 

that the model achieves the optimal balance between F1 

value and generalization. 

Academic risk identification theory emphasizes 

multi-dimensional analysis of risk factors [26]. These 

factors may include students' background, study habits, 

psychological state, social environment, and difficulty in 

the course. Through in-depth exploration of these factors, 

we can reveal the formation mechanism of academic risk. 

For example, psychological factors such as students' self-

efficacy, learning motivation and attribution style may 

directly affect their academic performance, thus 

becoming key indicators of risk identification. The risk 

assessment method is an important part of academic risk 

identification theory. Commonly used methods include 

statistical analysis, machine learning and data mining 

[27]. These methods can help educators identify potential 

risk patterns from student data, thus allowing them to 

warn students of academic risks early [28]. By 

constructing a classification model, we can predict which 

students may face the risk of academic failure and then 

take targeted intervention measures. The importance of 

dynamic monitoring and timely intervention is 

particularly emphasized in the theory of academic risk 

identification. Academic risk is not static; it will change 

with the changes in students' environments and states. 

Therefore, establishing a real-time monitoring system to 

track students' academic performance continuously is the 

key to improving risk identification accuracy. At the same 

time, once academic risks are identified, intervention 

measures should be taken immediately, such as providing 

study counselling and psychological support or adjusting 

teaching strategies to reduce the adverse effects of risks 

on students' academic performance. 

Academic risk identification theory also focuses on 

establishing a risk prevention mechanism. This includes 

reducing the probability of academic risk through 

educational policies and curriculum design and 

enhancing students' resistance to academic risk by 

cultivating their self-regulation ability and frustration 

resistance [29, 30]. This preventive perspective helps to 

reduce academic risks from the source and promote 

students' all-round development. Theories related to 

academic risk identification provide educators with a 

systematic framework and methods to better understand 

and deal with the difficulties that students may encounter 

in the learning process [31, 32]. 

Using ConvLSTM as the baseline model, it can 

preliminarily extract the dynamic change patterns in 

college students' academic data by virtue of its effective 

ability to capture spatiotemporal features by 

convolutional operations, and provide a basic reference 

for academic risk identification [33]. At the same time, 

this paper innovatively defines the "two-layer DRC" 

(two-layer dynamic risk coupling) structure, in which the 

first layer focuses on the real-time coupling analysis of 

academic behavior data and course difficulty 

characteristics, and the second layer realizes the dynamic 

correlation between individual risk indicators and group 

risk trends SDT (Student Data Trait-counting) is a signal 

detection logic based on various risk characteristics in 

students' academic-related data, and constructs the 

mapping relationship between characteristics and risk 

results by statistically displaying the frequency and 

intensity of different risk signals in the sample, so as to 

quantify the indicative effect of features on academic risk. 

RC (Risk Category-counting) focuses on the 

classification of academic risk, and analyzes the 

distribution differences of characteristics in each 

category by statistically stating the number and 

proportion of student data falling into different preset risk 

categories, so as to provide a basis for the determination 

of risk level. DCC focuses on tracking the dynamic 

changes of students' academic characteristics over time, 

and captures the dynamic trend of risk evolution by 

calculating the change amount and rate of changes in 

characteristics at different time nodes, so as to enhance 

the timeliness of early warning. DRC (Dimensional 

Relevance-counting) counts the co-occurrence frequency 

and association intensity between features in different 

dimensions from the perspective of the correlation of 

multi-dimensional academic characteristics, explores the 

potential connections between features, and improves the 

comprehensiveness of risk identification. 

3 Academic risk identification 

algorithm of college students based 

on adversarial transformer model 

3.1 Structural design of adversarial 

transformer model 

Because of its flexibility, the Transformer model can 

easily adjust to multiple tasks and data sets. Its key 

component is the Attention mechanism, which weights 

the information in the aggregated input sequence to 

optimize the encoding and decoding process. However, 

there are two main problems: complexity and the self-

attention mechanism may have limited performance 

when dealing with long data. The second is the lack of 

structural priors, which leads to the easy overfitting of 

Transformers without pre-training on small or medium-

scale data. In order to solve these problems, scholars have 

proposed a variety of variant models based on 

Transformer. 

BP neural network model and gray prediction model 

as comparison baselines. Among them, the BP neural 

network model, as a classic machine learning 

classification model, can realize the identification of 

academic risk through multi-layer nonlinear mapping, 

which is in direct contrast to the core task of "risk 

identification" of the adversarial transformer model. As a 

traditional method commonly used for trend prediction, 
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the gray prediction model can speculate on the future risk 

state based on historical academic data, echoing the 

"early warning" function of the adversarial transformer 

model, which together constitutes a comparison system 

covering the two dimensions of "identification" and 

"early warning", which not only ensures the 

comparability of different models in academic risk 

analysis tasks, but also ensures the consistency and 

reliability of the results through unified evaluation 

indicators and data preprocessing processes, so as to 

highlight the adversariality more clearly Advantages of 

Transformer Model in Academic Risk Identification and 

Early Warning of College Students. 

The self-attention variant model focuses on the 

relative position of sequence elements. It encodes 

position information through the self-attention 

mechanism, reduces the restriction of sequence length 

and improves the ability to process long sequences. 

Relative location information is more efficient than 

absolute location information and increases model 

capacity but may lead to more training parameters and 

computing resource requirements. The variant model 

combines the idea of iteration. RNN cannot be computed 

in parallel and has length limitations, while Transformer 

avoids these problems by design but loses the iterative 

and recursive advantages of RNN. Adversarial 

Transformer combines the parallelism of Transformer 

and the iteration of RNN, integrates sentence information 

through the self-attention mechanism, and introduces the 

adaptive computation time (ACT) mechanism to 

dynamically adjust the number of revisions to improve 

accuracy and efficiency. 

Considering that the academic development of 

college students is a process of dynamic interaction of 

multiple factors, CAS (Complex Adaptive System) 

theory and socio-ecological theory are selected as the 

basis, in which CAS theory emphasizes the adaptability 

of subjects in the system and the interaction between 

subjects and between subjects and the environment, and 

the socio-ecological theory focuses on the interaction of 

individuals in different ecosystem levels The core 

elements of CAS theory, such as subject, environment, 

and interaction, are disassembled into observable 

variables, such as the subject's learning ability, 

environmental teaching resources, and interactive 

teacher-student communication frequency, while the 

socio-ecological theory is divided into micro (individual), 

meso (family, school), and macro (social and cultural) 

levels, and each level sets specific observation indicators, 

such as micro learning time allocation, meso family 

support, and macro job market trends. Then, the key 

behavioral indicators covering classroom performance, 

academic performance, self-directed learning, social 

interaction, etc., were extracted from students' daily 

learning and life, and then these behavioral indicators 

were accurately mapped to the CAS dimension, that is, 

the number of classroom attendance and online learning 

time corresponded to the subject adaptability dimension 

of CAS, reflecting the students' adaptability to the 

learning environment The frequency of discussing 

learning with classmates and the number of times 

participating in learning groups belong to the inter-

subject interaction dimension, showing the subject's 

collaboration and influence in the system, while the 

number of library borrowing is related to the dimension 

of environmental resource utilization, reflecting the 

subject's acquisition and use of environmental resources. 

Through this process, a clear correspondence between the 

specific behavioral indicators and the abstract CAS 

theoretical dimensions is established, and each 

behavioral indicator can be accurately positioned in the 

theoretical framework, which solves the problem of fuzzy 

details and unclear correlation when specific features 

correspond to the theoretical structure in previous studies, 

and provides solid theoretical support and clear input 

variable logic for the adversarial Transformer model, 

making the model more scientific and accurate in 

identifying and warning academic risks. 

In terms of adversarial mechanism, this study 

enhances the robustness of the model by generating 

adversarial samples through multi-dimensional 

perturbations. Specifically, three types of perturbations 

are introduced according to the characteristics of 

educational data: first, numerical perturbations, adding 

small noises that conform to the normal distribution 

(mean is 0, standard deviation is 5% of the standard 

deviation of features) to ensure that the disturbance 

amplitude is within the range of reasonable educational 

scene fluctuations; the second is category ambiguity 

disturbance, which adjusts the probability of adjacent 

categories to the discrete features to simulate the 

ambiguity of student behavior; The third is the temporal 

offset disturbance, which translates the sequence features 

in local time steps, reflecting the slight fluctuation of 

students' learning rhythm. All perturbations strictly 

follow the semantic consistency of educational data, such 

as not adding perturbations to core labels such as course 

grades, and not using label flipping to avoid destroying 

the authenticity of data labels, reducing over-reliance on 

mathematical equations, and improving the 

generalization ability of the model through confrontation 

at the feature distribution level. 

In the academic risk management scenario, the 

adversarial Transformer-based early warning system 

empowers multiple stakeholders by integrating student 

achievement, attendance, and assignment data to 

dynamically generate risk assessment reports. For 

students, the system provides personalized early warning 

(such as identifying high-risk courses at the beginning of 

the semester) to guide them to actively adjust their 

learning strategies, which meets the needs of learners for 

the cultivation of metacognitive ability in the theory of 

"self-directed learning". Teachers can optimize the 

teaching rhythm according to the class risk heat map, 

such as adding after-school tutoring for medium-risk 

groups, which echoes the "differentiated teaching" 

theory's focus on students' individual differences. From 

the perspective of education management, the system 

supports colleges and universities to build a closed loop 

of "prevention-intervention-feedback", and assists the 

reform of the curriculum system through risk trend 

analysis, which is in line with the concept of coordinated 
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development of environment and subject in "educational 

ecology". At the critical education level, a systematic 

transparent risk labeling mechanism can promote 

educational equity discussions, for example, by 

comparing the risk distribution of students from different 

places of origin to identify potential institutional barriers. 

This study deeply embeds technological tools into the 

framework of educational theory, which not only 

provides an empirical basis for academic risk 

management, but also injects new practical connotations 

into the theory of "data-driven educational decision-

making", and promotes a two-way dialogue between 

educational research and technology application. 

Each step of Transformer needs to calculate 

Attention information with all previous contexts, 

resulting in a time complexity of O (n²), which limits its 

expansion over sequence length, usually no more than 

1000. For character-level language models, it is common 

to input thousands of tokens. The adversarial Transformer 

designed in this study can handle input of this scale 

through sparse Attention. Control the attention range by 

adding an adaptive mask at each attention layer, 

effectively expanding the maximum context size of the 

Transformer. The model uses the attention head to pay 

attention to the sequence, masks the words outside the 

context through the sequence mask M, and uses the 

hyperparameter R to adjust the mask window size. 

Equation (3) shows how the mask M is calculated. 

1
0 1M min max ( R+ z - x ), ,

R

  
=   

  
(3) 

z represent position variables, x is the input vector 

and this method allows the input sequence to be expanded 

to more than 8000 tokens while maintaining performance 

without increasing computational or memory burden. 

This study maintains the encoder-decoder architecture 

and mainly improves the normalization layer. The 

original normalization layer is calculated as formula (4), 

where μ is the expectation and Var (x) +ε is the variance: 

x
y

Var( x )





−
=

+
(4) 

The normalization layer of the T5 model 

improvement is calculated as Equation (5), where the 

initial value of weight is set to 1. 

x
y weight

Var( x ) 
= − 

+
(5) 

By introducing residual connections, the sub-

component input is added to the layer output, and the 

training efficiency is improved by retaining the residual 

characteristics of Pre-LN, while maintaining the 

performance of Post-LN to achieve fast convergence. The 

residual design keeps information flowing by adding the 

input directly to the activation function output. The 

feature matrix is directly transferred to the next layer 

through the identity mapping path, and the degradation 

problem is alleviated by adding each layer. 

iy F( x,{W }) x= + (6) 

Equation (6) shows a basic block of the model 

definition, where x is the input vector, y is the output 

vector, and F(x, {Wi}) represents the mapping of residual 

terms. Analyze the residual design of Realformer, which 

adds jump connections to Transformer after the 

normalization layer, simplifying the design and reducing 

performance loss. In this process, the residual layer is 

only simply accumulated, as shown in Equation (7). 

1

T

n n

n n n n n n n

k

Q K
Attention( Q ,K ,V ) Softmax( A )V ,A A

d
−= = + (7) 

𝑄𝑛𝐾𝑛
𝑇

√𝑑𝑘
  represents a parameter pair of the query-key of 

the original attention parameter, An-1 is the attention 

parameter of the previous layer as an additional input to 

the parameter of this layer. Softmax represents the 

activation function, T represents the transpose, and to 

prevent feature loss, the Pre-LN mode of Transformer 

introduces a normalized network and residual connection. 

This involves normalizing the signal before the self-

attention layer, as shown in Figure 2. Adversarial 

transformer architecture design simplifies the network by 

introducing a direct signal path, reducing the 

requirements for data quality and parameter 

configuration, but may lead to performance degradation. 

 

 
Figure 2: Adversarial transformer architecture 
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The adversarial transformer architecture introduces 

the idea of adversarial training on the self-attention 

mechanism and encoder-decoder structure of the 

transformer architecture, and improves the robustness 

and feature extraction ability of the model through the 

adversarial game between the generator and the 

discriminator. In the academic risk identification of 

college students, computer vision/multimodal 

components (CNN, ResNet) can process academic-

related image data based on the principles of local feature 

extraction and hierarchical feature learning, complement 

the text data and table data processed by the transformer 

architecture, realize the fusion analysis of multimodal 

data, and capture the characteristics of academic risk 

more comprehensively. 

In the adversarial transformer architecture, the 

normalization layer is placed after the superposition 

residual, which is equivalent to formula (8). 

result layerNorm( x f ( x ))= + (8) 

layerNorm represents the normalization layer, and 

result represents the final result. In Transformer, the 

residual mechanism aims to prevent forgetting and 

gradient disappearance when information is passed. 

However, the normalization layer weakens the residual 

effect, which makes it difficult for information to be 

quickly transmitted to the next layer, and the problem of 

gradient disappearance still exists. The residual design 

can be represented by Eq. (9): 
T

n n

n n n n n n

k

Q K
Attention( Q ,K ,V ) Softmax( A )V ,A

d
= = (9) 

In the residual design based on Realformer, the 

residual layer only performs simple accumulation and 

does not adjust the residual according to the training, 

which may cause instability in the early training stage and 

affect the convergence of the model. In order to improve 

the flexibility of the model, this paper proposes to 

introduce the learnable parameter α to adjust the residual 

connection layer. After the redesign, the signal 

transmission mode changes as shown in Equation (10): 

1

T

n n

n n n n n n n n

k

Q K
Attention( Q ,K ,V ) Softmax( A )V ,A A

d
 −= = + (10) 

Where α represents the learning rate as a function of 

training, which adaptively weights the accumulated 

residual layers to accelerate model convergence. 

Based on the "Early Warning Theory of Educational 

Risk", this study integrates the "Complex Adaptive 

System (CAS)" and the "Socio-Ecological Model" to 

construct a theoretical framework, and defines academic 

risk as a state of hindered academic progress caused by 

individual learning ability, adaptability of teaching 

environment, and insufficient institutional support. Based 

on the CAS theory, this study regards student behavior 

(e.g., attendance, homework) as an adaptive subject, and 

environmental factors (course difficulty, teacher-student 

interaction) as a dynamic feedback mechanism to form a 

multi-dimensional risk assessment system. The case 

study selected 200 students from each major in computer 

science and Chinese language in a university, and after 

two years of follow-up data analysis, it was found that the 

prediction accuracy of the model increased by 22% after 

the inclusion of behavioral time series features. The 

Delphi method combined with analytic hierarchy process 

(AHP) was used to construct 12 indicators from three 

dimensions: academic performance (grade fluctuation, 

number of failures), behavior pattern (absenteeism, 

homework delay), and environmental factors (curriculum 

load, teacher-student communication frequency), and the 

risk probability was divided into low (<0.3), medium 

(0.3-0.6), and high (>). 0.6) Level 3. The adversarial 

transformer model captures the nonlinear correlation 

between indicators through the multi-head attention 

mechanism, and is trained on 100,000 desensitized data, 

and the AUC-ROC reaches 0.93 in cross-disciplinary 

validation, which confirms the effectiveness of multi-

dimensional evaluation under the guidance of the 

theoretical framework. 

The dataset of this study is derived from 100,000 

desensitization data from 3 universities in a province 

from 2019 to 2023, which is significantly diverse. It 

contains rich student demographic information, such as 

gender, age, ethnicity, family background, etc.; It covers 

multiple curriculum fields such as liberal arts, science, 

and engineering, and is divided into time segments by 

semester, academic year, etc. At the same time, the data 

is subdivided into structured data (grades, attendance, etc.) 

and unstructured data (homework text, classroom 

interaction records, etc.), which provides comprehensive 

support for model training and improves research 

transparency. 

In terms of model performance evaluation, 

XGBoost, logistic regression, LSTM and standard BERT 

are selected as baseline models. Experimental results 

show that the proposed adversarial transformer model 

(including 12-layer encoder, 512-dimensional embedding, 

and 8-head attention, pre-trained data by sliding window 

and BERT, combined with cross-entropy and adversarial 

loss optimization) performs better in F1 score and other 

indicators, and improves the accuracy of the baseline 

model by 8.3% (95% confidence interval: [6.1%, 10.5%], 

p <0.01), the significance of the performance 

improvement was verified by statistical tests. 

Regarding computational costs, the model takes 48 

hours to train on NVIDIA Tesla V100 (32GB video 

memory) hardware and has a predicted computational 

overhead of about 0.8 seconds per round. Combined with 

the reproducibility of open-source PyTorch code and 

Bayesian hyperparameter tuning, its hardware 

requirements and time cost are adapted to the existing 

computing resources of universities, and it is highly 

feasible to deploy in large-scale student groups, which 

can provide universities with high-precision and strong 

generalization academic risk monitoring tools. 

In terms of data privacy protection, this study adopts 

a multi-level desensitization strategy to ensure the 

security of student information. For structured data, the 

unique identifier information such as ID number and 

student number is k-anonymized (k=10), and the 

continuous attributes are divided into five interval 

segments by generalization technology, and the discrete 

sensitive fields are fuzzy and mapped. For unstructured 
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text data, entity recognition and replacement technology 

is used to automatically detect and replace entities such 

as names and student numbers with placeholders such as 

"[USER]" and "[ID]", and irreversibly encrypt key 

characteristic values through hashing algorithms. 

In order to alleviate the deviation between the 

dataset and the model, the research is carried out from the 

data and algorithm levels. At the data level, the sample 

ratio of different genders, grades, and majors is balanced 

through hierarchical sampling, and the sample 

oversampling is carried out for vulnerable groups such as 

students from economically disadvantaged families. At 

the algorithm level, the fairness constraint loss function 

is embedded in the adversarial transformer model, the 

bias prediction for specific groups is punished by penalty, 

and the prediction differences of each subgroup are 

regularly detected by using confusion matrix auditing. 

Experiments show that the standard deviation of the F1 

score of the treated model in each demographic group is 

reduced from 0.12 to 0.05, which significantly improves 

the prediction fairness. 

3.2 Design and implementation of college 

students' academic risk early warning 

system 

In terms of the details of domain adaptation of the 

model, considering the significant differences in the core 

characteristics between college students' academic data 

and tourism data—the former is centered on academic 

behavior sequences, the latter focuses on users' travel 

decisions, and the user preference characteristics are 

more dynamic and volatile, and destination types present 

strong category discrimination — this study uses a 

gradient inversion layer (GRL) to achieve domain 

adaptation. By embedding GRL between the feature 

extraction and domain classifiers of the Transformer 

model, the gradient of domain classification loss is 

reversed during backpropagation, prompting the model to 

learn domain-independent generic features. In order to 

verify the domain transfer effect, domain confusion and 

cross-domain accuracy reduction rate were used as 

evaluation indicators: the former measured the difference 

between the feature domains by calculating the difference 

between the classification errors of the source domain 

and the target domain of the model. The latter compares 

the accuracy reduction of the model on the source domain 

test set and the cross-domain test set to ensure that the 

reduction is controlled within 10% and verifies the 

generalization ability of the model. 

In terms of experimental design and data 

preprocessing, this study was optimized in multiple 

dimensions. In the experiment, in addition to the basic 

machine learning methods, three types of baseline models 

were selected for comparison: first, BERT for tourism 

data fine-tuning, which uses the transfer ability of pre-

trained language models on text-based education data; the 

second is a sequence model based on LSTM to capture 

the temporal dependence of academic behavior; The third 

is the MLP integration of engineering features, which is 

stacked and integrated through artificially constructed 

academic risk features. The data preprocessing pipeline 

includes: in terms of filling strategy, KNN is used for 

continuous features, mode is used for discrete features, 

and forward is used for time series missing. Prevent time 

leakage through strict time window division; In terms of 

normalization, Z-score is used for continuous features, 

and maximum-minimum scaling (mapping the time step 

to [0,1] intervals) is used for sequence features to ensure 

the stability of data distribution and model convergence 

efficiency. 

The adversarial transformer model in this study 

mainly works in this way: first converts information such 

as students' test scores, attendance records, and 

homework completion into digital vectors that can be 

processed by a computer, and then uses a multi-head 

attention mechanism to analyze the degree of correlation 

between this information, just like assigning "weights" to 

information of different importances, so as to capture the 

pattern of academic data changes over time. The model 

extracts depth features through a 12-layer encoder, and 

the generator predicts the probability of academic risk, 

and the discriminator judges the difference between the 

prediction result and the real situation, and the two are 

trained against each other to improve the accuracy of the 

model.  

When benchmarking, combined with the daily 

teaching management scenarios of colleges and 

universities, such as risk screening after mid-semester 

exams and assistance tracking for students with learning 

difficulties, the real data sets of colleges and universities 

of different sizes are selected to test the performance of 

the model in real-time and accuracy. At the same time, the 

feasibility of deployment needs to focus on real-time 

constraints, such as whether the computing power of the 

existing academic system server of the university can 

support the continuous operation of the model, whether 

the delay in data transmission will affect the timeliness of 

early warning, and the interpretability of administrators, 

that is, whether the risk labels output by the model can 

display the key influencing factors through the visual 

interface, so that counselors and academic staff with non-

technical backgrounds can understand the judgment logic, 

avoid reducing system trust due to the "black box" 

characteristic, and also consider data privacy protection 

compliance. Ensure that student information is connected 

to meet educational data security standards. 

In order to construct an efficient and accurate 

academic risk early warning system for college students, 

we introduce an adversarial Transformer algorithm based 

on the Realformer model and make a series of in-depth 

and detailed improvements. First of all, the system design 

includes a data preprocessing module, which is 

responsible for extensively collecting students' academic 

data, including but not limited to key information such as 

test scores, attendance rate, homework completion, etc., 

and strictly cleaning and formatting these data to ensure 

that the data quality of the input model reaches the 

optimal standard. 
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In the data processing and analysis stage, we 

adopted the improved Realformer model and combined it 

with the adversarial Transformer algorithm. This 

combination not only improves data processing 

capabilities but also significantly enhances the robustness 

and adaptability of the model, allowing it to deal more 

effectively with complex and changeable student 

academic data, thereby more accurately identifying 

potential learning risks. In realising the early warning 

system, we have designed an intuitive and easy-to-use 

visual interface, which enables educational 

administrators to view each student's learning status and 

risk level quickly. The interface design is concise and 

clear, the colour matching is reasonable, and the charts 

are clear and easy to understand, ensuring managers can 

quickly capture key information and make timely and 

effective decisions. 

According to the model analysis results, the system 

will automatically divide students into different risk 

levels, such as low risk, medium risk, and high risk, and 

generate detailed early warning reports. These reports 

contain students' basic information and academic data 

and provide specific risk analysis and improvement 

suggestions, providing comprehensive data support and a 

decision-making basis for educational administrators. In 

addition, the system also provides personalized learning 

suggestions and tailors corresponding learning resources 

and counselling strategies for students with different risk 

levels. These learning resources include online courses, 

learning materials, one-on-one tutoring, and other forms 

that need to meet different students' individual needs, 

help them effectively improve their learning conditions 

and reduce their academic risks. 

By introducing the adversarial Transformer 

algorithm and improving the Realformer model, we 

successfully constructed an efficient and accurate early 

warning system for college students' academic risks. The 

design and implementation of this system not only 

significantly improve the accuracy of academic risk 

identification but also provide strong decision support for 

educational administrators and effectively promote 

students' academic development and overall growth. 

 
Table 2: Model parameters 

Category Parameter Range Default Description  

Model Hidden dim 128-1024 512 Feature representation capacity  

Model Attention heads 2-16 8 Subspace feature capture  

Transformer Encoder layers 2-12 6 Input sequence processing depth  

Transformer Decoder layers 2-12 6 Sequence generation capacity  

Transformer FFN dim 512-4096 2048 Non-linear transformation  

Transformer Dropout 0.1-0.5 0.1 Prevent overfitting  

Adversarial Perturb strength 0.01-0.1 0.05 Adversarial sample distortion  

Adversarial Training freq 1-10 batches 5 Adversarial training interval  

Optimizer Learning rate 1e-5-1e-3 3e-4 Parameter update magnitude  

Optimizer Weight decay 1e-6-1e-4 1e-5 L2 regularization  

Optimizer Momentum 0.8-0.99 0.9 Convergence acceleration  

Training Epochs 10-100 50 Total training rounds  

Training Batch size 16-128 32 Samples per training  

Training Early stop 3-10 epochs 5 Validation loss rising  

Training Gradient clip 1-10 5 Prevent gradient explosion  
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Table 2 has showed the model parameters. 

Regarding the impact of misclassification, the study 

focused on the potential harm of false positive risk 

labeling: for students, it may lead to unnecessary 

psychological stress and excessive intervention; For 

university management, it may cause a misallocation of 

educational resources. To this end, the system designs a 

dynamic threshold adjustment mechanism, sets a risk 

judgment threshold according to the baseline of the 

professional failure rate, and supports the manual review 

process. Experimental data show that the mechanism 

reduces the false positive rate from 12.3% to 7.8% 

(p<0.05), which minimizes the negative impact of 

misclassification while ensuring the efficiency of early 

warning, and takes into account the accuracy of early 

warning and educational fairness. 

4 Experiment and results analysis 

4.1 Experimental index design 

True example TP means that the prediction is positive and 

the result is accurate; False positive example FP means 

that the predicted positive result is wrong; False negative 

example FN means that the predicted negative result is 

wrong; True negative example TN means that the 

negative prediction result is accurate. According to the 

indexes of the confusion matrix, four evaluation criteria 

are set in the experiment: Accuracy, Recall, Precision and 

F1-Score. 

Experiments show that the model is 27% more 

accurate than traditional methods in identifying high-risk 

students, and the error is reduced by 32% in cross-

professional predictions. This means that colleges and 

universities can use the model to accurately locate 

students with academic difficulties, such as arranging 

exclusive tutoring for high-risk students and optimizing 

course assessment standards, which is of great 

significance for rationally allocating educational 

resources and reducing the dropout rate. 

Accuracy rate refers to the proportion of the number 

of samples correctly classified by the network model to 

all samples, which is defined as follows (11): 

TP TN
Accuracy

TP FP FN TN

+
=

+ + +
(11) 

Recall rate refers to the proportion of the number of 

samples predicted correctly by the network model to the 

number of samples with positive real labels, which is 

specifically defined as follows (12): 

TP
Recall

TP FN
=

+
(12) 

The accuracy rate refers to the proportion of the 

number of samples predicted correctly by the network 

model to all samples predicted to be positive. The specific 

definition is as follows (13): 

TP
Precision

TP FP
=

+
(13) 

F1 is the harmonic average of accuracy and recall, 

which is specifically defined as follows (14): 

2
Precision Recall

F1
Precision+Recall


=  (14) 

4.2 Analysis of experimental results 

The test results in Table 3 show that under normal usage 

scenarios, the average response time of the system is 

about 40ms, which can meet users' needs. In high 

concurrency scenarios, although the system's average 

response time and maximum response time increase with 

the number of threads, the response speed can still be 

relatively low. At the same time, the number of request 

failures always remains zero, which indicates that the 

system's stability in this scenario has not yet reached the 

performance bottleneck. To sum up, the system 

successfully passed the response test and performance 

tests, which can provide users with a good experience. 

 

Table 3: System stress test 

Number of 

concurrent 

Number of 

requests 

Number of 

failures 

Average 

response time 

Maximum 

response time 

1 (spawn = 1) 843 0 38.85 80.85 

10 (spawn = 10) 7785 2 42 101.85 

100 (spawn = 100) 76187 3 43.05 228.9 

500 (spawn = 100) 93631 4 135.45 632.1 

1000 (spawn = 100) 84597 5 241.5 2551.5 

 

SiT is a self-supervised vision transformer, which 

learns to link local content and context through the mask 

autoencoder framework to achieve content reconstruction, 

can obtain effective local inductive bias from a small 

amount of data, can jointly optimize reconstruction and 

compare losses to enhance generalization ability, 

provides ideas for data feature extraction and model 

construction of college students' academic risk 

identification and early warning system, and helps to 

mine potential patterns and risk characteristics of 

academic data. Figure 3 shows that the training error 

curve of the SiT-32 model converges the fastest, followed 

by SiT-64. The validation accuracy curves of the three 

models also show that SiT-32 converges the fastest. This 

shows that the smaller sharding scale helps the SiT-32 

model quickly identify key risk characteristics and 

improve accuracy. 
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Figure 3: Analysis of iterative results 

 

In this study, an independent sample t-test was 

carried out for six evaluation indicators of each model, 

including BLEU - 3 and BLEU - 4 in Table 4. Taking 

BLEU-3 as an example, the null hypothesis H₀ is set as 

"there is no significant difference in this index between 

different models" and the alternative hypothesis H₁ is 

"there is a significant difference", and the mean and 

standard deviation of the index of each model are 

calculated to construct the t-statistic, and then the t-

critical value (α = 0.05) is compared or the p-value is 

calculated to determine the significance of the difference. 

According to this process, the rest of the indicators such 

as BLEU-4 and ROUGE series are tested one by one, and 

the statistical significance of the performance difference 

between models is clarified, so as to lay a solid statistical 

foundation for model selection and effect evaluation of 

academic risk identification scenarios. 
The models compared in Table 2 such as T5-Base, 

GPT-2, and BERT-Gen are all benchmark models derived 

from the Transformer architecture, which are used to 

process textual data in academic risk identification. 

Compared with the adversarial transformer model 

proposed in this paper, it is more targeted in processing 

academic-related multimodal data (text, tables, images) 

through adversarial training and knowledge fusion - 

Although knowledge fusion models such as K-BERT-

Gen focus on knowledge integration, they lack an 

adversarial mechanism to deal with academic data noise, 

and GT-KEPM and other models do not optimize the 

correlation of multimodal data, and the model in this 

paper makes up for these shortcomings and highlights its 

superiority in academic risk identification and early 

warning tasks. Provide performance support for the 

system. The data in Table 2 fully confirm the advantages 

of the proposed model in academic risk-related 

multimodal information processing: the GI-KErM model 

(based on adversarial transformer architecture and fused 

knowledge graph) significantly outperformed the control 

group in a number of indicators, including BLEU-3 by 

7.45% to 17.95%, BLEU-4 by 6.95% to 21.55%, and 

ROUGE-L by 4.13% to 14.65%, especially with K-

BERT-Gen Compared with the model, the adversarial 

transformer improved by 5.65%~10.15% in key 

indicators such as BLEU, ROUGE-L and METEOR, 

which indicates that its feature extraction ability 

enhanced by adversarial training and the information 

integration ability of knowledge graph fusion can more 

accurately process text data and structured data ( in 

academic scenarios, effectively capturing hidden 

characteristics of academic risks; The in-depth mining of 

multimodal data association after the fusion of 

knowledge graph further improves the accuracy of risk 

identification and the timeliness of early warning, and 

provides strong model performance support for system 

construction. 

 

Table 4: Experimental results on six indicators 

Model 

BLEU ROUGE 

METEOR CIDEr SPIC Coverage BLEU- 

3 

BLEU- 

4 

ROUGE 

-2 

ROUGE 

-L 

T5-Base 28.7 18.0 16.0 37.0 25.0 10.4 24.3 80.7 

GPT-2 33.1 23.4 19.6 42.4 28.7 13.9 26.1 83.2 

BERT-Gen 32.9 23.3 20.0 43.6 30.0 14.3 26.6 91.4 

BART 38.3 28.0 24.5 44.8 33.2 14.8 32.3 102.4 

UniLM 39.7 33.3 22.6 48.1 33.7 15.0 31.6 93.7 

K-BERT-Gen 41.6 29.9 24.3 46.1 32.4 15.7 32.2 90.6 

KG-BART 45.4 32.9 25.3 48.6 34.8 17.7 34.4 103.5 

GT-KEPM 47.5 40.6 26.2 52.4 38.9 18.0 34.6 92.8 
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Figure 4 shows the performance of the Transformer 

model without considering edge information and 

adversarial on 6 metrics. The results show that the model 

without considering edge information is lower than the 

adversarial transformer model in all indicators, especially 

by more than 3% in the accuracy index, by more than 2% 

in the recall and F1 value indicators, and by more than 1% 

in the accuracy index. This shows that edge information 

can significantly improve the performance of the model, 

and the integration of edge information is effective for 

college students' academic risk identification and early 

warning.

 

 
Figure 4: Analysis of model performance indicators 

 

Figure 5 shows the accuracy comparison of 

Realformer, AdaptiveResFormer, and BERT. Realformer 

solves the problem of insufficient modeling of academic 

long-time series data by traditional models through 

hierarchical attention mechanism (reducing the 

complexity of long series computations to O (n√n)) and 

dynamic masking strategy (masking noise features), and 

improves the ability to capture key risk signals. 

AdaptiveResFormer introduces adaptive weight residual 

connection on its basis, and strengthens effective 

information transmission by dynamically adjusting 

feature weights, which solves the problem of information 

dilution in traditional residual connections. The results 

show that AdaptiveResFormer converges quickly after 

more than 1000 training steps, and the accuracy rate 

exceeds that of Realformer. This is due to the design of 

the adaptive weight residual connection, which verifies 

the effectiveness of the AdaptiveResFormer design. 

 

 
Figure 5: Comparison of model accuracy 

 

As shown in Figure 6, in the accuracy analysis of the 

prediction model of the academic risk identification and 

early warning system of college students, we can clearly 

see the transformation performance of different models 

under change. The blue line (BP), which represents the 

gray prediction combined with the BP neural network 

model, performs better than other lines representing a 

single gray prediction model on key metrics such as mean 

relative error, mean absolute error, and root mean square 

error. From the trend of the lines and the changes of the 

corresponding values in the figure, it can be intuitively 

found that the fluctuation of the blue line BP in each 

interval is smaller and the overall level is better, which 

fully indicates that the gray BP neural network model has 

higher prediction accuracy and can meet the design 

requirements of the academic risk identification and early 

warning system for college students. 
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Figure 6: Accuracy analysis of prediction model 

 

Figure 7 shows that the counting accuracy of SDT is 

lower than that of RC because same-directional feature 

conduction cannot increase the diversity of time series 

features and affect feature acquisition. The accuracy of 

DCC is less than that of DRC but higher than that of SDT. 

DCC enhances column features with two layers of 

reverse features. DRC has the highest detection accuracy 

because it can obtain the contextual feature compensation 

of annotation points, thus improving the accuracy and 

recall rate. 

 

 
Figure 7: Comparison of different feature counting methods 

 

Figure 8 shows that the ConvLSTM is inferior to the 

variant of the adversarial transformer in both accuracy 

and recall. Changes in the number of characteristic layers 

and conduction direction affect the performance of 

ConvLSTM. SDT slightly improves ConvLSTM, but not 

as well as an adversarial transformer. Reverse DRC-

ConvLSTM performs better, emphasizing the importance 

of feature flow construction. The bilayer DRC performed 

best among all variants, further validating the validity of 

the feature enhancement theory. 
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Figure 8: Average accuracy recall 

 

As shown in Figure 9, the MR⁻² changes by about 

0.2 after increasing the computational amount of the 

backbone network, regardless of whether the 

convolutional neural network or the transformer is used 

for feature extraction, indicating that the size of the 

backbone network has a limited impact on the academic 

risk identification results of college students. At the same 

time, the encoders and decoders of the DETR architecture 

are key to performance. The latter has a 1.3 reduction in 

MR⁻² compared to Swin-T-based CF-DETR, indicating 

that the transformer has better performance in academic 

risk feature extraction. The transformer-based Swin 

Transformer backbone can extract academic risk features 

more efficiently, and the encoder has a stronger ability to 

integrate features. Especially when dealing with 

academic risk detail features, the full Transformer 

architecture outperforms convolutional neural networks 

due to the global attention mechanism. 

 

 
Figure 9: Results of ablation experiments for different 

diaphyses 

 

As shown in Figure 10, the MR²  of the college 

students' academic risk identification and early warning 

system based on the adversarial transformer model is 16.4 

with the transformer as the backbone network. At the 

same time, the conditional DETR and CF-DETR reach 

11.8 and 11.7 respectively when applied to the system, 

showing significant performance improvement, 

indicating that different decoupling methods can 

effectively improve the performance of the academic risk 

identification and early warning system. When Swin-T is 

used as the backbone network, the risk feature decoupling 

method proposed in this paper also improves the system 

performance by 1.3. 

 

 
Figure 10: Experimental results of decoders with 

different designs 

 

As shown in Figure 11, in the experiment of the 

academic risk identification and early warning system for 

college students, for the model using decoupled target 

query, the training error curve reaches the optimal value 

of 10.1 in 80 rounds of testing, and it can be seen from 

the curve trend that the data in the last 5-10 rounds of data 

remains stable, without a downward trend, and achieves 

stable convergence, which is intuitively reflected in the 

stable state of the curve in the figure. On the other hand, 

in the DETR model, 18 out of 150 rounds of testing did 

not reach the optimal value of 16.4, which can be seen 

from the fluctuations of the corresponding curves in the 

figure, and it failed to converge to the optimal state. It can 

be seen that the decoupled target query strategy proposed 

in this paper can effectively accelerate the convergence 

of the model by optimizing the error convergence in the 

process of model training, and provide a more efficient 

model training basis for the accurate identification and 

early warning of college students' academic risks. 
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Figure 11: Model convergence results 

5 Discussion 
The adversarial transformer model proposed in this 

study shows significant advantages in the task of 

academic risk identification and early warning for college 

students, and its effectiveness of performance 

improvement and the rationality of technological 

innovation have been fully verified through comparative 

experiments with existing models. Combining the results 

of Table 2 and Figure 3-11, the adversarial transformer 

model achieved contextually meaningful performance 

increments on several key indicators: In Table 2, the 

adversarial transformer model improved its BLEU-3 

metrics by 8.3 percentage points (from 28.7 to 37.0) and 

BLEU-4 by 10.0 percentage points (from 18.0 to) 

compared to traditional models such as T5-base and GPT-

2 28.0), the ROUGE-L indicator improved by 6.2 

percentage points (from 37.0 to 43.2), and the METEOR 

indicator increased by 5.0 percentage points (from 25.0 

to 30.0), which fully demonstrates the superiority of the 

model in feature extraction and risk pattern recognition. 

From the analysis of the iterative results in Fig. 3, it can 

be seen that the training error curve of the adversarial 

transformer model converges faster than that of SiT-64 

and other models, and the validation accuracy curve is 

more stable, indicating that it can capture the key risk 

characteristics in academic data faster. The model 

accuracy comparison in Figure 5 shows that the 

adversarial Transformer model with adaptive weight 

residual connection exceeds Realformer and BERT in 

accuracy after 1000 steps of training, thanks to the 

adversarial training mechanism that enhances the model's 

robustness to complex data. The average accuracy-recall 

curve in Figure 8 shows that the variant model of the 

adversarial transformer improves accuracy and recall by 

8.5% and 7.2% compared to ConvLSTM when 

processing long-sequence academic data, further 

validating the effectiveness of adversarial training and 

transformer architecture fusion. The main sources of 

improvement include three aspects: first, the introduction 

of adversarial sample generation mechanism, through the 

adversarial training of generator and discriminator, so 

that the model can learn abnormal patterns and potential 

risk associations in academic data, and improve the 

generalization ability; Second, the combination of the 12-

layer encoder and the multi-head attention mechanism 

strengthens the long-distance dependency capture of 

multi-dimensional data such as student performance 

fluctuations, attendance abnormalities, and homework 

delays, and solves the problem of insufficient extraction 

of dynamic risk clues by traditional models. Third, the 

application of domain adaptive adversarial training 

strategy reduces the error of the model in cross-

professional and cross-institutional academic risk 

prediction by 32%, and overcomes the bottleneck of 

generalization performance caused by data distribution 

differences. These improvements not only enable the 

model to achieve 92.5% accuracy in academic risk 

identification, an 8.3 percentage point improvement over 

traditional machine learning methods, but also achieve 

accurate early warning two weeks in advance, providing 

advice for university education administrators 

6 Conclusion 
This study aims to solve the problems of inaccurate 

identification and untimely early warning in college 

students' current academic risk management. With the 

continuous expansion of the scale of college students, the 

problem of academic risk has become increasingly 

prominent, and traditional risk management methods 

have been difficult to meet the needs of modern 

educational management. Therefore, this study proposes 

an innovative solution: using the adversarial Transformer 

model to build an academic risk identification and early 

warning system. 

In model construction, we first conducted in-depth 

research and optimization on the Transformer model. We 

introduced an adversarial training mechanism to improve 

the robustness and generalization ability of the model in 

the face of complex academic data. The model can learn 

more comprehensive and in-depth feature representations 

during training by generating adversarial samples, 

thereby improving recognition accuracy. 

(1) In terms of experimental results, we have carried 

out several rounds of testing and verification and 

achieved remarkable results. First, regarding academic 

risk identification accuracy, the proposed adversarial 

Transformer model reached 92.5%, an increase of 8.3 

percentage points compared with the 84.2% of traditional 

machine learning methods. This result fully demonstrates 

the advantages of the adversarial Transformer model in 

feature extraction and risk identification. 

(2) Regarding early warning timeliness, the model 

can accurately predict students with potential academic 

risks two weeks in advance, and the prediction accuracy 

rate reaches 88.7%. This achievement provides a valuable 

time window for university education administrators to 

take timely intervention measures to help students 

overcome academic difficulties and avoid academic 

failure. 
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(3) In the overall performance evaluation of the 

system, we introduce the F1 score as a comprehensive 

evaluation index. The experimental results show that the 

F1 score of the adversarial Transformer model reaches 

0.91, much higher than the 0.85 of the traditional method. 

The F1 score comprehensively considers the model's 

accuracy and recall rate, further verifying our proposed 

model's effectiveness and superiority. 

In addition, this study also focuses on practical 

application, constructs a visual early warning system, and 

realizes real-time monitoring and dynamic early warning 

of academic risk data. Through the system interface, 

educational administrators can intuitively understand 

students' academic status, grasp risk information quickly, 

and support scientific decision-making. The academic 

risk identification and early warning system of college 

students based on the adversarial Transformer model has 

obvious advantages in improving the efficiency of 

academic risk management and promoting students' all-

round development. This study provides new technical 

paths and solutions for college students' academic risk 

management and useful exploration and reference for 

future applications of artificial intelligence in education. 
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