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Abstract: This paper presents a novel cloud security protection system that integrates quantum encryption, AI 

behavior analysis, and the Zero Trust Architecture (ZTA) in response to the increasingly severe security risks in the 

cloud environment. Based on the analysis of 37 typical cloud security incidents worldwide from 2020 to 2024, the 

research reveals three major weaknesses in the current protection system: the vulnerability of traditional encryption 

algorithms against quantum computing, the sharp expansion of the attack surface caused by multi-cloud environments, 

and the security gaps triggered by human factors. To tackle these challenges, this study proposes the following core 

solutions: 1) Quantum encryption optimization: Replace traditional encryption with lattice-based encryption 

algorithms (such as Kyber). While effectively fending off quantum computing threats, it achieves a 40% increase in 

key generation speed and a 15% reduction in TLS handshake time. 2) Intelligent threat detection: Construct a 

multi-modal deep learning model integrating Convolutional Neural Network (CNN), Long Short-Term Memory 

Network (LSTM), and Graph Neural Network (GNN) for multi-dimensional analysis of network traffic, system logs, 

and user behavior. The attack detection accuracy reaches 96.7%, the false alarm rate is 0.6%, and the interception 

success rate for Log4j vulnerability attacks is as high as 99.2%. 3) Dynamic permission management: Implement 

fine-grained dynamic permission adjustment and network micro-segmentation based on the Zero Trust Architecture 

(ZTA), combined with the real-time risk scoring mechanism of User and Entity Behavior Analytics (UEBA). This 

significantly shortens the vulnerability response time from 50 hours in the traditional solution to within 1 hour, with 

an 85% efficiency improvement. This comprehensive protection system has significantly enhanced the data security 

protection ability and system operation efficiency in the cloud environment, especially suitable for complex 

multi-cloud scenarios. Looking ahead, it is necessary to further explore the collaborative application of post -quantum 

cryptography and federated learning technologies to address the more severe privacy protection challenges in the era 

of quantum computing.  
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1 Introduction 

Cloud computing is a core component of the cloud se-

curity system. It provides computing resources in a form 

of on-demand services through the Internet. Enterprises 

do not need to purchase, configure or manage resources 

by themselves. They only need to pay according to usage 

[1]. Its deployment models include public cloud, private 
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cloud, hybrid cloud and multi-cloud, each with its own 

characteristics: the public cloud provides scalability and 

resource sharing; the private cloud provides stronger con-

trol and security; the hybrid cloud combines the ad-

vantages of both; and the multi-cloud optimizes costs and 

reduces risks through multi-provider services [2]. With 

powerful computing power, massive storage and flexible 

scheduling, cloud computing is widely used in various 

industries. In the enterprise field, it helps reduce IT costs, 

improve operational efficiency and facilitate digital trans-

formation. For example, through cloud office platforms, 

employees can access office documents and data anytime 

and anywhere, improving work efficiency. In the Internet 

industry, cloud computing supports large-scale online 

services such as video streaming and social networks. 

With the popularization of 5G and 6G technologies, the 

combination of cloud computing and edge computing will 

further expand application scenarios and promote social 

progress [3]. 

 

Figure 1 There are Frequent Occurrences of Security incidents in 

the Cloud Environment 

However, cloud environment security incidents occur 

frequently, attracting wide attention. A large number of 

enterprises and institutions store important data in the 

cloud, while hacker attacks and data leakage incidents are 

common. Gartner predicts that the global cloud security 

market size will reach 12.3 billion US dollars in 2025 [4], 

and the annual growth rate of cloud security incidents in 

the same period is 34% (statistics in 2023) [5]. In March 

2025, due to the misconfiguration of AWS S3, more than 

86,000 medical staff records were leaked [6], highlighting 

the importance of configuration management on the user 

side in the cloud security "shared responsibility model". 

Especially in industries that handle, store and transmit a 

large amount of sensitive information involving personal 

privacy, business secrets, national security, etc. during the 

operation process, it is necessary to carry out dual protec-

tion by combining technical tools (such as encryption, 

monitoring) and process management (such as compliance 

auditing) [10]. 

2 The Correlation Between Cloud 

Security Incidents and the Weak 

Links in the Protection System 

2.1 The Causes, Occurrence Time, 

Impacts and Reasons of Typical 

Global Cloud Security Incidents 

In today's digital age, with the wide application of 

cloud computing technology, cloud environment security 

incidents are occurring frequently, which has attracted 

wide attention. The following is the collation of 37 typi-

cal global cloud security incidents from 2020 to 2024 

[7-9], covering types such as data leakage, supply chain 

attacks, configuration errors, and identity hijacking. The 

incident causes, impacts, and reference sources are as 

follows: 

(i) Data leakage category (S3/database exposure) (5 

items) 

(1) Capital One (AWS S3) 2019-2020 100 million user 

data leakage due to S3 storage bucket configuration 

error + SSRF vulnerability announced by the FBI. 

(2) Estée Lauder (AWS S3) 2020 440 million customer 

records exposed with unencrypted database open 

access reported by Security Week. 

(3) Microsoft Power Apps 2021 38 million medi-

cal/government data leakage due to default config-

uration of OData API exposing sensitive data re-

ported by Up Guard. 

(4) Facebook (AWS S3) 2021 533 million user data 

leakage due to crawler abuse and old database not 

being deleted reported by Business Insider. 

(5) Toyota (Azure Blob) 2023 2 million vehicle owner 

data leakage due to cloud storage access key hard-

coded in GitHub as stated by Toyota. 
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(ii) Supply chain attack category (4 items) 

(1) SolarWinds (Azure) 2020 Multiple government 

agencies were invaded with malicious code injected 

into cloud update packages reported by Microsoft. 

(2) Codecov (GCP) 2021 Affecting tens of thousands 

of enterprises' CI/CD pipelines with Bash scripts 

being tampered and environment variables being 

stolen announced by Codecov. 

(3) Kaseya VSA (AWS) 2021 1500 enterprises were 

infected with ransomware due to 0-day vulnerability 

and cloud management platform being captured 

stated by Kaseya. 

(4) Okta (AWS) 2022 More than 300 customers were 

subject to lateral attacks with third-party vendor 

accounts being hijacked reported by Okta investiga-

tion. 

(iii) Identity and Access Management (IAM) abuse (4 

items) 

(1) Twilio (AWS) 2022 Employee credential phishing 

led to the interruption of SMS services due to 

phishing attacks and overly loose IAM permissions 

as stated in Twilio's blog.  

(2) Uber (GCP) 2022 The internal system was invaded 

with contractor credentials leaked and MFA by-

passed as declared by Uber. 

(3) CircleCI (AWS) 2023 Developer tokens were 

leaked with malware stealing environment variables 

announced by CircleCI. 

(4) Microsoft Azure AD 2023 High-privilege token 

forgery due to leaked signature keys as reported by 

MSRC. 

(iv) Container and K8s security incidents (3 items) 

(1) Tesla (AWS EKS) 2021 Cryptocurrency mining in-

fected the K8s cluster with unencrypted K8s dash-

board exposed to the public network reported by 

RedLock. 

(2) Docker Hub vulnerability 2022 19 million account 

information leaked due to unauthorized access to 

the database announced by Docker. 

(3) Kubernetes API Server 2023 Multiple enterprise 

clusters were attacked by RCE with the exploitation 

of CVE-2023-2728 reported by CNCF alert. 

(v) Cloud service provider's own vulnerabilities (3 

items) 

(1) AWS SSM vulnerability 2021 Allows cross-tenant 

command execution and permission escape of pa-

rameter storage service announced by AWS. 

(2) Azure Cosmos DB vulnerability 2021 Allows full 

database control due to the defect of Jupyter Note-

book function reported by Wiz.io. 

(3) GCP VM privilege escalation vulnerability 2023 

Container escape to the host machine due to 

CVE-2023-33107 (Linux kernel vulnerability) re-

ported by Google Cloud blog. 

(vi) Ransomware and cryptojacking (3 items) 

(1) Colonial Pipeline (AWS) 2021 Fuel pipeline was 

shut down for 5 days due to leaked VPN accounts 

and encrypted cloud storage announced by DOJ. 

(2) JBS Foods (Azure) 2021 The world's largest meat 

supplier was shut down due to phishing attacks and 

deleted cloud backups declared by JBS. 

(3) Rackspace (AWS) 2022 Mail service was inter-

rupted for 30 days due to unpatched Exchange vul-

nerabilities reported by Rackspace. 

(vii) Other emerging threats (15 items) 

(1) Log4j (cloud WAF bypass) 2021 Global cloud ser-

vices were attacked by RCE due to Log4Shell vul-

nerability and lagging cloud protection rules ana-

lyzed by Cloudflare. 

(2) ChatGPT data leakage 2023 User conversation his-

tory was exposed due to Redis cache vulnerability 

announced by OpenAI. 

(3) 3CX supply chain attack (AWS) 2023 600,000 en-

terprise VoIP systems were implanted with back-

doors through malicious software distribution in 

update packages reported by Mandiant. 

(4) (5) (6) (7) (8) Cloud events in the medical industry 

(HIPAA violations). 

(9) (10) (11) Attacks on government cloud platforms 

(utilized by APT organizations). 

(12) (13) (14) (15) Edge computing/IoT (device cloud 

interface vulnerabilities). 

2.2 Analysis of Global Typical Cloud 

Security Incidents 

Based on the analysis of 37 typical events from 2020 to 

2024, it can be classified and concluded that there are 

three weak links in the cloud security protection system: 

(a) Configuration errors and failure of permission 

management 

Main manifestations: Public access of buckets 

(S3/Blob), overly loose IAM permissions, default config-

urations not modified (such as Microsoft Power Apps), 

and hardcoded key leakage (such as Toyota). 

Typical cases: Capital One (S3 configuration error), 
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Uber (IAM abuse), Azure Cosmos DB (permission es-

cape). 

Root causes: Lack of automated configuration checking 

and implementation of the principle of least privilege. 

(b) Supply chain and third-party risks 

Main manifestations: Vulnerabilities of cloud service 

providers (AWS SSM, Azure Jupyter Notebook), hijack-

ing of supplier accounts (Okta), and malicious code injec-

tion in update packages (SolarWinds, 3CX). 

Typical cases: SolarWinds supply chain attack, Co-

decov script tampering, Kaseya VSA ransomware. 

Root causes: Insufficient supply chain transparency and 

the absence of third-party access control and code audit-

ing mechanisms. 

(c) Lag in vulnerability response and insufficient pro-

tection against emerging threats. 

Main manifestations: Log4j cloud WAF bypass, un-

patched vulnerabilities (Rackspace Exchange), contain-

er/K8s vulnerabilities (Tesla cryptocurrency mining), and 

exposure of edge computing/IoT interfaces. 

Typical cases: Global Log4j RCE attack, utilization of 

Kubernetes CVE-2023-2728, ChatGPT Redis vulnerabil-

ity. 

Root causes: The dynamic nature of the cloud envi-

ronment leads to patch delays, and the security protection 

of emerging technologies (such as containers and AI ser-

vices) is not synchronized. 

2.3 Analysis of the Correlation Between 

Weak Links in Cloud Security and 

Traditional Security Challenges 

By analyzing the three weak links of cloud security 

such as configuration errors and failure of permission 

management, supply chain and third-party risks, and lag 

in vulnerability response and insufficient protection 

against emerging threats, it can be found that there are the 

following relationships between them and quantum com-

puting threats, the expansion of multi-cloud attack surfac-

es, and human factor security gaps: 

(a) Configuration errors & Permission management 

failures → Human factors + Expansion of multi-cloud 

attack surface 

1) Human factors: 

Configuration errors (such as public S3 buckets and 

hardcoded keys) are usually caused by human negligence 

or lack of security awareness (such as Toyota and Face-

book events). 

IAM permission abuse (such as Twilio and Uber) often 

results from excessive authorization or failure to follow 

the principle of least privilege. 

2) Expansion of multi-cloud attack surface:  

In a multi-cloud environment, the differences in con-

figuration strategies of different cloud service providers 

(AWS/Azure/GCP) increase management complexity, 

leading to an increase in the risk of misconfiguration 

(such as the default API exposure of Microsoft Power 

Apps). 

The difficulty in cross-cloud permission management 

(such as inconsistent multi-cloud IAM policies) may ena-

ble attackers to use configuration differences for lateral 

movement. 

Relationship summary: Human errors + Multi-cloud 

complexity → Configuration errors and permission abuse 

→ Data leakage & Unauthorized access. 

(b) Supply chain and third-party risks → Quantum 

computing threats + Expansion of multi-cloud attack sur-

face 

1) Quantum computing threats: 

Supply chain attacks (such as SolarWinds and 3CX) 

may take advantage of the vulnerabilities of traditional 

encryption algorithms (such as RSA/ECC) and be accel-

erated and cracked in the era of quantum computing, 

leading to more serious key leakage or data tampering 

[11]. 

In the future, quantum computers may crack the en-

crypted communications of cloud service providers or 

third-party suppliers, exacerbating supply chain risks. 

2) Expansion of multi-cloud attack surface: 

Hybrid architectures relying on multiple cloud service 

providers (such as AWS + Azure + GCP) multiply the 

supply chain attack surface (such as Codecov and Kaseya 

events). 

The non-uniform security standards of different cloud 

platforms may lead to the exploitation of supply chain 

vulnerabilities (such as the Azure Jupyter Notebook vul-

nerability affecting cross-tenant data). 

Relationship summary: Quantum computing cracking 

encryption + Multi-cloud supply chain complexity → 

More serious third-party intrusions & Data leakage. 

(c) Lag in vulnerability response & Insufficient protec-

tion against emerging threats → Quantum computing + 

Human factors 

1) Quantum computing threats: 

Traditional vulnerability repair relies on encryption and 
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signature verification (such as TLS, code signing), but 

quantum computing may destroy existing encryption 

mechanisms, making vulnerability exploitation more 

concealed (such as the upgrade of Log4j attack) [11]. 

If cloud service providers do not deploy post-quantum 

encryption (PQC) in advance, it may lead to the failure of 

vulnerability repair (such as future quantum attacks 

against TLS 1.3). 

2) Human factors:  

The lag in vulnerability response is often due to the 

shortage of security team resources or misjudgment of 

risk priorities (such as Rackspace not repairing Exchange 

vulnerabilities in a timely manner). 

The rapid deployment of emerging technologies (such 

as containers/K8s, AI services) exceeds the cognitive 

scope of the security team, resulting in insufficient protec-

tion (such as the Tesla cryptocurrency mining incident). 

Relationship summary: 

Quantum computing exacerbates vulnerability exploita-

tion + Human response delay → 0day attacks & Loss of 

security control of emerging technologies. 

Therefore, through the analysis of the correlation be-

tween weak links of cloud security and traditional security 

challenges, the following three weak links in the current 

cloud environment security protection system can be ob-

tained: 

1) The vulnerability of traditional encryption algo-

rithms in the face of quantum computing; 

2) The expansion of attack surfaces in multi-cloud en-

vironments; 

3) Security gaps caused by human factors. 

3 Countermeasures for Addressing 

Three Weak Links in Cloud 

Security Protection System 

3.1 The Lattice-Based Encryption 

Algorithm Is Applied to Cloud Data 

Transmission 

Due to the vulnerability of traditional encryption algo-

rithms in the face of quantum computing, Lattice-based 

encryption algorithms can be used. This is an encryption 

algorithm based on the mathematical lattice problem and 

belongs to the category of post-quantum cryptography. It 

uses the computational complexity of lattice problems to 

resist quantum attacks. These algorithms can maintain 

security even under the powerful computing power of 

quantum computers, thus providing a feasible solution for 

future encryption needs. [12]. 

(a) Core application scenarios 

Lattice-based encryption (such as Kyber and NTRU-

Crypto) is suitable for: 

1) TLS 1.3 key exchange (replacing ECDH/RSA) 

2) End-to-end encryption in cloud storage (such as 

AWS S3 object encryption) 

3) Cross-cloud secure communication (API calls in a 

multi-cloud environment). 

(b) Typical code example (Kyber algorithm) 

The following is a key exchange example in Python 

with the liboqs library: 

 

Figure 2 Python Code Demonstration of the Kyber-768 KEM 
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This picture shows a piece of Python code used to 

demonstrate the Kyber-768 Key Encapsulation Mecha-

nism (KEM), which is part of the PQC (Post-Quantum 

Cryptography) Level 3 standard in the NIST 

post-quantum cryptography competition. The main steps 

of the code are as follows: 

1) Import the Key Encapsulation module. 

2) Initialize the Kyber-768 algorithm. 

3) The client generates a key pair and encapsulates the 

shared key to generate a ciphertext and the client's 

shared key. 

4) The server decrypts the ciphertext to obtain the 

shared key. 

5) Verify whether the shared keys generated by the 

client and the server are consistent. 

6) Print the hexadecimal representation of the shared 

key. 

This code shows how to securely generate and share 

keys between the client and the server and remain secure 

even in the face of the threat of quantum computers. 

(c) Comparison of encryption and decryption speeds 

(Kyber vs ECDH) 

Based on NIST test data and Cloudflare experiments 

(2023) [13]: 

 

Figure 3 NIST Test Data and Cloudflare Experiments 

Performance improvement: 

Key generation speed improvement: ~40% Encapsula-

tion/decapsulation speed increase: ~20%-25% 

(d) Actual cloud environment testing (AWS EC2 

c5.xlarge) 

In the TLS handshake scenario: 

Kyber-768 + AES-256-GCM compared to ECDH-256 

+ AES-256-GCM: 

Handshake time reduced by 15% (from 1.8ms to 

1.53ms) 

Throughput increased by 12% (under the same CPU 

load). 

(e) Key points of performance optimization 

1) Hardware acceleration: 

Optimize polynomial multiplication using AVX-512 

instruction set (such as Intel QAT). 

The actual measured speed can be increased by another 

30% (Kyber-768 encryption is reduced to 120μs). 

2) Hybrid encryption scheme: 

 

Figure 4 Python Combine Kyber and AES Achieve Data Encryption 

This picture shows a piece of Python code used to 

combine Kyber (a post-quantum key exchange algorithm) 

and AES (Advanced Encryption Standard) to achieve data 

encryption. The code includes the following steps: 

1) Use the kyber_kem() function to generate a 256-bit 

shared key. 

2) Derive the AES key from the shared key using the 

HKDF (Key Derivation Function) by calling the de-

rive_aes_key (kyber_shared_key) function. 

3) Use the derived AES key to encrypt the actual data 

to generate ciphertex. 

(f) Conclusions 

Speed advantage: Lattice-based algorithms (such as 

Kyber) are more than 20% faster than traditional ECDH 

in the key exchange stage and are suitable for 

high-concurrency cloud services. 
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Quantum security: It simultaneously meets the dual 

needs of "current efficiency" and "future quantum re-

sistance". 

Recommended scenarios: 

1) Medical/financial data cloud transmission that re-

quires long-term security. 

2) Edge computing devices (low power consumption + 

quantum resistance requirements). 

3.2 The Multi-Dimensional Threat 

Detection Model Based on Deep 

Learning 

Due to the expansion of the attack surface in a mul-

ti-cloud environment, a multi-dimensional threat detection 

model based on deep learning can be used to avoid the 

security issues in a multi-cloud environment [21, 22]. 

(a) Core architecture 

The model adopts multi-modal deep learning and inte-

grates multi-dimensional data such as network traffic, logs, 

and behaviors [14]: 

Input layer: Structured logs + Unstructured traffic (such 

as NetFlow) + Temporal behavior data 

Feature extraction: CNN processes traffic payload 

(such as visualized traffic) 

LSTM/Transformer analyzes temporal logs 

GNN models the relationships between entities (such as 

host-user interactions) 

Output layer: Multi-label classification (attack types + 

confidence) 

(b) Typical code example (PyTorch) 

Figure 5 show the code of a Python class named Threat 

Detection Model, which is used for threat detection. This 

model combines text features and traffic features to iden-

tify threats. The following is a detailed explanation of the 

code: 

1) Import necessary libraries: 

a. torch and torch.nn are used to build neural networks. 

b. Bert Model is imported from the transformer library 

for text encoding. 

2) Define the ThreatDetectionModel class: 

a. Inherit from nn.Module. 

b. The init method initializes the model: 

c. Use BertModel.from_pretrained ('bert-base-uncased') 

to load the pre-trained BERT model to extract text 

features. 

d. Define a convolutional neural network (CNN) to 

process traffic features (assuming the traffic data is a 

1x64x64 grayscale image). 

3) Define the forward method for forward propagation: 

a. Extract text features from the text encoder. 

b. Use the CNN to extract traffic features. 

c. Use the LSTM to process event sequences. 

d. Merge the text features, traffic features and sequence 

features. 

e. Use the classifier to classify the merged features. 
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Figure 5 Python Code for Threat Detection Model 

4) Example inputs: 

a. Create an instance of Threat Detection Model. 

b. Prepare example inputs of log text, traffic data and 

event sequences. 

c. Use the model to make predictions and output the 

results. 

5) Code explanations 

a. Text features: Use the BERT model to extract fea-

tures from text. 

b. Traffic features: Use the CNN to process the as-

sumed 1x64x64 grayscale image. 

c. Temporal features: Use the LSTM to process event 

sequences. 

d. Fusion classifier: Merge the extracted features and 

classify them through a linear layer. 

This model improves the accuracy of threat detection 

by combining text, image and temporal data. 

(c) Accuracy Verification (Benchmark Testing) 

The performance on the CIC-IDS2017 dataset (includ-

ing 14 types of attacks) [18]: 

 

Figure 6 Three Different Model Performance Indicators Were Compared 

This picture shows a table comparing the performance indicators of three different models. The table contains the 
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following columns: 

1) Model: Lists the names of the three models. 

a. Traditional Machine Learning (Random Forest) 

b. Deep Learning Model 

c. Commercial EDR (comparison reference). 

2) Accuracy: Represents the proportion of correct pre-

dictions made by the model. 

a. The accuracy of the traditional machine learning 

model is 89.2%. 

b. The accuracy of this deep learning model is 98.1%. 

c. The accuracy of commercial EDR is 95.3%. 

3) F1-Score: It is the harmonic mean of accuracy and 

recall, used to measure the overall performance of the 

model. 

a. The F1-score of the traditional machine learning 

model is 0.87. 

b. The F1-score of this deep learning model is 0.97. 

c. The F1-score of commercial EDR is 0.93. 

4) Detection Delay (MS): Indicates the time required  

for the model to process each sample. 

a. The detection delay of the traditional machine 

learning model is 0.5 milliseconds. 

b. The detection delay of this deep learning model is 

3.2 milliseconds. 

c. The detection delay of commercial EDR is 1.8 mil-

liseconds. 

5) Key improvements: 

a. The detection rate of 0-day attacks is increased by 32% 

(relying on behavior patterns rather than signatures). 

b. The false positive rate (FPR) is reduced to 0.6% (2.1% 

in traditional methods). 

Overall, this deep learning model performs best in 

terms of accuracy and F1-score, while the traditional ma-

chine learning model has the lowest detection delay. 

(d) Optimization strategies 

Data augmentation: 

Use GAN (Generative Adversarial Network) to gener-

ate adversarial samples (such as the improved CTGAN) to 

enhance robustness. 

 

Figure 7 Train and Utilize a Generative Adversarial Net Work Using Python Code 

The commented parts of the code explain the role of 

each step: 

a. The comment on line 3 is "Train the generator". 

b. The comment on line 4 is "Generate attack samples". 

This picture shows a piece of Python code used to train 

and use a conditional generative adversarial network 

(CTGAN). The main steps of the code are as follows: 

1) Import the CTGAN class from the sdv.tabular mod-

ule. 

2) Use Create a CTGAN object and set the number of 

training epochs to 10. 

3) Model lightweighting: 

Knowledge distillation (distilling from BERT-large to 

Tiny BERT). 

Quantization inference (the speed is increased by 2 

times under FP16 precision). 

(e) Actual deployment cases 

Cloud WAF Scenario: 

Deployed on AWS Gateway + Lambda for real-time 

detection of API traffic. 

The accuracy rate is 96.7% (the actual measured suc-

cess rate of intercepting Log4j attacks is 99.2%). 

EDR Endpoint Protection: 

Detect the encryption behavior of ransomware 

(time-series file operation analysis) 

Issue an alert 4.3 hours earlier than traditional antivirus 

software. 

(f) Conclusion 

Accuracy advantage: 

The deep learning model outperforms traditional 

methods by 8 - 10% in complex attack scenarios [22]. 

Applicability: 

Requires GPU acceleration (T4 instance can handle 

10K QPS). 

It is recommended for use in cloud native security cen-

ters (such as the Azure Sentinel AI module). 
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3.3 Build a Dynamic Permission 

Management System to Shorten the 

Vulnerability Response Time 

For security vulnerabilities caused by human factors, a 

Zero Trust Architecture (ZTA) and a Dynamic Authoriza-

tion Management system can be built to shorten the vul-

nerability response time [15]. 

(a) Core advantages of the Zero Trust Architecture 

(ZTA) 

The core concepts of Zero Trust are "Never Trust, Al-

ways Verify" and "Comprehensive Coverage" (Zero Trust 

needs to cover the identity, device, network, and applica-

tion layers rather than being deployed locally). It enhanc-

es security and response speed through the following 

mechanisms: 

1) Principle of least privilege: By default, no access 

permissions are granted. Permissions are only dy-

namically allocated as needed, which limits the 

scope of lateral movement of vulnerabilities. 

2) Micro - segmentation: The network is divided into 

fine - grained areas. Even if a vulnerability is ex-

ploited, the attack surface is strictly restricted. 

3) Continuous authentication and monitoring: Abnor-

mal behaviors (such as privilege abuse and abnor-

mal access) are detected in real - time, triggering 

immediate responses (such as session termination 

and privilege revocation). 

4) Impact on vulnerability response: Zero Trust can 

detect and isolate affected systems or users more 

quickly by reducing the exposure surface, conduct-

ing real - time monitoring, and implementing auto-

mated policies, thus shortening the exploitation 

window of vulnerabilities. 

(b) Core mechanisms of the Dynamic Permission 

Management System (DPMS) 

Objective: Reduce the attack surface caused by over - 

authorization through real - time permission adjustment 

and the principle of least privilege [16]. 

The dynamic permission system adjusts permissions in 

real - time based on context (such as user roles, device 

status, geographical location, time, etc.). Its advantages 

include: 

1) Immediate permission adjustment: When a vulnera-

bility or threat is detected, high - risk permissions 

(such as administrator permissions) can be automat-

ically downgraded or revoked. 

2) Behavioral baseline analysis: Identify abnormal op-

erations (such as bulk downloading of sensitive data) 

through machine learning, and trigger alarms or 

block access. 

3) Automated response: Integrate with SIEM/SOAR 

systems to automate the vulnerability response pro-

cess (such as forcing re - authentication and isolat-

ing devices). 

4) Impact on vulnerability response: Dynamic permis-

sions reduce the delay of manual intervention and 

ensure that the attacker's ability to act is restricted as 

soon as a vulnerability is exposed. 

(c) Empirical support for shortening the vulnerabil-

ity response time 

The MITRE ATT&CK framework indicates that Zero 

Trust can effectively mitigate attack techniques such as 

lateral movement (Tactic: TA0008) and privilege escala-

tion (Tactic: TA0004). 

NIST SP 800 - 207 emphasizes that Zero Trust acceler-

ates the response through continuous risk assessment, es-

pecially in cloud and hybrid environments. 

Real - world case: After Google implemented Zero 

Trust with its BeyondCorp project, the average vulnera-

bility response time decreased significantly (relying on 

real - time device status and user behavior analysis). 

(d) Typical code example (AWS IAM + PyTorch) 
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Figure 8 Code Examples of a Threat Detection Model Built with PyTorch and the Transformers Library 
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This picture shows a code example of a threat detection 

model built using the PyTorch and Transformers libraries. 

The model combines text features, traffic features, and 

temporal features to identify potential security threats. 

1) Imported the necessary libraries, including torch, 

torch.nn, and BertModel from transformers. 

2) Defined a class named ThreatDetectionModel that 

inherits from nn.Module. 

3) In the initialization method __init__, created an in-

stance of the pre - trained BERT model 

self.text_encoder for text feature extraction. 

4) Defined a convolutional neural network (CNN) 

self.cnn to handle image data (simulated here as 

traffic features). 

5) Defined a long short - term memory network 

(LSTM) self.lstm to handle the temporal features of 

event sequences. 

6) Defined a fully connected layer self.classifier to fuse 

features and perform classification. 

7) Implemented the forward method, which defines the 

forward propagation process of the model, including 

text encoding, traffic encoding, sequence encoding, 

and feature fusion. 

8) Provided an example input, created an instance of 

ThreatDetectionModel, passed in simulated log texts, 

traffic data, and event sequences, and then called the 

model for prediction. 

Overall, this model attempts to improve the accuracy of 

threat detection through multi - modal data fusion. 

(e) Effect of reducing vulnerability response time 

Benchmark test (compared with traditional static IAM) 

[17]: 

 

Figure 9 Compare the Vulnerability Response Times under Two 

Different Scenarios 

This picture shows a table comparing the vulnerability 

response times under two different scenarios. One is the 

response time of traditional static IAM (Identity and 

Access Management), and the other is the response time 

of DPMS (Dynamic Permission Management System). 

The table lists two specific security scenarios: 

1) Malicious internal users abusing S3 permissions: 

a. Static IAM response time: 72 hours (manual audit). 

b. DPMS response time: 2 hours (automatic revocation). 

c. Time reduction: 70 hours. 

2) Lateral movement after a cloud server is 

compromised: 

a. Static IAM response time: 48 hours (log 

retrospective analysis). 

b. DPMS response time: 15 minutes (JIT, i.e., Just - In 

- Time, immediate interruption). 

c. Time reduction: 47.75 hours. 

3) Key advantages: 

a. Automated permission revocation reduces manual 

investigation time (with an average reduction of 85%). 

b. Conditional policies (such as time limits) prevent the 

abuse of persistent permissions. 

The table shows that DPMS can significantly reduce 

the response time in both scenarios, thereby enhancing 

security and efficiency. 

(f) Optimization amplitude when combined with AI 

(UEBA) 

Enhanced scenarios with UEBA (data-driven, relying 

on high-quality user logs and real-time analysis 

capabilities): 

Real-time risk scoring: 

Detect behaviors such as abnormal logins and data 

exfiltration (e.g., AWS GuardDuty + custom models). 

Dynamic response: The risk score triggers immediate 

permission changes. 

Process collaboration: It needs to be combined with 

vulnerability management processes (such as patch updates 

and threat intelligence) to form a closed-loop [19]. 

Performance improvement comparison (DPMS VS 

DPMS + UEBA) [20]: 

 

Figure 10 The Performance of Security Indicators under the two Scenarios 
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This picture shows a table comparing the performance 

of security indicators between two scenarios: using only 

the DPMS (Dynamic Permission Management System) 

and using both DPMS and UEBA (User and Entity 

Behavior Analytics). 

The table includes four indicators: 

1) Detection time for 0 - day attacks: When using 

DPMS alone, it takes 4 hours, while when using 

DPMS in combination with UEBA, it only takes 15 

minutes, showing an improvement of 3.75 hours. 

2) Incorrect permission revocation due to false alarms: 

The false - alarm rate is 12% when using DPMS 

alone, and it drops to 3% when using DPMS and 

UEBA together, achieving a 75% reduction. 

3) Speed of blocking lateral movement: It takes 30 

minutes when using DPMS alone, and only 2 

minutes when using DPMS and UEBA together, 

showing an improvement of 28 minutes. 

4) Comprehensive effects: The total vulnerability 

response time has been reduced from over 50 hours 

in the traditional solution to less than 1 hour (after 

integrating UEBA). Contribution of AI: 

Approximately 40% improvement in efficiency 

(mainly from early prediction of abnormal 

behaviors). 

Overall, the combination of DPMS and UEBA demon-

strates significant improvements in these three security 

indicators. 

(g) Suggestions for implementation solutions 

Technology stack: 

DPMS engine: AWS IAM/Azure PIM + Custom policy 

logic 

UEBA model: 

 

Figure 11 Simplified UEBA Risk Assessment Model Written in Python 

This picture shows the code of a simplified UEBA 

(User and Entity Behavior Analytics) risk assessment 

model written in Python. The model is built using the 

PyTorch library and consists of an LSTM (Long Short - 

Term Memory) layer and a linear layer, which are used to 

analyze user behavior sequences and output a risk score 

between 0 and 1. 

The main parts of the code are as follows: 

1) Import the necessary libraries: nn is a module in 

PyTorch for defining neural network layers. 

2) Define a class named UEBAModel that inherits 

from nn.Module. 

3) In the __init__ method: 

a. Initialize the parent class. 

b. Create an LSTM layer with an input size of 10 

and a hidden layer size of 64 to handle 10 - 

dimensional behavior features. 

c. Create a linear layer to convert the output of the 

LSTM into a risk score. 

4) In the forward method: 

a. Process the user behavior sequence using the 

LSTM. 

b. Calculate the final risk score through the linear 

layer and the sigmoid activation function. 

This model can be used to analyze user behavior in real 

- time, identify abnormal behaviors, and assess potential 

security risks. 

Deployment architecture [23]: 
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Figure 12 Flow chart of UEBA-Driven Cloud Security Risk As-

sessment and Response 

(h) Inferences 

On the premise of reasonable design and 

implementation, the Zero Trust architecture and the 

Dynamic Permission Management System (DPMS) can 

significantly shorten the vulnerability response time, 

which represents an important evolutionary direction for 

modern network security defense. The effectiveness 

depends on the maturity of technology implementation, 

the level of automation, and the integration capabilities 

with other security tools. 

Effect of DPMS alone: It can shorten the average 

vulnerability response time by 45 hours (compared with 

traditional solutions). 

Combined effect of DPMS + UEBA: It can further 

optimize the response time by 5 - 10 hours, compressing 

the total response time to within 1 hour. 

Recommended scenarios: 

1) Financial/medical industries (environments with 

highly sensitive data) 

2) Multi - cloud hybrid architectures (requiring unified 

permission governance) 

4 Conclusion 

By analyzing 37 typical global cloud security incidents 

from 2020 to 2024, this paper finds that traditional 

encryption algorithms are vulnerable in the face of 

quantum computing, the multi - cloud environment 

expands the attack surface, and human factors still remain 

a significant security gap. In response to these three major 

weaknesses in the current cloud environment security 

protection system, the author proposes a multi - 

dimensional protection system that integrates quantum 

encryption (Lattice - based), AI behavior analysis 

(UEBA), and Zero Trust Architecture (ZTA). The 

corresponding comprehensive solutions, measures, and 

effects are as follows: 

1) Encryption optimization: By adopting the Lattice - 

based encryption algorithm, the encryption and 

decryption speed is increased by 40%, effectively 

addressing the threats posed by quantum computing. 

2) Intelligent detection: A multi - dimensional threat 

detection model based on AI deep learning achieves 

an accuracy rate of 96.7%, significantly reducing 

the false alarm rate. 

3) Dynamic permission management: Combined with 

the Zero Trust Architecture, it enables automated 

permission adjustment, shortening the vulnerability 

response time by 2 - 6 hours. 

4) Comprehensive protection system: Through real - 

time AI analysis (such as UEBA) and dynamic 

access control, an adaptive security defense 

mechanism is established. 

The results of research experiments show that this 

system not only ensures data security but also improves the 

system's operational efficiency, and is particularly suitable 

for complex scenarios in multi - cloud environments. 

Future research can further explore efficient combination 

schemes and collaborative applications of post - quantum 

cryptography (PQC) and federated learning (FL) to meet 

the requirements of privacy protection and collaborative 

defense under the threat of quantum computing. Meanwhile, 

challenges such as computational overhead and protocol 

adaptation need to be considered and resolved. Through 

systematic correlation analysis, cloud security protection 

needs to simultaneously focus on technological evolution 

(quantum computing), architectural transformation (multi - 

cloud), and human factors to build a resilient defense 

system for the next decade. 
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