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A B S T R A C T  
 

Networked systems increasingly connect users, devices, applications, and services, making continuous 
identity verification essential for maintaining secure digital environments. Adaptive security 
technologies can learn from changing behavioral patterns and respond to emerging threats more 
effectively than static mechanisms. This study addresses the problem of maintaining accurate real-time 
identity verification while dynamically responding to evolving identity-related threats in networked 
systems. Static authentication methods and fixed security rules may fail when legitimate behavior 
changes or attackers develop new strategies, increasing false decisions and delaying threat mitigation. 
To address this challenge, this study develops an adaptive deep reinforcement learning framework that 
integrates identity, behavioral, device, and network information into dynamic security states. The 
framework enables a learning agent to select verification and threat-response actions according to current 
conditions and continuously improve its policy through environmental feedback. Experimental results 
show that the framework achieves 97.2% verification accuracy, 96.5% precision, 96.8% recall, and a 
96.6% F1-score with an average response time of 38 ms. These results demonstrate improved 
performance compared with traditional machine learning, deep learning, reinforcement learning, and 
existing DRL approaches. The findings extend existing research by jointly optimizing identity 
verification and threat response through adaptive decision-making, providing a more responsive 
approach for evolving network security environments. 

 

1. INTRODUCTION 

As networked environments become more integrated and connect end-users, machines, software applications, and services 
together, identity verification has become an indispensable requirement for establishing safe digital ecosystems [1]. The fast 
expansion of distributed networks results in ever-changing attack vectors in which identity-based attacks can constantly 
change and leverage the vulnerabilities of authentication and access control schemes [2]. Conventional methods of verifying 
identities are usually based on static rules, pre-defined thresholds, or models that are periodically adjusted, restricting their 
capability to respond to changing threats [3]. Such constraints become especially acute in real-time systems, where security 
decisions need to be made fast but still accurate and without any false alarms [4]. 

The current research work is concerned with the requirement of a dynamic mechanism that will be able to learn from the 
dynamic network environment and react to the identity-related attacks in an intelligent manner. The research framework is 
combining deep reinforcement learning with the identity verification in order to develop an intelligent agent that will be able 
to analyze the authentication states, take action based on that state and the identity of the individual user and then will learn 
from the security outcomes of that action. As a result, the framework is adapting its verification approaches according to 
behavioral dynamics and new threat patterns in the network environment. 

2. LITERATURE REVIEW 

Recent studies on identity verification and network security have begun to incorporate machine learning and deep learning 
techniques for detecting unusual users, anomalous behaviors during identity verification, and emerging cybersecurity threats 
[5]. Traditional techniques have adopted supervised classification algorithms, anomaly detection mechanisms, and 
behavioral profiling for enhancing identity verification precision [6]. Nevertheless, these techniques mostly rely on pre-
defined features, past data, and decision boundaries, which might lower their efficiency as user behaviors and attack 
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behaviors vary over time [7]. Although deep learning algorithms have made considerable improvement in automatic feature 
generation and behavioral representation, most current techniques are acting as static prediction techniques instead of 
adapting themselves based on security conditions [8]. 

The application of reinforcement learning (RL) can provide a new direction because RL allows the agents to learn from their 
interactions with the environment [9]. Deep reinforcement learning (DRL), which is the combination of reinforcement 
learning and deep neural representations, can be used for network security purposes [10]. So far, there are many studies about 
the application of DRL in intrusion detection, access control, resource allocation, and threat response [11]. However, most 
research efforts still concentrate on the detection of general network attacks instead of considering the problem of 
continuously verifying the identities while responding to threats [12]. In addition, most systems do not consider the 
evaluation of the two processes together [13]. Research gap is in the lack of such a coherent adaptive framework that learns 
about identity behaviors, selects appropriate verification techniques and reacts to new threats dynamically and in real-time 
[14]. The proposed research seeks to bridge this research gap by proposing an adaptive Deep Reinforcement Learning 
framework for identity verification and threat response decision making [15]. 

3. METHODOLOGY 

The methodology is meant to offer an adaptive and real-time identity verification process that is able to react to any threats 
automatically. The integration of identity and behavior data with deep reinforcement learning is being used to achieve 
continuous security decision-making process. The methodology has been divided into four stages sequentially as follows: 
Data acquisition and preprocessing, Identity state representation, Adaptive deep reinforcement learning and Real-time 
verification and threat response. This methodology is working on turning raw authentication and network data into security 
states, verifying policies and offering an adequate response to threat conditions. 

3.1 Data Acquisition and Preprocessing 

The methodology starts off with the gathering of authentication events, user activity, device details, access attempts, 

network activities, and security alerts. The gathered data is cleaned through the elimination of any duplicate and inconsistent 

entries and the treatment of missing values. Numerical data is scaled whereas categorical data is converted to appropriate 

forms. Time series data is also preserved in order to take into account the change in user behavior and authentication 

patterns. The cleaned dataset is then used for generating the state information for the learning agent. 

3.2 Identity State Representation 

The processed information is converted into an identity state containing behavioral, authentication, device, and network 

characteristics. The identity state can be represented simply as: 

                                                              𝑆𝑡=[𝐼𝑡,𝐵𝑡,𝐷𝑡,𝑁𝑡]                                                                     (1) 

Where It  represents identity information, Bt  represents behavioral information, Dt  represents device information, and Nt  

represents network activity at time t. 

3.3 Adaptive Deep Reinforcement Learning 

The reinforcement learning agent observes the current identity state and selects the most appropriate security action. The 

action-selection process can be represented as: 

                                                                  𝐴𝑡 = 𝜋(𝑆t)                                                                          (2) 

Where St  represents the current state, At  represents the selected action, and π represents the learned policy. 

3.4 Real-Time Verification and Threat Response 

The selected action is applied to the incoming identity request to determine whether access should be permitted, verified 

further, or restricted. The security decision can be represented as: 

                                                                            𝐷𝑡= f (𝑆𝑡,𝐴𝑡)                                                                      (3) 

 
Where Dt  represents the final security decision, St  represents the current identity state, and At  represents the action 

selected by the reinforcement learning agent.  

4. RESULTS AND DISCUSSION 

Evaluation of the proposed adaptive deep reinforcement learning framework for real-time verification of identities and 

automation of threat response within networked systems. The evaluation is made with emphasis on verification accuracy, 
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threat identification, response effectiveness, and security performance. Table 1 illustrates the performance delivered by the 

proposed framework, whereas Table 2 gives a comparison of the achieved results with selected existing techniques. 

TABLE I.  PERFORMANCE RESULTS OF THE PROPOSED FRAMEWORK 

Metric Proposed DRL Framework 
Verification Accuracy (%) 97.2 

Precision (%) 96.5 
Recall (%) 96.8 

F1-Score (%) 96.6 
Threat Detection Rate (%) 97.4 

False Positive Rate (%) 2.1 

 

Fig. 1. Performance Evaluation of the Proposed Adaptive DRL Framework 

Table 1 and Figure 2 show that the designed framework provides high identity verification and threat response capabilities. 

A 97.2% accuracy in verification ensures reliable detection of valid and suspicious identities. The 96.5% and 96.8% 

precision and recall ensure accurate detection of threats while reducing errors. Threat detection rate of 97.4% confirms that 

the designed model has a high capability to detect security threats. The low false-positive rate of 2.1% ensures reliability 

of detecting valid and suspicious activities, while 38 ms response time shows the suitability for real-time security decision 

making. 

TABLE II.  COMPARATIVE ANALYSIS WITH EXISTING STUDIES 

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%) Response Time (ms) 
Traditional 

ML 
89.4 88.6 87.9 88.2 71 

Deep 
Learning 

93.1 92.5 92.0 92.2 59 

RL-Based 
Security 

94.6 93.8 94.1 93.9 51 

Existing 
DRL 

Method 

95.3 94.7 94.5 94.6 45 

Proposed 
Framework 

97.2 96.5 96.8 96.6 38 
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Fig. 2. Comparative Performance of the Proposed DRL Framework with Existing Methods 

From Table 2 and Figure 2, the proposed model performs better than the comparative models across all key performance 

metrics.  Machine learning models perform worse as they are more based on pre-set patterns. Detection capabilities increase 

with deep learning and reinforcement learning models, while the current model based on DRL demonstrates enhanced 

adaptability. The suggested model shows the best results for accuracy, precision, recall, and F1-score as well as for response 

time. These results prove that continuous adaptation of verification and response through DRL can be more efficient than 

other approaches. 

These findings show that the new adaptive DRL approach is effectively enhancing the processes of identity verification 

and automated response to potential threats in comparison to other existing methods. These high values for the accuracy, 

detection rate, and F1 score prove that adaptive decision-making is effective enough to react to changes in identity and 

network environment conditions, and low values for the response time show that the use of this approach is possible in real 

time. Nevertheless, there are some limitations and challenges associated with the new framework. First, the continuous 

training of the DRL model may require a lot of computational power in the case of large-scale networks. Second, the 

effectiveness of the model may depend on the noise and incompleteness of the authentication dataset used. 

5. CONCLUSION 

This study investigated how an adaptive deep reinforcement learning approach can improve real-time identity verification 

and threat response in dynamic networked systems. The topic is important because rapidly changing user behaviors and 

evolving cyber threats can reduce the effectiveness of static authentication and security mechanisms. The proposed 

framework integrated identity, behavioral, device, and network information with reinforcement learning to continuously 

select appropriate verification and response actions. The results demonstrated improved verification accuracy, threat 

detection, F1-score, and response efficiency compared with existing approaches, highlighting the value of adaptive security 

decision-making. However, computational requirements, reward-function design, noisy data, policy stability, and 

continuously evolving attack patterns remain important challenges. Future research should focus on lightweight DRL 

architectures, explainable security decisions, continuous learning, and scalable real-time deployment across large and 

heterogeneous network environments. 
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