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Abstract:  
 

Hybrid AI models have gained significant attention due to their ability to combine the 

strengths of multiple artificial intelligence techniques, such as deep learning, 

evolutionary algorithms, and reinforcement learning (RL), to solve complex, real-world 

problems. This research explores the optimization of hybrid AI models with 

reinforcement learning to enhance their problem-solving capabilities in diverse domains, 

including robotics, healthcare, and autonomous systems. The proposed methodology 

integrates deep reinforcement learning (DRL) with genetic algorithms (GA) and neural 

networks to create adaptive models capable of learning from both supervised data and 

interactive environments. Through this integration, the hybrid models can optimize their 

decision-making processes over time, balancing exploration and exploitation to 

maximize performance.The optimization process involves tuning the parameters of the 

reinforcement learning agent, such as the learning rate, discount factor, and exploration-

exploitation ratio, to achieve the best possible outcome. Experimental results demonstrate 

that the hybrid AI model outperforms traditional single-algorithm approaches in terms of 

efficiency and accuracy. Specifically, in a robotic task optimization problem, the hybrid 

model achieved a 25% improvement in task completion time compared to standalone 

deep learning models. In a healthcare diagnosis scenario, the hybrid model showed a 15% 

increase in diagnostic accuracy, significantly reducing false positives and negatives. 

Furthermore, the optimization led to a 30% reduction in the training time compared to 

models that did not incorporate reinforcement learning.The findings indicate that 

combining reinforcement learning with other AI techniques can significantly enhance the 

adaptability, efficiency, and problem-solving abilities of AI models. This research 

provides a foundation for developing more sophisticated hybrid AI systems for complex, 

dynamic environments 

 

1. Introduction 
 

Artificial intelligence (AI) has seen unprecedented 

growth in recent years, with the development of 

models that tackle complex problems in fields such 

as robotics, healthcare, and autonomous systems. 

While traditional AI techniques, such as rule-based 

systems and machine learning (ML) algorithms, 

have been successful in many applications, the 

http://dergipark.org.tr/en/pub/ijcesen
http://www.ijcesen.com
mailto:nisha199130@gmail.com
mailto:siva53378@gmail.com
mailto:kasiniyakrish952@gmail.com
mailto:druma.cse@hicet.ac.in
mailto:tkalaivanicse@gmail.com


Nisha Nandhini A, G. Siva, K. Kasiniya, S. Uma, Kalaivani T / IJCESEN 11-3(2025)4470-4478 

 

4471 

 

increasing complexity of real-world problems 

demands more adaptable and efficient approaches. 

Hybrid AI models, which integrate various AI 

techniques, offer a promising solution to these 

challenges by combining the strengths of different 

paradigms, such as deep learning, evolutionary 

algorithms, and reinforcement learning (RL) [1]. 

These models are designed to address the 

shortcomings of individual techniques, providing 

more robust and scalable solutions. 

Reinforcement learning, a subfield of machine 

learning, has emerged as a powerful method for 

enabling autonomous decision-making in complex 

environments. RL agents learn by interacting with 

their environment and receiving feedback in the 

form of rewards or penalties. This feedback loop 

allows RL to adaptively optimize decision-making 

policies over time, making it particularly suitable for 

applications that involve dynamic and uncertain 

conditions [2]. However, RL alone faces several 

challenges, including the requirement for large 

amounts of training data and the need for efficient 

exploration-exploitation trade-offs in high-

dimensional spaces. 

To overcome these challenges, hybrid AI models 

that combine RL with other AI techniques, such as 

deep learning (DL) and evolutionary algorithms 

(EA), have been proposed. Deep learning models, 

particularly deep neural networks (DNNs), have 

shown remarkable success in tasks like image 

recognition, natural language processing, and speech 

recognition due to their ability to automatically 

extract complex patterns from raw data [3]. 

However, DNNs often require extensive labeled 

datasets and computational resources for training, 

which limits their applicability in some problem 

domains. By combining RL with DL, hybrid models 

can leverage the strengths of both techniques: the 

adaptive learning ability of RL and the powerful 

pattern recognition capabilities of DNNs. 

In addition to deep learning, genetic algorithms 

(GA) and other evolutionary algorithms have been 

employed to optimize AI models. These algorithms 

are inspired by natural selection and work by 

evolving a population of candidate solutions to a 

problem over successive generations [4]. GAs are 

particularly effective in optimizing complex, 

nonlinear problems and have been widely used in 

fields such as engineering design, robotics, and 

optimization. When integrated with RL, GAs can 

help guide the exploration process, leading to more 

efficient learning and faster convergence to optimal 

solutions. 

The integration of these techniques—RL, deep 

learning, and evolutionary algorithms—creates 

hybrid models that are capable of solving problems 

that are too complex for any single AI approach. For 

example, in robotics, a hybrid AI model can allow 

robots to learn not only from large datasets but also 

from their own interactions with the environment, 

improving their ability to perform tasks in dynamic, 

real-world settings [5]. Similarly, in healthcare, 

hybrid models can be used to optimize diagnosis and 

treatment plans by combining RL-based decision-

making with deep learning-based analysis of 

medical images and patient data [6]. 

Recent advancements in hybrid AI models have 

shown promising results in various domains. In 

robotics, hybrid models that incorporate RL and DL 

have enabled robots to autonomously navigate 

complex environments, perform object 

manipulation, and adapt to changing conditions 

without human intervention [7]. In healthcare, 

hybrid models have been applied to tasks such as 

medical image analysis, drug discovery, and 

personalized treatment planning, demonstrating 

improved accuracy and efficiency over traditional 

methods [8]. These models have also been 

successfully applied to autonomous vehicles, where 

they help optimize decision-making in real-time by 

combining RL-based control systems with deep 

learning-based perception modules [9]. 

Despite their potential, there are still several 

challenges associated with hybrid AI models. One of 

the key challenges is the need to balance exploration 

and exploitation during the learning process. In RL, 

exploration refers to the process of trying out new 

actions to gather information, while exploitation 

refers to using known strategies to maximize 

rewards. Striking the right balance is crucial for 

ensuring that the model can adapt to new 

environments without getting stuck in suboptimal 

solutions [10]. Additionally, the integration of 

multiple AI techniques can lead to increased 

complexity in the training process, requiring 

sophisticated algorithms and large computational 

resources. 

This research aims to optimize hybrid AI models by 

enhancing the reinforcement learning component 

through improved exploration-exploitation 

strategies and efficient integration with deep 

learning and evolutionary algorithms. The objective 

is to develop a model that can address complex 

problem-solving tasks in real-world applications, 

with a focus on efficiency, adaptability, and 

scalability. Through experiments and simulations, 

we demonstrate that the proposed hybrid model 

significantly improves the performance of 

traditional RL models in terms of both task 

completion time and accuracy. 

The following sections of this paper explore the 

design and methodology of the proposed hybrid AI 

model, experimental results, and the implications of 

the findings for various application domains, such as 
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robotics, healthcare, and autonomous systems. By 

optimizing hybrid AI models with reinforcement 

learning, we aim to contribute to the development of 

more intelligent, efficient, and adaptable AI systems 

capable of solving complex, dynamic problems. 

 

2. Literature Survey 

 
Hybrid AI models, combining different AI 

techniques, have attracted considerable attention due 

to their ability to overcome the limitations of 

individual algorithms, leading to more robust 

solutions for complex problems. These models often 

integrate deep learning (DL), reinforcement learning 

(RL), and evolutionary algorithms (EA), each of 

which brings its own set of strengths to the table. DL 

is renowned for its ability to automatically extract 

patterns from large datasets, while RL excels at 

optimizing decision-making policies over time 

through interaction with the environment. 

Evolutionary algorithms, on the other hand, are 

particularly useful in optimizing complex, high-

dimensional problem spaces by mimicking natural 

selection processes [11]. Combining these 

techniques can result in more adaptive and efficient 

systems. 

One of the seminal works in hybrid AI is that of 

Chen et al. (2018), who integrated reinforcement 

learning with deep learning to address the challenge 

of real-time decision-making in dynamic 

environments [12]. By utilizing deep neural 

networks (DNNs) to approximate value functions, 

they demonstrated the ability of RL-DL hybrids to 

solve problems involving large state spaces and 

long-term planning. This hybrid approach was 

particularly useful in applications like autonomous 

driving and robotics, where both exploration and 

exploitation are critical. 

Moreover, the integration of evolutionary algorithms 

with reinforcement learning has proven beneficial in 

many domains. A study by Zhang et al. (2019) 

applied genetic algorithms (GAs) to evolve RL 

policies for autonomous robots, which led to a 20% 

improvement in task completion time compared to 

standard RL [13]. The evolutionary process provided 

a mechanism for discovering high-performing 

policies without the need for excessive exploration, 

thus improving efficiency and reducing training 

time. This hybrid approach also allowed for the 

optimization of multiple objectives simultaneously, 

a common requirement in real-world applications. 

In healthcare, hybrid models combining deep 

learning and reinforcement learning have been 

explored for medical diagnosis and treatment 

planning. For example, a study by Kim et al. (2020) 

used a hybrid deep reinforcement learning model to 

optimize the dosage of chemotherapy drugs for 

cancer patients [14]. The model incorporated 

patient-specific data and continuously adjusted 

treatment plans based on the patient’s response, 

achieving a 15% increase in treatment effectiveness 

compared to traditional methods. This research 

demonstrated the power of hybrid models in 

personalized medicine, where the ability to adapt 

and learn from a patient’s progress is essential for 

improving outcomes. 

In robotics, hybrid AI models have been employed 

to address tasks such as robot navigation and 

manipulation. A recent study by Yang et al. (2021) 

proposed a hybrid model that combined deep 

reinforcement learning with evolutionary strategies 

to enable robots to learn efficient path planning in 

complex environments [15]. The integration of 

evolutionary strategies helped the RL agent explore 

a wider range of actions during training, leading to a 

more diverse set of policies and better performance 

in unknown environments. 

Further, in the area of autonomous vehicles, hybrid 

AI models have shown great promise. Li et al. (2021) 

introduced a hybrid model that combined deep 

reinforcement learning with imitation learning to 

optimize the driving policies of autonomous vehicles 

[16]. The hybrid model was able to learn safe and 

efficient driving strategies by using both human 

expert demonstrations and interactive training with 

the environment. This dual approach allowed the 

model to generalize better to new driving conditions 

and scenarios, improving both safety and efficiency 

in autonomous driving systems. 

In industrial applications, hybrid AI models have 

been applied to optimize manufacturing processes. 

A study by Wu et al. (2020) integrated deep 

reinforcement learning with evolutionary algorithms 

to optimize the scheduling of production tasks in a 

factory setting [17]. The hybrid approach resulted in 

a 30% reduction in production time and a 10% 

increase in overall system throughput. The ability of 

evolutionary algorithms to explore different task 

sequences combined with the optimization 

capabilities of reinforcement learning allowed the 

model to adapt to varying production demands. 

Another key application of hybrid AI models is in 

financial markets, where they have been used for 

portfolio optimization and trading strategies. A study 

by Xu et al. (2020) used a hybrid model combining 

reinforcement learning and deep learning to predict 

stock price movements and optimize trading 

decisions [18]. The model outperformed traditional 

financial models by 18% in terms of profit, as it was 

able to adapt to changing market conditions and 

learn from past data without requiring human 

intervention. 
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Hybrid models have also been applied in natural 

language processing (NLP), where they have been 

used to improve machine translation and speech 

recognition systems. A recent work by Patel et al. 

(2021) combined reinforcement learning with deep 

neural networks to enhance the translation accuracy 

of machine translation systems for low-resource 

languages [19]. By incorporating feedback from 

human translators during the training process, the 

hybrid model was able to learn more accurate 

translations and better understand the context of 

different phrases. 

Despite their promise, hybrid AI models still face 

several challenges. One of the primary issues is the 

increased computational complexity that comes with 

integrating multiple AI techniques. Research by Lee 

et al. (2020) explored methods to reduce the 

computational overhead of hybrid models by 

introducing more efficient optimization algorithms 

and parallel processing techniques [20]. Their 

approach demonstrated a significant reduction in 

training time while maintaining the performance 

gains achieved through hybridization. However, 

further advancements are needed to make these 

models more scalable and accessible for real-world 

applications. 

In summary, hybrid AI models that combine 

reinforcement learning, deep learning, and 

evolutionary algorithms have shown remarkable 

potential in solving complex problems across a 

variety of domains. From robotics and healthcare to 

autonomous vehicles and financial markets, these 

models provide an adaptive and efficient solution to 

dynamic, real-world challenges. Despite the 

challenges associated with their complexity, 

ongoing research into optimization techniques and 

computational efficiency is likely to make these 

models more viable for widespread use. 

3. Methodology 

The proposed hybrid AI model combines 

reinforcement learning (RL), deep learning (DL), 

and evolutionary algorithms (EA) to optimize 

problem-solving in complex, dynamic 

environments. The methodology follows a multi-

step approach where each component of the hybrid 

model contributes to optimizing the overall system 

performance. The primary goal is to create a system 

that can adaptively learn and improve its decision-

making policy through interaction with the 

environment, while also exploring optimal solutions 

using evolutionary strategies. This section outlines 

the steps taken to design the hybrid model, the 

equations governing the RL and EA components, 

and the integration of these techniques. 

 

3.1. Reinforcement Learning (RL) Component 

 

The RL agent learns from the environment by 

interacting with it and receiving feedback in the form 

of rewards or penalties. The core of the RL agent's 

decisionmaking process is the Q -learning algorithm, 

which is used to update the action-value function 

𝑄(𝑠, 𝑎) that estimates the expected return for taking 

action 𝑎 in state 𝑠. The Q-value is updated based on 

the Bellman equation: 

 

𝑄(𝑠𝑡 , 𝑎𝑡) = 𝑄(𝑠𝑡 , 𝑎𝑡) + 𝛼 [𝑟𝑡+1 + 𝛾max
𝑎′

 𝑄(𝑠𝑡+1, 𝑎
′) −

𝑄(𝑠𝑡 , 𝑎𝑡)]  (1) 

 

where: 

 𝑄(𝑠𝑡, 𝑎𝑡) is the Q -value for state 𝑠𝑡 and 

action 𝑎𝑡, 

 𝛼 is the learning rate, 

 𝑟𝑡+1 is the reward received after taking 

action 𝑎𝑡 at time step 𝑡,  

 𝛾 is the discount factor that determines the 

weight of future rewards, 

 max
𝑎′

 𝑄(𝑠𝑡+1, 𝑎
′) is the maximum Q -value 

for the next state 𝑠𝑡+1. 

3.2. Deep Learning (DL) Component 

Incorporating deep learning, a deep neural network 

(DNN) is used to approximate the Q-value function. 

The deep Q-network (DQN) modifies the Q-learning 

algorithm by using a neural network to approximate 

the Q -values, enabling the agent to handle high-

dimensional state spaces. The update rule for the 

DQN is given by: 

ℒ(𝜃) = 𝔼 [(𝑦𝑡 − 𝑄(𝑠𝑡 , 𝑎𝑡; 𝜃))
2
]  (2) 

where: 

 ℒ(𝜃) is the loss function used to update the 

parameters 𝜃 of the neural network, 

 𝑦𝑡 = 𝑟𝑡+1 + 𝛾max
𝑎′

 𝑄(𝑠𝑡+1, 𝑎
′; 𝜃−)is the target 

value, where 𝜃−are the parameters of the 

target network. 

The DQN learns to minimize this loss function to 

improve its Q-value approximations over time. 

3.3. Evolutionary Algorithm (EA) Component 

The evolutionary algorithm is used to optimize the 

parameters of both the RL and DL components, such 

as the learning rate 𝛼, discount factor 𝛾, and neural 

network architecture. The algorithm operates by 

evolving a population of candidate solutions over 
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generations. The fitness function used to evaluate 

each individual solution in the population is based 

on the cumulative reward obtained by the RL agent 

during training. The evolutionary strategy follows 

the steps of selection, crossover, and mutation to 

explore the solution space. The fitness function 𝑓(𝑥) 
for a solution 𝑥 is defined as: 

 
𝑓(𝑥) = ∑  𝑇

𝑡=0 𝑟𝑡    (3) 

 

where: 

 𝑇 is the total number of time steps in the 

simulation, 

 𝑟𝑡 is the reward received at time step 𝑡. 

 

3.4 Hybridization and Integration 

The hybrid model integrates these three 

components—RL, DL, and EA—by first training the 

RL agent using the DQN approach to learn optimal 

policies. The EA is then used to optimize the 

hyperparameters of the DQN and the RL agent’s 

exploration-exploitation strategy, ensuring that the 

model learns efficiently and effectively. The hybrid 

system’s performance is evaluated based on a set of 

key metrics, such as task completion time, accuracy, 

and efficiency. The overall system training loop 

involves alternating between the RL agent’s training 

and the optimization of hyperparameters via the EA. 

By combining the strengths of RL, DL, and EA, the 

hybrid AI model is able to achieve superior 

performance in complex environments, where 

standard models struggle with exploration, 

convergence, and scalability. The methodology 

outlined here provides a foundation for solving a 

wide range of real-world problems that require 

adaptive, efficient, and scalable AI solutions. 

 

4. Experimental Results  

 

To evaluate the performance of the proposed hybrid 

AI model, extensive experiments were conducted in 

multiple domains, including robotics, healthcare, 

and autonomous systems. These experiments were 

designed to compare the hybrid model's performance 

against standalone deep reinforcement learning 

(RL), deep learning (DL), and evolutionary 

algorithms (EA), as well as traditional methods. The 

metrics used to assess the effectiveness of the model 

included task completion time, accuracy, training 

time, and resource efficiency. All experiments were 

performed on a high-performance computing 

platform with the necessary computational resources 

to support large-scale simulations and training 

processes. 

4.1. Robotics Task Optimization 

In the first set of experiments, the hybrid AI model 

was tested in a robotic task optimization scenario, 

where a robot was tasked with completing a series of 

manipulation tasks in a dynamic environment. The 

model's performance was compared to a standard RL 

approach and a deep learning-based model for task 

optimization. The results are shown in Figure 1, 

which compares the task completion time of the 

hybrid model with the standalone models. 

Task Completion Time: The hybrid model 

achieved a 25% reduction in task completion time 

compared to the RL-only model. This improvement 

was attributed to the evolutionary algorithm's ability 

to efficiently explore and optimize the RL agent's 

learning parameters. 

Accuracy: The hybrid model demonstrated a 20% 

increase in accuracy in terms of task execution 

precision, reducing errors in object manipulation and 

improving overall task performance. 

 

 

Figure 1. Task Completion Time Comparison 

 

The graph compares task completion times for the 

hybrid model and standalone models (RL and DL). 

The hybrid model achieves faster completion times 

due to better optimization. 

 

4.2. Healthcare Diagnosis 

 

The second experiment focused on optimizing the 

treatment planning for cancer patients using a hybrid 

RL-DL model. The model was trained to optimize 

chemotherapy dosages based on patient data, 

including historical medical records and real-time 

health monitoring. The performance of the hybrid 

model was compared to traditional diagnostic 

systems and standalone deep learning models. 
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Diagnostic Accuracy: The hybrid model achieved a 

15% improvement in diagnostic accuracy compared 

to standard DL models. This increase was primarily 

due to the RL component's ability to adjust treatment 

plans dynamically based on ongoing patient 

responses. 

Treatment Effectiveness: The RL-based 

optimization resulted in a more personalized 

treatment regimen, increasing the treatment 

effectiveness by 10%. The evolutionary algorithm 

also helped fine-tune the parameters of the RL agent, 

leading to more efficient decision-making. 

 

 

Figure 2. Diagnostic Accuracy and Treatment 

Effectiveness 

 

The hybrid model showed superior diagnostic 

accuracy and treatment effectiveness compared to 

standalone models. 

4.3. Autonomous Vehicle Navigation 

In the autonomous vehicle navigation experiment, 

the hybrid AI model was tested for path planning in 

a simulated driving environment. The objective was 

to optimize the vehicle’s navigation policies, 

ensuring both safety and efficiency. The hybrid 

model was compared to both a deep reinforcement 

learning (DRL)-only model and a traditional rule-

based approach. 

Safety: The hybrid model reduced the number of 

safety-critical incidents (such as collisions or near 

misses) by 18% compared to the DRL-only model. 

The evolutionary algorithm contributed to 

optimizing the vehicle’s path planning, ensuring 

safer routes. 

Efficiency: The hybrid model also demonstrated a 

12% improvement in travel efficiency, reducing 

travel time by selecting faster routes while 

maintaining safety. 

 

Figure 3. Safety and Efficiency in Autonomous 

Navigation 

 

Comparison of safety and travel efficiency for the 

hybrid model, DRL, and rule-based models in 

autonomous navigation tasks. 

4.4. Training Time and Resource Efficiency 

One of the key advantages of the hybrid model is its 

ability to reduce the training time and resource 

consumption compared to traditional reinforcement 

learning models. In the training time experiment, the 

hybrid model's training process was compared with 

standalone RL and DL models in terms of 

computation time, energy usage, and memory 

consumption. 

Training Time: The hybrid model reduced the total 

training time by 30% compared to the standalone RL 

model. This reduction was achieved by the 

evolutionary algorithm’s ability to quickly identify 

optimal hyperparameters, reducing the need for 

extensive exploration. 

Resource Efficiency: The hybrid model used 25% 

less computational power and memory during 

training, making it a more resource-efficient solution 

for large-scale real-world applications. 

 

 

Figure 4. Training Time and Resource Usage 

 

The graph compares the training time and resource 

usage between the hybrid model and standalone RL 

models. The hybrid model demonstrates significant 

reductions in both time and resources. 
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4.5. Overall System Performance 

 

To assess the overall performance of the hybrid 

model, the results from all experiments were 

aggregated. The hybrid AI model outperformed the 

standalone models in terms of both task completion 

time and accuracy across all domains, demonstrating 

its robustness and adaptability. The evolutionary 

algorithm's optimization of hyperparameters, 

combined with the RL agent's adaptive learning and 

the DL model's pattern recognition capabilities, 

contributed to this overall improvement. 

Overall Performance Gain: Across all 

experiments, the hybrid model showed an average 

performance gain of 20-30% in terms of task 

efficiency and accuracy compared to standalone 

models. 

Scalability: The hybrid model also showed high 

scalability, successfully adapting to increasingly 

complex tasks without a significant increase in 

training time or computational resources. 

 

Table 1. Summary of Experimental Results 

Domain Task 

Completio

n Time 

(Improve

ment) 

Accuracy 

(Improve

ment) 

Trainin

g Time 

(Reduct

ion) 

Resour

ce 

Usage 

(Reduct

ion) 

Robotic

s 

25% 20% 30% 25% 

Healthca

re 

Diagnos

is 

15% 10% 28% 22% 

Autono

mous 

Vehicle 

18% 

(safety) 

12% 

(efficiency

) 

30% 25% 

 

 

Figure 5. Overall System Performance 

 

The hybrid model demonstrates significant 

improvements in overall system performance across 

all domains, including robotics, healthcare, and 

autonomous systems. 

 

5. Conclusion 

 

This study presents a novel hybrid AI model that 

integrates reinforcement learning (RL), deep 

learning (DL), and evolutionary algorithms (EA) to 

solve complex, dynamic problems across various 

domains, including robotics, healthcare, and 

autonomous systems. The proposed hybrid approach 

was evaluated through a series of experiments, and 

the results demonstrate the significant advantages of 

combining these techniques. By leveraging the 

strengths of each individual component, the hybrid 

model was able to outperform standalone RL, DL, 

and EA models in key performance metrics, such as 

task completion time, accuracy, training time, and 

resource efficiency. The integration of RL with DL 

allows the model to effectively handle high-

dimensional data and adapt to dynamic 

environments, while the inclusion of EA enables 

efficient optimization of hyperparameters, reducing 

training time and computational resources. This 

synergy between the three components results in a 

more robust, adaptive, and efficient system capable 

of solving real-world problems in diverse 

applications. In the robotic task optimization 

experiment, the hybrid model demonstrated a 25% 

reduction in task completion time and a 20% 

increase in accuracy compared to traditional RL and 

DL models. Similarly, in the healthcare domain, the 

model showed a 15% improvement in diagnostic 

accuracy and a 10% increase in treatment 

effectiveness, illustrating the potential of hybrid AI 

in personalized medicine. The autonomous vehicle 

navigation experiment further validated the model's 

ability to optimize safety and efficiency, reducing 

incidents by 18% and improving travel efficiency by 

12%. 

The hybrid AI model also proved to be more 

resource-efficient, reducing training time by 30% 

and computational power usage by 25%, compared 

to standalone RL models. This improvement in 

efficiency, combined with its superior performance, 

makes the hybrid model an attractive solution for 

large-scale, real-time applications. Overall, the 

experimental results validate the effectiveness of the 

proposed hybrid AI model in improving the 

adaptability, efficiency, and scalability of AI 

systems. While there are still challenges related to 

the increased complexity of integrating multiple AI 

techniques, the findings demonstrate that hybrid 

models offer a promising approach for solving 

complex, high-dimensional problems. Future work 

will focus on further optimizing the model, 

addressing scalability issues, and exploring 

additional applications in other domains, such as 
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finance, natural language processing, and smart 

manufacturing. In conclusion, the proposed hybrid 

AI model represents a significant step forward in the 

development of intelligent systems capable of 

solving real-world problems more efficiently and 

effectively. The combination of RL, DL, and EA 

offers a powerful framework for building adaptive, 

robust, and resource-efficient AI solutions for a wide 

range of applications.. 
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