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Abstract: Deep learning pipelines are essential in perception, planning, and control of autonomous vehicles 

(AVs). The optimization approach, defining the efficiency of models in learning and generalizing in dynamic 

environments, is an essential but under-researched aspect of such pipelines. Current methods, such as SGD, Adam, 

and variants like BAAO and GASGD, do not change during the training process and cannot adapt to the various 

real-world conditions. Here, Meta-Optimization Framework to Fault Prediction (MOCAFP) is introduced, a kind 

of adaptive controller, which uses the gradient variance and convergence rate as training inputs to choose and 

optimize optimizers dynamically. The system was evaluated on four datasets that consisted of simulated and real-

world driving conditions: Udacity Jungle, Udacity Lake, KITTI, and a real-world Urban Roads dataset. 

Experiments show that MOCAFP shows better performance than baseline optimizers, in terms of convergence 

speed and learning stability. In particular, it is able to attain competitive training times and improve the coefficient 

of determination (R2) by 12 per cent, reduce prediction variance by 15 per cent, and achieve a minimum mean 

absolute error (MAE) of up to 18 per cent. The improvements imply that MOCAFP is a reliable and scalable 

approach towards the future of fault prediction in AV pipes. 

 

Keywords: Autonomous Vehicles; Adaptive Optimizers; Deep Learning; Fault Prediction; Generalization 

Robustness; Meta-Optimization framework. 

 

1. Introduction 

 

Autonomous Vehicles are vehicles that merge advanced technology with machine learning models to enhance 

safety, reliability, and efficiency. These systems apply deep learning models in detecting lanes, identifying 

obstacles, planning paths, and making decisions. Deep learning pipelines rely on the optimizer to converge the 

model during training and generalization to new environments [1]. The speed and resilience of fault prediction 

system training, which is vital in avoiding disastrous failures in actual road driving conditions, is influenced by a 

good optimizer. The use of optimizers has been overlooked in the study of AV fault prediction even though it is 

important. Traditional static algorithms like SGD and Adam are used in many studies in this sector. The reason 

behind the popularity of these methods is that they are easy and effective in specific environments, but lack 

versatility. Once chosen, the optimizer used in training does not change based on the data distribution, or the 

complexity of the environment. This rigidity leads to inefficiencies in dynamic and variable driving conditions, 

including day-to-night transitions, dry roads to rainy roads or rural to urban environments [2].  

 
 

Fig. 1. Meta-optimisation Framework 
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Various challenges have been suggested to have hybrid optimizers. BAAO and GASGD are crucial techniques 

that use Bayesian learning with Adam to enhance resistance to noisy gradients and search parameter space. These 

algorithms signify valuable optimizer design improvements [3]. Nevertheless, these systems have fixed update 

policies that fail to adapt to training dynamics, as well as complexity of the environment. The fault prediction 

systems used in autonomous vehicles have to be reliable despite the varying operation conditions, thus the 

importance of the static optimizers. Simulations do not include sensor noise, random traffic movement, and abrupt 

weather and lighting variation as experienced by real-world autonomous vehicles. Their dynamic nature should 

transform the optimization strategies during training in order to maintain the performance. In this paper, a Meta-

Optimization Framework of real-time fault prediction pipeline control is presented. Indicators such as gradient 

variance, behavior of the loss curve and the convergence rate are monitored as trainee indicators. The approach 

integrates the merits of the majority of optimizers in a sensible adaptive layer that improves the robustness, 

efficiency, and dependability compared to the current strategies [4]. The adaptive framework speeds up 

convergence, minimizes error rates and enhances generalization over different datasets. This can be used in safety-

critical autonomous car fault prediction systems that need a fault-tolerant and interpretable system [5] as 

demonstrated in Figure 1. 

 

1.1 Background and Motivation 

Autonomous vehicle technology has revolutionised the modern transportation system by combining intelligent 

systems with sensing, learning and decision capabilities, which require minimal human involvement. With the 

ability to handle massive volumes of data and extract intricate patterns from vehicle sensors and driving 

environments, deep learning is now an integral part of these systems. Fault prediction is one such application that 

has important roles to play in ensuring the safety of operation and reliability of the system by identifying potential 

fault conditions before it develops into serious faults. 

The learning process during training has a significant impact on the performance of the deep learning models. 

Fast model learning influences the performance of prediction as well as the system's adaptability in a wide range 

of operating conditions. Autonomous vehicles are required to learn and continue to predict their environments in 

an ever-changing manner, which is becoming increasingly important for consistent learning behavior and stable 

prediction performance. This calls for adaptive mechanisms that can enhance the efficiency and reliability of the 

models in fault prediction tasks. 

1.2   Research Gap 

Existing optimization techniques for deep learning mainly use the fixed update procedure when training models. 

These techniques can work well in some scenarios, but have some drawbacks in the cases of data with diverse 

structures and dynamic environments. In complex applications, it is possible that with fixed optimization behavior 

convergence slows down, learning patterns become unstable, and the consistency of predictions also decreases. 

In AVs fault prediction systems, only a few studies have concentrated on adapting the optimization methods 

dynamically based on the evolving nature of the training process. Current solutions focus mainly on enhancing 

individual optimization methods and do not focus on the development of intelligent control mechanisms which 

could alter the training behavior in real time. Hence, there is a need for developing more adaptive and flexible 

optimization framework to enhance the efficiency of learning and reliability of the prediction. 

1.3   Objectives  

The objectives of this research are: 

• To design a Meta-Optimisation Controller for fault prediction in autonomous vehicles using a deep 

learning approach. 

• To implement an adaptive framework that can dynamically select and control optimization behavior 

while training models. 

• To enhance learning efficiency via convergence characteristics and stability of training. 

• To minimize the prediction error and make better the overall results of the fault prediction models. 

• To test the framework's performance on a range of datasets and driving conditions. 

1.4   Significance  

The proposed study is aimed at enhancing the intelligence and reliability of autonomous vehicle system by 

developing an adaptive learning scheme for fault prediction. The developed approach can be used for improving 
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the training process by providing flexible optimization behavior instead of fixed learning strategies. The research 

is expected to give better prediction accuracy, consistent learning properties and versatility in different operating 

conditions. Moreover, the proposed framework can be helpful for creating safer and more reliable autonomous 

systems through improving fault prediction. A method for using the results of this research in other areas of deep 

learning that require good and scalable learning mechanisms will be explored. 

 

2. Literature Review 

Optimization with gradient descent has become a core aspect of deep learning. The basic update rules have been 

turned into more intricate optimization processes, which improve the convergence stability, generalization, and 

strength. Since autonomous car fault prediction models must be able to work in noisy, uncertain, dynamic 

environments, the selection of optimizers is a critical issue [6], [7]. 

In this regard, the decision of the best optimization strategy directly affects the reliability, as well as the 

performance of the model in practice. Complex optimizers, such as adaptive and hybrid rates, help to efficiently 

navigate the complex terrain of the loss, reduce the risk of ending up in the local minima, and speed up 

convergence. This is especially true in the case of autonomous driving systems, where timely and accurate fault 

prediction can contribute greatly to safety and decision-making under different environmental conditions, as 

indicated in Table 1. 

 

Table 1.  Investigations in optimizers and AV Fault Prediction 

 

Year Reference Methodology Limitations 

2021 Ye et al. [8] Table recognition Not relevant to AV 

2022 Gammelli et al. [9] Graph meta-RL Scalability issues 

2023 Xu et al. [10] Generative AI simulation High complexity 

2023 Alanazi [11] AV traffic review Limited technical depth 

2023 Chen et al. [12] Meta RL for AV Complex training 

2023 Qin et al. [13] Meta-learning simulation Simulation limitations 

2024 Zhao and Zhu [14] Meta-learning control Limited real-world validation 

2024 Zhang et al. [15] PPO-based optimization Scenario-specific 

2025 Wang [16] Quantum meta-learning High computational cost 

2025 Abreu et al. [17] AV cybersecurity review Not optimization-focused 

2026 Zheng et al. [18] LLM-based meta-optimization Early-stage research 

 

Recent developments in autonomous driving research have shifted towards more and more meta-learning and 

adaptive optimization techniques. The initial research, like Ye et al. [8] and Gammelli et al. [9], examined the 

principles of deep learning and meta-reinforcement learning, and the follow-up studies were extended to the 

simulations of generative AI by Xu et al. [10] and the analysis of traffic systems by Alanazi [11]. Recent works 

focus on meta-learning and reinforcement learning for adaptive control and simulation in self-driving cars by 

Chen et al. [12] and Qin et al. [13]. More precisely, new optimization methods like Stackelberg meta-learning by 

Zhao and Zhu [14] and PPO-based optimization of vehicles by Zhang et al. [15] are being developed. New studies 

consider methods of high complexity, such as quantum meta-learning by Wang [16], AV cybersecurity review by 

Abreu et al. [17], or meta-optimization based on an LLM by Zheng et al. [18]. Nonetheless, current approaches 

usually have shortcomings in terms of high computational cost, limited experiments in the real world, dynamic, 

feedback-driven optimization, and are more likely to require more adaptive and efficient frameworks. This paper 

provides a Meta-Optimization Framework to predict faults in AV to address this gap, as illustrated in Table 2.The 

method employs optimizers within a controller-based adaptive framework to enhance computational efficiency 

and strength in the dynamic driving. 

Table 2. Comparative Evaluation of Typical Optimizers in AV Fault Prediction 

Optimizer Strengths Weakness 

SGD Stable convergence Slow, sensitive to learning rate 

Adam Fast, adaptive learning rate Risk of overfitting 

BAAO Robust to noise Dataset-specific tuning required 

GASGD Strong exploration ability Expensive computation 

RAdam, AdaBelief, 

Lookahead, Ranger 

Generalizable, stable Rare in the AV domain 
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3.   Research Methodology 

The proposed research will use an experimental and quantitative approach based on a Meta-Optimization 

Framework aimed at overcoming the shortcomings of the static optimizers in autonomous vehicle fault prediction 

pipelines, as illustrated in Figure 2. The framework proposes a controller-based adaptive layer that actively checks 

on the inputs of training and actively changes the optimization technique in the course of learning. In contrast to 

the traditional methods, where only one optimizer is used, the new strategy adapts to varying training dynamics 

to obtain an effective and steady convergence [19]. The algorithm is based on quantifiable training indicators like 

variance of gradients, loss decrease, validation error, and convergence stability to make optimization choices. 

 

 
 

Fig. 2.  Meta-Optimization Framework for Fault Prediction 

 

The Dataset Features are the input method that captures the distributional characteristics of training data, such as 

variance, sensor noise and domain shifts between simulated and real-world settings. Feedback in training is 

gradual in nature, and the gradient remains the same throughout the training process, as well as the loss curve and 

the rate of convergence. These streams give a full understanding of data properties and optimization dynamics. 

The architecture is a decision-making centre called Meta-Optimisation Controller. The controller can dynamically 

adjust the learning rate and optimizers can be hybridized to strike a balance between exploration and exploitation 

in training [20]. In case a large gradient variance is observed, the controller can change to a gradient-resistant 

optimiser such as BAAO, followed by SGD to follow a steady convergence during the subsequent fine-tuning 

phases. The CNN-LMST Fault Prediction Model will be optimized using the chosen optimizer. CNNs are 

effective at extracting spatial features when processing driving perception tasks, but LSTMs tend to be found in 

fault detection pipelines and prediction pipelines that utilize a temporal sequence model. Convolutional and 

recurrent structures can be used in the prediction of defects in driving cases, where space and time are important, 

and hence the model is suitable to be applied. Lastly, the trained network provides a Predicted Fault Score, which 

predicts failure in driving. This score can be integrated into AV decision-making pipelines and can initiate safety 

interventions. The adaptability of the framework enables the model to be healthy and relevant to both situational 

environmental and sensor configurations, and also to the data domain. This architectural design fills the 

shortcomings of the fixed optimizers and meets the autonomous driving systems (ADS) requirements in the real 

world of flexibility and tolerance to uncertainty [21]. 

 

3.1 Tools and Techniques Used 

The tools and computational elements of the present study consist of a Signal Monitor, a finite state machine 

based Meta-Controller, and a CNN-LSTM model to predict faults. The Signal Monitor considers the important 

training indicators like the gradient variance, loss trends, the validation performance, and convergence behavior, 

and the Meta-Controller controls the choice of optimization strategies according to the transition rules. 

Optimization is performed by a pool of optimizers, such as SGD and Adam, dynamically chosen throughout 

training to enhance convergence and generalization [22]. 

 

3.2   Training Configuration and Convergence Criteria 
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The training process is time-limited by a maximum of 100 epochs, where a continuous observation of training 

feedback is done. A stalemate parameter (P = 10) is used to identify stagnation in validation loss, so that the 

transition of optimizer only happens after a steady decrease in validation loss. The gradient variance threshold 

values and minimum convergence rate threshold values are predetermined with the help of preliminary 

experiments and used in the adaptive optimization process based upon the dynamictraining behavior[23]. The 

optimizer is turned off when the validation loss fails to decrease in 10 consecutive epochs (P = 10), indicating a 

learning plateau. This condition is measured at each epoch in the overall training period of E = 100 epochs, to 

control and stabilize transitions. 

 

3.3 Sample and Experimental Setup 

The experimental design is based on simulated and real-world data to guarantee a thorough analysis of the 

suggested framework. The Udacity Jungle (25,000 camera samples), Udacity Lake (22,500 camera samples), 

KITTI (20,000 samples, camera and IMU sensors), and Urban Roads (18,000 camera samples, real-world urban 

settings) datasets have been used in the study. These datasets encompass a variety of driving conditions, such as 

thick-tree forests, lakeside tracks, and urban settings, which have a balanced and strong environment to evaluate 

the effectiveness and adaptability of the framework, as shown in Table 3. 

 

Table 3. Dataset details 

Dataset Samples Sensors Environment 

Udacity Jungle 25,000 Camera Dense forest roads 

Udacity Lake 22,500 Camera Lake-side tracks 

KITTI 20,000 Camera + IMU Real-world city 

Urban Roads 18,000 Camera Real-world urban 

 

3.4 Meta-Optimisation Controller for Adaptive Fault Prediction Algorithm 

Meta-Optimisation Controller of Adaptive Fault Prediction (MOCAFP) dynamically chooses optimization 

strategies in training with real-time signals like loss, gradient variance, and convergence rate. It starts with Adam 

in order to successfully learn the initial stage of training, and changes the optimization procedure with the ongoing 

training to enhance convergence and resilience, as depicted in Algorithm 1. This adaptive solution improves model 

performance with different training conditions in autonomous driving scenarios [24].  

 

Algorithm 1: Meta-Optimisation Controller for Adaptive Fault Prediction (MOCAFP) 

 

Input: Training dataset D, Model M, Optimizer Pool {SGD, Adam, BAAO, GASGD} 

 Output: Optimized Fault Prediction Model M* 

1: Initialize model parameters θ 

2: Define Optimizer Pool = {SGD, Adam, BAAO, GASGD} 

3: For each training epoch e = 1 to E do 

4:     Compute training loss L(θ) 

5:     Compute gradient variance V 

        Check validation loss improvement over last P = 10 epochs 

6:     if e ≤ 10 then 

7:         Optimizer ← Adam 

8:     else if V > ThresholdVariance then 

9:         Optimizer ← BAAO 

10:    else if ConvergenceRate < MinRate then 

11:        Optimizer ← GASGD 

12:    else 

13:        Optimizer ← SGD 

14:    end if 

15:    Update model parameters θ using Optimizer 

16: End For 

17: Return optimized model  

4. Data Analysis 

The adaptive control system which picks and adjusts optimizers dynamically based on training signals can be 

defined as meta-optimization. The optimizers like SGD and Adam are all static and have a set of pre-established 
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protocols of updating, whereas our controller uses the gradient variance, convergence rate, and error distribution 

to make real-time optimization. Mathematical principles lie behind this section [25] 

4.1 Contextualization of Optimization and Meta-Optimization Controller 

A learning algorithm tries to set the empirical risk function to the minimum possible value, as depicted in Equation 

1 below: 

 

L(θ) =
1

𝑁
∑ 𝑙(f(𝑥𝑖 ; 𝜃), 𝑦𝑖

𝑁

𝑖=1

) 

 

                                                          

(1)                                             

 

with θ indicating model parameters, f(x_(i ), 0) indicating model prediction, and l(.) indicating a loss function. 

Conventional optimizers like SGD do parameter updates according to Equation 2. 

 𝜃_(𝑡 + 1) = 𝜃_𝑡 − 𝜂𝛻𝐿(𝜃_𝑡 ) 

 

                              (2)       

where η is the learning rate. Though effective, SGD is unstable when there is noise and non-stationary. Optimizers 

such as Adam are adaptive to improve convergence via learning rate adjustment utilizing past gradients [26]. 

However, these methods are set in stone after choice and therefore limiting their effectiveness with diverse data 

sets. 

Identify three training indicators: 

• Gradient variance: This measures the variability of the gradients, which is a measure of the stability or noise 

of the training process. High variance often leads to unstable convergence as in the case of Equation 3. 

   𝑉_𝑡 = 𝐸[〖 ∥ 𝛻𝐿(𝜃_𝑡 ) ∥〗^2 ] −〖 ∥ 𝐸[𝛻𝐿(𝜃_𝑡 )] ∥〗^2                       (3)  

• Convergence Rate: The convergence rate determines how quickly the loss function decreases as the 

successive iterations are performed. A higher value indicates faster learning progress [27] as shown in 

Equation  4. 

 L(𝜃𝑡 − 1) − L(𝜃𝑡)

L(𝜃𝑡 − 1)
 

(4) 

 

• Meta-Controller The meta-controller finds the best optimizer by maximising a utility function. This depends 

on the gradient.   variance, convergence rate, and error distribution, as shown in the equation. 5. with Φ( ⋅) a 

utility function that balances the tolerance to variance, the stability of convergence and the ability to 

generalize [28]. 

4.2 Adaptive Learning Rate Dynamics 

 The controller adjusts the learning rate of ηt along with optimizer switching. The cosine annealing is given in the 

equation 6. 

 η_t=η_min+1/2(η_max−η_min)(1+cos(t/T  π))        

 

(6) 

This alleviates premature convergence and ensures more smooth transitions between op-timizers. Also, meta-

learning techniques [29] suggest considering the learning rate schedule as a parameter, thus making the 

optimization process self-adaptive. 

 Multi-Objective Optimization and Control-Theoretic View. 

 
Ot=argmin

θ ∈
SGD,Adam,BAAO,GASGDΦ(Vt,Ct,Et;o) 

 

        (5)            
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The optimization process can be also conceptualized as a feedback control system [44]. The state variable relates 

to the gradient distribution, the control signal corresponds to the choice of the optimizer and the output displays 

the convergence behavior as stated in the equation below 7: 

 s_(t+1) =f(s_t,O_t,η_t )+E_t             (7) 

   

Where s t is the training state, E t is stochastic noise, and O t is the choice of the optimizer. With this formulation, 

the stability and robustness constraints like those of control theory can be used to evaluate the framework [30]. 

5  Results and Analysis 

The Meta-Optimization Framework (MOCAFP) was contrasted with four control optimizers, namely, SGD, Adam, 

BAAO, and GASGD. Experiments were conducted on the Udacity Jungle, Udacity Lake[31], KITTI and Urban 

Roads datasets. The rate of convergence, prediction accuracy, sensitivity to faults and efficiency in computation 

were the evaluation measures. 

5.1. Accuracy and Error Metrics 

The comparison of performance among datasets based on the Mean Absolute Error (MAE), Root Mean Squared 

Error (RMSE) and R 2 score. Findings show that MOCAFP has a statistically significant improvement in baselines, 

up to 18% reduction in MAE, and 14% improvement in R 2 over the best static optimiser [32] shown in Table 4. 

Table 4.  Fault Prediction Performance Across Datasets 

Optimizer MAE ↓ RMSE ↓ R² ↑ 

SGD 0.142 0.218 0.86 

Adam 0.129 0.204 0.88 

BAAO 0.121 0.197 0.90 

GASGD 0.117 0.191 0.91 

MOCAFP 0.096 0.165 0.94 

5.2. Heatmap of Fault Prediction Errors 

Figure 3 provides a visualization of a heatmap representation of a visualization produced to investigate the 

distribution of the spatial errors on the predicted steering angles.. Localized error concentrations in high-noise 

settings (e.g. Udacity Jungle) are seen in the static optimizers, and MOCAFP diffuses errors, showing better 

generalization [33]. 

 

Fig. 3.   Error Heatmaps 
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5.2   Computational Cost Analysis 

In addition to accuracy, cost in terms of average training time per epoch was also compared [34]. Findings indicate 

that GASGD takes the most time because it involves a population-based search, and Adam is the fastest, but 

weaker, whereas MOCAFP is a balanced trade-off between speed and accuracy, as it switches dynamically 

between optimizers as demonstrated in Table 5. 

Table 5.  Average Training Time Per Epoch 

Optimizer Time/Epoch (s) 

SGD 2.1 

Adam 1.8 

BAAO 2.4 

GASGD 3.1 

 

The effectiveness of the proposed Meta-Optimization Framework (MOCAFP) is evident in the results of the 

experiment. MOCAFP is more efficient in optimizing learning dynamics as compared to static baselines, and it 

converges significantly faster and with lower training loss. It is more accurate and has better R2 values in both 

simulated and real-world data, which means that it has very good generalization. The error heatmap analyses also 

confirm that it is a more robust optimizer, having smooth error distributions with less clustering than the classical 

optimizers. Moreover, MOCAFP has a trade-off between computational performance and prediction errors, 

providing competitive training times and strongly beating the performance of the traditional optimization 

strategies. 

 

5.3 Dataset-wise Analysis 

In order to emphasize on robustness, we compare the performance of optimizers on each dataset in terms of Figure 

4. MOCAFP shows consistent performance on simulated (Udacity Jungle, Udacity Lake) and real-world (KITTI, 

Urban Roads) datasets, but the performance of static optimizers varies according to the dataset. The datasets used 

for experimental evaluation were obtained from publicly available driving datasets [35]. 

 

Fig. 4.   Dataset-wise Accuracy Comparison 

5.4   Discussion 

The experiments results demonstrate that the proposed Meta-Optimisation Controller for Adaptive Fault 

Prediction (MOCAFP) improves the overall learning performance of the deep learning fault prediction systems 

for autonomous vehicles. From the evaluation results of MAE, RMSE and R2 value, MOCAFP always performs 

better than the conventional optimizers. Low prediction errors and high R2 values suggest that the framework has 
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a high capacity to learn complex relations in the data and relatively stable training behaviours. The proposed 

framework enables dynamic optimization behavior adaptation when training, whereas static optimization methods 

like SGD and Adam use fixed learning strategies. It makes the characteristics of convergence and learning more 

prominent in different operating states. The heatmap and computational analyses also confirm the proposed 

approach's effectiveness. The error distribution pattern generated with MOCAFP is more uniform than the one 

generated with classical optimization techniques, indicating that it is more robust and less sensitive to noisy 

conditions. Moreover, the framework achieves a reasonable balance between the computational cost and the 

accuracy of the predictions while achieving competitive training times and improving prediction accuracy. It also 

finds that MOCAFP exhibits stable performance in both simulated and real-world driving scenarios for each 

individual dataset, indicating better generalization performance. The results indicate that adaptive optimization 

can also have a significant impact in increasing the reliability of fault prediction and could help develop safer and 

more reliable autonomous vehicle systems. 

6      Conclusion  

This paper suggested the Meta-Optimization Controller of Adaptive Fault Prediction (MOCAFP), a dynamic 

optimization model that aims to increase the stability and efficacy of autonomous vehicle fault prediction. The 

proposed framework in contrast to the traditional methods, which use fixed optimizers, incorporates a meta-

controller which dynamically chooses the optimization strategies via real-time training indicators, such as gradient 

variance, convergence rate, and error distribution. 

The proposed approach proved to be effective as the experimental assessment of four datasets, including Udacity 

Jungle, Udacity Lake, KITTI, and Urban Roads, shows. The findings indicate that MOCAFP is always superior 

to the traditional optimizers in terms of the highest reduction in mean absolute error (MAE) and R 2 score, as well 

as, increased convergence stability. Such enhancements demonstrate the capability of the framework to cope with 

dynamic and noisy driving conditions as well as robust learning behavior in both a simulated and real-world 

setting. 

In general, the scalability and efficiency of the proposed framework create an adaptive optimization system of 

deep learning-based fault prediction systems. MOCAFP helps enhance the trustworthiness, generalization, and 

feasibility of self-driving systems by leveraging control-based decision-making and training models. 

7    Future Work 

Despite the fact that the presented MOCAFP framework implies considerable changes in the fault prediction 

performance, there are still a number of research directions that can be explored. To begin with, the existing 

strategy uses empirically set thresholds to switch off the optimizer; a possible future enhancement is to consider 

reinforcement learning-based meta-controllers to make a fully autonomous and data-driven decision. 

Second, the framework can be expanded to multi-objective optimization and other constraints like computational 

cost, energy efficiency and latency, which are essential to real time deployment in embedded automotive systems 

are added. Moreover, testing the framework on bigger real-world datasets and the environments based on edges 

would contribute to its increased feasible applicability and stability. 

Lastly, the meta-optimization process can be enhanced with explainable artificial intelligence (XAI) techniques 

to enhance interpretability and gain a better understanding of how the optimizer selection behavior works, which 

is critical to safety-critical autonomous vehicle systems. 
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