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ABSTRACT 

Artificial Intelligence (AI) and Machine Learning (ML) are widely used across industries such as healthcare, 

finance, manufacturing, transportation, cybersecurity, and scientific computing to solve complex problems. The 

effectiveness of ML models depends heavily on the quality and representativeness of training data. However, the 

rapid growth of big data has increased computational costs, memory requirements, and training times, making 

traditional full-dataset training inefficient.To address these challenges, intelligent data sampling has emerged 

as an important research area. AI-based sampling techniques—including random sampling, stratified 

sampling, importance sampling, active learning, uncertainty sampling, reinforcement learning-based sampling, 

and adaptive data selection—identify the most informative data points while reducing redundancy. These 

methods improve computational efficiency, enhance class representation, and accelerate model training without 

significantly affecting accuracy. This study reviews the evolution of AI-driven sampling strategies and proposes 

an adaptive framework that combines statistical sampling with intelligent decision-making mechanisms for 

real-time data selection. Experimental results demonstrate that intelligent sampling can reduce training data 

requirements by 30–60% while maintaining over 95% of the predictive performance achieved using full 

datasets. The approach also improves scalability, reduces energy consumption, and supports efficient 

deployment of modern machine learning systems. Overall, AI-based sampling provides a practical and effective 

solution for optimizing data usage and enhancing machine learning performance in large-scale applications. 
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1. INTRODUCTION 

1.1. Background  

With digital transformation on the rise, a slew of industries, from healthcare to finance, 

manufacturing to retail and transportation to social networking, have seen data volume grow more 

than ever before. Structured, semi-structured and unstructured data is collected constantly from 

various sources, including Internet of Things (IoT) devices, cloud platforms, sensors, enterprise 

information systems, mobile applications and online transactions. Such massive amounts of data 

offer great potential to machine learning and artificial intelligence systems to identify patterns, 

inform decision making, and make predictions. The volume of data though has increased 

exponentially, which has also posed many challenges in the development and deployment of the 

model. Training ML models on full datasets can be very computationally intensive, requiring lots of 

processing power and memory, a large storage system, and a lot of energy. The requirements are 

even more stringent for models of deep learning and complex architectures of neural networks. This 

has led to the need for computational efficiency, which is now a key research challenge, without 

compromising the prediction accuracy. To tackle these problems, researchers have turned to smart 

data sampling strategies that allow efficient use of data that is currently available. The sampling 

methods that use AI rely on sophisticated learning algorithms to select the most representative, 

informative, and diverse data instances for model training. These methods are able to choose samples 

that make a meaningful contribution to learning outcomes, discarding redundant or less valuable 

observations, which lowers the training costs, speeds up the convergence, makes it more scalable and 

helps to keep the predictive performance high. For this reason, AI-driven sampling has become a 

promising approach to achieving efficient and sustainable machine learning in the big data era. 

 

1.2. Evolution of Data Sampling Techniques 

 With the advent of more sophisticated data applications and the ever-growing computational 

power required by today's machine learning systems, data sampling has grown in complexity. In the 

past, sampling data were mostly used and primarily statistical methods were used to make reliable 

inferences and analysis from large populations. To design representative subsets of data, minimizing 

the costs of collection and processing, early sampling methods like random sampling, systematic 

sampling, and stratified sampling were created. These methods had also proven to be very important 

in other branches of inquiry, including statistics, economics, social science, and survey research, 

where one of the chief ends was to get the correct measure of the characteristics of a population. 

Random sampling produced a uniform probability of selection for each observation, thus minimizing 

sampling error, and stratified sampling resulted in more uniform groups of data to sample to 

enhance representation. These methods were extremely successful when applied to statistical 

analysis, but were developed at a time when the data sets were not as large and the limits of 

computation were not as formidable as they are today. As big data and artificial intelligence became 

more popular, the shortcomings of traditional sampling methods became more evident. Millions of 

data instances, high dimensional feature space, and continually changing data are common in 

modern machine learning applications. In such scenarios, static sampling methods might miss the 

most insightful samples required for effective training of the model. This led to the development of 
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adaptive and intelligent sampling strategies that can dynamically handle the characteristics of the 

data and the behavior of the model. These techniques shifted sampling away from the passive 

preprocessing stage and toward an integral part of the learning process. Adaptive sampling methods 

consider prediction uncertainty, information gain, diversity of observations in the sample, and model 

confidence to decide upon observations to include in the sample, instead of choosing them solely 

based on statistical considerations. Machine learning and AI advanced this trend by leveraging 

techniques like active learning, importance sampling, reinforcement learning-based sampling, and 

meta-learning-based selection strategies. All these methods continuously evaluate the performance of 

the models and make decisions on sampling to maximize learning efficiency and predictive accuracy. 

As a result, contemporary sampling strategies not only lower computing expenses and training time 

but in addition improve scalability, resource utilization and the effectiveness of the model. The 

evolution from statistical sampling to smart AI-based methods is a major leap forward in efficient 

data handling and machine learning optimisation. 

 

1.3. Challenges in Traditional Model Training 

In traditional machine learning and deep learning, typically, a total dataset is used to train a 

model. This approach tries to make the learning algorithm's knowledge as large as possible, but has 

some difficulties from the practical point of view of computational efficiency, resource usage, and the 

effectiveness of the model. The challenges are only going to get more pronounced as datasets become 

larger and more complex.These challenges are growing increasingly relevant as data volumes and 

complexity continue to increase, incentivizing the emergence of intelligent data sampling and 

optimization methods. 

 

 
Fig 1 - Challenges in Traditional Model Training 

 

1.3.1. Computational Complexity 

One of the biggest challenges for traditional model training is the computation complexity. 

Modern datasets are large and have millions of records and thousands of features, which make 

processing extensive. The larger the data set, the longer it takes to train the data, especially in deep 

learning systems with multiple layers on the neural network and millions of parameters that can be 

trained. Long training times and slow deployment times would be a problem with complex models, 
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because they would have to be run over the entire dataset multiple times. The problem is even more 

significant in real-time applications that require frequent updates to the model and quick decision-

making. 

 

1.3.2. Data Redundancy 

Data redundancy is when a large amount of data records include a number of observations 

that are very similar or repetitive. The more data that is available to improve the learning of the 

model, the greater the computational effort will be required to process it; however, too much data 

may not offer much benefit in learning, and may even contain redundant information. Duplicate or 

highly correlated samples waste memory, storage, and processing power, but do not necessarily 

provide better predictive results. This means that predictive algorithms must invest significant time 

and resources to learn from patterns that they see repeatedly, but may not be informative or unique. 

Efficient machine learning model development has thus been one of the current aims of reducing 

redundancy. 

 

1.3.3. Class Imbalance 

In many real world datasets the number of samples in each category is imbalanced, with one 

category vastly outnumbering the other. In these cases, the machine learning models will tend to 

favor majority classes as they are dominating the training process. This means that little attention is 

given to minority classes and hence to rarely occurring but yet very important events, which would 

lead to poor prediction performance. A major example of this is in applications where minority-class 

instances are of particular importance like fraud detection, medical diagnosis, network intrusion 

detection, and fault prediction. Typical training strategies often fail to balance learning, leading to 

biased learned models and limited overall system reliability. 

 

1.3.4. Resource Constraints 

An important challenge for the deployment of machine learning systems is resource 

constraints, particularly in situations with limited hardware capabilities. The training of large scale 

models demands high memory, storage space, graphical processing units (GPUs), and computational 

resources. For smaller organizations that lack infrastructure, they might struggle to handle large 

volumes of data efficiently. Moreover, edge devices, mobile systems and embedded platforms may 

not have the resources required for traditional training methods. These constraints introduce 

scalability issues and hinder the ability to deploy sophisticated AI solutions in a variety of computing 

scenarios. 

 

1.3.5. Energy Consumption 

One of the major concerns in recent times is the use of energy by AI and machine learning 

applications. The large-scale deep learning models need huge computational operations and a huge 

amount of electricity to train. Long periods of operation and high performance computing systems in 

data centers can lead to higher operational costs, which are necessary when creating the model.High 

performance computing systems and data centers can produce high operational costs that are 
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required during model development, and excessive periods of operation. In addition to the economic 

costs, using high energy levels can exacerbate environmental issues, such as carbon emissions and 

environmental footprint. With the widespread adoption of AI across the globe, it is crucial to 

establish sustainable and eco-friendly machine learning practices, which requires developing energy-

efficient training methods. 

 

2. LITERATURE SURVEY 

2.1. Traditional Statistical Sampling Methods 

The traditional statistical sampling approach has been the basis of selecting data in machine 

learning and statistical analysis for long. The purpose of these techniques is to produce a 

representative sub-set of large data sets with reduced computational cost and data storage. Before the 

advent of AI-based sampling methods, academics had used the mathematically based methods like 

random sampling and stratified sampling. Theoretically these methods are sound and easy to use, 

but they are not always effective in the real world with large, high dimensional, and highly 

imbalanced data sets. This has encouraged more flexible and intelligent sampling strategies to be 

developed. 

 

2.1.1. Random Sampling 

Random sampling is among the most popular methods of selecting data for statistical analysis 

and machine learning. It is a method where every observation in a data set has an equal chance of 

being selected from the data, which reduces the risk of selection bias and ensures that the data set is 

representative. The random sampling method has been widely used due to its simplicity, ease of 

application and the fact that under ideal conditions it can yield representative subsets. It works 

especially well if the datasets are homogeneous and well-balanced. However, when the classes are 

not equally distributed or when rare instances are present, random sampling may not adequately 

represent important minority instances, thereby leading to information loss and poor performance of 

the model in real-world applications. In addition, as the size and complexity of data sets grow, 

random sampling might be insufficient to capture significant patterns and relationships for accurate 

learning, especially in modern AI-driven applications. 

 

2.1.2. Stratified Sampling 

Stratified sampling was developed to address some of the limitations of random sampling, in 

that it ensures that each of the different 'subgroups' of a dataset is represented. This method involves 

first stratifying the population into subsets based on certain attributes, and then taking a random 

sample from each subset. Stratified sampling has been shown to lower sampling variance and 

increase the accuracy of statistical measures, particularly in cases where there are multiple classes or 

categories in a data set. This approach has been shown to be successful when the classification 

problem requires to balance the classes for training the model. Although useful, stratified sampling 

has problems when the data sets are high dimensional, as it is increasingly difficult to find an 

appropriate criterion for stratification. Furthermore, manual assignment of strata is limited by 
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domain knowledge and might not scale well to the changing data landscape in modern machine 

learning systems. 

 

2.2. Importance Sampling Approaches 

It became clear that sampler importance sampling was an advanced statistical method that 

aims to focus on more informative observations during model training. This method gives different 

weightings to the data points according to how relevant, significant or important they are in relation 

to learning outcomes. It has been demonstrated that importance sampling can speed up the 

convergence of a model by focusing the computation on the important data points and decreasing the 

focus on redundant or less informative data points. Significant gains on aspects of optimization 

efficiency, variance reduction, and resource utilization have been reported when incorporating 

importance-based techniques in machine learning workflows. Moreover, importance sampling has 

been shown to be useful in the realm of deep learning, reinforcement learning and probabilistic 

inference problems with large training sets where computational efficiency is paramount. It is a 

precursor to many of today's adaptive sampling techniques which rely on AI to focus learning on 

valuable information. 

 

2.3. Active Learning-Based Sampling 

Active learning-based sampling is a big step forward in intelligent data selection methods. 

Active learning systems (ALS) are different from traditional sampling techniques in that they are 

capable of actively finding out which data instances are most informative to label and train. The main 

goal is to achieve maximum performance with the fewest number of labelled data. This method is 

useful in domains where data annotation is costly or time-consuming or demands special expertise. 

Active learning is able to efficiently choose the information from the most useful samples, which 

decreases the label cost, increases learning efficiency and quickens the building of the model. Many 

studies have shown that by using much fewer training examples than traditional sampling 

techniques, comparable predictive performance can be obtained using active learning. 

 

2.3.1. Uncertainty Sampling 

One of the most popular active learning sampling methods is uncertainty sampling, which 

centers on the data instances that the current model has the highest level of uncertainty over. The 

basic idea is that predictions that are uncertain are informative and can be used as part of the training 

to enhance the decision boundaries of the model. They have discovered that if machine learning 

models are able to identify and label uncertain samples continuously, then they can learn more from 

fewer data samples. This is especially useful when making classifications on decision boundaries that 

are complex or ill-defined. But sometimes, uncertainty sampling can result in a slight drift on noise or 

ambiguities, harming the stability of learning, if not managed. 

 

2.3.2. Query-by-Committee 

Query-by-Committee is an active learning technique using the multiple predictive models, 

called a committee, to make an evaluation on unlabeled data. The technique highlights those samples 



  

 
 

ISSN: 3142-788X 
PP: 01-17. 

 

---------------- 
AI-Driven Data Sampling Strategies for Efficient Model Training 

Dr. K. Balasubramanian & Dr. Meena Krishnan 

   7 

where the committee members have the most disagreement, areas where more information is 

required. It has been shown that the disagreements among models are good indicators of uncertainty, 

and they can be used to select highly informative training instances. Using multiple model 

viewpoints, Query-by-Committee helps to mitigate bias and improve performance of generalization. 

This strategy has been proven to be effective in text classification, image recognition, and natural 

language processing problems where labeled data is difficult to get. This method is more costly than 

uncertainty sampling but can yield higher learning efficiency and robustness. 

 

2.3.4. Expected Error Reduction 

Expected Error Reduction is an advanced active learning approach that chooses samples that 

are expected to improve the model's performance on future samples. This is not a technique that only 

seeks to uncover uncertainty, or disagreement, but one that tries to anticipate the potential 

contribution of each candidate sample to prediction error if it is included in the training set. It has 

been demonstrated that Expected Error Reduction can be a very efficient learning mechanism as the 

samples are selected to match the goal of performance improvement. This method is effective 

especially for applications where the maximization of predictive accuracy is important. Its 

implementation is difficult, though, since multiple evaluations of possible model updates are 

required. Despite this difficulty, EEvers is still a significant approach in the design of smart sampling 

frameworks. 

 

2.4. AI-Driven Adaptive Sampling 

AI-driven adaptive sampling is the next generation of data selection methods, which brings 

intelligence from AI and decision making power to the data selection process. Adaptive sampling 

systems are automated, they continuously update their sampling strategies, and they differ from 

traditional sampling strategies that follow predetermined rules or static criteria. Research in recent 

years has investigated the use of deep neural networks, reinforcement learning algorithms, meta-

learning frameworks, and evolutionary optimization techniques to develop highly responsive 

sampling mechanisms. These smart systems can select informative samples, dynamically prioritize 

samples for selection and allocate resources optimally during the training process. Research has 

shown that adaptive sampling using AI can greatly boost the efficiency of training, speed up 

convergence, boost prediction accuracy, and decrease computational expenses in large-scale machine 

learning tasks. With the constant advancement of AI technology, adaptive sampling has become an 

important enabling technology for effective and scalable AI training in complex data scenarios. 
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3. METHODOLOGY 

3.1. Proposed AI-Driven Sampling Framework 

 
Fig 2 - Proposed AI-Driven Sampling Framework 

 

3.1.1. Data Collection 

The first phase of the proposed framework, data collection, involves collecting raw data from 

various sources like databases, sensors, transaction records, social media, IoT devices, and enterprise 

information systems. Goal of this stage is to acquire a complete dataset which is representative of the 

problem domain and has a sufficient level of diversity required to train the models. Given that most 

of the modern machine learning application deals with huge and heterogeneous data sets, it is 

essential to ensure the completeness, consistency and relevance of data in the collection process. 

Effective data collection is necessary to inform the sampling and learning processes to follow because 

the data must contain within it important patterns and relationships. 

 

3.1.2. Data Preprocessing 

Data preprocessing is a crucial step in the process of preparing data for analysis and machine 

learning, as it involves transforming the raw data into a clean and structured format. There are 

missing values, duplicate records, inconsistencies, outliers in numerical attributes, and in the 

categorical variables, that are handled in this stage. Good pre-processing increases the reliability of 

the data and decreases the chances of biased and inaccurate model predictions. In addition, by pre-

processing, noise can be reduced and irrelevant information can be eliminated, improving the 

computational efficiency. The proposed scheme would involve preprocessing to ensure that the 

intelligent sampling mechanism would process high-quality data, enhancing the efficacy of sample 

selection and model training. 

 

3.1.3. Feature Importance Analysis 

Feature importance analysis is conducted to determine the most important features that affect 

the predictive ability greatly. The proposed framework considers the relevance of each attribute 

instead of treating them all equally, by applying statistical measures, machine learning algorithms or 

feature ranking techniques. This process is useful to sort out informative features from redundant or 

less important features. The framework allows the identification of the variables that affect the 
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outcome of the predictions, and it can direct the sampling strategy to observations that contain 

valuable information. The main benefits of the feature importance analysis are to enhance the quality 

of sampling and to improve the interpretability of the model, thereby reducing computational 

complexity by focusing on significant data features. 

 

3.1.4. Intelligent Sample Selection 

The key element of the proposed AI framework is intelligent sample selection. In contrast to 

random or fixed sampling methods, this step is based on some artificial intelligence methods 

including active learning, reinforcement learning, deep learning or adaptive optimization and selects 

the most informative instances of data. Selection of samples is based on criteria of uncertainty, 

importance scores, prediction confidence, diversity, and potential for model improvement. The 

sampling mechanism constantly monitors the performance of the model and dynamically selects the 

learning strategies according to the model performance to maximize learning efficiency. Intelligent 

sample selection is not only able to guide to higher value observation, but can also reduce the 

number of training samples to improve the overall accuracy of the model, while also cutting training 

time and computational costs. 

 

3.1.5. Model Training 

After the best samples are gathered, the data is used to train the machine learning model. The 

training process consists of learning patterns, relationships and decision boundaries from selected 

data instances to create an accurate predictive model. The model is trained with an optimized dataset 

which has been optimized using intelligent sampling methods, which means that the model may 

have high performance even if the amount of computations is not as great as training it with the 

whole dataset. Depending on the requirements of the application, various algorithms of machine 

learning and deep learning can be used within this phase. Selecting appropriate training samples 

contributes to rapid convergence, minimize overfitting, and helps the model generalise to new 

samples. 

 

3.1.6. Performance Evaluation 

The last step of the proposed framework is performance evaluation which is used to evaluate 

the effectiveness of the sampling strategy and the trained model. The accuracy, precision, recall, F1-

score, Area Under the Curve (AUC), training time, convergence rate and computational efficiency are 

evaluated to assess the overall performance of the system. The results are compared to conventional 

sampling methods to quantify the improvements from AI-driven sample selection. In addition, a 

continuous learning cycle can be developed by incorporating feedback that is gained during the 

evaluation process, and using it to make future decisions about sampling. The process of adaptive 

evaluation guarantees that the framework will be effective on a variety of datasets, problem domains 

and machine learning applications. 
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3.2. Adaptive Sampling Algorithm 

As the brain of the proposed AI-based data sampling framework, the adaptive sampling 

algorithm dynamically decides which training instances in a large dataset are most valuable. The 

adaptive sampling engine continuously analyses every data instance on multiple criteria to decide if 

it will be of benefit to the model learning process, rather than relying on a set of rules as traditional 

sampling methods do. The main goal is to achieve the best predictive results with the least data 

needed for training. It does so based on the four factors: information gain, uncertainty score, diversity 

measure and class representation. Information gain is an amount of useful knowledge that a sample 

gives to the learning process. The samples with informative patterns or features are targeted since 

they are highly useful in decreasing the uncertainty of the model and enhancing decision making 

ability. The uncertainty score indicates the level of confidence of the current model in predicting. The 

ones where it is more uncertain tend to be more valuable because they tend to be in regions close to 

decision boundaries, and can also provide a more useful learning signal for the model to learn the 

complex relationships. The algorithm learns from uncertain samples, speeding up learning and 

improving prediction accuracy using fewer trainings. The diversity measure guarantees that the 

sampled observations are spread throughout the feature space and not clustered around the same 

observations. Diversity eliminates the problem of overfitting training data and reduces 

overgeneralization of the model to previously unseen data. This criterion may be especially 

significant in a large data set because there could be a lot of data that is duplicated in many of the 

records. Moreover, the class representation is added to tackle the problem of the class imbalance. The 

algorithm is constantly tracking the distribution of samples in each class and guarantees that 

minority classes are adequately represented when training the algorithm. This avoids the majority 

class bias and enhances the model's performance in identifying rare event or underrepresented 

classes. The adaptive sampling algorithm takes into consideration all four of the above evaluation 

criteria and intelligently chooses the most informative and representative instances of data for 

decision making. Therefore it minimizes computing demand, increases training efficiency, speeds 

convergence and boosts the overall model performance, making it suitable for today's AI and 

machine learning applications with large and complex datasets. 

 

3.3. Reinforcement Learning-Based Sample Selection 

Reinforcement Learning (RL) based sample selection is an advanced method that allows the 

sampling framework to learn the optimal data selection strategy by continuously interacting with the 

training environment. The proposed methodology is a sequential decision making problem where 

the intelligent agent selects the data sample at each step to be utilized in training the model. 

However, unlike the traditional methods of sampling that adhere to a set of rules, with reinforcement 

learning, the system can make its decisions and adapt in real-time based on feedback received from 

previous actions. This adaptability property makes RL a good choice for large scale machine learning 

applications, where the significance of training samples may vary across learning. The RL agent 

receives the current status of the learning system, called the state, that comprises information like the 

accuracy of the model, losses, convergence characteristics, class distribution, and overall training 

progress. The agent uses this state information to take action by choosing a subset of data instances 
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that it expects to most effectively contribute to improving the model. Following training with the 

selected samples, feedback is given in the form of a reward signal within the environment. The 

reward is indicative of the quality of the sampling decision and will inform the agent's next steps. In 

this setting the reward is computed taking into account two critical factors: improvements in 

predictive power, and computational resources needed for training. The higher the reward given for 

the selected samples the more accurate the model is and the lower the computational cost, the better. 

On the other hand, if the sampling decision results in an unnecessary amount of resources being used 

and there is not much of a performance gain, then the reward goes down. Rewards are in natural 

language as: Reward = Accuracy - Lambda * Cost, where Lambda is a balancing parameter and the 

choice of Lambda determines the trade-off between the accuracy of prediction and the computational 

cost. The reinforcement learning agent gradually learns the best sampling policy by continually 

maximizing the cumulative reward over iterations of training. This learning process allows the 

framework to detect data instances with informative information, eliminate repetition in sample 

selection, speed up the convergence of the model and save resources. Reinforcement learning-based 

sample selection thus offers a powerful and intelligent method to enhance the efficiency, scalability, 

and accuracy of contemporary machine learning systems handling large and complex datasets. 

 

3.4. Experimental Design 

The experimental design is designed to assess the efficacy of the proposed sampling 

framework, using AI, to enhance model training efficiency while preserving high predictive quality. 

To thoroughly evaluate the proposed approach, large-scale datasets with different data distributions 

and complexity levels are used for the experiments. The main goal was to evaluate the performance 

of the proposed sampling strategy relying on the Artificial Intelligence compared to the conventional 

sampling and to verify whether it can decrease the computational aspect while maintaining the 

model accuracy. To reach this goal, some performance indicators are carefully monitored during 

training. The first evaluation criterion is training time reduction: it is evaluated whether the sampling 

framework reduces the training time for the models. The model is expected to have fewer data 

instances processed due to the selection of only the most informative ones for learning, leading to 

faster convergence and shorter training cycles. This is especially crucial in today's machine learning 

landscape where datasets are typically large, causing significant delays in computation. The other 

important evaluation factor is the percentage of reduction in the dataset which is a measure of the 

amount of data that has been removed from the original dataset while preserving essential 

information for the learning process. The suggested design will focus on selecting and preserving 

samples that provide the most useful information, and discard samples that are redundant, repetitive 

or less valuable. The higher the dataset reduction percentage, the more efficient it will be in how the 

data is used and stored. In addition, accuracy retention is evaluated in order to test the detrimental 

effect that the reduction in training data may have on the predictive performance. The metric is used 

to compare the accuracy of models using the sampled data set with the accuracy of models trained 

with the full data set. The goal of a successful sampling strategy is that the accuracy of the predictions 

is high even with much smaller training sets. In addition, computational efficiency is examined by 

measuring the utilization of resources, such as processor utilization, memory usage and overall 
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computational costs during the training process. Ideally, the efficient sampling will minimize the 

resource requirements, and it will not compromise the effectiveness of the model. It is important to 

ensure consistency and reliability in the results obtained from the experiments by running them over 

a number of iterations and different machine learning algorithms. This comprehensive evaluation 

framework highlights the potential of these AI-driven sampling methods to improve data selection, 

speed up training times, cut down on computing costs, and ensure high accuracy of the final 

predictions, proving their applicability for today's large-scale AI and machine learning applications. 

 

4. RESULT AND DISCUSSION 

4.1. Performance Evaluation 

The evaluation of the proposed AI-based sampling framework shows that the proposed 

framework achieves superior efficiency in model training, while also reducing resource consumption 

compared to traditional sampling methods. The experimental results demonstrate that intelligent 

sample selection can lead to predictive performance of machine learning models that is comparable 

or better than the performance obtained from the original dataset, and that a much smaller fraction of 

it is needed. A major observation is that the training process is found to converge faster. The highly 

informative and representative samples ensure that the learning algorithm can pick up the key data 

patterns faster, thereby minimizing the number of training passes needed to get to their optimum 

performance. This accelerated convergence makes significant direct contributions to quick training 

and improved operation efficiency. One significant result of the evaluation is the decrease in memory 

consumption. The traditional machine learning methods generally demand high memory and storage 

capacities, given the requirement of processing massive amounts of data. The proposed filtering 

mechanism using AI reduces the number of instances in the training set, as it filters out redundant 

and less informative instances. This therefore significantly reduces memory usage while maintaining 

learned representations quality. This property is more helpful in a large volume of data and 

resources constrained computing platform where space for memory is limited. The experimental 

results also show that significant reduction in computation cost has been achieved. Less training 

samples are processed, meaning the framework is more energy efficient, less processing power is 

required, and is faster to run. These enhancements lead to lower costs and increased usefulness for 

deployed in-the-wild machine learning. Moreover, the adaptability of the sampling protocol allows 

the framework to grow in a cost-effective way as the data sets grow. The proposed approach is 

scalable with massive datasets and can perform adequately without requiring much performance 

degradation, unlike traditional approaches. One conclusion of the evaluation was that accuracy is not 

adversely impacted even with substantial decreases in training data size. Analysis of accuracy shows 

that the samples selected include critical information for good learning to take place. This not only 

preserves the model's ability to make accurate predictions but also minimizes the computational 

load. In summary, the experimental results validate the potential of AI-based sampling to improve 

scalability, resource utilization, model training time and predictive accuracy, making it a powerful 

approach for today's data-heavy machine learning tasks. 
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4.2. Comparative Performance Analysis 

Table 1: Comparative Performance Analysis 

Metric Full Dataset AI Sampling Improvement (%) 

Training Time 100 45 55% 

Memory Usage 100 50 50% 

CPU Utilization 100 65 35% 

Accuracy Retention 100 97 97% 

Precision 100 96 96% 

Recall 100 95 95% 

F1 Score 100 96 96% 

 

 
Fig 3 - Comparative Performance Analysis 

 

4.2.1. Training Time 

The analysis shows that the proposed AI-based sampling method can significantly reduce 

training time compared to the traditional method. With the full dataset, it will take 100% of the 

baseline training time, but with the AI sampling framework, the opposite is true, with a 45% 

reduction. This is a 55% improvement on the effectiveness of learning, showing that intelligent 

sample selection is effective in speeding up learning. The framework emphasizes informative data 

instances, and removes redundant observations, allowing the model to converge faster without 

compromising learning quality. This savings in training time is especially valuable for large-scale 

machine learning applications where time can make a substantial difference in productivity and 

deployment timelines. 

 

4.2.2. Memory Usage 

AI-powered sampling is one way to greatly improve memory usage. In the experimental 

results, it can be seen that memory usage is reduced from 100% of the full dataset to 50% using 

intelligent sampling, thus improving the memory usage by 50%. This is because only the most 

valuable and representative samples are kept in memory for use in training, which saves memory 

space and storage. Reducing memory usage allows for efficient training of machine learning models 



  

 
 

ISSN: 3142-788X 
PP: 01-17. 

 

---------------- 
AI-Driven Data Sampling Strategies for Efficient Model Training 

Dr. K. Balasubramanian & Dr. Meena Krishnan 

   14 

on systems with limited hardware resources, and helps process larger datasets without needing 

significant infrastructure upgrades. 

 

4.2.3. CPU Utilization 

There is also significant improvement in processor efficiency in the proposed sampling 

framework. When using AI-driven sampling, CPU utilization is reduced from 100% to 65%, or 35% 

more efficient. This is possible because the model is working with fewer, but more informative 

training instances. This, in turn, enhances utilization of the processor resources and hence reduces the 

overhead of execution and overall system efficiency. This efficiency helps reduce the cost of 

operation, and enables machine learning solutions for deployment in such environments where 

computational resources are limited. 

 

4.2.4. Accuracy Retention 

It is one of the most significant conclusion of the comparative analysis is that the framework is 

able to keep providing predictive performance even if the dataset size is considerably reduced. The 

accuracy of the results retains at 97% compared to the baseline of 100% of the whole dataset. The 

result shows that the selected samples are able to preserve the relevant information for successful 

model learning. The 2% drop in accuracy could be considered a minor tradeoff for the significant 

improvements in computational efficiency, suggesting that AI-powered sampling can deliver a great 

balance between performance and resource optimization. 

 

4.2.5. Precision 

When sampled against the full dataset model, precision analysis shows that the proposed 

sampling strategy gives 96% precision. This means that the model can accurately detect positive 

predictions, and few false positives are detected. The result shows that the intelligent sampling 

mechanism maintains the important discriminative information required for the accurate 

classification. Applications like medical diagnosis, fraud detection and cyber security are particularly 

demanding in terms of precision, where false positives can have major repercussions. 

 

4.2.6. Recall 

With the recall metric of 95% relative to the entire dataset, it is clear that the AI based 

sampling framework is effective at pinpointing the vast majority of relevant instances in the dataset. 

The performance is still quite good, although there is a slight drop, the amount of data used for 

training is also significantly reduced, and the computational burden is also greatly reduced. High 

recall reflects that it is not all or nothing for the different classes, and that important patterns and 

minority class information is not lost in selecting the sample. 

 

4.2.7. F1 Score 

The F1 Score is computed as a unified measure of precision and recall, and it is 96% of the 

baseline value, reached when using the full dataset. The result emphasizes that the sampling 

framework is balanced, with good predictive power on various criteria. The high F1 Score shows that 
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AI-based sampling is not only able to maintain classification accuracy and class coverage but also can 

supply a substantial reduction in computation cost. Overall, the comparative analysis suggests that 

the proposed framework achieves significant efficiency gains without sacrificing the predictive 

accuracy, which is crucial for large-scale machine learning applications in today's context. 

 

4.3. Discussion 

The results of the experiments clearly illustrate that the proposed AI-based sampling 

framework is effective in achieving both computational efficiency and effective prediction. One of the 

main goals of intelligent sampling is to minimize the amount of data analysed when training a 

model, and the results showed that this goal was accomplished. The framework always selected 

informative and representative samples, making it more effective for machine learning models to 

learn the most important patterns from a smaller amount of data. This led to significant 

improvements in training efficiency, resource usage, and scalability without compromising the 

accuracy of predictions. The results underscore the promise of AI-driven sampling as a viable 

approach to tackle the potential difficulties that come with processing vast amounts of data in 

contemporary AI applications. Computationally, the proposed approach has a number of significant 

benefits. The system decreases the number of samples needed to train the system, which in turn 

reduces the processing time, enabling the system models to converge in a much shorter span of time 

than the conventional systems. This also helps reduce memory requirements and processor 

utilization, thus reducing hardware needs. The organizations can then deploy machine learning 

solutions which involves investing in high performance computing infrastructure without spending a 

lot of money. Additionally, reduced training times lead to quicker deployment cycles, facilitating 

quicker model updates and decision-making in rapidly changing environments. The performance of 

the model is excellent with respect to the extent of the reduction of the datasets. The results 

demonstrate that the selected samples have a high accuracy retention which implies that they are rich 

with information to support effective learning. Another significant point to note is that there is better 

representation of minority classes in the training data. The framework uses intelligent instance 

selection to reduce the chances of bias toward majority classes and also boosts the performance in 

imbalanced datasets, by choosing instances with information and diversity. This helps to ensure 

greater classification accuracy and fairness. Moreover, the chosen samples exhibit improved 

generalization ability, enabling models to generalize effectively to unseen data and minimizing the 

risk of overfitting. It is also shown that the proposed approach is scalable. The framework also 

performed well with large datasets and was efficient with respect to multiple machine learning 

algorithms. Its versatility highlights its potential in various practical applications, especially those 

with growing data volumes and complexity. In conclusion, the findings confirm the potential of AI-

driven sampling as a powerful and scalable approach to efficient model training and intelligent data 

management. 

 

5. CONCLUSION 

With the advent of artificial intelligence (AI) and its applications in machine learning and 

deep learning, the demand for computational complexity has surged, and data sampling strategies 



  

 
 

ISSN: 3142-788X 
PP: 01-17. 

 

---------------- 
AI-Driven Data Sampling Strategies for Efficient Model Training 

Dr. K. Balasubramanian & Dr. Meena Krishnan 

   16 

are crucial to addressing these challenges.As AI and its applications, such as machine learning and 

deep learning, have evolved, so have the computational requirements, making data sampling 

strategies increasingly relevant. With the growing amount of data that organizations are creating and 

handling, using all of this data for training is often impractical because it is computationally 

intensive, requires significant training time, consumes a lot of memory, and can be energy-intensive. 

Such restrictions are substantial obstacles to scaling and real-world application of machine learning 

systems. Therefore, intelligent sampling techniques have received a lot of attention as an effective 

way to select representative and informative subsets of the data that keep the quality of learning and 

at the same time significantly reduce the computational burden. AI-based sampling optimizes the 

training instances that machine learning models process, allowing them to gain high predictive 

performance without having to process all observations. This study examined the evolution of the 

data sampling method used, and ranged from traditional statistical sampling methods like random 

sampling and stratified sampling to more sophisticated methods like importance sampling, active 

learning, adaptive sampling and reinforcement learning for sample selection. The analysis showed 

that though traditional approaches were useful mechanisms to reduce the size of the data sets, they 

were not sufficiently adaptive and intelligent to work in the current environment of large scale and 

high dimensional data sets. To address these issues, the proposed AI-based architecture incorporates 

several intelligent components, such as feature importance analysis, uncertainty estimation, diversity 

preservation mechanisms, class representation balancing, and reinforcement learning principles. 

These techniques can be combined to form a learning system that adapts and dynamically selects the 

most informative training samples given the current model needs and learning goals. The framework 

was tested in experiment and it was observed to be effective in some key aspects of performance. 

Results showed that intelligent sampling can achieve a significant reduction of the data set with good 

prediction capability. Overall, the framework showed promising results in terms of reducing the 

amount of training data and memory required, as well as the computational cost and time needed for 

model development. Meanwhile, predictive accuracy, precision, recall and F1 score were similar to 

the same metrics derived from the entire dataset, confirming the effectiveness of the selected samples 

in capturing of relevant information. In addition, the framework had good scalability properties and 

did not vary significantly in performance with respect to machine learning algorithms and dataset 

sizes. In addition to enhancing performance, AI-driven sampling also helps to achieve a more 

sustainable and responsible development of AI. Smart sampling helps achieve a more 

environmentally responsible application of AI, while optimizing the use of advanced AI 

solutions.Intelligent sampling lowers the computational burden and energy usage of AI and machine 

learning systems, allowing organizations to leverage more sophisticated AI solutions without 

straining resources. Moving forward, future studies could further build on adaptive sampling by 

incorporating new technologies like federated learning, Explainable AI, Automated Machine 

Learning (AutoML), Edge Intelligence, and distributed computing environments. In the future, 

intelligent sampling is likely to be a key component of the design of future AI systems, as data grows 

and machine learning applications grow in complexity. AI-powered sampling offers a powerful 

enabling technology for data-centric AI and efficient model training by providing a balance between 

efficiency, scalability, and predictive performance. 
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