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Abstract
	In terms of enhance data retrieval and processing the query response time is a core required in data environment such as streaming system, big data and analytics solution. In many applications, the ability of query functions well. However, to supporting huge data especially big data is expensive, because query response times are too long, methods based on running queries in parallel, and the high-performance requirement cannot be provided by regular method that calculate accurate answers. 
In my literature review, I give a summary about approximate query processing (AQP), which seeks to quickly discover an approximate result as near of correct result with Machine learning.
Introduction
In modern data settings like streaming systems, big data platforms, and analytics solutions, efficient query processing is essential. The performance and usability of these systems are directly impacted by how quickly data can be retrieved and processed. But as data volumes increase exponentially, conventional approaches frequently find it difficult to satisfy the strict requirements for quick query responses. Because of the prolonged query response times, supporting efficient query processing might become unaffordable in many applications, particularly those involving large datasets. Although techniques such as parallel query execution have been used to address these problems, they frequently fail to deliver the high-performance needs necessary for in-the-moment analytics and decision-making.
The use of approximate query processing (AQP) has shown promise in addressing the problems brought on by the growing amounts of data. Instead of providing accurate findings, AQP concentrates on providing results fast and in an approximated manner that is close to the right answer. This method becomes especially useful in situations when it would be too computationally expensive to provide accurate answers.
The goal of this work is to present a thorough overview of the most recent advances in machine learning-based approximate query processing, emphasizing their uses and advantages.
Background:
In today's data-driven society, businesses across different sectors heavily depend on effective data retrieval and processing to extract insights, make informed decisions, and foster innovation. However, the ever-expanding volume and complexity of data present significant challenges for traditional methods of query processing, which struggle to deliver quick and accurate results [9].
Historically, database query processing has focused on providing precise answers to user queries, often at the expense of high computational overhead, particularly with large datasets. To address this, researchers and practitioners have increasingly turned to approximate query processing (AQP) as an alternative approach [3], [9].
Machine learning has emerged as a valuable tool for improving AQP by leveraging data patterns to deliver accurate approximations more efficiently. By integrating machine learning into AQP, there are new opportunities to enhance the efficiency and performance of data retrieval and processing across various applications [9].
Understanding the background of AQP and the potential of integrating machine learning techniques provides a solid basis for exploring innovative methodologies and approaches to improve query processing in data-rich environments [9].

Synthesis Matrix
	Study
	Authors
	Year
	Research Design
	Key Findings/results
	Limitations

	1
	Walter Cai
Magdalena Balazinska
Dan Suciu[2]

	2019
	Paper
	Develop the use of bounds as apractical tool for multi join query optimization. In doing so, they introduce a method of further tightening state of the art query bounds via random hash partitioning and data sketching.
“This approach to significantly narrowing state-of-the-art query bounds via random hash partitioning and data sketching is useful when using bounds as a practical tool for multi join query optimization. This is a trade-off area between an increased partition budget and faster plan execution”[2]
	They do not focus on optimization time efficiency

	2
	Kaiyu
Guoliang[3]
	2018
	Paper
	OLA scripts can be extended to support multiple tables on relational databases. Especially, the join queries are hard to predict in advance, and OLA is a typical method to solve such problem.
	it is too expensive to compute the exact join size and we should estimate the join size.

	3
	Qingzhi Ma
Yoav Freund 
Robert E Schapire[4]
	2021
	Paper
	AdaBoost was ﬁrstly proposed to solve classiﬁcation problems, and was applied to solve regression problems later on
	AdaBoost It is sensitive to noisy data and outliers, as these can disproportionately influence the weight distribution in the training process.

	4
	Tianqi Chen, Sameer Singh
Ben Taskar
Carlos Guestrin[5]
	2015
	Paper
	GBoost usually uses only the ﬁrst-order information, incorporate the second-order information in gradient boosting for conditional random ﬁelds, and improve its accuracy
	Typically, the base models consist of a collection of regression and classification trees. Support for other regression models is lacking.

	5
	Tianqi Chen 
Carlos Guestrin[6]
	2016
	Paper
	XGBoost is a state-of-art boosting method, and is widely used for competitions due to its fast training time and high accuracy. The objective of XGBoost is calculate  loss function, and controls how close predictions are to the targets. and regularization term, which controls the complexity of the model. Cache access patterns, data compression and sharding are essential elements for building a scalable end-to-end system for tree boosting.
	XGBoost has certain drawbacks, such as being a time-consuming, greedy algorithm and not requiring multi-threaded optimization.

	6
	Qingzhi Ma
Ali M. Shanghooshabad
Mehrdad Almasi
Meghdad Kurmanji
Peter Triantafillou[7]
	2020
	Paper
	More recently, learning methods for AQP have been developed. Such initiatives, which can lead to faster query response times and increased accuracy, include DBEst, DeepDB, deep generative models, etc. Models typically have lower space overheads than samples do.
	DBEst keeps track of a regressor and a density estimator for every group of a grouping attribute. The size of the models can explode if there are a lot of groups, which would reduce their appeal for many inquiries.

	7
	[10]	Alex Graves, Greg Wayne, Malcolm Reynolds and Tim Harley
	2016
	Paper
	Mixture Density Networks (MDN) are simple and straightforward- one of the main reasons we selected them. Combining a deep neural network and a mixture of distributions creates a MDN model. Many modern neural networks could be easily extended to support MDNs
	Model Complexity, Data Efficiency and Choosing the appropriate number of mixture components in MDNs can be challenging and may require additional validation methods to avoid underfitting or overfitting

	8
	[11] Omer Levy and Yoav Goldberg
	2014
	Paper
	LSTMs
as they are widely applied to solve real-world problems with high success.
	Training large-scale word embeddings requires significant computational resources and time, especially for models with large vocabularies and high-dimensional embeddings.

	9
	[12] Amir Globerson, Gal Chechik, Fernando Pereira, and Naftali Tishby
	2007
	Paper
	Skip_Gram
Have been highly successful because of the deep linguistic theory behind it. In this paper also, the Skip_Gram model is used to transform group-attribute values and other categorical attributes into a real valued vector representation. As categorical attributes have no meaningful distance between successive values (ie city="Toronto" vs city="New York"), learning a relationship between a categorical independent variable and a dependent one is very difficult. Using word embedding introduces such a meaningful distance between different independent categorical-attribute values (e.g., 𝑔,𝑥) so that learning 𝑃(𝑦|𝑔,𝑥) becomes easier and more accurate.
	Limited Representation of Phrases and Named Entities and Difficulty with Categorical Attributes

	10
	[13] Ronan Collobert
	2014
	Paper
	word embeddings have proven to be valuable tools for various natural language processing tasks. Their ability to capture semantic similarities and relationships between words has led to significant advancements in tasks such as sentiment analysis, machine translation, and information retrieval.
	Contextual Information, Out-of-Vocabulary Words and Semantic Ambiguity



Problem Statement
In the realm of training high-quality machine learning models, the query processing is need to improve the accuracy of data retrieval and processing the query response time is a core required in data environment such as streaming system, big data and large language model (LLM) [6].
As well, existing approximate query processing (AQP) algorithms often struggle to supporting huge data especially big data is expensive, because query response times are too long, methods based on running queries in parallel, and the high-performance requirement cannot be provided by regular method that calculate accurate answers [7].
The development of an enhanced query processing engine is crucial for businesses to swiftly obtain approximate results that are close to the correct ones using machine learning techniques. This is essential for reducing costs, time, and efforts associated with data analysis. Many ongoing initiatives aim to enhance the capabilities of relational database management systems through the integration of machine learning models. These models are increasingly utilized in approximate query processing and database optimization tasks. [9]
However, the current cost of implementing such models often inhibits businesses from effectively harnessing data mining capabilities. Additionally, maintaining high-quality models typically requires large sample sizes, which can escalate storage and hardware requirements and contribute to sustained high query response times [9].
Therefore, there is a clear imperative to improve query processing by leveraging machine learning models, not only to optimize cost and resource utilization but also to enable businesses to perform more effective data analysis and decision-making.[6], [7].
Research Objectives
To examine contributory factors to Approximate query processing by applying machine learning models.
To assess the current AQP solutions by applying machine learning models and what are the added values when replacing machine learning models with deep learning, and determine the impact of machine learning methods, to provides the solution of query response time, cost overhead and better accuracy.
· Investigate Contributory Factors to Approximate Query Processing (AQP) Using Machine Learning Models:
· Explore how various machine learning techniques contribute to improving AQP performance, including workload forecasting, database tuning, and query optimization.
· Analyze the aspects of feature selection, model architecture, and training data quality that affect how well machine learning models improve AQP.
· Evaluate Current AQP Solutions with Machine Learning Models:
· Assist the strengths and weaknesses of existing AQP methods that incorporate machine learning models.
· Examine the benefits of using deep learning methods in place of more conventional machine learning models for AQP tasks.
· Assist the impact of machine learning methods on query response time, cost overhead and accuracy:
· Analyze the impact of different machine learning methods on query response time, considering factors such as sample size, algorithm complexity, and model training time.
· Compare the costs of using machine learning based AQP solutions to those of using conventional techniques.
· Evaluate the gains in accuracy that come from integrating machine learning models with AQP, especially with regard to error rates and approximation quality.
The aim of this research is to gain insights into the effectiveness of machine learning and deep learning models in enhancing approximate query processing, ultimately leading to improved query response time, reduced cost overhead, and better accuracy in database systems. This will be achieved through investigating contributory factors, evaluating current solutions, and assessing the impact of machine learning methods on key performance metrics.
Research Methodology
1. Literature Review:
· Perform an extensive analysis of the body of knowledge regarding machine learning applications in database systems and approximate query processing (AQP) techniques.
· List the main ideas, approaches, and difficulties pertaining to AQP and machine learning in query processing.
2. Data Gathering:
· Collection paper related to AQP
· Analyze how machine learning techniques affect important performance indicators, such as accuracy, cost overhead, and query response time.
3. Evaluation and Investigation:
· Explore different machine learning methods, like clustering, regression, and classification, to comprehend how they improve AQP.
· Analyze the ways in which variables such as query complexity, dataset size, and workload characteristics affect the efficiency of machine learning models in AQP.
· Assess the strengths and weaknesses of current AQP methods in terms of query response time, cost overhead, and accuracy.
· Evaluate the impact of different machine learning methods on key performance metrics, including query response time, cost overhead, and accuracy.
4. Documentation and Reporting:
· Document the research methodology, experimental setup, results, and conclusions in a detailed report.

Related Work
Many research are ongoing to enhance the functionalities of RDBMS by ML models. Here we go to brief comparison of regression models is summarized. The existing approximate query processing (AQP) algorithms often struggle to supporting huge data especially big data is expensive, because query response times are too long, methods based on running queries in parallel, and the high-performance requirement cannot be provided by regular method that calculate accurate answers.
After that we overview to enhance query processing engine is crucial for businesses to quickly discover an approximate result as near of correct result with Machine learning that important to shrink a cost, time and effort. That is a must have enabling the user to better analyses[1], [2], [3], [4], [5], [6], [7], [8].

Plan of work: Gantt chart
	Task No
	WBS No
	Status %
	Milestone/ Tasks
	Start Date
	End Date
	Predecessors

	1
	1
	100%
	Planning (selecting a clear and concise research title)
	17-Feb-24
	19-Feb-24
	 

	2
	2
	100%
	Literature review
	20-Feb-24
	9-Mar-24
	 

	3
	2.1
	100%
	Collection of research paper's relevant to research title
	20-Feb-24
	22-Feb-24
	1

	4
	2.2
	100%
	Concise summary of the research paper's
	22-Feb-24
	23-Feb-24
	3

	5
	2.3
	100%
	Critical analysis
	23-Feb-24
	24-Feb-24
	4

	6
	2.4
	100%
	Identification (connections or conflicts)
	24-Feb-24
	25-Feb-24
	5

	7
	2.5
	100%
	Create table summarizing (reviewed papers)
	25-Feb-24
	26-Feb-24
	6

	8
	2.6
	100%
	Documentation and review 
	26-Feb-24
	9-Mar-24
	7

	9
	3
	100%
	Problem statement and research objectives
	10-Mar-24
	16-Mar-24
	 

	10
	3.1
	100%
	Identify the problem domain. 
	10-Mar-24
	11-Mar-24
	8

	11
	3.2
	100%
	Describe the problem. 
	11-Mar-24
	12-Mar-24
	10

	12
	3.3
	100%
	Highlight the Significance 
	12-Mar-24
	13-Mar-24
	11

	13
	3.4
	100%
	Mention existing solutions. 
	13-Mar-24
	14-Mar-24
	12

	14
	3.5
	100%
	Justify the need for research. 
	14-Mar-24
	15-Mar-24
	13

	15
	3.6
	100%
	Formulate a clear problem statement
	15-Mar-24
	16-Mar-24
	14

	16
	3.7
	100%
	Formulate a clear research objective
	15-Mar-24
	16-Mar-24
	15

	17
	3.8
	100%
	Documentation and review 
	16-Mar-24
	16-Mar-24
	16

	18
	4
	100%
	Complete research proposal
	16-Mar-24
	27-Apr-24
	 

	19
	4.1
	100%
	Abstract  
	16-Mar-24
	15-Apr-24
	17

	20
	4.2
	100%
	Introduction 
	17-Mar-24
	16-Apr-24
	19

	21
	4.3
	100%
	Background  
	18-Mar-24
	17-Apr-24
	20

	22
	4.4
	100%
	Enhance the problem statement
	19-Mar-24
	18-Apr-24
	21

	23
	4.5
	100%
	Enhance the research objectives 
	20-Mar-24
	18-Apr-24
	22

	24
	4.6
	100%
	Research scope 
	21-Mar-24
	19-Apr-24
	23

	25
	4.7
	100%
	Extend the literature review
	22-Mar-24
	20-Apr-24
	24

	26
	4.8
	100%
	Create brief research methodology 
	23-Mar-24
	21-Apr-24
	25

	27
	4.9
	100%
	Documentation and review /QA
	24-Mar-24
	22-Apr-24
	26

	28
	5
	100%
	Submit final project
	23-Apr-24
	23-Apr-24
	27
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