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Abstract

In the context of the big data era, vector databases play an important role in processing
large-scale and complex data. This article explores how to enhance the performance of
vector databases through algorithm improvements. Focus on optimizing algorithm
adaptability, improving index structure, introducing multi-level indexing and parallel
processing technology, and enhancing the scalability of high-dimensional data
processing. By deeply analyzing the current technological situation and proposing
targeted optimization measures, a complete set of optimization solutions is aimed at
improving database retrieval efficiency and data processing capabilities. These
strategies can effectively address the challenges in high-dimensional data processing,
improve the overall performance of databases, and provide more efficient support for
big data application scenarios.
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1. Introduction

With the rapid development of technologies such as artificial intelligence, big data, and machine
learning, vector databases are becoming increasingly widely used in processing large-scale and
high-dimensional data. However, the dramatic increase in data scale has posed many challenges
to the efficiency of current databases, especially in terms of search speed, real-time data
refreshing, and system scalability. Therefore, performance enhancement methods for vector
databases based on algorithm improvements have become particularly critical. This article will
explore ways to improve the comprehensive performance of vector databases and meet
increasingly complex data processing challenges by optimizing algorithm adaptability,
improving index structures, and introducing multi-level indexing and parallel processing
techniques.

2. Overview of Vector Database Optimization Based on Algorithms

2.1. Theoretical Basis for Algorithm Optimization

The core goal of algorithm optimization is to improve computational efficiency, reduce resource
consumption, and ensure that algorithms can adapt to constantly changing needs in a big data
environment. The theoretical basis mainly involves the following aspects: firstly, time
complexity and space complexity analysis are the core contents of algorithm optimization. Time
complexity reflects the dependency relationship between algorithm execution time and input
data volume, while space complexity focuses on examining the storage space requirements
during algorithm execution [1]. In the optimization process, it is necessary to evaluate the
complexity of the current algorithm, identify inefficient links, and try to replace them with more
efficient algorithms. Secondly, the design of data structures is one of the key factors in algorithm
optimization. The data structure directly affects the storage and organization of data, which in
turn affects the performance of query, add, and delete operations. Thirdly, the divide and

138



Scientific Journal of Technology Volume 7 Issue 2, 2025
ISSN: 2688-8645

conquer strategy of algorithms and dynamic programming are commonly used technical means
in the optimization process. The divide and conquer strategy decompose complex problems
into multiple simple problems, breaks them down one by one, and then integrates and solves
them, thereby reducing the overall computational load. Fourthly, parallel computing and
distributed computing also play important roles in algorithm optimization. By refining complex
tasks into numerous subtasks, synchronous execution can be achieved. Especially in the
processing of multidimensional data, with the multi-core processing capability of advanced
computers, algorithm optimization can be parallelized, significantly improving the speed of
retrieval and data updates. As shown in Table 1, various algorithm optimization methods and
their applicability provide important references for a deeper understanding of the optimization
paths and practical applications of various algorithms.

Table 1. Common Algorithm Optimization Strategies and Application Fields

optimization describe application area
strategy
Time complexity B.y analyzing the time complex1ty of . Sorting algorithm, search
o algorithms, we can reduce computation time . .
optimization . .. algorithm, graph algorithm, etc
and improve efficiency
Space complexity Reduce memory usage by optimizing data Big data processing, mage
o processing, network flow
optimization structures and storage methods o
optimization
Data structure Choose suitable data structures to improve Database indexing, caching
optimization operational efficiency system, file storage
Divide and conquer Split the problem into smaller sub problems, Sorting algorithms (quick sort,
algorithm recursively solve and merge the results merge sort), matrix calculation
. Avoiding duplicate calculations and improving Shortest path problem,
dynamic < . . oo
. efficiency by recording the solutions to backpack problem, edit distance
programming
subproblems problem
Decompose tasks into multiple subtasks for . L
. . . . Big data processing, image
parallel computing parallel processing to improve computing . . :
speed rendering, machine learning

2.2. Definition of Vector Database

Vector database is a database system specifically designed for storing and managing high-
dimensional vector data, commonly used in complex data scenarios such as image recognition,
speech analysis, text mining, and personalized recommendation. This type of database differs
significantly from traditional relational systems and is mainly optimized for multidimensional
dynamic data. Each data point is typically represented in the form of a multidimensional vector,
where each dimension represents the numerical value of a certain feature. The main function
of a vector database is to achieve fast storage, search, and query operations for such high-
dimensional vectors. In such database systems, data is arranged in the form of vectors in high-
dimensional space, and similarity or distance measures become key criteria for retrieval
operations[2]. An important feature of vector databases is the optimized storage and indexing
of high-dimensional data. Due to the high spatial complexity often associated with high-
dimensional data, conventional query methods will inevitably encounter performance barriers.
Therefore, vector databases use specialized index structures and efficient algorithms to
improve query efficiency while reducing query operation time. Vector databases also need to
support batch processing of big data and real-time data update functions. In short, vector
database is a database system designed specifically for high-dimensional data storage and
retrieval. This system relies on efficient indexing mechanisms and refined algorithm
improvements, and can cope with complex data processing tasks, becoming an indispensable
infrastructure in many contemporary intelligent technology fields.
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3. Current Status of Vector Databases Optimized Based on Algorithms

3.1. Insufficient Adaptability of Algorithms

With the increasing amount of information, traditional computing methods have become
increasingly difficult to handle complex query tasks and achieve efficient data search. Especially
when dealing with high-dimensional data, standard indexing strategies and retrieval
algorithms often struggle to adapt to diverse data distributions and query methods, thereby
affecting performance. Many existing algorithms ignore the feature changes of data during the
optimization process and lack the ability to dynamically adjust the calculation process. For
example, when the attributes of the data source change, traditional algorithms mostly require
manual intervention to make adjustments and lack the ability to automatically adjust[3]. This
"fixed" algorithm architecture constrains the adaptability of vector databases, making it
difficult for them to respond in real-time when faced with changing data patterns and
continuously evolving query requirements.

3.2. Data Sparsity has a Significant Impact on Query Efficiency

In vector databases, data sparsity is an issue that cannot be ignored, especially when dealing
with large-scale high-dimensional data. Sparse data refers to data where most elements are
empty or close to zero, which directly affects the efficiency of query operations. Sparse data is
filled with numerous worthless information, which requires algorithms to consume more
computing power to perform invalid data comparisons during query operations, undoubtedly
increasing the system's response time. Especially when dealing with high-dimensional data
spaces, searching for sparse data and evaluating similarity become more difficult. Traditional
distance calculation methods such as Euclidean distance and Manhattan distance cannot
effectively reflect the actual similarity between data when dealing with sparse data.

3.3. Mismatch between Real-Time Updates and Optimization Effects

With the continuous increase and real-time updates of data, databases need to frequently
perform incremental updates on the data, which often affects the efficiency of algorithms.
Traditional database optimization methods often rely on batch processing, which comes with a
certain level of latency [4]. But the requirement for real-time updates forces the database to
make real-time adjustments to index layout and optimization strategies at the moment of data
addition, removal, or change. This real-time adjustment mechanism is often not coordinated
with optimization effectiveness, making it difficult for data to achieve optimal query efficiency
in the short term after the latest update. Especially when dealing with high-dimensional data,
real-time data updates make database maintenance more complex, requiring frequent
adjustments to index structures and recalculating data similarity relationships, thereby
increasing computational burden.

3.4. Scalability Defects in High Dimensional Data Processing

With the increase of dimensionality, the arrangement of data in multidimensional space tends
to be scattered, which makes it difficult for traditional storage and retrieval methods to
efficiently cope with such a large multidimensional space. High dimensional data not only
increases storage burden, but also makes computing tasks more arduous. As the dimensionality
of data increases, the cost of distance calculation, sorting, and search operations also increases
exponentially, making it difficult for current query algorithms to achieve efficient processing.
Although approximate query techniques for high-dimensional data have made some progress,
existing algorithms and storage architectures are still difficult to effectively scale when
processing large-scale data [5].

140



Scientific Journal of Technology Volume 7 Issue 2, 2025
ISSN: 2688-8645

4. Performance Improvement Strategy for Vector Database based on
Algorithm Optimization

4.1. Optimization Algorithm Adaptability

In the era of big data, the improvement strategy of vector databases needs to demonstrate
strong adaptability to adapt to the constantly changing characteristics of data sets and diverse
retrieval requirements. These improvement strategies grasp core attributes such as the density,
distribution patterns, and types of data sets through deep mining of data characteristics. In the
face of continuous changes in data, these strategies not only need to meet static retrieval
requirements, but also have dynamic optimization capabilities. Once there is a change in data
distribution, the improvement strategy will automatically adjust the query path or reconstruct
the index structure. For example, when the strategy discovers a change in data distribution, the
system will immediately refresh the retrieval parameters and select an appropriate algorithm
model, aiming to shorten the retrieval time and enhance the accuracy of the output results. By
integrating deep learning and machine learning methods, optimization algorithms
continuously improve their retrieval strategies through analysis and learning of historical
retrieval records and real-time feedback information. The system analyzes past retrieval data
and constructs a predictive algorithm model to predict the most ideal retrieval path and
algorithm settings. After each retrieval operation is completed, the system adjusts the retrieval
strategy based on the feedback returned, aiming to reduce the recurrence of inaccurate
retrieval results. During this process, the algorithm combines historical data with real-time
retrieval information to flexibly select the most appropriate distance calculation method,
thereby further improving retrieval efficiency. As revealed in Figure 1, the process of optimizing
algorithm adaptability demonstrates the working principle of this process.

Que Real time Data Is there a
Data feature uery distribution change in
5 [ requirement || feedback -
analysis . . - L change data
identification monitoring 5 P
detection distribution?
start ————
Choose the
optimal Adjust query
algorithm n path yes
model
Execute
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Figure 1. Optimization Algorithm Adaptability Flowchart

4.2. Improved Index Structure and Algorithm

Optimizing index structures and algorithms is the key to improving system performance. The
index structure integrates hierarchical design concepts and diversified indexing techniques,
which can flexibly adapt according to data characteristics and retrieval needs, ensuring
retrieval efficiency. By introducing a multi-level indexing mechanism, this structure
significantly reduces the computational difficulty during the retrieval process. Under this
architecture, the index is subdivided into numerous levels, each responsible for data
localization tasks of different levels of precision. In high-level indexing, the system utilizes
relatively rough indexes to quickly lock in potential data ranges, effectively reducing the
amount of data for deep retrieval[6]. In low-level indexing, more refined indexing methods are
used to further compress the search interval and achieve precise retrieval. For example, in a
multi-layer indexing system, the system can flexibly select top-level indexes for preliminary
screening based on query size and data distribution, and then use bottom-up inverted indexes
or hash tables for accurate data localization, greatly reducing retrieval time. During the query
process, the system will also adopt intelligent query strategies to dynamically optimize query
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paths and index selection based on query frequency and data hotspots, ensuring that the system
can maintain stable performance under different query pressures. The system can also respond
to data changes in real time, update the index structure in a timely manner, avoid the
reconstruction of the overall index, and reduce the consumption of computing resources and
system pressure by applying heuristic algorithms or incremental calculation methods. The
intelligent query strategy can also dynamically optimize the data access order based on the time
and space requirements of the query, ensuring that each query request can obtain the most
relevant data results in the shortest possible time. The time complexity of index queries can be
quantified using the following formula:

Tquery = logy(N) + 0(f)

Among them, T query represents the time required for the query, b is the cardinality of the
index, N is the size of the dataset, and fis the frequency factor of the query. This formula reveals
the role of multi-level indexing and dynamic optimization in improving retrieval efficiency.

4.3. Adopting Multi-Level Indexing and Parallel Processing Technology

The system refines retrieval operations into sub processes of different levels by establishing a
multi-level indexing system. The system first uses macro indexing methods to quickly lock in
the approximate query area, thereby reducing the dataset that needs to be searched accurately.
The system further refines the data location through more refined search algorithms. Parallel
processing technology is not only the index structure, but also the key to accelerating retrieval
speed[7]. This technology decomposes the retrieval task into multiple small tasks and executes
them synchronously on numerous processors, achieving simultaneous processing of a large
number of query requirements. Specifically, the system will divide the retrieval process into
multiple subtasks based on the specific requirements of the query. For complex
multidimensional retrieval requirements, the system can decompose the task into multiple
regional searches, with each region being handled by an independent processor. During parallel
operations, the system dynamically adjusts the degree of parallelism based on the difficulty of
retrieval, data distribution, and the actual situation of computing resources. For example, for
relatively simple queries, the system may allocate fewer computing resources for simple
parallel processing; For more difficult queries, the system will dynamically increase the number
of processors based on the workload to enhance processing power. When performing retrieval
tasks, the system also monitors the load status of each processor and performs load balancing
operations as needed. If some processors are overloaded, the system will automatically transfer
tasks to other processors to balance the load of each processor and prevent performance
bottlenecks. The system also adopts intelligent scheduling strategy to dynamically optimize the
execution order of parallel tasks, ensuring that each query can receive a quick and effective
response.

4.4. Enhance the Scalability of High-Dimensional Data Processing

Improving the scalability of the system in high-dimensional data processing is an important
direction for optimizing vector databases. As shown in Table 2, common high-dimensional data
scalability enhancement techniques and their application methods can better understand how
to enhance system processing capabilities in a big data environment.

Firstly, vector databases utilize distributed storage technology to distribute large high-
dimensional datasets to numerous computing units for storage and processing. In the specific
execution process, the system divides the data into multiple data segments based on its
attributes, and distributes these segments to different nodes for storage according to the load
balancing strategy. When a node receives a query instruction, it only processes the data
fragments it stores and returns the local calculation results to the central node [8]. Secondly,
dimensionality reduction techniques are equally crucial for processing high-dimensional data.
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The system adopts a specific dimensionality reduction algorithm to effectively map high-
dimensional data to a low dimensional space. After dimensionality reduction, the system can
complete data retrieval and similarity calculation in low dimensional space, significantly
reducing computational difficulty. Reducing dimensionality helps filter out impurities within
the data, thereby improving the accuracy of search results. In practical operation, the system
will follow the specific requirements of various queries and the characteristics of data, adjust
in real time, and adopt appropriate dimensionality reduction techniques. For example, when
faced with a large number of repetitive features in the dataset, the system tends to use linear
dimensionality reduction methods such as PCA to streamline the data; For data structures with
nonlinear characteristics, the system may instead use nonlinear dimensionality reduction
techniques such as t-SNE to preserve the native features of the data as much as possible. Thirdly,
the system should have self-expanding capabilities. When processing multidimensional
datasets, the data volume continues to expand, and the system must flexibly adjust the storage
scheme and configuration of computing resources. Distributed storage systems can
automatically increase storage nodes based on the increase in data volume, and computing
nodes will also automatically expand according to changes in workload, ensuring that the
system can maintain efficient performance levels even when processing large amounts of data.

Table 2. Common Techniques for Enhancing Scalability of High Dimensional Data and Their

Applications
Technical type describe application area
Distribute data storage across multiple
distributed storage nodes and allocate tasks through load Big data storage and processing
balancing
Dimensionality Redt.lce cgmpu.tatlon.al complexity by Image processing, natural
. reducing high-dimensional data to a low language processing, data
reduction technology . . .
dimensional space analysis
Automatic extension Automatlcally adjust the allocation of Cloud computing platform, real-
. computing and storage resources based on . . .
mechanism time processing of big data
data growth

5. Conclusion

In the research on improving the performance of vector databases based on algorithm
optimization, the flexibility and adaptability of algorithms, improved index architecture, fusion
of multi-layer indexes, and parallelization processing technology play a core role in enhancing
the overall system performance. By real-time optimization of algorithms, innovative design of
index structures, and introduction of distributed technology and dimensionality reduction
methods, query efficiency and data processing capabilities can be significantly enhanced,
especially when dealing with large high-dimensional datasets. In the future, with the
continuous improvement of technological level, vector databases optimized by algorithms will
continue to provide efficient and reliable services for different application fields, and provide
strong support for data-driven intelligent decision-making.
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