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Database knob tuning is a long-standing challenge in the database community, aimed at enhancing the
performance of database management systems (DBMSs) by minimizing latency and maximizing throughput.
Manual tuning, which relies heavily on human expertise, is often inefficient and impractical for large-scale or
dynamic deployments. Recent work has explored automating this process using machine learning (ML) and
large language models (LLMs). However, existing methods typically require hundreds of workload replays or
rely on extensive training data, leading to low tuning efficiency or high preparation costs. Moreover, they
also risk generating invalid configurations that can degrade performance or even crash the database. To
address these limitations, we introduce AgentTune, the first agent-based knob tuning framework powered
by LLMs, designed for efficiency, adaptability, and reliability. AgentTune decomposes the tuning process into
four specialized agents:Workload Analyzer, Knob Selector, Range Pruner, and Configuration Recommender, each
responsible for a distinct subtask. These agents collaborate through structured prompt chaining. AgentTune
first analyzes the input workload to identify impactful knobs and reconstructs their valid ranges to reduce the
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search space. It then employs a tree-based search strategy to efficiently explore the configuration space and
identify suitable knob values.

We conduct extensive evaluations across diverse workloads (public benchmarks and real-world workloads),
metrics (latency and throughput), DBMSs (PostgreSQL, MySQL, and TiDB), hardware environments, and
database scales. Experimental results demonstrate that, compared to existing baselines, AgentTune is able to
identify superior configurations using significantly fewer workload replays. Furthermore, AgentTune rarely
generates invalid configurations during the tuning process, ensuring reliability and suitability for real-world
deployments.

CCS Concepts: • Information systems→ Autonomous database administration; Database utilities
and tools.

Additional Key Words and Phrases: Database Knob Tuning, Large Language Models
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1 Introduction
Modern database management systems (DBMSs) typically expose hundreds of tunable knobs that
govern various aspects of system behavior, including memory allocation, thread scheduling, and
caching mechanisms [6]. The goal of database knob tuning is to discover optimal configurations of
these knobs to enhance DBMS performance, achieving low latency and high throughput. However,
this task is inherently challenging due to the continuous and high-dimensional nature of most
knobs, which results in a vast configuration search space. Consequently, it is difficult for data-
base administrators (DBAs) to efficiently determine high-performing configurations for a specific
workload [28, 44].

Over the past decade, various machine learning (ML)-based knob tuning systems have emerged,
capable of automatically discovering effective configurations without extensive human intervention.
These include approaches based on Reinforcement Learning [28, 65] and Bayesian Optimization [2,
26, 67] techniques. Such systems generally follow a “try-collect-adjust” loop: given a workload, the
ML model suggests a configuration, which is then applied to the DBMS and evaluated through
performance metrics (e.g., latency or throughput). The model then updates itself using this feedback
and produces a new configuration. Through multiple iterations, such methods can converge to a
configuration that significantly improves DBMS performance.

Recently, the field has seen growing interest in applying large languagemodels (LLMs) to database
knob tuning [14, 17, 23, 26, 32]. A recent survey [32] highlights the impressive potential of LLMs
in this domain. Existing LLM-based approaches fall into two broad categories: (1) using LLMs to
assist traditional ML-based methods [14, 26], such as by reducing the knob space or guiding the
sampling process; and (2) using LLMs as end-to-end knob tuners [17, 23], directly recommending
configurations for the given workload.

Limitations of Existing Methods.While these methods have demonstrated promise, several
critical limitations hinder their effectiveness in large-scale real-world applications:
(L1) Low tuning efficiency. ML-based methods [2, 65] often require hundreds of iterations to

converge to a promising configuration. Each iteration involves executing the workload on the DBMS
(i.e., workload replay), resulting in tuning processes that may span several hours. Although LLM-
assisted approaches achieve faster convergence, they remain limited by the inherent inefficiencies
of ML-based knob tuners.
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Fig. 1. Performance comparison between AgentTune and GPTuner (a state-of-the-art LLM-assisted knob
tuner).

(L2) Low reliability. Although ML-based tuning balances exploration and exploitation to avoid
local optima, it frequently produces invalid configurations - those that degrade performance below
the default or even crash the DBMS. Similarly, our preliminary studies show that directly using
LLMs for knob recommendations can lead to unsafe values (e.g., overly small buffer pool sizes),
stemming from issues like hallucination [22] and limited numerical reasoning capabilities [39].
These problems can result in resource exhaustion or system instability during the tuning process.

(L3) Resource-intensive preparations. To enhance efficiency, many ML and LLM-based approaches
utilize historical tuning data for model initialization [2, 68], reducing the configuration space [69],
or fine-tuning end-to-end knob tuners [23]. However, collecting this data is time and resource-
intensive. For instance, OtterTune [2] requires “over 30k trials per DBMS”, and E2ETune [23]
needs nearly 3k <workload, suitable configuration> samples. Gathering this data involves running
workloads on real machines, taking several days to weeks. Moreover, pre-trained models often
struggle to generalize to new environments (e.g., different hardware or DBMS engines) due to data
distribution shifts [12, 18, 27, 57], necessitating costly re-training for adaptation.

Motivation. In contrast to these automated methods, experienced DBAs typically approach knob
tuning in a step-by-step manner, breaking down the complex task into simpler subtasks. Specifically,
given a workload, they first analyze workload characteristics (e.g., data volume, read/write ratio),
identify relevant knobs, determine valid knob ranges based on hardware constraints, and apply
configurations informed by experience. They then monitor internal DBMS metrics and iteratively
refine configurations based on observed feedback. This structured, feedback-driven process enables
DBAs to reach satisfactory configurations in just a few steps.
Recent advancements in LLMs such as GPT-4 [40] and Claude [4] have revolutionized natural

language processing. Pre-trained on vast corpora using the Transformer architecture [59], these
models exhibit remarkable capabilities across a range of complex tasks, such as text-to-SQL trans-
lation [16, 29, 30, 46], code generation [8, 31], and tool usage [47, 50]. These advancements have
sparked growing interest in LLM-based autonomous agents [10, 61, 64]. However, limited attention
has been given to agent-based frameworks for knob tuning, despite LLM’s potential to emulate
DBA workflows in a structured and interpretable manner.

Our Proposal.Motivated by these observations, we propose AgentTune, a novel LLM-driven
agent-based framework designed to achieve effective and reliable database knob tuning, without
extensive training data preparation. AgentTune decomposes the overall tuning task into four key
subtasks, each handled by a dedicated agent: a central Configuration Recommender for generating
knob values, supported by three auxiliary agents: Workload Analyzer, Knob Selector, and Range
Pruner. These agents collectively emulate the behavior and decision-making of experienced DBAs.
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Specifically, given a workload, the Workload Analyzer interprets the workload and relevant
DBMS settings to extract key features, guiding the subsequent tuning process. The Knob Selector
then identifies the most impactful knobs, following a Range Pruner defined to discover valid ranges
to avoid unsafe configurations (addressing L2). Finally, the Configuration Recommender uses a novel
tree-based iterative process to generate high-performing configurations. This process starts with
the default knob configuration. In each iteration, the LLM refines the configuration based on DBMS
feedback and generates multiple new candidate configurations. We then prioritize candidates using
an innovative centroid-distance-based ranking mechanism and select the top-𝑘 most self-consistent
candidates to start a new iteration.

By leveraging DBMS feedback, this iterative process quickly converges to high-quality configu-
rations, akin to how human DBAs iterate, resulting in high efficiency (addressing L1). Additionally,
AgentTune requires minimal preparation when adapting to new environments, as it is driven by
prompt engineering and rule-based tools. For example, AgentTune can be seamlessly deployed
across different machines or DBMS platforms without needing re-training or extensive data collec-
tion (addressing L3).
While AgentTune’s pipeline shares high-level stages with existing approaches such as Otter-

Tune [2] and GPTuner [26], its core novelty lies in the fully LLM-driven, agent-based design.
Specifically, although GPTuner leverages LLMs to select promising knobs, it ultimately relies on
traditional Bayesian optimization for the configuration search. In contrast, AgentTune decomposes
the human DBA decision-making process into specialized LLM agents, each responsible for a
distinct subtask within the pipeline. This enables a shift from optimization based on fitted data
points to a paradigm grounded in semantic-rich context and logical reasoning, as enabled by LLMs.
As demonstrated in Figure 1, this approach allows AgentTune to consistently find better configu-
rations with fewer workload replays on SYSBENCH and JOB benchmarks. By closely emulating
DBA workflows, AgentTune delivers substantial improvements in tuning efficiency, reliability, and
out-of-the-box usability.

Evaluation. We extensively evaluate AgentTune across diverse workloads (public benchmarks
and real-world tasks), performance metrics (latency and throughput), DBMSs (PostgreSQL, MySQL,
and TiDB), hardware setups, and database scales. Compared to the state-of-the-art baselines on
each workload, AgentTune is able to identify superior configurations using significantly fewer
workload replays. Furthermore, we show that AgentTune is substantially more reliable, rarely
generating invalid configurations during tuning. Finally, we present comprehensive ablation studies
and analyze the LLM-related overhead.

Contributions. Our work makes the following contributions:
• We propose AgentTune, the first LLM-driven agent-based framework for database knob
tuning, offering high efficiency, reliability, and adaptability. To achieve this goal, we decom-
pose knob tuning into four sub-tasks - workload analysis, knob selection, range pruning, and
knob recommendation - each managed by a specialized agent.

• We present a novel tree-based search framework, combined with centroid-distance-based
ranking, to accelerate convergence while incorporating DBMS feedback during tuning.

• We perform extensive evaluations across various DBMSs, benchmarks, hardware environ-
ments, and database scales, showcasing the effectiveness and robustness of AgentTune.

2 Background and Related Work
Database Knob Tuning. Configuration knobs control many aspects of database systems (e.g.,
user connections, query optimization, and resource management), and different combinations
of knob values can significantly impact system robustness, performance, and resource usage [6].
Given a workload, knob tuning aims to adjust these values to improve database performance [70].
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For example, memory management in a database is governed by various knobs, such as those
controlling space for user connections, shared buffers, and background processes. Proper tuning of
these parameters can reduce disk I/O and improve data access efficiency.
Traditionally, knob tuning relies on database administrators (DBAs) to manually experiment

with different configurations. However, this process is costly, time-consuming, and difficult to scale,
especially in large cloud environments with thousands of database instances [44]. To address this,
researchers have developed automated tuning systems using machine learning (ML) techniques,
capable of identifying effective configurations without human intervention [2, 24, 28, 34, 51].

The approaches for database knob tuning fall into four primary categories: reinforcement learning
(RL) based approaches [5, 28, 55, 65], Bayesian optimization (BO) based techniques [2, 13, 67,
68], deep learning (DL) based methods [3, 34, 51], and heuristic methods [7, 73]. These tuning
methods typically require repeated interactions with the DBMS, where each iteration involves
executing the workload to evaluate a new configuration. This iterative process is often slow and
resource-intensive, limiting its applicability in time-sensitive or cost-sensitive environments. Large
Language Models. Language models (LMs) have long been a foundational component of natural
language processing (NLP). Large language models (LLMs), a powerful subclass of LMs, leverage
massive datasets and computational resources to achieve state-of-the-art performance in a wide
range of NLP tasks, including machine translation [1, 9] and summarization [36, 49]. Early neural
language models struggled to capture the full richness of natural language. A major breakthrough
came with the introduction of the Transformer architecture [59], which employs self-attention to
model relationships across entire sequences, enabling much deeper contextual understanding. The
Transformer architecture serves as the foundation for many prominent LLMs, including BERT [11],
GPT-2 [48], and XLNet [63]. More recent models such as ChatGPT [42] and GPT-4 [40] demonstrate
broad generalization capabilities and excel at tasks involving reasoning, synthesis, and interaction.
LLMs have recently shown promising results in database-related tasks, including performance

diagnosis [72], text-to-SQL translation [15, 30], and query rewriting [33, 35]. Their extensive
domain knowledge, reasoning capabilities, and interpretability make LLMs attractive for tackling
challenges in database optimization. Several recent studies have started to integrate LLMs into
knob tuning. For instance, DB-Bert [26] and GPTuner [26] combine LLM-driven insights with
Bayesian optimization. However, these approaches primarily treat LLMs as auxiliary tools to
enhance traditional machine learning workflows, rather than positioning LLMs as the central
tuning mechanism. In contrast, E2ETune [23] fine-tunes an LLM for direct knob recommendation,
but relies on thousands of historical tuning records, which are often difficult to obtain, limiting its
adaptability to new environments. These limitations highlight a promising opportunity to develop
LLM-centric tuning frameworks that fully harness the capabilities of modern language models
while retaining their zero-shot adaptability for dynamic and diverse scenarios.

3 Overview of AgentTune
Database knob tuning presents an NP-hard optimization problem due to the high dimensionality
of configuration knobs and the sensitivity of database performance to workload characteristics.
When utilizing LLMs for knob tuning, key challenges include: (i) enabling LLMs to effectively
and efficiently solve the inherently complex task, and (ii) providing LLMs with sufficient relevant
information and context to generate high-quality solutions. AgentTune addresses these challenges
by introducing a novel agent-based framework driven by LLMs. By decomposing the complex
tuning task into several simple subtasks and assigning them to specialized agents, AgentTune
improves both tuning efficiency and reliability (addressing challenge i). Then, each subtask is
guided by carefully designed prompts that specify clear task instructions, structured input, and
well-defined output formats (addressing challenge ii). We believe that our agent-based framework
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and prompt designs offer best practices for applying LLMs to knob tuning and can inspire broader
applications in hyperparameter optimization.

3.1 Workflow
AgentTune is an innovative LLM-driven agent-based framework designed to recommend high-
quality knob configurations tailored to diverse database workloads. Figure 2 presents the tuning
workflow, which involves five key steps:

➊ The user provides the DBMS to be tuned (e.g., PostgreSQL or MySQL), the target workload,
and the optimization objective (e.g., latency or throughput). ➋ TheWorkload Analyzer examines
the given workload and extracts its key characteristics, including both static and dynamic features.
➌ The Knob Selector reduces the search space dimensionality by selecting important knobs to tune,
based on the workload features identified in the previous step. ➍ The Range Pruner further refines
the knob search space by narrowing the value range of each selected knob to better align with the
current tuning task. ➎ The Configuration Recommender leverages the workload features, selected
knobs, and their refined ranges to generate a high-quality configuration that optimizes database
performance.

3.2 Components
AgentTune consists of four main components—Workload Analyzer, Knob Selector, Range Pruner,
and Knob Recommender - which collaboratively perform the tuning task as follows:
Workload Analyzer (Rule-based Agent). The Workload Analyzer summarizes the input work-
load to make it suitable for LLM consumption, ensuring that sufficient information is retained for
tuning while reducing LLM-related processing costs (Section 4). The extracted features fall into
two categories: static features (e.g., query semantics and data access characteristics) and dynamic
features (e.g., internal metrics and query execution statistics). This mirrors the approach taken by
human DBAs, who typically focus on high-level workload features.
Knob Selector (LLM-based Agent). The Knob Selector identifies the most influential knobs for
the current workload (Section 5). Modern DBMSs include hundreds of knobs, but the most impactful
ones can vary significantly depending on theworkload. For example, the knob innodb_buffer_pool_size
is critical for OLTP workloads but less relevant for OLAP scenarios. The Knob Selector uses the
LLM to select workload-related important knobs, which enhances optimization efficiency while
preserving tuning effectiveness.
Range Pruner (LLM-basedAgent). The Range Pruner optimizes the tuning space by refining knob
value ranges, iteration granularity, and special-case values (see Section 6). It processes workload
features and identified knobs using an LLM-based agent to determine the key value range for each
selected knob. Importantly, LLM-generated suggestions are combined with rule-based constraints
to enhance both efficiency and reliability.
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Fig. 3. Workload features generated by the Workload Analyzer, including static features (query semantics
and data access) and dynamic features (execution metrics).

Knob Recommender (LLM-based Agent). We introduce a novel tree-based search framework
to identify suitable configurations for the given workload (see Section 7.2). Unlike traditional
sequential tuning methods, our approach generates multiple candidate configurations in each
iteration, selecting the top-𝑘 for further refinement, forming a tree-like structure. To improve
efficiency, a ranking mechanism is employed during the iteration process to avoid evaluating every
intermediate candidate configuration.

4 Workload Analyzer
Workload plays a pivotal role in database tuning tasks, directly influencing the discovery of suitable
configurations. Most ML-based methods utilize workload encoding techniques [2, 28] to uncover
latent correlations across tuning scenarios. Similarly, workload-related information should be
included in the prompts to help LLMs understand the tuning context and provide more targeted
guidance. Yet, the current workload analysis has notable drawbacks:
(1) Over-abstraction: Some techniques use neural network-based representations or binary en-
coding schemes, resulting in high-dimensional features that lack semantic interpretability for
LLMs [71].
(2) Underspecification: Other methods simplify workloads into primitive descriptors (e.g., work-
load type), offering insufficient contextual signals for LLM-driven decision-making [14].
(3) Verbosity: Some approaches include raw SQL queries in prompts, leading to overly long inputs
that increase LLM processing costs and risk exceeding token limits [17].
These methods often overlook the structured, analytical strategies used by database admin-

istrators (DBAs), who typically observe system status, analyze workloads, and extract critical
features from both data distributions and query patterns. To address this gap, we propose a feature-
based workload analysis framework that captures three categories of features: (1) query semantic
features, (2) data access features, and (3) execution features. As shown in Figure 3, the first two
categories—query semantic and data access features—are static, derived directly from workload
analysis, while execution features are dynamic, collected from the database during runtime.
Query semantic features describe the characteristics of SQL statements in the workload,

including metrics such as total query count, read/write ratio, and the average number of tables
accessed per query.

Data access features capture how the workload interacts with the database schema and access
patterns, including frequently queried tables, columns, and values. These features reflect schema
structure, data distribution ranges used in queries, and expected access frequencies.
Execution features capture the DBMS’s current state under a specific configuration. These

features include internal database metrics (e.g., CPU usage, cache hit rate, I/O volume) and query-
level metrics (e.g., latency, throughput, result size). They reflect the system’s actual behavior under
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the workload and encode contextual details such as hardware configuration, knob settings, storage
layout, and query execution patterns. For instance, MySQL’s InnoDB engine provides metrics like
pages read/written, query cache usage, and lock contention, which implicitly reveal workload
dynamics and system state. These insights are crucial for refining and optimizing the current
configuration. Unlike static features, execution features are dynamic and capture the outcomes of
workload-system interactions. Performance metrics such as latency and throughput are influenced
by numerous interdependent factors, making static features alone insufficient for comprehensive
tuning.

To extract these features, our framework starts with a schema parser that processes the database
schema from configuration files. Then, a tokenizer module uses regular expressions to tokenize
SQL statements. The tokenized output is passed to a workload parser, which builds syntax trees to
identify key components such as table and column names. Following this, a feature collection module
computes and aggregates semantic and data-related features. Finally, the extracted information is
cross-validated against the parsed schema to ensure consistency and completeness. To minimize the
impact of internal knowledge memorized by LLMs, we anonymize workload features by omitting
specific workload names (e.g., TPC-C, JOB)1.

5 Knob Selector
Modern database systems offer hundreds of adjustable knobs; however, not all knobs are equally
important for every workload. For example, working memory size is crucial for memory-intensive
workloads, whilemaximum I/O concurrency ismore relevant for I/O-intensiveworkloads. Therefore,
considering the characteristics of both the database and the workload, the goal of the Knob Selector
is to identify the most impactful knobs for the given workload. By narrowing the focus to these
selected knobs, knob tuners can streamline the tuning process and enhance the quality of the
recommended configuration.
Traditional approaches rely on ML-based algorithms to identify important knobs, typically

requiring hundreds to thousands of training data samples across different workloads and configu-
rations [37, 52]. Recently, emerging methods have leveraged LLMs to identify tunable knobs by
utilizing external knob tuning knowledge, demonstrating improved performance over traditional
ML techniques [26, 55]. However, these methods still impose a significant burden on users, requiring
them to manually gather relevant knob tuning knowledge from sources like official documentation,
user manuals, and community posts. This reliance on manual effort limits their ability to adapt
effectively to new environments.

To eliminate this overhead, we propose a workload-aware and training-free approach. Specifically,
we leverage LLMs as experienced DBAs, and incorporate several key elements into the prompt
for selecting important knobs. As shown in Figure 4, the prompt for knob pruning includes the
following components:

• Task Description specifies the LLM’s objective, which is selecting the most critical knobs in
the given context.

• Candidate Knobs provides detailed information on the candidate knobs available in the
database engine, including their default ranges, types, and descriptions. These details are
easily accessible from official documentation. To eliminate potential bias from LLM’s pre-
training, we anonymize all knob names used in our framework.

• Workload and Database Information includes essential features extracted by theWorkload
Analyzer module, as well as database kernel and hardware specifications.

1This strategy is effective in practice. For instance, when instructed to recommend knob values, the LLM does not attempt
to infer or guess the underlying workload names; instead, it relies solely on the provided information and performs logical
analysis. Illustrative LLM-generated sequences are available at: https://github.com/intlyy/AgentTune/tree/main/examples.
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Fig. 4. Prompt for the knob selector.

Task Description:
Given the knobs along with their suggestion and tuning task information, your
job is to offer intervals for each knob that may lead to the best performance of
the system and meet the hardware resource constraints. In addition, if there is a
special value (e.g., 0, -1, etc.), please mark it with “special value”.
Knob:
{“knob1": { "max": 1000, "min": 0, "type": "integer", “detailed description": 
"Defines the maximum number of threads."}, …… }
Workload and Database Information: 
- Workload Features: Query Semantic Features; Data Access Features;

Execution Features
- Database Kernel: RDS MySQL 5.7.
- Hardware: 8 vCPUs and 16 GB RAM, Disk Type = HDD
Output Format:
Knobs should be formatted as follows:
{ “knob_1”:{ "min_value": MIN_VALUE, "max_value": MAX_VALUE, “step":
STEP, "special_value": SPECIAL_VALUE}, …… }

Range Pruner

Fig. 5. Prompt for the range pruner.

• Output Format defines the required structure of the LLM’s response. Specifically, the model
is instructed to list the serial numbers of the selected knobs in an organized JSON format.

These prompts are automatically generated and constructed without any human intervention.
One of the key advantages of our approach is that it is fully automated and works out of the box,
requiring minimal additional preparation effort.

6 Range Pruner
The goal of the Range Pruner module is to optimize the value range for each knob identified by
the Knob Selector module. This step is crucial for improving both tuning efficiency and safety. To
achieve effective pruning, the following challenges must be addressed:
(1) Overly Generic Default Ranges: Default ranges are typically designed to be as broad as

possible. For instance, one of the most critical knobs in MySQL, innodb_buffer_pool_size, has
a default range of [0, 264 − 1] bytes on 64-bit platforms. This knob controls the size (in bytes) of
the buffer pool where InnoDB caches table and index data. Ranges beyond available memory are
however invalid and may cause the DBMS to fail at startup.

(2) Ineffectiveness of Small Adjustments: For knobs with large ranges, small changes often
have negligible impact on performance. Moreover, discrete knobs exposed by the DBMS can
vary dramatically in scale. Some have only 10 possible values, while others span millions. For
example, tuning innodb_log_buffer_size shows no meaningful performance difference between
67,108,864 bytes and 67,109,888 bytes, only a 1KB difference.
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(3) Presence of Special Values: Some knobs support special values (e.g., -1 or 0) that trigger
unique database behaviors. These are difficult to handle with traditional ML-based methods, which
typically rely on smooth input-output mappings and often overlook such special semantics, as this
knowledge is usually only available through manuals or expert experience.
To address these challenges, we introduce a Range Pruner module. This module leverages an

LLM to refine the value ranges of selected important knobs, which are drawn from the Knob
Selector module. The range pruner begins by presenting the LLM with all selected knobs and their
corresponding default ranges as a unified input context. This design enables the LLM to reason
holistically about potential interdependencies among knobs when suggesting refined value ranges.
Based on the LLM’s output, the search space is reconstructed with updated, narrower ranges. For
each knob, the pruned range is defined using four elements: upper bound, lower bound, special
value, and iteration granularity. The upper and lower bounds define the allowable value range,
while the special value explicitly indicates any exceptional setting and its semantics. The iteration
granularity specifies the recommended adjustment size for each knob tuning step, preventing
the ineffectiveness of small adjustments in subsequent knob recommendations. We illustrate the
specific prompt used for the range pruner module in Figure 5.

To ensure safety and correctness, we apply a rule-based white-box validation after LLM sugges-
tions. This step filters out LLM-hallucinated knob names and invalid values, based on constraints
derived from DBMS documentation and hardware specs. Additionally, it serves as a human-in-the-
loop interface, allowing experts to incorporate domain knowledge or impose deployment-specific
limits. These rules are configured once per machine or DBMSwithminimal manual effort, enhancing
both robustness and adaptability.

Overall, this pruning strategy not only enhances practical applicability but also aligns with how
human DBAs operate: first identifying relevant knobs, then narrowing their ranges for tuning.

7 Configuration Recommender
In this section, we introduce our tree-based knob recommender module, powered by LLMs. Unlike
traditional sequence-based iterative methods (e.g., RL- and BO-based approaches), we reformulate
the tuning process as a tree search, leveraging LLMs to efficiently identify high-quality configura-
tions based on feedback from the DBMS. This tree-based tuning paradigm enhances the capabilities
of LLMs by fully utilizing their ability to generate multiple candidate outputs in parallel, further
improving efficiency. We begin by presenting our tree-based tuning framework in Section 7.1,
followed by a detailed discussion of the iterative LLM-based tuning method in Section 7.2.

7.1 Tree-Based Tuning Framework
Iteration is a critical component of most existing knob tuning systems. However, prior research
has primarily focused on improving the tuning algorithms themselves (e.g., enhancing surrogate
models for Bayesian optimization or designing novel neural networks for reinforcement learning),
while the iterative process has received comparatively little attention. Traditional tuning methods
typically follow a try-collect-adjust cycle, where samples are gathered to build Gaussian processes
or train neural networks. This process often involves hundreds of iterations, many of which yield
invalid configurations. As a result, the majority of the overall tuning time is consumed by repeatedly
executing the workload [66].
We propose our tree-based tuning framework to address the issues above. We transform the

tuning process into a beam search [43]. Specifically, we treat each knob configuration in the tuning
process as a node in the tree and expand it withmultiple child nodes (i.e., candidate configurations for
the next round) through the tuning method. Details of the tuning flow are shown in Figure 6. Firstly,
we initialize the beam and best-found configuration with the default configuration. Then the tuning
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Fig. 6. AgentTune’s tree-based tuning workflow.

process starts. In each layer, the tuning method recommends 𝑅 candidate configurations for each
node in the current beam, which are added to the candidate set. Similar to the rule-based white-box
validation in Range Pruner module, we check the candidate configurations with pre-defined rules to
remove duplicate, illegal, and unsafe candidates. Next, we employ a centroid-based ranking method
to select the top-𝑘 configurations (where 𝑘 is the beam width) from all candidate configurations for
the next iteration. Each configuration is represented as a vector, where each element corresponds
to the value of a particular knob. The selection process is as follows: (1) For each knob, compute
the average value across all candidate configurations. (2) For each knob, rank all configurations
according to how close their knob value is to the computed mean. (3) For each configuration 𝜽𝑖 ,
sum its ranks across all knobs to obtain an overall score 𝐷𝑖 . (4) Sort all configurations by their
overall scores in ascending order and select the top-𝑘 configurations as the beam for the next
iteration2. This centroid-based ranking mechanism assumes that configurations closer to the center
of the candidate set represent the dominant voting results, ensuring self-consistency among the
selected candidates. This approach guides subsequent iterations toward optimizing configurations
in a promising direction. Note that each layer involves one or more workload replays. In this
paper, the maximum number of workload replays is treated as a hyperparameter. Once this limit is
reached, the algorithm returns the best-found configuration from the search tree. In practice, early
stopping strategies—such as terminating if no improvement is observed over the last 10 workload
replays—can also be applied to further reduce resource and time consumption.
Such a tree-based search process offers several key advantages: (1) Efficiency Improvement.

Compared to traditional sequence-based models, our tree-based approach explores a greater number
of potential configurations in each round while preemptively filtering out invalid regions. In
other words, it enhances both the sampling quantity and quality, thereby accelerating the overall
tuning process. (2) Universality. This tree-based framework does not rely on a specific tuning
algorithm and is compatible with a wide range of existing methods, including Bayesian optimization,
reinforcement learning, and large language models. We will detail our iterative LLM-based tuning
method in Section 7.2.Moreover, thanks to its training-free and plug-and-play design, our framework
can easily adapt to various tuning tasks and environments.

7.2 Knob Recommendation with LLM
The knob recommendation component is a pivotal part of the tuning system, tasked with suggesting
high-quality configurations for specific workloads to enhance performance metrics. Recent studies
have explored leveraging LLMs to recommend promising configurations [17, 23]. However, these
approaches predominantly adopt a one-shot strategy, relying solely on LLMs without incorporating
feedback from the DBMS to iteratively refine the configurations, which can result in suboptimal
performance.

2By default, we set the beam width 𝑘 = 2 to achieve the best trade-off between tuning efficiency and performance. We also
tested other values, with results detailed in Section 8.4.4.
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Among the algorithms discussed, LLMs integrate seamlessly with our tree-based tuning frame-
work. By leveraging their inherent ability to generate diverse outputs through adjustable genera-
tion parameters (such as temperature), LLMs are particularly well-suited for iterative, tree-based
processes. Furthermore, their advanced understanding of database-related knowledge (e.g., the
description of knobs and the execution feedback from DBMS) and strong exploration-exploitation
capabilities make them highly effective for knob-tuning tasks [32]. Building on these strengths, we
propose an iterative LLM-driven knob-tuning approach that incrementally refines configurations
on a beam search tree. Specifically, for each node (representing the current configuration) in the
beam, LLMs generate 𝑅 child nodes (i.e., 𝑅 refined configurations) using nucleus sampling [20],
guided by feedback from the DBMS3.

Formally, the LLM-based tuning method (i.e., the configuration refinement process) is defined as:

𝐿𝐿𝑀 (𝑃𝑟 , 𝜽𝑡,𝑖 ,D,W,S,𝚯𝑝 , 𝐹𝑡,𝑖 , 𝑀) → {𝜽 1
𝑡+1,𝑖 , 𝜽

2
𝑡+1,𝑖 , ..., 𝜽

𝑅
𝑡+1,𝑖 } (1)

Here, 𝑡 represents 𝑡-th iteration (i.e., the current iteration), 𝑃𝑟 denotes the knob recommendation
prompt, and 𝜽𝑡,𝑖 signifies 𝑖-th configuration in the current beam. D and W represent the database
and workload features, respectively. 𝐹𝑡,𝑖 refers to the feedback from the DBMS under the configu-
ration 𝜽𝑡,𝑖 . S and 𝚯𝑝 represents the selected important knobs and their ranges.𝑀 represents the
memory window we introduce, which stores a number of top-performing configurations from the
beginning of the tuning process to the current 𝑡-th step. These records are continuously updated to
prevent the prompt length from growing excessively. The output {𝜽 1

𝑡+1,𝑖 , 𝜽
2
𝑡+1,𝑖 , ..., 𝜽

𝑅
𝑡+1,𝑖 } represents

the LLM refined multiple configurations based on 𝜽𝑡,𝑖 .
After expanding all nodes in the current beam using the LLM, the candidate configuration set

is formed as {𝜽 𝑟
𝑡+1,𝑖 | 𝑟 = 1, 2, . . . , 𝑅; 𝑖 = 1, 2, . . . , 𝑘}, where 𝑘 represents the beam width. Next,

rule-based checking and the centroid-based ranking mechanism are applied to form the new beam,
consisting of 𝑘 refined nodes {𝜽𝑡+1,𝑖 | 𝑖 = 1, 2, . . . , 𝑘}. This process initiates a new iteration to
further optimize 𝜽𝑡+1,𝑖 . Initially, the beam contains only a single configuration, corresponding to the
default settings. The refinement process proceeds iteratively until a predefined stopping criterion
is satisfied.
As illustrated in Figure 7, we construct the prompt for knob recommendation in the following

format:
• Task Description outlines the objective of the LLM.
• Knobs consists of the selected knobs from the Knob Selector module and their correspond-
ing ranges from the Range Pruner module, along with detailed knob descriptions for LLM
reference.

• Workload andDatabase Information contains essential details about theworkload features
obtained from the Workload Analyzer module, as well as information about the database
kernel and hardware specifications.

• Memory Window includes a few knob refinement instances, which serve as few-shot
examples within the prompt for demonstration purposes. Each instance includes the current
configuration, internal metrics, and a refined configuration.

• Current Configuration displays the current knob values.
• Database Feedback showcases the performance and execution features of the database
when executing the given workload under the current configuration. Incorporating this
feedback is essential, as DBAs often rely on these metrics to assess the database’s status and

3In practice, we generate three refined configurations for each node in the beam (𝑅 = 3). While experimenting with larger
values, we observed no significant performance improvements, making 𝑅 = 3 an optimal choice for balancing LLM inference
costs and knob-tuning performance.
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Task Description:
Recommend optimal knob configuration based on the given information in order
to optimize the throughput metric.
Knobs:
{ “knob1”: { "min_value": MIN_VALUE, "max_value": MAX_VALUE, “step": 
STEP, "special_value": SPECIAL_VALUE, "description": "Defines the 
maximum number of threads."}, …… }
Workload and Database Information: 
- Workload Features: Query Semantic Features; Data Access Features
- Database Kernel: RDS MySQL 5.7.
- Hardware: 8 vCPUs and 16 GB RAM, Disk Type = HDD
Memory Window:
Set of optimal historical records
Current Configuration:
{ “knob1”: 10, …… }
Database Feedback:
- Throughput : 100
- Execution Features : Execution Features
Output Format:
Strictly utilize the aforementioned knobs, ensuring that the generated 
configuration are formatted as follows:
{ “knob_serial number”: knob_value, …… }

Configuration Recommender

Fig. 7. Prompt for the configuration recommender.

implement necessary adjustments. For example, when confronted with a low cache hit rate,
DBAs typically choose to increase the cache size to improve database performance.

• Output Format specifies the format for the LLM responses.

8 Experimental Evaluation
This section presents the experimental results comparing AgentTune against the state-of-the-art
tuning approaches. The AgentTune implementation is available as open-source4.

8.1 Experimental Setup

Workloads. To evaluate AgentTune’s performance, we utilize four widely adopted public bench-
marks: two OLAP benchmarks (TPC-DS [54] and JOB [27]) and two OLTP benchmarks (TPC-C [53]
and SYSBENCH [25]). Specifically, for OLAP, we use the TPC-DS benchmark with a scaling factor
of 1, resulting in 1 GB of data and 99 complex queries. The JOB benchmark includes 113 complex
queries on 9 GB of data. For OLTP, we utilize the TPC-C benchmark with 10 warehouses and 32
connections. Additionally, we employ the SYSBENCH benchmark with the OLTP-Read-Write work-
load, loading 50 tables with 1,000,000 rows each, resulting in a total dataset size of approximately
10 GB.

To assess the practical applicability of AgentTune, we include two real-world benchmarks from
a company: SSAG (58 GB) and AMPS (25 GB). SSAG is an OLAP benchmark designed for slow
SQL analysis and governance, focusing on complex analytical queries for tasks such as slow SQL
template analysis and logical database analysis. AMPS, on the other hand, is an OLTP benchmark
tailored for AI platform services, encompassing tasks like user management, permission control,
model management, and task scheduling.
Hardware and Software. Unless otherwise specified, all experiments (excluding real-world
benchmarks) are conducted on amachine equippedwith an Intel i7-7700 processor (8 cores, 3.60GHz)
and 16 GB RAM, running RDS MySQL 5.7 by default. Evaluations of real-world benchmarks are
performed in a separate production environment.

4https://github.com/intlyy/AgentTune
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Baselines. We compare AgentTune against several state-of-the-art methods: (1) DDPG++ [58],
an RL-based method from CDBTune [65]. (2) VBO, a BO-based method used in iTuned [13] and
OtterTune [2]. (3) SMAC [66], a BO-based method using a random forest as the surrogate model.
(4) GPTuner [26], an LLM-assisted BO-based tuner that leverages LLMs to interpret manuals and
reduce the search space. (5) DB-BERT [55], an influential NLP-based tuning approach. Additionally,
we include widely-used rule-based tuners: MySQLTuner [19] for MySQL and PgTune [60] for
PostgreSQL. We also use the default configuration as a reference baseline.
Tuning Settings. In all experiments, the LLM is configured with a temperature of 1.0 and a top-p
of 0.98 to balance output diversity and determinism. Following the settings used in prior work [66],
we set the number of important knobs to 20. Since traditional techniques such as DDPG+, SMAC,
and VBO do not include a knob selection module, we apply SHAP [37]—a knob selection method
validated in prior work—to preselect 20 important knobs for these baselines. While traditional
baselines typically perform one workload replay (i.e., stress test) per iteration, our tree-based search
framework may require multiple workload replays within a single iteration. Since workload replay
is the most time-consuming operation in the tuning process, we define a single execution of a
workload replay as a “step”. To ensure fair comparisons, all methods are limited to a maximum
of 100 steps in our evaluation. To ensure knob settings take effect, the database is restarted after
applying a new configuration. We use GPT-4 as the LLM for both our method and GPTuner. For
DB-BERT, we adopt the same training settings as described in the extended version of the paper
published in the VLDB Journal [56]. For BO-based methods, we follow the setting of iTuned [13] and
OtterTune [2] by executing 10 configurations generated by Latin Hypercube Sampling (LHS) [38] to
initialize the surrogate model. For RL-based methods, consistent with recent studies [5, 55], we do
not pre-train the neural network due to overfitting concerns [66]. For rule-based tuning methods,
PGTune and MySQLTuner, we strictly follow their official usage instructions and deployment
procedures. We provide the required system specifications (e.g., memory size, CPU count) as inputs
to ensure accurate recommendations.
EvaluationMetric. We evaluate our method and baselines across three key dimensions: best-found
database performance, tuning efficiency, and tuning safety. The best-found database performance
metric equals the maximum achievable throughput (OLTP benchmark) or minimum latency (OLAP
benchmark) during the tuning procedure. Then, because the main portion of the tuning time is
spent on workload replays, we propose 𝑇𝑜𝑝𝑡 , the number of workload replays needed to reach peak
performance, to quantify tuning speed. Building upon this, we introduce a new metric, Performance
Improvement Efficiency (PIE), to measure the tuning efficiency, which can be calculated as follows:

PIE =
1

𝑇opt
×

𝑃gap

𝑃default
(2)

where

𝑃gap =

{
𝑃default − 𝑃opt, if the benchmark is OLAP
𝑃opt − 𝑃default, if the benchmark is OLTP

Here, 𝑃𝑑𝑒𝑓 𝑎𝑢𝑙𝑡 and 𝑃𝑜𝑝𝑡 denote the default and optimized database performance (throughput or
latency). To assess safety in the tuning process, we define the Invalid Times metric, which counts
the number of configurations that perform worse than the default setting or are considered illegal.
To avoid counting minor fluctuations as errors, we use a threshold of 10% degradation relative to
the default configuration to determine invalid configurations. Throughput and PIE are “higher is
better” metrics, whereas latency, 𝑇𝑜𝑝𝑡 , and Invalid Times are “lower is better” metrics.
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Fig. 8. Performance comparison of best-found configurations throughout the tuning process across six
different benchmarks.

8.2 Main Results
The experimental results prove that ourmethod outperforms existing state-of-the-art in Performance,
Efficiency, and Safety aspects.
AgentTune discovers superior knob configurations. As shown in Table 1 and Figure 8,
AgentTune consistently finds the best configurations across nearly all evaluated benchmarks (except
for AMPS). For instance, in TPC-C (OLTP), it achieves 56× higher throughput over the default, and
16× in SYSBENCH ( 3025.7054.30 = 56, 268.03

17.25 = 16). Compared to GPTuner, AgentTune outperforms it by
11.0% in TPC-C and 42.5% in SYSBENCH ( 3025.70−2692.223025.70 = 11.0%, 268.03−154.43268.03 = 42.5%). AgentTune
achieves the best performance improvements on TPC-C and SYSBENCH and the second-best on
AMPS. Similar trends hold for OLAP benchmarks: AgentTune reduces latency by 94.2% (TPC-DS),
78.8% (JOB), and 70.2% (SSAG) ( 3338.38−193.883338.38 = 94.2%, 2300.25−487.88

2300.25 = 78.8%, 319.89−95.27
319.89 = 70.2%),

outperforming all baseline methods. These gains are primarily attributed to AgentTune’s agent-
based design. The analyzer extracts key workload-specific features, which the selector and pruner
use to identify important knobs and ranges. Finally, the tree-based configuration recommender
leverages DBMS feedback to perform a structured search. Together, these efforts effectively enhance
the upper bound of tuning performance.
AgentTune offers the highest tuning efficiency. It can be observed from both Table 1 and
Figure 8 that AgentTune converges rapidly, achieving the minimal 𝑇𝑜𝑝𝑡 across all benchmarks.
This indicates that it requires the fewest workload replays to reach peak performance. In contrast,
traditional methods often need significantly more samples to train their models, whether based on
Bayesian optimization or Reinforcement learning.
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Table 1. Experimental results on different benchmarks. We measure database performance using throughput
for OLTP benchmarks (higher is better) and latency for the OLAP benchmarks (lower is better). IT denotes
“Invalid Times”.

Benchmark Method Performance 𝑇𝑜𝑝𝑡 PIE (%) IT

TPC-C

Default 54.30 - - -
MySQLTuner 428.73 - - 0

SHAP + DDPG++ 478.79 51 15.60 41
SHAP + SMAC 2164.72 100 38.85 15
SHAP + VBO 1955.56 98 35.72 21
GPTuner 2692.22 100 48.57 7
DB-BERT 2239.03 86 46.78 29
AgentTune 3025.71 11 497.35 0

SYSBENCH

Default 17.25 - - -
MySQLTuner 105.47 - - 0

SHAP + DDPG++ 120.71 99 6.06 91
SHAP + SMAC 152.91 60 13.11 7
SHAP + VBO 150.31 33 23.38 27
GPTuner 154.43 51 15.59 12
DB-BERT 138.40 26 27.01 4
AgentTune 268.03 23 63.10 0

AMPS
Real-world OLTP

Default 1.62 - - -
MySQLTuner 1.35 - - 1

SHAP + DDPG++ 2.78 70 1.07 10
SHAP + SMAC 2.82 58 1.30 6
SHAP + VBO 3.16 94 1.01 7
GPTuner 2.86 52 1.56 3
DB-BERT 2.34 88 0.51 2
AgentTune 3.00 15 5.68 0

TPC-DS

Default 3338.38 - - -
MySQLTuner 396.51 - - 0

SHAP + DDPG++ 1388.89 14 4.17 88
SHAP + SMAC 224.49 92 1.01 12
SHAP + VBO 215.70 100 0.93 33
GPTuner 221.43 76 1.18 6
DB-BERT 235.63 22 4.22 3
AgentTune 193.88 3 31.41 0

JOB

Default 2300.25 - - -
MySQLTuner 686.37 - - 0

SHAP + DDPG++ 2150.59 72 0.09 90
SHAP + SMAC 678.24 59 1.5 2
SHAP + VBO 710.75 94 0.82 5
GPTuner 531.81 56 1.37 13
DB-BERT 534.01 28 2.68 6
AgentTune 487.88 19 4.15 0

SSAG
Real-world OLAP

Default 319.89 - - -
MySQLTuner 280.29 - - 0

SHAP + DDPG++ 162.23 73 0.70 3
SHAP + SMAC 131.39 61 1.02 0
SHAP + VBO 142.08 79 0.79 2
GPTuner 118.89 48 1.40 1
DB-BERT 98.73 39 1.78 0
AgentTune 95.27 17 5.02 0

Furthermore, AgentTune achieves the best PIE score across all benchmarks (Table 1), being 2×
to 46× more efficient than traditional baselines ( 4.152.68 = 2, 4.15

0.09 = 46). This stems from two factors:
(1) the knob selector and the range pruner drastically narrows the configuration space, and (2)
AgentTune incorporates feedback from the DBMS during the iterative process, which speeds up
convergence. BO-based and RL-based methods need many iterations to perform the “try-collect-
adjust” loops. Although GPTuner uses LLMs in its tuning process, it still relies on BO, resulting in
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Table 2. Experimental results on different database scales.

Database Scale Throughput Throughput
𝑇𝑜𝑝𝑡

PIE Invalid Times(GB) (Default) (Optimized) (%)

1 85.34 1046.06 19 59.25 0
10 17.25 268.03 23 63.10 0
50 3.26 12.79 8 36.54 0

sub-optimal tuning efficiency. Among all baselines, DB-BERT is the most competitive, achieving the
second-highest PIE scores on SYSBENCH, TPC-DS, JOB, and SSAG. Both AgentTune and DB-BERT
aim to incorporate DBA expertise into the tuning process; however, DB-BERT still partially relies
on reinforcement learning to guide decisions, whereas AgentTune leverages pre-trained LLMs for
decision-making.
AgentTune ensures safe tuning. Safety is critical in tuning, as invalid configurations can crash the
system or degrade performance significantly. As shown in Table 1, AgentTune introduces no failures
or unsafe recommendations, while other tuning methods often produce unsafe configurations
during the tuning process. This robustness stems from AgentTune’s LLM-guided range pruning
and rule-based safety checks during tree-based search. Another method with very few failures is
MySQLTuner, a widely used rule-based tool. However, its recommendations are limited to a fixed
set of parameters and do not adapt to dynamic workloads. Additionally, many suggestions are
non-specific (e.g., “table_open_cache (> 2000)”), requiring users to interpret and fine-tune them.
AgentTune generalizes well to real-world workloads. When deployed in a production envi-
ronment, our method consistently delivered strong performance. Under the AP workload (SSAG),
AgentTune successfully reduces the latency from 319.89 s (default configuration) to 95.27 s, achiev-
ing a 3.4× improvement, while also outperforming all baselines in tuning efficiency ( 319.8995.27 = 3.4).
For AMPS, although VBO slightly outperforms AgentTune in final throughput (3.16 vs. 3.00),
AgentTune achieves a 5.6× speedup in tuning efficiency ( 5.681.01 = 5.6). These results demonstrate
that AgentTune can effectively generalize to real-world tuning tasks, even in real-world production
environments that LLMs have never encountered before, highlighting its strong transferability and
practical utility. More importantly, AgentTune does not recommend any invalid configurations
throughout the entire tuning process — a critical property for safe deployment in real-world DBMSs.

8.3 Scalability Study
In this section, we delve into the generalizability of AgentTune by expanding our evaluation frame-
work to encompass new database scales, engines, and hardware environments. These scalability
studies are conducted using the SYSBENCH benchmark.

8.3.1 Database Scaling. To evaluate the scalability of AgentTune across different database scales,
we conduct experiments on three different data sizes in SYSBENCH: 1GB, 10GB, and 50GB. The
results are shown in Table 2. As the database size increases, the absolute performance of the
database decreases, both for the default and optimized configurations. Nevertheless, AgentTune
demonstrates excellent performance across all scales, with an obvious performance improvement
compared to the default configuration. Furthermore, it consistently maintains high efficiency and
exceptional safety, proving the robustness of our approach in handling workloads of varying sizes.

8.3.2 Hardware Scaling. As detailed in Section 8.1, our primary evaluations are conducted using
the MySQL engine on a server with an 8-core CPU and 16 GB of RAM. To investigate the impact of
hardware on tuning performance, we deploy the MySQL database on a separate machine equipped
with 40 cores (Intel Xeon Gold 5118 @ 2.30GHz) and 256 GB of RAM. The experimental outcomes
are presented in Table 3 and Figure 9 (a).
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Fig. 9. Performance comparison of best-found configurations during the tuning process on SYSBENCH,
measured across (a) MySQL on an enhanced machine, (b) PostgreSQL, and (c) TiDB.

Table 3. Experimental results for “SYSBENCH + MySQL + enhanced machine (40-core CPU with 256GB
RAM)”.

Hardware Method Throughput 𝑇𝑜𝑝𝑡 PIE (%) Invalid Times

40 CPUs
256GB RAM

Default 500.42 - - -
MySQLTuner 1054.32 - - 0

SHAP + DDPG++ 912.39 86 1.19 89
SHAP + SMAC 1203.45 83 1.70 10
SHAP + VBO 1166.23 98 1.27 21
GPTuner 1540.23 74 2.82 11
DB-BERT 1724.98 94 2.60 8
AgentTune 2421.34 6 64.05 0

The enhanced CPU capabilities and increased memory require a broader range for certain knobs,
thereby complicating the task of identifying the best-performing configuration. Experimental
results show that AgentTune significantly outperforms existing knob tuning methods on this
upgraded hardware. Notably, the strongest baseline, DB-BERT, achieves a throughput of 1724.98,
while AgentTune reaches 2421.34 with considerably better efficiency (2.60 vs. 64.05 PIE) and no
unsafe configurations. These findings highlight the adaptability of our method to hardware changes,
primarily due to the workload analyzer and range pruner, which dynamically adjust the search
space based on the tuning task.

8.3.3 Database Engine Generalization. To assess the versatility of LLMs across different data-
base engines, we additionally evaluate AgentTune on two open-source systems: PostgreSQL and
TiDB [21]. As a newer database with limited public documentation, TiDB serves as an effective
test case for evaluating AgentTune’s adaptability to emerging systems. In our experiments, we
use TiDB version 8.2 and deploy a full cluster simulating a production environment. The setup
includes 3 TiKV instances (row-based storage engine), 1 TiFlash instance (column-based storage
engine), 1 TiDB instance (distributed database server), 1 PD instance (placement driver), and 1
monitor. To apply DB-BERT to TiDB, we follow the approach in the extended DB-BERT paper [56].
Specifically, we use the query “TiDB performance tuning hints” on Google to collect the top 100
relevant documents (totaling 3.85 MB of text) and convert them into the required DB-BERT input
format.
After replacing MySQL with PostgreSQL and TiDB, we present the experimental results in

Table 4 and Figure 9. For PostgreSQL, we observe results consistent with MySQL: both baseline
methods and AgentTune identify significantly better configurations than the default. Moreover,
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Table 4. Experimental results on different database engines.

DB Engine Method Throughput 𝑇𝑜𝑝𝑡 PIE (%) Invalid Times

PostgreSQL

Default 52 - - -
PGTune 93.36 - - 0

SHAP + DDPG++ 123.75 88 1.56 79
SHAP + SMAC 140.03 76 1.94 6
SHAP + VBO 135.52 88 1.82 17
GPTuner 157.37 53 3.82 9
DB-BERT 175.53 47 5.05 11
AgentTune 191.77 6 44.80 0

TiDB

Default 164 - - -
SHAP + DDPG++ 109.59 71 -0.47 100
SHAP + SMAC 212.27 42 0.70 23
SHAP + VBO 184.31 56 0.22 45
GPTuner 182.95 84 0.13 43
DB-BERT 167.26 3 0.66 84
AgentTune 265.71 10 6.2 3

AgentTune can identify the best configurations with much higher efficiency. For TiDB, its ability to
automatically configure knobs based on hardware specifications [45] gives it a notable advantage
in the default setting, achieving a throughput of 164.00 compared to PostgreSQL’s 52.00. This
built-in optimization poses a greater challenge for tuning methods, as the baseline is already
highly competitive. As shown in Table 4, configurations recommended by the DDPG++ algorithm
even fall short of TiDB’s default. DB-BERT, while converging rapidly, also yields only limited
improvements in performance on TiDB. We attribute this to the relatively scarce availability of
high-quality, TiDB-specific tuning experience on the web compared to more mature systems such
as MySQL and PostgreSQL. As a result, the number of useful hints that DB-BERT can extract from
the collected documents is substantially constrained. Nonetheless, through iterative refinement
and effective use of database feedback, AgentTune surpasses the default configuration. In addition,
AgentTune also demonstrates strong results in terms of tuning efficiency and safety. These findings
highlight AgentTune’s robustness across heterogeneous database systems. By incorporating knob
descriptions and internal metrics into prompts, AgentTune effectively leverages the linguistic
and database-related knowledge implied in LLMs, enabling it to generalize to unfamiliar database
engines.

8.4 Ablation Study
To further evaluate the effectiveness of each component in our framework, we conduct comprehen-
sive ablation studies throughout the entire tuning process. In addition, we examine the impact of
different LLMs on tuning performance. Unless otherwise specified, all ablation experiments are
conducted on SYSBENCH.

8.4.1 Ablation study on the Workload Analyzer. First, we perform ablation studies to evaluate the
effectiveness of the workload analyzer. Specifically, we consider three scenarios: (1) completely
removing theworkload analyzer, thereby eliminating all workload-related features from the prompts
to the LLM-driven agents; (2) removing only the static features from the workload analyzer; and (3)
removing only the dynamic features. The results are shown in Table 7 (“w/o WA”, “w/o WA’s static
features”, and “w/oWA’s dynamic features”). Eliminating all workload features results in substantial
decreases in both performance and efficiency, and also leads to 33 invalid configurations during
tuning, making the process significantly more error-prone and unreliable. Similarly, removing static
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Table 5. Ablation study on the knob size.

Knob Size (n) Throughput 𝑇𝑜𝑝𝑡 PIE (%) Invalid Times

5 119.31 42 14.09 0
10 173.85 68 15.65 0
20 268.03 23 63.10 0
40 269.60 23 50.44 0

features produces suboptimal results due to the absence of critical workload and hardware context.
In contrast, removing dynamic features results in a relatively slight performance and efficiency
degradation. These findings indicate that static features primarily determine the lower bound of
performance, while dynamic features help improve the upper bound.

8.4.2 Ablation study on the Knob Selector. Since the subsequent pruning and tuning stages depend
on the selected knobs, it is challenging to fully decouple the knob selector from the framework.
As an alternative, we utilize a learning-based method—SHAP [37]—as a competitive baseline.
SHAP is currently considered one of the most effective learning-based methods for assessing the
importance of knobs [66]. As shown in Table 7 ("replace KS with SHAP"), our knob selection method
significantly improves the optimization upper bound, with an increase of approximately 75.26%.

Another important consideration is the number of knobs being tuned. For this analysis, we use
5, 10, 20, and 40 knobs, as shown in Table 5. We observe that optimization performance improves
with an increasing number of knobs, but the rate of improvement diminishes from 20 to 40 knobs.
Additionally, more knobs lead to longer prompts and higher computational costs and tuning time.
A set of 20 knobs offers a favorable trade-off between performance, efficiency, and LLM inference
overhead. We do not explore larger knob spaces due to GPT-4’s context length limitations. However,
with advancements in models [62] supporting up to 1 million tokens, we anticipate handling larger
knob spaces in the future.

8.4.3 Ablation study on the Range Pruner. We conduct an ablation study to evaluate the effectiveness
of the range pruner. Specifically, we remove the range pruner as a baseline and compare it against
the full version, where the module is enabled. As shown in Table 7 ("w/o RP"), the range pruner
significantly improves both performance and efficiency. This improvement stems from its ability
to constrain knob ranges based on workload features while handling special values that are often
difficult for traditional methods to manage. More importantly, the range pruner almost prevents
the occurrence of invalid configurations, which is crucial for real-world deployment.

8.4.4 Ablation study on the Knob Recommender. We remove certain components of the tree-based
knob recommender in AgentTune to understand their contribution to the overall system. We
compare the following versions: (1) AgentTune; (2) AgentTune-w/o Iteration, which suggests
configurations without any iterations; (3) AgentTune-w/o TS, which updates using a traditional
sequence-based method instead of our tree search framework by setting 𝑅 = 1 and 𝑘 = 1; (4)
AgentTune-w/o MW, which removes the memory window from the prompt, meaning the tuning
process no longer retains any historical best-performing configurations for reference; and (5)
AgentTune-w/o LLM, which replaces the LLM-based tuning methods with a traditional method,
SMAC.

Table 7 shows the results, and we make the following observations: (1) AgentTune-w/o iteration
performs the worst in improving database throughput, suggesting that our well-designed iterative
LLMs do benefit from iterations. (2) AgentTune-w/o TS exhibits much lower efficiency, and unsafe
configurations emerge during the tuning process. This demonstrates the advantages of our tree-
based iteration framework over traditional sequential approaches in terms of both reliability and
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Table 6. Ablation study on the beam size.

Beam Size Throughput 𝑇𝑜𝑝𝑡 PIE (%) Invalid Times

1 208.69 15 73.99 0
2 268.03 23 63.10 0
4 281.31 33 46.39 0
8 283.78 39 39.62 2

Table 7. Ablation studies. KS, RP, WA, and IT represent the abbreviations of “Knob Selector”, “Range Pruner”,
“Workload Analyzer”, and “Invalid Times”, respectively.

Method Throughput 𝑇𝑜𝑝𝑡 PIE (%) IT

AgentTune 268.03 23 63.10 0
- w/o WA 111.72 50 10.95 33
- w/o WA’s static features 145.12 54 13.73 25
- w/o WA’s dynamic features 251.35 30 45.24 0
- replace KS with SHAP 152.91 24 26.89 0
- w/o RP 200.14 29 36.82 17
- w/o iteration 154.48 - - 0
- w/o TS 192.16 30 33.80 7
- w/o MW 235.67 43 29.45 23
- w/o LLM 187.25 69 14.37 0
- w/o kS and RP 155.30 27 34.81 0
- merge KS and RP 214.95 31 36.93 0
- w/o checks 263.43 41 34.81 6

speed of convergence. (3) After removing the memory window, we observe a notable decline
in tuning performance. Without the ability to retain and refer to historical best configurations,
AgentTune is constrained to react only to the most recent feedback, limiting its learning capacity
over iterations. This limitation also contributes to the emergence of more invalid configurations; a
closer inspection reveals that the LLM frequently makes repetitive errors on similar parameter sets
due to the absence of historical experience. (4) AgentTune-w/o LLM performs worse than when
using LLMs. LLMs can identify comparable or superior configurations with only a few iterations,
showcasing their tuning efficiency. On the other hand, we observe that SMAC, under our tree-based
tuning framework, shows improvement on all metrics, including better best-found performance,
higher efficiency, and complete elimination of unsafe configurations, indicating that our tuning
framework can be combined with other methods to enhance their performance.
In our tree-based tuning framework, beam width is a crucial hyperparameter that controls the

number of nodes at each level of the tree. Specifically, it determines how many configurations
are selected for workload replay during each iteration. We conducted tests for various values of
𝑘 = 1, 2, 4, 8, with results shown in Table 6. As 𝑘 increases, the best-found performance gradually
improves, while efficiency decreases. We think this trend as analogous to the exploration vs.
exploitation dilemma in reinforcement learning: a larger 𝑘 allows AgentTune to explore more
possible directions, increasing the likelihood of finding a better configuration, but also reducing
efficiency due to some of the less meaningful trials. When 𝑘 ≥ 2, the performance improvement
levels off, and the benefits are far outweighed by the loss in efficiency. Specifically, at 𝑘 = 8, the
extensive exploration even led to the occurrence of invalid configurations. Based on these findings,
we choose 𝑘 = 2 as the beam width for experiments.

8.4.5 Ablation study on the combination design of Knob Selector and Range Pruner. To evaluate
the effectiveness of the knob selector and range pruner combination designs, we conduct two
additional ablation studies: (1) completely removing the knob selector and range pruner from our
framework while increasing the maximum number of workload replays from 100 to 200, and (2)
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Table 8. Deterministic evaluation of AgentTune.

Benchmark Performance 𝑇𝑜𝑝𝑡 PIE (%) Invalid Times

SYSBENCH 282.08 ± 19.41 24 ± 0.82 64.02 ± 4.04 0 ± 0
JOB 483.49 ± 5.00 17.67 ± 1.25 4.49 ± 0.33 0 ± 0

merging the knob selector and range pruner into a single LLM call, where the LLM is instructed to
first select important knobs and then determine their meaningful ranges within one call. The first
ablation examines how our agent-based design compares to a baseline that does not use multiple
agents but instead increases iterations during the configuration recommendation stage. The second
ablation assesses the importance of separating knob selection and range pruning as distinct steps.
As shown in Table 7 (“w/o KS and RP” and “merge KS and RP”), both simplified approaches result
in noticeable performance degradation. Removing the knob selector and range pruner significantly
increases the search space in the configuration recommendation stage, making it much harder for
the LLM to find suitable configurations. Similarly, merging the two subtasks into a single LLM call
reduces performance, likely because it overloads the LLM and diminishes its ability to accurately
complete both tasks in a sequential, focused manner. These results highlight the necessity of both
agent-based design and step-wise task decomposition for effective LLM-driven knob tuning.

8.4.6 Ablation study on the rule-based constraint. We conduct an ablation study to evaluate the
effectiveness of AgentTune’s rule-based constraint strategy. Specifically, we disable all rule-based
white-box validations in AgentTune and compare the results to the full version. As shown in Table 7
(“w/o checks”), removing rule-based checks causes only a slight drop in performance, but tuning
efficiency declines significantly, requiring 41 workload replays to find the best configuration and
decreasing the PIE score from 63.10 to 34.81. Furthermore, the absence of rule-based checks leads to
six invalid configurations, negatively affecting system safety. These findings highlight the crucial
role of rule-based checks in LLM-driven AgentTune. On the other hand, to verify that AgentTune’s
performance advantage is not simply due to its use of rule-based checks, we also integrated these
checks into GPTuner’s tuning process. Experiments on SYSBENCH show that rule-based checks
have negligible impact on GPTuner’s performance: throughput drops slightly from 154.43 to 150.25,
and PIE decreases from 15.59 to 14.55. Additionally, GPTuner with checks still produces 12 invalid
configurations during tuning. This is because GPTuner’s most invalid configurations are due to
poor performance (worse than the default configuration), rather than structural infeasibility, and
thus cannot be prevented by rule-based constraints.

8.4.7 Deterministic evaluation of AgentTune. During LLM inference, we use a temperature of 1.0
to generate responses, which introduces a degree of nondeterminism into the tuning process. To
evaluate the stability of AgentTune, we repeat each experiment five times under identical settings on
two representative benchmarks, SYSBENCH and JOB. We report the mean and standard deviation
of key evaluation metrics, denoted as “mean ± std”. As shown in Table 8, AgentTune achieves
consistently strong mean performance and low standard deviations across runs, highlighting its
robustness despite the intrinsic stochasticity of LLM outputs.

8.4.8 Effect of different LLMs. We analyze the effect of LLMs on tuning performance. Specifically,
AgentTune is tested with GPT-3.5 [42] , GPT-4 [40], GPT-4o [41] and Claude-3-Opus [4]. As shown
in Table 9, all versions of AgentTune outperform GPTuner, indicating that AgentTune’s success is
not reliant on any specific LLM.
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Table 9. Effect of different LLMs.

Method Throughput 𝑇𝑜𝑝𝑡 PIE (%) Invalid Times

GPTuner 154.42 51 15.59 12
AgentTune + GPT-3.5 196.62 21 48.67 0
AgentTune + GPT-4 268.03 23 63.10 0
AgentTune + GPT-4o 206.61 16 69.49 0
AgentTune + Claude-3-Opus 228.51 12 103.43 0

SYSBENCH
� innodb_buffer_pool_size: 12 GB
� innodb_write_io_threads: 8
� innodb_read_io_threads: 8
� innodb_page_cleaners: 8

� innodb_io_capacity_max: 400
� innodb_io_capacity: 200
� innodb_lru_scan_depth: 512
� innodb_buffer_pool_instances: 8

� innodb_max_dirty_pages_pct: 75%
� thread_cache_size: 50
� innodb_old_blocks_time: 1 s
� innodb_doublewrite: ON

� innodb_log_file_size: 2 GB
� innodb_flush_neighbors: 1
� innodb_adaptive_flushing: ON
� innodb_purge_threads: 4

� innodb_flush_log_at_trx_commit: 2
� innodb_flush_log_at_timeout: 2 s
� innodb_change_buffer_max_size: 35%
� innodb_flush_method: O_DIRECT

JOB
� innodb_buffer_pool_size: 12 GB
� innodb_write_io_threads: 4
� innodb_read_io_threads: 4
� max_heap_table_size: 128 MB

� innodb_io_capacity_max: 400
� innodb_io_capacity: 200
� innodb_lru_scan_depth: 512
� innodb_buffer_pool_instances: 8

� read_rnd_buffer_size: 4 MB
� sort_buffer_size: 2 MB
� join_buffer_size: 256 KB
� tmp_table_size: 256 MB

� innodb_log_file_size: 1 GB
� innodb_flush_neighbors: 1
� table_open_cache: 2000
� read_buffer_size: 2 MB

� innodb_flush_log_at_trx_commit: 2
� innodb_flush_log_at_timeout: 10 s
� innodb_change_buffer_max_size: 5%
� innodb_flush_method: O_DIRECT

Fig. 10. AgentTune-recommended configurations on SYSBENCH and JOB. Identical selected knobs are
highlighted in blue; interdependent knobs are marked with brackets or arrows.

8.5 Case Study
As shown in Figure 10, we present the best-found configurations by AgentTune for two repre-
sentative workloads: SYSBENCH (OLTP) and JOB (OLAP). A detailed case study analysis follows
below.
Key knob decisions drive performance improvements. For SYSBENCH (OLTP), several
knobs significantly boost throughput. Increasing innodb_buffer_pool_size from 128M (default)
to 12GB (75% of available memory) improves cache hit rates and reduces disk access. Setting
innodb_write_io_threads and innodb_page_cleaners to 8 (from defaults of 4 and 1) alleviates
write bottlenecks through greater parallelism. For JOB (OLAP), performance gains are achieved
by enlarging read_rnd_buffer_size, sort_buffer_size, and tmp_table_size, which directly
reduce the disk-based temporary tables during large joins and sorting.
Knob selector can capture knob correlations. We observe that the knob selector often
chooses functionally related knobs together, suggesting that LLMs can capture implicit depen-
dencies through the knob descriptions. For SYSBENCH (OLTP), the knob selector jointly se-
lects innodb_io_capacity, innodb_io_capacity_max, and innodb_lru_scan_depth, along with
innodb_page_cleaners and innodb_buffer_pool_instances, reflecting a systemic approach
to page flushing, buffer management, and dirty page tracking. Similarly, for JOB (OLAP), the
co-selection of read_rnd_buffer_size and sort_buffer_size shows AgentTune’s ability to
recognize their coordinated role in optimizing read-heavy operations.
AgentTune recommends different configurations for different workloads. Although cer-
tain knobs, such as innodb_buffer_pool_size, are consistently selected due to their fundamen-
tal importance, other knobs show strong workload-specific relevance. For SYSBENCH (OLTP),
AgentTune selects knobs related to concurrency, flushing (innodb_page_cleaners, innodb_purge
_threads), and durability (innodb_max_dirty_pages_pct) to improve throughput. In contrast,
for JOB (OLAP), it prioritizes knobs such as read_rnd_buffer_size, tmp_table_size, and sort
_buffer_size that benefit read-heavy queries. Notably, some knobs are tuned differently based on
workload: for instance, innodb_change_buffer_max_size is set to 35% in SYSBENCH to acceler-
ate index changes, but reduced to 5% in JOB, where insert/update operations are infrequent. This
adaptive knob tuning enables AgentTune’s robust, generalizable performance across workloads.
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8.6 Cost Analysis
There are two main types of overhead in DBMS knob tuning: (1) initial profiling overhead and
(2) runtime overhead. Initial profiling overhead refers to the time required to collect training data
or pre-train models before tuning begins (e.g., OtterTune [2] requires “over 30k trials per DBMS”;
GPTuner spends several hours building database-related knowledge [26]). Runtime overhead is the
time the tuner takes to recommend a new configuration for evaluation.
AgentTune offers out-of-the-box flexibility with minimal initial profiling overhead compared

to previous methods. We evaluate the runtime overhead by presenting the number of tokens
consumed, monetary costs, and time required using GPT-4. In the main experiments (Section 8.2),
AgentTune incurs 669.20K tokens, costs 20.17 USD, and takes 898 seconds in total. Configuration
recommendation time is generally negligible compared to workload replay time. Therefore, Agent-
Tune’s LLM-related costs are feasible and practical, making it suitable for real-world large-scale
deployment.

9 Discussion

Enhanced Feedback Signals. As described in Section 7.2, we currently leverage performance
metrics and execution features as feedback signals, which are both effective and aligned with
common DBA practices. Beyond these, other sources of feedback—such as changes in query
execution plans—may offer valuable insights, as they directly impact query behavior and reflect the
influence of configuration settings. Incorporating richer database feedback is therefore a promising
direction to further enhance the convergence and effectiveness of the configuration recommender.
Workload Compression. In this paper, workload replay is performed using the entire original
workload. However, for complex workloads with many queries, often only a subset of representative
queries substantially affects the database performance. Therefore, a promising direction is to
leverage LLMs for workload compression, either by identifying these representative queries or
by generating shorter-running query variants. Employing a compressed workload for replay can
accelerate each tuning iteration in the configuration recommender module and further enhance
overall efficiency.

10 Conclusion
Database knob tuning is a complex task due to the high-dimensional configuration space and
system variability. While ML- and LLM-based methods show promise, they often struggle with
efficiency, reliability, and adaptability. To address these challenges, we proposed AgentTune, an
LLM-driven multi-agent framework that decomposes knob tuning into four subtasks: workload
analysis, knob selection, range pruning, and configuration recommendation. AgentTune leverages a
tree-based iterative search with centroid-distance ranking to efficiently search for high-performing
configurations. It requires minimal setup and generalizes well across different environments.
Extensive experiments show that AgentTune consistently outperforms existing methods in both
tuning efficiency and performance, demonstrating the value of a structured multi-agent framework
for practical database tuning.
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