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ABSTRACT
Modern database management systems (DBMSs) expose hundreds

of configuration knobs that critically influence performance. Exist-

ing automated tuning methods either adopt a data-driven paradigm,

which incurs substantial overhead, or rely on manual-driven heuris-

tics extracted from database documentation, which are often limited

and overly generic. Motivated by the fact that the control logic of

configuration knobs is inherently encoded in the DBMS source code,

we argue that promising tuning strategies can be mined directly

from the code, uncovering fine-grained insights grounded in sys-

tem internals. To this end, we propose SysInsight, a code-driven
database tuning system that automatically extracts fine-grained

tuning knowledge from DBMS source code to accelerate and stabi-

lize the tuning process. SysInsight combines static code analysis

with LLM-based reasoning to identify knob-controlled execution

paths and extract semantic tuning insights. These insights are then

transformed into quantitative and verifiable tuning rules via as-

sociation rule mining grounded in tuning observations. During

online tuning, system diagnosis is applied to identify critical knobs,

which are adjusted under the rule guidance. Evaluations demon-

strate that compared to the SOTA baseline, SysInsight converges

to the best configuration on average 7.11× faster while achieving a

19.9% performance improvement.
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1 INTRODUCTION
Modern database management systems (DBMSs) expose hundreds

of configuration knobs [15], and setting suitable values for these

knobs is crucial for achieving high throughput and low latency.

However, determining the optimal configurations is an NP-hard

problem [45]. Traditionally, database administrators (DBAs) invest

significant effort in manually tuning these knobs for specific work-

loads. To alleviate this burden, many recent studies have focused on

automating knob tuning using machine learning (ML) techniques.

Depending on the source of knowledge they utilize, we categorize

existing ML-based tuning approaches into two broad paradigms:

(1) data-driven methods, which interact iteratively with the DBMS

to collect performance data under various configurations and adapt

tuning decisions based on the feedback; and (2) manual-driven
methods, which extract tuning guidance from database manuals,

online technical blogs or Q&A forums. Data-driven methods [5, 11,

30, 36, 42–44, 51, 56] formulate tuning as a black-box optimization

problem, which explores the search space via trial-and-error. In the

absence of effective guidance to prune or prioritize configurations,

these methods must iteratively probe the search space, leading to

substantial overhead due to extensive workload replays to gather

performance observations.

Manual-driven methods [31, 48] have recently been proposed

to leverage pretrained language models to extract expert heuris-

tics from textual documentation for database tuning. For exam-

ple, GPTuner [31] uses large language models (LLMs) to extract

tuning ranges and recommended values. However, the coverage

of such heuristics is limited, as not all knobs have expert recom-

mendations recorded in manuals. In GPTuner, for instance, fewer

than 50% of the knobs are identified to have meaningful ranges

smaller than their default ranges (Section 6.2). For newly devel-

oped or poorly documented systems, the tuning heuristics may be

entirely absent, rendering manual-driven approaches ineffective.
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Spin_wait_delay can be set to a 
value between 0 and 1000, 
with the default being 6…

Database Manual Database Code

Knob-Controlled  Funcs: 
sync_array_wait_event, 
ut_delay,  ……

Causal Links between Knobs and Behavior 
A low spin_wait_delay leads to short stays in ut_delay and
early transitions to sync_array_wait_event, causing frequent
context switches. A high value causes excessive spinning in
ut_delay, wasting CPU without improving lock acquisition.

Manual-Driven Tuning Code-Driven Tuning

🧠 Hypothesis:  If ut_delay has high CPU utilization, decrease the value. 
If sync_array_wait_event occurs frequent context switches, increase the value. 

📊 Tuning Rule : If ut_delay > 1%  →  decrease spin_wait_delay
If  sync_array_wait_event >0.3% & ut_delay <1%  →  increase spin_wait_delay

Range: [0, 1000]
Suggested value: None,
Special value: None

Derive Hypothesis and Test

Transform

Filter

Only Generic Information Fine-grained Tuning Guidance

Figure 1: Motivating Example. Manual-driven approach only provides generic information for knob spin_wait_delay (i.e.,
innodb_spin_wait_delay), requiring further trial-and-error. SysInsight addresses this gap by analyzing the knob-controlled
functions (e.g., ut_delay, sync_array_wait_event) to derive fine-grained tuning guidance rooted in system internals.

Second, the information extracted by existing methods is often

oversimplified, which lacks fine-grained guidance. For example,

innodb_buffer_pool_size is suggested to be set to 70%–80% of

the machine’s physical memory [31, 48]. However, setting the op-

timal value for a particular workload still relies on trial-and-error

within this range, andmay even fall outside it, since these ranges are

summarized for common scenarios rather than tailored to specific

workloads (Section 6.4).

Motivation. Beyond relying on existing manuals, in this paper,

we argue that tuning strategies can be derived from the dedicated

system code itself, as configuration knobs fundamentally influence

performance by controlling predefined execution paths (Section 2.2).

From this perspective, we propose a new code-driven tuning para-

digm, whichwe instantiate in a system called SysInsight, designed
to act as a System architect with deep Insight into the database’s

internal mechanisms. SysInsight enables precise configuration

tuning by identifying runtime performance bottlenecks, analyzing

the relevant system code to locate the controlling knobs, and tuning

them based on their impact on execution paths.

To illustrate how code-driven tuning differs from existingmanual-

driven methods, Figure 1 compares SysInsightwith GPTuner [31],
using innodb_spin_wait_delay as an example. GPTuner fails to

obtain compact ranges (the 0–1000 range merely reflects MySQL’s

default bounds) or reliable recommended values due to the lack of

expert heuristics and the absence of widely accepted tuning guide-

lines for innodb_spin_wait_delay available in the manual. In con-

trast, SysInsight analyzes the database source code to identify the
functions affected by innodb_spin_wait_delay, finding its con-

trol over the trade-off between ut_delay and sync_array_wait
_event. Based on these causal links, SysInsight formulates hy-

potheses and refines them into actionable tuning rules through

empirical validation, uncovering fine-grained tuning guidance be-

yond what is provided in database manuals.

There are several challenges in achieving automatic code-driven
tuning. First, while the effects of knobs are encoded in the DBMS

codebase, analyzing their control logic and associated behavioral

patterns is highly complex and labor-intensive. Recent advances in

LLMs have demonstrated strong capabilities in code generation and

reasoning [25, 39]. However, modern DBMS codebases often exceed

millions of lines, making it difficult to isolate how a knob influences

execution (e.g., which functions or loops it controls) without over-

whelming the LLM or losing context. Moreover, existing code sum-

marization techniques [46] are primarily designed for functional

documentation rather than identifying knob-specific control paths.

Thus, a challenge lies in automatically distilling tuning-relevant

insights such as high-level control dependencies and performance

implications from the large and complex codebase (C1).
Second, even when such insights are available, converting them

into reliable tuning guidance remains difficult (C2). With hundreds

of knobs, it is often unclear which ones are more likely to yield per-

formance improvements. Even for a promising knob, determining

the adjustment direction (increase or decrease) and step size is non-

trivial. For example, although we may know that a high ut_delay
suggests decreasing innodb_spin_wait_delay, this insight is in-
sufficient without defining a safe range and precise conditions.

Effective guidance must specify both the triggering conditions and

the adjustment to avoid aggressive changes that might downgrade

system performance; for instance, “if the ut_delay ratio exceeds a

certain threshold, decrease innodb_spin_wait_delay by a certain
step until the condition is no longer met”. Crafting such guidance

is difficult as it requires precisely specifying conditions, directions,

and steps under diverse contexts without introducing instability.

Third, the absence of a robustness verificationmechanism presents

a critical challenge, particularly for mitigating issues such as hal-

lucinations in LLMs [23]. Unlike general-purpose text generation,

knob tuning operates in high-stakes environments where each rec-

ommendation can directly impact throughput, latency, or resource

contention. However, existing approaches—whether data-driven

or manual-driven—–often explore a wide range of suboptimal or

even harmful configurations during tuning, as they lack safeguards

to assess the trustworthiness of the tuning logic beforehand (Sec-

tion 6.3). To ensure safety and effectiveness, tuning decisions must

be grounded in real system behavior and verifiable prior to de-

ployment. Yet both data-driven models and LLMs offer no intrinsic
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guarantees of correctness or generalizability, and tuning outcomes

are highly context-dependent. As a result, assessing whether a tun-

ing knowledge is reliable remains an open and difficult problem,

yet essential for trustworthy tuning outcomes (C3).
SysInsight addresses these challenges with the following de-

signs. First, to uncover knob effect from large-scale codebase, we

propose a code-driven tuning knowledge extraction approach that

combines static analysis and LLM-based code reasoning. Static anal-

ysis localizes functions affected by target knobs to reduce irrelevant

code exploration, while an LLM agent explores their surrounding

context (e.g., callees and class definitions) to formulate potential

tuning hypotheses based on their impact on system behavior (for

C1). Second, to transform these semantic tuning hypotheses into

effective and reliable tuning guidance, we introduce a rule induction

framework that uncovers knob adjustments consistently associated

with performance improvements under similar runtime contexts

(forC2). Third, we propose a reliability verification mechanism that

maintains rule-level confidence scores based on performance feed-

back, which supports continuous rule refinement and safe reuse (for

C3). Finally, we integrate these components into a code-driven, rule-

augmented tuning frameworkwhich identifies bottleneck functions,

retrieves relevant rules, and suggests adjustments for the associated

knobs. The main contributions are summarized as follows:

• We leverage database source code to trace knob-to-function influ-

ence paths, identify critical knobs, and uncover promising tuning

strategies. To the best of our knowledge, this work presents the

first automatic code-driven configuration tuning paradigm.

• We define context-aware and verifiable tuning rules and develop

a customized association rule mining pipeline that transforms

promising tuning strategies into reliable, quantitative adjust-

ments grounded in empirical observations.

• We integrate code-driven extraction and rule induction into a

unified framework that adaptively retrieves, verifies, and refines

tuning rules, enabling efficient and reliable knob tuning.

• We conduct extensive experiments to validate the effectiveness

of SysInsight, which on average converges to the best con-

figuration 7.11× faster, while achieving a 19.9% performance

improvement compared to the second-best baseline.

2 PRELIMINARY
2.1 Database Knob Tuning
Consider a database system with a set of configuration knobs de-

noted by {𝜃1, . . . , 𝜃𝑚}. We define its configuration space as 𝚯 =

Θ1 × · · · ×Θ𝑚, where each Θ𝑖 denotes the domain of knob 𝜃𝑖 , which

can be either continuous or categorical. We denote the database con-

text metrics as C = {R,W}, where R represents runtime metrics

(e.g., function sampling rates, internal counters), andW denotes

workload characteristics. Let 𝑓 be the performance metric to op-

timize. Given a specific configuration 𝜽 ∈ 𝚯 and context metrics

𝑐 ∈ C, the corresponding performance 𝑓 (𝑐, 𝜽 ) can be observed

after evaluation in the database system. Assuming the objective is a

maximization problem, the goal of database knob tuning is to iden-

tify an optimal configuration 𝜽 ∗ ∈ 𝚯 that maximizes performance

under context 𝑐 , i.e.,

𝜽 ∗ = argmax

𝜽 ∈𝚯
𝑓 (𝑐, 𝜽 ). (1)

To tackle this problem, existing efforts mainly focus on two dimen-

sions: knob selection and configuration recommendation:

Knob Selection. Modern database systems expose hundreds of

knobs, but their performance impact can vary significantly across

different workloads. The goal of knob selection is to identify which

knobs need to be tuned for the current workload. We discuss exist-

ing approaches from the two perspectives:

• Data-driven methods [6, 9, 18, 57] sample a large number of

observations under different configurations and fit a ML model

based on the observations to rank the knobs in terms of their

importancemeasurement [38, 40, 47]. However, prior studies [26]

have shown that accurately identifying important knobs requires

substantial sampling cost, making it inefficient in practice.

• Manual-driven methods [31, 34] rely on LLMs to suggest im-

portant knobs. These methods prompt the LLM with workload

descriptions (e.g., OLTP vs. OLAP) and query plans, assuming

that its pre-training on manuals and forum discussions enables

effective recommendations. However, suchmethods tend to favor

popular knobs frequently seen in the pre-trained data of LLMs

while overlooking critical but under-documented ones.

Configuration Recommendation. Once the tuning knobs are

selected, the next step is to recommend their configuration values.

• Data-driven methods works iteratively: applies a suggested con-

figuration to the DBMS, and update their internal model or strat-

egy based on the observed performance. Depending on the under-

lying strategy, these methods can be further categorized into: (1)

Heuristic-based methods [2, 8, 41, 60], which rely on rule-based

or search-based heuristics to explore configuration space; (2)

Bayesian Optimization (BO)-based methods [6, 10, 10, 16, 27, 56,

57], which model the configuration–performance relationship

using a probabilistic surrogate and select the next configuration

by maximizing an acquisition function; (3) Reinforcement Learn-

ing (RL)-based methods [9, 19, 33, 49, 52], which treat tuning as

a sequential decision-making process and learn policies through

interactions with DBMSs.

• Manual-driven methods [31, 48] further accelerate configuration

search by extracting expert knowledge from manuals or online

content to prune the search space. For example, DB-BERT [48]

transforms textual descriptions into tuning hints of the form

𝑃 = 𝑓 (𝑣, 𝑆), where 𝑣 is a candidate configuration, 𝑆 encodes

hardware properties (e.g., memory size) and 𝑃 is the suggested

value given 𝑣 and 𝑆 (e.g., 70% of the instance memory). However,

these recommendations typically consider only hardware factors

and do not adapt to workload characteristics, requiring further

RL-based exploration to refine configurations. GPTuner [31]

extracts min/max bounds, default, suggested, and special values

for each knob and then applies BO to explore a reduced and

discretized search space defined by these ranges and values.

2.2 Knob Impacts on DBMS Behaviors
We analyze how knobs influence DBMS behaviors by controlling

the execution paths defined in the system code, and further analyze

how this influence can be leveraged for performance tuning.

Explicit Control: Configuration knobs are commonly used as

switches in software, enabling users to adjust various functional

features of the system. In DBMS, knobs often appear in conditional
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uint64_t log_reserve_and_open(uint len_upper_limit) {
len_upper_limit = LOG_BUF_WRITE_MARGIN + (5 * len) / 4;

if (log->buf_free + len_upper_limit > log->buf_size) {
log_buffer_flush_to_disk();

}
}

void rw_lock_x_lock_wait_func(rw_lock_t *lock) {
while (lock->lock_word < threshold) {
if (srv_spin_wait_delay) {
ut_delay(random(0, srv_spin_wait_delay));
}
sync_array_wait_event();
}

(a) Explicit Control-Dependent on innodb_log_buffer_size.

uint64_t log_reserve_and_open(uint len_upper_limit) {
len_upper_limit = LOG_BUF_WRITE_MARGIN + (5 * len) / 4;

if (log->buf_free + len_upper_limit > log->buf_size) {
log_buffer_flush_to_disk();

}
}

void rw_lock_x_lock_wait_func(rw_lock_t *lock) {
while (lock->lock_word < threshold) {
if (srv_spin_wait_delay) {
ut_delay(random(0, srv_spin_wait_delay));
}
sync_array_wait_event();
}

(b) Implicit Control-Dependent on innodb_spin_wait_delay.

Figure 2: Simplified Code Snippets Showing How Knobs Influence System Behavior: (a) innodb_log_buffer_size, implemented
internally via log->buf_size, determines whether a log buffer flush is triggered. (b) innodb_spin_wait_delay, implemented
internally via srv_spin_wait_delay, controls the polling frequency in the spin-lock loop.

statements (e.g., if, switch, for, and while), and determine which

branch of the program will be executed. As a result, the dominated

branches and blocks are control-dependent on the knob.

Example 2.1. innodb_log_buffer_size determines the size of

the buffer that InnoDB uses to write to the log files on disk. As

shown in Figure 2a, if the buf_size is smaller than the free size

plus the length of new log, MySQL will trigger a costly synchro-

nous buffer flush operation. This is an explicit control. If there has

transactions with large blob/text fields, the buffer can fill up very

quickly and incur performance hit.

Implicit Control. Beyond explicit control flow defined by condi-

tional branches, configuration knobs can also implicitly propagate

control dependency. For instance, if a knob influences the parame-

ter of a delay operation (e.g., a sleep call) within a loop, then all

statements inside the loop are implicitly control-dependent on that

knob. This is because the knob alters the execution frequency and

timing, thereby indirectly affecting control behavior.

Example 2.2. As shown in Figure 2b, when srv_spin_wait_delay
is non-zero, ut_delay() injects a randomdelay (from 0 to srv_spin
_wait_delay) before rechecking the lock condition. A larger innodb
_spin_wait_delay value increases the delay in each iteration, re-

ducing the frequency of calls to sync_array_wait_event(). There-
fore, all basic blocks inside the while loop are implicitly control-

dependent on innodb_spin_wait_delay.
Tuning Hypothesis. After analyzing the impacts of a knob on

DBMS behaviors, one can formulate its potential tuning strategies,

such as adjustment directions given inferred from the observed

state of the associated functions. These strategies are promising

but not yet verified. Thus, we refer to them as tuning hypotheses.

A tuning hypothesis semantically provides an initial adjustment

direction based on profiling signals of the functions a knob controls.

Example 2.3. Given the control effect of innodb_log_buffer
_size, one can hypothesize that frequent execution of log_buffer
_flush_to_disk() suggests increasing innodb_log_buffer_size.
Similarly, given the control effect of innodb_spin_wait_delay,
one can hypothesize that: If ut_delay() consumes excessive CPU

time, lowering innodb_spin_wait_delay is recommended to re-

duce spin overhead; conversely, if sync_array_wait_event() dom-

inates, increasing the delay helps avoid frequent context switches.

Although the tuning hypotheses are formulated on a per-knob ba-

sis, the presence of co-triggered bottleneck functions can implicitly

reflect inter-knob dependencies. For example, frequent invocation

of buf_LRU_get_free_block and buf_flush_sync_all_buf_pools

indicate pressure on both memory and log subsystems, suggesting

that both innodb_buffer_pool_size and innodb_log_file_size
should be enlarged.

3 SYSTEM OVERVIEW
SysInsight emulates the action of a DBMS expert who identifies

system issues, examines related code, performs targeted tuning, and

summarizes tuning experience for future reuse. Figure ?? illustrates
the workflow of SysInsight, which consists of both online and

offline phases. The offline phase builds a reliable repository of

code-driven tuning knowledge (Section 4). During online tuning,

bottleneck functions are identified and their associated knobs are

tuned under the guidance of the learned knowledge (Section 5).

Code-Driven Hypothesis Formulation. This process leverages
the extracted control and data flow to trace how the knob’s value

propagates through the program logic and impacts system execu-

tion. A code retrieval agent gathers relevant unresolved context

via Abstract Syntax Tree (AST) search. Based on the context, a

summary agent formulates semantic tuning hypotheses expected

to improve system performance.

Experimentation and Rule Derivation. Based on the seman-

tic tuning hypotheses, SysInsight conducts tuning experiments

by sampling configurations that conform to these hypotheses. To

further distill precise and actionable tuning guidance from the ex-

perimental observations, association rule mining techniques are

applied to extract tuning rules that explicitly specify the conditions

under which knob adjustments should be triggered, as well as the

direction and step size of each adjustment.

SystemDiagnosis andKnob Selection.During tuning, SysInsight
collects runtime metrics and detects the deviations from expected

performance to locate bottleneck functions. To identify relevant

configuration knobs, SysInsight then performs static analysis on

the DBMS source code, tracing the control and data flows to con-

struct function–knob mappings, allowing SysInsight to pinpoint

the knobs that directly or indirectly affect the identified bottlenecks.

Rule-AugmentedConfigurationRecommendation. SysInsight
leverages the derived tuning rules in conjunction with semantic hy-

potheses to guide online configuration tuning. It retrieves relevant

rules whose antecedent predicates match the current runtime met-

rics, ranking them by expected improvement to prioritize the most

promising candidates and accordingly suggests a configuration. Af-

ter applying the suggested configuration, SysInsight observes the
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Figure 3: SysInsightWorkflow.

resulting performance and updates rule statistics to track the relia-

bility of each rule. As tuning observations accumulate, SysInsight
periodically applies the association rule mining to induce tuning

rules.

4 CODE-DRIVEN KNOWLEDGE HANDLER
4.1 Function-Knob Mapping Construction
To accurately determine how configuration knobs influence system

execution while avoiding excessive input to the LLM, SysInsight
first constructs a function–knob mapping that identifies the func-

tions controlled by each knob. This mapping is essential for linking

configuration changes to concrete execution paths and for guiding

subsequent hypothesis formulation and knob selection.

Given a target knob 𝑘 , SysInsight first leverages ConfMap-

per [59] to locate the initial program variable 𝑣𝑘 to which the knob

configuration is mapped to. Then, it adopts static taint analysis

technique [50] to track both data-flow and control-flow propaga-

tion from 𝑣𝑘 by analyzing the LLVM Intermediate Representation

(IR) [32], which helps to determine the set of affected functions.

Data-Flow Analysis: Variables propagate through operation state-

ments (e.g., assignment or arithmetic), function parameters or re-

turn values. In addition to explicit data-flow propagation, knob con-

figuration can also affect variables implicitly through conditional

statements. Given the initial variables 𝑣𝑘 , SysInsight performs

data-flow analysis to identify the set of related variables (denoted

as ˜︁𝑉 𝑘 ) propagated by 𝑣𝑘 .

Control-Flow Analysis: Based on ˜︁𝑉 𝑘 , SysInsight further identi-

fies functions that are control-dependent on these variables. The

resulting set of controlled functions, denoted as 𝐹𝑘 , serves as the

basis for subsequent hypothesis formulation.

Example 4.1. Given the target knob innodb_log_buffer_size,
SysInsight first locates the initial program variable defined by

the Sys_var_* data structures in the file sys_vars.cc. It then
performs data-flow analysis to identify related variables, such as

log->buf_size, as shown in Figure 2a. Finally, SysInsight iden-
tifies the functions that are control-dependent on these variables,

such as log_buffer_flush_to_disk(), which are triggered when

specific conditions involving the configuration knob are met.

After analyzing all knobs, SysInsight builds function–knob

association mappings that record, for each function 𝑓 , the set

of controlling knobs 𝐾 𝑓 such that adjusting any 𝑘 ∈ 𝐾 𝑓 influ-

ences the execution behavior of 𝑓 . For instance, the execution of

log_buffer_flush_to_disk() is governed by innodb_log_buffer
_size, while buf_read_ahead_random() is controlled by both innodb
_buffer_pool_instances and innodb_random_read_ahead. This
mapping allows SysInsight to identify knobs that control the

performance-bottleneck functions, enabling more targeted tuning.

4.2 Code-Driven Hypothesis Formulation
Building upon the previously extracted data and control flows,

SysInsight utilizes LLMs to analyze and summarize the influence

of knob 𝑘 on the execution paths 𝐹𝑘 via iterative collaboration be-

tween a code retrieval agent and a code summary agent. Much like

how developers read and reason about source code, understand-

ing the effect of a knob often requires navigating across multiple

files and symbols to resolve API calls and dependencies. To enable

this reasoning, SysInsight parses the database codebase into an
abstract syntax tree (AST) and provides two structured search APIs

to facilitate efficient and targeted retrieval of relevant code frag-

ments: (1) search_function(f) returns the implementation of the

specified function; (2) search_class(cls) returns the signature of
the specified class.

The retrieval process begins with the parent function that con-

tains the control logic linking knob 𝑘 to the controlled function(s)

in 𝐹𝑘 . From this context, the retrieval agent is guided to resolve any

missing function or class references whose definitions are essen-

tial for deepening the understanding of how the knob influences

system behavior. To support this process, SysInsight adopts a

stratified context search strategy [58], which iteratively prompts

the retrieval agent to determine which API calls are needed based

on the current context. After the API invocations in a given stratum

are executed, the newly retrieved code snippets are incorporated

into the context. The retrieval agent is then instructed to assess
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whether the context is sufficient to analyze the influence of the

configuration knob. Based on this assessment, the retrieval agent

decides whether to (a) continue the iterative search process or (b)

terminate retrieval when the code context is deemed complete.

Example 4.2. To understand how innodb_spin_wait_delay af-

fects 𝐹𝑘 , the retrieval agent first receives the code snippet of the par-

ent function rw_lock_x_lock_wait_func() and is prompted to as-

sess whether the context is sufficient. In the first stratum, it invokes

the search_function API to retrieve the implementations of un-

resolved functions within rw_lock_x_lock_wait_func(), which
are crucial for understanding the knob’s influence, such as sync
_array_wait_event(). In the second stratum, the context is aug-

mented with the retrieved results. At this stage, the retrieval agent

assesses that the context is sufficient and terminates the search

process.

Once the retrieval agent determines that the context is sufficient

or the query budget has been exhausted, the collected context is

passed to the summary agent, which generates a structured rea-

soning chain that explains how the knob influences its associated

functions and impacts overall database performance. Specifically,

to understand the underlying causal link, the summary agent first

analyzes the influence path, including: (1) how changes in the knob

value control the invocation of the target function and (2) the cor-

responding performance implications. Then, it formulates a tuning

hypothesis based on the inferred causal relationships.

Example 4.3. Given the retrieved context of innodb_spin_wait
_delay, the agent first generates an explanation of its influence path:
“increasing this parameter makes ut_delay() inject longer delays

per spin, reducing context switches but increasing CPU busy-wait;

decreasing it shortens or skips ut_delay(), saving CPU but po-

tentially increasing wakeups.” The agent then formulates potential

tuning strategies: “if runtime profiling shows ut_delay() consum-

ing high CPU time, lowering innodb_spin_wait_delay is recom-

mended to reduce spin overhead; if sync_array_wait_event dom-

inates, increasing the delay helps avoid frequent context switch”.

Finally, SysInsight constructs a tuning hypothesis set indexed

by each knob 𝑘 and its associated functions 𝐹𝑘 , which records the

promising knob adjustments given different function behaviors.

4.3 Tuning Rule Mining
This section presents how SysInsight generates quantitative tun-

ing rules based on semantic tuning hypotheses. These rules are, in

essence, inductive generalizations over a collection of successful

tuning observations under the semantic guidance. The transforma-

tion involves two steps:

Semantic Sampling. SysInsight collects historical observa-

tions guided by semantic tuning hypotheses. It first identifies im-

portant knobs using diagnosis-based knob selection (Section 5.2.3),

retrieves their associated hypotheses, and applies the recommended

configurations. Each trial produces an observation that records: (i)

the runtime context, (ii) the applied knob adjustment, and (iii) the

observed performance impact.While a single successful observation

could provide tuning guidance, its coverage is extremely limited

because its contextual conditions are highly specific and rarely

recur in future executions.

InductiveRuleDerivation.To obtain tuning guidance that gen-
eralizes across diverse contexts, SysInsight generates tuning rules

(defined in Section 4.3.1) by mining the common patterns shared

by successful observations. For example, if decreasing knob 𝑥 by

∼10 consistently improves performance when the sampling rate of

function A appears at 2.5%, 3%, and 4%, SysInsight infers that the

adjustment is beneficial within a broader interval such as [2%, 4%].
Using a customized Association Rule Mining (ARM) procedure (see

Section 4.3.2), SysInsight consolidates the consistent contexts and
adjustment magnitude into tuning rules that achieve both high

coverage and high confidence across heterogeneous workloads.

4.3.1 Tuning Rule Definition.

Definition 1. (Tuning Rules). A tuning rule R specifies how to
adjust the knobs under certain system conditions. It can be expressed
in the form 𝑋 ⇒ 𝑌 , where 𝑋 denotes an itemset of context predicates
that should be satisfied, and 𝑌 denotes an itemset of recommended
knob adjustments when 𝑋 holds true. An itemset may consist of a
single element or multiple conjunctive items. A tuning rule can be
formally defined as:

(︄
𝐾⋀︂
𝑘=1

𝑝𝑘 (𝑤) ∧
𝑁⋀︂
𝑗=1

𝑟 𝑗 ∈ [𝑙 𝑗 , 𝑢 𝑗 ]
)︄
=⇒

(︄
𝑀⋀︂
𝑖=1

𝜃𝑖 : [adjustment]
)︄

(2)

s.t. 𝐾 + 𝑁 ≥ 0 and 𝑀 > 0.

In this formulation, each 𝑝𝑘 (𝑤) denotes a workload predicate, such
as whether workload type = OLTP, the number of concurrent threads
> 10, or query arrival rate exceeding a threshold. Each 𝑟 𝑗 denotes the
proportion of time spent in function 𝑗 , constrained within a range
[𝑙 𝑗 , 𝑢 𝑗 ]. The symbols 𝜃𝑖 denote the tunable knobs, and [adjustment]
describes the recommended modification to each knob, such as decreas-
ing query_timeout by 10 seconds. This formulation indicates that
when the context metrics meet the specified conditions, applying the
recommended adjustments is expected to improve system performance.

We adopt two metrics to evaluate the quality of tuning rules. To

ensure that a rule is effective for future prediction, it must general-

ize across a sufficiently large number of situations (i.e., coverage)

and demonstrate a high probability of making promising recom-

mendations (i.e., confidence).

Definition 2. (Coverage). LetH = {ℎ1, . . . , ℎ𝑁 } denote a set of
historical observations, and letR be a tuning rule expressed as𝑋 ⇒ 𝑌 .
The coverage ofR is defined as the proportion of observations in which
the antecedent 𝑋 holds:

Coverage(R) = |{ℎ ∈ H | 𝑋 holds in ℎ}|
|H | .

Definition 3. (Confidence). LetH and R be as above. The con-
fidence of R is defined as the proportion of observations in which the
consequent adjustment 𝑌 improves the objective function 𝑓 when an-
tecedent 𝑋 holds conditioned on all observations where the antecedent
𝑋 holds and 𝑌 is applied:

Confidence(R) =
|︁|︁{︁ℎ ∈ H | (︁𝑋 and 𝑌

)︁
and

(︁
𝑓 is improved

)︁
hold in ℎ

}︁|︁|︁
|{ℎ ∈ H | 𝑋 and 𝑌 hold in ℎ}| .
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4.3.2 Tuning Rule Induction. To induce tuning rules with high

coverage and confidence, we formulate it as an association rule

mining (ARM) problem [4], which aims to discover frequent co-

occurrence patterns of contextual conditions and tuning actions

that consistently lead to performance improvements. However, ap-

plying classical ARM techniques to database tuning is non-trivial

due to two key challenges: C2.1. Data sparsity and generalization:
Benchmarking databases is costly, resulting in few observations.

Rules learned from limited data risk overfitting and are hard to

generalize across hardware and workload scales. For instance, in-

creasing buffer_pool_size by 10GB may work on large-memory

instances but fail on smaller ones. C2.2. High-dimensional numerical
data. Knob values and runtime metrics are continuous, while tra-

ditional ARM handles categorical data. Naive discretization leads

to a combinatorial explosion, high time complexity, and excessive

memory usage [28]. To address these challenges, we propose a

customized ARM pipeline for database tuning rule mining.

Step1: Pairwise Data Augmentation. To overcome the sparsity

of raw observations and enhance rule robustness, we construct

pairwise records (i.e., transactions in ARM) from historical obser-

vations. Given 𝑛 historical observations, we enumerate all distinct

pairs (ℎ𝑖 , ℎ 𝑗 ). If ℎ𝑖 outperforms ℎ 𝑗 , we create an augmented record

capturing: (1) the context predicates of ℎ 𝑗 , (2) the knob adjustments

in ℎ𝑖 that transition from the lower- to higher-performing configu-

ration. To localize promising actions, only pairs with performance

improvement exceeding a threshold are retained.

Step 2: Generalization-Oriented Encoding. We encode knob

adjustments in a normalized and scale-invariant manner. Memory-

related knobs are expressed as percentages of total memory to

enhance comparability across different resource capacities. Knobs

with wide numeric ranges are log-scaled, and those with smaller

ranges are normalized using min-max scaling. Moreover, each ad-

justment is represented in both relative form (indicating the di-

rection and magnitude of change) and absolute form (specifying

the target value). These encodings prevent the loss of meaningful

tuning actions that may manifest differently across various scales

and contexts, improving the discovery of robust patterns.

Step 3: Target-Constrained FP-Growth. To address the chal-

lenges of high-dimensional numerical data, we introduce performance-

aware discretization and tuning-specific constraints. Specifically,

we employ the Least Squared Ordinate-Directed Impact Measure

(LSQM) [29] to partition continuous features (e.g., knob adjust-

ments and function sampling rates) into intervals that best capture

their impact on performance. The discretization clusters continuous

knob-adjustment magnitudes into performance-consistent intervals

rather than preserving exact values. For example, adjustments of 1%,

12%, and 30% may fall into the same LSQM interval if they exhibit

similar performance effects. Therefore, the mined rules represent

ranges of effective adjustments rather than relying on repeated

occurrences of the same numeric magnitude. For pattern mining,

we adopt FP-Growth [21], which features a compact FP-Tree struc-

ture and eliminates the need for candidate generation, compared

to Apriori-based methods [22]. We further enhance this process

with target itemset pruning, which restricts the search to candidate

branches containing at least one tuning-related knob adjustment.

Algorithm 1 outlines the workflow of the enhanced FP-Growth

procedure. It constructs a compressed prefix tree (FP-Tree) from the

Algorithm 1: FP-Growth with Target Item Set Pruning

Input: 𝑇𝑟𝑒𝑒: FP-Tree; 𝑝𝑟𝑒 𝑓 𝑖𝑥 : current prefix ; 𝑡𝑎𝑟𝑔𝑒𝑡 : set of
target items;𝑚𝑖𝑛_𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒

Output: Frequent itemsets containing any item in 𝑡𝑎𝑟𝑔𝑒𝑡

1 if 𝑇𝑟𝑒𝑒 is a single path then
2 foreach combination in all combinations of 𝑇𝑟𝑒𝑒 do
3 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 ← 𝑝𝑟𝑒 𝑓 𝑖𝑥 ∪ 𝑐𝑜𝑚𝑏𝑖𝑛𝑎𝑡𝑖𝑜𝑛;
4 if 𝑡𝑎𝑟𝑔𝑒𝑡 ∩ 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 ≠ ∅ then
5 output 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒;

6 else
7 foreach item 𝑖 in frequent items (ascending support) do
8 𝑛𝑝𝑟𝑒 𝑓 𝑖𝑥 ← 𝑝𝑟𝑒 𝑓 𝑖𝑥 ∪ {𝑖};
9 𝑃 ← extract_conditional_pattern_base(𝑇𝑟𝑒𝑒 , 𝑖);

10 𝑃 ′ ← ∅;
11 foreach path 𝑝 in 𝑃 do
12 if (𝑡𝑎𝑟𝑔𝑒𝑡 ∩ 𝑛𝑝𝑟𝑒 𝑓 𝑖𝑥 ≠ ∅) or (𝑡𝑎𝑟𝑔𝑒𝑡 ∩ 𝑝 ≠ ∅)

then
13 𝑃 ′ ← 𝑃 ′ ∪ {𝑝};

14 if 𝑃 ′ not empty then
15 𝑇 ′ ← build_FP_Tree(𝑃 ′,𝑚𝑖𝑛_𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒);

16 FP-Growth(𝑇 ′, 𝑛𝑝𝑟𝑒 𝑓 𝑖𝑥 , 𝑡𝑎𝑟𝑔𝑒𝑡 ,𝑚𝑖𝑛_𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒);

transaction database and recursively builds conditional FP-Trees

to discover frequent itemsets. During the recursive exploration,

branches that do not include any target items are pruned early

(Lines 10–13), which significantly reduces the cost of constructing

and traversing conditional FP-Trees.

5 CONFIGURATION RECOMMENDER
5.1 Diagnosis-Based Knob Selection
Unlike existing knob selection approaches that primarily rely on

extensive configuration observations [6, 9, 17] or workload-specific

heuristics [31] (discussed in Section 2.1), SysInsight adopts a

diagnosis-driven strategy that enhances both the precision and in-

terpretability of knob selection. The key idea is to first diagnose

bottleneck functions that contribute to performance degradation

and then determine which knobs to tune based on explicit function–

knob mappings (Section 4.1). Adjustments to these mapped knobs

can propagate through program logic, affecting the behavior of the

identified bottleneck functions, which enables targeted interven-

tions to restore performance.

To achieve fine-grained identification of function-level perfor-

mance bottlenecks, SysInsight leverages Linux performance anal-

ysis tools (e.g., perf [3]) to sample stack traces. While more sophis-

ticated and lightweight profiling techniques such as eBPF [14] have

been proposed, they are orthogonal to our focus and not explored

in this work. Instead of relying on manual inspection of visualiza-

tions such as flame graphs [20], SysInsight automates bottleneck

diagnosis by combining two complementary methods:

Differential Profiling. When representative normal and de-

graded performance states are available, SysInsight compares

the sampling rates of each function across these two conditions.
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Functions that exhibit substantial variants in sampling proportion

under degraded performance are flagged as likely contributors to

performance issues (i.e., bottleneck functions).

SHAP-Based Profiling. In scenarios where a clear normal base-

line is difficult to define, SysInsight leverages SHAP (SHapley

Additive exPlanations) [35] to quantify the marginal contribution

of each function to performance degradation based on historical

execution data. SHAP is particularly well-suited for bottleneck

identification as it provides a principled, game-theoretic allocation

of the performance discrepancy across all functions while rigor-

ously accounting for inter-feature dependencies. This global attri-

bution framework enables the precise isolation of functions that

consistently contribute to performance degradation, even under

strong feature correlations. Specifically, SysInsight fits a regres-
sion model on the observed historical function sampling rates and

the corresponding database performance. Given the current sam-

pling rates, it computes SHAP values for each function and ranks

them based on their negative contributions to overall database

performance, which enables identification of bottleneck functions

without a predefined performance baseline.

For each function 𝑓 flagged as a potential bottleneck, SysInsight
queries the function-knob mappings to identify its controlling

knobs 𝐾 𝑓 as selected knobs. In addition, SysInsight matches the

current runtime context against the antecedents of historical tuning

rules; when a match is found, the knobs specified in the correspond-

ing consequents are also incorporated into the set of selected knobs.

5.2 Rule-Augmented Tuning
Directly relying on an LLM to generate configuration recommen-

dations often results in incorrect or suboptimal outcomes due to

hallucinations. To mitigate this issue, SysInsight incorporates

verified rules to enhance recommendation reliability.

5.2.1 Rule Retrieval and Maintenance. SysInsight retrieves rele-
vant rules to guide the tuning process and continuously updates

their statistics based on new observations to ensure reliability.

Rule Retrieval. To identify candidate rules, SysInsight first gath-
ers all rules whose antecedent predicates match the current runtime

context, referred to as relevant rules. Given the limited input win-

dow of the LLMs, SysInsight ranks these rules based on their

expected improvement and retrieves only the top-𝑘 highest-scoring

rules.

Definition 4. (Expected Improvement). Let S(R) denote the set
of observations where applyingR led to performance improvement, i.e.,
S(R) = {ℎ ∈ H | (𝑋 and 𝑌 ) and (𝑓 is improved) hold in ℎ}. The ex-
pected improvement of ruleR is defined as the product of the average
performance gain it achieves and the probability (confidence) that it
leads to performance improvement:

EI(R) =
∑︁
ℎ∈S(R) improvement(ℎ)

|S(R)| × confidence(R) .

Rule Maintenance. After the suggested configuration is applied

and its performance impact is observed, SysInsight updates the
statistics of relevant rules. Among these relevant rules, SysInsight
identifies those whose prescribed knob adjustments match the ac-

tual applied adjustments, referred to as hit relevant rules. If the
applied adjustment results in a performance improvement, both the

numerator and denominator of the confidence metric for each hit

relevant rule are incremented by 1; otherwise, only the denomina-

tor is incremented. The expected improvement of each hit relevant

rule is then recalculated to incorporate the new observation.

5.2.2 Rule-Augmented Prompt Generation. While the tuning rules

offer reliable guidance, they may not match the current conditions

(i.e., no applicable rules are retrieved), or potentially better adjust-

mentsmay remain undiscovered by the rules. SysInsight therefore
adopts a strategy that considers both exploitation and exploration:
(i) exploiting verified rules where applicable to ensure reliability,

and (ii) exploring recommendations guided by semantic hypothe-

ses, which provide direction and help avoid overly aggressive or

random exploration. The prompt mainly consists of three compo-

nents: (1) Task instruction: A high-level description of the objective

and expected behavior of the tuning agent; (2) Task Information:

Contextual information required to ground the recommendations,

including the hardware, workload characteristics, identified bottle-

neck functions, and the selected knobs; (3) Tuning Hypotheses and

Rules: A set of semantic tuning hypotheses indexed by the selected

knob and bottleneck functions, along with the retrieved rules.

5.2.3 Hypotheses-to-Rule Life-cycle. During the tuning process,

SysInsight continuously transforms hypotheses into reliable rules.

Given the hypotheses associated with the selected knobs and the

retrieved tuning rules, SysInsight suggests promising configura-

tions for evaluation. As SysInsight handles more tuning tasks,

previously unseen knob-behavior patterns may emerge (e.g., new

bottleneck-function interactions under varying workloads or hard-

ware conditions). To capture these patterns, SysInsight periodi-
cally applies the customized ARM pipeline to induce new tuning

rules from accumulated observations. Moreover, even when no

applicable rules are available, SysInsight can still exploit hypothe-

ses to discover superior configurations beyond the current rule set,

which are subsequently validated and incorporated as new rules.

6 EVALUATIONS
6.1 Experiment Setting
Workload. Following the setup of GPTuner [31], we use TPC-H

(OLAP type) with scaling factor 1 and TPC-C (OLTP type) with scal-

ing factor 200. TPC-C uses ten terminals with unlimited arrival rate

and the implementations of benchmarks are from BenchBase [13].

Additionally, we employ SYSBENCH [1] in read-write mode, con-

figured with 100 tables each containing 6 million rows.

Hardware. We conduct experiments on two cloud instance config-

urations: (i) Instance A, with 4 CPU cores and 16 GB RAM, used

for TPC-H and SYSBENCH workloads; and (ii) Instance B, with 16

CPU cores and 64 GB RAM, used for TPC-C workloads.

Baselines. We compare the performance of SysInsight with the

state of the art tuning systems including manual-driven methods

(GPTuner [31], DB-Bert [48]) and data-driven methods (SMAC [24],

DDPG++[7], ResTune [55], OtterTune [6]).

OfflineDataCollection.To provide historical data for both transfer-
based data-driven methods (i.e., ResTune[55] and OtterTune [6])

and for SysInsight to mine tuning rules, 100 configurations are

sampled per workload using Latin Hypercube Sampling [37]. To

ensure a fair workload transfer scenario, all data collected under
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Figure 4: Best Performance Over Iterations. For TPC-C and SYSBENCH, top-left is better. For TPC-H, bottom-left is better.

the target workload is strictly excluded from the tuning process.

For SysInsight, this means that the construction of tuning rules

does not leverage any data from the target workload.

Tuning Setting. The target system is MySQL 8.0.36 (Community

Edition, GPL license). Following prior studies [27, 31], all baselines

tune 44 knobs with MySQL default configuration as the starting

point and optimize throughput for OLTP workloads and total work-

load execution time for OLAP workloads. Note that production de-

ployments often adopt non-default configurations, such as template

settings (e.g., setting the buffer pool to 60% of available memory).

Thus, the absolute gains compared with production-tuned settings

are expected to be smaller. We run three tuning sessions for each

method with 20 iterations per session. For SysInsight and GP-

Tuner [31], we employ GPT-4o-mini as the backend model. As for

DB-Bert, we adopt the authors’ implementation which utilizes the

pre-trained BERT model [12]. Due to space limitations, we include

the additional evaluation on PostgreSQL in the technical report [54],

where the results are consistent with those observed on MySQL.

6.2 Efficiency Comparison
Figure 4 illustrates the performance of the best configurations

found by different approaches throughout the tuning iteration.

We report the median performance, with the interquartile range

shown as shaded areas. SysInsight consistently identifies the best-
performing configurations with significantly fewer iterations across

all benchmarks. Compared with GPTuner, SysInsight converges
to its best configuration on average 7.11× faster while still deliver-

ing an average performance improvement of 19.9%.

6.2.1 Comparison with Manual-driven Methods. GPTuner lever-
ages LLMs to extract structured knowledge of each knob from

documentation: (1) suggested range defined by min_value and

max_value, (2) suggested_values and (3) special_values: Subsequently,
it applies BO to explore a reduced and discretized search space de-

fined by these ranges and values. Compared with data-driven meth-

ods, GPTuner effectively exploits prior knowledge from manuals

to narrow the search space and accelerate convergence. Neverthe-

less, the structured knowledge extracted is limited and provides

only moderate benefits. Among the 44 knobs, only 20 knobs have

min_value ormax_value differing from theMySQL defaults, 8 knobs

include suggested_values, and 14 knobs have special_values.

The limitations mainly stem from two aspects. First, the knowl-

edge provided by manuals is coarse-grained and lacks the precision

guidance for fine-grained optimization. Second, for many knobs,

universal information applicable to all scenarios simply does not

exist, making it impossible to extract meaningful ranges or values

without considering the context. According to the documentation

of innodb_spin_wait_delay, “increasing this value can reduce

CPU usage but may also increase response time, so it should be

adjusted carefully based on system performance”.While this qualita-

tive insight is valuable, there is no well-defined range or suggested

value that applies across all contexts, causing GPTuner to fail in

extracting meaningful structured knowledge.

A similar limitation is observed in DB-Bert, which provides pri-

marily context-agnostic guidance (with the exception of hardware-

related factors) and derives meaningful knowledge for only 12

knobs. In contrast, SysInsight extracts hypotheses for all 44 knobs
directly from the source code and has discovered tuning rules for

33 knobs with high confidence. This improvement arises because

code-level analysis reveals fine-grained control information about

each knob, providing richer and more context-aware references.

Moreover, the tuning rules defined by SysInsight explicitly con-

sider how each knob should be adjusted under different runtime

contexts, enabling more targeted and effective optimization.

6.2.2 Comparison with Data-driven Methods. SMAC is shown to

be the best-performing BO-based method for DBMS tuning without

transferring according to the evaluation study [53]. DDPG++ is

an improved version of the Deep Deterministic Policy Gradient

(DDPG) algorithm, originally introduced in CDBTune [52] and en-

hanced in [7]. However, within 20 iterations, SMAC and DDPG++

fail to identify high-quality configurations because they start the

search process from scratch. As for the baselines utilizing historical

observations, OtterTune [6] identifies the most similar workload

from a historical data repository through workload mapping and

uses both matched data and target observations to train a surro-

gate model. ResTune [55] fits multiple base learners on observa-

tions from each source task and combines their predictions into a

meta-learner via dynamic weighting. Compared with OtterTune,

ResTune achieves better performance by mitigating negative trans-

fer. However, both methods fundamentally rely on the similarity

of performance surfaces across configurations, and their effective-

ness degrades when the target workload is insufficiently similar to
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Figure 5: Reliability Comparison. Left figure shows #bad con-
figurations (low is better). Right figure shows cumulative
improvement over the default (higher is better).

the source workloads. In contrast, SysInsight leverages insights
from database internals—derived from source code and execution

context—that capture generalizable relationships between system

behaviors and knob adjustments (e.g., observing frequent page

misses suggests increasing the buffer pool), enabling robust and

interpretable optimization beyond specific workloads.

6.3 Reliability Comparison
During tuning, it is crucial not only to eventually find the best-

performing configuration but also to ensure that intermediate rec-

ommended configurations do not degrade system performance,

referred as reliability. If the tuning algorithm explores too many

poor configurations, the cumulative performancemay fall below the

default baseline, resulting in an overall performance loss. To quan-

tify reliability, we adopt two complementary indicators: (1)#Bad

Configurations: The number of recommended configurations that

perform worse than the default. (2)Cumulative Improvement: The

cumulative performance relative to the default during the tuning

process. For OLTP workloads, it is measured by the total number

of processed transactions (#txn), while for OLAP workloads, it is

evaluated based on the total accumulated query execution time.

Figure 5 presents the two metrics for each method across the

three workloads. SysInsight consistently achieves the fewest #Bad
configurations, with only one instance reported in both TPC-C and

SYSBENCH. For cumulative improvement, a positive value indi-

cates that the tuning process yields a net performance gain over

the default, while a negative value implies that the algorithm’s

exploration leads to overall performance degradation. SysInsight

again demonstrates the best results, achieving a remarkable 412.8%

improvement on TPC-C and maintaining positive gains on both

SYSBENCH (24.2%) and TPC-H (19.8%). By contrast, other methods

fail to amortize the cost of exploration on TPC-C and SYSBENCH.

In TPC-H, however, substantial gains can be realized by enlarg-

ing buffer pool size, which partly explains the relatively better

performance of the baseline methods.

6.4 Case Study
To further demonstrate the effectiveness of SysInsight, we con-
duct a case study using the TPC-C benchmark. We analyze the
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Figure 6: Different System Behaviors Shown in Flame Graphs.
The width of each function represents its runtime cost.

human effort required to formulate tuning hypothesis, illustrate

how the identified bottlenecks guide knob selection, and how the

retrieved tuning hypotheses and rules provide effective guidance.

Tuning Hypothesis Formulation. We analyze the human ef-

fort required for deriving the tuning hypothesis for innodb_buffer
_pool_size. Static analysis identifies 42 functions that are control-
dependent on this knob. A database expert spent approximately one

full day tracing the knob’s propagation and understanding its im-

pact paths. For each of these 42 functions, it was typically necessary

to examine an additional 10 surrounding or dependent functions to

fully understand their behavior. This further illustrates that even

analyzing a single knob involves considerable effort, and extending

such analysis to dozens of knobs would be highly labor-intensive.

Diagnosis-based Knob Selection. As shown in Figure 6, under

the default configuration, wide I/O hotspots dominate the runtime.

SysInsight identifies functions such as buf_page_get_gen and

buf_LRU_get_free_block as bottlenecks, indicating that the I/O
path (disk page loading and LRU page allocation) is the key perfor-

mance constraint. Additionally, other critical bottleneck functions

such as srv_purge_coordinator_thread (responsible for undo

log cleanup) and sync_array_wait_event (related to lock con-

tention and spin-wait synchronization) are also identified. By query-

ing the function–knobmapping, SysInsight selects innodb_buffer
_pool_size, innodb_purge_batch_size and innodb_spin_wait
_delay that these bottleneck functions are control-dependent on.

Rule-Guided Configuration Tuning. Based on the bottleneck

diagnosis, SysInsight retrieves the corresponding hypotheses and
tuning rules for the selected knobs from the knowledge library, as

shown in Table 1. Those rules provide interpretable and context-

aware guidance by linking observed bottlenecks to promising con-

figuration adjustments, each accompanied by a confidence score

that indicates the reliability. For example, while manual guidance

suggests that setting innodb_buffer_pool_size to 70–80% of sys-

temmemory yields good performance (as also adopted by GPTuner),

SysInsight leverages validated high-confidence rules to dynam-

ically adjust this knob based on runtime function-level signals

(e.g., buf_LRU_get_free_block). As a result, SysInsight recom-

mends a buffer pool size of around 50% of available memory, which

achieves superior performance by reducing I/O overhead while

preserving sufficient memory for other critical components.
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Table 1: Examples of Tuning Hypotheses and Rules. Each column presents a representative case where SysInsight selects
tuning knobs based on bottleneck functions, retrieves tuning hypothesis and rules of high confidence score.

Function buf_LRU_get_free_block srv_purge_coordinator_thread ut_delay,
sync_array_wait_event

Associate Knob innodb_buffer_pool_size innodb_purge_batch_size innodb_spin_wait_delay

Causal Link innodb_buffer_pool_size con-

trols memory space for pages in buf
_LRU_get_free_block(). A small

pool triggers frequent evictions and

dirty page flushes.

innodb_purge_batch_size con-

trols the purge batch size in srv
_purge_coordinator_thread(). A
small value slows undo log cleanup

and lengthens MVCC chains; a large

value can cause I/O spikes.

innodb_spin_wait_delay controls

the spin duration in ut_delay().
A short delay leads to frequent

context switches (sync_array_wait
_event()); a long delay wastes CPU

in spin-lock polling.

Hypothesis If buf_LRU_get_free_block() call

is frequent, increase innodb_buffer
_pool_size.

If srv_purge_coordinator_thread()
call is frequent and undo log buildup

slows snapshot reads (row_search
_mvcc()), increase the knob.

If sync_array_wait_event() call

is frequent, increase the knob; if

ut_delay() call is frequent but lock
contention remains, decrease it.

Tuning Rule 𝑟 (buf_LRU_get_free_block) > 16%

⇒ increase innodb_buffer_pool
_size by (0.16Mem, 0.50Mem]

𝑟 (srv_purge_coordinator_thread)
> 5% ∧ 𝑟 (row_search_mvcc) >

10% ⇒ increase innodb_purge
_batch_size by (0,100]

𝑟 (sync_array_wait_event) >

3% ⇒ increase innodb_spin_wait
_delay by (0,10]

Confidence 0.87 0.85 0.74
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Figure 7: Effect of Database Size on Tuning Performance (bottom-left is better).
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6.5 Scalability Study
We study the impact of database size on tuning performance by

conducting experiments on TPC-H workloads with scale factors of

1, 10, and 50. We compare SysInsight with three representative

baselines from different categories: (i) GPTuner (manual-driven),

(ii) ResTune (data-driven with transfer learning), and (iii) SMAC

(data-driven without transfer learning). Figure 7 shows the best

runtime achieved versus the number of tuning iterations under

different scales. As the database size grows, the absolute runtime

of all methods increases, but SysInsight consistently achieves the

fastest convergence and the lowest final runtime. The performance

of data-driven methods degrades noticeably as the database grows,

and SMAC fails to find any configuration better than the default at

a scale factor of 50. This degradation occurs because larger datasets

result in a sparser promising performance landscape, making it

harder for data-driven methods to identify good configurations.

Unlike these baselines which rely solely on a single statistical

metric (e.g., total execution time for TPC-H) to explore the con-

figuration space, SysInsight leverages code-level diagnostics and

causal hypotheses to conduct targeted tuning, thereby mitigat-

ing the challenges of sparse performance landscapes as database

size grows. For example, SysInsight observes a bottleneck that

TableScanIterator::Read incurs a high cost, while buf_read
_ahead_linear is rarely invoked, indicating that the linear read-

ahead mechanism is underutilized. From the function-knob map-

ping, innodb_read_ahead_threshold is identified as the control-

ling knob, and SysInsight lowers this threshold to activate read-

ahead logic more aggressively, improving sequential scan perfor-

mance. Similarly, SysInsight detects the high cost of hash join

operations (e.g., HashJoinIterator::BuildHashTable) and dou-

bles its associated knob join_buffer_size from 256KB to 512KB,

which allows more intermediate join results to be retained in mem-

ory and accelerating hash table construction.

6.6 Analysis of SysInsight
6.6.1 Overhead Analysis. SysInsight incurs offline overhead from

tuning hypothesis formulation and rule mining. Hypotheses are
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Figure 9: Ablation Study on Tuning Hypotheses and Rules.

generated once per DBMS version, requiring 45 hours for func-

tion–knob extraction and 4 hours ($5) for LLM-based generation

using 1.5M input and 121K output tokens. All results are cached

for reuse across future tuning tasks. The online tuning overhead

consists of: (1) the time taken by the optimizer to suggest the next

configuration, and (2) the workload evaluation time. On average,

SysInsight spends about 26 seconds to produce the next configu-

ration, including 0.03 seconds for diagnosis-based knob selection,

0.3 seconds for hypothesis and rule retrieval, and 25 seconds for

the tuning agent’s recommendation.

6.6.2 Effect of Different LanguageModels. As shown in Figure 8, we
compared the performance of different LLMs, including gpt-4o, gpt-

4o-min, and gpt-3.5-turbo, which are used as the backend model for

tuning agents. As the capability of the underlying model improves,

SysInsight achieves better results, indicating that SysInsight
can effectively leverage the power of LLMs. Among them, gpt-4o-

min performs comparably to gpt-4o while incurring only about 6%

of the cost per token. Therefore, we adopt gpt-4o-min as the de-

fault backend model in SysInsight to achieve a favorable balance

between performance and cost.

6.6.3 Effect of Hypotheses and Rules. Figure 9 shows the perfor-
mance improvement against the default configuration of SysInsight
when removing hypothesis retrieval, rule retrieval, or both, mea-

sured after 5 and 20 iterations. We observe that removing both

components leads to a significant performance drop, while remov-

ing only one has a relatively smaller impact, indicating that the

two components are complementary. Moreover, SysInsight-w/o-
hypothesis performs better in early stages (5 iterations), suggesting

that rules can quickly provide good configurations. In contrast,

SysInsight-w/o-rule achieves better performance in later stages

(20 iterations), indicating that hypotheses help explore potentially

better configurations.

6.6.4 Comparison of Knob Selection Methods. We compare differ-

ent knob selection methods by replacing the knob selection com-

ponent of SysInsight. To isolate the effect of knob selection, we

remove the rule retrieval module of SysInsight, which otherwise

implicitly influences knob choices. The compared methods are: (1)

Code-based: Our methods that identifies bottleneck functions and

leverages static code analysis to find the associated knobs for tun-

ing; (2) LLM-based: the approach used by GPTuner [31], prompts

LLMs to select important knobs from the candidate set based on
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workload information; (3) ML-based: the approach used by Tune-

ful [17], which begins with tuning all knobs and removes 40% of the

less important knobs every 5 iterations using Gini importance rank-

ing derived from prior observations. Figure 10 shows the results on

the TPC-C workload. The code-based method achieves the best per-

formance due to its accurate identification bottleneck functions and

associate knobs through code analysis. In contrast, the ML-based

method performs worst, as the limited number of observations is

insufficient to yield reliable knob importance rankings.

6.6.5 Comparison of Different Knowledge Sources. We investigate

the impact of different knowledge sources on SysInsight by re-

placing its code-derived tuning hypotheses with alternative sources:

structural knowledge from GPTuner [31] (denoted by Doc1) and

tuning hints from DB-Bert [48] (denoted by Doc2). To avoid inter-

ference, the rule retrieval module of SysInsight is disabled during
this comparison. As shown in Figure 11 on TPC-C, our code-based

source achieves the best performance, providing context-aware and

fine-grained knowledge compared with the structural knowledge

or tuning hints extracted from database manuals.

7 CONCLUSION AND OUTLOOK
We presented SysInsight, a code-driven tuning system that de-

rives fine-grained, context-aware, and verifiable tuning insights

directly from DBMS source code. Unlike prior works, SysInsight
takes a concrete step toward white-box tuning by explicitly lever-

aging system internals to guide the optimization process. Extensive

experiments demonstrate its efficiency, reliability and scalability.

While SysInsight focuses on code-driven tuning, we acknowl-

edge that other sources—such as text documentation and historical

observations—can be complementary. As future work, we plan to

explore hybrid strategies that unify these sources to further enhance

tuning agents’ adaptability and effectiveness.
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