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ABSTRACT
Database Management Systems (DBMS) are crucial for e!cient
data management and access control, but their administration re-
mains challenging for Database Administrators (DBAs). Tuning, in
particular, is known to be di!cult. Modern systems have many
tuning parameters, but only a subset signi"cantly impacts perfor-
mance. Focusing on these in#uential parameters reduces the search
space and optimizes performance. Current methods rely on costly
warm-up phases and human expertise to identify important tuning
parameters. In this paper, we presentDOT, a dynamic knob selection
and online sampling DBMS tuning algorithm. DOT uses Recursive
Feature Elimination with Cross-Validation (RFECV) to prune low-
importance tuning parameters and a Likelihood Ratio Test (LRT)
strategy to balance exploration and exploitation. For parameter
search, DOT uses a Bayesian Optimization (BO) algorithm to opti-
mize con"gurations on-the-#y, eliminating the need for warm-up
phases or prior knowledge (although existing knowledge can be
incorporated). Experiments show that DOT achieves matching or
outperforming performance compared to state-of-the-art tuners
while substantially reducing tuning overhead.
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1 INTRODUCTION
In recent years, the exponential growth in data volumes [36] has
signi"cantly increased the demands on DBMS resources and in-
tensi"ed the challenges faced by DBAs. As complex, specialized
software designed to manage data e!ciently, DBMS requires sub-
stantial computational resources (e.g., CPU, RAM) and expert ad-
ministration. Among these administrative tasks, database tuning
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is critical, as con"guration adjustments directly in#uence system
performance [34]. Optimal performance hinges on precise knob tun-
ing, where miscon"gurations can lead to signi"cant performance
degradation. Therefore, ensuring that each knob is appropriately
tuned is not only essential for maintaining system e!ciency but
also for achieving reliable and scalable operations.

Modern DBMS, such as MySQL [1], expose hundreds of con-
"gurable knobs, resulting in a vast tuning space that is both di!-
cult for humans to comprehend and impractical to explore exhaus-
tively. Importantly, the in#uence of these knobs on performance
varies—some can have a signi"cant impact, while others contribute
minimally—and their importance is often contingent on the speci"c
workload and hardware con"guration. This variability makes knob
selection equally critical: identifying and focusing on the most in-
#uential knobs can dramatically reduce the search space, improve
convergence rates, and lower computational overhead for tuning
algorithms. In the work of [49], it is demonstrated that the large
number of knobs to tune, once they surpass a given threshold, will
no longer yield better performance but only to increase the com-
putational overhead. Consequently, most state-of-the-art DBMS
tuning algorithms limit the tuning scope by selecting only the 10 to
20 most in#uential knobs [7, 44, 48]. Emphasizing both knob tuning
and informed knob selection is therefore fundamental to achieving
e!cient and e$ective DBMS performance optimization.

Many previous studies have tackled knob selection and DBMS
tuning using a variety of approaches that fall into four broad cat-
egories: experience-based, screening-based, ML-based, and Large
Language Model (LLM)-based methods. Experience-based systems,
like CDBTune [48], use expert-driven knob selection to shrink the
search space to applyDeepDeterministic Policy Gradients (DDPG) [23],
UDO [44] extends this with index tuning viaMonte Carlo Tree Search,
but still leaves knob choice to the user. Screening-based approaches,
such as Plackett & Burman [9] and sensitivity analysis [37], col-
lect knobs-performance samples and apply statistical methods to
rank the knob importance. ML-based approaches exempli"ed by
OtterTune [41], which applies Lasso [38] to prune knobs before
BO, and Hunter [7], which uses Random Forest with Classi!cation
And Regression Trees (CART) [6]–automatically ranking and elimi-
nating low-importance knobs. Recent LLM-based methods, such as
DB-BERT [40] and GPTuner [22], leverage models, like BERT [10]
and ChatGPT [26], to parse documentation for knob importance,
then hand o$ tuning to algorithms—like DQN [16] or SMAC [32].
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Although these techniques e$ectively reduce dimensionality,
they often incur complex data collection processes and signi"-
cant computational overhead. ML-based approaches require ex-
tensive pre-collected database performance samples (con"guration-
to-performance mappings) for model training and knob ranking,
making them highly resource-intensive. For example, OLTP work-
load sample collection involves stress-testing the DBMS under
various con"gurations and computing the average Transactions
Processed per Second (TPS), whereas OLAP workloads typically re-
quire sequential execution of analytical queries, measuring their
total run-time under each con"guration. In practice, higher sample
counts yield better precision in importance estimates and increase
statistical con"dence in the rankings. Although Hunter [7] re-
ported that collecting only two samples per knob was su!cient for
knob ranking, conventional heuristics recommend gathering ten
samples per knob to ensure model validity [29]. In a DBMS tuning
study [49], more than "fteen samples per knob were used to con-
struct a reliable ranking. Consequently, accurately ordering a large
set of knobs can demand hundreds of measurements, prolonging
the sample-collection and knob selection phase. Screening methods,
like Plackett & Burman [9] and sensitivity analysis [37], are much
more lightweight—typically requiring on the order of twice the
number of knobs in experimental runs—yet their importance scores
remain fairly coarse, since they do not capture interactions or the
full performance-con"guration surface.

Although experience-based methods leverage human judgment,
they are not without their own challenges. According to [45], even
most experienced DB experts struggle with DBMS tuning, there-
fore signi"cant time and e$ort is required to accurately identify
and rank the most critical knobs. Lastly, LLM-based methods are
also associated with signi"cant costs and complexities. Document
collection and organization can be cumbersome, particularly given
variations across DBMS versions and types. Furthermore, even after
documentation compilation, interactions with language models re-
main time-consuming. GPTuner [22], for example, reported more
than "ve hours spent solely on LLM-based knob selection, accompa-
nied by "nancial overhead exceeding $50 in API consumption per
tuning. In summary, current knob selection strategies impose sub-
stantial overheads that hinder their widespread adoption. Together,
these requirements in time, compute, and specialized expertise
place current methods out of reach for users with limited resources
or domain familiarity, highlighting the need for a more e!cient
and accessible knob-selection solution.

To bypass complex con"gurations and extensive data require-
ments, we introduce a lightweight solution with minimal overhead:
DOT (Dynamic knob selection and Online sampling for automated
database Tuning). The core concept of DOT is straightforward:
during DBMS optimization, we continuously collect performance
samples and fully exploit them to rank knob importance, prune
low-impact knobs, and introduce new knobs dynamically, rather
than pre-ranking knobs before tuning. By dynamically controlling
the search-space dimension through online sampling, DOT focuses
only on the most impactful knobs. Speci"cally, it applies RFECV
to prune low-importance knobs based on samples collected during
tuning, while an LRT strategy determines whether to explore by
adding knobs or to exploit by re"ning the current set. To further
reduce benchmarking overhead, DOT incorporates an adaptive

benchmarking mechanism that accelerates tuning and lowers re-
source consumption. For e!cient parameter search, DOT employs
BO to optimize DBMS con"gurations on-the-#y, eliminating costly
warm-up phases and prior knob-importance knowledge. Addition-
ally, when prior knob-importance information is available, DOT
can seamlessly integrate it to achieve even faster tuning.

Contributions In this paper, we share the following contribu-
tions: (1) We introduce an experimentation protocol that improves
the reproducibility of DBMS tuning algorithms in noisy, stochastic
tuning settings; (2)We conduct an exhaustive empirical study of
knob selection in DBMS tuning, revealing the inherent complexity
of knob selection and its dependence on workload speci"cities that
motivates DOT; (3) Unlike recent DBMS tuners that rely on ex-
tensive pretraining [7, 41, 48] or heavy LLM-based documentation
analysis [22, 40], we present DOT, a lightweight tuning framework
that requires no dedicated warm-up yet can seamlessly incorpo-
rate prior knob-importance information when available; and (4)
Experimental results demonstrate that DOT matches or outper-
forms state-of-the-art tuners while substantially reducing tuning
overhead, with or without prior knob-importance knowledge.

The paper is organized as follows: Section 2 analyzes repro-
ducibility challenges and details our robust evaluation protocol.
Then, Section 3 presents the exhaustive knob-selection experiments
that motivate DOT. Finally, Section 4 describes the design and oper-
ation of DOT and Section 5 evaluates its performance and e!ciency
against baselines and leading algorithms.

2 REPRODUCIBILITY & EVALUATION
CHALLENGES IN DBMS AUTO-TUNING

In this section, we highlight reproducibility challenges in DBMS
tuning, demonstrate the high variance in both algorithms and per-
formancemeasurements, and introduce a robust evaluation protocol
for our following experiments.

State-of-the-art DBMS auto-tuning methods promise signi"cant
performance improvements, yet their reproducibility remains chal-
lenging due to inherent complexities and environmental variability.
Recent state-of-the-art approaches rely heavily on extensive pre-
training and substantial preliminary datasets, which drastically
reduce tuning times but introduce reproducibility barriers:
• Heavy data requirements: Pre-training typically requires large,

high-quality datasets that are rarely shared publicly and costly
to collect [41, 48].

• System Diversity: Variations in hardware, system con"gura-
tions, and data collection methods frequently impede accurate
reproduction of published results.

• Complex setup: Con"guring and warm-starting advanced tun-
ing algorithms, such as Deep Reinforcement Learning (DRL) like
DDPG, demand specialized expertise and hyper-parameter tun-
ing of the algorithm itself [11].
Speci"c systems exhibit di$erent degrees of these challenges. For

instance, CDBTune requires substantial DBA expertise alongside
thousands of high-quality samples; Huntermandates dedicated in-
frastructure to generate extensive initial datasets;OtterTune relies
on large-scale metric aggregation pipelines; UDO demands manual
selection of knobs by users; and recent LLM-based methods (e.g.,
DB-BERT, GPTuner) hinge on extensive documentation parsing,
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dependent on the capabilities of the underlying LLM. Consequently,
setup complexity and data collection overhead in#ate overall tuning
duration, impair reproducibility, and limit applicability.

In contrast, DOT adopts a lightweight strategy, dispensing en-
tirely with pre-training, thus minimizing preliminary data collec-
tion and expert intervention. This signi"cantly enhances repro-
ducibility and broadens potential industrial adoption.

Beyond reproducibility barriers inherent to current tuning strate-
gies, another critical challenge is the variability inherent to noisy
DBMS tuning environments. Performance measurements of DBMS
benchmarks display substantial noise due to factors such as tran-
sient network congestion [5, 8], OS/VM background activities [19],
intrinsic benchmark randomness [3, 20], and hardware side-e$ects
like CPU throttling [2, 27]. We evaluated performance variabil-
ity across three representative workloads (two OLTP workloads:
TPC-C and Sysben+h, and one OLAP workload: TPC-H). Table 1
quanti"es run-to-run variation for 10 runs on the same MySQL
database under default con"guration.

Table 1: Variability of performance measurements

Benchmark Type Mean SD CV (%)

TPC-H OLAP 80.13 sec. 0.42 0.52
TPC-C OLTP 79.33 TPS 4.95 6.24
Sysben+h OLTP 608.63 TPS 26.53 4.36

For OLAP workloads, we use the total execution time as a mea-
surement of their performance, while for OLTP workloads, we use
the TPS as a performance metric. It is observed that even under an
identical con"guration, the coe!cient of variation (CV= SD→100

Mean )
reaches 6.2% for TPC-C and 4.4% for Sysben+h. TPC-H presents
a relatively lower variance of 0.52%. Additionally, ML-based tun-
ing algorithms, such as Bayesian Optimization (BO), exhibit inher-
ent stochasticity [14], leading to considerable variability in tuning
speed and convergence behavior. To systematically assess conver-
gence, we de"ne a near-optimality criterion based on the workload
type.

For OLTP workloads, we declare convergence once through-
put stabilizes within noise. Formally, let !∗OLTP be the "rst iter-
ation (after 100 steps) where the best throughput over the past
100 steps improves by less than 5%. The optimal throughput is
"∗ = max!<!∗OLTP max_tps(!), and convergence occurs at 𝑁OLTP =
min{! | max_tps(!) ≥ 0.95 "∗}, i.e., when throughput reaches 95%
of "∗ (matching the ∼5% noise level).

For OLAP workloads, we apply the same idea to query-batch
execution time. Here !∗OLAP is the "rst iteration (after 100 steps)
where the best time improves by less than 1%, re#ecting the lower
noise of OLAP benchmarks. The optimal execution time is $∗ =
min!<!∗OLAP total_exec_time(!), and convergence is reached at𝑁OLAP =
min{! | total_exec_time(!) ≤ 1.01$∗}.

Table 2 highlights the inherent stochasticity of ML-based op-
timizers, illustrating signi"cant variability in iterations and time
to reach convergence. The number of iterations required to reach
near-optimality varies sharply: TPC-C shows the widest absolute
spread (standard deviation of about 122 iterations), whereas TPC-H
is the noisiest in relative terms (coe!cient of variation of about
73%), con"rming that convergence speed can di$er markedly from

run to run. The time needed to achieve near optimality exhibits
similar volatility. BO needs 3.4 h for Sysben+h, 6.9 h for TPC-C, and
1.2 h for TPC-H, on average, but the corresponding standard devia-
tions (1.2 h, 4.4 h, and 0.9 h) translate into coe!cients of variation
of 35%, 64%, and 73%, respectively.

Table 2: Convergence variability of the BO tuner: iterations &
time to reach near-optimal performance across benchmarks

Benchmark Iterations Time (hours)
Mean SD CV (%) Mean SD CV (%)

TPC-H 57.0 41.3 72.5 1.21 0.9 72.9
TPC-C 215.6 122.2 56.7 6.9 4.4 64.3
Sysben+h 118.4 40.3 34.1 3.4 1.2 34.6

Given the substantial noise introduced by both the execution
environment and the tuning algorithms, we adopt a more rigorous
evaluation protocol to mitigate bias:
(1) Replication:We execute each tuning process !ve times with

distinct random seeds, performing a full DBMS reboot between
runs to minimize warm-up and caching artifacts.

(2) Aggregate reporting: results are summarized by the sample
mean and standard deviation across all trials, with 95% con"-
dence intervals shown in our "gures to convey uncertainty.

(3) Statistical testing: We assess the signi"cance of performance
di$erences using Welch’s two-tailed !-test [46] for pairwise
comparisons and the non-parametric Friedman test [13] for
multiple comparisons. Both tests rely on their corresponding
𝑃-values to quantify the likelihood of observing the reported
di$erences under the null hypothesis. We adopt a signi"cance
threshold of 𝑃 < 0.05.

While this protocol reduces bias, it cannot eliminate it entirely. In
principle, a larger number of repetitions would yield more de"nitive
comparisons, but each full tuning run requires two machines for
over 10 hours, making extensive replication prohibitively expensive;
hence, we settle on "ve repetitions in this study.

3 EXPERIMENTAL STUDY OF KNOB
SELECTION & CHALLENGES

In this section, we analyse di$erent knob selection strategies and
present experimental evidence that underscores the inherent chal-
lenges of knob selection in DBMS tuning. These di!culties motivate
the need for a dynamic, e!cient, and cost-aware approach—precisely
what our proposed method, DOT, is designed to deliver.

Two OLTP workloads (Sysbench with 10 tables of 2 million
rows and 50 concurrent threads, implementation from [20]; TPC-C
at scale 100 with 32 threads, implementation from [30]) and one
OLAP workload (TPC-H at scale 1, implementation from [12]) are
used for the following evaluations. Experiments were conducted
onMySQL 8 running on a VM (4 vCPU, 16GB RAM) in Orange’s
FlexEngine [33] cloud platform.

3.1 Analysis of Knob Selection Strategies
First, we evaluate the performance of di$erent knob-selection strate-
gies by comparing six methods on a "xed set of 22 expert-identi"ed
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Table 3: Performance tuned with TOP-5 knobs selected by
di!erent methods

Workload Sensitivity P & B Lasso CART Experience LLM
Sysbench (TPS) 1411.1 939.1 1469.04 1588.7 1294.36 1411.1
TPC-H (Exec. s) 46.22 74.35 46.02 45.76 45.72 46.35

knobs using two representative benchmarks: Sysbench (OLTP) and
TPC-H (OLAP).

Each method—P&B [9], Lasso [41], CART [7], Sensitivity Analy-
sis [37], an experience-based approach, and LLM knowledge based
onGPTuner’s prompt[22] to ask ChatGPT 4o to produce a ranking
of the 22 knobs. We collected 48 con"guration–performance sam-
ples for P&B, 220 samples each for CART and Lasso, and 44 samples
for Sensitivity Analysis, each following their respective ranking pro-
tocols. In contrast, ChatGPT 4o required no sampling, signi"cantly
reducing the overhead of knob ranking and the experience-based
approach requires input of a senior DBA.

Subsequently, we conducted an exhaustive grid search over the
top "ve knobs identi"ed by each method, evaluating integer knobs
at "ve discrete values and boolean knobs at two states, generat-
ing up to 55 = 3, 125 con"gurations per knob set (approximately
78 hours of benchmarking each). Due to the computational bur-
den, we sampled the performance–con"guration space only once
(despite benchmarking noise) and temporarily suspended the "ve-
repetition protocol, accepting the resulting increase in variance as
an unavoidable trade-o$ to make this small-scale comparison.

Grid search ensures unbiased evaluation by eliminating tuning
algorithm variability, allowing a pure assessment of knob selection
methods. Although real-world con"gurations often include many
more knobs, exhaustively searching them would incur exponential
computational costs; therefore, we limit our study to "ve. Table 3
compares the performance under di$erent knob sets:

(1) CART achieves the highest Sysben+h throughput (1,588.7 TPS)
and among the lowest TPC-H execution times (45.76 s), indi-
cating superior overall knob-selection e$ectiveness. However,
CART requires the most extensive data collection (220 samples).

(2) Lasso and LLM knowledge match CART at speci"c points
in Sysben+h tuning but underperform for OLAP. Lasso has
a high sampling cost as CART, whereas ChatGPT achieves
comparable rankings with low overhead (a single prompt).

(3) Experience-based and Sensitivity Analysis methods yield
moderate improvements over default settings but do not reach
CART’s best performance.

(4) P& B demonstrates modest gains with the least sampling re-
quirements, re#ecting a lower resource–performance trade-o$.

These preliminary "ndings—derived from single exhaustive grid
searches per con"guration—demonstrate CART’s strong knob se-
lection performance alongside its substantial sampling overhead,
clearly illustrating the trade-o$ between sampling cost and per-
formance gains and underscoring that sub-optimal knob choices
directly impair tuning results. As initial guidance, they highlight
the challenge of balancing sampling e$ort against tuning e!cacy.
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Figure 1: Variability of CART knob selection across varying
sample sizes & sampling strategies

3.2 Cost of Robust Knob Rankings
To further investigate the cost of robust knob ranking, we adopt
a more practical setting to knob selection and DBMS tuning by
moving beyond the narrow 22-knob subset. Recognizing that many
MySQL variables govern security, "le paths, or other non-performance
concerns—and constrained by our compute budget—we "ltered the
full set of tunable parameters down to the 52 most performance-
relevant knobs (primarily InnoDB settings such as "innodb_purge
_threads", "innodb_read_io_threads", "innodb_bu$er_pool_size").
More details of the experimental setup and the complete knob lists
and con"guration scripts are available in the Availability statement.

This targeted reduction both removes irrelevant options and
keeps the global optimization search space realistic.

We delve deeper into the computational expense and variability
of the CART method from Hunter, which constructs a Random
Forest and aggregates knob importance via majority voting among
CART trees [7]. Given that ML algorithms such as CART are in-
herently stochastic, their knob rankings may vary with di$erent
random seeds, making reproducibility an important concern.

To quantify this variability, we use CART to rank the pre-selected
52 knobs, choosing the Top 20 as in Hunter [7]. We train CART
models with varying sample sizes and random seeds, then compute
the Jaccard index between each pair of Top 20 sets to measure
how consistently the same knobs are selected. The Jaccard index is
de"ned as 𝐽 (𝐴,𝐵) = |𝐴 ∩ 𝐵 |

|𝐴 ∪ 𝐵 | , where 𝐽 (𝐴,𝐵) ∈ [0, 1], with higher
values indicating greater similarity between two sets.

Di$erent sampling strategies may also in#uence the results.
We compare Latin Hypercube Sampling (LHS)—used by Otter-
Tune [41] and Hunter [7]—against pure random sampling (as in
CDBTune [48]). Figure 1 plots Jaccard indices for the Sysben+h
workload onMySQLwhen using 100, 200, 300, and 520 samples (520
aligns with ten samples per feature [29]). Under random sampling,
Jaccard indices remain low: di$erent seeds yield very di$erent
Top 20 sets, indicating high stochasticity. In contrast, LHS produces
higher Jaccard indices and more consistent knob selections. In both
cases, increasing the number of samples improves stability. How-
ever, collecting samples is costly: each sample requires one client
machine running Sysben+h against a DBMS server for about 100
seconds, so 520 samples take roughly 14.4 hours on two machines.

Additionally, we employ BO (implemented using Scikit Opti-
mize [17]) to tune the DBMS with the Top 20 knobs identi"ed
through CART rankings derived from di$erent numbers of samples
generated by LHS. Although BO inherently introduces variability,
grid search becomes infeasible due to the relatively high dimension-
ality (20 knobs), making BO a more practical choice. Following the
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protocol detailed in Section 2, we record the "nal throughput and
total tuning time to evaluate how e$ectively each ranking identi"es
the most impactful knobs.

Intuitively, providing withmore samples enhances knob-ranking
quality by supplying richer information. Table 4 presents the tuned
DBMS performance, Friedman test rankings, and sampling times
using knob sets selected via CART at varying sample sizes via BO.
Generally, as the sample size increases, tuned DBMS performance
does improve. However, performance gains beyond 200 samples be-
come marginal and statistically insigni"cant according to the t-test.
Speci"cally, increasing from 100 to 200 samples notably enhances
performance (from 1,602.3 TPS to 1,690.8 TPS), but further incre-
ments (e.g., from 200 to 300 or 520 samples) o$er limited bene"ts.

Regarding tuning time, results indicate no clear correlation with
sample size, as tuning duration #uctuates without a distinct pattern.
Importantly, sampling time signi"cantly surpasses tuning time in
all cases, dominating the total e$ort. Sampling 100 con"gurations
already requires approximately 167 minutes, rising sharply to about
333 minutes (over 5 hours) for 200 samples, and further ballooning
to approximately 867 minutes (over 14 hours) for 520 samples.

These "ndings underscore a crucial trade-o$: increasing sample
sizes provides diminishing returns in performance improvement
but incurs growing sampling costs. Our experiments suggest that
selecting around 200 samples achieves an optimal balance between
improved performance and manageable sampling e$ort, although
this optimal point could vary with di$erent workloads and sce-
narios. Thus, careful consideration of this trade-o$ is essential, as
proper and robust knob selection methods are inherently costly.

Table 4: Sysbench tuning with CART on knob sets from vary-
ing sample sizes (statistically signi"cant at 𝑃 < 5E-2)

Samples Rank (Max TPS) Rank (tuning time [min]) Sampling
Test stat: 7.32 Test stat: 1.32 time (min)

p-value: 6.2$ − 2 p-value: 7.2$ − 1
520 1.8 (1,708.0 ± 29.1) 2.8 (216.2 ± 32.6) 866,7
300 2.0 (1,684.3 ± 48.9) 2.0 (160.8 ± 79.5) 500,0
200 2.4 (1,690.8 ± 65.2) 2.8 (214.9 ± 116.9) 333.3
100 3.8 (1,602.3 ± 59.5) 2.4 (181.3 ± 36.1) 166.7

3.3 Workload-Sensitive Variations of Top Knobs
Additionally, knob importance can vary dramatically betweenwork-
loads. To demonstrate this, we drew 520 samples each via LHS and
used CART to pick the Top 20 knobs (out of 52) for Sysben+h,
TPC-C, TPC-H workload. We then computed the Jaccard similar-
ity between each pair of Top 20 sets and a general Top 20 knobs
selected by expertise without workload speci"city (so-called EXP)
and presented in Table 5. Overall, these results reveal relatively low
overlap among workloads and expert rankings. Contrary to our
expectation that the two OLTP workloads (TPC-C and Sysben+h)
would overlap most, TPC-C actually shares more knobs with OLAP
workload (TPC-H).

These "ndings show that a precise knob selection must be re-
peated for each workload—and if that step is too costly, it can
bottleneck any DBMS auto-tuning approach. Yet we also uncovered
a surprising degree of transferability. Table 6 compares Sysben+h

Table 5: Jaccard index between knob sets.

Sysben+h TPC-C TPC-H EXP
Sysben+h — 0.317 ± 0.035 0.325 ± 0.033 0.258 ± 0.016
TPC-C 0.317 ± 0.035 — 0.472 ± 0.041 0.243 ± 0.029
TPC-H 0.325 ± 0.033 0.472 ± 0.041 — 0.409 ± 0.024
EXP 0.258 ± 0.016 0.243 ± 0.029 0.409 ± 0.024 —

Table 6: Sysbench tuning with knob sets for di!erent work-
loads ranked with CART (statistically signi"cant at 𝑃 < 5E-2)

Rank (Max TPS) Rank (tuning time [min])
Test stat: 12.7, p-value: 2.7E-2 Test stat: 17.8, p-value: 3E-3

Sysben+h 2.4 (1,708.0 ± 29.1) 2.4 (216.2 ± 32.6)
TPC-C 4.0 (1,653.2 ± 27.2) 3.0 (218.4 ± 65.3)
TPC-H 4.0 (1,638.8 ± 35.2) 2.8 (188.3 ± 57.9)
EXP 1.4 (1,725.2 ± 31.1) 2.6 (217.8 ± 42.7)
Shared 3.2 (1,677.1 ± 35.2) 5.8 (447.3 ± 26.2)
Random 6.0 (1,063.1 ± 82.9) 4.4 (308.8 ± 169.8)

throughput when tuned with 6 di$erent knob sets. Speci"cally, we
apply the top 20 knobs identi"ed for each workload to optimize the
Sysben+h benchmark using BO:
• Sysbench/TPC-C/TPC-H: Top 20 knobs ranked by CART for

the corresponding workload (520 LHS samples).
• Exp: Top 20 knobs ranked by experts.
• Shared: the 7 knobs appearing in all three Top 20 lists.
• Random: 20 knobs chosen at random from the full set.

To our surprise, the expert-ranked knob set (EXP) achieves the
highest throughput (1,725 ± 31 TPS), while the Sysben+h-speci"c
knobs converge slightly faster (216.2 ± 32.6 min vs. 217.8 ± 42.7
min). However, their performance and tuning time are statistically
equivalent according to the t-test—indicating that both represent
strong, practical choices. Tuning the Sysben+h knobs delivers ex-
cellent performance (1,708 ± 29 TPS), reinforcing the e$ectiveness
of workload-speci"c ranking, while the EXP result highlights the
potential of domain knowledge to generalize well.

Other workload-derived knob sets remain competitive: using the
TPC-C and TPC-H rankings yields 1,653 ± 27 TPS and 1,639 ± 35
TPS, close to the expert-ranked result. Even the shared impor-
tant knob set (7 knobs common to all workloads) remains close to
the expert-level throughput (1,677 ± 35 TPS). In contrast, random
knob selection performs poorly, losing nearly 40% of the attainable
throughput (1,063 ± 83 TPS). For tuning time, the TPC-H knob set
even outperforms others, reaching convergence in just 188.3 ± 57.9
minutes. However, restricting the search to shared knobs doubles
the convergence time (447.3 ± 26.2 min), indicating that omitting
workload-speci"c knobs can hinder optimizer guidance. Random
selection also increases tuning duration (308.8± 169.8min), despite
the performance degradation.

While the knob sets derived from di$erent workloads exhibit
relatively low overlap, some of them achieve similar performance
when transferred. This suggests that, despite divergent rankings,
multiple knob subsets may still expose su!ciently informative
dimensions of the con"guration space for e$ective tuning. To sum-
marize: 1) Cross-workload reuse is viable: top knobs from a
workload can be reused in another with modest loss in throughput.
2) Common knobs matter, but are not su#cient: restricting to
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universally important knobs retains much of the performance but
incurs convergence delays. 3) Expert knowledge or workload-
aware rankings remain best: they yield the highest throughput
and e!cient tuning.

In practice, prior knowledge or expert insight can provide a use-
ful warm start, skipping a full ranking phase. However, blindly
reusing outdated or irrelevant knob sets risks missing critical pa-
rameters, leading to poor performance or longer tuning times.

3.4 Optimal Number of Tuned Knobs
Additionally, choosing how many knobs to tune is nontrivial: too
few knobs may yield poor performance, while toomany in#ate over-
head and extend search time. Table 7 reports DBMS performance
when tuning di$erent numbers of top knobs (expertise-based) us-
ing BO. On Sysben+h, tuning only the Top 5 knobs yields lower
performance than 10–30 knobs (or all 52) and does notminimize con-
vergence time. The Top 20 set o$ers the best trade-o$: near-optimal
performance (comparable to 30 knobs) with the lowest tuning time.
Although tuning times are statistically similar (𝑃 > 0.05), using all
52 knobs still incurs substantially longer convergence.

For TPC-C, tuning only "ve knobs performs signi"cantly worse
than larger sets. The Top 20 knobs give the best average perfor-
mance, while the Top 10 o$er the best speed–quality trade-o$. As
with Sysben+h, tuning all knobs greatly prolongs convergence.

For TPC-H, performance is largely insensitive to knob count
(𝑃 > 0.05). Tuning all knobs yields the best absolute result, but with
heavy overhead, making the Top 5 knobs preferable for comparable
performance at minimal cost.

These results underscore the challenge of tuning the right num-
ber of knobs to balance computational overhead against "nal per-
formance, and highlight the di$erent behavior for di$erent work-
loads. Moreover, the optimal knob count (whether to minimize
tuning time, maximize performance, or achieve both) varies across
workloads. As a result, identifying a reasonable subset of knobs
to balance performance gains against tuning cost often requires
repeated experiments, making it di!cult to apply in practice.

3.5 Summary of Knob Selection Challenges
To summarize, to achieve good DBMS performance tuning, knob
selection is critical. However, in practice, it raises several chal-
lenges: 1) Identifying the most in$uential knobs—poor choices
lead to sub-optimal performance and longer tuning cycles, and the
cost of important knob identi"cation is high; 2)Workload depen-
dency—the set of top-ranked knobs varies by workload, indicating
that knob importance depends not only on the DBMS itself but also
on the speci"c workload characteristics; 3)Transferability versus
speci"city—although top-ranked knobs often transfer reasonably
well across workloads, using workload-speci"c rankings yields bet-
ter results; 4) Sampling overhead—robust knob selection requires
extensive sampling to accurately rank parameters, which can be
both time-consuming and resource-intensive; and 5)Choosing
how many knobs to tune—balancing computational overhead,
convergence time, and "nal performance is nontrivial—tuning too
few knobs can hurt performance, while tuning too many increases
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RFECV for less important knobs removal

DBMS

Knob Candidates

Collect Samples generated during BO tuning

Workload

Adaptive 
Benchmarking 

Apply
Configuration

Performance
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Get first few knob candidates for initial tuning

LRT determines whether to add new candidate knobs

Update LRT with tuning results after the initial run

Figure 2: DOT overview

search time without proportional gains. These observations high-
light the need and the motivation for a more #exible and dynamic
knob selection strategy.

4 SYSTEM OVERVIEW
4.1 DOT
To address the above-mentioned practical challenges of knob selec-
tion in DBMS tuning, we present DOT—a dynamic and adaptive
framework that continuously adjusts the active knob set during
the tuning process for the given workload, focusing on the most
impactful knobs as new evidence is collected (Figure 2). Unlike
traditional methods that perform an up-front knob selection phase,
DOT continuously updates the set of knobs being tuned on the "y. It
uses RFECV to assess knob importance from performance samples
gathered during the tuning process itself, eliminating the need for
costly analysis. BO is applied to explore high-potential con"gura-
tions e!ciently. When available, DOT can use prior knowledge for
more e!cient tuning.

Algorithm 1 describes the procedure. Here, &0 is the initial num-
ber of knobs to be tuned; it is set to 20 in our main experiments,
following common practice in prior work ([7]) and to ensure fair
comparison with baselines. Although &0 is hard-coded during ini-
tialization, DOT is relatively insensitive to its speci"c value (see
Section 5.7). If a ranked knob list is available, DOT tunes knobs
in order of importance, beginning with the top &0 knobs. In the
absence of such prior knowledge, DOT instead initializes by ran-
domly selecting &0 knobs. By “sorted list” we mean knobs ordered
by an estimated importance (e.g., from expert knowledge, documen-
tation, or ranking heuristics), which allows DOT and other tuning
algorithms to prioritize impactful knobs early and avoid wasted
trials. We distinguish between two practical contexts: (i) when prior
knowledge is available (e.g., a knowledgeable user or previously
studied workload), DOT and baselines start from this ranked list; (ii)
when no such knowledge is available (e.g., less experienced users
or unseen workloads), DOT proceeds without ordering and relies
entirely on its internal mechanism to discover impactful knobs.

BO with surrogate model Gaussian Process tunes over an epoch
with a length of 5 times the number of newly introduced knobs.
During each iteration, we generate one con"guration–performance
sample (',(), yielding "ve samples per knob to ensure stability and
reliable knob selection for RFECV (Section 4.3). After the epoch
completes, RFECV is applied to the collected samples to identify the
most impactful knobs. Next, a likelihood-ratio test (LRT; Section 4.4)
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Table 7: Performance, tuning time, and Friedman-test ranks for di!erent numbers of knobs (statistically signi"cant at p < 5e-2)

Sysbench TPC-C TPC-H

Rank (Max TPS)
Test stat: 13.3
p-value: 1E-2

Rank (tuning time [mins])
Test stat: 9.1
p-value: 5.8E-2

Rank (Max TPS)
Test stat: 12.0
p-value: 1.7E-2

Rank (tuning time [mins])
Test stat: 5.1
p-value: 2.8E-1

Rank (Exec (s))
Test stat: 6.1
p-value: 1.9E-1

Rank (tuning time [mins])
Test stat: 11.8
p-value: 1.9E-2

Top 5 knobs 4.6 (1,486.8 ± 159.0) 3.0 (311.5 ± 194.2) 5.0 (120.5 ± 22.1) 2.4 (151.7 ± 161.1) 3.6 (47.7 ± 0.3) 1.6 (46.1 ± 54.5)
Top 10 knobs 4.2 (1,674.9 ± 34.4) 2.6 (272.0 ± 122.8) 3.2 (338.5 ± 13.8) 2.0 (153.8 ± 186.7) 3.8 (47.7 ± 0.5) 2.0 (32.7 ± 14.6)
Top 20 knobs 2.0 (1,725.2 ± 31.1) 2.0 (217.8 ± 42.7) 1.8 (354.2 ± 14.8) 3.4 (411.9 ± 264.9) 3.2 (47.8 ± 1.4) 3.2 (73.0 ± 53.2)
Top 30 knobs 2.0 (1,728.4 ± 46.3) 2.6 (267.9 ± 136.3) 2.4 (347.6 ± 25.8) 3.2 (261.0 ± 287.1) 2.8 (47.8 ± 2.0) 3.6 (189.6 ± 286.5)
All 52 knobs 2.2 (1,720.0 ± 33.0) 4.8 (732.6 ± 266.7) 2.6 (346.0 ± 7.5) 4.0 (560.4 ± 327.7) 1.6 (46.5 ± 0.6) 4.6 (334.1 ± 175.5)

decides whether to continue "ne-tuning the reduced knob set or
to expand the search space by appending additional knobs. The
LRT’s reward signal is the per-call performance gain: if exploiting
the current set is statistically justi"ed, DOT proceeds with BO on
those knobs; otherwise, it explores by adding more knobs.

Algorithm 1 DOT: Dynamic Knob Tuning
Require: Sorted knob listK ; tuning budget𝑇max; initial size&0=20;

step size Δ&=5
1: procedure DOT(K,𝑇max,Δ&)
2: Kcurr ← top-&0 (K)
3: D ← ∅ ⊲ full-space observations (',()
4: * ← −∞ ⊲ best performance so far
5: $ ← 5 · &0 ⊲ initial epoch length
6: elapsed← 0
7: while elapsed < 𝑇max do
8: Step 1: BO Exploration ⊲ Explore current subspace

with BO, record best value and update full observations
9: (D, (∗) ← BO(Kcurr, $, D → Dproj)
10: Step 2: Knob Selection ⊲ Select most relevant knobs

via RFECV in current subspace
11: K∗ ← RFECV(Kcurr, D → Dproj)
12: Step 3: Knob Set Expansion ⊲ Decide shrink/expand

using likelihood ratio test
13: + ← LRT_Ste-(*, (∗, $); * ← max(*,(∗)

14: Kcurr, $ ←
{
(K∗, 10), + = 0
(K∗ ∪ next Δ& knobs, 5 · Δ&), + = 1
⊲ + = 0: Shrink/Stay, + = 1: Expand

15: elapsed← elapsed + $
16: end while
17: return best con"guration found in D
18: end procedure

Additionally, to reduce heavy benchmarking time, we introduce
an adaptive benchmark budget to reduce tuning time. This pro-
cess repeats until the overall evaluation budget 𝑇max is exhausted.
Throughout, DOT reuses prior samples (',() ∈ D that are pro-
jected to the current knob set Dproj, as new knobs are initially set
to default values—ensuring that earlier con"gurations remain valid
for initializing BO when the knob set Kcurr is updated.

This design lets DOT dynamically adjust tuning complexity,
balance exploration versus exploitation, and e!ciently converge on

optimal con"gurations. DOT—comprising tuning, assessing knob
importance, and re"ning the search space—follows these principles:

(1) Exploration when impact is limited: If recent tuning yields
minimal improvement, the LRT policy triggers expansion by
appending Δ& new knobs from the ranked list K , increasing
the tuning space.

(2) Exploitation when knobs are e!ective: If current knobs
drive su!cient gains, RFECV prunes them to retain the in#uen-
tial knobs– reducing dimensions and improving convergence.

(3) Dynamic re-evaluation: Knob importance is continuously
revisited after each epoch, allowing DOT to drop previously
selected knobs when more impactful ones emerge.

(4) No warm-up required: DOT starts tuning immediately with-
out a separate knob-selection phase. If prior ranking is available,
it can be used to initialize K , focusing early tuning on high-
potential knobs while still supporting pruning and exploration.

By integrating BO with RFECV and LRT in a feedback-driven
cycle, DOT allocates tuning resources where they yield the greatest
gains—minimizing overhead and maximizing performance across
diverse DBMS workloads. It thus addresses the following chal-
lenges: 1) Identifying impactful knobs — Done iteratively via
RFECV using samples collected during tuning with minimal over-
head. 2)Workload dependency — Adaptively adjusts based on
workload speci"c feedback. 3)Transferability vs. speci"city —
Can use prior rankings but corrects them if needed via RFECV.
4) Sampling overhead — No up-front selection phase; tuning and
selection are merged. 5)Choosing howmany knobs—Controlled
dynamically via LRT decisions and RFECV pruning.

4.2 Bayesian Optimization via Gaussian Process
BO with GP[35] surrogate is our tuning algorithm of choice for
expensive, noisy objectives [24, 31, 37, 41, 47]. In DOT, BO is initial-
ized with the current knob set Kcurr, the number of optimization
iterations $, and the set of prior samples D projected ontoKcurr as
Dproj (or to sample 10 random con"gurations if D is empty). BO
"rst "ts the GP model to Dproj, then for each of the $ iterations
selects the next con"guration via an acquisition function, evaluates
it on the DBMS using adaptive benchmarking (Section 4.5), and aug-
mentsDproj with the resulting performance measurements. After $
rounds, BO returns the enriched set of con"guration–performance
pairs, often "nding better con"gurations with far fewer evaluations
than grid or random search, thereby reducing computational cost
and enabling e$ective tuning under resource constraints.
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4.3 Recursive Feature Elimination with
Cross-Validation

RFECV is a widely adopted algorithm for feature selection in ML
projects [25]. DOT uses it to prune tuning knobs prior to optimiza-
tion. RFECV is initialized with the current knob set Kcurr and the
projected sample set Dproj. An estimator—e.g., a random forest
with CART as in [7]—is trained on all candidate knobs; the least
important knob(s) are removed and the model re-evaluated via
cross-validation. Unlike plain CART, which only ranks knobs and
requires an arbitrary cuto$, RFECV leverages cross-validation to
automatically identify the optimal subset by iteratively eliminating
features until the highest average CV score is achieved. To prevent
over-pruning and ensure su!cient search diversity, we enforce a
minimum of 10 knobs in the pruned subset (avoid over-pruning to
preserve BO diversity). By discarding knobs that minimally impact
DBMS performance, RFECV reduces dimensionality and accelerates
subsequent tuning. We adopt Scikit-Learn’s RFECV implementation
in DOT to focus the search on the most impactful knobs, thereby
enabling faster optimizer convergence.

4.4 Likelihood-Ratio Test for Set Expansion
In DOT, LRT[43] is used to deterministically compare empirical
success rates to select between two actions: (0) stay with current
knobs or (1) expand the knob set. Each action , ∈ {0, 1} tracks suc-
cess and failure counts (-" , 𝑌" ), from which it computes a smoothed
empirical success rate 𝑃" = -"/(-" + 𝑌" ). The decision is based on:

Λ← ln
(
𝑃1/𝑃0

)
, action = 1[Λ > 0] .

This lightweight, adaptive rule requires only four scalars and no
exploration schedule.
Reward function. Given best performance *!−1, new value /! ,
and step count 𝑎! , de"ne the per-call improvement as 𝑏! = (/! −
*!−1)/(*!−1 · 𝑎! ). A binary reward is given by:

𝑐! = 1[𝑏! > 3], e.g., 3 = 0.001.
We empirically set the threshold to 0.001 because, over 100 itera-
tions, it corresponds to roughly a 10% performance improvement,
which is signi"cant even with benchmarking noise. The chosen ac-
tion’s success/failure counts are updated accordingly. LRT selects to
expand or to stay with the current knob set based on the feedback.

The rationale behind the LRT is to drive exploration when the
initial knob set yields poor performance improvement and to favor
exploitation when the increase of performance is strong, avoiding
unnecessary expansion of the search space, which would incur
additional computational overhead.

4.5 Adaptive Benchmarking
Benchmarking can dominate tuning time —e.g., 69.5% for OLTP
Sysben+hwith 20 knobs under BO, and 57% for OLAP TPC-H scale-
1 with 20 knobs under BO. To address this,DOT employs an adaptive
benchmarking that early-terminates runs unlikely to surpass the
best con"guration, using partial results as proxies. Below,we outline
this approach for OLTP and OLAP workloads.

OLTP Benchmarks. For workloads like Sysben+h and TPC-C,
performance is measured as steady-state throughput (TPS) after a
warm-up phase. In our experiments, the canonical benchmark runs

Algorithm 2 LRT for Knob Set Expansion
Require: Best past performance* ∈ R; Best observed performance

in the steps (∗ ∈ R; Number of iterations $ ∈ N
1: State: Success/Failure counts -0, 𝑌0, -1, 𝑌1, all initialized to 1;

Flag init ← True
2: Parameter: reward threshold 3 ← 0.001
3: procedure LRT_Ste-(*, (∗, $)
4: if init then
5: Draw +! ∼ Bernoulli(0.5)
6: init ← False
7: return +!
8: end if
9: 𝑃0 ←

-0
-0 + 𝑌0

, 𝑃1 ←
-1

-1 + 𝑌1
10: Λ← ln

(
𝑃1/𝑃0

)
11: +! ← 1[Λ > 0]
12: 𝑏! ←

(∗ − *
* $

, 𝑐! ← 1[𝑏! > 3]
13: -#! ← -#! + 𝑐! , 𝑌#! ← 𝑌#! + (1 − 𝑐! )
14: return +!
15: end procedure
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Figure 3: MAPE of Partial vs. Full Benchmark Results

for𝑇max = 90 s, using only the "nal 30 s to compute the ground-truth
TPS. To mitigate this, we run an early-cut window of 𝑇cut = 40 s. If
the average TPS at 𝑇cut already exceeds the current best, we let the
benchmark continue to 𝑇max for a precise measurement; otherwise,
we abort and use the partial result as a (noisier) proxy . Figure 3
shows the Mean Absolute Percentage Error (MAPE) between partial
and full benchmark execution with more than 2, 000 runs under
various con"gurations. We observe that, at 𝑇cut = 40 s, the 95th-
percentile MAPE is only 13.7 % for TPC-C and 14.2 % for Sysben+h,
with little bene"t beyond this point.

OLAP Benchmarks. For workloads such as TPC-H, perfor-
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Figure 4: MAPE vs. Benchmark-Query Coverage

mance is the total execution time of a set of analytical queries,
without warm-up. We randomly sample a subset of queries (40% in
our experiments) and track their execution time with the current
con"guration. If this partial workload completes faster than the best
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total time, we run the full workload to obtain the execution time;
otherwise, we log the partial result as a proxy. Figure 4 quanti"es
the error due to sampling over 1,000 logs under di$erent con"g-
urations: sampling more queries reduces error, and 40% sampling
strikes a balance between accuracy and overhead reduction.

Note that while we empirically set our budget (𝑇cut = 40s and
40% target query coverage) using historical data, it can be estimated
from a few pilot measurements at minimal cost—Section 5.7 shows
that performance is insensitive to the exact budget chosen.

5 EXPERIMENTAL RESULTS
Besides DOT, we implemented two complementary baselines that
dynamically adjust the number of tuned knobs so as to lower the
dimensionality of the search space and enhance the tuning speed.

Incremental Knob Tuning. We follow OtterTune’s progres-
sive expansion: BO starts on the top-4 knobs for 25 iterations, then
appends the next two per epoch while reusing all observations;
the process runs until the budget ends. This keeps early search
low-dimensional but can stall if early rankings omit a key knob.

Statistical Elimination (SE). SE proceeds inversely: start with
all knobs, run 24 BO evaluations, then drop knobs that fail a per-
knob Welch !-test (𝑓=0.05); BO continues only on the survivors
(others are frozen at their best value). This upfront pruning reduces
dimensionality and speeds subsequent search.

5.1 Experimental Setup & Results
We evaluate DOT’s e$ectiveness and e!ciency on the Sysben+h,
TPC-C, and TPC-H benchmarks, using the same workloads, DBMS,
and hardware settings as in Section 3. Global space is also capped at
the top 52 expert-selected parameters to simulate a practical tuning
scenario. We compare DOT against:

• BO: Classical GP-BO as in iTuned [37] and OtterTune [41]
incorporated with di$erent knob sets: top 20 knobs ranked by
experts (EXP), top 20 knobs ranked by CART model with 10
samples per knob (CART), and all the knobs in the scope (full);

• Incremental Knob Tuning/ Statistical Elimination: Our two
dynamic-search-space variants;

• CDBTune: Author’s public implementations of CDBTune [18],
the implementation currently only supports OLTP;

• DB-Bert: Author’s implementations of DB-Bert [39], a LLM-
based tuner, the implementation currently only supports OLAP;

• LLM knowledge based: An LLM-based baseline adapted from
GPTuner [22], where we modi"ed the prompt of GPTuner’s
knob selection phase to let ChatGPT decide both which knobs
and how many to tune.

Other methods, like Hunter, DDPG++(optimized version of CDB-
Tune proposed in [42]), and UDO, are not included in our compari-
son: Hunter, DDPG++ lacks a public implementation, while UDO
focuses on index tuning outside our scope.

Section 3 showed that supplying a pre-ranked knob list greatly
improves DBMS tuning by transferring prior knowledge, yet pro-
ducing such rankings is costly, and they may be inaccurate. Conse-
quently, we run each algorithm in two scenarios: Expert ranking
available.We feed a trusted expert ranking to DOT, Incremental
Tuning, BO limited to the Top 20 expert-ranked knobs, CDBTune

restricted to those 20 knobs, and DB-BERT with its documentation-
derived priors; Erroneous or missing ranking. We provide a
randomly permuted list (equivalent to no ranking) and evaluate
DOT, Incremental Tuning, BO over the random list, BO over the full
52-knob space, BO guided by LLM-selected knobs, and BO+CART
(counting CART’s ten samples per knob as a 14.4h overhead). SE,
which does not use rankings, is applied in both scenarios.

5.2 Including Knob Importance Knowledge
Figure 5 shows best–so–far performance versus tuning time for
Sysben+h, TPC–C and TPC–H when knob importance knowl-
edge is available. On Sysben+h, DOT+EXP reaches its optimal
plateau faster than any other method and delivers throughput indis-
tinguishable from BO+EXP. Other approaches—Incremental+EXP,
CDBTune, and Statistical Elimination—settle at lower performance.
CDBTune’s variability stems from its cold start; although a warm-
up phase can improve results, it adds signi"cant overhead.

On TPC-C, DOT+EXP not only converges quickly but also out-
performs BO+EXP by a statistically signi"cant margin, thanks to its
iterative knob selection and occasional exploration of other knobs.
All other methods remain clearly behind. On TPC-H, con"dence
intervals overlap across methods, re#ecting this workload’s rela-
tive insensitivity to tuning. Nevertheless, DOT+EXP still attains
the lowest execution time, even if practical di$erences are small.
These results show that, when knob-ranking priors are available,
DOT+EXP consistently delivers the fastest convergence and either
matches or exceeds the "nal performance of state-of-the-art tuners.

5.3 Excluding Knob Importance Knowledge
Figure 6 plots best–so–far performance when no knob-importance
prior is available. DOT begins by exploring random knobs before
focusing on the most important ones. In Sysben+h and TPC-C,
DOT+RAN still converges the fastest. In Sysben+h, it matches
BO+All knobs and BO+CART and on TPC–C, it achieves a sta-
tistically superior throughput. For TPC-H, di$erences between
methods are minor, though DOT+RAN attains the best average exe-
cution time. BO+CART climbs steeply once tuning starts—re#ecting
CART’s strong knob selection—but its costly pre-sampling adds sig-
ni"cant overhead. BO-All knobs eventually plateaus alongsideDOT,
but only after a lengthy exhaustive search. BO-All knobs achieves
similar performance as DOT yet takes a longer time; note that In-
cremental+EXP follows a similar staircase pattern with a lower
ceiling as DOT. Both Incremental and DOT gradually incorporate
new knobs, but DOT reaches higher scores more quickly.

We can also observe that DOT+RAN initially exhibits high vari-
ance, which steadily decreases as tuning progresses; as DOT ex-
plores more knobs, the set eventually converges to the most impor-
tant parameters (Section 5.5).

5.4 Comparison of All Methods & Situations
Table 8 presents Friedman-test ranks for both performance (through-
put or execution time) and tuning time across Sysben+h, TPC–C
and TPC–H. In every case, DOT variants occupy the top ranks
and dramatically reduce tuning e$ort compared to BO+EXP, as it
has a generally good performance across workloads, while other
baselines lag in quality, speed, or both.
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Figure 5: Performance vs. tuning-time of di!erent algorithms on Sysbench, TPC-C, TPC-H with knob importance knowledge
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Figure 6: Performance vs. tuning-time of di!erent algorithms on Sysbench, TPC-C, TPC-Hwithout knob importance knowledge

Table 8: Performance, tuning time, and Friedman-test ranks for di!erent methods (statistically signi"cant at 𝑝 < 5E-2)

Sysbench TPC-C TPC-H

Rank (Max TPS)
Test stat: 37.4
p-value: 2.2E-05

Rank (tuning time [mins])
Test stat: 32.2
p-value: 1.9E-04

Rank (Max TPS)
Test stat: 31.4
p-value: 2.5e-04

Rank (tuning time [mins])
Test stat: 37.9
p-value: 1.7E-05

Rank (exec [s])
Test stat: 18.382
p-value: 3.1e-02

Rank (tuning time [mins])
Test stat: 38.4
p-value: 1.5E-05

DOT+EXP 2.6 (1728.3 ± 28.3) 2.0 (57.7 ± 28.2) 1.2 (377.7 ± 16.9) 2.4 (121.6 ± 72.1) 4.4 (46.6 ± 2.2) 3.4 (57.6 ± 54.3)
DOT+RAN 3.0 (1724.7 ± 50.6) 4.2 (171.1 ± 121.2) 2.0 (370.8 ± 13.6) 3.8 (187.3 ± 107.5) 2.6 (45.5 ± 1.3) 2.0 (33.9 ± 63.9)
LLM knowledge based 8.0 (1489.1 ± 57.5) 3.4 (129.3 ± 99.1) 9.2 (264.9 ± 10.1) 5.4 (288.0 ± 207.9) 6.6 (47.0 ± 0.4) 2.0 (21.1 ± 10.0)
BO+CART 3.6 (1708.0 ± 29.1) 10.0 (1080.3 ± 32.6) 5.0 (356.1 ± 9.4) 9.8 (960.4 ± 57.6) 3.6 (46.4 ± 0.5) 10.0 (1027.4 ± 106.6)
CDBTune cold+EXP 8.6 (1358.1 ± 152.9) 3.2 (218.6 ± 310.1) 8.2 (295.2 ± 51.7) 1.2 (33.5 ± 40.9) - -
DB-bert - - - - 8.6 (48.1 ± 0.4) 5.0 (114.0 ± 58.3)
Statistical Elimination 7.2 (1548.4 ± 97.3) 4.8 (231.8 ± 103.5) 6.4 (339.4 ± 18.2) 3.2 (155.7 ± 50.0) 6.0 (47.6 ± 1.6) 4.2 (79.8 ± 52.5)
BO All Knobs 3.0 (1720.0 ± 33.0) 8.8 (732.6 ± 266.7) 6.0 (348.4 ± 10.1) 7.8 (560.4 ± 327.7) 4.4 (46.5 ± 0.6) 7.8 (334.1 ± 175.5)
BO+EXP 2.8 (1725.2 ± 31.1) 5.0 (217.8 ± 42.7) 4.8 (354.2 ± 14.8) 6.2 (411.9 ± 264.9) 7.4 (47.8 ± 1.4) 4.6 (73.0 ± 53.2)
Incremental+RAN 9.6 (1157.2 ± 269.5) 7.0 (353.9 ± 86.0) 7.4 (281.6 ± 86.8) 8.0 (625.1 ± 113.6) 7.2 (57.3 ± 14.5) 8.6 (432.2 ± 74.0)
Incremental+EXP 6.6 (1620.0 ± 45.7) 6.6 (260.2 ± 82.7) 4.8 (352.5 ± 18.5) 7.2 (434.4 ± 149.0) 4.2 (46.1 ± 0.7) 7.4 (236.5 ± 40.5)

On Sysben+h,DOT+EXP achieves a performance rank of 2.6 and
a tuning-time rank of 2.0, delivering 1 728.3 ± 28.3 TPS in 57.7 ± 28.2
min versus BO+EXP’s 1 725.2 ± 31.1 TPS in 217.8 ± 42.7 min—cutting
tuning time by 73.6%. Even without priors,DOT+RAN (rank 3.0/4.2)
matches "nal throughput (1 724.7 ± 50.6 TPS) in 171.1 ± 121.2 min,
outperforming other baselines and matches BO+EXP.

On TPC-C, DOT+EXP leads with ranks 1.2 (performance) and
2.6 (time), achieving 377.7 ± 16.9 TPS in 121.6 ± 72.1 min—a 70.5%
reduction in tuning time compared to BO+EXP’s 411.9 ± 264.9 min.
DOT+RAN (2.0/3.8) converges to 370.8 ± 13.6 TPS in 187.3 ± 107.5
min, while BO+CART, CDBTune, and DB-bert remain behind.

On TPC-H, DOT+RAN ranks 2.6/2.0 by reaching 45.5 ± 1.3 s
in 33.9 ± 63.9 min, surprisingly edging DOT+EXP (4.4/3.4) at 46.6
± 2.2 s in 57.6 ± 54.3 min due to TPC-H’s low tuning sensitivity
for di$erent knobs. Both outperform BO+EXP (7.4/4.6) by shaving
21.1% (DOT+EXP) and 53.6% (DOT+RAN) o$ its tuning time.

State-of-the-art methods, like CDBTune and DB-BERT perform
poorly here because we deliberately simulate a low-knowledge
scenario. CDBTune requires an extended warm-up phase to gather
data, and DB-BERT needs more complete documentation and care-
fully tuned hyperparameters. Under our “cold start” conditions,

neither can exploit such prior information, so their performance
lags. LLM-based methods face similar limitations. Approaches
such as GPTuner-style prompt ranking rely on access to compre-
hensive DBMS manuals and often require multiple exchanges with
the LLM to re"ne the ranking. While these techniques can reduce
sampling overhead when full documentation is available, in our
cold-start setting, they cannot leverage su!cient prior knowledge,
leading to weaker performance.

Across all benchmarks, DOT+EXP and DOT+RAN not only se-
cure the best or near-best ranks but also slash tuning time by up
to 73.6% (on Sysben+h) relative to BO+EXP, underscoring their
e!ciency and robustness compared to every other method.

These results underscore two key strengths of DOT. First, even
without priors, DOT+RAN can match or exceed BO+EXP by dy-
namically discovering and exploiting the most in#uential knobs
based on the current workload. Second, when knob-importance
priors are available, DOT+EXP leverages them to converge even
faster—on Sysben+h and TPC-C with minimal overhead compared
to DOT+RAN. In both cases, DOT delivers high-quality tuning with
little extra cost, making it a practical choice whether or not prior
knowledge is at hand.
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Figure 7: DOT behavior on Sysbench workload with and
without knob importance prior

5.5 DOT Behavior Analysis
Figure 7 shows DOT’s tuning behavior on a Sysben+h workload,
comparing runs with an expert-ordered knob-importance prior
versus a randomized start (no prior).

Dynamic Tuned Knobs Count. As iterations proceed, DOT
applies RFECV to prune low-value knobs and uses LRT to decide
when to expand its search. Without a prior, more knobs are elim-
inated in early phases, since the random initial set has a lower
average importance. In both setups, DOT settles on tuning roughly
20 knobs to avoid excessive overhead.

Total Importance of Tuned Knobs.With a prior, the cumu-
lative importance of the active knobs remains nearly constant at
"rst—high-impact variables cycle in and out but stay within the tun-
ing pool—and then increases in a step-wise fashion. Without a prior,
the initial knob set exhibits higher variance in importance, and its
cumulative score rises quickly, eventually converging with the prior
case. This occurs because, freed from expert bias, the no-prior run
discovers impactful knobs discovered by CART that the expert had
down-ranked. This highlights the trade-o$ between transferability
and speci"city. Incorporating a prior on knob importance can come
at the expense of speci"city, whereas a purely random search may
more quickly home in on the most critical knobs. However, even
though the “no-prior” approach can yield higher importance scores,
it does not necessarily translate into better "nal performance, since
CART-derived importances are not guaranteed to re#ect the true
ground truth. By the end, both algorithms retain about 20 knobs
whose total importance exceeds 0.8 (out of 1).

Coverage Rate. Under both scenarios, DOT covers the majority
of the knob space. The no-prior case achieves higher coverage ini-
tially, demonstrating that the LRT favors exploration in the absence
of informative priors while concentrating exploitation when such
information is available. And once exploitation yields diminishing
returns, DOT transitions to exploration for further "ne-tuning.

In summary, DOT meets its goals—balancing exploration and
exploitation, keeping the search space compact, and minimizing
overhead—while preserving key knobs.

5.6 Periodic Workload
In addition to static workloads, we also evaluate DOT under a
periodic workload mixture, where execution alternates between
TPC-C and Sysbench following the protocol of [15]. Figure 8 il-
lustrates this dynamic scenario. The DOT Ada-tive curve shows
the behavior of the tuning procedure, which adapts dynamically
to workload changes and progressively accelerates convergence to
high-performance con"gurations after each shift. The dotted curve
represents the number of knobs modi"ed between consecutive iter-
ations. It initially shows a high volume of changes to adapt to both
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Figure 10: Tuning Performance of DOT on Sysbench for
various con"gurations without knob importance knowledge

workloads, which eventually stabilizes, indicating that DOT adapts
e$ectively while converging toward a stable, e!cient knob set.

Figure 9 shows the best con"guration found by DOT when
trained on the periodicworkload, denoted asDOTTPC-C+Sysben+h.
Its throughput is lower than that of workload-speci"c con"gura-
tions, as it must jointly optimize across multiple workloads with-
out a mechanism to distinguish them. Nevertheless, DOT TPC-
C+Sysben+h consistently outperforms both the default con"gura-
tion and mismatched static baselines, and achieves performance
that is statistically indistinguishable from DOT SYSBENCH. This
demonstrates that DOT can be e$ectively trained on workload
mixtures, delivering robust performance.

5.7 Ablation Study
In this section, we evaluate the performance of DOT on Sysben+h
by ablating its key components. Figure 10 demonstratesDOT perfor-
mance under di$erent components for Sysbench workload without
any prior knob-importance knowledge:
(1) DOT without adaptive benchmarking: Removing adaptive

benchmarking slows convergence: the best-so-far curve climbs
more gradually and only reaches its plateau later, although the
"nal throughput remains unchanged. This demonstrates DOT’s
resilience to noisy performance estimates.
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(2) DOTwith Thompson sampling / without expansion strat-
egy: Replacing our LRT-based knob set expansion strategy with
Binary Thompson Sampling [4], or eliminating expansion strat-
egy (i.e., exploring knobs purely incrementally), yields virtually
statistically equivalent results according t-test. This indicates
that DOT’s overall framework is robust to the choice of knob-
selection heuristic. Naturally, purely incremental exploration
performs well when no initial knob ranking is available, but
LRT helps prevent over-exploration when knob-importance
priors exist (Section 5.5). Thus, LRT serves as a generally appli-
cable method, though other strategies can be plugged into the
DOT framework to suit speci"c tuning scenarios.

(3) DOTwithhigher samples:Doubling BO epochs per knob—from
5 to 10—to feed RFECV more samples for pruning delivers no
performance gain but delays convergence to the "nal perfor-
mance plateau. Therefore, 5 epochs per knob o$er a practical
trade-o$ between RFECV accuracy and run-time e!ciency.
Similarly, Figure 11 shows the performance of DOT under dif-

ferent initial knob sizes (𝑘0) on a Sysbench workload without prior
knowledge. Larger 𝑘0 values (20, 30) yield stronger initial perfor-
mance, whereas smaller values (5, 10) start lower but still converge
at roughly the same rate. This suggests that DOT remains insensi-
tive to the initial number of knobs, though selecting an appropriate
value (e.g., 20) can provide an early advantage.

Additionally, we evaluated DOT on TPC-C (which had the high-
est MAPE in Section 4.5) using prior knob-importance knowledge
and varying the cuto$ budget 𝑇cut. Figure 12 shows that larger 𝑇cut
values slow convergence—since each benchmark run takes longer
(e.g., 𝑇cut = 60 converges much later than 𝑇cut = 10). However,
even a tiny budget (𝑇cut = 10) delivers "nal tuning quality nearly
indistinguishable from that of high budgets for this most noisy
benchmark. This insensitivity arises because our allocator concen-
trates precise measurements on promising con"gurations and uses
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Figure 13: Bayesian optimization & RFECV overhead

coarser estimates elsewhere, letting BO exploit the best regions
even without a "nely tuned overall budget. Although approximate
benchmarking can weaken the surrogate and require additional BO
iterations—so a carefully chosen budget may yield faster conver-
gence and better results—the end-to-end tuning time and ultimate
performance remain rather robust to di$erent 𝑇cut. To summarize,
these components collectively provide a robust, general-purpose
solution for DBMS tuning.

5.8 System Overhead
The BO shows rapidly growing cost when the number of samples
increases: once the knob count exceeds about 20, the GP-"t and
acquisition step dominates, climbing from seconds to several min-
utes as samples accumulate (Figure 13). By contrast, RFECV—used
only to prune knobs before the main search—adds a small, knob-
dependent "xed tax that #attens after the "rst hundred samples and
remains almost insensitive to further data, resulting in relatively
low overhead. Across all tested scenarios, benchmarking dominates
the wall-clock budget (56%), BO bookkeeping follows at around 27%,
RFECV pruning contributes only about 0.4%, and the remaining
other tasks (logging, con"guration deployment, DBMS restarts, LRT
training and inference) consume roughly 16%. Thanks to LRT’s sim-
ple structure, its training and inference cost is negligible (<0.01%).
This lightweight overhead of RFECV and LRT makes DOT more
adaptable for wider adoption.

6 CONCLUSION & FUTUREWORKS
We introduced DOT, a database autotuning framework that needs
neither upfront training nor knob-importance priors, yet can exploit
them when available. Combining Bayesian optimization for strong
proposals, RFECV with online sampling to prune low-impact knobs,
and LRT to balance exploration and exploitation, DOT maintains
a compact search space and avoids the curse of dimensionality.
Across diverse workloads, it matches or surpasses state-of-the-art
tuners while cutting tuning time by orders of magnitude. Even
without reliable importance scores, DOT consistently identi"es and
focuses on the most impactful knobs.

Future directions include: (i) incorporating workload characteri-
zation [21, 28, 41] and other optimzaition objectives to better adapt
to dynamic environments; (ii) exploring additional component opti-
mizations or alternative heuristics to extend applicability; (iii) inte-
grating more advanced hyperparameter optimization engines [49];
and (iv) validating DOT’s scalability on real-world workloads and
across multiple DBMSs. Overall, DOT demonstrates that adaptive
dimensionality reduction combined with principled exploration
can make database autotuning both e!cient and practical.
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