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Abstract—As data volumes continue to grow, optimizing
database performance has become increasingly critical, making
the implementation of effective tuning methods essential. Among
various approaches, database parameter tuning has proven to be
a highly effective means of enhancing performance. Recent stud-
ies have shown that machine learning techniques can successfully
optimize database parameters, leading to significant performance
improvements. However, existing methods still face several lim-
itations. First, they require substantial time to generate large
training datasets. Second, to cope with the challenges of high-
dimensional optimization, they typically optimize only a subset
of parameters rather than the full configuration space. Third,
they often rely on information from similar workloads instead of
directly leveraging information from the target workload. To ad-
dress these limitations, we propose LatentTune, a novel approach
that differs fundamentally from traditional methods. To reduce
the time required for data generation, LatentTune incorporates
a data augmentation strategy. Furthermore, it constructs a latent
space that compresses information from all database parameters,
enabling the optimization of the full configuration space. In
addition, LatentTune integrates external metric information into
the latent space, allowing for precise tuning tailored to the
actual target workload. Experimental results demonstrate that
LatentTune outperforms baseline models across four workloads
on MySQL and RocksDB, achieving up to 1332% improvement
for RocksDB and 11.82% throughput gain with 46.01% latency
reduction for MySQL.

Index Terms—Database parameter tuning, Bayesian Optimiza-
tion, Database Management Systems, Machine Learning

I. INTRODUCTION

Recently, the volume of data has grown significantly, and the
necessity for high-performance database management systems
(DBMS) to process large amounts of data efficiently has
increased [1]. One of the approaches to improving DBMS
performance is database parameter tuning [2], which refers to
the process of improving the performance of the database by
adjusting the values of the parameters. Conventional database
parameter tuning requires Database Administrators (DBAs)
to modify parameter values; however it is difficult to tune
parameters efficiently due to the complex relationship between
numerous parameters. Furthermore, different databases have
distinct parameters, and DBAs must account for these varia-

tions along with the diversity of workloads. To overcome these
limitations, recent research has been conducted on automatic
database parameter tuning using machine learning (ML) tech-
niques, achieving improved performance in various workloads
and DBMSs [3]–[8]. These studies have employed various
ML-based optimization algorithms, including Bayesian Opti-
mization (BO) [9] and reinforcement learning (RL) [10] to
guide the tuning process more effectively.
Limitations of Existing Methods. Machine learning models
require large amounts of training data consisting of configura-
tions and their corresponding performance metrics for effective
training [11]. In conventional approaches, such datasets are
typically generated by sampling configuration values and
evaluating their performance using benchmarking tools [12]–
[14].
However, this process is time-consuming, making it difficult
to collect data efficiently. For example, when we limited the
benchmarking duration to 300 seconds per configuration in
MySQL [15], generating a dataset of 1,000 configurations
required substantial amounts of time, highlighting practical
constraints in creating sufficiently large training datasets.

Another challenge arises from the parameter selection pro-
cess used to address high-dimensional optimization. To reduce
the search space, existing BO-based methods [3]–[6] com-
monly adopt selection algorithms such as SHapley Additive
exPlanations (SHAP) [16] and LASSO [17] to identify and
optimize only the top-k parameters that most significantly
affect performance. RL-based approaches [7], [8], on the
other hand, utilize reinforcement learning algorithms such as
Deep Deterministic Policy Gradient (DDPG) [18] to cope
with high-dimensional continuous spaces by learning effective
representations of actions and states.
However, the selected parameters can vary depending on the
algorithm, even under the same workload. As shown in Table
I, only three to five parameters overlap between the SHAP
and LASSO algorithms for RocksDB [19], and the ranking
order also differs. Figure 1 presents the performance impact of
tuning with RGPE [20], one of our baseline models, using the
top 5 and top 10 parameters. The results indicate that variations
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TABLE I: Top-10 parameters using SHAP and LASSO for RocksDB R90W10 and R50W50 workloads. Overlapped parameters
are highlighted in bold.

R90W10
SHAP (top-10) Lasso (top-10)

target file size base compression type
write buffer size target file size multiplier

level0 file num compaction trigger num levels
min write buffer number to merge target file size base

compression ratio bloom locality
block size max background compactions

max background compactions max background flushes
num levels level0 stop writes trigger

memtable bloom size ratio memtable bloom size ratio
level0 slowdown writes trigger level0 slowdown writes trigger

R50W50
SHAP (top-10) Lasso (top-10)

compression ratio compression ratio
write buffer size max backgound flushes

max write buffer number num levels
min write buffer buffer number to merge targer file size multiplier

lwbel0 file num compaction trigger bloom locality
max bytes for level base memtable bloom size ratio

compaction pri level0 stop writes trigger
target file size multiplier max background compactions
level0 stop writes trigger level0 slowdown writes trigger
max background flushes block size

Fig. 1: Performance improvement with Top-5 and Top-10
Parameters on RocksDB.

in parameter selection can lead to substantial differences in
performance. Moreover, focusing only on the top-k parameters
may fail to capture critical interactions among the remain-
ing parameters and overlook subtle but influential effects on
database performance, ultimately reducing the stability of the
tuning results.

In addition to these challenges, adapting to diverse work-
loads remains a significant difficulty in database parameter
tuning. Some existing methods attempt to identify the most
similar workload from a data repository by computing its
similarity to the target workload. However, this approach
does not directly optimize for the target workload itself, and
inaccurate workload mapping may lead to suboptimal tuning
results due to the mismatch between the assumed and actual
workload characteristics. Even when two workloads appear
similar based on internal metrics such as query latency or
cache hit ratio, deeper structural differences ,including varia-
tions in query patterns, transaction sizes, and read/write ratios,
can substantially affect which parameters are most critical for
optimization. Since many internal metrics primarily capture
low-level system behaviors rather than high-level workload
structures, relying solely on past workload data may lead to
ineffective tuning, ultimately degrading database performance.
This highlights the need for a more target specific optimization
approach that directly leverages performance feedback from
the actual workload.
Our Approach. To address these limitations, we propose La-
tentTune, a framework that efficiently tunes high-dimensional
database parameters through latent representation learning.
When the training dataset is limited, LatentTune employs data
augmentation techniques using Latin Hypercube Sampling
(LHS) [21] and TabNet [22]. Unlike conventional methods,

our approach avoids the need for benchmarking to construct
configuration and metric data pairs. To handle the challenge of
high-dimensional parameter spaces, LatentTune leverages an
AutoEncoder (AE) [23] to compress all parameter configura-
tions into a low-dimensional latent space, thereby enabling the
joint optimization of all parameters. Furthermore, by injecting
direct target-workload information into the latent space, La-
tentTune supports workload-specific tuning, removing the need
to rely on similarity-based workload mapping. This integration
leads to more accurate and effective tuning across diverse
workload scenarios. Our key contributions are as follows:
� LatentTune reduces the time required for dataset genera-

tion by employing data augmentation techniques.
� We introduce a novel framework, LatentTune, which

addresses the high-dimensionality challenge in database
parameter tuning by projecting the full set of configura-
tion parameters into a compact latent space. This enables
full-parameter optimization, in contrast to conventional
methods that rely on selecting only a subset of parame-
ters.

� LatentTune incorporates target workload information di-
rectly into the latent space, enabling workload-specific
tuning that adapts to diverse workload characteristics.

� The experimental results demonstrate that LatentTune
achieves superior performance through comparison with
various baseline models.

II. PRELIMINARIES

A. Automatic Database Parameter Tuning

Database parameter tuning is a method of optimizing
database parameters (such as memory allocation, disk storage,
cache size etc.) to enhance database performance. The config-
uration of the database refers to the settings and parameters
that determine the operation of the database system. If the
parameters are specified as P , the configuration can be defined
as conf = fP1, . . . , Pjg, where j is the number of parameters.
Figure 2 depicts the basic pipeline of ML-based database
parameter tuning. The overall flow of the tuning process can
be described as follows:
1 Tuning Request.When the controller receives information

about the DBMS and the workload to be tuned, it initiates
the tuning process. 2 Data Repository. During the tun-
ing process, the DBMS and workload information provided



Fig. 2: Architecture of Database Parameter Tuning

in the tuning request are stored in the data repository.3
Knowledge Transferring. To optimize the target workload,
the process calculates the similarity between the target and
stored workloads in the data repository using a distance
metric such as Euclidean distance [24]. The most similar
workload information is then utilized to guide the tuning
process. The objective of this procedure is to facilitate ef�cient
tuning across diverse workloads.4 Parameter Selection.
To address the challenge of optimization in high-dimensional
search spaces, a parameter selection algorithm identi�es the
parameters that most strongly in�uence database performance.
5 Optimization. The optimization algorithm, such as BO
or RL, optimizes the top-k parameters that have a signi�cant
impact on database performance (4 ) and information about
the target workload (3 ). 6 Optimized Parameter. The
optimized parameters are passed to the controller, which then
applies these parameters in the actual database.

B. Related Work

Automatic database parameter tuning techniques are divided
into two categories: search-based methods [25] and ML-based
methods [5]–[8]. Search-based methods allow tuning without
detailed information about the internals of the database system,
and ML-based methods tune the parameters using ML models.

Search-based method. Search-based tuning is a technique
for optimizing database performance by �nding database
parameters according to prede�ned rules. BestCon�g [25]
uses Divide and Diverge Sampling (DDS) for parameter
sampling in high-dimensional parameter spaces and Recursive
Bound and Search (RBS) to �nd optimal con�gurations in the
bounded space around it. However, search-based methods can
become unstable with low-quality data and rely on heuristic
techniques that are often time-consuming.

ML-based method. ML-based methods use ML models
to optimize parameters. For instance, OtterTune [5] selects
parameters that are important for performance to optimize
in a high-dimensional search space and uses BO with a
Gaussian Process (GP) [26] to enhance performance. However,
since the set of parameters optimized by OtterTune varies
depending on the parameter selection algorithm used, it may
result in unstable performance. CDBTune [7] uses Rein-
forcement Learning (RL), speci�cally the DDPG [18], which
integrates the DQN [27] and actor-critic [28] methodologies
to optimize in high-dimensional spaces. However, CDBTune
requires extensive training time and benchmarking, resulting

in long tuning durations. Ranking weighted Gaussian process
ensemble (RGPE) [20] is an ensemble model for BO-based
optimization, which combines information about the workload
and historical knowledge to optimize the process. However,
RGPE faces challenges when optimizing high-dimensional
data, presenting a similar problem to OtterTune, where the
selection of parameters for optimization does not guarantee
stable performance. Furthermore, RGPE experiences limita-
tions in setting appropriate hyperparameter values for the
model.

III. METHOD

Our proposed framework consists of several modules, as
illustrated in Figure 3. To address the challenge of collecting
large amounts of training data for database con�guration
tuning, our approach begins with data augmentation applied to
a small set of measured con�gurations and their corresponding
performance metrics. By leveraging both the original and
augmented samples, we train a low-dimensional representation
space that captures the essential relationships between con�g-
uration parameters and performance outcomes. The encoder
compresses high-dimensional con�gurations into a compact
latent space, while the decoder reconstructs them back into the
original con�guration space. Finally, Bayesian Optimization
(BO) is performed in the latent space to ef�ciently search for
high-performing con�gurations, and the optimal latent vectors
are decoded into complete con�guration sets for deployment.
Further details of each module are provided in the following
subsections.

A. Data Augmentation

ML-based methods require large amounts of training data
to improve model accuracy. However, in the �eld of database
tuning research, there are no available public datasets due
to the signi�cant in�uence of various hardware conditions
and the speci�c workloads (sets of tasks or queries) each
database system processes. Consequently, the training data
generation must be conducted individually, however it requires
considerable resources and time. To address this limitation, we
employ Sample Augmentation process.

The Sample Augmentation module augments the con�gu-
ration and metric data pairs. We de�ne the original dataset as
D = f(conf i ; yi )g

N
i=1 , where each con�guration confi 2 Rd is

a d-dimensional space of database parameters, and yi 2 Re

is an e-dimensional vector of external performance metrics.
Similarly, the augmented con�guration and metric pairs are
denoted by conf0

i 2 Rd and y0i 2 Re. The resulting augmented
dataset is represented asD̂ =

��
conf0i ; y0

i

�	 M
i=1 .

In the con�guration sampling phase, we employ LHS [21] to
generate con�guration data conf0. LHS is a strati�ed sampling
technique that enables uniform and ef�cient exploration of
multi-dimensional parameter spaces. It ensures that samples
are evenly distributed within each dimension, thereby achiev-
ing a well-balanced coverage of the overall input space. This
systematic approach allows for a more accurate re�ection
of the individual and combined impact of parameters on



Fig. 3: Overview Architecture of LatentTune

performance metrics [20], [29]–[31]. In contrast, conventional
methods such as Simple Random Sampling [32] and Gaussian
Sampling [33] often suffer from poor coverage in high-
dimensional spaces, particularly when parameter ranges are
wide. These methods tend to produce clustered or sparse
samples, leading to biased or inef�cient exploration of the
con�guration space.

Given these limitations, LHS enables more uniform and
comprehensive coverage of the search space, making it par-
ticularly suitable for database parameter tuning scenarios.
Therefore, we adopt LHS for generating con�guration samples
in our framework.

The process of measuring metric values using benchmarking
tools is time-consuming and highly resource-intensive. Thus,
we utilized a prediction model to predict metric values for
conf 0. Speci�cally, we employ TabNet [22], which is suitable
for tabular data and ef�cient for multi-target label predic-
tion. TabNet employs a mask-based attention mechanism to
effectively identify and prioritize important features among
numerous columns, thereby enhancing predictive performance
by focusing on highly in�uential attributes while suppressing
less informative ones. For example, database con�guration
data usually contain numerous parameters and corresponding
values organized in a tabular format. TabNet systematically
identi�es and learns the importance of each parameter, en-
abling accurate predictions of external performance metrics.

TabNet is trained with the original dataset D and used
to predict metric values y0 for the augmented con�guration
data conf0. The augmented datasetD̂ is then constructed by
combining the LHS sampled con�gurations conf0 with the
corresponding predicted values y0. The prediction accuracy of
TabNet is evaluated in the Section IV-C.

B. Latent Space Generation

We leverage an AE [23] to construct a latent space that cap-
tures the underlying relationships between database con�gura-
tions and external metrics. During the latent space optimization
(LSO) phase, the decoder of the trained AE is employed to
reconstruct the optimized latent vectors into the original high-
dimensional con�guration space, enabling direct deployment
of the resulting con�gurations.
Training. To generate an informative latent space, LatentTune
trains the AE on both the original dataset D and the augmented

datasetD̂. Each training sample is formed by concatenating
a con�guration and its corresponding performance metric,
resulting in an input data I 2 Rt , where t = d + e, with
d and e denoting the dimensions of con�guration and metric,
respectively. The reason for concatenating the con�guration
and metric is to inject workload information into the latent
space. Since con�gurations are composed of arbitrary nu-
merical values, it is dif�cult to extract meaningful semantic
representations in the latent space using con�guration data
solely. Therefore, by concatenating the con�guration and its
corresponding performance metric as input, the latent space
is able to capture the dependencies between parameters and
performance. This approach also allows the latent space to
implicitly encode information about diverse target workloads.

The AE is trained to minimize the reconstruction loss
between the input and its decoded output. Speci�cally, it
minimizes the following objective:

L AE =
1

N + M

N+MX

i=1

kx i � D � (E� (x i ))k
2 (1)

Here, xi represents the input data (concatenated con�gura-
tion and metric), E(�) and D(�) are denote the encoder and
decoder, respectively. Once training is complete, the encoder
compresses the high-dimensional input data into a lower-
dimensional latent space, while the decoder reconstructs it
back to the original input data space. The LSO process then
performs optimization in this latent space, and the optimized
latent vectors are decoded to generate �nal con�guration
candidates.
Encoder. E : Rt ! R l maps the high-dimensional input data I
to a low-dimensional latent representation z 2 Rl , where l �
t, preserving essential features while reducing dimensionality.
Decoder. D : Rl ! R t reconstructs the latent space back
into the original high-dimensional space. Speci�cally, the
optimized latent vector z� obtained from the LSO step is
reconstructed through the trained decoder to produce the �nal
output, consisting of a con�guration and its corresponding
metric.

C. Latent Space Optimization.

The latent space z 2 [0; 1] extracted via the LSG step
is optimized by BO [9]. BO is a probabilistic optimization
approach designed to ef�ciently explore and exploit the search



space of black-box functions, especially in scenarios where
function evaluations are computationally expensive and no
explicit functional form is available. In each iteration, BO
aims to maximize the value of a black-box objective function
by iteratively constructing a probabilistic surrogate model and
selecting candidate points through an acquisition function that
balances exploration and exploitation.

In this process, we employ a Gaussian Process (GP) [26] as
a surrogate model in the latent space to capture the posterior
distribution of the objective. Given a candidate latent vectors
z, we use the Expected Improvement (EI) acquisition function,
which quanti�es the expected improvement over the best
observed performance. Formally,

EI(z) = (�(z) � f (z � ) � �) � �(
(z)) + �(z) � �(
(z)) (2)

where �(z) and �(z) are the GP predicted mean and standard
deviation, respectively, and f(z� ) is the best observed perfor-
mance so far. The normalized improvement 
(z) is computed
as:


(z) =
�(z) � f (z � ) � �

�(z)
(3)

where � is a small positive constant that balances exploration
and exploitation.

The objective function is typically evaluated as perfor-
mance (i.e., metrics) by a benchmarking tool. However, since
benchmarking is a time-consuming process, we implemented a
performance prediction model based on TabNet. It is important
to note that this model does not share weights with the TabNet
model used in the sample augmentation step.

TabNet is trained on the latent space z, generate through the
LSG process, along with the corresponding metrics y and y0 .
In other words, the input to the prediction model is the latent
space, and the output is the metric value. As TabNet's pre-
dictions are multi-label, a score function is de�ned to convert
these predict value into a scalar function, facilitating smoother
comparisons. The objective of the optimization process is to
maximize this score function.

For MySQL, the primary goal is to maximize
Throughput while minimizing Latency. To re�ect
this objective, we de�ne the score function as follows:

f MySQL(x) =
Throughput(x)

Latency(x)
(4)

For RocksDB, multiple performance metrics must be op-
timized simultaneously. Speci�cally, given four performance
metrics (TIME, RATE, WAF, and SAF), the details of each
metric are provided in Section IV-A, Evaluation Metrics.
we de�ne the score function as:

f RocksDB(x) = �w 0 �TIME+w 1 �RATE�w 2 �WAF�w 3 �SAF (5)

where, TIME, WAF, and SAF are metrics that should be
minimized, and RATE is a metric that should be maximized.
w0; w1; w2; and w3 represent the weights assigned to each of
the four metrics.

TABLE II: MySQL Workload Information

MySQL

Workload
Index

Scale
Factor

Data
Size Read Insert Scan Update

Read
Modify
Write

A

12000 15GB

50% - - 50% -
B 95% - - 5% -
E - 5% 95% - -
F 50% - - - 50%

IV. EXPERIMENT

A. Experiment Setup

Hardware. All MySQL performance measurements were
performed on a server running the Ubuntu 20.04.6 operating
system with an Intel® Core™ i7-11700 @ 2.52GHZ, 32 GB
of RAM, and a 256 GB disk. All RocksDB performance
measurements were performed with a server running the
CentOS 7.9 operating system on an Intel® Core™ i5-8500
CPU @ 3.00 GHz, 32 GB of RAM, and a 256 GB disk.

Tuning Setting. We evaluated performance using MySQL
v5.7.37 [15] and Rocks-DB v6.25.0 [19]. We select 138
tunable parameters in MySQL via OtterTune without knobs
related to debugging, security, or path settings. The initial
dataset consists of 1,000 samples, and it is augmented to
5,000 samples through the data augmentation process. A
discussion of the optimal number of augmented samples is
presented in 4.3 section. The experiment was repeated �ve
times with different random seed values for each workload,
and the average values were calculated. In the baseline
experiment, the top-k selected parameters for tuning were set
to 5, 10, and 15, respectively, and the best-performing values
were used for comparison.

Workload. We conducted experiments on four different
workloads for both MySQL and RocksDB. The details of
all workloads are shown in Table II and III. YCSB(Yahoo!
Cloud Serving Bench-mark) [34] is a benchmark tool offers
several workloads, each de�ning the rate and pattern of
various operations (load, insert, read, update, scan, etc.)
on the database. It can be used to compare and evaluate
the performance of various database systems, including
MySQL. For RocksDB workloads, we experimented with
four workloads with different percentages for read, write, and
update.

Evaluation Metrics. The metrics we used to compare the
performance improvement between the baseline and Latent-
Tune are as follows. MySQL uses two evaluation metrics:
Throughput, which represents the amount of query process-
ing that can be completed within a given time, and Latency,
which refers to the delay time required to process the queries.

Higher throughput and lower latency indicate better per-
formance, the latency being measured at the 99th percentile.
RocksDB performance metrics include TIME, which measures
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