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Existing database knob tuning methods evaluate the actual performance of each configuration by fully
executing the entire workload. However, our experimental analysis reveals that this exhaustive execution
approach significantly limits tuning efficiency, particularly when dealing with underperforming configurations.
To address this issue, we propose ESTune, which is designed to early-stop the execution of poorly performing
configurations. ESTune approximates the actual performance of these configurations using high-confidence
predicted values generated from partially executed workload data and configuration knob settings. This strategy
significantly reduces the evaluation time for underperforming configurations while maintaining the overall
tuning effectiveness. The high-confidence predicted values are produced by a Hybrid Bayesian Neural Network
(HBNN), which models the performance distribution with respect to different knob configurations. To address
the challenge of limited training data commonly encountered in database knob tuning, ESTune integrates a
Model-Agnostic Meta-Learning (MAML), thereby enhancing the few-shot learning capability of the HBNN.
Extensive evaluations on a wide range of workloads consistently demonstrate that ESTune improves the
tuning efficiency of existing methods.

CCS Concepts: • Information systems→ Autonomous database administration; • Computing method-
ologies→Machine learning.

Additional Key Words and Phrases: Database Knob Tuning, Early Stopping, Tuning Efficiency

ACM Reference Format:
Zhongwei Yue, Jun-Peng Zhu, Peng Cai, Xuan Zhou, Quanqing Xu, and Chuanhui Yang. 2026. ESTune:
Bayesian Uncertainty-Guided Early Stopping for Database Configuration Tuning. Proc. ACM Manag. Data 4, 1
(SIGMOD), Article 35 (February 2026), 26 pages. https://doi.org/10.1145/3786649

1 Introduction
Modern database management systems (DBMSs) are equipped with numerous tunable knobs (or
parameters). The performance of a DBMS varies considerably with different configuration knob
settings across a wide range of tuning scenarios, such as varying workloads [51, 52] and hardware
configurations. Traditionally, database administrators (DBAs) have relied on their expertise to
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manually configure these knobs to optimize database performance. However, the transition from on-
premise systems to cloud computing, coupled with increasing workload complexity and a growing
number of parameters, has rendered manual tuning increasingly challenging [11, 17, 24, 35, 42, 50].
As a result, the development of automated tools to assist DBAs in knob configuration optimization
has become imperative.

Identifying the optimal configuration within the configuration knob space has been proven to be
an NP-hard problem [33]. To address this challenge, heuristic iterative strategies are commonly
employed to progressively optimize database performance. Various iterative tuning methods have
been proposed, including LlamaTune (SMAC), where LlamaTune [17] is used to enhance the
Sequential Model-based Algorithm Configuration (SMAC) approach [16], as well as OtterTune
[1] and HUNTER [4]. Each of these methods follows a two-step iterative process, as detailed in
Section 2. First, the given workload is fully executed to evaluate the database performance under
the current configuration. Subsequently, new knob configurations are computed and applied based
on the observed performance data. This iterative process continues until a predefined number of
iterations is completed or the allocated tuning time is reached.
During the iterative tuning process, we observed that fully executing the workload in each

iteration significantly limits the efficiency of iterative tuning methods. Two key findings support
this observation.
(1) Exploration-exploitation trade-off causes non-monotonic tuning progress. Knob

tuning typically involves numerous iterations; however, these iterations do not always result in
performance improvement. As illustrated in Figure 1, the database performance achieved by three
different tuning methods (i.e., OtterTune, HUNTER, and LlamaTune (SMAC)) is shown over 100
iterations, where the x-axis represents the iteration number and the y-axis denotes the total time
taken to fully execute the workload in each iteration (i.e., total runtime per iteration). Experimental
results reveal that the database performance obtained in each iteration exhibits noticeable fluctua-
tions and does not showmonotonic improvement. The lack of consistent performance improvement
across iterations can be attributed to the inherent trade-off between exploration (i.e., acquiring new
information) and exploitation (i.e., utilizing existing knowledge) in the tuning process.
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Fig. 1. Per-iteration results of MySQL under the TPC-H

(2) Well-performing configurations drive tuning effectiveness despite noise. Minor inac-
curacies in evaluating poorly performing configurations do not significantly impact the effectiveness
of iterative tuning methods. To examine this effect, we developed variants of OtterTune, HUNTER,
and LlamaTune (SMAC), denoted as V_OtterTune, V_HUNTER, and V_LlamaTune (SMAC), re-
spectively. In these variants, the iterative process was modified as follows. If the performance of
the current configuration was less than 15% of the median value from all previous iterations, it
was considered a poorly performing configuration. In such cases, the performance was substituted
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with a value randomly selected between 85% and 115% of the evaluation value obtained from fully
executing the workload for that iteration. Figure 2 compares the final tuning results of the original
methods and their variants, where the y-axis represents the best workload execution time observed
over 100 iterations (i.e., total runtime). The results show that both the original methods and their
variants achieve similar performance levels, suggesting that minor inaccuracies in evaluating
poorly performing configurations have a negligible effect on overall tuning effectiveness. This
limited impact occurs because subsequent recommendations are primarily guided by data from
well-performing configurations.
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Fig. 2. The final results of MySQL under the TPC-H

Building on this robustness, a time-based trigger (i.e., terminating the workload execution
upon reaching a predefined time threshold) combined with scaling the actual performance by a
random factor within the interval [85%, 115%] might appear sufficient. However, this approach
ultimately fails for two critical reasons. First, a time-based trigger can terminate execution only
when a predefined threshold is reached, and thus cannot early-stop configurations that clearly
underperform before that point, thereby incurring unnecessary time overhead. Second, and more
critically, during tuning, the actual performance of an underperforming configuration is unknown,
so scaling its actual performance by a random factor within [85%, 115%] cannot be implemented in
practice. Moreover, the time-based trigger lacks any mechanism for predicting the performance
of these early-stopped configurations. It is therefore forced to substitute their performance with
random values, which can deviate substantially from the actual performance and, in turn, degrade
the final tuning results.

The first observation reveals that not all evaluations contribute equally to tuning progress, suggesting
that computational resources spent on thoroughly evaluating unpromising configurations could be better
allocated. The second observation demonstrates that the tuning process is robust to evaluation noise for
poor configurations, indicating that approximate evaluations may suffice for these cases. Building on
this robustness, we can reasonably assume that prediction models, which typically achieve accuracy
within similar error bounds for underperforming configurations, can serve as reliable substitutes for
full evaluation. Therefore, we propose an early-stopping strategy for iterative tuning methods.
Specifically, it is often unnecessary to fully execute the entire workload to evaluate the actual
performance of underperforming configurations. Instead, the predicted performance of these
configurations can serve as a reliable proxy for their actual performance. This strategy significantly
improves tuning efficiency by reducing the evaluation time for underperforming configurations
while maintaining overall effectiveness.

Effectively implementing the aforementioned early-stopping tuning strategy requires addressing
the following challenges: (C1) timely termination of workload execution for underperforming
configurations, which is essential for significantly improving tuning efficiency by avoiding unnec-
essary workload execution; (C2) accurate prediction of the performance of these underperforming
configurations, which is critical for maintaining tuning effectiveness; and (C3) effective adaptation
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of the predictive model to limited-sample scenarios, which are frequently encountered in database
knob tuning.
To address challenge C1, we employ a segment performance monitoring mechanism. Segment

performance refers to database performance periodically collected at fixed intervals (e.g., every 5
seconds during a 200-second workload evaluation). Leveraging new segment performance data as
they become available during workload execution, the HBNN promptly estimates the performance
of the current configuration. ESTune’s early stopping mechanism halts the workload execution
when underperformance is predicted, significantly reducing unnecessary computation time and
improving tuning efficiency.
To address challenge C2, we develop a tailored HBNN (Hybrid Bayesian Neural Network)

specifically for the task of performance prediction. It incorporates a Feedforward Neural Network
(FNN) to encode knob configurations and a Gated Recurrent Unit (GRU) [6] to process segment
performance data with sequential characteristics. The outputs of the FNN and GRU are fused via a
Bayesian Neural Network (BNN) layer [12, 34], which enables accurate performance prediction
and principled uncertainty quantification. As a result, only predictions with low uncertainty are
used in early-stopping decisions, ensuring both reliability and accuracy.
To address challenge C3, we incorporate MAML to endow HBNN with few-shot adaptation

capability, enabling efficient tuning in limited-sample scenarios by leveraging meta-learning across
diverse tuning tasks.
Building on the aforementioned techniques, we propose ESTune, which is designed to stop

workload execution early for configurations that exhibit poor performance. It is important to
note that, although ESTune shares a common motivation with early stopping mechanisms in
hyperparameter optimization (HPO) for machine learning [19, 22, 26], it differs in two key aspects.
(1) The targets of early stopping are different. In HPO, model training on large datasets is

extremely time-consuming. As a result, all configurations are initially trained with limited resources,
such as smaller datasets or fewer training iterations, and underperforming configurations are
eliminated through early stopping. The remaining configurations are then iteratively evaluated
with progressively increased resources until the best configuration is identified using the full
resource allocation. In contrast, early stopping in ESTune is applied to database workloads. Because
there can be substantial performance differences between partial and full workload executions,
filtering out underperforming configurations based on partial workload results, as is commonly
done in HPO, is not feasible. Furthermore, the fundamental units within a database workload,
namely SQL statements, exhibit interdependencies. To capture these interdependencies, ESTune
employs a GRU model to process database segment performance data, which captures the evolution
of system performance during workload execution.
(2) The approach to performance evaluation for early-stopped configurations also

differs. In HPO, performance is evaluated on a separate test set. However, in database tuning, the
performance of a configuration can only be determined after the full execution of the workload.
When early stopping is applied to database workloads, the ground-truth performance evaluation is
not directly obtainable. Therefore, ESTune leverages both configuration data and partial segment
performance data before early stopping, using HBNN to predict the overall performance of each
configuration.

Key Contributions. Our contributions are summarized as follows.
(1) We introduce ESTune, which improves the efficiency of iterative tuning methods by incorpo-

rating early stopping in workload executions for underperforming configurations.
(2) We utilize HBNN to predict database performance across configurations and quantify uncer-

tainties, both of which effectively support early stopping.
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(3) To address the challenge of limited training data, we leverage MAML to enhance the few-shot
learning capabilities of HBNN.

(4) We conduct comprehensive experiments on various workloads and databases, demonstrating
that ESTune significantly improves the tuning efficiency of existing iterative methods.

2 Problem Statement
Definition 2.1. Database Performance is defined as the overall performance of the database when

the entire workload is executed to completion. The primary objective of database knob tuning is to
enhance database performance.

Definition 2.2. Database Segment Performance refers to the performance observed during short
intervals of workload execution, such as the average throughput calculated every 5 seconds during
a 200-second workload execution, or the total runtime measured for a group of 5 queries in a
sequence of 200.

Consider a scenario involving 𝑛 database knobs to be tuned, denoted as 𝑘𝑛𝑜𝑏1, 𝑘𝑛𝑜𝑏2, . . . , 𝑘𝑛𝑜𝑏𝑛 .
Each knob 𝑘𝑛𝑜𝑏𝑖 is associated with a value domain Θ𝑖 , which may be continuous, discrete, or
categorical depending on the knob type. The configuration space is thus defined as Θ = Θ1 × Θ2 ×
. . .×Θ𝑛 . Let𝑦 denote a performance metric of interest (e.g., throughput or total runtime), quantified
by an objective function 𝑓 : Θ → R that maps each configuration 𝑥 ∈ Θ to its corresponding
performance value. Given a specified metric, the goal of knob tuning is to identify the optimal
configuration 𝑥∗ that maximizes or minimizes 𝑓 (𝑥), formally:

𝑥∗ = argmax
𝑥∈Θ

𝑓 (𝑥). (1)

Each iteration in iterative tuning methods typically follows a structured process. Formally, in
the 𝑖-th iteration, the method𝑀𝑒𝑡ℎ determines the next configuration 𝑥𝑖+1 based on the current
configuration 𝑥𝑖 , its corresponding performance metric 𝑦𝑖 , and the historical dataset 𝐷𝑖−1, which
comprises configuration–performance tuples from all previous iterations:

𝑥𝑖+1 =𝑀𝑒𝑡ℎ (𝐷𝑖−1 ∪ {(𝑥𝑖 , 𝑦𝑖 )}) ,
s.t. 𝑦𝑖 = 𝑓𝑤 (𝑥𝑖 ),

(2)

where 𝑦𝑖 = 𝑓𝑤 (𝑥𝑖 ) denotes the database performance 𝑦𝑖 obtained by fully executing the entire
workload𝑤 under the configuration 𝑥𝑖 .

Motivated by the two observations detailed in Section 1, we propose ESTune to enhance the
efficiency of existing tuning methods by enabling early termination of workload executions for
underperforming configurations. Specifically, in each iteration, ESTune predicts the database per-
formance distribution, denoted as 𝑝𝑑 (𝑥𝑖 , 𝐷𝑠 ), using the current configuration 𝑥𝑖 and the segment
performance dataset 𝐷𝑠 collected during the current iteration. If this distribution indicates that
the current configuration is underperforming (i.e., 𝐼poor (𝑝𝑑 (𝑥𝑖 , 𝐷𝑠 )) = true), ESTune terminates the
workload execution. The mean of the predicted distribution (i.e., 𝜇 (𝑝𝑑 (𝑥𝑖 , 𝐷𝑠 ))) is then recorded as
the performance of that configuration. Otherwise, workload execution continues and new segment
data are incorporated into 𝐷𝑠 . This updated dataset is then used to re-evaluate the performance
distribution and determine whether to terminate execution. If the predicate 𝐼poor (𝑝𝑑 (𝑥𝑖 , 𝐷𝑠 )) eval-
uates to false at every prediction stage, it signifies that the early stopping criterion was not met.
The workload thus runs to completion, and its final indicator 𝐼poor is recorded as 𝑓 𝑎𝑙𝑠𝑒 (i.e., 𝐼poor =
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false). This procedure is formalized as follows:
𝑥𝑖+1 =𝑀𝑒𝑡ℎ (𝐷𝑖−1 ∪ {(𝑥𝑖 , 𝑦𝑖 )}) ,

s.t. 𝑦𝑖 =

{
𝑓𝑤 (𝑥𝑖 ), 𝐼poor= false
𝜇 (𝑝𝑑 (𝑥𝑖 , 𝐷𝑠 )), 𝐼𝑝𝑜𝑜𝑟 (𝑝𝑑 (𝑥𝑖 , 𝐷𝑟𝑡 )) = true

(3)

3 Overview of ESTune
The overall architecture of ESTune is shown in Figure 3. ESTune consists of a client and a server. The
client, deployed in the user’s environment, collects knob configurations and segment performance
data, and transmits the collected data to the server. The server, located in the tuning environment,
predicts the performance distribution of the current configuration. If the predicted performance
distribution indicates that the configuration is underperforming, the server instructs the client to
terminate workload execution and records the mean of the predicted distribution as the database
performance of that configuration. Upon completion of either the full workload execution or early
stopping, the server generates a new configuration based on the related data and sends it to the
client. The client then applies the new configuration, executes the workload, and initiates the next
tuning iteration. Next, we detail the core components of the architecture.

Tuning ToolData RepositoryEarly StoppingWorkload 
Replayer

HBNNMAML

GPs SMAC

DDPGGA

Current 
Data

Information
  Collector

Database DB DB DB

Data Preprocessing

Evaluator

Client Server

DBA
Control
Data

Historical
Data

Fig. 3. Architecture of ESTune

Workload Replayer. Upon receiving a tuning signal, the client activates the workload replayer
to execute the target workload on the database instance. If the early stopping components issue
a termination command, the execution is promptly halted, thus preventing unnecessary time
consumption on underperforming configurations.

Information Collector. The information collector is responsible for aggregating all necessary
data for the server-side components. For early stopping, it collects the current knob configurations
and segment performance data. For the tuning models, it collects additional contextual information,
such as the runtime status of the database system. This collected data enables the server to make
informed decisions regarding both early stopping and subsequent configuration recommendations.

Early Stopping. The early stopping component utilizes the HBNN to predict the performance
distribution for each configuration. If the predicted distribution suggests that a configuration
is underperforming, the component issues a termination signal to the workload replayer and
subsequently records the mean of the predicted distribution as the performance metric. This
strategy not only preserves the effectiveness of the tuning method, but also substantially reduces
evaluation time, thereby improving overall tuning efficiency. Furthermore, ESTune leverages the
MAML to learn robust initialization parameters for the HBNN, thereby enabling the HBNN to
rapidly adapt to new tuning scenarios with limited data.
Data Repository. The data repository stores both current and historical data. Current data

are generated during the ongoing tuning task, while historical data are retained from previous
tuning tasks. During tuning, the repository serves as the primary data source for the early stopping
component and the tuning model component, thereby supporting data-driven decision-making.
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Tuning Model. The tuning model incorporates various knob configuration recommendation
algorithms that have been adopted by state-of-the-art tuning methods, including genetic algorithms
(GA) [18] in HUNTER, Gaussian process (GP) [32] in OBTune, OtterTune [1] and iTuned [32], SMAC
[16] in LlamaTune (SMAC) [16], and Deep Deterministic Policy Gradient (DDPG) [38] in CDBTune
[38]. These algorithms guide the search for optimal knob settings by leveraging performance
feedback and historical data.

4 Segment-Aware Mechanism of the Information Collector
In this section, we elaborate on the process through which the information collector gathers the
relevant data.
ESTune predicts database performance by jointly leveraging configuration data and segment

performance data. This joint utilization provides two primary benefits. First, it enriches the model
feature space, thereby improving prediction accuracy. Second, it enables continuous, fine-grained
performance prediction for each configuration as new segment data becomes available. This, in turn,
facilitates timely early stopping for underperforming configurations and reduces unnecessary time
overhead. Notably, ESTune deliberately avoids using SQL statements as model features for several
key reasons. First, incorporating query-level features would decrease the adaptability of HBNN to
unseen workloads. Second, including SQL statements would substantially increase the amount of
required training data, which is often scarce in practical tuning scenarios. Third, the heterogeneity
and syntactic complexity of SQL queries across types (e.g., SELECT, INSERT, UPDATE, DELETE)
make it challenging to effectively encode them as model features.
For database segment performance collection, the information collector applies tailored seg-

mentation strategies according to the execution mode of the workload. Workloads are generally
categorized as either time-based or volume-based [1]. Time-based workloads, which run for a
predetermined duration, are typical in Online Transaction Processing (OLTP) scenarios charac-
terized by numerous short queries. For such workloads, the collector divides execution into fixed
time intervals and records performance metrics for each segment. Volume-based workloads, which
execute a fixed set of queries that are typically longer in duration, are common in Online Analytical
Processing (OLAP) environments. In this case, the collector divides the workload by a specified
number of query statements and records metrics for each segment. For example, consider a TPC-C
workload with a total execution time of 500 seconds: if the workload is divided into 10 time-based
segments, the collector records throughput at every 50-second interval. Similarly, for a TPC-H
workload consisting of 22 queries, the workload is segmented into 22 parts, with each segment
corresponding to a single query. The collector then records segment performance metrics, such as
latency, for each individual query.

The choice of segmentation granularity (𝑛𝑢𝑚seg) for each workload is crucial, as it must balance
prediction accuracy and tuning efficiency. Setting 𝑛𝑢𝑚seg too high produces excessively fine-
grained segments, which increases the input sequence length for the GRU model and may introduce
noise or overfitting, thereby diminishing prediction accuracy. Conversely, setting 𝑛𝑢𝑚seg too low
leads to overly coarse segmentation, potentially delaying the early termination of underperforming
configurations and thus reducing tuning efficiency.We empirically evaluated this trade-off, as shown
in Figure 4, where ES_OtterTune, ES_HUNTER, and ES_LlamaTune(SMAC) represent ESTune
applied to OBTune, HUNTER, and LlamaTune (SMAC), respectively. The results demonstrate that
a segmentation granularity of 20 achieves an optimal balance between accuracy and efficiency.
Therefore, we set 𝑛𝑢𝑚seg to 20 in all subsequent experiments.
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Fig. 4. Results for different 𝑛𝑢𝑚𝑠𝑒𝑔 values on MySQL

5 The Design and Implementation of Early Stopping
In this section, we provide a detailed description of the four modules that comprise the early
stopping component: data preprocessing, HBNN, evaluator, and MAML. The data preprocessing
module enhances the quality of input features for subsequent prediction tasks. The HBNN module
predicts both the mean and variance of the performance distribution for each configuration. The
evaluator determines whether to terminate workload execution early based on these predicted
results. Finally, the MAML algorithm enables the HBNN to adapt to new tuning scenarios with
limited training samples rapidly.

5.1 Data Preprocessing
The values of configuration knobs typically have heterogeneous ranges, and distinct configurations
can often induce significant disparities in observed segment performance. To ensure robust model
training and accurate performance prediction, it is crucial to standardize all input features before
modeling. Specifically, we apply min-max normalization to each feature, mapping its values to the
interval [0,1]. This normalization enhances training stability and predictive accuracy, improving
model generalization and enabling effective adaptation to diverse workloads.

5.2 Implementation of HBNN
The HBNN module consists of three units: the FNN, the GRU, and the BNN. Specifically, the FNN
encodes the configuration features, the GRU captures dependencies from the sequence of segment
performance metrics, and the BNN fuses the outputs of the FNN and GRU to predict the performance
distribution for the given database configuration.

5.2.1 FNN for Configuration Encoding. In ESTune, the FNN is specifically employed to encode
knob configuration data. Given that knob configuration can be naturally represented as a fixed-
length feature vector, the FNN is well-suited for extracting informative representations from such
structured inputs with high training efficiency. Concretely, the FNN consists of an input layer and
an output layer, with one or more hidden layers in between. For a given configuration vector V,
the pre-activation value of the 𝑗-th neuron is computed as follows:

𝑧 𝑗 =
∑︁
𝑖

𝑤𝑖 𝑗𝑣𝑖 + 𝑏 𝑗 (4)

where 𝑣𝑖 denotes the 𝑖-th feature in the configuration vector,𝑤𝑖 𝑗 is the weight for the connection
from the 𝑖-th input to the 𝑗-th neuron, and 𝑏 𝑗 is the bias term of the 𝑗-th neuron. The output 𝑧 𝑗 is
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subsequently passed through a sigmoid activation function, whose smooth and bounded charac-
teristics facilitate stable training and enable the nonlinear transformation of knob configuration
features.

5.2.2 GRU for Encoding Segment Performance Data. Accurately predicting database performance
requires the incorporation of fine-grained segment performance data generated during workload
execution. This data provides localized and timely evidence of how the database responds to
specific configuration settings, thereby playing a critical role in performance forecasting. Unlike
fixed-length configuration vectors, segment performance data are naturally represented as variable-
length sequences, since the number of segments depends on how much of the workload has been
executed. In addition, strong dependencies are often present within these sequences. For example,
SQL queries executed early in the workload may warm the cache, which may in turn accelerate
subsequent queries that access the same data. Therefore, segment performance data is organized as
variable-length sequential data to explicitly represent the interdependencies among queries.

Numerous neural network architectures have been proposed for modeling variable-length se-
quential data, such as Recurrent Neural Networks (RNNs)[10, 31], Long Short-Term Memory
Networks (LSTMs)[14], GRUs[6], and Transformers[40]. Among these, GRUs offer an effective
trade-off between modeling capacity and computational efficiency. Specifically, GRUs employ
gating mechanisms to mitigate vanishing and exploding gradient problems inherent in traditional
RNNs, thereby facilitating the capture of long-term dependencies in sequential data. Compared to
LSTMs, GRUs simplify the architecture by using only two gates (i.e., update gates and reset gates),
thereby reducing model complexity and computational overhead. Although Transformers excel at
parallel sequence modeling for large-scale datasets, their substantial computational and memory
requirements make them less practical for resource-constrained scenarios. Furthermore, database
knob tuning typically generates relatively small-scale datasets, where Transformers are more likely
to overfit.
In the context of segment performance data, GRUs regulate the flow of information across the

sequence of performance measurements using two key gating mechanisms: the update gate and the
reset gate. The update gate 𝑧𝑡 controls how much of the previous hidden state ℎ𝑡−1, which encodes
the previous segment performance data, is carried over to the current hidden state ℎ𝑡 . This enables
the GRU to balance historical segment performance data with newly acquired segment performance
data, capturing both long-term dependencies and real-time changes in system performance as new
segment performance data becomes available. It is computed as follows:

𝑧𝑡 = 𝜎𝑎𝑐𝑡 (𝑊𝑧 [ℎ𝑡−1, 𝑠𝑡 ] + 𝑏𝑧) (5)

where 𝑠𝑡 represents the segment performance data at time step 𝑡 , 𝜎𝑎𝑐𝑡 is the sigmoid activation
function,𝑊𝑧 is the weight matrix, and 𝑏𝑧 is the bias term for the update gate.
The reset gate 𝑟𝑡 controls the extent to which the previous hidden state ℎ𝑡−1 is incorporated

into the candidate hidden state ℎ̃𝑡 . This candidate state captures interdependencies and sequential
patterns within the segment performance data. This mechanism is crucial for selectively discarding
irrelevant or outdated performance data from previous segments, while allowing the model to
incorporate new, relevant segment performance data as subsequent segments are processed. The
reset gate is computed as follows:

𝑟𝑡 = 𝜎𝑎𝑐𝑡 (𝑊𝑟 [ℎ𝑡−1, 𝑠𝑡 ] + 𝑏𝑟 ) (6)

where𝑊𝑟 and 𝑏𝑟 are the weight matrix and bias term for the reset gate, respectively. This gate
helps discard irrelevant information when 𝑟𝑡 is close to 0, while retaining past information when 𝑟𝑡
approaches 1.
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The candidate hidden state ℎ̃𝑡 is computed based on the current segment’s performance input 𝑠𝑡
and the previous hidden stateℎ𝑡−1, modulated by the reset gate 𝑟𝑡 . This step is essential for modeling
how previous segment performance influences the current segment performance, allowing ESTune
to capture dynamic dependencies between consecutive segments in a database workload. It is
calculated as follows:

ℎ̃𝑡 = tanh(𝑊ℎ [𝑟𝑡 ⊙ ℎ𝑡−1, 𝑠𝑡 ] + 𝑏ℎ) (7)
where𝑊ℎ and 𝑏ℎ represent the weight matrix and bias term for the candidate hidden state, respec-
tively, and ⊙ denotes the Hadamard product. The nonlinear activation function tanh enables the
model to capture complex, nonlinear dependencies within the segment performance data.
Finally, the output hidden state ℎ𝑡 is calculated by combining the previous segment’s hidden

state ℎ𝑡−1 and the candidate hidden state ℎ̃𝑡 , with their respective contributions regulated by the
update gate 𝑧𝑡 :

ℎ𝑡 = 𝑧𝑡 ⊙ ℎ𝑡−1 + (1 − 𝑧𝑡 ) ⊙ ℎ̃𝑡 (8)
This process enables ESTune to integrate performance data from multiple segments and make
accurate predictions about database performance, leveraging both historical patterns and new
segment information.

5.2.3 BNN for Performance Distribution Prediction. In ESTune, we employ BNNs to combine the
outputs from the GRU and FNN, where the model weights and biases are treated as probability
distributions rather than fixed values. This probabilistic framework enables principled quantification
of predictive uncertainty and provides inherent regularization, thus reducing overfitting and
improving generalization in performance prediction.

BNNs extend traditional neural networks by assigning probability distributions to the network
parameters (e.g., weights and biases). Each parameter is associated with a prior distribution, typically
chosen as a Gaussian distribution due to its mathematical convenience and connection to the central
limit theorem. This approach enables explicit modeling of uncertainty in performance predictions
by accounting for uncertainties in both segment performance data and configuration data encoding.
As new segment performance data become available, the model updates the posterior distributions
of the parameters using Bayes’ theorem:

𝑝 (𝜃 |𝐷𝐵𝑁𝑁 ) =
𝑝 (𝐷𝐵𝑁𝑁 |𝜃 )𝑝 (𝜃 )

𝑝 (𝐷𝐵𝑁𝑁 )
(9)

where 𝑝 (𝜃 ) is the prior, 𝑝 (𝐷𝐵𝑁𝑁 |𝜃 ) is the likelihood, and 𝑝 (𝜃 |𝐷𝐵𝑁𝑁 ) is the posterior distribution
after observing the training data 𝐷𝐵𝑁𝑁 . This Bayesian updating process refines the model’s un-
certainty estimates, providing more robust and reliable performance predictions by continuously
adapting to new segment performance data encoding.

5.2.4 Architecture of HBNN. The architecture of HBNN is illustrated in Figure 5. The GRU encodes
the segment performance sequence (𝑠0, 𝑠1, . . . , 𝑠𝑙 ), where 𝑙 denotes the last index of the sequence (i.e.,
the sequence has 𝑙 + 1 elements). Simultaneously, the FNN extracts features from the 𝑛-dimensional
configuration vector (𝑣1, 𝑣2, . . . , 𝑣𝑛). The outputs of the GRU and FNN are concatenated and fed into
the BNN, which models the distribution of database performance by predicting both its mean and
variance. Notably, before the start of each iteration, 𝑠0 is set to zero to represent the scenario where
predictions are made solely based on configuration parameters before any workload execution.

5.3 Implementation of Evaluator
The evaluator determines whether to stop workload execution based on the mean and variance
predicted by the HBNN. At each iteration, it first sorts the historical database performance metrics
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GRU Network

BNN

FNN

Fig. 5. The HBNN Architecture

from previous iterations within the same tuning task. For metrics where higher values indicate better
performance (e.g., throughput), the values are sorted in descending order; for metrics where lower
values are preferred (e.g., total runtime), they are sorted in ascending order. The resulting sequence
is denoted as 𝑝1, 𝑝2, . . . , 𝑝ℓ . A threshold value is then selected from this ordered set, specifically
𝑝 ⌈ℓ ·𝑝𝑐𝑡 ⌉ , where 𝑝𝑐𝑡 denotes the chosen percentile. The evaluator compares the predicted database
performance against this threshold: if the predicted performance is worse than the threshold, the
current workload execution is terminated, and the predicted mean is recorded as the performance
for the current configuration. The choice of 𝑝𝑐𝑡 is critical. For example, when throughput is the
tuning metric, setting 𝑝𝑐𝑡 too low may erroneously filter out promising configurations, thereby
reducing overall tuning effectiveness. Conversely, setting 𝑝𝑐𝑡 too high may fail to improve tuning
efficiency due to insufficient early stopping of underperforming configurations. To determine an
appropriate value, we conducted experiments depicted in Figure 6; the results demonstrate that
setting 𝑝𝑐𝑡 to 40% yields optimal tuning performance. Therefore, 𝑝𝑐𝑡 is set to 40% in all subsequent
experiments.
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Fig. 6. Results for different 𝑝𝑐𝑡 values on MySQL

Since the HBNN predicts the performance distribution for each configuration in terms of both
mean and variance, the evaluator employs the cumulative distribution function (CDF) to compare
the predicted distribution against the performance threshold. Specifically, let 𝜇𝑔 and 𝜎2

𝑔 denote the

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 35. Publication date: February 2026.



35:12 Zhongwei Yue et al.

predicted mean and variance of the current configuration’s performance. The evaluator computes
the probability that the predicted performance is worse than the threshold 𝑝 ⌈ℓ ·𝑝𝑐𝑡 ⌉ using the CDF:

𝐹 (𝑦𝑖 ) =


∫ 𝑝 ⌈ℓ ·𝑝𝑐𝑡⌉
−∞

1√
2𝜋𝜎𝑔

𝑒
− (𝑡−𝜇𝑔 )

2

2𝜎2
𝑔 𝑑𝑡, for maximization∫ +∞

𝑝 ⌈ℓ ·𝑝𝑐𝑡⌉
1√

2𝜋𝜎𝑔
𝑒
− (𝑡−𝜇𝑔 )

2

2𝜎2
𝑔 𝑑𝑡, for minimization

(10)

Based on the experimental results in Figure 14 (detailed in Section 6.10) and Table 4 (detailed in
Section 6.7), ESTune adopts a 95% CDF t for early stopping decisions. According to this criterion,
a configuration is classified as underperforming if the evaluator determines that the probability
𝐹 (𝑦𝑖 ) of its predicted performance being worse than the threshold is at least 95%. This approach
prevents unwarranted early termination in cases where predictive uncertainty is substantial, thereby
improving the reliability of predicted values used as surrogates for actual database performance.

5.4 The Workflow of ESTune
The workflow of ESTune is illustrated in algorithm 1. At the initial iteration, the HBNN model
is constructed, and a performance queue 𝑄 is initialized to store database performance metrics
in an ordered manner (𝑙𝑖𝑛𝑒 1 ∼ 3). The segment performance queue 𝑆 is initially populated with
0, enabling ESTune to make performance predictions solely based on configuration parameters
(𝑙𝑖𝑛𝑒 9). During workload execution, newly generated segment performance metrics are sequentially
appended to 𝑆 (𝑙𝑖𝑛𝑒 11). The HBNN then uses the current 𝑆 and configuration knob set𝑉 to predict
the performance distribution (𝑙𝑖𝑛𝑒 21). If the predicted distribution satisfies the early stopping
criterion (𝑙𝑖𝑛𝑒 22), ESTune signals the database to halt further workload execution (𝑙𝑖𝑛𝑒 23), and
appends the predicted mean 𝜇𝑔 to𝑄 (𝑙𝑖𝑛𝑒 24). The updated queue𝑄 is subsequently used in the next
iteration. Once all segment metrics have been collected (𝑙𝑖𝑛𝑒 12), the HBNN model is updated using
all prefix subsequences of 𝑆 , the knob set 𝑉 , and the performance 𝑝𝑖 obtained from fully executing
the workload (𝑙𝑖𝑛𝑒 15 ∼ 17). This update enhances predictive accuracy in future iterations.
Label Handling and Update Protocol. Early-stopped trials are never used as training labels

for the HBNN. The predictive mean is used only to (i) evaluate the 95% CDF-based stopping test
and (ii) supply a surrogate performance value to the recommender for subsequent configuration
selection; it is never fed back as a ground-truth label. The HBNN parameters are updated exclusively
using data from fully executed runs. This protocol prevents prediction leakage into training and
mitigates exploration bias.

Sampling Policy and Imbalance. ESTune operates downstream of the sampling policy imple-
mented by the underlying tuner (e.g., OtterTune, HUNTER) and therefore does not control which
configurations are sampled. To mitigate the impact of imbalance on prediction accuracy, ESTune
continually updates its estimate of overall performance whenever new segment-level performance
(i.e., 𝑠𝑖 in Figure 5 of Section 5.2) is observed, thereby improving estimation accuracy by leveraging
partial-run data. Furthermore, ESTune employs few-shot meta-learning to improve generalization
across diverse tuning scenarios. Empirically, Table 4 (detailed in Section 6.7) shows that a 95%
CDF threshold keeps MaxAPE at ≤ 15%, and Figure 14 (detailed in Section 6.10) demonstrates that
MaxAPE ≤ 15% does not materially affect the final tuning outcome. Therefore, ESTune adopts 95%
as the CDF threshold, improving tuning efficiency without sacrificing effectiveness.

5.5 MAML-Enhanced Few-Shot Learning
Given the practical requirement for database knob tuning to yield satisfactory results within a few
hours, the number of tuning iterations is typically limited. This limitation, in turn, constrains the
amount of training data available for the HBNN. Neural networks often underperform in such
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Algorithm 1: The workflow of HBNN and evaluators during each iteration.
Input: 𝑖: the iteration number; 𝑄 : set of historical performance metrics; 𝑛𝑢𝑚𝑠𝑒𝑔: the number

of database segment performances.
1 if 𝑖 = 1 then
2 𝐶𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡_𝐻𝐵𝑁𝑁 ()
3 𝑄 ← 𝑆𝑜𝑟𝑡_𝑞𝑢𝑒𝑢𝑒 ()
4 𝑉 ← the set of knob values for the 𝑖-th iteration
5 𝑆 ← 𝑄𝑢𝑒𝑢𝑒 ()
6 while 𝑇𝑟𝑢𝑒 do
7 𝐿 ← 𝐿𝑒𝑛𝑔𝑡ℎ(𝑆)
8 if 𝐿 = 0 then
9 𝑆.𝑎𝑑𝑑 (0)

10 else
11 𝑆.𝑎𝑑𝑑 (𝑔𝑒𝑡_𝑠𝑒𝑔𝑚𝑒𝑛𝑡_𝑝𝑒𝑟 𝑓 𝑜𝑟𝑚𝑎𝑛𝑐𝑒 ())
12 if 𝑛𝑢𝑚𝑠𝑒𝑔 = 𝐿 then
13 𝑝𝑖 ← 𝑔𝑒𝑡_𝑝𝑒𝑟 𝑓 𝑜𝑟𝑚𝑎𝑛𝑐𝑒 ()
14 𝑡𝑚𝑝_𝑠 ← 𝑄𝑢𝑒𝑢𝑒 ()
15 for 𝑒𝑙𝑒𝑚𝑒𝑛𝑡 ∈ 𝑆 do
16 𝑡𝑚𝑝_𝑠 .𝑎𝑑𝑑 (𝑒𝑙𝑒𝑚𝑒𝑛𝑡)
17 𝑢𝑝𝑑𝑎𝑡𝑒_𝐻𝐵𝑁𝑁 (𝑡𝑚𝑝_𝑠,𝑉 , 𝑝𝑖 )
18 𝑄.𝑎𝑑𝑑 (𝑝𝑖 )
19 𝑏𝑟𝑒𝑎𝑘

20 else
21 (𝜇𝑔, 𝜎2

𝑔 ) = 𝐻𝐵𝑁𝑁_𝑝𝑟𝑒𝑑𝑖𝑐𝑡 (𝑆,𝑉 )
22 if 𝑒𝑣𝑎𝑙 (𝜇𝑔, 𝜎2

𝑔 , 𝑄.𝑖𝑛𝑑𝑒𝑥 (⌈𝐿 · 𝑝𝑐𝑡⌉) > 95% then
23 𝑠𝑒𝑛𝑑_𝑠𝑡𝑜𝑝_𝑠𝑖𝑔𝑛𝑎𝑙 ()
24 𝑄.𝑎𝑑𝑑 (𝜇𝑔)
25 break

data-limited scenarios, as they typically require abundant training data to optimize parameters,
avoid overfitting, and achieve strong generalization. To address this limitation, we incorporate
MAML into HBNN, which enables the model to rapidly adapt to new tasks with limited data by
learning a well-generalized initialization parameters from a set of related historical tuning tasks.
In the context of database knob tuning, each historical tuning task corresponds to a distinct

dataset, which is partitioned into a support set and a query set. The support set is used for inner-loop
adaptation, while the query set evaluates the model’s post-adaptation performance. Prior to meta-
training, the global initialization parameters of the HBNN model, denoted by 𝜃 , are shared across
all historical tasks, allowing the model to learn from a diverse range of past tuning experiences. For
each historical task, the model first performs a forward pass on the support set using the current
global parameters 𝜃 to compute the task-specific loss. This loss is then used to adapt the parameters
via gradient descent, yielding the adapted parameters for the 𝑖-th task:

𝜃 ′𝑖 = 𝜃 − 𝛼∇𝜃𝐿𝑇𝑖 (𝜃 ) (11)
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where 𝛼 is the learning rate and 𝐿𝑇𝑖 denotes the loss function for the 𝑖-th historical task 𝑇𝑖 .
The query set for each task is then used to evaluate the adapted parameters 𝜃 ′𝑖 , and the resulting

loss is used to compute the meta-gradient with respect to the global parameters 𝜃 . The meta-update
step is as follows:

𝜃 ← 𝜃 − 𝛽
∑︁

𝑇𝑖∇𝜃𝐿𝑇𝑖 (𝜃 ′𝑖 ) (12)

where 𝛽 denotes the meta-learning rate. This iterative cycle of task-specific adaptation and global
meta-update progressively optimizes the initialization parameters, enabling rapid adaptation to
new tuning tasks.
To make the initialization of optimization parameters better suited to the characteristics of the

current tuning task, MAML utilizes historical data from the same workload category (e.g., time-
based or volume-based) when learning the initialization parameters of the HBNN. This targeted
selection strategy incorporates domain-specific knowledge into the initialization process, thereby
accelerating convergence and improving prediction accuracy.

6 Experimental Evaluation
In this section, we empirically evaluate the design of ESTune using two widely-used benchmarks.

6.1 Experimental Setup
6.1.1 Experimental Settings. All experiments were conducted on a host equipped with an 8-core
2.10 GHz CPU, 16 GB of RAM, and a 150 GB HDD. MySQL 8.0 and PostgreSQL 12.12 were used
as the target DBMSs for knob tuning. We use a preselected subset of 100 knobs for MySQL and
90 for PostgreSQL. The HBNN was composed of a single-layer GRU network, a three-layer FNN,
and a four-layer BNN. We employed two representative workloads from OLTPBench [8]: TPC-C
and TPC-H. The TPC-C workload, simulating a time-based operational environment, was set up
with 320 warehouses, a data size of approximately 20 GB, and 500 terminals. The TPC-H workload,
representing a volume-based scenario, was configured with a scale factor of 25, corresponding to
a data size of approximately 25 GB. The total tuning duration was set to 240 minutes, with each
iteration of the TPC-C workload lasting 200 seconds.

Notably, the aforementioned subsets of 100 knobs for MySQL and 90 knobs for PostgreSQL were
derived by selecting knobs that met at least one of the following two criteria: (i) Performance
impact, knobs known to significantly affect database performance (e.g., innodb_buffer_pool_size);
and (ii) Configuration representativeness, knobs that cover various modules of the database
system (such as storage, lock management, and caching), so as to enable the database to exhibit
performance reflective of real-world scenarios. These knobs are frequently studied in database
tuning research, including prior work such as OtterTune and CDBTune, as well as industry tuning
guides. This selection yields a representative and effective knob set for evaluating the performance
of the tuning methods.

6.1.2 Baseline Methods. Database tuning methods are typically categorized into six classes: search-
based, GP-based, SMAC-based, reinforcement learning (RL)-based, hybrid methods, and large
language model (LLM)-based methods, as detailed in Section 7. To comprehensively evaluate
the performance improvements introduced by ESTune, we select one or two methods from each
category, namely BestConfig [53], OBTune [43], OtterTune [1], LlamaTune (SMAC) [17], GPTuner
[23], HUNTER [4], OpAdviser [48], and E2ETune [15].
Among these, the first seven methods employ iterative tuning frameworks, allowing for direct

integration with ESTune, which results in their enhanced versions: ES_BestConfig, ES_OBTune,
ES_OtterTune, ES_LlamaTune (SMAC), ES_GPTuner, ES_HUNTER, and ES_OpAdviser. In contrast,
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E2ETune recommends an initial configuration for new tuning environments, and additional perfor-
mance improvements are achieved through subsequent iterative tuning methods. To evaluate its
effectiveness, we use E2ETune to identify an initial configuration, then apply BestConfig, Otter-
Tune, and OpAdviser to tune this configuration. The methods utilizing the initial configuration
recommended by E2ETune are denoted as BestConfig+, OtterTune+, and OpAdviser+. The versions
enhanced with ESTune for improved efficiency are referred to as ES_BestConfig+, ES_OtterTune+,
and ES_OpAdviser+, respectively.

It is worth noting that, among these methods, BestConfig and BestConfig+ focus on identifying
promising regions within the configuration space as ameans to optimize the knob configuration, and
these promising regions are identified using Latin Hypercube Sampling (LHS). Accordingly, ESTune
aims to accelerate the discovery of such regions during the LHS process. Its early stopping strategy
is determined solely based on the performance of the current set of LHS-sampled configurations,
without considering the performance of previously sampled configurations within the current task.

6.1.3 Data Repository. The HBNN parameters were initialized using MAML with historical tuning
task data. Specifically, for the volume-based tuning category, data from ten tuning tasks were
collected for both the TPC-DS and SSB workloads. Similarly, for the time-based tuning category,
historical data from ten tuning tasks were gathered for both the Wikipedia and YCSB workloads.

6.2 Practical Overhead of ESTune Integration
Each iteration of tuning methods typically consists of two primary phases: workload execution and
configuration recommendation. ESTune introduces two additional steps: configuration performance
prediction, and HBNN updating. Configuration performance prediction is performed concurrently
with workload execution, where the HBNN model is used to evaluate the performance of each
configuration knob. The overhead of this process is negligible, with each prediction requiring no
more than 0.01 seconds.
HBNN updating is part of the configuration recommendation phase and occurs only after the

workload has been fully executed. This update is not performed in every iteration but is triggered
after the entire workload execution. To quantify the computational overhead of model updates,
we compared the configuration recommendation time between the original tuning method and
its ESTune-enhanced counterpart with model updates enabled, as shown in Table 1. The results
indicate that, although HBNN updating slightly increase recommendation time, the additional
overhead is negligible for long-running workloads. The configuration recommendation times
for ES_BestConfig+, ES_OtterTune+, and ES_OpAdviser+ are similar to those for ES_BestConfig,
ES_OtterTune, and ES_OpAdviser, respectively. Similarly, the configuration recommendation times
for BestConfig+, OtterTune+, and OpAdviser+ are comparable to those for BestConfig, OtterTune,
and OpAdviser, respectively. This is due to the fact that their iterative processes follow the same
underlying principles.

6.3 Efficiency Comparison
We evaluated both the original and ESTune-enhanced versions on MySQL under the TPC-C
workload, with results presented in Figure 7. Our experiments consistently demonstrate that ESTune
improves tuning efficiency. For example, ES_BestConfig achieved the final result of BestConfig
in just 160 minutes, a 31% reduction in tuning time from the original 232-minute result. Tuning
methods such as BestConfig+, OtterTune+, and OPTuner+, which utilize initial configurations
recommended by E2ETune, achieved convergence within the 240-minute tuning window. Notably,
ESTune further accelerates these methods’ convergence process, leading to the faster attainment of
high-performing configurations.
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Table 1. Time spent in recommended configuration stages.

Methods Original Time Enhanced Time

BestConfig < 0.01s 2.04s
OtterTune 7.01s 7.61s
HUNTER 0.02s 2.05s
LlamaTune (SMAC) 1.67s 3.21s
OpAdviser 6.01s 6.78s
OBTune 7.22s 7.85s
GPTuner 1.68s 3.22s
BestConfig+ < 0.01s 2.03s
OtterTune+ 7.00s 7.62s
OpAdviser+ 6.02s 6.77s
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Fig. 7. Tuning results of MySQL on TPC-C workload

The primary advantage of ESTune lies in its ability to accelerate tuning by enabling early
termination of underperforming configurations, thereby allowing more iterations within a fixed
time budget. This, in turn, increases the likelihood of discovering superior configurations. This
analysis is empirically confirmed by counting the number of iterations completed within 240
minutes for each tuning method, as shown in Table 2. The statistical results indicate that, within
240 minutes, the ESTune-enhanced versions performed over 40 more iterations than their original
counterparts.

We conducted further experiments on the MySQL database using the TPC-H benchmark work-
load, as detailed in Figure 8. The experimental results continue to demonstrate that ESTune signifi-
cantly improves the tuning efficiency of the original methods. The similarity between ES_OtterTune+
and OtterTune+ in Figure 8 is attributable to the fact that both the tuning has converged and that
early stopping does not materially affect final outcome of OtterTune+. Minor discrepancies of
ES_OtterTune+ relative to OtterTune+ are expected mainly due to performance fluctuation between
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Table 2. The number of iterations within 240 minutes

Methods Original Iterations Enhanced Iterations

BestConfig 71 122
OtterTune 69 115
HUNTER 71 119
LlamaTune (SMAC) 71 121
OpAdviser 69 116
OBTune 69 113
GPTuner 71 117
BestConfig+ 71 122
OtterTune+ 69 116
OpAdviser+ 69 115

different runs under the same configuration; these differences are small, fall within normal statistical
variation, and are negligible. The same holds for other workloads: when both methods converge,
any residual gap is likewise insignificant.
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Fig. 8. Tuning results of MySQL on TPC-H workload

6.4 Evaluation on Generalization
To assess the generalizability of ESTune, we evaluated both the original and ESTune-enhanced
tuning methods on PostgreSQL under the TPC-C workload (shown in Figure 9). The results show
that the ESTune-enhanced methods consistently outperform the original methods in terms of
tuning efficiency. OpAdviser+, BestConfig+, and their corresponding ESTune-enhanced variants
all achieved convergence within the 240-minute evaluation window. In contrast, OtterTune+ and
ES_OtterTune+ did not converge within the allotted time. This limitation is primarily due to their
susceptibility to getting trapped in local optima during the iterative tuning process, which impedes
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both convergence speed and final performance. It is noteworthy that, for the TPC-C workload, the
original methods exhibited nearly identical numbers of iterations on both MySQL and PostgreSQL.
This was mainly due to the fixed workload execution time per iteration.
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Fig. 9. Tuning results of PostgreSQL on TPC-C workload

By comparing Figure 7 and Figure 9, we observe that early stopping yields different magnitudes
of improvement on MySQL and PostgreSQL. Although the gains are generally larger on MySQL in
these experiments, the ES_OpAdviser case is a notable counterexample. These differences arise
from database-specific characteristics that cause the same tuning algorithm to explore distinct
configuration sequences on the two systems. Specifically, the underperforming configurations
encountered in the MySQL sequence exhibited poor-performance patterns that provided a clearer
and more predictable signal to the HBNN model. This allowed ESTune to quickly form high-
confidence predictions and thus trigger the early-stopping criterion more frequently. Conversely,
the poor-performance patterns on PostgreSQL exhibited higher variance, which caused ESTune’s
model to behave more conservatively. As a result, the corresponding predictive intervals were
wider and satisfied the early-stopping criterion less often, leading to smaller observed efficiency
gains.

6.5 Analysis of Iteration Progress Over Time
To elucidate how early stopping affects tuning progress over time, we conducted an experiment
that analyzes the cumulative number of completed iterations as a function of elapsed tuning time,
as shown in Figure 10. The results indicate that gains in tuning efficiency (i.e., faster growth in
cumulative iterations relative to the baseline without early stopping ) are non-linear, emerging
predominantly in the middle-to-late stages of the tuning process rather than uniformly over
time. For instance, within the first 120 minutes (i.e., 50% of the total time budget), ES_BestConfig
completes only 37% of its total iterations. By contrast, the BestConfig baseline completes exactly
50% of its iterations within the first 120 minutes.

This phenomenon is intrinsically linked to the confidence-bound mechanism of the HBNNmodel.
In the initial tuning phase, the scarcity of historical data leads to high predictive variance in the
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Fig. 10. Relationship between cumulative iterations and elapsed time for MySQL tuning under TPC-C

model’s outputs. This, in turn, results in wider confidence intervals, making it difficult for the
early-stopping condition to be satisfied. Conversely, as the tuning process progresses, the HBNN
accumulates sufficient data, leading to a substantial reduction in predictive variance. Consequently,
the confidence intervals narrow, enabling the early-stopping strategy to identify and terminate
underperforming configurations more frequently.

6.6 Evaluation in Cold Start Scenarios
The cold start problem, characterized by the absence of historical data, is commonly encountered in
database knob tuning. To assess the effectiveness of ESTune under such conditions, we conducted
comparative experiments by comparing the ESTune-enhanced methods to the original tuning
methods.
In the cold-start scenario, the tuning procedures of LlamaTune (SMAC), BestConfig, OBTune,

and GPTuner do not rely on historical tuning task data and are thus unaffected by cold start.
Consequently, their experimental results are omitted. In contrast, OpAdviser requires historical
data to select an appropriate optimizer, making it inapplicable under cold-start conditions, and
therefore it is excluded from the experiments. Additionally, E2ETune relies on relevant historical
data for training, so its results are also excluded in the cold-start setting. Therefore, in the absence of
historical data, we evaluated the remaining tuning methods on MySQL using the TPC-C benchmark,
as illustrated in Figure 11. The experimental results demonstrate that ESTune significantly im-
proves both the final tuning results and tuning efficiency, even without historical data. Specifically,
ES_HUNTER achieved the optimal result that HUNTER reached in 158 minutes within only 112
minutes, representing a 29% improvement in tuning efficiency.
Even in the absence of historical data, ESTune can still effectively terminate underperforming

configurations early. This capability enables more iterations within a fixed time budget, thereby
enhancing the tuning efficiency of the original methods. To validate this, we measured the number
of iterations completed by each method without historical data, as shown in Table 3. The results
indicate that within 240 minutes, the enhanced methods completed over 24 additional iterations
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Fig. 11. Tuning results of MySQL on TPC-C workload without historical data

compared to their original counterparts. It is important to note that although the computational
overhead for OtterTune andHUNTER to select the next sample is reduced under cold-start compared
to the historical data scenario, this saving is negligible compared to the dominant, fixed cost of
workload execution. Consequently, their total number of completed iterations remains identical to
that of the historical data scenario.

Table 3. The number of iterations without historical data

Methods Original Iterations Enhanced Iterations

OBTune 69 95
HUNTER 71 96

6.7 Analysis of the CDF threshold
To determine an appropriate CDF threshold, we evaluated several candidate thresholds across all
ESTune-enhanced tuning methods. For each threshold, we compared the predicted performance
with the actual performance for all early-stopped configurations and computed the resulting
Maximum Absolute Percentage Error (MaxAPE) and Mean Absolute Percentage Error (MAPE).
Table 4 summarizes the relationship between the CDF threshold and the corresponding error
metrics.

Table 4. Comparison of MaxAPE and MAPE across different methods and CDF threshold.

Methods CDF 97% CDF 95% CDF 93% CDF 91%
(Max/MAPE) (Max/MAPE) (Max/MAPE) (Max/MAPE)

ES_BestConfig 11.0% / 3.3% 14.9% / 5.2% 18.1% / 8.5% 23.9% / 11.7%
ES_OtterTune 11.1% / 3.5% 14.5% / 5.6% 19.0% / 8.8% 23.1% / 11.6%
ES_HUNTER 11.6% / 3.6% 15.1% / 5.7% 18.7% / 8.8% 23.3% / 11.8%
ES_OpAdviser 11.2% / 3.3% 15.2% / 5.9% 18.3% / 8.9% 23.2% / 11.4%
ES_LlamaTune 11.5% / 3.4% 14.4% / 5.3% 18.8% / 8.2% 23.5% / 11.5%
ES_OBTune 11.3% / 3.2% 14.7% / 5.1% 18.6% / 8.1% 23.0% / 11.7%
ES_GPTuner 11.1% / 3.4% 15.7% / 5.6% 18.5% / 8.5% 23.4% / 11.8%
ES_BestConfig+ 11.1% / 3.5% 14.8% / 5.4% 18.8% / 8.4% 23.8% / 12.1%
ES_OtterTune+ 11.2% / 3.5% 15.1% / 5.7% 18.7% / 8.9% 23.3% / 11.6%
ES_OpAdviser+ 11.4% / 3.6% 14.8% / 5.9% 18.5% / 8.8% 23.4% / 11.9%

The results demonstrate that smaller CDF thresholds tend to yield larger MaxAPE and MAPE.
Crucially, a 95% CDF threshold keeps MaxAPE within 15%. As shown in Figure 14 (detailed in
Section 6.10), MaxAPE ≤ 15% does not materially affect the final tuning outcome, whereas larger
errors can severely compromise the effectiveness of the tuning method. Therefore, we adopt a
95% CDF threshold, which strikes an effective balance between tuning efficiency and predictive
robustness.
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6.8 Ablation Study on MAML
To enhance the few-shot adaptation capability of HBNN, ESTune integrates MAML. To assess
the contribution of MAML, we conducted an ablation study by removing the MAML component
from the ESTune-enhanced methods. The resulting variants, denoted as ES_LlamaTune(SMAC)_M,
ES_BestConfig_M, ES_BestConfig+_M, ES_OBTune_M, ES_OtterTune_M, ES_OtterTune+_M, ES_
GPTuner_M, ES_HUNTER_M, ES_OpAdviser_M, and ES_OpAdviser_M, represent the correspond-
ing ESTune-enhanced methods without MAML.

The tuning results of the enhanced and reduced-MAML versions correspond to those presented
in Figure 12. Experimental results consistently show that the enhanced versions outperform their
reduced-MAML counterparts in tuning efficiency. This performance gain is primarily attributed
to the MAML module’s ability to optimize initial parameters effectively, thereby accelerating
convergence to optimal configurations for new tuning tasks.
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Fig. 12. Ablation study on MAML

6.9 Ablation Study on GRU
In the context of database performance prediction, HBNN leverages both configuration data and
segment performance data, with the latter providing crucial local information about workload exe-
cution. To evaluate the contribution of segment performance data, we conducted an ablation study
by removing the GRU. The resulting variants, denoted as ES_BestConfig_G, ES_BestConfig+_G,
ES_LlamaTune(SMAC)_G, ES_OpAdviser_G, ES_OpAdviser+_G, ES_OtterTune_G, ES_OtterTune+_G,
ES_GPTuner_G, ES_OBTune-G, and ES_HUNTER_G, represent the ESTune-enhanced methods
with the GRU module excluded.

We conducted configuration knob tuning experiments on the MySQL database using the TPC-
C benchmark workload to compare the tuning performance of ESTune-enhanced versions with
their reduced-GRU counterparts, as shown in Figure 13. The results indicate that the enhanced
versions achieved an improvement in tuning efficiency. This improvement can be attributed to the
incorporation of segment performance data, which substantially enhances the prediction accuracy
of HBNN and increases the opportunities for early stopping. To validate this, we recorded the total
number of iterations completed within 240 minutes, as shown in Table 5. The enhanced versions
completed over 13 additional iterations compared to the reduced-GRU variants, demonstrating the
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importance of leveraging segment performance data in improving tuning efficiency for database
knob tuning.
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Fig. 13. Ablation study on GRU

Table 5. The number of iterations without GRU

Methods Without GRU With GRU

ES_BestConfig 98 122
ES_OtterTune 101 115
ES_HUNTER 100 119
ES_LlamaTune (SMAC) 99 121
ES_OpAdviser 96 116
OBTune 98 113
GPTuner 100 117
BestConfig+ 97 122
OtterTune+ 99 116
OpAdviser+ 101 115

6.10 Ablation Study on Evaluation Inaccuracy
To assess how inaccuracies in performance evaluation affect the final tuning outcome, we injects
controlled noise into the actual performance 𝐴𝑖 of configurations flagged as underperforming by
the evaluator. Specifically, for each such configuration, we set 𝐴̃𝑖 = 𝐴𝑖 · 𝑢, where 𝑢 is drawn at
random from the interval [1 −MaxAPE, 1 +MaxAPE]. We vary MaxAPE over {0%, 5%, 10%, 15%,
20%, 25%, 30%, 35%} and measure the final tuning performance after 100 iterations. As shown
in Figure 14, the final tuning outcome remains stable when MaxAPE ≤ 15%. Beyond this range,
the final tuning performance degrades significantly, which is consistent with the expectation that
large perturbations can severely compromise the effectiveness of the tuning method. This ablation
study shows that when the injected evaluation error for underperforming configurations is limited
to ≤ 15%, the tuning method’s effectiveness is preserved and the results remain uncompromised.
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Table 4 (detailed in Section 6.7) shows that setting the CDF threshold to 95% keeps the approximation
error within the 15% tolerance. Consequently, we adopt 95% as the CDF threshold.
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Fig. 14. Results for different𝑀𝑎𝑥𝐴𝑃𝐸 on MySQL

6.11 Discussion on Tuning Settings
To systematically compare these settings, we use ES_OtterTune as a baseline and perform controlled
comparisons.With historical data (i.e., in thewarm-start setting), ES_OtterTune in Figure 11 achieves
higher final performance than cold-start ES_OtterTune in Figure 7, primarily because MAML
leverages historical runs to meta-learn better initializations, thereby accelerating adaptation and
convergence on new tuning tasks. Figure 12 further conducts aMAML ablation by comparing the full
ESTune-enhanced ES_OtterTune with its MAML-ablated variant ES_OtterTune_M, demonstrating
that removing MAML consistently slows convergence and reduces final performance. Finally,
Figure 13 evaluates the effect of the GRU component on ES_OtterTune and shows that it yields
higher tuning efficiency than its GRU-free variant ES_OtterTune_G. This improvement occurs
because modeling segment-level performance sequences with a GRU improves the predictive
accuracy for early-stopped configurations and increases opportunities for early stopping. Overall,
both MAML and GRU are critical for improving ESTune’s tuning efficiency.

7 Related Works
Existing tuning approaches fall into six classes: search-based methods, GP-based methods [32],
SMAC-based methods [16], RL-based methods, hybrid methods, and LLM-based methods [27, 30].
Search-based Methods. BestConfig [53] tunes configuration knobs by iteratively narrowing

the parameter space. It first applies Latin Hypercube Sampling (LHS) [28] over the global space,
evaluates all candidates, and selects the best-performing configuration. The configuration’s neigh-
borhood serves as the local search region for LHS resampling. If an improved configuration is
found, the local search repeats; otherwise, the search restarts from the global space. Owing to the
stochastic nature of sampling, BestConfig’s tuning outcomes can vary substantially.

GP-based Methods. iTuned [36] pioneered the application of GPs for parameter tuning, initial-
izing a preliminary model using LHS-sampled data. OtterTune [1] initializes its GP with historical
data, uses Lasso [37] for knob selection, and adopts an incremental strategy [7]. ResTune [46]
focuses on minimizing resource usage while maintaining performance. CGPTuner [5] considers
contextual factors (e.g., operating system and Java Virtual Machine) and uses Contextual GP
Bandit Optimization [21] to tune knobs of the entire IT stack. ONLINETUNE [47] introduces an
online framework [9] for adaptive tuning in dynamic cloud environments. OBTune [43] addresses
multi-objective (e.g., functionality-level) tuning using multi-task GPs [3, 13, 20]. While GPs are
effective in balancing exploration and exploitation, they face scalability issues when applied to
high-dimensional knob-tuning tasks.

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 35. Publication date: February 2026.



35:24 Zhongwei Yue et al.

SMAC-based Methods. As demonstrated by experimental results in [45], the SMAC algorithm
can outperform GPs in high-dimensional configuration spaces. LlamaTune (SMAC) [17] leverages
SMAC and improves sample efficiency viaHeSBO [29] for dimensionality reduction, biased sampling,
and bucketing. GPTuner [23] leverages SMAC within a coarse-to-fine framework to navigate the
trade-off between search efficiency and solution quality. However, the tree-based model in SMAC
may not provide consistently high predictive accuracy.
RL-based Methods. CDBTune [44] introduced an end-to-end RL approach using DDPG [38],

mapping internal database states to knob actions based on performance rewards. QTune [25] also
leverages RL but incorporates query statements to support multi-level tuning. A common challenge
is the cold start problem, as pretrained models struggle to generalize. HUNTER [4] addresses this by
hybridizing GA with RL to improve adaptation. It is worth noting that RL-based methods typically
require substantially more training data to achieve satisfactory tuning results [49].

Hybrid Methods. Recognizing that no single optimizer is universally optimal [2, 41, 45], OpAd-
viser [48] leverages historical data to dynamically select optimizers and employs transfer learning
[54] to reduce the search space. While this improves adaptability, it may also introduce additional
system complexity.

LLM-based Methods. LLMs are used to extract tuning hints (e.g., DB-BERT [39]), facilitate knob
selection (e.g., GPTuner [23]), or recommend initial configurations (e.g., E2ETune [15]). However,
these approaches often still require subsequent iterative tuning. They may also generate irrelevant
suggestions and pose privacy or significant deployment overheads [27].

8 Conclusion
To improve the efficiency of iterative database tuning methods, we propose ESTune. Specifically,
ESTune leverages HBNN to predict the performance distribution for each configuration and dy-
namically determines whether to stop the workload execution based on these predictions. If the
early stopping criterion is satisfied, the workload execution is terminated, and the predicted mean
is used as the estimated performance; otherwise, execution continues. To enhance adaptability in
data-limited scenarios, ESTune employs MAML to initialize the parameters of the HBNN. Compre-
hensive experiments consistently demonstrate that ESTune significantly enhances iterative tuning
efficiency.
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