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ABSTRACT

Accurate performance prediction is critical for database tuning,
resource provisioning, and performance debugging. Recent work
applies machine learning to predict DBMS performance, but these
models often require expensive retraining when deployment con-
texts change. We present Libra, an end-to-end transfer learning
framework that builds accurate performance models with minimal
target-context sampling. Libra addresses two key challenges: (1)
selecting source contexts based on performance-relevant similarity,
and (2) leveraging source context data without negative transfer.
We introduce a novel context retrieval method based on 7-profiles,
which capture parameter sensitivity. Libra uses a multilayer percep-
tron to infer the target 7-profile in one-shot, and compares it with
those of past contexts to retrieve the most similar one. Libra then
selects important parameters based on percentile performance ra-
tios and focuses sampling on high-impact parameters to efficiently
train the model. Experiments across 161 contexts (combination of 7
hardware environments and 23 workloads) show that Libra outper-
forms state-of-the-art methods in terms of sampling efficiency (up
to 32X speedup) and prediction accuracy (95.6% error reduction).
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1 INTRODUCTION
1.1 Background

Performance prediction of database management systems (DBMSs)
is a critical yet challenging task for many data-intensive applica-
tions. Recently, there has been increasing research on using machine
learning (ML) models to predict system performance [11, 34, 37,
47, 51]. Accurate performance models are invaluable for a range of
applications, including database configuration tuning [8, 18, 19, 42,
43, 46-50], resource provisioning in cloud environments [13, 20, 30,
31, 35], and performance debugging [36, 45].
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Figure 1: Required Number of Samples to Reduce Per-
formance Model Error - MetricSim+DataReuse [42] and Per-
fRank+Ensemble [48] suffer from negative transfer, failing to reduce
the error below the desired 5% threshold within the 640-sample
budget. Each point indicates mean error + 1 std.

Recent studies have demonstrated that performance prediction
is feasible, using features such as cardinality and execution plans to
predict latency, and configuration to predict throughput. [8, 10, 12,
25, 26, 33, 44, 52]. These approaches are effective but require exten-
sive data collection and training time for each new deployment. In
real-world environments where workloads, hardware, or software
configurations change frequently, this becomes a serious limitation.
When the deployment context changes in a way the trained model
has not encountered, existing models often fail to generalize [16, 29].
As aresult, performance data must be recollected and a model must
be trained from scratch, incurring significant cost and delay.

To address this challenge, recent work has explored leveraging
data collected in past contexts to accelerate model construction in
a new target context. This approach, known as transfer learn-
ing [15-17, 23, 24, 27, 29, 41, 42, 48-50], has emerged as a key
solution to construct accurate performance models with drastically
fewer samples in the target context. Effective transfer learning for
DBMS consists of (1) retrieving a context similar to the target, and
(2) transferring information that reduces the cost of model con-
struction in the target context.

Context Retrieval. The core idea of transfer learning is to apply
past data that are likely to be useful in the target context. Transfer-
ring data from unrelated contexts not only fails to reduce cost, it can
even degrade the accuracy of the resulting model. Therefore, the suc-
cess of transfer learning largely depends on retrieving a source con-
text that shares similarities with the target context [23, 42, 48, 50].
For example, if the target context is an 88-core machine running a
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read-only workload, the source context of a 30-core machine with
a read-heavy workload might be more similar than that of a 4-core
machine processing a write-only workload.

Data Transfer. After similar contexts are identified, a transfer
algorithm must extract useful data from them to aid learning in
the target context. Existing studies leverage past data either by
augmenting training set with source context data [17, 29, 41] or by
extracting parameters that have significant performance impact to
reduce the target sampling space [16].

1.2 Challenge

Although various approaches of these two components have been
presented [16, 17, 41, 42, 48], we have observed two challenges they
face that hinder the effectiveness of transfer learning.

Challenge 1. Identifying the most similar context based on
performance-related criteria with few samples. Existing stud-
ies fail to achieve comparison of contexts based on criteria that are
helpful for transfer learning. Previous transfer learning systems
have used the proximity of system-level metrics between the target
and each past context as the criterion [42, 49]. These metrics capture
system state (e.g., CPU usage) but do not reflect how performance
responds to parameter changes, providing no guarantee that the
selected source context improves target prediction.

Rather than raw system metrics, we need to compare performance-
related characteristics to select contexts. Ideally, we should compare
the performance surfaces between contexts [29], where perfor-
mance surface is the function from parameters to performance.
However, existing implementations of this idea [48, 50] require a
large number of target samples to accurately identify similar con-
texts, defeating the goal of reducing sampling cost. The challenge,
then, is to infer performance-level similarity with fewer samples.
Challenge 2. Leveraging past data without negative transfer.
Negative transfer is a phenomenon where transfer learning ends up
hindering the accuracy of performance models [16, 23]. As shown
in Figure 1, existing approaches suffer from negative transfer, fail-
ing to reduce prediction error below the desired threshold. For
transfer learning to be effective, transfer algorithms must avoid
negative transfer when leveraging past information to decrease the
required target samples. Algorithms that involve data augmentation
by including source context data in target model training are vul-
nerable to negative transfer, as they cannot account for mismatches
in performance-surface trends between source and target contexts.
Prior studies [29, 42, 50] show that these trends vary widely across
workloads and hardware environments. Unless we can find a source
context that exhibits nearly same surface trend as the target, which
is not possible without large amount of target data, data augmen-
tation is likely to cause negative transfer. Nevertheless, existing
studies rely on data augmentation [17, 23, 41, 42, 48, 49].

1.3 Approach

To overcome these challenges, we propose Libra, a performance
prediction framework that integrates context retrieval and transfer
algorithm in a synergistic manner.

Approach 1. One-shot Parameter Sensitivity Estimation. Un-
like existing approaches that rely on raw metrics or extensive sam-
pling, our method identifies source contexts using just one target

946

sample based on the performance impact of parameters. We in-
troduce the concept of parameter importance profile, or z-profile,
a normalized vector quantifying each parameter’s relative influ-
ence on performance (e.g., throughput, latency). We calculate the
distance between m-profiles to find contexts that share sensitiv-
ity to the same critical parameters, enabling comparison based on
performance-relevant criteria. However, directly calculating the
m-profile for the target context remains infeasible. Like the construc-
tion of performance surfaces in conventional systems, computing
the z-profile also requires extensive data collection (e.g., over 72
hours in our experiments). Libra bypasses this problem by pro-
viding a one-shot parameter sensitivity estimation via MLP
(multilayer perceptron) trained on a diverse set of previously ob-
served workload and hardware contexts. Given a single runtime
snapshot of OS and DBMS metrics, the MLP infers the target’s
s-profile. Existing methods only conduct one-to-one context com-
parisons, preventing previously acquired data to offer insights into
performance-related similarity. Libra leverages all past data to iden-
tify performance-relevant similarities with just one target sample.
Approach 2. Reducing Target Sampling Space. Instead of data
augmentation, which risks negative transfer, Libra only uses the
source context data to select important parameters and shrink target
sampling space. Important parameters are those that have signifi-
cant impact on DBMS performance. Sampling all parameters results
in wasted effort, as many samples vary only in unimportant param-
eters, offering little insight into performance behavior. To address
this inefficiency, Libra identifies important parameters using source
context data and conducts focused sampling on them, enabling
accurate model construction with fewer samples. Libra provides
important parameter selection that is less prone to false-negatives
by detecting any non-linear effects and remaining robust to outliers.
It measures each parameter’s influence using the 99th-to-1st per-
centile performance ratio and retains those exceeding a predefined
threshold. The selected parameters, ordered in terms of their rela-
tive impact, define a sampling distribution that shrinks the search
space (97% reduction in Fig. 6b) and biases sampling toward the
most influential parameters, accelerating the model convergence.
We implemented Libra as well as state-of-the-art methods and
compared how fast and accurately they can build performance mod-
els. We collected MySQL data from 161 contexts to offer simulation
of transfer learning between diverse contexts. While existing ap-
proaches suffer negative transfer or require many samples, Libra
consistently achieves prediction error below 5% consistently with
up to 32X speedup in sampling efficiency. We release our code and
data publicly available [5]. The codebase offers a pluggable inter-
face, enabling users to extend context retrieval and data transfer
modules for new algorithm development and comparison.

1.4 Organization

The rest of the paper is organized as follows. Section 2 explains
preliminaries and the objective of this study. In Section 3, we provide
the overview of Libra as well as its workflow. Section 4 describes
the proposed context retrieval module while Section 5 explains
the parameter selection in the data transfer module. Section 6 is
the evaluation of Libra compared against state-of-the-art methods.
Section 7 describes related work and Section 8 concludes this paper.



Table 1: Terminology Used in this Paper

Term Definition

Context A combination of factors that influence performance but are
not part of the DBMS parameters, including hardware speci-
fications (e.g., # of CPU cores, memory size), workload prop-
erties (e.g., read/write ratio), and software environments (e.g.,
DBMS version, OS). We denote a context as a pair of hardware
and workload in Section 6 (e.g., (machineA, workloadX)).
The context of interest, where we want to build a performance
model but no data is available.

A previously observed context that can be leveraged to im-
prove learning in the target context. We assume that data
are readily available from all source contexts. Libra leverages
data from all source contexts to train the context retrieval
MLP, while it selects and uses a single source context that is
most similar to the target context for data transfer.

Tunable knobs exposed by the DBMS that directly influence
its runtime behavior and performance.

A set of specific values assigned to all parameters.

Target
context
Source
context

Parameters

Configuration

Performance A machine learning model that predicts the performance

model given a specific configuration. We refer to this as the model.

Sample A pair of DBMS configuration and its corresponding perfor-
mance measurement. To obtain one sample, we set up DBMS
with a specific configuration, execute a workload, and mea-
sure the resulting performance. These samples are used as
training data.

Negative A phenomenon in which transfer learning degrades the accu-

Transfer racy of the models. We regard prediction error greater than
5% as negative transfer.

Important Parameters that have significant impact on performance.

Parameters

Context A vector of runtime metrics measured under the default

Vector DBMS configuration in a given context.

e.g., {CPU utilization: 20%, Memory usage: 80%, ... }.

2 PRELIMINARIES

This section provides the necessary background for our study. We
define key terms, review relevant transfer learning systems, and
formally state the problem setting. Table 1 summarizes the termi-
nology used throughout this paper.

2.1 Transfer Learning for Configurable Systems

Transfer learning consists of (1) identifying the most similar context
(context retrieval), and (2) transferring useful data for model building
(transfer algorithms). Existing work has proposed various transfer
algorithms [16, 17, 29, 41]. A common approach, DataReuse [17],
augments model training with source-context data. When contexts
differ only by hardware configuration, linear regression models can
transform source data to fit the target context better [29, 41], an ap-
proach known as ModelShift [16, 24, 29, 41]. For general cases where
there are workload and hardware variations between contexts,
L2S [16] identifies parameters with strong performance impact
in the source context to guide target sampling, assuming important
parameters are generally similar across contexts [15].

While performance prediction related research have focused on
proposing transfer algorithms, they have excluded (1) context re-
trieval in their studies. Transfer learning methods adopted in DBMS
tuning systems OtterTune and ResTune have incorporated both the
(1) context retrieval and (2) transfer algorithm to build models for
recommending optimal configurations in unseen contexts [42, 48].
MetricSim+DataReuse in OtterTune calculates the Euclidean dis-
tance of system metrics to map target workload to the most similar
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Table 2: Libra and Existing Transfer Learning Techniques -
This table shows the transfer learning components and the scope
of context each technique targets. Libra implements both context
retrieval and transfer algorithm to support transfer learning under
simultaneous variations in workload and hardware.

Context Scope
Transfer Learning Workload & Workload or
Components Hardware Hardware
Context Retrieval & Libra MetricSim+DataReuse [42]
Transfer Algorithm PerfRank+Ensemble [48]
Context Retrieval or 125 [16] ModelShift [41]
Transfer Algorithm DataReuse [17]

past workload and constructs the target model by using DataReuse.
PerfRank+Ensemble in ResTune computes context similarity by com-
paring the performance rankings of configurations between the
target and each source context. For the performance prediction, it
uses a weighted ensemble of the target and source models, where
the weights are determined by the similarity scores. The original
paper [48] demonstrates PerfRank+Ensemble’s effectiveness when
either hardware or workload varies.

We target a transfer learning approach that can generalize to
contexts where both hardware and workload vary simultaneously.
These two factors fluctuate frequently in practical settings [29, 42],
but prior work that explicitly evaluates transfer learning under
simultaneous variation is limited to L2S [16]. We propose both con-
text retrieval and transfer algorithm to enable end-to-end transfer
learning for building DBMS performance models. As illustrated in
Table 2, our approach is unique in that it supports transfer learning
across contexts where workload and hardware vary simultaneously
while also implementing both (1) and (2).

2.2 Problem Formulation

In principle, increasing the number of samples improves model
accuracy, but collecting samples is costly and time-consuming. Our
objective is to minimize the number of samples drawn from the
target context while ensuring that the resulting model maintains
high predictive accuracy. The cost of learning in a target context
is measured by the number of samples collected from that context.
Sampling from source contexts is not included in the cost, as we as-
sume they are part of a historical dataset for which data has already
been collected. We express this objective formally as follows:

Let X € P; X P, X - - - X Py, denote the set of all possible con-
figurations in the target context that a DBMS user is concerned
with, where P; is the domain of the i-th parameter, either contin-
uous or categorical, and m is the total number of parameters. Let
Drarget = {(xi,yi)}; € X X R be the set of samples collected
from the target context, where x; € X is a configuration and
y; € R is the corresponding measured performance (e.g., through-
put). Let M(Drarget) denote the model trained on Diyrger. We define
L(M(Drarget), X) as the prediction error of the model M(Drarget)
evaluated over the configuration space X, and let € be a predefined
error threshold. Our objective is to

min |Dtarget| SubjeCt to L(M(Dtarget)> X) <e (1)
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Figure 2: Overview of Libra

3 SYSTEM OVERVIEW

To achieve the objective in Equation 1, we propose Libra, an end-
to-end transfer learning system that identifies contexts similar to a
given target based on parameter sensitivity and conducts focused
sampling of important parameters to construct accurate perfor-
mance models. The system is composed of two primary modules:
the context retrieval module and the data transfer module.

3.1 Workflow

Figure 2 illustrates the overview of Libra and the 5 steps of transfer
learning. Transfer learning begins by identifying the most simi-
lar context. Libra’s context retrieval takes one sample of system
metrics from the target to use as its context vector (Step 1). The
context vector serves as an input to predict the target’s z-profile
(Section 4.1), a normalized vector that quantifies the performance
impact of each parameter (Step 2). To enable the one-shot 7-profile
prediction, Libra learns to map context vectors to 7-profile based
on data collected from previously observed contexts (Section 4.2).
The predicted z-profile is then compared by KL-divergence against
the z-profiles of past contexts to identify the one most similar to
the target (Step 3). Comparing n-profiles offers a significant ad-
vantage over comparing raw metrics, since similarity in parameter
sensitivity is a more reliable indicator of transferability (Section 4.1).
Once the most similar source context is selected, the data trans-
fer module analyzes its data to identify important parameters and
construct target sampling distribution (Step 4). The sampling dis-
tribution prioritizes parameters with higher performance impact,
while it completely disregards the sampling of unimportant param-
eters to reduce the sampling space. Reducing the sampling space is
critical, as it is infeasible to explore the full configuration space of a
DBMS with hundreds of parameters. Using the selected subset, the
module then begins sampling from the target context. The collected
samples are used as training data to construct the model (Step 5).

3.2 Assumptions and Limitations

Libra requires that all parameters of interest be observed in each
source context used for transfer learning. If no such context exists,
we need to collect data from diverse contexts. Although it is in-
feasible to experiment different parameter settings on production
environments that support real services, this data collection can
be done on low-cost testing environments. For example, in our
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Figure 3: Performance Prediction Accuracy of Libra for TPC-
C Workload - The baseline is able to select from all Sysbench [1]
workloads listed in Table 5, while the blue dotted line represents a
case where only the read-only workload contexts are available.

experiments, we collected data from inexpensive cloud instances
provisioned for benchmarking. The hardware gap between these
low-cost test environments and a target context with more power-
ful hardware does not hinder Libra’s performance, as its transfer
learning mechanism bridges such disparities effectively.

When collecting data, we need to define the appropriate param-
eter ranges and granularities. This process cannot be fully auto-
mated, as suitable ranges and levels of granularity are dependent on
application-specific requirements. Therefore, Libra requires appli-
cation developers or database administrators (DBAs) to be involved
in making such decisions.

Finally, as with all transfer learning methods, Libra assumes that
there exists one previously observed context that is sufficiently
similar to the target to enable effective transfer learning. When that
assumption fails, negative transfer can occur. Libra—— in Figure 3
shows the result of transfer learning for TPC-C workload target
when we only have source contexts of read-only workloads. Because
none of the read-only workload contexts are similar to the target,
transfer learning results in a negative transfer. This problem can be
mitigated by collecting data on a diverse set of simple benchmark
workloads. Libra in Figure 3 uses all Sysbench workload variants
listed in Table 5. Even for a more complex workload like TPC-
C, such simple-benchmark data are sufficient to avoid negative
transfer and enable effective transfer.

Practical Use Case. For example, Libra is suited for organizations
that have cloud infrastructure and DBAs to support both production



services and internal testing. These organizations can use low-cost
virtual machines to benchmark various hardware—workload com-
binations without impacting production. With enough data from
diverse contexts, they can apply Libra to build accurate performance
models for new target contexts with less samples.

4 CONTEXT RETRIEVAL MODULE

4.1 Parameter Importance Profile

If hardware were the sole factor defining a context, one might
expect that similarity in system specifications directly translates to
similarity between contexts. However, as additional factors, such
as workload, are introduced, it becomes increasingly difficult to
quantify context similarity using such a simple measure. It is unclear
how much each factor (hardware environments versus workload
characteristics) contributes to overall context similarity.

In the context of transfer learning, parameter sensitivity offers
a meaningful indicator of context similarity. Intuitively, transfer
learning is effective between contexts that share the same important
parameters. Suppose we have a target context X and 2 candidate
source contexts A and B. The performance in context X is sensitive
to parameters {o, p, q}, whereas A is sensitive to {p, g}, and B to
{r}. In such a case, we can learn about the parameters p and ¢
by leveraging data from A and transferring the knowledge to X,
but B does not have relevant knowledge to offer for X. Previous
studies [16, 23, 42, 49] have not integrated this intuition that con-
texts with shared important parameters are similar. Some systems
measure the similarity by the Euclidean distance between system
metrics [42, 49], and some select a source context by testing out
how generalizable each context is within the past contexts [21-23].

These similarity definitions do not necessarily reflect how ef-
fective transfer learning will be. Euclidean distance assumes all
system metrics contribute equally to context similarity, which un-
dermines performance-relevant features. Selecting source contexts
solely based on past generalizability offers no guarantee of effective-
ness on a new, unseen target context. Existing approaches ignore
whether the source and target contexts share the same important pa-
rameters. There needs to be a metric that can measure the similarity
in terms of parameter sensitivity.

To address this problem, we define parameter importance profile,
or r-profile, a metric that captures the information about a context’s
sensitivity to individual parameters in relation to others.

.
lell’
where p = [p1,pz,u

J
()
Pm|’

7 in Equation 2 denotes a r-profile, represented as a normalized
vector in R™, where m is the total number of parameters being
considered for transfer learning (we selected parameters listed in
Table 3 based on expert DBA recommendations). Each element p;
indicates the contribution of a parameter to database throughput. To
compute p;, we measure the range of throughput values observed
when varying that parameter, while other parameters are held to
their default values (shown in Table 3).

Since we assume that past context data are already collected,
we can easily obtain the z-profile for source contexts by simply
calculating the range for all parameters. Even if we were to con-
struct a context’s zz-profile from scratch, it is still feasible as the cost
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only increases linearly with respect to the number of parameters:
m-profile only takes the independent effect of one parameter as
its element. For 12 parameters shown in Table 3, z-profile for one
context can be prepared in as fast as 3 hours.

The distance between r-profiles reflects the similarity of perfor-
mance characteristics. Consequently, the selected context is more
likely to provide insights about performance in the target context,
enabling more effective transfer learning.

4.2 One-Shot Prediction

Unlike source contexts, which have sufficient data to compute their
m-profiles, the target context lacks enough samples at the start of
transfer learning. While the 7-profile is useful for identifying simi-
lar contexts, obtaining it requires substantial data. This contradicts
the goal of transfer learning to minimize the number of samples
needed from the target. To overcome this challenge, we train an
MLP that can predict the 7-profile of a target context in one-shot.
MLPs are well-suited for modeling 7-profile (normalized vector)
because they can jointly model interdependencies between output
dimensions and enforce normalization constraints via softmax.

Specifically, we use a standard multilayer perceptron (MLP),
which takes as input a context vector (a vector of runtime metrics
measured under default DBMS configuration in a context), and
outputs an estimation of the true m-profile. The MLP learns to map
raw system metrics, represented by a context vector, to z-profile,
a meaningful representation that captures a context’s parameter
sensitivity. The metrics in the context vector are collected under
a fixed database parameter configuration. In our experiments, we
obtain OS and DBMS metrics using Prometheus [4] while MySQL
is configured to our default parameter values as shown in Table 3.
Table 6 shows the 9 metrics used as the elements of context vectors.

Formally, let ¢ € RY denote the input context vector, composed
of runtime metrics, and let fp : R4 — R™ denote the MLP with pa-
rameters 0 (d = 9,m = 12 in our experiments). The MLP outputs an
unnormalized vector p = fo(c) € R™, which is then normalized to
form the z-profile via the softmax function [6]. This normalization
ensures that 7 represents a 7-profile, where each value reflects the
relative parameter sensitivity, and all elements sum to one.

To train the MLP, we prepare a dataset comprising diverse con-
texts, formed by combining various hardware platforms and work-
load types. Each row of the dataset consists of a context vector
paired with its corresponding z-profile. As explained in Section 4.1,
m-profiles of historical contexts can be readily obtained. We pair
m-profile with multiple instances of context vectors to construct
training samples for one context. Our training dataset consists of
1,650 samples collected in 161 distinct contexts (about 11 samples
per context). During training, the MLP learns to associate context
vectors with corresponding z-profiles by minimizing the Kullback-
Leibler (KL) divergence between the predicted z-profile 7 and the
ground-truth z-profile 7:

m A
N - pi
Lxu(7||) = ) pilog (—) : ®)
2osl,,
The KL divergence loss Lx, in Equation 3 encourages the MLP
to capture the relative parameter contributions rather than exact
magnitudes, aligning with the normalized nature of 7z-profiles.
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4.3 Identifying the Most Similar Context

Once the MLP is trained, we use it to predict the 7-profile of the
target context. For each target context, we obtain a context vector
constructed from a single snapshot of the runtime metrics. Because
we train the MLP with a single input of a context vector, we can
predict the m-profile of the target in one-shot. Finally, we compute
the KL divergence between 7 and s of the candidate contexts.
The context that outputs the lowest KL divergence is selected as
the most similar context. The inference of a n-profile takes just
few seconds. The computation of the KL divergence is also low
cost, taking less than a second. The computational complexity of
retrieving the most similar context is O(N), where N is the number
of past contexts (161 contexts in our experiments).

5 DATA TRANSFER MODULE
5.1 Selecting Important Parameters to Sample

Libra’s data transfer module conducts transfer learning by sampling
only from the important parameters. Source context data are used
to identify the important parameters. As data-augmenting transfer
algorithms are prone to negative transfer [16, 29], the data transfer
module excludes source context data from training.

Although reducing the target sampling space can accelerate
building models, it can also lead to negative transfer when we have
false negatives. To avoid this, we need a selection method that
accurately identifies all impactful parameters.

Existing transfer learning systems are susceptible to false neg-
atives, as they use linear regression based methods to select im-
portant parameters [15, 16, 29, 36, 42]. Linear regression based
approaches assume that each parameter contributes to system per-
formance through a fixed, linear relationship, implying that changes
in a parameter always result in proportionate changes in the output.
However, this assumption rarely holds in practice. Many database
parameters exhibit nonlinear behaviors such as saturation effects,
thresholds, or non-monotonic trends. For example, increasing log
file size improves throughput from 4MB to 48MB, but further in-
creases have little to no performance impact, as shown in Fig. 9a.
When such nonlinear behavior is present, linear models may assign
low or zero importance to parameters that actually have substantial
impact (i.e., false negative), because the effect does not follow a
straight line. Furthermore, outliers can significantly affect the result
of linear regression based methods [6].
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Algorithm 1 Selecting Important Parameters via Interaction-
Aware Profiling

function SELECTIMPORTANTPARAMETERS
X «— 0, M < PROFILESENSITIVITY
for each parameter p € {1,...,m} do
if all entries in row p and column p of M are zero then
continue
X « XU{p}

1:
2
3
4:
5.
6
7 return X
8: function PROFILESENSITIVITY
9: Initialize matrix M € R™>™ with zeros
for each parameter p € {1,...,m} do
for each parameter q € {p,...,m} do

12: f « PerformanceSurface(p, q)

13: (fiows fhigh) < Get99thMinMax (f)

14: if fhigh/flow < 7 then continue

15: if not IsSCONDITIONALLYIMPORTANT(p, ) or
16: not IsSCONDITIONALLYIMPORTANT(g, p) then
17: continue

18: M[pllq] < fuigh/fiow

19: Normalize matrix M

20: return M

21: function ISCONDITIONALLYIMPORTANT(p, q)

22: for each value v in UniqueValues(p) do
23: f « PerformanceSurface(q | p = v)
24: (flow» fhigh) < Get99thMinMax (f)

25: if fhigh/flow > 7 then return True
26: return False

To capture non-linear effects and remain robust to outliers, we
quantify the influence of parameters as the ratio of the 99th and
1st percentile performance. Similar to how we calculate 7-profile,
we extract the data where the parameter of interest is varied while
other parameters are set to a certain value. We compute their ratio
and compare it with a predefined threshold to decide whether a
parameter is important or not. This ratio reflects the factor by which
performance varies as the parameter changes, capturing the effects
of the parameters regardless of whether the relationship is linear
or non-linear. Taking percentile performance instead of absolute
max and min also makes this method robust to outliers and noise.

We cannot use zz-profile to select parameters because it does not
measure the importance of each parameter individually. A param-
eter with substantial impact may appear relatively unimportant
in the w-profile if other parameters have an even larger influence
on performance. Furthermore, unlike the 7-profile which uses the
absolute range, we calculate the ratio to assess importance. Setting
a standard predefined threshold for absolute ranges is difficult be-
cause meaningful performance differences varies across contexts.
By using ratio of the 99th and 1st percentile performance, we can
define uniform criteria of important parameters for all contexts.

In order to construct accurate performance models, we also need
to consider interaction of parameters because joint effects of param-
eters sometimes lead to significant performance shifts. Figure 4a
shows that the interaction of P1 (buffer pool size) and P11 (log
file size) has the largest performance impact among all parameters.



Specifically, Figure 4b illustrates that the performance impact of
the buffer pool size changes depending on the log file size. When
the log file size is set to 4MB (0.004GB), the buffer pool size has
only a minor effect, with throughput varying by just 28 units (from
405 to 432). In contrast, when the log file size is 5GB, increasing
the buffer pool size leads to a much larger impact, with throughput
ranging by 327 units (from 575 to 902). This example demonstrates
that a parameter may appear unimportant in isolation but can have
a substantial impact through interactions with other parameters.
Such conditionally important parameters must be included in the
target sampling space to ensure that the resulting model can accu-
rately predict their joint effects and avoid negative transfer. Our
parameter selection method addresses this by analyzing not only
their marginal effects but also their interaction effects, ensuring that
conditionally important parameters are not mistakenly excluded.

The process for selecting important parameters is described in
Algorithm 1. For each pair of DBMS parameters, the algorithm
extracts a slice of the performance surface from the similar con-
text, focusing on configurations where only those two parameters
were varied (lines 10-12). The performance surface represents the
function from parameter values to system performance. From this
surface, the 99th and 1st percentiles of the performance are com-
puted (line 13). If the ratio between these percentiles exceeds a
predefined threshold (line 14), the parameter or parameter pair is
considered potentially impactful.

For single-parameter sensitivity, this ratio alone is sufficient to
determine importance. However, for parameter interactions, the
algorithm includes an additional check using the IsSCONDITIONAL-
LYIMPORTANT function (line 21). Specifically, it verifies whether
each parameter is conditionally important with respect to the other
(lines 21-26). This check removes unimportant parameters that
appear to have meaningful interaction only because the other pa-
rameter has a large effect on performance (line 17). If both parame-
ters are conditionally important, it means that the parameter pair
amplifies each other’s impact, indicating a meaningful interaction.
The performance ratio of their interaction is then recorded in the
sensitivity matrix (line 18). Otherwise, the matrix entry remains
zero, indicating limited or redundant interaction effects.

After processing all parameter pairs, the matrix is normalized to
produce a relative importance scale (line 19) that is used to define a
sampling distribution over parameters for the target context. This
ensures that parameters or interactions with higher influence are
sampled more frequently. Unimportant parameters are disregarded
from the sampling distribution to reduce unnecessary exploration.

5.2 Performance Model

The collected samples are used as training data for the performance
model. We adopt Gaussian Process (GP) regression [32] in Libra,
as it offers several advantages for modeling DBMS performance.
First, GP regression can model arbitrary smooth functions, making
it well-suited for capturing the complex, non-linear relationships
between DBMS parameters and performance. Second, it is widely
used in the literature for performance prediction and in self-tuning
systems, aligning our approach with established practices [16, 17,
23, 29, 36, 42, 48, 49]. Third, GP regression naturally provides a
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Table 3: MySQL Parameters Selected based on Expert DBA
Recommendations — Range: the ranges of values used in the
experiments. Default: the default values used for the experiments.

ID | Parameter | Range | Default
1 innodb_buffer_pool_size 1GB-24GB 1GB
2 innodb_read_io_threads 1-24 2

3 innodb_write_io_threads 1-24 2

4 innodb_flush_log_at_trx_commit | 0-2 1

5 innodb_adaptive_hash_index ON, OFF ON

6 sync_binlog 0,1 1

7 innodb_lru_scan_depth 100-10000 1024
8 innodb_buffer_pool_instances 1-8 1

9 innodb_change_buffer_max_size 0-50 25
10 innodb_io_capacity 100-20000 1

11 innodb_log_file_size 4MB-5GB 48MB
12 | table_open_cache 1-4000 4000

Table 4: Hardware Environments — ID: name of the environment,
#Cores: number of CPU cores, RAM Size: size of main memory, Type:
cloud instance (C) or physical machine (PM).

D | #Cores | RAM Size | CPU | Disk | Type
small 4 6 GB AMD EPYC 7551P | VirtlO SSD | C
medium 8 12GB AMD EPYC 7551P | VirtlO SSD | C
large 12 16 GB AMD EPYC 7551P | VirtlO SSD | C
xlarge 16 24 GB AMD EPYC 7551P | VirtIOSSD | C
xxlarge 24 32 GB AMD EPYC 7551P | VirtIOSSD | C
xxxlarge | 32 64 GB AMD EPYC 7551P | VirtlO SSD | C
prod 88 190 GB Xeon Gold 6238L | SSD PM

confidence interval for its predictions, which is useful for guiding
exploration in settings with limited data.

Most importantly, GP regression is the de facto model used in
Bayesian optimization [39], a proven approach for automatic DBMS
tuning [8, 42, 49]. By using a GP model, we ensure that the resulting
model is directly compatible with existing tuning methods.

6 EVALUATION

6.1 Experimental Setup

We conducted all the experiments using MySQL version 8.0.32,
while employing different hardware environments and workloads.
MySQL [2] is a relational database management system widely
used for its diverse capabilities. MySQL has approximately 190
parameters to precisely control all these layers and offer adapt-
ability [47]. Not all of them are important in industrial settings,
however. Based on the experience of experts from the industry, we
selected 12 parameters to use in the experiments, shown in Table 3.
Hardware Environments. Table 4 shows the list of hardware
environments used in our experiments. 6 of the hardware envi-
ronments were prepared as cloud instances. Using these as target
contexts simulates a scenario in which users initialize a new cloud
instance that hosts a DBMS. We also included a physical machine
that largely exceeds the hardware capabilities of the cloud instances.
This machine was used to test the capability of Libra to generalize
to a new context vastly different from the collected contexts. Use
of this machine also replicates a scenario in which developers are



Table 5: Workloads in the Experiment - Sysbench: 7 read-write
ratios X 3 skew levels = 21 workloads. TPC-C: 2 warehouse settings.

Workload Type ‘ Read-Write Ratio ‘ Skew

Read-only 100:0 0.2,0.6,1.0
Read-write 95:5 0.2,0.6, 1.0
Read-write 80:20 0.2,0.6, 1.0
Read-write 50:50 0.2, 0.6, 1.0
Read-write 20:80 0.2,0.6,1.0
Read-write 5:95 0.2,0.6,1.0
Write-only 0:100 0.2,0.6, 1.0
TPC-C ‘ - 10, 100 warehouses

interested in the performance of DBMS for newly developed appli-
cation in a large production environment. All of the environments
used CentOS 7 as their operating systems.

Workload. We employed Sysbench [1] to simulate a variety of
workloads. Sysbench is a multi-threaded benchmark tool commonly
used for database benchmarks [47, 48, 50]. We ran Sysbench for
varying read-write ratio and skewness, ranging from 0% to 100%
reads and 0.2 to 1.0, respectively. Read-write workloads are de-
noted as RW_readratio-skew (e.g., RW_50-0. 2). For read-only and
write-only workloads, we use the formats RO-skew and WO-skew, re-
spectively. We also ran TPC-C like workloads developed by Percona
Labs [3] with warehouse 10 and 100. This workload differs by not
using random text fields and allowing multiple table sets, but oth-
erwise follows the TPC-C standard benchmark, which simulates an
order processing application[7, 42]. We will refer to this workload
as TPC-C in the evaluation, using the notation TPCC-numWarehouse
(e.g., TPCC-10). In total, we prepared 23 distinct workloads. Table 5
summarizes the workloads used in the experiments.

Evaluation Criteria. We first evaluate the accuracy of predicting
z-profiles in Sectiton 6.4. We use KL divergence to measure the
similarity between the predicted and ground-truth z-profiles, as
well as between the source and target 7-profiles.

Second part of our evaluation tests the effect of (1) selecting
source contexts and (2) the choice of transfer algorithms on the num-
ber of samples required to build the model with a certain accuracy.
Finally, we evaluate the performance of end-to-end transfer learn-
ing. We use mean absolute percentage error (MAPE) to evaluate the
accuracy of the final model. MAPE is a scale-independent metric
for evaluating the accuracy of performance models[14, 16, 41]. We
run each experiment five times and calculate the average MAPE,
with error bars in figures indicating + 1 standard deviation.

6.2 Data Collection

To simulate transfer learning, we collected data from contexts that
are the combinations of 7 hardware environments and 23 workloads,
totaling 161 distinct contexts. We collected data by running the 23
workloads one by one on each of the 7 hardware environments.
Before running the Sysbench workloads, we initialized a database
with 64 tables of 1,000,000 entries. Subsequent workload runs used
the prepared database repeatedly. We initialized a separate database
for the TPC-C workloads with 4 table sets.

Before each run, we set up the DBMS with different configuration.
Because it is infeasible to collect data from the entire parameter
space, we focused up to the interaction of two parameters in our
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Table 6: List of 12 Input Features Used in the Context Re-
trieval MLP - Source: origin of the metric (DBMS or OS).

Source ‘ Input Features

DBMS Transactions per second; InnoDB buffer pool cache hit rate;
Dirty buffer pages count; Number of queries (per 60s); Rows
deleted/inserted/read/updated (per 60s)

0s Average memory usage (%); Max CPU usage (%); Average

read/write disk IOPS (60s interval)

experiments. Specifically, we only changed two parameters at one
time, while the rest were set to their default values. Previous study
involving SQLite found that majority of pairwise interactions have
negligible effect on performance, which suggests that spending a
lot of time on further interactions is not worth the cost [15]. After
setting the parameters, we conducted 30 seconds of warm up run
to minimize the effect of cold cache. Finally, we ran the benchmark
for 90 seconds for Sysbench workloads, and 300 seconds for TPC-C
like workloads to collect one sample of throughput and other 124
system metrics (e.g. disk IOPS, number of read queries).

For each context, we collected around 1,000 samples. The total
duration of the data collection adds up to 7,000 machine hours.

6.3 MLP Training

To demonstrate that the context retrieval module generalizes to
unseen workloads and hardware environments, we trained a sepa-
rate MLP for each target context. Unless otherwise specified, the
training data excluded any samples that shared the same workload
or hardware as the target context. If the target context was (prod,
TPCC-10), then the training data excludes any contexts involving
the prod hardware or the TPCC-10 workload.

The training dataset comprises 1,650 samples, each representing
data collected under varying workload and hardware contexts. For
each context, we included about 11 instances of context vectors un-
der default DBMS configuration. Compared to standard benchmark
datasets commonly used in regression tasks, such as the California
Housing dataset which contains 20,640 instances, our dataset is
considerably smaller in scale. Despite the limited data volume, our
MLP demonstrates generalization to unseen contexts, highlighting
the effectiveness of the context retrieval module (Section 6.4).

To improve generalization, we conducted experiments to identify
metrics that were irrelevant to predicting sz-profiles. Out of the 125
metrics collected, we selected 12 metrics to use as the features in the
MLP (Table 6). Furthermore, we incorporated an L2 regularization
term to the KL divergence loss function to prevent overfitting:

m
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where ||6]|2 represents the squared L2 norm of all MLP weights,
and A is a hyperparameter that balances the trade-off between
minimizing the KL divergence and constraining model complexity.
Regularization is a widely used technique in machine learning
to improve model generalization by discouraging overly complex
models that may overfit to the training data [6, 28].



6.4 Context Retrieval Module Evaluation
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Figure 5: Context Retrieval by Libra and MetricSim - Each
bar shows the average KL divergences between the target context
s-profiles and those of the contexts selected by each method.

In this section, we evaluate the performance of Libra’s context
retrieval module. Specifically, we compare Libra’s ability to select
similar contexts against OtterTune’s method. We compare the simi-
larity of z-profiles using KL divergence.

OtterTune is a learning-based configuration tuning system for
DBMSs that leverages transfer learning to recommend optimal
configurations. OtterTune utilizes factor analysis and k-means clus-
tering to identify system metrics that best represent workloads. It
then selects the most similar source by computing the Euclidean
distance between the characteristic metrics of the target workload
and those of past workloads. We refer to this context retrieval
method as MetricSim. Comparison of system metrics to identify
similar contexts is used in other state-of-the-art tuning system as
well [49]. We calculate the KL divergence between the target con-
text’s ground-truth 7-profile and that of the most similar context
selected by each method to compare Libra and MetricSim.

Figure 5a is the results of context retrieval for prod context
grouped by workload type, showing the average KL divergence be-
tween the selected source and target contexts. TPC-C workloads are
treated as a single group, while Sysbench workloads are divided into
3 groups based on their read-write ratios. Libra outperforms Met-
ricSim at identifying source contexts that have similar 7-profiles as
target contexts. This result shows that it is possible to identify the
most similar context based on -profile in one-shot, solving Chal-
lenge 1 (Section 1.2). Compared to Libra, MetricSim exhibits greater
variance in selecting the most similar context, as measured by KL di-
vergence between 7z-profiles. This indicates that the system metrics
MetricSim uses do not consistently reflect similarity in terms of 7-
profiles. MetricSim’s dependency on probabilistic algorithms such
as K-means clustering and factor analysis to select characteristic
system metrics [42] also contributes to the inconsistency.

Next, we simulate target contexts that differ from the training
data by hardware (HW), workload (WL), or both (HW+WL). For HW,
we fix the workload to TPCC-100 and vary the hardware. For WL, we
fix the hardware to xxxlarge and vary the workload. For HW+WL,
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Figure 6: Effect of Selecting Similar Contexts

we set the target hardware to prod and compute the average KL
divergence across all workloads. The data of the fixed workload or
hardware is assumed to be present in the training data. Figure 5b
shows that whether the target context differs by hardware only,
workload only, or both, Libra selects source contexts that are more
similar to target contexts in terms of z-profiles. In both Libra and
MetricSim, average KL divergence increases in the order of HW, WL,
to HW+WL. This trend indicates that it is easier to identify similar
contexts when the difference is limited to hardware, compared to
when workloads differ. Selecting similar contexts becomes most
challenging when both hardware and workload vary.

6.5 Effect of Selecting Similar Contexts

To understand how the 7-profile-similarity can affect the accuracy
of the resulting performance model, we conduct end-to-end transfer
learning. We interchange the context retrieval component, using
either the proposed method or existing methods to identify the
most similar context. Once the contexts are identified, we proceed
with Libra’s data transfer module and compare the resulting model
accuracy to isolate the effect of the context retrieval method.

In addition to MetricSim, we implement PerfRank, a context
retrieval method used in ResTune [48] and OpAdviser [50]. Unlike
MetricSim, which relies on system metrics, PerfRank compares con-
texts based on the performance rankings of configurations. For each
pair of samples from the target context, PerfRank checks whether
the source model predicts the same relative performance ordering
as observed in the target. If the model agrees on which configura-
tion performs better, the pair is counted as a concordant ranking
pair. The similarity score is defined as the number of concordant
ranking pairs. While Libra and MetricSim identify the most similar



context in one shot, PerfRank dynamically selects a new source
context each time a new target sample is collected.

Figure 6 shows the results of transfer learning for target contexts
involving prod hardware and Table 7 lists the selected parameters.
Because Libra selects source contexts with z-profiles similar to the
target in one shot, it consistently minimizes the error more quickly
than MetricSim and PerfRank.

6.5.1 Comparison Against MetricSim. MetricSim performs rela-
tively well on write-only and read-write workloads, but its per-
formance drops for TPC-C and read-only workloads. This pattern
aligns with the quality of context retrieval for the prod context in
Figure 5a. These results show that the similarity of the selected
source context directly influences transfer learning effectiveness.

The result of TPC-C in Figure 6a and read-only in Figure 6b
exemplify 2 problems caused by the comparison of system met-
rics to identify similar contexts. The first problem is the negative
transfer. For the target context (prod, TPCC-100), MetricSim se-
lects (xxlarge, WO-1.0) as the source context. While the buffer
pool size has the largest performance impact in the target context,
it has a minimal impact in the source context. Consequently, the
data transfer module regards this parameter as unimportant and
cannot cover all the important parameters, resulting in a model
with 14% error. Libra’s context retrieval module, in contrast, selects
(xxlarge, RW_50-0.6) as the source context, sufficiently covering
the majority of the target important parameters.

The second problem arises from covering excess parameters.
The target context in Figure 6b has only 2 parameters that have
significant impact. While Libra selects a context with exactly the
same important parameters, reducing the sampling space by 97%,
MetricSim selects a context with 9. This results in 7 false positives,
causing the data transfer to require 32X more samples to build an
accurate model as it wastes time on sampling irrelevant parameters.

Libra avoids both of these issues by selecting source contexts
according to m-profile similarity, increasing the change that the
selected context shares the same important parameters as the target.
As a result, Libra minimizes the negative transfer and improves the
transfer learning efficiency, achieving up to 32x faster convergence.

6.5.2 Comparison Against PerfRank. Although PerfRank is less
susceptible to negative transfer compared to MetricSim, it requires
a relatively large number of target samples to reliably produce
accurate models. In the read-only case, where the performance sur-
face is primarily influenced by just two parameters, PerfRank can
quickly identify the most similar context, leading to fast model con-
vergence. However, in other contexts where performance depends
on a larger number of parameters, PerfRank needs substantially
more samples to accurately distinguish the most relevant context
and improve the prediction accuracy. In the TPC-C workload, while
Libra achieves an error below 5% with just 160 samples, PerfRank
needs 320 samples, twice as many, to reach the same error threshold.
The instability of the model accuracy is also an issue. As Figures 6¢
and 6d show, with limited number of samples, PerfRank exhibits
high variance in model error. Its error fluctuates as it repeatedly
updates its choice of context, leading to unstable and prolonged
convergence. Libra’s context retrieval identifies a relevant source
context in one shot, enabling faster convergence.
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Figure 7: Comparing Transfer Algorithms

6.6 Comparing Transfer Algorithms

We compare Libra’s data transfer module with ModelShift, DataReuse,
and L2S. For all methods, the source context is selected using Libra’s
context retrieval to ensure that any differences in performance arise
solely from the transfer strategy. ModelShift [41] linearly trans-
forms the prediction from a source context model to estimate target
performance. DataReuse [17] uses the source context data and
data samples from the target context to build a performance model.
OtterTune adops DataReuse as its transfer algorithm. To match the
OtterTune implementation, our version of DataReuse performs sam-
pling space reduction using Lasso-based parameter selection [42].
Both ModelShift and DataReuse are data augmentation methods
that incorporate source context data directly into the target model
training process. L2S [15, 16] uses stepwise regression to identify
important parameters likely to be shared between the source and
target contexts and samples the data of those parameters to build
the target model. To ensure a fair comparison, we use Gaussian
Process regression as the performance predictor for all the methods.
Figure 7 shows the result of transfer learning conducted for the
prod contexts. Libra consistently outperforms other state-of-the-
art transfer algorithms, minimizing the model’s prediction error to
low values in much less samples from the target context. Existing
methods experience negative transfer, as shown in Figure 8.

6.6.1 Comparison Against Data-Augmentation Methods. DataReuse
produces a model with the worse accuracy for all cases, as shown in
Figure 7. The fundamental problem with DataReuse is that it com-
pletely disregards the absolute difference between contexts. Since
absolute performance values depend on many factors, it is rare for
two contexts to exhibit performance trends on the exact same scale.



Table 7: Important Parameters Selected in the Experiments
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For this reason, DataReuse experiences negative transfer even if
the performances in two contexts trend similarly.

ModelShift creates more accurate models, achieving peak accu-
racy with fewer than 100 samples across all cases. However, its
accuracy displays no improvement even with additional samples.
Like DataReuse, ModelShift augments the training data with source
context data to predict target performance. Unless the source con-
text closely resembles the performance surface of the target context,
negative transfer remains likely, even after applying a linear trans-
formation to adjust for differences in scale.

6.6.2 Comparison Against Conventional Parameter Selection. Re-
lying on sampling space reduction instead of data augmentation
enables Libra and L2S to consistently obtain accurate models.

In Figure 7b, Libra and L2S have comparable result as they both
reduce the error to below 3% in less than 20 samples. In other
cases, Libra performs better by more reliably identifying important
parameters and avoiding the false negatives that hinder L2S.

L2S incurs higher prediction error because it relies on stepwise
regression for parameter selection, an approach known to produce
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unreliable results [9, 38]. Stepwise regression struggles to capture
non-linear relationships, often excluding impactful parameters and
compromising model accuracy. In Figures 7a, 7c, and 7d, it mis-
labels certain parameters (Figure 9) as unimportant and excludes
them from sampling, despite their significant non-linear influence
on performance. Whether linear or non-linear, Libra captures im-
portant parameters by taking the ratio of 99th and 1st percentile
performance, enabling it to minimize negative transfer and im-
prove convergence efficiency. The selected parameters for each
experiment is listed in Table 7.

6.7 End-To-End Transfer Learning

Finally, we compare the complete transfer learning pipeline of Li-
bra against two existing methods, MetricSim+DataReuse and
PerfRank+Ensemble, which are integrated into state-of-the-art
DBMS tuning systems OtterTune and ResTune, respectively. Many
automatic tuning systems rely on accurate performance predic-
tion to recommend optimal configurations, and both OtterTune
and ResTune adopt transfer learning strategies to build accurate
models with minimal sampling. MetricSim+DataReuse is the strat-
egy used in OtterTune [42]. It uses MetricSim for context retrieval
and DataReuse as its transfer algorithm. PerfRank+Ensemble, used
within ResTune [48], employs PerfRank to calculate context similar-
ities. Its transfer algorithm is a data augmentation method directly
tied to PerfRank. It constructs a weighted ensemble of the target
model and all previously acquired source models (Ensemble), with
weights determined by PerfRank’s similarity scores.

Libra outperforms both methods across all evaluation settings.
Compared to MetricSim+DataReuse, Libra reduces prediction er-
ror by an average of 95.6%. MetricSim+DataReuse suffers from
severe negative transfer because MetricSim often fails to retrieve
truly similar source contexts, causing DataReuse to incorporate
misaligned source data into model training. Compared to Per-
fRank+Ensemble, Libra achieves the same level of accuracy with
2 to 32X fewer samples. PerfRank+Ensemble depends on a large
number of samples to assess context similarity. When sample size
is limited, it tends to include less relevant source models in the
ensemble, reducing accuracy and stability.
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Figure 10: Performance Prediction Accuracy of Libra Com-
pared to MetricSim+DataReuse and PerfRank+Ensemble

7 RELATED WORK

Scope of Transfer Learning: Previous studies have examined
transfer learning in video encoders, data compressors, stream pro-
cessing systems, machine learning models, compilers, operating
systems, etc. [15-17, 23, 24, 27, 29, 41]. We focus on the widely used
database system MySQL.

Prior work has examined context variation across hardware [29,
41, 48], workloads [42, 48], software versions [27], and related sys-
tems [24]. In practice, multiple contextual factors often vary si-
multaneously. Jamshidi et al. analyzed the interaction of hardware,
workload, and software versions on system performance [15]. We
focus on the combined influence of hardware and workload, as both
frequently vary in industrial settings.

Context Retrieval: BEETLE [23] selects a source context by test-
ing how generalizable each context is within the past contexts. The
selected context is used for transfer learning regardless of similarity
to the target. Our experiments show that the optimal source con-
text varies by target, highlighting the need to retrieve the context
most similar to the target. OtterTune and OnlineTune [42, 49] use
runtime-statistic to calculate context similarity, but these metrics do
not consistently reflect similarity in performance trends. ResTune
and OpAdviser [48, 50] instead compare performance ranking of
configurations, which improves transfer quality but demands many
target samples. OPPerTune [40] uses decision tree to classify con-
texts based on performance, but its training requires many target
samples and cannot be prepared pre-deployment.

Transfer Algorithm: DataReuse [17] is a standard approach used
in DBMS tuning systems [42, 49]. DataReuse is effective when the
source is highly similar to the target. ModelShift [41] is an approach
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Table 8: Comparison of Libra with Existing Transfer Learning
Methods - N.A. indicates that the method does not perform context
retrieval. Libra achieves performance-relevant context retrieval in
one-shot, avoids data augmentation to minimize negative transfer,
and reduces sampling space to accelerate model convergence.

System Perf. Small Avoid Data | Reduces
Relevant | Sample Augme- Sampling
Retrieval | Retrieval ntation Space
Proposed Yes Yes Yes Yes
ModelShift[41] N.A. N.A. No No
DataReuse[17] N.A. N.A. No No
L2s[16] N.A. N.A. Yes Yes
ChimeraTL[29] N.A. N.A. No Yes
OtterTune[42] No Yes No Yes
ResTune[48] Yes No No No
BEETLE[23] No Yes No No

that adjusts the performance difference caused by hardware dif-
ference. Both are data augmentation methods which augment the
training data with samples from other contexts. These methods are
vulnerable to negative transfer when hardware or workload differ-
ences introduce performance-trend discrepancies [16, 29]. L2S [16]
and LlamaTune [19] aim to shrink target sampling space to reduce
data collection cost. L2S assumes impactful parameters are the same
in any contexts [15, 16], but our experiments show parameter sensi-
tivity varies widely, motivating Libra’s parameter-sensitivity—-based
context retrieval. Llamatune [19] reduces sampling space without
prior context data, but Libra can reduce the space further by lever-
aging data from a similar context.

8 CONCLUSION

We presented Libra, an end-to-end transfer learning framework
for cost-efficient performance modeling. Libra addresses two chal-
lenges of transfer learning: identifying source contexts likely to
transfer well and sampling from the target context efficiently to con-
struct an accurate performance model. We introduced a novel con-
text retrieval method based on 7-profiles, selecting similar contexts
based on a performance-relevant comparison. We incorporated
an MLP that predicts the m-profile from a single runtime snap-
shot of the target context. Once the similar context are identified,
Libra selects important parameters by comparing 99th and 1st per-
centile performance ratio, and reduces the configuration space for
exploration. Sampling process prioritizes parameters with higher
performance impact to efficiently build a performance model. Libra
outperforms existing approaches in terms of convergence speed
(up to 32x faster) and predictive accuracy (95.6% error reduction).
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