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Abstract
Autotuning plays a pivotal role in optimizing the perfor-
mance of systems, particularly in large-scale cloud deploy-
ments. One of the main challenges in performing autotuning
in the cloud arises from performance variability. We first
investigate the extent to which noise slows autotuning and
find that as little as 5% noise can lead to a 2.5x slowdown in
converging to the best-performing configuration. We mea-
sure the magnitude of noise in cloud computing settings and
find that while some components (CPU, disk) have almost no
performance variability, there are still sources of significant
variability (caches, memory). Furthermore, variability leads
to autotuning finding unstable configurations. As many as
63.3% of the configurations selected as "best" during tuning
can have their performance degrade by 30% or more when
deployed. Using this as motivation, we propose a novel ap-
proach to improve the efficiency of autotuning systems by
(a) detecting and removing outlier configurations and (b)
using ML-based approaches to provide a more stable true
signal of de-noised experiment results to the optimizer. The
resulting system, TUNA (Tuning Unstable and Noisy Cloud
Applications) enables faster convergence and robust configu-
rations. Tuning PostgreSQL running mssales, an enterprise
production workload, we find that TUNA can lead to 1.88x
lower running time on average with 2.58𝑥 lower standard
deviation compared to traditional sampling methodologies.

CCS Concepts: • Computer systems organization →
Cloud computing; • Computing methodologies→Ma-
chine learning.

Keywords: Bayesian Optimization, Autotuning, Perfor-
mance Tuning, Noise Reduction, Performance Variability
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1 Introduction
Software tuning is important for many different types of
systems. Before the rise in popularity of machine learning
(ML), heuristics and search-based approaches for tuningwere
used in different areas including databases [3, 22, 77], key-
value stores [15], VM sizing [95], compilers [83], distributed
systems [40], and memory systems[41]. With the rise in pop-
ularity of applying ML to systems problems, several recent
works have developed autotuning frameworks for databases
(e.g., OtterTune [88], CDBTune [99], QTune [57]), file sys-
tems [12] and analytics frameworks [94].
Most state-of-the-art tuners follow a similar design for

autotuning as shown in Figure 1. The autotuning process
consists of a short loop: first, an optimizer (e.g., Bayesian
or Gaussian Process optimizer etc.) suggests a new config-
uration (config) to evaluate for a System-under-Test (SuT)
running a specific workload. Typically, an initialization set,
a set of randomly selected configurations, is used to boot-
strap the model. After the initialization set, a metric such as
Expected Improvement or Thompson sampling [82] is used
to generate the new suggestions [36]. Each suggested config
is evaluated (sometimes called "profiling") for a fixed period
to measure its performance. The results are then cataloged,
along with all prior evaluations, and then finally returned to
the optimizer to improve future suggestions. Once a given
stopping criteria is met (e.g., total tuning time or number of
configs), the best config is selected from the catalog.

Although ML-based solutions have been shown to achieve
significant peak performance improvements (e.g., 2-5x [88]
performance improvement in database systems, 20-25% [12]
performance improvement in storage systems, and 15-
20% [61] improvement in cluster scheduling), existing work
has not studied if tuning produces configswith stable and pre-
dictable performance in the cloud (i.e., performance remains
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Figure 1. Modern auto-tuning system design [42, 98, 99]

the same when deployed on similar hardware). This conflicts
with service level agreement (SLA) [52] requirements, which
demand stable performance on customer workloads.
We find that there are two main challenges in finding

stable, well-performing configs: first from platform level per-
formance variability during tuning, and second from unstable
behavior of the SuT. Given that various levels of the hard-
ware and software stack have been shown to have variable
performance [10, 24, 44, 62, 79, 80], when a config suggested
by the optimizer is evaluated, the measured performance
of the SuT can be noisy. We find that even having a small
amount of measurement noise (5%) can lead to a significant
slowdown (2.5×) in finding good performing configs (§3).
Additionally, we find that the software systems can exhibit
unstable behavior with specific configurations; typically this
can be attributed to configurations changing which code
paths are taken at runtime, leading to unexpected perfor-
mance. We first expand on these findings by discussing our
benchmark of cloud computing offerings to measure the
amount of variability caused by hardware components, vir-
tualization, and noisy neighbors and follow that with a case
study on how unstable behavior can affect autotuning.

To measure variability in the cloud, we run a 68 week-long
study, sampling across over 43500 VMs on Microsoft Azure.
While there have been prior cloud measurement studies
(listed in Table 1), these studies are either too old [25, 37, 75]
and do not capture recent changes to the cloud, or do not
sample a large set of VMs to understand the distribution of
performance across a region [19, 25, 54, 62, 75, 76, 87]. To
the best of our knowledge, this is the longest, and largest
cloud study conducted and we find, contrary to prior work,
very consistent CPU and disk performance. The variability
of these components using the Coefficient of Variation (CoV)
(the standard deviation normalized by the mean), is less than
1.0%. This is significantly lower than the results reported
for bare-metal machines (9.0% for disk [62] and 12.8% for
CPU [4]). We still find that some components have signifi-
cant variance such as memory, CPU cache, and OS-related
operations (4.92%, 8.82%, 14.39% coefficient of variation, re-
spectively). Given that significant variability still exists in
the cloud, this motivates the question: How does platform
performance variability affect ML-based tuning of software
systems that use these components?
To explore this, we run a case study tuning Post-

greSQL [81] on a well-known workload, TPC-C [56], in the

cloud. We use SMAC [36], a popular Bayesian Optimizer. We
chose PostgreSQL as our SuT, as, in addition, to disk and
CPU, PostgreSQL also heavily uses cache, memory, and the
OS - the components which we found have high variance in
the cloud. Surprisingly, we find that 39.0% of the configs seen
during tuning are “unstable” ; i.e., TPC-C throughput varies
substantially, with up to 101.3% CoV. Worse, many of the
configs that performed best during tuning, when deployed
to a new VM, experienced up to 76.1% performance degra-
dation compared with that during tuning. However, not all
best-seen configs experienced such degradation, and there
exist configs that are stable and yield high performance.
Motivated by the above findings, we develop TUNA, a

new sampling methodology that aims to find stable, but still
high-performing, configs. TUNA primarily changes how we
measure SuT performance in the autotuning design, allow-
ing TUNA to directly integrate with existing optimizers (e.g.
SMAC [36], botorch [11], etc.) and generalize to any SuT. We
use two main insights in TUNA: (a) the only way to quickly
detect unstable configs is by sampling across a representa-
tive cluster to capture the variance across nodes, and (b)
component-level metrics can mitigate noise from samples.

TUNA integrates these insights through three main com-
ponents. First, we usemulti-fidelity sampling to evaluate con-
figs at various "budgets", with higher budgets corresponding
to sampling from more nodes. Secondly, we build an outlier
detector and an aggregation policy using these additional
collected samples that, together, filter out unstable configs.
Finally, we design a Noise Adjuster model that aims to re-
move the influence that platform variability has on the op-
timizer using component-level metrics (e.g., CPU, Memory
stats etc.). Together these techniques help autotuning frame-
works achieve fast cost-effective convergence to a stable
config that is both performant and robust.

We evaluate TUNA under various scenarios to show that
it can generalize well to different scenarios. These include
three SuT (PostgreSQL , Redis , and NGINX ), six workloads
(TPC-C, epinions, TPC-H, YCSB-C, mssales [84], an internal
Microsoft production workload, and a Wikipedia serving
workload), two cloud regions, two distinct VM SKUs, and
two optimizers (Bayesian Optimization, Gaussian Processes).
We compare TUNA against the existing state-of-the-art ap-
proach to tuning with a single machine. Every system and
workload evaluated improved when using TUNA, either in
terms of better-achieved performance, reduced variability,
or both. For example, mssales [84], tuned using TUNA has
46.8% lower latency and 61.2% lower standard deviation than
a system tuned with traditional sampling techniques.
Open Source. To benefit the community we release the
cloud measurement dataset 1 and source code 2 for TUNA.

1https://aka.ms/mlos/tuna-eurosys-dataset
2https://aka.ms/mlos/tuna-eurosys-artifacts

https://aka.ms/mlos/tuna-eurosys-dataset
https://aka.ms/mlos/tuna-eurosys-artifacts
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2 Background
Performance Variability. Systems performance variability
comes in a variety of forms (e.g., inherent software non-
determinism, subtle hardware differences, interference from
other "noisy neighbor" workloads on shared infrastructure
such as in cloud environments, etc.) and has been studied
for many decades in many applications of system design
under different names (variability, interference, noise, cloud
weather, etc.) [10, 62, 79, 80, 104]. Recent work has studied
hardware variability that can lead to gray failures [32, 35, 96].
Many types of systems attempt to be agnostic to absolute sys-
tem performance or have solutions that do not need config
tuning and evaluation. For example, systems like MapRe-
duce schedule duplicate work on additional machines to
avoid stragglers [20]. Other systems [16, 18, 69] attempt to
more directly address interference caused by sharing infras-
tructure. Similar concepts have also been deployed in the
hypervisor [7] and in the HPC community [19, 34].
In the context of software testing, there has been work

to detect outliers caused by performance regression in the
cloud rather than the system design. Some works are as
simple as takingmore samples acrossmachines [50], or better
test orderings [1]. Other works have integrated metrics into
outlier detection [13, 92], however, there is no work we are
aware of that goes beyond using metrics for detection.

We argue that while further systems advancements in iso-
lation, detection, and scheduling are useful and important,
interference will continue to be an issue for systems devel-
opers and operators, particularly those working with shared
infrastructure, and hence any system that intends to run in
the cloud needs to be capable of addressing increased noise.
ML-based Tuning. There have been many works that per-
form ML-based tuning of data systems [42, 51, 57, 85, 98, 99].
These approaches can be either online or offline, and both
are sensitive to noise in the environment.

Online approaches use an agent-based approach to change
a smaller set of parameters that can be tuned without inter-
rupting the system (e.g., restart). The policies employed are
typically more conservative in order to avoid incorrect con-
figs which may impact the liveness of the system and as such
require more tooling and are more challenging to explain and
support [102]. Moreover, since workloads are not replayable,
the learning process is more complicated.
Offline tuning, in contrast, allows for a greater degree

of exploration. Given a workload, the configuration space
is searched out-of-band on a set of test machines and later
periodically applied to the production systems as workloads
change. Since these events can be scheduled and monitored,
much like a normal user config change, they are easier to
deploy and reason about, and are generally the preferred
initial approach by both support teams and customers. For
this reason, we primarily focus on offline tuning in this paper,
but many of our lessons apply to both contexts.
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Figure 2. Optimizer Rate of Convergence for epinions work-
load, running on PostgreSQL 16.1 at various levels of noise.

In either case, the two primary performance considera-
tions for an autotuner are (a) its ability to discover an optimal
config, and (b) its rate of convergence. Since the global optimal
is typically not known unless one performs an exhaustive
(and expensive) grid search, ML-based techniques are used
to improve the search rate towards the "best found" config.

Many of the most successful systems use some variant of
Bayesian Optimization (BO) [42, 88, 98] for their optimizer,
as it can often find the optimum in fewer evaluations. Rein-
forcement learning (RL) [57, 99] has also been used for this
task, yet RL often requires an initial training phase which
can be time-consuming. CDBTune focuses on parallelizing
training in a cloud environment, however, it does not address
the noise that is inherent in the cloud [99]. We argue that for
these systems to be reliable in production, the tuning system
needs to account for the variance across machines, changes
in collocated VMs, and the noise of the cloud environment.
Prior studies have proposed ML algorithms that are re-

silient to noisy data [8, 28, 55]. There are theoretical studies
that characterize, and devise ways to handle constant Gauss-
ian noise in BO [28, 55], which make strong assumptions
about the shape of the noise and do not apply to the non-
parametric noise that we observe in the cloud. Additionally,
suchmethodology has never been applied to tuning systems.

3 Motivation
Existing approaches for tuning systems have assumed that
tuning environments represent eventual deployment envi-
ronments. However, it has been reported that even on bare-
metal (i.e., isolated) nodes, performance variability can be
as high as 29.2% CoV for network, and 16.0% CoV for mem-
ory [10, 62, 79]. The situation can be even worse in cloud
environments, where performance variability due to shared
infrastructure has been reported to be even higher [2, 24, 68].
In this section, we investigate how performance variability
affects ML-based tuners regarding convergence rates and
final configs. We use a series of experiments understand:
(i) the impact of performance variability (noise) on tuner
convergence, (ii) the magnitude of noise in the cloud, and
(iii) the impacts of cloud noise on best-performing configs.

3.1 Impact of Interference on Tuner Convergence
We start by investigating the impact of noise on tuner con-
vergence. We employ PostgreSQL v16.1 as an example SuT
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we wish to optimize, and we run the epinions [70] work-
load. More details about the workload are given in §6.1. We
use SMAC [58] as our optimizer, as done in prior state-of-the-
art work [42], and maximize throughput as our objective.
Here, we employ isolated c220g5 bare-metal nodes from
CloudLab [23], which do not experience any noise from vir-
tualization or noisy neighbors. To understand the impact
of noise on convergence, we synthetically simulate various
levels of noise by reporting noise adjusted using a Gaussian
distribution prior. In particular, if 𝑃 represents the measured
performance, 𝜎 represents our chosen CoV, then 𝑃∗ = 𝑃 × Δ
is the value we report back to the tuner, where Δ ∼ N(1, 𝜎2).
We explore three such noise levels (i.e., sampling noise): 0%,
5%, and 10% We execute 100 tuning runs, each with a differ-
ent initialization set, for each level of noise; for each run, we
evaluate 100 samples (i.e., configs).

Figure 2 depicts the performance of the best config found
so far by the tuner at a given iteration. The solid line is the
mean performance, and the shaded region is the 99% confi-
dence interval. We observe that the tuner convergence rate
rapidly degrades when the noise in the prior is increased
from 0% to 5%. The tuner using a noise level of 0% converges
to the same noise-free performance in 40 iterations as the
5% noise case in 100 iterations. The slow-down ratio of these
numbers is called time-to-optimal performance [42], and we
find it to be 2.50x. Increasing noise to 10% further hinders
convergence, and gives a time-to-optimal ratio of 4.35x as
compared to no noise. Thus, given that a small amount of
synthetic sampling noise can have such a significant impact
on the tuner convergence, and hence its cost, we must inves-
tigate the magnitude of noise in the cloud to determine how
much impact it will have on tuning systems.

♦ Increased sampling noise during tuning significantly
slows down convergence, increasing tuning cost.

3.2 Quantifying Cloud Noise
Performance variability in the cloud has been studied in
multiple prior works (shown in Table 1); however, we find
that these prior studies are limited in scale and duration, or
outdated, and do not report results on OS-related variability.
We also note that while some studies (e.g., Figiela et al. [27])
do sample many instances, they use serverless nodes, which
have less consistent performance properties than VMs [59],
as they have weaker isolation.
We thus conduct a study to investigate the magnitude

of variability in today’s cloud caused explicitly by platform
and hardware variability. We ran a longitudinal study for
480 days on Microsoft Azure, starting May 28th, 2023, and
ending on September 19th, 2024. We conducted our study
using 40 microbenchmarks, and 13 end-to-end application
benchmarks, resulting in a total of 92 metrics. We inves-
tigate Standard_D8_v5 [39] VMs general-purpose VM in
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Figure 3. The variance of PostgreSQL and Redis benchmarks.
Relative performance is relative to the mean performance
seen within a region and VM SKU type. Higher is better.

two regions: westus2, and eastus and across two types
of lifespans: short-running, and long-running VMs. Addi-
tionally, we briefly discuss Standard_B8ms [90] VMs in the
same regions and with the same lifespans. We isolated our
benchmarks to use SSDv2 [72] disks in Azure where appli-
cable. Long-running VMs ran for the entire duration of the
study (68 weeks). Short-running VMs were deployed, ran
the benchmarks, recorded the results, and were immediately
deprovisioned. This allows us to sample across many physi-
cal nodes in each region, collecting different types of cloud
weather as compared to long-running VMs, which we find
seldom migrate. There were three long-running VMs of each
type in each region, and a total of over 43k short-lived VMs
approximately evenly distributed between the two regions
and types of VM. During the study, we collected over 7M
data points approximately evenly distributed between the
two regions, the two VM lifespans, and the two VM types.
First, we compare the end-to-end performance of long-

lived burstable VMs to non-burstable VMs running two full
systems, PostgreSQL and Redis , in Figure 3. For PostgreSQL,
we run a read-write workload from pgbench [33] with a
dataset significantly larger than memory. For Redis , we run
a write-heavy workload from redis-benchmark [74].

Immediately, it is clear that there is not only significantly
higher variability in burstable VMs but also a bimodal dis-
tribution. There are two key differences between these two
types of VMs. First, burstable VMs are oversubscribed with
weaker isolation as compared to non-burstable VMs. This
causes a wider distribution of performance. Secondly, and
more problematic for tuning, bursting credit depletion causes
extreme performance bimodality. For example, when there
are sufficient disk credits for the PostgreSQL workload, we
see performance in the upper end of the distribution, and
when they are depleted, there is a greater than 50% degra-
dation. This is not only problematic because of the loss of
performance, but it also makes it difficult for the optimizer to
distinguish between credit depletion and unstable configura-
tions (§ 3.2.1). For this reason, for the remainder of the paper,



TUNA: Tuning Unstable and Noisy Cloud Applications EuroSys ’25, March 30–April 3, 2025, Rotterdam, Netherlands

Paper Year Duration Samples Instances Platform Disk Memory CPU Network OS
Schad et al. [75] 2010 4 weeks 6 k 4 A ✓ ✓ ✓ ✓ ✗
Iosup et al. [37] 2011 52 weeks 250 k N/A𝑎 A, G ✗ ✗ ✓ ✗ ✗
Farley et al. [25] 2012 2 weeks 59k 40 A ✓ ✓ ✓ ✓ ✗
Leitner and Cito [54] 2016 4 weeks 54k 82 A, M, G, I ✗ ✓ ✓ ✗ ✗
Maricq et al. [62] 2018 46 weeks 900 k 835 CL ✓ ✓ ✗ ✓ ✗
Figiela et al. [27] 2018 22 weeks 730 k 13,723𝑎 A, M, G, I ✗ ✗ ✓ ✗ ✗
Scheuner and Leitner [76] 2018 4 weeks 63 k 244 A ✓ ✓ ✓ ✓ ✗
Uta et al. [87] 2020 3 weeks 1000 k 1 A, G, H ✗ ✗ ✗ ✓ ✗
De Sensi et al. [19] 2022 N/A 516 k 2 A, M, G, O ✗ ✗ ✗ ✓ ✓

This Work 2024 68 weeks 7037 k 43,641 M ✓ ✓ ✓ ✗ ✓
𝑎 These studies were conducted on serverless nodes
Table 1. Comparison of our work to prior benchmarking studies. For platform A indicates Amazon AWS, M indicates Microsoft
Azure, G indicates Google GCP, I indicates IBM Cloud, O indicates Oracle OCI, CL indicates CloudLab, H indicates HPCCloud.

0.5 1.0 1.5 2.0
Relative Performance

CPU
Disk
Mem

OS
Cache

Be
nc

hm
ar

k

Region
westus2
eastus

Figure 4. The variance of benchmarks targeting CPU, Disk,
Memory, the OS, and CPU cache. Relative performance is
relative to the mean performance seen. Higher is better.

we choose to use non-bursting VMs. We leave accounting
for burstable VM credits during tuning as future work.

♦ Burstable VMs are not suitable for autotuning applica-
tions without accounting for bursting credit depletion.

We focus on the results of 5 different resource microbench-
marks running on non-burstable VMs: prime verification us-
ing sysbench [48] to test CPU performance, random writes
using fio [9] with the Linux Async IO engine for disk, Max
Bandwidth with a 1:1 read/write ratio using Intel’s Memory
Latency Checker [91] for memory, thread creation time us-
ing OSBench [29] for the OS, and the stress-ng [45] cache
micro-benchmark. While these are not the only benchmarks
we ran for each of these components, they are each repre-
sentative of other benchmarks that targeted their respec-
tive components. The results of these microbenchmarks are
shown in Figure 4, and we present two main takeaways.

First, the performance characteristics of some components
(e.g., disks and CPUs) have significantly lower variability
than the results reported in prior works (Table 1), with the
highest CoV for any disk-isolated benchmark or any CPU-
isolated benchmark being 0.36%, and 0.17%, respectively.
This decreased variability can likely be attributed to changes
in the offerings provided by the platform. Prior studies have
shown many different CPUs all within a single VM SKU,
including a mix of Intel and AMD CPUs [25]. Modern VM

SKUs, on the other hand, have much tighter SLAs and have
separated these CPUs into different SKUs [6, 30, 39, 64]. In all
of our experiments, we found that every VM reported using
the same underlying CPU type. Additionally, there has also
been work at the platform level to fairly share and isolate
CPU cycles [101]. The virtual disk service also benefits from
platform-level improvements. In Azure, we found that the
SSDv2 Managed Disk offering [72] has significantly lower
variability than storage shown in prior work. Note that Azure
is not the only platform to provide these types of virtual disks.
GCP and AWS both provide similar offerings[5, 31]

♦ Platform level advancements have made CPU and
Disk cloud-based components much more stable than
results shown in prior studies.

However, platform-level improvements have not solved
all the variability problems that exist in the cloud. Mem-
ory, OS, and Cache still have high variability with CoVs of
4.92%, 9.82%, and 14.39% respectively. Some of the variance
can be explained by design decisions that cloud providers
have made. Memory and cache bandwidth are often not re-
stricted, which allows heavy interference impacts. There has
been work to more fairly share these resources at a plat-
form level [65], and a hardware level [89, 97], however, these
have either not been deployed or have not completely re-
solved the issue. OS operations are another problem. Many
OS-related operations require a VMEXIT, which can incur a
heavy overhead due to CPU overbooking and modern side-
channel and other security mitigations that systems must
employ [67]. While recent proposals have introduced some
hardware support [86, 103], we find that they do not fully
mitigate variability in virtualized systems. Given that there
is variability in cloud-based systems, it raises the question:
how much does this variability impact tuning?

♦ Memory and Cache still experience high levels of
variance, we also see the OS as a previously unmeasured
source of variance.
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performing configurations (picked by the optimizer) during
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3.2.1 Unstable Configurations. To study the impacts
of tuning the cloud, we ran 30 tuning runs, each with the
same initialization set, targeting PostgreSQL 16.1 running
TPC-C [56] for 50 iterations. We evenly distributed these
30 runs across 30 identically configured D8s_v5 [39] VMs
using SSDv2 Data Disks in the same region. The question we
wish to answer with this experiment is: are modern tuning
processes resilient to the performance variance seen in §3.1,
and in turn always able to generate a usable configuration?

First, we notice that the configurations in the initialization
set have vastly different stability characteristics. Of the 10
total configurations in the initialization set, we present the 5
configs that do not immediately crash the system in Figure 5a.
Config C is particularly concerning as it either performs
extremely well or extremely poorly, depending on which
machine it was run on, in a difficult-to-predict manner. We
term these configurations Unstable.

Next, we explore the ability of the best-performing config-
urations to be deployed on a VM distinct from the one used
during tuning. We term the ability to maintain performance
as the transferability of a config. To explore transferability,
we deployed the best config found from each optimization
run, to a set of 10 new VMs with the same platform setup,
and evaluated the performance of the optimized config on
the new VM. We continue to find vastly different variability
between these "best" configs, with some configs being unsta-
ble and others being stable. We can quite easily divide these
configs into the two aforementioned categories and show
three of each in Figure 5b. We find from this divide that 13 of
the 30 transferred configs are unstable. Furthermore, some of
these configs, including two of those shown, can have their
performance degraded by over 70%, and have CoVs of up to
36.3%. This is significantly higher than what can be attrib-
uted to simply noisy neighbor effects. The highest CoV for
any benchmark PostgreSQL benchmark in § 3.1 was 7.23%.
In §4, we design a heuristic to implement this classification.

We thoroughly investigated system performance metrics,
such as storage throughput and CPU performance via micro-
benchmarks. These revealed (1) no obvious correlations and
(2) that the new machines were performing within the small
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Figure 6. Performance of a memory bandwidth benchmark
partitioned by month. The long-running VM is a single rep-
resentative VM that ran for the entire duration, while the
short-running is a set of 10, 632 VMs, both in westus2.

bounds expected to be caused by platform variance and noisy
neighbors. We eventually found the root cause for this per-
formance degradation to be a difference in the query plan
selected by the DBMS at run time.
For TPC-C, when the query planner generates candidate

plans, the top two candidate query plans for the JOIN query
are predicted to have almost the same execution time. How-
ever, in reality, one plan takes two orders ofmagnitude longer.
Small changes in the underlying component performance
can tip the balance on which plan is selected. Machines
that performed well always selected the high-performing
plan, while machines that performed poorly occasionally
picked the poor plan due to minor differences in predictions
in the cost models. We found that the knobs that impact
if a config may be Unstable include enable_bitmapscan,
enable_hashjoin, enable_indexscan, enable_nestloop,
but the exact combinations are inconsistent across configs.
We also found unstable configs in other systems such as Redis
and NGINX , but omit their details given space constraints.
A lack of awareness of Unstable configs during perfor-

mance sampling can lead to Unstable configs being promoted
during the tuning process.Without mitigation, this can cause
the best apparent config to be Unstable and can cause signif-
icant performance degradation when deployed.

♦ The existence of Unstable configs and their impact
on tuning, motivates the need for methods to collect
representative samples, and detect anomalous configs

4 Design
The substantial impact of noise on tuner performance and
the existence of unstable configs (§3) motivates a new system
that mitigates the observed noise and produces configs that
transfer across different nodes. Ideally, such a tuning design
(i) should be agnostic to the system that is being tuned, (ii)
should not require any changes to the underlying optimizer,
and (iii) should avoid hurting optimizer performance (e.g.,
increased time to convergence or degradeyd config quality).
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Figure 7. Design for TUNA with our contributions highlighted lime and blue.

To this end, we present our new tuner design, TUNA,
which achieves the above goals by introducing four key
components: (i) Multi-fidelity sampling, (ii) Unstable config-
uration detection, (iii) A model for sample noise mitigation,
(iv) sample aggregation. TUNA refrains from making any
changes to the underlying optimizer or SuT, but rather fo-
cuses on changing what data is collected by intelligently
distributing samples across machines, augmenting results
with system metrics, and unstable configuration detection.
Similar to prior works [42, 57, 98], TUNA optimizes a chosen
target metric for a static workload. A high-level overview of
how the above components can be fit into an existing tuning
setup can be seen in Figure 7. In the next subsections, we
describe these components in more detail.

4.1 Multi-Fidelity Sampling
Performance variability across different cloud nodes necessi-
tates evaluating a config on multiple nodes. Figure 6 depicts
the performance of a memory benchmark running on a sin-
gle long-lived VM for 68 weeks, versus running the same
benchmark on many different short-lived VMs over the same
period.We observe that while there are performance changes
for our long-lived VM over time, the time scale on which
these happen is too long and they do not capture the per-
formance variance across the broader cluster on which the
config could be deployed.

The naive way for the optimizer to gain more confidence
is to evaluate each configuration on many nodes, yet doing
so can be prohibitively expensive. To this end, we leverage
multi-fidelity sampling. The key idea of multi-fidelity sam-
pling is to associate a "budget" for each config suggested
by the optimizer. Configs initially begin with a limited bud-
get. Promising configs are then promoted, reevaluating them
with increased budget, increasing the confidence that this
config is indeed better-performing, without spending "too
much" on poor configs.

Multi-fidelity sampling provides a principled way to paral-
lelize config evaluations across multiple nodes and filter bad-
performing configs quickly. We associate the multi-fidelity
budget with the number of nodes on which a config is eval-
uated. We implement this policy using Successive Halv-
ing [38], a well-known multi-fidelity policy. This enables
us to collect additional samples of individual configs across

several machines to evaluate their robustness to noise in the
deployment environment. In particular, we start by evaluat-
ing a config on a single VM, followed by a small set of VMs
(e.g., 3). As long as it keeps performing well, we evaluate it
on an increasingly larger set of nodes until eventually, we
run it on the entire cluster. Otherwise, we quickly discard
the config to give the evaluation budget to more promising
ones, which have not yet been run on as many nodes.
Our multi-fidelity tuning methodology comes with two

important benefits concerning optimization robustness. First,
the resulting best-performing configs are more likely to be
transferable to a new deployment VM. This stems from the
fact that these configs were already evaluated on multiple
nodes, providing us with a more representative performance
distribution. Second, given that we now have a distribution
of samples, we can use these to detect unstable configs. We
elaborate on how we do this, in the next subsection.

4.2 Unstable Configuration Detection
We recall (from §3.2.1) that we observed a wide gap in stabil-
ity between stable and unstable configs. Given the existence
of this wide gap, we introduce a simple heuristic, which,
given a set of gathered samples (i.e., performance) for a con-
fig, decides whether it is stable or not (i.e., outlier).
Our heuristic should make sure that when configs are

classified as stable, they are also transferable. The classifica-
tion decision is made using the performance observed when
evaluating the configuration on multiple nodes. To this end,
the heuristic should only consider whether an outlier per-
formance value exists, i.e., neither the degradation size nor
frequency of outliers are important. For example, a configu-
ration that resulted in a single outlier when run in our tuning
cluster does not imply being inherently more reliable than
a configuration that had two extreme outlier performance
numbers; both should be classified as unstable.

One might try to use, as heuristics, the standard deviation
or CoV to classify unstable configs. Yet, both options are un-
suitable. The former is sensitive to the absolute performance
numbers, thus requiring manual tuning for each target sys-
tem and workload. The latter is inherently biased towards
the ratio of outliers to non-outlier measurements, making it
hard to reason about the magnitude of performance degra-
dation. To this end, we choose relative range as our target
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Figure 8. Sensitivity analysis of 1000 configurations seen
during tuning. Using a red dashed line, we specify our detec-
tion threshold at 30% between the first and second peaks.

heuristic for the outlier detector. This metric does not require
tuning and is not biased towards the incidence of outliers.

Relative Range = 𝑚𝑎𝑥 (𝑥) −𝑚𝑖𝑛(𝑥)
E(𝑥)

Using the above heuristic and a fixed threshold of 30%,
classify a configuration as stable or not. If we detect an un-
stable configuration, we inject a penalty score to prevent the
optimizer from searching this region again. We implemented
this penalty as halving the reported performance as in prior
work [88], though other policies are also possible.

We justify our detection threshold by analyzing relative
ranges from 1000 configurations seen during tuning, all of
which were run on 10 nodes. The results of this experiment
can be seen in Figure 8. We pick a simple threshold value of
30%, as this sits in the trough between the first and second
peaks of relative ranges. While there is still significant den-
sity in the second peak, we are not concerned about a false
positive, as we can always find another well-performing sta-
ble configuration. However, a false negative can be disastrous
when deployed, particularly those with extreme ranges, and
thus we opt for a slightly conservative value. This all said
the exact choice of this value is not particularly important as
long as we safely remove extremely unstable configurations
at the far end of the spectrum (right side of the graph), and
believe any value between 15% and 30% is reasonable.

4.3 Sampling Noise Modeling
Aside from detecting unstable configurations, we also wish
to mitigate the inherent cloud noise from our measurements
to improve the convergence rate (§3.1). Specifically, given
the set of noisy application performance measurements, we
wish to predict the mean noise-less performance value to give
the optimizer a more stable signal suitable for learning. To
do this we make use of guest OS resource usage metrics. Our
main observation is that since configs and noise change the
end-to-end application performance, they also impact the
use of system resources in the VM guest OS and can thus be
used as an additional signal. To this end, we propose building
a predictive model that given an input noisy performance
measurement and a set of system metrics can ultimately
predict the noise-less performance. This is possible as we
evaluate a config on multiple nodes via multi-fidelity tuning,

Algorithm 1Model Training
Input: 𝐶 ⊲ The configuration evaluated
Input: 𝑊 ⊲ A set of workers
Input: 𝑀𝐶𝑊 ⊲ Metrics of Configuration run on Worker
Input: 𝑃𝐶𝑊 ⊲ Performance of Configuration run on Worker
1: 𝑋 ← {𝑀𝑐𝑤 ∪ OneHot(𝑤)} ∀𝑐 ∈ 𝐶,∀𝑤 ∈𝑊
2: 𝑦 ← 𝑃𝑐𝑤

E[𝑃𝑐𝑤 |𝐶=𝑐 ] − 1 ∀𝑐 ∈ 𝐶,∀𝑤 ∈𝑊 ⊲ Percent Error
3: Model = RandomForestRegressor ◦ Standardize
4: Model.fit(𝑋,𝑦)

Output: Model

Algorithm 2Model Inference
Input: Model ⊲ The model used to predict performance
Input: 𝑀𝑐𝑤 ⊲ Metric for a configuration on a worker
Input: 𝑤 ⊲ Worker ID
Input: 𝑃𝑐𝑤 ⊲ Performance of configuration run on worker
Input: 𝑂𝑐 ⊲ If configuration has outliers
1: 𝑠 ← Model.predict(𝑀𝑐𝑤 ∪ OneHot(𝑤))

2: 𝑚(𝑠, 𝑝, 𝑜) :=
{
𝑝 𝑜 = 𝑇𝑟𝑢𝑒
𝑝

𝑠+1 𝑜 = 𝐹𝑎𝑙𝑠𝑒
⊲ Apply Model

Output: 𝑃𝑐𝑤 ←𝑚(𝑠, 𝑃𝑐𝑤,𝑂𝑐 )

giving us additional data that we can leverage for training our
predictive model. Note that while such predictive approaches
have been utilized for performing outlier detection [60, 93],
they have not been used in the context of mean performance
prediction or for systems tuning.
There are a few important design decisions we make for

our noise adjuster model. First, and most importantly, we do
not bring any data from any prior tuning run, i.e., the model is
initialized randomly every time we begin a new tuning run. We
do this to make comparisons more general to new workloads,
similar to how the surrogate model in the optimizer is not
updated with prior data. We leave transfer learning from
prior observations to warm up the model for future work.
We use system metrics and a one-hot encoding of the

machine ID collected from the configurations with the most
samples within a run as training data to build our model.
We do not make any effort to select a subset of metrics (e.g.,
by using a pre-processing technique), but rather provide
all available metrics from psutil [71] to our model. For
our target metric, we use performance relative to the mean
performance of a given configuration (Line 4 of Algorithm 1).
This allows our model to learn which metrics are important
rather than requiring us to hand-select them per SuT.

Secondly, we require three properties from our model. (i)
The model needs to be able to generalize well over unseen
data as we cannot expect configurations to take the same
code paths. (ii) The model must be able to select important
input features (i.e., psutil metrics), from a large feature
space, without sacrificing predictive performance as we do
not wish to encode this information. (iii) And finally, the
model must be able be able to be trained on a small amount
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of data, as optimization is a cold-start process. We choose to
use a random forest regressor as our predictive model as it
has been shown to satisfy all of these properties [78].

Finally, we only use data from configs that have been run at
the highest budget. This is the most reliable data for training
input to model as it has the highest chance of catching and
removing unstable configs, which can negatively impact our
model accuracy.While this limits the amount of training data,
we find that the model still converges quickly to produce
more accurate predictions. Additionally, as training random
forest regressors is cheap, we simply rebuild the entire model
every time there is an added data point. A description of this
entire training process can be seen in Algorithm 1.
We then use this model to predict the true mean perfor-

mance for every sample that we collect from stable configs.
If we detect an unstable configuration, we bypass the model
as these fall outside of our training data, and will already be
heavily penalized by the outlier detector. The inference phase
of this model can be described in Algorithm 2. We simply
collect the metrics and the machine ID that the configuration
was run on and adjust the score we report to the next stage
of our sampling process by the performance prediction.

4.4 Sample Aggregation
Finally, we need to generate a single value for the optimizer,
and hence we need an aggregation policy. While it may seem
intuitive to use median or mean as an aggregation policy,
these both have the potential to ignore outliers. Additionally,
we find that during tuning, when unstable configurations
performed poorly (e.g. Config C in Figure 5a), the final con-
figurations were not unstable as seen in Figure 5b. For this
reason, we select min as our aggregation policy, as it correctly
penalizes unstable configurations, and also optimizes for the
worst case.While it is still possible for this aggregation policy
to have unpredictable performance above the worst case, the
outlier detector (§ 4.2) bounds this uncertainty to 30%. Future
work may explore more complicated parametric aggregation
policies that balance optimizing for reduced variance and
increased performance simultaneously.

5 Implementation
We implement all the TUNA components in Python. By
default, we use SMAC [58] as our optimizer as it supports
multi-fidelity sampling natively and has been shown to per-
form better than other optimizers in the context of system
configuration tuning [100] We show, however, that TUNA
also supports other optimizers in §6.6. To manage our SuT
we use Nautilus [43], a system that manages instantiation
and cleanup for benchmarking a given workload [49]. For
our evaluation, we run our sampling method for the same
amount of time as a traditional single-machine methodology.
The rest of this section focuses on some specific implemen-
tation decisions used in our evaluation.
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Figure 9. The chance of detecting all unstable configurations
in a tuning run based on the number of nodes it was run on.
This result is based on the data collected in Section 3.2.1.

5.1 Cluster Size
One important decision is choosing how tomanage the nodes
that are required for Multi-Fidelity Sampling (§4.1). One op-
tion would be to provision a new node for every sample,
however this has high overheads from spinup and spindown.
Instead, we use a fixed cluster. Determining the size of the
cluster is a trade-off between confidence in detecting an un-
stable configuration as unstable and sample efficiency. While
increasing the number of nodes in the system will increase
the parallelism, at the same time it will lead to higher costs
and increased delays in obtaining samples with the maxi-
mum budget. To combat this, we choose to make the cluster
as small as possible to give us 95% confidence that we will
detect all unstable configurations based on the unstable con-
figurations described in § 3.2.1. We used this data to calculate
the average chance of detecting a known unstable configura-
tion when sampling from a given number of nodes. We then
use this to find the odds of all unstable configurations being
found with a given cluster size during an entire tuning run.
The results are shown in Figure 9 and show that a cluster
size of 10 is large enough to detect unstable configurations
with 95% confidence. Thus, we set the maximum budget as
10 in our implementation.

Given a fixed cluster size, we need to decide how to place
sampling tasks across nodes. In our implementation, we
reuse old samples taken at a lower budget when we need to
sample at a higher budget. This means that we can decrease
the cost of sampling at a higher budget, however, we must
ensure that the new samples are not performed on the same
nodes as the prior runs to ensure the detection guarantees.
This is done by maintaining a queue of pending configura-
tions that need to be run, where configurations are placed
when an eligible node becomes available. For example, if the
optimizer suggests a config at a budget of 3 that was already
run at a budget of one on node 1, the two additional required
runs will wait until a different node is free.

5.2 Example Pipeline
Figure 10 shows a concrete example of an iteration through
the pipeline as follows: The optimizer suggests a config with
a budget of 3, which we have previously run with a budget
of 1. We find that the config was previously run on worker 1,
with a throughput of 500 TPS. Next, we schedule this config
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Figure 10. Example Pipeline for TUNA

to run on two workers other than worker 1. We then receive
the results, of 450 TPS, and 530 TPS. We can then feed all
three values (including the prior value) to the outlier detector,
which will find that it is a stable config as the relative range
(16.2%) is below 30%. Next, as the config is stable, the noise
adjuster model adjusts these values to 460, 500, and 520
TPS. Note that if this is the first iteration, we skip the noise
adjuster model, as we have not yet seen any training data.
Finally, we take the minimum and report 460 TPS back to
the optimizer as a result.

6 Evaluation
In this section, we evaluate TUNA’s ability to effectively find
high-performance configurations, as well as reduce variance
and prevent unstable configurations. This means we focus
on testing in a way that a real production system would be
used: running a tuning methodology offline and then deploy-
ing it onto a set of new systems to measure the distribution
of performance that a production system could experience.
Specifically, we run the best configuration found during tun-
ing on 10 new systems and report the results.

For all our evaluations, during tuning and testing, we use
a cluster of 10 worker nodes to measure config performance
and 1 orchestrator node, totaling 11 nodes. Unless stated
otherwise, all worker nodes use the D8s_v5 VM SKUwith an
SSDv2 data disk attached. All systems evaluated are mounted
exclusively on this disk. For our optimizer, we use SMAC
with a random forest surrogate model, except in §6.6, where
we use a Gaussian Process optimizer as in OtterTune [98].
This is the same setup that we used in §3.2.1. The orchestrator
node is another D8s_v5 VM without a data disk attached, as
the performance variability of the optimizer does not impact
the suggestions created by the optimizer.
For our experiments, we compare against the sampling

technique used in prior state-of-the-art works [42, 57, 98, 99]:
a single-node sequentially evaluating suggested configura-
tions, without any repeated samples. We will refer to this as
traditional sampling. Both traditional sampling and TUNA
are evaluated for 8 hours. Additionally, we compare TUNA
and traditional sampling with the default (untuned) configu-
ration. To compare these three, we compare the performance
and standard deviation of performance during deployment,
not tuning. Transactional Workloads (OLTP) and workloads
minimizing latency are evaluated for 5 minutes (as in prior

work). Analytical workloads (OLAP) target minimizing run-
time and have a workload-dependent runtime.

6.1 Generalizability Across Workloads
First, we fix the SuT, and vary the workload to show that
TUNA can generalize across workloads. For our first system,
we choose PostgreSQL 16.1 as DBMS autotuning has been a
hot area of work, and has already been demonstrated to be
a good candidate for autotuning . For workloads, we select
TPC-C [56], and TPC-H [66] as in prior work [98], and addi-
tionally evaluate epinions [70], and mssales, a production
OLAP workload from Microsoft.
OLTP workloads. First, for evaluating OLTP workloads, we
start with TPC-C, as seen in Figure 11a. There is one JOIN
query, and otherwise the rest of the transactions consist of
simple single table queries. For TPC-C, TUNA achieves 1925
TPS on average, a 127% improvement over the default, while
the traditional sampling setup achieves 1989 TPS on average,
a 134% improvement over the default. While traditional sam-
pling finds slightly higher performance on average, looking
towards the low-performing traditional sampling configura-
tions, two runs perform worse on average than the default.
These two configurations were selected because they per-
formed well (1744 TPS and 2040 TPS) during training. This is
one of the major risks of traditional sampling on single nodes.
Additionally, we see that traditional sampling is significantly
more likely to find unstable configurations. Configurations
found using TUNA have an average standard deviation of
69.0 TPS, whereas configurations found using traditional
sampling methods have an average standard deviation of
205.7 TPS, a 198.1% increase.

Next, we evaluate epinions, a transactional workload that
represents a blog website. The queries in epinions are sim-
pler than those in TPC-C, but Epinions experiences many of
the same problems as TPC-C. In general, we find that TUNA
achieves 34957 TPS on average, a 13.2% improvement over
the default, while the traditional sampling setup achieves
32189 TPS on average, a 4.2% improvement over the default.
Convergence to the optimal configuration is much slower
than for TPC-C when there is variability, as seen in § 3.1.
This workload allows us to show the benefits of the noise
adjuster model in converging to a higher performance level
than in traditional sampling.
Additionally, we find that 3 configurations learned from

traditional sampling are unstable, with a standard deviation
greater than 2000. Once again, these configurations all per-
formed above 37, 000 TPS during tuning, but the instability
was missed by only sampling from one node. While there is
one configuration from TUNA that had higher variability, the
CoV was only 5.15%, and in the worst case, the performance
seen was still 1.46% better than the mean performance of the
default configuration.
OLAP workloads. We next move on to OLAP workloads
where we try to minimize runtime. We start by examining
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(a) PostgreSQL running TPC-C. Higher Throughput is better.
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(b) PostgreSQL running epinions. Higher throughput is better.
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(c) PostgreSQL running TPC-H. Lower Runtime is better.
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(d) PostgreSQL running mssales. Lower Runtime is better.
Figure 11. Results of applying tuned PostgreSQL configs with several workloads to new systems. The horizontal lines are
mean throughput (or runtime). In all cases, TUNA either improves performance, reduces variability, or both.

TPC-H in Figure 11c, an analytical workload with many,
relatively easy, JOINs [53]. Here, we optimize for workload
completion time, a realistic metric for analytical workloads.
For TUNA, on average we can complete the workload in
70.3 seconds, a 38.6% improvement over the default, while
the traditional sampling setup achieves 94.5 TPS on aver-
age, a 17.3% improvement over the default. In relative terms
TUNA, on average, finds configurations that are 38.4% faster
on average with 53.4% lower standard deviation compared
to the default. The standard deviation of TUNA and tradi-
tional sampling methodologies were found to be: 1.3 and 1.2
respectively – both extremely low values. We believe that
this in large part is simply because there are no unstable
configurations seen that were optimal for this workload, and
the variability simply comes from the platform. Overall, we
can show that TUNA can converge to a faster configuration
without significant changes to stability.

Finally, we present mssales, a production analytical work-
load, with many complex JOIN , to show that our techniques
are not limited to synthetic workloads. As seen in Figure 11d,
TUNA, on average, finds a configuration that completes the
workload in 33.2 seconds, with a standard deviation of 0.49
seconds. Traditional sampling, on the other hand, on average,
finds a configuration that completes the workload in 62.5
seconds, with a standard deviation of 1.26 seconds. In rela-
tive terms, TUNA finds a configuration that is 47.8% faster
with 61.2% lower standard deviation, however, it is impor-
tant to note that the standard deviation is again quite small
for both systems. Overall, this result is quite impressive as
the default configuration, on average, takes 79.4 seconds.
This means that the single-node system finds only marginal
improvements, where TUNA can find significant improve-
ments, sometimes as high as 2.39x speedup.

6.2 Generalizability Across Regions
Next, to show that TUNA generalizes across regions with
different variability characteristics, we repeat the evalua-
tions in the centralus azure region. We continue to tune
PostgreSQL 16.1, and run TPC-C. We report the results of
this experiment in Figure 12, Notably, the variability in this
region is higher than the results shown in Figure 11a in the
sense that there are fewer high-performing machines, as
shown by the large gaps between the upper quartile and the
maximum throughput in the boxplots, which did not exist in
the prior experiments. Empirically, we find TUNA achieves
2321 TPS on average, a 669% improvement over the default,
while the traditional sampling setup achieves 2239 TPS on
average, a 642% improvement over the default. Even with
the higher variability, TUNA still mitigates the variability
better than traditional sampling, with the average standard
deviation of TUNA being 113.0 TPS, and traditional sampling
being 267.7 TPS, a 57.8% improvement.

6.3 Generalizability Across Hardware
To show TUNA generalizes across platforms, we repeat the
evaluation on CloudLab [23], a research platform providing
bare-metal nodes. We continue to tune PostgreSQL 16.1, and
run TPC-C on c220g5 nodes. As seen in Figure 13, TUNA
achieves 5756 TPS on average, a 19.1x improvement over the
default, while the traditional sampling setup achieves 5380
TPS on average, a 17.8x improvement over the default. Part
of the reason for this extreme performance improvement
is that the default configuration does not fully utilize the
system memory. We find that traditional tuning finds many
configurations with 7.71𝑥 higher standard deviation than
TUNA. Also, we can see that 8 out of 10 of these configura-
tions found using traditional sampling are unstable, while all
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Figure 12. Results of applying tuned PostgreSQL configs
running TPC-C in a new region. Higher throughput is better.
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Figure 13. Results of tuned PostgreSQL configs running
TPC-C on bare-metal CloudLab Nodes. Higher is better.

Best Configuration Found 0.0
0.2
0.4
0.6
0.8
1.0

P9
5 

La
te

nc
y 

(m
s)

* * * *
Source0.0

0.1

0.2

St
d.

 D
ev

. (
m

s)

TUNA Traditional Default

Figure 14. Redis running tuned YCSB-C workload configs.
Lower is better. A red asterisk indicates that a node crashed.
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Figure 15. Results of applying tuned NGINX configs serv-
ing the top 500 Wikipedia pages. Lower is better.

of the configurations found using TUNA are exceptionally
stable and, on average, perform 7.0% better than those found
using traditional sampling.

6.4 Generalizability Across Systems
To show that our system generalizes across different sce-
narios, we next perform experiments across two new SuT:
Redis , and NGINX . Neither of these two systems natively
supports any of the workloads that we tested in the previous
section, so we also introduce new workloads.
For Redis , we use YCSB-C [17], a well-known read-only

workload with a Zipfian distribution. Here, we target 95th
percentile latency as Redis is often chosen to minimize la-
tency rather than maximize throughput. With this system,
3 configurations found using traditional sampling crashed
Redis 30% of the time on average. Furthermore, the default
configuration crashed Redis 8% of the time. These system
crashes were caused by an out of memory exception, caused
by an overly aggressive configuration. For these crashed
runs, we follow methodology from [88], and replace them
with the worst P95 latency seen (.908𝑚𝑠) on the default con-
figuration as a conservative penalty, rather than∞, mostly
for visualization purposes.

With this data-cleaning step, we find that TUNA has 1.7%
higher latency than the default, and 4.3% higher latency than
traditional sampling on average. However, in this case the
main benefit of TUNA is that no configurations crashed. This
results in TUNA, on average, having 27.5% lower standard de-
viation than the default, and 86.8% lower standard deviation
than traditional sampling.

For NGINX , we use a customworkload servingWikipedia.
We serve the Top 500 Wikipedia pages in 2023, including all
media content, in the same distribution as these pages were
accessed over this same period. The reported latency is the

latency to serve the entire page, including all We target 95th
percentile latency, as web servers often target minimizing
high percentile latencies. As seen in Figure 15, on average,
the 95th percentile latency of the workload with TUNA is
42.6 ms, a 38.9% improvement over the default, while the
traditional sampling setup achieves 46.6 ms, a 32.7% im-
provement over the default. We also find that the standard
deviations for TUNA and traditional sampling are 0.82 ms
and 1.46 ms, respectively. TUNA has a standard deviation
that is 63.3% lower than when using traditional sampling.

6.5 Equal Cost Comparisons
Previously, throughout the evaluation, we compared TUNA
against traditional sampling in the setting where both ap-
proaches take equal time. An alternative to this is tuning
with equal cost. This means that each sampling policy should
use an equivalent number of samples. There are two main
ways that an equal-cost budget could be implemented. First,
one could simply extend the traditional sampling technique,
as described at the start of §6, to run for more iterations, to
match the number of samples used by TUNA. Alternatively,
one could use a cluster for tuning, and run each configura-
tion on every node in the cluster (equivalent to max budget
in TUNA), and aggregate the result for the optimizer. To
compare TUNA against both these equal-cost baselines, we
again tune PostgreSQL running TPC-C on Azure.

6.5.1 Extended Traditional Sampling. Simply extend-
ing traditional sampling exacerbates the problem of insta-
bility previously seen (Figure 11a). Examining the results
shown in Figure 16, we can see that while the maximum
performance is higher, the variability also becomes even
higher. We can see that in this case, because of the extreme
performance degradation seen on nodes during deployment
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Figure 16. Results of applying tuned PostgreSQL configs
running TPC-C comparing TUNA and traditional sampling
when budgets (i.e., costs) are both 500. Higher is better.
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Figure 17. Results of tuning PostgreSQL running TPC-C
comparing TUNA to naive distributed implementation. Plot
on the left shows convergence rates in terms of absolute per-
formance. Plot on the right shows convergence gain compar-
isons where above the dashed line implies TUNA converges
faster, and below the line, naive distributed is better.

using traditional sampling, TUNA’s average performance is
now 9.2% higher than in traditional tuning with 87.8% lower
standard deviation.

6.5.2 Naive Distributed Sampling. The alternative of
simply running every configuration on every node causes
extremely slow convergence. As an aggregation policy is
now required to report a single score to the optimizer, we
will use the same aggregation policy as TUNA, min. To com-
pare convergence rates, we compare the number of samples
TUNA takes to achieve the same performance as a naive
distributed implementation. Initially, we see that TUNA con-
verges slower than the Naive Distributed implementation.
This is because both systems only compare configurations
run at the maximum budget. The multi-fidelity sampling
technique used in TUNA does not evaluate at higher budgets
until sufficient configurations have been evaluated at a lower
budget. Once TUNA begins to evaluate configurations at the
maximum budget, at around 100 samples, TUNA quickly
jumps ahead of the performance of the naive distributed
implementation. The final result ends with TUNA achieving
the same performance within 206 samples on average, or in
other words, TUNA converges 2.47x faster. If TUNA is al-
lowed to continue running until 500 samples, it will achieve
4.1% higher performance. This is not higher in large part be-
cause there are significant diminishing returns to tuning for
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Figure 18. Results of applying tuned PostgreSQL configs
running TPC-C with a GP optimizer. Higher is better.
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(b) Comparison of relative error be-
tween reported values with and with-
out our noise adjuster model. We show
that our model can remove 67.3% of
the noise.

Figure 19. Convergence comparisons for 100 tuning runs
on TUNA and TUNA without the noise adjuster model.

longer. Prior work has discussed intelligent stopping criteria,
however, this is orthogonal to our approach [26].

6.6 Component Analysis
Optimizer. To show the generality of TUNA, we replace the
optimizer used in both TUNA and traditional techniques. We
tune PostgreSQL 16.1, and run TPC-C, as seen in Figure 18.
On average, TUNA achieves 53.1% higher performance with
89.5% lower standard deviation than traditional sampling.
Noise Adjuster Model. To evaluate the performance of our
noise adjuster model, we run an ablation study comparing
TUNA against itself with the noise adjuster model removed.
We tune PostgreSQL running epinions with the same setup
as described in § 6.1. We run each system for 100 tuning runs,
and report the results in Figure 19.

First, we examine the convergence rates between the two
systems in Figure 19a. This figure shows the number of itera-
tions it takes for TUNA to converge to the same performance
as TUNAwithout the noise adjuster model.We can see imme-
diately that the full TUNA system is always able to converge
faster than when it lacks the noise adjuster model, as the
performance is always above the diagonal. On average, the
model allows TUNA to converge 13.3% faster.
This improvement in performance can be attributed to

the the scores we report to the optimizer being closer to the
ground truth and hencemore consistent.We compare against
our ground truth value, i.e. runs with the max budget, (as
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Figure 20. Comparison of TUNA with and without the Out-
lier Detector component running TPC-C on PostgreSQL 16.1.
Although configs found using TUNA have a slightly lower
mean performance by 8.5%, their variability is substantially
slower by 91% on average.

described in §4.3). It is important to note that the inference
step happens before the training step in our pipeline, so we
do not leak any information to the noise adjuster model
during this process. The results of this experiment can be
seen in Figure 19b. We can see that at the beginning of the
run, while the model has very few samples to learn from, it
is not able to make significant improvements over a system
without the model. By the halfway mark and beyond, the
error in the system without the model is 4.87%, whereas,
on the system with the model, it is 1.99%, a 53.34% relative
reduction in error. On average, for the duration of the entire
run, the model reduces the error by 35.8% including the
initial runs in which the model has not seen much data.
From midpoint of the run onwards, the model reduces the
error by 59.2% on average. This reduction in error allows
the optimizer to have a more accurate representation of the
ground truth performance for a sample.
Impact of Outlier Detector. To evaluate the performance
of the outlier detector, we compare our full system, TUNA,
against itself with the outlier detector removed. The result
of this experiment is shown in Figure 20. We find that TUNA
finds performance values of 2572 TPS, with an average stan-
dard deviation of 54.8 TPS. The system with the outlier de-
tection components removed finds configurations that, on
average, have 2810 TPS and an average standard deviation
of 550.8 TPS. Although it is not surprising that the optimizer
is able to find configurations with higher performance, as
this is its only objective, it is significantly limited by the fact
that many of these configurations are extremely unstable.
Configurations found with TUNA have 10.1x lower variabil-
ity than a system without these components. From these
results, we believe that this shows the necessity of unstable
configuration aware sampling.

7 Future Work
We see four main areas of future work to further improve
this sampling methodology. First, we did not constrain how
much our noise model (§ 4.3) can adjust the result. While we
did not experience any issues during evaluation, or testing,
it is foreseeable that there exists a pattern of data that could

cause unpredictable results from the model. For a produc-
tion setting, it may be wise to include guardrails limiting
how much the model can adjust the score for the optimizer.
Building these guardrails would, however, require additional
knowledge about the variability of the system.

An alternative approach to the outlier detector would be to
have a scaling penalty based on the relative range seen, rather
than a penalty for crossing a threshold. This is something
that has been studied in economics [14, 46, 47, 63, 73], but
for the context of tuning, a hyperparameter for penalty is
required. This is something that we wished to avoid.

Our noise adjuster model only utilizes data for predictions
from within a run which can delay its effectiveness. Alterna-
tively, we could transfer data from prior runs to warm-start
the model. This has technical challenges, particularly when
using a different set of machines or workloads for warm-start
information. This is in many ways similar to the transfer of
the surrogate model in the context of autotuning.
Finally, we do not address burstable or serverless nodes,

in large part because it is difficult to differentiate between
an unstable configuration and a credit depletion. We ignore
this as without platform introspection it is very difficult
to determine the root cause. Additionally, a system that is
targeting burstable VMs should generate a configuration that
can perform well for both a VM with and without credits.

8 Conclusion
In this paper, we explored ideas around the impacts of per-
formance noise on cloud system autotuning , and discovered
two main problems. If one does not account for performance
variability during tuning, convergence rates to an optimal
configuration are slower and more costly, and configurations
may be unstable during deployment.We further motivate our
system by investigating the magnitude of noise in the cloud,
and that while some components have virtually no noise,
others have much higher noise than bare metal components.

We solve these problems through three main mechanisms:
a multi-fidelity sampling process, an outlier detector, and a
simple model built from component-level metrics to mitigate
noise during sampling. We then integrate this into a state-
of-the-art tuning setup and evaluate it across 6 workloads,
3 systems, 2 deployment regions, and 2 hardware setups,
finding that TUNA reduces variability and improves the
performance of tuned systems.
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Appendices
A Artifact Appendix
A.1 Abstract
In our artifact, we release the source code used for "TUNA:
Tuning Unstable and Noisy Cloud Applications", the data
from the tuning runs, and the longitudinal data used in the
motivation. The code can be used to run the main experimen-
tal results from this paper. Users interested in using these
techniques for their own works can make small modifica-
tions to the provided scripts to integrate their systems.

A.2 Description & Requirements
A.2.1 How to access. We have released the code for run-
ning TUNA on GitHub 3. The data from the tuning runs
will also be available here. Detailed instructions on how to
run the experiment can be found on GitHub. We have also
released the longitudinal study datasets at 4. This includes
all of the data required to make the figures for motivation.
These repositories can simply be copied from the respective

3https://aka.ms/mlos/tuna-eurosys-artifacts
4https://aka.ms/mlos/tuna-eurosys-dataset
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code bases. Note, that we use submodules, so we recommend
pulling using the instructions listed in the repository.

A.2.2 Hardware dependencies. The experiments in this
paper were run on Azure and CloudLab. We specifically ran
D8s_v5 VMs on Azure, and c220g5 nodes on CloudLab.

A.2.3 Software dependencies. We have a relatively long
list of dependencies that are described in the GitHub
README file. There are scripts that will automatically install
them into a virtual environment on all nodes in the cluster.

A.2.4 Benchmarks. We use a series of benchmarks from
Benchbase [21] and YCSB [17]. These are managed by
nautilus, and are automatically installed through the
docker containers.

A.3 Setup
The environment for TUNA requires two different types
of nodes: an Orchestrator and a set of Workers. These two
different types of nodes have slightly different setup instruc-
tions, found below. All scripts are found in src/processing.
One script that may be useful is

add_hosts.sh <hosts> <port>
as a way to add all of the hosts listed in the specified

host file to the trusted hosts list. This is required for pssh
which we use to deploy our scripts. One point of note is
that you cannot have your username in the host file when
using this script. These scripts should work on any platform,
however, we have only tested this on Azure, and CloudLab.
We provide experiment files for c220g5 nodes on CloudLab,
and D8s_v5 nodes in Azure. These instance types will be-
come important later, however users can provide their own
files in /src/spaces. If you are trying to replicate the work
found in our paper, we recommend using 10 worker nodes
and 1 orchestrator node, where the 10 worker nodes are the
first 10 nodes that were created. This will allow you to use
our provided hosts files (hosts.azure or hosts.cloudlab).
Alternatively, a custom host file can be used.

A.3.1 Workers. To install and copy our files, there are two
commands we will need to run.

./worker_setup_remote.sh <hosts>
The first command will install all of the dependencies, as

well as set up the environment.
./worker_deployment.sh <hosts> <node_type>
The second command will start all of the required pro-

cesses. Note that the second command will say some of the
commands fail. This is expected, as they simply ensure that
any previous instances of stopped and deleted before begin-
ning the initialization process.

At some point during running this command, there will be
a required interaction to specify that the docker image that
is building in the background has been completed. There
are two options here. First, you can connect to one of the
workers and run sudo tmux a -t install, and sure that

the pane has completed all of its commands. Alternatively,
you can wait around 20 minutes, and this will most likely be
long enough for the image to complete building.

A.3.2 Orchestrator. Building the orchestrator requires
slightly more interaction from the user.

bash orchestrator_deploy.sh <orchestrator_host>
22
First, like before we will set up the environment using a

deployment script. This will, again, automate the file transfer
and environment setup.
Next, connect to your orchestrator node and run the fol-

lowing commands. Note, that the first command is tmux.
We recommend using this as tuning runs are long-running.
Without tmux, disconnects over ssh are possible, however
this is not technically required.
tmux
make -C src/MLOS conda-env
conda activate mlos

A.4 Evaluation workflow
A.4.1 Major Claims. We list the major claims and
corresponding experiments below:

• (C1): sampling variability significantly decreases the
average rate of convergence. This is proven by the
experiment (E1) described in 3.1.
• (C2): TUNA can generalize across various workloads
and achieve better performance, lower variability, or
both compared to traditional sampling and the default
configuration. This is proven by the experiment (E2)
shown in Figure 11.
• (C3): TUNA can generalize across various sets of exe-
cution environments and achieve better performance,
lower variability, or both compared to traditional sam-
pling and default configuration. This is proven by the
experiment (E3) shown in Figure 13 and Figure 12.
• (C4): TUNA can generalize across various systems and
achieve better performance, lower variability, or both
compared to traditional sampling and default configu-
ration. This is proven by the experiment (E4) shown
in Figure 14 and Figure 15.
• (C5): TUNA can generalize across different optimizers
and achieve better performance, lower variability, or
both compared to traditional sampling and default
configuration. This is proven by the experiment (E5)
shown in Figure 18.

A.4.2 Experiments.
Experiment (E1): [5 human-minutes + 800 compute hours]:
This experiment compares the rate of convergence for tuning
epinions with various levels of synthetic sampling noise.
[Preparation] Set up the environment as described above.
[Execution] Run the parallel_prior.py command described
in the README for three levels of noise: 0%, 5% and 10%.
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[Results] The results should show that as the noise levels
increase, the rate of convergence decreases.

Experiment (E2): [20 human-minutes + 4000 compute hours]:
This experiment compares the average performance and
average standard deviation of various configurations found
for various workloads on PostgreSQL .
[Preparation] Set up the environment as described above.
[Execution] Run the parallel.py and python3 TUNA.py
command as described in the README . This will collect
the results into data frames. These results can then be
aggregated, and deployment can be run on, ideally, a new
cluster using mass_reruns_v2.py
[Results] The results should show TUNA improves the target
performance metrics, decreases variability, or both.

Experiment (E3): [20 human-minutes + 2000 compute hours]:
This experiment compares the average performance and
average standard deviation of various configurations found
for TPC-C on PostgreSQL running on CloudLab Nodes and in
a new Azure region.
[Preparation] Set up the environment as per the above
instructions in both a new Azure region and CloudLab.
[Execution] Run the parallel.py and python3 TUNA.py
command as described in the README in both environments.
This will collect the results into data frames. These results
can then be aggregated, and deployment can be run on,
ideally, a new cluster using mass_reruns_v2.py
[Results] The results should show TUNA improves the target
performance metrics and decreases variability on CloudLab
Nodes and in a new Azure region.

Experiment (E4): [20 human-minutes + 2000 compute hours]:
This experiment compares the average performance and
average standard deviation of various selected configurations
found Redis and NGINX .
[Preparation] Set up the environment as described above.
[Execution] Run the parallel.py and python3 TUNA.py
command as described in the README for both systems. This
will collect the results into data frames. These results can
then be aggregated, and deployment can be run on, ideally,
a new cluster using mass_reruns_v2.py
[Results] The results should show TUNA improves the target
performance metrics and decreases variability on CloudLab
Nodes and in a new Azure region.

Experiment (E5): [20 human-minutes + 1000 compute hours]:
This experiment compares the average performance and
average standard deviation of various configurations found
for various workloads on PostgreSQL using a Gaussian process

optimizer.
[Preparation] Set up the environment as described above.
[Execution] Run the paralle_gp.py and python3
TUNA_gp.py command as described in the README .
This will collect the results into data frames. These results
can then be aggregated, and deployment can be run on,
ideally, a new cluster using mass_reruns_v2.py
[Results] The results should show TUNA improves the target
performance metrics, decreases variability, or both using a
Gaussian Process optimizer.

A.5 Notes on Reusability
If you want to further extend these to new systems, they
simply need to be added to the version of Nautilus included
in the artifact. A good place to start is to compare the Redis
implementation with the PostgreSQL implementation to un-
derstand how different systems interact with Nautilus, and
how the new target system could be added. In the future we
intend to integrate TUNA to MLOS 5 as well.

5https://github.com/microsoft/MLOS/issues/926
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