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Summary

Understanding the runtime behavior of software is inherently difficult due to the unpredictability
of the software's behavior itself and the non-determinism of underlying layers, such as Just-In-
Time (JIT) compilation in virtual machines, operating system scheduling, and CPU frequency
scaling. Observability tools aim to answer questions regarding runtime behavior of software,
such as “How much time did this request take?" or “How often did method A call method B?"
(Majors et al., 2022). These questions are answered using telemetry data, i.e., measurement
data that is obtained from the code execution. To collect telemetry data, additional code needs
to be executed, which introduces overhead. This overhead affects both system performance
and the accuracy of the measurements themselves. The MooBench microbenchmark measures
this overhead and contains factorial experiments that facilitate breaking down this overhead
into its root causes.

The MooBench benchmark was originally developed to examine the performance overhead
of the Kieker observability framwork (Hasselbring & van Hoorn, 2020; Hoorn et al., 2012;
Yang, Reichelt, Jung, et al., 2025) in Java (Waller & Hasselbring, 2013) and was extended
as a general overhead measurement microbenchmark for various observability tools, currently
within the Java and Python ecosystem. In this paper, we describe why it is needed, how it is
structured, and how it is used in research.

Statement of need

Observability tools are crucial for managing software system health and optimizing operational
costs; consequently, a wide variety of tools compete in the market (Siegfried et al., 2025). The
relevance of distributed tracing tools increased with the rise of microservice architectures, where
system behavior across microservices needs to be understood (Sigelman et al., 2010). While
observability generally consists of the three pillars: traces, metrics, and logs, with distributed
tracing especially gaining wide adoption (Janes et al., 2023). Concerning the categorization
of research software (Hasselbring et al., 2025), MooBench is technology research software
(Hasselbring et al., 2026): It is developed and used in research, but it is also intended for use
in non-academic contexts for evaluating and selecting observability tools.

State of the field

In the context of microservices, various studies have examined the overhead of tracing. For
example, NSu et al. (2025) investigated the overhead of OpenTelemetry and Elastic APM using
open-source applications, and examined the root causes of the overhead using profiling. Ahmed
et al. (2016) compared the overhead of commercial observability tools and the open-source tool
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Pinpoint for regression detection. Eder et al. (2023) compared the overhead using serverless
applications.

Besides the microservice context, tracing overhead has been examined for operating systems
and High-Performance Computing (HPC). For operating systems, the overhead of tools for
tracing the kernel itself (Desnoyers & Dagenais, 2006; Gebai & Dagenais, 2018) and eBPF, that
allows tracing within both the kernel and the user space (Domaschka et al., 2023; Volpert et
al., 2025), have been examined in case studies. In the context of HPC, research has addressed
the impact of overhead (Hunold et al., 2022) and the combination of instrumentation and
sampling to reduce it (llsche et al., 2015).

The aforementioned studies utilize macrobenchmarks to examine overhead in realistic use
cases. While macrobenchmarks provide an indication of overhead in similar scenarios, they
often fail to isolate the baseline overhead or identify its specific sources. When looking at
specific distributed cases, the overhead sources are influenced by the processes running in
parallel, their scheduling, and the network behavior. MooBench addresses this by providing
a microbenchmark that measures the fundamental overhead of observability frameworks in
a controlled environment. Using different configurations, it enables factorial experiments
that isolate root causes of overhead, specifically distinguishing between instrumentation, data
collection, and data serialization.

Furthermore, macrobenchmarks are also time-consuming to execute. The MooBench
microbenchmark was included early in the Kiekers Cl setup (Waller et al., 2015), enabling the
detection of performance regressions and the check of performance improvements in daily
development.

Software design

MooBench consists of two parts: the minimal and configurable system under test, and the
automation of benchmarking observability frameworks. Figure 1 gives an overview of the
architecture. The following subsections describe the system under test, the automated setup
of observability frameworks and the continuous integration process.

( tools 1 ( frameworks )
SuT-java OpenTelemetry-java
measurement N

measure.sh functions.sh

Harness
T x — ] e R (__/
. application :

application RO . Instrumentation
SuT-python
measurement OpenTelemetry-python
Harness . .
T X measure.sh » functions.sh
. . \\\
. application :

e C Instrumentation

Figure 1: Architecture of MooBench.
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System under test

The system under test consists of two parts: The measurement harness, and the application
itself.

The measurement harness manages start and end of executions, and the storage of result data.

The structure of the application itself is built to represent the overhead of observability tools
in the most simple way. The overhead of observability tools is caused by data collection. The
amount of collected data — and therefore the overhead — scales with the number of observed
method executions. However, the resource consumption of both, the application methods
and the associated telemetry code, is non-deterministic and influenced by various factors,
including class loading, Just-in-Time compilation (JIT), and garbage collection. To reduce the
variance, the core of MooBench's SuT is a single method (monitoredMethod) that calls itself
recursively $RECURSION_DEPTH times. Because the JIT compiler could potentially optimize away
these recursive calls, the last method call contains a busy wait for $METHOD_TIME nanoseconds.
Figure 2 visualizes the call tree.

Figure 2: Call tree of the MooBench microbenchmark showing the recursive method calls to control the
stack depth (Reichelt et al., 2023).

This system under test is currently implemented in Java and Python. It is planned to extend it
to JavaScript and Go.

Automated setup of observability frameworks

Each observability framework requires a unique setup and has different capabilities. For example,
OpenTelemetry can be attached to the JVM using -javaagent, which requires the property
otel.instrumentation.methods. include to be set to a specific list of classes. OpenTelemetry
can export data to Zipkin, Jaeger, or Prometheus. Furthermore, OpenTelemetry can be started
with an empty otel.instrumentation.methods.include or without export, which enables
measuring the overhead of instrumentation without data collection or data collection without
serialization. Due to these different configurations, it is necessary to implement configuration
scripts for each framework individually.

MooBench stores these configuration scripts in frameworks/$TECHNOLOGY-$LANGUAGE (e.g.,
frameworks/OpenTelemetry-java). The scripts typically contain a measure.sh for starting
the experiment, functions.sh with specific download or execution functions, labels.sh
containing the names of the configurations and config.rc containing optional definitions of
additional environment variables.

To measure performance in managed runtimes like the JVM, the managed runtime needs
to be started multiple times. Within each instance, the workload must be repeated until a
given count of warmup iterations is finished, and finally, the measurement iterations within
the managed runtime need to be executed (Georges et al., 2007). MooBench implements this
process by executing $NUM_OF_LOOPS loops, where each loop runs all configurations of one
framework. Inside of each run, $TOTAL_NUM_OF_CALLS defines the number of iterations, i.e.,
repetitions of all calls to monitoredMethod. The execution data are stored into CSV files, and
after the execution is finished, the warmup iterations are truncated.
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Continuous Integration

Continuous testing is done via GitHub Actions: For every framework with name $FRAMEWORK,
a workflow named execute$FRAMEWORK.yaml exist, that checks whether executing the default
configuration for the framework yields the expected count of measurements. Furthermore,
continuous benchmarking is executed via GitHub Actions. To avoid polluting the repositoy
with data, the results are stored in the repository moobench-data.

Research impact statement

There have been numerous case studies that examined overhead of observability frameworks,
and its root causes. Furthermore, there have been studies working on MooBench's continuous
execution for regression benchmarking.

Overhead analysis

Eichelberger & Schmid (2014) describe and develop SPASS-meter, an observability tool for
Java and Android applications. To evaluate its overhead, they integrated SPASS-meter into
MooBench (Eichelberger et al., 2016). Based on this work, Knoche & Eichelberger (2018)
compared the overhead measurement of SPASS-meter and Kieker on a Raspberry Pi. They
found that the results were reproducible across different Raspberry Pi units, indicating that
such hardware provides a viable means for researchers to achieve reproducible performance
benchmarks.

Reichelt et al. (2021) integrated OpenTelemetry into MooBench and compared the overhead of
Kieker, OpenTelemetry and inspectlT using MooBench. They found that the tracing overhead
for Kieker was 4.6 us, OpenTelemetry was 6.8 us, and inspectlT was 10.9 us. This indicates
that Kieker's overhead was significantly lower than the overhead of OpenTelemetry at the time
of the study.

Waller & Hasselbring (2012) examined how multi-core environments influence the overhead of
observability with Kieker. They concluded that across all tested systems, asynchronous writing
on multi-core architectures leads to a significant reduction of overhead.

Yang et al. (2024) compared the overhead of Cloudprofiler (Yang et al., 2023), a monitoring
application for stream processing workloads, to Kieker and OpenTelemetry. They found that
Cloudprofiler's overhead (2.28 us) is on average lower than the overhead introduced by Kieker
(7.127 us) and OpenTelemetry (higher, but only visible in a graph).

In our most recent study (Reichelt et al., 2026a), we integrated Pinpoint, Scouter, Skywalking,
and Elastic APM into MooBench, measured the overhead of all frameworks, and examined the
root causes of overhead. We found the rank order of overhead to be

Kieker < OpenTelemetry < Elastic APM < Skywalking < inspectIT,

with all observability frameworks scaling linearly. For Scouter and Pinpoint, we observed that
their overhead increases very slow since they lose records, i.e., they contain functional bugs.
By profiling the overhead using async-profiler, we attributed the overhead to the categories
time function calls, metadata management, call tree collection, memory management, and
queue management. Notably, we found that a significant portion of the overhead is caused
by extensive metadata management. The software version for this study was awarded the
Available, Functional, and Reusable badges for the ICPE 2026 Artifact Evaluation Track
(Reichelt et al., 2026b)."

Thttps://icpe2026.spec.org/tracks-and-submissions/artifact-evaluation-track/
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Observability framework improvement and optimization

Strubel & Wulf (2016) examined how rewriting Kieker's monitoring component could reduce
tracing overhead. Using MooBench, they demonstrated that their suggested rewrite reduced
the overhead to 17% of the original measurement.

Reichelt et al. (2023) examined different options for overhead reduction for tracing: Using
source code instrumentation instead of Aspect] (The AspectJ Project, 2026), storing only
limited metadata, using a different queue and aggregating performance data before writing it
to the monitoring queue. Using MooBench, they found that on their examined hardware, they
could reduce the overhead from 4.77 ns to 0.4 ns per method call.

Reichelt, Bulej, et al. (2024) compared the overhead of the instrumentation frameworks
AspectJ, ByteBuddy (Winterhalter, 2026), DiSL (Marek et al., 2012), Javassist (Chiba &
Nishizawa, 2003), and direct source code instrumentation. To do so, they extended the
Kieker-java scripts of MooBench. Through these extensions of Kieker and MooBench, they
found that while source code instrumentation has the lowest overhead, ByteBuddy, DiSL and
Javassist also have comparably low overhead. AspectJ causes significantly higher overhead
than the others. Based on these findings, the Kieker framework transitioned to using the
Kieker ByteBuddy agent as its default.

Continuous execution for regression benchmarking

Several authors worked on continuously executing MooBench benchmarks for spotting
performance regressions in observability frameworks. Waller et al. (2014) started to include
MooBench's benchmarking into Cl. To reduce perturbations from concurrently running
software, they configured Jenkins to execute measurements on a separate server. This setup
has been running continuously to date, with regular hardware and system software updates.
Additionally, a performance measurement setup for GitHub Actions was developed (Reichelt,
Jung, et al., 2024). This additional setup utilizes GitHub's default runners, that, despite
sharing the execution infrastructure with others, show low standard deviation and lower
execution times than the original Jenkins setup. The measurement data from GitHub have
been uploaded to Nyrkid, a performance change detection tool for GitHub Actions. Using this
tool, past regressions could be reproduced (Yang, Reichelt, Ingo, et al., 2025). In the future,
it is planned to automatically detect performance regressions.

Al usage disclosure

There is no known Al usage, however, Al usage in PRs is not monitored.
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