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Abstract
Performance-evaluation pipelines in systems research often com-
bine benchmarks, system configuration steps, profiling tools, and
analysis scripts. In practice, these components are glued together
with ad-hoc shell scripts, notebooks, and bespoke tooling, mak-
ing experiment dimensions difficult to explore systematically and
results hard to reproduce or extend.

We present benchkit, a lightweight Python library that provides
a structured way to express performance experiments declaratively
and to automate their full lifecycle—from build and execution to
system configuration, profiling, and result collection. Instead of
relying on monolithic scripts, benchkit provides a structured way
to compose existing system tools (e.g., CPU-placement utilities,
frequency controllers, and performance profilers) while keeping
benchmark code untouched.

We illustrate benchkit through two representative studies: (1)
a drilldown of performance anomalies in SPEC CPU workloads on
hybrid-core x86 processors, enabled by systematic exploration of
CPU placement policies; and (2) an analysis of lock implementa-
tions and scheduling strategies on a many-core ARM server, where
benchkit coordinates system tools and visualizations to interpret
performance differences. We evaluate the overhead of benchkit
and show that it introduces no measurable cost compared to hand-
written shell workflows, both on the host and inside containers.
These results show that benchkit provides a reproducible, extensi-
ble, and principled foundation for system-level performance exper-
imentation.

CCS Concepts
• Software and its engineering→ Software performance; Em-
pirical software validation; • General and reference → Perfor-
mance.
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1 Introduction
Performance evaluation of software systems routinely involves
combining benchmarks, system-level configuration (e.g., thread
placement, frequency settings, NUMA policies), profiling tools such
as perf, and post-processing pipelines including flame graph gen-
eration. In practice, these components are commonly assembled
through ad-hoc shell scripts, undocumented environment variables,
and project-specific workflows. Such setups are fragile, difficult to
extend, and hard to reproduce—in particular when experiments
involve multiple tools, parameter spaces, or platform-dependent
transformations.

Despite their diversity, most benchmarking workflows follow the
same structure: (1) Fetch: obtain the benchmark sources or binaries
and prepare the environment; (2) Build: configure and compile the
benchmark with specific build-time parameters; (3) Run: execute
the benchmark program under a chosen configuration; and (4) Col-
lect: gather performance metrics or artifacts for analysis. Before or
during execution, external tools are often used to modify behavior
(e.g., taskset, numactl, cpupower, LD_PRELOAD) or to record addi-
tional information (perf-stat, perf-record, trace-cmd, strace,
lscpu). Reproducing such multi-layered pipelines requires not only
re-running the benchmark, but also re-applying environment trans-
formations in the correct order with consistent parameters. Manu-
ally orchestrating these layers increases the risk of configuration
drift, undocumented assumptions, and inconsistent analysis. Ex-
isting tools provide fragments of this workflow, but no coherent,
reusable, or extensible way to express complete performance ex-
periments.

benchkit addresses these challenges by providing a lightweight
Python library that offers a structured way to express performance
experiments declaratively. It exposes campaigns, parameter spaces,
wrappers, hooks, and platform abstractions as first-class objects,
enabling users to compose system-level transformations and mea-
surement tools using existing command-line utilities without mod-
ifying benchmark code. By representing the complete fetch–build–
run–collect workflow as executable code, benchkit ensures trans-
parency, repeatability, and portability across platforms and config-
urations.
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Figure 1: Overview of the benchkit workflow. A campaign
combines a benchmark with a parameter space and iterates
over all configurations, producing structured CSV and JSON
results, charts, and analysis.

A central challenge in performance evaluation is reproducibil-
ity [7, 44]. Small changes in CPU scheduling, frequency scaling,
or OS interference can lead to significant variation across runs.
Modern hybrid performance/efficiency-core processors exacerbate
this issue: even single-threaded workloads may exhibit large perfor-
mance disparities depending on the core they execute on. benchkit
provides the necessary structure to detect, control, and analyze such
effects by enabling systematic exploration of system-level settings
such as thread placement and frequency control, and by integrating
profiling and visualization tools (e.g., perf-stat, perf-record,
flame graphs) within a unified experiment definition.

Problem Statement. Although many individual tools exist for
profiling, tracing, and benchmarking, there is no coherent and
reusable way to combine them into reliable, self-documenting per-
formance experiments. Current practice relies on ad-hoc scripts
that are hard to maintain, difficult to extend, and unsuitable for
systematic exploration of parameter spaces. What is needed is a
library that: (i) expresses benchmarks and their variants in a modu-
lar structure, (ii) automates the integration of external system tools,
and (iii) produces transparent, repeatable, and reusable experimen-
tal artifacts. benchkit is designed to provide this missing structure
and unify the end-to-end performance evaluation workflow.

Contributions. We contribute benchkit, a lightweight and
extensible library for systematic performance experimentation. Its
capabilities and usefulness are demonstrated through:

• a performance drilldown using a representative SPEC CPU
workload on a hybrid-core x86 processor, where benchkit
detects large cross-run performance variations, explores
CPU placement systematically, and integrates profiling tools
to support root-cause analysis;
• an illustrative system study on a many-core ARM server,
showing how benchkit composes locking mechanisms with
scheduling policies, and provides visual analyses to interpret
performance differences; and

• an overhead evaluation demonstrating that benchkit intro-
duces no measurable cost compared to equivalent hand-
written shell workflows, both on host systems and inside
containers.

These case studies highlight how benchkit provides a reproducible,
extensible, and principled foundation for systematic system-level
performance experimentation.

The remainder of this paper is structured as follows. Section 2
presents an overview of benchkit and its core abstractions, in-
cluding wrappers, hooks, and platforms. Section 3 introduces our
experimental methodology and frames the drilldown investiga-
tion conducted on representative SPEC CPU workloads. Section 4
presents our study of locks and scheduling policies on a large ARM
server. Section 5 evaluates benchkit’s overhead. Section 6 discusses
related work. Section 7 discusses limitations. Section 8 concludes.

2 Framework Overview
2.1 Core Abstractions
benchkit provides three fundamental abstractions—benchmarks,
campaigns, and parameter spaces—which together define the struc-
ture of a performance experiment.

Benchmarks. A benchmark encapsulates all information required
to obtain, build, and execute a workload program, and to collect
its results. Users implement four methods: (1) fetch(): obtain the
benchmark sources or binaries (e.g., clone a git repository, extract
an archive, or copy from a local path); (2) build(): configure and
compile theworkload using build-time parameters (e.g., by invoking
CMake and/or a Makefile); (3) run(): execute the workload with
run-time parameters; and (4) collect(): extract metrics from the
workload’s output or from external tools invoked during the run.
Both build-time and run-time parameters are part of the benchmark
definition, enabling fine-grained control over configuration.

Parameter Spaces. The parameter space defines the variables
explored during a campaign (e.g., CPU core selection, frequency
settings, thread counts, allocator types). benchkit supports both
cartesian-product iteration—i.e., evaluating all possible combina-
tions of variables—and custom-defined exploration strategies (e.g.,
sampling subsets, sweeping only selected axes). Each concrete as-
signment of values to all variables is called a record; the list of
records to sweep is derived from the given parameter space. Vari-
able names correspond directly to the build-time and run-time pa-
rameters consumed by the benchmark methods introduced above.

Campaigns. A campaign specifies how to explore the parameter
space and orchestrates the full fetch–build–run–collect workflow
for each configuration. Campaigns compose benchmarks with pa-
rameter spaces and optional instrumentation (wrappers, hooks,
shared libraries introduced below), producing self-contained and
reproducible experiment definitions. Together, these abstractions
compose cleanly and prevent ad-hoc, project-specific workflows.

2.2 Execution Workflow
Figure 1 summarizes the execution workflow. Users instantiate
a campaign by providing a benchmark, a parameter space, and
optional wrappers or hooks that modify behavior or collect data.
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Algorithm 1: benchkit campaign execution workflow.
The platform abstracts the target environment (local,
Docker, SSH, environment variables, etc.); the run method
uses it to spawn a process with the benchmark command
and capture its standard output.
Input: records – List of parameter records

benchmark – Benchmark to evaluate
platform – Target execution platform

Output: results – List of result mappings (names to values)
results← empty list;
(fetch_params, records)← split_fetch(records);
benchmark.fetch(platform, fetch_params);
foreach record in records do

(build_params, run_params)← split(record);
foreach bp in build_params do

benchmark.build(platform, bp);
foreach rp in run_params do

output← benchmark.run(platform, rp);
result← benchmark.collect(output);
rr← bp ∪ rp ∪ result;
results.append(rr);

return results;

Algorithm 1 illustrates the core execution flow: records from the
parameter space are split into build-time and run-time components;
the benchmark is rebuilt when necessary; and each run produces a
structured result that merges inputs and outputs.

benchkit automatically aggregates results into one CSV file (one
row per parameter combination) and a JSON file per run. Support
for repeated runs (nb_runs in the campaign definition) enables
statistical analysis and mitigates the impact of natural variability.

2.3 Example
Listing 1 shows a concise benchkit campaign evaluating two mi-
crobenchmarks provided in the LevelDB [22] codebase across differ-
ent thread counts. For clarity, the example omits some boilerplate
(e.g., full fetch() logic), but the structure mirrors how benchkit
runs real campaigns.

The user defines a benchmark class, a parameter space, and a
campaign object. benchkit handles all orchestration and produces
both CSV results and visualizations.

This example highlights the declarative nature of benchkit: the
benchmark and its parameter space are defined in Python, while
benchkit handles orchestration, data collection, and storage.

2.4 Meta-Benchmarking Abstractions
Beyond the core abstractions, benchkit exposes mechanisms that
allow users to control the execution environment, integrate addi-
tional analysis tools, and produce structured artifacts. These ca-
pabilities form the “meta-benchmarking” layer that models how
system tools interact with a benchmarked program.

Hooks. Hooks execute user-defined logic before and after each
run. Pre-run hooks can configure system state, launch daemons, or

1 from benchkit import CampaignCartesianProduct
2
3 class LevelDBBench:
4 # Simplified for illustration
5 def fetch(self, platform):
6 url = "https://github.com/google/leveldb.git"
7 platform.shell(f"git clone {url} src")
8
9 def build(self, platform):
10 b = "src/build"
11 platform.makedir(b)
12 platform.shell("cmake ..", dir=b)
13 platform.shell("make", dir=b)
14
15 def run(self, platform, bench_name, nb_threads):
16 out = platform.run_shell(
17 f"./db_bench"
18 f" --benchmarks={bench_name} --threads={nb_threads}")
19 return out
20
21 def collect(self, output):
22 count = int(parse_count(output))
23 dur = float(parse_duration(output))
24 return {"throughput": count / dur}
25
26 parameter_space = {
27 "bench_name": ["readrandom", "seekrandom"],
28 "nb_threads": [2, 4, 8],
29 }
30
31 campaign = CampaignCartesianProduct(
32 benchmark=LevelDBBench(),
33 variables=parameter_space,
34 )
35 campaign.run()
36 campaign.generate_graph(
37 plot_name="lineplot",
38 x="nb_threads",
39 y="throughput",
40 hue="bench_name",
41 )

Listing 1: Example of a benchkit campaign for LevelDB.

adjust parameters dynamically; post-run hooks can collect profiling
data (e.g., perf record) and append them to results. All returned
information is automatically merged into the output record.

Each run receives a dedicated directory in a hierarchy that mir-
rors the parameter space, ensuring that logs, artifacts, and profiling
outputs are isolated and attributable to a specific configuration. For
instance, a campaign sweeping bench_name and nb_threads (as
in Listing 1) produces:
bench_name-readrandom/nb_threads-2/run-01/{results.json,...}
bench_name-readrandom/nb_threads-4/run-01/{results.json,...}
bench_name-seekrandom/nb_threads-2/run-01/{results.json,...}
bench_name-seekrandom/nb_threads-4/run-01/{results.json,...}

Command Wrappers. Wrappers compose external tools around
the benchmark command. They cleanly decouple profiling or instru-
mentation from the benchmark implementation. Examples include
perf-stat, perf-record, strace, trace-cmd, or modifiers such
as env and taskset. Tools such as cpupower are typically invoked
from hooks instead.

Shared Libraries. Through LD_PRELOAD, benchkit can inject cus-
tom shared libraries (e.g., tcmalloc [21], jemalloc [16], or syn-
chronization libraries such as LiTL [31] or tilt, introduced below)
without modifying the benchmark code. This is particularly useful
for experiments involving memory allocators, locking strategies,
or interposition-based tooling. In practice, benchkit automatically
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sets the required environment variables (e.g., LD_PRELOAD paths)
in the platform before executing the benchmark, so the user only
declares which libraries to use.

Platform Abstraction. A platform is a first-class object that en-
capsulates how commands are executed on the benchmarked ma-
chine, cleanly separating orchestration (from the host running
benchkit) from execution (on the target platform). benchkit cur-
rently supports platform models for: (i) local execution on Linux
(via get_current_platform()), (ii) containerized environments
(Docker, with native pythainer [49] integration), (iii) remote nodes
(via SSH), and (iv) mobile or embedded targets (Android via ADB;
OpenHarmony via HDC). Campaigns can therefore run unmodified
across multiple environments.

Integration. Algorithm 2 refines the coreworkflow of Algorithm 1
by showing where these meta-benchmarking mechanisms integrate
into the execution loop. Shared libraries are fetched once and rebuilt
when build-time parameters change, then injected by setting the
appropriate environment variables (e.g., LD_PRELOAD) in the plat-
form; pre-run hooks prepare the execution context before each run;
command wrappers compose around the benchmark command
via the platform abstraction; and post-run hooks tear down the
execution context and augment results with additional metrics.

2.5 Repeatability and Reproducibility
We adopt the ACM artifact-review terminology [1], which distin-
guishes three levels of result validation. Repeatability (same team,
same setup) is ensured because all parameters, hooks, wrappers,
and artifacts are encoded in a single campaign definition that can
be re-executed identically. Reproducibility (different team, same
setup) is facilitated because the campaign definition, together with
the benchmark and wrapper implementations, constitutes a self-
contained artifact that an independent group can execute on the
same platform. Replicability (different team, different setup) is
supported by benchkit’s platform abstraction, which allows a cam-
paign to be ported across architectures with minimal or no modifi-
cation to the experiment definition.

Run-to-run variability, caused by OS noise, scheduling interfer-
ence, and hardware effects, remains an inherent challenge. However,
benchkit mitigates these effects by: (i) optionally fixing CPU fre-
quencies, (ii) disabling noise-inducing services (e.g., irqbalance)
through hooks, (iii) supporting repeated runs, and (iv) structuring
all experiment metadata for inspection. We note, however, that
full reproducibility and replicability of system-level experiments
are inherently limited by factors outside the framework’s control:
hardware performance counters, kernel scheduler behavior, and
low-level system interfaces may differ across machines and ker-
nel versions, and containerization does not isolate the host ker-
nel. benchkit cannot abstract away these dependencies, but its
structured campaign definitions and extensive output capabilities—
which automatically document hardware, OS, kernel version, CPU
frequency governors, and other system state at experiment time—
make them explicit, aiding diagnosis when results diverge.

Algorithm 2: benchkit extended workflow with meta-
benchmarking. Colored lines show where shared libraries,
pre-run hooks, command wrappers, and post-run hooks
integrate into Algorithm 1.
Input: records, benchmark, platform,

shared_libs, pre_hooks, wrappers, post_hooks
Output: results – List of result mappings (names to values)
results← empty list;
(fetch_params, records)← split_fetch(records);
benchmark.fetch(platform, fetch_params);
foreach lib in shared_libs do

lib.fetch();
foreach record in records do

(build_params, run_params)← split(record);
foreach bp in build_params do

benchmark.build(platform, bp);
foreach lib in shared_libs do

lib.build(bp);
foreach rp in run_params do

env← preload_env(shared_libs, bp, rp);
foreach hook in pre_hooks do

hook(bp, rp);
platform← wrap(wrappers, platform, env, bp, rp);
output← benchmark.run(platform, rp);
result← benchmark.collect(output);
foreach hook in post_hooks do

result← result ∪ hook(result);
rr← bp ∪ rp ∪ result;
results.append(rr);

return results;

2.6 Open Source
benchkit has been under active development since 2021 and was
publicly released in 2024. It includes a growing catalog of ready-
to-run workloads, as defined by the benchmark abstraction of
Listing 1. These cover several domains: databases (LevelDB [22],
RocksDB [17], Kyoto Cabinet [20], Redis [40], Memcached [15],
MySQL [48], PostgreSQL [58] with sysbench [35]), standard CPU
benchmark suites (SPEC CPU 2017 [5], with automated installa-
tion from ISO), microbenchmarks (membench [56], will-it-scale [4],
locktorture [42]), large-scale workloads (MapReduce [11], NAS Par-
allel Benchmarks [3]), real-time workloads (cyclictest [57]), and
full support for the Phoronix Test Suite [52], including parsing,
execution, and result collection according to the Phoronix bench-
mark specification. This catalog enables rapid exploration of new
configurations and straightforward replication of existing studies.

In addition to benchmarks, benchkit ships with ready-to-use
command wrappers (perf-stat, perf-record, strace, ltrace,
numactl, taskset, valgrind, trace-cmd, NVIDIA Nsight Systems
and Nsight Compute), shared-library integrations (prebuilt libraries,
tilt), and asynchronous command attachments for BPF-based
tracing (klockstat, offcputime, llcstat).
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1 from benchkit import CampaignCartesianProduct
2
3 class SpecBench:
4 [...] # Definition similar to LevelDB
5
6 campaign = CampaignCartesianProduct(
7 benchmark=SpecBench(path="/path/to/cpu2017.iso"),
8 variables={
9 "bench_name": ["500.perlbench"],
10 },
11 nb_runs=10, # Repeated for variability check
12 )
13
14 campaign.run()

Listing 2: Example of a benchkit campaign for a SPEC single-
threaded benchmark.

benchkit is available as an open-source project under the MIT
license.1 The experiments and code listings presented in this paper
are available as a replication package.2

3 Drilldown Case Study on Hybrid–Core
Variability

Modern hybrid-core processors mix high-performance (P) cores
with energy-efficient (E) cores. While this architecture improves
power efficiency, it complicates performance evaluation: even single-
threaded programs may experience large run-to-run variability de-
pending on the core on which they begin execution. This variability
is pronounced under default Linux scheduling, where processes
may migrate across heterogeneous cores.

This section demonstrates how benchkit enables a systematic
investigation of such effects using a representative single-threaded
SPEC CPU workload. We first measure its performance under
default scheduling and observe significant variability. We then
characterize the underlying platform through a sequential CPU-
ID heatmap, revealing performance differences between P and E
cores. Finally, we reproduce the experiment under controlled place-
ments using taskset-based pinning, collapsing the variability and
confirming the root cause.

3.1 Benchmark Setup and Baseline Experiment
Our experiments use the 500.perlbench_r workload from the
SPEC CPU 2017 suite, executed on a modern hybrid-core x86 laptop
equipped with an AMD Ryzen AI 9 HX 370 processor (12 cores,
24 threads, 32GiB RAM) running Linux 6.17.

Listing 2 shows a simplified benchmark definition in benchkit.
The campaign repeatedly executes the workload under the default
Linux scheduler to expose run-to-run variability. The parameter
space contains only the workload name; repeated executions are
controlled through the campaign’s nb_runs field.

benchkit automatically generates one directory per run, stores
the benchmark’s standard output and all artifacts inside it, and pro-
duces a CSV summary aggregating all runtimes. Users supply the
SPEC CPU archive via the path argument; benchkit then handles
unpacking, building, and executing the workload according to the

1https://github.com/open-s4c/benchkit
2https://github.com/softwarelanguageslab/icpe26-benchkit-ae

1 import os
2 from benchkit.benches.heater import heater_seq_campaign
3
4 campaign = heater_seq_campaign(
5 nb_runs=3,
6 duration_s=3,
7 cpu=range(0, os.cpu_count()),
8 )
9 campaign.run()
10 campaign.generate_graph(
11 plot_name="barplot", x="cpu", y="ops",
12 title="Sequential heater - per-CPU throughput",
13 )

Listing 3: benchkit campaign sweeping all available CPUs
for the sequential heater benchmark.

declared parameters, without requiring any modifications to the
benchmark itself.

Figure 2 reports the runtimes of 500.perlbench_r across ten
repeated executions under the default scheduler, with no affinity
or placement control (see left figure, blue dots). The resulting mea-
surements show substantial variability: runtimes range from 119.6 s
to 148.9 s, a spread exceeding 24% relative to the minimum, with
a standard deviation of 10.1 s—unusually large for a deterministic
single-threaded workload.

This multimodality is characteristic of hybrid-core architectures:
the workload may begin on either a fast P-core or a slower E-core,
and may be migrated between them during execution. Both effects
are visible in Figure 2 (left, blue dots), where several intermediate
runtimes correspond to runs that began on one class of core and
were migrated to the other.

This baseline experiment highlights the necessity of explicit
thread placement when evaluating performance on heterogeneous
processors and motivates the next steps of our drilldown analysis.

3.2 Sequential CPU–ID Characterization
To understand the source of the observed variability, we next charac-
terize the relative speed of each logical CPU on the hybrid processor.
For this purpose, we implement a simple sequential heater bench-
mark that runs a fixed amount of integer work while being pinned
to a single core.

The heater is a small C program (Listing omitted for brevity) that:
(i) parses a target duration and CPU identifier from the command
line, (ii) uses sched_setaffinity to pin itself to the requested
core, and (iii) performs a tight arithmetic loop until the duration
has elapsed, counting the number of operations performed and
printing the final count (as Operations performed: <N>). The
work per loop iteration is fixed, so the resulting operation count is
proportional to the effective compute capacity of the selected core.

We expose this program to benchkit through a dedicated bench-
mark object HeaterSeqBench, whose parameter space contains a
single variable cpu representing the target core. To systematically
explore placement effects, benchkit provides a helper function,
heater_seq_campaign(), which constructs a campaign sweeping
all available CPUs. Listing 3 shows the code used to instantiate
and run this experiment, together with the command generating a
barplot of per-core throughput.

https://github.com/open-s4c/benchkit
https://github.com/softwarelanguageslab/icpe26-benchkit-ae
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from benchkit import CampaignCartesianProduct
from benchkit.benches import SpecBench
from benchkit.commandwrappers.taskset import TasksetWrap

P_CORES = [0, 1, 2, 3, 12, 13, 14, 15]
E_CORES = [4, 5, 6, 7, 8, 9, 10, 11,

16, 17, 18, 19, 20, 21, 22, 23]

campaign = CampaignCartesianProduct(
benchmark=SpecBench(path="/path/to/cpu2017.iso"),
command_wrappers=[TasksetWrap()],
variables={

"bench_name": ["500.perlbench"],
"cpu_list": {

"no_pinning": [],
"p_cores": P_CORES,
"e_cores": E_CORES,

},
},
pretty={"cpu_list": {

"no_pinning": "No Pinning",
"p_cores": "P-Cores",
"e_cores": "E-Cores",

}},
nb_runs=10,

)

campaign.run()
campaign.generate_graph(

plot_name="stripplot", x="cpu_list", y="duration_s",
)

Listing 4: benchkit campaign using TasksetWrap to enforce
core placement for 500.perlbench_r.

Figure 2 (right) shows the resulting operation counts for each
CPU on our platform. Two clear plateaus emerge: cores 0–3 and 12–
15 achieve around 1.27×109 operations, while cores 4–11 and 16–23
reach only about 0.81 × 109 operations. This pattern is consistent
with the presence of two classes of cores (high-performance P-cores
and energy-efficient E-cores), and it provides an explicit mapping
from core identifiers to their relative speed.

This characterization step is fully automated by benchkit: the
campaign definition expresses the CPU sweep declaratively, and
the resulting per-core measurements and plot are generated with-
out additional hand-written scripting. In the next subsection, we
use this mapping to re-run the SPEC workload under controlled
placements on P-cores and E-cores only.

3.3 Controlled Placement with taskset
Using the core-to-performance mapping obtained from the sequen-
tial heater (Section 3.2), we now rerun 500.perlbench_r under
three placement configurations: No Pinning (default scheduler, as
in Listing 2), P-Cores only, and E-Cores only. On our platform, the
heater identifies cores 0–3 and 12–15 as fast P-cores, and cores
4–11 and 16–23 as slower E-cores. These ranges form the basis for
the corresponding taskset placements used below.

In benchkit, these placement policies are expressed declara-
tively using the TasksetWrap command wrapper. The wrapper
receives, for each run, the value of the cpu_list variable drawn
from the parameter space; benchkit then injects it automatically
when wrapping the benchmark command (as described in Algo-
rithm 2). This illustrates a key aspect of our model: variables in
the parameter space are not only passed to benchmarks, but can
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Figure 2: Runtimes of 500.perlbench_r under three thread-
placement configurations: default scheduling (No Pinning),
pinned to P-cores, and pinned to E-cores. Each point repre-
sents a single run (left). Sequential heater results shown for
the hybrid-core AMD Ryzen AI 9 HX 370, which features
four P-cores and eight E-cores (with SMT: logical CPUs 0–3,
12–15 and 4–11, 16–23) (right).

also configure wrappers and hooks, enabling fine-grained control
of system behavior. Listing 4 shows the corresponding campaign.

Figure 2 (left) summarizes the resulting runtimes. TheNo Pinning
configuration reproduces the wide spread observed in Section 3.1.
When restricting execution to P-cores, runtimes cluster tightly
around the minimum (≈110 s), indicating stable performance on
the fast cores. Conversely, pinning to E-cores yields consistently
slower runtimes (≈167 s), with little intra-group variation.

This experiment confirms that the multimodal behavior of the
SPEC workload stems from uncontrolled placement on heteroge-
neous cores. It also illustrates how benchkit composes system-
level tools such as taskset within a single, reusable experiment
description, without modifying the (externally defined) benchmark
or writing ad-hoc shell scripts.

4 Composing System Mechanisms with
benchkit: Locks, Schedulers, Profilers

Beyond single-workload drilldowns, benchkit is designed to com-
pose multiple system mechanisms—e.g., locking libraries, schedul-
ing policies, and profiling tools—within a single coherent experi-
ment. This section demonstrates how benchkitmodels such mech-
anisms using the same abstractions introduced earlier (wrappers,
hooks, shared libraries), enabling reproducible studies that span
locks, schedulers, and hardware-based profiling within a unified
experimental sweep.

We integrate: (i) tilt, a drop-in library of lock implementa-
tions exposed via pthread interposition; (ii) schedkit, a user-space
scheduler that adjusts thread affinities according to NUMA-aware
policies; and (iii) the Linux perf suite for collecting hardware and
kernel metrics. These components illustrate how benchkit treats
system mechanisms as first-class composable elements rather than
ad-hoc scripts layered around workloads. The resulting campaigns
combine lock algorithms, scheduling strategies, and profiling instru-
mentation directly within the parameter space and configuration
of a single benchkit experiment.

All experiments in this section were conducted on a NUMA-
enabled Taishan 200 Kunpeng server with two Kunpeng 920–4826
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Figure 3: Throughput performance for locking experiments across Kyoto Cabinet, LevelDB, and RocksDB benchmarks as a
function of the number of threads. NUMA-aware hierarchical locks outperform flat locks at high thread counts. Results shown
for a 96-core Kunpeng 920 server (4 NUMA nodes).

processors (96 cores, 4 NUMAnodes, 539 GB RAM), running Ubuntu
20.04.6 LTS with kernel 5.4.0-200-generic (aarch64).

4.1 Studying Locking Impact
The choice of locking algorithm can significantly influence per-
formance. benchkit makes it easy to vary the locking mechanism
used during an experiment and to evaluate its impact systemati-
cally. tilt3 is a shared library that provides a drop-in replacement
for pthread synchronization calls (e.g., pthread_mutex_lock and
related functions). By interposing on these calls, tilt enables the
evaluation of different locking mechanisms, such as Ticket lock,
MCS lock, and NUMA-aware hierarchical locks. tilt is inspired
by LiTL [27, 31] but is designed to be lightweight, does not require
per-lock dynamic memory allocation or auxiliary data structures
(though it can support them), and is actively maintained. Its lock
implementations are drawn from libvsync [47], a library of syn-
chronization primitives verified and optimized for weak memory
models as part of the VSync project [10, 45].

In this work, we use tilt to integrate seven spinlock algo-
rithms from the literature. These include flat locks—such as CAS,
TTAS [30], Ticket [38], MCS [43], and Hemlock [13]—as well as
NUMA-aware hierarchical designs like CNA [12] and HMCS [6, 46].
As a baseline, we compare against the default glibc implementa-
tion of pthread_mutex, used without tilt.

Manually, a custom lock implementation based on tilt can be
enabled by running a benchmark with LD_PRELOAD, for example:
LD_PRELOAD=./libmutrep.so ./db_bench .... This instructs
the ELF loader to load libmutrep.so before other shared libraries,
allowing it to intercept pthread calls and replace them with the
selected lock algorithm at run time.

In benchkit, tilt is modeled as a SharedLibrary component.
This abstraction automatically configures LD_PRELOAD for each run,
ensuring that the correct library variant is injected into the bench-
mark environment. Lock implementations then become ordinary
run-time parameters in the benchkit campaign: a single bench-
mark can be evaluated under multiple locks by varying a lock
variable in the parameter space, as the SharedLibrary receives
the variable–value mapping corresponding to the current record.

3https://github.com/open-s4c/tilt

1 from benchkit import CampaignCartesianProduct
2 from benchkit.benches.leveldb import LevelDBBench
3 from benchkit.sharedlibs.tiltlib import TiltLib
4
5 campaign = CampaignCartesianProduct(
6 benchmark=LevelDBBench(),
7 shared_libs=[TiltLib()],
8 variables={
9 "nb_threads": [1, 2, 4, 8, 16, 24, 32,
10 64, 72, 80, 88, 96],
11 "bench_name": ["readrandom"],
12 "lock": ["caslock", "ticketlock", "mcslock", "hemlock",
13 "ttaslock", "cnalock", "hmcslock", "pthread"],
14 },
15 nb_runs=3,
16 )
17 campaign.run()

Listing 5: benchkit campaign for LevelDB with different
locks.

benchkit rebuilds the tilt library whenever its build-time pa-
rameters (e.g., selected lock, optimization flags) change, ensuring
consistency across configurations and avoiding ad-hoc scripting.

Listing 5 illustrates a benchkit campaign evaluating different
lock implementations for the LevelDB: readrandom workload. The
same approach applies to other benchmarks (e.g., RocksDB, Kyoto
Cabinet), and Figure 3 presents the corresponding performance
results across this broader set of workloads.

4.2 Studying Thread–Placement Impact
Scheduling and thread placement are system-level mechanisms
that can significantly influence benchmark performance, especially
on large NUMA-enabled servers. To evaluate such mechanisms—
in particular, placement strategies and scheduler policies under
varying contention and locality conditions—in a controlled and
reproducible manner, we use schedkit4, a lightweight user-space
scheduler that adjusts thread affinities during program execution.

schedkit is a Python framework designed as fully plugin-based:
each scheduling policy is implemented as an independent module,
allowing developers to extend or modify placement strategies with-
out changing the core runtime. Policies may rely on platform char-
acteristics such as CPU utilization, NUMA topology, cache-sharing

4https://github.com/open-s4c/schedkit

https://github.com/open-s4c/tilt
https://github.com/open-s4c/schedkit
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Figure 4: Throughput performance for scheduling experiments across Kyoto Cabinet, LevelDB, and RocksDB benchmarks as a
function of the number of threads. NUMA-aware CLOSE scheduling consistently outperforms other policies by improving
cache locality, while the FAR policy struggles due to increased memory access latencies.

1 class SchedKitHooks:
2 def __init__(self, platform):
3 self.platform = platform
4
5 def start_sched_hook(self, platform, variables):
6 pol = variables["scheduler"]
7 platform.comm.background_subprocess(
8 command=["./schedkit", "--policy", pol],
9 )
10
11 def end_sched_hook(self, platform, variables):
12 platform.shell(["killall", "-15",
13 "schedkit"])

Listing 6: Pre-run and post-run hooks for schedkit.

structure, or memory-access distances. On multi-socket NUMA
systems, remote memory accesses incur higher latency [10, 39],
making thread placement directly influence locality, communica-
tion patterns, and cache behavior. Accordingly, schedkit policies
can either co-locate threads to improve locality (e.g., CLOSE) or
disperse them to reduce cache interference (e.g., FAR). In addi-
tion, we integrated into schedkit three policies from prior work—
AsymSched [37], SAM [54], and SAS [55]—to study them under
identical experimental conditions.

Within benchkit, schedkit is modeled using PreRunHook and
PostRunHook callbacks. Before each run, a PreRunHook launches
the schedkit daemon in the background with the policy specified
for the current run, ensuring that the placement strategy is active for
the duration of the benchmark. After completion, a PostRunHook
callback terminates the daemon so that no residual state persists
across runs. Because the variables of the current record are passed
to each hook callback, benchkit can treat scheduling policies as or-
dinary run-time parameters: a campaign simply varies a scheduler
variable in the parameter space, and the hooks automatically receive
and apply the selected value.

Listing 6 shows the minimal hook implementations used to
start and stop schedkit around each run. Listing 7 shows how
a benchkit campaign sweeps over multiple scheduling policies
for the LevelDB: readrandom workload. The same approach applies
to other workloads such as RocksDB and Kyoto Cabinet, and the
results across all workloads are reported in Figure 4.

1 from benchkit import CampaignCartesianProduct
2 from benchkit.benches.leveldb import LevelDBBench
3 from benchkit.platforms import get_current_platform
4
5 platform = get_current_platform()
6 schedkit = SchedKitHooks(platform=platform)
7
8 schedulers = ["Normal", "FAR", "CLOSE",
9 "AsymSched", "SAM", "SAS"]
10
11 campaign = CampaignCartesianProduct(
12 benchmark=LevelDBBench(),
13 pre_run_hooks=[schedkit.start_sched_hook],
14 post_run_hooks=[schedkit.end_sched_hook],
15 variables={
16 "nb_threads": [1, 2, 4, 8, 16, 24, 32,
17 64, 72, 80, 88, 96],
18 "bench_name": ["readrandom"],
19 "scheduler": schedulers,
20 },
21 nb_runs=3,
22 )
23 campaign.run()

Listing 7: benchkit campaign for LevelDB with different
scheduling policies.

4.3 Using perf for Profiling and Run-Time
Statistics

In many experiments, raw benchmark results (e.g., throughput
or latency) are insufficient to explain performance differences. To
provide deeper insight into program behavior, benchkit integrates
the Linux perf suite, the standard tool for collecting run-time
profiling and performance statistics.

perf stat provides access to hardware Performance Moni-
toring Counters (PMCs) and reports metrics such as instruction
counts, CPU cycles, cache misses, branch mispredictions, context
switches, and migrations. For example, invoking perf stat -e
cache-misses,cycles,instructions around a benchmark run
yields a detailed breakdown of the CPU activity during that run.

In benchkit, perf is integrated using a CommandWrapper. This
wrapper automatically prepends the appropriate perf stat com-
mand to the benchmark invocation, ensuring that performance
counters are collected transparently for each run, without having
to modify the benchmark code. The wrapper is configured such that
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Figure 5: Performance analysis using perf-stat for the LevelDB: readrandom benchmark with 24 threads under various
scheduling policies (3 runs of 30 seconds each). Throughput correlates strongly with the reduction in context switches and
CPU migrations, particularly for the CLOSE policy, which pins threads and minimizes overhead. High cache misses for CLOSE
and SAM indicate increased work completed during the fixed-duration benchmark. SAM incurs the highest page faults but
maintains competitive throughput, suggesting effective sharing-aware mapping.

1 from benchkit import CampaignCartesianProduct
2 from benchkit.benches.leveldb import LevelDBBench
3 from benchkit.commandwrappers.perf import PerfStatWrap
4 from benchkit.platforms import get_current_platform
5
6 platform = get_current_platform()
7 schedkit = SchedKitHooks(platform=platform)
8
9 schedulers = ["Normal", "FAR", "CLOSE",
10 "AsymSched", "SAM", "SAS"]
11
12 perf_stat = PerfStatWrap(
13 events=["context-switches", "cpu-migrations",
14 "page-faults", "cache-misses"],
15 )
16
17 campaign = CampaignCartesianProduct(
18 benchmark=LevelDBBench(),
19 variables={
20 "nb_threads": [24],
21 "bench_name": ["readrandom"],
22 "scheduler": schedulers,
23 },
24 nb_runs=3, duration_s=30,
25 command_wrappers=[perf_stat],
26 pre_run_hooks=[schedkit.start_sched_hook],
27 post_run_hooks=[
28 schedkit.end_sched_hook,
29 perf_stat.post_run_hook_update_results,
30 ],
31 )
32 campaign.run()

Listing 8: benchkit campaign for LevelDB with different
scheduling policies and using perf stat.

the output file produced by perf stat (via its -o option) is saved in-
side the dedicated per-run directory created by benchkit, following
the directory hierarchy introduced in Section 2.4. A corresponding
PostRunHook then parses this file and inserts the extracted PMC
metrics directly into the result record.

As a consequence, hardware-countermeasurements become first-
class experimental output metrics: they are collected consistently
across all configurations, stored in the per-run directory hierarchy,
and included in the CSV and JSON artifacts produced by the cam-
paign, together with the metrics produced by the benchmark itself
in its collect() method.

This wrapper+hook modeling enables benchkit to attach profil-
ing to any benchmark—databases, memory allocators, synchroniza-
tion stress tests, or system-level studies—with minimal user effort.

Although two components are involved (the wrapper itself and its
associated post-run hook), benchkit allows the hook to be refer-
enced directly as a method of the wrapper instance (e.g., perf_stat.
post_run_hook_update_results), which Python treats as a clo-
sure (or bound method)—implicitly currying the self pointer.

Listing 8 illustrates how perf stat can be combined with sched-
uling hooks to evaluate placement policies while collecting hard-
ware performance counters in a single experiment. The example
shows a benchkit campaign sweeping over several scheduling
policies for the LevelDB: readrandom workload while collecting
cache- and migration-related statistics. The aggregated results are
reported in Figure 5.

4.4 Visualizing Performance with Flame Graphs
in benchkit

While perf stat exposes high-level hardware counters, under-
standing why two configurations behave differently requires in-
specting their execution profiles. To support such investigations,
benchkit integrates perf record and provides native support for
both standard and differential flame graphs.

Flame graphs aggregate stack samples into a folded call graph
whose flame “width” represents relative time spent in each function,
making hot paths and bottlenecks visually apparent [23, 24, 26].
Differential flame graphs extend this visualization by contrasting
two runs and highlighting functions whose relative contribution
increases or decreases between them [25].

Flame-graph generation maps naturally to benchkit’s experi-
ment model: a flame graph corresponds to the execution profile
of a single record in the experiment’s parameter space, whereas a
differential flame graph compares two records, typically differing in
one parameter (e.g., lock type).

When the PerfRecordWrap wrapper is enabled in the campaign,
each run is executed under perf record, and the perf.data output
file is stored automatically inside the run’s directory (as described
in Section 2.4). After the run, a post-run hook processes this file
to produce the flame graph for that configuration. Because every
run is handled this way, users may later select any two records
from the campaign and ask benchkit to generate a differential
flame graph between them—a capability particularly useful during
performance-debugging drilldowns.

The integration mirrors the modeling used for perf stat: the
PerfRecordWrap class implements both the command-wrapper
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interface—prepending perf record to the benchmark invocation
and storing the profile in the result directory—and post-run hook
methods that plug into the campaign, e.g., a flamegraph hook that
transforms the recorded profile into a folded stack trace and then
into a flame graph, or a report hook that invokes perf report for
symbol-level analysis (see Listing 9). The class also provides a helper
method for generating differential flame graphs, invoked after the
campaign has completed. This helper takes as input two records (i.e.,
two variable–value mappings from the parameter space), locates
the corresponding perf.data files in the directory hierarchy, and
produces the differential flame graph as an additional artifact. In
practice, this can be combined with campaign utilities (such as
programmatic iteration over variables) to quickly compare two
selected configurations.

Listing 9 shows how flame-graph profiling is integrated into a
benchkit campaign comparing two lock implementations (CAS
andMCS) for the LevelDB: readrandomworkload under a fixed place-
ment policy. Because flame graphs describe the behavior of a single
run, external sources of variability—in particular thread placement—
must be kept stable. Instead of manually pinning threads (which
provides limited control for multithreaded applications), we sim-
ply fix the scheduling policy using the CLOSE placement strategy
introduced in Section 4.2. This isolates the lock mechanism as the
only varying parameter, making the comparison meaningful. The
resulting flame graphs and their differential comparison are shown
in Figure 6, illustrating how benchkit helps explain performance
differences by visualizing hot paths and contention points.

5 Overhead of benchkit
A performance evaluation framework is only useful if its own over-
head is negligible. To assess this, we compare the end-to-end cost
of running a benchmark through benchkit against a manually
written shell script that reproduces the same sequence of build and
run steps. We perform this comparison both on the native host
and inside a Docker container, using benchkit’s native support for
containerized execution (Section 2.4).

The experiment runs the LevelDB: readrandom benchmark under
three thread counts (2, 4, 8), ten repetitions each, for 10 s per run.
All measurements were collected on an Intel Core i7-13800H laptop
(Ubuntu 22.04.5, Linux 6.8.0), using both native host and Docker
execution.

We compare four configurations: benchkit running on the host,
benchkit running in Docker, a hand-written shell script on the
host, and the same script in Docker. The shell workflows duplicate
exactly what the benchkit campaigns perform: building db_bench,
running a single fillseq initialization, and evaluating readrandom
with the same parameters, ensuring strict functional equivalence.

Figure 7 reports the throughput across all runs. Measurements
cluster tightly, and the differences between the four setups are
within natural run-to-run variability. On the host, the average
throughput of the benchkit campaign differs from the equivalent
hand-written shell workflow by only 2.22 % at 2 threads, 1.39 % at 4
threads, and 0.92 % at 8 threads. In Docker, the gaps are even smaller:
0.13 % at 2 threads, 0.66 % at 4 threads, and 0.68 % at 8 threads.

Across all scenarios, we observe no slowdown introduced by
benchkit, no measurable overhead from the Platform abstraction,

1 from benchkit import CampaignCartesianProduct
2 from benchkit.benches.leveldb import LevelDBBench
3 from benchkit.commandwrappers.perf import PerfRecordWrap
4 from benchkit.platforms import get_current_platform
5 from benchkit.sharedlibs.tiltlib import TiltLib
6
7 platform = get_current_platform()
8 schedkit = SchedKitHooks(platform=platform)
9
10 perf_record = PerfRecordWrap()
11
12 campaign = CampaignCartesianProduct(
13 benchmark=LevelDBBench(),
14 variables={
15 "nb_threads": [32],
16 "bench_name": ["readrandom"],
17 "scheduler": ["CLOSE"],
18 "lock": ["caslock", "mcslock"],
19 },
20 nb_runs=1, duration_s=10,
21 shared_libs=[TiltLib()],
22 command_wrappers=[perf_record],
23 pre_run_hooks=[schedkit.start_sched_hook],
24 post_run_hooks=[
25 schedkit.end_sched_hook,
26 perf_record.post_run_hook_report,
27 perf_record.post_run_hook_flamegraph,
28 ],
29 )
30 campaign.run()
31
32 # Generate a differential flame graph between CAS and MCS:
33 perf_record.generate_diff_flamegraph(
34 campaign=campaign,
35 record_a={"nb_threads": 32,
36 "bench_name": "readrandom",
37 "scheduler": "CLOSE",
38 "lock": "caslock"},
39 record_b={"nb_threads": 32,
40 "bench_name": "readrandom",
41 "scheduler": "CLOSE",
42 "lock": "mcslock"},
43 output="diff-cas-vs-mcs.svg",
44 )

Listing 9: benchkit campaign using perf record to generate
flame graphs.

and no deviation in variance patterns compared to the shell work-
flows. The dominant fluctuations arise from LevelDB itself, not
from the orchestration mechanism.

These results confirm that benchkit introduces no measurable
overhead compared to equivalent hand-written scripts—neither on
native hosts nor inside containers. Thismakes benchkit suitable for
high-fidelity performance evaluation, including microbenchmark-
ing and sensitivity analysis, where additional framework overhead
would otherwise confound measurements.

6 Related Work
Reproducibility and artifacts. Reproducing systems performance
results remains difficult even with artifacts, as studies by Collberg
et al. [8] and Jiménez et al. [33] show that undocumented environ-
ment assumptions, ad-hoc orchestration, and non-portable scripts
routinely prevent reliable reruns.

Benchmarking automation tools. Faban [18] provides au-
tomated benchmark orchestration with a Java-based harness and
workload-driver framework supporting distributed load generation,
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tightly across all configurations, confirming that benchkit
introduces no measurable overhead. Results shown for an
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but its annotation-driven model targets client–server workload sim-
ulation rather than system-level experimentation. Database-focused
frameworks such as BenchBase [14] provide unified benchmarking
across DBMSs, but are tightly coupled to database workloads and
offer limited extensibility beyond that domain. Hyperfine [51] offers
a lightweight CLI interface for microbenchmark timing but lacks
support for NUMA-aware execution, affinity control, or profiling
pipelines. The Collective Knowledge (CK) framework [19] empha-
sizes reproducible workflows and portable benchmarking compo-
nents, primarily in the context of ML and compiler research. In the
HPC domain, ReFrame [34] provides a regression-testing frame-
work for validating system health across clusters, while JUBE [41]
supports parameter-study workflows with Cartesian-product ex-
ploration; both are designed for HPC job schedulers and do not
target bare-metal system-level profiling. Other specialized systems,
such as PyTorch Benchmark [9], Optuna [2], or domain-specific
benchmarks (e.g., schedbench [28] for scheduler stress tests), target
narrow ecosystems and do not offer a general-purpose mechanism

for combining performance experiments with placement, instru-
mentation, and profiling. In contrast, benchkit provides a light-
weight, extensible foundation for heterogeneous systems studies:
it supports arbitrary benchmarks, custom parameters, hierarchi-
cal result storage, and composable orchestration through hooks,
command wrappers, and shared-library injection.

System-level performance profilers and analysis tools. Low-
level profilers such as perf, Intel VTune, and AMD uProf provide
rich access to hardware counters, flame graphs, and microarchitec-
tural statistics, but do not prescribe how profiling should integrate
into multi-configuration experiments, nor how to guarantee con-
sistent environmental conditions across runs. Similarly, tools in
the GPU ecosystem—such as NVIDIA Nsight Compute and Nsight
Systems—offer detailed traces of GPU kernels but require manual
setup and do not automate placement, repetition, or post-run ag-
gregation. sysperf [32] and related utilities focus on system-call
tracing or profiling small program variants, but do not treat experi-
ment orchestration or parameter–space exploration as first-class
concepts. benchkit does not replace these profilers; rather, it pro-
vides a structured way to embed them into repeatable experiments,
ensuring that profiling steps (e.g., perf stat, perf record) are
executed deterministically and that their outputs become part of
the experiment’s artifact set.

Cloud infrastructure benchmarking. Cloud-native platforms
have motivated the development of benchmarking tools that oper-
ate within container orchestrators. Kubestone [60] defines bench-
marks as Kubernetes Custom Resources and leverages operators
for scheduling and execution. Cloud-Native-Bench [59] provides a
Kubernetes-operator-based framework with automated data gath-
ering and analysis for cloud performance testing. Henning and
Hasselbring [29] propose a configurable method for benchmarking
scalability of cloud-native applications deployed on Kubernetes
clusters. Papadopoulos et al. [50] define methodological principles
for reproducible performance evaluation in cloud environments.
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These tools are tightly coupled to container orchestration and tar-
get cloud-service workloads; they do not support bare-metal con-
cerns such as NUMA-aware placement, shared-library injection, or
fine-grained profiling pipelines that benchkit targets. Conversely,
benchkit does not yet offer first-class Kubernetes orchestration
(see Section 7).

Positioning of benchkit. Where existing tools typically focus
on a single concern—database benchmarks, microbenchmark repe-
tition, workflow packaging, or low-level profiling—benchkit pro-
vides a unifying abstraction for composable systems experiments. Its
hook-based modeling supports thread-placement daemons, shared-
library lock frameworks, performance counters, profiling traces,
flame-graph generation, and containerized execution inside a single,
coherent experiment definition. This composability, combined with
its declarative parameter–space exploration and reproducibility-
oriented result hierarchy, distinguishes benchkit from prior work
and enables systematic, multi-dimensional performance studies
hardly achievable with existing benchmarking automation tools.
Earlier versions of benchkit have already been used to evaluate
synchronization primitives on large NUMA servers [10, 45, 46].

7 Limitations
Wrapper engineering overhead. Using benchkit requires imple-
menting Python classes for new benchmarks and command wrap-
pers, which introduces an upfront development cost compared to
ad-hoc shell scripts. However, only the run()method is mandatory
for a benchmark class, and lightweight helpers exist for wrapping
single-command workloads with minimal boilerplate. Crucially,
once a benchmark or wrapper is implemented, it is immediately
reusable across arbitrarily different experiments without modifica-
tion: a TasksetWrapwritten once can be composed with any bench-
mark, any parameter space, and any set of hooks or profiling tools.
This write-once, compose-anywhere property is where benchkit
provides its greatest return over shell scripts, which typically re-
quire per-experiment adaptation and offer limited modularity when
the number of variables and tools grows.

Portability. The benchkit orchestration layer is pure Python
and can run on any platform, including Windows or macOS, pro-
vided the target system (local, remote via SSH, or mobile via ADB)
supports shell command execution. However, many of the built-
in wrappers and hooks (perf, taskset, numactl, LD_PRELOAD)
are Linux-specific capabilities. More fundamentally, hardware per-
formance counters and kernel interfaces are architecture- and
version-specific: even for the same concept (e.g., last-level cache
misses), the perf event name differs across microarchitectures—
e.g., l3d_cache_refill on ARM Cortex-A76, l3_misses on AMD
Zen 5, or mem_bound_stalls.load_llc_hit on Intel. A campaign
that specifies raw event names may therefore fail or produce non-
comparable results on a different microarchitecture. Nothing in the
framework’s design prevents the introduction of abstraction layers
that map portable, architecture-neutral event names to platform-
specific counters—similar to how TasksetWrap already abstracts
CPU-list syntax (see Listing 4). Building and maintaining such a
mapping across processor generations remains an open engineering
challenge.

Scope. benchkit supports multi-node setups where, e.g., a data-
base server and its load generator run on separate machines (each
modeled as a distinct platform). However, it does not yet offer first-
class orchestration for large-scale distributed deployments such as
Kubernetes clusters. Additionally, campaigns assume a single fetch
per benchmark; regression workflows that test multiple versions
of the same software (e.g., across repository commits) would ben-
efit from parameterizing the fetch step itself. Finally, campaigns
currently execute runs sequentially—a deliberate design choice
rooted in benchkit’s original focus on multithreaded workloads
where interference-free, full-machine runs are essential—but alter-
native execution engines, such as parallel dispatch of independent
single-threaded jobs, are under active development.

8 Conclusion
This paper introduced benchkit, a lightweight yet expressive frame-
work that brings software-engineering principles—abstraction, com-
position, and explicit modeling of system interactions—into perfor-
mance evaluation. By treating benchmarks, parameter spaces, wrap-
pers, hooks, and shared libraries as first-class objects, benchkit
replaces ad-hoc scripting with declarative, repeatable, composable,
and extensible experiment definitions.

Although benchkit provides built-in integrations (e.g., perf
stat, perf record, thread placement, containerized execution),
its true strength lies in extensibility: users can add custom bench-
marks, platforms, wrappers, and shared libraries to express complex
system-level experiments without modifying benchmark code. Our
own tools, tilt (lock interposition) and schedkit (plugin-based
thread placement), are available as open source to support replica-
tion and further study.

Future directions include integrating speedup stacks [53] for
structured scalability analysis, adding eBPF-based instrumenta-
tion, and enriching visualizations—for example, generating per-run
Gantt charts that show when and on which core each thread of
the benchmark executed [36]. Overall, benchkit aims to provide
a principled foundation for systematic and reproducible systems
performance evaluation.
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