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Abstract

Model Context Protocol (MCP) extends Al model capabilities in modern software architectures through standardized tool
interfaces. In such systems, MCP servers are often deployed as containerized services, making container runtime behav-
iour a critical factor for startup responsiveness, execution performance, and infrastructure efficiency. Despite extensive
research on container runtime performance and growing interest in MCP-based systems, their interaction has received
limited research attention. This paper presents an empirical evaluation of container runtimes executing an MCP server
under controlled conditions. Metrics including Time To First Successful Response (TTFSR), CPU usage, memory foot-
print, and p95 latency were collected across multiple scenarios. Statistical analysis was conducted using non-parametric
methods with multiple-comparison correction and effect size estimation. The results indicate that cold-start latency dif-
ferences remain inconclusive, while measurable differences are observed in memory usage and CPU consumption. These
findings suggest that runtime selection should be guided by workload characteristics rather than architectural assumptions
alone.
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1. Introduction Data Layer. MCP currently supports two transport mech-
anisms, standard input/output and HTTP streams [1].

While existing studies typically compare container
runtimes in terms of usage regular scripts and web appli-
cations or focus on MCP from architectural, security,
or automation perspectives, there is limited resource
on how container runtimes behave when executing MCP
servers. In particular, startup responsiveness, resource ef-
ficiency, and performance under sustained tool-based in-
teraction remain underexplored, motivating the experi-
mental investigation presented in this paper.

A fundamental principle of high-quality software sys-
tems is the ease with which their functionality can be ex-
tended without compromising maintainability or correct-
ness. Modern software architectures continuously more
rely on structure of small components where the design
quality can influence the behaviour and scalability of the
overall system. Virtualization and containerization tech-
nologies have been created over many years as valid re-
sponses to the need for unified environments and practi-
cal trade-offs between isolation strength, performance
and resource management. Every new concept added ab- 2. Literature review
straction which addressed specific technical limitation,
increasing system complexity, affecting not only time
to lead time for changes but also operational costs, in-
cluding infrastructure management and energy consump-
tion.

The growing integration of artificial intelligence
models into the software development lifecycle has fur-
ther amplified these challenges. Modern Al-driven sys-
tems gradually more require handling of operational con-
text, access control, and failover mechanisms. Tech-
niques such as prompt engineering, context engineering,
fine-tuning address parts of this problem but remain in-
sufficient for complex multi domain workflows
As a result, a complementary approach has emerged
in which model capabilities are extended through the
integration with external resources and tools, often lead-
ing to agent-based architectures of models, servers, tools,
hosts, and clients operating across heterogeneous envi-
ronments.

This evolution has determined the emergence
of standardized protocols such as the Model Context Pro-
tocol (MCP), which formalizes structured interactions
between models and externals tools, further named as

Despite a substantial body of literature on container
runtime performance and rapidly growing patterns
of agentic and tool-based Al Systems, empirical studies
that mutually examine containerization tool in the con-
text of protocol-driven, tool-based services remain lim-
ited.

Containerization has been extensively studied
as a lightweight alternative to hypervisor-based virtual-
ization, with work establishing that containers can
achieve near-native performance for CPU and memory
workloads while introducing overhead primarily though
input/output and operating system interactions. Merkel’s
[2] foundational work on Docker describes the architec-
tural principles underlying container technologies, em-
phasizing Linux namespaces and control groups as the
mechanisms enabling fast startup, efficient resource uti-
lization, and lightweight isolation.

Subsequent empirical studies have focused on quan-
tifying container performance relative to virtual ma-
chines and native execution. Felter et al. [3] demonstrate
that containers often match or outperform virtual ma-
chines in CPU and memory intensive workloads, while
highlighting that filesystem layers and network address
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translation can introduce substantial overhead if left un-
configured. These findings emphasize the importance
of controlling storage and networking settings in perfor-
mance evaluations and motivate the careful experimental
design adopted in later studies.

More recent research has shifted attention toward
comparisons among container engines themselves.
Baresi et al. [4] present a comprehensive qualitative and
quantitative evaluation of multiple container engines
across cloud, HPC, and IoT contexts, reporting substan-
tial differences in startup latency and memory footprint
between engines. Their results show that while engines
such as Docker and Podman exhibit similar startup times,
Podman may display higher variance under concurrent
startup conditions. Although this work provides strong
methodological guidance and highlights engine level dif-
ferences, it evaluates only synthetic or application bench-
marks and does not consider protocol driven or interac-
tive workloads.

Complementing this perspective, Melo et al. [5] eval-
uate Docker and Podman with a focus on container man-
agement task such as image pulling, container instantia-
tion, and teardown. Their results indicate that Podman in-
stantiates small containers faster, whereas Docker per-
forms better for larger images and removal operations.
This work demonstrates that container lifecycle overhead
is sensitive to image size and execution scenario, an in-
sight directly relevant to ephemeral services. However,
the study does not measure application level responsive-
ness, resource usage during execution, or request-re-
sponse latency.

Other comparative analyses examine container tech-
nologies from a broader virtualization perspective. Silva
et al. [6] compare Docker and LXD, showing that both
technologies exhibit low steady stare overhead and high
maturity, particularly on Linux systems. Their results
suggest that system containers can offer slightly better
stability and consistency than application containers.
Nevertheless, the evaluation focuses exclusively on long
running throughput benchmarks and does not address
startup behaviour or minimal service execution.

Beyond runtime behaviour, several studies empha-
size that container performance is strongly influenced
by image construction and configuration practices. Kson-
tini et al. [7]. analyse the evolution of Dockerfiles across
hundreds of open-source projects and report that Docker
image size and build duration exhibit systematic growth
patterns over a project’s lifecycle. In particular, they ob-
serve that image size increases steadily during early de-
velopment stages, peaks around the mid-project phase
with an average increase of approximately 31%, and later
stabilizes with only minor reductions. Similarly, Dock-
erfile build duration rises throughout development,
reaching increases of up to 50% in later stages
of the project. These findings highlight that container im-
age characteristics are not static artifacts but evolve over
time, and that uncontrolled image growth can signifi-
cantly affect startup latency and operational costs,
thereby confounding runtime performance comparisons
if not explicitly controlled.

Host environment characteristics can further influ-
ence observed container performance and act as a con-
founding factor in runtime comparisons. Sobieraj and
Kotynski [8] evaluate Docker performance across Linux,
Windows, and macOS platforms and show that Docker
deployments on non-Linux hosts rely on an additional
lightweight virtual machine layer to emulate a Linux en-
vironment, which can materially affect CPU, storage in-
put/output, and network performance. Their results
demonstrate that the operating system and virtualization
path can dominate performance outcomes, with different
platforms exhibiting advantages across distinct subsys-
tems.

In parallel with container research, a growing body
of work investigates agent-based Al systems and archi-
tectures that extend model capabilities through external
tools. Preprint by Meyerson et al. [9] was consistent with
that long-horizon task reliability can be achieved through
extreme decomposition and orchestration of micro-
agents, drawing explicit parallels between micro-agent
architectures and microservices.

Several applied studies explore structured communi-
cation mechanisms for coordinating multi-agent systems
in practical domains. For example, Sciammarelli [10]
proposes a multi-agent trading architecture that employs
a lightweight structured messaging schema referred
to as MCP to facilitate decoupled and auditable interac-
tions between agents.

Research on MCP and related frameworks predomi-
nantly focuses on architectural design, safety, automa-
tion, and human impact. These works examine how
standardized tool interfaces enable deterministic and ex-
tensible agent behaviour, but they typically abstract away
from infrastructure-level considerations such as con-
tainer runtime performance, startup responsiveness, and
resource efficiency.

Taken together, the studies by Baresi et al., Melo et
al., and Silva et al. [4-6] provide complementary insights
into container engine behaviour, lifecycle costs, and
steady-state performance, while Meyerson et al. [9] offer
a contrasting architectural perspective on large-scale tool
orchestration and reliability, underscoring the need to
evaluate not only algorithmic correctness but also the ef-
ficiency of the underlying execution environment.

Collectively existing literature provides extensive in-
sights into container runtime performance under tradi-
tional workloads and into the architectural properties
of tool-based and agentic Al systems. However, these re-
search streams have largely evolved in parallel, with lim-
ited cross-analysis at the empirical level. Current con-
tainer benchmarks do not evaluate protocol-driven, inter-
active services such as MCP servers, while MCP-related
research. Both theoretical and applied does not account
for the operational characteristics of container runtimes.
In particular, there is limited empirical evidence on how
different container runtimes behave when executing
MCEP servers, where startup responsiveness, resource ef-
ficiency, and sustained tool-based interaction are critical.
This gap motivates the experimental investigation pre-
sented in this work. These observations suggest that the
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behaviour of complex, tool-based systems is fundamen-
tally constrained by the performance characteristics
of their smallest execution units, underscoring the im-
portance of evaluating container runtimes at level of in-
dividual, short-lived services.

3. Scope of work and hypotheses

Main objective of this paper is evaluation of the
runtime-level behaviour of container platforms when ex-
ecuting a Model Context Protocol (MCP) server under
controlled and reproducible conditions. The scope is re-
stricted to Linux-based, CPU-only workloads and fo-
cuses on startup responsiveness (H1), container-level
memory utilisation (H2), and CPU usage under sustained
workload (H3). Scenarios involving external APIs or re-
mote model calls are excluded from hypothesis testing
and treated as integration benchmarks. The following re-
search hypotheses have been formulated:

1. Hl1: Under equivalent experimental conditions and
identical MCP workloads, the mean Time To First
Successful Response (TTFSR) statistically differs be-
tween containerd and Docker.

2. H2: Under sustained MCP server workloads, the
mean container-level memory usage, as measured
by cgroup-based working set metrics, statistically dif-
fers between containerd and Docker.

3. H3: During sustained MCP server workloads, there
is a statistically significant difference in mean CPU
utilization among Docker, Podman, and containerd.

4. H4: Distribution of warm tool-call latency (p95) sta-
tistically differs across Docker, Podman, and contain-
erd.

The statistical methods used for hypothesis evaluation

are described in Section 4.6. The hypotheses are

grounded in differences in implementation of container
runtimes, especially architecture, resource management,
networking and request execution paths.

4. Methods
4.1. Experimental environment

All experiments were executed on a dedicated Linux host
equipped with an AMD Ryzen 7 4800U processor, 1.8
GHz, 8 GB RAM, and Ubuntu 24.04 LTS. Storage ca-
pacity was sufficient for the benchmark artifacts and was
not observed to be a limiting factor.

The system configuration, including software ver-
sions and runtime parameters, was recorded automati-
cally prior to each experimental run using a preflight
script. A summary of the environment is provided
in Table 1.

All containers were executed in rootful mode to en-
sure consistent cgroup-based resource accounting. The
experimental host was reserved exclusively for bench-
marking, and background services were minimized to re-
duce external interference.

The evaluated container runtimes included Docker,
Podman, and containerd (c#r interface). Hereafter, con-
tainerd and ctr are used interchangeably.

Table 1: Experimental Environment and Runtime Configuration

Component Version / Value

Operating System  Ubuntu 24.04.3 LTS

Kernel 6.17.0-14-generic

Architecture X86 64

cgroup v2 (unified; cpu, memory, io,
pids, cpuset enabled)

Python 3.12.3

Docker 29.1.3

Podman 493

containerd / ctr 2.2.1

FastMCP 2.14.1

The benchmark workload was implemented using
a reference MCP server built on python:3.12-slim base
image and executed as a non-root  user.
It exposes an HTTP JSON-RPC endpoint on port 8000
and a Prometheus metrics endpoint on port 9090.
A health endpoint (GET /health -> { “status”: "ok ’}) was
used for readiness detection.
Four tools were implemented:
e noop, performing a near-baseline workload with neg-
ligible computational cost,
e cpu_task, performing iterative SHA-256 hashing,
o cexperiment start, and experiment end, used for ses-
sion bookkeeping,
o classify_text http, issuing an external HTTP request.
Only noop and cpu_task were used in the benchmark sce-
narios described in this study.
An observability stack was deployed and remained
active throughout the entire experimental session. Its
components and role are summarised in Table 2.

Table 2: Observability and Metrics Infrastructure

Component Version Role

Prometheus 2.53.0  Metric scraping and
storage

Pushgateway 1.9.0 Receives per-iteration
metrics

Grafana 11.1.0 Dashboard visualisa-
tion

Cgroup scraper  custom  Polls cpu.stat and

memory.current at 1 s
intervals

Container log aggrega-
tion

Loki + Promtail -

4.2. Metrics

The following metrics are collected during the experi-

ments:

e Time To First Successful Response (TTFSR): the
elapsed time between container start initiation and the
first successful readiness response from the MCP
server,

e (CPU utilization: container-level CPU usage observed
during execution,

e Memory usage: container-level memory consumption
observed during execution,
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e Latency: response latency for request-driven scenar-
ios, reported using percentile statistics where applica-
ble,

e Throughput: number of successful tool invocations
per unit time,

e FError rate: proportion of failed readiness probes
or tool invocations.

4.3. Test Cases

The benchmark consists of following scenarios which are
used to evaluate the MCP server under different runtime
conditions:

e S1 — Cold start: The container image is present
on the host, and a new container instance is created
and started. TTFSR is measured as the elapsed time
until the service becomes responsive,

e S2 — Warm single-request: A running container pro-
cesses a single no-operation tool invocation under
low concurrency to establish a warm baseline,

e S3 — Sustained CPU workload: A CPU-bound tool
is executed under fixed concurrency and duration
to evaluate sustained CPU utilization behavior,

e S4 — Sustained idle: The container remains running
without processing requests to measure baseline
memory usage,

e S5 — Restart recovery: The container is restarted, and
TTFSR is measured after the restart cycle. A single
noop tool call is issued to verify first-tool responsive-
ness.

4.4. Suite Parameters

The Table 3 summarises the benchmark suite configura-
tion, including scenario identifiers, planned number
of measured runs per runtime (n), and concurrency level.
Each scenario targets a specific aspect of runtime behav-
iour under controlled experimental conditions.

Table 3: Benchmark Suite Configuration

Suite Scenario n
S1 cold start 185
S2 warm_baseline 20
S3 cpu_sustained 14
S4 idle_ memory 81
S5 restart_recovery 20

4.5. Procedure

For each runtime and scenario, the benchmark script ini-
tiates container execution and records the start trigger
time. TTFSR is measured as the elapsed time until the
service responds successfully. For sustained workload
scenarios, measurements are collected over a fixed exe-
cution window after readiness is confirmed. Each sce-
nario is executed multiple times, and results are aggre-
gated for analysis.

Each measured iteration follows a fixed sequence:
1. (S1/S5 only) Pre-run commands are executed (mcp-
drop-caches and, for ctr, mecp-ctr-gc).

2. The container start command is issued via a runtime
adapter implemented using Python’s subprocess
module with a list-form argument array (shell=False),
thereby standardising runner-level invocation across
runtimes and avoiding shell-level interpretation
of command arguments.

3. The health endpoint is polled at intervals of inter-
val_ms until either an HTTP 200 response is observed
or a timeout occurs. TTFSR is recorded at the first
successful response. Timeout attempts are visible in
runner logs, but they do not produce TTFSR records
in the result dataset. If the retry limit is exhausted, the
measurement slot is excluded from the dataset.

4. A workload phase is applied according to the scenario
declaration: concurrent tool calls are generated for
duration_s seconds (S2/S3), no workload is applied
(S4), or a single tool invocation is performed (S5).

5. Upon completion of the workload phase, scenario-
specific metrics are collected. For sustained or idle
phases, CPU and memory metrics are captured using
a cgroup-based scraper. Measurements are exported
to Pushgateway for monitoring and aggregation.

6. Finally, the container is stopped and removed, and the
resulting data are appended to the run CSV dataset.

4.6. Statistical Design

All measurements were treated as non-Gaussian. Explor-
atory visualisations of container startup and latency dis-
tributions (Figures 1 and 2) indicated right-skewed be-
haviour and supported the use of non-parametric statisti-
cal tests.

Cold-Start Latency (H1) — Right-Skew Distribution

—ctr skew=+3.44
— docker skew=+4.72
—— podman skew=+3.62
—— mean

—=- median
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Figure 1: Exploratory distribution of cold-start TTFSR (H1)

Tool-Call Latency (H4) — Right-Skew Distribution
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Figure 2: Cold-Exploratory distribution of warm tool-call latency (H4)
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Hypothesis testing:

e two-sample comparisons. (H1, H2) were evaluated
using the Mann-Whitney U test (two sided),

e multi-sample comparisons (H3, H4) were evaluated
using the Kruskal-Wallis H test, followed by Dunn’s
post-hoc test for pairwise comparisons when the null
hypothesis was rejected.

To control the familywise error rate (o = 0.05), Holm-

Bonferroni correction was applied. Statistical signifi-

cance was determined using adjusted p-values.

Effect sizes were reported as testing:

o rank-biserial correlation (Mann-Whitney),

e cta-squared (Kruskal-Wallis),

e Cohen’s d for comparability.

95% confidence intervals were estimated using t-distri-
bution-based approach. Statistical power was approxi-
mated using parametric analogues (t-test and ANOVA),
adjusted for asymptotic relative efficiency.

4.7. Failure Handling

Up to two retries were permitted per measurement slot
in the event of transient failures. Each retry produced
an independent observation. Containers were recreated
between runs to ensure independence of observations and
to prevent metric carryover effects between measure-
ments.

5. Results

All results were derived from the analysis Jupyter Note-
book. Statistical significance was evaluated at a = 0.05
with Holm—Bonferroni correction applied where appro-
priate.

5.1. Cold-start latency (H1)

The hypothesis (H1) that containerd (ctr) cold-start la-
tency differs from Docker was not conclusively sup-
ported.

H1: Cold-Start TTFSR
o

10000

9000

8000

7000

TTFSR (ms)

6000

5000

i—I—%.)O@COOa o
}ﬂ—bomo o o {e]e]

4000

3 }-II—*EDcummo o

docker podman

Figure 3: Cold-start TTFSR distribution across
container runtimes (H1)

Measured TTFSR values were numerically close
across runtimes, with median values of 3700 ms for ctr,
3774 ms for Docker, and 3769 ms for Podman. The
Mann-Whitney U test indicated a statistically significant
Docker-ctr difference after Holm-Bonferroni correction
(U = 21967.0, padj < 0.0001). However, the observed

effect was small (Cohen’s d = 0.220) and statistical
power remained below the target threshold.

Inspection of the distributions revealed right-skewed
upper tails, and high-latency observations across all
runtimes, consistent with cache warm-up, operating sys-
tem scheduling, or runtime jitter. Sensitivity analysis ex-
cluding extreme observations did not materially change
the conclusion.

Although ctr showed a slightly lower cold-start
TTFSR than Docker, the observed difference was small
and insufficiently powered (0.54) for a robust directional
claim. H1 was treated as undecidable. No reliable cold-
start advantage was established.

5.2. Idle memory footprint (H2)

The hypothesis (H2) that containerd and Docker statisti-
cally differ in idle memory usage was confirmed.

Containerd exhibited higher idle memory consump-
tion than Docker. Statistically significant difference was
observed using the Mann-Whitney U test (U = 1991.0,
p < 0.0001), with containerd consuming approximately
7.55 MB more memory on average than Docker under
idle conditions. The observed effect size was small (Co-
hen’s d = 0.229), indicating that the difference was meas-
urable but limited in magnitude.

This result indicates that runtime selection affects the
baseline cost of keeping MCP services resident, which
is particularly relevant for high-density or high-availabil-
ity deployments.

Table 4: Summary statistics of idle memory usage (MB)

by runtime
ctr  Docker Podman
n 81 81 81
Median memory (MB) 287 266 276
Mean memory (MB) 284 277 285

Although H2 formally compared ctr and Docker,
Podman is included in Table 4 as descriptive context be-
cause it was evaluated under the same idle scenario and
proves an additional baseline for interpreting runtime-
level memory behaviour.

Overall, Docker exhibited the lowest idle memory,
while containerd showed a statistically significant idle
memory overhead relative to Docker. Podman remained
below containerd by median memory but did not consti-
tute the lowest-memory opinion when mean memory was
considered.

5.3. Sustained CPU utilisation (H3)

The hypothesis (H3) that CPU utilisation statistically dif-
fers across runtimes under sustained workload was con-
firmed.

Table 5: CPU usage statistics during sustained MCP workload

ctr Docker  Podman
n 13 14 14
Median CPU 10.54 % 9.35% 10.70 %
Mean CPU 10.52 % 9.24 % 10.53 %

The Kruskal-Wallis test indicated a statistically sig-
nificant difference in CPU utilisation distributions across
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runtimes (4 = 16.183, p = 0.000306, #> = 0.4501), with
high estimated statistical power (close to 1.00). Post-hoc
Dunn comparisons showed that Docker differed signifi-
cantly from both ctr (padj = 0.0020) and Podman (padj =
0.0009), while no significant difference was observed be-
tween ctr and Podman (padj = 0.7897).

Docker showed the lowest sustained CPU utilisation,
with median CPU usage approximately 1.2—1.4 percent-
age points lower than ctr and Podman.

This finding suggests that runtime overhead persists
during steady-state operation and is not limited to startup
behaviour.

5.4. Warm concurrent latency (H4)

The hypothesis (H4) that warm p95 tool-call latency dif-
fers across Docker, Podman, and containerd was not sup-
ported.

Table 6: Summary of p95 tool-call latency under concurrent load

ctr Docker  Podman
n 20 20 20
Median p95 71.0ms 70.8ms  70.5 ms
Mean p95 720ms  725ms  71.9ms

Measured p95 latency values were highly similar
across all runtimes. The Kruskal-Wallis test did not indi-
cate a significant distributional difference (H = 0.112,
p=0.9453, 2=0.0029). Post-hoc comparisons were also
non-significant. Given the low achieved power (0.063),
this result should be interpreted as insufficient evidence
of a measurable latency difference, not as proof of equiv-
alence.

To support interpretation of the p95 metric, Table 7
reports supplementary per-call latency was also summa-
rised computed across all individual tool calls. These
summaries are descriptive only. The H4 inference was
based on per-attempt p95 values, whereas the pooled per-
call statistics were used to characterise the underlying la-
tency distribution.

Table 7: Descriptive per-call latency statistics under concurrent load

ctr Docker  Podman
n 12 778 12 590 12 798
Median 40.9 ms 42.1ms 41.0ms
Mean 46.7 ms 47.6 ms 469 ms
Pooled p95 72.2 ms 72.6ms  72.2 ms

The per-call summaries in Table 7 are consistent with
the H4 result: mean, median, and p95 latency were nearly
indistinguishable across runtimes. The difference in com-
pleted call counts reflects the fixed 30-second workload
window rather than an unequal experimental input.

The expected advantage of host networking in ctr
over bridge-based networking in Docker and Podman
was not observed, suggesting that networking configura-
tion was not the dominant factor in latency under these
conditions.

H4 was not supported. No reliable warm-latency ad-
vantage was established for any runtime under concur-
rent MCP tool-call workloads.

6. Conclusions

This study provides a controlled and reproducible of con-
tainer runtimes under MCP-style workloads. The results
show that runtime performance cannot be described
by a single metric or simple rule, and that commonly held
assumptions about runtime behaviour do not consistently
hold under realistic conditions.

The primary contribution of this work lies in demonstrat-

ing that:

e performance differences between runtimes are con-
text-dependent, rather than universal,

o simplified assumptions (e.g. “daemonless runtimes
are always faster’’) are not consistently supported
in practice,

e cold-start latency differences remained inconclusive
under the current experimental design,

e clear and measurable differences were observed
in memory usage and CPU consumption,

e observed behaviour depends more strongly on the
workload scenario rather than on runtime architecture
alone.

Taken together, these results emphasise the importance

of evaluating container runtimes under realistic and well-

defined workloads.

6.1. Practical synthesis

No runtime dominated across all measured dimensions.

Instead, each runtime exhibits distinct characteristics:

e Docker: lowest sustained CPU usage and lowest idle
memory usage in the measured run, with no signifi-
cant warm-latency disadvantage, indicating strong
suitability for long-running MCP services,

e containerd (ctr): provided the lowest observed cold-
start TTFSR and warm latency comparable to the
other runtimes, making it relevant for lightweight
or latency-sensitive deployment scenarios,

e Podman: balanced behaviour across all measured
metrics.

This suggests that runtime selection should be workload-

driven, rather than based on architectural preference

alone.

At the same time, the differences observed in this
study are moderate rather than absolute. In many cases,
application-level behaviour and system configuration
may have a greater impact than the choice of runtime it-
self.

6.2. Critical Examination of Testing Methods

The results of this study are subject to several threats
to validity. Container runtime performance is sensitive
to configuration choices, host environment, and caching
effects, which may influence measurements inde-
pendently of the runtime itself. To mitigate this, all ex-
periments use identical MCP server implementations,
equivalent container images, fixed resource limits, and
a controlled host environment.

Startup responsiveness is captured using TTFSR,
which reflects protocol readiness rather than container
start time alone, but may still be influenced
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by implementation-specific initialization logic. Resource
usage was measured using cgroup-based metrics to en-
sure comparability across runtimes. However, memory
interpretation requires caution because memory.current
includes file-backed pages and therefore does not isolate
anonymous application working-set memory.

Finally, the evaluation covered a limited subset
of MCP workload scenarios and a single hardware and
operating system configuration. Consequently, the con-
clusions should be restricted to the tested scenarios,
runtime versions, and measurement conditions.

6.3. Closing remarks

The results highlight that container runtime evaluation
benefits from a multi-dimensional perspective, where la-
tency, CPU, and memory are considered jointly rather
than in isolation. Architectural expectations did not auto-
matically translate into measurable advantages across all
scenarios. Instead, runtime behaviour was shaped by the
interaction between runtime, architecture, workload pat-
tern, and host-level system dynamics.

From a practical standpoint, the study encourages
a more evidence-driven approach to runtime selection,
where decisions are informed by measured behaviour un-
der representative workloads.

Future work may extend this analysis by increasing
sample sizes for cold-start measurements, evaluating ad-
ditional workload types, measuring anonymous memory
separately from total cgroup memory, and exploring
multi-node or distributed deployments.
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