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Abstract

Managing modern computing infrastructure has become a
steadily harder problem due to the ever-increasing complex-
ity. Recent advances in AI agents create a timely opportu-
nity to automate infrastructure management tasks, but it
remains unclear how well such agents can handle real-world
infrastructure complexity. We present InfraBench, a bench-
mark suite for evaluating AI agents on realistic infrastruc-
ture tasks across the full system stack and full operational
lifecycle with fine-grained risk assessment. Preliminary ex-
periments with seven agent–model configurations show that
even the strongest agent cannot secure a full score across
all tasks. The mean scores range from 56.1% to 90.8%, and
per-check scoring reveals a general failure pattern: agents
may routinely satisfy short-term objectives while leaving
non-durable changes, broken distributed invariants, unsafe
side effects, and uncleaned state behind.

1 Introduction

As computing infrastructures continue to grow in scale and
complexity, managing them has become a steadily harder
problem. Even initial deployment now requires navigating
diverse configurations across heterogeneous environments,
from on-prem clusters to cloud interactions. Beyond de-
ployment, continuous maintenance introduces additional
burdens (e.g., upgrades and patching [18, 25], failure han-
dling [9, 12, 15, 36, 40], migration and backup [6, 16, 17, 24]),
all of whichmust be handled without disrupting service. This
rising complexity turns infrastructure management into a
persistent, long-standing challenge [13, 14, 23, 36].
Recent advances in artificial intelligence (AI) agents [1,

5, 22, 30, 37, 38] create a timely opportunity to revisit the
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Benchmark Sys. Environ. Lifecycle Scale Risk Access.

SREGym [7] Cloud-native △ ✓ △
ITBench [20] K8s/RHEL △ △ △
DevOps-Gym [33] Project env. – △ –
SWE-Bench [21] Repo/Docker – – –
Terminal-Bench [26] Container △ – –
InfraBench Full-Stack ✓ ✓ ✓

Table 1. InfraBench vs. Others. InfraBench supports full
system stack, complete lifecycle, distributed setup, and risk assessment.
✓ first-class; △ partial; – limited.

challenge. A key question is whether AI agents can mean-
ingfully automate these infrastructure-level tasks, and if so,
to what extent they can handle the complexity and variabil-
ity seen in the real world. Answering this requires rigorous
system setups and measurements, yet existing benchmarks
for AI agents focus on relatively simple scenarios which
cannot capture the full spectrum of infrastructure manage-
ment [7, 20, 21, 26, 33, 37]. As summarized in Table 1, they
are largely limited in system environments (e.g., container
only [33]), infrastructure lifecycle (e.g., no deployment or
decommissioning phases [7, 21, 33]), scale (e.g., single-node
only [21, 26]), and often lack of risk assessments.

To bridge the gaps, we introduce InfraBench, a compre-
hensive benchmark suite for evaluating the capabilities of AI
agents in infrastructure-related tasks. Different from existing
efforts, InfraBench is designed with four main goals:

• Full-Stack. Practical infrastructures often involvemany
layers (e.g., bare-metal (BM) or virtual machines (VM),
operating systems (OS), distributed storage [32, 35]
and compute [2, 8, 31]) that cannot be ignored.

• Full-Lifecycle. Infrastructures live through multiple
phases (e.g., deployment, runtime usage, maintenance,
decommissioning), each with a set of unique opera-
tions and requirements.
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Figure 1. InfraBench Overview. The workflow consists of four components: Task Specification, Executor, Evaluator, and Output.

• Risk-Aware. Infrastructure tasks are fundamental and
one simple error may cause cascading problems (i.e.,
blast radius issues [14, 15]), so accessing potential risks
and side effects are necessary.

• Realistic & Extensible. Finally, we must reflect real-
world scenarios (e.g., BM/VM clusters) to ensure high
fidelity and practicality, and enable easy extension for
the broad community.

To achieve the goals, we build InfraBench from four
complementary sources: (1) semi-structured interviews with
infrastructure providers and practitioners, including three
university centers [27–29] and one cross-city testbed [19] at
the time of writing, to elicit first-hand experiences on sys-
tems and operational constraints that are seldom captured in
the literature; (2) open-source repositories and issue trackers
of widely deployed infrastructure software (e.g., Slurm [39],
Pelican [34], Ceph [35]); (3) documentations of commercial
cloud platforms; (4) systems research prototypes that stress
current designs. Triangulating across these sources lets us
model a wide-spectrum of infrastructures and derive a gen-
eral workflow to support systematic benchmarking across
infrastructure layers and lifecycle with fine-grained riskmon-
itoring and assessments (See §2).
We have implemented a preliminary prototype of In-

fraBenchwith twelve seed tasks, and evaluated seven agent–
model configurations at the time of writing. The experi-
mental results are promising: InfraBench shows that state-
of-the-art (SOTA) agents often satisfy short-term checks
while leaving operational obligations unresolved, which may
cause negative impacts on the underlying infrastructures in
the long term, including incomplete deployment state, non-
durable changes, unsafe side effects, and missed cleanup re-
quirements. We will release InfraBench as an open-source
platform to facilitate infrastructure-level benchmarking of
AI agents in the broad community.

2 InfraBench Design & Implementation

Figure 1 shows an overview of InfraBench. The general
workflow consists of four components: (1) Task Specification,
(2) Executor, (3) Evaluator, and (4) Output. It supports each
benchmark instance as a controlled infrastructure operation
trial, which may involve a variety of operations (e.g., config-
uration, recovery, migration, cleanup) across four layers:

• L1 Hardware: physical level operations (e.g., BMC/IPMI
control, power cycling, RAID configuration);

• L2 Local Systems: host-level system software (e.g., OS,
compiler, container runtime);

• L3 Distributed Systems: networked systems operating
across nodes (e.g., Ceph [4], Slurm [39], Fabric [3]);

• L4 User Applications: user-facing applications or ser-
vices running on local (L2) or distributed systems (L3).

By mapping tasks to layers (L1–L4), InfraBench provides
first-class support in three dimensions: layer-aware back-
end selection, full-lifecycle evaluation, and operational risk
monitoring. We elaborate on the main components below.

(1) Task Specification. Each trial begins with a task pack-
age that defines two types of information: (a) agent-visible
instructions; (b) the hidden evaluation context, such as setup
and bootstrap requirements of the target layer, workloads
and fault conditions, oracles for verification, and lifecycle
policies specifying which must be applied. Additional con-
straints based on infrastructure specifics (e.g., university
center requirements) can also be added to improve coverage.

(2) Executor. This component instantiates the task on a
faithful backend and exposes an operational interface to the
target agent. There are two sub-modules: (1) Backend Selec-
tor maps each task to an execution layer and provisions re-
sources (e.g., BM/VM nodes, Kubernetes clusters) to support
task execution. (2) Scenario Manager configures the selected
backend to an initial state based on policies (e.g., CPU/RAM
limits, fault models and triggering conditions), and opens
the agent operation window while keeping the evaluation
context (e.g., validators and oracle scripts) transparent.

(3) Evaluator. This component evaluates the target agents in
terms of both task completion and risks via two sub-modules:

Full-Lifecycle Checker separates short-term success from
long-term operational correctness through four gates. Im-
mediate Evaluation is the short-term gate: it compares the
baseline and post-operation state after the agent operation
window and checks whether the immediate objective was
satisfied. The remaining gates provide long-term validation.
E.g., Live Evaluation continues under sustained workload or
periodic probes to detect configuration drift, delayed degra-
dation, or loss of availability; Restart/Durability restarts the
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relevant services or resources and checks post-restart invari-
ants and persistent configuration; Decommission verifies that
the the infrastructure can be restored to initial states, and/or
requested resources are torn down cleanly with no leakage.
Risk Monitor. InfraBench treats operational risk and

side effects as first-class evaluation signals alongside lifecy-
cle correctness. The Monitor observes both agent actions
and environment states, and records suspicious operations
throughout the lifecycle (e.g., destructive commands, dis-
abled safety checks, unnecessary privilege escalation, con-
figuration drift, resource leaks, interference with unrelated
services). These signals flag cases where an agent reaches an
immediate objective by relying on unsafe shortcuts or leaves
collateral damage that pass/fail checks would miss.
(4) Output. For each trial, InfraBench reports a per-trial
scorewith phase-level breakdown, risk and side-effect records,
execution timeline, trajectory artifacts, and leaderboard-ready
summaries. The phase breakdown attributes failures to the
responsible lifecycle stage or side-effect category, rather than
collapsing them into a binary pass/fail result.

3 Experimental Results

We report preliminary experiments with InfraBench to un-
derstand where infrastructure agents fail, not only whether
they complete a task. The current task set includes 12 seed
tasks, spanning four infrastructure levels with characteris-
tics summarized in Table 2. All trials run on the CloudLab
Wisconsin testbed [10] on c220g1 nodes; depending on its
backend, a task is provisioned as a single container, a multi-
node VM cluster, or a set of bare-metal machines.

Table 3 summarizes the results on seven target agent/model
configurations. Each task is scored by a task-specific veri-
fier in [0, 1]. Overall, the mean scores range from 58.6% to
90.5%, suggesting that the benchmark is not saturated even
by the strongest agent/model. The imperfect scores indicate
that agents often satisfy visible objectives while still miss-
ing deeper operational obligations, such as durable state,
distributed consistency, peer safety, and cleanup. We skip
detailed analysis due to space limit, but highlight one general
observation and one case study below.
General Failure Patterns Across Layers. Failures form a
layer-wise gradient rather than a uniform pattern across lay-
ers. Per-check scoring exposes this pattern: agents often pass
60–90% of checks before stalling on one lifecycle obligation.
More specifically, we observe the following: L1 tasks are
consistently solved, suggesting that out-of-band hardware
controls are within reach; L2 task failures usually come from
non-durable changes: agents update the live runtime state
but fail to persist the change across restart; L3 accounts for
most failures, as agents either stop after surface-level cluster
checks pass or lose track of global ordering in longmulti-step
operations, leaving hidden quorum, replication, or configu-
ration state inconsistent; L4 failures are often functionally

Task Characteristics & Core Issues

ipmi-power-recovery L1; Multi BM; power management
nic-split-brain L2; Multi VM; local network stack misconf.
fileserver-raid10-silent-disk L2; Multi VM; local storage stack degrad.
cassandra-dead-node L3; Multi VM; failure handling (crash)
cassandra-hung-recovery L3; Multi VM; failure handling (hung)
cords-propagation L3; Multi VM; adapted from CORDS [11]
ceph-bootstrap L3; Multi BM; dist. sys. deployment
ceph-pool-degraded L3; Multi VM; dist. resource degradation
pelican-key-mismatch L3; Multi VM; identify drift
slurm-puppet-config-drift L3; Multi VM; scheduler config drift
db-wal-recovery L4; Container; adapted from

Terminal-Bench [26]
postgres-pgbouncer-drift L4; Multi VM; long-term config drift

Table 2. Preliminary tasks in InfraBench.

Agent Model Mean Score

Claude Code Claude Opus 4.7 90.8%

Codex GPT-5.5 86.0%
Gemini CLI Gemini 3.5 Flash 76.5%
OpenCode DeepSeek V4 Flash 71.3%
Claude Code Claude Sonnet 4.6 65.6%
OpenCode MiMo V2.5 Pro 60.4%
OpenCode DeepSeek V4 Pro 56.1%

Table 3. Mean score across all tasks by agent andmodel.

successful but operationally incomplete: agents make the
data plane available but miss cleanup or drift obligations
such as incident markers and stale configuration.

Case Study: Incident at A University Center. The Peli-
can [34] task is derived from a real incident at a high through-
put computing (HTC) center. After an Origin host was re-
built, its new identity drifted out of sync with the federation
registry that authorizes it, blocking all client traffic. A cor-
rect trial must reconcile cross-component trust, restore the
dependent cache and routing services, and close out the in-
cident state. The task is graded by a 15-check verifier; no
agent/model configuration can secure a perfect score, and
the partial scores include three distinct failure patterns:

(1) Trusting a surface status signal. Some agents read
a high-level “approved” indicator and stop, without checking
the underlying key material that the indicator is supposed to
summarize. They report success while the registry still holds
the stale trust record, leaving the root cause untouched.

(2) Correct fix, destructive side effect. Other agents rec-
oncile the trust mismatch correctly but, in doing so, render a
peer node unreachable, so end-to-end retrieval still fails. The
verifier credits the core repair and localizes the regression
to the peer node, rather than scoring the trial as a non-fix.

(3) Functional fix, missing cleanup. The strongest con-
figurations succeeded in 14 of 15 checks: they restore federa-
tion trust and end-to-end data retrieval, but leave behind the
marker that signals an open incident to operators. The ser-
vice is fully usable, yet by the standard of the infrastructure
operator, the incident is not closed.
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Overall, these failure patterns suggest that real infrastruc-
ture tasks often carry implicit obligations (e.g., durable state,
intact peers, closed-out incident records) beyond “the service
came back up”. By providing first-class support in system lay-
ers, lifecycle, and operational risk accessment, InfraBench
can address the benchmarking challenge effectively.
4 Discussions & Future Work

The work presented in this paper suggests many opportuni-
ties for follow up improvements. For example, we observe
that the same agent may vary by more than 30 points across
underlying models, which suggests the mean score metric
may conflate capability with cost. We plan to add other met-
rics (e.g., score per token, per dollar, per wall-clock minute)
to improve the fairness. Also, the current risk assessment
is parallel: it records destructive commands and other side
effects equally, even though a fix that takes down a peer
node may be more harmful than one that performs the same
fix safely. We plan to add ranking to address the problem.
Finally, the task set in the current prototype is small and
skewed toward L3. We plan to derive more tasks with collab-
orators and call for the collective efforts of the community
to fully realize the potentials of InfraBench.
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