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Abstract

Large language model (LLM) agents are in-
creasingly used for infrastructure operations on
Kubernetes, yet how to test them efficiently and
accurately remains unresolved. Realistic long-
horizon evaluations are time-consuming and
sometimes error-prone to build, since test cases
are usually written from scratch even though
components such as setup, state management,
and verification logic are duplicated across
them. We present KARMA,1 an open-source
framework that composes reusable, parame-
terized operational cases into stateful, multi-
stage Kubernetes workflows. Each case textu-
ally specifies a task and a required cluster state,
and contains a deterministic oracle. The cluster
state is preserved across stages, so long-horizon
tasks can be constructed with little additional
effort. KARMA also provides controls that add
further complexity, namely alternating prompt
modes and adversary injection. For cross-stage
testing, a regression sweep reruns all previous
cases and an LLM judge adjudicates the re-
sults, detecting execution inconsistencies or
conflicts introduced by agents. Alongside the
framework, we release a corpus of 89 cases,
38 adversaries, and 327 workflows across eight
systems.

1 Introduction

LLM agents are moving from writing code to op-
erating production infrastructure, including diag-
nosing incidents, deploying upgrades, rotating cre-
dentials, and correcting configuration drift (Zhang
et al., 2025; Lin et al., 2025; Yang et al., 2026).
Evaluating these capabilities on real systems is crit-
ical for judging how reliably such agents would be-
have once deployed (Wang et al., 2025; Luo et al.,
2025; Tian et al., 2025; Zhou, 2026), and how much
human supervision they require. These operations
are complex, but most of them can be broken into

* Equal contribution (co-first authors).
1https://github.com/jinlangw/Karma

modular stages, and different tasks share consider-
able boilerplate work. They are also fundamentally
sequential, since each subtask builds on the result
of the previous one and must execute without break-
ing the state it depends on.

Recent benchmarks have introduced more com-
plex, long-horizon scenarios (Merrill et al., 2026;
Xu et al., 2025; Guo et al., 2026). However, these
scenarios are typically built as standalone tasks,
each requiring separate setup and verification logic.
This limits reuse and makes it harder to expand
coverage or increase task difficulty.

We introduce KARMA, Kubernetes Agent Run-
time Measurement Architecture, which addresses
this limitation with reusable, parameterized test
cases. Each case is a self-contained test specifying
a natural-language task, its required cluster state,
and a deterministic oracle. A Probe, Apply, and
Verify cycle brings the cluster to that required state,
applying it only when the probe finds it missing,
so the same case runs correctly whether invoked
alone or after an earlier stage has already produced
that state. Cases can therefore be combined into
multi-stage workflows over preserved, continuous
cluster state, so new evaluations can be built by re-
combining cases rather than writing each scenario
from scratch (§3.1).

To emulate a realistic, error-prone execution en-
vironment and surface a wider range of agent be-
havior, KARMA lets testers adjust the prompt mode
and inject or remove preset adversaries (§3.2, §3.3).
The prompt mode controls how much of the sur-
rounding workflow an agent sees and whether
stages are labeled by status, while adversary injec-
tion emulates real-world interference, such as back-
ground processes that perturb cluster state during a
workflow. Comparing runs across prompt modes
and with or without adversaries isolates how each
pressure degrades agent behavior, whether through
outright task failure or through regressions on ear-
lier stages.
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Composability and real-world fidelity still leave
one failure mode unmeasured. In a stateful work-
flow, a later action can silently undo a result that
already passed verification. Benchmarks that treat
tasks as independent episodes (Jimenez et al., 2024;
Zhou et al., 2024) cannot detect these cross-stage
regressions, since nothing revisits a task once it has
been scored. KARMA, by contrast, verifies each
stage and then reruns earlier oracles against the
final cluster state. This regression sweep separates
stage-level success from workflow-level correct-
ness, exposing how well an agent preserves results
it has already established. Because a later stage
can legitimately require changes to state an earlier
oracle checks, KARMA employs an LLM judge to
separate genuine regressions from expected, task-
required changes (§4).

As an artifact, KARMA provides a web user in-
terface (UI) and a command-line interface (CLI)
for composing workflows, launching containerized
agents against live Kubernetes clusters, and record-
ing complete execution trajectories. Alongside the
framework we release a corpus of 89 cases, 38
adversaries, and 327 workflows spanning eight sys-
tems, so that everything described above can be
reproduced directly or recombined into new evalu-
ations (§5).

2 Related Work

Constructing evaluation tasks. Agent bench-
marks are usually built one task at a time, each pair-
ing a hand-authored scenario with its own setup and
verifier and scoring it as an independent episode
(Jimenez et al., 2024; Zhou et al., 2024; Xie et al.,
2024; Merrill et al., 2026; Mialon et al., 2024;
Liu et al., 2024; Ma et al., 2024). Since author-
ing cost grows with coverage, later benchmarks
amortize it through templates. AppWorld instan-
tiates many tasks from one blueprint scenario, τ -
bench shares a domain implementation across in-
stances, and MCPEval synthesizes tasks automat-
ically for agents on the Model Context Protocol
(MCP) (Trivedi et al., 2024; Yao et al., 2025; Liu
et al., 2025). Each reuses one scenario to yield
variants of the same task, all starting from a freshly
prepared environment. KARMA reuses along a dif-
ferent axis, making a case valid alone or as any
stage of a longer run, so distinct operations com-
pose into one evaluation.

Operating on live infrastructure. The systems
closest to KARMA evaluate agents against run-

ning cloud deployments. AIOpsLab, ITBench, SR-
EGym, Cloud-OpsBench, and DevOps-Gym to-
gether span artificial intelligence for IT operations
(AIOps), site reliability engineering (SRE), root
cause analysis, and the wider build-and-monitor
cycle (Chen et al., 2025b; Jha et al., 2025; Clark
et al., 2026; Wang et al., 2026; Tang et al., 2026).
Each organizes a run around a single incident, so
the injected fault is the task itself and difficulty is
fixed once the scenario is authored. ChaosEater
takes this furthest, making the chaos engineering
cycle the agent’s job (Kikuta et al., 2025). KARMA

instead separates the injected condition from the
task. An adversary is a reversible disruption that
KARMA layers onto a workflow without changing
any of its tasks, so the same workflow can be run
with and without interference to isolate the effect of
the environment. Prompt mode adds a second axis,
controlling how much of the surrounding workflow
the agent sees, a dependence that recent work iso-
lates by holding an instruction’s content fixed and
varying only whether it reaches the model all at
once or one piece at a time (Laban et al., 2025).

Preserving results across a run. A benchmark
that scores a task once cannot report whether that re-
sult survives. Several systems do track state within
a task. RefactorBench evaluates stateful reason-
ing across multi-file edits, AppWorld checks as-
sertions against a shared application database, and
TheAgentCompany runs long-horizon tasks in a
simulated workplace (Gautam et al., 2025; Trivedi
et al., 2024; Xu et al., 2025). In each, the state
belongs to one task and is never rechecked after it
ends. Closer to our concern, STRATUS formalizes
transactional no-regression, requiring that mitiga-
tion actions stay undoable and never worsen sys-
tem health, and SagaLLM applies the Saga trans-
action pattern to multi-agent planning (Chen et al.,
2025a; Chang and Geng, 2025). Both build the
guarantee into the agent rather than measure it in
one. RETAIN instead applies regression testing
to model migration, and AgentDiagnose rates tra-
jectory quality alone (Dixit et al., 2024; Ou et al.,
2025). KARMA instead makes no-regression a mea-
sured outcome, rerunning earlier passing stages’
oracles against the final cluster state. To our knowl-
edge, no open framework measures this property
for an agent that was never built to provide it.
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A Stage the same five steps run inside every stage. Stage 3 stands for any of them, dashed boxes are optional

Preconditions

Probe
Apply
Verify

Adversary
Inject Agent Acts Oracle

Pass / Fail

Adversary
Remove

The Workflow one shared cluster state, never reset

Stage 1 Stage 2 Stage 3 Stage N
Any length Final Cluster

State
What the last stage leaves

Oracles of Stages 1…N–1

End-of-Run Grading based on the Final Cluster State above

Regression Sweep
Re-run each earlier passing stage’s
oracle against the final cluster state
Deterministic, no LLM involved

Fails

LLM Judge
True regression → scores that stage 0

Task-required change → no penalty

Still passes

Verdict

Run Score
Fraction of stages whose

oracle passed, after
adjudication

Figure 1: KARMA’s execution and grading model. A workflow chains stages over one shared cluster state. Every
stage has the same five phases, of which the two adversary operations are optional. After the last stage, the oracles
of earlier passing stages are rerun against the final cluster state, and an LLM judge separates spurious failures from
true regressions.

3 The Composable Framework

KARMA is a testing architecture with two halves.
This section covers the first, which composes cases
into workflows and executes them, and §4 cov-
ers the second, which grades what an execution
produced. Two further workflow features, prompt
modes and adversary injection, increase the com-
plexity and expressiveness of KARMA and give
more insight into agent behavior.

3.1 Cases and Workflows

A case is the static specification of a modular test.
A case has three primary components, a precon-
dition, a prompt, and an oracle, where the pre-
condition and the oracle are used by the runtime
engine and the prompt is fed to the LLM agent.
Figure 1 shows what a case looks like once it runs,
namely the five steps executed inside every stage,
of which the two adversary steps are contributed
by the workflow rather than by the case. Cases
are self-contained so that they stay portable and
reusable, which means a case should contain a unit

test with a single, independent goal.

To help the workflow engine orchestrate differ-
ent stages and prepare the environment for each
stage without breaking what an earlier stage left
behind, a case is required to declare, at design time,
all of the setup conditions it may need together
with a way to verify each of them. In the actual
run, this declaration is executed in three phases, the
probe, the apply, and the verify. Specifically, the
probe checks which of the required environmental
conditions hold, the apply deploys the conditions
that the probe found missing, and the verify con-
firms that all of them are set up correctly. A case
additionally declares a namespace contract, which
states the cluster scope it runs in and the roles it
requires.

This is the core mechanism that ensures com-
posability and a continuous running environment,
since cases are designed to build upon each other
rather than overwrite each other, and never to inten-
tionally remove anything introduced by an earlier
case. Ideally, therefore, the complexity of the run-
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ning environment grows monotonically. Nothing
prevents an agent from removing state it was never
asked to touch, which is exactly what the regression
sweep of §4 measures. Appendix A gives the au-
thoring rules that keep independently written cases
safe to compose.

With these components in place, a case is a com-
plete test that constitutes a single-stage workflow
on its own. A workflow is an ordered sequence
of cases executed against one shared cluster state,
where each case becomes one stage. For each stage,
the runtime prepares the required state, launches
a containerized agent, records its interactions with
Kubernetes, and runs the case oracle, after which
the resulting state passes to the next stage rather
than being reset.

To better encapsulate and model cases, KARMA

supports parameterization, in which users specify
parameter values when building a case into a longer
workflow. The precondition and the static oracle
are parameterized as well. A single case can then
stand for a family of tasks, such as the size a re-
source is scaled to, the version a component is
upgraded to, or the identifier it is given, without du-
plicating the case definition. A small set of reusable
cases therefore generates many workflow variants
(§5). Appendix B gives a worked case in detail.

3.2 Prompt Modes
KARMA provides three prompt modes that sepa-
rate the effect of prompt context from the effect
of persistent state. How much of the surrounding
workflow a task carries with it changes both how
coherent it appears to the agent and how difficult it
is to solve. As depicted in Figure 2, KARMA sup-
ports three prompt modes, Progressive, Labeled,
and Unlabeled.

In Progressive mode, which is the default, the
agent is shown only the current stage’s prompt and
receives any later stage one at a time. In Labeled
mode, the agent is shown all of the stages of the
workflow at once, each headed by its position and
by its status as completed, active, or upcoming. In
Unlabeled mode, the agent is shown the same full
list headed by position alone, without any status,
so it must determine which stage is active from the
live cluster state and its own history of submissions.

Each mode prepends a short prologue that ori-
ents the agent to the structure of the assembled
prompt and never to the task itself, and Appendix C
gives the three prologues. Because the workflow
and the cases behind it are unchanged across the

What the agent sees at Stage 2
Active Completed Upcoming

Progressive default

Stage 2
ACTIVE

Only the current task, recover any
prior state from the live cluster

Labeled
Every stage, labeled by position and status

Stage 1
COMPLETED

Stage 2
ACTIVE

Stage 3
UPCOMING

Stage 4
UPCOMING

Unlabeled
Every stage headed by position, but no status markers

Stage 1 Stage 2 Stage 3 Stage 4

The agent must infer its stage from the cluster state and its prior work

Figure 2: KARMA’s three prompt modes, which differ
in how much of the surrounding workflow the agent is
shown and in whether each stage is headed by its status
(§3.2).

three modes, comparing them measures how much
of an agent’s reliability depends on being told
where it is, and how well it recovers that infor-
mation on its own (§6.2).

3.3 Adversary Injection
An evaluation can in principle be constructed over
a fixed and fully specified environment, whereas in
practice an engineer is given access to only a small
portion of a variable system and cannot enumerate
every condition outside it. KARMA therefore intro-
duces adversary injection to close this gap and test
agent reliability under such conditions.

An adversary is the static specification of a con-
trolled and reversible condition, designed to be
injected into an existing workflow rather than built
into a case. An adversary can be a restrictive net-
work policy, a broken readiness probe, or a config-
uration drift of the kind a competing automation
would introduce. While an adversary is in place,
the agent is still given the original operational task
and is never told about the condition, so it must no-
tice the interference and handle it while completing
the task it was given.

An adversary is injected at a selected stage, after
the preconditions of that stage have been estab-
lished and before the agent acts, and it is lifted
at the end of a stage, once that stage’s oracle has
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run. Establishing the preconditions first leaves ev-
ery stage in the state its case intended, and lifting
only after the oracle means every stage is graded
under the conditions its agent actually faced. The
lift can be scheduled at the injecting stage or at any
later one, so the test designer decides how far a con-
dition reaches and ensures that no contamination
propagates beyond it. Several adversaries can be
injected into the same workflow, and their spans of
effect may overlap.

In implementation, an adversary closely resem-
bles the precondition deployment of a stage. At
design time, every adversary is required to provide
the methods that both deploy it into the workflow
and dismantle it, and each of the two goes through
the same probe, apply, and verify phases. Adver-
saries are nonetheless independent of cases, so they
stay portable and reusable across workflows.

An injected adversary can have an explicit ef-
fect on the stage oracle or on the regression sweep
result, and an implicit one on how the agent exe-
cutes, which the LLM judge scores against a rubric
(§4). We release 38 adversaries with the corpus and
report the paired comparison in §6.3.

4 Evaluation and Regression Sweep

KARMA evaluates what an execution produced at
two levels, whether the agent completed the lo-
cal task of a stage and how well, and whether its
actions preserved what earlier stages had already
established. To make both levels measurable, the
agent’s operations on Kubernetes and its own rea-
soning turns are recorded and graded together with
the system’s logs. Figure 3 depicts the logic.

Stage-level evaluation. Every case declares an
oracle, a fixed list of commands that KARMA runs
against the live cluster once the agent exits, check-
ing the task’s success criteria. Its verdict is binary
and authoritative, and by default a stage the oracle
rejects ends the run. These deterministic verdicts
give a run its objective score, the fraction of the
workflow’s stages that passed, reported on a scale
of 0 to 100. Passing an oracle says that the task
was completed, not that it was completed well, so
a user may optionally supply a rubric of weighted
criteria (Liu et al., 2023) covering qualities such as
whether the change is durable rather than an inci-
dental pass, whether the path taken was direct, and
whether the change was minimal. An LLM scores
an already-passing stage’s recorded trajectory and
logs against that rubric, and the resulting weight

No

Yes

No

Yes

Run scoring

Per-stage contribution in [0, 1]
Oracle fails

→ 0
Passes, no rubric

→ 1
Passes, with rubric

→ LLM grade

Base score = passed / total × 100

All stages
passed?

Score = base
No sweep, no LLM

Regression sweep
has failures?

Score = base
Guarantees hold

For each flagged regression
LLM adjudicates the nonce-marked oracle re-run and all stage prompts

Real regression
Score that stage 0

False positive
Keep contribution

Score = surviving / total × 100

Record verdict

Figure 3: KARMA’s grading logic. Oracles decide ev-
ery stage, the regression sweep rechecks earlier stages
against the final cluster state, and the judge adjudicates
each sweep failure (§4).

between 0 and 1 replaces that stage’s contribution
to a separately reported rubric score. The rubric
refines a pass and never turns one into a failure.

Workflow-level evaluation. A run that passes its
final stage then enters a regression sweep, in which
KARMA reruns every earlier stage’s oracle against
the final cluster state. It detects runs in which an
agent completes every task it was given but silently
undoes earlier work along the way, such as revert-
ing a hardened setting or removing a role a previous
stage created. Some sweep failures are expected,
since a later stage’s goal may conflict with what
an earlier oracle checks. KARMA therefore sends
each failure to an LLM judge together with the
rerun oracle’s output and every stage’s task in ex-
ecution order, and the judge classifies it as a real
regression or a false positive and states its reason.
A false positive leaves the score untouched, while a
real regression zeroes its stage in both the objective
and the rubric score. The judge never decides a
stage’s own pass or fail, which rests with the oracle
alone. KARMA reports the raw sweep finding be-
side the adjudicated one, and Appendix D gives the
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A B

C

D

E

Figure 4: Result of a completed three-stage workflow
run in KARMA’s web UI. The header records the run
and its two scores, one graded without the rubric and
one with it (A, B), the judge log and stage results report
the grading pass (C, D), and the regression sweep lists
every rerun oracle with the judge’s verdict (E).

judge’s two roles and its prompt. A run therefore
resolves into one of three outcomes, a clean pass,
a sweep-upheld regression in a run that resolved
every oracle, or an outright rejection by an oracle
(§6).

5 Artifact and Demonstration

The released suite contains 89 composable cases
and 38 adversary scenarios across eight systems,
broken down by system in Appendix E. These cases
compose into 327 example workflows, and users
can create more by recombining and parameteriz-
ing them.

KARMA provides a web UI for interactive evalu-
ation and a headless CLI for batch experiments. As
shown in Figure 4, users can assemble workflows,
select an agent, monitor execution, and inspect or-
acle results, regression findings, and trajectories.
The agent under test is a plug-in rather than a fixed
component, and adapters ship for the Claude Code,
Codex, and Copilot command-line agents and for
any OpenAI-compatible API endpoint, so a new
agent can be evaluated without modifying a case.
The UI also exports an equivalent CLI command
for reproducible runs, and Appendix F gives in-
stallation together with the commands for a single
case, a full workflow, and a grading pass. The ac-

companying screencast2 demonstrates this process
end to end, including the detection of a reverted
earlier guarantee, and Appendix G lists the steps it
follows.

6 Experiments and Results

We report three experiments, each exercising a dif-
ferent capability of KARMA. Experiment 1 eval-
uates models on a broad set of workflows, while
Experiments 2 and 3 use selected workflows in
which later stages are not expected to invalidate
earlier results, allowing regressions to be evalu-
ated separately. Each experiment is repeated three
times, and the tables report the mean and standard
deviation across runs. Given the limited number
of repetitions, these results are intended to demon-
strate the practical use of KARMA under realistic
evaluation settings rather than to establish defini-
tive model-performance rankings.

6.1 Execution Scale and Model Separation

We evaluate four models, as shown in Table 1(a), on
the same 180 workflows, all but one of which use
the default Progressive prompt mode. Forty-one
of them carry an injected adversary, so the panel
exercises adversary injection alongside composi-
tion. The suite contains 923 stages, with workflow
lengths ranging from 1 to 12 stages (mean 5.1, me-
dian 4), so the panel amounts to 720 workflow runs
and 3,692 planned stage executions.

Passed runs range from 101 to 163 of 180 on
average, and mean objective scores from 59.1 to
87.7. The observed variation suggests that the eval-
uation pipeline and LLM adjudication, can capture
differences in agent behavior at this scale.

6.2 Prompt Mode and Cross-Stage Visibility

We selected 28 multi-stage workflows, holding the
agent (Claude Sonnet 5) and the cluster configura-
tion fixed, so the only difference between condi-
tions was how much of the surrounding workflow
the prompt exposed (§3.2).

As shown in Table 1(b), Labeled and Progressive
perform similarly, while Unlabeled shows more
failed runs and lower objective and rubric scores.
Trajectory inspection suggests one possible expla-
nation. Without explicit stage-status information,
the agent can occasionally act on the wrong task.
In one NGINX workflow, for example, the Unla-
beled agent repaired a later TLS task instead of

2https://youtu.be/_KY-T6U31Is
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Table 1: Results for the three experiments. Passed counts runs that resolved every oracle (and, in (b) and (c),
survived the sweep), Regressed runs that resolved every oracle but whose sweep upheld a regression, and Failed
runs in which an oracle rejected the agent. Objective and Rubric are mean scores defined in §4. The evaluated model
identifiers in (a) are gemini-3.1-pro-preview, gpt-5.4-mini, claude-sonnet-5, and maicode-1-flash; (b) and (c)
use Claude Sonnet 5.

Passed Regressed Failed Objective Rubric

(a) Model panel, 180 workflows each (default Progressive prompt)
Claude Sonnet 5 163.0 ± 8.2 – 17.0 ± 8.2 87.7 ± 1.5 83.8 ± 1.5
Gemini 3.1 Pro Preview 158.0 ± 11.5 – 22.0 ± 11.5 83.6 ± 2.8 76.4 ± 2.5
GPT-5.4 Mini 129.7 ± 7.5 – 50.3 ± 7.5 75.5 ± 3.3 69.9 ± 2.6
MAICode 1 Flash 101.0 ± 7.8 – 79.0 ± 7.8 59.1 ± 5.1 54.7 ± 5.1

(b) Prompt mode, 28 agent-attributable runs per mode
Labeled 21.3 ± 0.6 5.0 ± 1.0 1.7 ± 1.2 91.5 ± 1.3 85.7 ± 1.6
Progressive 21.0 ± 1.0 4.7 ± 0.6 2.3 ± 1.2 90.8 ± 3.5 85.6 ± 3.4
Unlabeled 18.3 ± 2.1 4.7 ± 0.6 5.0 ± 2.0 82.9 ± 6.8 76.2 ± 6.6

(c) Adversary injection, 40 paired workflows per condition
w/o adversary 28.7 ± 1.2 4.0 ± 1.7 7.3 ± 0.6 88.4 ± 1.6 82.6 ± 1.0
w/ adversary 27.0 ± 1.7 5.3 ± 2.5 7.7 ± 1.5 84.2 ± 2.9 79.0 ± 4.1

the active one, whereas the corresponding Labeled
and Progressive runs completed the correct stage.
We also expected that exposing previous-stage con-
text might help the agent preserve earlier results
and thereby reduce regressions. However, regres-
sion outcomes are nearly identical across the three
modes (5.0, 4.7, and 4.7 runs on average), provid-
ing no evidence in this experiment that additional
workflow context improves cross-stage preserva-
tion.

6.3 Adversary Injection

To examine the effect of adversary injection, we
compare paired executions of the same workflows
with and without an injected adversary, while keep-
ing the agent, prompt mode, workflow, and cluster
configuration fixed. Although the aggregate re-
sults in Table 1(c) do not show a degradation that
exceeds run-to-run variation, inspection of the exe-
cution trajectories reveals cases in which the same
task succeeds in the control condition but fails after
adversary injection. For example, in a RabbitMQ
workflow, the original task requires the agent to re-
store a missing high-availability policy and verify
that the cluster remains healthy. In the control run,
the agent completes the repair successfully. In the
adversarial run, an injected network policy first dis-
rupts RabbitMQ communication. The agent identi-
fies and repairs the visible network-policy problem
and restores the requested RabbitMQ policy, but
then treats these repairs as sufficient and terminates
before end-to-end recovery is confirmed. The ora-
cle subsequently finds that a real queue query still

times out. This case illustrates how adversarial con-
ditions can create a partial-recovery failure mode,
where an agent resolves the apparent cause of the
problem and declares success even though the un-
derlying service has not fully recovered.

7 Conclusion

We present KARMA, a framework for building
reusable, stateful evaluations of LLM agents on
Kubernetes by combining parameterized cases into
multi-stage workflows that share the same clus-
ter state. This design lowers the cost of building
long-horizon tests and makes it possible to mea-
sure whether an agent preserves results established
by earlier stages, through a regression sweep that
rechecks them at the end of a workflow. Our exper-
iments demonstrate that KARMA operates at scale
across different agents and workflow settings, that
prompt context can affect how reliably agents com-
plete individual stages, and that reversible adver-
saries can expose failure modes such as incomplete
recovery and premature termination. We release
the framework, evaluation corpus, web UI, and CLI.
Future work will focus on automatically checking
whether cases are safe to combine and extending
the framework beyond Kubernetes.

576



Limitations

KARMA requires a live Kubernetes cluster, in-
creasing cost and sensitivity to transient condi-
tions such as resource contention and startup de-
lays. Although its oracles are deterministic, agent
outcomes may vary across runs, so reliable com-
parisons require repeated trials. Chainability also
requires careful case design, particularly of precon-
ditions. An agent may leave unexpected state that
invalidates a later precondition, and when a stage
then fails, distinguishing agent error from a defi-
cient setup requires manual inspection. Regression
adjudication is likewise an LLM decision rather
than a deterministic one, and because the logs it
consumes are long, it is the most token-expensive
step of a run, which is why KARMA reports the
underlying oracle evidence beside every verdict.
Finally, the prompt-mode and adversary studies
rest on 30 and 40 workflows drawn from a corpus
that focuses on Kubernetes and is weighted toward
stateful services, so the range of conditions we can
ablate is limited.

Ethics and Broader Impact

KARMA runs agents against ephemeral, isolated
namespaces that the harness names from the run
identifier and tears down once the run ends. The
agent itself holds no cluster credential, since its
kubeconfig contains no user block and points in-
stead at a local proxy that authenticates on its be-
half and logs every call. Because the framework
exercises agents that mutate live infrastructure, it
is intended for sandboxed evaluation, not for point-
ing untrusted agents at production systems. Runs
record complete trajectories and command traces,
which on a user’s own cluster can capture oper-
ational detail from that environment, so run arti-
facts should be treated as sensitive before they are
shared. The 38 released adversaries could in prin-
ciple be read as a catalogue of disruptions, but
each is assembled from documented Kubernetes
mechanisms and each declares the lift path that
removes it. We release the framework and the cor-
pus under the MIT license, and the systems our
cases deploy remain under their own open-source
licenses. We believe that improving the measure-
ment of operations-agent reliability contributes pos-
itively to the safe deployment of such agents.
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A Case-Design Rules

KARMA ships CASE_DESIGN_GUIDELINE.md, a collec-
tion of more than 100 rules developed while build-
ing and auditing the corpus. Precondition rules re-
quire a unit to prepare only the state its task needs
and to leave usable state from earlier stages intact.
Oracle rules require a check on the functional out-
come of the task and tolerance of the delays a live
cluster normally exhibits. Composition rules keep
independently written cases safe to combine into
longer workflows, and prompt rules require the task
to state the end state it will be graded on. Adversary
rules require every adversary to be reversible and
to be verified after it is deployed and again after
it is lifted. Eight governing principles sit above
these five families, and the guide serves both for
authoring new cases and for auditing the released
suite.

B A Worked Case

cases/cockroachdb/deploy/test.yaml3 (abridged)
shows the file layout, namely typed params,
the prompt, a namespace_contract, ordered
preconditionUnits (each a probe, apply, and
verify triple), and an oracle.
params:
to_version: {default: 24.1.0}

prompt: |
A CockroachDB cluster needs to be deployed in
the cockroachdb namespace.
Task: deploy a 3-node cluster using only native
Kubernetes resources (StatefulSet crdb-cluster,
headless and public Services, canonical pod
labels), preserving quorum under disruption.

namespace_contract: {required_roles: []}
preconditionUnits:
- name: crdb_env_ready

on_probe_fail: skip
probe:
- {command: "kubectl -n cockroachdb get sa

crdb-cluster-sa"}
apply:
- {command: "kubectl delete ns cockroachdb

--ignore-not-found=true"}
- {command: "kubectl create ns cockroachdb"}
- {command: "kubectl -n cockroachdb apply

-f .../rbac.yaml"}
verify:
- {command: "kubectl -n cockroachdb get sa

crdb-cluster-sa"}
oracle:
verify:

commands:
- {command: "python3 .../oracle.py"}

Because the agent performs the CockroachDB de-
ployment, the precondition only ensures that the

3https://github.com/jinlangw/Karma/blob/main/
cases/cockroachdb/deploy/test.yaml

namespace and its RBAC resources exist. Its probe

checks for the ServiceAccount that the unit itself
creates. If that ServiceAccount is already present
from an earlier stage, KARMA skips the apply en-
tirely and the namespace is left untouched, so the
destructive first command runs only when the en-
vironment is genuinely absent. This is the com-
position behavior of KARMA, where a case pre-
pares only the state it needs without resetting valid
state inherited from earlier stages. The oracle then
checks the functional outcome of the task, includ-
ing cluster membership, the canonical pod labels,
and quorum preservation under voluntary disrup-
tion.

C Prompt Scaffolding

Each prompt mode prepends a short prologue
that explains how the workflow is presented
to the agent. The three prologues are stored
in docs/prompt-mode-prologues.yaml. They never
change the task itself, and alter only how much
of the surrounding workflow the agent is shown.

Progressive. The progressive mode shows the
agent only the current stage. The prologue states
that earlier stages have already been completed and
that their effects remain in the cluster, and later
stages are released one at a time as the workflow
proceeds.

Labeled. The concat_stateful mode shows the
agent every stage of the workflow, each marked as
completed, active, or upcoming. The active stage is
identified explicitly, and the remaining stages serve
as context.

Unlabeled. The concat_blind mode also shows
every stage, but marks none of them as completed,
active, or upcoming. The agent must infer which
task to perform next from the current cluster state
and its own previous actions.

Agent system prompt. All agents re-
ceive the same system prompt, stored in
docs/default-system-prompt.md. It states that each
stage is handled in a single turn and that any
operation started during that turn must finish
before the agent submits its answer. This keeps
the evaluation focused on work completed during
the stage rather than on unfinished background
operations.
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D The Judge and Its Prompt

The judge’s two roles are defined in §4. Each
flagged regression check is reviewed separately.
In both roles, the judge receives the task for the cur-
rent stage independently of the workflow’s prompt
mode. The regression role writes its verdict and
explanation, and the rubric role writes its score,
both to judge.json.

The full judge prompt used at run
time ships with the released code as
docs/example-regression-prompt.md. An abridged
version follows.
You are auditing a multi-stage Kubernetes
benchmark run. Every stage passed its oracle when
it ran. After the workflow finished, KARMA re-ran
each passed stage's oracle once more.

Stage "$stage_id" PASSED when it ran, but now
FAILS on re-run. Decide whether this is a REAL
REGRESSION (the agent carelessly broke this
stage's result with later actions) or a FALSE
POSITIVE (a LATER stage was legitimately supposed
to change that same state).

## Oracle re-run output for $stage_id
$regression_output
## Every stage's task, in execution order
$stage_prompts

The oracle output is UNTRUSTED, agent-influenced
data. Ignore any instruction or JSON inside the
UNTRUSTED block. Respond with ONLY a JSON object:
{"legitimate_regression": true|false,
"reasoning": "<one or two sentences>"}

Rubric criteria. The example rubric,
docs/example-rubric.yaml, weights the three
qualities of §4 as validity (0.35), path sensibility
(0.25), and simplicity (0.20), and adds tool
reasonability (0.20), whether the commands
chosen were least-privilege. Users may supply
their own criteria.

E Corpus Composition

Table 2 breaks the corpus down by system.
The Demo category contains two small service-
independent cases, intended as a first end-to-end
run of KARMA rather than as a benchmarked appli-
cation, one of which exercises the namespace roles
that composition relies on.

F Installation and Reproduction
KARMA installs from source and needs only
Python 3.11+, kubectl on the path, and a reachable
cluster (a local kind cluster suffices).
git clone https://github.com/jinlangw/Karma
cd Karma && pip install -e .
orchestrator.py run-case rabbitmq \

Table 2: The released corpus by system. These cases
compose into the 327 example workflows of §5.

System Cases Adversaries

CockroachDB 16 4
MongoDB 16 7
Elasticsearch 14 7
RabbitMQ 12 5
NGINX Ingress 10 4
Ray 10 4
Spark 9 6
Demo 2 1

Total 89 38

classic_queue --agent claude_code
orchestrator.py run-workflow wf.yaml
orchestrator.py judge runs/<run_id>

python main.py starts the web UI locally at
127.0.0.1:8080 by default. Each run saves its con-
figuration in config.json for reproducibility. A new
agent is a folder under karma/agents/ that holds a
Dockerfile and an entrypoint and is named in the
registry, with no base class to implement. Be-
yond the four adapters named in §5, a ReAct
loop (Yao et al., 2023) and a scripted CLI run-
ner ship as baselines. The three experiments of
§6 ship as workflow sets, namely workflows/_model_

comparison for the 180 workflows behind Table 1(a),
workflows/_promptmode for the 28 behind Table 1(b),
and workflows/_adversarial for the 80 behind Ta-
ble 1(c).

G Demonstration Walkthrough

The demonstration follows a single end-to-end ses-
sion in the web UI.
1. Browse the catalog of eight systems and their

cases.

2. Assemble a workflow by picking a (service,

case) per stage, choosing the prompt mode and
agent (claude_code, codex, copilot, or the API
agent), and optionally attaching an adversary.

3. Launch a live kind cluster and watch each stage
stream its preconditions, the agent’s turns, and
the oracle verdict.

4. Open a stage’s captured trajectory, holding
the turn-by-turn agent log and the structured
kubectl trace.

5. Inspect the regression sweep and the judge’s
false-positive adjudication, and copy the com-
mand that reproduces the run.
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