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LLM agent frameworks heavily rely on external skill assets to standardize tool usage, encode operational
workflows, and supply executable runtime resources. Despite their widespread adoption, multi-component
skill packages frequently suffer from cross-artifact inconsistencies, where documentation, scripts, and con-
figuration files specify conflicting behavioral constraints. Although static auditing techniques can uncover
such contractual discrepancies, static defect volume cannot reliably reflect real-world agent performance
degradation. This gap leaves practitioners without rigorous evidence to assess the practical risk of flawed
agent skills.

This paper presents a systematic empirical study to demystify the runtime implications of skill inconsis-
tencies. We conduct large-scale auditing over 575 community and benchmark skills, yielding 1,182 manually
validated contract inconsistencies. We further build a controlled evaluation pipeline with 49 executable
agent tasks and three representative LLMs across NoSkill, OriginalSkill, and FixedSkill experimental set-
tings. Through fine-grained behavioral analysis of 441 paired execution trajectories, we quantify the actual
performance impacts of resolved defects.

Our empirical results reveal that contractual conflicts are pervasive in practical skill ecosystems, impacting
over 64% of all examined skills. Skill repairing consistently improves task success rates, yet the performance
benefits exhibit strong model heterogeneity, ranging from substantial improvement to negligible gain. Further
trajectory dissection indicates that nearly all execution instances expose inconsistent skill content, which rules
out exposure frequency as the source of performance variance. Instead, cross-model behavioral differences
after inconsistency exposure dominate final task outcomes. We find that weaker models frequently follow
erroneous skill specifications and propagate defects into final results, while stronger models actively mitigate
runtime errors. Our findings demonstrate that the practical risk of flawed skills is jointly determined by
execution reachability and agent post-execution behavior, rather than static inconsistency quantity alone.

CCS Concepts: » Software and its engineering — Software testing and debugging; - Agent Skills, skill
contract inconsistency, LLM agents, empirical software engineering, agent reliability, execution
trajectories;

1 Introduction

Why Agent Skills Matter. LLM agents increasingly rely on reusable components to acquire
procedural knowledge, tool-use capabilities, and domain-specific workflows. Agent Skills are an
important artifact in this emerging ecosystem [16, 41]. Unlike one-off prompts, a Skill is typically
distributed as a reusable package containing documentation, metadata, scripts, configuration files,
and other resources [2, 3]. Together, these artifacts specify how the Skill should be discovered,
interpreted, and executed. As the public Skill ecosystem rapidly expands, the same Skill may be
reused across different tasks and agents, allowing quality issues to affect multiple downstream
executions.

This multi-artifact structure also introduces a new reliability challenge. Because individual
artifacts can evolve independently, they may make incompatible claims about the same functionality,
interface, or runtime requirement. For example, documentation may promise a capability that
the implementation does not provide, or different documents may specify conflicting dependency
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versions. We refer to such cases as Skill contract inconsistencies. Unlike conventional specification-
implementation mismatches, these inconsistencies may arise between a Skill and its environment,
across documentation artifacts, or between documentation and code.

Do Static Inconsistencies Matter at Runtime? Detecting a static inconsistency does not imply
that it will cause runtime harm. Static inspection can establish that two artifacts conflict, but it
cannot determine whether the conflict will enter actual execution or whether it will ultimately
affect task outcomes or execution cost. A static finding therefore indicates a potential problem, not
its actual runtime risk.

This distinction has direct practical consequences. If all inconsistencies are treated equally, limited
auditing and repair effort cannot be prioritized toward findings that actually affect execution, while
low-impact findings may obscure more consequential ones. Skill quality assessment therefore needs
to move beyond finding detection toward runtime risk prioritization.

Existing work has examined Skill structure [47], documentation quality [20], security [10, 17],

and artifact-level defects [25, 45]. However, there is still limited evidence on whether such static
findings enter agent execution, whether repairing them changes runtime outcomes, and how agents
respond after exposure. We therefore lack a systematic understanding of how static defects translate
into runtime consequences: how prevalent Skill contract inconsistencies are, how much they affect
agent execution, and why these effects arise.
Our Study and Key Findings. To answer these questions, we conduct an empirical study of Skill
contract inconsistencies. First, we collect 575 Skills from GitHub and SkillBench [20] and develop
a taxonomy spanning three contract boundaries: Environment, Inter Document, and Document
Code. Through automated auditing and manual validation, we confirm 1,182 inconsistencies and
characterize their prevalence, types, and distribution. Second, we construct 49 verifiable tasks from
real-world Skills and evaluate three models under three conditions: NOSKILL, ORIGINALSKILL, and
FixepSkiLL. The comparison between ORIGINALSKILL and FIXEDSKILL estimates the runtime effect
of the targeted inconsistency, while NoSKILL separates this effect from the general benefit of using
a Skill. Finally, we analyze paired execution trajectories to trace whether inconsistencies enter
execution and how different responses relate to final outcomes.

Our study yields four main findings. @ Skill contract inconsistencies are widespread and un-
evenly distributed. At least one inconsistency appears in 67.4% of GitHub Skills and 64.4% of
SkillBench Skills. In SkillBench, Document Code inconsistencies account for 56.2% of all findings,
with over_promised alone accounting for 45.6%. @ Fixing inconsistencies improves average task
effectiveness for all three models, but the magnitude varies substantially. Claude Haiku 4.5 [1],
Qwen3.6-35B [28, 31], and DeepSeek-V4-Flash [4, 5, 12] improve by 0.136, 0.085, and 0.023 score
points, respectively. The runtime impact of an inconsistency is therefore not a fixed property of
the Skill alone. ® These cross-model differences are not explained by Skill exposure. Across 441
paired executions, agents read the Skill in 97.1% of runs. Exposure rates are similarly high for
Haiku, Qwen, and DeepSeek at 98%, 93%, and 100%, respectively. @ The models diverge primarily
after contact. Haiku, Qwen, and DeepSeek follow the inconsistency into failure in 30%, 24%, and
12% of runs, respectively, while DeepSeek recovers in 56% of exposed runs. The key distinction is
therefore not whether an agent encounters the inconsistency, but how it responds after exposure.

Taken together, these findings show that static inconsistency count is a poor proxy for runtime
risk. Runtime impact depends not only on whether an inconsistency exists, but also on whether
it enters execution and how the agent responds after contact. Skill quality assessment should
therefore move beyond counting static findings toward distinguishing their actual runtime risks.
Contributions. In summary, this work makes the following contributions:
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Fig. 1. The workflow of using Skills.

¢ A taxonomy and large-scale empirical characterization of Skill contract inconsistencies.
We develop a taxonomy spanning three artifact boundaries and systematically analyze 1,182
manually confirmed inconsistencies across 575 real-world and benchmark Skills.

oA controlled evaluation of the runtime impact of Skill inconsistencies. We construct 49
real-world tasks and quantify the effects of inconsistencies on task effectiveness and execution
efficiency across three models under NoSkiLL, ORIGINALSKILL, and FIXEDSKILL conditions.

¢ An execution-level account of how static inconsistencies translate into runtime impact.
Through trajectory analysis, we trace inconsistencies from exposure to outcome and show that
cross-model differences arise from post-exposure behavior rather than Skill exposure itself.

2 Background and Motivation
2.1 Agent Skills

Agent Skills are reusable execution units that provide LLM agents with structured procedural
knowledge, tool usage logic, and domain-specific task workflows. Unlike ordinary prompts that
provide guidance for a single request, a Skill packages multiple interdependent artifacts into a
self-contained unit that an agent can discover, load, and execute. A typical Skill is organized as a
directory centered on a SKILL.md file. Its YAML frontmatter specifies metadata such as the Skill
name, functionality, applicable scenarios, and dependencies, while the body describes execution
steps, constraints, and expected outcomes. A Skill may also include scripts, configuration files,
static resources, and other supporting artifacts.

As shown in Figure 1, an agent first identifies candidate Skills for a given task and determines their
applicability from the associated metadata. It then reads the relevant instructions and resources,
executes the prescribed workflow or code, and completes the task according to the requirements
stated by the Skill. A Skill is therefore more than a single textual prompt. Its documentation, code,
resources, and environment requirements collectively define its expected behavior, while these
artifacts may evolve independently. Reliable Skill execution depends not only on the correctness of
each artifact, but also on whether they remain consistent about the same behavioral requirements.

2.2 A Motivating Example

From the perspective of an executing agent, the documentation, metadata, code, and resources
packaged within a Skill collectively form an implicit Skill contract. This contract specifies the
behavioral commitments made by the Skill, including its functionality, inputs and outputs, execution
procedure, dependencies, and runtime requirements.

A Skill contract combines natural language, semi-structured configuration, and executable code.
We define a contract inconsistency as a case in which two or more artifacts make incompatible
claims about the same contract property. Such inconsistencies may arise between environment



A real-world Skill (d3-visualization)

Skill Document (SKILL.md)

name: d3-visualization

description: Build deterministic, verifiable data
visualizations with D3.js (v6). Generate standalone
HTML/SVG (and optional PNG) from local data files
without external network dependencies... ...

Line 58-60:

##t# Data determinism

- **Sort** input rows deterministically before binding
to marks (e.g., by x then by category).

- Use stable grouping order (explicit
*Array.from(grouped.keys()).sort()’).

Line 68-71:
if a force layout is required:

Line 73-76:

### Offline + dependency determinism

- Do **not** load D3 from a CDN.

- Pin D3 to a specific version (default: **d3@7.9.0**).
- Prefer vendoring a minified D3 bundle (e.g.,

Implementation Code (Script)

bubble_chart_example.js

function createBubbleChart(data) {
<! Unrelated code !>

Line 55-59:
// Create force simulation

.force('center", d3.forceCenter(width / 2, height
/2))
.force('collide’, d3.forceCollide(d => d.radius +

.force('charge’, d3.forceManyBody().strength(-
30));

Line 61-70:

// Optional: Cluster by sector

const sectors = [...new Set(data.map(d =>
d.sector))];

const sectorPositions = {};
sectors.forEach((sector, i) => {

const angle = (i / sectors.length) * 2 * Math.PI;
sectorPositions[sector] = {

X: width / 2 + Math.cos(angle) * 150,
y: height / 2 + Math.sin(angle) * 150
1;

}3;

<! Unrelated code !>

=
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Inconsistencies Analysis Results

@ Inter-document inconsistency

The same SKILL.md names two major versions of its
own dependency: line 3 says "D3.js (v6)" while line
75 pins "d3@7.9.0" and line 76 recommends
vendoring d3.v7.9.0.min.js — both ends in one file,
72 lines apart.

(2 Document-code layer

Lines 59-60 of the document require deterministic
sorting and a "stable grouping order (explicit
Array.from(grouped.keys()).sort())"; the code
bubble_chart_example.js never sorts, building its
sector list (line 62) and colour domain (line 41) from
[...new Set(...)] and so following the input row order.

(@ Document-code layer
Lines 68-71 require that a force layout fix the tick
count, fix initial positions and run exactly N ticks;

‘vendor/d3.v7.9.0.min.js’) or bundling with a lockfile.

Fig. 2. A real-world Skill. (@) marks an Inter Document inconsistency, while @ and (3 mark Document Code
inconsistencies.

requirements and actual dependencies, across documentation artifacts, or between documenta-
tion and code. However, the static presence of an inconsistency does not imply runtime failure.
File inspection can establish that conflicting claims exist, but it cannot determine whether the
inconsistency will enter the agent’s execution path or what effect it will eventually have.

To illustrate this problem, we use the real-world d3-visualization Skill. Figure 2 shows three
inconsistencies that can be identified through static inspection.
® Document-internal version conflict. One part of the documentation states that the Skill
uses D3.js v6, while another specifies d3@7.9.0 as the default dependency. These statements make
incompatible claims about the same dependency version and therefore form an Inter Document
inconsistency.
® Document Code inconsistency in sorting behavior. The documentation requires determin-
istic sorting before binding input rows to visual elements. However, bubble_chart_example. js
directly constructs a Set from the input values without performing the required sorting. The
resulting element order may therefore depend on the input order.
® Document Code inconsistency in force layout determinism. The documentation requires
a fixed number of iterations, deterministic initial positions, and termination after the specified
number of iterations. The corresponding code neither fixes the initial randomness nor enforces the
specified iteration count. It therefore cannot guarantee the deterministic behavior described by the
documentation.

This example leads to three observations.
Observation 1. Skill contract inconsistencies are not limited to documentation and code.
The first inconsistency exists entirely within the documentation and does not involve implemen-
tation behavior. This shows that Skill inconsistencies extend beyond conventional specification
implementation mismatches. Understanding consistency problems in Skills therefore requires
examining conflicts across multiple artifact boundaries.
Observation 2. Static detectability does not reveal runtime impact. All three inconsistencies
can be detected before execution, yet static evidence cannot determine whether they affect agent
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Fig. 3. The Study pipeline of the paper.

execution. It remains unclear whether such inconsistencies reduce task effectiveness, increase
execution cost, or affect agents with different capabilities differently. Detecting an inconsistency
therefore establishes only that a potential problem exists, not how much it matters at runtime.
Observation 3. Final outcomes do not explain how runtime impact arises. Even when an
inconsistency is associated with a change in task outcome, success or failure does not explain how
that effect arises. We do not know whether the inconsistency enters the agent’s execution path
or how the agent responds after encountering the content. Understanding this process requires
tracing how the inconsistency propagates through execution and how the agent responds to it.
Together, these observations reveal three open questions. We need to understand what inconsis-
tencies exist in real Skills, how much they affect agent execution, and how those effects arise. We
therefore ask the following Research Questions (RQs):
¢ RQ1 (Prevalence and Characteristics). How prevalent are contract inconsistencies in Agent
Skills, and what forms do they take?
¢ RQ2 (Runtime Impact). To what extent do Skill contract inconsistencies affect the task effec-
tiveness and execution efficiency of agents with different capabilities?
¢ RQ3 (Impact Mechanisms). When and why do Skill contract inconsistencies affect agent
execution?

3 Study Methodology

Figure 3 provides an end-to-end overview of our study pipeline. We first build a Skill dataset from
GitHub and SkillBench and identify contract inconsistencies through taxonomy-guided SkillAudit
and manual validation. RQ1 characterizes the prevalence, types, and distribution of these confirmed
findings. We then transform selected real-world inconsistencies into triggerable and verifiable
runtime tasks and construct minimally repaired counterparts. RQ2 evaluates their effects on task
effectiveness and execution efficiency under NoSkiLL, ORIGINALSKILL, and FIXEDSKILL conditions.
Finally, RQ3 analyzes paired execution trajectories to determine how inconsistencies enter execution
and how agents respond after exposure.
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3.1 Data Collection

We construct our dataset from GitHub and SkillBench to cover both naturally evolved real-world
Skills and manually designed benchmark Skills. The final dataset contains 575 Skills.

Table 1. Category distribution of the SkillBench and Github datasets.

Software ~ Media & Content Finance & Office & Industrial & Natural Mathematics &

Source Engineering Production Economics Cybersecurity White Collar  Physical Systems Science Operations Research
SkillBench 16 5 9 7 14 14 14 8

(n=87) 18.4% 57% 103% 8.0% 161% 16.1% 161% 9.2%

Github 395 36 18 5 24 2 6 2

(n=488) 80.9% 7.4% 3.7% 1.0% 4.9% 0.4% 1.2% 0.4%

3.1.1  GitHub Skill Collection. We sample community-maintained Skills from open-source GitHub
repositories, prioritizing repositories with high star counts as a proxy for community visibility
and practical use. To capture structural differences, we divide candidate Skills into two groups.
Document-only Skills contain only Markdown documentation, without executable scripts or supple-
mentary resources. Resource-augmented Skills additionally include internal artifacts such as scripts,
configuration files, or other supporting resources. To reduce repository-level bias, we sample at
most three Skills from each repository. We inspect Skill metadata and functional descriptions during
selection and avoid choosing highly overlapping Skills from the same repository. This process
yields 488 GitHub Skills.

3.1.2  SkillBench Collection. We further include 87 Skills from SkillBench [20]. Unlike community
Skills that evolve naturally on GitHub, SkillBench Skills are manually authored and paired with ex-
plicit task objectives and ground-truth specifications, providing a more controlled Skill corpus. This
difference provides a useful contrast for RQ1. The GitHub corpus reflects consistency problems that
arise during real-world development and maintenance, whereas SkillBench is manually constructed
and reviewed, and therefore represents a more controlled artifact-quality setting. Comparing the
two allows us to examine whether contract inconsistencies are primarily artifacts of real-world
maintenance noise or remain common even in curated Skills.

3.1.3 Data Summary. Across both sources, we obtain 575 Skills, as shown in Table 1. Following the
taxonomy used by SkillBench [20], we categorize them into eight domains: Software Engineering,
Media & Content Production, Finance & Economics, Cybersecurity, Office & White Collar Work,
Industrial & Physical Systems, Natural Science, and Mathematics & Operations Research.

3.2 Skill Contract Inconsistency Identification

RQ1 first requires a consistent definition of Skill contract inconsistency and a reliable way to
identify such cases at scale. We therefore construct an inconsistency taxonomy, operationalize it
through a taxonomy-guided static audit pipeline, and manually validate the resulting findings.

3.2.1 Taxonomy Of Skill Inconsistency. We construct the taxonomy through iterative qualitative
analysis [10, 32]. Starting from real-world Skill artifacts, including documentation, configuration,
and source code, we manually inspect misalignment patterns and synthesize them with known issue
patterns from tool-agent and API-contract literature [19, 24]. During iteration, we merge redundant
categories, eliminate overlapping definitions, and refine the decision criteria for each class. We
first classify inconsistencies by the participants of the violated contract: « Environmental layer:
Skill vs. runtime environment. @ Inter-document layer: conflicts among descriptive documents. e
Document-code layer: documentation vs. implementation.
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Fig. 4. Taxonomy of skill-level inconsistencies.

Within the Document-code layer, we further classify inconsistencies by the direction of deviation:
e Over-promised (Doc > Code). The documentation promises functionality, constraints, or
behavior that the implementation does not provide. ¢ Semantically-conflicting (Doc # Code).
The documentation and implementation both specify the relevant behavior but contradict each
other semantically. ¢ Under-promised (Doc < Code). The implementation provides capabilities
that are not documented.

Because this study focuses on contract violations that may affect agent execution, we primar-
ily retain over-promised and semantically-conflicting cases. Under-promised cases are typically
benign [13] and are suppressed by default. We also exclude failures caused purely by agent hallu-
cination or external-service faults [40], as these do not originate from inconsistency among Skill
artifacts. The resulting taxonomy is shown in Figure 4.

3.2.2  Audit Tool. To audit skill consistency, we design an tool named SkillAudit. SkillAudit op-
erationalizes the proposed inconsistency taxonomy in 3.2.1. It takes a skill package as input and
outputs ranked findings mapped directly to canonical taxonomy classes. The tool performs purely
static analysis without executing the target skill or requiring ground truth. Its pipeline comprises
four sequential modules sharing a unified intermediate representation:

O Package Comprehension. This module parses documentation and source code into a structured
SkillMap. A scanner first validates the target directory (requiring at least one ‘SKILL.md"), filters
out metadata, caches and binaries, and retains partial file contents for indexing. A two-round LLM
agent then builds the SkillMap of components, sub-skills and relations: round one selects files for
full reading; round two generates the structured map. The SkillMap is cached via content hashing
to eliminate redundant model calls for unchanged packages.

0 Inconsistency Detection. Two groups of checkers identify taxonomy-defined inconsistencies
over the same evidence base. Four deterministic checkers perform AST-based code analysis, schema
comparison, environment constraint checking, and execution-path URL validation. Five independent
LLM checkers target different taxonomy categories and inspect semantic conflicts across artifacts.
All detections are normalized to canonical taxonomy labels, while duplicate evidence from different
checkers is retained for later aggregation.

® Adjudication and Aggregation. This module refines raw detections into structured findings.
An adjudicator reviews LLM findings in batches, assigning confirmed or suppressed verdicts
with adjusted severity and evidence strength. Rule-based suppression is tracked separately. The
adjudicator uses a fail-open design: errors preserve original findings to avoid silent defect loss.
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Aggregation follows two stages: exact-key deduplication, then semantic clustering by class, location
and evidence overlap. Each cluster forms a single root cause entry listing all contributing checkers.
® Reporting. The final reporting module produces reports with inconsistencies, root cause sta-
tistics, evidence strength distribution, and token usage. Each finding includes a taxonomy label,
line-numbered evidence, rationale and evidence strength. Evidence strength is structurally enforced:
only verified findings may claim execution blocking. Deterministic checkers run standalone without
credentials or network access, ensuring full reproducibility.

3.2.3 Manual Validation. To verify the final auditting results, two authors independently reviewed
the audit reports of skills drawn from the full pipeline output of audit tool. with a third resolving
disagreements. Of the 575 skills in the datasets, 1182 inconsistencies were confirmed finally.

3.3 Task Construction

WILDSKILLS contains 49 dynamically verifiable task instances, all derived from GitHub Skills. Each
task materializes a single re-verified inconsistency so that the experiment focuses on the effect of
that inconsistency rather than the overall quality of the Skill. Each task is constructed in five stages.
@ Selection. Candidate inconsistencies are drawn from manually confirmed GitHub findings.
Before inclusion, we re-check the current Skill files to ensure that the target inconsistency still
exists and can be localized precisely.
O Trigger Design. We write a realistic user request whose most direct solution requires the artifact
or code path associated with the target inconsistency. We also size the input so that bypassing
the Skill and manually recomputing the result is more expensive than using the Skill, reducing
opportunities to sidestep the defect.
® Environment. The shipped Skill, project workspace, and input data are packaged into a Docker
environment. The Skill is mounted at runtime rather than baked into the image, allowing all
experimental conditions to share the same environment while differing only in the provided Skill.
@ Verifier. Each task includes a deterministic verifier that checks the produced artifact against the
target contract using programmatic assertions only. No LLM-as-a-judge is used.
® Oracle. We construct a reference solution that passes all verifier checks, confirming that the
task itself is solvable and that failure does not arise from an infeasible specification.

This process converts a static finding into a repeatable runtime question: what happens when
the target inconsistency is placed on a relevant execution path?

3.3.1 Counterfactual Skill Repair. To estimate the runtime impact of each target inconsistency, we
construct a minimally repaired FIXEDSKILL for every ORIGINALSKILL. The goal is not to redesign
the Skill, but to remove the target inconsistency while changing as little else as possible.

The repair strategy depends on the violated contract boundary. For an environmental inconsistency,
we align the Skill with the actual runtime environment and pin the relevant requirement. For an inter-
document inconsistency, we identify an authoritative statement and unify conflicting descriptions
while leaving the implementation unchanged. For a document-code inconsistency, we first determine
the intended contract and then modify the implementation to satisfy it. When the documented
promise cannot be supported under the target environment, we instead narrow the documentation
to match the feasible behavior.

All repairs follow two constraints. First, each edit is minimal and confined to the inconsistent
element. Second, the repair must not leak the task solution or mirror the verifier. Each WiLDSKILLs
task therefore has a semantically matched OrIGINALSKILL and FIXxEDSKILL, forming the basis for
controlled comparison.
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3.4 Models and Experimental Conditions

We evaluate three models: DeepSeek-V4-Flash, Claude Haiku 4.5, and Qwen3.6-35B-A3B. Their per-
formance on benchmarks and on our NoSkILL baseline allows us to examine whether inconsistency
impact varies across models, as shown in Table 2. We emphasize within-model comparisons. The
Qwen deployment uses 4-bit quantization, while DeepSeek-V4-Flash runs in its default non-thinking
configuration. Absolute cross-model differences should therefore be interpreted with caution. Each
task is packaged as a fixed experimental unit containing the user instruction, workspace, Skill
directory, deterministic verifier, and oracle solution, and is executed in an isolated Docker container.
The agent runs as an unprivileged user, and the Skill directory is injected only at runtime.

Table 2. Models and baseline performance.

Model Active / total params SWE-bench Verified Ours (NOSKILL)
DeepSeek-V4-Flash [4, 5, 12] 13B / 284B 79.0 0.689
Claude Haiku 4.5 [1] - 733 0.534
Qwen3.6-35B-A3B [28, 31] 3B/ 35B 73.4 0.498

We evaluate three conditions: ® NoSKILL. No Skill artifact is provided. ¢ ORIGINALSKILL. The
Skill containing the inconsistency is provided. ® FIXEDSKILL. The repaired Skill with the target
inconsistency removed is provided. The paired comparison between ORIGINALSKILL and FIXEDSKILL
estimates the runtime effect of the target inconsistency, while NoSkiLL measures the effect of
using the Skill relative to having no Skill. All runs use the same execution harness and a uniform
budget covering generation requests, cumulative tokens, and output tokens. Each task-condition
combination is executed with three replicates to reduce stochastic variation.

3.5 Metrics

Effectiveness. Our primary metric is verifier pass rate, defined as the fraction of deterministic
checks satisfied by the produced artifact, ranging from 0 to 1. For each task-condition pair, we
first average the three technical replicates and then perform task-level paired comparisons. The fix
effect is defined as A = FIxep — ORIGINAL. This yields 49 paired task-level observations per model.
Efficiency. We record cumulative input and output tokens, API calls, agent turns, and wall-clock
time. Runs that reach the per-run budget limit are treated as truncated and reported separately. For
non-truncated runs, we report median execution costs and additionally use tokens per score point
to capture the relationship between computational cost and task effectiveness.

3.6 Execution Trajectory Collection and Coding

We analyse the 441 paired trials used by RQ2 (49 tasks X 3 models X trials r1-r3), each contrasting
ORIGINALSKILL against FIXEDSKILL on an identical task, resolved under the same cell-selection rule
as RQ2 (current task-package image, latest study among duplicates).

Table 3. Trajectory coding scheme.

Code Definition

Exposed  Agent reads the skill, either from skills/ or through the Skill tool.

Unused Agent never reads the skill and the inconsistency lies outside execution.

Bypass Agent is exposed but does not use the inconsistent element. No changed file is executed and no shipped-only form is authored.
Follow The inconsistent behaviour reaches the artifact. A tied verifier check fails in ORIGINALSKILL and passes in FIXEDSKILL.

Recover  The inconsistent behaviour is triggered, but the tied checks still pass.
BothFail ~ The tied check fails in both trials and the fix is not decisive.
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skills in each bin of per-skill counts.

For each task, the fix diff yields three signal types: the files the fix changed, code-like tokens
present only in the shipped skill (shipped-only anchors), and tokens present only in the fixed skill
(fixed-only anchors), together with the verifier checks tied to the changed behaviour. A deterministic
coder walks each trajectory, separating what the agent authored in tool arguments from what tools
returned in file contents or command output, and records skill contact, execution of a changed file,
manifestation of shipped-only anchors, per-check verifier failures, and turn-level timestamps.

Two decisions carry the analysis throughout. First, contact is not use: reading a file that contains an
anchor is not adopting it; only an authored shipped-only form, or execution of a changed file, counts
as use. Second, response is attributed by pairing: a behaviour is attributed to the inconsistency only
when the FIXEDSKILL arm of the same cell does not exhibit it, which separates the inconsistency’s
contribution from a model’s unconditional habits. Table 3 gives the full operational definitions.

4 RQ1: Characterizing Skill Contract Inconsistencies
4.1

Table 4 summarizes the prevalence of contract inconsistencies in both corpora, reporting the skill
population, the share of skills with at least one inconsistency, and the total, mean, and maximum
findings per skill. Among the 488 GitHub skills, 329 (67.4%) contain at least one inconsistency.
This corpus yields 1,022 findings in total, averaging 2.09 per skill with a maximum of 18. The
SkillBench corpus shows a similar picture. 56 of its 87 tasks (64.4%) contain at least one confirmed
inconsistency, with 160 findings in total, an average of 1.84 per skill, and the same maximum of 18.

Prevalence and Density

Table 4. Inconsistent findings by corpus and skill structure.

Dataset Category  #Skills >11Inc. TotalInc. Mean Max Inc./kLine

GitHub Skills Doc-only 340 202 (59.4%) 421 1.24 7 6.17
w/ artifacts 148 127 (85.8%) 601 4.06 18 0.98
All 488 329 (67.4%) 1,022 2.09 18 1.50

SkillBench Skills Doc-only 41 25 (61.0%) 59 144 8 2.05
w/ artifacts 46 31 (67.4%) 101 220 18 0.91
All 87  56(64.4%) 160 184 18 1.14

Doc-only: documentation-only skills.

Inc./kLine: inconsistencies per thousand lines.
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Figure 5(a) shows the per-skill distribution of confirmed findings. Both corpora are heavily right-
skewed, with most skills carrying few inconsistencies and high-count cases being rare. Although
the two distributions share the same maximum of 18, GitHub skills show a higher proportion of
cases with large counts. Figure 5(b) splits the skills by whether implementation artifacts exist.
Skills with available artifacts have fewer zero-inconsistency cases and a heavier right tail. Concrete
implementations thus expose more mismatches between documented behavior and actual behavior.

Finding 1. Contract inconsistencies are widespread in real skills. About two thirds of the
skills in each corpus carry at least one, and most affected skills contain only a few. Skills with
implementation artifacts accumulate more findings per skill, but doc-only skills show a higher
per-line rate because they are small and consist almost entirely of contract text. Structural type
alone is therefore not a reliable proxy for inconsistency risk.

4.2 Types of Inconsistencies

Table 5 breaks down the confirmed findings by type, following the taxonomy introduced earlier.
In the SkillBench corpus, document—code inconsistencies dominate and account for 56.2% of all
findings. Within this layer, over-promises are the most prevalent type and make up 45.6% of the
total. The most common contract violation is therefore a documentation that promises behavior
the implementation fails to deliver. Semantic conflicts occur but are far less frequent, and under-
promised cases are rare in the verified samples. The GitHub corpus shows a different profile, with
the three artifact boundaries contributing roughly equal shares.

Table 5. Distribution of contract inconsistencies by taxonomy.

Artifact boundary Inconsistency type GitHub Skills ~ SkillBench Skills
over_promise 250 (24.5% 73 (45.6%)
Dremn-cose Sl cniin T
subtotal 344 (33.7% 90 (56.2%)
shared_concept_definition_divergence 162 (15.9%, 27 (16.9%)

)

)

)

)

)
Inter Document cross_document_workflow_conflict 81 (7.9%) 2(1.2%)
interface_contract_mismatch 69 (6.8%) 16 (10.0%)
subtotal 312 (30.5%) 45 (28.1%)
environmental_assumption_conflict 274 (26.8%) 21 (13.1%)
broken_external_resource_reference 44 (4.3%) 3(1.9%)
Environment external_service_contract_change 30 (2.9%) 1(0.6%)
dependency_version_drift 18 (1.8%) 0 (0.0%)
subtotal 366 (35.8%) 25 (15.6%)
Total 1,022 (100.0%) 160 (100.0%)

Finding 2. The two corpora differ in where inconsistencies occur. GitHub skills split roughly
evenly across the three artifact boundaries, while the verified corpus is dominated by document-
code inconsistencies. Most of these are over_promise, where the documentation promises
behavior the implementation fails to deliver. This asymmetry is the most common failure mode
and, as RQ3 will show, the one most likely to lead agents into failure.

4.3 Distribution across skill domains

Table 6 reports the share of skills with at least one confirmed inconsistency within each application
domain. Prevalence is high in both corpora, and the one domain both sample densely agrees.
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Software engineering sits at 66% for GitHub and 69% for SkillBench. The remaining domains are
noisy; the two corpora largely complement each other. The domains SkillBench samples densely
are precisely those GitHub undersamples, so no reliable per-domain contrast is possible outside
software engineering. Taken together, both corpora support the same qualitative claim: no domain
is immune, none is saturated, and inconsistency is a property of skill contracts in general.

Table 6. Inconsistency prevalence across domains.

Corpus Metric Software Engineering Media Office Finance Natural Science Cybersecurity Industrial Math/Formal All
n 395 36 24 18 6 5 2 2 488

itH kil
GitHub Skills — p. 1 66% 75% 7% 83% 50% 80% 100% 0% 67%
. . n 16 5 14 9 14 7 14 8 87
SkillBench Skills p . . 69% 60% 50%  56% 79% 71% 57% 5% 64%

Finding 3. Inconsistency is a property of skill contracts in general. No domain with sufficient
coverage is immune, and none is saturated.

5 RQ2: Runtime Impact of Skill Inconsistencies

5.1 Effectiveness

Table 7 summarizes effectiveness across the three skill conditions. Fixing the inconsistency raises
the verifier pass rate for all three models, and the ordering NoSkiLL < ORIGINAL < FIXED holds in
every condition. The size of the gain varies by model. Claude Haiku 4.5 improves the most, rising

from 0.741 to 0.877. Qwen3.6-35B improves moderately, from 0.707 to 0.792. DeepSeek-Flash gains
the least, from 0.870 to 0.893.

Table 7. Effectiveness across skill conditions on GitHub tasks.

Model NoSkill Original Fixed A Tasks T/=/]

Claude Haiku 4.5  0.534 0.741  0.877 +0.136 30/10/9
Qwen3.6-35B 0.498 0.707  0.792 +0.085 26/9/14
DeepSeek-Flash 0.689 0.870  0.893 +0.023 13/30/6

Score is the verifier pass rate. A is Fixed minus Original.

The task-level breakdown shows that each average gain is driven by a subset of tasks. For Haiku,
30 of 49 tasks improve, 10 stay unchanged, and 9 regress, and the other two models follow the
same pattern with fewer improving tasks. For DeepSeek, the small overall delta is not an artifact of
aggregation, since the shipped and fixed skills yield identical scores on 30 of 49 tasks. A cross-model
comparison adds two observations. The baseline benefit of having any skill is comparable across
models, at between +0.18 and +0.21 for all three. The additional gain from fixing the inconsistency,
by contrast, spans an order of magnitude. Moreover, Qwen’s score under the fixed skill remains
below Haiku’s. Its smaller gain therefore reflects a limited ability to translate a correct procedure
into passing runs, not only lower sensitivity to inconsistency.

Finding 4. Resolving skill contract inconsistencies improves effectiveness for all three models,
and the ordering NoSkiLL < ORIGINAL < FIXED is preserved throughout. The size of the gain
is strongly model-dependent. The highest-capability model is largely robust, the mid-capability
model gains the most, and the lowest-capability model is bounded by its own ceiling. The effect
of an inconsistency is therefore a joint property of the contract and the executing model.
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Finding 5. Task-level effects are highly heterogeneous. The aggregate gains are concentrated
on a minority of tasks, so mean deltas understate the cost of inconsistency on the tasks where
it actually matters. Per-task analysis is needed to avoid masking this variation.

5.2 Efficiency

Table 8 summarizes efficiency. Fixing the inconsistency does not uniformly reduce runtime cost. For
Haiku and Qwen, the fixed condition consumes slightly fewer median tokens and less wall-clock
time than the original condition. For DeepSeek-Flash the trend reverses. Fixing the inconsistency
raises its median token consumption by 55k and its wall-clock time by 20 seconds, and at 316k
tokens and 69 seconds the shipped skill is its cheapest condition. Cost per unit of effectiveness tells
a more consistent story. The tokens spent per score point fall from 1.22M to 0.69M for Haiku, from
0.96M to 0.63M for Qwen, and from 0.76M to 0.57M for DeepSeek across the three conditions. For
DeepSeek, however, the shipped skill remains its most efficient single condition.

Table 8. Efficiency across skill conditions on GitHub tasks.

Model Condition Tokens (med.) Calls Turns Time (s) Trunc. (%) Tokens/point
NoSkill 472k 19 21 128 30 1.22M
Claude Haiku 4.5  Original 472k 16 19 124 24 0.83M
Fixed 435k 16 21 110 20 0.69M
NoSkill 335k 18 24 580 19 0.96M
Qwen3.6-35B Original 362k 15 21 508 15 0.71M
Fixed 344k 14 21 468 18 0.63M
NoSkill 440k 20 25 145 26 0.76M
DeepSeek-V4-Flash Original 316k 13 20 69 19 0.52M
Fixed 418k 15 21 83 24 0.57M

Medians exclude truncated runs. Trunc. is the share of runs reaching the budget limit.

Budget truncation follows overall cost levels rather than correctness. In every model, both skill
conditions truncate less often than NoSkiLL. The truncation rate falls from 30% to 24% for Haiku,
from 26% to 19% for DeepSeek, and from 19% to 15% for Qwen when any skill is provided. The
no-skill condition also issues the most API calls and turns. This pattern is consistent with agents
that lack a provided procedure spending extra effort to search for a solution strategy. Fixing the
skill reduces truncation further only for Haiku, from 24% to 20%. For DeepSeek and Qwen it rises
slightly, to 24% and 18% respectively.

Finding 6. Fixing inconsistencies does not automatically reduce computational cost. Cost per
unit of effectiveness improves for all models, but absolute cost can increase, and for DeepSeek-
Flash the inconsistent skill is most efficient. A flawed skill’s runtime signature is exploratory
interaction, with more API calls and turns, rather than uniformly longer reasoning steps.

6 RQ3: When and Why Do Inconsistencies Matter?
6.1 From Static Inconsistency to Runtime Exposure

Contact Is Near-Universal. Across all 441 executions the agent reads the skill in 97.1% of runs,
and DeepSeek reads it in every run (Table 9). Only 13 runs are unexposed. Eight reflect model
habit, where neither arm reads the skill, and five inconsistency-induced avoidance, where only
ORIGINALSKILL skips it. Two points guard the measure. Haiku reaches the skill through the Skill
tool more often than the other two models, with 69 runs against 28 and 17. Counting only path-based
access would understate exposure by five points and Haiku’s by fifteen. No execution inspects the
skills/ directory without also reading a file, so the measure is not inflated by directory listing.
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Table 9. Skill exposure by model and access route.

Model n Exposed Rate Pathonly Toolonly Both
Claude Haiku 4.5 147 144 98% 75 21 48
Qwen3.6-35B 147 137 93% 120 1 16
DeepSeek-V4-Flash 147 147  100% 119 1 27
All 441 428 97.1% 314 23 91

Path denotes file-based access, while Tool denotes access through the Skill tool. Routes may overlap.

Exposure Cannot Explain the RQ2 Gaps. The three exposure rates of 100%, 98%, and 93% are
nearly identical and are not ordered by the RQ2 fix gains. Qwen’s small residual gap partly reflects
its habit of leaving skills unread rather than an effect of the inconsistency. Whether an agent sees
the inconsistency is essentially constant across models and therefore cannot explain why the fix
benefit ranges from +0.136 to +0.023.

Finding 7. Exposure to the inconsistency is near-universal across models. Whether an agent
sees the inconsistency does not differentiate the models.

6.2 How Agents Respond to Skills

The Capability Gap Operates after Contact. The models are indistinguishable in exposure
but sharply distinguishable in what they do next (Table 10). Haiku follows the inconsistency into
failure in 30% of its runs, Qwen in 24%, and DeepSeek in only 12%. Recovery shows the reverse
ordering. DeepSeek recovers in 56% of its exposed runs, while Haiku and Qwen recover in 27% and
22% respectively. The decisive step is whether the agent adopts what it reads.

Table 10. Response distribution by model.

Model Recover — success Follow — failure BothFail Used, no effect Bypass Unused All
Haiku 40 44 40 9 11 3 147
Qwen 33 35 43 11 15 10 147
DeepSeek 82 18 20 19 8 0 147

All 155 97 103 39 34 13 441

Follow-into-Failure Orders the Models as RQ2 Does. The per-model counts of follow-into-
failure, 44 for Haiku, 35 for Qwen, and 18 for DeepSeek, reproduce the RQ2 fix-gain ordering
exactly. The aggregate fix effect is therefore the count of executions in which the agent adopts the
inconsistency and delivers it to the artifact. This ordering is visible only under the cell-selection
rule of RQ2. Resolving duplicate cells by manifest order yields 34 for Haiku and 35 for Qwen, which
spuriously inverts the ordering.

Follow-into-Failure Is Concentrated in over_promise. Figure 6 disaggregates responses by
model and inconsistency type. The model gradient holds within every type and is steepest in
over_promised, where the follow share ranges from 22% for DeepSeek to 50% for Haiku. Of the 97
follow cases across all types, 41 arise from over_promised, where the documentation promises
a capability the implementation never provides. Conversely, semantic_conflict recovers in 13
of its 18 cases. A contradiction in meaning is noticed and worked around far more often than a
promised but absent capability.
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Claude Haiku 4.5 Qwen3.6-35B DeepSeek-V4-Flash

over-promised 50 33 14 n=36 42 25 25 8 n=36/ 22 56 14 8 n=36
cross-doc| 33 24 38 n=21 29 29 1 24 57 19 | n=21
process

5 53 33 13 n=15

n=2
interface [ g 33 33 13 n=15 20 53 n=1
contract

43
27
env. fact 20 [ 53 n=15] 27 13[ 60 n=15/"'20 53 270 n-15
conflict T | |
shared C°“C§§ft 33 42 17 8 n=128 67 25 n-12 75 25  n=12
0 10

50 100 0O 50 100 O 50
Share of trials (%) Follow Recover [ BothFail (control) Other

Fig. 6. Response composition by inconsistency type and model. BoTHFAIL denotes the control class.

Finding 8. Models diverge only after reading the skill. Higher-capability models recover from
inconsistencies far more often and follow them into failure far less often. The per-model count
of follow-into-failure executions reproduces the ordering of the RQ2 fix gains exactly. The
delivery of the inconsistent artifact is therefore the mechanism behind the score deltas.
Finding 9. Follow-into-failure is concentrated in over_promise. Documentation that promises
a capability the implementation never provides accounts for the largest share of follow cases,
while semantic conflicts are recovered most often. The type of inconsistency is thus a strong
predictor of whether the agent fails.

6.3 Runtime Consequences of Exposed Inconsistencies

Fix Benefit Is Concentrated in the Follow Class. The fix’s entire score benefit is concentrated
in one cell of the matrix (Table 11). Following the inconsistency into failure costs +0.366 score
points on average, and the fix recovers that loss. Every other response class sits within +0.05 of
zero. Fixing a skill pays off exactly when it stops the agent from delivering the inconsistency to the
final artifact. When a model does follow an inconsistency, the per-incident score loss is nearly total,
ranging from +0.351 to +0.393 by model. DeepSeek suffers the same per-incident loss as Haiku but
incurs 4.9x fewer such incidents, which is why its RQ2 aggregate gain is small.

Table 11. Outcome by response class.

Response n (fires) Ascore net Atoken Footprint turns Footprint (s)
Follow — failure 97 (87) +0.366 +34k 14.4 104
Recover — success 155 (155) —0.038 —57k 123 60
Bypass 34(4) +0.097 +2k 338 40
BothFail (control) 103 (87) +0.030 +7k 19.6 169
Used, no effect 39(3) —0.047 —44k 11.3 24
Unused 13 (3) +0.127 +4k 16.0 88

Recover Carries a Detour, Not a Net Compute Penalty. The 155 Recover runs spend 12.3 turns
on the wrong path before correction, which is 28% of the run or about 116k tokens. This detour
is not a net compute penalty. The Fixed arm of the same pairs spends 57k tokens more than the
Original arm, because a more complete skill induces more work that offsets the detour. Fixing buys
correctness at no net compute saving. Footprint in seconds is not comparable across models, since
the local 4-bit Qwen deployment is an order of magnitude slower than the API-hosted models.
Turn counts are the appropriate footprint measure.

BothFail Is Not a Uniform Task-Difficulty Floor. The 103 BothFail executions, 23% of all paired
runs, are not homogeneous (Table 12). In 38 of them the fix reduced the number of tied checks
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Table 12. Decomposition of the BoTHFAIL control class.

Fix effect n Share Mean Ascore
Failure count reduced (partial fix) 38 37% +0.352
Failure count unchanged 37 36% +0.011
Failure count increased (adverse) 28 27% —0.380
Total 103 100%

that failed and recovered +0.352 of score, a genuine partial success. In 37 the fix changed nothing,
which is the true difficulty floor. In the remaining 28 the fix made the outcome worse by —0.380 on
average. These adverse cases cluster in a handful of tasks, such as promgl-lint-gate, pdf-forms,
and dingtalk-todo, reproducing the negative-delta tasks already visible in RQ2. Removing one
inconsistency can still mislead the agent by altering the execution path in an unexpected direction.

Finding 10. The score benefit of a fix is concentrated entirely in the runs that would otherwise
follow the inconsistency into failure; all other response classes contribute nothing on net.
Recovery preserves correctness but leaves a detour footprint, so the fixed condition can spend
more tokens. A fix buys correctness, not compute savings.

Finding 11. The BoTHFAIL control class is heterogeneous. About a third of its runs are partial
fixes, about a third are a genuine task-difficulty floor, and about a third are cases where the
fix worsens the outcome. Treating the class as a neutral floor would understate the benefit of
fixing and conceal the risk that a targeted fix can backfire.

7 Related Work
7.1 Agent Skills and Skill Ecosystems

Agent skills consist of instructions, scripts, and resources that agents dynamically load at infer-
ence time to improve task performance [2, 3]. Recent research on agent skills generally covers
benchmarking, authoring, quality assurance, and security [6].

Skill benchmark research constructs task collections and interactive environments to evaluate
task completion, assessing factors such as absolute pass-rate gains and degradation risks from
inference-time skill injection [11, 20, 39]. Concurrently, work on skill authoring investigates how to
define, reuse, and compose skills in natural language or code, while exploring automated generation,
tuning, and evolution to lower authoring costs [7, 14]. From a quality perspective, studies treat skill
definitions such as SKILL.md as executable artifacts to identify defects (found in 91.8% of 138,133
evaluated skills) [45] by combining static rules, semantic reasoning, and automated repair [25].
Finally, security-focused research addresses harmful skills that systematically lower safety refusal
rates [10, 17]. in this domain, static detection struggles against adversarial evasion, and although
sandboxed dynamic analysis remains the most reliable option [15], existing detection tools still lag
behind the rapid pace of threat evolution [10, 17].

Despite these advances across different facets of the agent skill ecosystem, it remains unclear
how static inconsistencies in skill definitions surface during runtime. Specifically, existing research
lacks a systematic analysis of how agents respond to these defects and how such responses translate
into measurable runtime costs [8].

7.2 Documentation-Code / APl Contract Consistency

Traditional software engineering research demonstrates that documentation—code inconsistency
is pervasive in open-source projects, leading to developer misuse, increased debugging effort,
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and software defects [38, 42]. Existing detection approaches span natural language-code consis-
tency checking [38], LLM-based reverse test generation [19], and Ethereum API specification-
implementation verification [24]. However, as Al agents increasingly serve as direct consumers of
tools and APIs, the nature of this problem shifts. Agents rely heavily on textual contracts, modifying
a tool’s description alone can alter an agent’s tool selection [9, 37]. Audits of production APIs reveal
that many behavioral constraints exist solely in unstructured prose rather than formal schemas,
leading to silent failures that full-loop agents often fail to detect or resolve, ultimately yielding
false-negative outputs [22, 35].

At the same time, agents do not passively succumb to these errors. Enhanced grounding, ac-
tive verification, and structural guardrails can facilitate recovery, though performance ultimately
depends on model capacity, environmental feedback, and task structure [27, 39]. In dynamic en-
vironments with interdependent or unreliable tools, benchmarks indicate that agents frequently
suffer from retrieval saturation, overconfidence, skipped validation steps, and failure rationalization
[21]. Consequently, research must explicitly account for agent behavior, recovery, and bypass
strategies, re-evaluating how inconsistent specifications impact agent reasoning, execution, and
overall system reliability.

7.3 Agent Reliability and Tool Use

Existing research on agent reliability is largely agent-centric. Prior work attributes reliability to
reasoning and planning [44], tool selection and invocation [29, 30], benchmarks [18, 23, 46], and
post-failure recovery [36]. Consequently, researchers pursue robustness through better models,
prompts, training, or pipelines. Evaluation surveys separate reliability and safety [7, 26] while
focusing on dynamic behavior. Meanwhile, failure-mode studies [34] identify archetypes and
attribute them to model behavior.

A growing body of work connects static artifacts to reliability. Schema-izing prose constraints
reduces silent failures [22], and agents show high sensitivity to textual tool contracts [9]. Recent
years also witness the emergence of static skill auditing [43], skill-behavior attribution [8, 39], and
interface alignment [33]. However, static auditing only targets constraint compliance, and interface
alignment addresses runtime presentation. Existing work consequently fails to explain how static
quality attributes are exposed upon invocation or how they influence failure, recovery, and bypass.
This paper positions itself at the intersection of skill artifact quality and agent behavior. We conduct
a white-box static census at the interface layer and treat static artifact quality as an independently
auditable variable alongside agent capability to explain agent reliability.

8 Discussion
8.1 Takeaways

For Skill Authors. Our results show that the number of inconsistencies does not directly indicate
runtime risk. Although roughly two thirds of Skills contain at least one inconsistency, substantial
harm is concentrated in a small set of inconsistency types. In particular, over_promised inconsis-
tencies are more likely to be adopted by agents and propagate into failures. When comprehensive
auditing is infeasible, authors should therefore prioritize the Document Code boundary, especially
cases where documentation promises behavior not supported by the implementation. For conflicts
within documentation, authors should identify and unify the authoritative description. For conflicts
between documentation and implementation, they should first determine the intended contract
and then align the relevant artifacts with it.

For Skill Users. The impact of Skill inconsistencies depends on the capability of the model using
the Skill. Weaker models are more likely to continue along an incorrect path, so when using Skills
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that have not been thoroughly validated, users should prefer stronger models or Skills that have
already been checked and repaired. Stronger models recover more often, but recovery still incurs
additional execution cost. Therefore, in correctness-sensitive or latency-sensitive settings, users
should prefer consistent and validated Skills even when using stronger models.

For Future Skill Quality Tools. Reporting only the number of inconsistencies provides limited
support for risk prioritization. Our results show that runtime risk also depends on inconsistency
type, whether the relevant execution path is adopted, and the response capability of the target
model. Future tools should therefore combine static findings with execution evidence and stratify
findings by runtime risk rather than treating all inconsistencies equally. Beyond reporting how
many issues are found, a more useful tool should identify which inconsistencies are more likely to
enter execution and lead to follow, recover, or bypass behaviors.

8.2 Threats to Validity

Task construction may increase inconsistency exposure. Our 49 runtime tasks were intention-
ally designed to trigger the target inconsistency and to reduce the chance that an agent bypasses the
relevant path. This design helps measure the effect of an inconsistency once it enters execution, but
it does not represent the natural exposure probability in real-world workloads. The high exposure
rate observed in RQ3 should therefore be interpreted as a property of controlled defect-exposing
tasks rather than as a general exposure rate in practical Skill use.

Minimal fixes may still introduce side effects. RQ2 assumes that the main difference between
ORIGINALSKILL and FIXEDSKILL is the targeted inconsistency. We reduce this risk through minimal
edits and by preventing solution leakage and verifier mirroring. However, even a localized change
may improve clarity or alter how an agent interprets the execution path. The difference between
FixepSkiLL and ORIGINALSKILL therefore primarily reflects the targeted inconsistency, but incidental
effects of the repair cannot be fully excluded.

Trajectory labels are operational approximations of agent behavior. The Exposed, Bypass,
Follow, Recover, and BothFail labels in RQ3 are defined from observable execution traces, including
file access, changed-file execution, artifact contents, and verifier outcomes. These labels capture
external behavior rather than the agent’s internal reasoning. For example, reading a file does
not necessarily mean that the agent adopted its contents. Although paired attribution reduces
confounding from model-specific behavior, these categories remain operational representations of
the underlying runtime mechanisms.

The runtime study covers only inconsistencies that can be operationalized as verifiable
tasks. RQ1 identifies substantially more inconsistencies than the 49 cases studied in RQ2 and RQ3.
Runtime experiments more readily include inconsistencies that can be triggered clearly, repaired
minimally, and evaluated with deterministic verifiers. More ambiguous, environment-dependent, or
difficult-to-verify inconsistencies may therefore be underrepresented. The runtime results should
not be generalized directly to all inconsistency types identified in RQ1.

9 Conclusion

We study contract inconsistencies in Agent Skills through 575 Skills, 1,182 confirmed findings, and
49 runtime tasks across three models. Inconsistencies are widespread, but their runtime impact
varies substantially across models. Although agents encounter the Skill in 97.1% of executions,
the key difference is post-exposure behavior: models that follow inconsistent content into failure
benefit more from fixes, while models that recover are less affected. Static inconsistency counts are
thus poor proxies for runtime risk and motivate runtime-aware Skill quality assessment.
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Data Availability

The artifact of this paper, containing all open source materials, can be accessed via https://
anonymous.4open.science/r/SKill Inconsistency-EC50/.
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