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Abstract

Under the current standard, Agent Skills are SKILL .md files
that combine instructions with supporting resources, en-
abling Large Language Model (LLM) agents to reuse proce-
dures beyond a single conversation. Yet many public skills
appear to originate from a single task, repository, or conver-
sation, even when they are shared as reusable components.
We analyze this gap across 138,133 public SKILL.md files
from 20,556 repositories using a two-tier defect taxonomy
grounded in the official specification and best-practice guid-
ance. We find that 91.8% of skills contain at least one de-
tected defect, with stable estimates across lenient and strict
thresholds (88.8-94.6%). The dominant failures are ordinary
packaging problems rather than exotic attacks: weak routing
metadata, bloated or non-actionable bodies, and poor re-
source organization. A deterministic routing stress test over
20,000 skills shows the functional impact: skills with valid
routing metadata are retrieved more reliably from startup
descriptions than skills with routing defects. Defect rates
vary by platform and provenance: specification-aware skills
contain fewer defects, while Al-marked skills show more
safety and portability problems. Lightweight enforcement
and repair experiments support a quality-assured generation
workflow combining spec-aware prompting, lightweight lint-
ing, automated repair, and safety gating.

Keywords: Agent Skills, LLM Agents, SKILL.md, Reusability
Defects, Skill Routing, Quality-Assured Generation

1 Introduction

Recently, Al skills have become a practical way to extend
Large Language Model (LLM) agents beyond the immediate
prompt [6]. Under the Agent Skills standard, a skill is pack-
aged as a SKILL.md file: frontmatter tells the agent when to
load it, the body gives instructions, and optional files provide
scripts, references, or assets [2]. In this form, skills turn task
experience into reusable software artifacts.

That promise depends on a basic assumption: a published
skill should still work outside the task, repository, platform,
or conversation that produced it. Our crawl contains 138,133
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public SKILL .md files from 20,556 repositories, and its growth
has outpaced quality control. Many skills appear to be writ-
ten for a narrow local purpose and then shared as reusable
components. Some omit official routing or structure require-
ments; others inline too much code, include setup notes or
changelogs, leak local paths or credentials, or depend on
one model, platform, or operating system. These are not just
formatting issues. For a skill to be reusable, an agent must be
able to select it, load it, locate supporting resources, execute
it safely, and port it beyond the author’s original environ-
ment. Each stage corresponds to one or more categories in
our taxonomy, distinguishing our defects from generic style
or quality issues.

Existing work captures parts of this problem. SkillsBench [9]
shows that curated skills improve task completion by 16.2
percentage points while self-generated skills provide no mea-
surable benefit. SkillReducer [4] shows that non-actionable
content wastes context, Wang et al. [16] find malicious skills
in public registries, and Liu et al. [11] show that realistic skill
retrieval remains brittle. These studies make clear that skill
quality matters, but they leave a more basic question open:
when a public SKILL.md file fails to transfer across tasks or
platforms, what exactly has gone wrong? We answer this
question by characterizing whether public skills have the
artifact properties required for reuse.

We organize the study around four questions:

e RQ1: What reusability defects are prevalent in public
skills?

e RQ2: How do these defects limit skill reuse?

e RQ3: Which platform and provenance signals are associ-
ated with reusable skill quality?

o RQ4: What traits characterize reusable, high-quality Agent
Skills?

We make four contributions:
1. A reusable-skill quality model: a two-tier taxonomy

of 7 categories and 31 checks grounded in official require-
ments and best-practice guidance.
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2. An ecosystem-scale diagnosis: an analysis of 138,133
public skills showing that 89.3% violate the official speci-
fication and 91.8% contain at least one detected defect.

3. Functional evidence that defects matter: a routing
stress test showing that R1-clean skills are retrieved more
reliably than R1-defective skills from startup descriptions.

4. A path from diagnosis to intervention: platform, prove-
nance, exemplar, enforcement, and repair analyses that
motivate a quality-assured generation workflow and twelve
evidence-based authoring guidelines.

The remainder of the paper is organized as follows. Sec-
tion 2 reviews the Agent Skills format and related work.
Section 3 describes our dataset, defect taxonomy, detector
validation, and routing stress test. Section 4 answers the four
research questions. Sections 5 and 6 discuss implications and
limitations, and Section 7 concludes.

2 Background and Related Work
2.1 Agent Skills and the SKILL.md Format

An Agent Skill is a directory containing a SKILL.md file with
two parts: YAML (Yet Another Markup Language) frontmat-
ter for structured metadata and a Markdown body for in-
structions. The frontmatter must include a name (max 64
characters, lowercase alphanumeric and hyphens) and a
description (max 1,024 characters) that specifies what the
skill does and when to use it [2]. The description serves as the
primary routing mechanism: agents load skill descriptions
at startup to decide which skill to activate for a given task.
The body contains instructions the agent follows when the
skill is invoked.

The specification recommends keeping the body under
500 lines and organizing supporting content into scripts/,
references/, and assets/ subdirectories [2]. This progres-
sive disclosure pattern loads metadata (~100 tokens) at startup,
the body (<5,000 tokens) on activation, and resources only
when needed, minimizing context window consumption.

2.2 Related Work

The recent literature has largely established that skills can
help agents, but only under the right conditions. SkillsBench [9]
makes this contrast especially clear: curated skills improve
task completion by 16.2 percentage points, while self-generated
skills provide no measurable benefit. The same study finds
that focused skills with 2-3 modules outperform compre-
hensive documentation, suggesting that a useful skill is not
simply a longer prompt or a larger knowledge dump. Liu
et al. [11] reach a similar conclusion from a different angle:
when agents must retrieve from 34K real-world skills, the
benefit of skills becomes brittle. These findings move the
question upstream. Before asking whether a skill improves a
task, we need to ask whether the skill is written in a form
that can be selected, loaded, and reused outside the context
where it was created.
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That upstream question turns skills into an artifact-quality
problem. A SKILL.md file sits between prompt engineering,
agent scaffolding, and software packaging: it must be concise
enough for progressive disclosure, precise enough for rout-
ing, and concrete enough to guide execution. SkillReducer [4]
studies one part of this artifact problem by showing that over
60% of body content in public skills is non-actionable and
that 26.4% of skills lack routing descriptions. Those results
explain why token efficiency and routing metadata matter,
but they also point beyond compression. Public skills can fail
through body bloat, weak descriptions, poor resource orga-
nization, local environment assumptions, unsafe commands,
or conflicts with the agent’s surrounding instructions. Our
work therefore treats skill quality as a multi-stage reusability
question rather than a single optimization target.

Agent harnesses make this question more consequential.
ClawsBench [10] evaluates LLM productivity agents across
realistic Gmail, Slack, Calendar, Docs, and Drive workflows,
where domain skills expose API knowledge through pro-
gressive disclosure and a meta prompt coordinates behavior
across services. In this setting, a skill is no longer a private
note saved from one conversation. It becomes part of the
interface between the agent, the harness, and external tools.
For such an interface to work, a skill needs routable metadata,
manageable instructions, organized supporting resources,
and enough portability to survive changes in platform, model,
or operating environment.

The same interface also raises safety concerns. Wang et
al. [16] analyze 150,108 skills from 7 registries and find 620
malicious skills, while Skill-Inject [14] shows that injected
skill files can reach up to 80% attack success. These works
study deliberately malicious skills, but their threat model
highlights a broader issue for public reuse: once a skill is
shared, the agent may treat its contents as operational in-
structions. Even benign skills can therefore be risky if they
preserve hardcoded credentials, unsafe shell commands, lo-
cal paths, or instructions that redefine the agent’s role. This
connects skill quality to general LLM-agent safety concerns,
including OWASP risks such as prompt injection and exces-
sive agency [13], as well as instruction-hierarchy failures
where lower-priority instructions can still override higher-
priority intent [5, 7, 15].

Tooling has started to address parts of this problem. The
agnix linter [1] implements 385 validation rules across 6
agent platforms, and the official skills-ref validator [2]

checks frontmatter syntax. What remains missing is an ecosystem-

level account of which defects are actually common, which
ones affect functional reuse, and which checks should be
enforced before repair or human review. Our study fills this
gap by characterizing 138,133 public SKILL.md files with
a two-tier taxonomy that spans routing, body design, re-
source organization, prohibited content, behavioral safety,
portability, and persona/scope conflicts.
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3 Methodology
3.1 Data Collection

To study reuse rather than isolated benchmark performance,
we build the dataset from places where skills are actually
published and copied. We collected SKILL.md files through
GitHub code search, repository cloning, and the agentskills.in
registry APIL GitHub search used 40+ sharded queries to by-
pass the 1,000-result-per-query limit; repository cloning ex-
tracted all case-insensitive SKILL.md files from known and
discovered skill repositories; registry collection fetched raw
GitHub content for indexed skills.

The final SHA-256-deduplicated dataset contains 138,133
unique skills from 20,556 repositories; 98.8% have YAML

frontmatter, 98.5% include a name, 98.1% include a description,

and the median body length is 169 lines / 687 words.

Inclusion criteria and representativeness. We applied
minimal filtering to preserve an ecosystem-wide view rather
than a curated subset. The only filters were (i) the file must
be named SKILL.md (case-insensitive), (ii) the host repos-
itory must be public at crawl time, and (iii) we keep one
copy per SHA-256 content hash to remove verbatim du-
plicates. We did not filter by repository popularity (stars),
freshness (last commit date), or author identity, because two
questions in this paper—ecosystem-wide prevalence and
platform/provenance variation—require including unpop-
ular and stale repositories rather than excluding them. For
context, repository-level skew is non-trivial: the most pro-
lific repository contributes 17,284 skills (12.9%) and 47.0% of
repositories contribute exactly one skill, so we report both ag-
gregate and per-repository statistics throughout, and we use
repository-stratified subsamples for the routing stress test
(Section 3.4) and the exemplar analysis (RQ4) to avoid letting
one repository dominate. A small enterprise or private-repo
bias is unavoidable; we address its external-validity implica-
tions in Section 6.

We also collected GitHub issues from 12 major agent plat-
form repositories using 28 skill-related queries; filtering 6,233
issues yielded 761 relevant issues classified by defect cate-

gory.

3.2 Defect Taxonomy

We organize defects around the lifecycle of reuse. A skill
must first be selected, then loaded, then supported by exter-
nal resources, then executed safely in an environment that
may differ from the one where it was authored. We devel-
oped the taxonomy through three iterative passes. First, we
read the official Agent Skills specification [2] and the Claude
Code skills documentation [3] clause by clause, extracting
each verifiable structural requirement into a candidate Tier 1
detector. Second, we coded a stratified sample of 300 skills
(drawn across platforms and size buckets) for failure pat-
terns that did not map onto a spec clause but recurred in
practice—install boilerplate, hardcoded credentials, persona
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redefinition, platform-specific paths—and clustered them
against the peer-reviewed literature on prompt injection,
instruction hierarchy, hardcoded secrets, and software porta-
bility [5, 8, 12, 15] to form Tier 2. Third, we cross-validated
the candidate categories against the 761 GitHub issues we
collected (Section 3.1): every category in the final taxonomy
is grounded in either a spec clause or an observed real-world
failure mode reported by skill consumers. The two tiers are
kept separate by design so that compliance violations and
best-practice issues can be reported and prioritized indepen-
dently rather than blurred into a single “defect” bucket. We
use the term detected defect for a measurable property of
a skill file that either violates the official specification or
contravenes established best practices, and for which we can
point to documented evidence of real-world harm (GitHub
issues, benchmark regressions, or security advisories). The
taxonomy is designed for static characterization: it identifies
skills that may be harder to route, load, maintain, execute
safely, or reuse outside their original context. Each rule was
operationalized as a regex-based or structural detector ap-

plied to the parsed skill.

Tier 1: Spec Conformance (14 checks). These rules are
grounded directly in the official Agent Skills specification [2]
and Claude Code documentation [3]. Violations affect the
core reuse path: missing or non-functional descriptions cause
routing failures, oversized bodies increase context cost, and
redundant content wastes scarce context tokens.

e R1. Routing Metadata (6 checks): missing, too-short, too-
long, or non-functional descriptions; routing information
misplaced in body.

e R2. Body Content (5 checks): oversized bodies, non-
actionable content, obvious explanations, name-as-heading
duplication, description duplication.

e R3. Resource Organization (3 checks): excessive inline
code, too many examples, monolithic skills (i.e., large skills
that do not use the recommended scripts//references/
subdirectories).

Tier 2: Best Practice Compliance (17 checks). These
rules are derived from peer-reviewed security and software
engineering literature.

e R4. Prohibited Content (4 checks): install instructions,
changelogs, license text, unfinished markers (e.g., TODO,
FIXME) [4].

e R5. Behavioral Safety (6 checks): hardcoded credentials,
safety bypasses (e.g., —no-verify), prompt injection pat-
terns, unguarded destructive actions (e.g., rm -rf), error
suppression, user path leakage [12, 13, 16].

o R6. Portability (4 checks): hardcoded model names (e.g.,
gpt-4o0), platform-specific paths, platform-specific tool
calls, OS-specific commands (e.g., pbcopy) [2, 8].
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e R7.Persona & Scope (3 checks): persona redefinition (e.g.,
“you are a...”), instruction overrides, scope mismatches [5,
15].

Figure 1 presents the complete taxonomy as a hierarchi-
cal tree. Tier 1 categories (dashed box) are grounded in the
official specification; Tier 2 categories are grounded in peer-
reviewed literature and industry standards.

The resulting taxonomy contains 31 checks across the
seven categories listed above.

3.3 Detector Validation

We validate detectors with mutation-style SKILL.md fixtures
and threshold sensitivity checks. Each of the 31 detectors
has a positive fixture that isolates the target defect and a
paired negative fixture; all detectors fire only on the posi-
tive case. For numeric thresholds (description length, body
length, inline-code ratio, code-block count, monolithic-body
length), lenient, baseline, and strict settings on a determin-
istic 10,000-skill sample preserve the headline result: 88.8—
94.6% of skills contain at least one detected defect, and the
top three categories remain R1 Routing, R2 Body, and R3
Resources.

3.4 Routing Stress Test

We also run a deterministic retrieval stress test over 20,000

skills. We build a BM25 index over frontmatter descriptions

only and ask whether metadata-derived or name/path-derived
queries retrieve the source skill. This is not an end-to-end

agent benchmark, and we do not claim BM25 mirrors pro-
duction routing: shipped harnesses such as Claude Code

and Cursor use LLM-as-selector over the full description set

rather than lexical scoring. We choose lexical retrieval delib-
erately as a lower-bound probe: it is the simplest mechanism

for which a routing-defective description (missing, too short,
missing trigger language, or non-functional) can plausibly
degrade discovery. A more semantic retriever (embedding

reranker or LLM selector) may compress or shift the gap,
particularly when descriptions are phrased differently than

queries; we treat the BM25 result as evidence that routing-
metadata defects have at least the magnitude observed here

at the discovery stage, and we flag the semantic-retrieval

condition as future work in Section 6.

4 Results
4.1 Ecosystem Overview

Before examining quality, we first ask what kind of ecosys-
tem these public files represent. The answer matters because
a reuse problem has different implications in a small cu-
rated registry than in a large, heterogeneous collection of
repository-local artifacts.

We infer platforms from file paths. Claude Code is the
largest identifiable platform (18.7%), while generic skills/
directories dominate overall (58.3%). Skills primarily target
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development workflow automation: debugging (53.1%), doc-
umentation (51.0%), API development (48.0%), testing (42.2%),
and code review (31.4%). Claude is mentioned in 25.4% of
skill content, far exceeding GPT-4/OpenAl (3.4%), Gemini
(3.2%), and Copilot (1.4%). At least 14.4% of skills carry ex-
plicit Al-generation markers, a conservative lower bound
because many generated files are unmarked. The ecosystem
is also concentrated: 47.0% of repositories contain one skill,
while the largest contributor provides 17,284 skills (12.9%).

4.2 RQ1: What reusability defects are prevalent in
public skills?

The first step is prevalence: if detected defects are rare,
reusable-skill quality is mainly an edge-case problem; if they
are common, quality control must become part of the skill
generation and publication workflow. Of 138,133 skills an-
alyzed, 89.3% trigger at least one Tier 1 detector derived
from the official Agent Skills specification, and 91.8% have
at least one detected defect of any tier. The average skill
contains 2.5 detected defects (median: 2). Figure 2 shows
prevalence by category. This prevalence result should be
read as an ecosystem-level quality signal: some detected de-
fects block routing or create safety risk, while others mostly
waste context or indicate weak packaging.

Spec conformance defects dominate. The three most
prevalent individual defects are all spec violations: R1.3 miss-
ing trigger guidance (52.3%), R2.4 name-as-heading dupli-
cation (44.3%), and R3.2 too many inline examples (32.1%).
67.0% of skills have at least one routing defect; combined
with R1.4 (13.5%, non-functional descriptions), over half of all
skills have descriptions that cannot effectively guide agent
routing.

4.3 RQ2: How do these defects limit skill reuse?

Routing defects reduce discovery quality. Prevalence
alone does not show whether a defect matters operationally.
The most direct reuse failure is that an otherwise useful
skill is never selected. Because R1 is both prevalent and
tied to startup selection, we test this discovery-stage reuse
risk in Table 1. When queries are derived from repository
metadata, R1-clean skills achieve 88.5% hit@1 and 0.906 MRR,
compared with 82.6% hit@1 and 0.855 MRR for R1-defective
skills. The same direction holds under the stricter name/path-
only query proxy (26.7% vs. 24.3% hit@1).

What the stress test does and does not show. The stress
test isolates one stage of reuse—discovery from the startup
description surface—and one defect category, R1. We chose
R1 because it is the only category whose harms can be mea-
sured by a self-contained retrieval experiment over the ar-
tifact: a missing or non-functional description must reduce
discovery probability, and that effect can be quantified with-
out an external task harness. For R2-R3, the operational
impact is context cost and progressive-disclosure friction;
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Reusability Defects in Agent Skills (7 categories, 31 checks)
Tier 2: Best Practice

‘ R5. Behavioral
Safety
(6 checks)

R5.1 Hardcoded creds
R5.2 Bypass safety

R1. Routing
Metadata
(6 checks)

tion

R1.2 Too short
(<30ch)

R1.3 Missing “when”
R1.4 Non-functional
R1.5 Too long
(>300ch)

R1.6 Routing misplace-

R1.1 Missing descrip-

[Tier 1: Spec Conformance}

Organization

R3. Resource
(3 checks)

R2. Body
Content

R4. Prohibited
Content
(4 checks)

(5 checks)

R3.1 Excessive inline

code
N R3.2 Too many exam-
R2.1 Exceeds 500 lines ples
R2.2 Non-actionable R3.3 Monolithic (no
body
refs)

R4.1 Install instruc-
tions

R4.2 Changelog

R4.3 License text

R4.4 Unfinished mark-

R5.3 Prompt injection
ers

R2.3 Explains obvious

R2.4 Name as heading

R2.5 Desc. dup. in
body

ment

P
.

Grounded in Official Agent Skills Spec

R5.4 Unguarded ac-
tions
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R6. Portability
(4 checks) R7. Persona &
Scope

(3 checks)

R6.1 Hardcoded
model

R6.2 Platform path
R6.3 Platform tools
R6.4 OS-specific cmds

R7.1 Redefines per-
sona

R7.2 Overrides prior
instr.

R7.3 Scope mismatch

R5.5 Suppress errors
R5.6 Leak user paths

Figure 1. Two-tier defect taxonomy. Dashed box: Tier 1 (spec conformance). Tier 2: peer-reviewed literature and industry

standards.

R1. Routing A 67.0%

R2. Body - 51.4%

R3. Resources - 36.9%

R4. Prohibited 4////]16.7%
R5. Safety 4//)9.8%
R7. Scope 1./]6.7%

R6. Portability 47]5.8%

[ Tier 1: Spec
ZZ1 Tier 2: Best Prac.

0 20 40 60 80
Skills affected (%)

Figure 2. Defect prevalence by category. Tier 1 (red, solid):
spec conformance violations. Tier 2 (orange, hatched): best
practice violations.

for R4-R6, it is content pollution, execution safety, and porta-
bility; for R7, it is conflict with the host agent’s instruction
hierarchy. Each of these requires either an end-to-end agent
benchmark or a deployment harness to measure faithfully,
which is outside our scope here. We address the remaining
categories through three indirect lines of evidence in the
rest of the paper: GitHub-issue corroboration (Section 5), the
automated repair experiment for R5 (Section 5), and prior
task-success benchmarks that already report sensitivity to
body bloat and resource organization [4, 9].

Table 1. Routing stress test over 20,000 sampled skills. The
index contains frontmatter descriptions only.

Query Group n Hit@l MRR
Ri-clean 6,514  88.5% 0.906

Metadata o) gefective 13226  82.6% 0.855
Name/path R1-clean 6,505  26.7% 0.347
P Ri-defective 13,331 24.3% 0322

4.4 RQ3: Which platform and provenance signals are

associated with reusable skill quality?

Cross-platform quality. If defects reflect only individual
author mistakes, platform-level patterns should be weak. In-
stead, the data suggest that platform conventions and prove-
nance signals travel with different skill-quality profiles. Fig-
ure 3 reveals statistically significant quality variation across
platforms (Kruskal-Wallis H = 594.17, p < 10~!%). Cursor
skills are highest quality (avg 1.55 defects, 13.5% defect-free),
while OpenClaw marketplace skills are lowest (avg 2.29,
3.1% defect-free). Cursor differs significantly from Generic,
OpenClaw, and Claude Code (Bonferroni-corrected Mann-
Whitney tests, all p,g; < 107*). Three factors correlate with
platform-level quality: specification awareness (spec-aware
skills average 1.83 defects vs. 3.00 for spec-unaware, Cliff’s
d = —0.40), Al-generation rate, and curation model.

Al-marked skills differ from unmarked skills. Fig-
ure 4 compares defect rates between the 19,857 skills with
explicit Al-generation markers and the remaining 118,276
unmarked skills. We emphasize that this is an association
between an observable marker and observed defect rates,
not a causal claim about Al vs. human authorship. The Al-
marked subset is not a random sample of Al-generated skills:
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Figure 3. Cross-platform quality: average defects (red) vs.
specification awareness (blue).

only some generators or authors self-disclose, sloppier au-
thors may be more likely to ship the boilerplate marker,
and some platforms auto-stamp markers, all of which can
produce a confounded comparison. Al-marked skills aver-
age 3.23 detected defects versus 2.34 for unmarked skills,
a 38.0% increase (Mann-Whitney U, p < 1073%; Cliff’s
6 = +0.28, small effect), and are defect-free at half the rate
(5.0% vs. 8.8%). The gap is sharpest for safety-critical cat-
egories: 18.9% of Al-marked skills have behavioral safety
defects (R5), compared to 8.2% of unmarked skills (2.3x%;
)(2 = 2,209, p < 107300, ¢ = 0.13). Portability defects (R6)
show a similar pattern (12.8% vs. 4.6%, 2.8X), consistent with
generated or conversation-derived skills inheriting platform-
specific paths and model references. We read this pattern as a
signal that the explicit-marker subset warrants closer review
at generation time, not as evidence that Al-authored skills
are intrinsically worse; a propensity-matched analysis on
length, platform, and repository popularity is left to future
work.

Two additional correlates reinforce this pattern. Defect
density increases with skill size (Spearman’s p = 0.508, p <
107309): skills over 500 lines average 4.76 defects, compared
with 1.48 for skills under 50 lines. Defects also cluster across
categories: only 33.0% of defective skills are confined to one
category, and safety defects co-occur with portability defects
at 2.19X the rate expected by chance.

4.5 RQ4: What traits characterize reusable,
high-quality Agent Skills?

The previous results identify failure modes. We next ask

what public skills look like when those failure modes are ab-

sent. We identified 2,406 skills from repositories with >10,000

GitHub stars and analyzed the 419 with zero detected defects.
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Figure 4. Defect rates by category: Al-marked skills (red)
vs. unmarked skills (blue). Al-marked skills show higher
detected defect rates across all categories, with the largest
gaps in Safety (2.3x) and Portability (2.8x).

We use these skills as exemplars for qualitative characteriza-
tion, not as proof that zero detected defects are necessary or
sufficient for task success.

These exemplary skills exhibit two distinct styles: Minimal-
and-precise: React’s verify skill (24 lines) contains only
imperative commands and common mistakes. Structured-
workflow: Discourse’s service-authoring skill (220 lines) de-
fines an eight-phase workflow with gate conditions and audit
checklists; every line is actionable.

Five shared traits characterize these exemplary skills:

1. Trigger-complete descriptions (G1): every exemplary
skill includes “Use when ...”

2. No name-as-heading (G4): none duplicate their name
as an H1 heading.

3. Imperative throughout (G5): body text consists of di-
rectives, not explanations.

4. Project-specific knowledge: skills encode local conven-
tions, not generic programming concepts.

5. No prohibited content (G8): no install instructions, changel-

ogs, or license text.

We note that traits 1, 2, 3, and 5 are partly definitional
under our detectors: a skill with zero detected defects nec-
essarily passes G1, G4, G5, and G8 because those guidelines
correspond to the very detectors we use to select the sub-
set. The genuinely non-tautological observation is trait 4
(project-specific knowledge), which we identified by man-
ual reading of the 419 exemplars: across both the minimal
and structured-workflow styles, exemplars consistently en-
code local procedural knowledge (specific to a repository,
framework, or service) rather than reproducing tutorial con-
tent that an LLM could already generate on demand. We
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treat this as a qualitative observation worth following up
with an operationalized measure (e.g., embedding distance
to LLM-generated baselines for the same description) rather
than as a quantified finding. The common pattern is not
merely absence of lint findings: these skills encode local,
actionable procedures with clear activation conditions and
little reusable-context waste. This characterization motivates
the guideline table below, which combines official structural
requirements with empirical and safety-derived constraints.

4.6 Evidence-Based Authoring Guidelines

Based on prevalence, platform variation, issue corroboration,
and exemplar analysis, we derive twelve guidelines (G1-
G12). Table 2 maps each guideline to target defects and the
percentage of skills affected.

5 Discussion

The conversation-first provenance hypothesis. Why
are detected defect rates so high despite a clear specifica-
tion? A reusable skill is not merely a saved prompt; it is a
routed, progressively disclosed, executable capability. We
propose—and label explicitly as a hypothesis rather than a
measured finding—that many public skills are instead ex-
tracted from problem-solving conversations: a developer
solves a task interactively, then saves the conversation as
SKILL.md. This would explain the recurring co-occurrence
of routing metadata weakness, name-as-heading duplica-
tion, install instructions, hardcoded paths, model names, and
safety bypasses, which together resemble what a chat tran-
script looks like when serialized to disk. The platform and
Al-marker associations are consistent with this hypothesis
but do not establish it: the exact authoring path of each pub-
lic skill is not observable from the file alone, and we did
not measure text overlap with chat transcripts or look for
explicit “saved from chat” markers, both of which would be
required to test the hypothesis directly. We surface it here
because it offers a single mechanism that ties together the
observed defect cluster and motivates the generation-time
interventions in the workflow below; we leave its empirical
evaluation to future work.

Specification compliance is necessary but not suffi-
cient. Anthropic’s official structure provides the minimal

contract for reuse: frontmatter descriptions make skills routable,

body-size guidance limits context cost, and resource direc-
tories enable progressive disclosure. Our data supports this
guidance: spec-aware skills average fewer detected defects,
and R1-clean skills perform better in the routing stress test.
At the same time, a syntactically valid skill can still be generic,
stale, unsafe, or tied to a local environment; conversely, a
cosmetic defect such as repeating the name as an H1 heading
is less serious than shipping a live API key. This distinction
motivates our taxonomy: official-spec conformance (R1-R3)
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is separated from best-practice and operational risks (R4~
R7), and our workflow combines spec-aware prompting with
linting, repair, and safety gates rather than treating official
formatting as sufficient.

Real-world impact: evidence from GitHub issues. Our
issue analysis classified 303 of 761 relevant issues into our
R1-R7 taxonomy. Routing defects (R1) are both the most
prevalent (67.0%) and most reported (69 issues), followed by
body/content issues (75), safety issues (62 plus 108 security-
scan disputes), and scope/persona issues (12). Notable ex-
amples include skills that never activate despite matching
descriptions, 28 plugin skills totaling 34K tokens causing
4+ minute cold starts, and published skills shipping live
API keys. Of 108 security-scan false-positive appeals on
ClawHub, 63 (58.3%) were triggered by credential-related
patterns in legitimate security-auditing skills, confirming
that keyword-based scanners cannot distinguish skills that
handle credentials from those that leak them.

Prioritizing defects. Defect-free status is not the goal.
Critical defects are routing failures (R1.1-R1.4) and safety
violations (R5), because they prevent activation or create
vulnerabilities. Important defects such as body bloat and
monolithic structure waste context and hinder maintenance.
Cosmetic defects such as name-as-heading duplication waste
tokens but may not break execution. For practitioners, the
priority is eliminating high-impact defects, especially hard-
coded credentials, safety bypasses, unguarded destructive
actions, and user path leakage.

Progressive enforcement: quantifying the return on
investment. We simulated 12 cumulative linter configura-
tions by adding guidelines in order of marginal defect cov-
erage. Figure 5 shows a clear elbow at three guidelines: G1
catches 33.4% of observed defect instances, and adding G4
and G7 raises coverage to 71.9% while flagging 85.9% of skills.
The full suite covers 99.4% of observed defect instances, while
adding G9 and G10 raises critical-defect coverage (routing +
safety) from 74.7% to 98.6%.

A quality-assured generation workflow. Because self-
generated skills provide no average benefit in SkillsBench [9],
generation workflows need explicit quality gates. Our find-
ings motivate four stages that correspond to the reuse life-
cycle: write routable skills, catch cheap structural defects,
repair fixable content, and block unsafe deployment.

Stage 1: Spec-aware prompting. Specification aware-
ness is the strongest quality correlate we identified (Cliff’s
d = —0.40, medium effect): skills whose descriptions follow
the “[Verb] [what]. Use when [trigger]” pattern average 1.83
detected defects vs. 3.00 for spec-unaware skills. Generation
prompts should include routing requirements (G1-G3), struc-
tural constraints (G4-G7), and content prohibitions (G8).

Stage 2: Lightweight linting. Even spec-aware genera-
tion will not eliminate all defects. The three-rule linter (G1,
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Table 2. Evidence-based skill authoring guidelines, ordered by impact.

Phase Guideline Target Defects Affected
1 G1. Write >30 characters: “[Verb] [what]. Use R1.2,R1.3,R1.4 52.3%
: hen [trigger]”
Description il [trigger]
G2. Place routing info in description, not body. R1.6 5.2%
G3. Keep under 250 characters; front-load the use  R1.5 14.3%
case.
G4. Do not repeat name as H1 heading. R2.4 44.3%
2. Body G5. Write imperative directives, not explanatory R2.2,R2.3 3.2%
prose.
G6. Keep body under 500 lines. R2.1 10.4%
3. Resources G7. Externalize code (>60%) and examples (>8 R3.1-R3.3 37.0%
blocks).
4. Content G8. Remove install instructions, changelogs, li- R4.1-R4.4 16.8%
censes, TODOs.
5. Safety G9. Remove credentials, user paths, -no-verify R5.1,R5.2,R5.6 5.8%
flags.
G10. Require confirmation for destructive ac- R5.4,R5.5 4.7%
tions.
6. Portabil- G11. No hardcoded models, platform paths, or R6.1-R6.4 5.8%
ity OS commands.
7. Identity G12. Do not redefine agent persona or override R7.1-R7.3 6.8%

prior instructions.

Progressive Enforcement: Defect Elimination Curve

100 r 100

80 I 80

g _
° X
Q -
| Minimal viable =
g 607 linter (G1+G4+G7) 60 g
E E
© Eel
g 407 H40 2
L A
E w
20 1 L 20

=@~ All defects eliminated (%)
Critical defects eliminated (%)
--A- Skills blocked (%)

N > A D > o > 5 A S " NZ
[ < [ S < S S & &
Cumulative guidelines enforced

Figure 5. Progressive enforcement: cumulative coverage of
observed defect instances as guidelines are added in order of
marginal defect coverage (not in the phase-ordered sequence
used in Table 2). The elbow at G1+G4+G7 marks the three-
rule lightweight linter.

G4, G7) acts as a fast deterministic gate before repair or
deployment.

Stage 3: Automated repair. Skills that fail linting en-
ter an LLM-based repair loop. Our repair experiment on
200 defective skills shows that providing the LLM with the
detected defect list and relevant guidelines fixes 58.4% of

detected defects while introducing only 0.06 new detected
defects per skill. Structural defects are repaired reliably, but
content-reduction defects remain difficult; heavily defective
skills should be regenerated rather than repaired.

Stage 4: Safety gating. In our repair experiment, some
safety defects (R5: hardcoded credentials, safety bypasses,
prompt injection, unguarded destructive commands) were
not repaired reliably, with 0% fix rate for bypass and injec-
tion defects. For that reason, safety checks should be non-
bypassable gates after repair and before deployment, with
R5 subcategories guiding context-aware review beyond key-
word matching.

6 Threats to Validity

Construct validity. Our defect detectors use regex-based
heuristics, which may produce false positives or false nega-
tives. We mitigate implementation risk through mutation-
style fixture tests and threshold sensitivity analysis, but these
checks do not capture every semantic context in which a skill
may be used. The risk is highest for the two most context-
dependent categories. R5.3 (prompt injection) catches lexical
patterns that can appear legitimately inside security-auditing
or red-team skills that deliberately discuss injection prompts.
R7.1 (persona redefinition) catches second-person framing
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such as “you are a...” that is appropriate in skills designed
to teach an agent a specialized role. A stratified manual
precision audit of these safety-critical detectors is the most
important construct-validity check we did not run, and we
flag it as the first item of follow-up work; the headline 91.8%
number is robust to it because R5 and R7 contribute only a
small share of the all-category count, but per-category R5/R7
prevalence should be read as upper bounds. The 91.8% fig-
ure also bundles defects of very different severity—cosmetic
findings such as name-as-heading duplication (R2.4, 44.3%)
are counted alongside shipped credentials—so we addition-
ally report the Tier 1 89.3% number throughout and discuss
severity prioritization in Section 5 so that the headline is
not read as “92% of skills are broken.” Ambiguous credential-
handling or persona-based skills may still be misclassified,
and downstream task success may depend on context be-
yond static file structure. Treating the official specification
as the reference also means that legitimate deviations from
the recommended format (narrative-style skills, longer-than-
recommended bodies that remain actionable) can be labeled
as defects when they may work well in practice; the distinc-
tion between Tier 1 (spec) and Tier 2 (best practice) is partly
motivated by this asymmetry, and we recommend reading
defect counts as static-analysis findings rather than as direct
evidence of task-time failure.

Internal validity. Some detected “defects” may be inten-
tional design choices (e.g., persona redefinition for special-
ized skills). We separate spec violations from best-practice
recommendations and report prevalence rather than norma-
tive claims. The repair experiment uses GPT-40-mini and a
sample of 200 skills; stronger models may perform differently,
and the per-category fix rates (notably the 0% for R5.2 bypass
and R5.3 injection) are based on small per-category subsam-
ples that we therefore use only to motivate the safety-gating
stage, not to argue precise repair-rate point estimates. Plat-
form and Al-marker analyses identify ecosystem patterns,
but the underlying authoring process is not directly observed.
The cross-platform comparison (Figure 3) further rests on
the 41.7% of skills that file paths allow us to attribute; the
remaining 58.3% land in generic skills/ paths and are ex-
cluded from per-platform statistics, so platform-level claims
should be read as conditional on the attributable subset.

External validity. Our dataset is limited to public GitHub
repositories and the agentskills.in registry; enterprise skills
may differ. The top 5 repositories contribute 23.5% of skills;
we report both aggregate and per-repository statistics. Plat-
form attribution via file paths is approximate because generic
skills/ paths (58.3%) cannot be attributed to a specific plat-
form.

Functional generalization beyond BM25 and beyond
R1. The routing stress test isolates the discovery stage of
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reuse with a BM25 retriever (Section 3.4); production har-
nesses use LLM-based selection over the full description set,
so the absolute Hit@1 numbers should not be read as produc-
tion routing performance, and the gap between routing-clean
and routing-defective skills may compress under semantic
selection. We also do not run end-to-end task benchmarks for
R2-R7; their operational impact is supported only indirectly
through GitHub-issue corroboration, our repair experiment,
and prior work [4, 9, 11]. Extending the stress test with an
embedding reranker, an LLM selector, and a harness-level
benchmark over the remaining defect categories is a primary
direction we intend to pursue in follow-up work.

Reliability. The specification is evolving; rules grounded
in the current version may not apply to future revisions. We
document the spec version and detection logic for repro-
ducibility.

7 Conclusion

We studied what keeps public Agent Skills from becoming
reusable agent capabilities. Across 138,133 public SKILL .md
files, 89.3% violate at least one official-specification rule and
91.8% contain at least one detected reusability defect under
our baseline detector, with the finding stable under lenient
and strict thresholds. Routing is the clearest functional bot-
tleneck we isolate: skills with clean routing metadata are
retrieved more reliably than those with routing defects from
the startup description surface under a BM25 lexical baseline;
an LLM-based selector may compress this gap, and we treat
lexical retrieval as a lower-bound probe of discovery-stage
reuse.

These findings lead to a four-stage quality-assured gen-
eration workflow: spec-aware prompting, lightweight lint-
ing, automated repair, and safety gating, supported by static
analysis, routing stress testing, enforcement simulation, and
repair experiments on our dataset. The workflow addresses
the practical reality that self-generated skills currently pro-
vide little average benefit by embedding routing, structure,
resource organization, and safety checks into generation
itself.

Data Availability. Our dataset (138,133 skills, CC-BY-
4.0) and all analysis scripts are publicly available at https:
//huggingface.co/datasets/FayeZC/SkillMD-138K.
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