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Abstract

In a matter of months, skills have taken the agent ecosystem by storm: major LLM agent platforms
(e.g., Cursor, Claude Code, Antigravity, Coze) now support skills natively, and skill counts across
domains are growing at a breakneck pace. Although skills initially served as on-demand prompts
to avoid excessive prompt context length, they differ fundamentally from conventional prompts in
three respects: (i) skills embody locality: the very presence of a skill implies repeated reuse; (ii) skills
encode concrete scenarios, yielding stronger determinism and verifiability than generic prompts; (iii)
skills exhibit common requirements on the runtime environment, enabling systems to serve skills more
effectively. These properties thus present both new opportunities and new challenges for system design.
This paper surveys nearly 100,000 skills from public repositories and analyzes skill characteristics along
the dimensions of structure, execution patterns, and system requirements. We argue that skills have
become a new form of application and impose new demands on the underlying system; these demands
will give rise to a new system abstraction, Skill OS, that treats skills as first-class execution artifacts and
addresses caching, execution environment construction, global skill management, structured failure
handling, and runtime security enforcement.

Keywords: LLM agents; operating system

1. Introduction

Agent skills are gaining rapid adoption as an extension mechanism for LLM-based systems.
Mainstream coding agents such as Cursor [12], Claude Code [5], Google Antigravity [17], and Coze [11]
support skills natively; open specifications and community repositories [1,2,4,34] are driving rapid
growth in the number and variety of skills. In practice, a skill bundles triggering metadata, procedural
guidance, and optional resources such as scripts, references, or templates [3], turning general-purpose
models into task-specialized agents. Unlike one-off prompts, skills are designed for reuse (locality),
often encode concrete workflows with verifiable steps (determinism), and share recurring needs for
tools and runtime support (environment requirements); these traits open opportunities for system-level
optimization but also impose demands that prompt-only pipelines do not address.

Most deployments, however, still treat skills as prompt-time text [3]: the system selects one or more
skills, concatenates their bodies into the context window, and relies on the model to re-synthesize an
execution procedure while calling tools. This prompt-centric design leads to four recurring problems.
Low reuse under small variations—even for the same procedure, LLMs often produce plans that are
semantically equivalent but differ in minor operational details (e.g., step order, tool arguments),
defeating exact matching and preventing reuse of previously validated traces [45]. Token waste in
prompt-specialized blocks—many skills contain code, scripts, or templates that must be specialized to the
current prompt and environment; regenerating these on every run wastes tokens, and once instantiated
they are natural candidates for caching. Fragility from external dependencies—skills depend on external
tools and services (shell, OS interfaces, databases, MCP endpoints) [39]; when dependencies fail,
executions often degrade into repeated, token-expensive trial-and-error [22]. Missing parallel safety—
skills increasingly run in multiple sub-agents or parallel branches; without explicit concurrency
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control, concurrent access to the same resource is common, and prompt-level instructions (e.g., “avoid
interdependent procedures”) are inadequate for strict safety.

This paper takes an empirical approach to understanding these challenges. We analyze nearly
100,000 skills from public repositories [2,4] to characterize recurring patterns in how skills are struc-
tured, executed, and reused. Our analysis reveals six key properties: skills are predominantly phased
procedures with natural step boundaries; many contain semi-deterministic blocks suitable for caching;
LLM-generated procedures exhibit semantic equivalence despite surface-level differences; skills impose
safety requirements (e.g., parallel-safety, idempotency) without enforcement mechanisms; execution
depends on external tools with high failure rates and substantial token overhead when dependen-
cies are missing; and skills are shared across sessions without global visibility for optimization or
management. These properties are largely underexploited by current prompt-centric systems.

The four problems share a common root cause: LLM-based execution is inherently non-
deterministic. Given the same skill and prompt, models may produce different plans, vary tool-call
order, or intermittently ignore safety constraints. This non-determinism undermines both correctness
and efficiency: without predictable behavior, the system cannot guarantee security properties or exploit
optimization opportunities such as caching.

Traditional operating systems solve an analogous problem: they introduce deterministic
abstractions—processes, virtual memory, file permissions—on top of complex, timing-dependent
hardware [13,25,40,41]. We argue that a Skill OS must play the same role for LLM agents: introducing
deterministic, enforceable boundaries at the interface between models and tools. Specifically, it must
address locality-aware caching, dynamically constructed environments, global skill management, structured
failure handling, and runtime security and auditing. We elaborate on these demands in §4 and position
SkillOS relative to format standards and orchestration efforts in §5.

Contributions. We make two contributions: (1) an empirical characterization of skill properties
from nearly 100,000 public skills, revealing six recurring patterns underexploited by current systems
(83); and (2) a set of system demands that motivate treating skills as OS-managed execution units (§4).

2. Background
2.1. From Prompts to Skills

The extension model for LLM agents has evolved through distinct phases [7,30]. Early applications
relied on prompt engineering; as complexity grew, system prompts provided persistent context [38].
Tool use (function calling) enabled external interactions but required custom integration [35,43,52].
The current phase centers on skills, i.e., modular, reusable packages that bundle procedural knowledge,
tool conventions, and resources [3]. Unlike ad-hoc prompts, skills are versioned, shareable, and
discoverable artifacts.

2.2. Skill Structure

A skill is typically defined in a SKILL.md file and comprises three components [1,3]: (1) metadata,
consisting of a concise name and description that serve as high-level indicators of the skill’s scope;
(2) instructions, the substantive body encoding procedural guidance, operational conventions, and
pointers to bundled resources; and (3) bundled resources, including scripts, reference documents, and
assets stored in separate files.

2.3. Skill Execution Model

Figure 1 shows the standard execution flow: agents discover skills at startup by scanning des-
ignated directories, select relevant skills based on user requests, load instructions into context, and
execute by interpreting steps and invoking tools [3]. To reduce token consumption, agents employ
progressive unfolding: metadata is loaded at startup, full instructions on selection, and resources only
when referenced [4]. This prompt-centric model treats skills as passive text interpreted anew each run,
which is simple but inefficient [33].
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Figure 1. Execution flow: discover, select, load, execute.

2.4. The Skill Ecosystem

Skills have become a de facto standard across major coding agents including Claude Code, Cursor,
OpenAl Codex, and Gemini [3,5,12,37]. The open agentskills specification enables portability:
a skill directory with SKILL.md (YAML frontmatter + Markdown instructions) works across these
platforms [1,2]. Community repositories host thousands of reusable skills for diverse domains [4].

3. Skills in the Wild

Based on an analysis of nearly 100,000 skills aggregated from public repositories, we identify
recurring patterns and commonalities. These properties are not fully exploited by current systems,
indicating missed opportunities for optimization.

3.1. Skill as a Procedure

Most skills explicitly specify multiple steps that decompose a complex, domain-specific problem
into a sequence of simpler, model-comprehensible tasks [10,16,48,51]. Within such procedures, exe-
cution is not restricted to a single linear control flow. It may also involve conditional branching and
iterative loops. Figure 2 shows how workflow structure is encoded in a skill.
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EXECUTING PLANS

STEP 1: LOAD AND REVIEW PLAN

1. READ PLAN FILE

2. REVIEW CRITICALLY - IDENTIFY ANY QUESTIONS OR CONCERNS
3. IF CONCERNS: RAISE THEM WITH YOUR HUMAN PARTNER

4. IF NO CONCERNS: CREATE TODOWRITE AND PROCEED

STEP 2: EXECUTE BATCH

Figure 2. A procedural skill.

To determine whether a skill can be classified as a procedure, we adopt a hybrid approach that
combines heuristic analysis with model-based judgment. We first identify indicative markers and
assign different weights to them based on their reliability. For example, markers such as ‘Phase N’
or ‘Step N’ are strongly associated with procedural structure and receive high weights. In contrast,
weaker indicators such as ordinal expressions (‘first’, ‘second’, etc.) are more prone to false positives
and are assigned lower weights.

Building on this heuristic filtering, we further employ a local language model to refine the
classification. An description of procedural patterns is embedded in the model’s system prompt,
enabling it to further filter and validate skills identified in the previous stage. As illustrated in Figure 3,
more than 50% of skills can be reasonably regarded as procedures.

Insight 1: A majority of skills can be identified as procedures.

Confidence Level
Very High (=6.0)
High (4.0-5.9)
Medium (2.5-3.9)
Low (1.0-2.4)
None (<1.0)

N=97754

Figure 3. Skill procedure confidence distribution based on weighted pattern matching. A majority of skills exhibit
explicit workflow structure with clear procedures and step boundaries (more than half fall into high or very high
confidence).
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3.2. Semi-Deterministic Blocks in Skills

In the skill design paradigm, the main body of a skill is intended to include only the essential steps,
while executable scripts should be stored as bundled resources so that they can be invoked directly
without being loaded into the model’s context. In practice, however, only fully deterministic scripts can
be cleanly separated in this way. Many skills still embed scripts, code fragments, or template snippets
that must be adapted to the specific prompt at runtime. We refer to these as semi-deterministic blocks.
As shown in Figure 4, the name of files are determined by the user’s input.

PYPDF - BASIC OPERATIONS

MERGE PDFs

from pypdf import PdfWriter, PdfReader
writer = PdfWriter()

for pdf_file in ["docl.pdf", "doc2.pdf", "doc3.pdf"]:
reader = PdfReader(pdf_file)

with open("merged.pdf", "wb") as output:
writer.writeCoutput)

SpPLIT PDF

Figure 4. A skill with semi-deterministic block.

Figure 5 shows that around 70% of skills contain such semi-deterministic blocks. Although these
blocks are partially fixed, they are nevertheless loaded in full into the context on every execution.
Insight 2: Many skills contain semi-deterministic blocks.

-
o
1

o
o
1

Cumulative Probability

20 40 60 80 100
Script/Code/Template Block Ratio per Skill (%)

o
o
o

Figure 5. Cumulative distribution of the fraction of tokens occupied by semi-deterministic blocks (scripts, code,

and templates) in each skill.

3.3. Execution Drift under Semantic Equivalence

In practice, the same skill may be loaded and invoked multiple times for the same task. For
example, an initial attempt to execute a procedure may fail due to missing file write permissions. After
enabling the required permissions, the identical task is re-issued. If the model were to generate an
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instruction sequence that is identical in both order and content for the two runs, the system could
simply replay the previously generated instructions.

However, even when processing identical prompts, large language models may produce outputs
that are semantically equivalent yet differ subtly in their operational steps (e.g., ordering, parameteri-
zation, or intermediate actions). These minor deviations hinder direct reuse via exact matching, as the
system cannot reliably treat the newly generated procedure as a strict replay of the prior execution
trace [45,47].

Insight 3: Two procedures with semantic equivalence may differ in operational details.

3.4. Requirements without Strong Guarantees

During execution, skills may be subject to certain requirements. As illustrated in Figure 6, the
dispatching-parallel-agents skill requires that agents’ tasks be free of mutual interference. Otherwise,
concurrency bugs may arise. In the current system, this requirement is enforced solely through the
model’s internal reasoning. Specifically, the model assesses potential conflicts based on high-level task
descriptions rather than concrete operational details. However, in practice, tasks that appear unrelated
at the semantic level may still interfere at the execution level [6,9,18,21].

DISPATCHING PARALLEL AGENTS

WHEN YOU HAVE MULTIPLE UNRELATED FAILURES,
INVESTIGATING THEM SEQUENTIALLY WASTES TIME. EACH
INVESTIGATION IS INDEPENDENT AND CAN HAPPEN IN PARALLEL.

DON'T USE WHEN:

~ FAILURES ARE RELATED (FIX ONE MIGHT FIX OTHERS)
~- NEED TO UNDERSTAND FULL SYSTEM STATE

- AGENTS WOULD INTERFERE WITH EACH OTHER

Figure 6. A skill with parallel-safety requirement.

Beyond this example, skills may also exhibit other crucial requirements, such as state consistency
requirements, which assume that certain system states exist prior to execution, and idempotency
requirements, which require skills to be safely re-runnable without unintended side effects.

Insight 4: Skills often impose critical requirements, yet lack strong enforcement guarantees.

3.5. Skill Dependence on Execution Environment

Some skills depend on external tools and system-specific APIs during execution [39]. As illustrated
in Figure 7, about 45% of skills rely on shell utilities such as grep, while 31% invoke operating system
APIs, including read and exec. In addition, a subset of skills utilizes database commands and network-
related APIs, further reflecting the diversity of external dependencies in skill execution. Although skills
may specify the dependencies that must be satisfied prior to execution, they rarely provide detailed
configuration guidelines for each dependency across different system environments. As a result,
missing dependencies and incompatible environments frequently lead to execution failures [24,29].
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Shell Commands 43,864 (44.9%)

OS Interfaces 30,414 (31.1%)

Network/HTTP _ 12,207 (12.5%)
Cloud Services 8,588 (8.8%)
Database 6,229 (6.4%)
0 10,000 20,000 30,000 40,000 50,000

Number of Skills Total skills analyzed: 97,755

Figure 7. Distribution of external API dependencies. Each bar shows the number (and percentage) of skills
referencing at least one dependency in the given category.

In current agent systems, dependency-related issues are primarily handled through the model’s
reasoning process, which attempts to diagnose and resolve missing dependencies at runtime [50].
However, this approach incurs additional token consumption. Based on our analysis of multiple
skills, we find that the absence of a single required dependency during execution leads to an average
overhead of tens of thousands of extra tokens, as shown in Figure 8.

B W/o Correct Dependencies

331.3k
B W/ Correct Dependencies

300k -

200Kk -

Token Count

100K -

Ok

PEFT Docker- Material Ul Motion-Vue AWS-Logs- Kafka-Event-
Architecture Query Driven

Figure 8. Token consumption with and without correct dependency across skills.

Insight 5: Skills may depend on execution environments, and unresolved dependencies lead to
failures and substantial token overhead.

3.6. Shared Skills Between Sessions

Some skills are not consumed in a single, one-off execution. Instead, they are repeatedly invoked
across multiple tasks and over extended periods [46]. For example, a software testing skill may be
reused during the development of different repositories, or a file organization skill may be applied
by a user at different times. However, in current agent systems, the model can only perceive and
reason about skills within the scope of current task context, and lacks visibility into their usage and
interactions at the system level. This absence of a global view leads to missed opportunities for
optimization and undermines effective skill management.
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Insight 6: Some skills are shared across sessions, but the model lacks ability to manage them
globally.

4. Demands for Skill OS

This section consolidates the core requirements for a Skill OS. Existing community efforts such as
the Agent Skills project [1,2] establish a portable skill format and discovery mechanism (e.g., SKILL.md,
YAML frontmatter, and cross-agent compatibility). Loaders such as OpenSkills [34] enable the same
skills to be installed and invoked across Claude Code, Cursor, Windsurf, Aider, Codex, and other
agents that read AGENTS .md, preserving progressive disclosure without tying skills to a single platform.
Recent systems such as AgentSkillOS [27,28] target skill retrieval and orchestration at scale: organizing
large skill pools (e.g., 90,000+ skills) into a capability hierarchy, retrieving task-relevant skills, and
composing them into DAG-based workflows.

By contrast, a Skill OS addresses execution, caching, concurrency, and safety at the system layer—
complementing both format standards and retrieval-orchestration layers with runtime support that
current prompt-centric agents do not provide. Analogous to how a traditional operating system
manages processes and allocates system resources, a Skill OS must similarly provide a dedicated
execution environment for skills, manage the tools and resources required by those skills, optimize their
execution efficiency, and ensure the safety and security of skill operations. The following subsections
elaborate in detail on these essential capabilities of a Skill OS.

4.1. Leveraging Skill Locality

When the same skill is invoked repeatedly, whether within a single session or across sessions,
its executions exhibit strong locality: a large fraction of the content processed by the model remains
unchanged between invocations. As noted in Insight 2, the semi-deterministic blocks embedded in
skills (code fragments, templates, and scripts) are loaded into the context in their entirety on every
execution, even though most of their tokens are invariant across runs. Meanwhile, Insight 3 shows that
even semantically equivalent invocations may differ in surface-level operational details, precluding
naive exact-match reuse.

A Skill OS should explicitly exploit this locality. Concretely, the system should identify and
cache the semantically stable portions of a skill’s execution trace, including semi-deterministic blocks,
resolved tool-call sequences, and intermediate artifacts, so that subsequent invocations of the same
(or semantically equivalent) skill can reuse these cached fragments rather than regenerating them
from scratch. The matching mechanism must operate at the semantic level rather than relying on
syntactic identity, thereby tolerating the minor operational drift. Analogous to caching in conventional
operating systems, this design avoids redundant model reasoning over content that has already been
processed, simultaneously reducing token consumption and improving execution latency for recurring
skill invocations.

4.2. Dynamic Environment Construction

As revealed by Insight 5, skills depend on execution environments, and unresolved dependencies
lead to execution failures as well as substantial token overhead consumed by the model’s attempts
to diagnose and recover at runtime. A Skill OS must therefore dynamically construct an appropriate
execution environment before each skill invocation, rather than leaving dependency resolution to the
model’s ad-hoc reasoning.

Constructing such an environment requires bridging two layers of information. On one hand,
the system must inspect the skill’s declared and implicit dependencies. On the other hand, it must
account for the underlying system’s actual configuration—which tools are installed, what versions are
available, and what access policies are in effect. By reconciling these two perspectives, the Skill OS can
assemble a per-invocation environment that binds each dependency to a concrete, validated resource,
catching incompatibilities and missing components before execution begins rather than surfacing them
as mid-run failures.
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4.3. Global Management Across Sessions and Agents

Current agent systems can only perceive skills within the scope of single task context and lack
visibility into how those skills are used elsewhere in the system. A Skill OS, by virtue of operating
at a higher privilege level than any agent, is uniquely positioned to serve as a global manager of skill
procedures. From this vantage point, the Skill OS maintains a system-wide view of all registered
skills. This global perspective allows the OS to determine which resources can be safely shared across
tasks, such as stateless utility skills or cached tool outputs, and which must remain isolated to prevent
interference, such as session-specific state or task-related data. By mediating access in this way, the
Skill OS enables efficient reuse of common skills while enforcing the necessary boundaries between
concurrent agents and sessions, thereby reducing redundant computation and preventing conflicts
across multiple agents.

4.4. System-Level Fault Management

In a conventional OS, the kernel intercepts hardware exceptions such as page faults and illegal
instructions, classifies them, and dispatches structured recovery actions on behalf of the faulting
process. Individual applications need not interpret raw hardware signals themselves. In current
agent systems, by contrast, when a tool call times out or an API returns an unexpected schema, the
failure surfaces as an unstructured error string that the model must diagnose and recover from. A
Skill OS should elevate this responsibility to the system level by intercepting and classifying common
execution-time faults for each skill and applying appropriate recovery policies.

Furthermore, just as an OS is able to suspend and resume long-running processes, a Skill OS can
leverage the procedural structure of skills to maintain logical checkpoints at step boundaries, allowing
execution to roll back to the most recent safe point after a mid-run fault [14]. This avoids re-executing
completed steps, limits repeated side effects, and reduces the token overhead of full restarts.

4.5. Security, Access Control, and Auditing

In current agent systems, security-critical requirements are expressed only in natural language
within the skill text and enforced solely through the model’s reasoning. As Insight 4 shows, such
prompt-level enforcement is inherently brittle. Tasks that appear safe at the semantic level may still
violate security invariants at the execution level.

A Skill OS must therefore elevate security enforcement to the runtime layer. Concretely, the
system should maintain a policy engine that specifies fine-grained access-control rules over tools, data
sources, and external systems on a per-skill, per-agent, and per-session basis [15,42]. Before each tool
invocation, the Skill OS should verify the calling skill’s permissions against the active policy, rejecting
unauthorized operations before they reach the underlying tool rather than relying on the model to
self-censor. This design supports least-privilege execution: a skill that only needs read access to a
repository should be unable to issue write operations, regardless of what its prompt text requests.

Beyond access control, the system should record auditable traces of all sensitive operations and
tool invocations, enabling post-hoc analysis, compliance verification, and accountability for how skills
interact with critical resources.

5. Discussion

A global OS view over skills. Treating skills as system-managed execution artifacts gives SkillOS
a global view of what different skills (and different models) are doing. The system can track tool-call
patterns, resource access, and execution histories, rather than just raw prompt text.

This global view enables cross-skill optimization. For example, different models may be used to
accomplish the same task and often perform overlapping steps: reading the same files, running the
same tests, or issuing the same database queries [31]. A system-layer scheduler can deduplicate these
operations, share cached artifacts, and enforce a unified set of concurrency and safety policies [20,44,49].
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Cross-skill reuse beyond exact matching. Because LLM-generated procedures may differ slightly
even under identical prompts, exact matching is insufficient for reuse. A Skill OS can identify reuse
opportunities at the level of semantic equivalence and typed tool calls, enabling cross-skill and cross-
model reuse even when the surface text differs [26].

One Skill OS, many models. As model ecosystems diversify, deployments will increasingly
mix models with different cost/latency/quality tradeoffs. SkillOS decouples system responsibilities
(caching, concurrency control, and exception handling) from any one model, allowing different models
to share the same cached artifacts and safety guarantees [8,36].

The shifting OS-application boundary. The boundary between operating systems and appli-
cations has never been static. Mobile platforms like Android exemplify the trend toward thicker
systems and thinner apps: applications delegate storage, networking, authentication, and Ul rendering
to platform services. Serverless computing pushes this further, reducing applications to stateless
functions while the platform handles scaling, scheduling, and fault tolerance. SkillOS continues this
trajectory for LLM agents: as skills become system-managed execution artifacts, the “application”
layer becomes a thin specification of intent, while the OS handles execution, caching, concurrency,
and recovery (Figure 9). In contrast to format-level efforts such as the Agent Skills specification [2],
which standardize what a skill is (structure, metadata, portability), SkillOS focuses on how skills are
executed, cached, and secured at the system level—the two layers are complementary. Systems like
AgentSkillOS [27,28] take a step toward skill-level management by enabling retrieval and orchestra-
tion over large skill pools (e.g., skill trees and DAG-based workflows); SkillOS further emphasizes
execution-layer concerns such as caching, concurrency control, failure handling, and security that
remain underexplored in current retrieval-orchestration frameworks.

The shifting system—-model boundary. A second boundary is emerging between what systems
manage and what models generate. Many real-world tasks are recurring, well-defined, and reusable,
such as generating a weekly report, validating a pull request, or deploying a service. These tasks
should not be regenerated from scratch on every invocation; instead, they should crystallize into
system-managed artifacts that improve over time. Unlike static function calls, SkillOS leverages
models to evolve these artifacts: refining procedures based on feedback, adapting to new tool versions,
and learning from execution traces. The result is a system that becomes faster and better with use, not
by retraining models, but by accumulating validated, reusable execution knowledge [19,23,32,46].

Stage 1: Stage 2: Stage 3: Stage 4:
EARLY C ERA SHELL / SCRIPT ERA GUI FRAMEWORK ERA | SKILL NATIVE OS ERA
(Android) (Current)
o:oo=l Bash/Python APP Java App Ski“ (Te.Xt)
5 | || ===- (e.g., Script: 10,000+ lines) (e-g. App: 1,000+ lines) (%8Sl JOGines el
5 iy prompt)
L ===
5 | |i|==-—-
Q. ——
<C — —
L
C Application
<| | (e-g, Smart Terminal App:
8| | 100,000+ lines of C) OS Kernel + Skill Native OS
g Shell/Scripting Engine OS Kernel + Android (with Foundational
- 0S Kernel Only Framework & GUI Large Model (LLM))

Figure 9. Evolution of operating system technology: OS gets thicker, apps get simpler. SkillOS extends this
trajectory to LLM agents.

6. Conclusion

Skill-centric LLM systems are becoming a common way to deliver reliable tool use and domain
expertise, but treating skills as prompt-only documentation leads to predictable inefficiencies and

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.1096.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 February 2026 d0i:10.20944/preprints202602.1096.v1

11 of 13

failures: repeated regeneration of prompt-specific blocks, brittle retries under external tool failures,
lack of strict parallel safety, and poor reuse when semantically equivalent procedures differ in minor
operational details.

Based on an empirical study of nearly 100,000 skills, we identify six key properties of skills in
the wild: procedural structure, semi-deterministic blocks, execution drift under semantic equivalence,
unenforced safety requirements, environment dependencies, and cross-session sharing. These observa-
tions motivate SkillOS, a system perspective that treats skills as first-class execution artifacts requiring
OS-level support for locality-aware caching, dynamic environment construction, global management,
first-class failure handling, and security enforcement.

The key message is that many properties needed for system support—phased procedures,
cacheable blocks, tool dependencies, and resource footprints—already exist implicitly in skills. A Skill
OS that makes these properties explicit is a path toward efficient, reliable, and scalable skill ecosystems.
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