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Abstract
LLM agents increasingly externalize procedural knowledge

into reusable skills: code, natural-language procedures,

SKILL.md packages, workflow graphs, or learned adapters.

This shifts adaptation from prompt or weight updates

to library updates that change what future policies can

retrieve, compose, execute, and trust. We survey a 94-paper

2023–2026 dynamic-skill audit set and argue that dynamic-

skill systems are best understood as lifecycle-managed,
verified, evolving artifact stores. The paper makes three

contributions. First, we extend the options-style 4-tuple

skill formalism to a 7-tuple ⟨𝐶, 𝜋,𝑇 , 𝑅, 𝜑, 𝜈,≺⟩ and a library

transition L𝑡+1 = Apply(𝑢𝑡 (𝜏𝑡 , 𝑟𝑡 ),L𝑡 ) described by a ten-

operator vocabulary. Second, we organize the corpus into

eight lifecycle stages and eight system families, separating

where each family invests engineering budget from what

failure mode it leaves behind. Third, we synthesize five

evidence-graded patterns—admission gates matter, verifier

quality is load-bearing in skill-aware RL, flat retrieval

can drop at moderate library scale, maintenance appears

load-bearing after growth, and write-time abstraction often

beats read-time alone—and translate them into a five-item

reporting checklist for future dynamic-skill papers. The

most consistent message across the literature is not that

more skills help, but that what enters the library, under

what gate, and with what abstraction is what determines

whether a growing store becomes a reusable capability

substrate or a polluted memory.

Keywords: LLM agents, agent skills, self-evolving agents,

skill libraries, lifecycle management

1 Introduction
LLM agents are moving from chat-style assistance into

operational workflows: they browse and manipulate web

interfaces, write and repair software, operate desktop

and computer-use environments, run multi-step research

pipelines, and assist domain workflows in recommendation

and medical imaging. Across these settings the bottleneck

is not whether the model can reason about a single task,

but whether the agent can reuse procedural knowledge

across recurring tasks instead of re-deriving the same

strategy in every context window.

Agent skills [7, 27, 60] answer this reuse problem with ex-

ternally invocable procedural artifacts. A skill may be a func-

tion, a SKILL.md package, a workflow graph, or a learned

adapter, but its role is the same: preserve a reusable way of

acting so that a future agent can retrieve, compose, and ex-

ecute it. By 2026, the ecosystem includes function-calling

schemas, MCP/plugin manifests, and registries with 10
4
–

10
5
artifacts [51, 77, 95].

The static-library failure mode. Many libraries are

still treated as static: authored once, versioned rarely, and

disconnected from the trajectories that reveal whether

a skill remains correct, useful, or safe. Static libraries

pay authoring cost per skill before knowing which skills

will matter; freeze an implicit verifier at authoring time;

concede a moderate-library-size retrieval drop; lose

the trajectory provenance that justified admission; and

assume the deployment distribution will not drift. Recent

work [3, 34, 48, 49, 53, 62, 74, 92] rejects all five of these

assumptions by treating the library itself as a learning

object.

Thesis. Dynamic-skill systems are lifecycle-managed,
verified, evolving artifact stores. Skills are created from

evidence, proposed as edits, verified, admitted, organized,

retrieved or composed, maintained, sometimes distilled,

and governed through provenance and rollback. Papers

differ mainly in which lifecycle stages they implement,

which signal drives edits, and where they place the verifier.

Relation to adjacent surveys. Three prior surveys

cover overlapping territory and we do not duplicate

their scope. SoK-Skills [27] systematizes agent-skill

terminology and the static 4-tuple options view; we adopt

and extend that 4-tuple with (𝜑, 𝜈,≺) to make library-level

dynamics expressible. Xu and Yan [77] provide a broad

position paper on agent skills, applications, and security;

we narrow the target to lifecycle-managed artifact stores.

Fang et al. [16] treat memory, prompt, weight, and tool

updates uniformly under a single self-evolution umbrella;

we restrict scope to externally invocable skill artifacts

and analyze their lifecycle in detail. Zheng et al. [94] is

memory-centric and emphasizes accumulation across

episodes; we focus on the gating, maintenance, and prove-

nance of artifacts that are meant to be invoked rather than

retrieved as context. Relative to these, the contributions
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specific to this paper are the operator vocabulary, lifecycle

architecture, evidence-graded patterns, and reporting

checklist; the master coding sheet (Appendix D) gives a

per-system audit trail adjacent surveys do not provide.

Contributions and scope. This paper makes three

contributions, drawing on a 94-paper 2023–2026 audit

set [27, 67, 91] assembled by iterative search and snow-

balling (Appendix A): (i) a 7-tuple skill plus a library-level

operator vocabulary (§2); (ii) an eight-stage lifecycle

architecture and an eight-family taxonomy (§§3–4); and

(iii) five evidence-graded patterns (§5) and a five-item

reporting checklist (§10). We treat classical options and

hierarchical RL [4, 14, 31, 47, 56] as background anchors

rather than corpus members, and discuss memory-only

agents and tool-use systems as boundary cases.

2 A Formal Lens for Dynamic Skills
The phrase “agent skill” covers at least six struc-

turally different artifacts: executable code (Voyager,

SAGE), SKILL.md packages (MetaClaw, Memento),

NL heuristics (ERL, EvolveR), parametric adapters

(SkillsCrafter, SKILL0), memory/trajectory items

(SimpleMem, MUSE), and capability labels (Co-Evolving-

Agents) [2, 30, 42, 45, 60, 62, 63, 69, 74, 78, 97]. We separate

terminology (Appendix B) from formalism: the formalism

extends the options-style 4-tuple from Jiang et al. [27]

with the minimum machinery needed to describe edits,

verification, lineage, and library-level change.

From the static 4-tuple to the dynamic 7-tuple.
Sutton et al. [56] model an option as ⟨𝐼 , 𝜋, 𝛽⟩, and Jiang et al.
[27] reinterpret this for LLM agents as S = ⟨𝐶, 𝜋,𝑇 , 𝑅⟩ with
applicability 𝐶 , executable policy 𝜋 , termination 𝑇 , and

reusable interface 𝑅. This is adequate for static libraries, but

a dynamic library requires three additional components:

S𝑡 = ⟨𝐶𝑡 , 𝜋𝑡 ,𝑇𝑡 , 𝑅𝑡 , 𝜑𝑡 , 𝜈𝑡 ,≺𝑡 ⟩. (1)

Here 𝜑𝑡 is the candidate-generation rule (deterministic

in some systems, a proposal kernel 𝑞𝑡 (S′ | S𝑡 , 𝑢𝑡 ) in

mutation-based systems such as CODE-SHARP [6]);

𝜈𝑡 is the admission predicate that decides whether a

candidate enters L𝑡+1 (a unit test in LATM, a grounded

rollout in SkillWeaver/EvoSkill, an ensemble judge in

Trace2Skill/AgentSkillOS, a symbolic audit in ASG-SI,

or a Bayesian utility prior in CODE-SHARP); and ≺𝑡 is a

partial order over versions that supports rollback (PSN’s

20%-success rollback gate [53]), maturity gating, and

provenance. Static libraries are the limiting case where no

update trigger produces an admitted edit, so L𝑡+1 = L𝑡

except for exogenous releases; an unconditional 𝜈𝑡 ≡ 1

with repeated Add would instead describe an unfiltered

append-only store. A worked end-to-end instantiation on

AutoRefine is in Appendix C.

Library-level dynamics. Write the library as

L𝑡 = {S (1)
𝑡 , . . . ,S (𝑁𝑡 )

𝑡 } ∪ M𝑡 with metadata M𝑡 (invoca-

tion statistics, call graphs, maturity labels). The transition

is

L𝑡+1 = Apply

(
𝑢𝑡 (𝜏𝑡 , 𝑟𝑡 ), L𝑡

)
, (2)

where 𝜏𝑡 is an evolution trigger (timer, task end, failure

event, user edit), 𝑟𝑡 is a learning signal (reward, NL critique,

judge score, cross-user aggregate, teacher), and 𝑢𝑡 is an

operator choice or short operator sequence drawn from the

ten-operator vocabulary

O = {Add,Refine,Merge, Split, Prune,

Distill,Abstract,Compose,

Rewrite, Rerank}.
The operator semantics are fixed throughout the paper:

Add inserts; Refine edits content without changing the

interface; Merge combines; Split factors; Prune removes

or quarantines; Distill compresses trajectories into a

skill; Abstract lifts a concrete procedure to a template;

Compose chains skills; Rewrite changes the body and

possibly the interface; Rerank changes retrieval priors.

Almost no method implements all ten; the supported subset

is one of the clearest taxonomic fingerprints (Appendix M).

What the lens separates. The 7-tuple separates skills

from tools and from memory. A tool is externally supplied

with a stable API; a skill is an artifact whose lifecycle is

managed by the agent. The same Python function or MCP

endpoint is a tool in one system and a skill in another if

the agent proposes it, verifies it for admission, stores lin-

eage, and later maintains or transfers it. Memory items are

passively retrievable context; skills are invocable, editable,

and admitted. The distinction is operational: what matters

is whether the artifact participates in L𝑡 → L𝑡+1.

Feasible (𝜑, 𝜈,≺) depends on artifact type. Equation 1

is an unconstrained schema; in practice the artifact type

narrows which gates and edit operators are realistic.

Executable code admits machine-checkable 𝜈 (unit

tests, sandbox rollouts, contracts) and per-line 𝜑 , but

cross-version ≺ requires explicit version control because

identical syntax is compatible with incompatible runtime

assumptions. Natural-language heuristics admit cheap

𝜑 but only indirect 𝜈 (downstream task success, judge

agreement), which is why retrieval-time effects dominate

the regularities for this family. SKILL.md packages combine

both: L1 metadata supports routing, L2 prose supports

judge-style 𝜈 , and L3 attachments restore execution-

grounded admission when present. Parametric skills move

𝜑 and 𝜈 onto a training timescale and trade per-skill

auditability for amortized inference; capability labels lack

a robust body against which 𝜑 can be validated, which is

why Table 5 (Appendix B) treats them as a boundary case.

The artifact type therefore determines which subset of the
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Figure 1. Dynamic skill systems as lifecycle-managed artifact stores. Interaction evidence drives proposal and verifica-

tion; admitted artifacts enter an evolving store L𝑡 , where retrieval and execution create more evidence. Maintenance repairs,

prunes, merges, or reranks the store; governance and provenance wrap the lifecycle; distillation and portability form a slower

side loop.

operator vocabulary is even available, before any choice

about which subset a given system implements.

3 The Lifecycle Architecture
A dynamic skill system observes interaction evidence, pro-

poses a skill or library edit, verifies the candidate, admits

it into a storage topology, retrieves or composes it at fu-

ture invocation, maintains it as the library ages, and records

enough provenance to support rollback, transfer, and gover-

nance. We decompose this into eight recurring stages (Fig-

ure 1).

The eight stages are: evidence acquisition (trajectories,

rewards, failure traces, user edits, cross-user signals,

external resources); proposal (turn evidence into a

candidate artifact or edit); verification & admission
(decide whether the candidate enters the library, and as

mature, tentative, quarantined, or rejected); organization
(flat index, hierarchy, DAG, invocation graph, ontology,

dual store, parametric subspace); retrieval & composition
(decide which artifacts influence the next action); mainte-
nance & repair (Prune, Merge, Split, Rerank, Refine,

Rewrite); distillation & portability (move knowledge

between artifacts, weights, agents, users, or domains); and

governance & provenance (lineage, authorship, safety

checks, release state, rollback handles).

The order is not a waterfall: many systems loop between

proposal and verification, retrieve before maintaining, or

distill only periodically. Each stage asks a different design

question, and a system that performs strong retrieval has

not necessarily solved admission. The most important

boundary in the lifecycle is between candidate and ad-
mitted state. Execution-grounded systems (SkillWeaver,

EvoSkill, SkillFoundry) place that gate at write time;

maintenance-heavy systems (AutoRefine, AgentSkillOS)

re-run it as the library ages; rollback systems (PSN) treat

admission as tentative until recent-task utility remains sta-

ble [3, 34, 49, 52, 53, 92]. Without operator-level provenance,

dynamic skills become append-only memories with a

more polished file format. A per-stage operator-and-failure

decomposition is in Appendix F.

Staged admission is the rule, not the exception. The
strongest dynamic-skill systems do not treat admission as

a binary accept/reject. A candidate enters a state with ma-

turity and rollback semantics: it may be tentative (admitted

under a probationary window where downstream success

is monitored), quarantined (admitted but blocked from

retrieval until further evidence accumulates), promoted
(graduated from tentative to mature after successful

invocations), demoted (kept in the library but ranked below

alternatives), or rolled back (reverted because the lineage
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relation ≺ identified a regression). PSN’s 20%-success

rollback gate [53], Agentic-Proposing’s maturity-gated

ensemble admission [29], and AgentSkillOS’s capability-

tree audits [34] are three concrete instantiations. This is

why the verifier 𝜈 in Equation 1 acts at admission rather

than at the moment of the edit: the same proposal can be

tentatively admitted under a weaker probationary verifier

and re-evaluated under a stricter audit before promotion.

A worked transition. A concrete AutoRefine-style

maintenance cycle [49] is illustrative. At time 𝑡 , the

agent runs a TravelPlanner trace and records evidence

𝜏𝑡 = Periodic, 𝑟𝑡 a critique plus utility log. The update rule

chooses an operator vector

®𝑢𝑡 = {(Refine, patch step),
(Merge, combine duplicates),
(Prune, quarantine low-utility)}.

Each realized edit yields a candidateS∗
. The admission pred-

icate𝜈𝑡 runs a rubric judge plus a replay test; if the candidate

passes, S∗
enters L𝑡+1 and ≺𝑡+1 records that it supersedes

earlier artifacts; if it fails, L𝑡+1 retains the prior version or

marks the candidate for review. The transition is not a sin-

gle append: it is a gated composition of Refine, Merge, and

Prune over a versioned store. This is what AutoRefine’s

maintenance-off ablation removes, and why the resulting li-

brary grows from 28 to 126 skills while utilization falls from

0.71 to 0.08 [49].

What counts as dynamic. We use dynamic for systems

with a non-trivial library transition L𝑡 → L𝑡+1, not for
any system that retrieves a skill at inference time. Retrieval

changes the context; dynamic update changes the store. A

method can therefore be skill-using without being dynamic,

and it can be dynamic in a narrow way if it implements

only one transition such as Add after each task. Lifecycle

maturity increases as systems add admission, maintenance,

lineage, governance, and two-timescale consolidation. The

taxonomy in §4 asks which subsets of those commitments

each surveyed system actually implements.

4 A Lifecycle Taxonomy
We organize the corpus along two axes that emerge from

the lifecycle: which artifact a family edits, and which sub-

set of the operator vocabulary it actually implements. Ta-

ble 1 groups the 94 systems into eight families. The full per-

systemmaster coding sheet (Appendix D) records seven cod-

ing fields per system; we emphasize here that they are not
orthogonal axes—artifact type constrains verification, stor-

age topology constrains maintenance, and update locus con-

strains the available signal. Three couplings summarize the

most visible coded patterns rather than proven causal laws.

The three couplings. Artifact–verifier: executable code

supports tests and rollouts; NL lessons and capability
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Figure 2. Lifecycle coverage across system families.
Cell intensity summarizes how centrally a family imple-

ments each lifecycle stage. Executable libraries concen-

trate around proposal/verification/admission; graph sys-

tems around storage/maintenance; two-timescale systems

around distillation; safety/governance around provenance.

labels rely on indirect downstream or judge-based checks;

parametric skills move verification onto a training

timescale. Storage–maintenance: flat stores make Add

cheap but Merge and Prune expensive; graphs and

hierarchies expose structure but require careful rollback.

Trigger–signal: task-end retrospection naturally supplies

critique, RL loops supply reward, user edits supply

ownership constraints, and deployment registries supply

aggregate utility. Appendix E reports aggregate operator

counts from the representative coding sheet; they support

these couplings qualitatively, but the current literature is

too heterogeneous for causal estimates.

The heatmap in Figure 2 makes the central observation

visible: families differ less in whether they “use skills” than

in which lifecycle stages they actually cover. Once skills are

packaged for registries, scanners, package managers, and

repository-context checks become part of the same taxon-

omy as routing and maintenance.

5 Mechanisms and Five Evidence-Graded
Patterns

Across the corpus, four mechanism choices are load-

bearing: which edits a system can make, how candidates

are admitted, how the resulting store is organized and

retrieved, and when external skills are consolidated

into slower stores. The choices are coupled—a wide edit

repertoire requires stronger verification, and distillation is

useful only when the fast-loop library is selective enough

to give a clean training signal. Within those mechanism

families, the corpus surfaces five patterns with different

evidence grades (Table 2). We reserve stronger language

for patterns backed by controlled ablations and use weaker

language where the evidence is benchmark-specific or

architectural.
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Table 1. Primary lifecycle taxonomy of dynamic skill systems. Families differ mainly in which lifecycle stages they

make cheap, verified, or governable. Operator footprint is drawn from the ten-operator vocabulary of Equation 2.

Family Dominant lifecycle stages Operator footprint Assurance bottleneck Representative systems / residual
failure

Retrospective lesson in-

duction

evidence → proposal → re-

trieval; task-end updates

Add, Refine, Abstract, Dis-

till

indirect via self-critique or

downstream success

ERL, RetroAgent, EvolveR, MUSE,

XSkill, SAGER; lesson drift, visual mis-

match

Executable PPVH

libraries

proposal → verify → admit →
execute

Add, Refine, Prune, Compose verifier coverage outside sam-

pled contracts

SkillWeaver, EvoSkill, CoEvoSkills,

SkillCraft, SkillFoundry, Skill-

Forge; verifier narrowness

Skill-aware RL evidence/proposal inside RL; op-

tional slow distillation

Add, Refine, Rerank, Distill verifier hacking, reward–skill

mismatch

SAGE, SkillRL, AgentEvolver,

CODE-SHARP, Tool-R0; reward mis-

specification

Graph / hierarchy sys-

tems

organization → maintenance

→ retrieval/composition

Split, Merge, Compose,

Rerank, Prune

rollback and structural-

validation cost

PSN, AgentSkillOS, SkillX, Graph

of Skills, GraSP; structure decay

Cross-user / registry

sharing

portability → retrieval → gov-

ernance across users/agents

Add, Refine, Merge, Rerank,

Prune

ownership, privacy, retrieval

quality, and compatibility

checks

SkillClaw, AutoSkill, SkillFlow-

2025, AgentDevel, EvoAgent;

dominant-user bias, leakage, retrieval

drift

Two-timescale inter-

nalization

fast external store → slow con-

solidation

Distill, Abstract, Prune,

Rerank

quality of the distillation win-

dow and probe

MetaClaw, K2-Agent, SKILL0,

SkillsCrafter, SELAUR; parametric

collapse

Lifecycle benchmarks measure proposal, patching, re-

trieval, repair

measures Add, Refine, Prune,

usage, quality gaps

evaluator realism, global-library

validity

SkillFlow-Bench, Wild-Skills,

SkillsBench [36], SkillLearnBench;

reveal failures, do not solve them

Governance / safety admission/invocation checks

plus provenance and release

review

Prune, quarantine, audit, roll-

back

attack coverage, defended-

system integration

ASG-SI, ClawSafety, SkillSieve,

Skilldex, MedSkillAudit; sparse

integration with live systems

R1: Admission gates matter. The supported claim

is not merely that filtering is useful; it is that where
and how the gate fires changes future library state.

CoEvoSkills [86] provides the cleanest verifier ablation:

removing the surrogate verifier drops SkillsBench pass

rate from 71.1% to 41.1% (Table B1, a 30-point effect).

EvoSkill’s Pareto-front selection over held-out validation

yields +7.3 and +12.1 absolute points on its two primary

benchmarks [3]. SkillWeaver’s practice+verify ablation

drops below the no-skill baseline on hard web tasks [92].

Maintenance-heavy systems (AutoRefine, AgentSkillOS)

report similar erosion when the gate is disabled [34, 49].

The exception is case-based memory (SimpleMem, parts

of MUSE [42, 78]), where admission is closer to relevance

filtering than quality control.

R2: Verifier quality is decisive in skill-aware RL..
The distinctive mechanism is persistence: a verifier does

not only score one rollout; it decides which artifacts

enter the future action space. The 30-point CoEvoSkills

effect; CODE-SHARP’s 24.30% → 41.02% gain under a

learned gate [6]; Agentic-Proposing’s verifier ensemble

improving problem validity from 68.7% to 82.3% [29];

Co-Evolving’s hard-negative gain [30]; and SELAUR’s

uncertainty-aware reward shaping [85] all point to verifier

design as one of the most load-bearing engineering choices,

often comparable in effect to the RL algorithm itself. In

execution-verified libraries, additional rollouts may have

diminishing returns relative to Prune and Rerank.

R3: Flat retrieval can drop at moderate library scale.
The strongest evidence is a controlled Single-Agent-

Skills size sweep; the broader claim is a skill-library

instance of a familiar retrieval signal-to-noise problem

rather than a new universal law. Single-Agent-Skills [35]

gives the clearest controlled curve (Figure 3); Wild-

Skills [44] shows a related failure under realistic

distractors and 34K-pool retrieval; SkillRouter [95] re-

quires full-text retrieve-and-rerank at 80K scale; Graph of

Skills [41] shows dependency-aware retrieval preserving

reward up to 2K skills. Hierarchy, DAG, and ontology

storage push the knee rightward; the literature has not

shown general removal.

R4: Maintenance appears load-bearing after growth.
This is the most domain-specific pattern but also the least

settled as a cross-paper causal claim. The cleanest direct evi-

dence is AutoRefine’s TravelPlannermaintenance-off abla-

tion: final pass rate drops from 35.6% to 31.1%, the repository

grows 4.5× from 28 to 126 skills, and utilization falls from

0.71 to 0.08 (Figures 2–3 of [49]). AgentSkillOS attributes

scaling to periodic capability-tree audits; Wild-Skills and

EffiSkill [65] show utility-based filtering beats added ad-

mission; PSN’smaturity gating loses its advantagewhen dis-

abled; SkillFlow-Bench [91] adds that weaker settings of-

ten fail by skill inflation rather than inability to write skills.

We treat maintenance as a well-motivated hypothesis with

one strong ablation plus convergent support, not as a settled

law.

R5: Write-time abstraction often beats read-time
alone. Retrospective induction during authoring usually
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library size

selection acc.

high

low

16 32 64 128 256

hier. / graph / rerank

𝜅≈50–100
Wild-Skills

34K pool

SkillRouter

80K rerank

GraphOfSk

200–2K

Figure 3. Retrieval-scaling evidence behind R3. The
blue curve renders the controlled Single-Agent-Skills

size-sweep pattern; the green dashed line summarizes the

hierarchy/graph/rerankmitigation family.Wild-Skills, Skill-

Router, and Graph of Skills push the failure rightward but

are not yet comparable under one shared harness.

outperforms read-time summarization. Trace2Skill’s

prevalence-weighted consolidation beats a read-time sum-

marizer baseline [48]. CASCADE’s write-time distillation

beats retrieval-plus-rerank [24]. SimpleMem’s Table 5

shows that removing write-time semantic compression

drops LoCoMo F1 from 43.24 to 31.29. XSkill’s Table 3

ablation shows that removing the Experience Manager

drops VisualToolBench Average@4 by 4.09 and removing

the Skill Manager drops it by 3.62, while read-time decom-

position/adaptation ablations are smaller [26]. The result is

cleanest under reasonably stationary tasks; non-stationary

deployments may need read-time adaptation layered on

top.

Cross-cutting observation: write-time discipline.
R1, R2, R4, and R5 are all forms of write-time discipline:
what enters the library, under what gate, and with what

abstraction. R3 and the focused-library effect (Appendix L)

argue that smaller can be better through two distinct

mechanisms—retrieval-resolution collapse and distractor-

load saturation—and the response is the same: invest in

Prune, Merge, and Rerank rather than only Add. The

recurrent failure of monotonic-growth systems is therefore

not a coincidence; it is the absence of a negative operator.

Lifecycle benchmarks repeatedly warn that skill usage is

not skill utility: SkillFlow-Bench reports Claude Opus 4.6

improving from 62.65% to 71.08% task completion under

skill evolution, while Kimi K2.5 gains only +0.60 points

despite 66.87% skill use, and GPT 5.3 Codex regresses by

6.02 points [91]. The same gap appears under realistic

retrieval: Wild-Skills [44] shows that curated skills lose

much of their advantage once distractors are added at

corpus scale, and that utility-based filtering can outperform

increased admission alone.

Convergent pattern: weaker backbones gain dispro-
portionately. A separate stylized fact is that several studies

report larger relative gains for weaker base models than for

stronger ones. SkillWeaver [92] closes a larger fraction

of the capability gap on weaker web-agent backbones;

MetaClaw [74] reports larger relative two-timescale gains

on weaker backbones in its setting; EvoSkill [3] reports

analogous gap compression; and Agentic-Proposing’s

headline result is on a 30B model, with a smaller relative

lift on the frontier teacher. We do not promote this to a

regularity here because the cross-paper evidence varies

in harness, context budget, and gain definition, but the

pattern is convergent enough to make a deployment-facing

prediction: dynamic-skill machinery is most likely to pay

off where weaker backbones or tight inference budgets

are the binding constraint, not primarily where frontier

models are already strong. XSkill’s Qwen transfer is the

caution [26]: transferred knowledge can raise Pass@4 by

encouraging exploration while lowering Average@4, so

the gain is sometimes a redistribution of rollout quality

rather than a uniform improvement.

Operator economy is set by the substrate. A practical

consequence of the storage–maintenance coupling is that

infrastructure choices predetermine which operators a

system can run continuously. Flat embedding indices

(EvoSkill, SkillWeaver, Agentic-Proposing) make Add

cheap but Merge and global Prune expensive; hierarchical

stores (AgentSkillOS, SkillX, Corpus2Skill) make Split

cheap but subtree Prune risky; DAGs (CODE-SHARP, PSN,

Graph of Skills, GraSP) make Compose auditable but

Prune structurally expensive because descendants may

depend on a removed node; ontologies (SkillOrchestra)

make category inheritance cheap but category-changing

Refine expensive. Three pipeline architectures recur: inline
editing (PSN, CODE-SHARP) requires an explicit version

store for rollback; log-and-apply (AutoRefine, AgentSkil-

lOS) stages the edit and commits only after admission;

shadow execution (MetaClaw, SKILL0) evolves a shadow

library while serving from the main one and cuts over

during a distillation window. The full operator-economy

table is in Appendix J.

6 The Evaluation Gap
A benchmark that reports only endpoint task success hides

the phenomena that define dynamic skills: skill inflation,

incorrect-skill drift, maintenance-off collapse, retrieval

knees, and usage without utility. Four metric families

dominate today: terminal pass@𝑘 , sample efficiency

to threshold, library-size and retrieval stress tests, and

lifecycle metrics (final skill count, file-kind composition,

skill-use rate, generated-skill quality, and the gap between

use and improvement) [26, 35, 44, 91, 95, 96].

6
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Table 2. Five evidence-graded workshop patterns. Evidence is strongest for within-paper ablations and weakest for archi-
tectural corroboration. Methods use different backbones, harnesses, and benchmarks, so cross-paper numbers are convergent

rather than pooled.

Pattern Grade Evidence pattern Design implication

R1. Admission gates matter A/B CoEvoSkills surrogate-verifier ablation 71.1% → 41.1%; EvoSkill

+7.3/+12.1; SkillWeaver ablation drops below no-skill baseline; Au-

toRefine, AgentSkillOS maintenance-gate ablations

Report admission policy, rejected candidates, veri-

fier failure modes

R2. Verifier quality is decisive in

skill-aware RL

A/B CODE-SHARP 24.30%→ 41.02%; Agentic-Proposing 68.7%→ 82.3%

via ensemble; Co-Evolving hard-negative gain; SELAUR uncertainty-

aware shaping

Treat verifier design as part of the method, not an

implementation detail

R3. Flat retrieval can drop at

moderate scale

B/C Single-Agent-Skills controlled 64–128-skill curve; Wild-Skills 34K-

pool degradation; SkillRouter 80K full-text rerank; Graph of Skills

200–2K dependency retrieval

Plot performance vs. library size; report storage

topology

R4. Maintenance appears load-

bearing after growth

B AutoRefine TravelPlanner: 35.6 → 31.1 final pass, 28→126 skills,

0.71→0.08 utilization; convergent support fromAgentSkillOS,Wild-

Skills, EffiSkill, PSN, SkillFlow-Bench

Measure repair quality and post-maintenance util-

ity; report negative-operator velocity

R5. Write-time abstraction often

beats read-time alone

A/B SimpleMem 43.24→ 31.29 (Table 5); XSkill −4.09/−3.62 Avg@4 (Ta-

ble 3); Trace2Skill; CASCADE

Place Abstract/Distill at write time, not only at

read time

Two quantities remain under-reported. Operator
velocity—counts of Add, Refine, Merge, Prune, and

Rerank per task or per dollar—is missing in almost every

method paper, which is why the velocity–soundness

tradeoff between PSN, CODE-SHARP, SkillMOO, and

Bilevel-MCTS [6, 18, 22, 53] cannot be compared quan-

titatively. Repair quality—whether a later patch actually

corrects a faulty abstraction—is exposed qualitatively

by SkillFlow-Bench and SkillForge [43] but lacks a

standard scalar. SkillFlow-Bench’s 166-task family-reset

protocol is the most lifecycle-aligned benchmark today,

but its family-local design leaves open how a single global

library behaves under heterogeneous workflows.

Cross-paper comparability is hard. Benchmark

progress does not yet make the literature head-to-head

comparable. Cross-operator comparison lacks operator

velocities. Cross-library-size comparison lacks smooth size

sweeps—only Single-Agent-Skills [35] and Graph of

Skills [41] report controlled curves. Cross-backbone com-
parison is confounded by model, harness, context length,

and tool surface, even in useful early transfer studies

such as CoEvoSkills and XSkill. Cross-task-distribution
comparison remains immature: LifelongAgentBench [93]

and ProEvolve [33] provide adjacent protocols, but most

deployment papers still use bespoke task streams. A

trajectory-aware protocol should report the library as a

time series, with four elements: performance, skill count,

and retrieval quality at a grid of task indices or library

sizes; operator velocities; a drift schedule or family-transfer

condition; and a maintenance-off or repair-off ablation.

Appendix I records the full benchmark map.

7 Safety as a Lifecycle Stage
The April 2026 safety wave turns dynamic skills from a

prompt-injection concern into a software-supply-chain

problem. Skill artifacts combine natural language, code,

configuration, sometimes learned models, and social

provenance, so admission control, provenance, sandboxing,

and release governance must be lifecycle stages rather

than after-the-fact filters. Eight surfaces (Appendix K) are

specific to dynamic skill stores; we summarize four families

here.

Injection and supply-chain. ClawSafety [67] reports ma-

licious skill files as the highest-ASR injection vector (69.4%

averaged over backbones); Supply-Chain-Poisoning’s

DDIPE attacks bypass scanners 11.6–33.5% of the time

across 1,070 adversarial skills [50]; BadSkill bundles

backdoored models in skills with 97.5–99.5% ASR while

preserving benign accuracy [58].

Harmful-but-valid skills and scanner limits. Harmful-
SkillBench finds 4,858 harmful skills among 98,440

collected, and even implicit invocation can raise harm

scores [28]. SkillSieve filters 86% of skills at zero

API cost and reaches 0.800 F1 at $0.006 per skill [21];

Malicious-or-Not shows scanner-only classification

overstates risk—adding repository context reduces 2,887

scanner-flagged combinations to 0.52% remaining as

flagged [19].

Credential leakage and skill theft. Credential Leakage

reports 76.3% of credential-exposure issues require joint

NL+code analysis (debug logging accounts for 73.5%

of issues, because stdout is fed back to the LLM) [12].

SkillStealing demonstrates black-box extraction of

proprietary skill behavior with few interactions [66].

Domain release. MedSkillAudit [20] finds 57.3% of 75

medical research skills fall below their Limited Release

threshold (ICC= 0.449 vs. expert consensus). Attribution
and composition. Maintenance operators delete, merge,

split, and rewrite skills; without operator-level provenance,

later audits cannot reconstruct which artifact contributed

to a decision, and individually acceptable skills can be

harmful when chained [23]. A defended deployment needs

at least six governance primitives—an admission-time

7
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scanner combining static checks, LLM/rubric analysis,

sandboxing, and repository provenance; a package manifest

for dependencies, permissions, model artifacts, and allowed

tools; a runtime containment layer for stdout, filesystem,

and network channels; an operator-granular provenance

log for Add, Refine, Merge, Split, and Prune; a policy

and domain release gate; and a market governance layer

for ownership, takedown, and remediation—each tied to

a specific lifecycle stage. Table 3 summarizes the eight

surfaces with their quantitative anchors; per-surface detail

is in Appendix K.

Table 3. Eight safety surfaces specific to dynamic-skill
stores, with quantitative anchors.

Surface Quantitative anchor

1. Skill-file injection ClawSafety 69.4% ASR (highest of three vec-

tors) [67]

2. Supply-chain poisoning Supply-Chain 11.6–33.5% bypass over 1,070 skills;

BadSkill 97.5–99.5% ASR with backdoored bundled

models [50, 58]

3. Harmful-but-valid skills HarmfulSkillBench 4,858 of 98,440 skills (4.93%)

raise harm even under implicit invocation [28]

4. Credential leakage Credential Leakage 76.3% require joint NL+code;

debug-log channel accounts for 73.5% of issues [12]

5. Scanner limits / FP SkillSieve 0.800 F1 / $0.006 per skill; Mal-or-Not

drops 2,887 flagged skills to 0.52% with repository

context [19, 21]

6. Ownership / theft SkillStealing few-query black-box extraction [66]

7. Domain release MedSkillAudit 57.3% of 75 skills below Limited Re-

lease; ICC=0.449 vs. experts [20]

8. Attribution / composi-

tion

ASG-SI graph-level audit; SkillOrchestra typed

composition (partial) [23, 61]

8 Open Problems
The five evidence-graded patterns constrain the next

research agenda. We state five open problems below, each

with an evidence-basis tag and a concrete first experi-

ment; Appendix L adds three further infrastructure-level

problems with the same structure.

1. Compositional verifiers and grounded mainte-
nance schedules. (extrapolated.) Probe-set rollback

validation (PSN) and learned judges (CODE-SHARP)

cover different defect classes; no method composes

them. Maintenance schedules are engineering defaults;

deriving when to invoke Prune, Merge, or Distill

from monitored quantities (admission rate, drift rate,

retrieval entropy) is open. First experiment: replace one

CODE-SHARPmutation with a PSN-style rollback-gated

variant and measure the velocity-vs-admission frontier;

derive an optimal maintenance frequency from a cost

model and compare against the periodic-distillation

defaults of MetaClaw and SKILL0.

2. Admission under non-stationary task distributions.
(extrapolated.) Yesterday’s verifier becomes a poor predic-

tor of today’s utility; existing systems (SkillClaw, Au-

toSkill, MetaClaw) evict but do not adapt the verifier

itself. First experiment: wrap a skill-aware RL verifier in

a utility tracker that shifts the admission threshold from

downstream success, then test on a planted distribution-

shift benchmark; the obstacle is that no such benchmark

currently exists.

3. Parametric collapse under repeated distillation.
(speculative.) No two-timescale system runs long

enough to test whether each distillation window biases

proposals toward what the model just absorbed; the

missing evidence is long-horizon proposal diversity.

First experiment: run any two-timescale system for 10×
its reported distillation windows and track proposal

diversity; the obstacle is compute budget for long

horizons.

4. Retrieval and portability beyond the moderate-size
knee. (measured at moderate scale; extrapolated to mar-
ketplace scale.) Hierarchy, DAG, ontology, and routing

push the 64–128-skill knee rightward but do not prove

general removal at 10
4
–10

6
skills. Cross-library portabil-

ity adds a parallel question: when is a skill authored on

agent 𝐴 safe and useful on agent 𝐵? CoEvoSkills re-

ports broad cross-model transfer; XSkill reports mixed

multimodal transfer. A compatibility theory should pre-

dict outcomes before evaluation. First experiment: eval-
uate learned routing, graph retrieval, skill compilation,

and hybrid parametric–retrieval at 10
4
–10

6
skills; extend

transfer studies into a controlled cross-product of author

backbone, receiving backbone, harness, and tool API.

5. Honest dynamic benchmarks with provenance.
(measured benchmark gaps; extrapolated integration.)
SkillFlow-Bench captures temporal patching; Wild-

Skills captures retrieval realism. The open problem

is to combine them while reporting global-library

trajectory, operator velocity, and usage-vs-utility, all

under operator-level provenance compatible with

10
2
–10

3
fast-loop edits per day [12, 19, 21, 23]. First

experiment: combine the SkillFlow-Bench sequential-

patch protocol with Wild-Skills retrieval realism and

report all three quantities under ASG-SI-style audited

provenance; the obstacle is standardizing a shared

global-library protocol across task families.

The first three problems improve algorithms inside exist-

ing mechanism families and are tractable for a single team.

The last two require community infrastructure for portabil-

ity, governance, and trajectory-aware benchmarks. Method

papers and infrastructure papers should therefore be judged

together: dynamic skills will not mature if algorithms im-

prove inside isolated libraries while portability, provenance,

and benchmark realism lag behind.

9 Limitations
The corpus is frozen at the April 24, 2026 cutoff

and assembled by iterative search and snowballing

8
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rather than a single PRISMA-style query; false neg-

atives are likely for unpublished systems, product

documentation, non-English papers, and papers using

“tool/memory/workflow/curriculum” terminology without

the word “skill”. The evidence is heterogeneous and still

maturing: most primary systems are 2025–2026 preprints,

and few have independent replications. A verifier ablation

is stronger than a single benchmark score; a registry-scale

measurement is stronger evidence for a deployment

surface than for a remedy. The lifecycle framing fits

artifact-store systems best; purely parametric methods

fold proposal/verification/admission into a training loop,

and memory-only methods may not form an invocable

interface. The operator vocabulary is intentionally coarse

and taxonomic rather than a mathematical algebra: it

does not model edit dependencies (a Refine that triggers

downstream Prune, a graph rewrite that changes both

retrieval and composition semantics, or a stochastic

proposal distribution that emits many candidates before

one is admitted) or hierarchical edits where one library

transition triggers another. Most claims are architectural

rather than causal, and we deliberately provide no

quantitative cross-paper leaderboard—backbone, harness,

context budget, and evaluator vary too much for pooled

effect sizes to be meaningful without a shared harness.

10 Reporting Standard and Conclusion
Externalizing procedural knowledge turns the skill

library into part of the learning system: it has state,

update rules, selection pressure, maintenance costs, and

safety constraints. The lifecycle view, the time index, the

write-time discipline pattern, and operator pluralism are

now well supported in the literature; the claim that scaling

is solved is not. Hierarchy, DAG, ontology, routing, and

orchestration push the retrieval knee rightward without

removing it; cross-library portability, provenance, and

benchmark honesty remain open.

For the next wave to become comparable, dynamic-skill

papers should report the five quantities in Table 4.

Method papers should identify which lifecycle stages

they implement and which they only assume; report

operator velocities and library trajectories rather than

only final task success; include repair-, maintenance-,

or admission-off ablations when those stages are part

of the method; distinguish skill usage from skill utility;

and (for infrastructure or safety substrates) state which

operators their substrate makes cheap, expensive, blocked,

or auditable. Safety papers should additionally evaluate

admission, composition, and provenance surfaces rather

than treating skills as ordinary prompt files. If these

quantities become standard, the next survey can make

quantitative cross-method claims that this one deliberately

avoids.

Table 4. Five-item reporting checklist for dynamic-
skill papers. Each item corresponds to a reporting gap ob-

served in the surveyed corpus.

Item What to report Minimum decision
criterion

1. Lifecycle stages Realized vs. assumed stages:

evidence, proposal, verification,

admission, storage, retrieval,

maintenance, distillation, gov-

ernance

A reader can locate the

claimed library transi-

tion

2. Operator velocities Counts and costs for Add,

Refine, Merge, Prune,

Rerank; | L𝑡 | over time

At least one trajectory

plot or table, not only fi-

nal size

3. Gate / repair abla-

tions

Admission-, maintenance-,

repair-, or verifier-off compar-

isons

Ablation targets the life-

cycle stage claimed as

contribution

4. Use vs. utility Skill-use rate, downstream

gain, stale-skill and wrong-skill

rates

A used skill must be sep-

arable from a useful skill

5. Substrate economy Which operators the stor-

age/registry/runtime makes

cheap, expensive, blocked, or

auditable

Operator costs stated

qualitatively or quanti-

tatively

The checklist is a measurement standard rather than an

architecture. It asks each paper to expose the transition it

claims to improve: how many candidates were proposed,

rejected, admitted, used, repaired, made stale, or removed;

which verifier covered which admission boundary; which

provenance survivedmaintenance or distillation; andwhich

operator caused the measured gain. It also gives a negative

criterion. A system that only appends skills is incomplete

unless it controls retrieval pollution, stale entries, and un-

safe candidates; a system that only routes over a fixed store

is not yet dynamic unless the store can change; and a system

that claims lifelong improvement should expose the time se-

ries of library states.

Our position is conservative. Dynamic-skill research

should not claim that agents become open-ended simply

because they can write skills. It should claim progress when

the store changes in a measured, verified, and inspectable

way. That framing leaves room for code libraries, SKILL.md

packages, workflow graphs, registries, and parametric

consolidation while keeping the evaluation target stable:

the scientific object is the verified transition L𝑡 → L𝑡+1
and the evidence that justifies it, not the presence of a

directory named “skills.”
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A Search and Screening Procedure
The corpus was assembled by iterative database search and backward/forward snowballing rather than by a single PRISMA-

style query. We searched arXiv, Semantic Scholar, Google Scholar, OpenReview, and venue proceedings using combinations of

LLMagent skill, agentic skill, skill library, self-evolving agent, lifelong agent, skill routing, SKILL.md, agent skill safety, skill bench-
mark, and named-system queries discovered during snowballing. Candidates were screened first by title/abstract and then by

PDF when the abstract suggested a persistent artifact, skill-like package, evolving library, or skill-specific safety/evaluation

surface. We excluded papers whose only adaptation object was model weights, prompt optimization, generic tool use, or

episodic memory without an invocable interface, unless the paper directly evaluated how such artifacts become reusable

skills. The final workshop audit set contains 94 papers; the representative master sheet in Appendix D codes 82 systems

where the mechanism is concrete enough to assign all fields.

Inclusion criteria. Papers from 2023–2026 satisfying at least one of: (i) the paper proposes a mechanism that adds, edits,

prunes, distills, routes, transfers, or composes an agent skill artifact; (ii) the paper provides infrastructure or a benchmark that

changes how skill libraries are stored, retrieved, evaluated, or governed; or (iii) the paper documents a safety or deployment

failure mode specific to skill artifacts.

Boundary works. Treated as context rather than corpus members: SoK-Skills [27]; Xu and Yan [77]’s 2026 position paper;

MAGELLAN’s autotelic curriculum [17]; the Experience Compression Spectrum framework [89]; and adjacent surveys on

self-evolving agents [16] and lifelong LLM agents [94]. Classical options and HRL anchors [4, 14, 31, 47, 56] are cited but not

counted in the 94-paper corpus total. The April 24, 2026 cutoff is an audit boundary, not a claim that the field has stabilized.

Evidence grades. We grade evidence qualitatively.A: multiple controlled ablations or one clean ablation plus independent

corroboration. B: one controlled study or a strong benchmark/deployment measurement. C: convergent benchmark behavior

without a clean causal ablation. D: architectural corroboration only. We avoid cross-paper leaderboards unless the harness is

shared, because backbone, tool surface, context budget, and evaluator often change together.

Note schema and conflict resolution. Each paper was read into a common note schema: problem framing, mechanism,

control action, experimental setup, headline results, ablations, limitations, closest peers, survey takeaway. When duplicate

notes disagreed, conflicts were resolved against the PDF. The audit was not independently double-coded and therefore does

not report inter-coder reliability; we instead expose the coding sheet, evidence grades, and aggregate summaries below so

that disagreements can be traced to specific rows.

B The Six Senses of “Skill”
The terminology distinguishes artifact types; the formalism extends them with edit, verification, and lineage. Five dynamic

properties largely determine which triggers, operators, and signals a method can support: whether the artifact is executable,
editable in place, portable across models, inspectable by humans, and attached to a verification handle.
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Table 5. Six senses of “skill” across the surveyed methods. Y= fully satisfies; ∼ = partial / indirect; – = does not satisfy.

Method Sense Exec. Edit Port. Insp. Verif. handle

Voyager [60] Code Y Y ∼ Y unit test

LATM [7] Code Y Y ∼ Y unit test

AgentFactory [90] Code Y Y ∼ Y meta-agent

LIVE-SWE [72] Code Y Y ∼ Y rollout

SAGE [62] Code Y Y ∼ Y env. reward

ERL [2] NL lesson – Y Y Y indirect

RetroAgent [88] NL lesson – Y Y Y indirect

EvolveR [69] NL lesson – Y Y Y indirect

MetaClaw [74] SKILL.md Y∗ Y Y Y L3 code gate

Memento [97] SKILL.md+case Y∗ Y Y Y L3 code gate

Trace2Skill [48] SKILL.md Y∗ Y Y Y rubric judge

AutoRefine [49] SKILL.md Y∗ Y Y Y rubric judge

SkillFlow-Bench [91] SKILL.md patch Y∗ Y Y Y benchmark verifier

ABSTRAL [54] SKILL.md/doc – Y Y Y trace evidence

SkillsCrafter [63] Parametric Y† – – – behavioral probe

SKILL0 [45] Parametric Y† – – – behavioral probe

SELAUR [85] Parametric Y† – – – behavioral probe

LSE [11] Parametric Y† ∼ – ∼ behavioral probe

SimpleMem [42] Memory/traj. – ∼ Y Y indirect

MUSE [78] Memory/traj. – ∼ Y Y indirect

CASCADE [24] Memory/traj. – ∼ Y Y indirect

XSkill [26] Skill+exp. ∼ Y Y Y indirect

SkillFlow-2025 [32] Registry-retrieved skill ∼ – Y Y retrieval eval

Co-Evolving [30] Cap. label – ∼ Y Y none

GEA [68] Cap. label – ∼ Y Y none

∗
Executable when L3 attaches code or MCP resources.

†
Executable through the compatible base model.

C Worked Instantiation: AutoRefine as a Library Transition
The 7-tuple is intended to describe concrete system behavior. Consider an AutoRefine-style maintenance cycle [49]. A skill

document in the current library can be written as

S (𝑖 )
𝑡 = ⟨𝐶𝑡 , 𝜋𝑡 ,𝑇𝑡 , 𝑅𝑡 , 𝜑𝑡 , 𝜈𝑡 ,≺𝑡 ⟩,

where 𝐶𝑡 is the task or state description under which the skill should be retrieved, 𝜋𝑡 is the SKILL.md instruction body plus

optional executable helper, 𝑇𝑡 is the success/failure or budget condition observed during use, and 𝑅𝑡 is the call signature or

natural-language invocation handle.

14



They Are Not Static: A Survey of Dynamic Agent Skills Skills Workshop ’26, 2026,

One step. After a trajectory exposes a failure or redundancy, the trigger is 𝜏𝑡 = TaskEnd or Periodic, and the signal 𝑟𝑡 is

a critique, execution trace, or downstream utility measurement. The update rule chooses an operator vector such as

®𝑢𝑡 = {(Refine, patch ambiguous step),
(Merge, combine duplicate routines),
(Prune, quarantine low-utility skill)}.

Each realized edit yields a candidate S∗
. The admission gate evaluates 𝜈𝑡 (S∗) using the method’s judge, execution feedback,

or consistency checks. If the candidate passes, S∗
enters L𝑡+1 and ≺𝑡+1 records that it supersedes or merges earlier artifacts; if

it fails, L𝑡+1 retains the prior version or marks the candidate for later review. The transition is therefore not a single append:

it is a gated composition of Refine, Merge, and Prune over a versioned artifact store.

What the lens makes auditable. Every claim is exposable: how many candidates 𝜑𝑡 proposed, how many 𝜈𝑡 rejected,

how often admitted skills were retrieved, which failures triggered maintenance, and whether the next library state L𝑡+1
improved future tasks. The same decomposition applies to NL procedures (verifier→ replay or judges), workflow graphs (→
dependency consistency), and skill-aware RL (→ reward/verifier quality).

D Master Coding Sheet
Table 6 instantiates the seven coding fields of §4 for representative systems. Cells use these abbreviations: Artifact: Code, NL,
MD = SKILL.md, LoRA, Mix; Clock: fast (in-context), slow (parametric), 2TS (two-timescale); Trigger : Task, Fail, Per (periodic),
User, RL; Operators: A=Add, R=Refine, M=Merge, S=Split, P=Prune, D=Distill, B=Abstract, C=Compose, W=Rewrite,

K=Rerank; Signal: Rew (env reward), Exec (execution feedback), Crit (NL critique), Judge, XUser (cross-user aggregation),

Teach; Storage: flat, tree, DAG, graph, subsp (subspace), ontol (ontology).

Table 6. Master coding table for representative dynamic-skill systems across the seven coding fields. The table is a
coding sheet that supports the lifecycle-family taxonomy of Table 1.

Method Cluster Artif. Clock Trig. Operators Signal Store Headline

Foundational
Voyager [60] Found. Code fast Task A Rew+Exec flat 3.3× items; 15.3× tech-tree

LATM [7] Found. Code fast Task A Exec flat Tool-maker beats few-shot

Skill-aware RL
SAGE [62] RL Code 2TS Task A,R Rew flat Skill-integrated RL on App-

World

SkillRL [73] RL Code slow RL A,D Rew tree Hier. skill-conditioned RL

AgentEvolver [82] RL Mix 2TS RL A,R,D Rew+Crit flat Self-question / navigate / at-

tribute

CODE-SHARP [6] RL Code 2TS Fail A,R,M,W Rew+Judge DAG 4 mutations + prereq DAG

Agentic-Prop. [29] RL Mix slow RL A,R,P,D,B,C Teach+Judge DAG 91.6% AIME-25 (30B, 11K traj.)

COS-PLAY [70] RL Mix 2TS RL A,R,P,D Rew flat Co-evolves decision + skill

bank

Heuristic / lesson memory
ERL [2] Lesson NL fast Task A,R Crit flat Task-end retrospective

lessons

RetroAgent [88] Lesson NL fast Fail A,R Crit+Judge flat Dual intrinsic feedback

MUSE [78] Lesson NL fast Per A,R,D Crit tree Long-horizon productivity

memory

EvolveR [69] Lesson NL fast Task A,R,W Crit flat Strategic-principle evolution

Memento [97] Lesson MD fast Task A,R,K Crit+Judge tree Case memory + SKILL.md

rerank

XSkill [26] Lesson Mix fast Task A,R,M,P,B,K Crit+Judge flat Visual dual skill/exp. store

SAGER [57] Lesson NL fast User A,R,W XUser flat Per-user policy skills for rec.

Executable skill libraries
SkillWeaver [92] ExecLib Code fast Task A,R,P Judge+Exec flat Propose-practice-synth.-hone

AgentFactory [90] ExecLib Code fast User A,R,C Judge DAG Subagents as evolvable skills

EvoSkill [3] ExecLib Code fast Fail A,R,P Judge+Exec flat Failure-driven + Pareto admis-

sion

CoEvoSkills [86] ExecLib MD fast Task A,R,B Judge flat Co-evolving verifier loop

PSN [53] ExecLib Code fast Fail A,R,M,W,K,P Crit+Judge graph 5 refactors + symbolic credit

SkillCraft [9] ExecLib Code fast Task A,C,R Exec+Judge DAG Verified compositional MCP

LIVE-SWE [72] ExecLib Code fast Task A,R Exec flat Runtime scaffold synthesis

CASCADE [24] Lesson Mix fast Per A,D,P Teach tree Scientific skill consolidation

SkillX [59] ExecLib Code fast Per A,S,B,K Judge tree Automatic hierarchical

library

continued on next page
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Table 6 (continued)

Method Cluster Artif. Clock Trig. Operators Signal Store Headline

Trace2Skill [48] ExecLib MD fast Task A,M,D Judge flat Prevalence-weighted consoli-

dation

SkillClaw [46] ExecLib MD fast User A,R,M,K XUser flat Cross-user skill evolution

AutoSkill [80] ExecLib MD fast User A,R XUser flat Training-free personalized

bank

AutoRefine [49] ExecLib MD fast Per A,R,M Crit+Judge flat Dual-form skills + mainte-

nance

MemSkill [87] ExecLib MD fast Task A,R,K Crit tree Meta-memory skill banks

Wild-Skills [44] ExecLib Code fast Per A,P,K Rew+Judge flat Utility under realistic retrieval

CUA-Skill [10] ExecLib Code fast Task A,B Exec flat Parameterized GUI skills

ABSTRAL [54] Infra MD fast Task A,R,C Crit graph Multi-agent design via

SKILL.md

SkillFoundry [52] ExecLib Mix fast Per A,R,M,P,B Exec+Judge tree Scientific contracts + prove-

nance

SkillForge [43] ExecLib MD fast Fail A,R,W Judge flat Failure diagnosis in cloud sup-

port

SkillMOO [18] ExecLib MD fast Fail R,P,K Judge+Exec flat Pareto pass/cost optimization

Bilevel-MCTS [22] ExecLib MD fast Per R,W Judge flat MCTS over package structure

Metasurface [25] ExecLib Mix fast Fail A,R Exec flat Physics-verified scientific

skills

EvoAgent [83] ExecLib Mix fast User A,R,K,C XUser+Judge tree Multi-file skills + delegation

MACRO [15] ExecLib Code 2TS Task A,C,D Rew+Exec flat Discovers composite medical

tools

Parametric / training-time
SELAUR [85] Param LoRA slow Fail D Rew(unc) subsp Uncertainty-reshaped fail-

rewards

SKILL0 [45] Param LoRA slow Per D,B Teach subsp Helpfulness-decaying curric-

ula

LSE [11] Param Mix slow Task D,R Rew subsp Trained prompt-context evo-

lution

SkillsCrafter [63] Param LoRA slow Per D,M,K Rew subsp LoRA bank + semantic sub-

space

K2-Agent [71] Param Mix 2TS Task A,R,D Rew+Teach tree Decl.-proc. co-evolution

MetaClaw [74] Param Mix 2TS Per A,R,D Rew flat Fast-skill / slow-weight adapt.

Co-Evolving [30] Param Mix slow Fail A,D,P Rew+Crit flat Hard-negative failure training

Agent0 [75] Param Mix 2TS RL A,D Rew flat Zero-data curric.-executor co-

ev

Tool-R0 [1] Param Mix slow RL A,D Rew flat Dual self-play for tool-use

SCALAR [81] Param Mix slow RL D,B Teach flat Co-adapt difficulty + env

ARISE [37] Param LoRA slow RL D,K Rew subsp Swarm PPO + PSO actions

EXIF [79] Param LoRA slow RL D,B Rew+Teach flat Exploration-first skill data

Infrastructure & governance
AgentSkillOS [34] Infra MD fast Per A,C,S,P,K Judge tree Capability tree + DAG orch.

SkillRouter [95] Infra Code fast Per K Judge flat Full-text retrieval 80K skills

SkVM [8] Infra Code fast User A,R,C Exec DAG Skills as compilable code

SkillNet [39] Infra MD fast Per A,K,P Judge graph Ontology + relation graph

SkillOrchestra [61] Infra MD fast Per K,C Judge ontol Skill handbooks for routing

SkillFlow-2025 [32] Infra MD fast Task K Judge flat Multi-stage community-skill

retrieval

SkillFlow-Bench [91] Eval MD fast Task A,R,P Crit+Judge flat 166 tasks / 20 task families

AutoAgent [64] Infra Mix 2TS Task A,R,C Crit+Judge DAG Evolves tools, peers, and self

AgentDevel [84] Infra MD fast User A,R,K,P XUser graph Release engineering + lineage

GEA [68] Infra Mix 2TS Per A,R,M Judge+Rew ontol Group-based framework evo-

lution

Single-Ag.Sk. [35] Infra Code fast Per A,M,D,P Judge flat Multi→single compilation

EffiSkill [65] Infra Code fast Per A,B,K Rew flat Mined operator skills

Graph of Skills [41] Infra Code fast User K,C Rew graph Dependency-aware retrieval

GraSP [76] Infra Code fast Task C,R Exec DAG Typed DAG composition + re-

pair

Skilldex [51] Infra MD fast User A,K,P Judge tree Package manager + scoped

registry

Corpus2Skill [55] Infra MD fast User A,S,K Judge tree Navigable enterprise QA skills

SkillRepoMining [5] Infra MD fast User A,B Judge flat GitHub repo mining to

SKILL.md

AgentSkills-Data [40] Eval MD fast Per K,P Judge — 40K+ public-skill ecosystem

study

SkillLearnBench [96] Eval MD fast Task A,R Judge flat Continual skill-generation

benchmark

Safety & audit
ASG-SI [23] Safety Mix 2TS Task A,R,P,D Rew+Judge graph Audited skill graph + verif. re-

wards

continued on next page
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Table 6 (continued)

Method Cluster Artif. Clock Trig. Operators Signal Store Headline

ClawSafety [67] Safety MD fast User P Judge — Highest-ASR vector in per-

sonal agents

Secure-Skills [38] Safety MD fast User P Judge — Lifecycle threat taxonomy

Supply-Chain [50] Safety MD fast User P Judge — DDIPE poisoning attacks

SkillSieve [21] Safety MD fast User P Judge — Hierarchical malicious-skill

triage

SkillAttack [13] Safety MD fast User P Judge — Automated attack-path red

teaming

BadSkill [58] Safety Mix fast User P Exec — Model-in-skill backdoors

CredLeak [12] Safety Mix fast User P Exec+Judge — Cross-modal secret leakage

HarmfulSkillBench [28] Safety MD fast User P Judge — Harmful-but-valid skills

SkillStealing [66] Safety MD fast User K Judge — Black-box skill extraction

Malicious-or-Not [19] Safety MD fast User P Judge — Repository-aware classifica-

tion

MedSkillAudit [20] Safety MD fast User P,R Judge — Medical release-readiness au-

dit

E Aggregate Patterns in the Coding Sheet
The master coding sheet is a representative coding artifact, not a statistical sample. Still, aggregate counts make the taxonomy

less anecdotal. Table 7 summarizes the most relevant distributions over the 82 fully coded representative systems.

Table 7. Aggregate patterns from the representative coding sheet. Counts are row-level operator mentions, so one

system can contribute multiple operators.

Coding aggregate Observed distribution Interpretation

Operator frequency A:56, R:42, P:29, K:23, D:22, C:12, B:11, M:10, W:6, S:3 Growth and local refinement dominate; negative and struc-

tural operators are rarer, matching the monotonic-growth

concern.

Family coverage ExecLib:22, Infra:17, Param:12, Safety:12, Lesson:8, RL:6,

Eval:3, Foundational:2

The corpus is no longer just executable libraries; infrastruc-

ture and safety are large enough to shape the taxonomy.

Flat-store operator mix Flat stores account for 32 A and 22 R mentions but only 9

P and 5 M mentions

Flat storage makes addition/refinement cheap but gives

weaker built-in support for pruning and merging.

Structured-store operator mix Tree/DAG/graph stores concentrate S/C/K/P relative to

flat stores

Structure buys compositionality and maintenance handles,

but raises rollback and dependency-management cost.

Safety rows Safety/audit rows mostly code P/K/R rather than A/D/C Safety systems focus on filtering, quarantine, and release

readiness rather than proposing new capabilities.
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F Lifecycle Architecture: Per-Stage Detail

Table 8. Lifecycle architecture for dynamic skill systems. Each stage carries a different design question, set of operators,

evidence sources, and characteristic failure mode.

Stage Design question / evidence Operators Failure

Evidence acquisition What observation justifies a library change (trajectories,

rubrics, visual rollouts, rewards, failure tickets, external re-

sources)

— noisy evidence, non-stationary utility

Proposal / externalization How is evidence converted into an artifact (retrospective

lessons, executable proposals, file patches, repository min-

ing)

Add, Abstract task-specific or overgeneral skills

Verification & admission What gate decides whether the candidate enters (execution

checks, Pareto admission, surrogate tests, multi-test valida-

tion, rollback validation, learned gates)

Refine, Rewrite plausible but wrong skills; verifier

hacking

Organization & storage Where does the admitted artifact live (capability trees, pre-

requisite DAGs, invocation graphs, ontology graphs, depen-

dency retrieval, scoped packages)

Split, Merge, Rerank flat-retrieval collapse, stale structure

Retrieval & composition Which skills affect the next action (80K routing, realistic dis-

tractors, dependency-aware retrieval, typed DAG composi-

tion, visual adaptation)

Rerank, Compose usage without utility, distractor load

Maintenance & repair How is the library kept compact and correct (prun-

ing/merging, dual-store consolidation, audits, maturity gat-

ing, failure diagnosis, inflation)

Prune, Merge, Refine,

Rewrite

unbounded growth, negative transfer

Distillation & portability What moves between artifacts, weights, agents (parametric

distillation, peer transfer)

Distill, Abstract parametric collapse, compatibility

failure

Governance & provenance Can edits be audited, attributed, and rolled back (audited

graph, release workflow, threat taxonomy, scanners, registry

studies, release audit)

logged Add–Prune sequence skill injection, leakage, attribution

loss

G Verification Architectures

Table 9. Verification architectures across the surveyed methods. Timing codes: W = write-time, I = invocation-time, M

= maintenance-time.

Form Time Admission Cost Cov. Methods

Execution tests / rollouts W hard high narrow Voyager, LATM, SkillWeaver, EvoSkill, LIVE-

SWE, SkillCraft, SkillFoundry, Metasurface,

MACRO

Judge-LLM / meta-agent W+M hard / Pareto medium medium Trace2Skill, CoEvoSkills, AutoRefine,

AgentSkillOS, SkillNet, SkillOrchestra, CODE-

SHARP, AgentFactory, SkillForge, MedSkillAu-

dit

Ensemble voting W+M maturity-gated medium wide Agentic-Proposing

Symbolic / audited W graph integrity medium wide ASG-SI

Rollback validation W+M Δ-success ≤ 20% medium behavioral PSN

Economic / utility I+eviction utility threshold low deferred Wild-Skills, EffiSkill

Security triage / red-team W+I quarantine / review medium adversarial SkillSieve, ClawSafety, SkillAttack, Supply-

Chain-Poisoning, BadSkill, Credential Leakage

Execution gates are precise but narrow: passing one contract does not prove broad transfer. Judge gates are broader but

vulnerable to evaluator drift and rubric hacking. Rollback gates directly measure behavioral regression on the probe set. Utility

gates are cheap and deployment-realistic but may admit harmful skills before evidence accumulates. Higher-capacity systems

use staged admission: tentative, quarantined, promoted, demoted, or rolled back rather than simply accepted or rejected.
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H Two-Timescale Decoupling Modes

Table 10. Two-timescale decoupling modes. SA = shared-artifact (fast and slow loops edit and distill the same textual

skill); SS = shared-signal; SC = shared-curriculum; SV = shared-verifier.

Method Mode Fast Slow Promoted on Slow trigger

K2-Agent [71] SA SKILL.md+case LoRA/adapter reward ∩ prevalence task end

MetaClaw [74] SA SKILL.md LoRA prevalence periodic

AgentEvolver [82] SS NL heuristic policy weights RL replay buffer RL update

Tool-R0 [1] SS tool proposals policy weights dual self-play reward RL step

SAGE [62] SS Python skill fn policy weights skill-integrated reward task end

COS-PLAY [70] SS skill-bank GRPO adapters rollout reward + utility co-evolution

Agent0 [75] SC code proposals executor weights coverage / curriculum co-evolution

SCALAR [81] SC env / curation policy weights teacher signal RL step

ASG-SI [23] SV audited graph policy weights audit-gated reward RL step

Memento [97] — SKILL.md+case (no slow loop) — —

LSE [11] — prompt context prompt+weight reward —

Co-Evolving [30] — code+critique policy weights hard-negative pool batch end

Agentic-Proposing [29] — skill proposals policy weights ensemble pass RL step

Two-timescale adaptation is not automatically superior. A noisy fast-loop library gives the slow loop noisy targets, so dis-

tillation can compress mistakes as well as discoveries. An over-conservative fast loop leaves useful knowledge external and

expensive. The open variable is the consolidation schedule: when to distill, what to distill, and whether the slow-loop result

should replace, augment, or merely rerank the external library.

I Lifecycle Benchmarks

Table 11. Benchmark coverage over dynamic-skill lifecycle dimensions.

Benchmark Primary lifecycle coverage Self-gen. Revision Trajectory Use→ utility

SkillsBench skill usefulness Y — — —

Wild-Skills realistic retrieval, 34K-pool distractors — — ∼ Y
SkillRouter full-text routing at 80K scale — — — ∼
Graph of Skills dependency-aware retrieval 200–2K skills — — — Y
LifelongAgentBench [93] lifelong sequences ∼ ∼ Y —

ProEvolve [33] programmable distribution shift — — Y —

SkillFlow-Bench 166 tasks, 20 families; patches, repair, reuse Y Y Y Y
SkillLearnBench continual skill generation, 20 verified tasks Y Y Y Y
ClawSafety skill-injection attack benchmark — — — Y
HarmfulSkillBench harmful-skill prevalence and invocation — — — Y
MedSkillAudit domain release-readiness audit, 75 skills — Y — ∼

A trajectory-aware protocol should report the library as a time series, with four elements: (i) performance, skill count, and

retrieval quality at a grid of task indices or library sizes; (ii) operator velocities for Add, Refine, Merge, Prune; (iii) a drift

schedule or family-transfer condition; (iv) a maintenance-off or repair-off ablation.

J Infrastructure Dimensions
Infrastructure choices predetermine which operator vocabulary is economical. The fast/costly asymmetry below is the core

point: storage topology and pipeline architecture decide which operators run at deployment velocity, which is why the

operator–storage diagonal of Table 6 is sparsely populated.

19



Skills Workshop ’26, 2026, Yubo Li

Table 12. Four infrastructure dimensions and their operator economy.

Dim. Class Reps. Fast ops Costly ops

Pkg.

SKILL.md SkillClaw, AutoSkill, MetaClaw, Skilldex A,R C

Tool schema MCP/plugin manifests A,C B

Skill+memory XSkill, Memento, SAGER A,K M,P

Compiled corpus Corpus2Skill, SkillRepoMining, SkillFoundry A,B P

Trajectory SimpleMem, MUSE A,K B,D

Storage

Flat embedding EvoSkill, SkillWeaver, Agentic-Prop. A M

Hierarchical AgentSkillOS, SkillX, Corpus2Skill S P

Graph / dependency PSN, CODE-SHARP, Graph of Skills, GraSP C P

Typed ontology SkillOrchestra C(typed) R

Market

Pull-model Skilldex A,K M

Push-model SkillClaw cross-user A M,P

Hybrid AutoSkill dual review A,K M,P

Security scanner SkillSieve, Mal-or-Not, CredLeak P R

Pipeline

Inline edit PSN, CODE-SHARP R,W P

Log-and-apply AutoRefine, AgentSkillOS P R

Shadow exec. MetaClaw, SKILL0 D R

Release audit MedSkillAudit, AgentDevel P R

K Eight Safety Surfaces in Detail
Li et al. [38] organize threats across creation, distribution, deployment, and execution; we map that phase structure onto the

operator-and-artifact-store formalism.

1. Prompt injection through admitted skills. ClawSafety [67] reports malicious skill files as the highest-ASR injection

vector (69.4% averaged across backbones). SkillAttack [13] shows the complementary red-team view: benign-looking skills

can become exploitable when an attacker refines prompts into attack paths.

2. Supply-chain poisoning at publication and installation. Supply-Chain-Poisoning [50] constructs DDIPE attacks

over 1,070 adversarial skills across 15 MITRE ATT&CK categories, with bypass rates from 11.6% to 33.5% depending on

defense, and 2.5% evading both static and alignment filters. BadSkill [58] bundles backdoored models with 97.5–99.5% ASR

while preserving benign accuracy.

3. Harmful but well-formed skills. HarmfulSkillBench [28] finds 4,858 harmful skills among 98,440 collected and

shows installed harmful skills can raise harm scores under implicit invocation. This is a policy-governance problem rather

than malware detection.

4. Credential and secret leakage. Credential Leakage [12] samples 17,022 skills from a 170,226-skill SkillsMP popula-

tion, identifies 520 affected skills and 1,708 issues, and reports 76.3% of cases require joint NL+code analysis. Debug logging

accounts for 73.5% of issues because stdout is fed back to the LLM.

5. Admission scanner limits and false positives. SkillSieve [21] filters 86% of skills at zero API cost and reaches 0.800

F1 at $0.006 per skill. Malicious-or-Not [19] shows scanner-only classification overstates risk; adding repository context

reduces 2,887 scanner-flagged combinations to 0.52% remaining as flagged. Admission gates need both content and prove-

nance/context analysis.

6. Ownership, confidentiality, and skill theft. SkillStealing [66] demonstrates black-box extraction of paid or propri-

etary skill behavior with few interactions, with substantial semantic leakage even when exact text recovery is low. The victim

may be a skill author or registry operator rather than the end user.
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Table 14. Eight open problems for the dynamic-skills agenda, each paired with a concrete first experiment and an
evidence-basis tag.

Open problem (basis) Concrete first experiment Likely obstacle

O1. Compositional verifiers (extrapo-
lated)

Replace one CODE-SHARP mutation with a PSN-style rollback-gated

variant; measure velocity-vs-admission frontier.

Different graph semantics (invocation vs prerequi-

site).

O2. Admission under non-stationary

distributions (extrapolated)
Wrap a skill-aware RL verifier in a utility tracker that shifts the admis-

sion threshold; test on a planted distribution-shift benchmark.

No such benchmark currently exists.

O3. Theoretically grounded mainte-

nance schedules (measured need; ex-
trapolated theory)

Derive optimal maintenance frequency 𝑓 ∗ from a cost model; compare

to periodic-distillation defaults in MetaClaw, SKILL0.

Bounds depend on unobserved drift rate.

O4. Parametric-collapse prevention

(speculative)
Run any two-timescale system for 10× its reported distillationwindows;

track proposal diversity.

Compute budget for long horizons.

O5. Retrieval scaling beyond the knee

(measured at moderate; extrapolated to
marketplace)

Evaluate learned routing, graph retrieval, skill compilation, and hybrid

parametric–retrieval at 10
4
–10

6
skills.

Apples-to-apples comparison across storage struc-

tures.

O6. Cross-library skill portability (mea-
sured + extrapolated)

Extend CoEvoSkills / XSkill transfer into a controlled cross-product

of author backbone, receiving backbone, harness, context budget, tool

API.

Tool/tokenizer/context mismatches; transfer can raise

Pass@4 while lowering Avg@4.

O7. Governance, provenance, and attri-

bution (measured attacks + partial de-
fenses)

Scale ASG-SI-style provenance + SkillSieve-style triage; log-based log-

ical undo vs cryptographic provenance vs snapshots at 10
3
edits/day.

Provenance and scanner overhead under high opera-

tor velocity.

O8. Honest dynamic benchmarks (mea-
sured benchmark gaps)

Combine SkillFlow-Bench sequential patches with Wild-Skills re-

trieval realism; report global library trajectory, operator velocity, usage-

vs-utility.

Standardizing a shared global-library protocol across

task families.

7. Domain-specific release readiness. MedSkillAudit [20] evaluates 75 medical research skills, finds 57.3% fall below

the Limited Release threshold, and reports automated-audit ICC(2, 1) = 0.449 against expert consensus.

8. Attribution loss and composition misuse. Maintenance operators delete, merge, split, and rewrite skills. Without

operator-level provenance, later audits cannot reconstruct which artifact contributed to a decision. Individually acceptable

skills can be harmful when chained. ASG-SI [23] is the closest surveyed system to graph-level audit; SkillOrchestra gestures

toward typed composition; neither closes the full provenance-plus-composition safety loop.

Six governance primitives. A defensible deployment needs (i) an admission-time scanner combining static checks,

LLM/rubric analysis, sandboxing, and repository provenance; (ii) a package manifest for dependencies, permissions, model

artifacts, network endpoints, allowed tools; (iii) a runtime containment layer for stdout, filesystem, network, bundled-model

channels; (iv) an operator-granular provenance log for Add, Refine, Merge, Split, Prune; (v) a policy and domain release

gate; (vi) a market governance layer for ownership, takedown, remediation, and abandoned-repository hijacking.

Table 13. Eight safety surfaces specific to dynamic-skill stores.

Surface Quantitative anchor Lifecycle control

1. Skill-file injection ClawSafety 69.4% ASR Parse, scan, verify before admission

2. Supply-chain poisoning Supply-Chain 11.6–33.5% bypass; BadSkill 97.5–99.5% ASR Sandboxing, signatures, dependency audit

3. Harmful-but-valid skills HarmfulSkillBench 4.93% (4,858/98,440) Scope, permissions, policy-aware retrieval

4. Credential leakage Credential Leakage 76.3% NL+code; 73.5% debug logging Static scanning + release gates

5. Scanner limits / false positives SkillSieve 0.800 F1 / $0.006; Mal-or-Not 0.52% remaining Repository context + provenance

6. Ownership / theft SkillStealing few-query extraction Access control, telemetry, provenance

7. Domain release MedSkillAudit 57.3% below release; ICC 0.449 Domain-specific rubrics

8. Attribution & composition ASG-SI, SkillOrchestra (partial) Operator-level provenance

L Eight Open Problems with Evidence-Basis Tags
The first four problems improve algorithms inside existing mechanism families. The last four require community infrastruc-

ture for portability, governance, and trajectory-aware benchmarks. Method papers and infrastructure papers should therefore

be judged together: dynamic skills will not mature if algorithms improve inside isolated libraries while portability, provenance,

and benchmark realism lag behind.
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M Operator Vocabulary Reference

Table 15. Ten-operator vocabulary for library transitions. This is a taxonomy for comparing systems, not a claim of

algebraic closure or associativity.

Op. Library transition Typical evidence Main risk

Add Insert a new artifact. Successful trace, demonstration, generated code. Bloat and unverified candidates.

Refine Patch an existing artifact in place. Failure replay, unit test, user correction. Overfit to one incident.

Merge Combine overlapping artifacts. Duplicate retrievals, shared subgoals. Loss of specialized preconditions.

Split Factor a broad skill into scoped pieces. Conflicting contexts or long procedures. Fragmentation, routing burden.

Prune Remove or quarantine low-value entries. Low use, failed verification, security scan. Deleting rare but important skills.

Distill Transfer artifacts into compact model behavior. Repeated skill use, curated trajectories. Loss of auditability.

Abstract Convert traces into reusable rules / templates. Repeated local lessons. Overgeneralization.

Compose Build a higher-order workflow from skills. Dependency graph, planner output. Hidden incompatibilities.

Rewrite Change representation or interface. Runtimemigration, API change, package format. Breaking callers.

Rerank Change retrieval priority without changing content. Usage logs, benchmark utility, recency. Popularity bias, stale winners.

A single update may combine several operators. For example, a failed workflow can trigger Refine on one step, Prune on a

stale dependency, and Rerank on the retrieval index. The library transition therefore decomposes as

L𝑡+1 = Admit𝜈𝑡 (Propose𝜑𝑡
(𝜏𝑡 , 𝑟𝑡 ), L𝑡 ),

followed by optional maintenance and distillation:

L′
𝑡+1 =Maintain(L𝑡+1), 𝜃𝑡+1 = Distill(𝜃𝑡 ,L′

𝑡+1).

N Minimal Skill-Record Metadata Schema
A stored skill should carry enough metadata that a reader can tell what was stored, why it was admitted, when it was used,

and how it can be repaired or removed.

Table 16. Minimal metadata for a lifecycle-managed skill artifact.

Field Purpose

Skill ID and version Identify the artifact and distinguish revisions.

Artifact type Code, procedure, graph, package, policy, memory abstraction, or distilled target.

Interface Inputs, outputs, runtime assumptions, dependencies, permissions.

Applicability context Conditions under which retrieval or execution is intended.

Source evidence Trace, demonstration, benchmark failure, user correction, prior skill.

Verifier record Tests, replay, judge scores, static scans, human review, known gaps.

Admission decision Accepted, rejected, quarantined, superseded, rolled back.

Lineage Parents, merged sources, split children, distilled targets, rollback handle.

Usage statistics Retrieval count, execution success, failures, stale periods, downstream tasks.

Safety metadata Secrets scan, dependency audit, policy scope, owner, sharing boundary.

This schema is not a universal package standard. Its purpose is to make claims about library evolution reproducible: another

reader should be able to run the same admission gate, reproduce the same retrieval, and roll back to the prior version.
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