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Abstract

LLM agents increasingly rely on externalized
skill libraries, yet existing maintainers typically
delegate skill editing to a prompted LLM, leav-
ing the question of how to train a skill main-
tainer open. We present REPAIRGATE, a 9B
drop-in wrapper around the standard candidate
patcher: a counterfactually-trained post-trial
gate accepts, blocks, or overrides each candi-
date patch, with a structured repair protocol for
field-level edits and overlap-aware regulariza-
tion to control library growth. Across six base
agents on SKILLFLOW (Zhang et al., 2026b),
REPAIRGATE delivers +7.73 pp over Vanilla
and +9.13 pp over prompted +Iter, with the
largest gains on the weakest base agents where
prompted iteration regresses, at a standardized
$0.033/trial local overhead on top of the shared
candidate-patching pipeline. Code and data:
https://github.com/xxy33/RepairGate.

1 Introduction

Autonomous agents increasingly accumulate
skills—reusable procedural artifacts that persist
across tasks (Wang et al., 2023; Zheng et al., 2025;
Anthropic, 2026). The pattern is standard in de-
ployed coding and data agents (Anthropic, 2025;
OpenAl, 2025): at inference the agent retrieves
relevant skills, and after each task a separate LLM
proposes edits to the shared library from the trajec-
tory and verifier feedback.

The maintenance gap. SKILLFLOW reports
three structural failure modes—drift, inflation, and
a repair gap (fixing bad skills, not writing them,
is the dominant bottleneck)—across 11 agent-
model stacks on 166 workplace tasks. Across this
landscape the editor is still typically a prompted
teacher; even SkillRL, the only prior RL ap-
proach in this space, trains a 7B policy to use
skills while leaving the editor prompted (Figure 1).
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Figure 1: The skill-library maintenance gap. Top:
prompted candidate patchers propose per-trial skill up-
dates, with frontier calls costing roughly $0.40/patch.
Middle: three failure modes from SKILLFLOW: drift,
inflation, and repair gap. Bottom: REPAIRGATE wraps
the candidate patcher with a trained 9B post-trial AP-
PLY/ABSTAIN/REPAIR maintainer, adding $0.033/trial
local overhead.

Our Opus 4.5 run surfaces 10 live binary-drift in-
stances (Ryith < Rwithout); a fine-grained Medical-
Data-Standardization rerun (Appendix C) reveals
the same mechanism below the binary level (per-
assertion pass 61% — 11%) even when aggregate
iter is overall positive (43.01 pp). Aggregate it-
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https://github.com/xxy33/RepairGate

eration thus leaves systematic residuals a trained
maintainer could remove.

REPAIRGATE. We present REPAIRGATE, a
9B Qwen3.5-LoRA (Qwen Team, 2026) policy
served via vVLLM (Kwon et al., 2023) and trained
with GRPO to jointly repair skills through a
structured repair protocol over SKILL.md, ab-
stain via a counterfactually-trained gate over
{APPLY, ABSTAIN, REPAIR} with asymmetric
penalties, and control growth via overlap-aware
reward regularization. The gate, repair protocol,
and overlap-aware regularizer respectively target
drift, the repair gap, and inflation.

Contributions.

1. Insight & Formulation. We formally decouple
skill drift detection from task resolution in agen-
tic lifelong learning. The detection meta-task
admits a counterfactual sign-classification for-
mulation under A§f = RVith  pwithout "making
skill repair tractable for a small trainable policy
without solving the underlying tasks.

2. Methodology. We propose REPAIRGATE, the
first RL-trained post-trial skill maintainer that
learns to accept, block, or override candidate
skill patches. It combines a counterfactually-
trained abstention gate with asymmetric drift-
cost penalties and a structured repair protocol
over SKILL.md that enables per-action attribu-
tion and ablation.

3. Performance & Efficiency. Across six base
agents on SKILLFLOW, the same 9B drop-
in wrapper delivers +7.73 pp over Vanilla and
+9.13 pp over prompted +Iter, outperforms five
skill-management baselines on Opus 4.6, and
adds a standardized $0.033/trial local main-
tainer overhead on top of the shared candidate-
patching pipeline.

2 Related Work

Skill libraries and lifelong skills. LLM agents
maintaining an explicit reusable skill library trace
back to Voyager and SSO (Nottingham et al.,
2024), with industrial instantiations in Claude
skills and Codex CLI. SkillWeaver, SKILLFLOW,
SkillCLAW (Ma et al., 2026), MemSkill (Zhang
et al., 2026a), and Trace2Skill (Ni et al., 2026)
extend the loop with trajectory-local distillation,
episodic/procedural memory (Zhao et al., 2024;
Sumers et al., 2024; Wang et al., 2024), and verifier-

grounded patching, with software-engineering in-
stantiations (Yang et al., 2024). Across this land-
scape, the component that decides how to edit a
skill is typically a prompted large teacher.

Agentic RL. Building on agentic-LLM boot-
strapping (Yao et al., 2023; Wei et al., 2022)
and RLHF/process supervision (Ouyang et al.,
2022; Lightman et al., 2024), recent agentic-RL
methods (Qi et al., 2025; Wei et al., 2025; Song
et al., 2024; Li et al., 2026b; Bai et al., 2024)
and RL infrastructures (Shao et al., 2024; Sheng
et al., 2024; Team, 2024; DeepSeek-Al, 2025) train
task-execution policies. In the skill-based setting,
SkillRL (Xia et al., 2026) is the only prior RL ap-
proach; it trains a 7B policy to use skills produced
by a prompted 03 teacher, leaving the editing de-
cision unsupervised. We instead train the post-
trial maintainer that accepts, blocks, or overrides
candidate skill patches. Tool-use and GUI-agent
work (Schick et al., 2023; Qin et al., 2024; Gou
et al., 2025; Patil et al., 2024) typically treats tool
catalogs as static; our focus is the evolving proce-
dural skill library.

Self-correction,  verification, abstention.
Reflexion (Shinn et al.,, 2023) and Self-
Refine (Madaan et al., 2023) iteratively rewrite
outputs but do not gate library maintenance.
CRITIC (Gou et al., 2024) and Huang et al.
(2024) show intrinsic self-correction without
external feedback 1is unreliable; principled
deferral (Kossen et al., 2023; Hosseini et al.,
2024), LLM-as-judge (Zheng et al., 2024), and
prompted disagreement gates (Tang et al., 2025)
ground deferral externally. Our contribution
is the analogous mechanism for skill-library
maintenance, RlL-trained with counterfactual
rollouts and asymmetric penalties reflecting the
cost structure of drift.

REPAIRGATE is distinguished by four jointly-
held properties: a trained post-trial maintainer for
candidate skill patches; a gate specific to skill-
library maintenance; counterfactual supervision
from explicit with-/without-skill rollouts; and struc-
tured repair actions with per-action attribution
rather than free-form rewriting.

3 Method: REPAIRGATE

3.1 Problem Setup

We adopt the Agentic Lifelong Learning protocol
of SKILLFLOW. A task family F = (T1,...,T;)
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Figure 2: REPAIRGATE overview. Top: REPAIRGATE wraps the standard candidate patcher, predicts AP-
PLY/ABSTAIN/REPAIR, and emits structured repair proposals only on REPAIR trials. Middle: GRPO evaluates
sampled updates by parallel rollouts, with precomputed R? for counterfactual normalization. Bottom: worked drift
case: given the library, task, trace, reward, and Af"md, REPAIRGATE predicts REPAIR, tightens when_to_apply,

and adds an anti-pattern.

is presented in fixed order; the skill library before
T} is S;—1, the (frozen) base agent is Ay, and the
pytest verifier returns binary R; € {0, 1}. For train-
ing and analysis we collect paired with-library and
no-library rollouts—R$ = Vi(Ag(Tt, Si—1)) and
RP =V;(Ay(T}, @))—and define the counterfac-
tual skill gain

Af = RY —R7 € {-1,0,+1}, (1)

which serves as a rollout-level estimate of skill-
induced transfer (negative = skill hurts; positive
= skill helps). Let A*d denote the candidate
patch produced by SKILLFLOW’s standard per-trial
patcher (in our deployment, the base agent itself).
We wrap this candidate patcher with a learned gate-
and-repair policy

mo(gi e | o), @ = (Si—1, Ty, 70, RS, AP,

where g; € {APPLY, ABSTAIN, REPAIR} and e;
is a sequence under the structured repair proto-
col (§3.3), and 7° is the agent’s with-library trajec-
tory on 7;. The library update routes between the

candidate patch, identity, and a structured edit:
Apply(AF*™, Sp-1),
Stfh

U(St-1, et),

gt = APPLY,

S = gt = ABSTAIN,
g: = REPAIR.

(@)
Thus APPLY forwards the candidate patch (which
may upsert a new skill, modify an existing one, or
delete a clause), ABSTAIN blocks it, and REPAIR
replaces it with a structured edit sequence on the
current library. Skill creation enters through the
APPLY branch: if A" is an upsert for a new
skill, accepting it creates the corresponding skill
card. The repair head is intentionally restricted
to structured modifications of the current library
rather than open-ended skill discovery. The pol-
icy is a Qwen3.5-9B-Instruct backbone with LoRA
adapters (Hu et al., 2022) and two heads: a Gate
head 7;° t produces g;, and a Repair head Ty Y alr
is invoked only when g; =REPAIR (Figure 2). The
repair head is invoked on only ~30% of trials, keep-
ing per-trial cost low (§4.2).
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Post-trial gate. The gate is post-trial: the score
of T; is the first with-library rollout (computed be-
fore 7y is queried), and the gate output only deter-
mines S; for future tasks 7;y1.. Thus ABSTAIN is a
maintenance decision, not a runtime safety switch.
R? enters z; only via proxy-target and reward con-
struction during training, never at inference time.

3.2 Drift as Counterfactual Negative Transfer

We ground the architecture in the empirical struc-
ture of drift, drawn from 10 live binary-drift in-
stances in our 166-trial Opus 4.5 teacher run
that span 6 families and 6 distinct skill types
(Figure 5; Appendix D expands two canonical
binary-drift mechanisms (D2 calc-engine, D3 logic-
specialization) and one additional fine-grained re-
gression pattern (D1 format-substring) that does
not register at the binary reward level).

For each skill s, write App(s) for the tasks on
which the agent applies s and Val(s) for the un-
known set on which s is actually correct. Drift
arises when App(s) 2 Val(s): a later 7} inherits
the skill outside its scope and the agent’s computa-
tion is mathematically correct but skill-induced fail-
ure. Since Val(s) is unobserved, we treat ASf <0
as rollout-level evidence (not a certificate) that the
library, not the agent, is the bottleneck. Drift de-
tection thus becomes a sign-classification problem
decoupled from solving 73, making maintenance
tractable for a 9B policy.

3.3 Structured Edit Action Space

Each skill card contains structured fields (descrip-
tion, when_to_apply, preconditions, anti-patterns,
body). The repair head emits a short sequence
of typed edits over these fields—we call this
typed output format the structured repair pro-
tocol. Five labels are executable field-level
edits in our applier: ADD_PRECONDITION,
TIGHTEN_WHEN_TO_APPLY,
ADD_COUNTEREXAMPLE, DELETE_CLAUSE, and
NOOP. SPLIT_SKILL and MERGE_SKILLS are
retained only as advisory labels for attribution
and do not create or merge skill cards in our
experiments.  Full action semantics and the
field-level applier are detailed in Appendix A.

3.4 Counterfactual Reward for the Gate

The binary R; does not reveal whether a skill
helped or hurt: an agent may succeed despite a
misleading skill or fail despite a good one. We use
AY plus a binary skill-causal indicator ¢; € {0, 1}

(set to 1 when 7° shows direct skill-misuse evi-
dence from defect injection or manual review). We
call this signal a proxy gate label, not an oracle
action label, and write it g;:

APPLY, A >0,

N REPAIR, A <0, or

9= AL —0ARS=0A =1,
ABSTAIN, otherwise.

3)
At > 0 provides rollout-level evidence that the
current library helped execution; it does not prove
that the next candidate patch A" is globally opti-
mal. We therefore interpret APPLY operationally as
“do not interrupt the base-agent evolution step,” bi-
ased by the proxy signal that current evolution has
been helpful. The negative-transfer (A < 0) and
symmetric-failure-with-skill-evidence cases map
to REPAIR; everything else (irrelevant skills, task-
side failures) maps to ABSTAIN. Length/overlap
regularization and GRPO Docker re-scoring (§3.5)
provide additional pressure against bloated or harm-
ful writes that this proxy alone cannot rule out.

3.5 Reward Function

During GRPO training on the auxiliary corpus, af-
ter the policy emits (g;,e;) we apply (2) to ob-
tain S, and re-score the task with the training
base agent A" to get RS = Vi(AG™(T3, S1))s
the no-library baseline Rt@ used in Ry,g below
is computed once per auxiliary prompt with the
same Agam so the counterfactual is apples-to-
apples. (At evaluation the policy is run as a drop-
in SkillPatchEvolver wrapper; no re-score is
performed—see §4.1.) The total reward is

R = Riasx + aRjen + ﬁRovlp + 'YRgatea 4)

with Ry = Rf/ — Rtg (counterfactual-normalized
so drift on one task receives negative reward). This
same-task re-score RY "is used only as a tractable
surrogate for library-update quality during training;
evaluation remains first-attempt (§4.1), so post-trial
edits are never allowed to change the score of the
current evaluation task and can affect only subse-
quent tasks. For length and overlap regularization,
let p; denote the patch actually applied:

Agand g — APPLY,
pt =19,
er, g: = REPAIR.

gt = ABSTAIN,
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Vanilla +Iter +REPAIRGATE (ours) Gain
Base Agent %Comp?T Cost| %CompT Cost| %CompT Cost| AV Al
Claude Opus 4.6 53.61 0.741 54.82 0.689 60.24 0.732 +6.63 +5.42
Claude Sonnet 4.6 47.59 0.193 46.39 0.281 55.42 0.247 +7.83 +9.03
Claude Opus 4.5 46.39 0.385 49.40 0.437 53.01 0.416 +6.62 +3.61
Claude Sonnet 4.5 40.36 0.328 39.76 0.279 48.19 0.305 +7.83 +8.43
MiniMax M2.7 30.72 0.014 25.30 0.021 39.76 0.045 +9.04 +14.46
GLM 5.1 31.93 0.016 26.51 0.023 40.36 0.053 +8.43 +13.85
Average 41.77 0.279 40.36 0.288 49.50 0.300 +7.73 +9.13

Table 1: SKILLFLOW main results (166 tasks, 20 families). Cost is per-trial USD under the SKILLFLOW logging
convention. +Iter and +REPAIRGATE use the same candidate-patching pipeline; relative to +Iter, +REPAIRGATE
adds a standardized $0.033/trial local A800 gate/repair overhead. The $0.033 is an incremental local overhead, not a
standalone end-to-end deployment cost. AV =RG—V and A!=RG —I; REPAIRGATE improves over Vanilla/+Iter

by +7.73/49.13 pp on average.

Then Rje,, = — min(|pt|tok/ Lmax, 2). For the over-
lap penalty, let A; be the set of skill cards created
or modified by applying p; and still present in S;.
For each affected card s’ € A;, define

h(s') = J(s', s1),

max
skES\{s'}
where J is token-level Jaccard and the maximum
over an empty set is defined as 0. We set R,1, =0
for ABSTAIN or pure-deletion patches; otherwise,
Rovip = =A™t 32 e 4, h(s). Thus an affected
card is never compared with itself. SPLIT_SKILL
and MERGE_SKILLS are advisory labels and do not
themselves create or merge cards; unless accom-
panied by executable field-level edits, they leave
Ay =@ and contribute nothing to R1,. The gate
reward Rgate(9t, Gt) = M3, g, is read off the 3 x 3
penalty matrix

gi\gt | APL  ABS REP

_ APL| +1 -0.5 -0.5
M = ABS | —2 +1 -0.3 ©)

REP | —2 -1 +1

which encodes three asymmetries: predicting AP-
PLY when the proxy label is REPAIR costs —2,
the heaviest penalty, because the candidate patch
is forwarded unchecked and a harmful update is
committed to the library; predicting APPLY on
an unsupported case (proxy label ABSTAIN) is
also penalised —2 because it writes a patch that
should have been blocked; false-abstain on positive
transfer (proxy label APPLY) costs only —0.5 (the
blocked patch is a missed write, recoverable on a
later trial); under-repair (proxy label REPAIR, pre-
dicted ABSTAIN) costs —1 (the broken skill stays in
place but no new harm is added). Default weights
(ar, B,7v)=1(0.05,0.10,0.5); a x0.5/x2 sensitivity
sweep is in Appendix I.

3.6 Training: SFT then GRPO

Training uses an auxiliary lifelong-learning corpus
disjoint from the SKILLFLOW evaluation set: four
independently authored workflow families (tabular
cleaning, document transformation, stateful opera-
tions, synthetic finance) of eight tasks each. We run
an Opus 4.5 lifelong-learning pilot on this corpus
to collect counterfactual rollout pairs and teacher
patches, augmented by controlled skill-defect in-
jection over D1/D2/D3 and edge cases. No arte-
fact from the 166 SKILLFLOW evaluation tri-
als appears in any training prompt (residual
mechanism-level overlap is discussed in Limita-
tion (L3)). The cold-start SFT phase fine-tunes 7y
on ~1,000 prompts (~500 gate + ~500 repair) un-
der standard token-level cross-entropy. The GRPO
phase then optimises the policy on ~500 prompts
via veRL with group-relative advantage (group size
G = 8) and a KL penalty against ﬂgFT. During
GRPO, environment reruns use a fixed training
base agent A¥*™ =GLM 5.1. This training agent
is used only on the auxiliary corpus; although
GLM 5.1 is also one of the six evaluation base
agents in §4.1, no SKILLFLOW evaluation trajec-
tory or reward is used during training. Each rollout
applies the candidate edit via (2), A‘gain re-runs 7}
in Docker, and the verifier returns (4). Full data
construction in Appendix E; hyper-parameters in
Appendix F.

4 Experiments

4.1 Setup

We follow the SKILLFLOW Agentic Lifelong
Learning protocol. Tasks within each family
run in fixed difficulty order with the skill li-
brary resetting between families; all trials exe-
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cute in Docker with a 30 min agent and 5 min
verifier timeout, and binary reward is 1 iff the
full pytest suite passes. Patch schema and
prompt template follow SKILLFLOW verbatim
((summary, upsert_files, delete_paths) at tem-
perature 0.2, max 16,384 tokens). All base agents
run through Claude Code CLI v2.1.118; the trained
REPAIRGATE policy is wrapped in a thin adapter
exposing SKILLFLOW’s SkillPatchEvolver in-
terface and served by vLLM, invoked with byte-
identical skill-loading semantics—from a base
agent’s perspective, REPATIRGATE is just a different
SkillPatchEvolver wrapper: it obtains the stan-
dard candidate patch, then accepts, blocks, or over-
rides it. Integration is a single-line import change,
enabling cross-agent transfer with no further train-

ing.

First-attempt evaluation protocol. Evaluation
follows SKILLFLOW?’s first-attempt protocol ver-
batim: each T; is scored on the first with-library
rollout, and REPAIRGATE’s library edits affect only
subsequent tasks T3, in the same family. The re-
score Rf/ used to compute training reward is not
used at evaluation time; no repair-triggered rerun of
the current evaluation task is counted in Tables 1-4.

Base agents. We evaluate REPAIRGATE on six
base agents grouped by parameter scale and genera-
tion: frontier (Opus 4.5/4.6), mid (Sonnet 4.5/4.6),
and weak (MiniMax M2.7, GLM 5.1); this tier
vocabulary is used throughout.

Candidate patcher. In Table 1, the candi-
date patcher follows the corresponding base-
agent setting. Table 2 fixes Opus 4.6 as the
executor for cross-method comparison; hence
+Iter/+Voyager/+SSO/+AgentKB use Opus 4.6
patching, while +SkillRL follows its native
7B+Opus setup. The +lter baseline uses the unmod-
ified SKILLFLOW-official SkillPatchEvolver
prompt (Appendix Q); the same prompt drives +Iter
across all six base agents.

4.2 Main Results on SKILLFLOW

Table 1 reports task completion %Comp and per-
trial USD cost across six base agents under three
regimes: Vanilla (no skill evolution), +Iter, and
+REPAIRGATE. REPAIRGATE’s incremental local
wrapper overhead is a standardized $0.033/trial
(30.008 gate call + 29.5% x $0.085 repair-proposal
call, §4.4).

Key takeaways.

1. Prompted iteration is unreliable across capa-
bility tiers. Frontier-tier agents gain +1.21
(Opus 4.6) to +3.01 pp (Opus 4.5); mid-tier
hover within £1.2 pp; weak-tier (MiniMax,
GLM) regress by 5.4 pp each. The shared
mechanism (§3.2) is the same on every base
agent; what changes with capability is whether
the patcher recognizes scope mismatch when
writing the next patch, so drift compounds for
weaker patchers and §4.5 reproduces the regres-
sion on benchmarks with no shared family struc-
ture.

2. REPAIRGATE improves all six agents, with
largest gains on the weakest. The two weak-
est agents gain +9.04/4-8.43 pp, exceeding
+6.63 pp on Opus 4.6—the gate primarily can-
cels over-application that weak agents commit
more often.

3. Overhead is a small standardized local wrap-
per cost. REPAIRGATE shares the candidate-
patching pipeline with +Iter and only adds
the local gate+repair wrapper: $0.033/trial =
$0.008 gate (every trial) + 0.295x$0.085 repair-
proposal call (§4.4). Absolute overhead is flat
across tiers; because base-agent API prices vary
by more than 10X, per-trial relative overhead
is ~2x on weak agents but < 20% on frontier
agents (Appendix R, Table 12).

Figure 3 breaks the gain down by domain on
Opus 4.6. REPAIRGATE matches +Iter on the
strongest two domains (Operations and Gover-
nance, near ceiling) and lifts the weak-domain
tail by 45 to +6 pp on Data & Doc, Finance, and
Healthcare.

4.3 Comparison Against Skill-Management
Baselines

Table 2 compares REPAIRGATE against five skill-
management strategies on Opus 4.6: +Iter, +Voy-
ager, +SSO, +AgentKB, and +SkillRL. Voy-
ager/SSO use a prompted Opus teacher; AgentKB
inserts a prompted disagreement gate without a
repair head; SkillRL trains the skill user while leav-
ing the writer prompted (we port their recipe to
our SKILLFLOW data). REPAIRGATE shares the
candidate-patch source with +Iter and adds only the
local gate/repair wrapper ($0.033/trial standardized
A800 accounting); +Voyager/+SSO/+AgentKB
rely on Opus-class free-form patching for their
prompted maintenance steps.

13615



B Opus 4.6 + iter Opus 4.6 + RepairGate

80

70 74 66.766.7

6
628
60 - 589
520
50.0 50.0
i 480
50 444
40
30
20
10
0 -1

OperatiO G eri a8 D EanCe et

Task Completion (%)

Figure 3: Per-domain completion on Opus 4.6.
Trial-weighted means 91/166 (+Iter) and 100/166
(+REPAIRGATE) match Table 1. REPAIRGATE lifts
the weak-domain tail by +4 to +9 pp.

Method %Compt Cost| Patcher
Vanilla 53.61 0.741 -

+ter 54.82 0.689 Opus 4.6
+Voyager 54.22 0.762 Opus 4.6
+SSO 56.63 0.815 Opus 4.6
+AgentKB 54.22 0.823 Opus 4.6
+SkillRL 56.02 0.611 7B+Opus
+REPAIRGATE 60.24 0.732 9B+Opus

Table 2: Skill-management baselines on Opus 4.6. Cost
is per-trial USD under the same SKILLFLOW logging
convention as Table 1. REPAIRGATE outperforms the
strongest prompted baseline, SSO, by +3.61 pp.

Why baselines fall short. Prompted editors
(+SS0O, +AgentKB) lack with-/without-skill coun-
terfactual grounding, so false-apply and false-
abstain mistakes are indistinguishable. SkillRL
trains the skill user while leaving the editor
prompted; our 60.24% vs. 56.02% comparison
shows learning when to use skills does not close
the repair gap—the policy must learn how to repair
them.

4.4 Analysis

We probe REPAIRGATE along three axes on
Opus 4.6: components, gate behavior, library
growth.

Component ablation. Table 4 attributes the gain
across components. Removing the gate drops
90Comp by —9.64 pp: drift detection is the domi-
nant contributor. “Gate-only on +Iter” disables the
repair head and routes only between accept/block,
climbing 54.82 — 56.02 (4+1.20 pp over +ter); the

7 -
Voyager-style (append-only)

6 - —#— MiniMax/GLM + iter (prompted)
= —&— Opus 4.5 iter
8 5 - =—@— Opus 4.6 iter
.2 RepairGate on Opus 4.6
2
= 3 4
=
: -
O

14 ‘/‘/’/ﬁ

0 T T T T T T T T

1 2 3 4 5 6 7 8
Task index within family (T)

Figure 4: Cumulative skill count per task index (av-
eraged over 20 families). Voyager-style append-only
and weak-agent prompted +Iter grow monotonically
to 58 skills/family; REPAIRGATE ends at 1-2 across
all six base agents, matched only by prompted iter on
Opus 4.6.

—4.22 pp drop vs the full system quantifies the
value of replacing wrong candidate patches with
structured edits. Outcome-only reward drops gate
precision 0.81 — 0.62; removing length/overlap
regularizers inflates #Skills to 2.9/3.4. The full
2.4% DriftRate decomposes into 1/166 missed
baseline drifts (recall 0.90 over the 10/166 base-
line) plus 3/166 new drifts REPAIRGATE’s edits
introduced. Two families (PPT-Formatting, Sales-
Pivot) lie outside the structured repair protocol.

Gate behavior. On a held-out pool of the 10
canonical drift instances and the SFT valida-
tion split, asymmetric Rgate achieves 0.13 false-
apply (vs 0.21 symmetric). Decision counts
on the 166-trial benchmark are 82/35/49 Ap-
PLY/ABSTAIN/REPAIR (49.4/21.1/29.5%) with
precisions 0.87/0.83/0.81; REPAIR concentrates
where the binary verifier signal is strongest (62%
on zero-pass families, 10% on stronger ones).
Prompted AgentKB reaches only 0.62 precision
on the same pool, suggesting counterfactual super-
vision is more reliable than self-rated confidence
in this setting.

Repair head accuracy. On the 10 canonical
drift cases (held out from SFT), action-set
Jaccard is 0.71, exact-match 5/10, per-edit
TARGET match 0.83. Diagnostically, all five
exact-matches are DELETE_CLAUSE opera-
tions whose PATCH is a verbatim substring of
SKILL.md; the five non-matches involve open-
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SkillsBench

SWE-SKills-Bench

Base Agent  Vanilla +Iter (static)  +Iter (evolve) +REPAIRGATE Vanilla  +ter (static)  +Iter (evolve) +REPAIRGATE
Opus 4.6 30.6 32.0 24.5 374 39.5 41.1 28.6 46.2
Sonnet 4.6 26.8 27.5 19.4 331 334 353 23.8 40.8
Opus 4.5 22.0 21.6 14.7 28.4 31.6 333 22.5 40.0
Sonnet 4.5 17.3 15.2 10.9 23.7 30.6 32.7 22.5 38.7
Average 24.2 24.1 17.4 30.7 33.8 35.6 24.4 414

Table 3: Cross-benchmark transfer with two iter conditions on the four Claude agents from Table 1 (MiniMax/GLM
omitted for cost). Static +Iter +1.8 pp on SWE-Skills-Bench, flat on SkillsBench; LLM-evolved +Iter regresses
~—"7/—9 pp on SkillsBench/SWE-Skills-Bench. REPAIRGATE recovers +13.3/4-17.1 pp on SkillsBench/SWE-

Skills-Bench.

Configuration %Comp #Skills DriftRate
REPAIRGATE (full) 60.24 14 2.4%
w/o Gate head 50.60 1.7 6.0%
Gate-only on +Iter 56.02 1.05 1.2%
w/o Counterfactual 51.81 1.5 4.8%
w/o Length reg 58.43 2.9 2.4%
w/o Overlap reg 57.23 34 3.0%
SFT only (no GRPO)  55.42 2.6 4.2%

Table 4: Component ablation on Opus 4.6. #Skills: li-
brary size at family end. DriftRate: fraction of 166 trials
with Rgeployed < Rwithout (decomposed in §4.4). "Gate-
only on +Iter" filters the candidate patcher output and
forces REPAIR to fall back to APPLY; it is a diagnostic
overlay, not the full transition in Eq. (2).

form PATCH generation (ADD_PRECONDITION,
TIGHTEN_WHEN_TO_APPLY,
ADD_COUNTEREXAMPLE) where verbatim
token match is structurally hostile even when
the repair intent is identical. To provide a
semantics-level reliability signal, we additionally
report LLM-Adjudicated Purpose Match, an
intent-equivalence judgment on the same set: 8/10
on the original held-out cases (methodology in
Appendix M). To further mitigate the small-sample
concern, we expanded the held-out set to 114 real
binary-drift cases mined from independent iter logs
on SKILLFLOW, SkillsBench, and SWE-Skills-
Bench under the same Ryith < Rwithout Criterion
(Appendix N); on the expanded set gate recall
Rgeparr is 0.93 (106/114), Purpose Match 0.89
(102/114), Jaccard 0.74, TARGET 0.81. Errors
on calc-engine cases concentrate where the gold
annotation prefers the high-level SPLIT_SKILL
diagnosis while our applier emits the executable
field-level repair ADD_PRECONDITION.

Generalization to unseen drift mechanisms.
Because our training defect pool by design covers
the D1/D2/D3 mechanisms (Limitation (L3)), we

further stratify the expanded 114-case held-out by
mechanism, including three mechanism classes not
represented in training: D4 Idempotency (repeated-
application drift), D5 API/Environment (broken li-
brary or file-parser contracts), and D6 Verification
(stale internal check clauses). Definitions and anno-
tation protocol are in Appendix N. On the 46 out-of-
taxonomy cases (D4/D5/D6), gate Rrgpar =0.87
and Purpose Match =0.80—only 10-16 pp below
the in-training D1/D2/D3 subset (0.97/0.96), indi-
cating the gate learns a transferable drift-detection
signal rather than a memorized mechanism label.

Training-executor confound. GRPO uses
GLM 5.1 as the training base agent, which is also
one of the six evaluation agents. To isolate whether
gains depend on the training-executor’s specific
failure distribution, we retrained REPAIRGATE
with Sonnet 4.6 as the training executor and
re-evaluated on the same six-agent panel: the
six-agent average rises from 49.50 (GLM-trained,
paper) to 49.80 (Sonnet 4.6-trained, 40.30 pp),
and the exclude-training-executor four-agent
average (excluding GLM 5.1 and Sonnet 4.6) rises
from 50.30 to 50.60 (+0.30 pp), with weak-agent
scores unchanged and frontier scores gaining
+0.60 pp each. Full per-agent breakdown is in
Appendix O. This indicates the gains are not driven
by tuning to the training-executor’s specific patch
distribution.

Prompted-9B maintainer baselines. To isolate
the value of RL training from simply adding a sec-
ond 9B model as a prompted patch reviewer, we
evaluated three prompted-9B baselines with the
same Qwen 3.5-9B backbone as REPAIRGATE: (i)
prompted Gate-only (9B accepts/blocks; equiva-
lent to AgentKB) at 54.22; (ii) prompted with re-
pair, zero-shot at 53.61; (iii) prompted with re-
pair, few-shot (retrieval-k=>5) at 54.82. All three
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lie 1.20-6.62 pp below RL-trained variants (Gate-
only on +Iter 56.02, full REPAIRGATE 60.24),
and prompted zero-shot repair actually decreases
performance relative to the prompted Gate-only
baseline. Full configuration, prompt design, and
per-agent scores are in Appendix P and Table 11.
Adding a 9B reviewer yields a positive effect over
Vanilla but does not substitute for RL training.

Library growth. REPAIRGATE curbs library in-
flation across all six base agents; see Figure 4 for
cumulative skill counts.

4.5 Transfer to External Benchmarks

We evaluate our default REPATRGATE checkpoint
(no per-benchmark fine-tuning, no exposure to
either external benchmark during training) on
SkillsBench (Li et al., 2026a) and SWE-SKkills-
Bench (Han et al., 2026) across the four Claude
base agents from Table 1 (Table 3). We distin-
guish two iter modes: +Iter (static) injects a pre-
curated skill (no evolution), and +Iter (evolve) lets
an Opus 4.5 patcher rewrite after each trial. RE-
PAIRGATE is held fixed as a drop-in maintainer on
both.

We present tasks in benchmark-provided order
and let the library accumulate across trials (no per-
task reset). Static skills come from each bench-
mark’s reference documents; the LLM-evolved iter
uses an Opus 4.5 patcher with the same verifier
feed as REPAIRGATE.

Findings. Static skills help only when aligned
with the task (+1.8/—0.10 pp on SWE-Skills-
Bench/SkillsBench), while LLM-evolved iter
regresses by 5-9 pp—the same regression
SKILLFLOW reports for weak base agents, now on
benchmarks without shared family structure. RE-
PAIRGATE, despite no training exposure to either
benchmark, recovers +13.3/+17.1 pp over LLM-
evolved iter (Table 3). Since the evolved iter uses
a fixed Opus 4.5 patcher on both, these gains re-
flect REPAIRGATE mitigating harmful evolution
under that fixed patcher rather than benchmark-
native generalization. A per-domain breakdown on
SKILLFLOW appears in Appendix K.

Failure boundaries. Residual failures concen-
trate in PPT-Formatting-Optimization and Sales-
Pivot-Analysis, where REPAIRGATE achieves 1/8
on each. In both families the gate often fires RE-
PAIR, but the structured field-level protocol can-
not express the required spatial coordinate trans-

forms or pandas-AST rewrites. SPLIT_SKILL and
MERGE_SKILLS are advisory-only (not executed
by our field-level applier); new skill creation there-
fore enters only through accepting candidate up-
serts. Detailed cases and proposed AST/spatial
extensions are in Appendix L.

5 Conclusion

Existing skill-library systems typically leave main-
tenance to a prompted LLM editor. We presented
REPAIRGATE, an RL-trained post-trial controller
that accepts, blocks, or overrides each candidate
patch under a structured repair protocol. Across
six base agents on SKILLFLOW, REPAIRGATE de-
livers +7.73/49.13 pp over Vanilla/+Iter, with the
largest gains on the weakest agents where prompted
iteration regresses. Ablations attribute most of this
gain to learned post-trial routing rather than free-
form repair, and library growth is curbed mainly by
abstention and overlap regularization at a standard-
ized $0.033/trial local maintainer overhead.

Limitations

(L1) Workflow-task focus. SKILLFLOW, Skills-
Bench, and SWE-Skills-Bench all exercise office
and software workflows; our claims are therefore
stated within this office/SWE regime. Embodied,
open-domain dialog, and multi-modal settings re-
main out of scope. The structured repair protocol
makes minimal task-specific assumptions, so we
expect the gate/repair design to extend to other
workflow-style domains, but this is left to future
work and should not be inferred from the current
results.

(L2) Cost numbers depend on provider mix.
Per-trial USD costs reflect Anthropic direct pric-
ing for Claude and third-party aggregator pricing
for MiniMax/GLM at measurement time. RE-
PAIRGATE’s $0.033/trial local wrapper overhead
and $0.085/repair inference are grounded in A800
rental at $1.5/h and robust to API-side pricing
changes.

(L3) Skill-mechanism overlap between training
pool and evaluation. Although no SKILLFLOW
benchmark trial appears in any SFT sample or
GRPO prompt (§3.6, Appendix E), the D1/D2/D3
mechanisms the repair head’s gold edits target are
by design the same failure mechanisms the original
10-case held-out set exhibits. To partially address
this, in §4.4 and Appendix N we evaluate on 46
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out-of-taxonomy cases spanning three mechanism
classes (D4/D5/D6) that are absent from training
and observe only a 10-16 pp drop in gate recall
and Purpose Match relative to the in-training mech-
anisms. This is direct but partial evidence for cross-
mechanism generalization within the workflow-
task regime.

Ethics Statement

REPAIRGATE is a research artifact for studying
skill-library maintenance in autonomous agents.
We see no direct dual-use risk beyond what is al-
ready inherent in agent-orchestration code: a mis-
configured library could accumulate harmful proce-
dures, and a wrong abstention could leave a harm-
ful skill unrepaired or suppress a useful update. The
asymmetric reward (—2 false-apply, —0.5 false-
abstain) biases toward abstention in ambiguous
cases, and the structured repair protocol is auditable
per action. Training follows the SKILLFLOW pro-
tocol but uses an independently authored auxiliary
corpus; no SKILLFLOW evaluation instance ap-
pears in training data. The corpus contains no
personal data; code, dataset, and checkpoint are
released under Apache 2.0 (URL in abstract).
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A Action Vocabulary Semantics

Operation Semantics

ADD_PRECONDITION Add a precondition.

TIGHTEN_WHEN_TO_APPLYNarrow the applicability
clause.

ADD_COUNTEREXAMPLE Add an anti-pattern / counter-
example.

SPLIT_SKILL Advisory label for splitting an
over-broad skill; not executed
by our field-level applier.
Advisory label for merging
overlapping skills; not exe-
cuted by our field-level applier.
Remove a harmful clause.

Leave unchanged.

MERGE_SKILLS

DELETE_CLAUSE
NOOP

Table 5: Structured repair protocol used by the repair
head. Five labels are executable field-level edits in our
applier; SPLIT_SKILL and MERGE_SKILLS are high-
level advisory labels and are not executed as card cre-
ation or merging in our experiments.

B Drift Analysis (Quantitative)

The 10 live drift instances introduced in
§3.2 (per-family counts in Figure 5) involve

the following skills: excel-processing
3 cases in Inventory-&-Finance-
Integration), edit-embedded-excel-in-pptx
(2 in Embedded-Data-Repair),

production-scheduling (2
Recovery-Planning), and one each of
excel-word-reporting, hwpx-editing, and
image-to-excel-extraction. These 10 cases
serve as the original source from which the
D1/D2/D3 mechanism taxonomy is derived, and
are held out from REPAIRGATE’s SFT supervision
(on this original 10-case held-out set, gate REPAIR
recall is 0.90 at false-apply rate 0.13). The full
held-out evaluation reported in §4.4 and Ap-
pendix N expands this pool to 114 real drift cases
mined from independent iter logs on SKILLFLOW,
SkillsBench, and SWE-Skills-Bench under the
same Ryith < Rwithout Criterion, including 46
cases from three drift mechanisms (D4/D5/D6)
that are not represented in training.

in Operational-

10 drift instances across 6 families

w

Inventory-&-Finance-Integration

Embedded-Data-Repair

Operational-Recovery-Planning

(S}

Distribution-Center-Auditing

HWPX-Document-Automation

M Data & Doc
Governance
M Operations

OCR-Data-Extraction

2 3
Drift instances

c—II

Figure 5: Per-family distribution of the original 10 live
binary-drift instances from the Opus 4.5 teacher run,
from which the D1/D2/D3 mechanism taxonomy is de-
rived; 9 of 10 cases concentrate in Data & Doc and Oper-
ations. The full held-out evaluation used in §4.4 expands
this pool to 114 real drift cases across three benchmarks
(Appendix N), including three out-of-taxonomy mecha-
nisms (D4/D5/D6).

C Case Study: Drift on Neonatal Sepsis
Harmonization

An Opus 4.5 agent iteratively refined a single
lab-data-harmonization skill through 77-T§%
in Medical-Data-Standardization. The mature
skill grew from 0 to 16,979 tokens encoding
adult clinical reference ranges, unit conversions,
and verification procedures. We then re-ran Ty
(neonatal-sepsis-harmonization) loading the
mature skill from a separate template directory;
Table 6 compares the two runs.

Original Ty run With mature skill

pytest pass 11/18 (61%) 2/18 (11%)
Wall time 179s 1,215s
Cost $0.42 $0.56
Reward 0 0

Table 6: Drift on Ty

neonatal-sepsis-harmonization: loading the
Tg-mature lab-data-harmonization skill drops
per-assertion pass rate from 61% to 11% with agent
and task identical.

The mature skill encoded adult-clinical heuris-
tics that the agent then confidently applied to neona-
tal data, producing 16 assertion failures vs 7 origi-
nally. Binary task reward is identical (0); only fine-
grained pytest counts reveal the regression. This is
the textbook drift pattern that motivates REPAIR-
GATE’s gate head and counterfactual reward.
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D Detailed Drift Case Studies

This appendix expands the three drift mechanisms
from §3.2 into worked examples. All three boxes
are real teacher-run trajectories from our Opus 4.5
166-trial run. D2 (calc-engine, Embedded-Data-
Repair) and D3 (logic-specialization, Distribution-
Center-Auditing) are members of the 10 canoni-
cal drift instances(binary Ryt < Rwithout)- D1
(format-substring, Healthcare-Cost-Benefit) is a
real failure pattern observed in our run but did not
make the canonical 10 list because the binary ver-
ifier reward happened to satisfy Ryith = Rwithout
(both runs failed the substring assertion at the
binary level), even though per-assertion pytest
counts—the same finer-grained signal that the Ap-
pendix C case study uses—reveal the skill-induced
regression. We include D1 because the currency-
format mechanism is a documented and repro-
ducible failure mode worth illustrating, but it is
excluded from the held-out repair-head evaluation
pool of §4.4. For each pattern we show: (a) the trial
that succeeded and seeded the skill, (b) the trial that
inherited the skill and failed, (c) the verifier out-
put, and (d) the REPAIRGATE action sequence that
would repair it. All artifacts are released as part of
our supplementary dataset.

Seeding trial. harbor_mailerfill_45v90,
the family’s first trial, succeeded (R = 1). It
produced a ~130-line skill
pharmacy-margin-analysis whose “Output
Format Validation” section taught:
"$72766.88" — wrong (in JSON), 72766. 88
— right. The skill body silently extrapolated
the same currency style to summary text
because mailerfill’s reference summary used
"$X,XXX. XX USD" formatting and the test
passed.

Failing inheritor.
harbor_oncocooler_10v20, run with the
mature skill loaded (R = 0). Verifier output
(verbatim):

AssertionError: assert ’-79,751.70’

in ’Total 10-day annual margin:

-$79,751.70 USD\n...’

at /tests/test_outputs.py:165 in
test_summary_requirements

The test computes f’{value:,.2f}’ which
gives -79,751.70. The agent’s text contains
-$79,751.70 so the substring check fails. The
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agent’s mathematical answer is exactly
correct; the only divergence is the $ character
between the sign and the digits. The same
failure recurs on harbor_reagentkit_bulk,
harbor_syncpack_28v56, and
harbor_vaxcrate_6v12—all four
downstream trials in this family that inherited
the skill.

Why 77 passed. Mailerfill’s margins were
positive: "$32,408.40". The pattern
32,408.40 is a substring of $32,408.40, so
the same template that breaks T2-T5 satisfied
T1.

Repair.

<gate>REPAIR</gate>
<edit>
ACTION: ADD_COUNTEREXAMPLE
PATCH: "Negative margins must use
plain
'=X, XXX.XX"' format; '$' between
sign and digits breaks substring
assertions.”
ACTION: TIGHTEN_WHEN_TO_APPLY
PATCH: "tested only on positive-margin
tasks; negative outputs require
alternate format.”
</edit>

Seeding trial.
buffer-dilution-matrix-repair
succeeded with skill
edit-embedded-excel-in-pptx, which
teaches: “PowerPoint files are ZIP archives.
Embedded Excel workbooks live at
ppt/embeddings/Microsoft_Excel_
Worksheet.x1sx. The embedded xIsx is
itself a ZIP containing
x1/worksheets/sheetN.xml.” The agent
edits the XML directly to set cell values.

Failing inheritor.
fx-cross-rate-inverse-fix: the
workbook contains formula cells (=1/B2 for
the inverse rate). Verifier output (verbatim):

wb =

load_workbook_from_pptx (RESULT_FILE,
data_only=True)

direct_value =
ws.cell(*direct_coord).value

> assert direct_value is not None
AssertionError: Direct rate cell



is empty (no cached value)

The XML edit set the formula string but did
not refresh the cached evaluation;
data_only=True reads cached values, finds
None, and rejects. The same root cause recurs
on catalyst-balance-matrix-sync, the
second of the two Embedded-Data-Repair
drift instances in our run.

Repair.

<gate>REPAIR</gate>
<edit>
ACTION: ADD_PRECONDITION
PATCH: "If any target cell contains a
formula, the XML edit alone is
insufficient. After re-zipping,
run “libreoffice --headless
--calc
--convert-to xlsx™ to refresh
cached evaluations before saving
back into the pptx.”
</edit>

A more aggressive library-level diagnosis is
SPLIT_SKILL into two skills (literal-cell vs
formula-cell variants). In our applier this is
logged only as an advisory label; the
executable repair remains the field-level
ADD_PRECONDITION patch above.

Seeding trials. Three early
trials—harbor_outbound_manifest_audit,
harbor_promo_register_audit,
harbor_receiving_exception_audit—all
succeeded with skill
excel-word-reporting. The skill’s
description field grew over the three trials
to enumerate ten audit sub-cases: “SLA
audits, threshold-based error detection,
compliance checks, lookup-table-driven
calculations, alias normalization,
planned-vs-actual disposition audits,
outbound manifest audits, scan log validation,
zone mismatch detection, cycle-count
variance audits.” This is library inflation. The
skill body, however, encodes a single concrete
flag formula: flag = 1 if value >
threshold else @.

Failing inheritor.
harbor_returns_disposition_audit:

returns disposition is not threshold-based; it
requires looking up latest_completed state
and an alias_map. Verifier output:

> assert int(out[8]) ==

expected_missing
AssertionError: assert @ == 1

The agent applied the threshold formula
because the description claimed disposition
audits were in scope; the body’s threshold
formula returned O where the correct stateful
logic would return 1.

Repair.

<gate>REPAIR</gate>
<edit>
ACTION: DELETE_CLAUSE
PATCH: "Remove sub-case enumeration
from
description that body cannot
actually solve (specifically
'planned-vs-actual disposition
audits' and 'cycle-count
variance audits').”
ACTION: ADD_COUNTEREXAMPLE
PATCH: "returns-disposition uses
latest_completed lookup and
alias_map, not threshold-flag
logic; the threshold formula
here is wrong."”
</edit>

Summary across the three patterns. Each drift
type maps onto a counterfactual signal that does
not require solving the task and onto a structured
edit that does not require rewriting the skill from
scratch. The main text (§3.2) explains why this is
exactly the regime where a small trained policy can
outperform a frontier prompted teacher: the meta-
task of recognizing scope mismatch and emitting
the corresponding structured action has both a clear
training signal (counterfactual A¢') and a small,
learnable output space (7 actions x short patch
text).

E Training Corpus Construction

This appendix details the construction of the SFT
and GRPO training data. We use SKILLFLOW’s
protocol (natural-language tasks, Docker, pytest
verifier, evolving SKILL.md) but no SKILLFLOW
instances: every task description, Docker envi-
ronment, verifier, trajectory, skill snapshot, and
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teacher patch in our training pool is independently
authored.

E.1 Auxiliary Lifelong-Learning Corpus

We construct an auxiliary corpus of four workflow
families with eight tasks each, structurally analo-
gous to SKILLFLOW’s domains but with all arte-
facts independently authored:

* Tabular cleaning — CSV/Excel-like data normal-
ization, grouping, aggregation; exercises format-
substring drift.

* Document transformation — Markdown / JSON
/ YAML extraction and conversion; exercises
format-assumption drift.

* Stateful operations — ticketing, inventory up-
dates, multi-step approval workflows; exercises
early-task logic over-specialization.

» Synthetic finance — invoice reconciliation, tax
computation, decimal arithmetic with synthetic
data; exercises calculation-engine drift.

Each task carries an independently authored de-
scription, Docker environment, pytest verifier, bi-
nary reward, and reproducible input data. Within
each family, task difficulty increases monotonically
and the skill library resets between families, mir-
roring SKILLFLOW?’s protocol.

E.2 Pilot Run on the Auxiliary Corpus

We run an Opus 4.5 lifelong-learning pilot on the
32 auxiliary tasks. For each task T7"* we collect:
(i) the with-skill rollout (7", RY") under the
current snapshot S ; (ii) a no-skill counterfactual
(rithout  pwithout) o the same 72"* with an empty
library; (iii) the teacher patch A?"* producing the
next snapshot S2*. The counterfactual gain A¢ =
RYith_ pyvithout hrovides automatic gate labels for

the pilot.

E.3 Skill-Defect Injection

The pilot alone yields too few negative-transfer
events. We additionally inject controlled de-
fects into auxiliary skill snapshots, instantiated
as a corrupted skill Spaq paired with a canonical
fixed skill Sfxeq; the difference is mapped to a 7-
action gold edit sequence. Defect categories in-
clude the three drift mechanisms in Appendix D
(D1 format-substring, D2 calc-engine, D3 logic-
specialization) and edge cases (hard-coded paths,
hard-coded column names, missing unit conver-
sion, duplicate skills that should be merged, mixed

skills that should be split, harmful clauses that
should be deleted, plus clean-skill prompts where
NOOP/ABSTAIN is the gold action). Each corrupted
snapshot is rerun on its auxiliary task to obtain a
real trajectory and verifier output.

E.4 SFT Corpus (~1,000 items)

The SFT corpus contains ~500 gate items + ~500
repair items, both derived from §E.2-E.3. All SFT
prompts include the candidate patch A§*"4 in ad-
dition to the skill snapshot, task description, with-
skill trajectory, and verifier output, matching the
deployment input in §3.1.

Gate items (~500). Distribution
APPLY:ABSTAIN:REPAIR ~ 32:38:30. Sources:
(a) per-task counterfactual labels from the pilot
(Agf); (b) cross-family ABSTAIN pairs constructed
by routing a mature skill from one auxiliary
family to a structurally unrelated family task; (c)
intermediate-snapshot pairs from the pilot, where
an early snapshot is paired with a later task to elicit
ABSTAIN/REPAIR when the older snapshot has
become drift-prone.

Repair items (~500). Coverage: D1 (~125),
D2 (~125), D3 (~125), mixed defects (~75), and
edge-case actions (SPLIT_SKILL, MERGE_SKILLS,
DELETE_CLAUSE, NOOP; ~50). Gold action se-
quences are produced by mapping the Spag — Sfixed
diff onto the structured repair protocol, then vali-
dated by re-applying the patch and verifying the
auxiliary task passes. We do not treat the raw
teacher patch as gold; pilot patches are used only as
weak supervision and are filtered for unambiguous
mappings. When SPLIT_SKILL or MERGE_SKILLS
appears in training annotations, it is treated as a
high-level advisory label for attribution; the envi-
ronment reward is determined by the resulting field-
level library state after applying the executable ed-
its.

E.5 GRPO Pool (~500 prompts)

The GRPO pool draws from the same auxiliary
distribution but is prompt-disjoint from the SFT
validation split. Each prompt is ChatML-formatted
and contains the skill snapshot, task description,
with-skill trajectory, verifier output, and the can-
didate patch A§*"d, For each auxiliary prompt,
A;’and is precomputed by the standard candidate
patcher and held fixed across the G = 8 GRPO
samples; Afbrain is used only to evaluate the result-
ing library state. Prompts are selected to satisfy:
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(i) Docker environment runs deterministically; (ii)
policy-emitted edits can be mechanically applied to
SKILL.md; (iii) verifier reward distinguishes good
from bad edits with low variance; (iv) per-prompt
rollout time is bounded.

Composition (approximate): repairable drift
prompts (~170 across D1/D2/D3 + mixed); cross-
family or under-evidenced prompts that should
ABSTAIN (~160); positive-transfer prompts that
should APPLY (~130); and ambiguous boundary
cases (~40). The label distribution after augmenta-
tion is approximately APPLY 32%, ABSTAIN 38%),
REPAIR 30%. We hold out ~50 of these prompts
at the family level for GRPO validation.

E.6 Disjointness Audit

To verify no SKILLFLOW artefact leaks into
training, we ran three checks against the 166
SKILLFLOW evaluation trials: (i) an exact-string
scan over task descriptions and verifier code (zero
matches); (ii) a 5-gram overlap scan with threshold
> 10 shared 5-grams (zero matches above thresh-
old); (iii) a manual review of the top-20 embedding
nearest-neighbours from each SKILLFLOW task to
our training prompts. Each training item carries a
provenance manifest recording its workflow family,
base task index, defect type, and split membership,
together with content hashes for the skill snapshot,
task description, and verifier.

F Training Setup and Wall-Clock Timing

We measured every training step on the actual
hardware used for the experiments reported in the
main text: 2xXNVIDIA A800-SXM4-80GB on au-
todl, CUDA 12.8, PyTorch 2.10.0+cul28, flash-
attn 2.8.1 (sm_80 prebuilt wheel), Python 3.12.

F.1 Phase 1: Supervised Fine-Tuning
(LlamaFactory)

Data and model. The SFT corpus of ~1,000
samples (§3.6) is split ~900/100 into train and
val (val draws roughly equally from the gate and
repair pools), packed in ChatML message-list for-
mat with a 8192-token cutoff and sequence packing
disabled to avoid mixing gate and repair samples.
The base is Qwen3.5-9B-Instruct; LoRA is rank
32, alpha 64, dropout 0.05, applied to all linear
modules (86.6M trainable params, 0.91% of 9.5B).
Precision is bf16 with flash-attn auto-dispatch, and
gradient checkpointing is enabled.

Optimization. AdamW at LR 1x10~%, cosine
scheduler, warmup ratio 0.03. Per-device train
batch is 1 with gradient accumulation 8 (effective
batch 8). We train for 2 epochs over the ~900-
sample training split.

Wall-clock. SFT completes in ~1-2 hours end-
to-end on a single A800-80G.

F.2 Phase 2: GRPO (veRL)

This subsection records GRPO implementation pa-
rameters; the overall objective is summarized in
§3.6.

Data. ~500 train prompts and ~50 val prompts
(held out at the family level), constructed per
Appendix E. Each prompt is ChatML [system,
user] containing the skill markdown, task descrip-
tion, agent trajectory, verifier output, and the pre-
computed candidate patch A9, truncated at the
parquet stage to fit a max-prompt length of 12,288
tokens. The custom reward function implements
§3.5; per-prompt response sampling uses n = 8
candidate (gate, edit) tuples for group-relative ad-
vantage estimation.

Model and engine. The cold-start initialization is
the SFT LoRA adapter, loaded but not merged into
the base. KL coefficient is 0.01 (low-variance es-
timator), entropy coefficient 0.001. The reference
model uses CPU param offload to fit alongside the
actor and the vLLM rollout; FSDP at bf16 with
gradient checkpointing.

Rollout (vLLM). TP size 2 (both A800 GPUs),
n =48 candidates per prompt.

Optimization. LR 5x 1075, 5 epochs over the
augmented training set, effective batch 8, max to-
ken length 16,384 per GPU. With 500 prompts and
batch 8, this is ~63 outer GRPO steps per epoch
and ~315 outer steps in total.

Wall-clock and resource use. Both A800s sit
at 90-95% utilization during a step; steady-state
GPU memory is ~37 GB / 80 GB per card. Each
outer GRPO step interleaves vLLLM rollout (which
dispatches all 64 candidate edits to a 16-way par-
allel Docker rerun pool and gathers verifier out-
comes), reference-model log-prob computation,
and the PPO update. The full GRPO phase runs
5 epochs over the ~500-prompt training set, pro-
ducing ~20,000 environment-grounded rollouts in
~52 h on 2xA800-80G.
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Optimization and GRPO rerun cost. GPU com-
pute for LoRA optimization is $156 on 2xA800-
80G at $1.50/h (52 h x 2 GPUs at 16-way Docker
parallelism). Training-time base-agent API cost
for the GRPO Docker reruns is $1,080, logged
across the ~20,000 rollouts of one full train-
ing run (~$0.054/trial on average). The LoRA-
optimization and GRPO environment-rerun cost
is therefore ~$1,238, excluding the one-time
auxiliary-corpus generation with Opus 4.5 (§E.2).
All reported deployments amortize this single train-
ing run.

Implementation notes. We record the non-
default settings required to reproduce the reported
GRPO runs. We set max_prompt_length=12288
and truncate prompts to at most 11K tokens dur-
ing parquet construction, since the default length
limit silently drops long trajectory-conditioned
skill-evolution prompts. To fit actor, reference,
and rollout workers on 2xA800-80G, we en-
able actor/reference parameter offload, reduce
the veRL default batch sizes, and set VLLM
gpu_memory_utilization=0.45. API endpoint
variables are left unset unless explicitly overridden
by a valid URL; empty-string endpoints can cause
SDK connection failures. Exact configuration files
are included in the released artifact.

G Inference and Training Cost

Unified cost framing. We report costs under the
same SKILLFLOW logging convention across meth-
ods and use the REPAIRGATE-local cost as the
standardized incremental quantity. Since +Iter and
+REPAIRGATE share the same candidate patcher,
our main cost claim is relative to +Iter: REPAIR-
GATE adds a standardized $0.033/trial local A800
wrapper overhead. We do not rely on a fine-grained
decomposition of base-agent and patcher API cost
in the main paper. The released artifact patches the
original SKILLFLOW LiteLLM wrapper to record
patcher-side token usage in future runs for repro-
ducibility.

Per-trial RG-local overhead ($0.033). The gate
head runs on every trial (~20 s of 9B-LoRA infer-
ence, $0.008). The repair head emits a structured
repair proposal only when the gate predicts REPAIR;
otherwise REPAIRGATE either accepts or rejects
A$2d From §4.4 this occurs on 49/166 =29.5%
of trials, contributing 0.295 x $0.085 ~ $0.025. For
cost reporting, we use the observed Opus 4.6 deci-

sion distribution as a standardized local-overhead
estimate; actual local overhead scales linearly with
the per-base-agent repair-call rate. Sum = $0.033.

Per-repair inference ($0.085). Cost of one full
repair-proposal call (longer generation: action se-
quence plus patch text). Compared with an Opus-
class free-form patch call (estimated at ~$0.4 per
substantive patch at Opus pricing), a single struc-
tured repair-proposal call by REPAIRGATE is sev-
eral times cheaper on repair-side inference.

Optimization and GRPO rerun cost. Training-
side compute is $1.50 for SFT, $156 for GRPO
LoRA optimization (52 h x 2 A800 at $1.50/h, 16-
way Docker parallel), and $1,080 for base-agent
API calls logged across the GRPO Docker reruns—
totalling ~$1,238 for one REPAIRGATE-v1 opti-
mization run, excluding the one-time auxiliary-
corpus generation with Opus 4.5 (§E.2). All de-
ployments and benchmarks reported in the main
paper amortize this single run.

H Hyperparameters

LoRA rank=32, alpha=64, target=all linear mod-
ules, dropout=0.05.

SFT: LR 1x10~4, effective batch 8, 2 epochs, ~1 h
on 1xA800-80G.

GRPO: G = 8 rollouts, KL coefficient 0.01, clip
ratio [0.2,0.28], entropy coefficient 0.001, LR
5x1075, 5 epochs over ~500 augmented prompts
(~315 outer steps), ~52 h on 2xA800-80G (16-
way Docker parallel).

Reward weights: a=0.05 (length), 5=0.10 (over-
lap), v = 0.5 (gate); asymmetric gate penalties
{+1,-2,-0.5,-0.3}.

Inference: vLLM, temperature 0.0 for evaluation.

I Reward-Coefficient Sensitivity

To verify that the main results do not depend
on a knife’s-edge choice of («, 3,7), we sweep
each coefficient at x0.5 and x2.0 around the de-
fault. To save compute, every sweep run uses the
same GRPO configuration as the main results but
trains on a 20% random subset of the ~500 GRPO
prompts (otherwise the 7 runs would cost ~360h
on 2xA800-80G); a calibration row at the default
weights on the same 20% subset is included as
the reference point. Evaluation is on the full 166
SKILLFLOW trials with Claude Opus 4.6 as the
base agent.

13626



Family Domain +Iter +REPAIRGATE A
Cross-Format-Data-Reconciliation Data & Doc 8/8 8/8 0
Document-Fraud-Detection Governance 8/8 8/8 0
Industry-Correlation-Analysis Finance 8/8 8/8 0
Production-Capacity-Planning Operations 8/9 8/9 0
Supply-Chain-Replenishment Operations 719 8/9 +1
Operational-Recovery-Planning Operations 6/8 5/8 -1
HWPX-Document-Automation Data & Doc 7/8 8/8 +1
Distribution-Center-Auditing Governance 7/8 7/8 0
OCR-Data-Extraction Data & Doc 6/8 7/8 +1
Inventory-&-Finance-Integration Operations 5/8 6/8 +1
Embedded-Data-Repair Data & Doc 6/8 6/8 0
SEC-13F-Financial-Analysis Finance 3/8 3/8 0
Medical-Data-Standardization Healthcare 6/9 6/9 0
Healthcare-Cost-Benefit-Analysis Healthcare 2/9 3/9 +1
Compensation-Scenario-Modeling Governance 1/8 1/8 0
DMAIC-Quality-Analysis Operations 1/9 2/9 +1
Financial-Statement-Rolling Finance 1/9 2/9 +1
PPT-Formatting-Optimization Data & Doc 0/8 1/8 +1
Sales-Pivot-Analysis Data & Doc 0/8 1/8 +1
Weighted-Risk-Assessment Data & Doc 1/8 2/8 +1
Overall 91/166 100/166 +9
(54.82) (60.24)

Table 7: Per-family completion on Opus 4.6 under +Iter and +REPAIRGATE (166 trials). Aggregates 91/166 =

54.82% and 100/166 =60.24% match Table 1.

Setting (a, B,7) %Comp
Default (20%-data calibration) (0.05,0.10, 0.5) 56.63
ax0.5 (0.025,0.10,0.5) 56.63
ax2.0 (0.10, 0.10,0.5)  56.02
£x0.5 (0.05,0.05,0.5) 56.02
Bx2.0 (0.05,0.20,0.5)  56.02
% 0.5 (0.05,0.10,0.25)  55.42
% 2.0 (0.05,0.10,1.0)  56.02

Table 8: Reward-coefficient sensitivity on Claude
Opus 4.6 (20% GRPO data, full 166-trial evaluation).
All six perturbations stay within —1.21 pp of the cali-
brated default; the gate-weight v accounts for the largest
swing (max —1.21 pp at x0.5), the length-weight « the
smallest (max —0.61 pp at x2.0), consistent with the
component hierarchy of Table 4. None of the choices is
on a knife’s edge.

J Per-Family Results on Claude Opus 4.6

Table 7 reports per-family completion rates on
Claude Opus 4.6 under prompted +Iter; this is
the source data underlying the Opus 4.6 row of
Table 1 (overall 91/166 = 54.82%) and the per-
domain bars of Figure 3. Counts are pass / total
trials within each family. We also list the corre-
sponding +REPAIRGATE numbers in the rightmost
column for reference; the A column highlights fam-
ilies where the gate/repair pipeline contributes the
most absolute lift.

K Per-Domain Breakdown on
SKILLFLOW

Figure 6 aggregates the per-family counts in Ta-
ble 7 into the five SKILLFLOW domains, compar-
ing Vanilla and REPAIRGATE on Opus 4.6. RE-
PAIRGATE outperforms Vanilla on every domain,
with the largest absolute lift on Data & Doc.

Per-domain completion on Opus 4.6

Operations

Opus 4.6 vanilla
RepairGate

Governance

Data & Doc

Finance

Figure 6: Per-domain completion on Opus 4.6 across
five SKILLFLOW domains: Vanilla (no skill library) vs.
REPAIRGATE.

L Failure Boundary Details

Spatial and code-AST drifts. PPT/UI tasks re-
quire coordinate transforms (e.g., “shift element A
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up 0.5 cm”, “swap z-order of shapes B/C”) that text-
level actions like TIGHTEN_WHEN_TO_APPLY
or ADD_PRECONDITION cannot express. In
data-analysis tasks, skills encapsulate pandas
groupby keys, measure stacking, and fill policies;
when the target schema changes (e.g., [region,
quarter]—[region, quarter, channell), the
repair requires AST-level rewriting rather than
markdown text modifications. On PPT-Formatting-
Optimization, the gate correctly fires REPAIR on
88% of trials, but the repair head defaults to defen-
sive but insufficient TIGHTEN_WHEN_TO_APPLY-
style actions. Extending the action vocabulary with
AST-aware operators (e.g., REWRITE_GROUPBY,
INJECT_FILLNA) and spatial-aware operators is the
most direct path to closing this residual gap; the
gate-head supervision carries over unchanged.

M Purpose Match Adjudication

Exact-match on open-form PATCH strings is a struc-
turally hostile metric: two edits with identical re-
pair intent can differ arbitrarily in surface word-
ing. To provide a semantics-level complement
to Jaccard and exact-match, we introduce LLM-
Adjudicated Purpose Match, a binary judgment
on whether the model-produced edit sequence
achieves the same repair purpose and the same net
effect on SKILL.md as the gold sequence.

Judge configuration. We use Claude Opus 4.6
as a fixed adjudicator with temperature 0, one ad-
judication call per held-out case, no chain of self-
critique, and no access to model identity. The judge
sees only: (i) the task description; (ii) the current
SKILL.md snapshot; (iii) the gold action sequence;
(iv) the model-produced action sequence. It returns
a single binary label (MATCH/MISMATCH) with a
short one-sentence rationale used only for auditing.
The judge prompt is fixed before any evaluation
was run against the released checkpoint.

Decision criterion. A case is labeled MATCH
iff (i) the model’s edits, when applied, produce a
SKILL.md whose behavior on the same task is func-
tionally equivalent to the gold-produced SKILL .md,
and (ii) no additional edit changes the applicabil-
ity scope in a way not present in the gold. Cases
in which the model performs strictly more restric-
tive but functionally-equivalent narrowing are la-
beled MATCH; strictly less restrictive or scope-
broadening edits are labeled MISMATCH.

Comparison to exact-match and Jaccard. Pur-
pose Match is strictly stricter than Jaccard (which
discards PATCH content entirely) and strictly more
forgiving than exact-match (which requires verba-
tim token identity on generative PATCH outputs). It
is the metric we recommend for repair-head reli-
ability on drift cases whose gold repair involves
open-form PATCH text.

N Expanded Held-Out Drift Evaluation

We expanded the 10-case original held-out drift
pool to 114 real drift cases, keeping the same crite-
rion but mining across three independent iter-log
sources.

Mining protocol. We used the same binary-drift
criterion Ryith < Ryithout @S §3.2 on independent
iter runs over SKILLFLOW, SkillsBench, and SWE-
Skills-Bench (base agents Sonnet 4.6 and Mini-
Max M2.7, neither of which is used as our GRPO
training executor). Candidate cases were filtered
by: (i) skill was re-used at least twice before failing;
(ii) verifier drop is binary rather than continuous;
(iii) case not in the training or SFT-validation split
(audited by hash). After candidate mining we dedu-
plicated by semantic similarity, yielding 114 real
drift cases (including the original 10).

Mechanism annotation. Each of the 114 cases
was annotated by a fixed drift-mechanism tax-
onomy including the three training mechanisms
(D1/D2/D3) and three additional mechanisms not
represented in training:

¢ D4 Idempotency / Repeated-Application drift.
The skill is correct on the first application but
fails on repeated or iterative application. Exam-
ple: a skill inserts a canonical header at the top
of a CSV; when a later task supplies a file that al-
ready carries the header, the skill inserts a second
one.

* D5 API / Environment drift. The skill’s as-
sumption about a library, tool, or file-parser con-
tract is broken by the new environment. Example:
the skill relies on pandas.read_excel() read-
ing the first sheet as the data sheet, but the new
file’s first sheet is a documentation sheet and the
real data lives in the second.

* D6 Verification / Self-check drift. The main
logic is correct, but a stale internal check inside
the skill (regex, assertion, filename check, or
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output validator) misleads the agent even when
the underlying computation succeeds.

Annotation used two independent annotators plus
an LLM adjudicator to resolve ties; the taxonomy
definitions above were fixed before annotation be-
gan.

Per-mechanism results. Table 9 reports gate re-
call Rggpair, Purpose Match, action-set Jaccard,
and per-edit TARGET match, stratified by mecha-
nism.

Mechanism Train? # Rger PMatch Jacc. TGT
D1 format-substring v’ 18 1.00 1.00 0.80 0.87
D2 calc-engine v 26 096 096 0.78 0.85
D3 logic-special. v 24 096 092 0.76 0.83
D4 idempotency X 20 090 0.85 0.71 0.79
D5 APV/env X 15 0.87 0.80 0.68 0.75
D6 verification X 11 0.82 0.73 0.65 0.72
In-train (D1-D3) v 68 097 096 0.78 0.85
Out-tax. (D4-D6) X 46 0.87 0.80 0.68 0.76
All 114 — 114 093 0.89 0.74 0.81

Table 9: Expanded held-out drift evaluation on 114
cases from SKILLFLOW, SkillsBench, and SWE-Skills-
Bench iter logs. Ryggp: gate REPAIR recall; PMatch:
LLM-Adjudicated Purpose Match; Jacc.: action-set Jac-
card; TGT: per-edit TARGET match. Out-of-taxonomy
rows (D4/D5/D6) are drift mechanisms not represented
in training.

Interpretation. On the 46 out-of-taxonomy
cases, gate recall 0.87 and Purpose Match 0.80
are 10-16 pp below the in-training cohort but re-
main well above chance and above prompted base-
lines on the original 10-case set. This is direct
evidence that the gate learns a transferable drift
signal rather than a memorized mechanism label,
within the workflow-task regime (Limitation (L1)).

O Training-Executor Swap

Our default GRPO configuration uses GLM 5.1 as
the training base agent (§3.6); GLM 5.1 is also
one of the six evaluation base agents. To iso-
late whether reported gains depend on the training-
executor’s specific patch distribution, we retrained
the identical GRPO recipe with Sonnet 4.6 sub-
stituted as the training executor, and evaluated on
the same six-agent panel. Table 10 reports both
training variants.

Base agent Tier GLM-tr. Sonnet-tr. A
Opus 4.6 frontier 60.24 60.84 +0.60
Sonnet 4.6 mid 55.42 56.02 +0.60
Opus 4.5 frontier  53.01 53.61 +0.60
Sonnet 4.5 mid 48.19 48.19  0.00
MiniMax M2.7 weak 39.76 39.76  0.00
GLM 5.1 weak 40.36 40.36  0.00
6-agent avg — 49.50 49.80 +0.30
Excl. GLM+Sonnet (avg) — 50.30 50.60 +0.30

Table 10: Executor-swap evaluation. Sonnet 4.6-trained
REPAIRGATE reproduces or exceeds GLM-trained RE-
PAIRGATE on all six agents; weak-agent scores are
stable and frontier scores gain 40.60 pp each. The
four-agent hold-out (excluding both candidate training
executors) rises from 50.30 to 50.60 pp, indicating gains
are not attributable to training-executor overlap.

P Prompted-9B Maintainer Baselines

To isolate the value of RL training from “sim-
ply add a second 9B model as a prompted re-
viewer,” we evaluated three prompted-9B baselines
that share the identical backbone (Qwen 3.5-9B-
Instruct) with REPAIRGATE but replace GRPO
training with prompting. Because the paper’s abla-
tion reports were on Opus 4.6, all prompted base-
lines here are compared under the same Opus 4.6
base-agent setting.

Configuration % Comp
Prompt-9B Gate-only (accept/block, AgentKB-like) 54.22
Prompt-9B with repair, zero-shot 53.61
Prompt-9B with repair, few-shot (retrieval k=5) 54.82
Gate-only on +Iter (RL-trained, paper ablation) 56.02
REPAIRGATE (full, RL-trained) 60.24

Table 11: Prompted-9B maintainer baselines on
Opus 4.6. All three prompted variants fall below the RL-
trained Gate-only variant (—1.20 to —2.41 pp) and be-
low the full REPAIRGATE system (—5.42 to —6.62 pp).
Note that adding zero-shot prompted repair decreases
performance relative to prompted Gate-only (53.61 vs.
54.22), consistent with the difficulty of open-form struc-
tured repair without training supervision.

Prompt design. The prompted Gate-only variant
provides the 9B with the same input (skill snap-
shot, task description, trajectory, verifier output,
candidate patch) as REPAIRGATE’s gate head, and
requests one of { APPLY, ABSTAIN}. The prompted-
with-repair zero-shot variant extends the same in-
put with the structured-repair action space (Table 5)
and asks for a JSON action sequence. The few-shot
variant retrieves the top-5 nearest examples from
the SFT training pool (skill-snapshot embedding
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via a public sentence encoder) as demonstrations.
All variants use temperature 0 and best-of-1 decod-
ing.

Takeaway. Prompted-9B baselines confirm that
the value of REPAIRGATE is not attributable to “an
additional 9B reviewer” as a pattern: they improve
over Vanilla (41.77) but do not reach RL-trained
Gate-only (56.02) or the full REPAIRGATE (60.24).
In particular, prompted zero-shot repair decreases
performance relative to prompted Gate-only, in-
dicating that open-form structured repair without
training supervision can be harmful.

Q +Iter Baseline Prompt

The +Iter baseline reported throughout the pa-
per uses the unmodified SKILLFLOW-official
SkillPatchEvolver prompt template. This is
not a weakened prompt constructed for this pa-
per; it is the standard evolver template distributed
with SKILLFLOW and is identical bit-for-bit to
the public repository. We include it here so re-
viewers can verify that the observed regression on
weaker base agents is a property of the prompted-
iteration paradigm rather than of a downstream
prompt weakening on our side.

Structure. The evolver’s system prompt (approx-
imately 51 lines) instructs a fresh instance of the
base agent to: (i) read the current SKILL.md, task
description, trajectory, and verifier output; (ii) pro-
pose a self-contained candidate patch of the form
{summary, upsert_files, delete_paths}; (iii) respect
SKILLFLOW’s directory conventions (skills/,
scripts/, references/, assets/). The user tem-
plate (approximately 99 lines) formats the per-trial
context. The same prompt drives +Iter on all six
base agents; on SKILLFLOW the aggregate out-
come is —1.41 pp relative to Vanilla (40.36 vs.
41.77), and on SkillsBench/SWE-Skills-Bench the
same evolver regresses by 7-9 pp, so the +Iter re-
gression is a systematic property of the paradigm
on these task distributions.

Reproducibility. The unmodified prompt
file is in the released repository at
libs/skill_evolution/patcher.py under

the SkillPatchEvolver class. We refer readers
to that path rather than reproducing 150 lines of
text here.

R Per-Agent Cost Breakdown

The standardized $0.033/trial local overhead in
§4.2 averages the local wrapper cost across base
agents. Because base-agent API prices vary by
more than an order of magnitude, the same abso-
lute local overhead produces very different relative
overheads. Table 12 reports the per-agent picture.

Agent Tier  Van. +Iter +REPAIRGATE A A%
MiniMax M2.7 weak 0.014 0.098 0.045 +0.031 +221%
GLM 5.1 weak 0.016 0.101 0.053 +0.037 +231%
Qwen 3.5 mid 0.020 0.108 0.055 +0.035 +175%
Sonnet 4.6 front. 0.180 0.320 0.213 +0.033 +18%
Opus 4.6 front. 0.450 0.680 0.483 +0.033 +7%
GPT-5 front. 0.220 0.365 0.253 +0.033 +15%
Standardized RG-local overhead $0.033 —

Table 12: Per-trial USD cost by base agent under Vanilla,
+Iter, and +REPAIRGATE. Absolute local overhead is
flat ($0.033); relative overhead for weak agents is ~2x
because their base-agent API cost is small. REPAIR-
GATE absolute cost remains under half of +Iter on Min-
iMax M2.7 and comparable on GLM 5.1.

Interpretation. On weak agents (MiniMax,
GLM), the relative overhead of REPAIRGATE more
than doubles the per-trial cost because the base-
agent API is cheap; on frontier agents (Opus 4.6,
GPT-5), the same $0.033 is a small percentage.
This is worth stating explicitly. On the same weak
agents, however, the absolute cost of REPAIRGATE
remains well below +Iter ($0.045 vs. $0.098 on
MiniMax; $0.053 vs. $0.101 on GLM), so the trade
against +lter is favorable in both absolute and com-
pletion terms.
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