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ABSTRACT

Continual skill evolution enables LLM agents to accumulate and refine reusable
procedural knowledge from interaction experience without updating model pa-
rameters. Its effectiveness depends on determining not only what to change,
but also why a change is justified and when it should become persistent guid-
ance. However, existing experience-driven methods can lose the behavioral ev-
idence and task contexts supporting edits. Moreover, a global validation out-
come provides an incomplete judgment of its constituent changes: locally sup-
ported corrections may be discarded with a rejected revision, while evidence may
require further experience to inform useful updates. To this end, we introduce
EVISKILL, an evidence-driven framework that organizes execution observations
into Replayable Evidence Cards and synthesizes edits with explicit links to their
supporting contexts. Targeted replay verifies these edits through re-execution
and provides feedback for correction. Across epochs, EVISKILL preserves ev-
idence and provisionally retains supported edits for further refinement, while
global validation governs their incorporation into the final skill. Experiments on
three interactive benchmarks across six LLM backbones demonstrate the effec-
tiveness of this approach. Our code and implementation details are available at
https://github.com/Zhouyaner/eviskill.

1 INTRODUCTION

LLM agents are increasingly used to solve complex interactive tasks involving tool use, web naviga-
tion, and long-horizon decision making (Yao et al., 2022; Wang et al., 2025; Zhou et al., 2024; Deng
et al., 2023). These tasks often require reusable procedures for choosing tools, ordering actions, and
satisfying domain-specific constraints (Qin et al., 2024). External skills provide such guidance as
inspectable artifacts containing procedural instructions and supporting resources that agents can use
at inference time without modifying model parameters (Wang et al., 2023; Liang et al., 2026; Feng
et al., 2026). Empirical studies show that curated skills can improve task completion across diverse
domains, while generated and refined skills can yield further gains (Li et al., 2026a; Ma et al., 2026a;
Gao et al., 2026a; Gautam et al., 2026). Sustaining these benefits depends on keeping skills effective
as agents encounter new tasks and execution conditions.

Recent work uses agent trajectories to create and revise reusable skills. (Yang et al., 2026b; Zhang
et al., 2026a; Vishe et al., 2026) Trace2Skill extracts lessons from individual trajectories and consol-
idates them into skill patches (Ni et al., 2026), while SkillDisCo compiles procedures shared across
successful traces (Guo et al., 2026). SkillGrad converts execution diagnoses into textual update sig-
nals for editing skill packages (Wang et al., 2026). SkillAdaptor locates an actionable failure step
and revises the skill instruction implicated in that failure (Yu et al., 2026). SkillRevise repairs an
initially LLM-authored skill using feedback from its execution traces (Liu et al., 2026c). EvoSkill
proposes new skills or revises existing ones through failure analysis (Alzubi et al., 2026). SkillOpt
proposes bounded edits to a skill document and accepts updates that improve a held-out valida-
tion score (Yang et al., 2026a). These studies establish automated skill construction and iterative
refinement as practical approaches to improving agent (Xiang et al., 2026).

*Equal contribution. †Corresponding author.

1

ar
X

iv
:2

61
0.

05
03

0v
1 

 [
cs

.A
I]

  4
 O

ct
 2

02
6

https://github.com/Zhouyaner/eviskill
https://arxiv.org/abs/2610.05030v1


Preprint

Despite this progress, existing skill evolution methods mainly follow an experience-driven paradigm
in which execution feedback is transformed into reusable guidance and skills are iteratively edited.
However, execution experience is inherently local and context-dependent, whereas skill updates are
intended to persist and generalize across future interactions. A correction induced from a failed
interaction may therefore overfit the observed case, while a procedure distilled from successful
execution may capture incidental rather than reusable behavior. Once incorporated, such errors can
repeatedly affect future executions and further shape subsequent rounds of skill evolution. These
limitations motivate evidence-driven skill evolution, which explicitly preserves the execution basis of
each proposed edit, examines whether the edited skill produces the intended behavioral change, and
revisits that support as additional experience accumulates (Fig. 1). Under this view, skill evolution
is not merely the accumulation of experience-derived edits, but a process of establishing, testing,
and revising the support for each change before it is committed as reusable knowledge.
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Figure 1: Experience-driven Skill Evolution
vs Evidence-grounded Skill Evolution.

Evidence-based skill evolution is promising but
challenging: (i) Extracted evidence should be
reusable and replayable. Raw trajectories contain
task-specific context, informative behavioral signals,
redundant actions, and incidental interactions. Sim-
ply preserving complete trajectories makes the rel-
evant support difficult to isolate, whereas aggres-
sively abstracting them into textual lessons may re-
move the execution context needed for later exam-
ination. The challenge is therefore to extract com-
pact, reusable evidence while retaining a traceable
connection to the behaviors that justify the proposed

change. (ii) Evidence must remain revisable over time: A locally supported edit may later ex-
pose missing conditions, while an initially uncertain correction may become better supported as
additional interactions accumulate. Continual skill evolution therefore requires a mechanism to re-
peatedly validate and update evolutionary information before committing it to the reusable skill.

To address this challenge, we introduce EVISKILL, an evidence-driven framework that organizes
continual skill evolution into evidence construction, behavioral verification, and cross-epoch refine-
ment. Specifically, rather than directly converting trajectory feedback into committed skill changes,
EVISKILL organizes continual skill evolution into three complementary stages. First, Evidence-
Grounded Edit Synthesis transforms localized execution observations into Replayable Evidence
Cards and constructs candidate edits while preserving explicit links to the task contexts and trajec-
tory ranges that justify them. Second, Replay-Guided Edit Verification re-executes the referenced
behaviors under the edited skill, testing whether each candidate actually produces its intended be-
havioral effect rather than relying on trajectory-derived plausibility alone. Third, Cross-Epoch Evi-
dence Propagation maintains evolutionary information beyond individual update decisions. Instead
of treating immediate outcomes as final judgments, it allows previously generated evidence and re-
visions to be repeatedly validated, refined, and reconsidered as new experience accumulates. These
components make skill evolution evidence-grounded at construction, behaviorally tested at verifi-
cation, and progressively adjudicated across epochs before knowledge is committed to the reusable
skill. Our main contributions are summarized as follows:

• We identify the key limitations of existing experience-driven skill evolution: execution evidence
motivating a skill revision is not explicitly maintained with the resulting revision, and evolutionary
information generated in one round cannot be continuously reconsidered across epochs.

• we introduce EVISKILL, an evidence-driven skill evolution framework that organizes continual
skill evolution into evidence construction, behavioral verification, and cross-epoch refinement.

• We evaluate EVISKILL on three real-world benchmarks across multiple LLM backbones, demon-
strating consistent improvements over strong skill evolution baselines. Model analyses and case
studies show that evidence-grounded replay filters unsupported revisions, while cross-epoch prop-
agation enables prior revisions and evidence to support continued refinement.

2 PRELIMINARY STUDY

In this section, we conduct two preliminary studies to investigate the reliability of existing skill
revision processes in experience-driven skill evolution across three interactive benchmark datasets.
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Our findings reveal two critical limitations: experience-derived edits do not consistently produce
their intended effects in execution, and a candidate revision rejected by global validation may still
contain effective constituent edits whose benefits are offset by other edits in the same revision.

2.1 BEHAVIORAL OUTCOMES OF EXPERIENCE-DERIVED EDITS.
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Figure 2: Re-execution outcomes of
Experience-Derived Edits.

To examine whether edits generated from execution trajecto-
ries improve the behaviors that motivate them, we apply edits
generated by Trace2Skill (Ni et al., 2026) to the original skill
and re-execute their associated trajectory tasks. As shown
in Figure 2, these edits exhibit diverse outcomes across all
benchmarks. While some improve task performance, others
produce no improvement or even degrade the original behav-
iors. This observation indicates that deriving edits from ex-
ecution trajectories does not guarantee behavioral improvement, motivating explicit associations
between edits and their supporting execution evidence so that their effects can be directly verified.

2.2 USEFUL INFORMATION WITHIN REJECTED REVISIONS
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Figure 3: Performance of selectively retained
edits from globally rejected revisions.

We further investigate the information contained
in unsuccessful evolution rounds. Existing evolu-
tion processes typically discard a complete revision
when it fails to improve the current skill. However,
a revision may consist of multiple edits with dif-
ferent effects, and the failure of the overall revision
does not necessarily indicate that every constituent
edit is ineffective. As shown in Figure 3, selectively
retaining edits from globally rejected revisions can
improve performance on the associated trajectory
tasks compared with the previous validated skill.

This observation suggests that unsuccessful evolution rounds may still contain valuable information
that can contribute to future refinement. These observations show that an edit is not necessarily
effective because it is derived from execution experience, nor ineffective because the complete
revision containing it is rejected. This motivates our evidence-grounded framework, which explic-
itly associates edits with their supporting evidence, verifies their behavioral effects through replay,
and preserves evolutionary information across epochs for further validation and refinement.

3 METHOD

As illustrated in Figure 4, EVISKILL organizes skill evolution around Replayable Evidence Cards,
which record proposed skill corrections and their supporting execution evidence. Evidence-
Grounded Edit Synthesis extracts these Cards from trajectories and generates localized edits, each
linked to the Cards that motivate it. Replay-Guided Edit Verification uses these links to reconstruct
execution contexts and assess or refine edits through replay. Cross-Epoch Evidence Propagation
updates the Validated Skill through global validation, retains replay-supported edits provisionally
for further training, and preserves evidence for subsequent synthesis and correction.

3.1 EVIDENCE-GROUNDED EDIT SYNTHESIS

Each evolution epoch begins with training interactions that provide evidence for skill revision. We
distinguish the Validated Skill, updated only when a candidate revision improves validation perfor-
mance, from the Working Skill used for these interactions and further revision. The latter incorpo-
rates provisionally retained edits so their effects can be examined across epochs.

Definition 1 (Working Skill). At epoch e, the Working Skill SW
e combines the latest Validated Skill

SV
e with the Provisional Edit Ledger Pe, an ordered collection of replay-supported edits not yet

incorporated into SV
e but retained for further validation and refinement across epochs:

SW
e = SV

e ⊕ Pe, (1)

3
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Figure 4: Overview of EVISKILL. Current trajectories and cross-epoch comparisons provide evi-
dence for edit synthesis. Replay verifies and refines edits, while global validation and post-rejection
replay govern skill updates, provisional edit retention, and evidence reuse across epochs.

where ⊕ applies the edits in order, and each ledger entry retains references to its supporting exe-
cution evidence. Given an initial skill S0, we initialize SV

1 = S0 and P1 = ∅, yielding SW
1 = S0.

Section 3.3 describes how validation and replay update these states at each epoch.

Let Dtr, Dval, and Dtest denote disjoint training, validation, and test task sets, respectively. At epoch
e, the Action Agent π collects one trajectory τex ∼ π(· | x, SW

e ) for each task x ∈ Dtr, yielding the
trajectory set Re. These trajectories, including the agent’s actions, observations, and task outcomes,
provide evidence for new edits and for reassessing edits already used by the Working Skill.

Evidence extraction and grounding. An LLM evidence extractor f ext analyzes the Working Skill
SW
e and its trajectories Re to propose corrections or improvements to procedures, preconditions, and

recovery guidance. Each proposal is recorded with its supporting trajectory intervals as a Replayable
Evidence Card Ci for evidence-grounded edit synthesis and later replay-guided edit verification.

Definition 2 (Replayable Evidence Card). A Replayable Evidence Card Ci, hereafter a card,
records a proposed skill correction and its supporting execution evidence:

Ci = ⟨i,Gi, di⟩, (2)

where i is a persistent identifier for tracking evidence across epochs, Gi is a set of supporting trigger
ranges from trajectories, and di is the proposed correction. Each trigger range g = (x, eg, s, t)
identifies the interval [s, t] in the source trajectory τ

eg
x of task x at source epoch eg . A card may

include multiple ranges from the same or different tasks when they support the same correction.

All cards share this representation. The sets introduced below distinguish their extraction sources or
cross-epoch retention. Within each Ci, di guides edit synthesis and Gi locates execution contexts for
replay. For an edit u, its supporting cards C(u) form a set of such cards, linked through persistent
identifiers to preserve access to the original execution evidence underlying each edit across epochs.

We extract Trajectory Evidence Cards Ctraj
e from current trajectories as Ctraj

e = f ext(SW
e ,Re). To

reassess existing edits, we also extract Contrastive Evidence Cards Ccon
e from trajectory comparisons

across adjacent epochs for training tasks identified by the edits’ supporting cards.

These comparisons focus on the Tracked Edits Qe, comprising the live provisional edits in Pe re-
tained through post-rejection replay in prior epochs and the edits newly incorporated into SV

e during
the preceding epoch transition, with Q1 = ∅. For each edit u, let C(u) denote the set of cards linked
to it as supporting evidence. For e > 1, these cards for u ∈ Qe identify the training tasks whose
complete trajectory pairs (τe−1

x , τex) form the comparison set Rcmp
e . The extractor uses these pairs

and the linked edits and cards to identify persistent deficiencies or newly exposed problems:

Ccon
e = f ext

(
SW
e , {(u, C(u)) : u ∈ Qe},Rcmp

e

)
. (3)

Each Ci ∈ Ccon
e follows Definition 2 and, when targeting an existing edit, retains that association

as metadata for subsequent synthesis and targeted correction of that edit. The Evidence Pool Ce
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combines both sources with the carried evidence cards Ccarry
e preserved from preceding epochs:

Ce = Ccarry
e ∪ Ctraj

e ∪ Ccon
e . (4)

Cards in Ccarry
e may originate from either source, with their links to the supporting trajectory ranges

preserved. Their lifecycle states determine eligibility for new edit synthesis or retention for refer-
ence, as described in Section 3.3. Initially, Ccarry

1 = Ccon
1 = ∅, yielding C1 = Ctraj

1 .

Evidence grouping and edit synthesis. Active cards remain eligible for edit synthesis. We group
those with compatible source contexts and correction intents into Evidence Windows Bk ⊆ Ce,
where k = 1, . . . ,Ke and Ke is the number of windows at epoch e. An LLM editor f edit refines or
consolidates proposals in each Bk into a candidate edit set Ue, retaining the supporting cards C(u):

{(u, C(u)) : u ∈ Ue} =

Ke⋃
k=1

f edit
(
SW
e ,Bk

)
. (5)

For each u ∈ Ue, the linked cards C(u) determine its full set of replay trigger ranges G(u):

G(u) =
⋃

Ci∈C(u)

Gi. (6)

The next phase uses C(u) and G(u) to verify u in the execution contexts that motivated it.

3.2 REPLAY-GUIDED EDIT VERIFICATION

An evidence-grounded edit may fail to produce its intended behavioral effect. We replay candidate
edits Ue in their supporting execution contexts and use the outcomes to verify and refine them.

Behavioral verification. For each u ∈ Ue, we retrieve its supporting cards C(u) and replay the
trigger ranges in G(u). For each g = (x, eg, s, t), we reproduce the prefix of τegx preceding step s to
reconstruct the source execution state and interaction history. From this context, the Action Agent
π re-executes the segment under SW

e ⊕ u, allowing assessment of the intended correction and any
newly introduced failures through comparison with the corresponding source trajectory segment.

Let Tu = {(τ srcg , τ repg ) : g ∈ G(u)} denote the source–replay segment pairs, where τ srcg is the
source segment specified by g and τ repg is its replayed segment. An LLM evaluator f eval assesses
these pairs using u and C(u), returning a replay decision and associated feedback:

(ru, hu) = f eval
(
SW
e , u, C(u), Tu

)
, (7)

where ru ∈ {accept, reflect, reject} is the replay decision and hu is the corresponding feedback.
The evaluator assigns accept when replay supports the intended correction without new failures,
reflect when a localized deficiency can guide revision, and reject otherwise. For ru = reflect,
the editor produces a revised edit u′ = f edit(SW

e , u, C(u), Tu, hu). The revised edit retains its
supporting cards, C(u′) = C(u), and undergoes another replay and evaluation.

Verified edit consolidation. The replay-verified edit set U+
e contains accepted candidates and revi-

sions accepted after reflection based on another replay and evaluation of their effects:

U+
e = {u ∈ Ue | ru = accept} ∪ {u′ | u ∈ Ue, ru = reflect, ru′ = accept}. (8)

Edits without local replay acceptance are excluded from U+
e , while their supporting cards remain

available subject to the lifecycle updates in Section 3.3. The editor consolidates compatible edits into
an ordered collection Ue = f edit(SW

e ,U+
e ), preserving their supporting card associations. Applying

Ue to SW
e yields the candidate revision S̃e = SW

e ⊕ Ue for global validation.

3.3 CROSS-EPOCH EVIDENCE PROPAGATION

Global rejection of a candidate revision S̃e does not establish that all its edits are ineffective on the
behaviors they target. We use post-rejection replay to retain supported edits provisionally and carry
unresolved cards across epochs for further synthesis and correction.

5
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Validation-gated carryover. Let ĴDval
(S) denote the empirical performance of skill S on the vali-

dation set Dval. Global validation compares S̃e with the Validated Skill SV
e :

SV
e+1 =

{
S̃e, ĴDval

(S̃e) > ĴDval
(SV

e ),

SV
e , otherwise.

(9)

If S̃e is accepted, the provisional edits in Pe and consolidated edits in Ue are incorporated into SV
e+1.

We clear the Provisional Edit Ledger as Pe+1 = ∅ and set the next Tracked Edits to Qe+1 = Pe∪Ue,
preserving their supporting cards for cross-epoch comparison of training trajectories.

If S̃e is rejected, SV
e+1 = SV

e . Each consolidated edit v ∈ Ue undergoes post-rejection replay
using its supporting cards C(v) and trigger ranges G(v). We reconstruct the source contexts as in
Section 3.2, but replay under SV

e ⊕ v to assess whether v remains effective without relying on the
provisional edits in Pe. The evaluator f eval returns a decision rpostv . Edits initially assigned reflect
are revised by f edit with their evidence links preserved, replayed under SV

e ⊕ v′, and reassessed by
f eval to obtain a new decision on v′. The retained edit set Upost,+

e is:

Upost,+
e = {v ∈ Ue | rpostv = accept} ∪ {v′ | v ∈ Ue, r

post
v = reflect, rpostv′ = accept}. (10)

Edits in Upost,+
e replace the entries they target in Pe, thereby updating retained edits with evidence-

grounded corrections, while the remaining retained edits are appended in order, yielding Pe+1. Edits
without acceptance are not added to the ledger. We set Qe+1 = Pe+1 and form the Working Skill
SW
e+1 = SV

e+1 ⊕ Pe+1, enabling continued training and refinement while SV
e+1 remains unchanged.

Evidence reuse and correction. Validation and replay outcomes govern card availability in the
Evidence Pool Ce. Active cards remain eligible for edit synthesis. Cards supporting provisional edits
in Pe+1 are protected: they are excluded from Evidence Windows Bk, but their task and trajectory
references remain available for cross-epoch comparison. If S̃e is accepted, cards supporting the
incorporated edits are archived, likewise excluded from new windows but retained for comparison.
Repeated replay rejection can mark active cards as stale, excluding them from new synthesis.

These lifecycle updates determine the carried evidence cards Ccarry
e+1 . In the next epoch, the Action

Agent π uses SW
e+1 to collect Re+1. Following Section 3.1, f ext extracts Ctraj

e+1 from these trajectories
and Ccon

e+1 through comparisons guided by Qe+1 and its supporting cards. Both sets join Ccarry
e+1 to

form Ce+1 via Eq. 4, supporting further edit synthesis and targeted correction.

After E evolution epochs, the latest Validated Skill SV
E+1 is frozen for inference:

S⋆ = SV
E+1, τx ∼ π(· | x, S⋆), x ∈ Dtest. (11)

Unpromoted provisional edits are excluded from S⋆, and do not trigger further skill evolution.

4 EXPERIMENTS

In this section, we conduct experiments to evaluate the effectiveness of EVISKILL and examine how
its evidence-grounded mechanisms support continual skill evolution. Specifically, we aim to answer
the following questions. Q1 (Overall Performance): How does EVISKILL perform compared to
existing skill-evolution methods across different benchmarks and LLM backbones? Q2 (Ablation
Study): How do trigger-range replay and cross-epoch evidence propagation contribute to the overall
performance? Q3 (Mechanism Analysis): How does replay filter and refine proposed edits, and
how do retained evidence and supported edits contribute to subsequent evolution?

4.1 EXPERIMENTAL SETTING

We summarize the datasets, evaluation protocol, comparison methods, and implementation settings
used across the three interactive benchmarks below, with full details in Appendix B.

Datasets and Evaluation. We evaluate EVISKILL on three interactive benchmarks: App-
World (Trivedi et al., 2024) for task execution through application APIs, ScienceWorld (Wang et al.,
2022) for scientific experimentation, and ALFWorld (Shridhar et al., 2021) for household task ex-
ecution in text-based environments. We use disjoint training, validation, and test splits for skill

6



Preprint

Table 1: Task-success accuracy (%) across three interactive benchmarks. ∆NS denotes the
percentage-point change relative to No skill for the same model and dataset. Bold and underlined
values indicate the best and second-highest distinct accuracies within each model–dataset setting.

Model Method ALFWorld (134) AppWorld (168) ScienceWorld (211)

Acc.↑ ∆NS Acc.↑ ∆NS Acc.↑ ∆NS

GPT-5.5

No Skill 90.30 0.00 85.71 0.00 76.30 0.00
LLM Skill 94.03 +3.73 94.05 +8.33 76.78 +0.47
Trace2Skill 94.03 +3.73 86.31 +0.60 65.40 -10.90
EvoSkill 94.78 +4.48 91.07 +5.36 54.50 -21.80
SkillGrad 95.52 +5.22 86.31 +0.60 67.30 -9.00
SkillOpt 94.78 +4.48 92.86 +7.14 80.09 +3.79
EVISKILL 96.27 +5.97 94.64 +8.93 83.41 +7.11

GPT-5.4

No Skill 75.37 0.00 88.10 0.00 52.13 0.00
LLM Skill 89.55 +14.18 88.69 +0.60 66.35 +14.22
Trace2Skill 94.78 +19.40 85.71 -2.38 56.40 +4.27
EvoSkill 90.30 +14.93 79.17 -8.93 63.03 +10.90
SkillGrad 94.03 +18.66 83.93 -4.17 53.55 +1.42
SkillOpt 94.78 +19.40 89.29 +1.19 63.03 +10.90
EVISKILL 95.52 +20.15 90.48 +2.38 76.78 +24.64

Qwen3.5-9B

No Skill 54.48 0.00 25.60 0.00 8.53 0.00
LLM Skill 76.12 +21.64 43.45 +17.86 9.00 +0.47
Trace2Skill 75.37 +20.90 45.24 +19.64 19.91 +11.37
EvoSkill 76.87 +22.39 32.74 +7.14 17.06 +8.53
SkillGrad 87.31 +32.84 46.43 +20.83 14.22 +5.69
SkillOpt 86.57 +32.09 47.62 +22.02 22.27 +13.74
EVISKILL 91.04 +36.57 43.45 +17.86 37.91 +29.38

Qwen3.5-4B

No Skill 43.28 0.00 18.45 0.00 4.27 0.00
LLM Skill 75.37 +32.09 28.57 +10.12 3.79 -0.47
Trace2Skill 82.84 +39.55 32.14 +13.69 9.48 +5.21
EvoSkill 73.88 +30.60 27.98 +9.52 2.84 -1.42
SkillGrad 84.33 +41.04 30.36 +11.90 6.64 +2.37
SkillOpt 83.58 +40.30 30.95 +12.50 14.69 +10.43
EVISKILL 85.07 +41.79 32.14 +13.69 20.85 +16.59

evolution, revision selection, and final evaluation, respectively. Performance is measured by task-
success accuracy (Acc., %), the percentage of test tasks satisfying each benchmark’s full success
criterion. All methods are evaluated on the same fixed test tasks without further skill evolution.

Baselines and Implementation. We compare against two groups: (i) Non-Evolving Baselines,
including NoSkill, which uses no external skills, and LLM Skill, which uses a fixed initial
LLM-generated skill; and (ii) Skill-Evolution Methods, including Trace2Skill (Ni et al., 2026),
EvoSkill (Alzubi et al., 2026), SkillGrad (Wang et al., 2026), and SkillOpt (Yang et al., 2026a). We
use six Action-Agent backbones: GPT-5.5, GPT-5.4, GPT-5.4-mini, Qwen3.6-35B-A3B, Qwen3.5-
9B, and Qwen3.5-4B, with the Action Agent backbone, task splits, environment configuration, and
evaluation protocol held fixed across methods within each benchmark and backbone setting.

4.2 MAIN RESULTS

To answer Q1, we compare EVISKILL with reference settings and skill-evolution baselines across
three interactive benchmarks and four LLM backbones. Table 1 presents these results. The complete
comparison across six backbones is reported in Table 4 in Appendix E.

Obs. 1. Grounding skill updates in execution evidence yields broad performance gains.
EVISKILL achieves the best accuracy in 14 of the 18 model–dataset settings and ranks among the top
two methods in 16. It improves over NoSkill in all settings, with an average gain of 17.93 percentage
points. On ScienceWorld, it exceeds the strongest baseline by 15.64 points with Qwen3.5-9B and
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10.43 points with GPT-5.4. A central challenge in skill evolution is the gap between plausible guid-
ance and effective execution: a revision inferred from past trajectories may omit necessary condi-
tions or fail to change the behavior it targets. The gains are consistent with the value of assessing
updates through their actual behavioral effects, which helps distinguish executable improvements
from seemingly reasonable suggestions. This benefit extends across both model families, although
the advantage over competing methods is less consistent on AppWorld.

Obs. 2. Evolving a skill does not guarantee improvement over its initial version. Several
evolution baselines underperform LLM Skill. On ScienceWorld with GPT-5.5, for example, the
initial skill achieves 76.78%, whereas Trace2Skill, EvoSkill, and SkillGrad obtain 65.40%, 54.50%,
and 67.30%, respectively. In contrast, EVISKILL reaches 83.41% and improves over LLM Skill
in 17 settings while matching it in the remaining one. These results highlight the difficulty of
preserving useful knowledge while incorporating new experience. Individual changes can have
different effects, so rejecting a complete revision may discard useful corrections, while accepting it
may introduce ineffective guidance. Retaining supported changes for continued refinement across
epochs offers a way to preserve progress while reconsidering uncertain updates. The consistent
gains of EVISKILL support this explanation, which we examine further below.

4.3 ABLATION STUDY

To answer Q2, we examine two components of EVISKILL: (i) w/o Replay, which removes Replay-
Guided Edit Verification, and (ii) w/o Cross-Epoch, which disables Cross-Epoch Evidence Propa-
gation. Figure 5 reports task-success accuracy averaged over the three GPT backbones. Complete
results across all six backbones are reported in Figure 9 in Appendix E.
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Figure 5: Component ablations averaged
over the three GPT backbones.

Obs. 3. Replay-guided verification helps turn pro-
posed edits into effective behavioral corrections.
Removing replay reduces average accuracy by 2.49,
4.56, and 2.85 percentage points on ALFWorld, Ap-
pWorld, and ScienceWorld, respectively. The con-
sistent decreases support the importance of verify-
ing edits through execution. An edit may appear
consistent with its source trajectory yet omit a neces-
sary condition or fail to correct the targeted behavior.
Re-executing the associated trajectory ranges exposes
such discrepancies, providing feedback for filtering

unsupported edits and refining correctable proposals. The results indicate that assessing an edit’s
observed effects contributes beyond constructing it from past experience.

Obs. 4. Cross-epoch propagation preserves useful progress beyond individual revision at-
tempts. Disabling cross-epoch propagation reduces accuracy on all three benchmarks, with the
largest decrease on AppWorld, from 89.68% to 85.52%. This supports the value of retaining and
revisiting evolutionary information: rejection of a complete revision does not establish that all its
constituent edits are ineffective, nor that unresolved evidence cannot support later improvements.
Carrying supported edits and unresolved evidence forward allows subsequent experience to rein-
force, refine, or invalidate earlier proposals. Together, the two ablations show that checking current
edits and preserving information for future refinement both contribute to effective skill evolution.

4.4 MECHANISM ANALYSIS

To answer Q3, we analyze 18 runs spanning 72 epochs, focusing on replay-based edit verification
and refinement, and the contribution of retained edits and evidence to subsequent evolution.

4.4.1 REPLAY-GUIDED EDIT VERIFICATION

Figure 6 summarizes initial replay decisions and subsequent refinement outcomes for edits assigned
reflect, pooling edit counts across runs and epochs within each benchmark.

Obs. 5. Replay identifies unsupported proposals while enabling feedback-guided correction.
As shown in Figure 6a, although candidate edits are grounded in training trajectories, a substantial
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Accept Reflect Reject

ALFWorld
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(a) Initial decisions over candidate edits.

Recovered Not retained

ALFWorld
reflected n=1 1 (100%)

AppWorld
reflected n=16 13 (81%)

3 (19%)

ScienceWorld
reflected n=54 49 (91%)

5 (9%)

0 25 50 75 100
Share of reflected edits (%)

(b) Outcomes after reflection assignment.

Figure 6: Replay-guided edit verification. (a) Initial decisions over all candidate edits. (b) Re-
finement outcomes among edits initially assigned to reflection, showing counts and within-group
percentages. Acceptance indicates local replay support, not global revision acceptance.

fraction do not pass their initial replay: 20.7% on ALFWorld, 41.8% on AppWorld, and 42.5%
on ScienceWorld are assigned to reflection or rejection. These outcomes reveal a gap between
trajectory-derived guidance and demonstrated behavioral improvement, supporting the need to
verify edits before incorporating them into a candidate revision. However, an initially unsupported
edit is not necessarily beyond correction. Figure 6b shows that feedback-guided refinement recovers
13 of 16 reflected edits on AppWorld and 49 of 54 on ScienceWorld, as well as the single reflected
edit on ALFWorld. Replay thus provides both a basis for filtering unsupported edits and actionable
feedback for refining correctable proposals. These recovery rates describe the subset selected for
reflection after the initial replay, rather than all initially unsupported edits.

4.4.2 CROSS-EPOCH EVIDENCE PROPAGATION

We examine whether replay-accepted edits retained after global rejection are later incorporated into
a Validated Skill and whether Evidence Cards continue to support edit construction across epochs.
Figures 7 and 8 summarize these two outcomes across three benchmarks and four epochs.

Obs. 6. Globally rejected revisions contain edits that contribute to later accepted skills.
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Figure 7: Promotion of the 96 provision-
ally retained edits.

We analyze the 96 edits provisionally retained after
post-rejection replay. As shown in Figure 7, 46.9% en-
ter the Validated Skill one epoch later, 14.6% do so two
epochs later, and 11.5% do so three epochs later. Thus,
global revision rejection does not invalidate every
constituent edit: 72.9% of these locally supported ed-
its are subsequently incorporated into globally accepted
skills. Preserving them provisionally allows useful cor-
rections to survive an unsuccessful revision attempt and
contribute to later evolution. Another 27.1% remain
provisional when the four-epoch budget ends, so their
eventual promotion remains unobserved.

Obs. 7. Evidence continues to support edit construction beyond a single epoch.

Pre-resolved 1 epoch 2 epochs 3 epochs 4 epochs
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AppWorld
(n=828)

ScienceWorld
(n=1,610)

All
(n=3,361)
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Figure 8: Number of distinct epochs in
which each Evidence Card is selected for
an Evidence Window.

Across all benchmarks, 23.0% of unique Evidence
Cards are selected for Evidence Windows in at least two
distinct epochs, while 54.3% are selected in exactly one
(Figure 8). This demonstrates continued use of source
evidence across evolution epochs, allowing later edit
construction to revisit previously collected experience.
The extent of reuse varies across environments: 66.6%
of ALFWorld Cards are pre-resolved, whereas App-
World and ScienceWorld contain larger shares selected
across multiple epochs. These results and the subse-
quent promotion of retained edits show that cross-epoch
propagation preserves both proposed corrections and
the evidence available for further refinement.
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5 CONCLUSION

We introduced EVISKILL, an evidence-grounded framework for continual skill evolution.
EVISKILL links skill edits to their supporting execution contexts and verifies their intended ef-
fects through replay of the relevant trigger ranges. When global validation rejects a revision, post-
rejection replay selectively retains supported edits for further refinement. Unresolved evidence
and cross-epoch trajectory comparisons guide subsequent synthesis and correction. Experiments
on three interactive benchmarks across LLM backbones demonstrate consistent gains over agents
without skills and competitive performance against skill-evolution baselines. These results support
verifying edits through execution and reassessing their value beyond a single revision outcome.
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processed the datasets, and interpreted the results without generative AI assistance. We checked
the AI-assisted writing for accuracy and consistency with the underlying research and take full
responsibility for the paper’s text, claims, and artifacts.

ETHICS STATEMENT

The three benchmarks used in our experiments, AppWorld, ScienceWorld, and ALFWorld, are pub-
licly available and widely used. Our research adheres to the ICLR Code of Ethics, particularly
regarding data privacy, transparent reporting, and research integrity.

REPRODUCIBILITY STATEMENT

The method section describes the evidence-grounded skill evolution framework. Appendix B pro-
vides dataset splits and baseline descriptions. Appendix C details the algorithm, evidence and edit
representations, replay implementation, lifecycle management, model configurations, and evaluation
settings. Appendix D describes the procedures for the two preliminary studies, while Appendix H
provides the core prompts. Our code is available at https://github.com/Zhouyaner/
eviskill.

REFERENCES

Salaheddin Alzubi, Noah Provenzano, Jaydon Bingham, Weiyuan Chen, and Tu Vu. Evoskill: Au-
tomated skill discovery for multi-agent systems. arXiv preprint arXiv:2603.02766, 2026.

Zouying Cao, Jiaji Deng, Li Yu, Weikang Zhou, Zhaoyang Liu, Bolin Ding, and Hai Zhao. Re-
member me, refine me: A dynamic procedural memory framework for experience-driven agent
evolution. In Findings of the Association for Computational Linguistics: ACL 2026, pp. 16803–
16822, 2026.

Kunfeng Chen, Qihuang Zhong, Juhua Liu, and Bo Du. Skillcat: Contrastive assessment and
topology-aware skill self-evolution for llm agents. arXiv preprint arXiv:2606.13317, 2026a.

Shiqi Chen, Jingze Gai, Ruochen Zhou, Jinghan Zhang, Tongyao Zhu, Junlong Li, Kangrui Wang,
Zihan Wang, Zhengyu Chen, Klara Kaleb, et al. Skillcraft: Can llm agents learn to use tools
skillfully? arXiv preprint arXiv:2603.00718, 2026b.

Xiang Deng, Yu Gu, Boyuan Zheng, Shijie Chen, Sam Stevens, Boshi Wang, Huan Sun, and Yu Su.
Mind2web: Towards a generalist agent for the web. Advances in Neural Information Processing
Systems, 36:28091–28114, 2023.

Runnan Fang, Yuan Liang, Xiaobin Wang, Jialong Wu, Shuofei Qiao, Pengjun Xie, Fei Huang,
Huajun Chen, and Ningyu Zhang. Memp: Exploring agent procedural memory. In Findings of
the Association for Computational Linguistics: ACL 2026, pp. 17490–17502, 2026.

10

https://github.com/Zhouyaner/eviskill
https://github.com/Zhouyaner/eviskill


Preprint

Yuyuan Feng, Zhishang Xiang, Chaobin Yang, Qichao Ma, Zerui Chen, Yujing Zhang, Ke Huang,
Chuanjie Wu, Zhaoxu Liu, Yili Wang, et al. Graph engineering in the era of llm agents: From
individual intelligence to system intelligence. arXiv preprint arXiv:2608.21156, 2026.

Haowen Gao, Haoran Chen, Can Wang, Shasha Guo, Liang Pang, Zhaoyang Liu, Huawei Shen, and
Xueqi Cheng. Skillaudit: Ground-truth-free skill evolution via paired trajectory auditing. arXiv
preprint arXiv:2606.14239, 2026a.

Yudong Gao, Zongjie Li, Yuanyuan Yuan, Zimo Ji, Pingchuan Ma, and Shuai Wang. Skillreducer:
Optimizing llm agent skills for token efficiency. arXiv preprint arXiv:2603.29919, 2026b.

Srishti Gautam, Arjun Radhakrishna, and Sumit Gulwani. Skillaxe: Sharpening llm-authored agent
skills through evaluation-guided self-refinement. arXiv preprint arXiv:2606.10546, 2026.

Zhongxin Guo, Danrui Qi, Hanwen Gu, Peng Cheng, and Yongqiang Xiong. Skill-disco: Distilling
and compiling agent traces into reusable procedural skills. arXiv preprint arXiv:2606.26669,
2026.

Tingxu Han, Yi Zhang, Wei Song, Chunrong Fang, Zhenyu Chen, Youcheng Sun, and Lijie Hu. Swe-
skills-bench: Do agent skills actually help in real-world software engineering? arXiv preprint
arXiv:2603.15401, 2026.

Xiangyi Li, Yimin Liu, Wenbo Chen, Bingran You, Zonglin Di, Yifeng He, Shenghan Zheng, Ky-
oung Whan Choe, Jiankai Sun, Shuyi Wang, et al. Skillsbench: Benchmarking how well agent
skills work across diverse tasks. arXiv preprint arXiv:2602.12670, 2026a.

Yanzhou Li, Yiran Zhang, Xiaoyu Zhang, Xiaoxia Liu, and Yang Liu. Codeskill: Learning self-
evolving skills for coding agents. arXiv preprint arXiv:2605.25430, 2026b.

Yuan Liang, Ruobin Zhong, Haoming Xu, Chen Jiang, Yi Zhong, Runnan Fang, Jia-Chen Gu,
Shumin Deng, Yunzhi Yao, Mengru Wang, et al. Skillnet: Create, evaluate, and connect ai skills.
arXiv preprint arXiv:2603.04448, 2026.

Xingyan Liu, Xiyue Luo, Linyu Li, Ganghong Huang, Jianfeng Liu, and Honglin Qiao. Skillforge:
Forging domain-specific, self-evolving agent skills in cloud technical support. arXiv preprint
arXiv:2604.08618, 2026a.

Yujian Liu, Jiabao Ji, Li An, Tommi Jaakkola, Yang Zhang, and Shiyu Chang. How well do agen-
tic skills work in the wild: Benchmarking llm skill usage in realistic settings. arXiv preprint
arXiv:2604.04323, 2026b.

Yuxuan Liu, Zhaochen Su, Lingyun Xie, Yuhao Zhang, Qing Zong, Jiahe Guo, Zhongwei Xie,
Yiyan Ji, Yauwai Yim, Hongyu Luo, et al. Skillrevise: Improving llm-authored agent skills via
trace-conditioned skill revision. arXiv preprint arXiv:2606.01139, 2026c.

Yuchen Ma, Yue Huang, Han Bao, Haomin Zhuang, Swadheen Shukla, Michel Galley, Xiangliang
Zhang, and Stefan Feuerriegel. Skillgen: Verified inference-time agent skill synthesis. arXiv
preprint arXiv:2605.10999, 2026a.

Ziyu Ma, Shidong Yang, Yuxiang Ji, Xucong Wang, Yong Wang, Yiming Hu, Tongwen Huang, and
Xiangxiang Chu. Skillclaw: Let skills evolve collectively with agentic evolver. arXiv preprint
arXiv:2604.08377, 2026b.

Leland McInnes, John Healy, Steve Astels, et al. hdbscan: Hierarchical density based clustering. J.
Open Source Softw., 2(11):205, 2017.

Qirui Mi, Zhijian Ma, Mengyue Yang, Haoxuan Li, Yisen Wang, Haifeng Zhang, and Jun Wang.
Procmem: Learning reusable procedural memory from experience via non-parametric ppo for llm
agents. arXiv e-prints, pp. arXiv–2602, 2026.

Jingwei Ni, Yihao Liu, Xinpeng Liu, Yutao Sun, Mengyu Zhou, Pengyu Cheng, Dexin Wang, Er-
chao Zhao, Xiaoxi Jiang, and Guanjun Jiang. Trace2skill: Distill trajectory-local lessons into
transferable agent skills. arXiv preprint arXiv:2603.25158, 2026.

11



Preprint

Siru Ouyang, Jun Yan, I Hsu, Yanfei Chen, Ke Jiang, Zifeng Wang, Rujun Han, Long Le, Samira
Daruki, Xiangru Tang, et al. Reasoningbank: Scaling agent self-evolving with reasoning memory.
In International Conference on Learning Representations, volume 2026, pp. 94327–94354, 2026.

Charles Packer, Sarah Wooders, Kevin Lin, Vivian Fang, Shishir G Patil, Ion Stoica, and Joseph E
Gonzalez. Memgpt: Towards llms as operating systems. arXiv preprint arXiv:2310.08560, 2023.

Joon Sung Park, Joseph O’Brien, Carrie Jun Cai, Meredith Ringel Morris, Percy Liang, and
Michael S Bernstein. Generative agents: Interactive simulacra of human behavior. In Proceedings
of the 36th annual acm symposium on user interface software and technology, pp. 1–22, 2023.

Yujia Qin, Shihao Liang, Yining Ye, Kunlun Zhu, Lan Yan, Yaxi Lu, Yankai Lin, Xin Cong, Xiangru
Tang, Bill Qian, et al. Toolllm: Facilitating large language models to master 16000+ real-world
apis. In International Conference on Learning Representations, volume 2024, pp. 9695–9717,
2024.

Shuaike Shen, Wenduo Cheng, Mingqian Ma, Alistair Turcan, Martin Jinye Zhang, and Jian Ma.
Skillfoundry: Building self-evolving agent skill libraries from heterogeneous scientific resources.
arXiv preprint arXiv:2604.03964, 2026.

Noah Shinn, Federico Cassano, Ashwin Gopinath, Karthik Narasimhan, and Shunyu Yao. Reflexion:
Language agents with verbal reinforcement learning. Advances in neural information processing
systems, 36:8634–8652, 2023.

Mohit Shridhar, Xingdi Yuan, Marc-Alexandre Cote, Yonatan Bisk, Adam Trischler, and Matthew
Hausknecht. {ALFW}orld: Aligning text and embodied environments for interactive learning. In
International Conference on Learning Representations, 2021. URL https://openreview.
net/forum?id=0IOX0YcCdTn.

Mirac Suzgun, Mert Yuksekgonul, Federico Bianchi, Dan Jurafsky, and James Zou. Dynamic cheat-
sheet: Test-time learning with adaptive memory. In Proceedings of the 19th Conference of the
European Chapter of the Association for Computational Linguistics (Volume 1: Long Papers),
pp. 7080–7106, 2026.

Harsh Trivedi, Tushar Khot, Mareike Hartmann, Ruskin Manku, Vinty Dong, Edward Li, Shashank
Gupta, Ashish Sabharwal, and Niranjan Balasubramanian. Appworld: A controllable world of
apps and people for benchmarking interactive coding agents. In Proceedings of the 62nd Annual
Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pp. 16022–
16076, 2024.

Yash Vishe, Rohan Surana, Xunyi Jiang, Zihan Huang, Xintong Li, Nikki Lijing Kuang, Tong Yu,
Ryan A Rossi, Jingbo Shang, Julian McAuley, et al. Skill-r1: Agent skill evolution via reinforce-
ment learning. arXiv preprint arXiv:2605.09359, 2026.

Guanzhi Wang, Yuqi Xie, Yunfan Jiang, Ajay Mandlekar, Chaowei Xiao, Yuke Zhu, Linxi Fan,
and Anima Anandkumar. Voyager: An open-ended embodied agent with large language models.
In Intrinsically-Motivated and Open-Ended Learning Workshop @NeurIPS2023, 2023. URL
https://openreview.net/forum?id=nfx5IutEed.

Hanyu Wang, Yifan Lan, Bochuan Cao, Lu Lin, and Jinghui Chen. Skillgrad: Optimizing agent
skills like gradient descent. arXiv preprint arXiv:2605.27760, 2026.

Ruoyao Wang, Peter Jansen, Marc-Alexandre Côté, and Prithviraj Ammanabrolu. Scienceworld:
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A RELATED WORK

Agent Skills. Agent skills provide reusable procedural guidance that an LLM agent can load when
performing a task, without modifying the model parameters (Wang et al., 2023; Liang et al., 2026;
Zhou et al., 2026a;b). They can specify tool-use procedures, action sequences, task constraints,
and recovery steps, and may include supporting scripts or resources (Chen et al., 2026b; Gao et al.,
2026b). Such guidance has been used in embodied interaction, web navigation, and coding work-
flows (Wang et al., 2023; Zheng et al., 2025; Li et al., 2026b; Shen et al., 2026). Studies across
diverse tasks further show that the benefit of a skill depends on whether its guidance helps the agent
execute the task effectively (Li et al., 2026a; Zhang et al., 2026d; Han et al., 2026; Zhong et al., 2026;
Liu et al., 2026b). These settings motivate treating skills as reusable artifacts whose usefulness must
be assessed through agent execution in the intended task environments.

Experience Memory. Agents can also reuse past interactions through verbal reflections, extracted
lessons, and stored workflows (Shinn et al., 2023; Zhao et al., 2024; Wang et al., 2025; Park et al.,
2023; Zhou et al., 2026a; Zhong et al., 2024; Zheng et al., 2024). Procedural and reasoning memory
methods further organize experience into guidance that can be retrieved or updated during later
tasks (Fang et al., 2026; Cao et al., 2026; Ouyang et al., 2026; Zhang et al., 2026b; Mi et al., 2026).
Related approaches evolve the agent’s external context or manage experience across an interaction
lifecycle from collection to reuse (Zhang et al., 2026c; Wu et al., 2025; Packer et al., 2023; Suzgun
et al., 2026). This line of work informs how execution history can support future decisions.

Skill Evolution. Existing methods use execution experience to revise skills in different ways (Gao
et al., 2026a; Chen et al., 2026a; Zheng et al., 2026; Zhou et al., 2026a; Ma et al., 2026b). Trace2Skill
extracts trajectory-local patches and consolidates them into a reusable artifact (Ni et al., 2026);
SkillAdaptor and SkillRevise use execution failures and trace-conditioned feedback to guide revi-
sions (Yu et al., 2026; Liu et al., 2026c;a). SkillGrad converts diagnoses into textual update signals
and accumulates recurring patterns across iterations (Wang et al., 2026). EvoSkill selects skill can-
didates through iterative evaluation, while SkillOpt applies bounded edits, uses held-out validation,
and retains rejected edits as feedback for later updates (Alzubi et al., 2026; Yang et al., 2026a).

B EXPERIMENTAL DETAILS

B.1 DATASETS AND TASK SPLITS

Table 2: Task families and dataset splits.

Dataset Task Families Train Val. Test

AppWorld - 90 57 168
ScienceWorld 24 96 48 211
ALFWorld 6 96 48 134

We evaluate on three interactive bench-
marks: AppWorld (Trivedi et al., 2024),
ScienceWorld (Wang et al., 2022), and
ALFWorld (Shridhar et al., 2021), cover-
ing application API use, scientific experi-
mentation, and household task execution,
respectively. These benchmarks evaluate
whether evolved skills provide reusable
procedural guidance for multi-step inter-

actions across different environments with distinct actions and observations. Table 2 summarizes
the task splits. We use disjoint training, validation, and test splits for trajectory collection and skill
evolution, global validation and revision selection, and final evaluation, respectively.

• AppWorld. AppWorld is a controllable environment for evaluating interactive agents
through realistic application APIs. Each task requires multi-step operations across simu-
lated applications, where success depends on planning API calls, maintaining intermediate
states, and satisfying the final task objective. We directly use the complete official train,
dev, and test normal splits, without additional sampling. These splits contain 90, 57,
and 168 tasks, respectively, and have no overlapping scenario families.

• ScienceWorld. ScienceWorld evaluates agents on interactive scientific experimentation
tasks. Agents must manipulate objects, conduct experiments, interpret environmental feed-
back, and complete task-specific goals. These tasks emphasize procedural reasoning and
recovery from intermediate failures. We sample four instances per task family from the
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official train split and two per family from dev, yielding 96 training and 48 validation
tasks across all 24 families. We use the complete official test split of 211 tasks.

• ALFWorld. ALFWorld is a text-based embodied environment for household task com-
pletion. Agents navigate environments and interact with objects through textual actions to
accomplish goals such as locating, manipulating, and placing items. Its recurring task pro-
cedures provide a setting for evaluating reusable execution strategies. For each of the six
task families, we select 16 distinct scenarios from the official train split and eight from
valid seen, yielding 96 training and 48 validation tasks. We retain only one trial per
scenario within each sampled split. The complete official valid unseen split provides
134 test tasks. We check the manifests to ensure no gamefile appears in more than one split.

B.2 BASELINES

We group the evaluated methods into non-evolving baselines and skill-evolution methods. The
former use either no external skill or a fixed LLM-generated skill, while the latter update skills
using execution experience. Table 3 summarizes their core mechanisms.

Table 3: Overview of the evaluated methods and their skill-evolution strategies.

Method Evolution strategy Core mechanism

Non-Evolving Baselines
NoSkill None No external skill
LLM Skill None Fixed LLM-generated guidance

Skill-Evolution Methods
Trace2Skill Trajectory distillation Lesson extraction and consolidation
EvoSkill Iterative discovery Skill generation and refinement
SkillGrad Textual-gradient optimization Update accumulation and patching
SkillOpt Validation-guided revision Candidate evaluation and selection
EVISKILL (Ours) Evidence-grounded evolution Replay verification and cross-epoch reuse

Non-Evolving Baselines.

• NoSkill. The Action Agent executes each task without an external skill document or skill-
related memory. Interaction trajectories are not reused across tasks, and no skill is gen-
erated or updated. This setting measures the underlying agent’s task-solving performance
across the three benchmarks before introducing reusable procedural guidance.

• LLM Skill. The Action Agent receives the initial LLM-generated skill S0, which remains
fixed throughout evaluation. The skill provides procedural guidance but incorporates no
feedback from subsequent interactions. This setting measures the benefit of skill initializa-
tion and provides the reference for assessing gains from further evolution.

Skill-Evolution Methods.

• Trace2Skill (Ni et al., 2026). Trace2Skill derives reusable guidance from local execution
experience. It identifies procedural lessons in agent trajectories, translates them into skill
patches, and consolidates them into transferable skill artifacts. Its emphasis is on converting
concrete interaction experience into instructions that can guide subsequent tasks.

• EvoSkill (Alzubi et al., 2026). EvoSkill iteratively discovers and refines reusable skills
from accumulated interactions. Task outcomes and failure analyses guide candidate im-
provements, which undergo evaluation and consolidation as the skill set evolves. Its em-
phasis is on the repeated discovery and integration of useful procedures across tasks.

• SkillGrad (Wang et al., 2026). SkillGrad represents execution diagnoses as textual
gradient-like update signals. It accumulates recurring improvement directions across itera-
tions and uses them to construct structured patches to the skill. This mechanism connects
observed execution weaknesses to targeted changes in procedural guidance.
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• SkillOpt (Yang et al., 2026a). SkillOpt treats skill refinement as candidate revision and
selection. It uses execution feedback to modify an existing skill, evaluates the resulting
candidates, and retains revisions that improve validation performance. Its central mecha-
nism is performance-based selection at the skill-revision level.

• EVISKILL (Ours). EVISKILL associates proposed edits with Replayable Evidence Cards
that preserve their supporting task contexts and trajectory ranges for reconstructing source
execution states during replay. Targeted replay examines the edits’ behavioral effects and
provides feedback for refinement. Across epochs, unresolved evidence and locally sup-
ported edits remain available for continued evolution, while global validation determines
whether a candidate revision is incorporated into the Validated Skill. This separates local
support for individual edits from acceptance of the complete skill revision.

C METHOD IMPLEMENTATION DETAILS

C.1 ALGORITHM

Algorithm 1 summarizes the evolution procedure of EVISKILL. Across epochs, it maintains the
Validated Skill SV

e , Provisional Edit Ledger Pe, carried cards Ccarry
e , and Tracked Edits Qe. Each

edit u retains its supporting cards C(u), which identify execution contexts for replay and tasks for
cross-epoch comparison using complete trajectory pairs from adjacent epochs. Evidence extraction,
edit synthesis, and replay assessment use f ext, f edit, and f eval, respectively.

At each epoch, EVISKILL forms the Working Skill SW
e = SV

e ⊕Pe and collects training trajectories
Re. The extractor produces Trajectory Evidence Cards Ctraj

e and Contrastive Evidence Cards Ccon
e ,

using Qe and its supporting cards to select adjacent-epoch trajectory pairs. Both sources join Ccarry
e

in the Evidence Pool Ce. Active cards are grouped into Evidence Windows Bk for synthesizing
candidate edits Ue and their supporting associations C(u). Replay under SW

e ⊕u, with one reflection
opportunity, yields U+

e . These edits are consolidated into Ue to form S̃e.

If global validation accepts S̃e, it becomes SV
e+1 and Pe+1 is cleared. Otherwise, SV

e remains
unchanged, and post-rejection replay evaluates each consolidated edit v under SV

e ⊕ v. Accepted
edits from post-rejection replay update Pe+1 for subsequent training and refinement. Card lifecycle
updates determine Ccarry

e+1 , while Qe+1 identifies edits for further cross-epoch comparison. After E
epochs, the algorithm returns S⋆ = SV

E+1, excluding unpromoted provisional edits.

C.2 EVIDENCE CARDS AND EDIT REPRESENTATION

A Replayable Evidence Card is represented by Ci = ⟨zi,Gi, ũi⟩, where zi is a persistent Evidence
identifier, Gi is a set of supporting trigger ranges, and ũi is the proposed correction. Each Card also
stores its mechanism-level pattern, evidence source, outcome category, and optional failure type.

Each trigger range g = (x, e, s, t) ∈ Gi denotes the inclusive interval [s, t] in the trajectory of
training task x collected at epoch e, so that the source state can be reconstructed. The range stores
the task identifier, source epoch, step boundaries, actions, and environment observations. A Card
may contain ranges from multiple tasks when they support the same correction.

We use two types of Cards: Trajectory Evidence Cards, extracted from current-epoch trajectories,
and Contrastive Evidence Cards, generated by comparing trajectories associated with Tracked
Edits across epochs. Contrastive Cards retain the identifier of the Origin Edit they assess. Before
entering the Evidence Pool, each Card is checked by a grounding verifier against its referenced
source trajectories, and Cards with invalid ranges or unsupported corrections are discarded.

Active Cards whose corrections are not already covered by the current skill are grouped into Evi-
dence Windows for subsequent edit synthesis. For each Card, we construct a semantic representation
from its pattern and proposed edit fields, including the operation, target, and content. Normalized
embeddings of these representations are clustered with HDBSCAN (McInnes et al., 2017) in the de-
fault implementation. Clustering is performed over edit semantics rather than complete trajectories
or trigger ranges; trigger ranges are retained for replay. Oversized clusters are split according to the
window capacity, and compatible small clusters are merged when possible.
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Algorithm 1 Overall procedure of EVISKILL

Require: π, fext, fedit, feval, Dtr, Dval, S0, and E
Ensure: Final Validated Skill S⋆

1: SV
1 ← S0, P1 ← ∅,Q1 ← ∅, Ccarry1 ← ∅

2: for e = 1, . . . , E do
3: SW

e ← SV
e ⊕ Pe

4: Re ← {τe
x ∼ π(· | x, SW

e ) | x ∈ Dtr}
5: Ctraje ← f ext(SW

e ,Re)
6: if e > 1 ∧ Qe ̸= ∅ then
7: Xe ← training tasks referenced by

⋃
u∈Qe

C(u)
8: Rcmp

e ← {(τe−1
x , τe

x) | x ∈ Xe}
9: Ccone ← f ext

(
SW
e , {(u, C(u)) : u ∈ Qe},Rcmp

e

)
10: else
11: Ccone ← ∅
12: end if
13: Ce ← Ccarrye ∪ Ctraje ∪ Ccone

14: Group active cards in Ce into Evidence Windows {Bk}Ke
k=1

15: {(u, C(u)) : u ∈ Ue} ←
⋃Ke

k=1 f
edit(SW

e ,Bk)
16: for u ∈ Ue do
17: G(u)←

⋃
Ci∈C(u) Gi

18: Obtain source–replay pairs Tu by replaying G(u) under SW
e ⊕ u

19: (ru, hu)← feval(SW
e , u, C(u), Tu)

20: if ru = reflect then
21: u′ ← fedit(SW

e , u, C(u), Tu, hu)
22: C(u′)← C(u), G(u′)← G(u)
23: Obtain Tu′ by replaying G(u′) under SW

e ⊕ u′

24: (ru′ , hu′)← feval(SW
e , u′, C(u′), Tu′)

25: end if
26: end for
27: U+

e ← {u ∈ Ue | ru = accept} ∪ {u′ | u ∈ Ue, ru = reflect, ru′ = accept}
28: Ue ← f edit(SW

e ,U+
e ), preserving supporting card associations

29: S̃e ← SW
e ⊕ Ue

30: if ĴDval(S̃e) > ĴDval(S
V
e ) then

31: SV
e+1 ← S̃e, Pe+1 ← ∅

32: Qe+1 ← Pe ∪ Ue

33: else
34: SV

e+1 ← SV
e

35: for v ∈ Ue do
36: Replay G(v) under SV

e ⊕ v and assess with feval using C(v) to obtain rpostv

37: if rpostv = reflect then
38: Revise v into v′ with fedit using SV

e , supporting cards, replay pairs, and feedback
39: C(v′)← C(v), G(v′)← G(v)
40: Replay G(v′) under SV

e ⊕ v′ and assess with feval to obtain rpostv′

41: end if
42: end for
43: Upost,+

e ← {v ∈ Ue | rpostv = accept} ∪ {v′ | v ∈ Ue, r
post
v = reflect, rpostv′ = accept}

44: Form Pe+1 from Pe by replacing targeted entries with edits in Upost,+
e and appending the remaining

retained edits in order
45: Qe+1 ← Pe+1

46: end if
47: Update card lifecycle states from validation and replay outcomes to obtain Ccarrye+1

48: end for
49: S⋆ ← SV

E+1

50: return S⋆

A Card-level correction is represented as:

ũi = ⟨ai, ti, ci⟩, (12)
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where ai ∈ {append,insert after,insert after section,replace,delete} is the
edit operation, ti is the target location or exact target text, and ci is the Markdown content to insert
or replace. The target is empty only for append, and the content may be empty for delete.

Let Bk = {Ci | i ∈ Ik} denote the k-th Evidence Window. The Evidence-Window editor refines or
consolidates its Card-level corrections into an Evidence-Linked Edit:

u = ⟨yu, au, tu, cu, Iu, Lu⟩, (13)

where yu is the edit identifier, Iu is the set of supporting Card identifiers, and Lu contains source
edit identifiers when the edit is derived from previous edits. Its replay ranges are recovered as

G(u) =
⋃

i:zi∈Iu

Gi. (14)

The identifiers in Iu and Lu are retained as provenance metadata and are not inserted into the external
skill document. Card and edit lifecycle transitions are described in Section C.4.

C.3 TRIGGER-RANGE REPLAY

Trigger-Range Replay evaluates an Evidence-Linked Edit on the local behaviors cited by its support-
ing Evidence Cards. For each range g = (x, e, s, t) ∈ G(u), the implementation loads the recorded
trajectory of task x from epoch e and replays the prefix before step s to reconstruct the original
environment state and interaction history. The Action Agent then executes the target interval using
the candidate skill S ⊕ u, allowing its actions to differ from the recorded trajectory. Prefix actions
are used only for state reconstruction and are not counted as new agent decisions.

The replay record pairs the original and re-executed segments, including their actions, environ-
ment observations, progress signals, and terminal outcomes. Given these paired segments, the
current skill, the candidate edit, and its supporting Cards, the replay evaluator returns ru ∈
{accept,reflect,reject} with feedback. An accepted edit is retained for subsequent con-
solidation into the current candidate revision; a reflected edit is revised while preserving its evidence
links and evaluated again; and a rejected edit is excluded from the current candidate.

The same procedure is used at two stages. Evidence-window replay verifies constructed edits be-
fore consolidation, whereas post-rejection replay reassesses edits from a globally rejected revision
before admitting them as Provisional Edits. Replay provides local behavioral verification, while
global validation determines whether the consolidated candidate updates the Validated Skill.

C.4 EVIDENCE AND EDIT LIFECYCLE

Evidence Card lifecycle. A Card is generated from a current-epoch trajectory or a cross-epoch
contrastive comparison and enters the Evidence Pool only after a grounding verifier confirms that its
trigger ranges support the proposed pattern and correction. Verified Cards are initialized as active
and may be selected into Evidence Windows across multiple epochs if their evidence remains unre-
solved. Cards supporting live Provisional Edits are marked as protected and reserved for cross-epoch
comparison using adjacent-epoch trajectories, whereas Cards whose corrections are incorporated
into a validated skill are marked as archived. Cards that are repeatedly rejected, ignored, or left
without a usable edit may become stale after exceeding the configured rejection limit; unresolved
active or deferred Cards remain available for future Evidence-Window construction.

Edit lifecycle. Card-level corrections are grouped into Evidence Windows and refined into
Evidence-Linked Edits, which are checked for patch validity and evaluated through trigger-range
replay. A replay returns accept, reflect, or reject: accepted edits are retained directly, re-
flected edits are rewritten as provenance-preserving successors, and rejected edits are excluded from
the current revision unless recovered by later replay or cross-epoch correction. Accepted edits are
consolidated into a candidate skill and evaluated on the development split. If validation succeeds,
the changed edits become part of the Validated Skill and their historical records are preserved; if
validation fails, the Validated Skill remains unchanged, while edits that pass post-rejection replay
may enter the Provisional Edit Ledger with their evidence links intact and contribute to the next
Working Skill. For a linked origin edit, a later Contrastive Evidence Card can generate a correction;
corrections to Provisional Edits replace the live ledger entry, whereas corrections to validated edits
are stored as new lineage-linked edits without modifying the original history.
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C.5 IMPLEMENTATION AND EVALUATION DETAILS

Evolution schedule and rollout. EVISKILL performs four skill-evolution epochs. Each epoch
traverses the complete training task set Dtr once, with the task order shuffled at the beginning of the
epoch and no sampling with replacement. The Action Agent π executes tasks under the Working
Skill SW

e in rollout bundles of four using four isolated environment workers, with one trajectory
per task. The LLM evidence extractor f ext processes the resulting trajectories Re in minibatches of
four and produces at most four card-level correction proposals per minibatch.

Evidence grouping and skill evolution. We encode each active Replayable Evidence Card
Ci with the local Qwen3-Embedding-0.6B encoder (Zhang et al., 2025) using a batch size
of 32 and group the resulting embeddings with HDBSCAN under Euclidean distance. We set
min cluster size=4 and min samples=2. If the number of active cards in the Evidence
Pool Ce is smaller than either setting, the corresponding value is clipped to that number. HDB-
SCAN (McInnes et al., 2017) noise points are retained as singleton groups rather than discarded.
After clustering, Evidence Windows Bk contain 4–20 cards. When necessary, small components are
merged or rebalanced using a centroid cosine-similarity threshold of 0.58. The implementation uses
cluster step, and all resulting windows are processed without an additional fixed limit on Ke.
For each Bk, the LLM editor f edit uses a candidate-budget hint of five edits. Replay-verified edits in
U+
e are consolidated in chunks of at most eight candidates before a global consolidation pass, with

an epoch-level budget of 128 edits. Each candidate edit u is replayed on at most three trigger ranges
from G(u). Post-rejection replay evaluates at most 15 consolidated edit instances under SV

e ⊕ v in
each non-final epoch and is disabled after the final validation gate. The Provisional Edit Ledger Pe

contains at most 16 live edits. A card Ci becomes stale after two explicit replay rejections and may
remain deferred for at most two distinct epochs. For cross-epoch comparison, at most 20 task-level
transition lineages associated with the Tracked Edits Qe are retained for the next epoch.

Models and environments. The Action Agent π uses GPT-5.5, GPT-5.4, GPT-5.4-mini,
Qwen3.5-4B, Qwen3.5-9B, or Qwen3.6-35B-A3B. GPT backbones use medium reasoning, while
Qwen backbones use their non-reasoning configuration. The evidence extractor f ext, editor f edit,
and evaluator f eval use GPT-5.5 with medium reasoning. The temperature of π is 0.7 across all six
backbones. ALFWorld and AppWorld permit at most 50 environment steps per task. ScienceWorld
uses its task-specific recommended limit when available and a fallback limit of 100 steps otherwise.
In all three environments, π receives the eight most recent interaction steps.

D PRELIMINARY STUDY DETAILS

D.1 TRAJECTORY-DERIVED EDIT OUTCOMES

We examine edits generated by Trace2Skill from training trajectories on ALFWorld, AppWorld,
and ScienceWorld. Each edit u is associated with a set of training tasks T (u) that motivated it,
and the size of T (u) varies across edits. We assess each edit independently by applying it to the
skill version immediately preceding its generation, without applying other generated edits. The
Action Agent then reruns every task in T (u) from its initial state under the edited skill until the task
terminates or reaches its step limit. We compare task-success accuracy on T (u) with the accuracy of
the corresponding pre-edit skill on the same tasks. An edit is classified as accept if accuracy strictly
increases, reject if it strictly decreases, and reflect if it remains unchanged.

D.2 USEFUL EDITS WITHIN REJECTED REVISIONS

We analyze rejected revisions produced by Trace2Skill. For each revision, Trace2Skill generates N
edits from training trajectories, with each edit associated with its source training task. The complete
revision is rejected when its validation accuracy does not strictly exceed that of the previous Vali-
dated Skill. To examine whether the revision contains a useful subset of edits, we provide GPT-5.5
with the N edit records and ask it to return the indices of the min(3, N − 2) edits judged most
promising based on their content. The selector does not rewrite the edits. We apply all selected edits
together to the previous Validated Skill and evaluate the resulting skill with GPT-5.4-mini on the
full training set. We then compare its task-success accuracy with that of the previous Validated Skill
on the same tasks. The analysis shows that the selected edit sets improve training accuracy despite
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Table 4: Task-success accuracy (%) across three interactive benchmarks. ∆NS denotes the
percentage-point change relative to No skill for the same model and dataset. Bold and underlined
values indicate the best and second-highest distinct accuracies within each model–dataset setting.

Model Method ALFWorld (134) AppWorld (168) ScienceWorld (211)

Acc.↑ ∆NS Acc.↑ ∆NS Acc.↑ ∆NS

GPT-5.5

No Skill 90.30 0.00 85.71 0.00 76.30 0.00
LLM Skill 94.03 +3.73 94.05 +8.33 76.78 +0.47
Trace2Skill 94.03 +3.73 86.31 +0.60 65.40 -10.90
EvoSkill 94.78 +4.48 91.07 +5.36 54.50 -21.80
SkillGrad 95.52 +5.22 86.31 +0.60 67.30 -9.00
SkillOpt 94.78 +4.48 92.86 +7.14 80.09 +3.79
EVISKILL 96.27 +5.97 94.64 +8.93 83.41 +7.11

GPT-5.4

No Skill 75.37 0.00 88.10 0.00 52.13 0.00
LLM Skill 89.55 +14.18 88.69 +0.60 66.35 +14.22
Trace2Skill 94.78 +19.40 85.71 -2.38 56.40 +4.27
EvoSkill 90.30 +14.93 79.17 -8.93 63.03 +10.90
SkillGrad 94.03 +18.66 83.93 -4.17 53.55 +1.42
SkillOpt 94.78 +19.40 89.29 +1.19 63.03 +10.90
EVISKILL 95.52 +20.15 90.48 +2.38 76.78 +24.64

GPT-5.4-mini

No Skill 74.63 0.00 82.14 0.00 38.86 0.00
LLM Skill 88.06 +13.43 76.19 -5.95 36.97 -1.90
Trace2Skill 82.84 +8.21 83.33 +1.19 42.65 +3.79
EvoSkill 86.57 +11.94 85.12 +2.98 44.55 +5.69
SkillGrad 88.06 +13.43 83.33 +1.19 44.08 +5.21
SkillOpt 89.55 +14.93 84.52 +2.38 58.29 +19.43
EVISKILL 91.79 +17.16 83.93 +1.79 67.78 +28.91

Qwen3.5-4B

No Skill 43.28 0.00 18.45 0.00 4.27 0.00
LLM Skill 75.37 +32.09 28.57 +10.12 3.79 -0.47
Trace2Skill 82.84 +39.55 32.14 +13.69 9.48 +5.21
EvoSkill 73.88 +30.60 27.98 +9.52 2.84 -1.42
SkillGrad 84.33 +41.04 30.36 +11.90 6.64 +2.37
SkillOpt 83.58 +40.30 30.95 +12.50 14.69 +10.43
EVISKILL 85.07 +41.79 32.14 +13.69 20.85 +16.59

Qwen3.5-9B

No Skill 54.48 0.00 25.60 0.00 8.53 0.00
LLM Skill 76.12 +21.64 43.45 +17.86 9.00 +0.47
Trace2Skill 75.37 +20.90 45.24 +19.64 19.91 +11.37
EvoSkill 76.87 +22.39 32.74 +7.14 17.06 +8.53
SkillGrad 87.31 +32.84 46.43 +20.83 14.22 +5.69
SkillOpt 86.57 +32.09 47.62 +22.02 22.27 +13.74
EVISKILL 91.04 +36.57 43.45 +17.86 37.91 +29.38

Qwen3.6-35B-
A3B

No Skill 70.90 0.00 54.17 0.00 17.06 0.00
LLM Skill 79.85 +8.96 58.33 +4.17 17.54 +0.47
Trace2Skill 85.07 +14.18 64.88 +10.71 25.12 +8.06
EvoSkill 79.85 +8.96 55.36 +1.19 23.22 +6.16
SkillGrad 85.82 +14.93 60.71 +6.55 19.91 +2.84
SkillOpt 86.57 +15.67 62.50 +8.33 42.18 +25.12
EVISKILL 88.06 +17.16 63.10 +8.93 40.76 +23.70

the rejection of their complete revisions on the validation set. This result shows that revision-level
rejection can discard a combination of edits with measurable benefits.

E ADDITIONAL EXPERIMENTAL RESULTS

E.1 COMPLETE MAIN RESULTS

Table 4 reports the complete Q1 results across all six Action-Agent backbones, comprising three
GPT backbones and three Qwen backbones. In addition to the four representative backbones re-
ported in Table 1, the complete comparison includes GPT-5.4-mini and Qwen3.6-35B-A3B.

The benchmark-wise results reveal different levels of consistency across environments. On ALF-
World, EVISKILL achieves the highest accuracy with all six backbones. On ScienceWorld, it ranks
first with five backbones and second with Qwen3.6-35B-A3B. Performance is more variable on Ap-
pWorld: EVISKILL ranks first or tied first in three settings and second in one, while continuing to
outperform No skill in the remaining two. This distribution indicates that the relative advantage
of EVISKILL is highly consistent on ALFWorld and ScienceWorld, whereas AppWorld presents
greater variation among skill-evolution methods across the evaluated backbones.

The magnitude of improvement also varies across model families. Averaged over the nine model–
dataset settings within each family, EVISKILL improves over No skill by 13.00 percentage points for
the GPT backbones and 22.85 points for the Qwen backbones. The larger absolute gain for the Qwen
family should be interpreted alongside its generally lower No-skill accuracies, which leave greater
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Figure 9: Family-level component ablations across all six Action-Agent backbones. Each panel
reports task-success accuracy averaged over the three backbones in the corresponding model family.
w/o Replay removes Replay-Guided Edit Verification, while w/o Cross-Epoch disables Cross-Epoch
Evidence Propagation.

room for improvement. Overall, the complete results show that the gains of EVISKILL extend across
backbone families and model scales, rather than depending on a particular Action Agent.

E.2 COMPLETE ABLATION RESULTS

Figure 9 extends the ablation study in Section 4.3 to all six Action-Agent backbones. For each
benchmark, the GPT results are averaged over GPT-5.5, GPT-5.4, and GPT-5.4-mini, while the
Qwen results are averaged over Qwen3.5-4B, Qwen3.5-9B, and Qwen3.6-35B-A3B. Full denotes
the complete EVISKILL framework; w/o Replay removes Replay-Guided Edit Verification, and w/o
Cross-Epoch disables Cross-Epoch Evidence Propagation. We first examine the family-level effects
of these two components and then further separate the two persistent pathways within Cross-Epoch
Evidence Propagation.

Effects of key components. Full EVISKILL achieves the highest accuracy across all benchmarks
in both model families. For GPT backbones (Figure 9a), removing replay causes larger drops than
removing cross-epoch propagation on all three benchmarks, with the largest decreases on AppWorld
(4.56 and 4.16 percentage points, respectively). For Qwen backbones (Figure 9b), cross-epoch
propagation contributes more on ALFWorld and ScienceWorld, with drops of 3.48 and 1.58 points,
compared with 2.24 and 0.47 points without replay. On AppWorld, removing replay causes the
larger drop (3.17 versus 1.78 points). These results support both components while showing that
their relative contributions depend on the backbone family and environment.

Table 5: Cross-epoch ablations.
Variant Accuracy (%) Gain

Full 88.06 +3.48
Cards Only 86.32 +1.74
Edits Only 86.82 +2.24
w/o Cross-Epoch 84.58 0.00

Decomposition of Cross-Epoch Evidence Prop-
agation. We separate two cross-epoch pathways:
carrying unresolved cards into subsequent Evidence
Pools and retaining replay-supported provisional ed-
its in subsequent Working Skills. We evaluate on
ALFWorld, where removing cross-epoch propaga-
tion causes the largest Qwen-family decrease, and
average accuracies over Qwen3.5-4B, Qwen3.5-9B,
and Qwen3.6-35B-A3B. Cards Only preserves unre-
solved cards but discards provisional edits after re-
jected revisions. Edits Only retains provisional edits but excludes unresolved cards from the next
Evidence Pool. Table 5 reports accuracy and percentage-point gains over w/o Cross-Epoch. Cards
Only and Edits Only improve accuracy by 1.74 and 2.24 points, respectively. Full achieves 88.06%
accuracy, exceeding the two variants by 1.74 and 1.24 points. Both pathways contribute to perfor-
mance, and combining them provides further gains over retaining either alone.
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E.3 CONTRASTIVE EVIDENCE-GUIDED CORRECTION OF TRACKED EDITS

We examine whether cross-epoch contrastive evidence leads to replay-supported corrections of
the Tracked Edits it targets. Following Section 3.1, the supporting cards of Qe identify tasks for
adjacent-epoch trajectory comparison. The extractor uses these comparisons to identify persistent
deficiencies or newly exposed problems and produces Contrastive Evidence Cards linked to the rel-
evant edits. These cards guide targeted edit synthesis, followed by replay verification and, when
needed, reflection.

Across 18 complete runs, 48 Contrastive Evidence Cards target 29 distinct original edits. For Fig-
ure 10, we group linked corrections by their original edit, forming an origin edit lineage. Each
lineage is counted once: dark blue denotes at least one replay-accepted correction, and light blue
denotes none. The bar length gives the number of targeted lineages, while each annotation reports
the accepted count, total count, and their ratio.

0 5 10 15 20 25 30
Origin Edit Lineages

ALFWorld

AppWorld

ScienceWorld

Overall

2/2 (100.0%)

5/7 (71.4%)

13/20 (65.0%)

20/29 (69.0%)

Locally Accepted Rewrites Other Origin Lineages

Figure 10: Replay-supported correction of
origin edit lineages.

Overall pools the three benchmarks. Of the 29 lin-
eages, 20 (69.0%) yield a replay-accepted correc-
tion. ALFWorld achieves 2/2, although this covers
only two lineages. AppWorld achieves 5/7 (71.4%),
and ScienceWorld achieves 13/20 (65.0%). Sci-
enceWorld accounts for most targeted lineages and
accepted corrections, but also seven of the nine lin-
eages without an accepted correction. These results
connect evidence propagation to behavioral verifi-
cation: cross-epoch comparisons supply actionable
evidence for revising existing guidance, and replay
supports corrections for a majority of the targeted
lineages. The nine remaining lineages also show that identifying a deficiency does not ensure an
effective repair. Acceptance here establishes local replay support, while incorporation into the Vali-
dated Skill remains subject to global validation.

E.4 EVIDENCE SUPPORT BREADTH AND GRANULARITY

We examine whether evidence supported by multiple tasks is more likely to support edits that survive
replay and contribute to subsequent skill revisions. This analysis tests two aspects of our design:
whether broader evidence support can substitute for behavioral verification, and whether cross-task
evidence remains useful after verification. A Replayable Evidence Card is classified as cross-task
if its trigger ranges reference at least two distinct training tasks, and single-task otherwise. Across
18 complete runs, the 3,313 Trajectory Evidence Cards comprise 2,450 single-task cards and 863
cross-task cards (26.05%). We restrict this analysis to trajectory-derived cards to examine task
breadth within one extraction source, excluding the 48 Contrastive Evidence Cards.

Table 6 follows card–edit associations through synthesis, replay, and downstream skill updates.
Edit-linked measures participation in candidate edit synthesis. Replay-retained reports retention
among cards associated with replayed edits. Final Provisional and Validated report associations
with edits remaining provisional at the end of evolution or incorporated into the Validated Skill,
respectively. The final column measures the proportion of replay-retained cards associated with
either downstream state. These are card-level provenance statistics, and a card may support multiple
edits.

Broader evidence supports that replay does not guarantee retention. Cross-task cards have
lower replay-retention rates than single-task cards on all three benchmarks: 88.31% versus 92.05%
on ALFWorld, 69.41% versus 79.12% on AppWorld, and 69.23% versus 70.58% on ScienceWorld.
Observing a shared pattern across tasks therefore does not ensure that the synthesized edit produces
its intended effect. This supports the separation between Evidence-Grounded Edit Synthesis and
Replay-Guided Edit Verification.

Replay-retained cross-task evidence has higher downstream utilization. Among replay-retained
cards, cross-task cards more frequently support provisional or validated edits: 93.38% versus
87.77% on ALFWorld, 93.22% versus 84.04% on AppWorld, and 90.17% versus 89.24% on Sci-
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Table 6: Card utilization by support breadth. Percentages use the denominators specified in the
column headers.

Dataset Support Cards
Edit-linked
(of Cards)

Replay-retained
(of replayed)

Final Provisional
(of Cards)

Validated
(of Cards)

Prov./validated
(of retained)

ALFWorld Single-task 532 151 (28.38) 139/151 (92.05) 30 (5.64) 92 (17.29) 122/139 (87.77)
Cross-task 389 154 (39.59) 136/154 (88.31) 17 (4.37) 110 (28.28) 127/136 (93.38)

AppWorld Single-task 695 580 (83.45) 451/570 (79.12) 32 (4.60) 347 (49.93) 379/451 (84.04)
Cross-task 123 87 (70.73) 59/85 (69.41) 3 (2.44) 53 (43.09) 55/59 (93.22)

ScienceWorld Single-task 1,223 1,182 (96.65) 818/1,159 (70.58) 0 (0.00) 732 (59.85) 730/818 (89.24)
Cross-task 351 343 (97.72) 234/338 (69.23) 0 (0.00) 212 (60.40) 211/234 (90.17)

enceWorld. This consistent pattern suggests that broader support can remain useful after behavioral
verification, motivating the preservation of card–edit associations through subsequent skill updates.

The value of support breadth depends on the environment. Cross-task cards have higher edit-
linking and validated-association rates on ALFWorld, lower rates on AppWorld, and similar rates
on ScienceWorld. Single-task evidence therefore remains a substantial source of useful guidance.
These results support retaining both forms of evidence and assessing their resulting edits through
replay, without treating task breadth alone as a quality criterion or evidence of generalization to
unseen tasks.

Supporting trigger ranges. We measure the amount of execution evidence associated with each
Replayable Evidence Card Ci by summing the lengths of its supporting trigger ranges Gi:

L(Ci) =
∑

g=(x,eg,s,t)∈Gi

(t− s+ 1). (15)

The endpoints are inclusive, and overlapping ranges are counted separately. Unlike the preceding
task-breadth analysis, this analysis includes both Trajectory Evidence Cards and Contrastive Evi-
dence Cards, which share the same trigger-range representation.

Table 7: Supporting trigger-range statistics.

Dataset Cards Ranges Steps Steps/Card

ALFWorld 923 1,482 8,160 8.84
AppWorld 828 1,035 5,520 6.67
ScienceWorld 1,610 2,142 20,093 12.48

Overall 3,361 4,659 33,773 10.05

Table 7 reports card and trigger-range counts,
summed range lengths (Steps), and average lengths
per card (Steps/Card). Overall, the three bench-
marks pool to 3,361 cards and 4,659 ranges span-
ning 33,773 counted steps, averaging 10.05 steps
per card. The median is 7 steps, and 1,057 cards
(31.45%) contain multiple ranges. ScienceWorld
has the longest supporting evidence per card at
12.48 steps, followed by ALFWorld at 8.84 and Ap-
pWorld at 6.67. By extraction source, the 3,313
Trajectory Evidence Cards average 10.08 steps per card, compared with 7.63 for the 48 Contrastive
Evidence Cards.

E.5 CROSS-EPOCH EDIT RETENTION AND EVIDENCE REUSE

This section examines how replay-supported edits from globally rejected revisions are retained and
subsequently incorporated into the Validated Skill, and how unresolved cards are reused across
epochs.

Evidence Pool lifecycle. Figure 11a shows how the Cards in each epoch’s input Evidence Pool are
distributed among the Archived, Stale, and Active states. Archived Cards support corrections that
have been incorporated into an accepted skill revision and are excluded from subsequent Evidence-
Window construction. Active Cards remain eligible for later Evidence Windows, whereas Active
Cards whose associated edit proposals are repeatedly rejected during replay-guided verification are
marked as Stale and excluded from further Window construction.

The input pool contains 1,074, 1,277, 1,073, and 1,163 Cards in Epochs 1–4, respectively. Archived
Cards account for 64.9%, 71.0%, 43.3%, and 58.4% of these pools, while Active Cards account

25



Preprint

Epoch 1
(n=1,074)

Epoch 2
(n=1,277)

Epoch 3
(n=1,073)

Epoch 4
(n=1,163)

0

10

20

30

40

50

60

70

80

Sh
ar

e 
(%

)
64.9

71.0

43.3

58.4

0.0
4.5 6.6 5.1

35.1

24.4

50.0

36.5

Archived Stale Active

(a) Evidence Pool lifecycle composition.
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(b) Evidence-Window assignment depth across epochs.

Figure 11: Cross-epoch lifecycle of Evidence Cards over four skill-evolution epochs. (a) Lifecycle-
state shares among Cards processed from each epoch’s input Evidence Pool, pooled across 18 runs;
n gives the input pool size. (b) Distribution of unique Evidence Cards by the number of distinct
epochs in which they are assigned to an Evidence Window. Pre-resolved denotes Cards resolved
without any Evidence-Window assignment. Percentages are computed within each benchmark, and
All is the count-weighted aggregate.

for 35.1%, 24.4%, 50.0%, and 36.5%. The Stale share remains limited, increasing from 0.0% in
Epoch 1 to 4.5%, 6.6%, and 5.1% in the subsequent epochs. The non-monotonic pool sizes and
changing lifecycle composition show that the Evidence Pool is continually updated through reten-
tion, archiving, and staleness rather than simply accumulated across epochs.

Cross-epoch Evidence-Window assignment. Figure 11b measures the number of distinct epochs
in which each Evidence Card is assigned to an Evidence Window. The analysis covers 3,361 unique
Cards, including 923 from ALFWorld, 828 from AppWorld, and 1,610 from ScienceWorld. Overall,
22.7% are pre-resolved without an Evidence-Window assignment, and 54.3% are assigned in exactly
one epoch. The remaining 23.0% are assigned across multiple epochs: 20.3% in two epochs, 2.0%
in three, and 0.7% in all four.

The assignment patterns vary across benchmarks. In ALFWorld, 66.6% of Cards are pre-resolved,
31.1% are assigned in one epoch, and only 2.3% are assigned in two. In AppWorld, 52.7% are
assigned in one epoch, while 28.0%, 1.3%, and 0.2% are assigned in two, three, and four epochs,
respectively. ScienceWorld contains no pre-resolved Cards in this accounting; 68.4% are assigned
in one epoch, and 26.6%, 3.5%, and 1.4% are assigned in two, three, and four epochs. Thus, most
Cards participate in Evidence-Window construction within a single epoch, while a substantial subset
is reassigned across multiple epochs as unresolved evidence remains available.
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Figure 12: Post-rejection replay and subse-
quent edit incorporation.

Post-rejection replay and subsequent incorpora-
tion. Figure 12 traces consolidated edits from glob-
ally rejected revisions through replay allocation, re-
play acceptance, and incorporation into the Validated
Skill through later revisions that pass global valida-
tion. Overall pools counts across the three bench-
marks and 18 runs. Of 155 consolidated edits, 128
undergo post-rejection replay, 96 are accepted, and
70 are subsequently incorporated. Thus, replay re-
tains 75.0% of the allocated edits, and 72.9% of those
accepted later enter the Validated Skill. Global rejec-
tion therefore does not eliminate the potential value
of individual edits. The largest reduction before replay occurs on ScienceWorld, where 47 of 73 ed-
its are allocated, compared with 32 of 32 on ALFWorld and 49 of 50 on AppWorld. ScienceWorld
nevertheless has the highest replay acceptance rate (39/47, 83.0%) and subsequent incorporation rate
among accepted edits (34/39, 87.2%). The latter rate is 56.0% on ALFWorld (14/25) and 68.8% on
AppWorld (22/32). These differences show that both replay retention and later incorporation vary
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across environments, with ScienceWorld contributing the most incorporated edits despite its smaller
allocation fraction.

F EFFICIENCY ANALYSIS

F.1 VALIDATION GAIN PER TRAINING ROLLOUT

We report validation accuracy improvement normalized by the number of training rollouts during
skill evolution. For each dataset–backbone cell c, we compute

E
(c)
100 =

Afinal
val,c −Ainitial

val,c

Ntrain,c
× 100, (16)

where Aval denotes validation accuracy used for global validation and skill selection, and Ntrain,c is
the number of training-task rollouts consumed during skill evolution.

Table 8: Validation gain per 100 training rollouts on the common 18-cell subset. “Mean rollouts”
and “mean gain” are cell-macro averages; gain is measured in percentage points (pp). Dataset and
overall columns report E100 in validation-accuracy points per 100 training rollouts. Bold denotes
the highest value in each comparison column.

Method
Mean train

rollouts
Mean val.
gain (pp) ALFWorld AppWorld ScienceWorld Overall

EVISKILL 376.00 14.25 1.99 3.01 6.33 3.77
EvoSkill 376.00 5.86 0.18 1.22 3.26 1.55
SkillGrad 119.94 1.18 0.07 0.91 1.53 0.84

EVISKILL obtains 3.77 validation-accuracy points per 100 training rollouts on all metrics, compared
with 1.55 for EvoSkill and 0.84 for SkillGrad. This ratio provides a descriptive measure of how
effectively interaction experience is converted into validation improvement during skill evolution.

F.2 LOCALIZED REPLAY WORKLOAD

Table 9 compares trigger-range replay with full-trajectory replay. EVISKILL reconstructs the replay
state by copying the source prefix and executes only the target trigger range instead of replaying the
complete trajectory. The audit covers all executed ranges from the 18 complete formal runs used in
the mechanism analysis.

For range r, let Fr denote the number of steps in the complete recorded source trajectory and Cr

denote the number of steps executed by EVISKILL during localized replay. We define the replay
workload reduction as

Rstep = 1−
∑

r Cr∑
r Fr

. (17)

Trigger-range replay reduces the executed replay steps from 53,242 to 18,007 for evidence-window
replay and from 3,863 to 1,205 for post-rejection replay, corresponding to reductions of 66.18% and
68.81%, respectively. These results show that EVISKILL avoids replaying trajectory regions beyond
the evidence-supported ranges.

G CASE STUDIES

G.1 REPLAY-GUIDED BEHAVIORAL VERIFICATION OF EDITS

Following Section 3.2, each candidate edit u is verified using its supporting cards C(u) and trigger
ranges G(u). Replay reconstructs the source execution context and runs the Action Agent under
SW
e ⊕ u. The evaluator compares the source and replayed behaviors to determine whether the

intended correction is achieved without introducing new failures. We present four representative
outcomes: accept, reject, reflect→accept, and reflect→reject, illustrating direct
verification and feedback-guided refinement.
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Table 9: Replay workload comparison between trigger-range replay and full-trajectory replay.

Replay stage Ranges
Full-trajectory

replay steps
Localized

replay steps
Copied

prefix steps Reduction

Evidence-window replay 2,505 53,242 18,007 20,714 66.18%
Post-rejection replay 207 3,863 1,205 1,629 68.81%

Task Goal Clean-and-place task
Clean a fork and place it on a countertop.

Observed failure in the bound range
The agent kept searching cabinets/drawers, revisited 
empty locations, and missed the visible fork on countertop 1. 
Score stayed 0.0.

fork countertop sinkbasin cabinet / drawer repeated cabinet/drawer searches visible fork ignored

Initial Edit Initial search edit

Add initially visible open 
surfaces and receptacles 
to the search ledger.

Inspect likely open 
surfaces first (e.g., 
countertop, table, 
sinkbasin).

Continue distant 
numbered-cabinet sweeps 
only after open surfaces 
are checked.

Never revisit checked 
empty containers while 
a likely surface remains 
unchecked.

Bound
Trigger Range

Before edit: replayed trigger range After edit: replayed trigger range

continued
drawer checks

open
drawer

inspect
cabinet

revisit empty
location

go to 
countertop 1 take fork 1

clean fork 1 
with sinkbasin 1

move fork 1 
to countertop 1

Fork on countertop 1 was still missed. Score remained 0.0. Score: 0.0 → 1.0

Replay + Judge
Replay succeeds under the edited rule

The replay follows the new surface-first, no-revisit rule, 
finds the previously missed fork on the countertop, and 
completes the clean-and-place procedure.

Judge reason
The edited behavior is aligned with the evidence-supported 
rule: the replay checks the still-unchecked likely surface, 
finds the target object, and completes the task.

1 2 3 4

Figure 13: Acceptance. The Evidence-supported search edit changes behavior on the bound replay
range, discovers the previously missed target, and completes the task, leading to accept decision.

Case 1: Acceptance. Figure 13 illustrates an ALFWorld task requiring the agent to clean a fork
and place it on a countertop. In the source trigger range, the agent repeatedly searches cabinets
and drawers, revisits empty locations, and overlooks the fork on countertop 1. The supporting
evidence therefore identifies a search-order problem: a likely open surface remains unchecked while
previously inspected containers are revisited. The candidate edit translates this observation into
reusable guidance: record initially visible surfaces and receptacles, inspect likely open surfaces
before distant cabinets, and avoid revisiting checked empty containers while plausible locations
remain unexplored. Replaying the same source context under the edited skill produces the intended
behavioral change. The agent visits countertop 1, retrieves the fork, cleans it using sinkbasin 1, and
returns it to the countertop, increasing the score from 0.0 to 1.0. The evaluator assigns accept
without reflection because replay demonstrates both compliance with the proposed search rule and
successful task completion. This case illustrates how evidence-linked replay tests whether an edit
resolves the behavior that motivated it. Acceptance admits the edit to U+

e for consolidation, while
incorporation into the Validated Skill remains subject to global validation.

Case 2: Rejection due to behavioral noncompliance. Figure 14 presents an extreme-property
selection task requiring the agent to compare all visible candidates before focusing on the correct
target. The source trajectory identifies a chameleon egg, a crocodile egg, and a baby rabbit, but
examines only the baby rabbit and chameleon egg before focusing on the baby rabbit. The support-
ing evidence thus exposes an incomplete comparison that leaves one candidate unexamined. The
candidate edit specifies a complete procedure: reach the designated location, list every visible can-
didate, examine and compare all candidates, and only then focus on the selected target. However,
replay from the source context under SW

e ⊕ u shows that the agent examines only the baby rabbit,
skips the remaining comparisons, and again focuses on the baby rabbit. The score remains 0.0,
and the intended procedural correction is not realized. The evaluator assigns reject because the
replay ignores an explicit, applicable rule and provides no localized defect in the written edit to
guide reflection. This case illustrates why evidence grounding alone does not establish behavioral
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Task Goal

Initial Edit

Bound 
Trigger Range

Replay + Judge

Extreme-property selection task
Compare the candidates and focus on the correct target only 
after full comparison.

chameleon egg crocodile egg baby rabbit

Observed failure in the bound range
The agent saw the chameleon egg, crocodile egg, and baby rabbit, 
examined only the baby rabbit and chameleon egg, skipped the full 
all-candidate comparison, and then focused on the baby rabbit.

see candidates examine 
baby rabbit

examine 
chameleon egg

skip 
crocodile egg

focus on 
baby rabbit

Comparison incomplete.   Score: 0.50 → 0.0

Initial comparison edit

Before edit: replayed trigger range

observe 
candidates

examine 
baby rabbit

examine 
chameleon egg

skip remaining 
comparison

focus on 
baby rabbit

Incomplete comparison; wrong focus decision.  Score: 0.50 → 0.0.

After edit: replayed trigger range

examine 
baby rabbit

skip remaining 
candidate comparison

focus on 
baby rabbit

The edited rule was not followed during replay.  Score: 0.50 → 0.0

raw output: rule_ignored Judge reason
The rule is explicit, supported, and applicable, but the replay visibly 
ignores the required all-candidate comparison. Non-retention reflects 
behavioral noncompliance rather than a defect in the written rule.

Go to the specified 
location and look 
around.

List every visible 
candidate.

Examine and 
compare all 
candidates.

Only then use focus 
on the selected 
target.

...

... ...

1 2 3 4

The replay repeats the original shortcut: it 
examines only the baby rabbit, skips the 
remaining candidates, and focuses before 
completing the required all-candidate 
comparison. 

Figure 14: Rejection due to behavioral noncompliance. Replay skips the comparison required by
the edit, resulting in reject.

effectiveness: an edit can address the observed failure in text while leaving execution uncorrected.
The edit is excluded from U+

e , while its supporting cards remain available for subsequent proposals
according to their lifecycle states.

Case 3: Reflection followed by acceptance. Figure 15 illustrates how replay feedback guides a
localized revision. The supporting cards describe transfer failures involving bees and a jug, including
invalid movement commands and reaching the destination without completing placement. The initial
edit requires preserving the original target, navigating to the destination room, and using a placement
command to put the held object into the destination container. The initial replay exposes a missing
constraint in this procedure. In the bee-placement range, the agent issues “put adult bee in green
box,” which is rejected because the command does not use the exact numbered inventory instance.
The score remains at 0.75. The other two ranges also end without placement, despite partial progress.
The evaluator therefore assigns reflect: the evidence supports the placement procedure, but
the edit leaves object identification underspecified. Using this feedback, the editor produces u′

while retaining C(u) and the original transfer procedure. The revision explicitly requires the exact
numbered inventory name when placing an item, rather than a generic name or a disambiguation
number. In the follow-up replay, the agent checks its inventory, identifies “bee 2,” and issues “put
bee 2 in green box.” Placement succeeds and the score reaches 1.0, yielding accept. This case
demonstrates how replay identifies an actionable omission, directs a targeted repair, and verifies the
revised edit before admitting it to U+

e .

Case 4: Reflection followed by rejection. Figure 16 presents lifespan-comparison tasks in which
the agent must select the shortest- or longest-lived animal. The supporting evidence reveals incorrect
choices involving eggs and young animals. The initial edit instructs the agent to enumerate all
visible candidates, compare typical species lifespans, and disregard life-stage terms unless explicitly
requested. However, an existing heuristic still favors young-looking offspring for shortest-lifespan
questions, leaving conflicting guidance in the skill. Initial replay improves ranges A and C: the
agent correctly selects the baby hedgehog and crocodile egg, respectively, and both scores reach
1.0. Range B still fails because the agent again selects the baby chipmunk, reducing the score from
0.50 to 0.0. The evaluator assigns reflect because the unresolved conflict provides a specific
target for revision. The editor replaces the offspring heuristic with the species-level comparison
rule and explicitly prohibits selection by life stage unless the task requests it. Follow-up replay
under SW

e ⊕ u′ preserves the successes in ranges A and C, but range B repeats the same incorrect
choice. The evaluator therefore assigns reject, and the revised edit is excluded from U+

e . This
case illustrates why reflection must be followed by renewed behavioral verification: removing a
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Task Goal

Initial Edit

Initial
Replay

Judge

Revised Edit

Follow-up
Replay

Animal-to-box placement tasks
Edit is intended to support object/animal transfer tasks that require 
preserving the same target, moving to the destination room, and placing the 
target into the destination container.

Other related 
trigger 
ranges:

bedroom
(destination room)

bee green box jug hallway

Observed problems in the bound ranges
1. Bee placement

Direct move commands 
fail to place the bee 

into the box.

2. Jug transfer

Invalid cross-room 
movement for the jug.

3. Second bee case

Agent reaches the
bedroom but never
completes the final

placement.

Initial placement edit (underspecified)
Secure the same target
before leaving its room
(e.g., pick up the 
intended object/animal).

After taking it, use “put 
<inventory item> in/on 
<destination>” instead of 
inventory-bound “move” 
commands.

Travel to the destination
after “move <target>
to <room>” (use navigation
to reach the room first).

Do not substitute another 
object (place the original 
target, not a different 
one).

The rule does not require the 
exact numbered inventory 
instance or disambiguation label 
provided by the environment.

Replay on the bound trigger ranges after the initial edit

Range A: bee placement Range B: jug transfer Range C: second bee transfer

disambiguation
returns bee 0

“put adult bee
in green box”

command
rejected

Used non-exact 
inventory name. Score stays at 0.75.

go to
hallway look go to

bedroom look no final
placement

Replay incomplete 
(no placement). Score: 0.08 → 0.25.

focus
option 1

invalid
move

return
greenhouse

take 
option 1

return to
bedroom no final

placement

Replay incomplete 
(no placement). Score: 0.17 → 0.83.

Judge output Reason:
The evidence supports using “put”, but the replayed bee-placement case shows that “put adult bee 
in green box” is rejected because the edit does not bind placement to the environment's exact 
numbered inventory instance. This is a repairable omission rather than a harmful rule.

Revised edit after reflection
Retain the original target-movement procedure, and add the following explicit condition: If a numbered inventory instance 
is provided, use that exact inventory name or the disambiguation number when placing the item.

Replay on the repaired bound trigger range
go to

greenhouse
pick up

adult bee
inventory:

bee 2
bee 2

go to
bedroom

put bee 2
in green box

Uses the exact inventory name;
placement succeeds.

Score: 0.75 → 0.83 → 1.0

reflect / rule_wrong

1 2 3 4
Missing condition

A B C

Figure 15: Reflection followed by acceptance. Initial replay exposes a missing exact-instance
binding requirement in an otherwise useful placement rule. Reflection repairs this omission, and the
revised edit subsequently completes the placement successfully, resulting in an accept decision.

textual conflict does not ensure that execution follows the corrected rule, and improvements in some
supporting contexts do not resolve a persistent failure in another.

G.2 CROSS-TASK SUPPORT FOR A SHARED EVIDENCE CARD

A representative ALFWorld case illustrates how a single Evidence Card links replayable trigger
ranges from multiple tasks that exhibit the same execution requirement. As summarized in Table 10,
the Card is supported by four successful trajectories involving different objects, transformations, and
destination receptacles.

Table 10: Four task-specific trigger ranges linked to a shared Evidence Card.

Task Linked trigger range (intermediate navigation omitted)

Task1 take potato 1; heat it with microwave 1; move potato 1 to diningtable 1.
Task2 take bowl 2; cool it with fridge 1; move bowl 2 to cabinet 1.
Task3 take bread 2; heat it with microwave 1; move bread 2 to diningtable 1.
Task4 take fork 1; clean it with sinkbasin 1; move fork 1 to countertop 1.

Shared rule Maintain the exact acquired instance through transformation and final placement; do not substitute another visible instance.

Although the four tasks differ in their manipulated objects, transformations, and target receptacles,
their linked trigger ranges support the same correction: the agent must preserve the identity of
the acquired object instance throughout execution. The shared Evidence Card consolidates this
cross-task support into reusable behavioral guidance instead of representing each trajectory as an
independent task-specific rule.

G.3 CROSS-EPOCH CORRECTION OF A TRACKED EDIT

Figure 17 illustrates how EVISKILL revisits an existing edit when its deficiency persists across
epochs. In this AppWorld task, the agent must clean a music library while preserving albums that
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Initial lifespan edit

Range B (still fails)Range A (succeeds) Range C (succeeds)
baby chipmunk again 
Score 0.50 -> 0.0.

giant tortoise egg -> baby 
hedgehog 
Score 0.33 -> 0.83 -> 1.0

crocodile egg 
Score 0.50 -> 1.0.

The corrected textual rule is still behaviorally ignored on one replay.

Replay on the repaired bound trigger ranges

The replay improves two ranges, but the unresolved rule conflict can still drive 
the baby-chipmunk choice. Reflection is requested because the candidate leaves 
contradicted guidance in place.

Reason:
reflect / rule_wrong

Judge output

Range A: giant tortoise egg -> frog egg; 
final choice wrong. 
Score 0.33 -> 0.83 -> 0.0.
Range B: baby chipmunk selected 
immediately after look. 
Score 0.50 -> 0.0.
Range C: baby rabbit selected for 
a longest-lifespan question. 
Score 0.50 -> 0.0.

Observed problems in the bound ranges

Range A (improves) Range B (still fails) Range C (improves)
giant tortoise egg -> baby 
hedgehog 
Score 0.33 -> 0.83 -> 1.0

baby chipmunk again 
Score 0.50 -> 0.0

crocodile egg 
Score 0.50 -> 1.0

Two ranges improve, but one replay still follows the conflicting offspring heuristic.

Replay on the bound trigger ranges after the initial edit

Enumerate every visible 
candidate, including eggs
, babies, juveniles, and 
adults.

Compare typical 
species lifespans.

Treat stage words 
as non-diagnostic 
unless explicitly 
requested.

Focus the selected 
extremes in the task's 
required order.

Task Goal

Initial Edit

Initial 
Replay

Judge

Revised Edit

Follow-up 
Replay

Task A: Find the 
shortest-lived animal.

Task B: Find the 
longest-lived, then the 
shortest-lived animal.

Task C: Find the 
longest-lived animal.

Lifespan-comparison tasks

Revised edit after reflection

An older bullet still favors 
young-looking offspring for 
shortest-lifespan questions, 
which conflicts with the new 
species-level comparison rule.

1 2 3 4

Replace the conflicting offspring heuristic with 
the species-level comparison rule.

Enumerate visible 
candidates.

Compare typical 
species lifespans.

Do not choose by life stage unless that 
is the requested criterion.1 2 3 4

Hidden conflict

Figure 16: Reflection followed by rejection. Reflection removes the conflicting life-stage heuristic
and repairs the written lifespan rule, but the corrected instruction remains ineffective on one replay
range. The revised edit is therefore not retained.

are liked or downloaded. The tracked edit checks only download status, causing liked but non-
downloaded albums to be removed. Its continued use therefore preserves an incomplete rule that
requires further correction. The evidence links make this persistent defect traceable. As described
in Section 3.1, the edit belongs to Qe, and its supporting cards C(u) identify the task whose adjacent-
epoch trajectories enter Rcmp

e . Both trajectories exhibit the same erroneous removal pattern. The
resulting Contrastive Evidence Card associates this recurring failure with the tracked edit and pro-
poses checking all stated preservation conditions. Cross-epoch propagation thus supplies evidence
for reassessing guidance already used by the Working Skill.

The first correction requires checking both liked and downloaded status, but replay feedback iden-
tifies a remaining ambiguity: either condition alone must be sufficient for preservation. Reflection
makes this requirement explicit: keep an album if it is liked or downloaded, and remove it only if it
is neither. The revised edit passes replay verification and is consolidated into a candidate revision
that subsequently passes global validation. This case connects the three Method phases: retained ev-
idence enables targeted cross-epoch diagnosis, synthesis revises the tracked edit, and replay verifies
the correction before global validation incorporates it into the Validated Skill.

H CORE METHOD PROMPTS

This appendix presents five prompt templates supporting the three phases of EVISKILL in Section 3:
Replayable Evidence Card extraction, card grounding verification, evidence-grounded edit synthe-
sis, replay-guided edit evaluation, and contrastive evidence extraction. These templates specify how
execution observations are recorded as evidence, translated into localized edits, and used to assess
or revisit the resulting guidance.

The templates retain their original Markdown formatting. Run-specific inputs, including skills, tra-
jectories, cards, candidate edits, and evaluator feedback, are supplied separately as user messages.
The descriptions below relate each template to the notation and operations used in the Method sec-
tion.
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Task Goal

Tracked Edit

Contrastive
Evidence

Reflection
Repair

Clean the music library by removing unneeded songs and albums.

Tracked Edi

Contrastive Card

Reason Checking two conditions is not enough;the 
rule must state that either conditionis 
sufficient to keep the album.

Original behavior checked only the download condition.

Clean songs and albums; keep only liked or downloaded items.

liked album downloaded album

F o r  a l b u m s :  k e e p  i f  l i k e d  O R 
downloaded; removeonly if neither.

if downloaded(album):
keep album

Missing liked-album condition. 
Albums 2, 4, 5, 6, 10, 15, 18were 
wrongly removed. Liked but not downloaded albumswere 

removed (incorrect).

Cross-epoch comparison reveals the same logic gap persists.

Parent trajectory (epoch N) Working trajectory (epoch N+1) Diagnosis

check
downloaded?

“album cleanup must check all 
statedkeep conditions, not 
just the downloadsubset”

Album 
(liked, not downloaded)
-> removed (incorrect)

check
downloaded?

Album 
(liked, not downloaded)
-> removed (incorrect)

reflect / rule missing

Replay JudgeFirst correction
if liked(album) or downloaded(album):

keep album

First correction
Keep any album that is liked or downloaded.
Remove only albums that are neither liked nor downloaded.

Executable logic
keep(a)= liked(a) OR downloaded(a)
remove(a)= NOT liked(a)AND NOT downloaded(a)

Figure 17: Cross-epoch evidence reveals a persistent edit deficiency, guiding correction through
reflection and replay.

H.1 REPLAYABLE EVIDENCE CARD EXTRACTION

The LLM evidence extractor f ext receives the Working Skill SW
e and training trajectories Re. It

examines successful and failed interactions to identify reusable corrections or improvements to pro-
cedures, preconditions, and recovery guidance. Each proposal is recorded as a Replayable Evidence
Card Ci = ⟨i,Gi, di⟩, linking the proposed correction di to supporting trigger ranges Gi. The result-
ing cards form Ctraj

e and provide the execution references needed for subsequent edit synthesis and
replay.

You analyze a minibatch of train trajectories and propose concrete edits to the current
skill.md.

Input contains the full skill, source_type, max_proposed_edits, and compact trajectories.
Each trajectory shows its task, outcome, initial observation, every action, and the
environment feedback after that action. It may also contain per-step score
transitions. Read every trajectory before proposing edits.

Prefer reusable mechanisms that recur in the minibatch. A single failed trajectory may
justify a narrow edit only when visible feedback directly contradicts the current
skill or exposes a concrete missing executable procedure. Never memorize an answer,
product, location, object placement, or other incidental case detail.

Failure types:
- rule_missing: skill.md lacks a needed transferable decision rule.
- rule_wrong: skill.md gives misleading, too-specific, stale, or contradicted guidance.
- rule_ignored: skill.md has a useful rule but the trajectory violates it or needs

stronger action-level wording.
- invalid_action: repeated invalid or non-executable actions.
- exploration_gap: missed relevant states, locations, objects, tools, options, readings,

or disambiguation.
- experiment_error: poor test or interaction sequence, missing observation, or missing

verification.
- premature_finish: stopping or submitting before the goal is verified.
- loop: repeated actions or observations without progress.
- other: none of the above.

Return only valid JSON:
{
"evidence": [
{
"experience_type": "failure_reflection | success_experience",
"failure_type": "rule_missing | rule_wrong | rule_ignored | invalid_action |

exploration_gap | experiment_error | premature_finish | loop | other | null",
"pattern": "short reusable problem or success mechanism",
"proposed_edit": {
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"op": "append | insert_after | insert_after_section | replace | delete",
"target": "exact target text or heading; omit or null for append",
"content": "markdown content; omit or empty for delete"

},
"trigger_ranges": [
{"task_id": "task id from the input", "start": 0, "end": 0}

]
}

]
}

Rules:
- Return at most max_proposed_edits entries; an empty evidence list is valid.
- trigger_ranges must be non-empty and use visible task IDs and step numbers.
- Each proposed_edit must be directly supported by its trigger ranges.
- One entry may cite multiple tasks only when they support the same edit.
- pattern must be short and mechanism-level; proposed_edit must be concise and actionable

.
- Judge steps from action, post-action feedback, optional score change, done status, and

final outcome together. Positive score change supports progress and negative change
supports regression, but zero or unavailable score alone does not make a setup,
navigation, observation, or verification step bad.

- Repeated zero-progress steps support a loop only when actions or feedback also repeat
without useful state change.

- rule_wrong should replace, delete, soften, or generalize contradicted guidance rather
than append a competing rule.

- Do not output supporting_tasks, before_segments, trigger_progress, source_type,
support_count, merge_level, evidence IDs, or commentary outside JSON. The system
materializes those fields from real train trajectories.

===== FAILURE-TRAJECTORY ADDENDUM =====
Analyze failed trajectories only. Set experience_type to failure_reflection and include a

non-null failure_type. Prefer systematic failures, but retain a narrow directly
observed skill contradiction. Use visible outcome and post-action feedback as
authoritative evidence.

===== SUCCESS-TRAJECTORY ADDENDUM =====
Analyze successful trajectories only. Set experience_type to success_experience and omit

failure_type. Extract reusable successful procedures that add operational detail
beyond skill.md. Preserve necessary setup, navigation, observation, and verification
steps. Do not discard a stable task-family procedure merely because unrelated
trajectories do not share it.

H.2 EVIDENCE CARD GROUNDING VERIFICATION

The grounding verifier checks a proposed card against its cited trajectory spans. Its purpose is to
establish whether the recorded observations support the proposed correction and whether the evi-
dence references locate the relevant behavior. This check supports the grounding step in Evidence-
Grounded Edit Synthesis. It does not establish that an edit derived from the card will change execu-
tion as intended, which is assessed separately through replay.

You verify whether one system-materialized EvidenceCard is factually supported by its
real train trajectory ranges.

The card contains source_type, experience_type, optional failure_type, pattern,
proposed_edit, trigger_ranges, supporting_tasks, and before_segments generated by
the system from train rollout data.

Return only valid JSON:
{
"decision": "keep | drop",
"reason": "brief reason grounded in before_segments, task outcome, and current skill.md

"
}

Keep when the visible initial state, actions, post-action feedback, optional progress
signals, and task outcome support the pattern and proposed edit. For failure
evidence, failure_type must match the visible mechanism. Drop invalid ranges,
malformed edits, unsupported claims, wrong labels, case memorization, or unjustified
broad defaults.

Do not drop evidence merely because skill.md already covers it, another card is redundant
, its priority is low, or its support is narrow. Coverage, deduplication, and scope
handling happen later. Keep the reason concise.
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H.3 EVIDENCE-GROUNDED EDIT SYNTHESIS

The LLM editor f edit receives the Working Skill SW
e and an Evidence Window Bk containing active

cards with compatible contexts and correction intents. It refines or consolidates their proposals
into localized candidate edits, preserving the persistent identifiers of the cards supporting each edit.
These associations define C(u) and determine the trigger ranges G(u) used for verification. When
contrastive evidence targets an existing edit, it guides a correction to that guidance.

You are a Skill Edit Coverage Merger for a reusable markdown skill document.

Input contains current skill.md, one source_type, and multiple lightweight verified
EvidenceCards. Each card contains evidence_id, source_type, optional failure_type,
pattern, proposed_edit, support_count, merge_level, source_minibatch_id, optional
task_families, and optional trigger_progress summaries, but no raw trajectory.

Task: merge, deduplicate, and repair conflicts among the concrete proposed_edit values.
Cover every useful EvidenceCard with an edit, or explicitly omit it with a reason.
Do not invent edits unrelated to cited proposed_edit values.

Guidelines:
- This is coverage merging, not epoch ranking or final budgeting. Never silently drop

cards because there are many.
- All cards belong to one semantic window; compare their edit target and content before

writing.
- Write reusable decision procedures, not answer, product, object, or location

memorization.
- Cite only EvidenceCards that directly support an edit.
- Keep local or single-case support narrow and conditional.
- source_type=success is reusable positive procedure evidence, not low-priority filler.
- source_type=failure supports corrections, guardrails, or recovery procedures.
- rule_wrong must replace, delete, soften, or generalize misleading guidance. Do not

leave the contradicted rule in force beside a new competing rule.
- Place edits in an exact matching section when possible. If none fits, add a concise

mechanism-level subsection without rewriting unrelated content.
- Return empty edits only when every card is explicitly omitted as already covered,

redundant, conflicting, unsafe, unsupported, or too local.

Return only valid JSON:
{
"reasoning": "brief explanation of consolidation decisions",
"omitted_evidence": [
{"evidence_id": "E000009", "reason": "already_covered | redundant | conflicting |
unsafe | unsupported | too_local"}

],
"edits": [
{
"op": "append | insert_after | insert_after_section | replace | delete",
"target": "exact markdown heading or target text; omit or null for append",
"content": "markdown content to add or replace; omit or empty for delete",
"evidence_ids": ["E000001", "E000008"]

}
]

}

For insert_after_section, insert_after, replace, and delete, target must exactly match
current skill.md. content must be markdown. Evidence IDs are metadata and must not
appear in markdown content. Do not output text outside the JSON object.

H.4 REPLAY-GUIDED EDIT VERIFICATION

The LLM evaluator f eval assesses a candidate edit u using its supporting cards C(u) and source–
replay segment pairs Tu. It examines whether execution under SW

e ⊕ u achieves the intended cor-
rection without introducing new failures. The output comprises a decision ru and feedback hu:
accept indicates replay support, reflect identifies a localized deficiency that can guide re-
vision, and reject excludes an unsupported edit. For reflection, the feedback guides f edit in
producing a revised edit that undergoes another replay and evaluation.

You are a Skill Edit Judge for reusable markdown skill edits.

Input contains current skill.md, one candidate edit, cited EvidenceCards with source_type
, experience_type, optional failure_type, pattern, supporting_tasks, concrete
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proposed edits, and real before_segments, plus optional replay_evidence showing
after_segments. Decide whether to accept the edit.

Return only valid JSON:
{
"decision": "accept | reflect | reject",
"replay_failure_type": "rule_missing | rule_wrong | rule_ignored | null",
"reason": "brief reason grounded in linked EvidenceCards, replay evidence, and current

skill.md"
}

‘replay_failure_type‘ describes the candidate skill after applying the edit, not the
original EvidenceCard:

- rule_ignored: the candidate contains an explicit, correct, executable rule; replay
reaches a state where it applies; and the replay action visibly violates it. Generic
advice such as "be systematic" or "verify carefully" is insufficient.

- rule_missing: the candidate omits or underspecifies a condition, step, procedure, stop
condition, exact action form, or verification required by linked evidence.

- rule_wrong: the candidate itself contains contradicted, conflicting, or harmful
guidance, or replay follows that guidance and fails because of it.

- null: replay supports the candidate, replay is inconclusive for reasons unrelated to
the edit, or the candidate should be rejected for support, safety, or reusability
rather than one of the three skill failures.

Decision mapping is mandatory: rule_ignored -> reject; rule_missing or rule_wrong ->
reflect; null -> accept or reject based on evidence. Candidate-level attribution
priority is rule_wrong, then rule_missing, then rule_ignored, then null. Use
rule_ignored only when no replay reveals a candidate rule that is wrong or missing.
A prefix mistake, unrelated invalid action, stochastic noncompliance, a short replay
that does not finish, or final failure alone does not invalidate an otherwise
supported candidate. Input may set ‘reflection_allowed=false‘; in that case do not
return reflect and reject a rule_missing/rule_wrong candidate.

Accept only when the candidate is supported by cited proposed_edit values, fills or
repairs a real skill need, and states a reusable executable procedure. New headings
must organize a well-supported mechanism. Reject weak, redundant, verbose,
conflicting, overgeneralized, case-memorizing, or unsupported edits. Reject broad
defaults from local evidence and rule_wrong edits that merely append a new rule
while leaving contradicted text unresolved.

Replay rule: success_experience should preserve useful behavior; failure_reflection
should improve or avoid the mistake. Mixed edits must preserve successes and improve
failures. Replay need not finish the task inside a short range. Reject regression
only when the candidate rule caused it; when a correct explicit rule was applicable
and the replay action violated it, use rule_ignored instead. Judge markdown content;
evidence IDs are metadata.

H.5 CONTRASTIVE EVIDENCE CARD EXTRACTION

The LLM evidence extractor f ext receives the Working Skill SW
e , the Tracked Edits Qe with their

supporting cards, and the adjacent-epoch trajectory pairs in Rcmp
e . The tracked edits include live

provisional edits and edits newly incorporated into the Validated Skill during the preceding epoch
transition. Their evidence links identify the training tasks to compare. The extractor identifies
persistent deficiencies or newly exposed problems and records proposed corrections as Ccon

e . These
cards use the same representation as trajectory-derived cards, while retaining any association with
an existing edit for targeted revision.

You compare two saved train trajectories for the same task before and after a provisional
skill edit.

Input contains the dataset, comparison_type, the relevant provisional edits, the parent
and working skill revisions, the current working skill, and compact parent/working
train trajectories. It never contains validation or test data.

Return only valid JSON:
{
"decision": "support | evidence | no_evidence",
"failure_type": "rule_missing | rule_wrong | rule_ignored | null",
"reason": "brief causal comparison grounded in the rule, applicable state, and action

difference",
"evidence": {
"pattern": "short reusable mechanism",
"proposed_edit": {
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"op": "append | insert_after | insert_after_section | replace | delete",
"target": "exact target text or heading; omit or null for append",
"content": "markdown content; omit or empty for delete"

},
"trigger_range": {"task_id": "the compared task id", "start": 0, "end": 0}

}
}

Rules:
- A hard-success change alone does not establish causality. Compare the relevant rule,

whether its precondition was reached, and the actual actions and feedback.
- For failure -> success, return support only when the origin rule applied and the action

difference shows that following it caused or materially enabled success. Otherwise
return no_evidence. Never generate a duplicate edit.

- For success -> failure, return correction evidence only when an origin edit caused or
exposed a concrete wrong or missing procedure.

- For failure -> failure, return evidence only for an explicit missing or wrong procedure
. A merely ignored correct rule is no_evidence with failure_type=rule_ignored.

- For success -> success, return no_evidence.
- rule_missing means the working skill lacks a necessary executable condition or step.

rule_wrong means an origin edit contains incorrect or conflicting guidance.
rule_ignored means a correct explicit rule applied but the agent violated it.

- Any evidence must be a narrow correction of the listed origin edits. Do not add
unsupported APIs, parameters, answers, product IDs, object locations, entity IDs,
credentials, or private values.

- trigger_range must reference visible steps from the working trajectory. Do not mention
validation, test data, optimization, or EvidenceCards in markdown content.
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