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Abstract
Agent skills represent a standardized format for packaging
procedural knowledge and domain expertise, serving within
agent harness systems as an essential mechanism to continu-
ally constrain a language model’s behavior space for repeat-
able, high-quality task execution. However, because strong
closed-source models entail high inference costs, current pop-
ular agent harnesses, such as Codex and OpenClaw, remain
prohibitively expensive when deploying these skills to ac-
complish real-world tasks. The rapid capability enhancement
of open-source models deployable on consumer-grade GPUs
presents a compelling opportunity to drastically reduce these
costs by leveraging skill-based behavioral constraints. Nev-
ertheless, automatically generating effective skills tailored
specifically for such compact models remains a significant
practical challenge. To address this, we propose SKILLER,
a natural-language-driven reinforcement learning framework
designed to automatically generate executor-specific skills for
small models, which employs a strong model as the actor and
critic, treats the small-model agent system as the environment,
and propagates all reinforcement learning signals entirely via
natural language. Extensive experimental evaluations across
five relevant benchmarks using Qwen3.5-9B and Qwen3.5-4B
demonstrate that SKILLER outperforms three open-source
and one closed-source skill generation or evolution methods,
achieving absolute gains ranging from 4.3 to 20.4 percentage
points for the 9B model and 1.8 to 13.3 points for the 4B model,
while remarkably matching the performance of strong closed-
source models on single-skill tasks in SkillsBench. The project
is available at https://github.com/DANG-ai/SKILLER.

Introduction
In the rapidly evolving landscape of autonomous agents,
agent skills have emerged as a foundational primitive (Zhang,
Lazuka, and Murag 2025; Ling, Zhong, and Huang 2026).
Conceptually aligned with recent frameworks formalized by
AI research organizations such as Anthropic, an agent skill
is not merely a prompt, but a standardized format for pack-
aging procedural knowledge, tool-use conventions, and do-
main expertise (Anthropic 2026a; Li et al. 2026). Within
advanced agent harness systems, these skills serve as an
essential mechanism to continually constrain the behavior
space of Large Vision-Language Models (LVLMs), thereby
ensuring that complex tasks are executed in a repeatable
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Figure 1: Cost–performance on single-skill tasks of Skills-
Bench. Skills generated by SKILLER enable Qwen3.5-based
agent loops to approach the frontier at much lower output-
token prices. On specific tasks, Qwen3.5-9B with SKILLER
skills even outperforms closed-source models using curated
skills, suggesting that well-matched agent skills can make
lower-cost models more effective than more expensive alter-
natives, as in the case of Haiku 4.5 outperforming Sonnet 4.5
(Li et al. 2026).

and high-quality manner. However, achieving this reliability
traditionally relies on strong, closed-source frontier models.
Because these models entail exorbitant inference costs, cur-
rent popular agent harnesses, such as Codex, Claude Code,
OpenCode, and OpenClaw, remain prohibitively expensive
when deploying skills to accomplish real-world tasks at scale
(Anthropic 2026b; OpenAI 2026a; OpenCode 2026; Open-
Claw Foundation 2026).

A promising alternative to this cost bottleneck lies in
the rapid capability enhancement of open-source compact
models deployable on consumer-grade GPUs, such as the
Qwen3.5, Qwen3.6, and Gemma 4 series (Qwen Team 2026;
Google DeepMind 2026). When augmented with specific,
well-defined skill constraints, these compact models exhibit
surprising proficiency (Xu et al. 2026; Li et al. 2026). For
simple or highly repetitive real-world tasks, guiding these
small-scale LVLMs with strict procedural boundaries not
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only can maintain high success rates but also drastically
reduce operational costs (Xu et al. 2026; Li et al. 2026).
As illustrated in Figure 1, when equipped with appropri-
ate skills, compact models like Qwen3.5-9B and Qwen3.5-
4B can achieve task-specific performance that rivals that of
their massive, closed-source counterparts, unlocking a highly
cost-effective paradigm for agentic deployment.

Despite this immense potential, a critical model-mismatch
problem hinders direct deployment. Skills crafted for strong
frontier models do not natively transfer to small-scale LVLMs
(Huang et al. 2026; Liu et al. 2026). The behavioral con-
straints, implicit reasoning steps, and error-recovery assump-
tions that successfully guide a massive model are often com-
pletely ineffective for a compact model. A small-scale LVLM
might easily hallucinate arguments, skip essential verifica-
tion steps, or become derailed by overly complex instructions
that feature multiple branching paths. Consequently, directly
porting existing high-end skills to these compact models fre-
quently leads to catastrophic task failure. How to automati-
cally and reliably generate effective skills tailored specifically
to the unique behavioral spaces of such small-scale LVLMs
remains a practical challenge.

To overcome this challenge, we propose SKILLER, a novel
natural-language-driven reinforcement learning framework
designed to automatically generate and optimize executor-
specific skills for small-scale LVLMs. Unlike traditional re-
inforcement learning paradigms that update neural weights,
SKILLER treats the textual skill itself as the optimizable pol-
icy. The framework employs a state-of-the-art frontier model,
such as GPT-5.5 or Claude opus 4.8, to serve as the actor and
critic. The environment within this reinforcement learning
formulation operates as an agent loop driven by the target
open-source, small-scale LVLM. This environment functions
under a progressive skill disclosure mechanism that prevents
the compact model from being overwhelmed by long tex-
tual contexts. Crucially, all reinforcement learning signals in
SKILLER, including states, diagnostic rewards, and policy
update actions, are propagated entirely via structured natural
language, bridging the gap between strong-model reasoning
and small-scale LVLM execution.

We comprehensively evaluate SKILLER using Qwen3.5-
9B and Qwen3.5-4B across a diverse suite of benchmarks.
Our evaluation encompasses four general-purpose bench-
marks, namely SkillsBench (Li et al. 2026), SkillLearnBench
(Zhong et al. 2026), SWE-Skills-Bench (Han et al. 2026), and
GAIA (Mialon et al. 2024), alongside one specialized domain
benchmark designated as EarthBench (Feng et al. 2025). Fur-
thermore, we benchmark our framework against three open-
source skill generation and evolution methods, specifically
EvoSkill (Alzubi et al. 2026), AutoSkill (Yang et al. 2026),
and SkillX (Wang et al. 2026), as well as one closed-source
skill-generation baseline known as Manus (Manus 2026).
Empirical results demonstrate that the skills generated by
SKILLER yield substantial and consistent performance im-
provements within the agent loops of both the 9B and 4B
compact models. These findings confirm that language-level
reinforcement learning effectively unlocks the autonomous
capabilities of cost-efficient small-scale LVLMs.Our main
contributions of this work are summarized as follows.

• Novel Skill Generation Framework. We introduce
SKILLER, a natural-language-driven reinforcement
learning framework designed to automatically generate
executor-specific skills for small-scale LVLMs. Treating
textual skills as optimizable policies, our approach lever-
ages a strong frontier model to serve as the actor and critic
within the interactive environment of the target compact
model’s agent loop.

• Language-Level Policy Iteration. We formulate a
language-level policy iteration mechanism that propa-
gates all reinforcement learning signals, including states,
diagnostic rewards, and policy update actions, entirely via
structured natural language. This feedback loop resolves
the model-mismatch gap by diagnosing and repairing the
unique failure modes of compact models, generating tai-
lored constraints without any neural weight updates.

• Comprehensive Empirical Validation. We extensively
evaluate SKILLER across five diverse benchmarks us-
ing the Qwen3.5-9B and Qwen3.5-4B compact models,
consistently outperforming four baseline skill evolution
methods. The generated skills empower these small-scale
LVLMs to rival the task-specific performance of massive
closed-source counterparts, establishing a highly cost-
effective paradigm for agentic deployment.

Related Work
Agent skills. Agent systems frequently interleave reason-
ing with tool execution (Yao et al. 2023; Schick et al.
2023), and agent skills package these procedural choices
into reusable memory artifacts. The evaluation of these skills
across diverse benchmarks highlights both their utility and
their uneven transferability. For instance, curated skills can
improve execution success (Li et al. 2026), whereas mis-
matched or partially relevant skills often degrade perfor-
mance (Han et al. 2026; Liu et al. 2026). Furthermore,
comprehensive benchmarks systematically evaluate contin-
ual skill generation (Zhong et al. 2026), tool composition
abilities (Chen et al. 2026), and lifelong library maintenance
(Zhang et al. 2026b). Because well-crafted skills provide
strict procedural boundaries that restrict the action space,
they are exceptionally well-suited for guiding small-scale
LVLMs to complete tasks efficiently in specific structured
scenarios.

Skill acquisition and evolution. Prior literature explores
skill acquisition from diverse sources, including public
repositories (Bi et al. 2026), large-scale networks (Liang
et al. 2026), interaction histories (Yang et al. 2026), collec-
tive trajectories (Ma et al. 2026), and successful agent roll-
outs (Alzubi et al. 2026; Wang et al. 2026). Advanced frame-
works facilitate this evolution by maintaining executable li-
braries (Wang et al. 2023), storing verbal feedback (Shinn
et al. 2023), distilling local lessons (Ni et al. 2026), man-
aging dual expertise forms (Qiu et al. 2026), and utilizing
co-evolutionary verification (Zhang et al. 2026a). Recent
methods also integrate skills with reinforcement learning by
modifying agent policies, optimizing skill banks, or inducing
programmatic constraints (Wang et al. 2025a; Xia et al. 2026;
Mi et al. 2026; Wang et al. 2025b). However, these existing
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Figure 2: Overview of SKILLER. (a) Automated generation and iterative refinement of task-specific skills tailored for compact
models. At each optimization step, the framework takes a target task instance and the current skill, treating the small-scale
LVLM agent loop as an interactive environment to produce a structured state quadruple and a scalar reward. Driven by a frontier
model, the critic analyzes the current state alongside historical records from the replay memory to evaluate execution outcomes,
isolate causal errors, and formulate modification suggestions before saving these diagnostics back into memory. The actor then
executes bounded editing operations to update the skill content. Crucially, all information transfer across this optimization loop
is conducted entirely via natural language. (b) The progressive performance enhancement of the small-scale LVLM agent loop
as the underlying skill iteratively evolves and strengthens across successive optimization steps.

generation and evolution techniques are predominantly op-
timized for massive frontier models, and there are currently
no skill generation methods specifically tailored to address
the unique constraints and execution paradigms of compact
models.

Method
SKILLER is a natural-language policy optimization frame-
work that translates frontier-model reasoning into task-
specific skills for small-scale LVLMs, without updating the
parameters of the compact model itself. As illustrated in Fig-
ure 2, SKILLER treats the textual skill as the optimization
variable, the small-scale LVLM agent loop as an interac-
tive environment, and the official benchmark verifier as the
source of task reward. Driven by a frontier model, a critic
module converts execution evidence into causal and localized
feedback, while an actor module implements this feedback
through bounded edits to the skill artifact. A structured re-
play memory preserves failure signatures, critic diagnoses,
and previously effective modifications across sequential opti-
mization steps. This formulation concentrates computational
expense at skill-construction time, yields an interpretable
and directly deployable policy artifact, and propagates all di-
agnostic feedback and editing instructions entirely through
natural language rather than gradient updates.

Problem Definition
Let x ∈ X denote a target task instance, including its instruc-
tion, runtime inputs, available tools, and output contract. A

frozen compact model π interacts with a task environment E
under a task-specific skill Ki at optimization step i. The skill
conditions the compact model’s action distribution, inducing
the effective policy

πKi
(at | ht,x) ≜ π(at | ht,x,Ki), (1)

where ht is the interaction history and at is an action selected
by the model. One execution produces an execution trajectory
τi = (oi,0, ai,0, . . . , oi,T ). The environment then exposes
the benchmark-native performance signal directly as a scalar
reward ri ∈ [0, 1], instantiated as task success or test pass
rate, together with verifier diagnostics vi, such as per-test
outcomes and error messages. The complete environment
transition is

(τi, ri,vi) = E(x,Ki;π). (2)
During optimization, a reference trajectory τ⋆ supplies

privileged evidence about a successful solution process, but
it is never provided as a runtime input to the compact model.
Let K denote the space of natural-language skills, which in-
cludes optional task-local helper programs. For a fixed π,
our objective is to find a skill that maximizes verifier perfor-
mance,

K⋆
x ∈ argmax

K∈K
Jx(K),

Jx(K) = E(τ,r,v)∼pE,π(·|x,K)

[
r
]
.

(3)

Here, pE,π(· | x,K) denotes the joint distribution over tra-
jectories, rewards, and verifier diagnostics induced by the
environment and compact model when conditioned on x and



K; their realizations at optimization step i are (τi, ri,vi).
Rather than differentiating through π or E , SKILLER ex-
plores K through verifier-grounded, natural-language policy
updates K0,K1, . . . ,KI .

Natural-Language Skill Optimization
At each optimization step i, SKILLER takes the fixed tar-
get instance x and the current task-specific skill Ki as input,
as shown at the upper left of Figure 2(a). At step 0, it in-
stantiates an initial skill K0 that captures a coarse execution
workflow. Each skill serves as an executable language ar-
tifact that specifies a prescriptive procedure, concrete tool
calls and paths, output contracts, and, when beneficial, task-
local helper scripts. The system then traverses an iterative
optimization loop connecting the environment, state, critic,
replay memory, and actor to specialize this artifact for the
small-scale LVLM.

Environment. The environment E wraps the benchmark-
specific tool interface, workspace, and official verifier around
the compact model π. Conditioned on Ki, the model repeat-
edly observes the current workspace, selects a tool action,
reads the resulting observation, and reflects before initiating
its next action. The environment records this interaction as
τi and invokes the official verifier to obtain the scalar reward
ri and diagnostics vi. Thus, despite differences in tools and
verifiers across benchmarks, each adapter implements the
same transition

E : (x,Ki;π) 7−→ (τi, ri,vi). (4)

State & Reward. The controller combines the rollout with
the optimization-side reference to form the structured state
quadruple

si =
(
x, τi, τ

⋆,vi

)
. (5)

Here, x has no step subscript because the target instance
remains fixed, whereas τi and vi describe the behavior and
diagnostic outcome induced by the current skill. Pairing the
current trajectory with τ⋆ exposes not only whether execu-
tion failed, but also where its action sequence first departed
from a successful strategy; the verifier diagnostics vi ground
that comparison in the task’s actual acceptance criterion.
Alongside si, the environment returns a separate scalar re-
ward ri ∈ [0, 1], which represents binary task success for
pass/fail benchmarks and the normalized test pass rate when
partial credit is available. Thus, ri quantifies how well the
current skill performs, while vi provides the diagnostic ev-
idence needed to explain that outcome. The analysis and
ablation of the state are provided in Appendix A.

Critic. A frontier-model critic Cϕ evaluates the current
skill from the state, scalar reward, and prior optimization
evidence:

gi = Cϕ
(
si, ri,Ki,Mi

)
, (6)

where gi denotes natural-language skill-modification sug-
gestions. The scalar ri indicates how well the current skill
performed, while vi explains the verifier outcome. By an-
choring its judgment in both signals, the critic contrasts τi
with τ⋆ to locate the earliest causal divergence. It systemat-
ically distinguishes missing procedural guidance from tool

misuse, output-contract violations, and non-actionable in-
frastructure failures. Furthermore, it identifies content that
already supports successful behavior and converts the di-
agnosis into concrete, localized editing instructions. Conse-
quently, the actor receives an evidence-backed repair plan
rather than an unconstrained request to rewrite the entire
skill. The prompts and ablation of the critic are provided in
Appendix B.

Replay Memory. The replay memory Mi is a compact
textual history of completed optimization steps, not a store
of raw token-level transitions. As highlighted in Figure 2(a),
it retains three forms of reusable evidence, namely failure
signatures with verifier diagnostics, critic-summary history,
and accepted edits with their observed outcomes. The cur-
rent critic diagnosis is recorded before actor execution, and
once the resulting skill is evaluated, the corresponding edit
and outcome are permanently archived in memory. Rele-
vant records are supplied to both Cϕ and Aθ. This memory
structure discourages repeated failures, protects previously
effective behavior, and provides explicit evidence for retain-
ing or rolling back a modification following a performance
regression.

Actor. Given the critic’s suggestions, a frontier-model ac-
tor Aθ produces a bounded skill update

∆i = Aθ

(
x,Ki, τ

⋆,gi,Mi

)
,

Ki+1 = Apply(Ki,∆i).
(7)

The update ∆i is realized through four explicit editing op-
erations, namely Insert, Replace, Create, and Delete,
applied over the skill bundle. The actor preserves content
identified as effective, adds precise behavioral constraints,
and may synthesize deterministic task-local helpers when
a small-scale LVLM would struggle with a long or error-
prone procedure. Reference evidence is distilled strictly into
runtime-input-dependent guidance and is never introduced
as a direct runtime dependency or a precomputed answer.
The prompts and ablation of the actor are provided in Ap-
pendix C.

SKILLER repeats this process for i = 0, . . . , I − 1,
yielding the final composed policy KI =
Apply(· · ·Apply(K0,∆0), . . . ,∆I−1). It also sup-
ports batch optimization. For B = {x(n)}Nn=1, parallel
environment executions form SB

i = {s(n)i }Nn=1 and the
empirical verifier objective Ĵi(B) = 1

N

∑N
n=1 r

(n)
i . Skills

may be updated independently as {K(n)
i }Nn=1 or tied across

related instances by setting K(n)
i = Ki and aggregating

their evidence before one update. As optimization advances,
successive updates ∆i incorporate progressively finer con-
straints, including input grounding, task-local computation,
and self-validation, that effectively narrow the error-prone
behaviors of the small-scale LVLM. Figure 2(b) illustrates
this evolution from a generic workflow to a grounded,
executable, and self-correcting skill, with increasing verifier
performance across steps.



Base model Method SkillsBench SkillLearnBench SWE-Skills-Bench GAIA EarthBench

Qwen3.5-9B

– No-skill 1.45 23.83 26.20 44.58 59.68

Closed-source Human-authored 10.14 30.00 52.00 – –
Manus 57.97 27.56 62.40 46.18 71.24

Open-source

AutoSkill 53.62 25.61 44.10 44.98 71.77
EvoSkill 50.72 24.22 45.90 48.19 62.90
SkillX 60.87 27.78 58.80 49.40 66.13
SKILLER (ours) 73.91 32.11 82.80 49.40 76.08

Qwen3.5-4B

– No-skill 0.00 24.50 17.60 40.16 52.69

Closed-source Human-authored 5.80 28.94 42.70 – –
Manus 36.23 31.17 53.40 41.37 71.51

Open-source

AutoSkill 31.88 24.33 35.50 40.56 66.13
EvoSkill 40.58 22.89 37.30 42.17 67.47
SkillX 43.48 30.22 48.40 44.18 65.86
SKILLER (ours) 42.03 33.00 66.70 43.78 71.51

Table 1: Main results on five benchmarks. All scores are three-run average score, accuracy or pass rate (%). The best result in
each model–benchmark group is shown in bold.

Experiments and Analysis
In this section, we present comprehensive empirical compar-
isons against existing skill-generation methods across five
benchmark families, analyze the dynamic evolution process
of SKILLER, examine the structural differences between au-
tomatically generated and human-authored skills, and eval-
uate the generation costs of various approaches. Detailed
ablation studies of our framework are provided in Appen-
dices A-C.

Experimental Setup
Benchmarks. We evaluate our method across five diverse
benchmark families. SkillsBench measures whether agents
can use task-paired skills across diverse domains (Li et al.
2026), from which we select a subset of 26 tasks where
each instance is resolved using a single skill. SWE-Skills-
Bench evaluates skill utility on software-engineering tasks
with execution-based tests (Han et al. 2026), where we re-
port performance on 117 instances covered by 10 high-
difficulty skills. SkillLearnBench evaluates continual skill
generation across 100 verified task instances (Zhong et al.
2026). GAIA covers multi-step information-seeking tasks
(Mialon et al. 2024), where we evaluate on 165 tasks from
the validation set. EarthBench covers Earth-science and data-
processing workflows (Feng et al. 2025), where we conduct
testing across 248 evaluation samples. Specifically, GAIA
and EarthBench are each treated as a single task where half
of the instances are used for generating a skill, allowing us to
report additional zero-shot test performance on the remain-
ing samples, whereas for the remaining three benchmarks, a
single instance from each task is used to generate the corre-
sponding skill before evaluating across all instances of that
task. Further dataset details and evaluation settings are pro-
vided in Appendix D.

Models and baseline methods. The target small-scale
LVLMs evaluated in our experiments are Qwen3.5-9B and
Qwen3.5-4B (Qwen Team 2026), which operate within the

skill-executing agent loop of OpenCode (OpenCode 2026). A
strong frontier model, specifically GPT-5.4 (OpenAI 2026b),
is utilized exclusively during the offline skill-generation
phase to serve as the actor, and critic, and all downstream
evaluation tokens consumed by the compact models are ex-
cluded from the reported generation costs. We compare our
framework against standard no-skill execution, three open-
source automated skill evolution methods consisting of Au-
toSkill (Yang et al. 2026), EvoSkill (Alzubi et al. 2026),
and SkillX (Wang et al. 2026), as well as skills generated
by the closed-source Manus system (Manus 2026). Human-
authored skill baselines are reported only when officially
provided by the benchmark (Li et al. 2026; Han et al. 2026;
Zhong et al. 2026). All reported results represent the aver-
age performance across three executions of the same skill,
and SKILLER is configured with a five-step reinforcement
learning schedule across all tasks. Further baseline methods’
details are provided in Appendix E.

Main Results and Analysis
As reported in Table 1, SKILLER achieves superior over-
all performance across both model scales, demonstrat-
ing that natural-language reinforcement learning effectively
adapts procedural knowledge to small-scale LVLMs. No-
tably, human-authored skills and generic skills generated by
systems such as Manus frequently yield suboptimal gains or
even degrade performance compared to standard automated
evolution baselines. This phenomenon directly confirms our
core motivation regarding the model-mismatch bottleneck.
Skills composed by human experts or strong frontier mod-
els implicitly assume expansive reasoning capacities, broad
context tolerance, and robust error recovery. When these
high-level instructions are injected into a compact model,
they frequently induce cognitive overload and trigger severe
argument hallucinations. In contrast, by treating the target
compact model as the interactive environment, SKILLER
diagnoses specific execution failures and injects localized,



Base model Method GAIA EarthBench

Qwen3.5-9B

No-skill 37.00 58.87
Manus 45.53 70.43
AutoSkill 47.97 70.16
EvoSkill 45.12 66.94
SkillX 42.28 67.20
SKILLER (ours) 49.59 72.31

Qwen3.5-4B

No-skill 34.55 50.54
Manus 33.33 70.97
AutoSkill 33.74 69.89
EvoSkill 34.15 66.67
SkillX 28.86 65.59
SKILLER (ours) 40.65 69.62

Table 2: Zero-shot results on the rest of GAIA and Earth-
Bench. Scores are three-run average score and accuracy (%).

prescriptive boundaries that small-scale LVLMs can reliably
execute.

The advantages of executor-specific policy optimization
are most pronounced on benchmarks characterized by com-
plex procedural workflows and strict tool-use conventions,
such as SWE-Skills-Bench and SkillsBench. On SWE-Skills-
Bench, SKILLER outperforms all open-source and closed-
source baselines by substantial margins on Qwen3.5-9B and
achieves a dominating pass rate on Qwen3.5-4B. Software
engineering tasks strictly penalize unverified file edits, out-
of-order tool invocations, and ungrounded argument fabri-
cation. Generic skill generators frequently produce high-
level advice that fails to prevent these mechanical errors.
Our critic-actor loop directly repairs these failure modes by
inserting mandatory verification steps and input-grounding
constraints, enabling compact models to execute multi-step
engineering pipelines with unprecedented precision.

On benchmarks requiring open-ended information seek-
ing, continual task adaptation, and complex domain work-
flows, including SkillLearnBench, GAIA, and EarthBench,
SKILLER consistently matches or surpasses the strongest
baseline methods. While procedural constraints cannot sub-
stitute for missing factual knowledge or complex mathemat-
ical reasoning during multi-hop retrieval, our learned skills
effectively regulate the search process, enforce systematic
evidence verification, and prevent premature task finaliza-
tion. Consequently, SKILLER secures leading accuracy on
SkillLearnBench and EarthBench while matching the top-
performing baseline on GAIA. These results confirm that
natural-language policy optimization provides reliable be-
havioral control even when task success heavily depends on
external data interpretation.

Perhaps most remarkably, the empirical analysis re-
veals that executor-specific skill optimization can effectively
bridge substantial model capacity gaps. As shown in Ta-
ble 1, Qwen3.5-4B equipped with SKILLER achieves a pass
rate on SWE-Skills-Bench that surpasses the performance of
the larger Qwen3.5-9B model when deployed with human-
authored skills, AutoSkill, EvoSkill, SkillX, or even Manus-
generated skills. This finding demonstrates that for struc-
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Figure 3: Learning dynamics through five SKILLER itera-
tions. The vertical axis is the three-repeat average pass rate
and accuracy.

tured real-world tasks, an optimized natural-language policy
that constrains error-prone tendencies is more valuable than
raw parameter scaling. By tailoring procedural control to
the exact action distribution of the underlying small-scale
LVLM, our framework enables lightweight compact mod-
els to outperform unoptimized models of more than twice
their parameter scale, establishing a compelling paradigm
for cost-efficient agent deployment.

Zero-Shot Results and Analysis
To evaluate the out-of-distribution generalization of our
learned policies, Table 2 reports the zero-shot transfer per-
formance on the held-out half of GAIA and EarthBench.
On Qwen3.5-9B, SKILLER outperforms all baselines by
substantial margins, indicating that our optimization loop
extracts truly reusable procedural rules rather than overfit-
ting to the surface features of the skill-generation instances.
By enforcing systematic evidence gathering and strict out-
put normalization, the generated skills provide robust be-
havioral scaffolding for small-scale LVLMs across unseen
problem distributions. Under tighter capacity constraints on
Qwen3.5-4B, SKILLER maintains remarkable resilience by
securing the highest accuracy on GAIA and remaining highly
competitive on EarthBench. Notably, while closed-source
Manus skills slightly lead on the EarthBench evaluation, they
severely degrade performance on GAIA, where both Manus
and SkillX fall below the standard no-skill baseline. This di-
vergence highlights a fundamental trade-off where verbose
domain context frequently triggers cognitive overload and
error propagation during complex multi-hop reasoning. In
contrast, SKILLER constructs concise and executor-specific
procedural boundaries that consistently mitigate hallucina-
tions, confirming that lightweight compact models benefit
most from disciplined behavioral control rather than exhaus-
tive context injection.

Learning Dynamics
To understand how natural-language reinforcement learning
iteratively refines policy artifacts over time, Figure 3 illus-
trates the optimization trajectories across five steps on SWE-
Skills-Bench and SkillLearnBench. The contrasting curves



Method Words TF-IDF Scripts LOC Refs.
Human 1162.52 0.07 1.48 8,819 0.43
Manus 346.57 0.06 2.42 11,168 0.34
AutoSkill 1887.41 0.93 0.54 10,527 0.22
EvoSkill 1256.98 0.89 1.69 7,236 0.45
SkillX 427.48 0.15 2.06 14,701 0.43
SKILLER 534.33 0.07 2.96 15,747 0.47

Table 3: Structural statistics of generated skills on Skills-
Bench. Evaluated metrics include natural-language verbosity
denoted by Words, inter-task instruction diversity measured
via TF-IDF cosine similarity, mean script and references
count per task, total physical lines of code denoted by LOC.

reveal that the pace of policy convergence is fundamentally
governed by the procedural complexity of the target domain.
As shown in Figure 3(a), both small-scale LVLMs exhibit
substantial and continuous performance gains across all five
iterations on SWE-Skills-Bench, demonstrating that complex
software engineering workflows benefit from cumulative pol-
icy specialization where early steps resolve coarse execution
failures and later iterations inject finer constraints like input
grounding and self-validation. Conversely, on SkillLearn-
Bench in Figure 3(b), both compact models achieve rapid
convergence within the first two optimization steps, indicat-
ing that when task bottlenecks stem primarily from output
contract formatting or basic tool routing, our critic module
quickly isolates the causal errors to establish an effective
behavioral boundary.

Structural Analysis of Generated Skills
Table 3 details structural statistics on SkillsBench to uncover
fundamental differences between human-authored and auto-
mated policies. Open-source baselines consistently produce
verbose prompts with elevated TF-IDF similarity, indicat-
ing a reliance on repetitive boilerplate templates that induce
cognitive overload for compact models. In stark contrast,
SKILLER yields concise instructions with remarkably low
TF-IDF scores matching human developers, proving our opti-
mization loop synthesizes highly specialized behavioral con-
straints rather than generic patterns. Furthermore, SKILLER
registers the highest number of discrete scripts and total lines
of code. This distribution highlights a deliberate paradigm
shift that offloads complex procedural reasoning from natu-
ral language into deterministic external tools. By minimizing
prompt verbosity while maximizing code-level execution ca-
pabilities, the generated skills perfectly accommodate the
limited context windows of small-scale LVLMs. Generation
examples are provided in Appendix F.

Cost-Effectiveness Analysis
Table 4 presents a cost-effectiveness analysis alongside av-
erage performance on Qwen3.5-9B, revealing a fundamental
trade-off between optimization depth and computational ex-
penditure. While baselines like AutoSkill incur minimal fi-
nancial costs, their shallow prompt rewriting fails to resolve
the model-mismatch bottleneck and yields constrained accu-

Method Input Output Cost ($) Avg. Score

AutoSkill 0.86M 0.02M 2.53 48.02
EvoSkill 0.34M 0.07M 1.95 46.39
SkillX 3.61M 0.37M 14.55 52.60

SKILLER 2.68M 0.15M 8.95 62.86

Table 4: Cost analysis and average performance of skill gen-
eration on Qwen3.5-9B across five benchmarks. Reported
metrics include cumulative strong-model input and output
token consumption in millions, monetary cost by GPT-5.4,
and the average performance.

racy. Conversely, SkillX consumes an excessive volume of
output tokens and incurs the highest monetary penalty, indi-
cating that open-ended generation without precise environ-
ment grounding causes inefficient textual bloat. SKILLER
optimally resolves this trade-off by utilizing precise execu-
tion feedback to drive highly targeted policy updates. By
restricting unnecessary text generation steps, our framework
achieves a commanding performance advantage while re-
maining substantially more cost-efficient than exhaustive
generation methods, proving that targeted behavioral align-
ment offers the highest return on investment for empowering
small-scale LVLMs. The cost details of each benchmark and
steps are provided in Appendix G.

Conclusion
In this work, we introduced SKILLER, a natural-language-
driven reinforcement learning framework designed to resolve
the model-mismatch bottleneck and automatically generate
executor-specific skills for small-scale LVLMs. By treating
the target compact model’s agent loop as an interactive en-
vironment and propagating all diagnostic signals entirely
through structured text, our framework iteratively refines tex-
tual policies based on precise execution feedback without
requiring neural weight updates. This language-level policy
iteration successfully offloads complex procedural reasoning
into deterministic external tools, thereby establishing robust
behavioral boundaries that prevent cognitive overload and
mechanical errors. Extensive empirical evaluations across
five diverse benchmarks demonstrate that SKILLER consis-
tently outperforms both open-source skill evolution meth-
ods and closed-source generation systems. Most remarkably,
these tailored behavioral constraints enable lightweight com-
pact models to surpass the task-specific performance of un-
optimized models at more than twice their parameter scale,
establishing a highly cost-effective and scalable paradigm for
real-world agent deployment.
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Appendix A: State Analysis and Ablation
We examine the contribution of each component in the struc-
tured state si = (x, τi, τ

⋆,vi) using Qwen3.5-9B. Each ab-
lation removes one component while retaining the remaining
optimization and evaluation settings. Table 5 reports average
performance over three runs under the official metric of each
benchmark.

The ablation reveals a clear asymmetry between compo-
nents that ground a policy update and those that refine it.
Removing either the task instance x or the current trajectory
τi causes substantially greater damage than removing τ⋆

or vi, particularly on SkillsBench and SWE-Skills-Bench.
A successful reference or verifier outcome cannot by itself
identify a useful edit: x specifies what the executor must sat-
isfy, whereas τi exposes how the current skill actually shapes
its behavior. Together, they turn feedback into an error signal
that is conditioned on the task rather than generic advice.

The dependence on this grounding pair is strongest for
benchmarks with strict tool sequences, executable artifacts,
and output contracts. GAIA degrades less sharply under ev-
ery ablation. This pattern suggests that information seeking
tasks can retain partial utility from broadly applicable search
procedures even when one state signal is absent. In contrast,
structured skill and software tasks require the editor to con-
nect a precise failure to a precise action or artifact, which
makes omissions from the state much harder to compensate
for.

The remaining two components play complementary re-
finement roles. Across all three benchmarks, removing the
reference trajectory is more harmful than removing verifier
diagnostics. This result indicates that evidence about the ex-
ecution process offers a richer target for localized edits than
outcome feedback alone. Nevertheless, the consistent loss
without vi shows that a plausible execution path is insuf-
ficient unless it is anchored to the benchmark’s acceptance
criterion. The full state is effective because it combines task
intent, observed behavior, a positive execution reference, and
correctness grounded in verifier feedback rather than relying
on any single feedback source.

Appendix B: Critic Prompt Analysis and
Ablation

The critic prompt implements four operations that mirror
the critic module in Figure 1 of the main paper. It evaluates
the current execution, compares the observed and reference
trajectories, locates the earliest causal error, and generates a
bounded skill modification. We remove each operation sep-
arately while retaining the remaining prompt instructions
and experimental settings. Table 6 reports performance with
Qwen3.5-9B.

The dominant failure after removing Generation suggests
that translation is the critic’s decisive function. Evaluation,
comparison, and localization can expose a defect, but the
learning loop improves only when the diagnosis becomes a
bounded edit to the textual policy. Without this operation,
rollout evidence remains descriptive and cannot alter the
behavior that produced the failure.

Variant SkillsBench
SWE-Skills-

Bench GAIA

SKILLER 73.91 82.80 49.40
w/o x 1.45 20.51 39.76
w/o τi 2.44 24.87 44.58
w/o τ⋆ 58.71 62.16 44.98
w/o vi 60.87 64.50 46.20

Table 5: State component ablation using Qwen3.5-9B as the
executor. Scores are means over three runs in percentage
points under each benchmark’s official metric, with higher
values indicating better performance.

Variant SkillsBench
SWE-Skills-

Bench GAIA

SKILLER 73.91 82.80 49.40
w/o Evaluate 60.87 68.20 46.40
w/o Compare 60.87 64.50 46.40
w/o Locate Error 58.71 64.46 45.00
w/o Generation 36.44 24.90 42.15

Table 6: Critic prompt ablation using Qwen3.5-9B as the ex-
ecutor. Each variant removes one critic operation, and scores
follow the official metric of each benchmark, with higher
values indicating better performance.

Comparison and error localization provide a second layer
of control. The official verifier already supplies a coarse out-
come signal, which may partially compensate for the absence
of an explicit evaluation instruction. It cannot, however, ex-
plain which decision caused the outcome. Comparing the
observed path with a successful reference narrows the search
to meaningful divergences, and localizing the earliest error
discourages the actor from patching downstream symptoms.
This distinction is especially important for software tasks,
where a late test failure can originate from an earlier choice
of file, tool, or verification procedure.

The smaller sensitivity on GAIA suggests a boundary of
prompt based skill repair. One plausible explanation is that
information seeking tasks may fail because relevant external
evidence was not found, rather than because a visible proce-
dure was applied incorrectly. A critic can reshape the search
policy, but it cannot supply missing facts. Structured skill and
software tasks expose more repeatable causal traces, which
give comparison and localization greater leverage. The com-
plete prompt is effective because it composes a verdict, a
contrastive reference, a causal diagnosis, and an executable
update into one feedback path.

Figure 4 presents the SKILLER critic prompt used for
SkillsBench using the four operations examined by the
method and ablation.



SKILLER Critic Prompt

Shared role and inputs
You are the Critic in a natural-language RL framework that trains ONE Agent Skill at a time for a single
SkillsBench task. The executor is Qwen3.5-9B. You receive the task instruction, the natural-language
reference trajectory, the current skill bundle, the latest executor trace with the official verifier
verdict, and a short history poll.

1  Evaluate the current skill by x, vi, ri

Purpose: judge task success and audit policy validity

The oracle is a reference for the critic and actor, not a runtime dependency for the executor. Audit the current
skill for direct oracle use before diagnosing ordinary failures. Treat references to solve.sh, oracle wrappers,
pasted solver code, and precomputed answer artifacts as critical defects. If the verifier passes and no such
defect exists, default to no substantive edits. Assess task alignment, instruction clarity, script quality, tool
protocol, efficiency and hallucination, and regression risk.

2  Compare two trajectories (τi, τ
*)

Purpose: contrast observed execution with canonical evidence

Treat the reference trajectory as authoritative for algorithmic intent, constants, paths, and output schema.
Walk the executor trace step by step and compare it with the canonical algorithm. Identify the first divergence,
then quote the executor's bad output and the corresponding correct algorithmic step. Use only the task
instruction, reference trajectory, current skill, executor trace, and verifier verdict as sources of truth. Do
not invent oracle numbers or infer script drift without concrete lines.

3  Locate the earliest causal error

Purpose: isolate the earliest causal failure and protect working behavior

Cite the executor tool call with its step index and an observed output snippet. Identify the line in SKILL.md
that should have prevented the failure, and reference exact paths, snippets, and tool names. Preserve the
sections that produced correct partial steps unless they violate the non-cheating policy. If a passing behavior
regressed, identify the disruptive change to undo. Separate the earliest causal error from downstream symptoms
so that the next update targets a repairable decision.

4  Generate skill modification suggestions gi

Purpose: convert diagnosis into a bounded and executable skill update

Emit mechanically applicable INSERT, REPLACE, CREATE, or DELETE instructions. Prefer surgical insertions, keep
replacements under four lines, and target no more than 30 changed lines. Never rewrite the whole skill, rename
files, or move content between SKILL.md and references. Use the framework tool vocabulary in examples. Return
one JSON object containing the reward paragraph, six reward dimensions, one failure signature, and a summary of
the top two or three edits.

Figure 4: SKILLER critic prompt used for SkillsBench and organized by its four operations. Each colored panel uses a distinct
visual treatment and begins with the purpose of the corresponding operation. The prompt content is drawn from the released
implementation and grouped to remove repeated instructions while preserving the operational constraints.



Appendix C: Actor Prompt Analysis and
Ablation

The actor prompt implements four operations that mirror
the actor module in Figure 1 of the main paper. It applies
bounded edit operations, synthesizes task local helper scripts,
preserves effective skill content, and emits a complete skill
update. We ablate the first three operations separately while
retaining the remaining prompt instructions and experimen-
tal settings. The final operation defines the update interface
itself, so removing it would disable the learning step rather
than isolate a comparable prompt component. Table 7 reports
performance with Qwen3.5-9B.

Variant SkillsBench
SWE-Skills-

Bench GAIA

SKILLER 73.91 82.80 49.40
w/o Operations 68.45 77.90 44.98
w/o Scripts 55.34 52.30 43.68
w/o Preserve 59.18 68.20 42.59

Table 7: Actor prompt ablation using Qwen3.5-9B as the ex-
ecutor. Each variant removes one actor operation, and scores
follow the official metric of each benchmark, with higher
values indicating better performance.

The strongest degradation on SkillsBench and SWE-
Skills-Bench occurs when the actor cannot synthesize helper
scripts. This pattern identifies executable abstraction as a
central bridge between language feedback and reliable ac-
tion. Long procedures embedded directly in a skill remain
vulnerable to truncation, format drift, and inconsistent tool
use by a small executor. A task local helper moves determin-
istic computation into a reusable artifact, leaving the skill
to specify when and how that artifact should be invoked.
The larger effect on structured skill and software tasks is
consistent with their strict output contracts and repeatable
computation paths.

Preservation governs a different failure mode. A critic ob-
serves one rollout, so its repair signal is necessarily local to
the latest error. Without an explicit instruction to retain ef-
fective content, the actor can overfit that signal by replacing
instructions that supported previously correct behavior. This
stability constraint is particularly important on GAIA, where
broadly useful search and verification routines must survive
updates driven by heterogeneous tasks. Preservation there-
fore protects accumulated competence that is not visible in
the current trajectory.

Bounded operations yield a smaller but consistent contri-
bution. Their role is to control the scope of plasticity rather
than introduce new procedural knowledge. Exact insertion,
replacement, creation, and deletion primitives make critic
feedback mechanically actionable and reduce unintended ed-
its to unrelated files. Together, the three operations form a co-
herent update policy. Helper synthesis adds executable com-
petence, preservation retains established competence, and
bounded editing mediates the tradeoff between the two.

Figure 5 presents the SKILLER actor prompt used for

SkillsBench using the four operations represented by the
method.

Appendix D: Benchmark Task Selection and
Data Splits

We use task to denote a benchmark unit associated with a
skill and instance to denote an individual sample evaluated
under that task. The SkillsBench subset contains 26 tasks,
each selected because it can be solved with a single skill. For
SWE-Skills-Bench, we retain the tasks for which the original
benchmark reports that adding a skill changes performance,
including both gains and declines. This criterion yields 10
tasks and 117 instances. The subset is designed to study
settings in which skill use has a measurable behavioral effect,
and its results should not be interpreted as estimates over
every task in the original benchmark. SkillLearnBench uses
the official configuration and verifier.

GAIA and EarthBench are each treated as one task, and
each dataset sample is treated as an instance. For GAIA, we
stratify the samples by the three difficulty levels and ran-
domly assign half of each stratum to skill generation. The
resulting generation split contains 83 instances. The remain-
ing instances form the zero-shot test split. For EarthBench,
we stratify the samples by the three task categories and ap-
ply the same procedure. The generation split contains 124
instances, and the remaining half forms the zero-shot test
split.

Stratification preserves the benchmark composition across
the generation and test partitions. No held-out instance is used
to update the skill, so the zero-shot results measure whether
a skill induced from one subset transfers to unseen instances
from the same benchmark.

Appendix E: Method Implementation Details
The implementation assigns each task an independent skill
bundle and experience buffer, then initializes the bundle by
refining the baseline skill with the task instruction and ref-
erence trajectory while retaining unchanged local files. The
released SkillsBench configuration runs three optimization
rounds, limits each executor rollout to 30 tool steps, and uses
sampling temperatures of 0.2 for the executor and 0.3 for the
actor and critic. During each round, the executor runs the cur-
rent skill in the task environment and the benchmark verifier
supplies the success signal, after which the critic conditions
on the task instruction, reference trajectory, current skill file
tree, rollout state, verifier result, and three most recent history
records to produce structured natural language feedback. The
actor uses this feedback to apply bounded edits and return the
complete contents of modified files, and the merged update
is rejected if it directly uses oracle solver content. The sys-
tem stores skill snapshots before and after every round and
restores the most recent passing snapshot when a later update
causes failure, which prevents subsequent optimization from
discarding an already successful skill.

Appendix F: Qualitative Skill Evolution
We examine three consecutive saved versions of the
springboot-tdd skill from SWE-Skills-Bench. This ex-



SKILLER Actor Prompt

Shared role and inputs
You are the Actor in a natural-language RL framework that maintains ONE Agent Skill for one SkillsBench
task. You receive the task instruction, reference trajectory, critic reward and edit plan, current skill
files, and recent history. The Qwen3.5-9B executor follows the revised SKILL.md through the framework
tools.

1  Apply bounded operations by suggestions gi

Purpose: translate critic suggestions into small and controlled file edits

Treat the critic's edit plan as bounded actions. Apply each INSERT, REPLACE, CREATE, or DELETE instruction
mechanically at the exact location named, only when it satisfies the rule against direct oracle use. Do not
refactor, reorder, rename, or clean up unrelated content. Keep the total diff within 30 lines and prioritize the
top two or three high leverage edits when the plan is larger.

2  Synthesize task-local helper scripts

Purpose: externalize deterministic procedures for the small executor

When a task needs custom code, bundle a distilled task local helper under scripts. The helper must read the
actual task inputs and write the required output. Invoke it from SKILL.md with one short run_shell call. Do not
embed a large payload in a tool call or copy the oracle solver. Preserve necessary constants, formulas, and
schemas in a clean implementation.

3  Preserve effective content in Ki

Purpose: retain verified behavior while introducing a localized repair

Keep every line marked DO NOT modify unchanged unless it violates the rule against direct oracle use. Preserve
working steps, existing phases, the YAML frontmatter, and the skill name. Omit unchanged files from
files_to_write so that they remain intact. After a pass with no substantive defect, return no edits. Apply at
most one short optional hardening edit.

4  Produce skill update Δi =Aθ(x,Ki, τ
⋆ , gi,Mi)

Purpose: emit a complete and executable update to the skill bundle

Return exactly one JSON object containing summary, target_skill_name, files_to_write, files_to_delete, and
experience_entry. Include the complete contents of every file that is modified or created. Keep omitted files
unchanged and delete only explicitly listed files. The revised SKILL.md must retain concrete paths, executable
tool calls, exact output contracts, and concise recovery guidance. Emit no markdown or prose outside the JSON
object.

Figure 5: SKILLER actor prompt used for SkillsBench and organized by its four operations. Each colored panel uses a distinct
visual treatment and begins with the purpose of the corresponding operation. The prompt content is drawn from the released
implementation and grouped to remove repeated instructions while preserving the operational constraints.



Method or stage R1 R2 R3 Avg. Acc. (%) Input (K) Output (K) Total (K)

AutoSkill 28 27 23 26.00 25.61 1352.98 30.31 1383.29
EvoSkill 23 25 24 24.00 24.22 366.65 21.62 388.27
SkillX 26 27 28 27.00 27.78 754.82 104.16 858.98

SKILLER Step 1 30 27 31 29.33 30.33 162.22 73.66 235.88
SKILLER Step 2 31 30 31 30.67 32.11 185.34 73.93 259.27
SKILLER Step 3 28 25 33 28.67 30.17 184.98 73.92 258.90
SKILLER Step 4 31 30 27 29.33 30.06 205.06 83.82 288.88
SKILLER Step 5 29 29 31 29.67 30.17 180.16 84.67 264.83

Table 8: Detailed SkillLearnBench results and skill generation tokens using Qwen3.5-9B as the executor. R1, R2, and R3 are
the numbers of passed instances out of 100 in three repeated runs, and Avg. is their mean. Acc. is the official accuracy averaged
over the same runs and expressed as a percentage. Input, Output, and Total report strong model token consumption in thousands
for each baseline or SKILLER stage.

ample was selected after comparing the recorded skills from
all five benchmarks because it contains substantive and in-
terpretable updates at both transitions while preserving the
same overall workflow. Figure 6 summarizes the semantic
changes in the saved rounds, which we refer to as steps in
this appendix.

The first transition changes the skill from a broad pro-
cedural guide into a budget-aware control policy. Absolute
root anchoring, finite exploration limits, bounded evidence
collection, and an explicit file checklist define stopping con-
ditions for actions that were previously open ended. These
changes reveal that an important source of failure is not miss-
ing domain knowledge, but the allocation of a limited inter-
action budget. Encoding the observed failure as a reusable
constraint reduces the chance that a later executor repeats
the same navigation loop while leaving the task workflow
available for new instances.

The second transition moves the repair boundary from
action selection to artifact consistency. Exact database tar-
gets, observed method signatures, cross-file dependencies,
and valid tool arguments become preconditions for an edit.
This distinction matters because a locally plausible Java class
can still fail when its imports, repository methods, SQL pro-
file, or tool call does not match the surrounding project.
The skill therefore converts trajectory feedback into inter-
face contracts that can prevent an entire family of related
failures rather than patching only the latest output.

Across all three steps, the seven execution phases re-
main unchanged while their transition and completion cri-
teria become more precise. This pattern shows how bounded
language-level updates can balance plasticity with retention.
New failure evidence is accumulated as local policy con-
straints, whereas previously useful structure remains avail-
able to the executor. The example is qualitative rather than
a standalone measure of average behavior, but it exposes the
mechanism through which repeated interaction can produce
a more executable and regression-resistant skill.

Appendix G: SkillLearnBench Cost and
Learning Dynamics

Table 8 reports the detailed SkillLearnBench results for
Qwen3.5-9B together with the strong model tokens used to
generate each skill or update. We omit No-skill and Human-
authored because they do not invoke a strong model for skill
generation, and we omit Manus because its token usage is
unavailable.

The comparison separates generation volume from skill
effectiveness. AutoSkill consumes the most tokens among
the reported baselines but does not obtain the strongest base-
line accuracy, while SkillX performs better with a smaller
token budget. Every reported SKILLER step also exceeds
the strongest baseline accuracy. This pattern indicates that
generation volume alone does not determine whether the re-
sulting instructions provide useful behavioral control for the
target executor.

The SKILLER trajectory is nonmonotonic. Step 2 estab-
lishes the best checkpoint, while later updates retain much of
the gain but do not improve on that checkpoint. This behavior
is consistent with localized edits that repair a sampled failure
while occasionally narrowing instructions that remain useful
for other instances. It also motivates the snapshot and roll-
back mechanism described in Appendix E because the final
update need not be the most transferable policy.

The five update stages consume similar token budgets de-
spite producing different evaluation outcomes. In particular,
the stage with the largest token usage does not yield the
highest accuracy. The marginal utility of an update there-
fore depends more on the information contained in verifier
grounded feedback than on raw generation volume. Because
the SKILLER rows report stage level rather than cumula-
tive token usage, this table characterizes the efficiency of
individual updates rather than the total expense of the full
optimization trajectory. The optimal stopping step can also
vary with the benchmark and executor.



SKILLER Skill Evolution

SWE-Skills-Bench example: springboot-tdd

Three consecutive saved skills preserve the same seven-phase workflow while turning observed execution
failures into increasingly specific operating constraints.

Step 1   Establish an executable TDD workflow

Update focus: organize task completion into a reusable phase policy

• Repository grounding Confirm the PetClinic root and discover only observed paths.

• Evidence guided study Read related entities, tests, SQL files, and templates before planning.

• Execution closure Create tests first, make local edits, then run Maven and the benchmark verifier.

Feedback targets path loops and excessive exploration

Step 2   Control path resolution and the step budget

Update focus: convert open-ended exploration into bounded decisions

• Root and search budget Use an absolute root fallback, allow at most three initialization calls, and
limit discovery to six calls.

• Evidence budget Read small evidence windows and stop after the necessary production and test
exemplars.

• Verification reserve List every create and modify target, build minimal files first, and protect the
final calls for verification.

Feedback targets unresolved contracts at file and API boundaries

Step 3   Bind edits to observed interfaces and verifier contracts

Update focus: prevent locally plausible edits from breaking repository-wide consistency

• Exact artifact targets Resolve every requested path, edit the named database profile, and prohibit
substitute sidecar files.

• Interface contracts Verify methods, fields, imports, and related types, then create dependent APIs in
the same pass.

• Verified completion Enforce valid tool arguments, compile immediately, and require tests plus
benchmark verification before completion.

Preserved structure: INIT  →  DISCOVER  →  STUDY  →  PLAN  →  IMPLEMENT  →  VERIFY  →  CONCLUDE

Figure 6: Evolution of the springboot-tdd skill on SWE-Skills-Bench across three SKILLER steps. Each panel summarizes
the semantic changes introduced by one saved skill version rather than presenting a literal text comparison. The seven-phase
workflow is retained while feedback progressively constrains path discovery, edit planning, artifact consistency, and verification.


