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Abstract

Evaluating an agent’s ability to strictly satisfy diverse and procedurally complex requirements is
essential to determining its practical reliability. Conducting such an evaluation demands agentic
tasks that reconcile broad domain coverage with deep procedural complexity. Existing paradigms
face a fundamental trade-off: expert-curated benchmarks achieve procedural depth but suffer from
domain diversity bottlenecks, whereas crowdsourced benchmarks span diverse scenarios but lack
execution rigor. To resolve this tension, we present SKILLFORGEBENCH, which leverages agent
skills as unifying execution blueprints across three co-designed stages: (1) Resource Preparation
uses domain-balanced skills to guide artifact retrieval, establishing broad workflow coverage; (2)
Skill-driven Task Synthesis employs skills as procedural anchors to partition artifact roles,
synthesize naturalistic task instructions, and package sandboxed scenarios for deep procedural
execution; and (3) Holistic Evaluation Design translates skill-embedded requirements into
fine-grained completion and process rubrics to enable strict requirement-level scoring. Comprising
842 sandboxed tasks across five major professional domains, SKILLFORGEBENCH reveals a steep
capability hierarchy among eight mainstream agents, led by OpUs 4.8 (40.9% strict completion).
Requiring all constrains satisfaction uncovers severe capability bottlenecks across all model tiers
that remain masked under individual rubric pass rates (70.0% to 85.7% vs. 12.6% to 40.9%).
Crucially, under the external guidance from skills, top-tier agents obtain larger gains than low-tier
agents (i.e., A19.2% for OPUS 4.8 vs. A5.8% for HAIKU 4.5). Finally, agents satisfy process rubrics
far less frequently than completion rubrics (under 3% for HAIKU 4.5), proving that completion-only
checks overestimate real-world agent reliability.

1 Introduction

As large language model (LLM) agents take on increasingly complex professional work across diverse do-
mains (Merrill et al.; 2026; Ye et al., 2026), establishing rigorous benchmarks to evaluate their reliability
across varied workflows has become essential. In practical deployments, a reliable agent must strictly satisfy
all operational constraints (e.g., procedural steps and formatting specifications) across diverse scenarios,
rather than produce superficially plausible deliverables. Every unfulfilled constraint forces human intervention,
invalidating the practical utility of autonomous agents. However, existing agentic benchmarks struggle to
evaluate reliability across diverse workflows due to a fundamental dilemma in task curation. Expert-curated
benchmarks pair complex tasks with strict verification scripts, offering high task fidelity, yet they remain strictly
bottlenecked by manual authoring costs and confined to narrow domains (Yang et al., 2026; Wu et al., 2026).
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Conversely, crowdsourced benchmarks achieve domain diversity, but their evaluation signals are frequently
decoupled from workspace contexts, ultimately yielding shallow tasks that fail to probe multi-dimensional
reliability (Hua et al., 2026; Han et al., 2026).

To bridge this gap, we leverage agent skills, the native structural primitives of agent ecosystems, as execution-
grounded blueprints for benchmark design. Authored by human experts, skills encode rich procedural
workflows, domain-specific knowledge, and professional conventions that naturally reflect user demands
across diverse domains. Building on this insight, we present SKILLFORGEBENCH, an agentic evaluation
benchmark built through a three-stage skill-centric design architecture that directly fulfills these essential
properties: First, during Resource Preparation (§3.1), we curate a domain-balanced skill set and deploy
web-enhanced retrieval to harvest artifacts and user queries, establishing broad workflow coverage. Second,
during Skill-driven Task Synthesis (§3.2), skills guide the functional partitioning of artifacts into editable
targets, reference evidence, and read-only contexts to construct concrete task scenarios. We then leverage
retrieved user queries to compose naturalistic task instructions and package each scenario into a sandboxed
environment, achieving deep procedural instantiation. Third, during Holistic Evaluation Design (§3.3),
we evaluate requirement satisfaction across both final deliverables via completion rubrics and execution
trajectories via process rubrics. To establish truly rigorous reliability, we prioritize strict scoring that requires
full compliance with constraints, complemented by loose scoring for fine-grained capability diagnosis, while
conducting all evaluations in both skill-conditioned and unconditioned settings. In total, SKILLFORGEBENCH
currently comprises 842 rigorously verified tasks across diverse domains, uniquely combining real-world
demand, authentic environments, fine-grained rubrics, execution evaluation, and explicit skill use (Table 1),
and establishing a challenging testbed for evaluating agent capabilities under realistic constraint adherence.

Evaluating eight mainstream agents on SKILLFORGEBENCH reveals a steep capability hierarchy across leading
proprietary and open-weight models. Frontier models, led by OpPUs 4.8 (40.9% strict completion), substantially
outpace low-tier models such as QWEN3.5-397B , which drops to near 12.6%. Crucially, while loose scoring
yields deceptively high rubric pass rates (70.0% to 85.7%), strict scoring requiring total constraint compliance
exposes severe capability bottlenecks across all model tiers. Beyond leaderboard rankings, our diagnostic
analyses yield three core insights: First, strict evaluation defines the true boundary of agent reliability, while
loose scoring mask hidden process failures and create an illusion of competence. Second, skill conditioning
improves individual rubric pass rates similarly across models (A5.1% to 7.4%), and frontier models convert
skills into far larger strict completion gains (A19.2% for Opus 4.8 vs. A5.8% for HAIKU 4.5). Third,
performance bottlenecks stem from process discipline rather than deliverable production: agents satisfy
process rubrics far less frequently than completion rubrics (i.e., HAIKU 4.5 meeting all process constraints on
fewer than 3% of tasks). In summary, these findings confirm that real-world agent reliability hinges on strict
constraint adherence across the entire workflow execution. SKILLFORGEBENCH thus provides a rigorous
measurement standard to evaluate this essential capability.

2 Related Work

2.1 Agentic Benchmarks

Agent evaluation has evolved alongside expanding LLM agents’ capabilities. Early benchmarks target
specialized, single-domain workflows, such as code repair (Jimenez et al., 2024), web navigation (Zhou
et al.; 2024), multi-app API coordination (Trivedi et al., 2024), and policy-adherent customer service (Yao
et al., 2025). Recent benchmarks target autonomous agents operating in general-purpose environments.
OSWorld (Xie et al., 2024) provisions full desktop VMs; Terminal-Bench (Merrill et al., 2026) evaluates
system administration in Docker containers; ClawBench (Zhang et al., 2026) and Claw-Eval (Ye et al., 2026)
define rubric-scored tasks across productivity domains for Claw-style agents. PinchBench (Kilo AT, 2026)
combines automated checks with LLM-judge rubrics. These benchmarks span more diverse scenarios but
remain manually curated and static in scale.

To bypass manual authoring constraints, recent works explore automated task harvesting and synthesis.
RealClawBench (Lv et al., 2026) reconstructs environments from production agent sessions; WildClawBench
(Ding et al., 2026) runs tasks inside real CLI harnesses; LiveClawBench (Long et al., 2026) continuously



Table 1 Comparison of SKILLFORGEBENCH with representative agent benchmarks. Real Demand and Authentic Env.
measure task and environment realism; Fine Rubrics and Process Eval. characterize evaluation granularity; and Skill
Use indicates whether skills are explicitly evaluated. A green check, orange dot, and gray cross denote full, partial, and
no support.

Real Authentic Fine Process Skill

Benchmark Task Source Scale Demand Env. Rubrics Eval. Use
WebArena (Zhou et al., 2024) Authored web intents 812 ° °

AppWorld (Trivedi et al., 2024) Authored app workflows 750 o L]

Terminal-Bench 2.0 (Merrill et al., 2026) Expert workflows 89 ° v

ClawBench (Zhang et al., 2026) Everyday assistant tasks 153 ° v ° v
LiveClawBench (Long et al., 2026) Real usage cases 134 ° °

RealClawBench (Lv et al., 2026) Production sessions 281 4 v

Claw-Eval (Ye et al., 2026) Human-curated tasks 300 ° ° v 4
SkillsBench (Li et al., 2026a) Curated skill tasks 86 ° 4
Agentic Skills at Scale (Shaposhnikov et al., 2026) LLM-synthesized tasks 1,000 v v v
SKILLFORGEBENCH Skills 4 real artifacts 842 4 4 4 v 4

refreshes tasks against live services to prevent contamination. Automated synthesis pipelines address scale and
cost simultaneously. ClawEnvKit (Li et al., 2026b) generates environments from natural-language descriptions
at orders-of-magnitude lower cost. ClawForge (Lai et al., 2026) templates state-conflict scenarios with grounded
slots. However, current synthesis pipelines lack a principled framework to reconcile broad domain diversity
with deep procedural complexity, often generating tasks that lack structured requirement grounding and
rigorous evaluation rubrics. Scaling evaluation reliability remains their central limitation. Table 1 summarizes
these comparisons.

2.2 Synthesis from Skills

Synthetic data generation has emerged as a key paradigm for scaling agent training and evaluation. Early
approaches synthesize function-calling instructions, and interaction traces over real or mocked API endpoints,
validating trajectory executability programmatically (Liu et al., 2024; Wang et al., 2026). Subsequent methods
ground trajectory synthesis in live web or desktop environments to produce realistic execution traces (Xu et al.,
2025; Wang et al., 2024), while environment synthesis techniques automatically generate or expand sandbox
setups to diversify execution contexts (Zhu et al., 2026; Dong et al., 2026). Notably, Terminal-World (Cheng
et al., 20206) also leverages skills for data synthesis, but treats them merely as topic seeds for task generation.
This approach discards the rich procedural step definitions and execution constraints embedded within
agent skills. In contrast, SKILLFORGEBENCH leverages skills as unifying blueprints across the task lifecycle,
guaranteeing domain diversity, procedural complexity, and structurally aligned evaluation rubrics.

3 SkillForgeBench Construction

SKILLFORGEBENCH is designed to evaluate an agent’s ability to holistically satisfy diverse and procedurally
complex constraints in long-horizon workflows. This requires benchmark to fulfill three properties simulta-
neously: broad workflow coverage, deep procedural instantiation, and fine-grained yet holistic evaluation.
We achieve these through three components (Figure 1): 1. Resource Preparation (§3.1): We curate a
domain-balanced, procedurally rich skill set and retrieve authentic open-web materials to establish broad
workflow coverage; 2. Skill-driven Task Synthesis (§3.2): We leverage skills to partition artifact roles,
formulate scenario tasks, and compose naturalistic instructions, deeply instantiating procedural logic into
executable environments; 3. Holistic Evaluation Design (§3.3): We derive calibrated completion and
process rubrics through contrastive rollouts and human expert audits, evaluating agents across fine-grained
constraints and dual scoring regimes.
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Figure 1 Overview of the SKILLFORGEBENCH construction pipeline, demonstrated using a citation verification skill as a
running example: (a) Skills guide retrieval of real artifacts and user queries; (b) These inputs support task formulation,
instruction composition, and environment packaging; and (c¢) Contrastive rollouts with and without skill access inform
completion and process rubrics, followed by human task validation.

3.1 Resource Preparation

In this stage, our primary objective is to establish broad workflow coverage. Since skills originate from
diverse real-world domains and developer communities, they collectively provide an expansive pool of realistic
workflows. Accordingly, we design a two-fold resource preparation strategy: first, we implement a rigorous
skill curation pipeline to select a domain-balanced, procedurally complex skill set S = {s1,...,sn}; second,
we deploy a web-enhanced retrieval mechanism to harvest real-world artifacts and user queries that ground
each skill workflow with authentic materials.

Coverage-oriented skill curation. To establish diverse and complex workflows, we curate skills through a
three-stage process. (1) Broad skill collection and filtering. We collect over 50,000 candidate skills
from major public Agent Skill ecosystems and repositories, including SkillsMP, SkillHub, and public skill
repositories maintained by Anthropic, OpenAl, and other developer communities. A rule-based filter removes
malformed entries, duplicates, and skills that rely on GUI interaction, private services, or non-local execution.
(2) Procedural quality assessment and domain tagging. We employ a frontier LLM to evaluate each
remaining skill across workflow complexity, required domain knowledge, and resource richness, averaging these
dimension scores into a unified quality score Q(s). Concurrently, the model assigns a domain tag to each skill
to facilitate balance. (3) Domain-balanced selection. We rank skills by Q(s) within each domain and
select them uniformly across domains until reaching the total budget N, yielding the final skill set S. The
skills behind the final 842 tasks span five domains—Technology, Business, Creative, Harness Behavior, and
Knowledge. Table 5 reports the full distribution.

Authentic resource and demand search. Beyond skill curation, we further leverage each skill s € S as a
focal seed to retrieve diverse, authentic open-web resources across two parallel search streams. Specifically,
we analyze each skill specification to extract its core resource requirements R, = {ry,...,r,,} and user
intent summary G, where each r; defines the expected content of one required material, and G is a concise
sentence describing what a user aims to accomplish. To harvest realistic grounding materials, we query the
open web using R to collect diverse retrieved artifacts A; = ¥ 4(R;) matching each structural requirement.



Concurrently, we search 20 predefined public forums' using G, to gather real-world community discussions,

producing matching user queries Dy = Up(Gy). These queries serve as naturalistic demonstrations for
instruction composition, providing realistic vocabulary and authentic background knowledge. By grounding
each skill in authentic web artifacts and user expressions, this retrieval process significantly expands the
diversity and realistic depth of our benchmark input resources.

3.2 Skill-driven Task Synthesis

With curated skills and authentic materials in hand, our next step is to achieve deep procedural instantia-
tion—faithfully injecting skills’ complex procedural logic into executable benchmark tasks. To accomplish this,
we design a skill-driven synthesis framework that transforms raw materials into skill-grounded scenarios, fuses
procedural constraints into naturalistic user instructions, and packages them into executable environments.

Skill-guided task formulation. While retrieval yields relevant artifacts, directly formulating tasks without
constraints risks shallow edits or evidence leakage. Since skills operate on specific input resources and
produce outcomes, we partition the retrieved artifacts A into three functional roles to constrain task
formulation: (1) editable targets A%t corresponding to the required inputs; (2) synthesis-only evidence
A" providing ground-truth reference for expected outcomes; and (3) read-only context AS™* embedding
realistic background constraints. Using these roles, an agent groups related artifacts into candidate scenarios
Cs = {c1,...,ck}, where each ¢; defines a coherent artifact collection by associating editable targets with
evidence for expected outcomes and relevant contextual resources. The agent then evaluates these candidates
for skill alignment, procedural depth, and executability to select the optimal task scenario Ts. For instance,
in a citation verification skill, a lawed BibTeX file serves as AS1*, a metadata dump of verified citations as
A and paper PDFs as AS*—together instantiating a task scenario T where the agent audits and repairs
the bibliography against ground-truth metadata.

Naturalistic instruction composition. Given the task scenario Ty and skill s, we leverage retrieved user
queries Dy as in-context demonstrations to compose a naturalistic task instruction ¢,. Notably, this
retrieval-guided grounding prevents g, from collapsing into rigid synthetic templates inspired by Natural
Questions (Kwiatkowski et al., 2019). Specifically, Ty defines what should be accomplished, D, shapes the
natural phrasing and vocabulary, and s ensures the essential details from the skill to produce g¢s:

QS = (p(TgaIDSNS)' (1)
where the agent ® rewrites the structured task T into a natural user query conditioned on D;.

Packaging and execution validation. To ensure reproducible execution, we construct an initial workspace
WY containing A%t and AS™*, while strictly withholding ground-truth A%™ to prevent answer leakage. We
then package W? into a sandboxed Linux container and automatically resolve its dependencies to form
the executable environment &;. Any task requiring persistent external services or failing sandbox build
validation is discarded.

3.3 Holistic Evaluation Design

With executable tasks in place, our final goal here is to establish a fine-grained yet holistic evaluation
that assesses an agent’s capability to satisfy diverse requirements and procedural constraints in long-horizon
workflows. In real-world environments, an agent may produce a superficially correct output while violating
critical process rules and skipping mandatory safety verifications. Thus, SKILLFORGEBENCH evaluates
individual requirements in detail while verifying holistic compliance across the entire workflow.

IThe list of 20 forums is shown in Table 4.



Completion and process rubric construction. To cover both outcome and execution constraints, we structure
evaluation into two fine-grained rubric dimensions: Completion Rubrics (R®™P) evaluate outcome
constraints on final workspace, focusing on the structural correctness and content validity of skill-specified
deliverables; Process Rubrics (RP'¢) evaluate execution constraints along agent trajectories, covering
adherence to procedural steps, intermediate verification checks, and safety bounds in the skill workflow.
However, directly prompting language models to synthesize rubrics from task descriptions often yields abstract
and superficial rules (Zhou et al., 2026), missing critical execution details and specific environment changes.
To derive precise and executable rubrics, we combine skill-guided contrastive agent rollouts with human
expert calibration. Specifically, a reference agent 7 executes task instruction ¢, twice on identical
environments &,:

(7, W) = Rollout (e, gs, Es, 5), (r Wy ) = Rollout(mryet, ¢s, Es, D), (2)

where (7;5, W) and (77, W.) denote the resulting trajectories and workspace states generated with skill
(s) and without skill (&), respectively. An evaluation agent then contrasts the trajectory deltas (7;7 vs. 7,7)
and state deltas (W; vs. W_) to isolate the procedural constraints introduced by skill s, synthesizing draft
rubrics for RE™P and RE™°. Finally, two human experts calibrate these draft rubrics through three explicit
steps: atomic decomposition splits complex rules into single atomic rubrics, filtering removes superficial
formatting noise while preserving core domain requirements, and executable grounding refines vague
descriptions into clear, unambiguous natural language rubrics with explicit pass/fail conditions. In practice,

the two experts independently review draft rubrics, resolving disagreements jointly.

Evaluation Metrics Design. To assess both outcome correctness and execution constraints, SKILL-
FORGEBENCH evaluates completion and process rubrics (R™P,RP™¢) under two distinct execution
settings: with skill (w/skill), which tests an agent’s capacity to adhere to explicit procedural instructions,
and without skill (w/o skill), which probes whether the agent can complete complex workflows without
external guidance. This design allows us to distinguish whether successful task execution stems from the
model’s internal knowledge or from external procedural guidance. For a given task T' evaluated against a
calibrated rubric set R = {ry,r2,...,7r}, an evaluation agent inspecting the execution trajectory 7 and final
workspace state W to evaluate each atomic check r; € {0,1}. We then compute the Completion Score (Scomp)
and Process Score (Sproc) using two scoring regimes:

k k
Z T3, SStriCt (T) = H Ti. (3)
i=1 i=1

Loose scoring (S'°°%°) measures the mean pass rate across rubric items to provide fine-grained diagnostic
progress, whereas strict scoring (S*'"1°t) enforces an all-or-nothing logical AND to evaluate overall system
reliability under real-world conditions. These two regimes capture complementary demands: fine-grained
feedback on incremental progress and strict satisfaction of all constraints for reliable end-to-end execution.

Sloosc (T) _

x| =

4 Experiments

In this section, we use LLM-as-a-Judge to execute rubrics and conduct a systematic empirical evaluation of
how well mainstream LLM-based agents satisfy the constraints of SKILLFORGEBENCH tasks. To demonstrate
the evaluation utility and diagnostic power of our benchmark, our experiments are organized into 3 core
parts: (1) Main Leaderboard, measuring how well agents satisfy individual constraints and all constraints
jointly, together with the impact of skill grounding and execution efficiency; (2) Reliability of Task and
Rubric Construction, independently auditing the quality of generated tasks and rubrics and measuring
agreement across expert judgments; and (3) Diagnostic Analysis, dissecting results across release dates,
model capability tiers, and rubric categories to identify which constraints agents fail to satisfy.

Ezxperimental Setup. We evaluate eight mainstream LLMs, including both proprietary and open-weight
models, using the same OpenHands agent harness. The evaluated backbone models are Claude Opus 4.8,



Table 2 Main leaderboard of model performance and execution efficiency. Task-level mean scores (%) are
reported under loose and strict scoring for Completion (Scomp), evaluated with and without skill, and Process (Sproc),
evaluated with skill. The efficiency columns report the mean total number of interaction steps (# Assistant) and tool
calls (# Tool-call) for runs with and without skill. Bold indicates the highest score and underlining indicates the
second-highest score in each performance column.

Model Seore  Shoree Seermve Seame  Shomee  Seem # Assistant # Tool-call

w/ skill w/ skill w/o skill w/ skill w/ skill w/o skill w/ skill w/o skill w/ skill w/o skill

Opus 4.8 85.7 87.9 79.8 40.9 27.7 21.7 28.6 24.6 41.0 38.5
GLM-5.2 84.1 86.7 76.9 36.8 28.7 20.0 42.6 39.6 58.0 54.8
Sonnet 4.6 81.5 76.0 75.3 28.5 10.2 15.0 15.5 11.7 38.2 29.6
HY3 80.9 84.2 73.9 27.3 21.6 14.0 34.7 31.8 44.3 41.0
Gemini 3.6 Flash  79.2 70.9 71.8 18.4 5.11 8.91 47.0 44.5 47.5 44.6
Kimi K2.6 78.1 73.0 72.2 20.1 6.06 11.2 35.6 32.6 44.6 39.1
Qwen3.5-397B 1.7 63.9 66.6 13.3 2.61 5.34 15.7 14.9 34.9 30.4
Haiku 4.5 70.0 63.1 64.3 12.6 2.38 6.77 28.2 23.3 32.9 29.0

Claude Sonnet 4.6, Claude Haiku 4.5, Gemini 3.6 Flash, GLM-5.2, Kimi K2.6, Qwen3.5-397B, and Hunyuan-3.
Using a common harness controls for performance differences attributable to the agent framework, enabling a
fairer comparison of the underlying models.

4.1 Main Leaderboard & Benchmark Utility

Table 2 presents performance and trajectory efficiency across 8 mainstream models evaluated with and without
agent skill. SKILLFORGEBENCH induces substantially long execution horizons: across models, with-skill
runs require 15.5-47.0 total steps and 32.9-58.0 tool calls per task on average. Under the primary metric of
strict-scoring completion with skill, Opus 4.8 leads the panel at 40.9%, followed by GLM-5.2 at 36.8%, with
Sonnet 4.6 and HY 3 tied at roughly 28%. Open-weight and proprietary models interleave throughout the
ranking rather than forming disjoint capability tiers.

Holistic Constraint Satisfaction Reveals Hidden Capability Gaps. While loose scoring evaluation suggests a
deceptively narrow capability gap (Haiku 4.5-70.0% to Opus 4.8-85.7%), strict evaluation isolates holistic
constraint satisfaction as the primary factor dividing model tiers, expanding the performance spread dramat-
ically (Haiku 4.5-12.6% to Opus 4.8-40.9%). Non-frontier agents routinely succeed on isolated rubrics but
suffer compound execution failures when all environmental constraints must hold simultaneously. Thus, the
true gap between model tiers lies in satisfying all constraints simultaneously, not in isolation. This requires
shifting agent optimization from individual rubric fixes to holistic constraint alignment.

Skill Grounding Widens Rather Than Narrows the Gap in Satisfying All Constraints. Comparing performance
with and without skill disentangles the contributions of an agent’s internal knowledge from external procedural
guidance, testing whether skills act as compensatory scaffolding that uplifts weaker models. While external
skills might intuitively seem like compensatory scaffolding, frontier models convert skill guidance into
complete constraint satisfaction far more effectively than lower-tier models. As shown in Figure 2,
loose scoring reveals uniform gains in satisfying individual constraints across models (A = 5.1% to 7.4%),
whereas strict scoring exposes sharply divergent gains. Skill guidance yields dramatically larger improvements
for top-tier agents (A = 19.2% for Opus 4.8; 16.8% for GLM 5.2) than for lower-tier agents (A = 8.0% for
QWEN 3.5 397B; 5.8% for HAIKU 4.5). This implies that external procedural guidance cannot serve as a
standalone substitute for internal knowledge. Instead, effectively parsing and executing external guidance
itself demands strong internal knowledge, meaning that advancing lower-tier agents requires improving how
procedural skills are grounded into execution steps (see Appendix A).



Table 3 Independent audit of SKILLFORGEBENCH task and rubric quality. Values are mean ratings on
a 1-5 scale. Human agreement is the percentage of paired ratings that differ by at most one point. Task quality
covers 100 tasks; rubric quality covers 771 completion and 840 process criteria. The overall row aggregates all 5,133
dimension-level ratings.

Audit Target # Units Expert 1 Expert 2 GPT-5.6-sol Human Agr. (%)
Task Quality 100 4.56 4.71 4.28 98.0
Completion Rubrics 771 4.47 4.56 4.43 96.1
Process Rubrics 840 4.44 4.49 4.13 95.4
Overall 1,711 4.46 4.53 4.27 95.9

Divergence Between Process and Completion Constraints.
Comparing Scomp against Sproc reveals a fundamental dis-

Completion w/ skill [l Completion w/o skill

parity in how models satisfy the two kinds of constraints. Opus 4.8 Strict A19.2
Under S'°°¢, top-performing agents achieve Sproc that sys- GLM-5.2 pmmmmn A16.8
tematically outpace Scomp (e.g., Opus 4.8: 87.9% vs. 85.7%), Sonnet L —— 233
whereas non-frontier models exhibit the inverse pattern (e.g., Gem'"'l:(’i-gﬂ':l'(azs_g — ﬁg:g
Gemini 3.6 Flash: 70.9% vs. 79.2%; Haiku 4.5: 63.1% Qwen3.5-397B b A 8.0
vs. 70.0%). This divergence indicates that these agents Haiku 4.5 .1 0 20 30 40 Ass
frequently secure deliverables while leaving execution con-

straints unsatisfied, so completion-only checks overestimate Loose

how well they satisfy all constraints. Under S5t satisfying Gemini 3.6 Flash — AT7.4
all execution constraints further decouples from completion GLMQ% = ﬁ;f)
rank: GLM-5.2 leads Sproc (28.7%) despite ranking second S"O";f; 2:g= ﬁg:g
in Scomp (36.8%). Ultimately, this establishes that satisfying Kimi K2.6 I—— A5.9
outcome constraints and satisfying execution constraints are Qweng%"_(gg‘;'g = ﬁgZ
distinct dimensions of agent capability. 50 Scozg(%)BO 90

Non-Monotonic Efficiency in Long-Horizon Execu-
tion. Interactive agent execution exhibits a non-monotonic
relationship between trajectory length and task success. For
instance, Opus 4.8 reaches top strict completion (40.9%) in
28.6 steps, whereas GLM-5.2 consumes 49% more steps (42.6)
for lower performance (36.8%). Similarly, Gemini 3.6 Flash
uses 3.03x the step budget of Sonnet 4.6 (47.0 vs. 15.5) yet
trails by 10.1%, resulting in a 3.7x spread in strict completion per step. This demonstrates that extra steps
do not reliably translate into satisfying more constraints. Consequently, efficiency is not merely a matter of
resource cost; advancing agent capabilities requires executing each step in compliance with the constraints
rather than extending trajectory length.

Figure 2 Completion gains from skill. Bars
compare Completion scores with and without skill
under strict and loose scoring. A = sXZlip —
Sii?np, shown to the right of each bar, denotes the
Completion-score gain from skill access.

4.2 Reliability of Task and Rubric Construction

To assess the reliability of our automated construction, two expert annotators independently review the same
stratified sample, evaluating task quality in terms of realism, task—environment alignment, and solvability;
completion rubrics in terms of relevance, observability, and non-redundancy; and process rubrics in terms
of workflow coverage, observability, and implementation independence. As an external robustness check,
GPT-5.6 Sol independently applies the same evaluation protocol without replacing or adjudicating the expert
judgments. Independent audits confirm construction reliability. As shown in Table 3, both experts
consistently rate the generated tasks and rubrics highly, with overall mean ratings of 4.46 and 4.53 and strong
agreement: 95.9% of paired ratings differ by no more than one point. GPT-5.6 Sol provides a consistent
external assessment, with an overall mean of 4.27 and scores above 4.0 for all three benchmark components.
These results support the reliability of the generated tasks and the completion and process rubrics that check



their constraints.

4.3 Analysis

Beyond the aggregate leaderboard, we analyze how constraint satisfaction varies with model release date and
across fine-grained rubric categories.
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Figure 3 Model performance versus release date under loose scoring. Each panel plots SXXE,p, Sgﬁnp, and
SXYDSC against official release date, with dotted lines denoting linear least-squares fits. All three scores are positively
associated with release date (r > 0.68), with fitted slopes of 1.32, 1.14, and 2.17 pp/month, respectively. Corresponding

strict scoring results are reported in Figure 7.

Model performance over release time. Figure 3 reveals a consistent trend: newer models usually perform

better under both evaluation metrics. In particular, the Completion w/ skill (Sé’gip) and Completion w/o

skill (Sggnp) results show medium rates of improvement over time, with slopes of 1.32 and 1.14 percentage

points per month, respectively. In contrast, Process w/ skill (Sggc) exhibits a substantially steeper upward
trend, with a slope of 2.17 percentage points per month. All the Pearson r values are above 0.68, and scores
under the strict scoring exhibit a similar pattern (see Figure 7). These results suggest that, for LLM agents,
execution-constraint satisfaction is more strongly associated with model release date than
outcome-constraint satisfaction, indicating that it more clearly differentiates earlier- and later-released
models.
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Figure 4 Loose rubric-category scores for models at different leaderboard positions. Opus 4.8, HY3, and
Gemini 3.6 Flash are selected as representatives of different positions in the main leaderboard. For the Completion
categories, WS and NS denote evaluation with and without the skill, respectively; the Process categories are evaluated
only with the skill. The three models achieve relatively similar Inspectable Deliverable scores but separate more clearly
in the remaining categories, particularly the three Process categories.



Failure modes across fine-grained rubric categories. To analyze performance gaps across model tiers, we
decompose agent pass rates into six functional rubric categories (Appendix D.4), separating the coarse
constraint of producing the deliverable (Inspectable Deliverable) from five finer constraints on output format,
domain content, and execution. We compare three representative models spanning distinct leaderboard
tiers: Opus 4.8, HY3, and Gemini 3.6 Flash. Figure 4 yields two key findings. First, producing final task
deliverables does not differentiate model tiers. All three models achieve closely comparable Inspectable
Deliverable pass rates, indicating that even lower-tier agents can generate plausible task outcomes. Second,
model capabilities diverge primarily on the finer constraints. Gemini 3.6 Flash trails significantly
in procedural step adherence and empirical verification loops, whereas HY3 maintains overall workflow
structure but struggles with strict output formatting schemas and domain-specific logic. These results suggest
that advancing agents requires shifting optimization from producing plausible deliverables toward satisfying
fine-grained operational constraints and validation requirements.

5 Conclusion

In this work, we present SKILLFORGEBENCH, an agentic benchmark that leverages agent skills to bridge
broad domain diversity with authentic procedural depth. By anchoring the task lifecycle in agent skills,
SKILLFORGEBENCH automatically synthesizes 842 executable environments, naturalistic instructions, and
fine-grained rubrics that check constraints on both the final outcome and the execution. Our empirical
evaluations yield three core findings: (1) strict, holistic constraint satisfaction defines the true capability
divide between model tiers; (2) explicit skill guidance primarily amplifies frontier model performance rather
than compensating for weaker baselines; and (3) non-frontier agents routinely sacrifice procedural discipline
to force final deliverables. Ultimately, SKILLFORGEBENCH demonstrates the necessity of moving beyon
completion-only checks, providing a scalable foundation for trajectory-level verification and trustworthy agent
development.

Al Use Statement

AT tools were used to assist with and polish manuscript writing, and to support the generation of synthetic
benchmark data, including task instructions, environments, and evaluation rubrics. While AI models were
used throughout the benchmark synthesis pipeline, every benchmark task was reviewed by human experts
before inclusion. The benchmark construction, validation, and evaluation procedures involving Al models are
described in detail in the paper. All final content, analyses, and scientific conclusions were reviewed by the
authors.
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A Skill Gains as a Function of Baseline Performance
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Figure S Gains from skill access versus baseline completion performance. We define the skill gain, A, as the
difference between the completion scores obtained with and without skill access: A = SXXEIP - ngsr‘np, where WS and
NS denote the with-skill and without-skill conditions, respectively. The scatter plots relate the loose-score gain to the
loose Sgﬁnp baseline and the strict-score gain to both loose and strict ngnp baselines. Each point represents one model,
dotted lines show least-squares fits, and annotations report Pearson’s r. Loose-score gains are comparatively uniform

(5.2%—7.4%; r = 0.42), whereas strict-score gains increase strongly with baseline performance (r = 0.94 and r = 0.97).

Figure 5 examines how gains A = Sggip - S}:\;?np from skill access vary with baseline completion no skill
score S}jﬁnp. Under loose scoring, A are comparatively uniform across models, ranging from 5.2% to 7.4%,
and are only moderately correlated with the no-skill baseline (r = 0.42). Under strict scoring, however, A
vary substantially, from 5.8% to 19.1%, and are strongly correlated with Sg)%lp measured under both loose
(r = 0.94) and strict (r = 0.97) scoring. This pattern supports the main finding: skill grounding provides
broadly similar partial-credit improvements across models, but models with stronger baseline capabilities are
considerably more likely to use the guidance to satisfy the full set of strict requirements. Thus, skill grounding
appears to help models capitalize on existing operational competence rather than uniformly compensate for

weak baseline capability.
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B Model Performance Over Steps
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Figure 6 Model performance versus trajectory length. Each panel plots model performance against mean

trajectory length, measured in interaction steps. Rows correspond to loose and strict scoring, while columns report
completion w/ skill (Sivmp), completion w/o skill (Shsp), and process with the skill (S}y5.). The horizontal axis is
reversed, such that shorter trajectories appear farther to the right. Dashed lines indicate the cross-model mean score

and mean trajectory length; consequently, the shaded upper-right region identifies models that achieve above-average

performance with fewer-than-average steps. Across metrics and scoring schemes, longer trajectories do not consistently
correspond to higher performance.
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C Model Performance in Strict Scheme Over Release Time
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Figure 7 Model performance versus release date under strict scoring. Each panel plots model performance
against official release date for completion with the skill (Completion WS), completion without the skill (Completion
NS), and skill following with the skill (Following WS). Points represent individual models, dotted lines show linear
least-squares fits, and the annotated slopes are measured in percentage points (pp) per month. Release date is positively
correlated with all three metrics, with Pearson’s r values of 0.536, 0.502, and 0.574, respectively. As under loose scoring,

Following WS exhibits the steepest fitted trend (2.08 pp/month), compared with Completion WS (1.82 pp/month)
and Completion NS (0.96 pp/month).
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D Task Synthesis Details

D.1 Synthesis Model and GPT-Series Exclusion

At every stage of our data-synthesis pipeline, we use GPT-5.5 in Codex with xhigh reasoning effort as the
executor agent. Consequently, the synthesized tasks and rubrics may be comparatively in-distribution for
GPT-series models, potentially giving them a generator-family advantage. We therefore exclude GPT-series
models from evaluation.

D.2 The List of 20 Predefined Forums

Table 4 Forums and their primary discussion topics.

ID Forum name Description
1  Reddit Topic-based communities called subreddits.
2 Quora Questions, answers, and opinion discussions.
3  Stack Exchange Expert Q&A network, including Stack Overflow.
4 Stack Overflow Programming questions and answers.
5  Tripadvisor Forums Travel discussions.
6  XDA Developers Android, mobile devices, ROMs, and device modification.
7  Hacker News Technology, startups, and programming discussions.
8  Digital Point Search engine optimization, web marketing, and webmaster discussions.
9  Warrior Forum Internet marketing and online business.
10  MacRumors Forums Apple products and rumors.
11  Mumsnet Talk Parenting, family life, relationships, and lifestyle discussions.
12 Linus Tech Tips Forum PC building, hardware, and technology.
13 Ubuntu Forums Ubuntu and Linux support.
14  BleepingComputer Forums  Malware removal and computer support.
15  AVS Forum Home theater, televisions, and audio/video equipment.
16  Bodybuilding.com Forums Fitness and bodybuilding.
17 The Student Room Student life, universities, and examinations.
18  Wrong Planet Autism, neurodiversity, and life advice.
19  ResetEra Gaming, entertainment, and culture.
20  Mumsnet Talk Parenting and lifestyle discussions.
D.3 Skill Domain Distribution

Figure 8 shows how the 842 tasks divide into domains and sub-fields, and Table 5 gives the exact shares and

the fine-grained topics within each sub-field.

D.4 Criteria Category

During contrastive rubric construction, each criterion is assigned to a category. There are three categories in
completion rubrics and three in following rubrics, specifically defined as follows.

1. Durable Artifact: Assesses whether the agent produces a persistent and inspectable deliverable, such
as an executable proof of concept, test, before-and-after demonstration, or report, in the form prescribed
by the skill.

2. Output Discipline: Assesses whether the agent follows the required output structure and reporting
conventions, including mandated summaries, scores, counts, or verdict formats.

3. Domain Operationalization: Assesses whether the agent correctly applies the skill’s domain-specific
concepts in practice, rather than merely repeating relevant terminology.
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@ Security & privacy (27)
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Agent & skill engineering (125)
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@ Research & analysis (23)
 Total (842 tasks)
Figure 8 Domain and sub-field composition of the 842 SKILLFORGEBENCH tasks. The inner ring shows the

five domains and the outer ring their 14 sub-fields, each sized by its number of tasks; since each task comes from a
distinct skill, the same numbers hold for skills.

1. Phase Adherence: Assesses whether the agent visibly follows the skill’s named workflow phases in the
prescribed order.

2. Empirical Verification Loop: Assesses whether the agent probes the issue before acting, verifies the
result afterward, and uses fail-diagnose—fix cycles when necessary.

3. Scope Discipline: Assesses whether the agent checks the skill’s applicability and task readiness,
remains within the appropriate scope, and resists overreach or unsupported rationalization.

D.5 Strict rubric-category scores across capability tiers
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Table 5 Domain distribution of the skills behind the 842 SKILLFORGEBENCH tasks. Each task is synthesized
from a distinct skill, so skill counts equal task counts. The % column gives the share of the 842 skills in each row.
Topics is the number of distinct fine-grained topics a sub-field covers (83 in total). The last column lists the three most
frequent topics with their skill counts; ties are broken by taxonomy order.

Domain / sub-field Skills % Topics Most frequent topics (skills)
Technology 257 30.5 27
Software engineering 190 226 10 Code implementation & refactoring (88); architecture & design
decisions (31); debugging & root-cause analysis (19)
Infrastructure & DevOps 28 3.3 6 Cloud platforms & IaC (8); observability & alerting (7); CI/CD &
release management (6)
Security & privacy 27 3.2 6 Security operations & incident response (10); threat modeling &
security architecture (7); privacy & compliance auditing (4)
Data & machine learning 12 1.4 5 Data processing & pipelines (4); querying & SQL (3); machine &
deep learning (3)
Business 211 25.1 17
Strategy & operations 113 13.4 6 Strategy & competitive analysis (43); product requirements &
planning (22); organization, talent & leadership (18)
Marketing & growth 60 7.1 5 Social-media operations (25); advertising & marketing copy (16);
SEO, GEO & ASO (10)
Finance & investment 38 4.5 6 Macro & commodity research (13); equity analysis (9); market-data
APIs & tools (5)
Creative 136 16.2 12
Design & storytelling 72 8.6 6 UI/UX & visual design (21); fiction, scripts & stories (16);
infographics & diagrams (11)
Writing & documentation 64 7.6 6 Technical & product documentation (38); office documents &
presentations (12); translation & language editing (5)
Harness Behavior 125 14.8 6
Agent & skill engineering 125 14.8 6 Skill authoring & governance (68); prompt engineering (19); tool &
MCP building (12)
Knowledge 113 134 21
Reasoning & decision-making 33 3.9 6 Decision frameworks & scenario analysis (12); first-principles
decomposition (7); debate & red-teaming (6)
Personal & lifestyle 32 3.8 6 Personal growth & self-management (10); metaphysics, divination
& spirituality (6); healthcare & life sciences (5)
Education & teaching 25 3.0 4 Course & teaching materials (15); tutoring & problem solving (6);
pedagogy & learning strategies (2)
Research & analysis 23 2.7 5 Academic writing & submission (11); deep research & retrieval (4);
fact-checking & argument auditing (4)
Total 842 100.0 83 5 domains, 14 sub-fields

Table 6 Rubric-category scores under loose and strict scoring. Category-level averages are reported over the
common set of 842 evaluation tasks. The completion metric (Scomp) comprises Durable Artifact, Output Discipline,
and Domain Operationalization, evaluated both with and without the skill. The following metric (Stoiow) comprises
Phase Adherence, Empirical Verification Loop, and Scope Discipline, evaluated with the skill. Under loose scoring,
each task—category instance receives the weighted mean of its applicable criteria. Under strict scoring, it receives full
credit only when every applicable criterion attains its maximum score, and zero otherwise. All reported values are
percentages. Bold marks the highest score, and underlining marks the second-highest score in each column.

Model Stom Stollow Scomp Stollow
Empirical Empirical
Durable Output Domain Phase Verification Scope Durable Output Domain Phase Verification Scope
Artifact Discipli Op: i i i A Loop Discipline Artifact iscipli i i i A Loop Discipline
w/ skill wo/ skill w/ skill wo/ skill w/ skill wo/ skill w/ skill w/ skill w/ skill w/ skill wo/ skill w/ skill wo/ skill w/ skill wo/ skill w/ skill w/ skill w/ skill

Opus 4.8 89.2 87.5 88.9 81.5 87.1 82.2 94.1 87.3 90.1 72.2 66.0 69.4 52.6 57.7 45.5 75.1 50.1 69.8
GLM-5.2 88.3 85.9 85.5 76.8 85.6 80.3 96.3 90.1 80.7 69.3 62.0 64.6 46.6 55.7 44.7 86.2 63.2 48.7
HY3 85.3 82.6 83.0 75.2 83.2 76.5 93.3 83.1 86.9 63.5 57.0 58.9 42.3 50.1 34.4 74.2 41.5 62.8
Sonnet 4.6 86.9 84.8 82.9 75.5 84.0 78.7 85.6 74.8 82.9 66.3 59.7 55.8 43.2 49.8 38.7 52.0 28.5 53.4
Haiku 4.5 78.3 774 73.4 66.3 71.6 67.3 84.6 60.8 67.6 52.9 48.6 40.8 27.8 25.3 19.5 46.5 11.5 26.9
Kimi K2.6 83.7 81.7 80.4 72.9 79.8 75.5 83.8 69.7 83.4 58.8 53.8 51.0 37.8 39.2 32.0 49.5 19.9 54.2
Qwen3.5-397B 79.9 79.0 75.4 68.3 73.6 69.1 83.2 56.7 77.0 53.9 49.3 40.8 29.3 27.1 21.0 44.4 7.02 42.3
Gemini 3.6 Flash ~ 86.6 84.6 7.8 69.5 81.0 75.1 80.8 71.1 76.0 63.2 58.0 46.8 32.1 40.2 27.8 43.3 18.8 42.5
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Figure 9 Strict rubric-category scores for models at different leaderboard positions. Opus 4.8, HY3, and
Gemini 3.6 Flash are selected as representatives of different positions in the main leaderboard. For the Completion
categories, WS and NS denote evaluation with and without the skill, respectively; the Process categories are evaluated
only with the skill. Under strict scoring, credit is awarded only when all applicable requirements within a category are
fully satisfied. Gemini 3.6 Flash remains comparable to HY3 in Inspectable Deliverable but trails both HY3 and Opus
4.8 in Output Structure, Terminology Use, and all three Process categories. Full numerical results are reported in
Table 6.

Table 7 Descriptive statistics for the 842-task cohort.

Measure Mean Population SD Median
Skill files per task 11.32 28.90 6
Distinct file types per task 9.46 11.17 4
Logical task size (MiB) 13.67 27.32 3.37
Files per task 172.89 434.80 10
Instruction length (characters)  1,333.05 311.37 1,306.5
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E Prompt Templates for Benchmark Construction

E.1 Resource preparation

E.1.1 Resource requirements planning
# Requirements Planner Agent Prompt v0.3
You are the Codex Requirements Planner Agent in a data synthesis pipeline.

Your job is to read the complete supplied source skill, which is composed of the “SKILL.md™~ and
— its companions (“reference/”, “scripts/, “agents/”, etc.). Finally, produce °
— resource_requirements.v0.3" JSON, which describes the concrete input resources that the
< skill needs in order to perform its tasks.

Hard rules:

- **0utput JSON only**, matching “resource_requirements.schema.json".

- Do not download external resource bytes. Do not run package managers, “git clone™, “curl”,
> wget”™, "requests’, or browser-save operations.

- Use only resource types listed in the ~“## Resource type compatibility (authoritative)” table
< later in this prompt. That table is generated from the same source the deterministic
> validator uses; do not invent types or subtypes.

Use the accompanying contract, schema, taxonomy, and complete skill context as the source of
~— truth.

E.1.2 Requirements extraction contract
# Requirements Extraction Contract v0.3
## Core Task

In this pipeline, we need to extract from the complete source skill the **actual input resources
< ** that the skill would require when performing tasks that make use of it.

**The skill itself implicitly describes what it operates on**. For example, a code review skill
> needs changed code, diffs, source context, tests, and review guidelines; a document
— summarization skill needs complete documents; an SQL generation skill needs database
— schemas, example data, and query/task context.

Your core task is: **read the complete source skill ("SKILL.md™ and its companions), understand
— what the skill is supposed to do, then deduce the input files/resources that must be
— provided for the skill to work properly, and output these requirements in a structured
— formatx*x*.

You **must avoid** extracting resources that merely look relevant by format but are unused by
< the skill. Do not request an irrelevant demo SQLite database, a generic DOCX template, a
— random Markdown syntax guide, or a package lockfile unless the skill actually operates on
<~ that object. What you need are the **object resources that can be directly manipulated by
< the skill to accomplish its described taskx*x.

The output resource requirements will be passed to a _Resource Research Agent_, which will
> search the web for real, public, stable resources. Later deterministic stages will validate,

<~ download, and safely extract only resources listed by that research agent.

## Required behavior
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- Keep the requirements compact, normally 4-10 items.

- Extract intent, domain, primary operations, expected inputs/outputs, forbidden scope, and
< domain-specific terminology from the **full source skill**, not only name or description.

— Determine resource types based on skill operational semantics, not fixed format coverage.
<~ Avoid format-only requirements. If a file format is requested, explain why that format is
~ naturally operated on by the skill.

- "resource_family~ is fully determined by “resource_type : set each requirement's ~
< resource_family~ to exactly the Family shown for its type in that table, never choose it
— independently. Likewise pick “acquisition® from that type's listed acquisition modes, and (
— for Extractable=yes types) set “archive_constraints.extract™ to true.

- Set “planner_assertions.read_full_skill_md", “planner_assertions.did_not_download™, and
< planner_assertions.used_schema® to “true’.

### Required Specifics Preferences

Include linkage hints when multiple resources are semantically coupled, such as source +
> manifest + config + tests from one repository snapshot.

- Include search queries that help the next agent find stable public resources.

- Include enough constraints for the next agent and deterministic downloader: HTTPS, no auth,
— expected MIME/extensions, acquisition modes, archive extraction expectations, GitHub

<~ pinning policy, and linkage hints.

Prefer requirements that can be satisfied by public, stable, no-auth resources.

### Rules For Specific Tpyes

- For HTML/documentation, request complete pages or page-set bundles if one page is incomplete.
- For GitHub-related selected resources, require full 40-character commit pinning.

- For code-review or diff/PR-based skills, remember a review spans two commit states: a base
tree plus a proposed change on top. When the requirement set pairs a diff/PR (the change
under review) with its repository snapshot, the repository requirement's ~pinning_policy’ /"
linkage_hints™ must state that the repository is pinned to the change's **basex* commit (
pre-change state), not the merged/head state, and should carry the base/head relationship (
the research agent records these as “repository.base_sha”/ head_sha’ on the diff/PR
resource). This does not apply when the diff/PR is only background context for editing the
current code.

TLLLLLd

## Archive rule

Archive requirements must describe expected members and extraction limits. The deterministic
> downloader performs safe extraction. Agents never download or extract resource bytes.

E.1.3 Resource taxonomy
# Resource Taxonomy vO0.3
The v0.3 taxonomy describes input resources that a skill may genuinely operate on. The

< Requirements Planner Agent chooses from these types after reading the complete source skill;
<~ deterministic code validates that choices stay within this taxonomy.

## Families

- “document”: “pdf’, “text’, "markdown®, “docx’, “pptx"

- “web : “html®

- “structured_data’: “csv’, “tsv’, “json”, “jsonl®, “yaml®, “toml®, “xml, “parquet’, “xlsx’

- “code’: “github_repository”, “source_code’, “diff_patch®, “github_issue”, “github_pull_request
oy -
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- "manifest’: “package_manifest”, “lockfile”, “openapi_spec”

- “config : “config"

- “archive’: “archive”, “zip_archive®, “tar_archive’, “tar_gz_archive’, “package_archive”
- “database”: “sqlite’

- “geospatial’: “geojson”, “shapefile_archive’

- “notebook™: “notebook”

- "media’: “image”, “audio’, “video~

## Acquisition modes

“direct_file® - URL points directly to downloadable bytes.

- “api_endpoint® - URL points to a public no-auth endpoint returning resource bytes or JSON/HTML
<> representation.

- “landing_page” - URL points to a public page intended as the resource itself, usually HTML.

- “github_archive™ - URL points to a GitHub archive pinned to a 40-character commit SHA.

- ‘raw_file® - URL points to a raw source file, preferably pinned when GitHub-hosted.
- “archive_extract™ - URL points to an archive that must be safely extracted before benchmark
— use.

Resource choices must use an acquisition mode compatible with the chosen resource type.
## Validation depth
Deep-ish stdlib validation:

- PDF magic/header checks

- CSV/TSV parsing

- JSON/JSONL parsing

- XML parsing

- TOML parsing when “tomllib” is available
- SQLite header checks

- notebook JSON shape checks

- ZIP/TAR structural checks

- DOCX/PPTX/XLSX container path checks

- source code/text heuristics

- diff marker checks

- package manifest and lockfile structure where feasible

Shallow validation:

YAML

- Parquet

- image/audio/video magic bytes and MIME/extension checks
- some package archive formats

## GitHub resources
Selected GitHub resources must be pinned for repeatability:

- “github_repository” uses a ~github.com/<owner>/<repo>/archive/<40-char-sha>.zip ~ or equivalent
<~ pinned archive URL.
- raw file resources use “raw.githubusercontent.com/<owner>/<repo>/<40-char-sha>/<path>".
repository metadata records owner, repo, requested ref when known, and commit SHA.
- repo homepages are allowed as “landing_url”, not as the selected fetch URL for °
> github_repository”.

## Archive resources

Archive-like resource types are extractable and must declare archive handling:
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- “github_repository”
- Tarchive”

- “zip_archive”

- “tar_archive~

- “tar_gz_archive’

- “package_archive”

- “shapefile_archive”

The deterministic downloader extracts these with path-safe member handling and budget limits.
<~ Requirements and manifests should describe expected top-level entries, required member
— paths or extensions when known, maximum members, maximum extracted bytes, and whether
> nested archives are allowed.

## Bundles

Some skills need linked files rather than a single URL. The manifest schema supports bundles for
<~ cases such as:

- multiple raw files from the same repository commit
- documentation page sets
- dataset releases with separate metadata and data files

Bundles must declare why the files belong together and which members are required.

E.1.4 Artifact retrieval

# Resource Research Agent Prompt v0.3
You are the Resource Research Agent for a data synthesis pipeline.

## Core Task
A Requirements Planner Agent has analyzed a complete source _skill_, which is composed of the °
SKILL.md™ and its companions (“reference/”, “scripts/~, “agents/”, etc.). Finally, produced
“resource_requirements.v0.3" JSON that lists the input resources the skill needs to
operate. You receive the requirements JSON (inlined below) plus the same complete skill,
which has been copied into your working directory at ~./skill/" (the “SKILL.md  and its
companions). **Before you search for anything, read the skill directly from ~./skill/ ** so
your resource choices match the skill's real operational semantics - do not skip it, and
never substitute a web-hosted copy of the skill for the local files.

USRNSSR

Your role is to turn these abstract requirements into concrete, downloadable URLs pointing to
> real, public, stable resources. You do **not** download anything yourself. You search the
> web, evaluate candidates, and output a structured manifest that a deterministic downloader
<~ will later use.

The downstream pipeline depends on your choices: if you pick an unstable, private, unavailable,
> or semantically weak resource, data synthesis will fail or become misleading. Use the
— complete original skill to avoid format-only substitutioms.

### Your Job

- *xFirst, read the complete source skill from ~./skill/" in your working directory** - ~./skill/

< SKILL.md" plus every companion file listed in the source-skill section below - before doing
— any web search. Read it from disk; it is not inlined in this prompt.
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- Read the “resource_requirements.v0.3” JSON (inlined below) and cross-check each requirement
— against what the skill at ~./skill/~ actually operates on.

- Use web search to identify real, public, stable resources that satisfy each requirement.

- Return only JSON matching “resource_manifest.schema.json’.

- Provide one selected resource and at least one alternative for every requirement. Alternatives
<> must satisfy the same requirement “resource_type”; do not use an HTML landing page as the
— alternative for a PDF requirement or similar type substitution.

- Decide when a requirement is best represented by a linked bundle of files/pages instead of a
<~ single file.

## General Rules

### Hard

- Do
- Do

(SN
- Do
- Do
- Do
- Do

(SN

not
not

or
not
not
not
not

Rules

download files or resource bytes.

run “curl’, “wget®, “requests’, browser-save operations, package managers, “git clomne’,
commands whose purpose is fetching resource bytes.

create local resource files.

return search result pages as selected resource URLs.

invent URLs.

select resources requiring login, cookies, API keys, CAPTCHA, private credentials, or

temporary signed URLs.

- The deterministic downloader will download only URLs listed in your manifest. It will not
<~ search, crawl, or infer additional URLs.

- Do not set “agent_assertions.read_full_skill_md: true  unless you actually read ~./skill/SKILL.
<~ md” and its companions from disk first. Reading a web-hosted copy of the skill does not
— count and must not replace reading the local ~./skill/".

### Preferences

- Prefer small, stable, public resources with clear provenance.

- Prefer a lightweight project that can run on a normal personal laptop. It must not require
< server-grade GPUs or large amounts of RAM - and, if it is software, easy to set up and run.

## Required manifest behavior

- “schema_version® must be “resource_manifest.v0.3".

- “generated_by.agent  must be ~codex-resource-research-agent’.

- “agent_assertions.did_not_download®, “agent_assertions.search_only , and “agent_assertions.
> read_full_skill md" must all be “true’.

- “source_requirements_sha256" must exactly match the caller-supplied value.

- “source_skill_context_sha256" must exactly match the caller-supplied value.

- Every candidate must include “url”, “landing_url®, “acquisition”, “repository’,
< archive_handling”, “bundle’, provenance, and validation notes.
- “acquisition® must be exactly one of: “direct_file”, “api_endpoint”, “landing_page”,
< github_archive®, “raw_file", “archive_extract™ . Do not invent values such as “html_page~,

— landing_page_set”, or “raw_file_bundle’; represent sets/bundles only via the “bundle field.

—

- Use “repository: null® for non-repository resources.

- Use “archive_handling: null® for non-archive resources.
- Use “bundle: null” for a single-file/single-page candidate.

## Resource type, family, and field compatibility

- A “## Resource type compatibility (authoritative)” table is included later in this prompt. It

< is generated from the same source the deterministic validator uses, so any value it does
<~ not list **will be rejected*x. Obey it exactly.

- “resource_type~ (on every candidate, bundle member, and resource group) MUST be one of the
<~ rows in that table. Do **not** invent new types or subtypes. In particular, there is no ~
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— github_issue_comments™ or ~github_review_comments™ type - model PR review comments / issue
< comments as part of a “github_pull_request™ or “github_issue™ resource (its public API JSON,
< or as bundle members of that same type).

“resource_family~ is fully determined by “resource_type : set it to exactly the Family shown
~ for your chosen type in the table. Never choose it independently.

“expected_mime_type”, “expected_extension’, and “acquisition” MUST each be one of the values

— listed for that type's row. The table shows """° when an empty extension is allowed; for
> types whose allowed extensions are filenames (e.g. ~package_manifest™ allows ~Gemfile™,
— package.json”, ~.gemspec ), use one of those exact tokens rather than leaving it blank. For

<~ Extractable=yes types, set “archive_handling” with “extract: true”.

If the only realistic resource for a requirement does not fit any row's allowed values (e.g. a
— spreadsheet only published inside a ~.zip’), pick the closest fitting “resource_type~

— whose values it satisfies, or choose a different resource - do not bend a type's fields to
< values the table does not list.

## Specific Rules

### GitHub reproducibility rules

Selected GitHub resources MUST be pinned to a full 40-character commit SHA.
“github_repository™: use a GitHub archive URL pinned to a commit, e.g. “https://github.com/<
— owner>/<repo>/archive/<40-char-sha>.zip”; set ~landing_url” to a GitHub page for the repo/
~ ref; fill “repository.ref” and “repository.commit_sha® with that same SHA.

“source_code”, “package _manifest®, “lockfile™, “config", “markdown’, “openapi_spec”, “notebook
< °, and other raw GitHub files: use “https://raw.githubusercontent.com/<owner>/<repo>/<40-
— char-sha>/<path>", not “main”, “master”, a tag, or a GitHub “blob” page.

Do not use ~/archive/refs/heads/...”, ~/archive/refs/tags/...”, ~/main’, "~/master’, or any

— branch/tag ref for selected resources. Selected raw GitHub URLs must include the 40-

— character commit SHA in the URL path and in “repository.ref”/ repository.commit_sha”.

If you cannot pin a GitHub resource to a commit SHA, do not select it as a candidate resource;
< choose a different resource or put it only in alternatives with the risk clearly stated.
If a candidate has multiple GitHub bundle members that are meant to be used together, they

— must come from the same owner/repo and the same commit SHA.

### Code-review base pinning

- A code review is inherently a **two-commit** thing: a base tree plus a proposed change applied

<~ on top. Keep this in mind whenever a requirement provides a “diff_patch™ or
— github_pull_request” as the **change under reviewx* (something to review, critique, or

— apply - not merely background context).

In that case, when you also select that change's repository as a “github_repository” snapshot,
< pin the repository archive to the change's **base commit** (the pre-change state), **NOT*x*
<> the PR “merge_commit_sha® or the “head™ SHA. If you pin to the merge/head, the change

< being reviewed is already present in the snapshot, which defeats the review.

- For a GitHub PR, the base commit is the PR's “base.sha”. Pin the “github_repository™ archive
> URL and “repository.commit_sha” to that base SHA.

- The “diff_patch™ / “github_pull_request” resource then represents the proposed change (base
<> — head) layered on top of that base snapshot.

- Record the change endpoints on the **diff/PR resource's** “repository” block: set
— repository.base_sha’ to the PR “base.sha” and “repository.head_sha” to the PR “head.sha” (
— that resource's own ~commit_sha® may stay the merge/landing commit). This lets the

> deterministic validator confirm the paired “github_repository”™ is pinned to the base. Do
— NOT overload “bundle.linkage.commit™ for this.

- "base_sha® and "head_sha” are required fields on every “repository” object. For any resource
< that is NOT a diff/PR under review (the repository snapshot itself, raw files, configs,

<5 etc.), and whenever a value is unknown, set both to “null".

- Exception: if the diff/PR is included only as #**background/thematic context** (e.g. a refactor

— skill that edits the current code and merely uses the PR/issue to point at a relevant area)
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<~ , the repository may be pinned to any coherent snapshot and base-pinning is not required.
> State which mode applies in the candidate's “why_it_matches™ / “rationale’.

### Linked bundle rules

Use “bundle: null” when one URL is sufficient.

Use “bundle.mode: "multi_file"~ when the we need coordinated files, e.g. source + manifest +
— config + tests + docs from one project snapshot.

Use “bundle.mode: "html_page_set"  when an HTML resource is split across multiple pages and
<> one page alone is incomplete for the requirement.

Bundle members must be explicit URLs. Do not rely on the downloader to crawl links.

Keep bundles small and necessary, normally 2-6 members and never more than the schema limit.
Every bundle needs a clear “rationale” explaining why the files/pages must be used together.
For “same_github_repo_commit™ bundles, fill ~bundle.linkage.repository ™ as ~owner/repo” and
< bundle.linkage.commit™ as the 40-character SHA.

Every member needs “id", “role’, “resource_type’, ‘url’, “acquisition®, “expected_mime_type~,
— “expected_extension”, ‘requires_auth: false™, “repository”, “archive_handling’, “required’,
<~ and “why_needed”.

### HTML completeness rules

For HTML requirements, assess whether the selected page contains the complete relevant content.
(_>

Avoid search pages, login pages, thin landing pages, JavaScript-empty shells, and pages that
— merely link to the actual content.

If content is split across pages, sections, print pages, canonical pages, or required subpages,
<~ return an "html_page_set™ bundle listing the needed pages.

Do not include many loosely related pages. Include only pages needed to make the resource

< complete for the requirement.

### Resource-specific rules

“diff_patch™: prefer ~.diff" or ".patch™ URLs, or GitHub PR ~.diff" URLs.

“github_issue™ / “github_pull_request”: prefer public GitHub API JSON or stable HTML pages if
— API JSON is not practical.

Archives: include “archive_handling” with expected entries/extensions and conservative

~ extraction limits.

Office docs (“docx™, “pptx™, “xlsx’): prefer small public templates/examples from

< authoritative sources only when the requirement semantically calls for them.

Media: prefer small files; include size risks if unknown.
Humanities/religion/philosophy/literature/genealogy: prefer canonical texts, translations,

— academic references, official exam/teaching materials, public-domain sources, library/

< archive pages, and primary sources. Do not substitute unrelated policy/statistics resources
<~ merely because a keyword overlaps.

## Candidate bundle example shape

{

" json

"url": "https://raw.githubusercontent.com/owner/repo/0123456789abcdef0123456789abcdef01234567/
< README.md",

"landing_url": "https://github.com/owner/repo/tree/0123456789abcdef0123456789abcdef01234567",
"title": "Example linked project files",

"publisher": "owner/repo",

"source_type": "github",

"acquisition": "raw_file",

"expected_mime_type": "text/plain",

"expected_extension": ".md",

"requires_auth": false,
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"license_or_terms": "Repository license applies.",

"repository": {"host": "github.com", "owner": "owner", "repo": "repo", "ref": "0123456789

— abcdef0123456789abcdef01234567", "path": "README.md", "commit_sha": "0123456789

— abcdef0123456789abcdef01234567", "requested_ref": null, "pin_evidence_url": "https://github.
— com/owner/repo/commit/0123456789abcdef0123456789abcdef01234567"},

"archive_handling": null,

"bundle": null,

"provenance": {"discovered_via_queries": ["..."], "supporting_pages": ["..."], "
— evidence_snippets": ["..."], "checked_at": "2026-06-10T00:00:00Z"},
"agent_validation": {"confidence": 0.9, "why_it_matches": "...", "known_risks": [], "

— expected_size_bytes": null}

E.1.5 Skill intent summarization
# Skill Analysis
## Objective

Read the target skill's description and produce a **general, short sentence** - at most **12
< words** - that summarizes what the user wants to do by installing the skill for LLM agents.
< Note that it is not about what the skill does **but about what the user wants to
> accomplishx*.

It must **not** be written in the **user's first-person voicex* (for example, _"Help me ..."_ ) **
< but** in an imperative sentence (start with a verb). In addition, it should be conclusive
— enough to cover the skill's overall purpose and functions rather than emphasizing any
— single feature. **Note that do not include anything like "follow the skill / guidelines".*x*

Base the summary **only on the skill's description**; do not inspect the skill's implementation,
> scripts, or bundled files, and do not invent capabilities the description does not state.
— Write the result to “skill_analysis.json” with the fields “skill_name  and "general_request

(SN
## Read Context

- “{{SKILL_DIR}}/SKILL.md~ - the target skill's description (read the description only).
- “{{PROMPTS_DIR}}" - this prompt directory.

## Owned Writable Paths

- “{{OUTPUT_DIR}}/skill_analysis.json” - the single output artifact.

## Forbidden Paths and Actions

- Do not read or rely on anything beyond the skill's description.

- Do not modify, rename, or delete the skill files or any path outside ~{{OUTPUT_DIR}} .

- Do not exceed 12 words in ~“general_request.

- Do not name the skill. Do not quote skill-internal terms inside it. Do not say anything like "

— follow the skill / guidelines".
- Do not install dependencies, access the network, or run destructive commands.
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E.1.6 Forum request retrieval
# Request Form

Read “skill_analysis.json™, “SKILL.md", and skill's companions. The contents of ™"
— general_request"™ from “skill_analysis.json” is a very general summary of a user's request.
< Amplify the request with real human's requests.

To achieve this, search on the internet mainly using the contents of "'"general_request"®™ from °
< skill_analysis.json" . Note that the contents of "'"general_request"  from “skill_analysis.
<~ Jjson” *xis always much more important** than the skill itself here. Do not use the skill to
— search. The skill just provides some contexts if needed.

The sources must be the following 20 popular forums / discussion communities:
**Reddit** - massive topic-based communities called subreddits

**Quora** - Q&A and opinion discussions

**xStack Exchange** - expert Q&A network; includes Stack Overflow

*xStack Overflow** - programming Q&A

**xTripadvisor Forums** - travel discussions

**xXDA Developers** - Android, mobile, ROMs, device modding

x*Hacker News** - tech/startup/programming discussions

*xDigital Point** - SEO, web marketing, webmaster forum

**Warrior Forum** - internet marketing and online business

**MacRumors Forums** - Apple products and rumors

**Mumsnet Talk** - parenting, family life, relationships, and lifestyle discussions.
**Linus Tech Tips Forum** - PC building, hardware, tech

**Ubuntu Forums** - Ubuntu/Linux support

**BleepingComputer Forums** - malware removal and computer help

*xAVS Forum** - home theater, TVs, audio/video gear

**Bodybuilding.com Forums** - fitness and bodybuilding

**The Student Room** - student life, universities, exams

© 00 ~NO Ok WN =
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**Wrong Planet** - autism, neurodiversity, life advice
**ResetEra** - gaming, entertainment, culture
**Mumsnet Talk** - parenting and lifestyle discussions

N =
o ©

Specifically, spawn 20 sub-agents, each of which is responsible for one forum and returns one
— user request candidate. Then, write one user request based on these 20 candidates. This
< user request can be composed by selecting, merging, and polishing any of these candidates.

Make sure every bit of information comes from these candidates. LLM's internal knowledge and
~ skill information are **forbidden** to be written into the user request. Skill knowledge
> must **not** be incorporated into the user request.

Also, write down the url of 20 candidates. Specify which of these 20 candidates are used to
< construct the final user request.

Finally, quickly check if the skill can be applied to help solve this user request. Again, the
> contents of "“'"general_request"® from “skill_analysis.json” **is always much more importantx*x*
< than the skill itself here. Do not include the skill into the composition of the user
<~ request.

## Read Context
- “{{SKILL_DIR}}/~ - the target skill and its companions.
- “{{SKILL_ANALYSIS_OUTPUT}}/skill_analysis.json™ - Stage 0's outcome; its ~"general_request""

< field is the general summary to amplify.

## Owned Writable Paths
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- “{{OUTPUT_DIR}}/request_form.json~ - the single output artifact.

“json
{
"general_request": "string - copied verbatim from skill_analysis.json",
"user_request": "string - the single final user request composed from the used candidates",
"used_candidate_ids": [1, 3, 4, 7],
"skill_applicability": {
"can_apply": true,
"reason": "string - one sentence on whether the skill can help with user_request"
}
- “{{OUTPUT_DIR}}/source_url.json~ - the list of 20 source url.
"7 json
{
"candidates": [
{
"id": 1,
"forum": "Reddit",
"source_url": "https://www.reddit.com/...",
"candidate_request": "string - the request candidate distilled from this forum",
"used_in_final_request": true
1,
{
"id": 2,
"forum": "Quora",
"source_url": null,
"candidate_request": "string - or 'No qualifying candidate found.'",
"used_in_final_request": false
}
]

## Forbidden Paths and Actions

- Do not read or rely on anything, except files from Read Context section.

- Do not modify, rename, or delete the skill files or any path outside ~{{OUTPUT_DIR}} .

- Do not name the skill inside the request. Do not quote skill-internal terms inside it. Do not
— say anything like "follow the skill / guidelines".

- Do not install dependencies or run destructive commands.

E.2 Skill-driven task synthesis

E.2.1 Artifact roles and task scenarios
# Prompt template: produce a ~files_to_change™ change-surface analysis (hybrid)

> How to use: send the whole **PROMPT** section below to an agent, after filling in three

— placeholders:

- “{SKILL}" - the skill name (e.g. ~37signals-rails”)

- “{RUN_DIR}" - absolute path to that skill's run directory (e.g.
“/Users/.../env_search_v0.3/runs/six-skill-e2e/{SKILL}" )

- “{ENV_SEARCH_ROOT} " - absolute path to the “env_search_v0.3 root (holds “scripts/" and °

— schemas/")

V V V VvV
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> The output must conform to the schema at:

> ~/Users/.../env_search_v0.3/schemas/search_env/file_change_summary/files_to_change.schema.json
oy -

>

> This is a *xhybrid#** workflow. A deterministic script computes the *factual* layer

> (provenance, caveats, duplicate/orphan/failure detection, codebase identity). You

> only do the *judgment* layer (which code to change, how, tied to the skill's rules).

## PROMPT

You're analyzing a task environment that was synthesized for a particular skill. Your job is to
< produce a ** files_to_change® change-surface summary** as JSON: a record of **which files
> the final task should have the agent edit, and how**, along with every data-quality problem
<~ the environment carries. This is an **intermediate step** in data synthesis - not the
— final task itself.

### How the synthesis pipeline works

1. Start from a skill, then plan a set of **resource requirements** (what files to go find).

2. Search the web — a **manifest**, where each requirement has one “selected” source plus a few
<~ Talternatives’.

3. Download — a **download_report** recording what actually landed: “selected” vs some
— alternative’, success/failure, per-member results for bundles.

4. The files end up under “resources/~ - that directory *is* the agent's working tree.

5. The final task = this environment + a user request, engineered so the **skill is genuinely
~ neededx*x*.

A x*Ignore the user request for now** - it gets composed later. You may glance at the request
— candidates (“request_form.json™ / “source_url.json’) as a *directional hint*, but don't
< bake them in. Your call is driven by **what's in the environment + what the skill is built
— to dox*.

### Step O - Start from the deterministic prepass (already run for you)

A deterministic prepass has **already been run** and written to

“{RUN_DIR}/file_change_summary/files_to_change.prefill.json. (To refresh it yourself:

“python3 {ENV_SEARCH_ROO0T}/scripts/search_env/file_change_summary/file_change_prepass.py --run-
< dir {RUN_DIR}".)

It has #**already reconciled** “manifest <> download_report <+ resources/~ for you and produced
— the *xfactual layer*x:

- “codebase” (repo, commit, “extracted_root”, plus raw “repo_facts® - file counts, “test/  vs °
— spec/” counts, fixtures present, etc.)

- “resource_roles[]” with “provenance  (selected vs alternative-N, download status, source) and
<~ rule-based "caveats”

- “context_inputs_read_only" and a top-level “provenance_and_caveats®  summary

- “machine_hints™ - “scenario_seeds.review™ (files touched by patches/PRs), ~patch_vs_snapshot”
<> (SHA mismatches), and structured “duplicates”™ / “orphans™ / “failures™ / “misleading_names”

- provisional “task_role s (some may be ~"undetermined"")

**Trust this output. Do NOT re-derive provenance/caveats by eyeballing the JSON.** The script is
<> exact; you are not. Carry “resource_roles”, “provenance , "caveats~,
— context_inputs_read_only”, and “provenance_and_caveats®™ through into your final output **
< verbatim** (you may append, but don't silently drop or contradict them).

### Step 1 - Read the skill's rule system

- “{RUN_DIR}/skill_context.v0.3.json~ embeds the full “SKILL.md . **Internalize the rule system**
< and note the rule IDs (e.g. ~ctrl-crud-only”, “model-concerns’). Every change you propose
~— must cite the specific rules driving it.
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- “{RUN_DIR}/resource_requirements.v0.3.json” - for each requirement read purpose’,
> detailed_description”, “expected_content”, “disallowed_content®, “priority” . This tells you
<~ what each resource is *for* - which is exactly what you need to resolve the ""undetermined
<~ "* roles.

### Step 2 - Read the real content to ground your conclusions (no guessing)

Use “codebase.extracted_root”™ + “machine_hints”™ as your map, then open the actual files:

- Repo shape: controllers/models/concerns, the test setup (Minitest or RSpec? fixtures?),
<~ migrations, routes, schema, dependency manifest. “repo_facts™ already hints at this -
<~ confirm by reading.

- Review artifacts (the “scenario_seeds.review™ files; the patch / PR json / issue): what they
~ touch and what they're about. Heed “patch_vs_snapshot™ - if a patch is already folded into
> the snapshot, it's review context, not something you re-apply.

> When there are many files, dispatch a read-only explorer subagent to surface relevant paths
< and keep only the conclusions on the main thread.

### Step 3 - Resolve every “undetermined”™ task_role

For each resource the script left “"undetermined"™, decide its role from the requirement's "~
> purpose” + the skill's intent: is it a thing the agent *xedits** (e.g. a source file in the
— working tree), or **reads as reference/context** (e.g. a sample doc, a competitor page, a
— spec the agent writes *against*)? A code-refactoring skill edits the repo; a document-
< writing skill mostly reads references and **creates a new output file**. Set a concrete °~
> task_role” and drop the “task_role_provisional™ flag.

### Step 4 - Build “files_to_change™ (the core judgment)

For every candidate change write a concrete "how™ grounded in the **actual file content** and
< attach “skill_rules” (rule IDs) + a ~“confidence . Target the spots that land squarely on
<~ what the skill changes - e.g. custom member actions — CRUD resources; service objects —
— rich models; RSpec — Minitest/fixtures; scattered logic — a concern; for a writing skill,
<~ the new document to author and the references that constrain it.

Since the request isn't fixed, split the surface into a few **self-consistent scenarios**, each
— backed by a distinct cluster of resources (e.g. one feature thread stitched from issue + PR
— + patch; one refactor thread pointed to by the requirements). List each scenario's ~
— targets”. Every “path” is relative to “codebase.extracted_root™. **Edits belong on the repo
> copy** - never on a standalone resource the script flagged as a duplicate; never on an
< orphan-mismatch resource; never on a generated artifact (“db/schema.rb”, lockfiles) - those
> are context omnly.

### Step b - Write the remaining judgment fields

- “codebase.architecture_notes™ (what's architecturally notable *for this skill*) and a top-
— level “key_finding".

- “recommended_change_set”: a focused subset at the intersection of **grounded in the
< environment X where the skill has real leverage X verifiable**, with “excluded_with_reason
oy -

- If the most self-consistent thread in the environment points in a *different direction* than
— the skill's core strength (or than the request candidates), say so and leave the scenario
~ choice to the final request.

### Output

- Write to: “{RUN_DIR}/file_change_summary/files_to_change.v0.3.json™ (merge your judgment layer
< into the prefill's factual layer).

- **Follow the schema strictly**: ~{ENV_SEARCH_ROOT}/schemas/search_env/file_change_summary/
— files_to_change.schema. json”
(top-level required: ~“schema_version’/ skill™/ codebase’/ resource_roles/ files_to_change’;

— change_type~ and “confidence® use the controlled enums; every “path” is relative to
< codebase.extracted_root™).
- Then validate (deliver only once it passes, exit code 0):
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python3 {ENV_SEARCH_ROOT}/scripts/search_env/file_change_summary/validate_files_to_change.py --
< file {RUN_DIR}/file_change_summary/files_to_change.v0.3.json --run-dir {RUN_DIR}

### Definition of done
1. The prepass was run; its “resource_roles’ /provenance/caveats/ context_inputs_read_only /"~
< provenance_and_caveats™ are carried through faithfully (every requirement still has an
— entry).
2. Every ""undetermined"® task_role has been resolved; no “task_role_provisional® flags remain.
3. Every change_target has a real path relative to “extracted_root™, cites skill rules, and has
<~ a concrete "how’.
4. There's a request-agnostic scenario grouping plus one focused recommended set.
5. The output JSON validates against the schema (validator exits 0).

E.2.2 Instruction composition
# Compose a User Request (Query) for a Downloaded Environment

Write **one** realistic message a real engineer would send about this specific downloaded

codebase - the kind of ask where doing it *well* genuinely needs a particular skill, yet the

message reads like a normal practitioner's request, never like a skill manual or a solution
> writeup.

## Who is writing
A real engineer who **knew what they wanted, found a skill that fits, and read it once.** They
remember, roughly, its steps/techniques and reach for those **names** in the field's own
~ vocabulary.
They do **not** recall the skill's (cryptic) name, and they never paste definitions, procedures,
~ or
rule numbers. They're describing a goal - not reciting a handbook, and not handing over the
— answer.

## The two rules that make this work

### 1 - Speak in the skill's code words; hide that a manual exists

The remembered phrase-names are the skill's **code words**. An agent that also read the skill

recognizes them and does the task its way; one that didn't reads them as ordinary, slightly-
<> ambiguous

language and drifts. That gap is the whole point.

- **xD0** use the skill's own short step/technique names in their natural-phrase form ("keep the
controllers CRUD-only", "give me a verdict on whether it's ready to merge"). Use only the ones
<~ this
task needs.

- **xDON'T** explain or define them. Use the term and move on.

- **xDON'T** name the skill or hint one exists ("use the ... skill", "per the guide/checklist").
- **xDON'T** use identifier/locator forms: rule-ID slugs, config tokens ( safe_auto’), scenario
— keys,

“task_role” labels, "Section 4 / Step 3 / Rule R6.12". Say them in plain words.

- *xTest:** would a practitioner who never read *this* skill find the phrase ordinary (maybe a
< touch
ambiguous) rather than gibberish or a cipher? If yes, it's a good code word.

### 2 - State the GOAL, never the SOLUTION
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The user describes the **problem and what they want** - not how to fix it. They are *asking for*
~— the
change; they do not already hold its answer.

- **xD0** give the symptom / goal in the user's words: what's wrong or wanted, in which area,
<~ grounded
in real files (e.g. "bad URLs leak a raw urllib3 error out of “requests.get” instead of a
requests-native one - I want it to behave like the other invalid-URL cases").

- **xDON'T** prescribe the implementation: no exact edit location, no "match the neighboring
— branch /
existing style", no exact test name / parametrization / input construct, no step-by-step of
— the
change. The “how™ of the fix is the agent's job to discover.

- **xNEVER reference anything under "Synthesis-only inputs"** in the requirement list (the
“— upstream
PR/patch). Don't name it, cite its number, link it, or hint it exists - it is the answer, and
— it is
withheld from the agent's environment.

## What to produce

- **Grounded in this environment.** Refer to real files, paths, components, an issue number -
— taken
from the requirement list - so the task can only be done in *this* codebase.

- **Cover every test-time requirement - no loss.** Touch **every** resource under **"Available
resources (usability)"*#* whose health is “usable”/ degraded’: name the edit targets, reference
<> the
context resources (issue, docs, config, tests) concretely. A few related asks in one message
— are
fine; weave them into one real person's message - not a bulleted spec. **Never** ask to edit
— an
“unusable” /orphan resource, and **never** mention a synthesis-only one.

- *%Genuinely skill-requiring**, signaled through the code words - expressed as the user's goal.

- *%A real user's voice.** First person, concrete. As long as it needs to be, never a checklist.

- **0One-shot ask - no reviewer in the loop.** The user states the task and expects it carried
— out;
there is no human to check in with mid-task. Don't make the request hinge on the agent sharing
— a
plan, pausing for approval, or confirming before it proceeds (no "show me your plan first", "
— let me
review before you implement", "run it by me before you change X") - ask directly for the
— outcome.

## Inputs - read from disk (read ONLY these)

- *+THE SKILL#* - mine it for code-word vocabulary; learn its name/tokens so you can keep them
— out:
{{SKILL_READING_INSTRUCTIONS}}

- #*x . /requirement_list.md ** - the substance: the task, and which resources are test-time vs
*x*ksynthesis-only** (withheld). Your source of truth for what to ask for.

- *x°./fewshot_examples.md ** - real forum requests; model their **voice and shape** only, not
— topics.
If empty, just write in a natural human voice.

Do **not** open ~../resources/ , and do not read other bookkeeping files in this directory.

## Output
Write JSON to ~./query.json” (this turn, nothing else):
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{
"general_request": "<one short line: the gist of what the user wants>",
"user_request": "<THE FINAL QUERY - human-voiced, grounded, covers every test-time requirement,
<> speaks in code words, states the goal not the solution. This is the artifact.>",
"grounded_in": ["<every repo path / component / behavior the request targets>"],
"coverage": {
"test_time_requirements": ["<every requirement id under Available resources (usable/degraded)
— >"],
"covered": ["<the ids actually reflected in user_request - aim to equal
— test_time_requirements>"],
"omitted": [{"id": "<id>", "reason": "<why - should be rare>"}]
Irg
"skill_applicability": {"can_apply": true, "reason": "<one sentence: why doing this well needs
<~ the skill>"},
"skill_signal_check": {"names_skill": false, "code_words_used": ["<natural-phrase skill terms
— used>"], "tokens_avoided": ["<rule ids / locators kept out>"]},
"answer_leak_check": {"states_goal_not_solution": true, "prescribes_no_fix_steps": true, "
> names_synthesis_only_resource": false}

“json

Before writing, re-read “user_request” once and confirm: (a) every test-time requirement is
<~ covered;
(b) the skill's name and all tokens/locators are absent; (c) code words appear **without
<> explanation**;
(d) it states the **xgoal**, prescribes #**no** fix steps, and references **no** synthesis-only
< resource;
(e) it reads like a real practitioner, not a manual; (f) it is a single-shot ask with **no** mid-
— task
review/approval gate (no "show me your plan / let me review before you proceed").

E.3 Packaging and execution validation

E.3.1 Environment classification

You are classifying the Docker BUILD difficulty of one benchmark task into A / B / C / D.
Output ONLY the JSON object required by the output schema - no prose.

## Base image already provides (do NOT count these as extra installs)
{{BASE_IMAGE_INVENTORY}}

## Classes

- #*A**x - base image suffices. Pure read / write / analysis, or runs code only on base
runtimes. Source files present but only *read* = still A. setup.sh stays a no-op.

- **%B*x - base + build-time package installs ONLY: “pip install ...  and/or “npm install"
in an extracted repo. No new language/system toolchain.

- *%Cxx - needs a language toolchain NOT in base, installed at build time: Go, Rust,
JDK+Maven/Gradle, .NET, Dart, Node 22 / pnpm, azure-cli, or a non-3.12 Python. Usually
also needs offline dependency pre-warming (go mod download / cargo fetch / dotnet restore
/ mvn verify / pnpm install).

- **xD*x - infeasible on Linux: imports Apple/Xcode frameworks (UIKit, SwiftUI, MapKit,
Kingfisher, etc.), OR requires a persistent service at *verify* time (a live Postgres /
MySQL / Redis server - ~docker-compose.yml™ with a DB service the task actually uses is
the classic signal). A build-time “RUN" layer cannot keep a service running.

## How to decide
Classify by what the task in “instruction.md™ must actually **run or build**, NOT by which
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files merely exist. Read the manifests in the env summary ("go.mod™ “toolchain™, “package.json’
“engines” /" packageManager™, ~Cargo.toml™, “pom.xml”, *.csproj’, “pubspec.yaml’) - they reveal
the real toolchain. When class==D, fill “d_reason’.

“needs_runtime_internet™: set true if the agent will run a build/make target or script that
FETCHES at runtime and cannot be fully pre-warmed at build - inspect ~Makefile / mvnw /" package.

— json”

scripts for commands like “go get ...Q@latest”, “npm install”/ npx”~ of un-pinned deps, "mvn ... -
— U7,

or “*-install @latest”. If everything can be baked into the image at build (go mod download /
— cargo

fetch / dotnet restore / pinned pnpm install), keep it false.

## Task instruction (what the agent is asked to do)
{{INSTRUCTION}}

## Environment summary (file tree + manifests)
{{ENV_SUMMARY}}

## Skill (context only - NOT present in the build environment)
{{SKILL_EXCERPT}}

Now emit the classification JSON.

E.3.2 Setup generation

Write “environment/setup.sh™ for this Harbor task so its Docker image builds with everything
baked in for an OFFLINE runtime. Your cwd is the task directory; edit files directly.

“setup.sh™ runs at ~docker build® time: root, cwd ~/app , network UP. “/app  already contains
the task's env files ("COPY files /app/~). At agent runtime the container may be OFFLINE.

## Rules

- Start with “#!/bin/bash”, then “set -euo pipefail”, then “cd /app.

- Install ONLY what is missing. The base image already has (do NOT reinstall):
{{BASE_IMAGE_INVENTORY}}

- Install EVERYTHING the agent needs at runtime HERE (runtime may be offline): toolchains AND
their dependency caches. Pre-warm: ~go mod download™ / “cargo fetch™ / “dotnet restore™ /
“mvn -B clean verify -DskipTests™ / “pnpm install --frozen-lockfile™ / “dart pub get”.

- Be architecture-adaptive: detect ~$(dpkg --print-architecture)” or ~$(uname -m)” (arm64 vs
— amd64) .

- Go: also “export GOTOOLCHAIN=local® and “go env -w GOTOOLCHAIN=local® so offline runs never
auto-download a toolchain for the “go.mod™ “toolchain” directive.

- “cd /app/extracted/<repo>-*/" globs must match exactly one directory.

- No long-running services (build layers don't keep processes). Skill-agnostic: NO skill files
exist at build time. Make optional/best-effort deps tolerant: ° || true.

- If (and only if) the classification says “needs_runtime_internet: true”, set
“allow_internet = true” in “task.toml ™ ~ [environment]”.

- For heavy toolchains, raise “task.toml” ~ [environment]  ~build_timeout_sec”™ and  storage_mb”
if needed (Rust target ~2-3 GB, Maven ~/.m2 ~2 GB, pnpm node_modules ~1.5 GB).

- The script must “exit O on success.

## Classification (the target class + detected toolchain/packages)
{{CLASSIFICATION}}

## Task instruction
{{INSTRUCTION}}
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## Environment summary (file tree + manifests)
{{ENV_SUMMARY}}

## Gold examples (battle-tested setup.sh from shipped tasks - adapt, don't copy blindly)
{{EXAMPLES}}

Now write “environment/setup.sh™ (overwrite the no-op), and edit “task.toml”™ if the rules above
require it. Keep the script tight and well-commented.

E.4 Contrastive rubric construction

E.41 Rubric generation
# Generate a contrastive skill rubric (schema v2)

Produce **one** schema-valid contrastive skill rubric: an LLM-as-judge rubric set distilled from
— a

frontier **oracle**'s no-skill vs with-skill trajectory on the *same* task. The behavioral *x*
> DELTA**

between the two arms is *what the skill adds* and becomes the criteria. A judge later applies it
— to a

**xweaker** model's two arms; the with-minus-no score delta estimates skill uptake.

*x*xGround truth is the behavioral DELTA, never the oracle trajectory.** Oracle-specific files/
— lines/

commands are *illustrative only*. A weaker no-skill run that scores **0 on every “skill_signal~

criterion is correct by design** - internalize this; it is the #1 failure mode.

This run's facts (substituted by the launcher):

- set_id “{{SET_ID}}" - task_id “{{TASK_ID}}" - output file ~{{OUTPUT_FILENAME}}"

- oracle (the contrasted trajectories): ~{{ORACLE_MODEL}}"

- generator (you, for “generation_provenance.generator_model”): ~{{GENERATOR_MODEL}}"

- single-arm mode: ~{{SINGLE_ARM}}  (when “true”, ~./with.compact.json™ is MISSING)

{{DIMENSION_FOCUS}}

## Inputs in your working directory (read from disk)

- ~./no.compact.json”, ~./with.compact.json® - oracle no-skill / with-skill trajectories,
< compacted.
Events are “{i, t, [s], x, [0]} : “i =stable index (cite it; align arms by it), "t €

“user |msg|read|search|exec|edit|list|other™, “s ="faillcanc™, “x =text/command, o =output.
*./with.compact.json™ is absent in single-arm mode - check.

- ~./workspace/no/”, ~./workspace/with/> - each arm's FINAL deliverable files (+ “MANIFEST.txt",
~ the
full workspace tree). **As authoritative as the trajectory*#*: edit-bodies in the trajectory
— are

capped at 900 chars, so verify what was actually produced - completeness, structure,
< correctness -
from these files, not from trajectory narration.
- 7 ./skill/SKILL.md"~ (+ “references/” ) - mine for “named_phases™, “mandated_outputs’, vocabulary,

(SN
hard-rules vs principles.

- ~./inputs_meta.json™ - “set_id", “task™, “skill" shell, “oracle’, “source_run_pair”,
“generated_at™, “single_arm’ to copy verbatim (£fill “task.one_line_goal®/ domain’/

“answer_leak_risk” and “skill.name”/ named_phases”/ mandated_outputs” from SKILL.md +
— trajectories).
- " ./contrastive_rubric.schema.json™ - the **v2*x schema you must validate against (
< authoritative
field spec; read its one-line descriptions).
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- " ./fp-check.rubric.json™ - a **v2 worked examplex*. Study its shape & rigor; do NOT copy its
security-domain criteria unless this task genuinely is fp-check.
- ~./validate_rubric.py’ - run it in a loop until VALID.

## Method (in order)

1. **Mine the skill.** Extract “named_phases™ (ordered steps), “mandated_outputs”, vocabulary,
— and
which rules are hard vs principles.

2. *xRead both arms - trajectory AND workspace.** Align by event index "i"; describe each arm's
xbehavior* (not files/lines): phases run, what was verified empirically, output format,
over/under-reach. Then OPEN each arm's ~./workspace/” deliverables to judge the actual

— artifact
(existence, completeness, structure) - the file is the truth where the trajectory was capped.
3. **Enumerate candidate behaviors and classify each HONESTLY** (the schema enforces this):
- “skill_signal® - with-skill does it (or better), no-skill doesn't/weaker =
“discrimination.with_skill_rank > no_skill_rank™, “arm_separation:'"separated"™ . **0Only
~ these feed
the skill delta.x*x*
- “shared_baseline™ - **both** arms do it = ranks **equal**. Scored for calibration,
< excluded from
the delta. **Do not inflate a shared baseline into a skill_signal** - the cardinal sin.
- “anti_pattern” - a no-skill failure mode the skill suppresses = "no_skill_rank >
< with_skill_rank~,
“anti_pattern_polarity:"penalize_when_met"”, and encode it higher=better (“unmet_value:17).
- Discard no-signal behaviors. At the frontier tier expect MANY “shared_baseline”; the
<> measurable
skill delta is usually a small set (durable artifact, empirical fail—fix, output
<~ discipline,
phase adherence). The worked example honestly has ~4 skill_signal of ~9.
4. x*Write each criterion** (per the schema ~Criterion”). Hard constraints:
- “statement”: starts “The agent™, ONE behavior, <30 words / <400 chars, **no oracle
> specifics**
(no backticks, file paths, source extensions, “line N*/:N°, “Response-N" - a regex rejects
— them).
- Concreteness lives ONLY in ~contrast_provenance ™ ( with_skill_behavior”/ no_skill_behavior"”
behavioral prose + “anchors[]® with “binding:"illustrative_only" ); set “hypothesized ™ (
~— true in
single-arm).
- “judge_guidance”: “what_to_look_for" (generalizable), “positive_evidence[]",
<~ mnegative_anchor”
(the no-skill/anti-pattern picture in **candidate** terms), ~common_false_positives[]~.
- “scoring’: always a “binary’ block; add a “graded® ladder (“mode:"both"™, contiguous "O..
< max~,
descriptors in candidate terms, one ~is_negative_anchor™) for high-value “skill_signal’.
- “discrimination”: integer ranks consistent with “criterion_type’; “arm_separation”.
- “category_id® € a “category_taxonomy  entry you declare; “weight® (0..10);
“skill_attribution_confidence™ (0..1); optional ~category_tag: .
5. **Pick exactly ONE ~gatekeeper ** - the core correctness check (often the verdict/answer);
~ usually
a ~shared_baseline” (a frontier no-skill arm also gets it right), which is fine.
6. **Fill the set-level metadata - the v2 keys ONLY:** ~schema_version™ (°
< contrastive_skill_rubric.v2’),
“set_id”/ task’/ skill"/ oracle’/ source_run_pair® from inputs_meta.json , ~contrast_summary
as ©
(1-2 behavioral sentences <600 chars), ~category_taxonomy  (only categories you used, with
“category_weight™), ~generation_provenance® (" generator_model:"{{GENERATOR_MODEL}}"",

“generator_prompt_id:"generate_rubric.md"", “generated_at® from inputs_meta, "method”,
“mandatory_abstraction_applied:true”), “set_confidence’, “criteria”.
> *xDo NOT emit** ~judge_protocol™, °~judge_output_schema, “aggregation™, or
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> “trajectory_truth_guard® - in v2 those are harness-owned (  judge_policy.json ). The schema
> rejects them as “additionalProperties-.

## Honesty rails
- *xSingle-arm** (" {{SINGLE_ARM}}==true’): ~set_confidence.single_arm=true’,

“source_run_pair.with_skill_run=null”, “method:"single_arm_inferred"", every criterion
“hypothesized=true™ + “discrimination.arm_separation:"not_measured"~, ~confidence<0.5°. Infer
— from

no-skill + skill spec; do not fabricate measured separation.

- **xEmpty delta** (arms behaviorally identical): “empty_delta=true’, only ~shared_baseline”, ~<
<~ 0.57.

- *xHarness reward is a placeholder** - “task.harness_reward_is_trustworthy=false™; judge by
~» inspecting
trajectories.

- **xAnswer leakage** - if the query telegraphs the answer or a withheld patch could leak, set
“task.answer_leak_risk’™ and lower confidence (heavy = “<0.67); record in “set_confidence.
—» caveats’.

## Output contract + self-validate loop (mandatory)

Prefer writing a small Python builder (construct the dict — ~json.dump) over hand-typing JSON.
— Write

“{{OUTPUT_FILENAME}}", then run  python3 validate_rubric.py {{OUTPUT_FILENAME}} , **fix every
<~ error and

re-run until “VALID ... (O errors)  .*x (If ~jsonschema™ is missing, “pip install jsonschema
< >=4.0".)

Write no other file except ~{{OUTPUT_FILENAME}}  + optional builder/scratch; do not modify the
<> schema,

worked example, compacted inputs, or validator. Final message (read programmatically): the
> output path,

criteria counts by “criterion_type’, and the gatekeeper id.
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