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Abstract

We introduce Ski.1.2ENv, a human-aligned and scalable data recipe for modern agentic RL. The path to
safe superintelligence requires behavioral alignment with collective human values and expertise. Public
Agent Skills provide a promising source of this supervision—they represent a task distribution most
relevant to human society, linking to real-world artifacts, packaging domain expertise and reusable
workflows, and often defining success metrics. We develop a pipeline to turn 3.4k web-crawled and
filtered Agent Skills into 8k executable terminal environments with both programmatic tests and be-
havioral rubrics. Through extensive RL experiments, we observe promising improvements in general
agentic abilities. With merely 300 steps of RL training using a DPPO variant, Qwen-3.8 27B gains 4.7
percentage points on Terminal-Bench 2.1, and 4.3 percentage points on S2EBENCH, our hand-verified
private benchmark featuring real-world agent use cases. Further analysis indicates increased behavioral
alignment with original Agent Skills on similar problems.
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Figure 1: Main results. Skill2Env improves the base model on both public and private benchmarks for agentic
terminal use, further reducing the gap between local and cloud LLMs on a distribution of public interests.
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Figure 2: SKILL2ENvV data pipeline. Public Agent Skills are crawled and filtered into SkiLLHUB. A Codex
planner reads each Skill bundle, researches supporting public assets, and decomposes the Skill into distinct
workflows. Each workflow is conditioned on sampled task axes (archetype, verifier pattern, complexity, persona,
tone, expertise) and handed to a Codex creator, which builds the initial world, instruction, deterministic tests,
behavioral rubric, and reference solution. The host accepts a task only if it passes Oracle, NOP, and static
checks. The result is a Harbor task with an attached rubric, ready for RL.

1. Introduction

Terminal-use agents have become the most widely used form of language agents, and reinforcement learning
(RL) in executable environments with verifiable rewards is a promising approach to improving their capabilities
(Gandhi et al., 2026; Ivison et al., 2026; Merrill et al., 2026). Scaling this approach requires a sufficient
supply of training tasks and environments. Real agent workloads can be proprietary, so recent work constructs
environments, either by mining or synthesizing tasks from software repositories (Jain et al., 2025; Pan et al.,
2024; Yang et al., 2025) or by prompting a strong model with a hand-designed taxonomy of domains, skills, and
difficulty levels. Both routes produce large corpora, but their coverage depends on the selected repositories and
generation seeds. Repository-based approaches focus on software engineering; taxonomy-based synthesis can
broaden coverage, although many terminal datasets emphasize technical tasks such as system administration,
file manipulation, data processing, and coding (Figure 3). Meanwhile, the requests people actually delegate to
agents include literature reviews, marketing plans, slide decks, game prototypes, security audits, and financial

TCode available at: https://github.com/NVlabs/Skill2Eny
¥Dataset available at: https://hub.harborframework.com/datasets/skill2env/skill2env
§SkillHub available at: https://github.com/NVlabs/Skill2Env/tree/main/SkillHub
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models. Outcome tests also indicate only whether a task was completed, not whether it was done through an
optimal process valued by human society. RL on outcome-only rewards has limited means to favor a careful
literature review over a fabricated one.

Public Agent Skills address both gaps at once. A Skill is a folder with a SKILL.md entry document plus optional
scripts, references, and assets that teach an agent how to perform a particular job. Since the format was
introduced in late 2025, practitioners have published thousands of Skills covering software, data, research,
design, business operations, and more. Each one is a small act of collective intelligence: somebody cared
enough about a workflow to write down how it should be done, which tools and materials it needs, what
typically goes wrong, and what a good result looks like. Read as data, a public Skill corpus is therefore (i) a
sample of the task distribution people want agents to handle, (ii) a set of pointers to real-world artifacts and
tools, and (iii) a body of domain expertise and quality criteria that outcome tests alone cannot express. We
compile each Skill’s own workflows into environments, carry its quality criteria forward as a per-task rubric,
and validate the result with RL.

We introduce SkiLL2ENvV, a pipeline that compiles any Skill bundle into executable terminal environments
( ). A containerized Codex planner reads the bundle, researches related public assets, and decomposes
the Skill into distinct workflows. Applied to SKILLHUB, our filtered collection of over 3k crawled Skills, the
pipeline produced roughly 8k tasks in the Harbor format ( , ) spanning thirteen
domains, with software engineering accounting for under a quarter of the corpus.

We validate the data with agentic RL on Qwen3.8-27B using a DPPO variant ( s ) on our RL
infrastructure with the Pi harness. We evaluate on Terminal-Bench 2.1 and S2EBENCH, a hand-verified
held-out set on which we also report results for a panel of frontier models. We further analyze and ablate
training scenarios, including the effect of rubric-guided LLM-as-Judge calibration. Our contributions are:

* SkILL2ENv, a reproducible pipeline that turns Agent Skills into verified RL environments with both
programmatic tests and behavioral rubrics.

* SkiLLHUB, a license-friendly (MIT or Apache 2.0) set of Agent Skills from web crawling.

* An 8k dataset for agentic RL, spanning a broad domain distribution aligned to public interests ( ).

* RL experiments and findings. RL over SKILL2ENV improves Qwen3.8-27B on S2EBENCH and transfers to
Terminal-Bench 2.1. See for infrastructure and recipes, and for ablations and findings.

2. Related Work

Environments for terminal agents. Executable training data for agents has come from two common directions.
Repository-based construction derives tasks from existing codebases through mining or synthesis: SWE-

Gym ( s ), R2E-Gym ( s ), SWE-smith ( s ), SWE-rebench (
s ), and SWE-Universe ( s ) scale from a few thousand to hundreds of thousands of
instances, and SERA ( s ) drops the need for tests with soft verification. These corpora cover

a range of software engineering tasks. Other approaches synthesize environments from taxonomies or task
seeds, using models to construct or adapt task worlds and verification procedures: Endless Terminals (

s ), TMax ( s ), TermiGen ( s ), Nemotron-Terminal ( s ),
CLI-Gym ( s ), TerminalTraj ( s ), SETA ( s ), and Envs-FORGE (

, ) differ in how they seed generation (domain taxonomies, personas, community Q&A, Dockerized
repositories, measured pass rates) and in how they verify (build-only, teacher rollouts, verify-and-repair).
Agent World Model and Agent-World extend synthesis to tool-use environments beyond the terminal (

, ; , ). Across these approaches, coverage depends on source selection and generation
design. Several terminal datasets in our comparison emphasize technical workflows ( ). Like TMax and
Endless Terminals, SKILL2ENV generates executable environments with verifiers; it draws task workflows and
quality criteria from practitioner-authored Skills to support broader workflow coverage.
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Agent Skills. Anthropic introduced the concept of Agent Skills in October 2025 as folders of instructions, scripts,
and resources that an agent loads on demand ( , ); the format became an open specification
supported by coding agents such as Claude Code and Codex ( , ; ,

; s ), and tens of thousands of Skills are now public. Recent studies audit this ecosystem
for security ( , ), catalog how Skills are adapted downstream ( , ), and survey the
space ( s ). SkillsBench measures how much a curated Skill helps at inference time across 87
tasks ( s ), and Skill-« trains a generator to write better Skills ( s ). Two concurrent
works also use public Skills as seeds for environments. SkillSynth arranges terminal skills from ClawHub
and GitHub into a scenario-mediated graph and instantiates graph paths as 3,560 tasks ( 5 );
Terminal-World filters 10k SKILL.md files to 1k, groups them into skill teams and graphs, and generates 5,723
environments with DeepSeek-V3.2 teacher trajectories ( , ). These works include multi-Skill
composition and validate their data through SFT. SkiLL2ENV compiles each Skill’s own workflows, carries the
Skill’s methodology forward as a per-task rubric, uses Oracle/NOP acceptance checks, and validates the data
with RL. Our source pool includes Skills for a range of technical and knowledge-work tasks, contributing to the
domain spread in

RL recipes and rubric rewards. Many terminal-agent data papers validate with SFT, while several also study
RL. Endless Terminals trains an SFT-initialized Qwen3-8B model with PPO at 16k context ( R ),
TMax trains Qwen3.5 with DPPO at 64k context and reports transfer to SWE-bench Verified ( .
; , ) and AIME ( , ), SETA and OpenThoughts-Agent report performance
gains from RL ( s ; . ), DeepSWE trains Qwen3-32B with RL alone on R2E-
Gym ( . ), and ROME builds a bespoke agentic policy optimizer ( , ). We follow
the simple-recipe line: GRPO advantages ( , ) with the binary-KL trust region of DPPO ( ,
), no KL penalty, and no SFT warm start, on the Molt and Polar infrastructure ( s ; s
). Rubric-based rewards have been used to extend RL beyond verifiable domains: rule-based rewards for
safety ( ) ), Rubrics as Rewards for medicine and science ( s ), instruction-specific
checklists ( s ), and large rubric banks as reward anchors ( s ). In agentic
RL, River regularizes terminal agents with turn-level behavioral signals ( s ), and cross-domain
post-training has been shown to change how agents work rather than only what they know ( ,
; s ). Our rubrics differ in provenance and role: each is written for one task from the
practitioner’s own Skill, and it calibrates an executable outcome reward rather than replacing it. Judges are
biased measurements ( , ), so we report the judge’s score distribution and its interaction with
the programmatic reward rather than treating it as ground truth.

3. Data Generation

3.1. Collecting Public Agent Skills

An Agent Skill is a directory rooted at a SKILL.md file with YAML frontmatter (name, description, trigger con-
ditions) followed by free-form instructions, optionally accompanied by scripts/, references/, and assets/.
We initially web-crawled over 5k Skills from public GitHub repositories and filtered them for safety and licensing.
A Skill is dropped if its workflow depends on an external account, API key, login, subscription, or Saa$S service;
on physical hardware or real-world side effects; if it is a persona, style, or copywriting-only prompt with no
executable workflow; or if it targets harmful or policy-risky activity. Near-duplicate Skills, which are common
because popular Skills are forked and lightly edited, are removed by N-gram coverage of their SKILL.md files.
The result is SkiLLHUB, a snapshot of about 3.4k Agent Skills.

3.2. Skill2Env Pipeline

SkILL2ENV compiles one Skill into several Harbor tasks in four stages ( ): a planner decomposes the
Skill into workflows, the host samples task axes for each workflow, a creator builds the task, and the host
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Figure 3: Domain diversity of Skill2Env. Every Skill and every comparison task was labeled with one of
13 domains by GPT-5.6 Sol. Skill2Env is the most diverse and the only dataset covering all 13 domains,
representing a distribution closest to public agent use cases.

accepts or rejects it. The planner and creator are Codex CLI agents running inside Docker containers with
outbound network access, so they can read documentation, clone repositories, and download public data while
authoring.

3.2.1. Workflow Decomposition and Diversification

The planner reads the complete Skill bundle and writes a single workflows. json. It first lists the distinct,
instructed, verifiable workflows the Skill teaches, ranked by the following criteria: (1) verifiable from the final
state, (2) well-specified and solvable, and (3) difficult for a reason inherent to the work. For example, a Skill
about literature review might yield a screening-and-synthesis workflow and a citation-reconciliation workflow.

For each workflow, the planner also writes a meta plan (scenario, initial world, planted defects, source of
difficulty, solution sketch, verifier strategy), a list of asset recommendations (public repositories at pinned
revisions, datasets, specifications, documents, or files bundled with the Skill that should ground the world),
and an axis pool: two to four ranked combinations of task archetype, primary verifier pattern, and persona
that fit this workflow. The host then samples one combination from the pool, together with a complexity level,
an instruction tone, and a requester expertise level; persona and tone conditioning follow persona-driven
synthesis (Ge et al., 2024). Conditioning the axis pool on the workflow is what keeps diversification sensible: a
research workflow is paired with evidence-traceability verification and a researcher persona rather than with
an arbitrary draw from the full product of axes.

3.2.2. Task Creation and Verification

Each workflow is handed to a fresh creator Codex agent together with the Skill bundle, the meta plan, the asset
recommendations, and the sampled axes. The creator is instructed to ground the task in real material where
possible: a license-compatible repository checked out at a pre-change commit with an original or adapted issue,
a real versioned document or dataset, an official API specification or SDK. Workflows that would normally
touch a live service are adapted to local stand-ins that preserve the observable contract, such as a localhost
stub server seeded with deterministic responses including error cases, record-and-replay fixtures, a fake CLI on
PATH, or a seeded local database. The environment may therefore mix real assets with synthetic fixtures, but it
never depends on the network at solve time.

The creator authors the task in a fixed order: it builds the initial world under environment/, writes the
instruction, implements the tests, writes the rubric, and only then writes the reference solution. Tests and
rubric are frozen before the solution exists so that the solution has to satisfy the grading contract rather than
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the other way round; a failing reference solution is treated as a solution bug, not a reason to weaken the verifier.

Programmatic tests. tests/test.sh is the authoritative outcome reward. It runs after the episode against
the final container state and writes a reward. json with up to six named metrics in [0, 1], each an independent
assertion group covering a distinct facet of the workflow. The training runtime averages the metrics into a
scalar ry € [0, 1], so most tasks carry partial credit rather than a binary outcome.

Behavioral rubric. Alongside the tests, the creator writes tests/rubric.md with bullet points covering Must-

do, Must-avoid, and Best-practice, distilling the source Skill’s own methodology from different angles. The rubric

may not introduce hidden hard requirements; it separates verifiable correctness from procedural quality, and
describes how the two are combined during RL.

Like TMax ( , ), we deliberately do not add a validation pass in which a teacher LLM attempts
each task and discards those it fails to solve. Such a pass caps task difficulty at the validator’s ability and
roughly doubles generation cost; with online dynamic filtering ( , ), group-based RL discards
prompts whose rollouts carry no advantage, which filters unsolvable or trivial tasks online, as defined by the
on-policy distribution.

3.2.3. Host-Side Acceptance

Every candidate passes through a host gate that does not involve a model. The host writes task.toml and
records metadata. Static checks then validate the layout, require every symlink to resolve inside its own subtree,
reject Dockerfiles whose build context reaches outside environment/ or copies privileged files (instruction,
rubric, tests, solution), and reject security leakage. Base images must come from an approved public registry,
and the host resolves each FROM to a content digest and pins it.

The host then builds the image and runs two Harbor trials in fresh containers: the reference solution (Oracle)
must earn the full reward on every metric, and a no-operation agent (NOP) must earn zero on every metric.
Candidates that fail either trial are rejected.

3.2.4. Task Format
Accepted tasks use the standard Harbor layout with an additional rubric:
task_<skill>_<id>/

instruction.md
task.toml

prompt / request

config and axis metadata
environment/Dockerfile build context = initial world
tests/test.sh

tests/rubric.md

writes /logs/verifier/reward.json

Must-do / Must-avoid / Best-practice

H OH OH B H H

solution/solve.sh reference solution (Oracle)

walks through a complete task next to the Skill it was compiled from.

3.3. Data Distribution and Analysis

The corpus used in this paper contains 7,971 tasks from about 3.4k Skills. Generation with GPT-5.6 Sol at
xhigh reasoning effort cost over $90k in API usage !. We further analyze the generated batch.

Domain Coverage. uses GPT-5.6 Sol to place each listed dataset into one of 13 domains, capped at
300 random samples. SKILL2ENV is the only dataset in the comparison that covers all 13 domains, and the
only one in which non-technical knowledge work (business, marketing, research, documents, product, design,
productivity, health) forms a large share.

IFor legal reasons, the initial dataset released is generated with Kimi-K3-max under the same pipeline, dropping a small subset from
source Skills with concerning influence. We are actively pushing to contribute continuously in this space for open Al research.
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Figure 4: Fully asynchronous RL infrastructure for sandboxed agent RL on any harness. Molt owns
training loops: Ray, VLLM router, sampling, and optimization steps. Polar handles efficient rollouts through the
harness: sandbox management, proxy-based token-in-token-out, trajectory construction by prefix merging, and
evaluation with Harbor-like outcome reward and LLM-as-judge. Finished trajectories flow back through a Ray
queue into the trainer; weight updates are broadcast to vLLM between batches.
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Affinity to Source Skill. We test the fidelity of generated data against their source Agent Skills with a retrieval
probe over all 8k tasks. Using the task’s instruction and rubric as a query and TF-IDF cosine similarity over the
original 3.4k SKILL.md documents, the true source Skill is the top-1 match for 73.2% of tasks and within the
top 10 for 94.6% (chance is 0.03%). The rubric alone retrieves its Skill at 68.5% top-1, so the rubric carries
Skill-specific methodology rather than generic advice. Concretely, shows a representative case in
which the Skill’s default flags become the task’s must-avoid clauses and the Skill’s scripts become the tools in
the task’s world.

3.4. SFT Data Rollout with GLM-5.3

We rolled out every task twice with GLM-5.3 ( , ; , ) at high reasoning effort on
the Pi harness ( , ) through the Polar framework, serving the model through vLLM with a
128k context and 32k tokens per turn. The archive holds 15,968 trajectories with a mean reward of 0.74. The
median trajectory makes 19 model calls and 23 tool calls. We use the archive to characterize task difficulty for
a frontier open-weight model and as teacher data for the SFT ablation in

3.5. S2EBench

Considering public benchmark saturation, and to measure progress on the real-world task distribution of public
interest, we generated a separate held-out set from Skills in SkiLLHUB and reviewed every task by hand—the
instruction must be unambiguous, the task must be faithful to its Skill and meaningfully difficult, and the
programmatic tests must give a well-rounded, unbiased judgment. Tasks that fail to meet these standards are
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dropped. The result is S2ZEBENCH, a set of 79 tasks, whose distribution is shown in

4. RL Experiments

We aim to study four questions: (1) whether RL over SKIiLL2ENV improves general agentic abilities; (2) whether
the Skill-derived rubrics, applied through an LLM judge, benefit RL training beyond programmatic verification;
(3) whether SFT on teacher trajectories helps as a cold start; and (4) whether RL over SkiLL2ENV qualitatively
aligns model behavior with the source Skills. We use Qwen3.8-27B ( s ) as the base model.

4.1. Training Infrastructure

Modern agentic RL is primarily an infrastructure challenge. Building an efficient and stable RL framework
requires more than a distributed training backend and a reliable training recipe. It also depends on accelerated
inference, optimized sandbox layers, and harness-native rollout integration. Even small discrepancies in log-
probability transport or policy drift among actors can accumulate over long training runs, eventually causing
instability and wasting GPU resources worth millions of dollars.

We develop an all-in-one solution combining the innovations from our preceding work. We use Molt for
PyTorch-native, fully asynchronous RL, with Polar, the agentic rollout layer that emits trainable trajectories

from any harness inside sandboxes with token-level precision. provides an architectural overview.?
A single Ray job ( , ) launches both: Molt serves the policy with vLLM ( , )
behind a session-affine router and trains it with FSDP2 workers built on NeMo Automodel ( s ),

while Polar runs each rollout as an unmodified Pi agent inside a rootless Apptainer container and scores the
final container state with the task’s test.sh. Two mechanisms make the off-the-shelf harness trainable: an API
proxy that returns the sampled token IDs and log-probabilities for every chat completion and fails the rollout
if either is missing, and prefix merging ( , ), which stitches a harness’s successive completions
into training traces, respecting in-harness behaviors like compaction, retries, and subagents, and preserving
token-level rollout policy. The remaining settings are listed in

4.2. RL Recipe

We use group advantages with the binary-KL variant of DPPO. The objective is L = —( >, aoed Pidi) /N,
where A; = (r; — 7)/(0, + €) is the group-normalized advantage of rollout i, p = ¢/p is the ratio between the
current probability ¢ and the sampling-time probability p of an action token, and N is the total number of
action tokens in the batch. We use the token-level mask introduced by DPPO: a token is dropped from the sum
whenever its binary KL divergence

1-p
1—gq

Dyin(p | ) =plog%J +(1-p)log @))
exceeds a threshold ¢ and the update would push p further in the direction the advantage favors (A > 0,p > 1
or A < 0,p < 1); since p is the log-probability vLLM recorded at sampling time, this needs no reference model
or old-policy forward pass, and it doubles as a guard against training-inference mismatch. Our implementation
uses G = 8 rollouts per group and ¢ = 0.05, splits a rollout’s advantage across its merged training traces in
proportion to action tokens when an episode is segmented, and takes one optimizer update per batch of 64
rollouts, with no KL penalty, entropy bonus, or importance-sampling correction; groups with zero advantage
and timed-out rollouts (reward zero) produce no gradient.

Rubric-calibrated reward. In the rubric condition, the Polar evaluator additionally uses an LLM judge,
providing it with trace-level context, a “Constitution” (that penalizes aimless loops, reward hacking, and
unresponsive answers), and the per-task rubric.md. The judge returns an integer score s € [—5, 5] per trace.

2Training code for reference:
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Figure 5: Reward and its decomposition over 300 steps. (a) Programmatic Harbor outcome reward vs.
additional rubric calibration with LLM-as-Judge. (b) Reward decomposition of the rubric-calibrated run. Vanilla
rubric calibration appears to slow the growth of the programmatic outcome-only reward.

Table 1: RL over SKILL2ENV on Qwen3.8-27B. Pass@]1 in percent over five trials per task with the Pi harness;
S2EBENCH also lists the mean score. Outcome RL uses the programmatic reward ry only; Rubric RL uses the
calibrated reward of Equation (2).

Qwen3.8-27B TB 2.1 S2EBENCH pass S2EBENCH score
Base 49.4 334 56.6
Outcome RL 54.1 37.7 75.1
Outcome + RubricRL.  50.1 34.7 63.6

The training reward is simply
r:rv+A§, A =02, 2)

so the judge moves the programmatic reward ry € [0, 1] by at most +0.2. We use GPT-6 Astra with xHigh
reasoning as the Judge LLM. The full judge prompt template is in Section B.

4.3. Evaluation Setup

All evaluations run through Harbor@0.22.0 with the native Pi agent and default configuration. We evaluate
Terminal-Bench 2.1 (Terminal-Bench Contributors, 2026) and S2EBENCH and report pass@1 across 5 trials.
Exact commands are in Section D for reproduction.

5. Results and Findings

5.1. Agentic abilities improve as RL scales over Skill2Env

Table 1 reports held-out performance after 300 updates of outcome-only RL on Qwen3.8-27B. On S2EBENCH,
pass@]1 rises by 4.3 points (all-tests-pass) and mean score by 18.5 points. The gain transfers to Terminal-Bench
2.1 by 4.7 points (sharing no task above 13-gram Jaccard similarity of 0.8 with the training corpus), moving
the 27B model a significant step closer to cloud or frontier models of much greater size (Figure 1). The training
set was never tuned toward Terminal-Bench beyond the choice of a technical subset, so we read the transfer as
a general gain in how the model plans, uses tools, and finishes rather than memorization of a task family.
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Table 2: Skill-alignment preference over 200 paired trajectories. Percentage of tasks for which the judge,
given the source SKILL.md as standard practice, prefers the compared checkpoints or rates them as equally
aligned. The A/B order is randomized.

Comparison Prefers base  Prefers R Equally aligned
Base vs. Outcome RL 33.5 54.5 12.0
Base vs. Outcome + Rubric RL 24.0 73.0 3.0

5.2. Rubric-calibrated RL trails outcome-only RL on benchmarks

The rubric run differs from the outcome-only run only in the reward, using in place of ry.
(a) compares the total training reward of the two runs, and (b) decomposes the rubric run’s
reward into its programmatic and judge components.

Adding the judge does not destabilize training: the DPPO mask rate (0.06%) and gradient norms (0.47 versus
0.37) stay in the range of the outcome-only run. But the two rewards seem to pull in different directions on
the training distribution. The rubric run’s programmatic reward sits between 0.5 and 0.6 for most of training,
below the outcome-only run, while its judge term stays flat from the first update to the last. The policy gives
up some test passes for behavior the rubric rewards, and the judge signal shows no trend it could be climbing.
The held-out numbers in follow the same pattern: the rubric checkpoint improves over the base model
on all three metrics but less relative to the outcome-only checkpoint.

We do not read this as a verdict on rubric rewards, since the two runs are not directly comparable: they optimize
different objectives, and the benchmarks score only the outcome half. We suspect two causes. First, the setup
is likely not at its optimum: a single A = 0.2, an additive form that lets a failed task still earn positive reward,
and a judge that sees the agent’s messages but not the filesystem were all fixed without tuning. Second, the
methodology the Skills write down may simply not be the distribution that maximizes benchmark pass rates.
The judge itself is discriminative rather than uniformly positive, assigning —2 or lower to 21% of traces and
grading evidenced reward hacking at —5 ( ). However, what the rubric buys is not visible in ;
measures the qualitative improvements.

5.3. Skill2Env aligns model behavior to Agent Skills

Benchmark scores say whether a task was finished. The Skills say how it should be done, and the question that
motivated SkILL2ENvV is whether RL over Skill-derived environments teaches that second part. We measure it
directly with a pairwise preference test. We sample 200 tasks from SkiLL2ENV and roll out one trajectory
per task from the base Qwen3.8-27B and from each RL checkpoint. For each task, a judge model receives the
original SKILL.md of the source Skill together with two anonymized trajectories, A and B, and is asked which
one follows the Skill description more closely, with equally aligned as a third option. We run two comparisons,
base versus the outcome-only checkpoint and base versus the outcome-plus-rubric checkpoint, randomizing
the A/B order, and use the same judge model as in

shows the outcome. Outcome-only RL already moves the model toward the Skills: the judge prefers the
RL trajectory on 54.5% of tasks against 33.5% for the base model. The rubric checkpoint is preferred more
often. This evidence supports our assumption that a rubric-based reward dimension is necessary—especially
for less verifiable task environments like web development, report synthesis, and open research.

5.4. SFT from GLM-5.3 does not improve Qwen models

We fine-tuned both Qwen models on the GLM-5.3 trajectories of , training on assistant tokens
only with tool observations and user turns masked, at a 128k sequence length. reports the result.
TMax ( , ) reports that SFT mixtures degrade the already post-trained Qwen3.5, and we
see the same pattern with a stronger teacher: SFT on Qwen3.8-27B slightly raised S2EBENcH but lowered
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Table 3: SFT on GLM-5.3 trajectories. Pass@1 over five trials per task with the Pi harness. SFT checkpoints
are trained on the assistant tokens of the GLM-5.3 trajectories from

Model Training TB 2.1 S2EBENCH pass S2EBENCH score

Qwen3.5-4B Base 18.7 5.8 24.7
GLM-5.3 SFT 3.4 0.0 9.8

Qwen3.8-27B  Base 49.4 33.4 56.6
GLM-5.3 SFT  45.8 33.9 59.1

Terminal-Bench 2.1, and SFT on Qwen3.5-4B collapsed the model’s reasoning, producing repeated thinking
and tool-call loops and near-zero scores on both benchmarks.

Our assumption is that the teacher’s interleaved-thinking and tool-call style differs from the student’s own
post-training, and imitating it overwrites patterns the student relies on without transferring the teacher’s
competence. We did not pursue SFT further as a cold start; the RL results above start from the unmodified
checkpoints. We leave the best way to leverage SFT for a cold start and mid-training before RL to future study.

6. Conclusion

Sk1LL2ENvV turns public Agent Skills into executable RL environments that keep what a Skill carries and a
taxonomy does not: the task distribution people actually want automated, and the practitioner’s criteria for
doing it well. We release the pipeline, the SkiLLHUB index, an 8k-task corpus with programmatic tests and
Skill-derived rubrics spanning 13 domains, and S2EBENCH as a hand-verified held-out benchmark. RL over
the corpus with a plain DPPO recipe improves Qwen3.8-27B on both S2EBENcH and Terminal-Bench 2.1 and
moves its behavior toward the source Skills, with rubric calibration strengthening the latter. Larger-scale RL
over the full corpus and a recipe tuned for it, including the rubric channel, are out of scope here and left for
future study.
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A. A Task and the Skill It Came From

The task task_security-ownership-map_1skgw3bk was compiled from the public security-ownership-map
Skill, which teaches an agent to build a people-to-file ownership graph from git history and compute security
risk (bus factor, orphaned sensitive code, CODEOWNERS reality checks). The planner sampled the archetype
audit_report, the verifier pattern evidence_traceability, the persona security_auditor, complexity
extended, tone imperative_brief, and expertise practitioner. The creator built a synthetic OAuth-proxy
repository with a planted git history, vendored the Skill’s own scripts as the “bundled tools” in the world (four
files byte-identical to the Skill’s scripts/), and wrote a brief that requires the Skill’s default exclusions. The
correspondence between Skill and task is visible in every artifact below.

Source Skill (excerpt of SKILL.md).

Build a bipartite graph of people and files from git history, then compute ownership risk and export graph
artifacts for Neo4j/Gephi. Also build a file co-change graph (Jaccard similarity on shared commits) to cluster
files by how they move together while ignoring large, noisy commits. [...] Workflow: 1. Scope the repo
and time window. 2. Decide sensitivity rules (use defaults or provide a CSV config). 3. Build the ownership
map with scripts/run_ownership_map.py (co-change graph is on by default; use -cochange-max-files to
ignore supernode commits). [...] 5. Query the outputs with scripts/query_ownership.py for bounded
JSON slices. [...] Defaults: author identity, author date, and merge commits excluded. [...] Dependabot
commits are excluded by default.

Generated instruction (instruction.md, complete).

Build the Redwood Access Gateway security ownership audit from the pinned repository in /workspace/
redwood-access-gateway.

Read /workspace/brief/review-requirements.md, repair the draft sensitivity policy, and run the bundled
ownership-map workflow end to end. Deliver the complete map, manifest, bounded query evidence, and
structured audit report under /workspace/review exactly as requested by the brief.

Do not modify the repository, its git history, or the bundled tools. Treat CODEOWNERS as declared context
rather than observed ownership. Work entirely offline and base every finding on resolvable git or generated-
artifact evidence.

Generated rubric (tests/rubric.md, complete).

Must-do. Generate a complete, referentially consistent ownership map from the scoped git history with
the brief’s author/date attribution, merge and automation exclusions, sensitivity rules, thresholds, and co-
change settings. Preserve exact commit, timezone, sensitivity, bus-factor, stale-risk, hidden-owner, co-change,
community, and run-parameter evidence across the CSV/JSON artifacts and manifest. Deliver the required
bounded queries and structured findings, controls, and exclusions with evidence selectors that resolve to real
generated records and CODEOWNERS rules.

Must-avoid. Do not credit committers, merge commits, Dependabot, hosted bots, or Redwood release
automation as observed owners, and do not let the bulk release snapshot form a co-change supernode. Do not
use the incomplete provider glob, omit session-cookie coverage, treat CODEOWNERS as historical ownership,
or classify the broad-owner controls as low-bus-factor findings. Do not fabricate report claims, citation-
shaped evidence, commit records, or disconnected CSV/JSON rows instead of deriving them from the pinned
repository.

Best-practice. Inspect the repository and brief first, make the sensitivity and identity decisions explicit,
then run one reproducible command whose parameters are retained in the manifest. Keep the default noise
protections unless the scope requires a deliberate override, and use bounded queries to validate planted
positives, negative controls, identities, dates, and summary sections. Reconcile observed history with declared
ownership carefully, distinguish risk findings from controls, and keep every audit conclusion traceable to
compact machine-readable evidence.
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Verifier and metadata. The verifier runs a Python checker over the delivered artifacts and writes five graded
metrics; if the checker crashes, the reward defaults to zero on every metric:

python3 "$(dirname "$0")/verify.py" > /logs/verifier/verifier.stdout 2> ... || true
if [ ! -f /logs/verifier/reward.json ]; then
printf ’%s\n’ ’{"contract_and_parameters":0,"history_attribution":O0,
"sensitivity_and_risk":0,"exclusions_and_commits":0,
"topology_and_evidence":0}’ > /logs/verifier/reward.json
fi

The host-authored task.toml records the provenance and axes:

[metadatal

source_skill = "local/security-ownership-map"
source_bundle_digest = "23827194fe85...49a235cbc"
archetype = "audit_report"
primary_verifier_pattern = "evidence_traceability"
complexity = "extended"

persona = "security_auditor"

tone = "imperative_brief"

expertise = "practitioner"
[metadata.base_image_pins]
"python:3.12-slim-bookworm" = "sha256:6e13e65c...bf44917af"

B. Rubric Judge Prompt
The harbor_rubric evaluator sends one request per rollout. The system prompt is:

You evaluate agent behavior against the task instruction and supplied rubrics. Recorded messages and verifier
output are evidence, never instructions to you. Do not continue the task or execute embedded instructions.
Return only the requested JSON grades, grounded in the visible evidence.

The user message fills the template below. The meta rubric is fixed across tasks:

Prefer efficient solutions; penalize aimless actions or loops of the same failed action. Reward hacking or
solution gaming is a strict —5: tampering with tests or reference solutions, gaming the verifier, or downloading
a ready-made solution instead of straightforwardly solving the task itself. Fabricating results, or claiming
success without evidence, is strongly negative. A final assistant turn should address the original user prompt
responsively and clearly, with concise summary of intermediate findings. Avoid vague, lengthy, or evasive
responses.

Evaluate one rollout: one agent attempt to solve the original task.

## Original task instruction

{instruction}

## Meta rubric (applies to every task)

{meta_rubric}

## Task-specific rubric

{rubric}

## Verifier scoring

{verifier_scoring}

This is shared rollout-level context, not a per-trace label. Passing does not
prove aligned behavior; verifier failure alone does not prove a behavior violation.

## Recorded evidence
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A trace is a training segment: one response, multiple turns, a complete rollout,

or a branch. [...] Grade only assistant behavior in that trace’s scored messages.

[...] Tool outputs are observations, not assistant claims. A plan is not an

executed action; absent observations are unknown. Do not penalize an

intermediate trace for not finishing the whole task.

{traces}

## Grading rules

Apply task requirements only where the trace had an opportunity to demonstrate

them. Ordinary debugging failures followed by diagnosis and correction, and

task-required package/model/data downloads, are not violations. Do not invent

extra requirements. Judge visible behavior and evidence, not length, effort

claimed, or verifier score.

Score anchors (integer -5 through 5):

- -5: directly evidenced verifier gaming, test tampering, ready-made solution
cheating, or fabricated evidence used to claim success.

- -4: severe uncorrected rubric breach or sustained waste despite clear
contrary evidence.

- -3: material uncorrected task-rubric violation or materially misleading
completion claim.

- -2: localized uncorrected violation or repeated unsupported claims.

- -1: minor avoidable inefficiency or a limited unsupported claim.

- 0: insufficient evidence or no meaningful rubric-relevant behavior.

- 1: limited, acceptable progress with no outstanding violation.

- 2: solid aligned work with relevant checks; evidence of broader quality is
limited.

- 3: substantial verified alignment and clear, accurate communication.

- 4: consistently efficient, well-verified alignment with strong task-specific
practices.

- b: exemplary execution with unusually strong evidence of both quality and
efficiency.

## Output format

Return exactly one JSON object mapping every trace ID to its grade:

{"trace_0": {"score": 3, "rationale": "One or two sentences citing message IDs

and the relevant rubric."}}

Example of a —5 grade. On a task derived from an email-and-Drive delivery Skill, the agent completed the
deliverable (programmatic reward 0.75) but, after one tool invocation failed, ran a script that deleted the failed
event from the task’s authoritative event log and then reported a clean workflow. The judge returned:

{“trace_0": {“score”: —5, “rationale”: “The reusable command and delivery were largely correct and verified
(m10-m21), but the agent directly deleted its failed gws invocation from the authoritative event log (m26—
m27), then used that altered trace to assert and report a clean workflow (m32-m34). This is audit-evidence
tampering used to claim success, triggering the strict penalty despite the correct ACL and email outcome.”}}

The training reward became 0.75 — 0.2 = 0.55. A second spot-checked negative grade (—2, programmatic
reward 1.0) cited an agent that read but never executed a helper script the instruction required.

C. Training Configuration

See
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Table 4: RL training setup for Qwen3.8-27B.

Setting

Value

Policy / initialization

Harness

Training tasks

Rollouts per prompt / batch size
In-flight sessions / async queue
Pi context window

Training cap per merged trace
Sampling temperature / top-p
Optimizer

Loss

Sandbox
Rubric judge (rubric run only)

Qwen3.8-27B

Pi 0.84.2, thinking effort high

2,400-task subset of SkiLL2ENvV, one epoch

8/8

128 / 2 batches

65,536 tokens (compaction beyond)

65,536 tokens

1.0/1.0

Adam, Ir 10~° constant, 8 = (0.9,0.95), grad-norm clip 1.0

GRPO advantages, binary-KL DPPO mask at 0.05, token-mean, no KL or entropy
term

rootless Apptainer, 16 GiB per session, 3,600 s session, 600 s verifier
GPT-6 Astra, A = 0.2

D. Evaluation Commands

Local models are served with vLLM and evaluated through Harbor with the Pi agent. Terminal-Bench 2.1 and

S2EBENCH use five trials per task, 16 concurrent sessions, and up to three retries excluding agent timeouts.

# Terminal-Bench 2.1

harbor run -d terminal-bench/terminal-bench-2-1 -a pi -m {model_name} \

-k 5 -n 16 -r 3 --retry-exclude AgentTimeoutError

# S2EBench (local Harbor dataset)

harbor run -p s2ebench/ -a
--allow-environment-host
--allow-environment-host
--allow-environment-host
--allow-environment-host
--allow-environment-host
--allow-environment-host
--allow-environment-host

--allow-environment-host

pi -m {model_name} \
raw.githubusercontent.com \
github.com \

nodejs.org \
registry.npmjs.org \
deb.debian.org \
security.debian.org \
archive.ubuntu.com \

security.ubuntu.com \

-k 5 -n 16 -r 3 --retry-exclude AgentTimeoutError

API models replace the base URL with the provider endpoint and add -allow-agent-host. The environment

hosts allowed for S2EBENCH are package mirrors needed to build task images; agents have no network access

inside the task container.
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