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Abstract

LLMs increasingly use external tools and state-
ful environments for complex, multi-step tasks.
Further improving their tool-use capabilities,
however, remains bottlenecked by the lack
of scalable stateful environments and verified
multi-turn trajectories matched to the target
LLM’s current capability boundary. We ob-
serve that agent skills, packages pairing work-
flow specifications with executable scripts, pro-
vide scalable seed material for tool-use en-
vironment synthesis. This motivates Graft-
ing, a skill-to-environment synthesis loop in
which coding-agent harnesses perform open-
ended construction under deterministic vali-
dation contracts, producing self-contained ex-
ecutable environments that are refined using
trajectory-level verdicts. In an initial end-
to-end run, Grafting produces 500 environ-
ments and approximately 12K verified multi-
turn trajectories. We train on these trajecto-
ries with Fathoming, an iterative GRPO pro-
cedure that selects verified trajectories near the
target model’s capability boundary. Training
a 4B-parameter instruction-tuned model with
two rounds of Fathoming on the trajectory pool
produces FATHOM-4B and yields strong out-
of-distribution gains: BFCLv4 multi-turn ac-
curacy rises from 22.0 to 39.7 (+17.7 points),
and ComplexFuncBench per-call accuracy rises
from 49.6 to 61.6 (+12.0 points). Using the
same environment-synthesis pipeline, we fur-
ther construct GROVE-5K, a collection of 5,101
executable environments. We release our code,
GROVE-500, GROVE-5K, and FATHOM-12K.

1 Introduction

Tool-augmented large language models (LLMs) are
increasingly deployed as agents that interact with
external tools in stateful environments (Qu et al.,
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2025; Schick et al., 2023; Qin et al., 2024). Solv-
ing such tasks requires sequential decision making
over tool invocations and environment state across
multiple interaction turns (Yao et al., 2025). A
common route is to synthesize tool-interaction data
and then train on it with supervised or reinforce-
ment fine-tuning (Liu et al., 2024, 2025; Prabhakar
et al., 2025; Qian et al., 2025). For multi-turn tool
use, however, the most useful data should capture
grounded interaction dynamics: trajectories should
be generated in scalable executable environments,
verified against environment state, and aligned with
the target LLM’s current capability boundary. Ob-
taining such environments and trajectories with
both quality and scale remains challenging.

Existing work constructs tool-use data and en-
vironments from several starting points. Many
pipelines begin with tool, API, or domain speci-
fications, then synthesize tool-calling examples or
materialize executable backends (Liu et al., 2024,
2025; Prabhakar et al., 2025; Tu et al., 2026; Song
et al., 2026; Cai et al., 2025). Benchmark-oriented
systems instead connect agents to real or simu-
lated services (Xu et al., 2025; Guo et al., 2024; Li
et al., 2025b). These directions have substantially
improved scale and coverage, but two challenges
remain. First, constructing reproducible, resettable,
and stateful environments for grounded multi-turn
interaction remains difficult at scale. Second, the
training value of the resulting trajectories changes
with the target model’s evolving capability.

To address the first challenge, we look for seed
material that contains operational structure beyond
tool names or domain labels. We observe that
agent skills (Agent Skills Project, 2026) provide
such an intermediate representation: a skill typi-
cally packages a workflow specification, executable
scripts, and reference material. This makes skills
workflow-bearing through multi-step procedures,
implementation-anchored through bundled exe-
cutable logic, and domain-grounded through tasks
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that users already want agents to automate. To-
gether, these properties provide concrete work-
flows, constraints, and executable context for con-
structing realistic, stateful environments.

We realize this potential through Grafting (Sec-
tion 3.1), a validation-driven skill-to-environment
synthesis loop that starts from filtered skills with
substantive workflow and implementation signals.
First, Grafting treats each skill as a workflow-
level seed rather than a runtime dependency, and
coding-agent harnesses such as Claude Code (An-
thropic, 2025) or Codex (OpenAI, 2025) synthesize
self-contained environments with tool schemas,
database state, backend code, documentation, and
tests under deterministic validation gates. Sec-
ond, it generates grounded tasks, simulates multi-
turn trajectories through the deterministic back-
end, and verifies them by replaying tool calls
against fresh environment state. Third, environ-
ment evolution uses trajectory-level verdicts to
improve the environment through repair or en-
richment. This validation-driven pipeline enables
Grafting to scale diverse executable environments
and grounded multi-turn trajectories while preserv-
ing reproducibility and resettable state.

Using the verified trajectories produced by Graft-
ing, we address the second challenge with Fathom-
ing (Section 3.2), an iterative training procedure
that selects data according to the target LLM’s cur-
rent capability boundary. Fathoming slices each
accepted trajectory at tool-call depths, probes the
target model with multiple completions per slice,
and uses pass and format rates to bucket examples
by suitability for training. It then trains with Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024) on frontier-near data and re-probes the up-
dated model before the next selection round. This
loop keeps training data near the model’s capabil-
ity boundary and provides informative signal for
progressive improvement.

Our contributions are as follows:

• We propose Grafting, a skill-to-environment
synthesis loop that uses coding-agent har-
nesses under deterministic validation con-
tracts to build self-contained executable en-
vironments and refine them using trajectory-
level verdicts.

• We validate the end-to-end Grafting-to-
Fathoming pipeline on an initial 500-
environment run, producing approximately

12K verified multi-turn trajectories. Train-
ing Qwen3-4B-Instruct-2507 (Qwen Team,
2025) with two rounds of Fathoming produces
FATHOM-4B, improving BFCLv4 multi-turn
accuracy from 22.0 to 39.7 (+17.7 points) and
ComplexFuncBench per-call accuracy from
49.6 to 61.6 (+12.0 points).

• Using the same environment-synthesis
pipeline, we construct and characterize
GROVE-5K: 5,101 portable executable
environments with broad domain and tool
diversity, released as a reusable resource for
research on tool-use data scaling.

2 Related Work

2.1 Environment Synthesis for Agent Training

Training tool-use agents requires executable en-
vironments and verifiable interaction trajectories.
Recent work automates environment construction
at scale, differing mainly in what they start from
and how they execute tools.

Most pipelines bootstrap from lightweight seeds.
EnvScaler (Song et al., 2026) and AutoForge (Cai
et al., 2025) start from domain keywords or tool
descriptions, ScaleEnv (Tu et al., 2026) from
procedural tool-graphs, AgentScaler (Fang et al.,
2026) from clustered real-world APIs, and Agent-
World (Dong et al., 2026b) and TOUCAN (Xu
et al., 2025) from live MCP servers; others
need no seed, with Simia (Li et al., 2025b) and
GenEnv (Guo et al., 2025) inventing tool behavior
with an LLM. Coverage thus traces back to de-
signer vocabulary, API catalogs, or unconstrained
LLM imagination; we instead seed from developer-
published agent skills, whose workflows and exe-
cutable scripts provide richer operational ground-
ing.

These pipelines also differ in execution: deter-
ministic local backends (Cai et al., 2025; Song
et al., 2026; Tu et al., 2026; Wang et al., 2026),
LLM-simulated responses (Li et al., 2025b; Guo
et al., 2024, 2025), or live API passthroughs (Xu
et al., 2025). Simulation and passthrough sidestep
construction cost but introduce nondeterminism or
service drift and hold no persistent state. Grafting
uses deterministic backends and adds a trajectory-
driven evolution loop that feeds verdict statistics
back to repair or enrich environments, a mechanism
prior pipelines do not employ.
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2.2 Tool-Use Data and Trajectory Synthesis

A parallel line synthesizes tool-use training data at
scale, including verification-based pipelines such
as APIGen (Liu et al., 2024), APIGen-MT (Prab-
hakar et al., 2025), and ToolACE (Liu et al., 2025),
and graph-based methods such as Magnet (Yin
et al., 2025) and ToolMind (Yang et al., 2025).
Unlike these approaches, our trajectories are simu-
lated in self-verified executable environments with
authoritative state, then replayed by a separate val-
idation agent against a fresh database copy for
grounded verification.

2.3 Reinforcement Learning for Tool Use

RL has become a powerful paradigm for tool use
beyond supervised fine-tuning. ToolRL (Qian et al.,
2025) gives the first systematic study of reward
design within GRPO; Agent-R1 (Cheng et al.,
2026) extends the MDP formulation to multi-turn
tool-using agents; ReTool (Feng et al., 2026) uses
outcome-based RL to learn when to invoke tools
during reasoning; ToRL (Li et al., 2025a) and Tool
Zero (Zeng et al., 2025) show that tool use can
emerge from pure RL on base models without SFT;
and Tool-Star (Dong et al., 2026a) adds hierarchi-
cal rewards across tool types. A common thread is
that RL is applied to a fixed dataset.

A complementary line instead adapts training
data or task difficulty to the learner’s evolving capa-
bility. LoopTool (Zhang et al., 2026) is the closest
parallel, using difficulty probing and closed-loop
training. ToolACE-R (Zeng et al., 2026) re-selects
training data via a model-aware difficulty metric,
GenEnv (Guo et al., 2025) co-evolves an environ-
ment simulator that calibrates task difficulty, En-
vironment Tuning (Lu et al., 2026) stages curricu-
lum complexity progressively, CuES (Mai et al.,
2025) generates tasks via intrinsic curiosity, and
Dr. Zero (Yue et al., 2026) runs a proposer–solver
co-evolution loop without labeled data. Fathoming
differs by selecting frontier examples at the tool-
call-slice level and re-probing after each GRPO
round so the frontier tracks the updated model.

3 Method

Our method turns agent skills from the web into
tool-use training signal in two stages, shown in
Figure 1. The two stages target the two obstacles
to scaling multi-turn tool-use data: producing ex-
ecutable environments at scale, and using the re-
sulting trajectories in a way that matches the target

model’s current ability. Grafting (Section 3.1) is a
synthesis loop that builds executable environments
from crawled skills and harvests a pool of verified
trajectories T from them (Figure 1a,b). Fathom-
ing (Section 3.2) is a training loop that draws on
T at the target model’s current capability boundary
(Figure 1c). The two stages run in sequence and
are connected only by T : Grafting builds the pool
once, and Fathoming re-reads it against an evolving
model rather than consuming it as a fixed dataset.
Appendix M discusses modular simplifications and
their trade-offs.

3.1 Grafting: Environment Synthesis Loop

Each Grafting stage is run by a dedicated agent
(Figure 1b) under a recurring design principle: ev-
ery agent does open-ended construction but is gated
by a validation contract, so the agents supply cov-
erage and variety while the contracts keep their
output deterministic and reproducible.

3.1.1 Seed Skills
Grafting seeds each environment from an agent
skill (Agent Skills Project, 2026), which supplies
the operational structure that bare tool or domain
specifications lack: a workflow, executable scripts,
and reference material. We crawl public skills, fil-
ter out those containing sensitive information, and
keep only those that ship a scripts/ directory,
since bundled scripts signal that the workflow can
be grounded in a deterministic executable backend
(Figure 1a). A kept skill serves only as a workflow-
level seed: the synthesis agent reads it to infer op-
erations, state, constraints, and realistic user goals,
but the admitted environment is newly generated,
with its own tool schemas, database, backend, and
tests, and cannot depend on source-repository files
at runtime. We release the synthesized environ-
ments and trajectories but not the seed skills them-
selves; see the ethics statement for provenance.

3.1.2 Environment Synthesis
Materializing a seed skill as a portable executable
environment is open-ended, requiring the design
of tool schemas, a relational world, deterministic
backend logic, and tests, so Grafting delegates con-
struction to a coding-agent harness such as Claude
Code (Anthropic, 2025) or Codex (OpenAI, 2025)
running in an isolated sandbox, and constrains it
with a hard output contract (Figure 2). A run-
ner mounts guidance and environment-synthesis
skills; the coding agent works through access, de-
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Figure 1: Overview of our method. (a) Seed skills are crawled and filtered to a curated pool. (b) Grafting is a closed
synthesis loop; accepted trajectories form the verified pool T . (c) Fathoming decomposes T into tool-call slices,
probes the target model πθr to select a frontier subset Br, trains with GRPO, and re-probes the updated model.
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Figure 2: Environment synthesis. A coding agent works inside a controlled sandbox through access, design, write,
and self-test phases. The environment package is admitted only if a deterministic check passes, yielding a validated
environment with spec/, runtime/, world/, and tests/ layers.

sign, write, and self-test phases; and the runner
admits the environment package only if a deter-
ministic check passes: all required files present
and the full test suite green. An admitted environ-
ment e = (S,R,W,Q) has four layers that mirror
its directory: a specification spec/ (S: brief, tool
schemas, dependency graph), a runtime runtime/
(R: deterministic backend execution), a world
world/ (W: a pre-populated relational database
and its schema), and tests tests/ (Q: an exe-
cutable suite over tools and workflows). This
runner–harness–contract pattern recurs in the later
Grafting stages with stage-specific contracts. Ap-
pendix A gives the concrete file structure and a
running travel_booking example.

3.1.3 Task Generation, Simulation, and
Validation

With an environment e in hand, Grafting produces
trajectories in three steps (Figure 3).

Task generation. A generation agent, con-
strained by the environment specification, emits
grounded task specifications u (each a demand,
the database preconditions it requires, a user per-
sona, and an expected tool subgraph) and discards
ungrounded, unsolvable, ambiguous, or duplicate
tasks before any simulation. The generation agent
is also guided by the Python runner, which mounts
instructions and task-generation skills. The runner
organizes generation through access, design, write,
and self-test phases. See Appendices A and H for
running examples.

Simulation. A simulation engine runs the user–
assistant dialogue on a session-local copy of the
world while dispatching assistant tool calls to the
deterministic backend. The resulting trajectory τ
records user and assistant messages, structured tool
calls, backend observations, and the final answer.
Appendix I documents the user and assistant agent
prompt templates.
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Figure 3: Task generation, simulation, and validation.

Validation. A fluent dialogue is not necessar-
ily a correct one, so validation is a separate
step. A validation agent equipped with trajectory-
validation skills replays the recorded tool calls on
a fresh database and checks that the demand is ful-
filled, that assistant claims are grounded in tool
results, and that the user stayed consistent with
its persona. Accepted trajectories enter the ver-
ified pool T = {τ : v(τ) = ACCEPTED} that
Fathoming consumes; rejected ones are tagged
with a reason such as demand_not_fulfilled,
assistant_hallucination, or user_drift. Ap-
pendix J documents the validation prompts and
mounted skills.

3.1.4 Environment Evolution
A single synthesis pass leaves environments un-
even: some carry latent backend or contract bugs,
while others are correct but seeded too uniformly
to yield varied trajectories. Environment evolution
uses trajectory verdicts as a cheap diagnostic to
route each environment and close the Grafting loop
(Figure 1b). A smoke-test batch sends each envi-
ronment to fix (internal errors or universal failure),
pass (a healthy mix of accepted and rejected trajec-
tories), or enrich (every trajectory passes, signaling
overly uniform seed data). Fix repairs backend or
contract inconsistencies; enrich adds rows, edge

cases, and distributional variety without changing
tool schemas or backend code. Only error-free envi-
ronments that yield accepted trajectories proceed to
large-scale production. This verdict-driven repair is
what makes Grafting a loop rather than a one-shot
synthesis step, letting environment coverage scale
without sacrificing reproducibility. Appendix K
documents the evolution prompts and mounted re-
pair and enrichment skills.

3.2 Fathoming: Iterative Training

Grafting’s pool T is correct with respect to the envi-
ronments, but correctness is not the same as useful
training signal for a particular model: a trajectory
the model already solves contributes no gradient,
and one far beyond it produces no informative gra-
dient either. This distinction is model-specific and,
crucially, it moves as the model improves. Fath-
oming addresses this by selecting training data at
the model’s current capability boundary and re-
freshing that selection every round (Figure 1c). It
first decomposes each trajectory into the unit at
which tool-use signal actually lives: a single held-
out tool call in context. For a trajectory τ with
available tool set Fτ and N(τ) tool calls, and for
each depth d ∈ {1, . . . , N(τ)} counted from the
end, Fathoming forms a tool-call prediction slice
(Fτ , ctxτ,d, yτ,d), where ctxτ,d is the dialogue his-
tory before the held-out call (prior user and assis-
tant messages, tool calls, and tool observations),
and yτ,d is the ground-truth tool call. At round r,
Fathoming probes πθr over these slices, selects a
frontier set Br, trains with GRPO, and re-probes
the resulting checkpoint πθr+1 .

3.2.1 Capability-Boundary Probing
Probing measures, rather than assumes, how hard
each slice is for the current model. At round r we
sample πθr on each slice (Fτ , ctxτ,d, yτ,d) K=8
times at temperature 1.0 and compute a pass rate
p
(r)
τ,d (order-agnostic match to yτ,d) and a format

rate q
(r)
τ,d (well-formed tool call). These determine

a bucket label:

ℓ
(r)
τ,d =





too_easy, p
(r)
τ,d ≥ 7/8,

effective, 0 < p
(r)
τ,d < 7/8,

hard, p
(r)
τ,d = 0 ∧ q

(r)
τ,d > 0,

too_hard, p
(r)
τ,d = 0 ∧ q

(r)
τ,d = 0.

(1)

The buckets separate four regimes: effective
slices sit on the current capability boundary,
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too_easy slices are already solved, and hard ver-
sus too_hard distinguishes a content error (right
format, wrong call) from a format failure.

3.2.2 Frontier-Targeted Selection

The buckets rank slices by how much the current
model can learn from them. too_easy slices carry
no signal and are dropped; too_hard slices are too
far from the model’s reach to bridge in one training
step and are also dropped. effective slices (the
active frontier) are retained in full, and a fraction of
hard slices is mixed in for aspirational signal. The
retained slices form the round’s training set Br.

3.2.3 Iterative GRPO Loop

Dense tool-call reward. Exact-match supervi-
sion yields a single bit per slice and discards most
of the structure in a tool call. We instead train with
GRPO under a dense reward that scores the parts of
a predicted call separately. For a sampled response,
let Ffmt denote valid <tool_call> formatting,
Sname tool-name recall, Skey argument-key Jaccard
similarity, Sval canonicalized argument-value simi-
larity, and Scnt = max(0, 1−|n−m|/max(m, 1))
the call-count score. The coefficient rationale and
penalty definitions are detailed in Appendix C; the
dense reward is

R̃ = 0.10Ffmt + 0.30Sname + 0.25Skey

+ 0.25Sval + 0.10Scnt

− Pextra − Pinvalid − Pdup,

(2)

and the final reward is

R =

{
1, canon(ŷ) = canon(y),

clip[0,1](0.5R̃), otherwise,
(3)

where ŷ and y are the predicted and ground-
truth tool-call sequences. For each selected slice
(F , ctx, y) ∼ Br, the old policy samples a group of
Ggrp candidate responses {Oi}Ggrp

i=1 with rewards
{Ri}Ggrp

i=1 . We optimize

JGRPO(θ) = E
Br,πold

[
L̄
]
,

L̄ =
1

Ggrp

Ggrp∑

i=1

(Li − βDKL) ,
(4)

where πold = πθold , (F , ctx, y) ∼ Br, and
{Oi}Ggrp

i=1 ∼ πold(· | ctx,F). The ratio and group-

normalized advantage are

Li = min
(
ρiAi,

clip(ρi, 1− ϵ, 1 + ϵ)Ai

)
,

DKL = KL(πθ ∥πold),
πi = πθ(Oi | ctx,F),

πold
i = πold(Oi | ctx,F),

ρi = πi/π
old
i ,

Ai =
Ri −mean({Rj}Ggrp

j=1 )

std({Rj}Ggrp

j=1 )
.

(5)

Re-probing. After a round produces a check-
point, Fathoming re-probes it against the same
trajectory pool, recomputes bucket assignments,
reassembles frontier-targeted data, and begins the
next GRPO round from the previous checkpoint.
Because the frontier shifts as the model improves
(slices that were effective become too_easy),
each round concentrates training compute on sig-
nal that is informative for the current model rather
than for a fixed difficulty distribution. Section 4.1
reports two such rounds on Qwen3-4B-Instruct-
2507.

Together, Grafting and Fathoming turn crawled
developer skills into capability-matched reinforce-
ment signal, with neither hand-authored environ-
ments nor a static difficulty distribution.

4 Experiments

4.1 Experimental Setup
Environment and trajectory synthesis. All
training data comes from an initial pipeline-
development run of Grafting (Section 3.1) over
500 source environments, yielding 12,745 veri-
fied multi-turn trajectories (Appendix B). This run
used a mixed worker pool comprising Claude Code
(Claude Opus 4.6) and Codex (GPT-5.4). We sep-
arately scale synthesis to produce GROVE-5K, a
release pool of 5,101 environments characterized
in Section 4.4; GROVE-5K is a synthesis artifact
only and is not used for the training experiments
here. Table 4 reports retention and rejection statis-
tics, while Appendix B provides trajectory-level
rejection flags and benchmark-overlap analyses.

Fathoming training. We instantiate Fathoming
(Section 3.2) on Qwen3-4B-Instruct-2507. Each
round probes the current checkpoint at tempera-
ture 1.0 with K=8 samples per trajectory slice, re-
tains all effective slices and 10% of hard slices,

7031



Model Overall Base Miss F. Miss P. Long

Closed-source models
Claude-Opus-4.5 (FC) 68.38 81.0 64.0 58.0 70.5
Gemini-3-Pro (FC) 63.12 69.0 63.0 56.5 64.0
Claude-Sonnet-4.5 (FC) 61.37 69.0 65.0 52.5 59.0
GPT-4.1 (FC) 38.88 47.5 32.5 32.5 43.0

Open-source models
GLM-4.6 (FC thinking) 68.00 74.5 68.0 63.0 66.5
Qwen3-8B (FC) 41.75 50.5 42.0 40.0 34.5
xLAM-2-3b-fc-r (FC) 58.38 71.5 59.0 57.5 45.5
Nanbeige4-3B-Thinking-2511 (FC) 51.12 58.5 54.0 45.0 47.0
Arch-Agent-3B 34.88 42.0 37.5 31.0 29.0
Hammer2.1-3b (FC) 16.50 22.0 12.5 16.0 15.5

Ours
Qwen3-4B-Inst-2507 (official) 22.12 26.5 21.0 15.5 25.5
Qwen3-4B-Inst-2507 22.00 26.30 20.70 16.60 24.40
FATHOM-4B 39.70 56.80 27.60 27.90 46.50

Table 1: Main BFCLv4 multi-turn results. Leaderboard
scores are from the official BFCLv4 website (Berke-
ley Function Calling Leaderboard, 2026) (2026-04-12
snapshot). Our local BFCLv4 scores report means over
five evaluation runs, omitting standard deviations for
compactness. BFCLv4 is not represented in training.

and trains with GRPO under the dense tool-call
reward of Section 3.2.3. We run two probe–train
rounds: round 1 selects 7,388 samples from the
pool; round 2 starts from the round-1 checkpoint,
re-probes the same pool, and selects 3,616 samples.
Additional training configuration is in Appendix C.

Benchmarks. We evaluate every checkpoint on
two benchmarks; neither is represented in training,
so both constitute out-of-distribution evaluation.
BFCLv4 (Patil et al., 2025) multi-turn reports over-
all accuracy and four sub-categories (Base, Miss-
ing Function, Missing Parameter, Long Context).
ComplexFuncBench (Zhong et al., 2025) reports
per-call accuracy, per-task success rate, and five do-
main splits (Car-Rental, Flight, Hotel, Attraction,
Cross-Domain). Both target multi-turn interaction
and tool use, matching our data-construction set-
ting.

4.2 Results

BFCLv4 multi-turn. Table 1 shows that Fathom-
ing lifts Qwen3-4B-Instruct-2507 from 22.00±0.20

to 39.70±0.52 (+17.7 points), surpassing GPT-4.1
(38.88) and nearly matching Qwen3-8B (41.75) at
half the parameter count. The largest gains appear
on Base (+30.5) and Long Context (+22.1).

ComplexFuncBench. Table 2 shows that per-
call accuracy improves from 49.62 to 61.64
(+12.0), surpassing all open-source baselines re-
ported by ComplexFuncBench, including Qwen2.5-
72B (58.32), a model 18× its size, and Mistral
Large 2 (48.78). The improvement holds across

Model Call Succ. Car Flight Hotel Attr. Cross

Closed-source models
GPT-4o 80.55 60.50 86.88 85.50 81.99 87.59 75.13
Claude-3.5-Sonnet 79.27 61.00 86.01 79.50 68.17 83.33 79.33

Open-source models
Qwen2.5-7B 18.19 5.00 6.41 5.13 20.65 35.18 21.41
GLM-4-9B 27.97 9.40 25.36 34.00 31.52 29.26 25.46
Mistral Large 2 48.78 20.10 58.16 52.88 34.32 40.18 50.54
Qwen2.5-72B 58.32 40.10 57.58 49.25 60.24 67.41 59.00

Ours
Qwen3-4B-Inst-2507 49.62 0.9 69.5 54.6 30.0 43.9 48.8
FATHOM-4B 61.64 0.7 80.8 61.1 35.1 54.3 64.9

Table 2: Main ComplexFuncBench results. External-
model rows are from Table 2 of Zhong et al. (2025);
columns report overall call accuracy, task success rate,
and domain-level call accuracy. Bold marks the best
open-source overall call accuracy in the comparison.
ComplexFuncBench is not represented in training.

Variant Ovr. Base Miss F. Miss P. Long

Training signal
Base model 22.00 26.30 20.70 16.60 24.40
Random-depth GRPO 21.65 24.50 21.40 18.10 22.60
Last-depth GRPO 24.28 29.40 20.10 23.00 24.60
Frontier SFT (R1) 26.00 30.70 19.00 25.80 28.50
Frontier GRPO (R1) 36.45 48.20 30.70 26.40 40.50

Iterative re-probing
Round 1 36.45 48.20 30.70 26.40 40.50
Round 2 39.70 56.80 27.60 27.90 46.50

Source-environment scaling
0 env. 22.00 26.30 20.70 16.60 24.40
50 env. 23.65 25.10 23.80 21.70 24.00
100 env. 30.77 36.10 28.40 27.10 31.50
200 env. 34.15 43.50 31.80 26.40 34.90
500 env. 36.45 48.20 30.70 26.40 40.50

Table 3: Ablations on BFCLv4 multi-turn accuracy.
Columns report Overall, Base, Missing Function, Miss-
ing Parameter, and Long Context. Entries are five-run
means.

all five domains, with the largest gains on Cross-
Domain (+16.1), Car-Rental (+11.3), and Attrac-
tion (+10.4). Per-task success rate remains near
the floor (0.9% → 0.7%), expected for a 4B model
on long-context multi-step tasks where a single in-
correct call fails the entire task; thus, the result is
best read as a call-level grounding improvement
rather than full task completion.

4.3 Ablations

Table 3 reports BFCLv4 multi-turn ablations for
training signal, iterative re-probing, and source-
environment scaling.

Training signal. The training-signal block iso-
lates frontier-targeted selection and dense-reward
GRPO. Random-depth and last-depth GRPO barely
improve over the base model, and frontier SFT is
much weaker than Frontier GRPO, indicating that
the gains require both model-aware selection and
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reinforcement learning rather than tool-call data
alone.

Iterative re-probing. Round 2 adds gains over
Round 1, especially on Base and Long Context,
suggesting that refreshing the frontier after the
model improves can help. The Missing Function
drop suggests a trade-off: continued positive-only
optimization may encourage the model to attempt
calls more often, sometimes at the expense of cor-
rectly declining unavailable functions. Appendix E
tests this trade-off by adding 300 refusal and clari-
fication targets to round-2 training. This augmenta-
tion recovers 4.1 points on Missing Function, but
reduces Base by 5.7 points and Long Context by
5.8 points, resulting in a 2.0-point overall decrease.
Appendix D analyzes how the probing distribution
shifts between rounds.

Source-environment scaling. Scaling from 50
to 500 source environments changes the result from
marginal improvement over the base model to the
main gain, suggesting that Fathoming benefits from
broader source coverage.

4.4 Environment Analysis
Scaling to GROVE-5K. Beyond the 500-
environment pipeline-development run used for
training, the same synthesis loop (Section 3.1.2)
produces GROVE-5K, a release pool of 5,101
portable environments. The median package ex-
poses 25 tools (range 14–57), defines 9 relational
tables (range 3–27), and implements its backend
in 887 lines of deterministic Python (range 450–
2,478). For broader context, Appendix B.1 sum-
marizes the released artifacts and reported down-
stream results of representative environment- and
trajectory-synthesis systems.

Pipeline retention. Table 4 summarizes reten-
tion across environment synthesis and trajectory
production. GROVE-5K synthesis admits 5,101 of
8,059 attempts (63.3%), with external or live de-
pendencies and duplicate outputs accounting for
most rejections. For GROVE-500, trajectory valida-
tion retains 12,745 of 14,995 evaluable trajectories
(85.0%).

Domain distribution. Embedding-based cluster-
ing followed by manual labeling groups the 5,101
environments into 14 first-tier domains and over
50 sub-domains (Figures 4 and 5). The main take-
away is breadth rather than a specific domain rank-
ing: the largest domain, AI Agents & Autonomy,

Stage or outcome Count

Environment synthesis (GROVE-5K)
Public skills 148,134
Script-backed skills 28,954
Synthesis attempts 8,059
Admitted environments 5,101 (63.3%)

Trajectory production (GROVE-500)
Generated tasks 15,000
Evaluable trajectories 14,995
Verified trajectories 12,745 (85.0%)

Environment-synthesis rejections
External/live dependency or file I/O 2,094 (70.8%)
Duplicate 630 (21.3%)
Timeout/no output 131 (4.4%)
Other viability failure 59 (2.0%)
Missing contract files 37 (1.3%)
Runtime-test failure 7 (0.2%)

Table 4: Retention and rejection statistics for environ-
ment synthesis and trajectory production.

Grove-5K
14 domains
5,101 envs

AI Agents
Software Dev
Knowledge & Docs
Cloud & Infra
Productivity
Finance
Generative AI
Content & Social
Data & ML
Healthcare
Travel
Design
Commerce
Gaming

Figure 4: Domain taxonomy of GROVE-5K: the 14 first-
tier domains. Wedge area is proportional to the number
of environments in each domain.

accounts for only 15.9% of the pool, while the re-
maining environments span software, knowledge
and document work, infrastructure, finance, media,
healthcare, and games. The leading sub-domains
likewise mix orchestration, analysis, DevOps, gen-
eration, and editing workflows, suggesting that
GROVE-5K is not concentrated in a single tem-
plated source family.

Tool diversity. Embedding the 130,985 tools and
counting connected components in a top-50 cosine-
similarity graph yields 83,350 effective tools, while
the Vendi score (Friedman and Dieng, 2023) satu-
rates near 118 effective dimensions, far below the
1,536-dimensional ambient ceiling. This suggests
near-linear growth in distinct functions despite a
low-dimensional geometric spread; Appendix L
reports the full scaling analysis.
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Figure 5: The top-12 GROVE-5K sub-domains by envi-
ronment count.

5 Conclusion

We presented a methodology for growing exe-
cutable environments and training tool-use agents
from web-published developer skills. First, Graft-
ing turns filtered skills into self-contained exe-
cutable environments through coding-agent synthe-
sis under deterministic validation contracts. These
environments support grounded task and trajectory
synthesis, yielding verified multi-turn training data;
at scale, the same synthesis loop produces GROVE-
5K, a pool of 5,101 portable environments with
broad domain and tool diversity. Second, Fathom-
ing shows how to train effectively on these synthe-
sized trajectories by repeatedly probing the target
model, selecting frontier-near verified examples,
and applying GRPO. On trajectories from an ini-
tial 500-environment run, this iterative procedure
produces FATHOM-4B and improves Qwen3-4B-
Instruct-2507 by 17.7 points on BFCLv4 multi-turn
and 12.0 points on ComplexFuncBench per-call
accuracy after two probe–train rounds. Together,
validation-driven synthesis and capability-matched
iterative training make skill-derived environments
a reliable substrate for advancing tool-use agents.

Limitations

Scale gap between synthesis and training. Our
end-to-end Fathoming experiment was conducted
on an initial 500 environments produced dur-
ing pipeline development, yielding approximately
12,000 verified trajectories for training. We sub-
sequently scaled Grafting to 5,101 environments
(GROVE-5K) but have not yet run trajectory gener-
ation, probing, or GRPO training over the full pool
due to compute cost (Appendix F). The diversity
analysis in Section 4.4 and Appendix L (Figure 6)
characterizes the GROVE-5K artifacts intrinsically;

whether scaling the training pool would yield fur-
ther downstream gains is left to future work.

Sampled human review. Grafting validates en-
vironments, tasks, and trajectories through deter-
ministic checks, replay against fresh state, and a
separate trajectory-validation agent. We manually
reviewed 50 environments and 50 trajectories. All
environments passed review, and all trajectory tool
calls were correct; 4 trajectories contained minor
hallucinations in assistant messages.

Matched synthesis comparison. We do not com-
pare Grafting with other environment-synthesis
methods under matched model, data, and compute
settings.

Positive-only training signal. Fathoming slices
accepted trajectories at tool-call positions, so the
main training objective directly rewards correct
tool-call prediction. Missing-function and missing-
parameter scenarios may appear in dialogue con-
text, but refusal and clarification turns are not opti-
mized as no-call response targets. This one-sided
signal biases the model toward attempting tool calls
even when refusal or clarification is appropriate.
Resolving this trade-off through dedicated refusal-
training stages, ratio tuning between tool-call and
no-call targets, or reward shaping remains an open
direction.

Single target model. We evaluate Fathoming on
a single model (Qwen3-4B-Instruct-2507) and do
not test alternative model families, larger scales,
or reasoning-oriented models. The probing thresh-
olds (e.g., ≥ 7/8 for too_easy) and the 10% hard-
sample inclusion rate were set without cross-model
tuning; these hyperparameters may require adjust-
ment for models of different capacity or architec-
ture.

Ethics Statement

Data sourcing, licensing, and release. The skills
used as seed material were crawled from public
GitHub repositories via skill-aggregator indices,
and their source repositories have heterogeneous
licensing signals. We therefore treat source prove-
nance as a release-governance constraint rather
than assuming that raw skills are redistributable.
We do not redistribute the raw skill collection as
a training artifact. Grafting uses each skill as a
workflow-level specification seed: the synthesis
worker may read SKILL.md, scripts, and metadata
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to infer operations, state, constraints, and realistic
user goals, but each admitted environment must
contain newly generated tool schemas, backend
implementation, database schema and seed data,
documentation, and tests. The released environ-
ments therefore do not include raw skill files and
cannot depend on source-repository files at run-
time. This mitigates provenance risk, but we do
not treat source licensing as irrelevant. For pub-
lic GROVE-5K releases, we avoid redistributing
raw skills and support removal of artifacts in re-
sponse to substantiated source-license conflicts or
maintainer requests.
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A Environment, Task, and Trajectory
Examples

This appendix illustrates the concrete artifacts pro-
duced by Grafting, using the travel_booking en-
vironment from GROVE-5K as a running exam-
ple. The same package layout is described in Sec-
tion 3.1.2.

A.1 Environment Package Structure

Each synthesized environment is a self-contained
directory with the following structure:
<env_name>/
spec/

ENVIRONMENT.md # brief
tools.jsonl # tools
tool_graph.json # tool graph

runtime/
backend.py # backend

tests/
test_runtime.py # pytest

world/
schema.sql # schema
world.db # seeded DB

Specification layer. The specification layer is
the interface seen by task generation, simulation,
and validation. ENVIRONMENT.md gives a natural-
language summary of the domain, tool inventory,
authentication rules, workflows, schema tables,
and verification hints. tools.jsonl defines ev-
ery tool exposed by the environment, one JSON
object per line, specifying the tool name, natural-
language description, category, and input schema.
tool_graph.json encodes directed edges be-
tween tools, capturing state preconditions and data-
flow prerequisites (e.g., authenticate_travel
must precede book_flight because it provides an
access_token). The travel_booking example
exposes 19 tools; the following abridged excerpts
show one mutation tool and two graph edges:
{"name": "book_flight", "category": "mutation",
"description": "Book a flight between two airports

and charge the specified credit card.",
"inputSchema": {"type": "object",

"properties": {
"access_token": {"type": "string"},
"card_id": {"type": "string"},
"travel_date": {"type": "string"},
"travel_from": {"type": "string"},
"travel_to": {"type": "string"},
"travel_class": {"type": "string",
"enum": ["economy", "business", "first"]}},

"required": ["access_token", "card_id",
"travel_date", "travel_from", "travel_to",
"travel_class"]}}

{"from": "authenticate_travel",
"to": "book_flight",
"type": "state_precondition",

"via": "access_token"}
{"from": "get_flight_cost",
"to": "book_flight",
"type": "data_dependency",
"via": "travel_cost"}

World layer. schema.sql defines the relational
schema and world.db provides a pre-populated
SQLite database with realistic seed data. Each
task’s simulation operates on a session-local copy
of world.db, ensuring isolation between tasks
while preserving persistent state within a trajec-
tory. The following excerpt shows a representative
subset of the travel_booking schema:

CREATE TABLE airports (
iata_code TEXT PRIMARY KEY,
city_name TEXT NOT NULL

);
CREATE TABLE flight_routes (

origin TEXT NOT NULL
REFERENCES airports(iata_code),

destination TEXT NOT NULL
REFERENCES airports(iata_code),

base_cost_usd INTEGER NOT NULL,
PRIMARY KEY (origin, destination)

);
CREATE TABLE session (

session_id INTEGER PRIMARY KEY DEFAULT 1,
access_token TEXT,
token_type TEXT,
token_expires_at TEXT,
token_scope TEXT,
user_first_name TEXT,
user_last_name TEXT,
budget_limit REAL

);
CREATE TABLE bookings (

booking_id TEXT PRIMARY KEY,
card_id TEXT NOT NULL

REFERENCES credit_cards(card_id),
travel_date TEXT NOT NULL,
travel_from TEXT NOT NULL

REFERENCES airports(iata_code),
travel_to TEXT NOT NULL

REFERENCES airports(iata_code),
travel_class TEXT NOT NULL
CHECK(travel_class IN

('economy','business','first')),
travel_cost REAL NOT NULL,
transaction_id TEXT NOT NULL

);

Runtime layer. backend.py implements a
Python class that dispatches tool calls against a
session-local SQLite database. All tool implemen-
tations are deterministic: no network access, no
external API keys, no random number generation.
The backend exposes a uniform call(tool_name,
arguments) -> result interface consumed by the
simulation harness. Every response uses a unified
envelope: {"success": true, "data": ...}
on success and {"success": false, "error":
{"code": ..., "message": ...}} on failure.
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class EnvironmentBackend:
def __init__(self, *, db_path):

self._conn = sqlite3.connect(str(db_path))
self._conn.row_factory = sqlite3.Row

self._conn.execute("PRAGMA foreign_keys=ON")

def call(self, tool_name, arguments):
"""Dispatch tool_name to its handler."""
if tool_name not in self._TOOL_NAMES:

return self._error("UNKNOWN_TOOL",
f"Unknown tool: {tool_name}")

method = getattr(self, f"_tool_{tool_name}")
return method(**arguments)

# --- Example tool: book_flight (abridged) ---
def _tool_book_flight(self, access_token,

card_id, travel_date,
travel_from, travel_to, travel_class):

err = self._check_access(access_token)
if err:

return err
route = self._conn.execute(
"SELECT base_cost_usd FROM flight_routes "

"WHERE origin=? AND destination=?",
(travel_from, travel_to)).fetchone()

if route is None:
return self._error("NO_ROUTE",

"No route for the given airports.")
cost = self._compute_cost(

route["base_cost_usd"],
travel_class, travel_date)

card = self._conn.execute(
"SELECT balance FROM credit_cards "

"WHERE card_id=?", (card_id,)).fetchone()
if card["balance"] < cost:

return self._error("INSUFFICIENT_FUNDS",
f"Required: {cost}, "
f"available: {card['balance']}.")

self._conn.execute(
"UPDATE credit_cards "

"SET balance=balance-? WHERE card_id=?",
(cost, card_id))

booking_id = self._next_id(
"bookings","booking_id","BK",7)

self._conn.execute(
"INSERT INTO bookings (...) VALUES (...)",

(booking_id, card_id, travel_date,
travel_from, travel_to,
travel_class, cost, txn_id))

self._conn.commit()
return self._ok({"booking_id": booking_id,

"transaction_id": txn_id})

Test layer. test_runtime.py is a pytest suite
that dynamically loads backend.py, instantiates
the backend against a copied world.db, and as-
serts correctness on every individual tool and on
representative multi-step workflows drawn from
tool_graph.json. A package is admitted only
when the full test suite passes. The following work-
flow test exercises a complete booking lifecycle:
def test_full_booking_workflow(auth_backend):

# 1. Register a new credit card.
reg = auth_backend.call(

"register_credit_card",
{"access_token": TOKEN,
"card_number": "5555000011112222",

"expiration_date": "06/30",
"cardholder_name": "Test User",
"card_verification_number": 456})

assert reg["success"] is True
card_id = reg["data"]["card_id"]
# 2. Get flight cost.
cost = auth_backend.call(

"get_flight_cost",
{"travel_from": "SFO","travel_to": "LAX",
"travel_date": "2024-01-15",
"travel_class": "economy"})

assert cost["data"]["cost"] == 200.0
# 3. Book flight.
book = auth_backend.call(

"book_flight",
{"access_token": TOKEN,"card_id": card_id,

"travel_date": "2024-01-15",
"travel_from": "SFO","travel_to": "LAX",
"travel_class": "economy"})

assert book["success"] is True
booking_id = book["data"]["booking_id"]
# 4. Retrieve invoice.
inv = auth_backend.call("retrieve_invoice",

{"access_token": TOKEN,
"booking_id": booking_id})

assert inv["data"]["travel_cost"] == 200.0
# 5. Cancel and verify refund.
cancel = auth_backend.call("cancel_booking",

{"access_token": TOKEN,
"booking_id": booking_id})

assert cancel["data"]["refund_amount"] == 200.0
bal = auth_backend.call(

"get_credit_card_balance",
{"access_token": TOKEN,
"card_id": card_id})

assert bal["data"]["balance"] == 10000.0

A.2 Task Structure

Each generated task is a JSON object contain-
ing: (1) a natural-language demand describing
the user’s goal; (2) world_setup SQL statements
that establish task-specific preconditions; (3) a
user_agent_config specifying role, personality,
and knowledge boundary; and (4) a rule drawn
from the five modes described in Section 3.1.3.
The tool-subgraph constraint is injected into the
worker’s entry prompt and recorded by the task-
generation runner, but it is not part of the admitted
task.json artifact.
{
"demand": "Book a business-class flight

from SFO to JFK and purchase travel
insurance for the booking.",

"world_setup": [
"UPDATE credit_cards SET balance=50000
WHERE card_id='CC0000001'"

],
"user_agent_config": {

"role": "A frequent business traveler",
"personality": "Polite but time-pressed;
prefers concise confirmations.",

"knowledge_boundary":
"Knows: name is John Doe,
card id is CC0000001,
travel date is 2024-03-20.
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Does not know: booking id, cost,
or insurance policy id."

},
"rule": "normal"

}

A.3 Trajectory and Validation Structure

Each trajectory is a sequence of conversation turns
alternating between user and assistant messages.
Assistant turns may contain one or more tool
calls, each recorded as a structured object with
tool_name, arguments, and the result returned
by the deterministic backend. The following ex-
cerpt shows three representative turns:

[User] I'm John Doe. I need a business-class
flight from SFO to JFK on March 20th.
My card is CC0000001.

[Assistant]
<tool_call>
{"name": "authenticate_travel",
"arguments": {"first_name": "John",

"last_name": "Doe"}}
</tool_call>

[Tool Result]
{"success": true,
"data": {"access_token": "token_travel_001",

"token_type": "Bearer"}}

[Assistant]
<tool_call>
{"name": "get_flight_cost",
"arguments": {"travel_from": "SFO",
"travel_to": "JFK",
"travel_date": "2024-03-20",
"travel_class": "business"}}

</tool_call>

[Tool Result]
{"success": true,
"data": {"cost": 1600.0,

"currency": "USD",
"route": "SFO->JFK",
"class": "business"}}

[Assistant]
<tool_call>
{"name": "book_flight",
"arguments": {
"access_token": "token_travel_001",
"card_id": "CC0000001",
"travel_date": "2024-03-20",
"travel_from": "SFO","travel_to": "JFK",
"travel_class": "business"}}

</tool_call>

[Tool Result]
{"success": true,
"data": {"booking_id": "BK0000017",

"transaction_id": "TXN0000017"}}

[Assistant] Your business-class flight from
SFO to JFK on March 20 is booked.
Booking ID: BK0000017, charged $1,600
to card CC0000001.

Validation. A separate validation agent evaluates
each completed trajectory by replaying its tool calls
against a fresh database copy. The verdict is a
structured JSON object:
{"demand_fulfilled": true,
"assistant_grounded": true,
"user_consistent": true,
"issues": [],
"verdict": "accepted"}

When issues are detected, the verdict includes cate-
gorized findings:
{"demand_fulfilled": true,
"assistant_grounded": false,
"user_consistent": true,
"issues": [{
"type": "text_hallucination",
"turn": 4, "message_index": 9,
"detail": "The assistant claimed the

flight includes lounge access, but
no tool result mentions this benefit."

}],
"verdict": "rejected"}

B Training Data Preparation

The Fathoming experiment uses 500 environments
produced by the initial Grafting run that preceded
and motivated the scaled run reported in Sec-
tion 4.4. Each environment undergoes one round
of environment evolution (Section 3.1.4), after
which we generate 30 tasks per environment us-
ing the task-generation procedure described in Sec-
tion 3.1.3. Each task is simulated against a session-
local database copy and validated by the trajectory-
validation pipeline. Trajectories that pass auto-
mated verification are retained, yielding a pool of
12,745 verified multi-turn trajectories that serve
as the shared trajectory pool for both Fathoming
rounds.

For example, an admitted personal-budget envi-
ronment exposes 27 coherent tools with persistent
state, whereas seeds requiring external browser or
shell systems were rejected.

The trajectory validator retained 12,745/14,995
evaluable trajectories. Among the 2,250 non-
retained trajectories, overlapping final verifier
flags most frequently indicated unfulfilled demand
(1,931), assistant hallucination (1,201), or user
drift (184); a trajectory may trigger more than one
flag.

B.1 Descriptive Comparison with Prior
Releases

Table 6 summarizes the artifacts and reported multi-
turn results of representative trajectory-synthesis
systems. The rows use different backbone models,
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Benchmark Domain/env. matches Function-name overlaps Strict-schema overlaps Exact-prompt matches Max semantic similarity

BFCLv4 multi-turn 0 15 1 0/415 0.723
ComplexFuncBench 0 1 0 0/1,000 0.486

Table 5: Overlap between the training data and evaluation benchmarks. Function names and prompts are normalized
before matching; strict-schema matches additionally require identical parameter schemas. Semantic similarity is the
maximum cosine similarity against 1,500 sampled training tasks.

BFCL versions, training objectives, budgets, and
counting units.

C Training Configuration

Reward-weight rationale. The coefficients in
Section 3.2.3 are fixed heuristic balancing weights
chosen before training; they are neither learned
parameters nor tuned on BFCLv4 or Complex-
FuncBench. Tool-name recall and argument-
key/value similarity receive the largest combined
weight because they determine whether a call se-
lects the intended operation with the intended se-
mantic content. Formatting and call-count consis-
tency receive smaller nonzero weights because they
are necessary structural constraints but become less
informative once a response is parseable. We did
not conduct a sensitivity sweep over these coef-
ficients; the reward is intended to provide dense
optimization signal rather than serve as a tuned
evaluation metric.

For the reward in Section 3.2.3, the penalty
terms are Pextra = min(0.20, 0.04nextra) for
predicted calls that match no ground-truth call,
Pinvalid = min(0.20, 0.10nmalformed) for syn-
tactically unparseable <tool_call> blocks, and
Pdup = min(0.15, 0.05ndup) for duplicate calls
after canonicalization. Canonicalization sorts dic-
tionary keys recursively, sorts list elements by
JSON serialization, and normalizes strings by low-
ercasing, collapsing whitespace, and stripping.

Table 7 lists the GRPO training configuration
used for both Fathoming rounds.

D Capability Frontier Dynamics

To understand how the capability boundary evolves
during Fathoming, we re-probe a random 1,000-
trajectory subset of the 12,745-trajectory training
pool against all three checkpoints: the base model,
the round-1 checkpoint, and the round-2 check-
point. Table 8 reports the four-bucket distribution
over all 7,567 (sample, depth) pairs.

Three patterns emerge. First, the frontier is
sparse: effective samples never exceed 5% of
the pool, confirming that uniform random sampling

would rarely encounter the capability-boundary sig-
nal that drives Fathoming’s gains. Second, the fron-
tier shifts substantially after training: tracking indi-
vidual (sample, depth) pairs from the base model
to the round-1 checkpoint reveals that 75% of ini-
tially effective pairs become too_easy, while
38% of initially hard pairs enter the effective or
too_easy band. Without re-probing, the second
round would train on stale selections that are pre-
dominantly too easy for the updated model. Third,
format acquisition and semantic learning proceed
at different rates: too_hard (the model cannot pro-
duce a valid tool-call format) drops from 5.8% to
0.1% across two rounds, whereas hard (correct for-
mat but wrong content) decreases only from 26.4%
to 19.9%, indicating that the remaining bottleneck
lies in predicting correct tool-call arguments rather
than learning the output structure.

E No-Call Response Target Augmentation

To test whether no-call response targets can mit-
igate the Miss Function regression discussed in
Section 4.1, we augment the round-2 training set
with 300 trajectories whose ground-truth final turn
is a plain-text response, either a clarifying follow-
up question (when a required parameter is missing)
or a polite refusal (when the requested capability
is absent from the environment), rather than a tool
call. The augmented model is trained from the
same round-1 checkpoint and with the same GRPO
configuration as the standard round-2 model; the
only difference is the additional 300 refusal and
clarification response targets.

Table 9 compares the two round-2 variants on
BFCLv4 multi-turn.

The augmentation recovers most of the Miss
Function regression (+4.1, from 27.6 to 31.7), con-
firming that the model can learn to decline tool
calls when exposed to refusal targets. However,
this comes at a substantial cost to Base (−5.7)
and Long Context (−5.8): the small set of no-call
response targets appears to suppress the model’s
willingness to attempt tool calls broadly, not only
in scenarios where refusal is appropriate. Miss
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Method Model / BFCL Reported MT result Construction, training, and release

APIGen-MT xLAM-2-8B / v3 69.25 after training;
no paired base

Static trajectories from executable interactions; behavioral cloning on APIGen-
MT-5K jointly with other data; 5,000 trajectories released

ToolACE ToolACE-8B / v3 14.37 after training;
no paired base

Static dialogues with LLM-simulated tool responses; LoRA SFT on generated
data; full training count not reported; 11,300 rows released

ToolMind Qwen3-8B / v4 38.88 → 46.62 Static trajectories with LLM-simulated tool responses; SFT on 368,611
processed samples from 111,941 trajectories; 368,611 rows released

TOUCAN Qwen2.5-7B-Instruct /
v3

12.88 → 22.62 Trajectories collected through live MCP execution; 119,287 curated instances
from the released multi-configuration corpus were used for SFT

Grafting + Fath-
oming

Qwen3-4B-Instruct-
2507 / v4

22.00 → 39.70 Self-contained executable environments and replay-verified trajectories;
GRPO on 7,388/3,616 selected slices; 5,101 environments and 12,745
trajectories released from separate synthesis/training scopes

Table 6: Comparison of representative trajectory-synthesis releases.

Hyperparameter Value

Base model Qwen3-4B-Instruct-2507
Optimizer AdamW
Learning rate 2× 10−6

Warmup steps 0
LR schedule Constant
Batch size 128
GRPO group size (G) 16
KL penalty coeff. 0.001
Epochs 1
Max sequence length 30,720

Table 7: GRPO training configuration for Fathoming.

Bucket Base Round 1 Round 2

too_easy 62.7% 75.7% 76.5%
effective 5.0% 2.6% 3.5%
hard 26.4% 21.2% 19.9%
too_hard 5.8% 0.5% 0.1%

Table 8: Probing-bucket distribution across checkpoints
on a 1,000-trajectory subset of the training data (7,567
sample-depth pairs).

Param is essentially unchanged (−0.8), suggesting
that learning to request clarification may require
more targeted or abundant examples than the 300
mixed response targets used here. The net effect
is a 2.0-point drop in overall accuracy, indicating
that naively mixing a small number of no-call re-
sponse targets into the frontier-selected training set
does not resolve the positive-only signal limitation
without incurring a refusal tax on the model’s core
tool-calling capability.

F Cost and Infrastructure

Token cost. We report token usage in two forms:
measured per-unit averages and aggregate es-
timates for the two logged production compo-
nents. Table 10 reports average token usage for
the main pipeline operations, including environ-
ment synthesis, task generation, simulation, vali-
dation/evaluation, and fix/enrichment. The input

Round 2 Round 2 + No-call ∆

Overall 39.7±0.5 37.7±0.4 −2.0
Base 56.8±0.8 51.1±0.7 −5.7
Miss Func 27.6±1.4 31.7±1.1 +4.1
Miss Param 27.9±0.7 27.1±1.3 −0.8
Long Context 46.5±1.0 40.7±1.3 −5.8

Table 9: Effect of augmenting the round-2 training set
with 300 no-call response targets (plain-text refusal and
clarification turns rather than tool calls) on BFCLv4
multi-turn. Mean±std over five runs.

Operation Unit Input Output Total

Env. synthesis per skill 2.60M 37.2K 2.63M
accepted per accepted skill 4.10M 59.8K 4.16M
rejected per rejected skill 341K 3.3K 344K

Task gen. per task 408K 5.9K 414K
Simulation per task 150K 2.8K 153K
Validation/eval. per task 856K 6.5K 862K
Fix/enrich per environment 1.68M 18.9K 1.70M

Table 10: Average token usage for the synthesis and
trajectory-production pipeline, split into input, output,
and total tokens.

column aggregates non-cached input, cache-read
input, and cache-creation input; total tokens add
output tokens. We avoid converting these values
into dollar totals because provider pricing, caching
policy, and routing configuration vary across runs.

Environment-synthesis total. Using the
accepted-synthesis average in Table 10, construct-
ing the final 5,101-environment pool corresponds
to 5,101× 4.16M ≈ 21.2B tokens.

Trajectory-data total. The trajectory corpus was
produced over 500 training environments with 30
tasks per environment. Using the per-task averages
in Table 10, task generation, simulation, and vali-
dation/evaluation contribute 500× 30× (414K +
153K + 862K) ≈ 21.4B tokens. These aggregate
values are extrapolated from measured averages
and remain token estimates rather than provider-
specific dollar costs.
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Compute infrastructure. The main two-round
Fathoming run was trained on a single server with
2 Intel Xeon Platinum 8480CL CPUs (112 cores
/ 224 threads), 1.5TB RAM, and 8 NVIDIA H20
GPUs (96GB memory each), using NVIDIA driver
550.144.03 on Ubuntu 22.04.5 LTS. Each probing
round generates K=8 completions per (sample,
depth) pair before GRPO training. The two GRPO
rounds select 7,388 and 3,616 training samples, re-
spectively. With batch size 128 and one epoch (Ta-
ble 7), this corresponds to about 87 GRPO update
steps. Each update step processes one global batch
and takes approximately 30 minutes on all 8 GPUs,
yielding about 44 wall-clock hours, or roughly 350
GPU-hours, for the main two-round training run.
Additional ablations and failed exploratory runs are
excluded from this compute accounting; API-token
usage for environment and trajectory production is
reported separately above.

G Environment Synthesis Entry Prompt
and Skills

This appendix documents the prompt-level scaf-
folding used by the environment synthesis work-
ers in Section 4.4. Each worker receives one raw
skill at raw_skills/<skill_id>/, a sandboxed
project directory, shared registry databases, and
nine mounted synthesis skills. The runner assem-
bles the entry prompt from the modules in Table 11;
the mounted skills that the prompt points the agent
to are listed in Table 12.

After the worker exits, the runner performs pro-
grammatic post-validation independent of the cod-
ing agent’s self-report. It accepts a package only if
no explicit rejection was written, VIABILITY.json
does not reject the skill, all seven required files
are present, and uv run pytest succeeds on
tests/test_runtime.py. Successful packages
are copied into the environment output directory
and registered; failed or rejected skills are recorded
in the registry with their reason and harness meta-
data.

H Task Synthesis Entry Prompt and
Skills

This appendix documents the prompt-level scaf-
folding used by the task synthesis workers in Sec-
tion 3.1.3. Each worker receives one packaged
environment copied to env/, a shared task-pool
database at tasks.sqlite3, an output/ directory,
a sampled task rule, optionally a sampled tool sub-

graph, and eight mounted task-generation skills.
The runner assembles the entry prompt from the
modules in Table 13; the mounted skills that the
prompt asks the worker to execute are listed in
Table 14.

After the worker exits, the runner performs pro-
grammatic post-validation independent of the cod-
ing agent’s self-report. It accepts the task only
if output/task.json exists, is valid JSON, uses
a supported rule mode, has a non-empty demand,
has list-valued world_setup SQL strings, and
provides all three required user_agent_config
strings. Successful tasks are copied into the task
output directory and registered in tasks.sqlite3
with harness provenance, token usage, rule mode,
and the sampled subgraph fingerprint; failures are
recorded with an error reason.

I Trajectory Simulation Prompt
Templates

This appendix documents the prompt templates
used when simulating user–assistant trajectories in
Section 3.1.3. The simulation runner instantiates
a role-playing user agent and a tool-using assis-
tant agent, applies the task-specific world_setup
SQL to a session-local copy of world.db, and dis-
patches assistant tool calls to the deterministic envi-
ronment backend. Table 15 summarizes the prompt
surfaces. The displayed templates are line-wrapped
for readability.

I.1 Simulated User System Template
The user simulator’s system prompt is pa-
rameterized by the generated task. The
placeholders {role}, {personality},
and {knowledge_boundary} come from
task.user_agent_config; {demand} comes
from the task demand; and {done_marker} is
[DONE].
You simulate a real user in a multi-turn dialogue with a
customer service assistant.

## Your Persona
Role: {role}
Personality: {personality}
Knowledge boundary: {knowledge_boundary}

## Your Goal
{demand}

## Rules
- Stay fully in character. Use vocabulary and tone natural to

your persona.
- Do NOT use tool names, API endpoints, parameter names, or

system internals.
- Respond to the assistant's questions based on what your

persona would know.
- If the assistant asks for information outside your knowledge

boundary, say you don't know.
- When the assistant has fully completed your goal, output
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Entry module Prompt content and purpose

Role Defines the worker as an environment synthesis agent that either produces a complete executable environment package or
rejects a non-viable skill.

Task Points to raw_skills/<skill_id>/ and instructs the worker to read SKILL.md, scripts/, _meta.json, and any other files
to understand the target API, operations, and domain.

Mounted skills Lists the nine harness-native skill directories under .claude/skills/, .codex/skills/, or .opencode/skills/, depending
on the coding-agent backend. The prompt requires reading each SKILL.md before the corresponding synthesis step.

Resources Exposes skill_index.db, environment_index.db, and registry.db. It gives command templates for searching related
skills, checking duplicates, and checking whether a skill was already processed.

Workflow Enforces an ordered lifecycle: read the raw skill; write output/VIABILITY.json; reject early via output/REJECTED.json if
needed; check duplicates; write tools.jsonl, schema.sql, world.db, tool_graph.json, backend.py, ENVIRONMENT.md,
and test_runtime.py; run quality validation; then run pytest and repair failures.

Constraints States invariant package rules: all state in SQLite; a deterministic EnvironmentBackend; unified success/error envelopes; at
least 12 tools; only query and mutation categories; no randomness, network, or external calls; TTL-based auth; masked
sensitive data; CRUD completeness; sufficient seed data; conversational ID discoverability; and English-only generated
artifacts.

Test environment Specifies the validation context: uv run pytest output/<env>/tests/test_runtime.py -x -q, parent-directory working
directory, 120-second timeout, stdlib-only backend imports, no subprocesses, no sockets, no external tool invocations, no
environment-variable dependencies, and paths derived from db_path.

Output contract Requires exactly the package files consumed downstream: spec/tools.jsonl, spec/tool_graph.json,
spec/ENVIRONMENT.md, runtime/backend.py, world/schema.sql, world/world.db, and tests/test_runtime.py. A
rejected skill must instead produce output/REJECTED.json.

Table 11: Environment synthesis entry-prompt modules assembled by the runner for each raw skill.

exactly: {done_marker}
- If the assistant cannot do what you asked and there is no way

forward, output: {done_marker}
- Do NOT output {done_marker} until the goal is genuinely

resolved or clearly impossible.
- Keep messages to 1-3 sentences. No markdown, no bullet points,

no labels.

## Critical: Reveal Information Gradually
- In your FIRST message, only mention your primary reason for
calling and give just enough context for the assistant to start
helping (e.g. your name, that you need help with a booking).
Do NOT list all your requests upfront.

- Reveal additional requests and specific details (dates, names,
amounts) only when the assistant asks or after the current issue
is resolved.

- A real person does not open a call by listing every single thing
they need in one breath -- they start with the most important
thing and bring up the rest as the conversation progresses.

I.2 Simulated User Turn Templates

At the start of a trajectory, the runner sends the user
model the system template above plus the following
instruction as the first user message:
The conversation is starting now. Generate your first message
to the assistant. Mention only your most immediate need -- do
not list everything upfront.

For subsequent turns, the runner appends the
real assistant’s latest natural-language response as
a user message in the user model’s conversation.
The user model then generates the next simulated
user message under the assistant role. The alter-
nate single-prompt implementation uses this con-
tinuation instruction:
Generate your next message. Continue the conversation naturally
based on the agent's latest response.

I.3 Assistant System Template

The assistant simulator uses the following system
prompt. During simulation, tools are supplied
through the provider-native tool schema interface
rather than printed directly into this prompt.

You are an assistant operating in a tool-using multi-turn
conversation.

Your job is to help the user complete the current task by:
1. understanding the user's request,
2. deciding whether a tool is needed,
3. calling tools when they are actually useful,
4. giving the user a natural-language answer that is grounded in

visible tool results.

Core rules:

- Be tool-first, not tool-only.
- If a tool is needed, call the tool before making factual claims

that depend on it.
- If the available tools include discovery or listing tools

(e.g. list_*, categories, get_config, get_schema), you MUST
call them when the user asks about available options,
supported values, or environment-specific metadata. Never
answer such questions from your own knowledge alone.

- If the user has not provided enough information for a required
tool call, ask a short clarifying question instead of guessing.

- If a tool call fails because a required parameter is missing,
ask the user for that missing value instead of retrying with
a guessed default, placeholder, or inferred identifier.

- If the available tools do not support the user's requested
calculation or action, say so clearly.

- Do not invent numbers, facts, file contents, entities, or
outcomes that are not supported by:
- the user's messages,
- prior tool results,
- or clearly stated assumptions that you explicitly label as

assumptions.
- Never present unsupported assumptions as computed results.
- If a tool returns an empty result, zero result, failure, or

validation error, do not pretend the task succeeded.
- When tool results are partial, give a partial answer and explain

the limitation briefly.

Tool-use policy:

- Use only available tools.
- Prefer the smallest set of tool calls that makes real progress.
- Do not call tools redundantly.
- Do not call a tool if the answer can already be given from prior

tool outputs in the conversation.
- When multiple tools are relevant, use them in a sensible order.
- If no tool is needed for the current turn, respond directly in

natural language.

Response policy:

- After tool use, provide a concise natural-language response to
the user.

- Summarize the relevant result, not the raw tool protocol.
- Do not expose tool names, JSON schemas, internal state keys, or

backend mechanics unless the user explicitly asks.
- Keep the answer focused on the user's current request.
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Mounted skill Stage Responsibility

skill-viability-assessment Entry gate Reads the raw skill, scripts, metadata, and related files; estimates extractable and ex-
pandable tool count; checks mockability and data constructability; applies hard rejection
rules for external binaries, live credentials, real-time data, mixed runtimes, event-driven
interfaces, file-backed state, and missing scripts; writes VIABILITY.json and optionally
REJECTED.json.

tool-design Tool surface Extracts operations from scripts, expands the domain surface with meaningful
CRUD, search, auth, relationship, aggregate, and state-transition tools, and writes
spec/tools.jsonl with MCP-style descriptions, JSON schemas, enum constraints,
query/mutation categories, unified return-format expectations, and conversational ID-
discovery paths.

schema-design World model Designs world/schema.sql and populates world/world.db. It separates reference,
mutable, session, transaction, junction, tree, and single-entity state tables; enforces
naming and constraint conventions; and requires realistic, diverse English seed data with
enough rows and edge cases for task generation.

tool-graph-design Dependency graph Builds spec/tool_graph.json. It creates one node per tool with category, read tables,
and write tables, then adds data_dependency and state_precondition edges so down-
stream task generation can sample grounded multi-step workflows.

backend-implementation Runtime Implements runtime/backend.py as a stdlib-only Python EnvironmentBackend with
_ok, _error, session/auth helpers, deterministic ID generation, a non-throwing call()
dispatcher, mutation commits, masked sensitive data, and visible_state().

environment-brief Specification brief Writes spec/ENVIRONMENT.md after the other artifacts exist. The brief is grounded in the
actual files and contains seven sections: title, overview, tools, key workflows, database
schema, session initialization, and verification guidance.

runtime-tests Self-tests Writes tests/test_runtime.py. The required pytest suite dynamically loads the back-
end and covers smoke tests, at least one test per tool, multi-step workflows, error cases,
protocol compliance, and database isolation.

quality-validation Final quality gate Reads all seven package files and produces a structured quality report. It checks
tool-schema quality, tool graph and schema consistency, backend tool registration,
ENVIRONMENT.md counts, test coverage, conversational accessibility, and seed-data vol-
ume and entropy.

synthesis-registry Lifecycle utilities Provides scripts for building and querying the raw-skill FTS index, detecting duplicate
environments, finding related skills when a seed is too small, registering accepted pack-
ages, registering rejections, marking skills consumed, rebuilding the environment index,
and reporting synthesis statistics.

Table 12: Mounted skills available to each environment synthesis worker. These are copied into the coding-agent-
specific native skill directory before the worker is invoked.

- Do not jump ahead to unrelated future steps unless the user
asks.

- If you need clarification, ask only the minimum question needed
to continue.

Grounding policy:

- Any specific numeric result must be traceable to a tool result
or explicit user-provided numbers.

- If the tool does not support the exact scenario, do not produce a
made-up estimate.

- Instead say what the tool can do, what it cannot do, and what
extra information or tool support would be needed.

Output policy:

- Normal case: return a helpful natural-language assistant
message, and include tool calls when needed.

- Do not output hidden reasoning.
- Do not output XML wrappers like <tool_call> unless the runtime

specifically requires them.
- Do not output raw JSON except when required for a tool call.

Priority order for each turn:

1. Stay grounded.
2. Make real progress with the available tools.
3. Ask for clarification only when necessary.
4. Keep the conversation natural and useful.

J Trajectory Validation Entry Prompt
and Skills

This appendix documents the prompt-level scaf-
folding used by the trajectory validation workers
in Section 3.1.3. Each worker receives one com-
pleted trajectory.json, a packaged environment
copied to env/, an output/ directory, and four

mounted evaluation skills. The runner assembles
the entry prompt from the modules in Table 16;
the mounted skills referenced by the workflow are
listed in Table 17.

After the worker exits, the runner performs
programmatic post-validation independent
of the coding agent’s self-report. It re-
quires output/evaluation.json to exist,
parse as JSON, contain boolean values for
demand_fulfilled, assistant_grounded, and
user_consistent, contain a list-valued issues
field, and use accepted or rejected as the
verdict. The runner then recomputes the final
verdict from the three booleans and the issue
list; if the model-provided verdict disagrees,
the recomputed verdict overrides it before the
evaluation is copied to the output directory and
registered in evaluations.sqlite3.

K Environment Evolution Entry Prompt
and Skills

This appendix documents the prompt-level scaf-
folding used by the environment evolution workers
in Section 3.1.4. Each worker receives one pack-
aged environment copied to env/, assessment arti-
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Entry module Prompt content and purpose

Role Defines the worker as a task generator that writes task.json files for multi-turn user–assistant trajectory simulation. It
introduces the three core task components: a natural-language demand, SQL world_setup, and user_agent_config.

Rule Injects one sampled rule mode and its instructions. The five modes are normal, miss_func, miss_param, error_recovery,
and long_context; they respectively request standard achievable tasks, absent-capability tasks, underspecified-parameter
tasks, recoverable-error tasks, and broader long-context tasks.

Target subgraph Optional module emitted when spec/tool_graph.json is available. A programmatic sampler selects mutation anchors and
predecessor query tools; the prompt states that the task must exercise the listed mutation tools and use the listed query tools as
the discovery path, with data-flow edges shown explicitly.

Variation round Optional high-volume module emitted when a rule–subgraph combination has already produced tasks. It requires a meaning-
fully different scenario by varying at least two of target entities, user persona, business scenario, and world_setup.

Environment resources Lists the environment files available in the sandbox: env/spec/ENVIRONMENT.md, env/spec/tools.jsonl,
env/spec/tool_graph.json, env/world/schema.sql, env/world/world.db, and tasks.sqlite3 filtered by the cur-
rent environment name.

Workflow Requires the worker to read its mounted skills and then execute the ordered lifecycle: graph exploration, task creation,
grounding check, solvability check, demand-clarity check, world-setup validation, task-pool conflict check, and mutation
followed by re-validation if a conflict is found.

High-volume conflict guid-
ance

Optional module for large target counts. It relaxes duplicate detection when the same mutation-tool set appears with different
entities, personas, business scenarios, or initial database state, and flags conflicts only when both the mutation tools and core
scenario are essentially identical.

Output contract Requires the final artifact at output/task.json with exactly four fields: demand, world_setup, user_agent_config with
role, personality, and knowledge_boundary, and rule. It explicitly forbids plural demands, deprecated init_context,
and extra fields.

Table 13: Task synthesis entry-prompt modules assembled by the runner for each generated task.

Mounted skill Stage Responsibility

tool-graph-exploration Coverage planning Reads tool_graph.json, tools.jsonl, and tasks.sqlite3; identifies mutation an-
chors, prerequisite query tools, data-dependency edges, and existing coverage; and
samples under-covered subgraphs adapted to the current rule.

task-creation Draft construction Creates a single complex demand, queries world.db for concrete entities, uses
world_setup SQL to create task-specific state or preconditions, and writes a realis-
tic user_agent_config with an explicit knowledge boundary.

task-grounding-check Entity grounding Verifies that every entity referenced in the demand exists in world.db or will exist after
world_setup executes. Missing entities are fixed by changing the SQL setup or rewriting
the demand.

task-solvability-check Conversation reachability Traces the tool chain from user-known information to required tool arguments. It rejects
dead-locks where the user lacks an internal ID, credential, or lookup path needed to
complete the task.

task-demand-clarity-check Demand semantics Checks that the demand has an unambiguous completion condition, avoids overlap, targets
the intended mutations, and describes user goals rather than prescribed tool-call steps.

world-setup-validation SQL validation Runs each world_setup statement against a temporary copy of world.db, checks schema
compatibility and post-setup state, and verifies authentication/session prerequisites when
required.

task-pool-conflict-check Duplicate filtering Compares the candidate task against prior successful tasks for the same environment in
tasks.sqlite3, using both mutation-tool overlap and semantic scenario similarity to
detect near duplicates.

task-mutation Repair and diversification Rewrites failed or duplicate tasks while preserving the intended coverage when possible.
It can change entities, reframe the scenario, adjust world_setup, modify the persona, or
resample subgraphs, then reruns the validation skills.

Table 14: Mounted skills available to each task synthesis worker. They are copied into the coding-agent-specific
native skill directory before the worker is invoked.

facts copied to assess_artifacts/, an output/
directory, and five mounted evolution skills. The
runner first performs a smoke assessment using
task generation, simulation, and trajectory valida-
tion. It then assembles either a fix prompt or an
enrichment prompt from the modules in Table 18;
the mounted skills referenced by these prompts are
listed in Table 19.

After the worker exits, the runner performs pro-
grammatic post-validation independent of the cod-
ing agent’s self-report. The edited env/ directory
must still satisfy the packaged-environment struc-
ture check before it is copied back over the original
environment, with the previous package saved as
a backup. The runner then re-assesses the evolved

environment using a fresh task-generation, simu-
lation, and validation batch. If the reassessment
yields zero accepted trajectories or any surviving
INTERNAL_ERROR, the backup is restored and the
environment is marked failed; otherwise the envi-
ronment is marked evolved or enriched and retained
for downstream trajectory production.

L Tool Diversity Scaling

Raw tool-name counts misrepresent diversity,
since names like search recur across environ-
ments with different implementations. We em-
bed each of the 130,985 tools with OpenAI’s
text-embedding-3-small (OpenAI, 2026), build
a top-50 cosine-similarity graph via FAISS (John-
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Prompt surface Template artifact Runtime use

Simulated user system
prompt

user-simulator system template The _SYSTEM_TEMPLATE is filled from each task’s demand and
user_agent_config fields: role, personality, and knowledge boundary. It
controls the user’s persona, goal, stopping rule, and gradual disclosure behavior.

Simulated user turn prompts user-simulator turn template The first call asks the user model to produce the opening user message. On
later turns, the assistant’s latest natural-language response is appended as a user
message inside the user-model conversation, and the model’s generated simulated-
user reply is appended as an assistant message. This role inversion lets the user
simulator exploit native chat turn-taking.

Assistant system prompt assistant system template The assistant receives a static system prompt that enforces grounded tool use,
minimal clarification, and concise user-facing responses. Environment tools from
spec/tools.jsonl are passed through the provider’s native tool-schema channel
during simulation.

Table 15: Prompt surfaces used for trajectory simulation.

Entry module Prompt content and purpose

Role Defines the worker as a trajectory evaluation agent for a simulated multi-turn user–assistant conversation. It asks the worker
to decide whether the user’s demand was fulfilled, whether the assistant stayed grounded in tool results and user-provided
information, and whether the simulated user remained consistent with the task persona.

Task Injects the task fields embedded in the trajectory: demand, optional rule, world_setup SQL, and user_agent_config.
For miss_func, error_recovery, and miss_param tasks, the prompt adds rule-specific guidance so impossible sub-goals,
recovery paths, and underspecified requests are validated under the intended task semantics.

Resources Lists the files available in the sandbox: trajectory.json; env/spec/ENVIRONMENT.md; env/spec/tools.jsonl;
env/world/schema.sql; env/world/world.db; and env/runtime/backend.py. These resources let the validator replay
tool calls, inspect the environment schema, and verify final database state.

Workflow Requires the worker to read its mounted skills and execute four checks in order: replay the recorded tool calls on a fresh
environment copy; verify demand fulfillment against the post-replay database; check assistant text, operation claims, and
tool-call arguments for hallucinations; and check user turns for knowledge-boundary violations, personality drift, AI-like
language, and goal drift.

Output contract Requires output/evaluation.json with exactly five top-level fields: demand_fulfilled, assistant_grounded,
user_consistent, issues, and verdict. Each issue must include a typed category, 0-indexed turn, message index,
and human-readable detail; accepted trajectories require all three booleans to be true and no issues.

Table 16: Trajectory validation entry-prompt modules assembled by the runner for each completed trajectory.

son et al., 2021), and count connected compo-
nents, using τ=0.85 as the tightest threshold that
merges near-duplicates without fusing opposites
like pause_trading/resume_trading (merged
only at τ=0.80); the full pool yields 83,350 ef-
fective tools. Under uniform random subsampling
(Figure 6(a)), across τ ∈ {0.80, 0.85, 0.90} the
count grows with log-log slope 0.94–0.98, and the
per-env marginal at τ=0.85 stays at +15.6 even
at the N=2,000 → 5,101 step. Meanwhile the
Vendi score (Friedman and Dieng, 2023) saturates
near 118 effective directions (Figure 6(b)), well
below the 1,536-dimensional ambient ceiling: the
pool keeps adding distinct functions at near-linear
rate while their geometric spread saturates at a
low-dimensional vocabulary intrinsic to natural-
language tool descriptions.
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Mounted skill Stage Responsibility

trajectory-replay Deterministic replay Runs scripts/replay_trajectory.py on trajectory.json and env/. The script
copies env/world/world.db to output/eval.db, applies task world_setup, loads
env/runtime/backend.py, replays every assistant tool call, compares replayed results
with recorded tool results, and writes output/replay_result.json. It also substitutes
replay-time auth tokens when deterministic state is otherwise preserved.

demand-verification Goal verification Decomposes the demand into concrete sub-goals and verifies each sub-goal
against output/eval.db using SQL informed by env/world/schema.sql. It sets
demand_fulfilled and records demand_not_fulfilled issues, while applying spe-
cial handling for absent-capability, error-recovery, and missing-parameter task rules.

assistant-grounding Assistant audit Checks every assistant natural-language claim and function-call argument against the
conversation context available before that message: previous user messages, previous
tool results, and schema-grounded enum/default choices. It records text, operation, or
parameter hallucinations when claims or arguments are not traceable, while allowing
semantic paraphrases, logical consequences of successful operations, and authorized
creative text fields.

user-consistency User audit Checks every simulated user message against user_agent_config. It flags knowledge-
boundary violations, sustained personality drift, AI-like conversational style, and requests
outside the original demand, while treating information revealed by the assistant earlier
in the dialogue as newly available to the user.

Table 17: Mounted skills available to each trajectory validation worker. These are copied into the coding-agent-
specific native skill directory before the worker is invoked.

Entry module Prompt content and purpose

Role Defines the worker as an environment evolution agent. In the fix variant, the role is to diagnose and repair quality issues found
by a smoke assessment. In the enrich variant, the role is to add more complex seed data when all smoke-test trajectories were
accepted and the environment appears too simple.

Assessment context Injects the environment name, runner classification, classification reason, accepted/rejected counts, and the relevant sandbox
paths. The prompt states that environment files are in env/ and assessment evidence is in assess_artifacts/.

Skills Requires the worker to read the mounted skills before acting. Fix prompts execute assess-diagnosis, then backend-bugfix
and/or contract-alignment, then runtime-verification. Enrichment prompts execute assess-diagnosis,
seed-data-enrichment, and runtime-verification.

Resources Lists the mutable environment package under env/, including spec/, runtime/, world/, and tests/; the copied assessment
report, trajectories, and evaluations under assess_artifacts/; the harness-native skill directory under .claude/skills/,
.codex/skills/, or .opencode/skills/; and the output/ directory for reports.

Constraints States route-specific invariants. Fix prompts require minimal targeted changes, adherence to the environment contract,
no changes outside the diagnosed issue scope, no third-party backend imports, and English-only seed data. Enrichment
prompts restrict edits to env/world/world.db, forbid backend or tool-schema changes, require data-richness rules from the
specification, preserve schema constraints and foreign keys, and require English-only seed data.

Output contract Requires output/evolution_result.json summarizing the changes. The worker may also write intermediate struc-
tured reports such as diagnosis.json, fixes_applied.json, alignment_fixes.json, enrichment_report.json, and
verification_result.json as specified by the mounted skills.

Table 18: Environment evolution entry-prompt modules assembled by the runner after the smoke assessment
classifies an environment for fix or enrichment.

Mounted skill Stage Responsibility

assess-diagnosis Root-cause analysis Reads assess_artifacts/report.json, trajectory files, evaluation files, tools.jsonl,
backend.py, and schema.sql; classifies failures as environment bugs, contract
mismatches, data issues, assistant limitations, or overly simple data; and writes
output/diagnosis.json with recommended downstream skills.

backend-bugfix Runtime repair Applies targeted fixes to env/runtime/backend.py for diagnosed internal errors such
as parameter mismatches, SQL table or column errors, missing handlers, foreign-key
problems, and ID-prefix bugs. It treats tools.jsonl as authoritative for tool names and
parameters and preserves the non-throwing call() interface.

contract-alignment Artifact alignment Repairs mismatches among tools.jsonl, backend.py, tool_graph.json, and
schema.sql. It enforces consistency of tool names, parameter names, required/optional
arguments, categories, and table references according to the authority order: tool defini-
tions, schema, backend, then tool graph.

seed-data-enrichment Data enrichment Adds rows, diversity, edge cases, and balanced status distributions to
env/world/world.db. It uses schema.sql, tools.jsonl, and tool_graph.json to
respect foreign keys, CHECK constraints, ID formats, table roles, and data-richness
requirements while leaving the schema and backend unchanged.

runtime-verification Post-fix verification Runs scripts/verify_tool_calls.py against env/. The script copies world.db,
loads EnvironmentBackend, invokes each tool with minimal schema-valid arguments,
treats INTERNAL_ERROR and UNKNOWN_TOOL as failures, allows ordinary business-logic
errors such as authentication or validation failures, checks visible_state(), and writes
output/verification_result.json.

Table 19: Mounted skills available to each environment evolution worker. These are copied into the coding-agent-
specific native skill directory before the worker is invoked.
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Figure 6: Tool diversity of the 5,101-environment pool under uniform random subsampling (N ∈
{50, 100, 200, 500, 1000, 2000, 5,101}). (a) Effective-tool count (connected components of the top-50 cosine-
similarity graph over per-tool embeddings) versus pool size N at three thresholds; near-linear log-log slopes
(0.94–0.98) indicate non-redundant growth. (b) Vendi score VSq=1 saturates near 118 effective directions, indicat-
ing new tools occupy directions already populated at smaller N . Shaded band: 95% CI across replicates.
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M Pipeline Modularity and Simplification

Grafting and Fathoming are connected only
through the verified trajectory pool T , so several
stages can be omitted or replaced when a deploy-
ment already provides their output. The following
substitutions follow from the artifact interfaces but
were not evaluated as controlled ablations.

Skill crawling and environment synthesis.
When an application already has a collection of
executable, resettable environments, it can start di-
rectly from trajectory production and Fathoming.
This removes the skill-to-environment construc-
tion stage and its coverage benefits, but the down-
stream verification and training interfaces remain
unchanged.

Environment evolution. Evolution can be
skipped for environments that already pass runtime

tests and yield a healthy mixture of accepted and re-
jected smoke trajectories. This reduces generation
cost, but forgoes automatic repair of latent failures
and enrichment of overly uniform seed state.

Iterative re-probing. A compute-constrained
setting can run a single probe–train round. This
avoids repeated probing, but freezes the selected
data at the initial model frontier; Table 8 shows
that most initially effective slices become stale af-
ter training.

Deterministic validation. We do not identify a
safe omission under the paper’s groundedness ob-
jective. Removing package tests or fresh-state tra-
jectory replay would weaken executability, repro-
ducibility, and the evidence that accepted calls are
grounded in environment state.
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