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ABSTRACT

Reliable agentic tool use requires training data that pair diverse multi-step work-
flows with executable evidence that the requested outcomes were achieved. Scaling
either trajectory coverage or verification alone is insufficient as new environments
introduce distinct states, rules, and dependencies that must also be reflected in
the success criteria. To address this challenge, we introduce Davinci-Tool, a 30B
tool-use model, and Davinci-ToolData, an execution-grounded dataset designed to
scale environment coverage and outcome verification together. Davinci-ToolData
preserves restorable states, execution traces, outcomes, and verifiers as a unified
substrate for supervision. Two complementary pipelines populate this substrate:
Execution-Grounded Task Synthesis (EGTS) derives verified demonstrations from
independently authored systems, and Executable Environment Synthesis (EES)
synthesizes auditable environments, state-grounded tasks, and executable verifiers
across single and coordinated domains. These pipelines yield 30,395 verified tra-
jectories spanning 2,260 invoked tool names. We first train on these demonstrations
with supervised fine-tuning, then reuse EES states and verifiers to compare alter-
native actions and construct outcome-grounded preferences for Direct Preference
Optimization. Davinci-Tool improves Qwen3-Coder-30B-A3B-Instruct from 52.4
to 88.2 on 72-bench, from 30.4 to 62.8 on BFCL v4 multi-turn, and from 16.9
to 56.2 on MCP-Atlas, outperforming Qwen3-Coder-480B-A35B-Instruct on all
three benchmarks with only 1/16 of its total parameters. Code is available at
https://github.com/MassLab—-SII/Davinci—-Tool.

1 INTRODUCTION

Tool use enables language models to move beyond generating responses and perform real-world tasks,
powering applications such as coding agents (Yang et al., 2024) and deep research systems (Zheng
et al., 2025; Li et al., 2026b). Such tasks require stateful multi-step interaction, where models select
tools, interpret observations, and adapt actions toward desired outcomes (Zhou et al., 2024; Xie et al.,
2024a; Patil et al., 2025; Yao et al., 2024). Training such behavior therefore requires data that connect
user intent, multi-step execution, and verifiable environment outcomes.

However, scaling such data presents two coupled challenges: covering diverse tool-use workflows
and verifying their outcomes. Prior efforts improve either workflow coverage through expanded
tool inventories and synthetic interactions (Qin et al., 2024; Liu et al., 2025; Wang et al., 2026a) or
reliability through execution validation and executable verification (Liu et al., 2025; Ouajdi et al.,
2026; Song et al., 2026). As environments become more diverse and cross-domain, verification must
capture environment-specific states, rules, and dependencies. Therefore, environment coverage and
outcome verification need to scale together.
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Figure 1: Performance on 72-bench, BECL v4 multi-turn, and MCP-Atlas. Davinci-Tool-30B after
DPO is shown with hatching, with its SFT checkpoint included for comparison. Detailed results and
score provenance are reported in Table 2.

Environment expansion follows two complementary paradigms. Independently authored systems
provide realistic tools and operational rules but require adaptation of reset, execution, and outcome-
checking interfaces, as exemplified by ToolSandbox and AppWorld (Lu et al., 2025; Trivedi et al.,
2024). Synthesized environments provide controllable states and executable criteria for systematic
task generation but may inherit assumptions from the environment generator, as explored by EnvScaler
and AutoWebWorld (Song et al., 2026; Wu et al., 2026a). These complementary sources motivate
a unified execution-grounded framework that supports heterogeneous environments under shared
outcome verification.

To address these settings, we introduce Davinci-Tool, a model for reliable multi-step tool use in
stateful environments, together with Davinci-ToolData, an execution-grounded training dataset
spanning diverse tool-use environments. Our central design principle is to preserve executable
evidence throughout the training pipeline: each example is grounded in a restorable initial state, an
action—observation trace, the resulting environment outcome, and an executable verification result.
This common interface allows data from heterogeneous environment sources to be accepted under a
shared outcome-based criterion and enables the same states and verifiers to support both supervised
and preference learning.

To construct Davinci-ToolData, we combine independently authored systems with synthesized
executable environments. For authored systems, Execution-Grounded Task Synthesis (EGTS)
explores supported interactions to establish achievable outcomes and their evidence, synthesizes
user tasks from these outcomes, and replays them from corresponding initial states to collect veri-
fied trajectories. This separates outcome discovery from demonstration construction: exploration
determines what can be achieved, while replay collects trajectories conditioned on the synthesized
user request. For synthesized environments, Executable Environment Synthesis (EES) constructs
and audits rule-governed domains before generating state-grounded tasks and executable verifiers.
EES produces scenarios within individual domains (EES-Single) and composes compatible domains
through shared entities, policies, and state dependencies before generating coordinated tasks over
the resulting executable world (EES-Cross). Together, these strategies provide complementary
supervision from single-domain to cross-domain workflows. Davinci-ToolData contains 30,395
verified trajectories covering 2,260 distinct invoked tool names (Table 1).

We first fine-tune Qwen3-Coder-30B-A3B-Instruct (Yang et al., 2025a) on Davinci-ToolData, pro-
ducing Davinci-Tool-30B-SFT. To complement successful demonstrations with comparisons between
alternative decisions, we reuse restorable EES scenarios and their executable verifiers for decision-
level preference learning. At selected points in SFT rollouts, we restore the same executable context,
sample alternative decisions, and use verified downstream outcomes to construct preference pairs.
Only divergent assistant turns are optimized with Direct Preference Optimization (DPO) (Rafailov
et al., 2023). Unlike approaches that rely on tree search with intermediate self-evaluation (Xie et al.,
2024b; Putta et al., 2024), our construction uses bounded sibling rollouts and executable outcome
checks without an additional expert action generator or process evaluator.



Davinci-Tool-30B achieves substantial gains across three held-out tool-use benchmarks. SFT im-
proves the base model from 52.4 to 85.1 on 72-bench, from 30.4 to 60.6 on BECL v4 multi-turn,
and from 16.9 to 52.8 on MCP-Atlas, while decision-level DPO further raises these scores to 88.2,
62.8, and 56.2, respectively. Despite using only 1/16 as many total parameters, Davinci-Tool-30B
outperforms Qwen3-Coder-480B-A35B-Instruct (Yang et al., 2025a) on all three benchmarks. Source-
composition studies further show that the full EGTS, EES-Single, and EES-Cross mixture provides
the strongest SFT performance among evaluated configurations, while outcome-grounded preference
learning provides additional gains after SFT.

Our contributions are:

* We introduce Davinci-Tool, a tool-use model trained through an executable-environment frame-
work that connects verified demonstration construction with outcome-grounded, decision-level
preference learning.

* We construct Davinci-ToolData, an execution-grounded dataset with 30,395 verified tool-use
demonstrations and 2,260 invoked tool names. EGTS builds task-conditioned demonstrations
through exploration and verified replay, while EES constructs and audits executable environments
for single-domain and coordinated cross-domain tasks.

* We demonstrate strong tool-use performance at the 30B scale. Davinci-Tool-30B improves
over its backbone by 35.8, 32.4, and 39.3 percentage points on 72-bench, BFCL v4 multi-turn,
and MCP-Atlas, respectively, outperforming Qwen3-Coder-480B-A35B-Instruct across all three
benchmarks. The same Davinci-ToolData supervision also substantially improves the tested
smaller models.

2 RELATED WORK

Tool-use data construction. ToolLLM (Qin et al., 2024) and ToolACE (Liu et al., 2025) scale
supervision through synthesis, while MCP-Flow (Wang et al., 2026a) and TOUCAN (Xu et al.,
2025b) collect trajectories from MCP environments. Execution-first methods such as SyntheticAgent-
TraceQA (Ouajdi et al., 2026) and Trajectory2Task (Wang et al., 2026b) derive tasks from observed
executions. Trajectory2Task additionally collects successful task rollouts, while AgentEvolver (Zhai
et al., 2025) uses exploration to collect RL data. EGTS builds on this direction for heterogeneous
authored systems: an originating execution provides outcome evidence and replay guidance, and
the synthesized request is re-executed from the corresponding initial state to collect a verified task-
conditioned demonstration. Unlike AgentTrek’s tutorial-guided replay (Xu et al., 2025a), EGTS
derives both guidance and verification evidence from the originating execution.

Environment synthesis. EnvScaler (Song et al., 2026) constructs executable environments, task
scenarios, and validation functions, while ASTRA (Tian et al., 2026) synthesizes verifiable sub-
environments around question—answer decompositions. EES follows this domain-first direction by
auditing reusable executable domains before task generation. EES-Single generates state-grounded
tasks and verifiers within individual domains, while EES-Cross composes audited domains through
shared entities, roles, policies, and state dependencies before coordinated task generation. App-
World (Trivedi et al., 2024) and Toolathlon (Li et al., 2026a) support multi-application interaction. In
contrast, EES-Cross uses executable domain composition to construct verified training supervision.

Preference learning. ETO (Song et al., 2024) learns from success—failure trajectory pairs, while
MCTS-DPO (Xie et al., 2024b), Agent Q (Putta et al., 2024), and AlphaLLM-CPL (Wang et al., 2024)
derive finer-grained preferences through search-based alternatives and evaluation. Our construction
branches from restorable EES states: the SFT policy generates bounded sibling decisions and
continuations under the same executable context, and verified outcomes label the divergent turns. This
procedure uses bounded sibling rollouts rather than recursive tree search and executable verification
rather than a separate process evaluator. It also reuses the restoration and verification infrastructure
from demonstration construction. Further discussion appears in Appendix F.

3  VERIFIED DEMONSTRATION CONSTRUCTION

To jointly scale environment coverage and outcome verification, Davinci-ToolData follows two
complementary construction routes (Figure 2). Both operate under a shared execution and verification



interface but differ in how their environments and supervision are obtained. For independently
authored systems, EGTS identifies feasible outcomes through exploration, synthesizes outcome-
grounded tasks, and collects verified task-conditioned demonstrations through guided replay. For
synthesized environments, EES constructs and audits reusable executable domains, then generates
state-grounded tasks and executable verifiers for individual domains (EES-Single) and coordinated
cross-domain workflows (EES-Cross) linked by shared entities, policies, and state dependencies.
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Figure 2: Construction of Davinci-ToolData and training of Davinci-Tool. EGTS converts explored
outcomes in authored systems into verified task-conditioned replay demonstrations, while EES
constructs audited executable environments for verified single-domain and cross-domain trajectories.
The resulting demonstrations support SFT, and restorable EES states and verifiers are subsequently
reused for decision-level DPO.

Definition of tool-use trajectory. We represent a resettable tool environment as W = (S, T, p, P, £),
where S is the state space, T is the available tool set, p(s¢) restores the environment to an initial-state
snapshot sy, P executes tool calls and produces state transitions and observations, and £ is the
outcome-evidence space. The restoration operator p enables replaying tasks or branching alternative
decisions from the same executable state.

Given a user task ¢ and initial state sy, the model maintains an interaction history h; =
(a1,01,...,a1-1,0¢—1). At step t, the tool-use policy 7y selects a tool call a; and receives ob-
servation oy ay ~ mo(- | ¢, ht, T), (8¢,0¢) = P(s¢—1,as). After H tool interactions, the model
produces a final response y, yielding 7 = (a1, 01, . . ., am, 0q, y) with terminal state sg. Given out-
come evidence £ € &, an execution is accepted when Verifyy; (¢, so, 7, su, ) = 1. EGTS evaluates
replay using exploration-derived evidence, whereas EES instantiates verification through executable
task predicates. Accepted trajectories provide SFT supervision, while restorable EES states and
verifiers further support decision-level preference learning (Section 4.2). Appendix A details the
shared execution and verification interface.

3.1 EGTS: FROM EXPLORED OUTCOMES TO VERIFIED DEMONSTRATIONS

EGTS separates outcome discovery from task-conditioned demonstration construction. An ex-
ploratory execution first establishes a feasible outcome in an independently authored environment W.
EGTS then synthesizes a user task g from captured outcome evidence, restores the same initial state
with p(sp), and collects a new trajectory conditioned on ¢. Thus, exploration determines what can be
achieved, while replay demonstrates how to achieve it for the user request. This design builds on
execution-first task synthesis (Ouajdi et al., 2026; Wang et al., 2026b) while separating discovery
traces from SFT supervision.

Outcome exploration and evidence collection. EGTS adapts each authored system to the shared
interface, providing callable tools 7, restoration p, transitions P, and source-specific evidence capture
in £. Starting from sy, coverage-guided exploration produces trajectory Teyp, and terminal state s;.
The collector extracts evidence ., € £ characterizing the achieved outcome:

capture in W
(SOaTexpaSH) gexp- @))



For state-modifying environments, £, retains relevant state transitions, whereas for retrieval-oriented
environments, it retains grounded observations. Failed executions, insufficient evidence, or outcomes
without usable evidence are discarded. Reusable skill guidance and prior execution experience help
exploration reach more involved workflows (Yang et al., 2025b; Ramrakhya et al., 2026).

Task synthesis. Only after an outcome is executed and recorded does EGTS generate a user
task, ¢ ~ Giask (S0, Texps SH, Eexp)- The task specifies the desired outcome without exposing the
exploratory action sequence. For mutation tasks, it requests state changes supported by the observed
transition, whereas for retrieval tasks, it requests information grounded in &.«p,. Candidate tasks are
retained only when they are specific, natural, feasible from sg, and fully supported by evidence.

Trajectory construction and verification. EGTS extracts task-relevant procedural information from
(Texp, Eexp) as replay guide g, invokes p(sg), and executes task ¢ to obtain trajectory 7yp terminating
in s’;. The guide is used only during collection and excluded from serialized SFT examples.

The replay is accepted when Verifyy, (¢, So, Trep, 7, exp) = 1. For mutation tasks, this requires
recovering the canonical outcome from exploration, including ¢w (s’y) = ¢w (sm), where ¢y
removes source-specific volatile state irrelevant to task semantics. For retrieval tasks, tool observations
and final responses must be grounded in {c,. Additional checks cover tool-call executability,
argument—observation consistency, action ordering, and task satisfaction.

Each accepted SFT example retains user task ¢, visible tool set 7, and task-conditioned replay
trajectory Tyep, together with verification provenance. The exploratory trajectory 7ey, and replay
guide g support construction but are not used as model-visible SFT context. Appendix B.1 provides
the full exploration, replay, and verification procedure.

3.2 EES: FROM EXECUTABLE DOMAINS TO VERIFIED TRAJECTORIES

Unlike EGTS, which adapts authored systems and derives tasks from explored outcomes, EES
jointly constructs executable environments, state-grounded tasks, and their success criteria. It first
synthesizes and audits reusable domains, then instantiates verified scenarios within individual domains
(EES-Single) or composed domains (EES-Cross). Since EES controls state initialization, transitions,
and verification, each accepted trajectory retains a restorable state and executable predicates that can
be reused for preference construction (Section 4.2).

3.2.1 EES-SINGLE: AUDITED SINGLE-DOMAIN SCENARIOS

Domain synthesis and audit. An EES domain is d; = (W;,T;), where W; = (S;, T;, pi, Pi, &)
follows the shared tool-environment interface and I'; specifies entity schemas and operational rules.
Staged synthesis produces schemas, tools, and transition logic. An executor—auditor loop exercises
T; over initialized states and checks arguments, observations, state transitions, and compliance with
T';. Detected inconsistencies trigger revisions before task generation (Song et al., 2026).

Scenario and verifier construction. For an audited domain, EES generates a scenario (s, g, V),
where sg € S;, ¢ is grounded in sg, and V = {v1,..., v} contains executable predicates for atomic
requirements. A mutation target already satisfied in sg is regenerated so that success requires an
interaction-induced state change. Executing ¢ from p;(sq) produces trajectory 7 and terminal state
sp. Its predicate evaluations form scenario evidence &y, € &;, and the trajectory is accepted when

J
VerifYWi ((L 50, 7,5H, gV) = H H[Uj (7_3 SH) = 1] =1 )

j=1
Domain auditing ensures that the environment follows its contract, while scenario predicates verify

completion of the requested task.

3.2.2 EES-CRr0ss: COMPOSING DOMAINS INTO COORDINATED WORKFLOWS

EES-Cross composes audited domains before task generation to create executable shared worlds where
tasks depend on explicit entity, state, or policy relationships rather than unrelated tool collections.

Domain selection and composition. Embedding retrieval proposes related domains, an affinity
rubric evaluates functional compatibility and potential dependencies, and bounded random walks



select connected groups. Namespace maps separate tool names, entity types, identifiers, and state
attributes before composition. The resulting We,oss = (Scrosss Terosss Perosss Peross, Scross) Preserves
each domain’s local transitions under a unified runtime. Static checks validate initialization, schemas,
and namespace consistency.

Shared-world construction. EES-Cross defines shared entities, user roles, linking fields, cross-
domain policies, and coherence constraints over W, ss. These relations are checked against domain
contracts before pcross(So) initializes linked records, making the operational dependencies explicit.

Task construction and verification. EES-Cross generates task ¢ and predicates V,,oss from the
shared context and sg. Requirements may transfer an observation or identifier across domains, enforce
operation ordering, or constrain state changes through cross-domain policies. Candidate trajectories
first pass runtime checks and are then accepted through the shared interface:

Veriny (q7 $0,7T,SH, fVcross) = 1’ (3)

cross

where £y, € Ecross Tecords cross-domain predicate outcomes. A retained example uses content
from a “Cryo-EM Vendor Call” note to update a mobile reminder. The agent verifies reminder
ownership before the update and separately reports the user’s notification preference across the
personal_ and mobile_ interfaces (Appendix C.1.6). Appendix B.2 details EES construction
and auditing.

3.3 ENVIRONMENT COVERAGE AND CORPUS STATISTICS

Environment coverage. EGTS covers 8 Table 1: Verified SFT corpus. Token and call counts
authored environment families spanning are per-trajectory means. Tool counts represent distinct
services, APIs, workspaces, web interac- invoked serialized names.

tion, and simulation. EES comprises 191
audited domains across 19 categories, of

. 5 . Source Traj. Tokens Calls Tools
which 188 appear in 246 retained cross-
d . ., A dix C.1 EGTS 13,824 10,0639 6.04 350
omain compositions. Appendix C.1 pro- EES-Single 8,026 10,3727 587 1610
vides the full source and domain taxon- EES-Cross 8,545 204447 701 1683
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Figure 3: Structure of the 246 retained EES-Cross compositions. Panels (a), (b), and (c) show
the number of constituent domains per environment, the number of application categories per
environment, and category pairs appearing in at least 5 compositions, respectively. Pair counts may
overlap when an environment spans more than two categories. Category codes are defined in Table 5.

Composition structure. Figure 3 shows 77 two-domain, 124 three-domain, and 45 four-domain
environments. Among them, 117 span multiple application categories and 129 connect distinct
systems within one category, demonstrating diversity in both domain count and category composition.

Corpus diversity and interaction scale. Table 1 shows that Davinci-ToolData contains 30,395
verified trajectories with 28,985 distinct normalized requests and 436 declared-tool inventories.
Across these inventories, 4,672 tool names are exposed and 2,260 are invoked, producing 190,410
tool calls. Source-level tool counts overlap and are therefore not additive. The median serialized
length is 9,284 tokens, with 957 trajectories (3.15%) exceeding 32,768 tokens before training-time
handling. EES-Cross has the highest mean length and tool-call count, reflecting additional cross-
domain coordination. Appendix C.2 provides source-level distributions.



Beyond corpus scale, representation alignment shows source-specific execution-pattern neighbor-
hoods (Section C.3). Paired base/SFT analysis characterizes benchmark-specific execution changes
associated with task recovery (Section C.4). Length-controlled analysis shows that EES-Cross in-
troduces domain transitions, entity transfer, and read—write dependencies beyond interaction length
(Section C.1.4).

4 OUTCOME-GROUNDED MODEL TRAINING

Davinci-Tool is trained in two stages. We first perform supervised fine-tuning (SFT) on the verified
demonstrations from Section 3, then reuse restorable EES scenarios and executable verifiers to
compare alternative decisions from the same interaction context. Verified downstream outcomes
define decision-level preferences for DPO.

4.1 SUPERVISED FINE-TUNING

We fine-tune Qwen3-Coder-30B-A3B-Instruct (Yang et al., 2025a) on Davinci-ToolData’s 30,395
verified demonstrations. Each example contains the user task, visible tools, assistant actions, tool
observations, and the final response. SFT optimizes assistant tokens conditioned on the preceding
interaction, while tool outputs remain in context but are excluded from the loss. The resulting policy
wspr 1S used for preference construction. Training details are provided in Appendix E.

4.2 OUTCOME-GROUNDED PREFERENCE CONSTRUCTION

A verified demonstration provides one successful execution but does not compare alternative decisions
from the same interaction state. We construct such comparisons by branching from 7gpT rollouts
in EES-Single and EES-Cross scenarios. Restorable states allow alternatives to start from the same
executable state, while verifiers provide a common outcome criterion for completed branches.

Shared decision contexts. For each selected scenario, mgp generates a trunk trajectory. At a
retained decision point ¢, we record

Ty = ((I7 m«y, 72))

where z; is the model-visible context containing task ¢, message prefix m;, and visible tools 7y,
while s; is the corresponding restorable environment state. Up to B trunk decision points are retained
as forks, with executable state s; kept separate from model-visible context ;.

Sibling generation and outcome verification. At each fork, the trunk decision is retained and K — 1
alternatives are sampled from the same policy:
1 k
ug ) = ylrunk ug ) ~7spr(- | x), k=2,...,K.

Before each candidate, p restores the environment to s; and the same context x; is reused. Each branch
then continues with msp under greedy decoding until termination, producing sibling trajectories
Tt(k) and terminal states sg). Forks occur only along the trunk and are not recursively expanded.
Each sibling receives the verified outcome

rt(k) = Veriny(q,sO,Tt(k),Sg;),fV) €{0,1}.

Because all candidates start from the same fork state and model—visiblke context and are evaluated
under the same greedy continuation policy and verifier, differences in 7, reflect differences in their
verified downstream outcomes.

Preference-pair construction. When two distinct candidates obtain different verified outcomes,
r?‘ > 7, , we retain
($t>y+a3/7)7 y+:uz’_3 y7 :ut_

The divergent assistant turns serve as preferred and rejected responses, while their completed con-
tinuations determine the labels and are retained with terminal states and verification records as
construction provenance. The resulting pairs form Dp,c¢. This procedure yields 1,150 pairs from
EES-Single and EES-Cross scenarios after SFT, separate from the 30,395 SFT demonstrations but
reusing the same restorable states and verifiers. Appendix D provides collection details and statistics.



4.3 DECISION-LEVEL PREFERENCE OPTIMIZATION

We initialize my from 7gp and use a frozen copy as the reference policy ... We apply standard
DPO (Rafailov et al., 2023) to Dp,.f, using only the divergent preferred and rejected assistant turns
in the objective. Their downstream continuations are used solely to determine the verified preference
labels. The resulting checkpoint is Davinci-Tool-30B. Appendix E provides optimization details.

5 EXPERIMENTS

We evaluate verified-demonstration training, decision-level preference learning, transfer across model
scales, comparison with public tool-use supervision, and contributions of the three data-construction
routes. We further analyze supervision structure and resulting execution behavior.

5.1 EXPERIMENTAL SETUP

Benchmarks. We evaluate three held-out tool-use suites using their official protocols. 72-bench (Bar-
res et al., 2025) evaluates stateful interaction in Retail and Telecom, and we report both domains and
their macro average. BFCL v4 multi-turn (Patil et al., 2025) evaluates multi-turn function calling
across four categories. MCP-Atlas (Bandi et al., 2026) evaluates heterogeneous MCP tool use. We
use the 89 tasks that do not require external API keys. Evaluation queries and states are excluded
from data construction, and all scores are from our evaluations.

Models and training. Our primary model is Qwen3-Coder-30B-A3B-Instruct (Yang et al., 2025a).
DeepSeek-V4-Pro (Xu et al., 2026) is used for trajectory generation. Davinci-Tool-30B-SFT is
trained on the 30,395-trajectory Davinci-ToolData corpus, and Davinci-Tool-30B is obtained from
this checkpoint using the decision-level preferences in Section 4.2.

Comparison settings. We compare with Qwen3-Coder-480B-A35B-Instruct (Yang et al., 2025a),
Kimi-K2-Instruct (Team et al., 2025), MiniMax-M2.1 (MiniMax, 2025), GLM-4.7 (Z.ai, 2025), GPT-
5.2 (OpenAl, 2025), and Claude-Sonnet-4.5 (Anthropic, 2025). We also fine-tune Qwen3-8B and
Qwen3-14B (Yang et al., 2025a) on Davinci-ToolData, and compare against the public Toucan-1.5M
release (Xu et al., 2025b) under the same Qwen3-Coder-30B backbone and SFT hyperparameters.
MCP-Atlas is omitted for Qwen3-8B/14B because interactions exceed their default 40,960-token
context window.

5.2 MAIN RESULTS

Table 2: Main results and model transfer. Reference models are strong open- and closed-source
models included for external comparison. Underlining marks the best reference-model score in each
metric, while bold marks the best score within each of the Qwen3-8B, Qwen3-14B, and primary 30B
training groups. Light and dark shading denote Davinci-ToolData SFT and SFT+DPO, respectively.

Model Training 72-bench BFCL v4 multi-turn MCP-Atlas
Retail Telecom Avg. Base Long-Context Miss-Func Miss-Param Avg. Avg.

Reference models

Qwen3-Coder-480B-A35B-Instruct — 71.5 39.5 585 555 54.5 32.0 320 435 28.1
Kimi-K2-Instruct — 70.6 65.8 682 42.0 385 23.0 30.0 334 59.6
MiniMax-M2.1 — 81.6 87.0 843 765 69.0 71.0 69.0 714 59.6
GLM-4.7 — 79.8 982 89.0 69.5 67.0 66.0 59.0 65.4 55.1
GPT-5.2 — 81.6 982 899 37.0 27.0 225 29.0 28.9 61.8
Claude-Sonnet-4.5 — 86.0 98.0 92.0 555 545 60.0 51.0 553 65.2
Transfer to smaller models
Qwen3-8B Base 474 175 325 225 16.0 6.5 16.5 15.4 —
Davinci-ToolData SET 64.9 842 74.6 505 23.5 29.0 325 33.9 —
Qwen3-14B Base 50.0 167 334 350 23.0 5.5 21.0 21.1 —
Davinci-ToolData SFT 67.5 86.0 76.8 50.0 34.0 4.5 39.0 414 —
Primary backbone
Qwen3-Coder-30B-A3B-Instruct ~ Base 68.7 36.0 524 430 36.0 17.0 25.5 30.4 16.9
Toucan-1.5M SFT 65.8 895 717 525 46.0 35.0 34.0 41.9 225
Davinci-ToolData SFT 73.7 96.5 85.1 715 61.0 63.0 47.0 60.6 52.8
Davinci-Tool-30B Davinci-ToolData SFT + DPO  79.8 96.5 882 725 62.0 61.5 55.0 62.8 56.2

Training-stage gains. Verified-demonstration SFT establishes most of the improvement on the
primary 30B backbone, raising 72-bench, BFCL v4, and MCP-Atlas from 52.4/30.4/16.9 to



85.1/60.6/52.8. Gains occur in both 72 domains and all four BFCL categories. Decision-level
DPO adds 3.1, 2.2, and 3.4 points on the three aggregates. The changes are category-dependent:
72 Retail improves by 6.1 points and BFCL Missing-Parameter by 8.0, while Missing-Function
decreases by 1.5. Thus, SFT provides the primary capability gains, while the aggregate DPO gains
from 1,150 pairs support reusing the same restorable states and executable verifiers for post-SFT
decision refinement.

Comparison with reference models. Davinci-Tool-30B exceeds Qwen3-Coder-480B-A35B-Instruct
on all three aggregates despite using 1/16 as many total parameters. On BFCL v4, its 62.8 score
exceeds Qwen3-Coder-480B, Kimi-K2-Instruct, GPT-5.2, and Claude-Sonnet-4.5, while remaining
below MiniMax-M2.1 and GLM-4.7. On MCP-Atlas, its 56.2 exceeds Qwen3-Coder-480B and
GLM-4.7 but remains below the other evaluated reference models.

Backbone transfer and data comparison. Davinci-ToolData improves the tested smaller models:
Qwen3-8B rises from 32.5 to 74.6 on 72-bench and from 15.4 to 33.9 on BFCL v4, while Qwen3-
14B rises from 33.4 to 76.8 and from 21.1 to 41.4, respectively. Both improve in every reported
72 and BFCL category, indicating that the supervision is not specific to the primary 30B model.
Under the same Qwen3-Coder-30B backbone and SFT hyperparameters, Davinci-ToolData exceeds
Toucan-1.5M by 7.4, 18.7, and 30.3 points on 72-bench, BFCL v4, and MCP-Atlas, respectively,
despite using a substantially smaller training corpus. This matched comparison shows that corpus
size alone does not explain the gains.

Execution-level analysis. Appendix C.4 compares paired base/SFT trajectories on recovered tasks
and reveals benchmark-specific behavioral changes. On 72-bench, recovered tasks show substantially
fewer explicit tool errors; on BFCL v4, trajectories cover more of the reference call chain and exhibit
stronger output-to-argument dependencies; on MCP-Atlas, empty retrievals and malformed terminal
outputs disappear despite increased tool interaction. These patterns show that the benchmark gains
are associated with improved execution reliability, multi-step completeness, and result utilization
rather than uniformly shorter or simpler trajectories.

5.3 SOURCE-COMPOSITION ANALYSIS

Table 3 compares six SFT mixtures that
differ in both source composition and cor-
pus size, so we use them to character-
ize source complementarity rather than
size-controlled marginal effects. EGTS
gives the strongest single-source BFCL EGTS EES-Single EES-Cross 72-bench BFCL v4 MCP-Atlas
v4 result (57.4), while EES-Cross is 4 78.9 57.4 28.1

Table 3: SFT data-source mixtures. Bold marks the
strongest evaluated mixture on each benchmark.

SFT data Benchmarks

strongest on TQ—bench (83.4) and MCP- v v Sg:g Zgé igé
Atlas (47.2). These distinct profiles sup- v v 82.9 55.6 50.6

v v 79.4 57.6 315
port complementary roles for authored- Y 851 B0.6 2

system replay and synthesized-domain
supervision.

Source combinations are not uniformly additive: some pairwise mixtures underperform a constituent
single source. Nevertheless, adding EES-Cross to EGTS+EES-Single improves 72-bench, BFCL v4,
and MCP-Atlas by 5.7, 3.0, and 21.3 points, respectively, while adding EGTS to EES-Single+EES-
Cross yields gains of 2.2, 5.0, and 2.2 points. The full EGTS+EES-Single+EES-Cross mixture is
strongest among all six configurations, exceeding the best single-source result by 1.7, 3.2, and 5.6
points on the three benchmarks, respectively.

Appendix C.3 shows benchmark-dependent source alignment: EGTS is most aligned with BFCL
v4 and MCP-Atlas, while EES-Single is most aligned with 72-bench, supporting non-redundant
source roles alongside Table 3. Appendix C.1.4 further shows that, after matching tool-call count and
interaction length, EES-Cross retains domain transitions, cross-domain entity reuse, and read—write
dependencies, indicating coordinated cross-domain structure beyond simply longer trajectories.



6 CONCLUSION

We presented Davinci-Tool and Davinci-ToolData, an execution-grounded framework for scaling
verified supervision for agentic tool use. EGTS converts explored outcomes in independently authored
systems into verified task-conditioned demonstrations, while EES constructs audited executable
domains for single- and cross-domain supervision. Across three held-out benchmarks, verified-
demonstration SFT provides the primary gains and transfers to the tested smaller models. Restorable
EES states and executable verifiers are further reused for outcome-grounded decision refinement
through DPO. Together, these results show how reusable execution and verification infrastructure can
support tool-use training from demonstration construction to decision refinement.
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A SHARED EXECUTION AND VERIFICATION INTERFACE

This appendix specifies the shared execution, restoration, and verification interface used by all
trajectory-construction routes.

A.1 ENVIRONMENT INTERFACE AND EVIDENCE RECORDS

A resettable tool environment is represented as W = (S, T, p, P, &), where S is the state space,
T the tool set, p the restoration operation, P the tool-conditioned transition function, and £ the
observable evidence space. For a task ¢, a trajectory 7 = (a1, 01, ...,aq,0n) maps an initial state
Sg to a terminal state sg. Its evidence record

R = (q780a778Ha€’V)
retains outcome evidence £ € £ together with verification and provenance metadata v.

Evidence capture follows the environment type. Mutation-oriented environments retain state snap-
shots, retrieval-oriented environments retain grounded answer evidence, and synthesized EES sce-
narios evaluate executable task predicates. The shared interface supports repeated execution, state
restoration, and outcome-evidence capture as required by each construction route. EES scenarios
additionally retain scenario-specific executable verifiers that are reused for preference construction in
Appendix D.

A.2 ENVIRONMENT WRAPPING AND EVIDENCE CAPTURE

Executable environments are adapted to a common interaction interface exposing callable tools, a
reset procedure, outcome-evidence capture, and collection metadata. Depending on the underlying
system, restoration may use a container lifecycle, filesystem image, database snapshot, service
endpoint, or another source-specific mechanism.

Before each collection episode, the harness records the initial state sg. During execution, it records
ordered actions, observations, and execution status:

T = [(al,ol,zl), ey (GH,OH,ZH)],

where z; indicates whether the corresponding tool invocation completed successfully. After execution,
the harness records the resulting state sy and observable outcome evidence &.

For state-modifying environments, source-specific snapshot adapters map raw states to canonical
representations. Volatile fields such as timestamps, transient identifiers, and execution metadata are
removed when they do not affect task semantics, enabling consistent comparison across repeated
executions. Retrieval-oriented environments instead retain grounded information returned by suc-
cessful read operations as answer evidence. EGTS uses these records for task synthesis and replay
verification, while EES combines similar state and evidence records with executable task predicates.

B TRAJECTORY CONSTRUCTION DETAILS

This section provides implementation details for EGTS, EES-Single, and EES-Cross under the shared
interface.

B.1 EXECUTION-GROUNDED TASK SYNTHESIS
B.1.1 PROGRESSIVE AND EXPERIENCE-GUIDED EXPLORATION

Exploration objectives. Exploration is organized around local executable objectives derived from the
currently exposed tools and observable environment structure. These objectives guide the collector
toward feasible interaction patterns, while coverage statistics prioritize under-explored tools and
behaviors to broaden the outcomes available for task synthesis.

Progressive action-space expansion. EGTS progressively expands the action space available to the
explorer. Exploration begins with orientation tools that reveal environment structure, proceeds to
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task-bearing anchor tools, and then expands to the broader tool inventory. As coverage accumulates,
under-used tools receive higher sampling priority to encourage new interaction patterns.

Two additional sources of guidance support exploration. Skill guides provide reusable procedural
knowledge for common workflows, while an experience store retrieves relevant execution traces from
previous episodes. Together, they transfer useful execution knowledge across exploration objectives
and support more involved interactions (Yang et al., 2025b; Ramrakhya et al., 2026).

Collection behavior adapts to interaction difficulty. Simpler stages use strict execution, where an
unsuccessful call terminates the episode, while harder stages permit bounded retry and rollback. If
execution ends with an unsuccessful tail, the collector retains the longest executable prefix ending at
a successful call and removes unmatched or failure-only messages.

B.1.2 TASK CANDIDATE CONSTRUCTION

For mutation-oriented exploratory trajectories, task synthesis conditions on the retained calls, affected
entities, and observed transition from s( to s. For retrieval-oriented trajectories, it conditions on
successful reads and their grounded answer evidence. The synthesizer generates outcome-oriented
tasks supported by the recorded execution (Wang et al., 2026b; Ouajdi et al., 2026).

Multiple task candidates may be generated from one exploratory interaction. Candidate selection
considers specificity, naturalness, and consistency with the recorded evidence, retaining requests
whose target outcomes can be traced to the corresponding calls and observations.

B.1.3 EXECUTION-DERIVED REPLAY GUIDANCE

The replay harness associates the observed outcome with the calls that contributed to it and extracts
task-relevant execution information from the exploratory episode. This yields a replay guide

g (Texp ) gexp)

used during replay:
@5 9(Texp,&exp)
—_—

!/
So Tl‘Cp) SH .
Trep

The guide transfers grounded procedural information from exploration to task-conditioned replay (Xu
et al., 2025a). Unlike an exploratory trace, the replay trajectory is generated after the user request has
been fixed and is therefore organized around fulfilling that request.

Replay is evaluated as part of demonstration construction. Its acceptance records whether the
synthesized request recovers the target outcome under the replay harness.

The EGTS SFT partition contains 13,824 accepted task-conditioned replay demonstrations. Each
serialized example contains messages and tools and uses the standard task-solving system
prompt. Replay guidance is privileged collection context and is not serialized as a separate training
field; the collection prompt is replaced during SFT serialization. The resulting training example
retains the task-conditioned interaction rather than the exploration-oriented collection context.

B.1.4 REPLAY VERIFICATION AND TRAJECTORY AUDIT

For mutation tasks, replay succeeds when the canonical terminal state matches the outcome recorded

during exploration:
dw (shy) = dw (sm).
Retrieval tasks are evaluated against the grounded answer evidence collected during exploration.

After outcome verification, additional checks determine whether the replayed trajectory is suitable for
training. Structural validation enforces valid message—tool-call pairing, executable tool invocation,
final-response presence, and failure constraints. A hard judge checks consistency among the task,
tool names, arguments, observations, action ordering, and final evidence, while a soft judge evaluates
trajectory coherence and response quality.

Accepted samples retain the task, reset provenance, execution snapshots, replay trace, task-candidate
records, harness metadata, and verification results, linking demonstrations to acceptance decisions.

15



B.2 EXECUTABLE ENVIRONMENT SYNTHESIS

This section expands the EES procedures introduced in Sections 3.2.1 and 3.2.2, covering single-
domain synthesis and auditing, state-grounded scenario construction, executable domain composition,
and cross-domain trajectory verification.

B.2.1 SINGLE-DOMAIN SYNTHESIS AND AUDIT

Staged contract synthesis. For each target domain, EES first mines representative backend concepts,
entity structures, operational constraints, and interaction patterns. After deduplication, staged
synthesis converts this information into typed schemas, executable scaffolds, operation inventories,
and concrete tool implementations, producing a runnable domain with explicit state, transition, and
rule structure (Song et al., 2026).

The resulting domain contract specifies entity types, state structure, exposed operations, transition
behavior, and domain rules. This contract provides shared semantics for tool execution, scenario
construction, and verification.

Executor-auditor protocol. Each synthesized domain is exercised before scenario construction. The
executor invokes its operations over initialized states, covering both state-reading and state-mutating
behavior. The auditor checks tool arguments, returned values, exceptions, resulting state transitions,
and rule compliance against the domain contract.

Detected inconsistencies trigger revisions to the corresponding schema, implementation, or domain
specification before another audit round. Audited domains are used for scenario construction.

B.2.2 STATE-GROUNDED TASK AND VERIFIER CONSTRUCTION

Scenario initialization and task construction. For each audited domain, EES instantiates an initial
state sg consistent with its entity schemas and domain rules. Task generation conditions on this state,
the exposed operations, and applicable constraints to construct achievable interaction requirements.
These requirements are decomposed into atomic conditions represented by executable predicates.

Each resulting scenario has the form
(507 q, V)a

where ¢ is the state-grounded user task and
V:{’Ul,...,’UJ}
contains executable predicates encoding its atomic requirements.

For state-modifying tasks, state-based target predicates are first evaluated on the initial state sg.
A target already satisfied in sq is regenerated or revised so that completing the task requires an
interaction-induced state change. Candidate trajectories are then collected by executing ¢ from sy,
producing an execution trace 7 and terminal state sy. The task requirements are evaluated on the
resulting execution and state:

J
Verity(q, 7, s ) H [vj(T,sm) =1].

The initial state, task requirements, execution trace, terminal state, predicate outcomes, and verifica-
tion record form the executable evidence retained with each verified EES-Single trajectory.

B.2.3 CR0OSS-DOMAIN COMPOSITION

Affinity estimation and subgraph sampling. For each audited domain, embedding retrieval proposes
semantically related candidates. An affinity rubric then evaluates their functional compatibility and
possible relationships between their entity and state spaces. These relations define an affinity graph;
bounded random walks sample connected domain subsets for composition (Li et al., 2026a).

Namespace injection and executable merging. For each selected domain d;, namespace injection 7;
transforms tool names, entity types, identifiers, and state attributes before composition. The merged
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environment state is
§°TO%S = (771(51), . ,wm(sm)),
and the exposed tool set is formed from the corresponding namespaced interfaces.

Static validation checks initialization, state structure, tool-schema well-formedness, and namespace
consistency before the merged runtime proceeds to shared world-context construction.

Shared world-context construction and audit. EES-Cross constructs a shared world context over
the merged domains. The context specifies user roles, shared entities, linking fields, cross-domain
policies, and coherence constraints that establish relationships among the participating domain states.

Schema and consistency checks validate referenced entities, attributes, and interfaces against the
merged runtime. A consistency judge further evaluates the generated roles, policies, linking relations,
and shared entities. Accepted world contexts are then used for cross-domain task construction.

B.2.4 CROSS-DOMAIN TASK CONSTRUCTION AND VERIFICATION

Merged environments are initialized with records whose identifiers and linking fields establish
dependencies across participating domains. Cross-domain tasks are conditioned on the shared world
context, user role, initialized state, and applicable policies, with required operations and success
criteria spanning multiple systems.

Candidate trajectories first pass runtime and tool-execution checks. Task-level verification then
evaluates the observed calls, state changes, terminal outcome, and applicable policy constraints
against the scenario requirements. Trajectories satisfying these requirements are retained.

Accepted trajectories retain the initial and terminal states, shared world context, cross-domain
execution trace, outcome evidence, verification records, transferred-entity types, and dependency
structure together with their construction and verification provenance.

C ENVIRONMENT AND DATA ANALYSIS

C.1 ENVIRONMENT SOURCES AND COVERAGE

This section characterizes the authored environment families used by EGTS and the domain taxonomy
and composition patterns used by EES. Trajectory-level statistics for the resulting SFT corpus are
reported in Section 3.3 and Appendix C.2.

C.1.1 EGTS ENVIRONMENT SOURCES

EGTS operates over independently authored environments that support multi-step tool interaction, re-
peatable initialization, observable state or answer evidence, and stable execution. Table 4 summarizes
the represented environment families and their interaction scope.

The collector synthesizes new tasks from explored outcomes while retaining environment identifiers,
source versions, reset provenance, and task-level metadata. Evaluation queries and states from BFCL
v4, 72-bench, and MCP-Atlas are excluded from trajectory construction.

Scope of the source inventory. Table 4 describes the authored-system library, whereas Appendix C.2
characterizes the 13,824 accepted EGTS demonstrations used for SFT. Environment-family counts
and trajectory counts therefore describe different levels of the construction pipeline.

C.1.2 EES DOMAIN TAXONOMY AND USAGE

The framework design and data in EES-Single are adapted from prior work (Song et al., 2026). The
EES catalog contains 191 executable domain definitions organized into 19 application categories,
ranging from healthcare and software infrastructure to commerce, education, and document manage-
ment. A domain is a stateful executable component; a category groups domains by application area.
The retained EES-Cross inventory contains 246 compositions using 188 of the 191 domains, with
706 constituent-domain slots in total.
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Table 4: Environment families represented in the EGTS library. Each source is adapted to the common
execution and evidence-capture interface.

Environment family

Representative interactions

Representative adapted
sources

Personal and business
services

API discovery and
orchestration

Developer and data
workspaces

Terminal and
professional production

Web interaction and
commerce

Scientific simulation
Integrated multi-tool
workflows

Application ecosystems

Contacts, messages, reminders, calendars,
banking, travel, health, and other structured
service operations

API search, schema inspection, argument
grounding, selection, and multi-API
composition

Filesystem operations, repositories, relational
data, and browser-backed developer workflows
Shell and text processing, system operations,
reports, office files, PDFs, and data
deliverables

Page navigation, form interaction, product
search, constraint matching, and shopping
workflows

Procedural experiments, hypothesis testing,
embodied discovery, and stateful scientific
interaction

Workspace, browser, research, document,
communication, commerce, and infrastructure
tools within a shared environment

Stateful workflows spanning multiple

ToolSandbox (Lu et al., 2025),
API-Bank (Li et al., 2023)

StableToolBench (Guo et al.,
2024)

MCPMark (Wu et al., 2026b)

Terminal-Bench (Merrill et al.,
2026)

MiniWoB (Shi et al., 2017),
WebShop (Yao et al., 2022)

ScienceWorld (Wang et al.,
2022), DiscoveryWorld (Jansen
etal., 2024)

Toolathlon (Li et al., 2026a)

AppWorld (Trivedi et al., 2024)

simulated applications and user records

Table 5 reports both the number of domain definitions in each category and their frequency in the
retained cross-domain compositions. A domain slot is one occurrence of a constituent domain within
one composed environment.

Table 5: EES domain categories and composition usage. D.. is the number of domain definitions in
category ¢, and S, counts their occurrences across the 246 retained EES-Cross compositions. Rows
follow decreasing S.. Category codes are used in Figure 3.

Code Application category D. S.
HC Healthcare & Clinical 30 115
IT IT Infrastructure & Software Engineering 20 80
SOC Social & Communication 14 56
ECOM E-commerce, Retail & Marketplace 11 47
ENT Enterprise, HR & Business Ops 12 47
PHW Personal Health & Wellness 13 47
PROD Productivity & Personal Info Mgmt 8 45
FIN Finance, Banking & Billing 13 40
MEDIA Media & Entertainment 10 39
TRAVEL  Travel, Hospitality & Local Services 8 30
SPORT Sports & Fitness 11 27
DATA Data, Analytics & ML 6 24
10T IoT, Industrial & Environmental Monitoring 8 22
MKT Marketing & Advertising 4 20
DOC Documents & Knowledge Mgmt 4 16
INS Insurance & Claims 5 16
EDU Education 4 13
GOV Government & Public Sector 5 13
MOB Transportation, Mobility & Geo 5 9

Total 191 706

Category coverage. Healthcare and Clinical accounts for 115 of the 706 constituent-domain
slots (16.3%), followed by IT Infrastructure and Software Engineering with 80 slots (11.3%) and
Social and Communication with 56 (7.9%). The remaining slots are distributed across all 16 other
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application categories, showing that the retained compositions span the full EES taxonomy rather
than concentrating on a small number of domains.

C.1.3 EES COMPOSITION PATTERNS AND CATEGORY AFFINITIES

The retained EES-Cross inventory contains 77 two-domain, 124 three-domain, and 45 four-domain
compositions, totaling 246 compositions and 706 constituent-domain slots. The mean composition
size is 2.87 domains. The category-count distribution also totals 246 compositions: 129 contain
domains from one application category, while 117 span multiple categories. Domain count and
category count capture different aspects of composition because distinct executable systems can
belong to the same application category while retaining separate states and tool interfaces. Figure 3
in Section 3.3 visualizes these distributions and the most frequent cross-category affinities.

Healthcare and Clinical with Personal Health and Wellness is the most frequent category pair,
appearing in 17 compositions, followed by Data, Analytics and ML with IT Infrastructure and
Software Engineering in 15. Other recurring combinations include E-commerce with Travel and
Enterprise operations with Productivity, each appearing in six compositions. These patterns illustrate
both within-category system composition and workflows connecting distinct application areas.

C.1.4 STRUCTURAL ANALYSIS OF CROSS-DOMAIN SUPERVISION

Beyond composition statistics, we further analyze whether EES-Cross introduces execution structures
that differ from single-domain trajectories. The goal is to distinguish cross-domain supervision from
simply longer interaction sequences. We compare EES-Single and EES-Cross trajectories under
length-controlled matching and measure structural properties related to cross-system coordination.

For each trajectory, we represent the executed tool sequence as an ordered chain of tool invocations.
We identify domain transitions when two consecutive tool calls originate from different executable
domains. Given a trajectory 7 = (ay, ..., ay) with domain assignment d(a;) for each tool call, the
domain-switch ratio is defined as

-1

> ld(ar) # dlars1)].

t=1

1
RSWltCh(T) - O—_1
To measure information transfer across domains, we additionally identify entities produced by one
domain and consumed by another domain. For an entity e, let p(e) and ¢(e) denote the producing
and consuming tool calls, respectively. We count cross-domain entity reuse when d(p(e)) # d(c(e)).
We further identify cross-domain read—write patterns where a value retrieved from one domain
contributes to a later state-modifying operation in another domain.

Because EES-Cross trajectories may naturally contain more involved interactions, we perform a
length-controlled comparison. For each EES-Cross trajectory, we select EES-Single trajectories
with matched tool-call counts and similar serialized interaction lengths, and compute the structural
statistics on the matched subsets. Table 6 reports the resulting comparison.

Table 6: Structural comparison between EES-Single and EES-Cross trajectories under length-
controlled matching. Cross-domain metrics measure execution coordination beyond interaction
length.

Metric EES-Single EES-Cross
Domain transitions (%) 0.00 14.50
Cross-domain entity reuse (%) 0.00 5.23
Trajectories with cross-domain transfer (%) 0.00 6.39
Cross-domain read—write (%) 0.00 0.98
Tool calls (matched) 100.0 100.0
Interaction length (relative) 100.0 99.1

The comparison shows that EES-Cross introduces execution patterns absent from EES-Single, includ-
ing domain transitions, cross-domain entity transfer, and read—write dependencies across systems.
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These differences remain after controlling for tool-call count and interaction length, indicating that
the additional supervision arises from coordinated execution structures rather than simply longer
trajectories. The analysis does not imply that every dimension of structural depth increases; instead,
EES-Cross changes the dependency topology of tool-use workflows by introducing interactions
among otherwise independent executable domains.

C.1.5 RECORDED COMPOSITION: INVENTORY, PROMOTIONS, AND ORDERS

The composition manifest identifies cross_env_0020 as a merge of env_9_sft (product
inventory), env_76_sft (product-and-promotion management), and env_172_r1 (order man-
agement). Table 7 reports selected operations and rules from their domain definitions.

Table 7: Selected interfaces in the recorded composition cross_env_0020. Names are shown
before namespace injection.

Domain Selected operations Declared requirements

Inventory get_product_by_id; Non-negative prices; predefined product
update_product_stock categories.

Promotions get_product_by_sku; Active time window, product—promotion
get_applicable_promotions; link, and customer eligibility determine
evaluate_customer_eligibility applicability.

Orders get_product_by_id; Stock must cover the added quantity;
add_product_to_cart each cart belongs to one user; repeated

products use an aggregated quantity.

The example illustrates two requirements handled separately by EES-Cross. The duplicated
get_product_by_id interface motivates namespace separation, while the use of product IDs and
SKUs across systems requires semantic links between their underlying records. The shared-context
and scenario-construction stages establish these relations before cross-domain task generation.

C.1.6 SERIALIZED CROSS-DOMAIN DEMONSTRATION

One EES-Cross training example asks the agent to consult the “Cryo-EM Vendor Call” note, verify
ownership of an existing reminder, update its message and time, and report the user’s notification
preference. The request names the target note and reminder, while execution retrieves their contents
and resolves the corresponding user identity before performing the updates.

Table 8: Model-visible tool evidence from one serialized two-domain EES-Cross demonstration.
Construction-level states and verification records are retained separately from the conversation.

Step  Operation Relevant observation or update

1 mobile_get_user_by_name Resolves Maya Chen to usr—001; notification
preference is push.

2 personal_get_note_by_id Note content: compare service quotes and ask
BioScope about January slots.

3 mobile_get_reminder_by_id rem-001 belongs to usr-001, with the exist-
ing message and time.

4 mobile_update_reminder_message Sets “Call BioScope about January cryo-EM
slots”; tool reports success.

5 mobile_update_reminder_time Sets 2025-01-17 at 10:00, UTC—-05:00; tool re-
ports success.

6 mobile_get_user_ Queries usr—001; result is push.

notification_preference

The example makes the cross-system dependency concrete. Information retrieved from the personal-
note interface contributes to a reminder update, while identity resolution provides the user identifier
needed to verify reminder ownership and retrieve notification settings.
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C.2 DETAILED CORPUS STATISTICS

Davinci-ToolData contains 30,395 SFT trajectories: 13,824 from EGTS, 8,026 from EES-Single, and
8,545 from EES-Cross. Each stored conversation is counted as one task trajectory. Distinct requests
are identified from the complete sequence of user messages after Unicode NFKC and whitespace
normalization; executable scenarios additionally depend on their initial states. The three source
partitions concatenate to the full corpus with no duplicate canonical JSON records. As sets of declared
tool names, inventories characterize serialized configurations rather than trajectory counts.

Table 9: Coverage of the SFT corpus. “Requests” counts distinct normalized user-message sequences;
“Inventories” counts distinct declared-tool configurations. Declared and invoked tools are counted by
their serialized names.

Source Trajectories Requests Inventories Declared tools Invoked tools
EGTS 13,824 13,283 117 387 350
EES-Single 8,026 7,550 234 4,042 1,610
EES-Cross 8,545 8,319 276 4,316 1,683
Full SFT corpus 30,395 28,985 436 4,672 2,260

The 4,672 declared tool names describe the union of serialized tool schemas exposed across the
corpus, whereas 2,260 distinct serialized tool names are actually invoked in the retained trajectories.
The latter is the tool-coverage statistic reported in the main text.

Length and interaction definitions. Token counts use the SFT checkpoint’s tokenizer and chat
template, including the system prompt, tool definitions, and complete conversation. JSON-encoded
arguments and schemas are parsed before template rendering. A tool call is one explicit assistant tool
invocation, so parallel calls count separately. An assistant turn is one assistant message, including
messages without tool calls.

Table 10: Length and interaction statistics of the SFT corpus. Token lengths describe complete
serialized examples before training-time length handling.

Tokens Tool calls Assistant turns
Source Mean  Min. Max. Mean Min. Max. Mean Min. Max.
EGTS 10,063.9 377 768,427 6.04 0 60 9.80 1 45
EES-Single 10,372.7 2,030 369,175 5.87 0 76 1042 1 33
EES-Cross 20,4447 1,746 1,259,991 7.01 0 99 7.57 1 34
Full SFT corpus  13,063.8 377 1,259,991 6.26 0 99 9.34 1 45

Length distribution. The full SFT corpus contains 190,410 explicit tool calls and averages 4.05
distinct invoked tools per trajectory. Its median serialized length is 9,284 tokens and its 95th percentile
is 20,237 tokens. A total of 957 trajectories (3.15%) exceed 32,768 serialized tokens before training-
time length handling. EES-Cross has a median length of 10,709 tokens and a mean of 20,444.7,
reflecting a longer upper tail than the other two sources. During SFT, examples exceeding the
32,768-token maximum sequence length are truncated by the default training pipeline. The statistics
in Table 10 describe the complete serialized examples before this truncation. The SFT training
configuration is reported in Appendix E.1.

C.3 REPRESENTATION ALIGNMENT WITH EVALUATION TRAJECTORIES

To examine how the three construction routes relate to the execution patterns required by held-out
evaluations, we compare the complete verified-trajectory files used for this analysis with benchmark-
side execution traces. Each synthetic and benchmark trajectory is normalized into three views: the
task intent, the available tool capabilities, and the executed action chain. Instance-specific identifiers,
entity names, paths, and values are replaced with typed placeholders. We use the executed-action
view for the primary comparison and retain the intent and tool views as auxiliary checks. On the
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benchmark side, we use all official BFCL v4 multi-turn reference chains and all fully successful
trajectories in the supplied 72-bench and MCP-Atlas evaluation records.

Let D, denote the trajectories from source s and let e(z) be the Qwen3-Embedding-8B representation
of normalized trajectory x. For benchmark trajectory b, we measure source alignment by the mean
cosine similarity of its K nearest source trajectories:

Ay(b) = 1 Z e(b)T—e(I) K =5.

zE€NNg (b;Ds) H ( )||2||€(£C)||2

All sources use the same normalizer, encoder, and pooling procedure. To prevent a larger source
from receiving an artificial nearest-neighbor advantage, we deduplicate exact representations and
sample equally sized candidate pools from EGTS, EES-Single, and EES-Cross over ten repeats.
Table 11 reports the resulting mean Top-5 alignment. This metric characterizes relative proximity in
the representation space rather than absolute task coverage or execution correctness.

Table 11: Representation alignment between verified synthesis trajectories and benchmark reference
or successful execution trajectories. Values are mean Top-5 cosine similarities under equal candidate
budgets; bold marks the strongest source for each benchmark.

Source BFCL v4 72-bench MCP-Atlas
EGTS 0.591 0.665 0.680
EES-Single 0.547 0.695 0.567
EES-Cross 0.575 0.670 0.589

The source profiles are benchmark dependent. EGTS is most closely aligned with BFCL v4 and
the supplied MCP-Atlas trajectories, whereas EES-Single is most closely aligned with 72-bench.
EES-Cross is not the strongest source in aggregate, but provides additional high-ranked neighbors on
BFCL v4 and 72-bench. An equal-budget leave-one-source-out comparison gives the same pattern:
removing EGTS reduces alignment on BFCL v4 and MCP-Atlas, removing EES-Single reduces
alignment on 72-bench, and removing EES-Cross produces a smaller reduction on BFCL v4. These
results indicate that the construction routes contribute different execution-pattern neighborhoods.
Together with the source-mixture results in Table 3, they support the interpretation that the full
mixture combines non-redundant supervision; downstream training benefits are evaluated by the
source-mixture experiments rather than by embedding similarity alone.

C.4 EXECUTION-LEVEL ANALYSIS OF BENCHMARK GAINS

We further examine whether the benchmark gains after SFT are accompanied by changes in actual
tool execution. For each benchmark, we align the base-model and Davinci-Tool-30B-SFT trajectories
by task identity and retain the original benchmark success criterion. Let M} denote the matched task
set for benchmark b, and let y>2%¢, 4 € {0, 1} denote the outcomes of task i before and after SFT.
We summarize task-level transmons usmg

amal®) = g & 10 = =],
3

where u,v € {0,1}. Table 12 reports the resulting transition counts. Across 1,116 matched tasks,
441 change from failure to success (F—S), while 78 change from success to failure (S—F).

Table 12: Paired outcome transitions between the base model and Davinci-Tool-30B-SFT.

Benchmark Matched F—S S—F S—S F—F

72 Retail 114 23 10 68 13
72 Telecom 113 74 4 35 0
BFCL v4 800 304 58 181 257
MCP-Atlas 89 40 6 9 34

Execution statistics. We analyze the F—S trajectories to characterize how recovered tasks change at
the execution level. Because the benchmarks expose different tool interfaces and success conditions,
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we use benchmark-specific observable statistics rather than forcing a single execution-quality metric
across all tasks. For 72-bench, we measure the explicit tool-error rate

Nerr(T)
Ncall (7_) ’
where N, and N, are the numbers of explicit tool errors and tool calls in trajectory 7.

ErrRate(7) =

For BFCL v4, we additionally measure how completely the executed trajectory covers the normalized
reference-call chain. Let CF*f denote the normalized reference call signatures for task i. We define
Nmatch (Ti7 C;ef)
R
?

where N atch counts executed calls matched to the normalized reference signatures. We further con-
struct conservative output-to-argument dependencies when a value returned by an earlier successful
call is reused in a later call argument, excluding values already present in the user request, input
echoes, and trivial constants. From this graph we report the number of visible dependency edges and

its longest visible chain. BFCL behavior statistics use the 274 recovered tasks with executable calls
available on both sides; missing execution traces are left unknown rather than treated as zero.

Cov(r;) =

For MCP-Atlas, we use directly observable execution-profile statistics, including empty retrieval
responses, protocol-fragment endings, calls per task, and explicit tool-error rates. These measurements
characterize the executed trajectory and are not used as alternative benchmark scores.

Observed behavior changes. Figure 4 shows that the performance gains are accompanied by
concrete but different changes in execution behavior. On 72-bench, recovery is associated with
substantially more reliable tool execution; Retail additionally recovers the expected database state
on 18 of 23 F—S tasks, while the 18 observed Telecom identity-placeholder calls disappear after
SFT. BFCL v4 exhibits a different pattern: recovered trajectories execute more of the reference chain
and expose stronger output-to-argument dependencies, even though the average number of calls
increases from 7.62 to 9.57. MCP-Atlas likewise does not show a general reduction in execution
cost; instead, recovered trajectories avoid observed dead-end retrieval loops and malformed terminal
outputs while performing more tool interaction. These results complement the aggregate benchmark
improvements by showing that Davinci-ToolData is associated with observable gains in execution
reliability, multi-step completeness, and result utilization rather than a uniform reduction in trajectory
length or tool use.

This analysis is descriptive rather than a separate causal estimate: each model contributes one recorded
rollout per task, and F—S follows the original benchmark scoring rule, which can include partially
correct outcomes.

D SAME-PREFIX PREFERENCE CONSTRUCTION DETAILS

This appendix expands the preference-construction procedure introduced in Section 4.2. Preference
pairs are constructed after SFT from restorable EES-Single and EES-Cross scenarios using the SFT
checkpoint for candidate generation and continuation rollout. We report the collection settings used
for the primary preference corpus; engineering-only execution settings and exploratory collection
variants are omitted.

D.1 FORK-STATE COLLECTION

For each selected EES-Single or EES-Cross scenario, the SFT policy first generates an interaction
rollout, referred to as the trunk. Immediately before each assistant decision, the collector records
the restorable environment state together with the interaction prefix and visible tool schemas. We
retain at most B = 10 recorded decision points along each trunk as candidate fork states. The
trunk is generated greedily with temperature 0, providing a deterministic reference path for sibling
construction.

A recorded fork is

ht = (q7 Sty M<t, 7;)7
where ¢ is the user task, s; is the executable state immediately before the decision, m, is the shared
model-visible interaction history, and 7; contains the tools exposed at that point.
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Figure 4: Paired execution changes associated with benchmark recovery after SFT. (a) shows the
fractions of matched tasks changing from failure to success and from success to failure. (b) shows
that, among recovered 72-bench tasks, explicit tool-error rates decrease from 11.11% to 0.99% on
Retail and from 12.72% to 0 on Telecom. (c) shows that recovered BFCL v4 trajectories become more
complete: normalized reference-call coverage increases from 56.41% to 86.01%, visible output-to-
argument dependency edges from 1.21 to 1.68, and visible chain depth from 1.58 to 1.79. (d) shows
a different pattern on MCP-Atlas: observed empty retrievals decrease from 37 to 0 and protocol-
fragment endings from 7 to 0, while calls per task increase from 5.55 to 8.90 and the explicit tool-error
rate changes from 14.41% to 16.01%. The paired analysis therefore indicates benchmark-specific
execution changes rather than a single mechanism based on shorter trajectories or uniformly fewer
tool errors.

D.2 SIBLING GENERATION AND ROLLOUT

At each selected fork, the assistant turn from the trunk is retained as one candidate and K — 1
alternative decisions are sampled from the same SFT policy. For the preference data used in the main
experiments, we set K = 3, yielding one greedy trunk decision and two sampled sibling decisions
per fork. Stochasticity is introduced only at the fork decision: sibling decisions use temperature
1.0, while the trunk decision and all subsequent continuations use temperature 0 (greedy decoding).
Branch samples use deterministic branch-specific seeds derived from a base seed of 1000.

Before executing each candidate, the collector restores the same environment state s; and reuses

the same task, interaction prefix, and visible tool set. Each candidate decision ugk) is executed
from the recorded state s; under the shared model-visible context z; = (g, m<¢, T;), producing
a candidate-specific next state s%ﬁ_)l. The SFT policy then continues greedily from that state until
termination, subject to collector limits of max_steps= 80 and max_turn_steps= 20, yielding

a completed sibling trajectory Tt(k).
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Because stochasticity is introduced only at the fork decision, sibling continuations compare alternative
decisions under the same deterministic continuation policy. The resulting sibling trajectories expose
the downstream outcomes of alternative decisions made from the same executable context.

Fixed fork schedule and trunk reuse. Forks are selected only along the trunk; states reached inside
sibling continuations do not become new fork points. The completed trunk provides the outcome
for its retained decision at every fork. For at most B forks and K candidates per fork, including the
trunk decision, the single-continuation schedule therefore requires at most

Npaths <1 +B(K - 1)

completed paths: one shared trunk and K — 1 sibling continuations per fork. Under the primary
setting B = 10 and K = 3, this gives at most 21 completed paths per scenario. Execution and token
cost additionally depend on continuation length. Unlike adaptive tree-search procedures such as
MCTS-DPO (Xie et al., 2024b), this collector uses completed outcomes only to compare decisions at
the recorded fork states.

D.3 FINAL OUTCOME EVALUATION

Each completed sibling first passes runtime and tool-execution checks. Its scenario-specific verifier is
then evaluated on the completed continuation and terminal state. Let

V={_v,...,v5}

denote the requirements associated with the scenario. These predicates encode applicable state,

execution, and policy conditions. For a valid sibling terminating in sg;), the verified outcome is

J
rt(k) = H I [vj (Tt(k), sg)) = 1] .
j=1

For each evaluated sibling, the collector retains its complete continuation, terminal state, predicate
outcomes, execution metadata, and verified outcome.

D.4 PREFERENCE-PAIR EXTRACTION

Candidate assistant turns are canonicalized before comparison to remove duplicate decisions caused
by transient identifiers. For the primary preference corpus, we require a minimum reward gap of 1.0.
Because the executable verifier produces binary outcomes, this retains only comparisons between a
fully successful candidate and an unsuccessful candidate. For each fork, we retain at most one such
pair satisfying

=1, r, =0.

The resulting preference example is

Ty = (q7m<ta7;)7 y+ = Ut+7 y_ = u;

The complete sibling continuations determine the preference label, while the divergent assistant
turns serve as the preferred and rejected responses. Each pair is stored with its sibling continuations,
terminal outcomes, and verification records as construction provenance. These pairs form Dp.cf.

D.5 PREFERENCE-DATA DISTRIBUTION

The preference corpus contains 1,150 decision-level pairs with 1,049 distinct serialized interaction
prefixes. Preferred and rejected responses together contain 439 distinct serialized tool names in their
tool-call blocks. Using the same tokenizer as Section 3.3, prefixes average 3,339.8 tokens (range
40-11,602), while preferred and rejected responses average 68.4 (11-669) and 69.9 (10-647) tokens,
respectively. Preferred and rejected responses contain an average of 1.12 and 1.20 explicit tool calls.
These statistics reflect the intended supervision granularity: relatively short alternative decisions are
compared within substantially longer interaction contexts. The 1,150 preference pairs are constructed
after SFT and are separate from the 30,395 demonstration trajectories used for supervised fine-tuning.
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E TRAINING OBJECTIVES

Davinci-Tool-30B is initialized from Qwen3-Coder-30B-A3B-Instruct (Yang et al., 2025a). All SFT
demonstrations use the unified interaction serialization introduced in Section 3.

E.1 TRAINING CONFIGURATION

Table 13 summarizes the optimization settings for SFT and for DPO on the 1,150-pair preference
corpus. The SFT settings are shared by Davinci-Tool-30B-SFT, the Qwen3-8B and Qwen3-14B
models trained on Davinci-ToolData, and the Qwen3-Coder-30B model trained on the public Toucan-
1.5M release in Table 2. These runs use the same SFT hyperparameters, including four epochs, a
learning rate of 1 x 1075, and a maximum training sequence length of 32,768 tokens; serialized
examples exceeding this limit are truncated by the default SFT training pipeline. Their backbones and
training corpora vary as specified in Section 5. SFT trains assistant tokens using the tokenizer’s chat
template. DPO uses precomputed reference log probabilities and keeps preference examples unpacked.
Both stages use fused AdamW (Loshchilov & Hutter, 2017) and enable gradient checkpointing (Chen
et al., 2016), FlashAttention (Dao et al., 2022), BF16, and DeepSpeed ZeRO stage 3 (Rajbhandari
et al., 2020), with no held-out validation split.

Table 13: Training hyperparameters. The SFT column applies to the 30B full-corpus model and the
additional 8B, 14B, and Toucan-1.5M SFT runs. The DPO column applies to Davinci-Tool-30B.
Batch size is per device, and gradient accumulation is measured in optimization steps.

Setting SFT (shared settings) DPO
Optimizer Fused AdamW Fused AdamW
Learning rate 1x107° 5x107°
Epochs 4 1
Learning-rate schedule Cosine Cosine
Warmup fraction 0 0.03
Weight decay 0.01 0.01
Maximum sequence length 32,768 24,576
Batch size per device 1 1
Gradient accumulation 4 4
Sample packing Enabled Disabled
Padding to maximum length Enabled Disabled
Precision BF16 BF16
Random seed 42 42
Reference log probabilities — Precomputed
Base preference scale — 1.0

E.2 CONTEXT LENGTHS AND EVALUATION COVERAGE

The official Qwen3-8B and Qwen3-14B (Yang et al., 2025a) model cards distinguish a native context
length of 32,768 tokens from an extended length of 131,072 tokens with YaRN (Peng et al., 2024).
Their released configurations set max_position_embeddings to 40,960 with no RoPE scaling
configured, whereas Qwen3-Coder-30B-A3B-Instruct is released with a 262,144-token context
configuration (Yang et al., 2025a). We retain the default Qwen3-8B and Qwen3-14B positional
configurations during fine-tuning and evaluation, with YaRN disabled. Both the original and SFT
checkpoints use a 40,960-token serving limit for the total input and generated output. This evaluation
limit is distinct from the 32,768-token maximum training sequence length shared by our SFT runs in
Table 13.

MCP-Atlas evaluates multi-step tool use from a user request, with subsequent calls returning ob-
servations that contribute to the interaction history (Bandi et al., 2026). The context budget must
accommodate the prompt, visible tool schemas, retained assistant and tool messages, and generated
output; the required length therefore depends on the realized trajectory. In our evaluation, accu-
mulated interactions exceeded the 40,960-token limit and prevented valid MCP-Atlas scores for
Qwen3-8B and Qwen3-14B, both before and after SFT. We report these entries as dashes in Table 2;
the SFT runs do not change this serving limit.
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E.3 SUPERVISED FINE-TUNING

The SFT training corpus is

Dsrr = Drars U DEES-single U DEES-crosss

with 13,824 EGTS trajectories, 8,026 EES-Single trajectories, and 8,545 EES-Cross trajectories, for
a total of 30,395 demonstrations.

Each instance contains the system context, user task, visible tool schemas, assistant messages,
executed tool calls, environment observations, and final response. Let z denote the full serialized
interaction and .4(z) its assistant-token positions. SFT minimizes

ACSFT(Q) = 7EZ’V/DSFT Z 10g ’/Tg(Zi ‘ Z<i) . (4)
1€ A(z)

Tool outputs remain in the conditioning context for subsequent assistant tokens but are excluded from
the supervised loss.

Section 5.3 compares six evaluated combinations of the three construction routes. The full SFT model
uses all three.

E.4 DIRECT PREFERENCE OPTIMIZATION

After SFT, the resulting checkpoint is used to construct Dyt from restorable EES-Single and EES-
Cross scenarios following Appendix D. The resulting preference corpus contains 1,150 decision-level
pairs. A frozen copy of the same SFT checkpoint serves as the reference policy ¢ for Direct
Preference Optimization (Rafailov et al., 2023).

For preference tuples (z,y™,y™ ), DPO minimizes

mo(y" | z) Ty~ | x)

Lpro(0) = —Ez 4+ -~ lo a(ﬁlo —— — flog——= | .

( ) (z,y*,y~)~Dprer 108 g Wref(er | (ﬂ) g Wref(yi | 1,)

Only the divergent preferred and rejected assistant turns enter the response loss. Their complete

downstream continuations are used to establish the outcome-based preference labels. The resulting
checkpoint is reported as Davinci-Tool-30B in Section 5.

F ADDITIONAL RELATED WORK

Toolformer constructs supervision through tool-call augmentation (Schick et al., 2023), while MCP-
Flow and TOUCAN scale trajectory collection across real-world MCP tools (Wang et al., 2026a;
Xu et al., 2025b). For executable environment synthesis, AutoWebWorld generates verifiable web
environments from finite-state models (Wu et al., 2026a), while PROVE grounds task synthesis
and reward signals in live MCP servers (Abdelaziz et al., 2026). These approaches are adjacent to
the execution-first trajectory and domain-first environment methods discussed in Section 2. Our
construction pipeline connects task-conditioned replay in authored systems, reusable executable-
domain composition, and same-context preference construction within a unified training workflow.
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