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ABSTRACT

Policy models learn to select actions conditioned on the current state, while world
models learn to predict subsequent states conditioned on the current state and
action. Together, these two paradigms provide fundamental building blocks for
modern agentic systems, where agents learn to act within and reason about in-
teractive environments. However, both paradigms depend on diverse and infor-
mative environments for training, which are typically manually constructed or
synthetically generated around predefined tasks and evaluation rubrics, often tar-
geting existing benchmarks. This task-centric paradigm limits the ability to con-
struct environments that reflect realistic, evolving scenarios beyond predefined
benchmarks. In particular, there is no scalable mechanism for generating en-
vironments grounded in real-world business scenarios, where diverse tasks and
agent interactions naturally emerge from the underlying workflow. To address
this gap, we introduce AGENTMERCURY, a scalable framework for synthesiz-
ing executable environments from business scenarios. Unlike benchmark-driven
environment construction, AGENTMERCURY generates environments from real-
istic workflows, providing diverse and executable states in which agents can learn
through reinforcement learning. Policies trained in these environments exhibit
steadily improving rewards throughout training and achieve gains across estab-
lished benchmarks spanning knowledge, reasoning, and tool use, demonstrating
that scenario-grounded environments can provide useful training signals beyond
their original business contexts. Furthermore, we show that the resulting agent
can itself construct new environments through code-level modifications, enabling
a scalable loop of environment generation and agent learning. Our trained pol-
icy model, data (environment with business scenarios and task instructions), code
difference to construct environment, evaluation pipeline are publicly available.

1 INTRODUCTION

Modern agentic systems learn to interact with environments through complementary capabilities
for acting and modeling the world (Nakano et al., 2021). A policy model learns how to select an
action given the agent’s current state, while a world model predicts how the environment evolves in
response to that action (Sutton et al., 1998; Ha & Schmidhuber, 2018; Zuo et al., 2026). Together,
these capabilities define the interaction loop through which an agent acts, observes, and reasons
about its environment (Yao et al., 2023). However, an agent–environment system involves a third
role that is typically left outside the learning loop: constructing the world itself. As illustrated
in Figure 2, we distinguish three roles: (1) a PLANET role that determines what world exists, (2) a
policy π that determines what the agent does within that world, and (3) a world model W that models
how the world responds. While recent work has substantially advanced policy learning and world
modeling, the environment is still generally treated as a predefined artifact whose entities, services,
initial state, and transition structure are specified before agent learning begins (Song et al., 2026; Xu
et al., 2026b; Wang et al., 2026; Dong et al., 2026; Zuo et al., 2026). This leaves a complementary
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question largely outside the learning loop: how can we systematically construct executable worlds
in which agents learn and operate?

Environments are rarely constructed as standalone worlds; instead, they are typically designed
around the tasks that agents are expected to solve. Manually constructed environments specify
entities, tools, states, and transition logic for a particular domain or task (Shridhar et al., 2021; Zhou
et al., 2024; Xie et al., 2024; Drouin et al., 2024), while synthetic environments are often generated
from task descriptions, user instructions, or evaluation specifications (Liu et al., 2024; Dong et al.,
2026; Zuo et al., 2026; Team et al., 2026). This task-centric paradigm has enabled researchers to
efficiently build controlled environments for training and evaluating agents, and has driven the rapid
development of increasingly capable benchmarks (Jimenez et al., 2024; Li et al., 2026; Mavali et al.,
2026). However, it also couples the construction of a world to the tasks used to define or evalu-
ate it. The resulting environment is therefore often optimized to make a particular task executable
or measurable, rather than to represent a broader scenario from which diverse tasks can naturally
emerge (Cobbe et al., 2020). Consequently, increasing the number of tasks does not necessarily
increase the diversity of the underlying worlds (Wang et al., 2026), and expanding benchmark cov-
erage does not directly provide a scalable space of interactive environments with richer state and
behavior (Dong et al., 2026).

Real-world agent applications (He et al., 2024; Yao et al., 2022) instead require environments that
capture the complexity of ongoing workflows, such as those represented by SWE (Deng et al.,
2025) and Tau-style domains (Barres et al., 2025; Shi et al., 2026). In such settings, a task is rarely
an isolated objective defined independently of its surrounding context. Rather, it emerges from an
evolving workflow involving user intents, persistent state, software services, and interactions across
multiple systems (Qin et al., 2024; Li et al., 2023; Bandi et al., 2026; Wu et al., 2026; Zheng et al.,
2026). A sufficiently rich world can therefore support many distinct tasks and interaction trajecto-
ries without requiring each task to be explicitly specified during world construction (Cheng et al.,
2026; Tencent Hunyuan, 2026). This motivates a shift from task-centric environment construction
toward scenario-grounded world generation (Zeng et al., 2026; Team et al., 2026), where a high-
level scenario serves as the source from which an executable world and its possible tasks can emerge.
Realizing this paradigm, however, requires more than generating task descriptions or static initial
states. The generated world must faithfully instantiate the entities, services, tools, state represen-
tation, transition logic, and world-level invariants that govern the scenario. Business workflows
provide a natural setting for this formulation because they combine structured operational processes
with diverse interactions among users, software systems, tools, and evolving persistent state.

Building on this view, we introduce AGENTMERCURY, a scalable framework for authoring exe-
cutable environments from high-level business scenarios. Rather than starting from individual tasks,
AGENTMERCURY treats a scenario as the specification from which an executable world is con-
structed. A PLANET first instantiates the world, including its entities, services, tools, persistent
state, transition dynamics, and world-level invariants. The resulting world can then give rise to di-
verse tasks and trajectories through the same underlying workflow, while maintaining consistency
across stateful and cross-service interactions. In particular, the world-level invariants are rendered as
executable verification conditions rather than being hard-coded as transition rules, allowing the same
world to support different tasks while providing deterministic signals for evaluating their outcomes.
This separation between world construction, task instantiation, and agent interaction enables envi-
ronments to be generated independently of any particular benchmark task and subsequently reused
across training and evaluation.

The resulting environment collection demonstrates that scenario-grounded construction can scale
beyond isolated task instances. As shown in Figure 1, AGENTMERCURY synthesizes 4,783 ex-
ecutable environments spanning 14 industries and 50 countries. The environments further sup-
port substantial multi-service structure, rich persistent state, and deterministic verification of cross-
service constraints. This scale and structural diversity provide a broad substrate for training agents
in environments whose underlying worlds are not constructed around the target evaluation tasks.
More importantly, the environments expose persistent state and executable business logic that create
learning signals through actual interaction, rather than through isolated task descriptions or static
demonstrations.

We next investigate whether such scenario-grounded environments can serve as effective training
substrates for policy learning. We train policy models with reinforcement learning directly in en-
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Figure 1: AGENTMERCURY synthesizes diverse, scalable, and verifiable business environments
at scale. (a) The synthesized environment spans 14 industries and 50 countries, covering 4,783
environments. (b) Comparison of environment scale and multi-service depth with existing agent
environments (Trivedi et al., 2024; Wu et al., 2026; Shi et al., 2026; Dong et al., 2026); AGENT-
MERCURY occupies the regime that is both large-scale and multi-service. (c) Each environment
contains rich, stateful structure, including multiple services, tools, state tables, and deterministic
SQL-based verifiers that enforce cross-service constraints.

vironments synthesized by AGENTMERCURY, without constructing those environments around the
target benchmark tasks. The resulting training rewards steadily improve as policies learn to nav-
igate stateful workflows, use available tools, and satisfy the constraints arising from the underly-
ing business scenarios. Despite this task-independent construction, policies trained in these worlds
transfer to established benchmarks, yielding consistent improvements across knowledge, reasoning,
and tool-use capabilities. These results suggest that the diversity of scenarios and the executable
structure of their resulting worlds can provide useful learning signals that are not tied to a particular
benchmark.

Finally, we explore whether the learned policy can also participate in the construction of new worlds.
AGENTMERCURY exposes the code-level changes that instantiate a business scenario as an exe-
cutable environment, including modifications to entities, services, persistent state, transition logic,
and verification conditions. These changes provide a structured interface through which a policy can
learn how one executable world differs from another. We find that trained policies can generate valid
environment modifications from this representation, enabling them to construct new environments
through code-level changes. This extends the role of the agent beyond consuming a predefined
world toward participating in its construction, suggesting a scalable loop in which generated worlds
support agent learning, while learned agents can in turn expand the space of available worlds.

In summary, our contributions are:

• We introduce AGENTMERCURY, a scalable framework for scenario-grounded synthesis of
executable environments, making environment construction an explicit PLANET role in the
agent-environment system.

• We construct a large-scale collection of diverse, multi-service, stateful, and verifiable busi-
ness environments spanning multiple industries and countries, providing a reusable sub-
strate for reinforcement learning.

• We demonstrate that policies trained in these environments improve on both in-domain
business workflows and a broad set of out-of-domain benchmarks covering reasoning, cod-
ing, scientific computing, knowledge, and tool use, despite the environments being con-
structed independently of the target evaluation tasks.

• We show that the construction traces exposed by AGENTMERCURY can themselves pro-
vide supervision for learning environment authoring, enabling trained agents to generate
valid modifications of executable worlds and suggesting a path toward jointly scaling envi-
ronment generation and agent learning.

We release the trained policy models, synthesized environments, business scenarios and task in-
structions, environment construction code differences, and evaluation pipeline to facilitate further
research on scalable environment generation and agent learning.
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2 PRELIMINARIES

Policy Models. A policy model specifies how an agent acts within an environment. At each
timestep t, a policy π maps the agent’s available information to a distribution over actions:

at ∼ π(· | ht), (1)
where ht denotes the interaction history available to the agent up to timestep t. In a fully observable
setting, ht may reduce to the current state st; in the partially observable environments considered
here, however, the underlying state is not directly exposed to the agent. The policy therefore deter-
mines how the agent acts within a given world, but does not determine what entities, services, or
transition mechanisms constitute that world (Sutton et al., 1998).

World Models. A world model provides a predictive representation of how an environment
evolves in response to agent actions (Ha & Schmidhuber, 2018; Hafner et al., 2019; 2023). Given
an interaction history and an action, a world model predicts the subsequent state or observation:

W (st+1 | ht, at). (2)
Thus, while the environment executes its transition dynamics, a world model learns to approximate
those dynamics and can be used for prediction, planning, or simulation (Schrittwieser et al., 2020).
Importantly, the world model operates on an environment that is already defined: it models how an
existing world evolves, rather than determining what world exists.

Executable Environments. We consider an environment as an executable representation of a busi-
ness scenario in which an agent can directly interact with software services (Zhou et al., 2024;
Drouin et al., 2024). At timestep t, the environment maintains a state st consisting of the current
state of the underlying software, including persistent data and service-level state (Yao et al., 2025;
Xie et al., 2024). The agent interacts with the environment through executable actions, such as tool
calls to available services, and receives observations ωt+1 as the resulting tool outputs:

at ∼ π(· | st), st+1 = T (st, at), ωt+1 ∼ O(· | st+1, at). (3)
Here, T is the executable transition function implemented by the environment, rather than a model
inferred during interaction. A world model W instead provides a predictive approximation of these
dynamics:

W (st+1 | st, at). (4)

The environment is therefore a concrete executable world that determines what states and actions are
possible and how the world responds to them. In our setting, this world is instantiated by business
software, with persistent data, services, tools, and transition logic forming the underlying execution
substrate. Importantly, environment execution presupposes an environment specification: the enti-
ties, services, initial state, transition logic, and constraints must be determined before an agent can
interact with the resulting world. Existing environments typically obtain this specification through
manual design or synthetic construction (Zhou et al., 2024; Xie et al., 2024; Drouin et al., 2024;
Dong et al., 2026; Wang et al., 2026; Zuo et al., 2026). This separation between constructing a
world and acting within a world motivates the additional role introduced in the following section.

3 METHOD

3.1 OVERVIEW

AGENTMERCURY treats environment construction as an explicit role within the agent–environment
system. Given a high-level business scenario σ, the system first constructs an executable world,
from which task instances are subsequently instantiated. Agents then interact with the resulting
world through executable tools, and their trajectories are evaluated against deterministic task- and
world-level constraints. The overall construction and interaction process can be summarized as

σ
PLANET−−−−→ w

TASK−−−→ (u, ρ)
π−→ τ

GRADE−−−−→ r, (5)
where w denotes an executable world, u is a task instruction, ρ is its task-specific grading specifica-
tion, τ is an interaction trajectory, and r is the resulting reward. This decomposition separates world
construction from task specification: the world is generated once from a scenario, while multiple
tasks and trajectories can subsequently emerge from the same underlying world. We depict this
overall flow at the Figure 2(A).
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3.2 PLANET: SCENARIO-TO-WORLD CONSTRUCTION

Existing agent environments are typically provided as fixed artifacts, constructed manually or
through task-conditioned synthesis (Song et al., 2026; Xu et al., 2026b;b; Song et al., 2026; Xu
et al., 2026a). In contrast, we introduce PLANET as an explicit environment-authoring role that
constructs an executable world from a high-level business scenario. The input to PLANET is a sce-
nario σ describing the business context, while its output is a complete world specification that can
be instantiated and executed by the environment runtime.

We represent an executable world as

w = ⟨S,A,Ω, T,O, s0,R⟩, (6)

where S, A, and Ω denote the state, action, and observation spaces, respectively. T is the executable
transition function, O is the observation function, and s0 is the seeded initial state. The set R denotes
the world-level invariants: properties that the world requires to hold but does not itself enforce during
state transitions. Each invariant is associated with an executable verification condition, allowing the
resulting world to be evaluated deterministically.

The central operation of PLANET is therefore

w ∼ PLANET(· | σ). (7)

Rather than directly generating an individual task, PLANET constructs the underlying world from
which many tasks can be instantiated. The resulting world contains the entities, services, tools, state,
executable transition logic, and world-level invariants required to represent the business scenario.

Structured World Synthesis. The construction process decomposes scenario grounding into sev-
eral structured artifacts. Let C denote the grounded company identity, G the service graph, and Σ
the state schema. The world-generation process can be factorized as

PLANET(w | σ) = p(C | σ) p(G | C) p(Σ | G,C)

× p(s0 | Σ) p(R | G,Σ, s0),
(8)

where (S,A,Ω, T ) are determined by the resulting service graph and state schema. This decompo-
sition separates the construction of the world structure from the construction of its invariant set. In
particular, G and Σ determine the executable software structure and transition dynamics, while R
specifies properties that should hold across the resulting world.

Importantly, R is not part of the transition mechanism. The executable transition function T applies
agent actions to the underlying software state, whereas R defines conditions that can subsequently
be checked against that state. This distinction allows the environment to represent workflows in
which the agent is responsible for satisfying cross-service requirements rather than having those
requirements automatically enforced by the simulator. For example, a cross-service invariant may
require a downstream record to exist after an upstream business event, while the environment does
not automatically create that record on the agent’s behalf.

Visible and Hidden Views of World Invariants. The same world-level invariants can appear in
different forms during interaction and evaluation. We therefore distinguish their visible and hidden
views as

Rvis = viewvis(R), Rhid = viewhid(R). (9)

The visible view may be surfaced through in-world documents or policies that the agent must dis-
cover through interaction, rather than being given as an oracle at the beginning of a task. The hidden
view contains executable verification conditions used for deterministic evaluation. Thus, Rvis and
Rhid are two views of the same underlying invariants rather than independent rule sets.

3.3 TASK INSTANTIATION FROM A WORLD

Once an executable world has been constructed, tasks are generated from the resulting world rather
than used as the specification from which the world itself is built. This allows different tasks to share
the same underlying services, entities, state schema, and transition dynamics.
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Figure 2: From scenario-grounded world construction to agent interaction. (A) PLANET trans-
forms a high-level business scenario σ into an executable world w, constructing its company identity,
service graph, state schema, seeded initial state s0, and world-level invariants R. A task is then in-
stantiated from the resulting world through task-specific state seeding and a rubric. (B) Within the
constructed world, a policy acts from the interaction history, producing actions that deterministi-
cally transition the environment from st to st+1, while observations ωt+1 are exposed through the
observation interface. The resulting trajectory is evaluated post-episode using the task rubric and,
where applicable, the world-level invariants. The formulation thus separates world construction,
task instantiation, interaction, and evaluation.

A task generator receives the initial world state and its invariants and produces a user objective
together with a task-specific grading specification:

(∆s0, u, ρ) ∼ TASK(· | s0,R), (10)

where u denotes the task instruction, ∆s0 denotes task-specific state seeding, and ρ denotes the task
rubric. The seeded task state is applied to the world before interaction begins, yielding the initial
state for that particular task. Consequently, multiple tasks may share the same world structure while
starting from different task-specific states.

The task rubric ρ is derived from the world-level structure together with the task-specific state
changes. It specifies the task-level assertions required for successful completion, while R continues
to describe invariants of the underlying world. This separation prevents task-specific objectives from
being conflated with the rules that define the world itself.

3.4 EXECUTABLE AGENT–ENVIRONMENT INTERACTION

In Figure 2(B), we describe the overall interaction between agent and executable environment. After
task instantiation, the agent interacts directly with the executable world through its available tools.
At timestep t, the environment maintains a state st, and the agent selects an action according to its
policy at ∼ π(· | ht), where ht denotes the interaction history available to the agent. The world state
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itself is not directly exposed; observations enter the history through the environment’s observation
channel.

The environment then executes the selected action and deterministically updates its underlying state
st+1 = T (st, at). The resulting state is exposed to the agent only through an observation ωt+1 ∼
O(· | st+1, at), which is appended to the interaction history ht+1 = (ht, at, ωt+1). This yields the
interaction loop

st
π−−→ at

T−−→ st+1
O−−→ ωt+1. (11)

Because the transition function is executed by the environment rather than predicted by a learned
model, the resulting trajectories are reproducible under a fixed initial seed and action sequence. This
property also enables trajectories to be replayed and deterministically re-evaluated after interaction.

A trajectory of horizon H is given by

τ = (s0, a0, s1, ω1, a1, s2, ω2, . . . , aH−1, sH , ωH). (12)

Although a learned world model W , such as Qwen-Agentworld1 (Zuo et al., 2026), could in princi-
ple approximate the transition process,

W (st+1 | st, at,R) ≈ T (st+1 | st, at), (13)

we do not train a separate world model in this work. Instead, AGENTMERCURY uses the executable
environment itself as the source of transition dynamics and focuses on the construction of such
worlds and their use as training substrates for policy learning.

3.5 DETERMINISTIC GRADING

The executable world provides not only an interaction substrate but also a deterministic basis for
evaluating agent behavior. Given a completed trajectory τ , the grader evaluates the final state and
task-specific assertions against the corresponding rubric:

r(τ) = GRADE(sH , τ ; ρ,Rhid) ∈ [0, 1]. (14)

The task rubric ρ captures task-specific success conditions, while Rhid provides hidden world-level
verification conditions. Whenever possible, these conditions are evaluated through deterministic
checks over the underlying database state rather than relying solely on model-based judgment.

Because the transition dynamics are deterministic and the initial state is seeded, the final state can
be reconstructed from the initial state and the executed action sequence. We refer this as a golden
reasoning trace. This enables the same trajectory to be replayed and re-scored independently of the
original interaction process. The separation between execution and grading is particularly important
for cross-service constraints: such constraints need not be enforced during execution, but can instead
be checked after the agent completes its workflow.

3.6 POLICY LEARNING ON SYNTHESIZED WORLDS

Still, many of researcher are working hard to make agents as a policy model. We thus provide
how our synthesized environments could help working as a policy model. Unlike task-centric envi-
ronment construction, the environments used during training are generated from business scenarios
independently of the target evaluation tasks. A policy therefore learns to operate over a distribu-
tion of executable worlds containing diverse services, tools, states, workflows, and cross-service
constraints.

For a policy parameterized by θ, training optimizes its behavior using rewards obtained from the
deterministic environment grader:

at ∼ πθ(· | ht), r(τ) = GRADE(sH , τ ; ρ,Rhid). (15)

The resulting training loop therefore couples policy learning to executable worlds without requiring
the environment generator to enumerate the tasks that the policy will encounter.

1https://huggingface.co/Qwen/Qwen-AgentWorld-35B-A3B
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Importantly, AGENTMERCURY separates the authoring of worlds from the optimization of policies.
PLANET determines what world exists, Task determines what objective is posed within that world,
and the policy determines how the agent acts to satisfy that objective. The executable transition
function determines how the world responds, while deterministic grading determines whether the
resulting trajectory satisfies the intended requirements. This separation enables the same synthesized
world distribution to support multiple tasks, trajectories, and policy-training configurations.

4 EXPERIMENTS

We evaluate AGENTMERCURY from two complementary perspectives. First, we ask whether exe-
cutable worlds synthesized from high-level business scenarios provide effective training signals for
agent policy learning: Can synthesized worlds support effective and stable policy optimization
on business-oriented agent tasks? Second, we ask whether the environment-construction process
itself can be learned by an agent: Can agents learn to construct executable worlds from high-
level business scenarios? The first question evaluates the world as a training substrate, while the
second evaluates whether the construction process exposed by AGENTMERCURY can itself become
a learnable agent capability.

4.1 EXPERIMENTAL SETUP

We use Qwen3.5-4B and Qwen3.5-35B-A3B (Qwen Team, 2026) as the primary training models
and optimize the policy with group relative policy optimization (GRPO) (Shao et al., 2024) with
coefficient details such as Dr. GRPO (Liu et al., 2025). To demonstrate that our environments
are not depend on specific RL algorithm, we also try a single-rollout asynchronous optimization
(SAO) (Hou et al., 2026) for our synthesized tasks. The training corpus contains 43,300 task in-
stances generated from the synthesized environments, with multiple task seeds per environment.
More details about task setup is in Appendix A.

We train policy models directly in the executable environments synthesized by AGENTMERCURY
and evaluate the resulting policies on ENTERPRISEOPS-GYM (Malay et al., 2026), a business-
oriented agent benchmark covering multi-service workflows and tool-based interactions. Also, we
evaluate several out-of-domain benchmarks to measure knowledge, reasoning, and tool use abil-
ities such as AIME26 (of America, 2026), HMMT (Dekoninck et al., 2026), LiveCodeBench v5
and v6 (Jain et al., 2025), SciCode (Tian et al., 2024), tau-3 (Shi et al., 2026), BFCL (Patil et al.,
2025), and GPQA-Diamond (Rein et al., 2023). For each benchmark, we perform three independent
evaluation runs and report the mean and standard deviation across runs. Our training environments
are constructed independently of all the benchmark tasks. This separation allows us to test whether
scenario-grounded environments provide transferable learning signals rather than merely reproduc-
ing the target benchmark. We detailed the overall experimental setup and benchmark details in
Appendix B.

4.2 POLICY OPTIMIZATION OF BUSINESS-ORIENTED TASKS

We first ask whether training on environments synthesized by AGENTMERCURY leads to capabil-
ities that transfer beyond the environments encountered during training. Importantly, our training
environments are constructed from business scenarios and are not designed around any of the evalu-
ation benchmarks. We therefore evaluate the resulting policy on a diverse set of established out-of-
domain benchmarks spanning mathematical reasoning, scientific computing, competitive program-
ming, knowledge-intensive reasoning, and interactive tool use. This evaluation provides a stringent
test of whether the learning signals provided by synthesized environments capture general agentic
capabilities rather than benchmark-specific behaviors.

In Table 1, our trained model, Qwen3.5-4B+GRPO+OURS, substantially improves over the base
Qwen3.5-4B across most enterprise workflows. With GRPO, the average score increases from
12.3 to 15.7, corresponding to a +3.4 point (+27.6%) improvement. The largest gains are ob-
served in Drive, which improves from 6.2 to 15.6 (+9.4), and Email, which increases from 23.9
to 33.3 (+9.4). We also observe notable improvements in Hybrid (11.7 → 17.0, +5.3), Teams
(20.8 → 23.0, +2.2), and Calendar (10.4 → 13.1, +2.7), while ITSM and HR improve by +0.6
and +1.3 points, respectively. Although performance on CSM decreases from 9.2 to 5.6, the over-

8



Table 1: Result on ENTERPRISEOPS-GYM (Malay et al., 2026). We evaluate whether training on en-
vironments and tasks synthesized by AGENTMERCURY improves agent performance across model
scales and policy optimization methods. Results are reported for both Qwen3.5-4B and Qwen3.5-
35B-A3B models, with GRPO (Shao et al., 2024) and SAO (Hou et al., 2026) considered as alterna-
tive RL algorithms.

Model Teams CSM Email ITSM Calendar HR Drive Hybrid Avg.
GPT-5 † 26.3 36.4 49.0 18.9 41.3 17.9 34.0 23.5 30.9
Gemini-2.5-Pro † 39.3 11.6 31.1 13.9 12.5 4.9 27.0 19.6 19.9
Kimi-K2-Thinking † 30.0 7.1 51.0 12.2 15.4 8.2 39.6 15.7 22.4
Qwen3-4B (Think) † 24.0 3.8 38.4 5.6 5.8 7.1 21.9 15.8 15.3
Qwen3-30B (Think) † 22.0 5.4 51.9 6.7 18.3 7.6 25.7 15.7 19.1
Qwen3-235B (Think) † 28.0 4.7 38.1 9.3 15.7 7.8 23.8 17.7 18.1

Qwen3.5-4B 20.8±2.5 9.2±2.3 23.9±3.0 6.8±1.0 10.4±2.5 9.5±2.8 6.2±1.6 11.7±1.7 12.3±0.2
Qwen3.5-4B + GRPO + OURS 23.0±1.6 5.6±1.5 33.3±0.9 7.4±1.1 13.1±1.6 10.8±4.3 15.6±3.1 17.0±1.1 15.7±0.6

Qwen3.5-35B-A3B 33.9±3.8 7.6±2.5 53.2±2.3 14.6±1.0 18.6±0.9 11.4±1.5 35.9±5.4 23.5±1.7 24.8±0.6
Qwen3.5-35B-A3B + GRPO + OURS 39.8±4.1 11.1±0.9 53.8±7.5 15.6±1.6 21.9±1.9 17.7±0.9 41.2±3.9 23.7±1.1 28.1±1.4
Qwen3.5-35B-A3B + SAO + OURS 39.1±2.3 13.7±2.8 54.8±2.1 16.5±0.5 28.6±0.5 18.7±1.4 39.1±4.4 26.1±2.4 28.3±1.5

Table 2: Out-of-domain evaluation across mathematical reasoning, coding, scientific computing,
tool use, and agentic benchmarks. We report mean ± standard deviation over three independent
evaluation runs (N = 3). Qwen3.5-4B and Qwen3.5-35B-A3B are evaluated before and after RL
training on tasks synthesized by AGENTMERCURY.

Model AIME26 HMMT LCB SciCode Tau3-
Airline

Tau3-
Retail

Tau3-
Telecom BFCL GPQA-

Diamond
Qwen3.5-4B 45.9±1.7 28.5±1.2 36.6±2.8 22.6±0.1 48.8±2.1 70.4±1.0 92.5±1.0 30.3±1.8 76.5±0.7
Qwen3.5-4B + GRPO + OURS 56.0±1.8 35.4±1.6 44.0±1.2 25.7±0.7 58.7±0.8 73.6±1.3 91.9±1.3 31.7±1.5 77.5±0.6

Qwen3.5-35B-A3B 91.0±0.3 77.0±0.9 74.3±2.2 29.7±1.5 39.1±10.6 52.7±22.1 49.1±49.8 31.1±1.3 82.8 ±3.0
Qwen3.5-35B-A3B + GRPO + OURS 91.9±2.1 80.0±0.7 79.0±0.5 29.9±1.7 52.5±5.2 57.1±8.3 68.9±20.5 42.5±0.3 85.0±0.5
Qwen3.5-35B-A3B + SAO + OURS 92.2±1.9 83.3±3.1 78.6±1.0 28.3±1.9 50.9±8.1 55.7±10.2 65.5±23.8 42.1±0.1 84.0±1.0

all improvement across seven of the eight domains indicates that training on AGENTMERCURY-
synthesized environments transfers effectively to unseen enterprise workflows.

This improvement is not specific to a particular policy optimization algorithm. Using SAO (Hou
et al., 2026) instead of GRPO yields an average score of x.xx, compared with 12.3 for the base
model, corresponding to a gain of +x.xx points. Across the eight domains, SAO improves [x/8]
domains, with the largest gains observed in [Domain] (x.xx → x.xx) and [Domain] (x.xx →
x.xx). These results suggest that the learning signal provided by AGENTMERCURY environments
is compatible with different policy optimization procedures rather than being an artifact of GRPO.
The same trend extends to the larger Qwen3.5-35B-A3B model. Its average performance increases
from 24.8 to x.xx with GRPO and x.xx with SAO, demonstrating that the synthesized environments
remain effective as the policy model scales.

4.3 POLICY OPTIMIZATION OF BENCHMARK-ORIENTED TASKS

As shown in Table 2, training on AGENTMERCURY consistently improves the 4B and 35B model
across substantially different capability domains. In particular, Qwen3.5-4B + GRPO + OURS im-
proves over the base model from 45.9 to 56.0 on AIME26, 28.5 to 35.4 on HMMT, and 36.6 to 44.0
on LiveCodeBench. The same trend extends to scientific computing, with SciCode increasing from
22.6 to 25.7, and to structured tool use, where BFCL improves from 30.3 to 31.7. We also observe
gains on GPQA-Diamond (76.5 → 77.5) and on two of the three τ3 domains: Airline improves
from 48.8 to 58.7, while Retail improves from 70.4 to 73.6. Telecom remains largely unchanged
(92.5 → 91.9), suggesting that the transfer is not simply a uniform reward-driven shift across all
benchmarks.

The gains are particularly notable given that none of these benchmarks provides the model with
the synthesized environments used during RL training. The transfer from business-oriented tool-
use trajectories to mathematical reasoning, coding, scientific computing, and independent tool-use
benchmarks therefore suggests that the synthesized tasks provide a broader policy-learning signal
rather than merely inducing benchmark-specific behavior.
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Figure 3: Out-of-domain benchmark performance across training checkpoints for Qwen3.5-4B +
GRPO + OURS. The dashed line denotes the base-model performance, while error bars show the
standard deviation over three independent evaluation runs. The gradual improvement across het-
erogeneous benchmarks indicates that the policy learned from AGENTMERCURY environments ac-
quires transferable capabilities beyond the training environments.

Figure 4: Training dynamics of Qwen3.5-4B + GRPO + OURS. We report the raw reward, response
length, truncated-response ratio, and degenerate-response ratio over training steps. The increasing
reward together with decreasing truncation and near-zero degeneration indicates that policy im-
provement is not accompanied by substantial response collapse or pathological generation.

The effect is particularly pronounced for interactive tool-use benchmarks. While the Qwen3.5-35B-
A3B base model achieves relatively strong mean performance on τ3, its results exhibit substantial
run-to-run variance, especially on Telecom (49.1 ± 49.8) and Retail (52.7 ± 22.1). After training
with AGENTMERCURY and SAO, the corresponding scores improve to 65.5 ± 23.8 and 55.7 ±
10.2, respectively, while Airline improves from 39.1 ± 10.6 to 50.9 ± 8.1. Thus, the benefit of
synthesized environments is not limited to raising the expected reward: the learned policy also
becomes considerably more consistent across independently sampled interactions. This stabilization
is particularly important for agentic tasks, where successful behavior depends on a sequence of tool
calls and state transitions rather than on producing a single correct answer.

At 35B scale, the gains are smaller on already-saturated reasoning benchmarks but remain substan-
tial for tool-oriented capabilities. For example, SAO improves AIME26 from 91.0 to 92.2, HMMT
from 77.0 to 83.3, LiveCodeBench from 74.3 to 78.6, and BFCL from 31.1 to 42.1. The particu-
larly large BFCL gain suggests that the benefit of synthesized environments is especially pronounced
when the target capability involves structured interaction with external tools.

Beyond the final checkpoint, we further examine how these improvements emerge during train-
ing. Figure 3 tracks the performance of Qwen3.5-4B + GRPO + OURS across training checkpoints
on the same set of out-of-domain benchmarks. The improvement is progressive rather than be-
ing concentrated at a single checkpoint: mathematical reasoning, competitive programming, sci-
entific computing, and tool-use capabilities generally improve as policy optimization proceeds. In
particular, AIME26 increases from the base score of 45.9 to approximately 56.0, while HMMT
and LiveCodeBench similarly rise from 28.5 to 35.4 and from 36.6 to 44.0, respectively. This
checkpoint-level trend provides evidence that the final out-of-domain gains are a consequence of
continued policy learning from the synthesized environments rather than evaluation noise at a single
checkpoint.
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Table 3: Authoring executable worlds from high-level business briefs. We report oracle-pass rates
over 30 held-out briefs. A world is counted as successful only when it passes all 12 structural val-
idators. Zero-shot provides only the business brief, while Recipe additionally provides an invariant
digest and a trimmed construction exemplar.

Model Zero-shot Recipe

Claude Opus 4.8 83.3% 80.0%
GPT-5.4 66.7% 66.7%
DeepSeek-V4-Pro 83.3% 86.7%
GLM-5.2 80.0% 76.7%

Mean (API models) 78.3% 77.5%

Qwen3.5-35B-A3B 3.3% 20.0%
Qwen3.5-35B-A3B + AGENTMERCURY 83.3% 10.0%

We next examine the training dynamics to determine whether the observed capability gains are
accompanied by pathological optimization behavior. Figure 4 shows the training trajectory of
Qwen3.5-4B + GRPO + OURS. The mean reward steadily increases throughout training, providing
a direct indication that the policy increasingly satisfies the environment-level verification signals.
At the same time, the response length initially increases as the policy learns to solve more complex
multi-step tasks, before gradually decreasing later in training. Importantly, the truncated-response
ratio decreases substantially over training, while the degenerate-response ratio remains near zero
throughout. Together, these trends indicate that the reward improvement is not driven by response
degeneration or uncontrolled output growth, but by progressive optimization toward executable task
completion.

Taken together, these results provide evidence that AGENTMERCURY environments provide a use-
ful and general learning signal for policy optimization. Training on business-oriented synthesized
environments improves performance not only on the corresponding enterprise workflows, but also
on mathematical reasoning, coding, scientific computing, and independent tool-use benchmarks.
Moreover, the improvements emerge progressively during training and are accompanied by healthy
optimization dynamics. The reduction in variance on the larger model further suggests that the syn-
thesized environments can improve the reliability of agent behavior, rather than merely increasing
its average benchmark score.

4.4 CAN AGENTS LEARN TO AUTHOR EXECUTABLE WORLDS?

Having established that synthesized worlds can serve as effective training substrates, we next in-
vestigate whether the construction process itself can be learned by an agent. Specifically, we ask
whether a model given a high-level business scenario can construct an executable world that sat-
isfies the required structural constraints, including services, state schemas, tools, and cross-service
invariants. This experiment treats environment authoring as an agentic task with an explicit exe-
cutable oracle: rather than judging the generated world by surface-level similarity to a reference, we
directly execute the resulting environment and evaluate it against the structural validators used by
AGENTMERCURY. This allows us to measure whether a model has actually learned the construction
process rather than merely producing plausible-looking environment specifications.

We construct a held-out authoring set of 30 synthetic business briefs sampled from the country–
industry distribution of the environment library. Each brief specifies a high-level business scenario
without exposing the underlying company environment used during construction. We evaluate five
off-the-shelf models in two settings: zero-shot, where the model is given only the business brief, and
recipe-conditioned, where the model is additionally provided with an invariant digest and a trimmed
example of a previously constructed environment. The generated worlds are evaluated using 12
structural validators adapted from the AGENTMERCURY construction oracle. A world is counted
as successful only when it passes all validators, thereby requiring the generated environment to be
executable and structurally consistent rather than merely well-formed text.

Environment Authoring Performance. Table 3 shows that executable-world authoring is feasible
for sufficiently capable models even without explicit construction examples. The five API models
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achieve zero-shot oracle-pass rates between 66.7% and 90.0%, with a mean of 80.7%. Providing an
explicit construction recipe does not consistently improve performance: the mean pass rate decreases
slightly from 80.7% to 78.0%, and the paired comparison shows no systematic advantage for recipe
conditioning. On the shared 30 briefs, the two settings disagree on only a small fraction of examples
for each model, with the differences split in both directions. These results suggest that the basic
ability to construct structurally valid worlds is already present in strong general-purpose models,
and that simply exposing a construction recipe is not sufficient to reliably improve this capability.

Failure Analysis. The remaining failures are concentrated in structural constraints that require
reasoning across multiple services rather than within an individual service. In particular, a common
failure mode is the collapse of a cross-service constraint, where the trigger and target of an invariant
are incorrectly placed within the same service. This failure is especially pronounced for GPT-5.4,
for which 10 of the 30 briefs exhibit this error. Such failures are important because they cannot be
detected reliably from the generated specification alone: the resulting world may appear syntacti-
cally valid while violating the intended interaction structure between services. We therefore view
the executable oracle and its cross-service validators as an essential part of the authoring process.
Interestingly, recipe conditioning can even increase formatting and parsing failures for some open
models. This indicates that additional procedural information may introduce a longer and more
fragile generation format rather than directly improving the underlying construction capability.

Learning the Authoring Process. The results change substantially when the construction traces
themselves are used as supervision. We fine-tune Qwen3.5-35B-A3B on 29,823 training samples
derived from the AGENTMERCURY construction traces. The training set contains complementary
supervision for brief-to-world generation, intermediate-stage completion, validator-guided corrup-
tion repair, and intent-to-diff prediction. Before fine-tuning, the base model passes the full oracle
on only 3.3% of the held-out briefs and frequently truncates or breaks the required output format.
After training, the oracle-pass rate increases to 83.3%, matching the performance of the strongest
off-the-shelf API models. The improvement is accompanied by a substantial increase in structural
validity: the trained model passes an average of 11.5 out of the 12 validators, while truncation and
formatting failures are nearly eliminated. The difference is statistically significant, with a Fisher
exact test yielding p = 1.2× 10−10.

Interestingly, recipe conditioning behaves differently before and after training. For the base
Qwen3.5-35B-A3B model, providing the recipe improves the oracle-pass rate from 3.3% to 20.0%.
In contrast, the same recipe reduces the fine-tuned model’s performance from 83.3% to 10.0%.
The failure is highly concentrated: 27 of the 30 recipe-conditioned generations from the fine-tuned
model fail the cross-service validation check. This contrast suggests that prompting and learning
expose two qualitatively different mechanisms. The recipe can partially compensate for the missing
construction capability of the base model, whereas after fine-tuning the construction procedure is
internalized in the model parameters and the additional recipe can instead interfere with the learned
generation policy.

These results provide evidence that environment authoring is not merely an engineering procedure
external to the agent. The construction traces generated by AGENTMERCURY contain sufficient su-
pervision for an agent to learn how to transform a high-level business scenario into an executable and
structurally valid world. This complements our first research question: AGENTMERCURY provides
both worlds that can be used as training substrates and construction traces that can teach agents
how to create such worlds. In this sense, the environment generator exposes a learnable interface
between high-level scenarios and executable agent worlds, moving environment construction from
a fixed engineering pipeline toward an agent-learnable capability.

5 DISCUSSION AND CONCLUSION

What should we scale? A central observation from our experiments is that effective environ-
ment scaling does not necessarily require constructing environments around the target benchmarks.
AGENTMERCURY generates environments from high-level business scenarios, without access to the
task instances used by our evaluation benchmarks. Nevertheless, policies trained in these worlds im-
prove not only on the business-oriented ENTERPRISEOPS-GYM, but also on out-of-domain bench-
marks spanning mathematical reasoning, coding, scientific computing, knowledge-intensive rea-
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soning, and tool use. This result suggests that the useful learning signal of an environment is not
determined solely by its correspondence to a target benchmark. Instead, diverse executable worlds
can expose policies to reusable patterns of interaction, state tracking, constraint satisfaction, and
tool-mediated decision making that transfer across task distributions.

This observation motivates a different perspective on environment scaling. Rather than scaling envi-
ronments primarily by increasing the number of benchmark-specific tasks, we argue that future sys-
tems should investigate how to scale the diversity, structure, and realism of the underlying worlds.
In particular, business-oriented scenarios provide a natural source of long-horizon interactions, het-
erogeneous tools, persistent state, and cross-service constraints that are difficult to capture through
benchmark-targeted task synthesis alone.

From benchmark optimization to world construction. Our results also suggest that the role
of PLANET may be more fundamental than that of a conventional data generator. In the standard
benchmark-centric paradigm, the environment is often treated as a means of producing more in-
stances of a predefined task. In contrast, AGENTMERCURY separates the world, the task, and the
policy: PLANET determines what world exists, the task specifies what must be achieved within that
world, and the policy learns how to act within it. This factorization makes it possible to reuse a
single synthesized world across multiple objectives and policy-training configurations, while also
allowing the environment distribution itself to become a target of scaling.

We therefore view PLANET as an important direction for building agents that are useful beyond
benchmark optimization. If environments can be scaled according to real-world scenarios rather than
benchmark categories, the resulting policies may acquire capabilities that are useful for operating in
open-ended settings even when those capabilities are not explicitly represented by a single evaluation
suite.

Optimization dynamics across model scales. Our comparison between GRPO and SAO also
reveals an interesting interaction between the policy optimization procedure and model scale. As
shown in Appendix 7 and Appendix 8, both methods can make progress on the synthesized environ-
ments at the 35B-A3B scale, but their optimization dynamics differ substantially. GRPO provides
multiple sampled responses for the same prompt and can therefore obtain a relative learning signal
even when the policy model is relatively small. In contrast, we found that SAO was substantially less
effective for the 4B model, where the available single-rollout signal was insufficiently represented
in our experiments. We therefore exclude the 4B SAO result from the main comparison rather than
treating the unstable optimization as evidence against the underlying environment distribution.

At the same time, the behavior of SAO suggests a potentially useful scaling property. Because SAO
does not require multiple sampled responses from the same prompt, a single prompt can expose
the policy to a broader set of environments and task instances. This property may become partic-
ularly attractive at larger model scales, where the objective is not only to optimize performance on
a narrow task distribution but to inject diverse knowledge and interaction patterns from a large and
heterogeneous environment collection. Thus, GRPO and SAO may occupy complementary points
in the environment-learning trade-off: GRPO provides a stronger relative signal for smaller policies,
whereas single-rollout optimization may offer a more scalable mechanism for broad environment
coverage at larger scales.

Toward a closed environment-agent loop. Despite these results, our current system does not yet
fully realize the closed loop between environment generation and agent learning. In particular, the
environment synthesis process does not currently employ a learned world model to predict how
candidate worlds would behave under agent interaction. Consequently, the generator cannot yet use
the policy’s experience to identify which scenarios, tools, states, or interaction patterns are most
needed for further learning and then synthesize those worlds accordingly.

A natural next step is therefore to connect the PLANET role more tightly with policy learning. An
agent could monitor its own failures and uncertainties, identify underrepresented capabilities or in-
teraction patterns, and propose new high-level scenarios targeted at those gaps. These scenarios
could then be compiled into executable worlds, evaluated by deterministic verifiers, and fed back
into policy optimization. Such a loop would turn environment synthesis from a largely offline data
generation process into an adaptive curriculum in which the policy actively determines what worlds
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should be generated next. A learned world model such as Qwen-AgentWorld could further sup-
port this process by predicting the consequences of candidate environments before they are fully
instantiated, enabling more efficient search over the environment space.

Conclusion. AGENTMERCURY explores a simple but consequential shift in how agent training
environments are constructed: instead of scaling task instances around a fixed benchmark, we scale
executable worlds grounded in realistic business scenarios. Our experiments show that these worlds
provide effective learning signals for business-oriented agent tasks and, importantly, transfer be-
yond their construction distribution to diverse out-of-domain benchmarks. We further show that the
construction process itself can be learned, allowing trained agents to participate in expanding the
space of executable environments. These results suggest that future agent training may benefit from
treating environment construction as a first-class, learnable component of the agent system. Rather
than asking only how to optimize a policy against increasingly difficult benchmarks, we believe an
important next question is how to build increasingly diverse and useful worlds in which policies can
learn. AGENTMERCURY provides a step toward this view by making PLANET an explicit role and
by exposing a path toward a future system in which agents learn not only to act in worlds, but also
to decide which worlds should exist next.
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A SYNTHESIZED & SAMPLED TASKS

Task Instantiation from Synthesized Worlds. AGENTMERCURY separates world construction
from task instantiation. Once an executable world w has been synthesized, multiple tasks can be
instantiated from the same underlying world by varying the seeded state, user intent, and task rubric.
In our released RL corpus, each task corresponds to an autonomous investigation instance associ-
ated with a synthetic company environment and a grounded persona. Thus, the task distribution is
sampled on top of a shared distribution of executable worlds rather than being used as the primary
specification for constructing those worlds.

Formally, given a synthesized world w = ⟨S,A,Ω, T,O, s0,R⟩, we instantiate a task as

(∆s0, u, ρ) ∼ Task(· | s0,R), (16)

where ∆s0 specifies task-specific state seeding, u is the natural-language user instruction, and ρ is
the task-level rubric. The resulting task therefore modifies the initial state and specifies the objective
and evaluation criteria without changing the underlying world structure. This separation allows the
same world to support multiple task instances and interaction trajectories.
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Figure 5: Overview of the synthesized environments, sampled training footprint, and task lifecy-
cle in AGENTMERCURY. (A) The full corpus contains 43,300 investigation tasks instantiated from
4,326 synthetic company environments, spanning 2,287 industries, 842 tools, 222 state tables, and
148 service combinations. (B) Across 200 RL training steps, the agent observes 3,200 tasks (7.4% of
the full task corpus) while retaining broad coverage of environments, industries, tools, state tables,
and service combinations through shuffled sampling. (C) Each training instance follows a structured
lifecycle from a high-level business scenario to executable world construction, task instantiation,
multi-step tool interaction, deterministic post-episode verification, and reward-based policy opti-
mization. The resulting framework separates world construction from task sampling, allowing a
single synthesized environment to support multiple seeded tasks while providing verifiable learning
signals for agent training.

Corpus Composition. In Figure 5, we depict overall statistics of our corpus composition. The
RL training corpus used in our experiments contains 43,300 synthesized tasks collected from 4,326
executable company environments, with ten sampled task seeds per environment. The environments
span 2,287 distinct industry descriptions and expose 842 unique tools over 222 state-table types and
148 distinct service combinations. Each environment exposes between 10 and 26 tools, with a mean
of 16.1 tools, while each task touches between one and five services, with a mean of 2.9 services.
Each task contains a mean of 5.4 programmatic assertions, ranging from 2 to 10 assertions. These
statistics are computed over the complete 43,300-task corpus.

Task Structure. Each task combines a synthetic company environment with a user persona, a
natural-language investigation objective, executable tools, and programmatic state-based verifica-
tion. The task instances in the RL corpus use six primary persona roles: Account Manager, Co-
ordinator, Sales Manager, Operations Coordinator, Support Lead, and Analytics Owner. The most
common service combinations involve CRM, email, and Slack, while additional tasks introduce
billing, ticketing, support, project-management, and domain-specific systems. Overall, the corpus
contains 148 distinct service combinations, providing variation in both the number and identity of
systems involved in a task.

The task objectives are grounded in the state of the corresponding environment. An agent must there-
fore discover relevant information through tool interaction and, when required, modify the underly-
ing state. Rather than evaluating only the textual response, task completion is checked against the
resulting database state using programmatic assertions. Across the corpus, the assertions comprise
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Table 4: Composition of the synthesized task corpus used for RL. Statistics are computed over all
43,300 tasks.

Statistic Value

Tasks 43,300
Executable worlds / companies 4,326
Task seeds per world 10
Unique industries 2,287
Unique tools 842
Unique state tables 222
Service combinations 148
Tools per world 10–26 (16.1 avg.)
Services per task 1–5 (2.9 avg.)
Assertions per task 2–10 (5.4 avg.)

Table 5: Coverage of the tasks that received gradients during the reported RL run relative to the full
synthesized corpus. These statistics used only for GRPO algorithm.

Statistic Full Trained Coverage

Tasks 43,300 3,200 7.4%
Environments 4,326 2,313 53.5%
Industries 2,287 1,438 62.9%
Tools 842 638 75.8%
State tables 222 137 61.7%
Service combinations 148 93 62.8%

three basic forms: record existence, field equality, and field inequality. This provides a deterministic
signal for whether the intended state change has actually occurred.

Task Difficulty and Cross-Service Interaction. The sampled tasks vary substantially in inter-
action breadth and difficulty. The number of services touched by a task ranges from one to five,
with three-service tasks constituting the largest group. In addition, tasks are annotated with up to
six hard requirements that capture more demanding forms of business reasoning, such as precise
scoping, reconciliation, and cross-system correction. Across the full corpus, 25,991 of 43,300 tasks
are flagged as involving cross-system action risk, indicating that the required actions may propagate
across multiple business systems.

This structure is important for RL because task diversity is not obtained solely by changing the
textual instruction. Different tasks can expose the policy to different combinations of services,
tools, state tables, personas, and cross-system dependencies, while retaining the same executable
semantics of the underlying world.

Sampling During RL. Although the complete corpus contains 43,300 tasks, each RL run observes
only a subset of these tasks through the rollout sampler. For the reported Qwen3.5-4B RL run, 3,200
unique task instances received gradients over 200 training steps, corresponding to approximately
7.4% of the full corpus. The sampled tasks were drawn from a shuffled task stream rather than from
a manually selected subset.

Importantly, the relatively small number of tasks used directly for optimization does not imply a
narrow training distribution. The 3,200-task subset spans 2,313 distinct environments, 1,438 indus-
tries, 638 unique tools, 137 state tables, and 93 service combinations. Thus, although only 7.4% of
task instances received gradients, the training subset retains a substantial fraction of the structural
diversity present in the full corpus.

Implication for Training Diversity. These statistics illustrate the distinction between task count
and world diversity. A small fraction of the task corpus can still cover a large fraction of the un-
derlying environments, industries, tools, and state structures when tasks are sampled across the
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Figure 6: Structural analysis of the synthesized task space. (a) A t-SNE projection of task de-
scriptions based on TF-IDF features shows substantial textual clustering, but the clusters do not
correspond to meaningful task metadata such as domain, persona, or task shape. (b) In contrast,
projecting the same tasks using their exposed tool sets reveals clear domain-specific structure, indi-
cating that the primary source of task variation lies in the executable tool surface rather than in task
language. (c) Distribution of nearest-neighbor cosine similarity in the TF-IDF space, showing that
although the overall task space is broad, most tasks still have a highly similar counterpart. (d) The
number of exposed tools takes only five values, {10, 14, 18, 22, 26}, revealing a discrete task-shape
lattice induced by the core tool set and the number of additional resources.

synthesized world distribution. In our RL experiment, the 3,200-task training footprint therefore
represents a broad cross-section of the synthesized worlds rather than a narrow set of repeated tasks.

This sampling procedure is a direct consequence of the scenario-grounded construction paradigm:
AGENTMERCURY first creates executable worlds and subsequently samples tasks from those
worlds. The resulting training distribution can consequently expand along multiple axes—new
worlds, new business structures, new service combinations, new initial states, and new task
objectives— without requiring a separate manually constructed environment for each task.

Task diversity is primarily expressed through tool structure. Figure 6 analyzes the structural
diversity of the synthesized task corpus from four complementary views. We distinguish between
the linguistic surface of a task, the executable tool surface exposed to the agent, the local textual
similarity between tasks, and the combinatorial structure of task size.

A.1 TASK DIVERSITY

Figure 6(a) shows a t-SNE projection of task descriptions using TF-IDF features. Although the
projection contains several visually distinct blobs, these clusters do not correspond to meaningful
task metadata. We applied k-means clustering with k = 9 to the projected task space and compared
the composition of each cluster across primary domain, persona role, the AF flag, number of
exposed tools, and source shard. The resulting clusters exhibit nearly identical compositions across
these metadata dimensions: CRM accounts for approximately 53-61% of each cluster, Account
Manager is the dominant persona in approximately 53-63%, the AF flag is present in approximately
58-61%, and tasks with 14 exposed tools account for approximately 52-61%. Thus, the apparent
textual blobs are not semantic partitions of the task corpus. This suggests that textual embedding
distance is a poor proxy for task-level diversity in this corpus: the task descriptions share a common
template and vary primarily through their underlying executable structure.
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To examine whether the same tasks exhibit structure in their executable interfaces, we represent
each task by a binary vector over the 750 available tools and project the resulting vectors using
SVD followed by cosine t-SNE. In contrast to the textual representation, the same set of tasks forms
clearly separated, domain-specific clusters. In particular, CRM, billing, project management, and
support tasks form distinct dense regions in the projected tool space. Because the tasks and samples
are identical between Figures 6(a) and 6(b), the difference is attributable to the representation rather
than to a change in the underlying data. Together, the two views indicate that the dominant source
of meaningful variation in the corpus is the tool surface exposed to the agent, rather than lexical
variation in the task description.

Figure 6(c) further characterizes the local structure of the task corpus by measuring each task’s
cosine similarity to its nearest neighbor in TF-IDF space. The corpus has a low mean pairwise
similarity of 0.13, indicating a broad overall textual space, while the nearest-neighbor distribution is
substantially more concentrated, with a median similarity of 0.83. Moreover, 8.3% of tasks have a
nearest neighbor with cosine similarity above 0.99. Thus, the corpus simultaneously contains broad
global variation and a non-negligible population of near-twin tasks.

Importantly, only 17% of these near-twin pairs originate from the same environment as sibling seeds.
If the observed redundancy were primarily caused by the ten-seed replication within each environ-
ment, approximately 78% of such pairs would be expected to be within-environment siblings. The
observed proportion therefore suggests that the local redundancy is not explained by seed replication
alone, but instead arises substantially from shared task templates across different environments.

Finally, Figure 6(d) examines the combinatorial structure of task size. The number of exposed tools
takes only five distinct values, {10, 14, 18, 22, 26}. This structure follows directly from a fixed core
of ten tools, consisting of employee search/list/get/update, email search/list, send-email, and Slack
list-channels/list-messages/post-message operations. Each additional resource contributes exactly
four tools corresponding to search, list, get, and update operations. Consequently, task size is not
continuously distributed: it is determined largely by a single discrete variable, namely the number
of additional resources. The resulting task space therefore forms a low-dimensional lattice of task
shapes rather than an unconstrained continuum.

B BENCHMARK DETAILS

Common Evaluation Setup. Unless otherwise specified, all models are served using SGLang
with the slimerl/slime Docker environment and exposed through an OpenAI-compatible
endpoint. We use the Qwen3 reasoning parser and Qwen3-Coder tool-call parser with
--trust-remote-code and a static memory fraction of 0.85 (or 0.90 for the 35B model). The
native maximum position length is 262K tokens without additional RoPE scaling (). For the 4B
model, we use a 32K context window for mathematical, coding, and general agentic benchmarks,
and a 128K context window for ENTERPRISEOPS-GYM. The 35B-A3B model is evaluated with a
128K context window across all benchmarks. Tensor parallelism is set to 1 for the 4B model at 32K
context, 2 for the 4B model at 128K context, and 4 for the 35B-A3B model.

Each benchmark is independently evaluated three times, and we report the mean and standard de-
viation across runs. These independent repetitions are performed in addition to benchmark-specific
sampling or trial repetitions, such as 10 samples per problem for AIME, 5 for GPQA-Diamond, 4
for HMMT, 4 trials for tau-3 benchmark, and 3 runs for ENTERPRISEOPS-GYM. Unless otherwise
specified, sampling uses temperature 1.0, with top p=0.95 for interactive agent benchmarks.

We use programmatic evaluation whenever the benchmark provides a deterministic verifier. Specifi-
cally, AIME, HMMT, LiveCodeBench, SciCode, BFCL, and GPQA-Diamond are evaluated without
an LLM judge using exact-match, code-execution, AST/executable-call, or multiple-choice verifi-
cation, as appropriate. LLM-based judging is used only for interactive conversational evaluation in
tau-3 benchmark, where DeepSeek-V4-Flash is used through DashScope. EnterpriseOps-Gym uses
its deterministic oracle verifier. For GPQA-Diamond, generations with a score below 0.30, corre-
sponding to truncated or effectively empty responses, are discarded and re-executed according to the
evaluation guard.

For model-scale comparisons, the 4B base and iteration-149 checkpoints use the 32K configu-
ration for core mathematical, coding, and agentic benchmarks and the 128K configuration for
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EnterpriseOps-Gym. The 35B-A3B model uses the 128K configuration for all benchmarks. For
the 35B-A3B evaluation, two independent endpoints are deployed across GPU groups to parallelize
long-running evaluations; for example, the 990 GPQA-Diamond generations are distributed across
the two endpoints. All evaluation runs use the same benchmark versions, evaluation identifiers, and
scoring procedures to ensure comparability across model sizes.

AIME 2026. AIME 2026 (of America, 2026) consists of 30 competition-level mathematical prob-
lems. We sample each problem 10 times, resulting in 300 attempts per evaluation run, and compute
the average accuracy (avg@10) using exact matching against the integer-valued ground-truth an-
swers. Evaluation is fully programmatic and does not involve an LLM judge. The benchmark
primarily evaluates multi-step mathematical reasoning under competition-style problem solving.

HMMT February 2026. HMMT February 2026 (Dekoninck et al., 2026) is a mathematics com-
petition benchmark based on the February 2026 Harvard-MIT Mathematics Tournament. We evalu-
ate approximately 30 problems with four samples per problem (num execute=4), and report the mean
exact-match accuracy over final answers. As a recently administered competition, the benchmark
provides an additional evaluation setting with reduced exposure to training-time contamination. The
problems emphasize challenging mathematical reasoning, with final answers that can be program-
matically verified.

LiveCodeBench v5–v6. We use the LiveCodeBench v5–v6 split (Jain et al., 2025), which contains
only problems newly introduced between LiveCodeBench versions 5 and 6. This setting is designed
to reduce contamination from previously released competitive-programming problems. Generated
programs are executed against hidden tests and evaluated by pass/fail correctness, with pass@1
reported as the primary metric. The benchmark evaluates the complete programming pipeline from
problem specification understanding and algorithmic reasoning to executable code generation.

SciCode. SciCode (Tian et al., 2024) evaluates scientific computing ability across domains includ-
ing physics, chemistry, biology, and materials science. The main test split contains 65 problems,
each decomposed into dependent subproblems that collectively require domain-specific reasoning
and code generation. Solutions are evaluated by executing the generated code against reference
implementations and associated H5 datasets, with both subproblem-level and main-problem pass
rates used for evaluation. The benchmark therefore emphasizes domain-grounded computational
reasoning rather than generic code generation.

tau-3. Tau-3 benchmark (Shi et al., 2026) evaluates interactive tool-use agents across airline, retail,
and telecom customer-service domains. An agent interacts with a simulated user through multi-
turn conversations and executable tool calls to accomplish task-specific goals. We use four trials
per task (num trials=4) and report the average pass1 reward. Task success is evaluated through
state read-back together with an LLM-based natural-language assertion judge using DeepSeek-V4-
Flash (DeepSeek-AI, 2026) via Alibaba DashScope. We focus on the three supported domains and
omit the banking-knowledge retrieval setting because it requires a 128K context window that is
not available under our corresponding evaluation configuration. This benchmark isolates interactive
agentic capabilities involving multi-turn reasoning and tool use rather than standalone knowledge
recall.

BFCL. The Berkeley Function-Calling Leaderboard (BFCL) (Patil et al., 2025) evaluates whether
an agent can produce correct tool calls, including the appropriate functions, arguments, and argu-
ment types. We use its programmatic evaluation based on AST matching and executable function-
call verification, and report overall accuracy. Unlike long-horizon interactive benchmarks, BFCL
primarily measures the structural precision of tool calling and function-argument generation.

GPQA-Diamond. GPQA-Diamond (Rein et al., 2023) is the expert-validated “Diamond” subset
of GPQA, consisting of 198 graduate-level multiple-choice questions spanning physics, chemistry,
and biology. We evaluate each question five times, resulting in 990 attempts per evaluation run, and
report mean multiple-choice accuracy. The benchmark emphasizes knowledge-intensive reasoning
on questions designed to be difficult to answer through straightforward retrieval or search.
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Figure 7: Training dynamics of Qwen3.5-35B-A3B with GRPO and AGENTMERCURY. We report
the raw reward, response length, truncated-response ratio, and degenerate-response ratio throughout
training. The increasing reward is accompanied by a steady reduction in truncation, while degenerate
responses remain negligible.

Figure 8: Training dynamics of Qwen3.5-35B-A3B with SAO and AGENTMERCURY. We report
the raw reward, response length, truncated-response ratio, and degenerate-response ratio throughout
training. SAO exhibits a sustained reward increase together with a substantial reduction in trunca-
tion, while degenerate responses remain close to zero.

ENTERPRISEOPS-GYM. ENTERPRISEOPS-GYM (Malay et al., 2026) is an enterprise-agent
benchmark covering eight business domains: teams, customer success management (CSM), email,
IT service management (ITSM), calendar, drive, hybrid, and human resources (HR). We evaluate
agents using the oracle setting, in which a task is considered successful only when all task-specific
verifiers are satisfied. Agents interact with isolated task databases through MCP-based tool servers
and execute multi-step workflows using a ReAct-style interaction loop. We run each task three
times (num runs=3) and report the resulting pass@1 accuracy. The benchmark provides a partic-
ularly direct evaluation of business-oriented agentic behavior, including multi-step tool use, state
manipulation, and, for hybrid tasks, coordination across multiple service domains.

C TRAINING LOG

We provide additional training diagnostics for the Qwen3.5-35B-A3B experiments in Figures 7
and 8. We monitor four quantities throughout training: raw reward, response length, truncated-
response ratio, and degenerate-response ratio. These diagnostics are particularly useful for checking
whether the improvement in policy reward is accompanied by undesirable generation behavior such
as excessive response truncation or degenerate outputs.

For GRPO, the raw reward initially remains around 0.4 before increasing steadily during the latter
half of training and reaching approximately 0.55–0.60 toward the end of the run (Figure 7). At the
same time, the truncated-response ratio decreases from roughly 0.35 at the beginning of training to
nearly zero toward the end. The response length initially increases, reaching its maximum around
the middle of training, and subsequently decreases as training progresses. Despite these changes in
response length, the reward continues to improve, suggesting that the later-stage reward improve-
ment is not driven simply by generating increasingly long responses. The degenerate-response ratio
remains effectively zero throughout the run.

The SAO run exhibits a similar overall pattern, while covering a longer training trajectory (Fig-
ure 8). The raw reward increases from approximately 0.35 at initialization to above 0.6 near the
end of training. The truncated-response ratio decreases substantially from approximately 0.4 at the
beginning to around 0.05 in the later stages, although small fluctuations remain. Response length
first decreases during the early and middle stages of training, reaches a minimum around the middle
of the run, and then increases substantially during the later stages. The degenerate-response ratio
remains close to zero for nearly the entire run, with only a small transient spike in the later stages.

Overall, both optimization methods show that the policy can improve its reward while simultane-
ously reducing severe generation failures. In particular, the consistent decrease in truncated re-
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sponses indicates that the synthesized environments provide a sufficiently structured learning signal
for the policy to learn executable, complete interaction trajectories rather than exploiting the reward
through increasingly malformed outputs. The near-zero degenerate-response ratio further suggests
that the observed reward improvement is not accompanied by a collapse into degenerate generation
behavior.

D ADDITIONAL DETAILS ON ENVIRONMENT AUTHORING

This appendix provides additional details on the environment-authoring experiment described in
Section 4.4. Our goal is to distinguish between two questions: whether a capable model can pro-
duce a structurally valid executable world from a high-level scenario, and whether the construction
procedure exposed by AGENTMERCURY can be learned through supervision. We therefore evaluate
both zero-shot authoring and authoring after fine-tuning on construction traces.

Authoring Protocol. We construct a held-out set of 30 synthetic business briefs sampled from the
country–industry distribution of the environment library. Each brief describes a high-level business
scenario while withholding the corresponding environment specification, including its services, state
tables, tools, and cross-service invariants. The task given to the model is to transform the brief into
a complete executable environment specification.

We evaluate two prompting conditions. In the zero-shot condition, the model receives only the
high-level business brief. In the recipe condition, the model additionally receives an invariant digest
describing the structural requirements together with a trimmed exemplar of a previously constructed
environment. The latter condition tests whether explicitly exposing the construction procedure can
improve authoring reliability without requiring parameter updates.

The generated environments are evaluated using the same executable construction oracle underly-
ing AGENTMERCURY. In particular, we use 12 structural validators covering the consistency and
executability of the generated world. A generation is counted as an oracle success only when all
12 validators pass. Thus, the metric is deliberately stricter than textual or semantic similarity: a
model must produce a world that can actually be executed while satisfying the required structural
constraints.

Statistical Analysis. Because the same 30 briefs are evaluated under both prompting conditions,
we treat the comparison as paired rather than independent. Across the five off-the-shelf API mod-
els, zero-shot authoring achieves a mean oracle-pass rate of 80.7%, compared with 78.0% under
recipe conditioning. The paired comparison does not reveal a systematic advantage for providing
the recipe; the exact McNemar test gives p ≥ 0.375 for every individual model. Differences be-
tween the two conditions are therefore better interpreted as prompt sensitivity than as evidence that
explicit construction instructions improve authoring reliability.

For the fine-tuned Qwen3.5-35B-A3B model, the zero-shot oracle-pass rate increases from 3.3% to
83.3%. The corresponding Wilson 95% confidence intervals are [0.6, 16.7] for the base model and
[66.4, 92.7] after fine-tuning. A Fisher exact test gives p = 1.2× 10−10, providing strong evidence
that the improvement is not explained by sampling variation over the 30 held-out briefs.

Failure Modes of Zero-shot Authoring. Although the strongest API models frequently produce
valid executable worlds, the remaining failures are not uniformly distributed across the validators.
The dominant failure mode involves cross-service invariants: the generated environment specifies a
constraint whose trigger and target should belong to different services, but instead places both sides
within a single service. This failure is particularly pronounced for GPT-5.4, where 10 of the 30
held-out briefs exhibit such a violation.

This observation highlights the importance of executable validation. A generated specification can
be syntactically complete and superficially plausible while still failing to represent the intended
interaction structure between services. Such errors are difficult to identify reliably through surface-
level inspection alone, but are directly exposed by the executable oracle. The construction oracle
therefore serves not only as an evaluation metric but also as a mechanism for identifying structural
weaknesses in environment authoring.
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We additionally observe formatting and parsing failures for some open models under recipe con-
ditioning. In particular, providing a longer construction recipe can introduce additional formatting
requirements that are themselves a source of failure. This explains why recipe conditioning does
not monotonically improve authoring performance, despite providing the model with more explicit
information about the desired environment structure.

Construction Traces as Supervision. To test whether the authoring process itself is learnable, we
fine-tune Qwen3.5-35B-A3B on 29,823 samples derived from the construction traces of AGENT-
MERCURY. Rather than training exclusively on final brief-to-world pairs, the supervision covers
several stages of the construction process:

• Brief-to-world generation, mapping a high-level business scenario to a complete exe-
cutable world;

• Intermediate-stage completion, requiring the model to complete partially constructed en-
vironment components;

• Validator-guided corruption repair, where the model receives an invalid construction
and validator feedback and must repair the corresponding structural error;

• Intent-to-diff prediction, mapping a high-level intent to the corresponding structural mod-
ification of an existing environment.

This mixture exposes the model to both forward construction and error-correction trajectories. In
contrast to ordinary supervised specification generation, the model therefore observes intermediate
construction states and the consequences of violating environment invariants.

Before fine-tuning, Qwen3.5-35B-A3B successfully passes all 12 validators on only 3.3% of held-
out briefs. The base model also frequently truncates or breaks the required output format. After fine-
tuning, the oracle-pass rate reaches 83.3%, while the average number of passed validators increases
to 11.5 out of 12. Truncation and formatting failures are nearly eliminated. Thus, the improvement
is not merely due to producing longer or more well-formed specifications; the trained model learns
to satisfy the structural constraints required for executable worlds.

Prompting Versus Internalized Construction. An additional analysis reveals an interesting in-
teraction between recipe conditioning and learned construction behavior. For the base Qwen3.5-
35B-A3B model, providing the construction recipe increases the oracle-pass rate from 3.3% to
20.0%. The same recipe, however, reduces the performance of the fine-tuned model from 83.3%
to 10.0%.

The failure of the fine-tuned model is highly concentrated: 27 of the 30 recipe-conditioned gener-
ations fail the cross-service validation check. This asymmetric behavior suggests that prompting
and parameter-level learning provide qualitatively different forms of procedural knowledge. For the
base model, the recipe supplies information that is otherwise absent from its generation policy. After
fine-tuning, however, the construction procedure is already encoded in the model parameters, and
the additional recipe can interfere with the learned generation format and structural assumptions.

This result also provides evidence against interpreting the observed improvement as simple instruc-
tion following. If the fine-tuned model merely benefited from additional textual instructions, recipe
conditioning should continue to improve performance after training. Instead, the learned policy per-
forms best when it is given the original high-level brief without the additional construction recipe.

Summary. The authoring experiment demonstrates two complementary properties of AGENT-
MERCURY. First, executable-world construction is already within the capability range of sufficiently
strong general-purpose models, although cross-service structural constraints remain a significant
source of failure. Second, the construction process can be substantially improved through training
on construction traces. Fine-tuning converts Qwen3.5-35B-A3B from a model that passes the com-
plete construction oracle on only 3.3% of held-out briefs into one achieving 83.3% oracle success,
with nearly complete validator coverage.

Together with the main results in Section 4.4, these findings suggest that AGENTMERCURY exposes
two learnable interfaces: the synthesized executable world can provide a training substrate for an
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agent policy, while the construction traces can provide supervision for learning how to create such
worlds.
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