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ABSTRACT

Large Language Model (LLM) agents often excel in narrow tool-use settings but
struggle to generalize across diverse environments due to a scarcity of scalable,
high-quality training data. Traditional data collection relies on manual environ-
ment setup and live-system access, which is labor-intensive and unscalable. To
address this, we propose VULCAN, a framework with three phases that auto-
matically synthesizes executable and deterministic tool-use environments directly
from given tool schemas. VULCAN generates diverse task variants and extracts
high-fidelity agent trajectories by executing an LLLM-based agent in these sim-
ulated environments. Using this approach, we simulate eight distinct domains
from the Berkeley Function-Calling Leaderboard (BFCL) benchmark and syn-
thesize around 33K training examples from a seed of only 129 tools. We then
fine-tune Phi4-14B on this synthetic data, achieving a 12.2% improvement on
the BFCL evaluation over the base model. The resulting VULCAN-tuned model
outperforms the strong baseline o4-mini and comes close to matching the per-
formance of Claude-4.5-0Opus, a much larger frontier model. These results
suggest that VULCAN provides a scalable, domain-agnostic pathway to improve
the reasoning and generalization capabilities of tool-using language agents.

1 INTRODUCTION

The rapid advancement of large language models (LLMs) has enabled a new generation of agen-
tic systems that go beyond conversational interaction to perform real-world actions through tools
and external environments (Li et al.| 2024} Ferrag et al.| 2025 Bousetouane, [2025)). These agents
are now expected to manage complex workflows, interact with software systems, and operate un-
der dynamic and stateful conditions (Su et al., |2025). Unlike traditional dialogue systems, such
agents are required not only to generate fluent language but also to coordinate sequences of actions,
maintain internal consistency, and adhere to domain-specific constraints (Prabhakar et al., [2025)).
Consequently, tool-using agents are becoming a central paradigm for deploying Al in real-world
applications across diverse domains.

However, the practical development of such agents faces a critical gap due to the absence of acces-
sible, executable environments that faithfully capture real-world dynamics. This challenge is further
compounded by a lack of scalable approaches for generating realistic agentic tasks. In many real-
world scenarios, direct interaction with operational environments is strictly limited by cost, privacy,
or safety constraints. This inaccessibility makes it nearly impossible to generate the high-quality in-
teraction data required for training, effectively creating a barrier to building capable agents for these
specific environments (Zou et al.,|2025; Pan et al.,2025). Furthermore, while realistic agent behav-
ior requires exposure to diverse, multi-step tasks involving tool coordination and evolving states,
creating such task distributions at scale is labor-intensive and difficult to generalize (Zhou et al.,
2023 Wang et al., [2025)).

Existing works have attempted to address these challenges in isolation, yet they exhibit significant
limitations. A small subset of approaches aims to simulate the environment itself (Fang et al.,
2025; L1 et al. 2025)), but these methods often suffer from reliability issues and typically rely on
few-shot examples or predefined use cases, making them unsuitable when no prior interaction data
is available. Conversely, most other approaches focus solely on task or user-scenario generation,
explicitly assuming that a reliable and executable environment is already provided (Yin et al., 2025
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Figure 1: Overview of the VULCAN framework. The pipeline consists of three main stages: (1)
simulating an executable and reliable environment, (2) generating diverse and realistic agentic tasks,
and (3) executing an LLM-agent in the simulated environment to produce high-quality trajectories.

Prabhakar et al.} 2025}, [Chen et al.} 2023)). In these settings, user behavior is commonly simulated

by an LLM, introducing hallucination risks and weak grounding, often restricting interactions to
simplified, single-turn tasks (Laban et al.| 2025} Mishra et al.| 2025} [He et al., 2025).

To bridge this gap, we propose VULCAN, a three-stage framework leveraging multi-agent collab-
oration to automate agentic data creation, as illustrated in Figure [T VULCAN operates by coordi-
nating specialized agents across three distinct phases: environment simulation, where executable
domains are synthesized; task generation, where realistic user scenarios are constructed; and agent
execution, where the system runs agents within the simulated environment to collect high-quality
interaction data. By constructing chains of user queries to model complex task dependencies, this
approach reduces reliance on open-ended LLM-based user simulation and mitigates hallucination
risks. The framework supports two classes of environments: stateless environments, where tools op-
erate independently with deterministic outputs, and stateful environments, which capture multi-turn
interactions where shared states evolve and tool executions influence subsequent outcomes. Empiri-
cal analysis demonstrates that VULCAN effectively scales to generate diverse, high-quality agentic
data. Our main contributions are:

* We introduce VULCAN-ST and VULCAN-MT, two agentic datasets constructed from syn-
thesized environments using the Berkeley Function Calling Leaderboard (BFCL)
(2025) tool schemas as a case study.

* We conduct comprehensive experiments demonstrating that the environments synthesized
by VULCAN achieve high executability rates and that the method scales to generate diverse
user scenarios without human intervention.

e We show that supervised fine-tuning of Phi4-14B[Abdin et al.|(2024) on data generated
by VULCAN yields substantial performance gains on the BFCL benchmark, achieving
performance comparable to frontier models using only 33K training examples.

2 RELATED WORKS

Tool-use Benchmarks and Agents. The evaluation of tool-using agents has shifted from simple
API calls to complex, stateful interactions. Recent benchmarks such as BFCL (2025)) and
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Table 1: Comparison of tool-calling datasets.

Dataset Trajectories  Tool-Call Multi-Turn  Response
APIGent-MT-5K (Prabhakar et al.,[2025) 5,000 SPMS IR 5,000 Executed
ToolACE (Liu et al.}, 2024) 11,300 SPMS IR 509 Simulated
Hermes FC V1 (interstellarninja)) 11,570 SPMS IR 1,890 Executed
TOUCAN (Xu et al., 2025b) 1,527,259 SPMS IR 567,262 Executed
Nemotron-Tool (Nathawani et al., [2025) 310,051 SPMS - 199,610 -

VULCAN-MT (ours) 33,3345 SPMS IR 33,3345 Executed
VULCAN-ST (ours) 120,736 SPMS IR 1,566 Executed

ACEBench |Chen et al.|(2025)) assess multi-step tool execution under evolving constraints, capturing
realistic behavior in dynamic environments. Similarly, 7-bench|Yao et al.|(2024)) and 72-bench [Bar-
res et al.| (2025) investigate collaborative and interactive agent scenarios, while MCPVerse|Lei et al.
(2025) stress-tests agents within large, complex action spaces. In parallel with these benchmarks,
training datasets like ToolAlpaca Tang et al.| (2023) and API Pack |Guo et al.[(2024) provide large-
scale supervision for tool-calling behavior. We compare the statistics of these datasets in Table
highlighting a critical limitation in the current landscape: while abundant in size, most existing
datasets rely on single-turn interactions or static, stateless verification. This sufficiency gap hinders
the development of autonomous planners, as robust agentic performance requires environments that
go beyond isolated tool invocations. To bridge this divide, the field requires data that models dy-
namic state transitions and complex, multi-step dependencies, which are essential for training agents
to navigate evolving real-world contexts.

Agentic Data Generation. Generating synthetic training data for LLM-based tool-use agents re-
quires an effective environment, which may be real-world, fully LLM-simulated, or systematically
constructed. Real-world settings such as ToolLLM |Qin et al.[(2023)) and TOUCAN Xu et al.| (2025b))
provide the most accurate feedback but are costly, slow, and depend on highly available MCP ser-
vices. LLM-simulated environments (Qin et al., 2024} [Lu et al., 2025}, Du et al.| [2024) avoid these
costs but often suffer from hallucination and inconsistent outputs. Recent works (Yao et al.|, 2024;
Ye et al., |2025; Barres et al., 2025} [Prabhakar et al., 2025} [Fang et al., 2025} Xu et al.| [2025a)) in-
troduce offline tool-execution environments that bypass live tool calls and can still interact with real
databases or state files, yet these are labor-intensive to build and mainly used for evaluation. More-
over, using LLM to simulate user tasks in some approaches introduces additional issues, such as
user-intent hallucination, and verifying environment quality at scale remains difficult. To overcome
these limitations, we propose a general approach for simulating domain-specific tool-use environ-
ments with fine-grained control over user intents and systematic verification of generated data.

3 METHOD

In this section, we present VULCAN, a general framework for simulating tool-use environments
and generating real-world tasks to collect agentic experience for training efficient language models.
We first formulate the problem mathematically and then detail the three main phases of VULCAN:
1) Environment Simulation, 2) Task Generation, and 3) Agent-Environment Interaction.

3.1 PROBLEM FORMULATION

Let 7 = {r,...,7,} be a set of tool specifications related to a domain D, where each tool specifi-
cation defines a distinct functionality, including implicit or explicit operational rules, and some tools
may perform read and write operations over shared variables. We formally define a simulator as a tu-
ple S = (T,X,Z,0,A), where T is the set of tool specifications, X is the environment state space,
7 is the space of tool input arguments, O is the space of tool outputs, and A : X X T xZ = X' x O
is the transition function. Starting from an initial state 29 € X, at each step k, a tool 7, € T is exe-
cuted with input i;, € Z. The transition function A dictates how the environment evolves, producing
a new state and output (z**1, 0;). A trajectory 7 = {(2*, 7%, ix, ox) }7L, is considered valid if all



Under review as a paper at DATA-FM workshop @ ICLR 2026

tool calls adhere to their specifications and the transition function correctly implements the domain
logic. When X is empty and tools operate independently, the simulator is defined as stateless; when
X is non-empty and tools modify shared variables, the simulator is defined as stateful. The objec-
tive of VULCAN is to automatically synthesize the transition function A and the state space X to
generate large sets of deterministic, diverse, and logically consistent trajectories 7 for agent training.

3.2 VULCAN OVERVIEW FRAMEWORK

Agentic frameworks rely on two core components: an executable environment that supports inter-
action and a fask configuration that defines the goal. VULCAN automates the creation of both.
It builds a reliable, executable environment from a given set of tool specifications and utilizes a
graph-based formulation to model tool dependencies, constructing multi-step tasks that reflect real-
world operational logic. The framework consists of three phases: 1) environment simulation, 2) task
generation via dependency graphs, and 3) agent interaction within the simulated environment.

3.2.1 PHASE 1: ENVIRONMENT SIMULATION

In the first phase, we construct a deterministic and executable environment. This process effectively
learns the implementation of the transition function A and defines the state space X.

Stateless environment. To build a stateless environment, where X = (), we proceed in four steps:

1. Tool specification refinement. An LLM verifies the correctness of each tool specifica-
tion 7 € 7T, refining descriptions where necessary. A second LLM augments the schema
with a structured response section if one is missing, ensuring that the output space O is
deterministic.

2. Code generation and verification. Based on the refined specifications, an LLM generates
Python code for each tool. During this step, the LLM analyzes the tool’s logic to deter-
mine if persistent storage is required (e.g., a save function implies a write operation). If
required, it injects a data field into the input arguments inside the code. A verifier LLM
then evaluates the code against three criteria: 1) executability, 2) correct argument usage,
and 3) compliance with the abstract base class.

3. Mock data generation. To ensure scalability and robustness, we do not rely on a sin-
gle monolithic database. Instead, an LLM generates n buckets of mock data. Each
buckets contains a set of input arguments Z,,,.; and, if required, a small, isolated
database instance. This allows us to simulate diverse tool behaviors across different con-
texts without manual intervention.

4. Code validation via forward-backward loop. To ensure the implemented A is correct,
we employ a forward-backward validation loop. In the forward pass, tools are executed on
the generated mock inputs. In the backward pass, an LLM compares the actual execution
outputs, or error traces, against the expected behavior defined in the tool specifications. If
inconsistencies are found, the LLM revises the code implementation. This cycle repeats
until the tool passes validation, systematically improving the environment reliability.

Stateful environment. Real-world tasks often require chains of tool calls where one action modi-
fies the environment for the next. To support this, we extend our framework to stateful environments.
‘We build this environment through the following steps:

1. Code generation. In the stateless phase, tools may have operated on isolated data dic-
tionaries. To create a unified state space X', we merge these tool-specific dictionaries into
a single shared schema. An LLM then generates a main environment class containing the
shared state X' and method definitions for every tool 7 € T that operates on it.

2. Generation of diverse initial states and inputs. Once the class is defined, an LLM gen-
erates a diverse set of initial states {z9, ..., 29 } representing different starting conditions
(e.g., different user profiles or account balances). Finally, another LLM generates a com-
prehensive range of valid and invalid input arguments to vigorously test the environment’s
transition logic.
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3.2.2 PHASE 2: TASK CONFIGURATION AND GROUND TRUTH GENERATION

With the simulated environment S established, the next phase constructs comprehensive task con-
figurations. In addition to the user query, this phase automatically generates a ground truth scenario
used to evaluate the agent’s solution. If the scenario is normal (solvable), the ground truth consists
of the ordered list of tool calls required to achieve the goal. If the scenario is abnormal (e.g., missing
tools, insufficient arguments, or invalid logic), the ground truth consists of the expected behavioral
explanation (e.g., clarifying why the request cannot be fulfilled). This duality ensures the agent is
evaluated not just on tool execution, but on its ability to correctly address diverse user intents. We
categorize tasks into single-turn and multi-turn user queries.

Single-Turn Tasks. In single-turn scenarios, the agent faces the challenge of correctly mapping a
user’s intent to a single specific tool or detecting if the request cannot be fulfilled. The generated
queries are designed to rigorously test fool selection accuracy, identification of missing functions
(where the user asks for a capability not present in 7"), and detection of missing arguments (Where
the user’s request provides insufficient information to execute the tool). We classify these tasks into:

1. Simple: The task requires exactly one tool call where all arguments are present.
2. Multiple: The task requires calling the same tool multiple times with different arguments.

3. Independent Parallel: The task requires multiple different tools, but their execution is
parallelizable.

Multi-Turn Tasks. In contrast, multi-turn tasks require a sequence of dependent tool calls, where
the output of step k (ox) is a prerequisite for the input of step k¥ + 1 (ix+1). To generate these
scenarios without human intervention, we propose a graph-based constructive approach:

1. Dependency graph construction. We construct the dependency graph by systematically
analyzing tool pairs. Given any pair of tool specifications (7;,7;), an LLM identifies the
nature of their relationship. We define an explicit dependency when the output of 7; directly
serves as a required input for ;. Conversely, an implicit dependency occurs when there is
a logical prerequisite requiring 7; to execute before 7; to establish a necessary system state,
even if no direct data transfer occurs. It is also possible that no dependency exists between
a pair, in which case no edge is established. This pairwise analysis is applied across all
combinations in 7 to build a directed graph where nodes represent tools and directed edges
represent these validated dependencies.

2. chain synthesis. We traverse this graph to identify valid subgraphs (paths) that represent
coherent workflows. By merging multiple subgraphs, we can generate complex, multi-step
sequences of arbitrary length, where each subgraph represents a user query.

3. Declarative query generation. An LLM synthesizes a distinct natural language user
query for each constituent subgraph within the synthesized sequence. These queries are
interlinked and presented sequentially, creating a coherent multi-turn dialogue where the
successful resolution of one query establishes the necessary context or state for the next.
Crucially, these queries are formatted as declarative goals rather than imperative instruc-
tions: they state the user’s high-level objective (the “what”) without revealing the specific
procedural steps (the “how”). The agent is thus required to infer the correct chain of tool ex-
ecutions to satisfy the user’s intent, mirroring real-world problem-solving dynamics where
users often lack technical knowledge of the underlying system.

This approach ensures that every generated task is solvable by design and grounded in the actual
topology of the toolset, mitigating the hallucination risks inherent in open-ended user simulation.

3.2.3 PHASE 3: AGENT-ENVIRONMENT INTERACTION

In the final phase, we collect the actual agentic experience. First, the simulated environment & is ini-
tialized with a generated initial state 2°, establishing a specific starting condition for the interaction.
An LLM-based agent is then instantiated with a generated user query and the list of available tools.
The agent attempts to solve the task by interacting with this initialized environment. Because the
environment is fully executable, every tool call returns real feedback (outputs oy or error messages)
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Figure 2: Left: Convergence behavior of the forward—backward validation process, showing the
number of iterations until stabilization of generated tool implementations and inputs across 1,410
BFCL tools. Right: Embedding visualization of samples generated for four representative tools,
illustrating the diversity of input instances produced for each tool.

that the agent uses to guide subsequent actions. Upon task completion, a verification LLM compares
the agent’s final result against the ground-truth answer derived from the task generation phase. Only
trajectories 7 that are successfully solved and verified are retained. This automated pipeline allows
for the scalable collection of high-quality training data without manual annotation.

4 CASE STUDY: BFCL BENCHMARK

We evaluate VULCAN on the Berkeley Function Calling Leaderboard (BFCL) benchmark to
demonstrate its ability to construct executable tool environments and generate agentic interaction
data under both stateless and stateful settings. We extract all tool specifications from BFCL-v3,
which contains 1,410 unique tools. These tools fall into two distinct categories. The first category
consists of tools provided only as specifications without executable implementations; these are pri-
marily used to evaluate an agent’s tool-selection capability. The second category comprises eight
fully implemented environments where tool executions explicitly modify the underlying state: ve-
hicle control (22 tools), file system (18 tools), math (17 tools), messaging (10 tools), posting (14
tools), ticketing (9 tools), trading (20 tools), and travel booking (18 tools).

For the stateless setting, we synthesize executable environments for the tools that lack implementa-
tions. For the stateful setting, we discard the original code and reconstruct each environment solely
from the corresponding tool specifications to demonstrate VULCAN’s synthesis capabilities. Refer
to Appendix [A]for additional details on the benchmark.

4.1 STATELESS ENVIRONMENT SIMULATION AND TASK GENERATION

BFCL contains 1,288 tools without executable implementations. We simulate these tools and gen-
erate agentic tasks through a four-stage pipeline.

Stage 1: Specification normalization and code synthesis. An LLM first normalizes all tool spec-
ifications. Our analysis indicates that 8% of the tools contain ambiguous or underspecified descrip-
tions. After refinement, another LLM generates a response schema for each tool to explicitly define
the output structure if needed. Based on this schema and a predefined abstract interface, an LLM
synthesizes a Python class for each tool. Each class exposes two methods: invoke, which imple-
ments the tool logic, and info, which returns the tool schema. All generated code is iteratively
verified to ensure (i) executability, (ii) complete usage of all input arguments, and (iii) conformance
to the abstract interface. We observed that different coding models exhibit varying tendencies re-
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garding database integration: specifically, o4-mini integrated an extra database for 44.5% of the
tools, whereas gpt—4 . 1 considered a database necessary for 85.2% of the tools.

Stage 2: Input and database synthesis. For each tool, we generate 10 candidate values per input
argument and, when required, a lightweight mock database as a bucket. This process is repeated
for 15 iterations to promote diversity (see Figure [2] Right). All generated artifacts must conform to
a strict dictionary schema; invalid outputs trigger automatic regeneration. For tools without input
arguments, no database or sample pool is created.

Stage 3: Execution-based validation. All tools are executed on the synthesized inputs within a se-
cure Python exec environment, and their outputs are recorded. We randomly sample 30 executions
per tool for verification. We define four failure modes: execution timeouts, logical inconsistencies
in outputs, malformed inputs or database states, and runtime errors. When a failure is detected, a
verifier model revises the implementation, and the validation loop repeats until all constraints are
met. Figure 2| shows that over 64% of the synthesized tools satisfy all executability and validation
criteria within eight iterations.

Stage 4: Input stratification and task construction. We systematically partition tool inputs into
three categories using a rule-based approach that inspects the required and optional arguments de-
fined in each tool’s schema. The categories are: (i) complete inputs, where all arguments are
provided (50% ratio); (ii) missing required inputs, generated by programmatically identifying and
removing at least one required argument (20% ratio); and (iii) minimal inputs, where only the
strictly required arguments are retained (30% ratio). This deterministic stratification enables the
systematic generation of diverse user behaviors, including ambiguous or incomplete requests that
challenge an agent’s error-handling capabilities. Finally, we combine these stratified inputs with
personas sampled from PersonaHub (Ge et al.,|2024)) to construct rich, realistic user scenarios.

4.2 STATEFUL ENVIRONMENT SIMULATION AND TASK GENERATION

BFCL includes eight environments with shared state dynamics. We reconstruct each environment
using only the tool specifications.

Stage 1: Environment synthesis. We first infer implicit operational constraints from the tool spec-
ifications using an LLM. Conditioned on these constraints, an LLM synthesizes Python implemen-
tations for each tool. A second LLM composes these implementations into a unified environment
class that maintains a shared state dictionary and exposes each tool as a state-modifying method.

Stage 2: Environment verification. We adopt a forward—backward validation procedure. We
generate a set of seed tasks that collectively exercise all tools and allow an agent to execute them
in the simulated environment. The resulting trajectories are inspected by a verifier agent, which
reports violations of tool semantics or state transitions. These reports are aggregated to iteratively
revise the environment. We observed that all eight environments were successfully validated within
three iterations, with no residual issues.

Stage 3: Initial state synthesis. After validation, an LLM generates a diverse pool of initial states
for each environment. Tool inputs are then sampled conditionally on these states to ensure coher-
ence.

Stage 4: Dependency graph construction. For each environment, we construct a tool dependency
graph where nodes correspond to tools and edges encode implicit, explicit, or null relationships (as
explained in Section [3.2.2)). We establish specific criteria to define a valid tool sequence. First, we
extract candidate subgraphs that are connected, acyclic, and possess a single terminal node, with
a maximum size of five tools. These subgraphs serve as the fundamental building blocks for our
tasks. We then compose them into multi-turn sequences ranging from 2 to 4 steps based on strict
connectivity rules. Specifically, two subgraphs are linked only if the terminal node of the preceding
subgraph has a dependency on the root node of the succeeding subgraph. To ensure a linear and non-
redundant flow, we mandate that the overall sequence remains acyclic and that any subgraph already
acting as a parent is excluded from forming additional connections within the same chain. This
results in a curated pool of sequences where each constituent step represents a distinct functional
unit of up to five tools.
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Table 2: Comparison of BFCL benchmark performance between the VULCAN-fine-tuned model
and the baseline model.

Model Overall Single Turn Multi Turn Hallucination
Non-live (AST)  Live (AST) Irrelevance
o4-mini 48.19 81.29 70.76 16.62 87.25
GPT-4.1 59.32 82.79 69.95 38.88 86.52
GPT-5 52.67 81.85 70.39 28.12 79.42
Claude-Opus-4.5 50.84 89.65 76.02 16.21 90.75
Gemini-2.5-Flash 51.26 88.08 78.16 16.75 91.09
Phi4-14B 38.24 69.56 60.70 3.88 87.55
with VULCAN-ST ~ 49.97+!173 84.04 73.87 21.25 78.21
with VULCAN-MT  50.47+'%2 84.35 76.09 22.37 75.26

Stage 5: Multi-turn task generation. Given a valid tool sequence and state-consistent inputs, an
LLM generates a multi-turn user query. Due to the structural dependencies between the subgraphs
in a sequence, the generated user queries are contextually relevant and inter-dependent, forming a
coherent multi-turn dialogue.

4.3 AGENT-ENVIRONMENT INTERACTION

An agent executes the generated query in the simulated environment, yielding agentic interaction
trajectories. We evaluate both single-turn and multi-turn tasks against the ground truth scenarios.
For multi-turn tasks specifically, if the agent fails to solve the task, we re-run the agent in a loop up
to 7 times until a successful trajectory is retrieved or the limit is reached.

4 . 4 DATA A NALYSIS VULCAN-MT Dataset VULCAN-ST Dataset

To generate data with VULCAN, we uti-
lized o4-mini for the stateless settings and
GPT-4.1|Achiam et al.|(2023) for the stateful
settings. Table [5]in Appendix [C] reports statis-
tics on the number of generated input—output
samples per tool, demonstrating the scalability
of VULCAN. In this work, we introduce two VULEAN-MT Turns Distibur
datasets: VULCAN-ST and VULCAN-MT, e | o
constructed based on the stateless and stateful

settings, respectively. Figure [3] details the dis-

tribution of user queries across environments ..,

and the corresponding assistant turn counts that |

compose these datasets. " a II nnnnn
ob— n
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Figure 3: Up: Dataset composition of VULCAN-

MT across domains (left) and category distribu-
tion of VULCAN-ST tasks (right). Down: Dis-
vised fine-tuning (SFT) on Phi4—14B using tribution of assistant turns for VULCAN-MT and

our synthesized datasets. We compare the re- Y ULCAN-ST in collected agntic data.
sulting fine-tuned models against a set of frontier models and the base instruct model across multiple
scenarios within the Berkeley Function Calling Leaderboard (BFCL).

In this section, we empirically evaluate the ef-
fectiveness of VULCAN by performing super-

5.1 EXPERIMENT SETUP

Model and Baseline Setup. To assess the efficacy of our data synthesis framework, we fine-tune
Phi4-14B on data generated via VULCAN. We utilize two distinct datasets: VULCAN-ST, com-



Under review as a paper at DATA-FM workshop @ ICLR 2026

Gorilla File System Vehicle Control Trading Bot Travel Booking
Generated (5051) 0.4 Generated (6754) 0.4 Generated (5373) Generated (8546)
0.4 BFCL (50) * BFCL (50) % BFCL (50) 0.4 * BFCL (50)
e 0.2 ! 021 .
¥ o3
0.2 T, e X 0.2
~ ~ 0.0 o ~ 0.0 ~ X
3] ol o o o w *
£ 00 & ! #:1 a S o0 % M %
-0.2 il ~0.2 ’ *ﬁfz %
*
-0.2 L™ 0.2 ke gt o
-0.4 A -
. -0.4 0 A
-0.4 0.4
-02 00 02 04 -0.25 0.00 025 0.50 -0.4 -02 00 02 04 " -04 -02 00 02 04
PC1 PC1 PC1 PC1

Figure 4: Comparison of embedding distributions for multi-turn user queries from BFCL and those
generated by VULCAN across different domains.

prising single-turn interactions derived from stateless environments, and VULCAN-MT, compris-
ing multi-turn interaction trajectories from stateful environments. Detailed fine-tuning hyperparam-
eters and configurations are provided in Appendix [B] We benchmark our fine-tuned models against
a diverse set of frontier models to evaluate performance across varying scales and capabilities, in-

cluding 04-mini, GPT-4. 1, GPT-5Anthropic| (2025), Claude-Opus—4. 5[Anthropic| (2025),

and Gemini-2.5-Flash|/Comanici et al.|(2025).

Benchmark. Evaluations are conducted on BFCL-v3, a standard benchmark for tool-using agents,
adhering to the official evaluation protocol. All training and evaluation experiments are executed on
a cluster of two nodes, each equipped with 8 x NVIDIA H100 GPUs.

5.2 EXPERIMENTAL RESULTS

VULCAN significantly enhances tool-use capabilities. As presented in Table[2] the Phi4-14B
model fine-tuned on VULCAN data outperforms the instruction-tuned baseline by 12.23% on the
aggregate BFCL metric. Notably, our fine-tuned model surpasses o4-mini and achieves per-
formance parity with Claude-Opus—4.5, underscoring the high quality of the synthetic train-
ing data. Furthermore, in complex multi-turn scenarios, it outperforms Gemini-2.5-Flash by
5.62%, demonstrating robust sequential reasoning capabilities. Refer to Appendix for illustrative
samples.

Stateful environments demonstrate superior sample efficiency. We analyze the impact of envi-
ronment type on data efficiency. VULCAN-MT originates from only 129 tools, whereas VULCAN-
ST covers 1, 288. Despite this lower tool diversity, VULCAN-MT achieves comparable fine-tuning
performance to VULCAN-ST (Table [2). Crucially, matching this performance in the stateless set-
ting requires approximately 4x the volume of training data, proving that stateful, multi-turn trajec-

tories provide a significantly more efficient training signal. 100

mmm SQ-Multi-Steps

Multi-turn decomposition improves performance on g 80 ™= MQ-Multi-Steps 74.2 75.2
complex tasks. We compared agents trained on 20K <

single-turn queries (requiring up to eight tool calls) g 607

against agents trained on the same tasks decomposed into @ 40

2-4 shorter turns (max three calls per turn). Figure 5] 3 0

shows that the multi-turn approach yields superior results, g 20{ 16.4 211

suggesting that distributing complex goals across sequen- -.
tial interactions reduces the per-step reasoning burden and -
MT Acc ST Acc

enhances generalization.

Figure 5: Performance comparison on
Synthesized queries exhibit strong semantic alignment single-query (SQ) multi-step tasks and
with human-curated data. To validate the realism of multi-turn query (MQ) multi-step tasks.
our generated tasks, we utilize the BFCL dataset as a
human-verified reference distribution. We conduct a comparative analysis on a set of 200 multi-
turn tasks selected from four representative environments as shown in Figure ] We compute
high-dimensional vector representations for both the BFCL reference queries and the VULCAN-
generated queries using the text-embedding-3-large model. Subsequently, we apply Prin-
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Figure 6: Comparison of judgment scores for trajectories generated in stateful environments.

cipal Component Analysis (PCA) to project these embeddings into a two-dimensional
latent space for visualization. As illustrated in Figure [ there is a substantial distributional over-
lap between the synthetic and human-curated clusters, confirming that VULCAN synthesizes user
scenarios that maintain high semantic fidelity to realistic benchmarks.

Failure analysis reveals challenges Error Category Distribution — Score Distribution :
in long-horizon planning. We
conduct a rigorous failure anal-
ysis using an LLM-as-a-judge
framework. In stateful multi-turn
scenarios, where tasks are attempted
up to seven times, we observe that
even frontier models struggle with
highly dynamic environments such as e S
Travel Booking; in this domain, more ~ ° ¢ e g e zsiee i 00 T fgmentteore 0"
than half of the task scores fall below

the overall distribution mean (see Figure 7: Left: Distribution of error types for trajectories
Figure |§[) For stateless scenarios, we generated in stateless environments. Right: Judgment score
categorize errors as summarized in distribution for those trajectories.

Table[6]in Appendix[C} As illustrated

in Figure [7] the predominant failure mode is incorrect tool invocation, followed by violations of
ground-truth constraints, suggesting that while VULCAN improves general capability, precise
adherence to complex constraints remains a critical area for future optimization.
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g
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6 CONCLUSION

In this paper, we introduced VULCAN, a scalable framework for automatically synthesizing ex-
ecutable, state-aware environments from static tool specifications. Beyond simulation, VULCAN
employs a graph-based approach to generate diverse, multi-turn user tasks that capture realistic de-
pendencies. Our evaluation on the BFCL benchmark confirms the reliability of these synthesized
environments and demonstrates that supervised fine-tuning on VULCAN-generated data yields sub-
stantial performance gains over strong baselines. Notably, our results highlight the superior sample
efficiency of learning from stateful, multi-turn trajectories compared to stateless interactions. Con-
sequently, VULCAN offers a vital solution for training robust agentic systems in domains where
access to real-world environments is limited, costly, or restricted by privacy concerns.

Limitations and Future Works. Although VULCAN overcomes key limitations in simulating
agentic environments, several promising research directions remain. In this work, we assume that
simulated environments are independent; however, many real-world tasks require agents to coor-
dinate actions across multiple environments. Extending VULCAN to support cross-environment
execution and reasoning is a natural direction for future work. In addition, recent studies have
demonstrated the effectiveness of reinforcement learning for improving tool-use capabilities
et al.l 2025} [Tan et al.| 2025). While we show that the environments constructed by VULCAN are
executable, deterministic, and reliable, we focus exclusively on supervised data generation and fine-
tuning. We leave the integration of reinforcement learning methods for optimizing agent behavior
within simulated environments to future exploration.
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APPENDIX

A MORE DETAILS ON BFCL BENCHMARK

In this section, we provide an overview of the BFCL benchmark and its evaluation settings. BFCL
consists of multiple tool-use evaluation scenarios, including Single-Turn, Hallucination, and Multi-
Turn setups. The latest version of BFCL introduces two additional categories; however, we exclude
them from our experiments as they are not aligned with the scope of this work.

Single Turn. In this setting evaluates one-turn user queries across multiple scenarios. It includes
four subcategories: simple, multiple, parallel, and composed. In all scenarios, only a list of tool
specifications is provided to the agent. The model is required to select the appropriate tool and
generate the corresponding input arguments in the correct format. No tool execution is performed,
as the benchmark does not include tool implementations. Instead, BFCL evaluates predictions by
comparing the tool name and arguments using abstract syntax tree (AST) matching.

Hallucination. This setting is designed to assess whether an agent correctly refrains from calling
tools when insufficient knowledge is available. In these scenarios, the expected behavior is to explain
why no tool call can be made. BFCL previously included a known Relevance category within
this setting; however, this category has been removed from the official evaluation and is therefore
excluded from our experiments.

Multi-Turn. This setting evaluates agents in interactive, executable environments. BFCL defines
eight multi-turn environments, each consisting of a set of tools and state transitions. These environ-
ments require agents to reason across multiple turns and execute tool calls sequentially. Table [3the
number of tools and key characteristics of each environment.

Table 3: Summary of BFCL environments and the number of tools available in each environment.

Environment Description # Tools

Gorilla File System  Simulates a Unix-like file system environment enabling file manipulation, 18
navigation, and inspection operations.

Math API Provides mathematical and statistical computation utilities including 17
arithmetic, aggregation, and unit conversion operations.

Message API Simulates a messaging platform that supports communication, user man- 10
agement, and message retrieval workflows.

Posting API Represents a social media posting environment supporting content cre- 14
ation, interaction, and user engagement operations.

Ticket API Models a ticketing and issue-tracking system for creating, managing, and 9
resolving service requests.

Trading Bot Simulates a financial trading platform supporting portfolio management, 22
market interaction, and transaction execution.

Travel Booking Represents a travel planning and booking system with capabilities for 17
reservations, payments, and itinerary management.

Vehicle Control Simulates vehicle operation and diagnostics, enabling interaction with 22
driving, navigation, and system control functionalities.

B FINE-TUNING HYPERPARAMETERS

We fine-tune the Phi4-14B model using VULCAN on two nodes of a supercomputing cluster
equipped with NVIDIA H100 GPUs. The fine-tuning hyperparameters are reported in Table [4]

14
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Table 4: Fine-tuning hyperparameters used for Phi4-14B.

Hyper-parameter Value
Learning Rate 1x10°6
Number of Steps 1000
Number of Devices 16
Total Batch Size 64
Optimizer AdamW
Learning Rate Scheduler  cosine
Max Sequence Length 16384

Table 6: Definition of error categories used to evaluate tool-calling agent behavior.

Error Category Description

Missing Required Tool Call A required tool was never called and no valid reason was provided.

Unexpected Tool Call A tool was invoked when it should not have been (e.g., missing-arguments
scenario).

Wrong Order Tools were called in an incorrect sequence.

Failed Expected Explanation The agent failed to explain missing or ambiguous arguments.

Plan Violation The agent ignored the intended plan or a no-tool-call directive.

Wrong Tool Choice The agent selected an incorrect tool relative to the user’s intent.

Argument Missing User Intent ~ Tool arguments did not align with the user’s request or context.

Missing Required Parameter A required tool argument was omitted.

Fabricated Value A parameter value was invented without justification from the input.
Failed to Recover The agent did not retry or correct a previously failed call.

Misused Tool Result The agent contradicted or misinterpreted the tool output.

Fabricated After Error The agent generated fabricated data following an error or null result.
Ignored Tool Results The agent ignored the tool output entirely.

Missing Expected Output The tool output was empty or null despite examples indicating a non-

empty result.

C MORE DETAILS ON VULCAN

In this section, we present the error categories used to evaluate
single-turn tasks in Table [f} We also introduce the scoring rubric
in Table [7) for multi-turn tasks, specifying the precise criteria asso-
ciated with each judgment score.

We also present the statistics for input-output pairs generated by
o4-mini and GPT-4.1 in Table[5] Although VULCAN datasets
are derived from random sampling of these pairs, the results ex-
emplify VULCAN’s capacity to synthesize an arbitrary volume of
diverse tool-calling scenarios, thereby demonstrating the inherent
scalability of the framework.

15

Table 5: Descriptive statistics.

Stat o4-mini GPT-4.1
Min 2 4
Max 5,500 30,000
Median 550 1,000
Mean 692.27 2,018.27
Total 971,260 2,849,799




Under review as a paper at DATA-FM workshop @ ICLR 2026

Table 7: Evaluation outcome scoring guidelines for assessing agent performance.

Score Guidance Description

9-10  Fully correct execution with proper tool usage, correct tool-call formatting, no unneces-
sary loops, and an accurate final summary.

7-8  Mostly correct execution with only minor inefficiencies or clarity issues.

4-6  Partially solved task with significant mistakes, omissions, or misuse of tools.

1-3  Task failed; major goals unmet, critical tool issues (including formatting), or incorrect
or missing tool usage.

D EXAMPLES

In this section, we present several examples of trajectories produced by the VULCAN method in
both stateful and stateless settings.

D.1 TICKET MANAGEMENT ENVIRONMENT: SUCCESSFUL TRAJECTORY

"role": "system",
"content": "You are a helpful assistant that can answer questions and
— provide information based on the provided context. ... list of

— tools "

"role": "user",
"content": "Open a new bug titled \"Bug: UI not responsive\" with
— priority 2."},

"role": "assistant",

"content": "<tool_call>{\"name\": \"create_ticket\", \"arguments\":
— {\"title\": \"Bug: UI not responsive\", \"priority\":

— 2}}</tool_call>"},

"role": "user",

"content": "<tool_response>{\"name\": \"create_ticket\", \"results\":
— {\"id\": 3, \"title\": \"Bug: UI not responsive\",

— \"description\": \"\", \"status\": \"Open\", \"priority\":

— 2}}</tool_response>"},

"role": "assistant",

"content": "A new bug ticket titled \"Bug: UI not responsive\" has
— been created with priority 2. If you need to add more details or
— make changes, let me know!"},

"role": "user",
"content": "On my account, update the first ticket in my list by
« adding a brief note that says \"value\"."},

"role": "assistant",
"content": "<tool_call>{\"name\": \"get_user_tickets\",
— \"arguments\": {}}</tool_call>"},
{
"role": "user",
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"content": "<tool_response>{\"name\": \"get_user_tickets\",
\"results\": {\"tickets\": [{\"id\": 1, \"title\": \"Task: Create
performance benchmarks\", \"description\": \"Set up benchmarks to
measure system performance under load.\", \"status\": \"Open\",
\"priority\": 5, \"created_by\": \"rachel\"}, {\"id\": 2,
\"title\": \"Bug: Ticket activity log incomplete\",
\"description\": \"Some actions do not appear in the ticket
activity log.\", \"status\": \"Open\", \"priority\": 4,
\"created_by\": \"rachel\"}, {\"id\": 3, \"title\": \"Bug: UI not
responsive\", \"description\": \"\", \"status\": \"Open\",
\"priority\": 2, \"created_by\": \"rachel\"}], \"count\": 3,
\"status_filter_applied\": false}}</tool_response>"},

A A

"role": "assistant",

"content": "<tool_call>{\"name\": \"edit_ticket\", \"arguments\":
—  {\"ticket_id\": 1, \"updates\": {\"description\": \"Set up

— benchmarks to measure system performance under load.

— value\"}}}</tool_call>"},

"role": "user",
"content": "<tool_response>{\"name\": \"edit_ticket\", \"results\":
— {\"status\": \"success: updated fields [description] for ticket 1

— via key:1.\"}}</tool_response>"},

"role": "assistant",

"content": "The first ticket in your list has been updated with the
— note \"value\" added to its description. If you need any more
— changes or want to view the updated ticket, let me know!"},

"role": "user",
"content": "Mark my ticket #2 as resolved."},
{
"role": "assistant",
"content": "<tool_call>{\"name\": \"resolve_ticket\", \"arguments\":

—  {\"ticket_id\": 2, \"resolution\": \"Resolved as requested by the
« user.\"}}</tool_call>"},

"role": "user",
"content": "<tool_response>{\"name\": \"resolve_ticket\",
« \"results\": {\"status\": \"Resolved\"}}</tool_response>"},

"role": "assistant",

"content": "Your ticket #2 has been marked as resolved. If you need
— to review the resolution or make further updates, Jjust let me
— know!"

D.2 TICKET MANAGEMENT ENVIRONMENT: FAILED TRAJECTORY

The assistant successfully closed ticket #2 and logged the user out, but failed to complete the multi-
step ticket management request. Although it attempted to create a new ticket with priority 10, it
encountered an invalid priority error and failed to recover, leaving the subsequent update and search
tasks unexecuted.

"role": "systenm",
"content": "You are a helpful assistant that can answer questions and
— provide information based on the provided context. ... list of

— tools ... "

"role": "user",
"content": "Close my ticket #2 about the file upload failure."
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"role": "assistant",
"content": "<tool_call>{\"name\": \"close_ticket\", \"arguments\":
—  {\"ticket_id\": 2}}</tool_call>"

"role": "user",
"content": "<tool_response>{\"name\": \"close_ticket\", \"results\":
— {\"status\": \"Success: Ticket 2 closed.\"}}</tool_response>"

"role": "assistant",

"content": "Your ticket #2 regarding the file upload failure has been
— successfully closed. If you need any further assistance, please
— let me know!"

"role": "user",

"content": "Create a new urgent ticket titled \"Urgent: Data loss\"
with the description \"Lost data after update\" and priority 10,
set my \"File upload failure\" ticket to In Progress with
priority 5, and show me my tickets that are in the same status as
the new one."

Feetd

"role": "assistant",

"content": "<tool_call>{\"name\": \"create_ticket\", \"arguments\":
— {\"title\": \"Urgent: Data loss\", \"description\": \"Lost data
after update\", \"priority\":
10}}</tool_call><tool_call>{\"name\": \"edit_ticket\",
\"arguments\": {\"ticket_id\": 2, \"updates\": {\"status\": \"In
Progress\", \"priority\": 5}}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"create_ticket\", \"results\":
— {\"error\": \"Invalid priority: must be an integer between 1 and
— 5, where 5 is the highest

— priority.\"}}</tool_response><tool_response>{\"name\":

— \"edit_ticket\", \"results\": {\"status\": \"success: updated

— fields [status, priority] for ticket 2 via

«— key:2.\"}}</tool_response>"

"role": "assistant",

"content": "The priority for tickets must be an integer between 1 and
5 (with 5 being the highest). Would you like to set the priority
for your \"Urgent: Data loss\" ticket to 5
instead?\n\nAdditionally, your \"File upload failure\" ticket has
been updated to \"In Progress\" with priority 5. Once you confirm
the priority for your new ticket, I will proceed to show you
tickets that match its status."

rereeid

"role": "user",

"content": "Sign me out of my account."

"role": "assistant",

"content": "<tool_call>{\"name\": \"logout\", \"arguments\":

—  {}}</tool_call>"

"role": "user",
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972
"content": "<tool_response>{\"name\": \"logout\", \"results\":
73 — {\"success\": true}}</tool_response>"
974 )},
975
976 "role": "assistant",
977 "content": "You have been signed out of your account. If you need
«— further assistance, feel free to let me know!"
978 }
979 ]
980
981
982
983
084 D.3 TRAVEL BOOKING ENVIRONMENT: SUCCESSFUL TRAJECTORY
985
986 [ (
987 "role": "system",
988 "content": "You are a helpful assistant that can answer questions and
989 — provide information based on the provided context. ... list of
990 — tools ... "
by
991
{
992 "role": "user",
993 "content": "Can you confirm that Im currently logged in to my travel
994 — account?"
b
995
{
996 "role": "assistant",
997 "content": "<tool_call>{\"name\": \"travel_get_login_status\",
998 — \"arguments\": {}}</tool_call>"
by
999
{
1000 llrole": "userll’
1001 "content": "<tool_response>{\"name\": \"travel_get_login_status\",
1002 — \"results\": {\"status\": true}}</tool_response>"
1003 by
{
1004 "role": "assistant",
1005 "content": "Yes, you are currently logged in to your travel account.
1006 — How can I assist you further?"
1007 b
{
oos "role": "user",
1009 "content": "For my current fiscal-year travel planning, whats the
1010 — nearest airport code if Im in Los Angeles?"
1011 by
{
1212 "role": "assistant",
"content": "<tool_call>{\"name\": \"get_nearest_airport_by_city\",
1014 — \"arguments\": {\"location\": \"Los Angeles\"}}</tool_call>"
1015 b
1016
1017 "role": "user",
"content": "<tool_response>{\"name\":
1018 — \"get_nearest_airport_by_city\", \"results\":
1019 — {\"nearest_airport\": \"LAX\"}}</tool_response>"
1020 b
1021 {
"role": "assistant",
1022 "content": "The nearest airport code to Los Angeles is LAX. If you
1023 — need further travel planning assistance, let me know!"
1024 b
1025
"role": "user",

19



Under review as a paper at DATA-FM workshop @ ICLR 2026

"content": "Im planning a business-class trip from SFO to ORD on
— 2024-07-18what would it cost, and do I have enough available on
— my card ending in 5678 to cover it?"

"role": "assistant",

"content": "<tool_call>{\"name\": \"get_flight_cost\", \"arguments\":
—  {\"travel_from\": \"SFO\", \"travel_to\": \"ORD\",

— \"travel_date\": \"2024-07-18\", \"travel_ class\":

— \"business\"}}</tool_call><tool_call>{\"name\":

— \"get_all_credit_cards\", \"arguments\": {}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"get_flight_cost\",
\"results\": {\"travel_ cost_list\":
[1400.0]}}</tool_response><tool_response>{\"name\":
\"get_all_credit_cards\", \"results\": {\"credit_card_list\":
{\"987654321012\": {\"card_number\": \"5333778855442211\",
\"expiration_date\": \"11/2026\", \"cardholder_name\": \"Emily
Smith\", \"card_verification_value\": 2345, \"balance\":
27800.0}, \"456789123456\": {\"card_number\":
\"4000123412345678\", \"expiration_date\": \"09/2027\",
\"cardholder_name\": \"Michael Johnson\",
\"card_verification_value\": 987, \"balance\": 67420.0},
\"321098765432\": {\"card_number\": \"6011123412341234\",
\"expiration_date\": \"05/2028\", \"cardholder_name\": \"Anna
Lee\", \"card_verification_value\": 4321, \"balance\":
43000.0}}}}</tool_response>"

e

"role": "assistant",

"content": "The cost of a business-class flight from SFO to ORD on

— 2024-07-18 is $1,400. Your card ending in 5678 (balance: $67,420)
— has more than enough available to cover this expense. Let me know
— 1if you would like to proceed with booking!"

D.4 TRAVEL BOOKING ENVIRONMENT: FAILED TRAJECTORY

The assistant failed to execute the request to purchase travel insurance for booking #0000035. In-
stead of invoking the required authenticate_travel and purchase_insurance tools with
the provided payment details, the assistant halted the workflow to request raw authentication cre-
dentials (client ID, secret, token) directly from the user.

(

"role": "system",
"content": "You are a helpful assistant that can answer questions and
— provide information based on the provided context. ... list of

— tools ... "

"role": "user",
"content": "Im Chloe Adamswhats the price for a first-class flight
< from JFK to SFO on 2024/08/237?"

"role": "assistant",

"content": "<tool_call>{\"name\": \"get_flight_cost\", \"arguments\":
—  {\"travel_from\": \"JFK\", \"travel_to\": \"SFO\",

— \"travel_date\": \"2024-08-23\", \"travel_class\":

— \"first\"}}</tool_call>"
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"role": "user",
"content": "<tool_response>{\"name\": \"get_flight_cost\",
— A\"results\": {\"travel_cost_1list\": [2125.0]}}</tool_response>"

"role": "assistant",

"content": "The price for a first-class flight from JFK to SFO on
«— 2024/08/23 is $2,125. If you need help booking or want more
— options, let me know!"

"role": "user",
"content": "Please book me a premium seat from JFK to SFO on
— 2024-09-15 and charge my saved card."

"role": "assistant",

"content": "<tool_call>{\"name\": \"get_all_credit_cards\",

< \"arguments\": {}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"get_all_credit_cards\",

\"results\": {\"credit_card_list\": {\"987650123456\":
{\"card_number\": \"6011000990135678\", \"expiration_date\":
\"10/2029\", \"cardholder_name\": \"Chloe Adams\",
\"card_verification_value\": 678, \"balance\": 60980.0},
\"876540123456\": {\"card_number\": \"4012888888881245\",
\"expiration_date\": \"06/2028\", \"cardholder_name\": \"Jack
Stone\", \"card_verification_value\": 1245, \"balance\":
28790.0}}}}</tool_response>"

A

"role": "assistant",

"content": "I see you have a saved card ending in 5678 under your
name. Before booking your flight, could you confirm if you want
\"premium seat\" to mean \"first class\" or \"business class\"?
Please specify which class you'd like for your flight from JFK to
SFO on 2024-09-15."

e

"role": "user",

"content": "Show me all the credit cards saved on my account."
"role": "assistant",

"content": "You have the following credit cards saved on your

< account:\n\nl. Card ending in 5678\n — Card Number: 6011 0009
«— 9013 5678\n - Expiration Date: 10/2029\n - Cardholder Name:
< Chloe Adams\n - Balance: $60,980.00\n\n2. Card ending in 1245\n
< — Card Number: 4012 8888 8888 1245\n - Expiration Date:

— 06/2028\n — Cardholder Name: Jack Stone\n - Balance:

«— $28,790.00\n\nLet me know if you want to use a specific card for
— your booking or need more details!"

"role": "user",
"content": "Add travel insurance to booking 0000035 for $200 and
— charge my card ending 1245."

"role": "assistant",
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e "content": "To add travel insurance to booking 0000035 and charge
1135 — your card ending in 1245, I need to authenticate you first.

1136 < Please provide your client ID, client secret, and refresh token,
1137 — or let me know if you need help locating them."

1138 }
1139
1140
1141
1142
1143

1144 D.5 VEHICLE CONTROL ENVIRONMENT: SUCCESSFUL TRAJECTORY
1145

1146
1147 [ {
1148 "role": "system",
1149 "content": "You are a helpful assistant that can answer questions and
1150 — provide information based on the provided context. ... list of
1151 } - tools ... "
1152 !
{
1153 "role": "user",
1154 "content": "Make the car ready to roll with the parking brake off and
1155 — the tire pressures confirmed."
1156 1’
1157 "role": "assistant",
1158 "content": "<tool_call>{\"name\": \"activateParkingBrake\",
1159 — \"arguments\": {\"mode\":
1160 < \"release\"}}</tool_call><tool_call>{\"name\":
— \"check_tire_pressure\", \"arguments\": {}}</tool_call>"
1161 }
4
1162 {
1163 "role": "user",
1164 "content": "<tool_response>{\"name\": \"activateParkingBrake\",
1165 — \"results\": {\"parkingBrakeStatus\": \"released\",
— \"_parkingBrakeForce\": 0.0, \"_slopeAngle\":
1166 «— 0.0}}</tool_response><tool_response>{\"name\":
1167 — \"check_tire_pressure\", \"results\": {\"tirePressure\":
1168 — {\"frontLeftTirePressure\": 31.0, \"frontRightTirePressure\":
1169 — 33.0, \"rearLeftTirePressure\": 34.0, \"rearRightTirePressure\":
1170 « 32.5, \"healthy_tire_pressure\": true, \"car_info\":
— {}}}}</tool_response>"
1171 },
1172
1173 "role": "assistant",
1174 "content": "The parking brake is released and all tire pressures are
— healthy. The car is ready to roll!"
1175 }
4
1176 {
1177 "role": "user",
1178 "content": "Im planning to go from Springfield to Chicagogive me the
1179 — driving distance and keep the engine off."
1180 %
{
1181 "role": "assistant",
1182 "content": "<tool_call>{\"name\": \"get_zipcode_based_on_city\",
1183 — \"arguments\": {\"city\":
— \"Springfield\"}}</tool_call><tool_call>{\"name\":
1184 — \"get_zipcode_based_on_city\", \"arguments\": {\"city\":
1185 < \"Chicago\"}}</tool_call>"
1186 b
1187

"role": "user",
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"content": "<tool_response>{\"name\": \"get_zipcode_based_on_city\",
— \"results\": {\"zipcode\":
— \"62701\"}}</tool_response><tool_response>{\"name\":
— \"get_zipcode_based_on_city\", \"results\": {\"zipcode\":
— \"60601\"}}</tool_response>"
I
{
"role": "assistant",
"content": "<tool_call>{\"name\": \"estimate_distance\",

—  \"arguments\": {\"cityA\": \"62701\", \"cityB\":
— \"60601\"}}</tool_call><tool_call>{\"name\": \"startEngine\",
— \"arguments\": {\"ignitionMode\": \"STOP\"}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"estimate_distance\",

— \"results\": {\"distance\":

< 321.868}}</tool_response><tool_response>{\"name\":

— \"startEngine\", \"results\": {\"engineState\": \"stopped\",

«— \"fuellLevel\": 7.6, \"batteryVoltage\": 12.9}}</tool_response>"

"role": "assistant",
"content": "The driving distance from Springfield to Chicago is
— approximately 322 km. The engine remains off as requested."

"role": "user",
"content": "Since Im not driving right now, set the car for staying
— parked and tell me the current fuel amount in liters."

"role": "assistant",
"content": "<tool_call>{\"name\": \"activateParkingBrake\",
— \"arguments\": {\"mode\":

— \"engage\"}}</tool_call><tool_call>{\"name\":
— \"gallon_to_liter\", \"arguments\": {\"gallon\":
— 7.6}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"activateParkingBrake\",
\"results\": {\"parkingBrakeStatus\": \"engaged\",
\"_parkingBrakeForce\": 5000.0, \"_slopeAngle\":

0.0} }</tool_response><tool_response>{\"name\":
\"gallon_to_liter\", \"results\": {\"liter\":
28.7691295584}}</tool_response>"

Lt

"role": "assistant",

"content": "The car is now set for staying parked with the parking
— brake engaged. The current fuel amount is approximately 28.77
— liters."

D.6 VEHICLE CONTROL ENVIRONMENT: FAILED TRAJECTORY

The assistant successfully secured the vehicle by engaging the parking brake and locking the doors.
However, it failed to fulfill the primary request to refuel. Although the assistant checked the fuel
level and verbally confirmed the intent to top off the tank, it neglected to execute the necessary
fillFuelTank tool call.
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"role": "systenm",
"content": "You are a helpful assistant that can answer questions and
— provide information based on the provided context. ... list of

— tools ... "

"role": "user",
"content": "Top off my fuel tank now and make sure the vehicle is
— safely secured while you do it."

"role": "assistant",

"content": "<tool_call>{\"name\": \"displayCarStatus\",

— \"arguments\": {\"option\":

— \"fuel\"}}</tool_call><tool_call>{\"name\":

— \"activateParkingBrake\", \"arguments\": {\"mode\":

— \"engage\"}}</tool_call><tool_call>{\"name\": \"lockDoors\",
— \"arguments\": {\"unlock\": false, \"door\": [\"driver\",

— \"passenger\", \"rear_left\", \"rear_right\"]}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"displayCarStatus\",

— \"results\": {\"status\": {\"fuellevell\":

— 32.0}}}</tool_response><tool_response>{\"name\":

«— \"activateParkingBrake\", \"results\": {\"parkingBrakeStatus\":
— \"engaged\", \"_parkingBrakeForce\": 5000.0, \"_slopeAngle\":
« 0.0}}</tool_response><tool_response>{\"name\": \"lockDoors\",
— \"results\": {\"lockStatus\": \"locked\",

« \"remainingUnlockedDoors\": 0}}</tool_response>"

"role": "assistant",

"content": "To top off your fuel tank, I see your current fuel level
— 1s 32.0 gallons (your tank holds up to 50 gallons). The vehicle
— 1s now safely secured with the parking brake engaged and all

— doors locked.\n\nI will now fill your tank with 18 gallons to

— reach full capacity."

"role": "user",

"content": "Before I drive from Carbondale to Springfield today, can
— you confirm my car is ready and that I have enough range for

— about 50 miles, taking into account the current weather and my
— tire pressures?"

"role": "assistant",

"content": "<tool_call>{\"name\": \"check_tire_pressure\",

— \"arguments\": {}}</tool_call><tool_call>{\"name\":

— \"get_outside_temperature_from_weather_com\", \"arguments\":
«  {}}</tool_call><tool_call>{\"name\":

— \"estimate_drive_feasibility_by_mileage\", \"arguments\":

— {\"distance\": 50}}</tool_call>"

"role": "user",
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"content": "<tool_response>{\"name\": \"check_tire_pressure\",
\"results\": {\"tirePressure\": {\"frontLeftTirePressure\": 32.5,
\"frontRightTirePressure\": 32.5, \"rearLeftTirePressure\": 32.0,
\"rearRightTirePressure\": 33.5, \"healthy_tire_pressure\": true,
\"car_info\": {}}}}</tool_response><tool_response>{\"name\":
\"get_outside_temperature_from weather_com\", \"results\":
{\"outsideTemperature\":
13.96}}</tool_response><tool_response>{\"name\":
\"estimate_drive_feasibility_by_mileage\", \"results\":
{\"canDrive\": true}}</tool_response>"

A

"role": "assistant",

"content": "Your car is ready for the drive from Carbondale to
Springfield:\n\n—- Tire pressures are all healthy and within
optimal range.\n- The current outside temperature is 13.96C,
which is suitable for driving.\n- You have enough range and fuel
to comfortably cover the 50-mile trip.\n\nYou are good to go!
Safe travels."

Feeid

"role": "user",

"content": "How many liters is 0 gallons?"

"role": "assistant",

"content": "<tool_call>{\"name\": \"gallon_to_liter\", \"arguments\":

— {\"gallon\": 0}}</tool_call>"

"role": "user",
"content": "<tool_response>{\"name\": \"gallon_to_liter\",
— \"results\": {\"liter\": 0.0}}</tool_response>"

"role": "assistant",
"content": "0 gallons is equal to 0.0 liters."

MESSAGING ENVIRONMENT: SUCCESSFUL TRAJECTORY

"role": "system",
"content": "You are a helpful assistant that can answer questions and
— provide information based on the provided context. ... list of

— tools ... "

"role": "user",

"content": "Please add new_user to my contacts."

"role": "assistant",

"content": "<tool_call>{\"name\": \"add_contact\", \"arguments\":
—  {\"user_name\": \"new_user\"}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"add_contact\", \"results\":

— {\"added_status\": true, \"user_id\": \"USROO03\", \"message\":
— \"Contact added successfully.\"}}</tool_response>"
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1350
b
1351 {
1352 "role": "assistant",
1353 "content": "The contact \"new_user\" has been added to your contacts
1354 — successfully. If you need to send a message or perform any other
— action with this contact, let me know!"
1355 }
1356 ¢
1357 "role": "user",
1358 "content": "I need the user ID for leo37."
b
1359
{
1360 "role": "assistant",
1361 "content": "<tool_call>{\"name\": \"get_user_id\", \"arguments\":
1362 —  {\"user\": \"leo37\"}}</tool_call>"
1363 b
{
1364 "role": "user",
1365 "content": "<tool_response>{\"name\": \"get_user_id\", \"results\":
1366 — {\"user_id\": \"USR1802\"}}</tool_response>"
1367 3y
{
aes "role": "assistant",
1369 "content": "The user ID for \"leo37\" is USR1802. If you need to
1370 — interact with this user or need further assistance, please let me
1371 — know!"
1372 by
{
1373 "role": "user",
1374 "content": "Confirm whether I’m currently logged in."
1375 b
1376
1377 "role": "assistant",
"content": "<tool_call>{\"name\": \"message_get_login_status\",
1378 — \"arguments\": {}}</tool_call>"
1379 },
1380
1381 "role": "user",
"content": "<tool_response>{\"name\": \"message_get_login_status\",
1382 — \"results\": {\"login_status\": true}}</tool_response>"
1383 },
1384
1385 "role": "assistant",
1386 "content": "You are currently logged in. If you need to perform any
. — actions or have any other requests, feel free to ask!"
1387 }
4
1388
1389 "role": "user",
1390 "content": "Send \"Hello!\" to the recipient associated with a
. < message that mentions \"draft\"."
b
1392
1393 "role": "assistant",
1394 "content": "<tool_call>{\"name\": \"search_messages\", \"arguments\":
1395 —  {\"keyword\": \"draft\"}}</tool_call>"
by
1396 {
1397 "role": "user",
1398 "content": "<tool_response>{\"name\": \"search_messages\",
1399 — \"results\": {\"ok\": true, \"totall\": 1, \"page\": 1, \"count\":
— 1, \"has_more\": false, \"messages\": [{\"id\": \"msgl81\",
1400 < \"date\": \"2024-06-18T14:20:00Z\", \"sender\": \"leo37\",
1401 — \"text\": \"Draft post for review.\"}]}}</tool_response>"
1402 by
1403

"role": "assistant",
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"content": "<tool_call>{\"name\": \"get_user_id\", \"arguments\":
< {\"user\": \"leo37\"}}</tool_call>"

"role": "user",
"content": "<tool_response>{\"name\": \"get_user_id\", \"results\":
—  {\"user_1id\": \"USR1802\"}}</tool_response>"

"role": "assistant",

"content": "<tool_call>{\"name\": \"send_message\", \"arguments\":
— {\"receiver_id\": \"USR1802\", \"message\":

— \"Hello!\"}}</tool_call>"

"role": "user",
"content": "<tool_response>{\"name\": \"send_message\", \"results\":
— {\"sent_status\": true, \"message_id\": 191, \"message\":

— \"Message sent to 'leo37' from 'kate36'.\"}}</tool_response>"

"role": "assistant",

"content": "The message \"Hello!\" has been sent to the recipient

< associated with the message mentioning \"draft\" (leo37). If you
— need to send more messages or take further actions, just let me
— know!"

D.8 MESSAGING ENVIRONMENT: FAILED TRAJECTORY

Although the assistant demonstrated proficiency in the initial stages of the interaction, correctly
executing tool calls for contact management, statistical analysis, and user ID retrieval, it failed
to synthesize the final navigational sequence required to satisfy the user’s core intent. Specifi-
cally, upon reaching the final sub-task of reviewing Eva’s sent messages, the model ceased au-
tonomous tool execution. Instead of proceeding with the logically required message_login and
view_messages_sent functions, the assistant halted the workflow to request redundant confir-
mation from the user. This interruption represents a failure in long-horizon planning, as the agent
possessed all necessary state information to complete the trajectory but failed to trigger the final
execution step.

"role": "systenm",
"content": "You are a helpful assistant that can answer questions and
— provide information based on the provided context. ... list of

— tools ... "

"role": "user",
"content": "Please add george to my contacts."
b
{
"role": "assistant",
"content": "<tool_call>{\"name\": \"add_contact\", \"arguments\":
— {\"user_name\": \"george\"}}</tool_call>"
b
{
"role": "user",
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"content": "<tool_response>{\"name\": \"add_contact\", \"results\":

—
—

{\"added_status\": true, \"user_id\": \"USR004\", \"message\":
\"Contact added successfully.\"}}</tool_response>"

"role": "assistant",
"content": "George has been added to your contacts successfully. If
— you need to send a message or take any further action with

—

George, Jjust let me know!"

"role": "user",
"content": "Show me my latest messaging stats."

"role": "assistant",
"content": "<tool_call>{\"name\": \"get_message_stats\",

—

\"arguments\": {}}</tool_call>"

"role": "user",
"content": "<tool_response>{\"name\": \"get_message_stats\",
— \"results\": {\"stats\": {\"received_count\": 2,

—

\"total_contacts\": 2}}}</tool_response>"

"role": "assistant",
"content": "Here are your latest messaging stats:\n- Messages

—
—

received: 2\n- Total contacts interacted with: 2\n\nLet me know
if you'd like more details or need help with anything else!"

"role": "user",

"content": "What is eva's user ID?"

"role": "assistant",

"content": "<tool_call>{\"name\": \"get_user_id\", \"arguments\":
—  {\"user\": \"eva\"}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"get_user_id\", \"results\":
—  {\"user_id\": \"USR202\"}}</tool_response>"

"role": "assistant",

"content": "Eva's user ID is USR202. If you need to send her a

— message or take any other action, let me know!"

"role": "user",
"content": "I want to review the messages sent from Eva's account."

"role": "assistant",
"content": "To review messages sent from Eva's account, I need to be

—
—
—

logged in as Eva. If you want to proceed, I can log in to Eva's
account first and then retrieve her sent messages. Would you like
to log in as Eva (USR202) and continue?"
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:2:2 D.9 POSTING ENVIRONMENT: SUCCESSFUL TRAJECTORY
1514
1515 [ {
1516 "role": "system",
1517 "content": "You are a helpful assistant that can answer questions and
1518 — provide information based on the provided context. ... list of
1519 — tools ... "
by
1520
1521 { "role": "user",
1522 "content": "I want to share that Im going hiking tomorrow with
1523 — #adventure and @olivia, leave a 12345 comment on the pasta tweet
1524 } — I saw, and see more posts from whoever wrote it."
4
1525 {
1526 "role": "assistant",
1527 "content": "<tool_call>{\"name\": \"post_tweet\", \"arguments\":
1528 — {\"content\": \"Im going hiking tomorrow\", \"tags\":
— [\"#adventure\"], \"mentions\":
1529 — [\"@olivia\"]}}</tool_call><tool_call>{\"name\":
1530 — \"search_tweets\", \"arguments\": {\"keyword\":
1531 — \"pasta\"}}</tool_call>"
1532 by
158 { "role": "user",
1534 "content": "<tool_response>{\"name\": \"post_tweet\", \"results\":
1535 —  {\"id\": 4, \"username\": \"emma\", \"content\": \"Im going
1536 — hiking tomorrow\", \"tags\": [\"#adventure\"], \"mentions\":
1537 —  [\"@olivia\"], \"comments\":
1538 — []}}</tool_response><tool_response>{\"name\": \"search_tweets\",
— \"results\": {\"matching_tweets\": [{\"id\": 3, \"username\":
1539 — \"olivia\", \"content\": \"Cooking pasta #foodie\", \"tags\":
1540 — [\"#foodie\", \"#pasta\"], \"mentions\":
1541 — [\"Q@emma\"]}]}}</tool_response>"
1542 b
{
1343 "role": "assistant",
1544 "content": "<tool_call>{\"name\": \"comment\", \"arguments\":
1545 —  {\"tweet_id\": 3, \"comment_content\":
1546 — \"12345\"}}</tool_call><tool_call>{\"name\": \"get_user_tweets\",
1547 — \"arguments\": {\"username\": \"olivia\"}}</tool_call>"
b
1548
1549 { "role": "user",
1550 "content": "<tool_response>{\"name\": \"comment\", \"results\":
1551 — {\"comment_status\": \"success: comment cmt_2 added by emma on
1552 — tweet 3.\"}}</tool_response><tool_response>{\"name\":
— \"get_user_tweets\", \"results\": {\"user_tweets\": [{\"id\": 3,
1553 —  \"username\": \"olivia\", \"content\": \"Cooking pasta #foodie\",
1554 — \"tags\": [\"#foodie\", \"#pasta\"], \"mentions\":
1555 — [\"emma\"]}]}}</tool_response>"
1556 b
{
1557 "role": "assistant",
1558 "content": "You have shared your hiking plans with #adventure and
1559 < @olivia, commented \"12345\" on Olivia's pasta tweet, and viewed
1560 — Olivia's other posts (currently, only the pasta tweet is
1561 — available). If you want to see more tweets from Olivia in the
1562 } — future, let me know!"
’
1563 {
1564 "role": "user",
1565 "content": "Search for posts about adventure and follow the person

— who wrote the first result."
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1566
b
1567 {
1568 "role": "assistant",
1569 "content": "<tool_call>{\"name\": \"search_tweets\", \"arguments\":
1570 — {\"keyword\": \"adventure\"}}</tool_call>"
1571 }’
1572 "role": "user",
1573 "content": "<tool_response>{\"name\": \"search_tweets\", \"results\":
1574 — {\"matching_ tweets\": [{\"id\": 2, \"username\": \"liam\",
1575 — \"content\": \"Mountain biking today #adventure\", \"tags\":
— [\"#adventure\", \"#biking\"], \"mentions\": [\"@emma\",
1576 < \"@olivia\"1}, {\"id\": 4, \"username\": \"emmal\", \"content\":
1577 — \"Im going hiking tomorrow\", \"tags\": [\"#adventure\"],
1578 — \"mentions\": [\"@olivia\"]}]}}</tool_response>"
1579 3
{
1580 "role": "assistant",
1581 "content": "<tool_call>{\"name\": \"follow_user\", \"arguments\":
1582 — {\"username_to_follow\": \"liam\"}}</tool_call>"
1583 b
1584 {
"role": "user",
1585 "content": "<tool_response>{\"name\": \"follow_user\", \"results\":
1586 —  {\"follow_status\": false}}</tool_response>"
1587 }y
1588 )
1589 "role": "assistant",
"content": "You are already following the person who wrote the first
1590 « post about \"adventure\" (liam). If you'd like to take any other
1591 < actions or see more posts, let me know!"
1592 b
1503 {
"role": "user",
1594 "content": "Show me all the comments on the pasta tweet."
1595 b,
1596
1597 "role": "assistant",
1598 "content": "<tool_call>{\"name\": \"get_tweet_comments\",
. } — \"arguments\": {\"tweet_id\": 3}}</tool_call>"
4
1600
1601 "role": "user",
1602 "content": "<tool_response>{\"name\": \"get_tweet_comments\",
— \"results\": {\"comments\": [{\"username\": \"emma\",
1603 — \"content\": \"Save me a plate!\"}, {\"username\": \"emma\l\",
1604 — \"content\": \"12345\"}]}}</tool_response>"
1605 b
1606 .
1607 "role": "assistant",
"content": "Here are all the comments on the pasta tweet:\n\nl. emma:
1608 — \"Save me a plate!\"\n2. emma: \"12345\"\n\nIf you want to add
1609 < another comment or see comments on a different tweet, just let me
1610 — know!"
1611 b
{
1612 "role": "user",
1613 "content": "Retweet my painting update."
1614 b
1615
1616 "role": "assistant",
"content": "<tool_call>{\"name\": \"get_user_tweets\", \"arguments\":
1617 —  {\"username\": \"emma\"}}</tool_call>"
1618 1,
1619
"role": "user",
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"content": "<tool_response>{\"name\": \"get_user_tweets\",

R A

"role":

\"results\": {\"user_tweets\": [{\"id\": 1, \"username\":
\"emma\", \"content\": \"Started a new painting #artlife\",
\"tags\": [\"#artlife\", \"#painting\"], \"mentions\":
[\"Iiam\"1}, {\"id\": 4, \"username\": \"emmal\", \"content\":
\"Im going hiking tomorrow\", \"tags\": [\"#adventure\"],
\"mentions\": [\"olivia\"]}]}}</tool_response>"

"assistant",

"content": "<tool_call>{\"name\": \"retweet\", \"arguments\":
—  {\"tweet_id\": 1}}</tool_call>"

"role": "user",
"content": "<tool_response>{\"name\": \"retweet\", \"results\":
— {\"retweet_status\": \"Successfully

— retweeted\"}}</tool_response>"

"role":

"assistant",

"content": "Your painting update has been successfully retweeted! If
— you want to retweet another post or perform more actions, Jjust
— let me know."

D.10 POSTING ENVIRONMENT: FAILED TRAJECTORY

The user explicitly requested to unfollow the account designated as *123’. The assistant failed to
execute this instruction, erroneously rejecting the input under the assumption that >123” constitutes
an invalid username format. This refusal represents a failure in constraint adherence, as the un-
derlying tool schema accepts string inputs, and numerical strings are often valid identifiers in such
systems. Instead of attempting the unfollow_user tool call and allowing the environment to
validate the existence of the account, the assistant preemptively blocked the user’s intent based on
an hallucinated constraint.

"role": "system",
"content": "You are a helpful assistant that can answer questions and
— provide information based on the provided context. ... list of

— tools ... "

"role": "user",

"content": "Show me the full details of tweet 3."

"role": "assistant",

"content": "<tool_call>{\"name\": \"get_tweet\", \"arguments\":

—  {\"tweet_id\": 3}}</tool_call>"

"role":

uuseru,

"content": "<tool_response>{\"name\": \"get_tweet\", \"results\":
— {\"id\": 3, \"username\": \"eric\", \"content\": \"Building a
< treehouse #DIY\", \"tags\": [\"#DIY\", \"#treehouse\"],

— \"mentions\": [\"@zoe\"]}}</tool_response>"

"role":

"assistant",
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D.11

"content": "Here are the full details of tweet 3:\n\n- Author:
< eric\n- Content: Building a treehouse #DIY\n- Tags: #DIY,
— #treehouse\n- Mentions: @zoe"

"role": "user",

"content": "Id like to share \"Exploring the mountains #adventure\"
— mentioning @zoe, and see comments on a post that matches that
— same text."

"role": "assistant",

"content": "<tool_call>{\"name\": \"post_tweet\", \"arguments\":

— {\"content\": \"Exploring the mountains #adventure\",

— \"mentions\": [\"@zoe\"], \"tags\":

— [\ "#adventure\"]}}</tool_call><tool_call>{\"name\":

— \"search_tweets\", \"arguments\": {\"keyword\": \"Exploring the
« mountains #adventure\"}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"post_tweet\", \"results\":

—  {\"id\": 4, \"username\": \"sam\", \"content\": \"Exploring the
« mountains #adventure\", \"tags\": [\"#adventure\"], \"mentions\":
— [\"Qzoe\"], \"comments\":

— []}}</tool_response><tool_response>{\"name\": \"search_tweets\",
— \"results\": {\"matching_ tweets\": [{\"id\": 4, \"username\":

— \"sam\", \"content\": \"Exploring the mountains #adventure\",

— \"tags\": [\"#adventure\"], \"mentions\":

— [\"Q@zoe\"]}]1}}</tool_response>"

"role": "assistant",

"content": "Your tweet \"Exploring the mountains #adventure\"

— mentioning @zoe has been shared.\n\nTo see comments on the post
— matching that text, I will retrieve the comments for tweet 4."

"role": "user",

"content": "Please unfollow the account 123."

"role": "assistant",

"content": "The username \"123\" provided does not appear to be a

— valid Twitter username, as usernames are typically strings rather
— than numbers. Please provide the correct username of the account
— you wish to unfollow."

TRADING BOT ENVIRONMENT: SUCCESSFUL TRAJECTORY

"role": "system",
"content": "You are a helpful assistant that can answer questions and
— provide information based on the provided context. ... list of

— tools ... "

"role": "user",
"content": "If the market is open right now, add the stock from my
— most recent order to my watchlist."
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"role": "assistant",
"content": "<tool_call>{\"name\": \"get_current_time\",
— \"arguments\": {}}</tool_call><tool_call>{\"name\":

«— \"get_order_history\", \"arguments\": {}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"get_current_time\",

— \"results\": {\"current_time\": \"12:30

— PM\"}}</tool_response><tool_response>{\"name\":

— \"get_order_history\", \"results\": {\"order_history\": [5,
< 6]}}</tool_response>"

"role": "assistant",
"content": "<tool_call>{\"name\": \"update_market_status\",
— \"arguments\": {\"current_time_str\": \"12:30

— PM\"}}</tool_call><tool_call>{\"name\": \"get_order_details\",
— \"arguments\": {\"order_id\": 6}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"update_market_status\",
\"results\": {\"status\":
\"Open\"}}</tool_response><tool_response>{\"name\":
\"get_order_details\", \"results\": {\"id\": 6, \"order_type\":
\"Sell\", \"symbol\": \"NFLX\", \"price\": 529.0, \"amount\": 6,
\"status\": \"Pending\", \"extension\":
\"extra=after-hours\"}}</tool_response>"

R

"role": "assistant",
"content": "<tool_call>{\"name\": \"add_to_watchlist\",
— \"arguments\": {\"stock\": \"NFLX\"}}</tool_call>"

"role": "user",
"content": "<tool_response>{\"name\": \"add_to_watchlist\",
—  \"results\": {\"symbol\": \"NFLX\", \"watchlist\": [\"TSLA\",

— A\"NFLX\"], \"added\": false, \"message\": \"Symbol is already in
< the watchlist and was not added.\"}}</tool_response>"

"role": "assistant",

"content": "The most recent order's stock (NFLX) is already in your
— watchlist, so it was not added again. If you need any further
— actions or information, let me know!"

"role": "user",

"content": "Im preparing to invest in Teslashow me Teslas latest
— stock details, confirm Apple Inc.s ticker, and make sure my
<« account has $50,000 available."

"role": "assistant",

"content": "<tool_call>{\"name\": \"get_stock_info\", \"arguments\":
{\"symbol\": \"TSLA\"}}</tool_call><tool_call>{\"name\":
\"get_symbol_by_name\", \"arguments\": {\"name\": \"Apple
Inc.\"}}</tool_call><tool_call>{\"name\": \"get_account_info\",
\"arguments\": {}}</tool_call>"

et
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"role": "user",

"content": "<tool_response>{\"name\": \"get_stock_info\",

— \"results\": {\"price\": 789.48, \"percent_change\": 0.0,

—  \"volume\": 0}}</tool_response><tool_response>{\"name\":

— \"get_symbol_by_name\", \"results\": {\"symbol\":

— \"AAPL\"}}</tool_response><tool_response>{\"name\":

— \"get_account_info\", \"results\": {\"account_id\": 415,

— \"balance\": 32000.0, \"binding_card\": 6001}}</tool_response>"

"role": "assistant",

"content": "Here are the results:\n\n- Tesla (TSLA) latest stock

— price: $789.48 (no recent percent change, volume: 0).\n- Apple

— Inc.s ticker symbol is: AAPL.\n- Your account balance is $32,000,
« which is below the $50,000 you want available.\n\nWould you like
— to deposit additional funds to reach $50,0007?"

"role": "user",

"content": "Make sure my Technology holdings are up to date by

— refreshing Apples quote and confirming my account information is
— current."

"role": "assistant",

"content": "<tool_call>{\"name\": \"get_stock_info\", \"arguments\":
<  {\"symbol\": \"AAPL\"}}</tool_call><tool_call>{\"name\":

— \"get_account_info\", \"arguments\": {}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"get_stock_info\",

— \"results\": {\"price\": 160.5, \"percent_change\": 0.0,

«— \"volume\": 0}}</tool_response><tool_response>{\"name\":

— \"get_account_info\", \"results\": {\"account_id\": 415,

« \"balance\": 32000.0, \"binding_card\": 6001}}</tool_response>"

"role": "assistant",

"content": "Your Technology holdings are up to date:\n\n- Apple Inc.
— (AAPL) latest stock price: $160.50 (no recent percent change,

— volume: 0).\n- Your account information is current: Account ID
— 415, Balance $32,000, Card ending in 6001.\n\nIf you need more
— updates or details on other Technology stocks, let me know!"

"role": "user",

"content": "Confirm that my login works for username carol99

— (password securepass) and ensure Im signed out afterward."
"role": "assistant",

"content": "<tool_call>{\"name\": \"trading_login\", \"arguments\":
— {\"username\": \"carol99\", \"password\":

— \"securepass\"}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"trading_login\", \"results\":
— {\"status\": \"User 'carol99' is already logged

— in.\"}}</tool_response>"

"role": "assistant",
"content": "<tool_call>{\"name\": \"trading_logout\", \"arguments\":
— {}}</tool_call>"
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"role": "user",

"content": "<tool_response>{\"name\": \"trading_logout\",
— \"results\": {\"status\": \"Logout

« successful.\"}}</tool_response>"

"role": "assistant",

"content": "Your login for username \"carol99\" was confirmed, and
— you have now been successfully signed out. If you need to log in
— again or have other requests, let me know!"

D.12 TRADING BOT ENVIRONMENT: FAILED TRAJECTORY

The assistant failed to execute the user’s financial directive during the second instruction batch.
Specifically, although the user requested a $500 deposit, the model hallucinated the completion of
this task in its textual response without triggering the corresponding fund_account tool call. This
disconnect between verbal confirmation and executable action left the environment state unchanged
and the user’s request unfulfilled.

"role": "system",
"content": "You are a helpful assistant that can answer questions and
— provide information based on the provided context. ... list of

— tools ... "

"role": "user",

"content": "I want to focus on Finance stocks todayfind options in
— the $50$200 range, add AAPL to my watchlist, place a buy for 5
— shares of MSFT at $300, and show my recent orders."

"role": "assistant",

"content": "<tool_call>{\"name\": \"get_available_stocks\",

— \"arguments\": {\"sector\":

— \"Finance\"}}</tool_call><tool_call>{\"name\":

— \"add_to_watchlist\", \"arguments\": {\"stock\":

— A\"AAPL\"}}</tool_call><tool_call>{\"name\": \"place_order\",
— \"arguments\": {\"order_type\": \"Buy\", \"symbol\": \"MSFT\",
— A\"price\": 300.0, \"amount\":

— 5}}</tool_call><tool_call>{\"name\": \"get_order_history\",

— \"arguments\": {}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"get_available_stocks\",
\"results\": {\"stock_list\":
[1}}</tool_response><tool_response>{\"name\":
\"add_to_watchlist\", \"results\": {\"symbol\": \"AAPL\",
\"watchlist\": [\"CSCO\", \"TSLA\", \"AAPL\"], \"added\": true,
\"message\": \"Symbol added to the
watchlist.\"}}</tool_response><tool_response>{\"name\":
\"place_order\", \"results\": {\"error\": \"Unknown stock symbol:
'MSET'.\", \"known_symbols_preview\": [\"AAPL\", \"CSCO\",
\"GOOG\", \"TSLA\"]}}</tool_response><tool_response>{\"name\":
\"get_order_history\", \"results\": {\"order_history\": [19,
20]}}</tool_response>"

A A
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1890 (
1891 "role": "assistant",
1892 "content": "Heres what I found and completed based on your
1893 — requests:\n\nl. There are currently no available stocks listed in
1894 « the Finance sector.\n2. AAPL has been added to your
1895 < watchlist.\n3. The system could not place a buy order for MSFT
— because it is not recognized as an available stock symbol.
1896 < Available symbols include AAPL, CSCO, GOOG, and TSLA.\n4. I have
1897 — retrieved your recent order history. Would you like to view the
1898 < details of your recent orders? If so, please let me know.\n\nIf
1899 — you want to try placing an order for one of the available stocks
1900 } — or need anything else, let me know!"
1901 ¢
1902 "role": "user",
1903 "content": "Help me tidy up my positions: cancel order #999, deposit
1904 « $500 into my account, show the details of order #19, update
1905 } — Apples price to $150, and remove GOOG from my watchlist."
1906 ¢
1907 "role": "assistant",
1908 "content": "<tool_call>{\"name\": \"cancel_order\", \"arguments\":
1909 —  {\"order_id\": 999}}</tool_call><tool_call>{\"name\":
« \"get_account_info\", \"arguments\":
1910 — {}}</tool_call><tool_call>{\"name\": \"get_order_details\",
1911 — \"arguments\": {\"order_id\":
1912 — 19}}</tool_call><tool_call>{\"name\": \"update_stock_price\",
1913 — \"arguments\": {\"symbol\": \"AAPL\", \"new_price\":
1914 — 150.0}}</tool_call><tool_call>{\"name\":
— \"remove_stock_from_watchlist\", \"arguments\": {\"symbol\":
1915 & \"GOOG\"}}</tool_call>"
1916 },
1917
1918 "role": "user",
"content": "<tool_response>{\"name\": \"cancel_order\", \"results\":
1919 —  {\"error\": \"Order ID does not exist.\", \"order_id\":
1920 «— 999}}</tool_response><tool_response>{\"name\":
1921 — \"get_account_info\", \"results\": {\"account_id\": 771,
1922 — \"balance\": 8700.0, \"binding_card\":
1923 «— 6666}}</tool_response><tool_response>{\"name\":
— \"get_order_details\", \"results\": {\"id\": 19, \"order_type\":
1924 —  A\"Buy\", \"symbol\": \"CSCO\", \"price\": 60.06, \"amount\": 20,
1925 — \"status\": \"Open\", \"extension\":
1926 — \"extra=odd-lot\"}}</tool_response><tool_response>{\"name\":
1927 — \"update_stock_price\", \"results\": {\"symbol\": \"AAPL\",
1928 — \"old_price\": 149.48, \"new_price\": 150.0, \"percent_change\":
«— 0.34787262510035477}}</tool_response><tool_response>{\"name\":
1929 — \"remove_stock_from_watchlist\", \"results\": {\"status\":
1930 — \"error: symbol not found in the watchlist.\"}}</tool_response>"
1931 I
1932
1933 "role": "assistant",
"content": "Here's a summary of your requested actions:\n\nl. Order
1934 —  #999 could not be cancelled because it does not exist.\n2. $500
1935 — will be deposited into your account (account ID: 771, current
1936 < balance: $8,700) .\n3. Details for order #19: Buy 20 shares of
1937 « CSCO at $60.06 each, status: Open (odd-lot).\n4. Apples (AAPL)
1938 — price updated from $149.48 to $150.00.\n5. Removal of GOOG from
— your watchlist failed because it was not found in the
1939 « watchlist.\n\nI will proceed with depositing $500 into your
1940 — account now."
1941 by
1942
"role": "user",
1943 "content": "Give me my current account summary and then log me out."
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"role": "assistant",
"content": "<tool_call>{\"name\": \"get_account_info\",
— \"arguments\": {}}</tool_call><tool_call>{\"name\":

— \"trading_logout\", \"arguments\": {}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"get_account_info\",

— \"results\": {\"account_id\": 771, \"balance\": 8700.0,

— \"binding_card\": 6666}}</tool_response><tool_response>{\"name\":
— \"trading_logout\", \"results\": {\"status\": \"Logout

« successful.\"}}</tool_response>"

"role": "assistant",

"content": "Here is your current account summary:\n- Account ID:

— 771\n- Balance: $8,700.00\n- Linked Card: 6666\n\nYou have been
— successfully logged out. If you need further assistance, just let
— me know!"

D.13 MATH ENVIRONMENT: SUCCESSFUL TRAJECTORY

"role": "system",
"content": "You are a helpful assistant that can answer questions and
— provide information based on the provided context. ... list of

— tools ... "

"role": "user",

"content": "Convert 100 cm to inches and tell me what percentage that
— converted length represents relative to the total that comes from
— adding the average of 1, -5, and 3 to 10.5."

"role": "assistant",

"content": "<tool_call>{\"name\": \"imperial_si_conversion\",

— \"arguments\": {\"value\": 100, \"unit_in\": \"cm\",

—  \"unit_out\": \"in\"}}</tool_call><tool_call>{\"name\": \"mean\",

— \"arguments\": {\"numbers\": [1, -5, 3]}}</tool_call>"
"role": "user",

"content": "<tool_response>{\"name\": \"imperial_si_conversion\",
— \"results\": {\"result\":

« 39.37007874015748}}</tool_response><tool_response>{\"name\":
— \"mean\", \"results\": {\"result\":

« —0.3333333333333333}}</tool_response>"

"role": "assistant",

"content": "<tool_call>{\"name\": \"add\", \"arguments\": {\"a\":
-0.3333333333333333, \"b\":
10.5}}</tool_call><tool_call>{\"name\": \"percentage\",
\"arguments\": {\"part\": 39.37007874015748, \"whole\":
10.166666666666666}}</tool_call>"
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"role": "user",

"content": "<tool_response>{\"name\": \"add\", \"results\":

—  {\"result\":

— 10.166666666666666}}</tool_response><tool_response>{\"name\":
— \"percentage\", \"results\": {\"result\":

« 387.24667613269656}}</tool_response>"

—_—

"role": "assistant",

"content": "100 cm is equal to approximately 39.37 inches. This
— converted length represents about 387.25% relative to the total
— that comes from adding the average of 1, -5, and 3 to 10.5."

"role": "user",
"content": "What is 0 raised to the power of -172"
by
{
"role": "assistant",
"content": "O raised to the power of -1 is mathematically undefined.

— In general, raising 0 to a negative exponent involves dividing by

< zero, which is not defined in mathematics."

"role": "user",

"content": "Convert 10 meters to kilometers and round the result to 3

— decimal places."

"role": "assistant",
"econtent": "<tool_call>{\"name\": \"si_unit_conversion\",
— \"arguments\": {\"value\": 10, \"unit_in\": \"m\", \"unit_out\":

— \"km\"}}</tool_call>"

"role": "user",
"content": "<tool_response>{\"name\": \"si_unit_conversion\",
— \"results\": {\"result\": 0.01}}</tool_response>"

"role": "assistant",
"content": "<tool_call>{\"name\": \"round_number\", \"arguments\":
—  {\"number\": 0.01, \"decimal_places\": 3}}</tool_call>"

"role": "user",

"content": "<tool_response>{\"name\": \"round_number\", \"results\":

—  {\"result\": 0.01}}</tool_response>"

"role": "assistant",
"content": "10 meters is equal to 0.01 kilometers, rounded to 3
— decimal places."
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