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Abstract

Tool-calling agents are increasingly deployed
in real-world customer-facing workflows. Yet
most studies on tool-calling agents focus on
idealized settings with general, fixed, and well-
specified tasks. In real-world applications, user
requests are often (1) ambiguous, (2) chang-
ing over time, or (3) infeasible due to policy
constraints, and training and evaluation data
that cover these diverse, complex interaction
patterns remain under-represented. To bridge
the gap, we present Trajectory2Task, a verifi-
able data generation pipeline for studying tool
use at scale under three realistic user scenar-
ios: ambiguous intent, changing intent, and
infeasible intents. The pipeline first conducts
multi-turn exploration to produce valid tool-
call trajectories. It then converts these trajec-
tories into user-facing tasks with controlled in-
tent adaptations. This process yields verifiable
task that support closed-loop evaluation and
training. We benchmark several state-of-the-art
LLMs on the generated complex user scenario
tasks and observe frequent failures. Finally, us-
ing successful trajectories obtained from task
rollouts, we fine-tune lightweight LLMs and
find consistent improvements across all three
conditions, along with better generalization to
unseen tool-use domains, indicating stronger
tool-calling ability.

1 Introduction

Tool-using agents are interactive systems that fol-
low an end user’s instructions and invoke external
tools (e.g., web search, databases, APIs, or code
executors) to complete tasks (Schick et al., 2023).
These agents show strong potential in real-world
applications such as customer service, scientific
research, and code generation (Yao et al., 2024;
Bran et al., 2023; Jimenez et al., 2023). A natural
deployment setting is customer service, where the
agent must fulfill customer intents with backend
API calls while following domain rules and policy

Figure 1: A real-world tool-calling dialogue with com-
plex user intent. In real-world tool-calling scenarios,
the user intents are often ambiguous, changing, or even
infeasible, requiring the agent to reason over partial in-
formation, ask clarifying questions, adapt plans, and
handle unsupported requests.

constraints (Yao et al., 2024). In practice, however,
real-world customer intents are often complex: they
may be ambiguous and lack critical details, evolve
as customers refine their intent during interaction,
or even be inherently infeasible under system con-
straints (Aliannejadi et al., 2019; Wu et al., 2019;
Larson et al., 2019; Zhang et al., 2020; Wang et al.,
2025b; Zhang et al., 2025a; Wang et al., 2025c;
Zhang et al., 2025b).

Prior tool-calling benchmarks, such as Tool-
Bench (Qin et al., 2023) and BFCL (Patil et al.), pri-
marily focus on lab-controlled settings, which are
effective for evaluating API planning and function-
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calling accuracy. However, these benchmarks as-
sume a stable target and assess only static end suc-
cess. This design substantially limits their ability to
assess agent robustness under real-world variabil-
ity. More recent works have begun to move toward
more realistic scenarios. The Tau-bench series (Yao
et al., 2024; Barres et al., 2025) introduces multi-
turn, tool-grounded interactions in real-world cus-
tomer service settings, and UserBench (Qian et al.,
2025) evaluates agents from a user-centric perspec-
tive. However, there is still a lack of systematic
investigation of how tool-calling LLM agents han-
dle ambiguous, changing, or infeasible real-world
complex scenarios.

On the method side, most current tool-calling
agents are trained on broad, general-purpose data
using Supervised Fine-Tuning (SFT) or Reinforce-
ment Learning (RL) (Prabhakar et al., 2025). A
key bottleneck is data: realistic multi-turn trajecto-
ries that include missing information, intent drift,
branching subtasks, and policy violations are hard
to collect at scale, and they are under-represented
in common training sets. As a result, they are rarely
exposed to these complex interaction patterns dur-
ing training, and may fail to reliably revise plans
mid-conversation when the user adds or changes
intent, when new tool outputs invalidate earlier as-
sumptions, or when policy constraints restrict user
proposed actions. Some work addresses ambiguous
requests by prompting an “ask-then-act” pattern,
where the agent asks clarifying questions before
taking actions (Qian et al., 2024). This pattern
helps with single-turn ambiguity, but it is still lim-
ited for realistic scenarios: user goals can shift over
multiple turns, constraints can conflict, and new
tool results can invalidate earlier steps. In such set-
tings, agents must adapt online across turns, rather
than only clarifying at the start.

We take the view that tool use in real settings is
decision-making under partial observability with a
non-stationary target. The agent must decide when
to ask, when to act, and when to revise its plan as
new evidence arrives, as shown in Figure 1. In this
work, we conduct a systematic, large-scale study
of LLM tool-calling behavior in real-world, com-
plex, multi-turn scenarios. We define three user
scenarios that stress distinct failure sources: (i) Am-
biguous Intent, where instructions omit required
slots; (ii) Changing Intent, where the latent goal
drifts within the dialogue or branches into multiple
issues; and (iii) Infeasible Intent, where requests
violate tool constraints or agent policy (e.g., at-

tempts to persuade the agent to bypass rules).

To study model behaviors under complex user
scenarios at scale, we propose a verifiable data-
generation pipeline, Trajectory2Task, that syn-
thesizes complex scenario tasks and their exe-
cutable trajectories data. Unlike task-first genera-
tion pipelines, our trajectory-first design produces
tasks from executed interaction traces, yielding
verifiable data where each task is paired with
a reachable environment state and a ground-
truth solution trajectory. While we instantiate
the pipeline with the above three scenarios in a
simulated framework, the pipeline itself is not tied
to a specific domain and can be extended to other
tool environments, including more open-world set-
tings. Using this pipeline, we build verifiable
benchmark tasks and generate successful trajec-
tory data, Retail-3I (three complex user intents),
for downstream evaluation and training.

We benchmark several strong LLMs in these dy-
namic scenarios and find substantial limitations.
Additionally, we train LLMs with SFT on the gen-
erated successful trajectories in Retail-3I. Each
trajectory explicitly demonstrates how an agent
should ask for missing information, adapt to evolv-
ing user intent, select appropriate tool calls, and
handle infeasible requests, providing both the ac-
tion sequence and the accompanying reasoning to-
kens. Experiments demonstrate that training on this
data substantially improves performance in com-
plex user intent scenarios. More importantly, these
gains transfer to other domains unseen during train-
ing, suggesting a general improvement in tool-use
decision behavior and multi-turn reasoning rather
than narrow task memorization.

In summary, our work provides the first system-
atic study of tool-calling agents under ambiguous,
changing, and infeasible user goals. Our contribu-
tions are threefold:

(1) a verifiable data generation pipeline for syn-
thesizing complex multi-turn tool-use scenario
tasks and trajectories;

(2) a comprehensive benchmark study that ex-
poses key failure modes of existing LLMs in com-
plex, multi-turn tool-use interactions with ambigu-
ous, changing, and infeasible user goals.

(3) a trajectory-based SFT approach that trains
agents to decide when to ask, how to adapt, and
how to act, leading to improved tool-calling perfor-
mance and transfer to unseen domains.
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2 Related Works

2.1 Datasets for LLM Agent Tool Use

A large body of work evaluates tool use by mea-
suring whether a model can select the right tool
and produce executable calls with correct argu-
ments, using benchmarks such as APIBank (Li
et al., 2023), ToolBench (Qin et al., 2023), and
BFCL (Patil et al., 2024). These benchmarks cover
core function-calling skills (e.g., tool selection and
argument slot filling) and, in some cases, multi-step
tool plans. But they mostly assume a fixed user goal
and do not model goal updates during the dialogue.
Beyond API-centric settings, broader agent bench-
marks also include tool use as part of long-horizon
problem solving, including GAIA (Mialon et al.,
2023) and AppWorld (Trivedi et al., 2024). In par-
allel, recent resources emphasize open-world tool
backends, such as MCP-Universe (Luo et al., 2025)
and LiveMCPBench (Mo et al., 2025).

Several benchmarks move closer to real user-
facing interactions by introducing multi-turn di-
alogues and policy constraints. The τ -bench se-
ries (Yao et al., 2024; Barres et al., 2025) evaluates
tool-grounded customer support with multi-turn
context, repeated trials, and explicit checks for task
completion. However, its task specifications do not
explicitly control ambiguity, intent drift, and infea-
sibility as separate stress factors within the same
evaluation design. UserBench (Qian et al., 2025)
evaluates agents in user-facing dialogues where
users may reveal preferences and requirements in-
crementally, which highlights the need for asking
questions and maintaining context across turns. Its
focus is on collaborative preference elicitation, and
it does not center infeasible or policy-violating re-
quests as first-class cases. Related analyses fur-
ther show that agents can degrade when users are
less cooperative, motivating evaluations that stress
harder interaction patterns (Shim et al., 2025).

In addition to benchmarks, prior work provides
training resources and methods for learning tool
use. ToolBench supplies large-scale instruction-
centric synthetic data for tool calling and has
been used for supervised training of tool-use mod-
els (Qin et al., 2023), while APIBank includes
curated tool-use dialogues and runnable environ-
ments that support instruction tuning (Li et al.,
2023). Other efforts create tool-use instruction
data through automatic synthesis or programmatic
templates (Tang et al., 2023; Patil et al., 2024).
Complementary to explicit supervision, Toolformer

studies self-supervised learning signals for decid-
ing when to call tools (Schick et al., 2023). Overall,
these resources have improved tool selection and
execution, but they provide limited coverage of
real-world conversations.

2.2 Synthetic Data Generation
Due to cost and time constraints, large-scale
human-labeled data are often unavailable for train-
ing and evaluating LLM agents. As a result, syn-
thetic data has become a common substitute for
both fine-tuning and benchmarking LLMs. Early
lines of work showed that strong teacher models
can be distilled to generate diverse instruction-
following examples (Xu et al., 2024b; Wang et al.,
2022; Taori et al., 2023; Xu et al., 2024a). Sub-
sequent work expanded synthesis beyond plain in-
structions to target harder capabilities such as multi-
step reasoning and planning, for example by gener-
ating chain-of-thought style rationales or stepwise
plans (Wei et al., 2022; Luo et al., 2023).

For tool calling data, synthetic generation has
been adapted to produce tool-augmented demon-
strations. Toolformer (Schick et al., 2023) boot-
straps synthetic tool-use instances by inserting and
filtering tool calls in raw text using a likelihood-
based criterion. Later instruction-tuning datasets
such as ToolAlpaca (Tang et al., 2023) use an LLM
to write tool-use examples conditioned on tool de-
scriptions, which mainly targets tool selection and
argument formatting. More recent pipelines move
to multi-turn synthesis with broader tool schemas.
For example, APIGen-MT (Prabhakar et al., 2025)
generates multi-turn trajectories from verified task
blueprints, and they further use reviewer models
and simulated user–agent interplay to improve tra-
jectory consistency.

Recent MCP-based efforts further push synthetic
generation toward real tool ecosystems. MCP-
Flow (Wang et al., 2025a) automatically discovers
MCP servers at scale and constructs instruction–
function-call pairs. Toucan (Xu et al., 2025) syn-
thesizes large-scale trajectories in real MCP en-
vironments with tool execution, combining rule-
based checks and model-based filtering to improve
correctness and diversity. Despite these advances,
synthetic tool-use frameworks still face challenges
in both verifiability and realism. Many pipelines
generate tasks and trajectories with LLMs and rely
on LLM judges for quality control (Prabhakar et al.,
2025; Xu et al., 2025); but it is not a deterministic
guarantee and can miss subtle tool-constraint viola-
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Figure 2: Trajectory2Task: a two-stage verifiable data generation pipeline. (1) Trajectory Exploration: A powerful
tool-calling LLM agent leverages sampled user information, trajectory examples, and tool subset from the API
graph as context, then performs self-exploration in the environment to produce exploratory trajectories. (2) Task
Generation: Filtered trajectories are transformed into realistic tasks with user intent adaptation, including ambiguous
intent, changing intent, and infeasible intent. The generated task are further validated by an LLM to ensure quality.
The valid tasks are naturally paired with golden label trajectories (i.e., the exploratory trajectory). We use the
generate data to further train and evaluate LLMs.

tions or incorrect intermediate decisions. Mean-
while, many synthetic dialogues remain behav-
iorally simplified: users are often cooperative and
the target goal is largely stationary, so complex
real-world patterns are underrepresented.

3 Methods

3.1 Problem Formulation
Unlike standard goal-oriented dialogue settings that
assume a fixed user objective, real-world user intent
is non-stationary: it can change after the user sees
new information from the agent and may branch
into multiple subtasks with different constraints.
The agent must therefore act under partial informa-
tion, updating its internal belief about what the user
wants and adjusting its plan under tool constraints
and dialogue context.

We model the interaction as a Partially Observ-
able Markov Decision Process (POMDP) with a
non-stationary latent intent:

⟨U ,S,A,O, TU , TE ,R⟩,

where U is the latent user intent space and S is
the environment state (e.g., tool/database status
and execution context). A is the agent action
space (tool calls and natural-language responses).
We factor the observation space by who observes:
O = OU × OA,OA = OAH × OAE . Here

oUt ∈ OU is the user-side observation (what the
user reads from the agent), while the agent-side ob-
servation oAt = (oAH

t , oAE
t ) ∈ OA consists of the

natural-language user message oAH
t ∈ OAH and

structured tool feedback returned by the environ-
ment oAE

t ∈ OAE . TU and TE are the user-intent
and environment transition functions. Different
complex user intent dynamics are modeled by dif-
ferent TU . R is the reward function.

At turn t, given agent internal belief state bt, the
agent chooses an action at ∼ π(at | bt). The envi-
ronment transitions: st+1, o

AE
t+1 ∼ TE(st+1, o

AE
t+1 |

st, at). The agent produces an outward message
oUt+1. The user intent may drift in response: ut+1 ∼
TU (ut+1 | ut, oUt+1), and the user generates a mes-
sage: oAH

t+1 ∼ P (oAH
t+1 | ut+1, o

U
t+1). The agent

updates its belief bt+1 = P (ut+1, st+1 | hAt+1).
The training objective is to learn an agent policy
that maximizes the expected reward under non-
stationary intent:

J(π) = Eπ,TU ,TE

[
T∑

t=0

γtR(ut, st, at)

]
,

where γ is the discount factor and R is a user-
centered reward function.

3.2 Data Generation
To systematically study how LLM agents behave
in complex real-world scenarios, we propose a syn-
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thetic yet verifiable tool-calling data generation
pipeline Trajectory2Task. Many existing syn-
thetic pipelines follow a task-first design: they first
generate tasks, then rely on a solver model to pro-
duce reference trajectories. As a result, data quality
is bounded by solver capability: incorrect reason-
ing or suboptimal tool use may still be treated as
ground truth. This could be problematic in com-
plex multi-turn tool-use settings. To address this
issue, we instead adopt a trajectory-first design, en-
suring correctness is grounded in actual execution
outcomes rather than solver faithfulness.

We instantiate this pipeline on Tau2-Bench (Bar-
res et al., 2025), a simulated environment with exe-
cutable tools and a simulated database. We synthe-
size user tasks that reflect three common real-world
instruction patterns: ambiguous intent, changing
intent, and infeasible intent. Each constructed task
is paired with executable tool traces, enabling au-
tomatic verification of final outcomes. The overall
pipeline is shown in Figure 2.

3.2.1 General Synthesis Pipeline
To ensure both diversity and verifiability, we use
a forward–backward synthesis loop that alternates
between trajectory exploration and task summa-
rization. To support structured tool sampling, we
also build an API dependency graph as a directed
acyclic graph (DAG), where each node is a tool and
each edge indicates that the source tool’s output
can serve as an input to the destination tool. Each
synthesis iteration proceeds as:

User sampling: Sample a user profile from the
user database. (e.g., {name: Alex Brown, email:
alexbrown000@example.com, zip: 80279, ...}).

Trajectory initialization: Retrieve a seed tool-
call trajectory from a trajectory bank to provide
a concrete tool-call example that anchors the ex-
ploration. We initialize the bank with a small set
of executable, multi-step tool-call trajectories that
demonstrate typical tool-call chaining patterns, and
then iteratively add newly generated trajectories
back into the bank to expand coverage over rounds.

Tool sampling: Select a tool subset by random
walk on the API DAG (e.g., get_order_detail,
cancel_pending_order).

Trajectory exploration: Prompt an explorer
LLM to interact with the environment and pro-
duce a complete tool-call trajectory; subsequent
tool calls may depend on earlier toolcall outputs.

Trajectory filter: Since the core evaluation met-
ric is calculated based on the database change and
whether the agent gives clear communication in-
formation to the user. The trajectories without any
change to the database and no transfer to human
and not involve communication info action (calcu-
late a price difference for example) are omitted.

Task summarization: Use an summarizer LLM
to summarize the exploratory trajectory into a user-
facing task, such that the task goal is naturally
reachable under tool constraints.

Validity check: We use a validity check LLM
that scores each instance on three aspects: Real-
ism: whether a real user would plausibly make the
request with clear motivation and sufficient iden-
tifying details, Necessity: whether the trajectory
contains all required actions while avoiding extra or
contradictory database-write effects and ensuring
any requested communicative outputs, and Cor-
rectness: whether the task description is faithfully
realized by the execution trace, with logically con-
sistent information flow and tool-call arguments
that match the task context and support any commu-
nicated values. Additional scenario-specific criteria
are applied for complex user settings, as described
in the next subsection. We further conduct a sam-
pled human validation study to sanity-check judge
reliability (Appendix C).

Compared to prior data synthesis pipelines that
start from a natural-language task and then gener-
ate trajectories, Trajectory2Task starts from ex-
ecutable trajectories and only then derives tasks.
This guarantees that every valid task has an asso-
ciated executable gold trajectory, which provides
a verified final database state (and any required
user-facing outputs) as the ground-truth label.

3.2.2 Complex User-Scenario Construction
To extend beyond static, well-specified tasks, we
construct three complex user scenarios that reflect
common behaviors in real interactions. Concretely,
we implement each scenario by modifying the
prompts used in task summarization and validity
check (all prompts are provided in Appendix D),
while keeping the underlying executable trajectory
as the verifiable backbone.

Ambiguous. We generate tasks that omit essen-
tial information required for the tasks at first (e.g.,
item ID, order ID, or address) by instruct the user
simulator to only reveal the missing information
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when the agent explicitly asks for it.

Changing. We generate tasks where the user’s
goal shifts mid-dialogue or expands into multiple
issues. In the summarization prompt, we instruct
the model to explicitly introduce a intent drift (e.g.,
from “return item A” to “exchange item A for
B”) or to append an additional request, evaluating
whether the agent can adapt its plan as objectives
change. For this scenario, the validity check ad-
ditionally evaluates CHANGING-SCENARIO REL-
EVANCE, requiring the task to explicitly contain
an intent change. This change should include a
change of mind when dealing with a specific issue,
or dealing with multiple issues (e.g., if the user
says they want to return a delivered item because
they changed their mind, this is still one intent:
returning the item).

Infeasible. These tasks cannot be completed un-
der the environment constraints or domain poli-
cies. The summarization LLM is prompted to
also output (i) an infeasibility reason, (ii) required
actions the agent should take to diagnose or re-
spond, and (iii) forbidden actions that would vio-
late constraints. We consider two types: (1) policy-
infeasible tasks that are technically possible via
tools but disallowed by policy (e.g., attempting to
cancel an order without user authentication), and
(2) tool-infeasible tasks that are impossible due
to tool constraints (e.g., canceling an already de-
livered order). For instance, if the user asks to
cancel an order without providing identity infor-
mation, cancel_pending_order action is marked
as forbidden; similarly, for canceling a delivered
order, the agent should first verify the order status
(required: get_order_detail) and avoid issuing
cancel_pending_order. For this scenario, the va-
lidity check additionally evaluates INFEASIBILITY

REASONABILITY, ensuring the stated reason is
sound and that the required/forbidden actions are
well-defined and consistent with the constraint. Ac-
cordingly, we score infeasible tasks by constraint
compliance: an agent succeeds if and only if it
completes all required diagnostic/response actions
while avoiding any forbidden actions, rather than
by achieving the original (infeasible) user goal.

These designs yield scalable, verifiable tasks
with diverse and controlled user behaviors, sup-
porting both training and evaluation of tool-calling
agents in challenging, real-life conditions.

Generation Pipeline Example

Exploratory Trajectory
find_user_id_by_email → get_user_details →
get_order_details → cancel_pending_order →
list_all_product_types → get_product_details
→ modify_user_address → get_user_details

Generated Task
“You want to cancel your pending order #W7634667 be-
cause you no longer need the items. After canceling, you
also need to update your shipping address to 123 New
Street, Apt 5B, Charlotte, NC 28231 for future orders.
Your email address is amelia.kim6460@example.com.”

Validity Check Summary
Realism: 9. The user’s request is highly realistic and
represents a common customer service scenario . . .
Necessity: 7. The trajectory accomplishes the two main
required tasks. There are several unnecessary exploratory
actions that don’t contribute to the final state...
Correctness: 8. The trajectory successfully completes both
requested goals with valid tool arguments.

3.3 Trajectory-based Supervised Fine-Tuning
Given the synthesized task set with golden trajec-
tory labels, we construct supervised training data
by executing these tasks in the closed-loop tool en-
vironment and collecting verified successful inter-
action trajectories. These trajectories demonstrate
how an agent should ask for missing information,
adapt to evolving user intent, select appropriate
tool calls, and handle infeasible requests across
complex user scenarios.

Task Execution. For each synthesized task τ , we
prompt a strong LLM to interact with the simulated
environment and roll out a complete trajectory until
termination. We enable its internal reasoning mode
during rollout, so the model generates intermediate
reasoning traces in addition to outward actions. A
trajectory is recorded as ζ = {(ot, yt)}Tt=0, where
ot is the combined observation at turn t, and yt
is the agent output at that turn, including both
reasoning tokens and the outward action (natural-
language response and tool call with arguments).
We keep only trajectories that passed the automatic
verifier for supervised training.

Supervised Fine-Tuning Objective. We fine-
tune a small LLM to imitate successful trajectories
by maximizing the likelihood of the recorded agent
outputs. Let θ denote model parameters. The SFT
objective is:

LSFT(θ) = −E(τ,ζ)

[
T∑

t=0

logPθ(yt | τ, o≤t)

]
,

where Pθ(yt | ·) factorizes over tokens in yt. This
SFT process enables effective learning of Ask, ac-

44026



Model Scenario Passˆ1 Passˆ2 Passˆ3

Qwen3-235B General 0.775 0.746 0.727

Qwen3-235B Ambiguous 0.767 0.712 0.674

Qwen3-235B Changing 0.602 0.552 0.527

Qwen3-235B Infeasible 0.557 0.480 0.410

Qwen3-32B General 0.731 0.671 0.634

Qwen3-32B Ambiguous 0.737 0.651 0.594

Qwen3-32B Changing 0.627 0.570 0.541

Qwen3-32B Infeasible 0.422 0.333 0.283

Qwen3-14B General 0.725 0.697 0.681

Qwen3-14B Ambiguous 0.602 0.506 0.450

Qwen3-14B Changing 0.605 0.571 0.552

Qwen3-14B Infeasible 0.358 0.314 0.295

Qwen3-8B General 0.690 0.660 0.643

Qwen3-8B Ambiguous 0.560 0.447 0.385

Qwen3-8B Changing 0.585 0.544 0.523

Qwen3-8B Infeasible 0.340 0.281 0.248

Qwen3-4B General 0.477 0.431 0.404

Qwen3-4B Ambiguous 0.259 0.187 0.159

Qwen3-4B Changing 0.483 0.432 0.412

Qwen3-4B Infeasible 0.397 0.346 0.311

Table 1: Tool-calling performance under complex user-
intent scenario tasks in Retail-3I. We evaluate sev-
eral LLMs in four settings (GENERAL, AMBIGUOUS,
CHANGING, INFEASIBLE) and report Passˆk (k ∈
{1, 2, 3}), the probability of a model passes the task
in all k independent trials. Qwen3-235B: Qwen3-235B-
A22B-Instruct.

tion, and adaptation behaviors in complex, non-
static tool-use settings.

4 Experiments

4.1 Retail-3I Data Statistics
Retail-3I is constructed on top of the Tau2-Bench
retail domain environment as an example.

Benchmark Data Generation. We first collect
1000 exploratory trajectories by letting a strong
LLM agent interact with the simulated tool environ-
ment under each scenario setting. Each exploratory
rollout is capped at 20 steps with an average length
of 12 steps and a variance of 4, and we sample
12 available tools every time for interaction. We
then filter out trajectories that have no database
write effects , do not transfer to a human agent,
and do not require any communication information
(e.g., reporting a price difference), lefting 912 tra-
jectories. Each left trajectory is summarized into a

candidate task in all three scenarios. After validity-
check filtering, the final dataset in total contains
473 ambiguous-intent tasks, 279 changing-intent
tasks, and 347 infeasible-intent tasks, for a total of
1,099 tasks. To isolate how these scenarios affect
task difficulty, we additionally present a General
ablation setting. This setting uses the same task
distribution as ambiguous but removes the user-
simulator constraint: the user can proactively pro-
vide missing information without waiting for the
agent to ask.

Training Data Generation. To prevent data leak-
age, we re-generate a larger retail database aligned
with the TAU2-BENCH schema and then generate
tasks and trajectories on top of this new database.
We use an LLM to create 190 product categories
(manually verified), generate 5–20 variants per cat-
egory (mean 11, std 4), and synthesize 500 user
profiles with unique names, addresses, and pay-
ment methods; we then create orders by sampling
from the inventory with 1–5 items per order.

For trajectory generation, we first collect 600 ex-
ploratory trajectories and retain 477 General tasks
after validity check (without complex-scenario per-
turbations; this differs from benchmark construc-
tion to preserve training diversity). We separately
collect 2,000 exploratory trajectories to summarize
tasks under three complex intent settings, retain-
ing 795/558/379 tasks in ambiguous/changing/in-
feasible scenarios after validity checks. For each
task, we run two independent simulations and keep
only trajectories that reach a valid terminal state
and satisfy task constraints, yielding 2,872 success-
ful trajectories in total. The pass rates (success-
ful trajectories / total trials) are: General 645/954,
Ambiguous 987/1590, Changing 706/1116, and In-
feasible 534/758. We additionally check diversity
among successful rollouts: even when two trajecto-
ries solve the same task, their reasoning traces are
substantially different.

4.2 Experimental Setup

We first benchmarked several state-of-the-art LLMs
on the 1,099 synthesized complex scenario tasks.
We further fine-tuned the Qwen3-4B/8B models
on 2,872 generated trajectories for three epochs.
Specifically, we use the Adam optimizer with a
learning rate of 1.0× 10−5, β1 = 0.9, β2 = 0.95,
and ϵ = 1.0×10−8 During evaluation, each task is
simulated three times. Following TauBench (Yao
et al., 2024), we report Passˆk, defined as the proba-
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Fine-tuned
Model Scenario Passˆ1 Passˆ2 Passˆ3

Qwen3-8B General 0.736 0.709 0.691

Qwen3-8B Ambiguous 0.696 0.620 0.575

Qwen3-8B Changing 0.618 0.569 0.538

Qwen3-8B Infeasible 0.576 0.504 0.463

Qwen3-4B General 0.720 0.703 0.691

Qwen3-4B Ambiguous 0.686 0.611 0.569

Qwen3-4B Changing 0.585 0.533 0.509

Qwen3-4B Infeasible 0.578 0.499 0.463

Table 2: Performance of fine-tuned Qwen models
across complex user-intent scenario tasks in Retail-3I.

Model Domain Passˆ1 Passˆ2 Passˆ3

Qwen3-8B-FT Retail 0.582 0.456 0.386

Qwen3-8B Retail 0.436 0.368 0.325

Qwen3-8B-FT Airline 0.287 0.260 0.240

Qwen3-8B Airline 0.207 0.153 0.140

Qwen3-4B-FT Retail 0.532 0.412 0.377

Qwen3-4B Retail 0.363 0.295 0.254

Qwen3-4B-FT Airline 0.313 0.264 0.240

Qwen3-4B Airline 0.187 0.147 0.140

Table 3: Performance of fine-tuned and baseline Qwen
models on original Tau2-bench.

bility that a model successfully completes the same
task in all k independent trials. This metric mea-
sures performance stability across repeated runs.

4.3 Results

Current LLMs’ tool-call performance under
complex scenarios. We benchmarked several
state-of-the-art LLMs on the synthesized tasks with
GENERAL, AMBIGUOUS, CHANGING, and INFEA-
SIBLE user-intent scenarios in Retail-3I (Table 1).
More evaluation results regarding the reward break-
down and LLM-based failure taxonomy can be
found in Appendix B. The GENERAL setting is
constructed from the ambiguous-intent setup but
removes the initial user constraint. All models per-
form best in the general setting, suggesting that
they handle requests reasonably well.

Moving from GENERAL to AMBIGUOUS, per-
formance drops for every model, but the degrada-
tion is much larger for smaller models. For ex-
ample, Qwen3-8B decreases from 0.690 to 0.560
(Passˆ1), and Qwen3-4B drops sharply from 0.477
to 0.259, indicating that smaller models struggle

much more with resolving missing constraints. In
contrast, larger models degrade only moderately
(e.g., Qwen3-235B-A22B from 0.775 to 0.767 un-
der Passˆ1), showing better robustness in maintain-
ing the intended interaction policy.

The CHANGING and INFEASIBLE scenarios are
substantially harder. In CHANGING, all models
fall into the low-to-mid 0.6 range under Passˆ1
(best 0.675), reflecting difficulty in tracking and
correctly applying mid-dialogue goal revisions.
In INFEASIBLE, performance drops further to
≤0.571 Passˆ1 and ≤0.448 Passˆ3 even for the
strongest models. A common failure mode is im-
perfect policy compliance: for example, despite
policies that explicitly require verifying the or-
der status before cancellation, some models still
attempt cancel_pending_order on delivered or-
ders. While the tool implementation rejects such
calls with errors, issuing these invalid actions is
still concerning in real deployments, since it sig-
nals poor constraint awareness and can waste steps
or lead to unsafe behavior in less protected tool
stacks. Overall, larger models consistently outper-
form smaller ones, but the gap to reliable execution
under complex scenarios remains clear.

Effect of Trajectory-Based SFT. We fine-tuned
Qwen3-4B and Qwen3-8B using 2,872 generated
multi-turn trajectories, and evaluated the resulting
models both on the complex user intent tasks in
Retail-3I (Table 2, and Appendix B) and on the
original TAU2-BENCH domains (Table 3). On the
complex-intent benchmark, SFT yields large gains
across all scenarios, with the biggest improvements
on the harder CHANGING and INFEASIBLE set-
tings. Notably, with fewer than 3k training trajecto-
ries, the trained 4B model reaches performance
comparable to or exceeding the larger baseline
models across scenarios, showing that trajectory
supervision can substantially improve robustness
for smaller models.

We also observe consistent improvements on
the original TAU2-BENCH. In the RETAIL do-
main, both trained models outperform their cor-
responding base models by a clear margin (e.g.,
Qwen3-8B: 0.582 vs. 0.436 Passˆ1; Qwen3-4B:
0.532 vs. 0.363). More importantly, gains trans-
fer beyond retail: although the SFT data is col-
lected from the retail tool environment, the trained
models also improve on the AIRLINE domain (e.g.,
Qwen3-8B: 0.287 vs. 0.207; Qwen3-4B: 0.313 vs.
0.187 Passˆ1). Since the models do not observe
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airline-specific tool schemas or domain knowledge
during training, this cross-domain generalization
suggests that trajectory-based SFT teaches general
tool-calling behaviors and reasoning patterns (e.g.,
when to ask, how to adapt, and how to act), rather
than memorizing domain-specific tool usage.

5 Conclusions

We presented Trajectory2Task, a general and ver-
ifiable pipeline for generating tool-calling tasks
and executable multi-turn trajectories under am-
biguous, changing, and infeasible user intents.
The pipeline converts executed tool trajectories
into user-facing tasks with controlled intent adap-
tation and automatic validation, producing task–
trajectory pairs for closed-loop evaluation and train-
ing. Experiments show that frontier models still
degrade substantially in these dynamic scenarios,
and lightweight models are especially vulnerable.
Training with fewer than 3k generated success-
ful trajectories via trajectory-based SFT improves
robustness and stability, and also generalizes to
domains not seen during training, suggesting im-
proved general tool-use decision behavior.

Limitations

In this work, we aim to build a controllable, general,
and verifiable pipeline for synthesizing tool-calling
data under complex user intent scenarios at scale.
There are several limitations. First, the current
TAU2-BENCH framework constrains how the user
simulator can be implemented. The user simulator
is LLM-driven and may not fully reflect real user
behavior distributions, such as long-term user pref-
erences, adversarial attempts, or nuanced social
dynamics; while we control ambiguity, intent drift,
and infeasibility, these factors are still modeled
through prompting rather than direct observation
of human conversation logs. Second, we instantiate
Trajectory2Task only on TAU2-BENCH, mainly
due to cost constraints, and treat it as a case study
rather than an exhaustive coverage of real-world
tool ecosystems. Future work can extend the under-
lying framework to support richer user state, longer-
horizon memory, and more flexible interaction dy-
namics, validate simulators with human-grounded
logs, and apply the pipeline to other realistic tool
environments and domains beyond TAU2-BENCH.
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A Use of AI Assistants

AI assistants were used for coding and writing sup-
port; all AI-assisted content was manually reviewed
by the authors.

B Additional Results and Error Analysis

Table 4 reports Pass@k results for a selected set of
representative models on Retail-3I, complement-
ing the Passˆk metrics presented in the main text.
The results follow similar overall pattern, where
fine-tuned models consistently outperform their
baseline across multiple complex user scenarios.

Table 5 and Table 6 further analyze failed trials
through reward decomposition. For Ambiguous
and Changing scenarios, failures are separated into
database-related errors, communication-related er-
rors, or both. For Infeasible scenarios, failures are
categorized into prohibited actions taken, required
actions missed, or both. These results provide a
more detailed view of how training changes model
behavior under complex user requests. Across Am-
biguous and Changing scenarios, fine-tuning re-
duces both DB-related and communication-related
failures compared with the base model, suggest-
ing gains in both backend tool execution and user-
facing interaction. In the Infeasible scenario, fine-
tuning substantially lowers prohibited-action errors,
indicating better policy compliance and stronger
recognition of infeasible requests. Meanwhile,
missed required actions increase, which may sug-
gest a more conservative policy after training: the
model becomes less likely to take invalid actions,
but may also abstain from necessary recovery or
clarification steps in borderline cases.

Table 7 provides a LLM-based taxonomy anal-
ysis of failure modes. Across models and scenar-
ios, the most common error category is missing
required actions, such as skipping a necessary tool
call or failing to complete a required step, indi-
cating that multi-step execution completeness re-
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Scenario Model Tasks Trials Pass@1 Pass@2 Pass@3

Ambiguous Qwen-8B-FT 473 1419 0.6956 0.7710 0.8013
Ambiguous Qwen-8B 473 1419 0.5603 0.6730 0.7230

Changing Qwen-8B-FT 279 837 0.6177 0.6667 0.6846
Changing Qwen-8B 279 837 0.5854 0.6272 0.6487

Infeasible Qwen-8B-FT 315 945 0.5757 0.6476 0.6794
Infeasible Qwen-8B 315 945 0.3397 0.3979 0.4222

Table 4: Some Pass@k results on Ambiguous, Changing, and Infeasible scenarios

Scenario Model Failed / Trials DB only COMM only Both

Ambiguous Qwen3-8B-FT 432 / 1419 212 187 33
Ambiguous Qwen3-8B 624 / 1419 276 169 168

Changing Qwen3-8B-FT 320 / 837 173 122 25
Changing Qwen3-8B 347 / 837 139 165 43

Table 5: Reward breakdown on failed trials.

mains a central bottleneck. Fine-tuning noticeably
reduces this failure type compared with the base
model, but communication failures become rela-
tively more prominent, especially in Ambiguous
and Changing scenarios. This suggests that once
basic execution improves, correctly interpreting un-
derspecified or evolving user intent becomes the
next major challenge.

C Human Validation of Generated Tasks

During task construction, we used an LLM-based
judge to determine task validity, which follows
common practice in recent synthetic data gener-
ation pipelines for agent training and evaluation
(Prabhakar et al., 2025; Xu et al., 2025).

To further examine task reliability, we also con-
ducted a small-scale human validation study to
sanity-check the generated tasks. We randomly
sampled 20 tasks from different scenarios and
asked a human annotator to review the task instruc-
tion, the full solution trace, and the environment/-
tool schema. Annotators were instructed to judge
validity based on whether the evaluation criteria
were aligned with the task itself.

Comparing overall validity labels between the
human annotator and the LLM judge yields 80%
agreement (16/20 tasks). Among the four disagree-
ments, the LLM judge marked three tasks as in-
valid that the human annotator considered valid
(false negatives), and marked one task as valid that
the human annotator considered invalid (false posi-
tive). These results suggest that the current judge
is reasonably reliable overall, while being slightly
conservative in borderline cases.

D Data Generation Prompt

Exploration prompt:

# Goal
You are an explorer agent in a

customer-service environment.↪→

Your task is to use the tools.
Try to first build a plausible

mini-scenario in your head (e.g.,
"user wants to cancel an item in an
order, then exchange another item
for a different item, also the user
wants to know the price difference
between the two items"), and explore
tools that would be useful in that
scenario.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

# Guidelines:
- Make exactly ONE tool call per turn.

Do not make multiple tool calls in a
single response.

↪→

↪→

- Should always starts with calling
find_user_id_by_email or
find_user_id_by_name_zip as
authentication.

↪→

↪→

↪→

- Before calling a tool that requires an
ID or specific parameter, first call
a tool that can provide that
information

↪→

↪→

↪→

- If a tool call fails, analyze why and
try a different approach↪→

- Provide brief reasoning about why
you're choosing each tool↪→

- When you get useful data (IDs, names,
etc.), use them in subsequent calls↪→
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Scenario Model Failed / Trials Prohibited only Required only Both

Infeasible Qwen3-8B-FT 401 / 945 55 311 55
Infeasible Qwen3-8B 624 / 945 267 200 151

Table 6: Reward breakdown on failed trials on Infeasible scenario.

Scenario Model Missing Action Comm. Failure Wrong Args Wrong Tool Policy Viol. Other

Ambiguous Qwen-8B-FT 183 (42.4%) 136 (31.5%) 98 (22.7%) 7 (1.6%) – 8 (1.9%)
Ambiguous Qwen3-8B 413 (66.2%) 87 (13.9%) 68 (10.9%) 18 (2.9%) 8 (1.3%) 30 (4.8%)

Changing Qwen-8B-FT 159 (49.7%) 97 (30.3%) 49 (15.3%) 5 (1.6%) 10 (3.1%) –
Changing Qwen3-8B 224 (64.6%) 58 (16.7%) 29 (8.4%) 7 (2.0%) 29 (8.4%) –

Table 7: Failure taxonomy across scenarios.

"""
Prompt templates for task summarization

from trajectories.↪→

"""

Task summarization prompt:

You are an expert at understanding
customer service interactions and
reverse-engineering customer intent
from agent actions.

↪→

↪→

↪→

You will be given a **trajectory** of
agent actions (tool calls and
responses) taken during a customer
service interaction. Your task is to
infer and generate a **user
scenario**, specifically what the
user wanted to accomplish and what
information they had.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

Your goal is to generate a **uniquely
actionable** user intention, one
that would lead the agent to perform
**exactly the same action sequence**
as observed.

↪→

↪→

↪→

↪→

Imagine you are the customer calling
customer service.↪→

### Requirements
1. The intent must contain **enough

information** for the agent to know
exactly which action to take (e.g.,
which order to cancel or which item
to exchange), but **omit unnecessary
enumeration** of all order items or
attributes if the order or item can
already be uniquely identified.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

2. Include only minimal, distinguishing
descriptors (e.g., product type or
compatibility) to make the action
uniquely identifiable. But avoid
vague phrasing such as "some items",
"one of the products", or "a
different item".

↪→

↪→

↪→

↪→

↪→

↪→

3. You can omit explicit IDs (e.g.,
`order_id`, `item_id`) but still
provide natural, unique identifiers
(e.g., "the glass water bottle in
your latest order").

↪→

↪→

↪→

↪→

4. You don't know the policy, so you may
have unrealistic queries.↪→

5. If the trajectory includes a
calculation result (e.g., refund
amount, price difference, remaining
balance), you can choose to include
the **exact numeric result** in
`direct_communication_info`. State
in `task_instructions` that the user
wants to know or act based on that
amount. Do **not** include
intermediate calculations or
unnecessary numbers.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

6. Act like a real user.
7. Every successful write action in the

trajectory **must be explicitly
reflected** in the user's intent.
(e.g. cancel_pending_order,
modify_pending_order). The scenario
should make these actions
*necessary*, not incidental.

↪→

↪→

↪→

↪→

↪→

↪→

Please provide ONLY a JSON object with
the following three fields:↪→
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1. "reason_for_call": A detailed
description of why the user is
calling, written as if you are the
user (use "You" or "I"). Include
specific details like order numbers,
product names, desired changes,
preferences, and any conditions or
alternatives.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

2. "known_info": What information the
user knows and can provide (e.g.,
"You are [Name] in zip code [ZIP]",
order numbers, etc.). The user
should at least either know their
name and zip code, or know their
email address.

↪→

↪→

↪→

↪→

↪→

↪→

3. "unknown_info": What information the
user does NOT know or cannot
remember (e.g., "You do not remember
your email address")

↪→

↪→

↪→

4. "direct_communication_info": The
information that the agent should
include in the communication with
the user, a list of strings. This is
optional and only includes minimal
information.

↪→

↪→

↪→

↪→

↪→

Good example:
{
"reason_for_call": "You received your

order #W2378156 and wish to
exchange the mechanical keyboard
for a similar one but with clicky
switches and the smart thermostat
for one compatible with Google
Home instead of Apple HomeKit. If
there is no keyboard that is
clicky, RGB backlight, full size,
you'd go for no backlight. You
also want to check the price
difference of the exchange.",

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

"known_info": "You are Yusuf Rossi in
zip code 19122.",↪→

"unknown_info": "You do not remember
your email address."↪→

"direct_communication_info": ["10.2"]
}

Bad examples:
{
"reason_for_call": "You want to

exchange some items for cheaper
ones and check the price
difference.",

↪→

↪→

↪→

"direct_communication_info": ["The
price difference is 10.2"]↪→

}
{
"reason_for_call": "You want to cancel

your pending order #W6436609 which
includes a ceramic kettle, a
smartwatch, and a laptop, because
you no longer need any of them.",

↪→

↪→

↪→

↪→

"direct_communication_info": ["I can't
cancel the order because it has
already been shipped."]

↪→

↪→

}

Return ONLY the JSON object, no
additional text or explanation."""↪→

Infeasible scenario task summarization prompt:

You are an expert at understanding
customer service interactions and
reverse-engineering customer intent
from agent actions.

↪→

↪→

↪→

You will be given a **trajectory** of
agent actions (tool calls and
responses) taken during a customer
service interaction.

↪→

↪→

↪→

Your goal is to generate a **uniquely
actionable** user intention, one
that would lead the agent to perform
**exactly the same action sequence**
as observed.

↪→

↪→

↪→

↪→

Imagine you are the customer calling
customer service.↪→

### Here are the domain policies:
{RETAIL_DOMAIN_POLICY}

The task you generated should be
**infeasible** to be handled by the
agent. These queries can either be
out of tool constraints or against
the domain policies.

↪→

↪→

↪→

↪→

### Requirements
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1. As a real user, you don't know the
policy, you make unrealistic queries
that are not possible to be handled
by the agent. These queries can
either be out of tool constraints or
against the domain policies.

↪→

↪→

↪→

↪→

↪→

2. The intent must contain **enough
information** for the agent to know
exactly which action to take (e.g.,
which order to cancel or which item
to exchange), but **omit unnecessary
enumeration** of all order items or
attributes if the order or item can
already be uniquely identified.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

3. Include only minimal, distinguishing
descriptors (e.g., product type or
compatibility) to make the action
uniquely identifiable. But avoid
vague phrasing such as "some items",
"one of the products", or "a
different item".

↪→

↪→

↪→

↪→

↪→

↪→

4. You can omit explicit IDs (e.g.,
`order_id`, `item_id`) but still
provide natural, unique identifiers
(e.g., "the glass water bottle in
your latest order").

↪→

↪→

↪→

↪→

5. You don't know the policy, so you may
have unrealistic queries.↪→

6. If the trajectory includes a
calculation result (e.g., refund
amount, price difference, remaining
balance), you can choose to include
the **exact numeric result** in
`direct_communication_info`. State
in `task_instructions` that the user
wants to know or act based on that
amount. Do **not** include
intermediate calculations or
unnecessary numbers.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

7. Act like a real user.
8. Every successful write action in the

trajectory **must be explicitly
reflected** in the user's intent.
(e.g. cancel_pending_order,
modify_pending_order). The scenario
should make these actions
*necessary*, not incidental.

↪→

↪→

↪→

↪→

↪→

↪→

Please provide ONLY a JSON object with
the following three fields:↪→

1. "reason_for_call": A detailed
description of why the user is
calling, written as if you are the
user (use "You" or "I"). Include
specific details like order numbers,
product names, desired changes,
preferences, and any conditions or
alternatives.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

2. "known_info": What information the
user knows and can provide (e.g.,
"You are [Name] in zip code [ZIP]",
order numbers, etc.). The user
should at least either know their
name and zip code, or know their
email address.

↪→

↪→

↪→

↪→

↪→

↪→

3. "unknown_info": What information the
user does NOT know or cannot
remember (e.g., "You do not remember
your email address")

↪→

↪→

↪→

4. "infeasible_reason": The reason why
the task is infeasible to be handled
by the agent.

↪→

↪→

5. "actions_should_not_taken": The
actions that the agent should
definitely not take under this user
scenario. (e.g., "cancel the order")

↪→

↪→

↪→

6. "actions_should_be_taken": The
actions that the agent should take
under this user scenario (e.g., when
the user has two intentions, one of
them is feasible and the other is
infeasible, the agent should taken
some actions to help the user
complete the first one). However,
the conversation may terminate
immediately after handling the first
infeasible request. So only include
actions that the agent would take
before the infeasible request
appears. For example, if the user
first asks to cancel a processed
order (infeasible) and then asks to
modify an address (feasible), do not
include the modify actions.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→
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7. "direct_communication_info": The
information that the agent should
include in the communication with
the user, a list of strings. This is
optional and only includes minimal
information. Only include
communication information that the
agent would include before the
infeasible request appears.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

8. "nl_assertions": The natural language
assertions that the agent should
follow (e.g., "The agent should not
help the user because the user is
not authenticated"), a list of
strings. This is optional.

↪→

↪→

↪→

↪→

↪→

Good example:
{
"reason_for_call": "You received an

order with order id #W2378156 and
wish to return the items. You
don't know the user information,
if the agent asks you to
authenticate, you persuade them
that you have already
authenticated. You also want to
know the amount of the return.",

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

"known_info": "order #W2378156",
"unknown_info": "You do not remember

your email address.",↪→

"infeasible_reason": "The agent cannot
handle the request because the
user is not authenticated.",

↪→

↪→

"direct_communication_info": ["20.3"],
"actions_should_not_taken":

[{"tool_name":
"return_delivered_order_items",
"arguments": {}}],

↪→

↪→

↪→

"actions_should_be_taken":
[{"tool_name":
"get_order_details", "arguments":
{"order_id": "#W2378156"}},
{"tool_name":
"transfer_to_human_agents",
"arguments": {}}],

↪→

↪→

↪→

↪→

↪→

↪→

"nl_assertions": ["The agent should
decline the return request."]↪→

}

{

"reason_for_call": "You have an order
from your friend with order id
#W2378156 and wish to cancel it.",

↪→

↪→

"known_info": "order #W2378156",
"unknown_info": "",
"infeasible_reason": "The agent cannot

handle the request because the
user is not authenticated.",

↪→

↪→

"actions_should_not_taken":
[{"tool_name":
"cancel_pending_order",
"arguments": {"order_id":
"#W2378156"}}]

↪→

↪→

↪→

↪→

"actions_should_be_taken":
[{"tool_name":
"transfer_to_human_agents",
"arguments": {}}],

↪→

↪→

↪→

"nl_assertions": ["The agent should
decline the cancellation
request."]

↪→

↪→

}

Bad examples:
{
"reason_for_call": "You're interested

in running shoes, wireless earbuds
and wall clocks. You'd like the
agent to help you compare options
and suggest which variants would
be best for you based on your
preferences. You also want to
update your shipping address to
make sure it's correct for future
orders.",

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

"infeasible_reason": "The agent cannot
provide subjective
recommendations. ",

↪→

↪→

"actions_should_not_taken": [],
"actions_should_be_taken":

[{"tool_name":
"modify_user_address",

↪→

↪→

"arguments": {}],
"nl_assertions": ["The agent should

decline the request."]↪→

}
{
"reason_for_call": "You want to cancel

your pending order #W6436609 which
includes a ceramic kettle, a
smartwatch, and a laptop, because
you no longer need any of them.",

↪→

↪→

↪→

↪→

}
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Return ONLY the JSON object, no
additional text or explanation."""↪→

Changing scenario task summarization prompt:

You are an expert at understanding
customer service interactions and
reverse-engineering customer intent
from agent actions.

↪→

↪→

↪→

You will be given a trajectory of agent
actions (tool calls and responses)
taken during a customer service
interaction.

↪→

↪→

↪→

Your goal is to generate a **uniquely
actionable** user intention, one
that would lead the agent to perform
**exactly the same action sequence**
as observed.

↪→

↪→

↪→

↪→

In the meantime, the task you generated
should involve user intent change.↪→

Imagine you are the customer calling
customer service.↪→

### Requirements
1. The task you generated should involve

changing user intent, which could be
either change of mind when dealing
with a specific issue. The task
should remain realistic.

↪→

↪→

↪→

↪→

2. The intent must contain **enough
information** for the agent to know
exactly which action to take (e.g.,
which order to cancel or which item
to exchange), but **omit unnecessary
enumeration** of all order items or
attributes if the order or item can
already be uniquely identified.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

3. Include only minimal, distinguishing
descriptors (e.g., product type or
compatibility) to make the action
uniquely identifiable. But avoid
vague phrasing such as "some items",
"one of the products", or "a
different item".

↪→

↪→

↪→

↪→

↪→

↪→

4. You can omit explicit IDs (e.g.,
`order_id`, `item_id`) but still
provide natural, unique identifiers
(e.g., "the glass water bottle in
your latest order").

↪→

↪→

↪→

↪→

5. You don't know the policy, so you may
have unrealistic queries.↪→

6. If the trajectory includes a
calculation result (e.g., refund
amount, price difference, remaining
balance), you can choose to include
the **exact numeric result** in
`direct_communication_info`. State
in `task_instructions` that the user
wants to know or act based on that
amount. Do **not** include
intermediate calculations or
unnecessary numbers.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

7. Act like a real user.
8. Every successful write action in the

trajectory **must be explicitly
reflected** in the user's intent.
(e.g. cancel_pending_order,
modify_pending_order). The scenario
should make these actions
*necessary*, not incidental.

↪→

↪→

↪→

↪→

↪→

↪→

Please provide ONLY a JSON object with
the following three fields:↪→

1. "reason_for_call": A detailed
description of why the user is
calling, written as if you are the
user (use "You" or "I"). Include
specific details like order numbers,
product names, desired changes,
preferences, and any conditions or
alternatives.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

2. "known_info": What information the
user knows and can provide (e.g.,
"You are [Name] in zip code [ZIP]",
order numbers, etc.). The user
should at least either know their
name and zip code, or know their
email address.

↪→

↪→

↪→

↪→

↪→

↪→

3. "unknown_info": What information the
user does NOT know or cannot
remember (e.g., "You do not remember
your email address")

↪→

↪→

↪→

44037



4. "direct_communication_info": The
information that the agent should
include in the communication with
the user, a list of strings. This is
optional and only includes minimal
information.

↪→

↪→

↪→

↪→

↪→

Good example:
{
"reason_for_call": "You received your

order #W2378156 and wish to
exchange the mechanical keyboard
for a similar one but with clicky
switches and the smart thermostat
for one compatible with Google
Home instead of Apple HomeKit. You
also want to know the price
difference of the exchange. If the
agent ask you to confirm, you
don't exchange.",

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

"unknown_info": "You do not remember
your email address.",↪→

"direct_communication_info": ["10.2"],
}

{
"reason_for_call": "You received your

order wish to cancel the order
with gaming items because you
don't need it anymore. Then you
wish to exchange the water bottle
in another order for a more
expensive one.",

↪→

↪→

↪→

↪→

↪→

↪→

"unknown_info": "You do not remember
your email address."↪→

}
Bad examples:
{
"reason_for_call": "You want to

exchange some items for cheaper
ones and check the price
difference.",

↪→

↪→

↪→

}
{
"reason_for_call": "You want to cancel

your pending order #W6436609,
because you no longer need any of
them.",

↪→

↪→

↪→

}
Return ONLY the JSON object, no

additional text or explanation."""↪→

Task validity check prompt:

You are an expert judge evaluating the
validity of a customer service task
and its verification trajectory.

↪→

↪→

IMPORTANT CONTEXT:
- The trajectory was generated via

**exploration**, and may include
redundant, trial-and-error, or noisy
actions.

↪→

↪→

↪→

- You should NOT penalize unnecessary
intermediate actions **as long as**:↪→

1) The actions does not change the
FINAL DATABASE STATE↪→

2) All REQUIRED USER-FACING
COMMUNICATION is correctly
provided

↪→

↪→

- Your evaluation should focus on
**final effects**, not on whether
the agent followed an optimal or
minimal path.

↪→

↪→

↪→

# TASK DESCRIPTION

Domain: {domain}

User Scenario (from user's perspective):
- Reason for Call: {reason_for_call}
- Known Information: {known_info}
- Unknown Information: {unknown_info}
- Task Instructions: {task_instructions}

# TRAJECTORY (Exploration Execution
Trace)↪→

This is the full execution trace
produced by the agent during
exploration.

↪→

↪→

It may include redundant or exploratory
actions.↪→

You should evaluate correctness and
necessity **based on the FINAL
STATE** implied by this trajectory,
not on the exact action path.

↪→

↪→

↪→

{trajectory_text}

# REQUIRED COMMUNICATION WITH USER
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This specifies the information that MUST
be communicated to the user (e.g.,
price difference, refund amount).

↪→

↪→

Only evaluate whether this information
is:↪→

- Required by the task
- Correctly supported by the execution

trace↪→

{communication_text}

# EVALUATION TASK

Please evaluate this task-trajectory
pair on four criteria:↪→

## 1. REALISM (Score 1-10)
Is the user's request realistic?
- Would a real user plausibly make this

request?↪→

- Is the motivation clear and
reasonable?↪→

- Are the details (names, order numbers,
product types) enough to uniquely
identify what needs to be done?

↪→

↪→

## 2. NECESSITY (Score 1-10)
Does the trajectory achieve all the

effects required by the task?↪→

- Are there missing critical actions
that should have been taken?↪→

- Are there any **database write effects
** (e.g., modify order information)
that contradict or exceed what the
task instructions allow?

↪→

↪→

↪→

- Is the communication information
explicitly mentioned in the user's
request? (e.g. if the user asks for
the price difference or total price,
the agent should tell the number)

↪→

↪→

↪→

↪→

## 3. CORRECTNESS (Score 1-10)
Does the task description match what the

trajectory accomplishes?↪→

- Does the trajectory solve the user's
stated problem?↪→

- Are the actions aligned with the task
description?↪→

- Is the information flow logical?

- Do the tool call arguments match the
task context?↪→

- If there is any communication
information related to price, is it
correctly supported by the execution
trace and does it match the task
instructions?

↪→

↪→

↪→

↪→

# OUTPUT FORMAT

Provide your evaluation as a JSON object
with the following structure:↪→

{{
"evaluations": {{
"realism": {{
"score": <1-10>,
"explanation": "<why you gave this

score>",↪→

"issues": [<list of specific
issues found, or empty array>]↪→

}},
"necessity": {{
"score": <1-10>,
"explanation": "<why you gave this

score>",↪→

"issues":
[
{{
"missing_critical_actions":

<list of missing required
actions to achieve the
task>

↪→

↪→

↪→

}},
{{
"unauthorized_write_actions":

<list of actions that
write to the database but
are not mentioned in the
task instructions>

↪→

↪→

↪→

↪→

}},
{{
"unmotivated_communication":

<list of communication
items not asked by the
task scenario>

↪→

↪→

↪→

}}
]
}},

"correctness": {{
"score": <1-10>,
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"explanation": "<why you gave this
score>",↪→

"issues":
[
{{
"unsupported_communication":

<list of communication
items not match the task
instructions>

↪→

↪→

↪→

}},
{{

"other_issues": <list of
other issues found>↪→

}}
]

}},
}},
"suggestions": [<list of suggestions

for improvement>],↪→

}}

Return ONLY the JSON object, no
additional text or explanation
outside the JSON.

↪→

↪→

"""

Infeasible scenario task validity check prompt:

You are an expert judge evaluating the
validity of a customer service task.
This scenario is an INFEASIBLE
scenario, where the user's request
is infeasible to be handled by the
agent. The user might have several
intentions in the task. The task
might terminate after the infeasible
request is made during simulation.
You are provided with the user
scenario, the domain policy, the
prohibited actions, the required
actions, the required communication
information, and an toolcall
trajectory. Note: The toolcall
trajectory was generated via
**exploration**, and may include
redundant, trial-and-error, or noisy
actions. It's not the final
trajectory that the agent will
follow. You can use the trajectory
to understand the user's intentions,
the agent's actions, and scenario
context, but you should not use the
trajectory to directly evaluate the
correctness and necessity of the
task.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

# TASK DESCRIPTION

Domain: {domain}

User Scenario (from user's perspective):
- Reason for Call: {reason_for_call}
- Known Information: {known_info}
- Unknown Information: {unknown_info}
- Task Instructions: {task_instructions}

# DOMAIN POLICY
{domain_policy}

# Why This Task Is Infeasible:
{infeasible_reason}

# Forbidden Actions:
{forbidden_actions_text}

# Required Actions:
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{required_actions_text}

# REQUIRED COMMUNICATION WITH USER

This specifies the information that MUST
be communicated to the user (e.g.,
price difference, refund amount).

↪→

↪→

Only evaluate whether this information
is:↪→

- Required by the task
- Correctly supported by the execution

trace↪→

{communication_text}

# TRAJECTORY (Exploration Execution
Trace)↪→

This is the full execution trace
produced by the agent during
exploration.

↪→

↪→

It may include redundant or exploratory
actions.↪→

You should evaluate correctness and
necessity **based on the FINAL
STATE** implied by this trajectory,
not on the exact action path.

↪→

↪→

↪→

{trajectory_text}

# EVALUATION TASK

For INFEASIBLE scenarios, evaluate
whether the user's request cannot be
fulfilled and the prohibited actions
and required actions are reasonable
and well-specified. Please evaluate
this task-trajectory pair on four
criteria:

↪→

↪→

↪→

↪→

↪→

↪→

## 1. REALISM (Score 1-10)
- Would a real user plausibly make this

request?↪→

- Is the motivation clear and
reasonable?↪→

- Are the details (names, order numbers,
product types) enough to uniquely
identify what needs to be done?

↪→

↪→

- Does the user's lack of policy
knowledge seem natural?↪→

## 2. NECESSITY (Score 1-10)
- If any part of the task is feasible,

are all the required actions and
communication information needed to
achieve the feasible part of the
task before the infeasible request
is made?

↪→

↪→

↪→

↪→

↪→

- Are there any **database write effects
** (e.g., modify order information)
in the required actions that
contradict or exceed what the task
instructions allow?

↪→

↪→

↪→

↪→

- Is the communication information
explicitly mentioned in the user's
request? (e.g. if the user asks for
the price difference or total price,
the agent should tell the number)

↪→

↪→

↪→

↪→

## 3. CORRECTNESS (Score 1-10)
- Are the required actions well defined

(tool call names / arguments)?↪→

- Are the tool call arguments in the
required actions reasonable?↪→

- If there is any communication
information related to price, is it
correctly supported by the toolcall
trajectory?

↪→

↪→

↪→

## 4. INFEASIBILITY_REASONABILITY (Score
1-10)↪→

- Do the forbidden actions genuinely
need to be avoided (align with the
stated policy and the infeasibility
reason)?

↪→

↪→

↪→

- Are forbidden actions well defined
(tool call names / arguments)?↪→

- Are the tool call arguments in the
forbidden actions reasonable?↪→

- Is the infeasible_reason coherent with
the domain and the user request?↪→

# OUTPUT FORMAT

Provide your evaluation as a JSON object
with the following structure:↪→
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{{
"evaluations": {{
"realism": {{
"score": <1-10>,
"explanation": "<why you gave this

score>",↪→

"issues": [<list of specific
issues found, or empty array>]↪→

}},
"necessity": {{
"score": <1-10>,
"explanation": "<why you gave this

score>",↪→

"issues":
[
{{
"unreasonable_required_actions":

<list of required actions
that are not reasonable>

↪→

↪→

}},
{{
"unmotivated_communication":

<list of communication
items not asked by the
task scenario>

↪→

↪→

↪→

}}
]
}},

"correctness": {{
"score": <1-10>,
"explanation": "<why you gave this

score>",↪→

"issues":
[
{{
"underdefined_required_actions":

<list of required actions
that are not well defined>

↪→

↪→

}},
{{
"other_issues": <list of other

issues found>↪→

}}
]

}},
"infeasibility_reasonability": {{
"score": <1-10>,
"explanation": "<why you gave this

score>",↪→

"issues":
[
{{

"underdefined_forbidden_actions":
<list of forbidden actions
that are not well defined>

↪→

↪→

}},
{{
"other_issues": <list of other

issues found>↪→

}}
]

}},
}},
"suggestions": [<list of suggestions

for improvement>],↪→

}}
"""

Changing scenario task validity check prompt:

You are an expert judge evaluating the
validity of a customer service task
and its verification trajectory.

↪→

↪→

IMPORTANT CONTEXT:
- The trajectory was generated via

**exploration**, and may include
redundant, trial-and-error, or noisy
actions.

↪→

↪→

↪→

- You should NOT penalize unnecessary
intermediate actions **as long as**:↪→

1) The actions does not change the
FINAL DATABASE STATE↪→

2) All REQUIRED USER-FACING
COMMUNICATION is correctly
provided

↪→

↪→

- Your evaluation should focus on
**final effects**, not on whether
the agent followed an optimal or
minimal path.

↪→

↪→

↪→

# TASK DESCRIPTION

Domain: {domain}

User Scenario (from user's perspective):
- Reason for Call: {reason_for_call}
- Known Information: {known_info}
- Unknown Information: {unknown_info}
- Task Instructions: {task_instructions}

# TRAJECTORY (Exploration Execution
Trace)↪→
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This is the full execution trace
produced by the agent during
exploration.

↪→

↪→

It may include redundant or exploratory
actions.↪→

You should evaluate correctness and
necessity **based on the FINAL
STATE** implied by this trajectory,
not on the exact action path.

↪→

↪→

↪→

{trajectory_text}

# REQUIRED COMMUNICATION WITH USER

This specifies the information that MUST
be communicated to the user (e.g.,
price difference, refund amount).

↪→

↪→

Only evaluate whether this information
is:↪→

- Required by the task
- Correctly supported by the execution

trace↪→

{communication_text}

# EVALUATION TASK

Please evaluate this task-trajectory
pair on four criteria:↪→

## 1. REALISM (Score 1-10)
Is the user's request realistic?
- Would a real user plausibly make this

request?↪→

- Is the motivation clear and
reasonable?↪→

- Are the details (names, order numbers,
product types) enough to uniquely
identify what needs to be done?

↪→

↪→

## 2. NECESSITY (Score 1-10)
Does the trajectory achieve all the

effects required by the task?↪→

- Are there missing critical actions
that should have been taken?↪→

- Are there any **database write effects
** (e.g., modify order information)
that contradict or exceed what the
task instructions allow?

↪→

↪→

↪→

- Is the communication information
explicitly mentioned in the user's
request? (e.g. if the user asks for
the price difference or total price,
the agent should tell the number)

↪→

↪→

↪→

↪→

## 3. CORRECTNESS (Score 1-10)
Does the task description match what the

trajectory accomplishes?↪→

- Does the trajectory solve the user's
stated problem?↪→

- Are the actions aligned with the task
description?↪→

- Is the information flow logical?
- Do the tool call arguments match the

task context?↪→

- If there is any communication
information related to price, is it
correctly supported by the execution
trace and does it match the task
instructions?

↪→

↪→

↪→

↪→

## 4. CHANGING_SCENARIO_RELEVANCE
(True/False)↪→

Does the user task involve changing of
user intent? This includes but is
not limited to:

↪→

↪→

- Change of mind when dealing with a
specific issue (e.g., initially
wants to cancel the order, but
during confirmation decides to
exchange it instead).

↪→

↪→

↪→

↪→

- Dealing with multiple issues (e.g.,
the user wants to cancel the order
and change the payment method, or
the user found out that the order is
not eligible for exchange and ask
for human help)

↪→

↪→

↪→

↪→

↪→

- The user have multiple requests that
are not related to each other (e.g.,
the user wants to cancel the order
and modify the address)

↪→

↪→

↪→
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Mark as False when the user expresses a
single stable intent, even if it
reflects a changed personal
preference (e.g., the user says they
want to return a delivered item
because they changed their mind,
this is still one intent: returning
the item).

↪→

↪→

↪→

↪→

↪→

↪→

↪→

# OUTPUT FORMAT

Provide your evaluation as a JSON object
with the following structure:↪→

{{
"evaluations": {{
"realism": {{
"score": <1-10>,
"explanation": "<why you gave this

score>",↪→

"issues": [<list of specific
issues found, or empty array>]↪→

}},
"necessity": {{
"score": <1-10>,
"explanation": "<why you gave this

score>",↪→

"issues":
[
{{
"missing_critical_actions":

<list of missing required
actions to achieve the
task>

↪→

↪→

↪→

}},
{{
"unauthorized_write_actions":

<list of actions that
write to the database but
are not mentioned in the
task instructions>

↪→

↪→

↪→

↪→

}},
{{
"unmotivated_communication":

<list of communication
items not asked by the
task scenario>

↪→

↪→

↪→

}}
]
}},

"correctness": {{

"score": <1-10>,
"explanation": "<why you gave this

score>",↪→

"issues":
[
{{
"unsupported_communication":

<list of communication
items not match the task
instructions>

↪→

↪→

↪→

}},
{{

"other_issues": <list of
other issues found>↪→

}}
]

}},
"changing_scenario_relevance": {{
"score": <True/False>,
"explanation": "<why you gave this

score>",↪→

"issues": [<list of specific
issues found, or empty array>]↪→

}},
}},
"suggestions": [<list of suggestions

for improvement>],↪→

}}

Return ONLY the JSON object, no
additional text or explanation
outside the JSON."""

↪→

↪→

"""
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