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Abstract

Tool-use agents that address day-to-day digital
tasks such as ordering groceries must not only
operate applications, but also interact with the
user, e.g., to ask clarification questions, prompt
for confirmation, and inform the user when the
instruction is infeasible. However, current bench-
marks for evaluating agent-user interactions do
not capture the diversity of such interactions. Fur-
ther, they operate in small environments with few,
often non-state-changing, APIs. To address this
gap, we introduce AppWorld-UL, a “user-in-the-
loop” benchmark of 516 challenging tasks requir-
ing diverse agent-user interactions. Building upon
the AppWorld framework with 9 popular simu-
lated apps like Amazon and Spotify, we system-
atically modify original tasks to introduce am-
biguities and constraints that necessitate various
types of agent-user interaction. User behavior
is simulated by an LLM prompted to respond
with carefully designed knowledge boundaries,
offering more reliable simulation than the uncon-
strained or overly rigid alternatives used in prior
work. Our evaluation reveals that a state-of-the-
art LLM, Claude Opus 4.7, achieves only 48.6%
success on AppWorld-UL, and only 35.7% on
the harder, compositional subset. On the stricter,
scenario-level metric, compositional task perfor-
mance drops to only 21.3%. Our analysis reveals
that correct user-interaction is crucial for success.
This demonstrates the benchmark’s difficulty and
its potential to advance research on user-in-the-
loop tool-use agents.1
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Return the shirt I bought last week on Amazon, and buy it in the
next larger size. Confirm before buying, if it has increased in price.

You've ordered Nike and Adidas shirts last
week. Which one do you want to return?

The large size has doubled in price!
Do you still want to go with the purchase?

Nike T-shirt is not available in the larger
(medium) size. What would you like to do?

Yes, please go ahead!

Please return the Nike shirt.

Let's go with the large size then.

Under-
specification

Infeasibility

Need for
Approval

Agent logs in to user's Amazon account and
looks up their last weeks orders.

Agent returns the Nike shirt and looks it up in
a larger size for a purchase.

Agent looks up the price for Nike shirt's large size,
and compares with the original price from the order.

Agent purchases the finalized shirt.

Figure 1. Three phenomena that necessitate agent-user interaction
in AppWorld-UL. Underspecification: clarifying which path to
take when multiple paths are available. Infeasibility: commu-
nicating infeasibility when it arises. Need for Approval: Seek-
ing explicit confirmation before executing actions with high cost.
Agent-Environment interactions are hidden.

1. Introduction
LLM-based agents have demonstrated strong capabilities
across a wide range of domains, including code genera-
tion, reasoning, and tool-use (OpenAI, 2025; Google, 2025;
Anthropic, 2025; Qwen, 2025; Kimi, 2025). However,
most existing benchmarks evaluate agents on fully spec-
ified tasks (Jimenez et al., 2024; Zhou et al., 2024; Merrill
et al., 2026; Trivedi et al., 2024), where goals are clear,
complete, and fixed from the outset. In contrast, real-world
task solving is inherently user-in-the-loop: users often be-
gin with vague, underspecified, or even infeasible goals,
and iteratively refine their intent as the agent explores the
environment and uncovers new information. This process
gives rise to diverse forms of agent–user interaction that go
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beyond simply executing a fixed instruction.

To better capture these interactions, recent benchmarks have
begun to incorporate explicit agent–user communication
into their task definitions (Yao et al., 2024; Mao et al., 2024;
Lu et al., 2025; Qian et al., 2025). However, despite this
progress, existing benchmarks remain limited in their ability
to capture the complexity of user-in-the-loop task solving.
In particular, they fall short along three key dimensions that
are central to realistic agent deployment.

First, existing interactive benchmarks capture only a
narrow range of agent–user interaction types, with in-
teraction patterns are often restricted to simple clarification
questions. In contrast, real user-in-the-loop task comple-
tion involves richer behavior. As illustrated in Figure 1,
when asked to return a shirt and buy it in a larger size, an
agent may discover the user ordered multiple shirts and must
ask which to return (underspecification). Upon checking
availability, it may find that the larger size isn’t available,
needing an alternative (infeasibility). Before completing
the purchase, it may detect a price increase and seek ex-
plicit approval to proceed (confirmation-requiring). These
interaction patterns—clarification, infeasibility, and need
for approval—are fundamental to real-world deployment,
yet are largely absent from existing benchmarks.

Second, most prior benchmarks do not simulate a user
in a balanced manner. Some rely on highly constrained
user models with hard-coded messages inserted at fixed po-
sitions in the dialogue (Mao et al., 2024), while others use
overly unconstrained simulators that introduce variability,
making interactions difficult to reproduce and failures hard
to attribute to either the agent or the simulator (Yao et al.,
2024). A robust benchmark requires a middle ground: a sim-
ulator flexible enough to respond naturally, yet constrained
enough to ensure stability and isolate the agent’s behavior.

Third, existing interactive benchmarks are often defined
in relatively small environments, containing fewer, of-
ten non-state-changing APIs. This limits the complexity
of the agent’s planning and long-horizon decision-making.
In real applications, agents must operate in rich tool-use
environments with many interdependent actions while si-
multaneously managing interactions with the user.

To bridge these gaps, we introduce User-in-the-Loop App-
World (AppWorld-UL), a benchmark of digital agent tasks
that explicitly require agent–user interaction. Rather than
constructing interactive scenarios from scratch, we develop
a systematic perturbation-based methodology that trans-
forms well-defined autonomous agent tasks into diverse
user-in-the-loop variants. The key idea is to introduce spe-
cific, known gaps in task instructions and environment states
that can only be filled through user interaction. This allows
us to gain precise knowledge of what the agent doesn’t know

and when it needs user input.

This controllability unlocks three critical capabilities. First,
it enables balanced user simulation; we can simulate the user
to respond with a well-defined and constrained knowledge
set, avoiding both the rigidity of rule-based approaches and
the instability of unconstrained LLM-based users. Second,
it provides programmatic evaluation of interaction quality
itself, since we can verify whether the agent identified and
sought all necessary information, not just whether it suc-
ceeded at the task. Third, it gives us systematic control to
introduce each interaction type individually across diverse
scenarios while reusing the substantial engineering effort
invested in building complex agent benchmarks.

AppWorld-UL is built on top of AppWorld (Trivedi et al.,
2024), a large tool-use environment and a benchmark span-
ning nine everyday applications and over 475 APIs. Our
benchmark inherits AppWorld’s rich environment, state-
changing APIs, long-horizon tasks, and programmatic test-
based evaluation, while enabling diverse user–agent inter-
action dynamics. This combination of complex tool use
within a large environment alongside adaptive user commu-
nication better reflects the challenges of real-world agent de-
ployment. Through systematic perturbations, we create 516
tasks. Among them, 306 require exactly one of three interac-
tion types: clarification for underspecified goals, infeasibil-
ity communication for unattainable goals, or confirmation-
seeking when necessary. Another 210 tasks involve combi-
nations of two or three interaction types.

We evaluate tool-use and code agents built using various
frontier LLMs and find that even state-of-the-art systems
struggle substantially on our user-in-the-loop tasks. The
best-performing agent, a code agent using Claude Opus
4.7, achieves only 48.6% success, while GPT-5.5 achieves
41.8%. Our ablations with GPT-5.5 show that when pro-
vided with oracle knowledge, this success rate increases
to 78.1%, showing that much of the difficulty in solving
user-in-the-loop tasks comes from the need for agent-user
interaction.

In summary, we make the following contributions:

1. A perturbation-based method for systematically creat-
ing user-in-the-loop tasks for three interaction types—
underspecification, infeasibility, and confirmation-
seeking—as well as their compositions.

2. AppWorld-UL: A benchmark of 516 manually designed
tasks that combine long-horizon tool use with adaptive
user communication in a large stateful environment.

3. Empirical evidence that interaction is essential for suc-
cess on Appworld-UL tasks and contributes substantially
to their difficulty, beyond environment complexity alone.
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2. Related Work
Human-Agent Interaction in the Real World. In the real
world, LLM-based agents are used across domains such as
writing, data analysis, education, and software development,
where they are predominantly deployed within user-in-the-
loop workflows rather than operating in a fully autonomous
manner (Chung et al., 2022; Kim et al., 2024; Guo et al.,
2024; Subramonyam et al., 2024; He et al., 2025; Mah-
mood et al., 2025; Epperson et al., 2025; Mozannar et al.,
2024). Empirical studies in such settings reveal recurring
failure modes when agents lack the ability to effectively in-
teract with users. Insufficient requirement clarification often
leads to misaligned outputs, as agents rarely ask follow-
up questions or negotiate evolving goals and constraints,
forcing users to repeatedly revise prompts and reinterpret
results (Guo et al., 2024; Subramonyam et al., 2024). A
lack of process visibility and controllability further limits
users’ ability to inspect intermediate steps and intervene
before errors propagate, particularly in analytical and multi-
step tasks (He et al., 2025). Agents also exhibit weak error
detection and recovery, failing to pause, roll back, or re-
quest guidance when errors occur (Mahmood et al., 2025;
Epperson et al., 2025). These works suggest agents should
act as collaborative partners—querying users under uncer-
tainty, exposing intermediate states, and seeking approval—
motivating benchmarks for user-in-the-loop settings.

User-in-the-Loop Environment for Agent Evaluation.
Benchmarks such as τ -bench (Yao et al., 2024), τ2-
bench (Barres et al., 2025), ColBench (Zhou et al., 2025),
and Sketch2Code (Li et al., 2024) emphasize collaborative,
multi-turn execution, where agents interact with a user to
progressively refine task understanding and execution. How-
ever, these benchmarks rely on simulated users with weak
or ill-defined knowledge boundaries. The simulated user is
often responsible not only for answering the agent’s ques-
tions but also for comparing agent outputs against ground
truth, providing corrective feedback, and deciding when
to terminate interaction. This makes user behavior under-
constrained and unstable, introducing significant variance
in evaluation outcomes (Seshadri et al., 2026).

In contrast, BFCLv3 (Mao et al., 2024) proposes a fully con-
trollable multi-turn evaluation setting through a rule-based
user, where the user simply reveals a predefined sequence
of user queries step by step. While this design ensures
high stability and reproducibility of user behavior, it signifi-
cantly limits the user’s ability to respond to agent-initiated
questions or adapt to intermediate agent actions. Conse-
quently, the interaction pattern fails to capture real-world
user-in-the-loop workflows, where users actively negotiate
constraints, clarify intentions, and intervene during execu-
tion. UserBench (Qian et al., 2025) and ToolSandbox (Lu
et al., 2025) attempt to strike a better balance between flexi-

bility and reliability by introducing knowledge-constrained
simulated users. Nevertheless, these benchmarks are built
on relatively small environments and capture a limited range
of agent–user interaction types. Compared to these prior
works, AppWorld-UL introduces a knowledge-constrained
simulated user that explicitly balances user flexibility and
evaluation reliability, while supporting a broader spectrum
of agent–user interaction patterns. Moreover, AppWorld-UL
operates in a large-scale, stateful environment, comprising
approximately 475 APIs across 9 applications.

3. Agent-User Interactions
Real-world agent deployment requires handling tasks where
user intent evolves through interaction. Given a task, the
agent may encounter situations where it cannot proceed
because critical information resides with the user and must
be elicited through explicit communication. We identify
three common scenarios that trigger such interactions:

1. Underspecified Goals. The agent discovers that a part
of the task can be accomplished through multiple dis-
tinct paths, each leading to different outcomes, and the
original instruction provides insufficient information to
choose among them. For example, when asked to ”re-
turn the shirt I bought last week,” the agent may find
multiple recent shirt purchases and must ask the user
which one to return. The number of viable paths may be
small and enumerable (e.g., two shirts) or large and diffi-
cult to fully enumerate (e.g., dozens of available flight
options). In either case, the agent must recognize the
ambiguity, present the options to the user in a clear way,
and incorporate the user’s choice into its execution plan.

2. Infeasible Goals. The agent discovers that a part of the
task cannot be completed as originally specified due to
environmental constraints. For instance, after identify-
ing which shirt to return, the agent may find that the
requested larger size is out of stock. Rather than failing
silently or making arbitrary decisions, the agent must
communicate the infeasibility to the user and either re-
quest a revised goal (e.g., ”Would you like a different
size or a full refund?”) or propose alternative solutions.
This requires the agent to not only detect failure states
but also integrate the revised goal in its execution.

3. Confirmation-Requiring Goals. The agent has iden-
tified a single path forward; however, the user requires
confirmation before the agent proceeds once a specified
condition is satisfied. For example, the user may in-
struct the agent to confirm whether to make a purchase if
the price of a product has increased. Although proceed-
ing with the purchase is technically feasible, the agent
should seek explicit confirmation before committing to
the action under these conditions.
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The user’s response may not only provide the requested
information, but also alter the instruction entirely via new
constraints, or reveal preferences that alter the task structure.
For instance, upon learning that a medium size shirt is un-
available, a user might keep the original item instead; or if
the price has increased, they may request a different product.
A robust agent must handle such intent shifts gracefully.

4. User-in-the-Loop Agent Tasks
We represent a user-in-the-loop agent task as a 4-tuple
T = (I, S0, E ,K), where:

• I is the natural language instruction given to the agent
• S0 is the initial state of the environment
• E is an evaluation function
• K is the user knowledge set—information held exclusively

by the user that the agent must elicit through interaction

A well-defined autonomous agent task has K = ∅. The
instruction I and initial state S0 contain all necessary infor-
mation, i.e., solving it doesn’t need external input.

4.1. Perturbation-Based Transformation

Although constructing user-in-the-loop agent tasks from
scratch is possible, we propose a perturbation-based ap-
proach that systematically derives such tasks from well-
defined autonomous agent tasks2. Figure 2 illustrates this
transformation for the scenarios introduced in Section 3.

The key insight behind the perturbation-based approach is
to introduce specific, known gaps in the instruction and en-
vironment of an autonomous agent task that can only be
filled through user interaction. By construction, we know
exactly what information is missing and what interaction
should lead the user to divulge it. This enables principled
user simulation with well-defined knowledge boundaries,
constraining the user enough to ensure reproducibility while
remaining realistic. It also facilitates programmatic evalua-
tion, allowing us to verify not just task success, but whether
the agent sought all necessary information from the user.

Targeting Underspecified Goals. To require clarification,
we remove critical information from the instruction I or
introduce ambiguity in the initial state S′

0 such that multi-
ple valid solution paths exist. For example, if the original
instruction says “return the Nike shirt purchased on January
15,” we perturb it to “return the shirt I bought last week,”
while ensuring S′

0 contains multiple shirt purchases during
that timeframe. The removed specification (that the user
intended the Nike shirt) becomes part of K. Now the agent

2This allows us to reuse the substantial engineering invest-
ment in existing environments and tasks, and supports compos-
ability—future work can combine multiple targeted perturbations
within a single task to create richer interaction scenarios.

must query the user to determine which specific path to
pursue to pass the original evaluation tests.

Targeting Infeasible Goals. To require infeasibility han-
dling, we modify the initial state S′

0 or evaluation criteria E ′

such that the instruction I ′ cannot be satisfied as stated. For
instance, we may remove the availability of a requested item
from S′

0 or introduce a constraint that makes the original
goal unreachable. The agent must detect this impossibility,
communicate it to the user, and request an alternative goal.
The user knowledge K contains the acceptable alternative
that the user would provide when informed of the infeasi-
bility. The evaluation E ′ is then updated to verify that the
agent completes the revised objective provided by the user,
rather than the original infeasible one.

Targeting Confirmation-Requiring Goals. To require
confirmation-seeking, we modify S′

0 to introduce high-cost
consequences for actions that were low-risk in the original
task, while keeping I ′ largely unchanged. For example, we
may dramatically increase the price of an item or introduce
irreversibility constraints. Unlike the previous two cases, a
valid solution path exists and is unique, but the agent should
recognize the elevated stakes and seek explicit user approval
before proceeding. In this case, K contains the user’s ap-
proval decision and any conditions under which they would
proceed. The evaluation E ′ verifies both task completion
and whether the agent appropriately sought confirmation.

Targeting Compositional Goals. We further construct com-
positional tasks by combining two or three previously de-
fined perturbation types within a single scenario, applying
them to the initial state S′

0, instruction I , and evaluation cri-
teria E ′. The user knowledge set K is defined as the union of
knowledge from all applied perturbations. We only combine
non-conflicting perturbations—those that do not modify the
same elements of the state, instruction, or evaluation in in-
compatible ways. For instance, in a task involving returning
a shirt from past Amazon orders, an infeasible perturbation
may remove the relevant red shirt from order history, while
an underspecified perturbation may add multiple shirts of
different colors to introduce ambiguity. Such combinations
are disallowed and our implementation automatically checks
for them (Section 5.1).

4.2. Simulated User Design

A critical challenge in user-in-the-loop tasks is simulating
the user in a way that is both realistic and reproducible. Prior
work has largely adopted two extremes, both of which are
problematic. Rule-based approaches, such as BFCLv3 (Mao
et al., 2024), insert fixed user messages at predetermined
turns, which is reproducible but impractical in complex en-
vironments where tasks admit multiple interaction patterns
and conversation flows. At the other extreme, unconstrained
LLM-based users, as in τ -bench (Yao et al., 2024), have sub-
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Order two same-colored white extra-large 
Nike Max90 T-shirts.

Color preference: red > black > blue.
Instruction

Q1: Only 1 Nike Max90 T-shirt is available.
 A1: Okay, then prefer: red > black > blue

Order two same-colored extra-large 
Nike Max90 T-shirts.

Color preference: red > black > blue.
Instruction

Initial State

Nike Max90 extra-large T-shirt
available in colors:

1 red, 2 black, 3 blue, ...

Evaluation

assert ordered product is Nike Max90.
assert order product is black.

assert order product is extra-large.

T

Evaluation

assert ordered product is Nike Max90.
assert order product is black.

assert order product is extra-large.

T1 Infeasible Task

Nike Max90 extra-large T-shirt
available in colors:

1 white, 1 red, 2 black, 3 blue, ...
Initial State

Underspecified Task
Confirmation-requiring Task

T2
T3

User
Knowledge

Assert: All Q1 has been asked by the agent.

Looks like only one Max90 T-shirt
 is available right now!

Okay, then prefer ... red > black > blue

Agent searches for white Nike Max90 T-shirts

Agent checks availability of red, black and blue and
purchases the one that has > 1 inventory quantity.

   print(amazon.search_products(
       query="Max90", color="white", product_type="t-shirt"
   ))

 [ {... "name": "Max90", "color": "white", "inventory_quantity": 1}, ...]

   print(amazon.search_products(
       query="Max90", color="red", product_type="t-shirt"
   ))

 [ {... "name": "Max90", "color": "red", "inventory_quantity": 1}, ...]

Confirmation-requiring Task Agent Trajectory

Underspecified Task Agent Trajectory

Infeasible Task Agent Trajectory

Simulated User

Autonomous Agent Task User-in-the-Loop Agent Tasks Agent Trajectories for User-in-the-Loop Tasks

Figure 2. Left and middle: Perturbation process for converting a well-defined autonomous agent task T in a stateful environment into
user-in-the-loop tasks (T1, T2, T3) that induce three real-world agent–user interaction types. These perturbations are also composed
together to induce multiple types of agent–user interactions in the same task. Right: Example agent trajectory illustrating the resulting
agent–user interaction with the simulated user.

stantial freedom to steer the conversation and even decide
when the task is complete, which is flexible but introduces
evaluation instability and confounds failure attribution while
making outcomes highly sensitive to the simulator LLM.

We adopt a middle ground: a constrained LLM-based user
with a well-defined knowledge set. This LLM can respond
naturally to agent queries but is limited in what information
it provides, minimizing its influence on task outcomes.

User Knowledge Specification. As defined in the pertur-
bation process, each transformed task T ′ includes a user
knowledge set K that contains precisely the information
removed or made ambiguous during perturbation. Con-
cretely, we represent K as a set of question-answer pairs
K = {(q1, a1), (q2, a2), . . . , (qn, an)}, where each pair
captures a piece of information that the user knows but
the agent does not. This knowledge represents what the
user knows but the agent does not, creating the information
asymmetry that necessitates interaction.

Constrained Response. The simulated user is implemented
as an LLM prompted with the user knowledge K, the task
instruction, and the conversation history. It is instructed to
respond in a constrained manner as follows:

• Determine whether the agent’s question is in K
• If yes, identify which question-answer pair(s) (qi, ai) the

agent’s question maps to and provide the answer naturally
with potential linguistic variation

• If no, deflect or redirect as a real user would when asked
unnecessary questions (e.g., “Please decide it yourself”)

Before responding, we have the LLM explicitly determine
whether the agent’s question maps to any available ques-

tion–answer pairs, which we find improves reliability.

Programmatic Evaluation of Interaction. Because we
know exactly what information was removed during the
perturbation (captured in K), and because the simulated
user explicitly identifies which pairs (qi, ai) are addressed
by each agent question, we can programmatically evaluate
whether the agent asked all the questions. This allows us to
assess not just task success, but interaction quality—whether
the agent elicited all required information from the user.

5. AppWorld-UL Benchmark
Our perturbation-based framework for creating user-in-the-
loop tasks can, in principle, be applied to any autonomous
agent benchmark that provides a stateful execution environ-
ment where agents interact through well-defined actions and
programmatic evaluation mechanisms that assess task com-
pletion based on state changes. In this work, we build on
AppWorld (Trivedi et al., 2024), which provides a uniquely
rich and complex digital environment and the tooling needed
to systematically implement our perturbation framework.

Each AppWorld task is defined through a scenario, or a task
template that generates multiple task instances (e.g., “Buy
me {color} shirt in {size} size on Amazon,” where color
and size are placeholders that may take different values for
individual task instructions). Associated with each scenario
is a generator program consisting of three components:

• Setup: Creates task-specific initial states S0 by selecting
a supervisor (user), configuring placeholder values, and
modifying a copy of the Base DB as required for the task.

• Evaluation: Defines programmatic assertions (unit tests)
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Table 1. Example tasks in AppWorld-UL targeting infeasible, underspecified, and confirmation-requiring goals, with brief descriptions of
the initial state, evaluation criteria, and knowledge set for each task. See Tables 6, 7, 8 and 9 for more examples.

Initial state Evaluation Knowledge set

Instruction: I...made...announcement...company’s anniversary celebration...forgot szjz1130@gmail.com.
...forward the announcement email...to him.

• ...szjz1130@gmail.com doesn’t exist.
• When forwarding emails to a non-
existent address, an API error will be
thrown..

• Assert email content is correct
• Assert email is forwarded to sab-
brown@gmail.com
...

• Q1: szjz1130@gmail.com doesn’t ex-
ist.
• A1: Oh the email address should be
sab-brown@gmail.com.

Instruction: Chad...asked...questions about workout over email. I have drafted a reply to it. I...have a
workout-related note...in Simple Note...export that note...attach it to the draft, and send the email.

• There are two workout notes in user’s
simple note: ’workout plan’ and ’work-
out motivation’.

• Assert note content is correct
• Assert email is forwarded to Chad
...

• Q1: Which note should I attach -
workout plan or workout motivation?
• A1: Attach the note about the work-
out motivation.

Instruction: My brother asked me...buy something...amazon...He sent me the money for it on venmo.
Place...amazon order for my home address...My brother is quite sloppy...he often forgets...mention some items.
If you notice...amount of money he sends...on Venmo doesn’t match...total price...he asked me to buy, please let
me know.

• The amount of money sent by user’s
brother to the user doesn’t match the
total price of the things he asked the
user to buy.

• Assert order is correct
...

• Q1: The amount of money he sent on
venmo...doesn’t match the total price...
• A1: Let me ask my brother...he for-
got...buy 1 Micro-Cut Shredder in addi-
tion to...products mentioned on venmo.

that compare initial and final database states, and verify
whether all the expected and no unexpected changes were
made, allowing for multiple valid solution paths.

• Solution: A program demonstrating task solvability using
code and API calls to validate its correctness.

This structure maps directly onto our task representation
T = (I, S0, E), where I comes from the scenario template,
S0 from Setup, and E from Evaluation.

5.1. From Autonomous to User-in-the-Loop Tasks

To transform AppWorld’s autonomous tasks into user-in-
the-loop scenarios, we modify the generator programs to
produce tasks T ′ = (I ′, S′

0, E ′,K) that require agent-user
interaction. Since all components are programmatic, we can
systematically apply perturbations by adjusting the Setup,
Evaluation, and instruction generation logic.

Besides returning the modified initial state, the updated
Setup function also returns a set of question-answer pairs
K = {(q1, a1), (q2, a2), . . . , (qn, an)} capturing the infor-
mation removed during perturbation. This knowledge K
defines what the simulated user knows, and enables program-
matic assessment of whether agents ask necessary questions.

Simulated User. We implement the simulated user by
adding to a new API, “supervisor.message(question)”, to
AppWorld’s Supervisor app. Agent can use it to message
the supervisor (user), whose response is generated via LLM.

Validating Solvability. Each AppWorld task comes with
a solution to verify its solvability. To provide similar vali-
dation, we also update the task’s solution to work with our
perturbation. These solutions also include calls to “supervi-
sor.message” API. However, we stub the calls with questions
and answers from K, instead of invoking the LLM. Like
the original AppWorld, we verify that running this solu-
tion, starting from the modified task’s initial state, passes
all evaluation tests showing that: (1) the task is solvable
when the agent properly interacts with the user, and (2) all
knowledge in K is actually used for task completion. For
compositional tasks involving multiple perturbation types,
we exclude those that fail programmatic validation, thereby
keeping only non-conflicting combinations.

Evaluation Metrics. AppWorld uses two evaluation met-
rics: Task Goal Completion (TGC), the percentage of tasks
where the agent passed all evaluation (“unit”) tests in E ′, and
Scenario Goal Completion (SGC), the percentage of scenar-
ios where the agent completed all task instances, measuring
consistency task across variations. We introduce the corre-
sponding “interactive” variants I-TGC and I-SGC, which
effectively add a unit test that checks that all the required
questions in K were asked. We focus on knowledge recall
rather than precision or F1, as precision would risk penal-
izing agents for asking legitimately reasonable questions
beyond those in K.3

3Evaluation is carefully designed to be agnostic to legitimate
questions not included in K, thus not affecting correctness. See
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Table 2. Main Results: Interactive task and scenario goal completion (I-TGC, I-SGC) on AppWorld-UL (overall), individual interaction-
type and compositional subsets, demonstrating that it is highly challenging for current agents. FC refers to Function Calling. The top half
are closed models, and the bottom half are open models. Best overall are in bold, best open ones are underlined.

Base LLM
Agent Individual Compositional Overall

Scaffold Infeasible Underspecified Confirmation
I-TGC I-SGC I-TGC I-SGC I-TGC I-SGC I-TGC I-SGC I-TGC I-SGC

Claude Opus 4.7 Code 61.8 44.1 50.0 23.5 60.8 41.2 35.7 21.3 48.6 30.2
FC 25.5 14.7 33.3 17.6 36.3 20.6 20.9 4.3 27.3 12.2

GPT-5.5 Code 61.8 44.1 38.2 17.6 58.8 35.3 25.7 10.6 41.8 23.5
FC 28.4 17.6 22.6 5.9 36.3 20.6 17.1 4.3 24.2 10.5

Qwen 3.7 Max Code 55.9 38.2 33.3 23.5 67.7 41.2 22.9 6.4 40.3 22.9
FC 28.4 11.8 23.5 14.7 43.1 26.5 17.1 8.5 25.7 13.9

GLM 5.1 Code 51.0 32.4 36.3 23.5 66.7 38.2 20.9 6.4 38.9 21.2

Kimi K2.6 Code 41.2 20.6 28.4 5.9 50.0 23.5 17.1 6.4 30.6 12.5
FC 32.4 11.8 26.5 11.8 29.4 14.7 17.1 8.5 24.4 11.0

Deepseek v4 Pro Code 34.3 11.8 25.5 0.0 48.0 20.6 17.6 2.1 28.5 7.3
FC 33.3 20.6 18.6 8.8 39.2 20.6 18.6 4.3 25.6 11.6

Manual Construction. To ensure a high-quality dataset,
all task perturbations were manually implemented by the
authors of this paper. Each task perturbation, on average,
took about 6 hours to design, implement, and verify.

Final Dataset. From 34 task scenarios in the AppWorld
Test-C split, we construct three variants per scenario: in-
feasible, underspecified, and confirmation-requiring. This
yields 102 scenarios and 306 total tasks. Additionally, we
construct compositional variants that involve two or three
interaction types in the same task. This yields 210 tasks,
186 with two interaction types and 24 with three.

Infeasible and underspecified tasks have 1 question in K,
confirmation-requiring tasks have an average of 1.6 and up
to 5 questions, and compositional tasks have an average of
2.5 questions. See Tables 1 for example tasks.

6. Experiments
Our experiments examine (1) performance across interac-
tion types, (2) the link between interaction quality and task
success, (3) the contribution of interaction requirements to
task difficulty, and (4) the robustness of the simulated user.

6.1. Experimental Setup

Agent Architectures. We benchmark two agent scaffolds
originally introduced in AppWorld (Trivedi et al., 2024): (1)
Function Calling Agent (originally called FunCall), which
uses the native function calling capability of an LLM in a
loop, and (2) Code Agent (originally called ReAct), which
generates code containing arbitrary API calls as actions in a
ReAct (Yao et al., 2023) loop. We adapt both scaffolds for

Appendices A and B for details, including precision numbers.

user-in-the-loop settings by modifying prompts and demon-
strations to include agent-user interaction. Prompts are
given in Appendix D. These scaffolds are instantiated with
closed LLMs Claude Opus 4.7, GPT-5.5, Qwen 3.7 Max,
and open LLMs GLM 5.1, Kimi K2.6, Deepseek v4 Pro.4

Implementation Details. We use temperature 1 for Claude
Opus 4.7, GPT-5.5, Kimi K2.6, and 0 otherwise. We use
medium reasoning effort for Claude Opus 4.5 and GPT-5.5,
and default (high) for the rest, when adjustable. Simulated
user and agent prompts are in Listings 1, 2, and 3.

6.2. Main Results

Table 2 presents the performance of all agent-LLM com-
binations across the three interaction types. We observe
low performance across all agents, with the best-performing
system (Code Agent with Claude Opus 4.7) achieving only
48.6% I-TGC and 30.2% I-SGC overall. The best open
model, GLM 5.1, performs much worse at 38.9% I-TGC
and 21.2% I-SGC. Code Agent performs better than the
Function Calling Agent in most cases, which is consistent
with the findings from the original AppWorld. Further-
more, all agents perform substantially worse on the harder,
compositional subset, with the best-performing system only
achieving an I-TGC of 35.7% and an I-SGC of 21.3%.

6.3. Interaction Analysis

To understand how interaction behavior impacts overall
success, we analyze the relationship between the agent’s
user communication and task completion.

Interaction Recall and Precision. We measure two key in-

4Results for the function-calling agent with GLM 5.1 are pend-
ing due to API access issues and will be included later.
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teraction metrics: Interaction Recall, defined as the percent-
age of expected questions the agent asked, and Interaction
Precision, defined as the percentage of questions asked that
were expected (i.e., mapped to user knowledge K). Figure 3
compares these metrics for tasks where the Code Agent
succeeded (TGC = 100%) versus failed (TGC = 0%).
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Figure 3. Interaction Recall: percentage of expected questions
asked. Interaction Precision: percentage of asked questions that
are expected. Interaction recall and precision for Code Agent are
high on successful tasks and low on failed tasks, showing a strong
correlation with task completion.

The results reveal a strong correlation between interaction
quality and task success. On successful tasks, agents achieve
100% recall and 80%-91% precision, indicating they iden-
tified and queried for the necessary information without
asking extraneous questions. In contrast, on failed tasks,
both metrics drop dramatically—recall falls to 37%-40%
and precision to 40%-47%—suggesting agents often miss
critical information gaps or ask irrelevant questions.

Interaction Deviation. We define Interaction Deviation as
the difference between the number of questions the agent ac-
tually asked and the number of expected questions. Figure 4
shows that on successful tasks, the median deviation for
agents is within 0-3, with most agents often asking exactly
the required number of questions. On failed tasks, deviation
increases substantially, ranging from -3 to +4. This shows
that on successful tasks, agents are efficient and targeted
in their interactions, while on failed tasks, they under-ask
(missing information) or over-ask (wasting user effort).

6.4. Ablation Study: Isolating Interaction Difficulty

To assess how much of the benchmark’s difficulty stems
from interaction requirements versus environmental com-
plexity, we conduct an ablation study comparing three con-
ditions: Default: The standard setting where agents must
interact with the simulated user to obtain information in
K. Oracle Knowledge: All user knowledge K is provided
upfront in the agent’s prompt, eliminating the need for inter-
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Figure 4. Interaction Deviation: difference between the number of
questions asked and the number of expected questions (optimal =
0). The code agent asks efficiently on successful tasks but under-
or over-asks on failed tasks.

action. Hidden Knowledge: The simulated user refuses to
provide any information, forcing it to proceed without K. In
both Oracle and Hidden Knowledge conditions, we evaluate
only goal completion metrics (TGC, SGC), as interaction
metrics are not applicable. Figure 5 presents results for
Code Agent with GPT-5.5.
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Figure 5. The large performance drop from Default to Hidden
confirms user knowledge (K) is necessary, while the large per-
formance improvement from Default to Oracle shows interaction
requirements account for most of the difficulty.

The Hidden Knowledge setting yields much lower perfor-
mance (TGC: 12.8%, SGC: 2.3%), confirming that K is nec-
essary for task completion—tasks cannot be solved through
environmental reasoning alone. Conversely, Oracle Knowl-
edge improves performance (TGC: 78.1%, SGC: 58.3%),
showing that removing interaction requirements leads to far
more successful task completion, indicating that user-in-the-
loop dynamics significantly contribute to difficulty.

Notably, even when provided with oracle knowledge, TGC
and SGC remain lower than those on the original AppWorld
tasks (TGC: 85.3%, SGC: 70.6%), implying limitations in
the agents’ ability to utilize this knowledge. We attribute this
gap to (i) perturbations introducing additional challenges
beyond the intended interaction requirement. For instance,
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an infeasible perturbation may move a user’s liked songs
into a “favorites” playlist in Spotify, requiring the agent
to first identify the correct playlist via clarification before
retrieving the relevant songs, thereby adding extra steps;
and (ii) a structural mismatch in the oracle setting, where
information is split between the instruction and an auxiliary
QA context rather than being fully contained in the instruc-
tion, making it harder for agents to consistently integrate
and use all the information, even when it is fully available.

6.5. Efficiency Analysis

Real-world deployment requires agents to be not only ac-
curate but also efficient–minimizing unnecessary user in-
teractions and computational costs. Figure 6 shows the
trade-off between performance (I-TGC) and two efficiency
axes: number of user interactions and USD cost per task.
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Figure 6. Performance–Efficiency Trade-off. I-TGC versus num-
ber of user interactions and total cost per task. CO and FC refer
to the Code and Function Calling agents, respectively. Increased
interaction or cost does not guarantee higher performance.

Interestingly, more user interactions do not necessarily im-
prove performance. Some agents achieve lower scores de-
spite asking more questions, suggesting they ask irrelevant
questions or fail to act appropriately on user responses. Sim-
ilarly, higher computational cost does not guarantee better
results. The code agents using Claude Opus 4.7, GLM 5.1,
and Qwen 3.7 Max lie on the Pareto frontier—achieving the
best performance for their respective cost levels.

6.6. User Simulation Robustness

Impact of Simulator LLM. Table 3 compares agent score
when the simulated user is different LLMs. For Code
Agent with GPT-5.5, the standard deviation across simulator
choices is minimal: 2.2 I-TGC and 1.4 I-SGC, showing that
the simulator is stable with respect to its LLM.

Manual Evaluation of User Responses. To assess whether
our simulated user produces natural, contextually appropri-
ate responses, we manually reviewed responses generated in
GPT-5.5 and Code Agent experiments for individual tasks,
judging whether a human would respond similarly given K.

Table 3. Code Agent with GPT-5.5 using different user LLMs.

User I-TGC I-SGC

GPT-4.1 39.2 22.1
GPT-5 44.5 25.5
GPT-5.5 (default) 41.8 23.5

Out of 312 responses, only 4 were incorrect—an error rate
of just 1.3%, suggesting the simulated user is reliable.

6.7. Agent Error Analysis

We identify common failure modes across agents. (1) Fail-
ure to recognize the need for clarification. The agent fails
to detect that the task is ill-posed (e.g., unsolvable or under-
specified) and proceeds with execution as if a valid solution
exists, resulting in incorrect outputs without any user interac-
tion. (2) Hallucinated self-resolution. The agent recognizes
that the task is problematic but attempts to resolve it by hal-
lucinating missing information or assumptions, instead of
asking the user for clarification or confirmation. (3) Asking
bad questions. The agent correctly asks for help but fails
to clearly express the blocking issue, producing vague or
misaligned questions that prevent the user from providing
effective guidance. (4) Forgetting prior task requirements.
After receiving a correct and informative user response, the
agent fails to integrate it with the original task requirements,
leading to outputs that violate earlier constraints. (5) Failing
to align response with question. The agent asks multiple
questions within a single step but does not explicitly track
or align user responses with the corresponding questions,
causing misapplication or loss of user feedback.

7. Conclusion
We introduce AppWorld-UL, a benchmark of 516 tool-use
tasks exhibiting three common phenomena requiring agent-
user interaction in real-world use cases—underspecification,
infeasibility, and need for approval—as well as their compo-
sitions. Our perturbation-based methodology, applied to the
AppWorld environment and tasks, systematically transforms
autonomous tasks into interactive ones. It enables balanced
user simulation with well-defined knowledge boundaries,
diverse and natural agent-user interactions, and a program-
matic evaluation of interaction quality. Experiments with
state-of-the-art LLM agents reveal substantial room for im-
provement with the best system achieving only 48.6% suc-
cess on the task level metric and only 30.2% on the scenario
level metric. Our ablations show that accurate user interac-
tion is both crucial for an agent’s success and contributes
significantly to the overall task difficulty. AppWorld-UL
thus provides a principled testbed for benchmarking agents
that can effectively combine tool use with user interaction.
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Impact Statement
This work focuses on evaluating interactive LLM-based
agents in realistic tool-use settings where user input is re-
quired to resolve ambiguity, infeasibility, or action approval.
We introduce a benchmark designed to capture these inter-
action requirements, with the goal of supporting the devel-
opment of agents that communicate more effectively and
behave more reliably in user-facing systems. The primary
impact of this work is improved measurement and under-
standing of the limitations of current models and agents.
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A. Experiment Results
Table 4 shows interaction precision and recall for all base llm and agent scaffold combinations on AppWorld-UL and
its three interaction-type subsets. Table 5 shows more detailed scores for the Default, Hidden Knowledge and Original
Knowledge settings discussed in Section 6. See 6.3 for discussion of the key takeawy results.

Table 4. Interaction Recall and Precision for asking questions for agents on AppWorld-UL. FC refers to Function Calling. The top half are
closed models, and the bottom half are open models.

Base LLM
Agent Individual Compositional Overall

Scaffold Infeasible Underspecified Confirmation
Recall | Precision Recall | Precision Recall | Precision Recall | Precision Recall | Precision

Claude Opus 4.7 Code 81.4 | 56.9 61.8 | 48.4 75.1 | 64.1 64.6 | 64.8 69.4 | 59.9
FC 57.8 | 48.8 52.9 | 46.0 71.7 | 66.9 59.8 | 69.2 60.4 | 60.1

GPT-5.5 Code 80.4 | 65.8 51.0 | 42.0 75.1 | 69.1 56.5 | 67.7 63.8 | 62.5
FC 53.9 | 46.4 37.3 | 31.7 74.1 | 65.0 52.4 | 64.5 54.0 | 54.5

Qwen 3.7 Max Code 71.6 | 66.5 43.1 | 40.2 75.6 | 72.0 62.0 | 73.9 62.8 | 65.4
FC 51.0 | 43.6 41.2 | 36.7 72.2 | 64.3 57.1 | 68.6 55.7 | 56.5

GLM 5.1 Code 72.5 | 69.1 44.1 | 41.2 76.6 | 72.6 58.5 | 75.1 62.0 | 66.7

Kimi K2.6 Code 81.4 | 72.4 51.0 | 47.1 77.5 | 71.5 64.5 | 76.3 67.7 | 68.8
FC 68.6 | 45.1 56.9 | 38.8 58.9 | 41.1 60.0 | 56.6 60.9 | 47.7

Deepseek v4 Pro Code 80.4 | 72.5 48.0 | 41.7 75.1 | 71.1 62.6 | 69.9 65.7 | 65.1
FC 64.7 | 42.9 40.2 | 27.5 70.2 | 53.9 59.4 | 57.3 58.8 | 47.9

Table 5. Interaction ablation for Code Agent with GPT5.5. Disallowing the simulated user to give a response causes large drops in both
TGC and SGC, while providing oracle knowledge causes a large increase, indicating that the benchmark is strongly interaction-dependent.
The TGC and SGC on the original AppWorld tasks from which AppWorld-UL is built are 85.3 and 70.6 , respectively.

Default Hidden Knowledge Oracle Knowledge

Split I-TGC I-SGC TGC SGC I-TGC I-SGC

All (Aggregate) 41.8 23.5 12.8 2.3 78.1 58.3
Infeasible 61.8 44.1 8.8 5.9 80.4 64.7
Underspecified 38.2 17.6 24.5 2.9 83.3 64.7
Confirmation 58.8 35.3 22.6 2.9 76.5 55.9
Compositional 25.7 10.6 4.3 0.0 75.2 53.2

B. Interaction Metric Design
In our design of interactive metrics (I-TGC and I-SGC), we check a unit test that checks if all the required questions in
K were asked. This choice of metric corresponds to the recall of hidden knowledge K — specifically, whether the agent
surfaces all the information gaps it needs to resolve. We focus on recall rather than precision or F1 because precision would
risk penalizing agents for asking legitimately reasonable questions: in AppWorld, tasks often admit multiple valid solutions,
making additional clarification questions reasonable even when not strictly required. Exhaustively enumerating all such
valid questions is both difficult and unnecessary, making precision an unreliable primary signal. Recall, by contrast, directly
captures the essential requirement that an agent asks the necessary questions. We nonetheless report both precision and
recall numbers in Table 4 for completeness.

C. Benchmark Task Examples
Tables 6, 7, 8 and 9 show example tasks in AppWorld-UL.
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Table 6. Example tasks in AppWorld-UL targeting infeasible goals, with brief descriptions of the initial state, evaluation criteria, and
knowledge set for each task.

Initial state Evaluation Knowledge set

Instruction: I just made an announcement about our company’s anniversary celebration but I forgot
szjz1130@gmail.com. Please forward the announcement email (not the entire thread) to them.

• Email address szjz1130@gmail.com
doesn’t exist.
• When forwarding emails to a non-
existent address, an API error will be
thrown..

• Assert email content is correct
• Assert email is forwarded to sab-
brown@gmail.com
...

• Q1: szjz1130@gmail.com doesn’t ex-
ist.
• A1: Oh the email address should be
sab-brown@gmail.com.

Instruction: Download the ticket for my flight to Tokyo last weekend from gmail into the ” /downloads”
folder of my file system.

• The flight to Tokyo is at this weekend
• Agent can’t find the email from last
week containing the flight ticket to
Tokyo.

• Assert downloaded file content is cor-
rect
• Assert downloaded directory is cor-
rect
...

• Q1: I couldn’t find the email with the
flight ticket to Tokyo.
• A1: Oh I make a mistake. The flight
to Tokyo is this weekend.

Instruction: I am going to Toronto this week. Add a phone alarm with a label ”Flight to Toronto” 4 days
before my scheduled flight day and time as per its confirmation email.

• The user requires an alarm time that
is before current time.
• This violates the common sense
knowledge.

• Assert alarm time is correct
• Assert alarm label is correct
...

• Q1: The caculated alarm time is be-
fore the current time.
• A1: Oh my bad. Set the alarm time to
be 2 hours before my scheduled flight.

Instruction: Everything in my amazon cart is for my friend, Denise. Place the order with a gift card that
says, ’Wishing you happiness and good health!’

• There is no such api that can place the
order with gift card

• Assert order is correct
• Assert request in venmo is correct
...

• Q1: I cannot place the order with a
gift card message. There is no api that
allows me to do this.
• A1: OK I will place the order with the
gift card message myself. Please also
request Denise money for it on venmo.
Ignore tax and delivery fees from the
cart cost.

13
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Table 7. Example tasks in AppWorld-UL targeting underspecified goals, with brief descriptions of the initial state, evaluation criteria, and
knowledge set for each task.

Initial state Evaluation Knowledge set

Instruction: Chad has asked me some questions about workout over email. I have drafted a reply to it. I
also have a workout-related note saved in Simple Note-please export that note to a text file, attach it to the draft,
and send the email.

• There are two workout notes in user’s
simple note, one is about workout plan,
one is about workout motivation.

• Assert note content is correct
• Assert email is forwarded to Chad
...

• Q1: Which note should I attach - the
one about the workout plan or the one
about workout motivation?
• A1: Attach the note about the work-
out motivation.

Instruction: I am seeking music artist recommendations from some of my coworkers and friends, as
we have a similar musical taste. I have reached out to my coworkers via email and my friends via phone text
messages to ask for their suggestions. Make me follow all of their recommended artists on Spotify as per their
responses.

• The recommendation given by
coworkers and friends only contains the
first name of the artist.
• change one of the recommended artist
name to Lucas
• there are two artists in spotify with
the first name Lucas

• Assert artist is correctly followed
...

• Q1: There are two artists with the
name Lucas on Spotify. Which one do
you want me to follow?
• A1: Let me confirm it. Oh the artist
name should be Lucas Diaz.

Instruction: I am going on a trip with friends. For it, I need 3 kites and sleeping pads, each. Place an amazon
order for them.

• A common sense here is: the products
needed for the trip should arrive before
the trip begins,
• We remove the trip time from the in-
struction

• Assert order is correct
...

• Q1: When will you go on your trip?
• A1: I will go on the trip this Saturday.

Instruction: I want to buy everything in my amazon cart. I have a promo code applied to the cart, but
today I received a new promotional email from Amazon. See if it is a better deal. Place an order for my home
delivery with whichever option is cheaper.

• The discount for two promo code is
the same

• Assert order price is correct
• Assert order delivery is correct
...

• Q1: The promo code received today
has the same discount as the one already
applied to the cart.
• A1: Let me check. Oh I have another
promo code here: AZ521. Check if this
code is better. If so, apply it and use it
to complete your task. If not, use the
existing code to complete your task.
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Table 8. Example tasks in AppWorld-UL targeting confirmation-requiring goals, with brief descriptions of the initial state, evaluation
criteria, and knowledge set for each task.

Initial state Evaluation Knowledge set

Instruction: I just made an announcement about our company’s anniversary celebration but I forgot some
of my coworkers. Please forward the announcement email (not the entire thread) to them. Not all coworkers
are invited to the anniversary celebration. Please first get the coworkers who did not receive the email and
confirm with me for the missing coworker that I forgot to invite.

• There are several coworkers who
didn’t receive the email from user, but
only one of them is the one the user
wants to invite but forget to send the
email

• Assert invitation number is correct
• Assert email content is correct
...

• Q1: Is Brian Ritter(email:
br ritt@gmail.com) the one you
forgot to invite?
• A1: Yes, Brian Ritter is the one I
forgot to invite.
• Q2: Is Katherine Smith (email:
ka ball@gmail.com) the one you forgot
to invite?
• A2: No
• Q3: Is Chad Brown (email:
ch.brow@gmail.com) the one you
forgot to invite?
• A3: No
• Q4: Is Thomas Solomon (email:
thomas.solomon@gmail.com) the one
you forgot to invite?
• A4: No
• Q5: Is Jason Simpson (email:
jasonsimp@gmail.com) the one you
forgot to invite?
• A5: No

Instruction: Buy me a coffee maker on amazon within $170.0 (excluding tax) and have it delivered to my
work address. Please ask for my confirmation with the product name and price if you want to buy any product
with the price higher or equal to $171.0.

• There are two products that can meet
the user’s requriement, and both of
them have a price lower than $171.0
• Agent has no need to ask for confir-
mation

• Assert order is correctly
...

• Prohibited Q1: Do you want to buy
(any coffee maker)
• Prohibited A1: You do not have to
ask for my confirmation for it.

Instruction: My brother asked me to buy something for him from amazon. But I totally forgot to place
the order. He sent me the money for it on venmo. Place the necessary amazon order for my home address and
add a ”Thank you!” comment on their venmo payment. My brother is quite sloppy when it comes to doing
things. When he asks me to buy something for him, he often forgets to mention some of the items. If you notice
that the amount of money he sends me on Venmo doesn’t match the total price of the things he asked me to buy,
please let me know, and I’ll ask my brother for confirmation.

• The amount of money sent by user’s
brother to the user doesn’t match the
total price of the things he asked the
user to buy.

• Assert order is correct
...

• Q1: The amount of money he sent
you on Venmo doesn’t match the total
price of the things he asked you to buy.
• A1: Let me ask my brother for con-
firmation. It turns out that he indeed
forgot to mention some of the items.
He want to buy one Staples 16-Sheet
Micro-Cut Shredder in addition to the
items him mentioned on venmo.
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Table 9. Example tasks in AppWorld-UL targeting compositional goals, with brief descriptions of the initial state, evaluation criteria, and
knowledge set for each task.

Initial state Evaluation Knowledge set

Instruction: I am going on vacation this week. Add a phone alarm with a label ”Flight for vacation” 5
days before my scheduled flight...If the flight departure time is in the morning, confirm...if I need...multiple
alarms. When confirming, remember to mention...departure date and time.

• There are two flights to different des-
tination this week.
• The alarm time user asked agent to
set is before the current time
• The flight to Toronto is scheduled on
the morning, confirmation is needed

• Assert alarm is set correctly
...

• Q1: ...two flight...different destina-
tion. A1: Set alarm for...flight to
Toronto...label ’Flight to Toronto’.
• Q2: The alarm time is earlier than
current time. A2: Set...alarm...2 hours
before...scheduled flight....
• Q3: Your flight...on friday at 07:00.
A3: I often oversleep...set 3 alarms,
each 5 minutes apart...before...flight
time.

Instruction: One of my friends is discussing music with me over email. I want to email them my favorite
songs. I started drafting the response email off the top of my head. But then realized I can mine it from my
Spotify account! Please update the email draft with all of my liked songs that are in my song or album library
or any of my plalists. Keep the existing format of the email, making changes only to the song entries. Once
done, send the email.

• There are two friends discussing mu-
sic with the user over email.
• User don’t have any liked songs in
his Spotify account. We move the liked
songs to a spotify playlist named ’fa-
vorite’.

• Assert email content is correct
• Assert email is sent to correct people
...

• Q1: I see there are two friends dis-
cussing music with you over email.
Which of them do you want me send
the song recommendation?/I found two
drafts with subject lines about recom-
mending songs. Which draft would you
like me to update and send?
• A1: Send the song recommendation
to Katie.
• Q2: You don’t have any liked songs
in your Spotify account.
• A2: Then find the recommended
songs from my playlist named ’fa-
vorite’.

Instruction: Initiate returns via USPS for my recent amazon order. If you find that the product to be returned
is gift-wrapped, please confirm with me before returning it, as it might still be suitable to give to my friends.
When you confirm with me, remember to mention the name of the product and the order ID of the order it
came from.

• User has multiple amazon orders re-
cently. Agents don’t know which of
them should be returned.
• When agents ask ’which orders
should be returned?’, user will give a
wrong information: return last 32 or-
ders (user doesn’t have that much or-
ders). The correct number should be 4.
• There are two products with gift-
wrapped option. User wants to keep
one of them and return the other one.

• Assert the products being returned are
correct
• Assert agent is using USPS to initial
return
...

• Q1: There are multiple orders placed
by you recently. Which of them do you
want me to initiate return for?
• A1: Return everything for my last 32
amazon order.
• Q2: There are less than 32 orders in
your amazon account.
• A2: Oh I make a mistake. Complete
the task in my last 4 amazon orders.
• Q3: Do you want me to return hiking
socks with name REI Co-op CoolMax
Hiking Crew Socks in order 3149?
• A3: Let me check. Oh one of my
friends may need it. Please do not re-
turn it.
• Q4: Do you want me to return
ukulele with name Fender Venice So-
prano Ukulele in order 3146?
• A4: Let me check. I think no one
needs it. Please return it.
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D. Prompts

Listing 1. Simulated User prompt (abridged). See code for the full prompt.

SYSTEM:
You are a user who wants to use the agent to complete a task. The agent may ask you 

questions about the task. Please answer the agent’s question and help the agent 
complete your task.

Remember:
1. I will give you a list of allowed and prohibited questions, along with the answers you 

should provide. If a question comes up that is close to any of them, please still 
answer it accordingly, but don’t answer anything else.

2. Answer the agent’s question only according to the task information and the allowed/
prohibited question−answer pairs I give you. Never make things up or provide any 
information more than what the agent asks for. If you don’t know the answer, please 
respond with ”Find/Decide it yourself, ask a different question, or give me more 
details so I can help you.”.

3. If the agent asks you about login code or usage of any apis, but nothing related to 
login of apps is mentioned in the allowed/prohibited QA pairs, please respond with ”
Find it yourself using the APIs provided for you”.

4. When generating a response, first provide your thinking starting with <think> and 
ending with </think>. In your thinking, you need to explain which allowed/prohibited 
question−answer pairs your answer is based on. Once you are done with thinking, 
provide your final response starting with <response> and ending with </response>

5. Remember you are the user who wants the agent to complete the task. Your job is to 
answer the questions from the agent, NOT complete the task yourself or ask any 
questions!

For example:

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−
>>>> [SEE IN CODE] <<<<

SYSTEM:
The task you want the agent to complete is:
Make an order for two white Hanes Men’s ComfortSoft Short Sleeve T−Shirt in extra−large 

size on Amazon.

The question you are not allowed to answer and how you should respond are as follows:

The question you are allowed to answer are as follows:
ALLOWED Q1: There is only one Hanes Men’s ComfortSoft Short Sleeve T−Shirt in white color 

and extra−large size available.
ALLOWED A1: Besides white, my color preference is, red > black > navy blue. Pick the most 

preferred color that is available.

ASSISTANT:
The inventory doesn’t have 2 items available at this time. How would you like to proceed?

USER(you):
Based on ALLOWED Q1, I should respond with ALLOWED A1, which provides the user’s color 

preferences in case the white color is not available.</think>\n<response>Besides white
, my color preference is, red > black > navy blue. Pick the most preferred color that 
is available.</response>

>>>> [SEE IN CODE] <<<<

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

Start! Remember that the information in the example above are not valid anymore. Only give
 response according to the following information.

17



AppWorld-UL: Benchmarking Diverse Agent-User Interactions for Tool-Use

SYSTEM:
The task you want the agent to complete is:
{{instruction}}

The question you are not allowed to answer and how you should respond are as follows:
{{invalid question answers text}}

The question you are allowed to answer are as follows:
{{valid question answers text}}

Listing 2. ReAct prompt (abridged). See code for the full prompt.

USER:
I am your supervisor, and you are an AI Assistant whose job is to complete my day−to−day 

tasks fully autonomously.

To do this, you will need to interact with app(s) (e.g., spotify, venmo etc) using their 
associated APIs on my behalf. For this you will undertake a *multi−step conversation* 
using a python REPL environment. That is, you will write the python code, the 
environment will execute it and show you the result, based on which, you will write 
python code for the next step and so on, until you’ve achieved the goal. This 
environment will let you interact with app(s) using their associated APIs on my behalf
.

During your execution, you may come into some issues. Instead of making any assumption 
yourself, you should ask me for help. You can ask me for help by calling apis.
supervisor.message supervisor().

Here are four key APIs that you need to know to get more information

# To ask me for help

‘‘‘python
print(apis.supervisor.message supervisor(message=”I don’t see any songs in your Spotify 

library.”))
‘‘‘

# To get a list of apps that are available to you.

‘‘‘python
print(apis.api docs.show app descriptions())
‘‘‘

# To get the list of APIs under any app listed above, e.g. spotify

‘‘‘python
print(apis.api docs.show api descriptions(app name=’spotify’))
‘‘‘

# To get the specification of a particular api, e.g. spotify app’s login api

‘‘‘python
print(apis.api docs.show api doc(app name=’spotify’, api name=’login’))
‘‘‘

Each code execution will produce an output that you can use in subsequent calls. Using 
these APIs, you can now generate code, that I will execute, to solve the task. Let’s 
start with the task

My name is: {{ main user.first name }} {{ main user.last name }}. My personal email is {{ 
main user.email }} and phone number is {{ main user.phone number }}.

Task: How many playlists do I have in Spotify?

ASSISTANT:
Okay. Let’s first find which APIs are available to use in Spotify.
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‘‘‘python
print(apis.api docs.show api descriptions(app name=’spotify’))
‘‘‘

USER:
Output:
‘‘‘
[
 ...
 ”login : Login to your account.”,
 ”logout : Logout from your account.”,
 ...
]
‘‘‘

ASSISTANT:
Okay. Looks like I can use the ‘login‘ api. Let’s find its specifications.

‘‘‘python
print(apis.api docs.show api doc(app name=’spotify’, api name=’login’))
‘‘‘

USER:
Output:
‘‘‘
{
 ”app name”: ”spotify”,
 ”api name”: ”login”,
 ”path”: ”/spotify/auth/token”,
 ”method”: ”POST”,
 ”description”: ”Login to your account.”,
 ”parameters”: [
  {
   ”name”: ”username”,
   ”type”: ”string”,
   ”required”: true,
   ”description”: ”Your account email.”,
   ”default”: null,
   ”constraints”: []
  },
  {
   ”name”: ”password”,
   ”type”: ”string”,
   ”required”: true,
   ”description”: ”Your account password.”,
   ”default”: null,
   ”constraints”: []
  }
 ],
 ”response schemas”: {
  ”success”: {
   ”access token”: ”string”,
   ”token type”: ”string”
  },
  ”failure”: {
   ”message”: ”string”
  }
 }
}
‘‘‘

ASSISTANT:
I need the supervisor’s username and password. Let’s see if any app can help me get that.
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‘‘‘python
print(apis.api docs.show app descriptions())
‘‘‘

>>>> [SEE IN CODE] <<<<

ASSISTANT:
I need to page through all the playlists to get the list of playlists and save it in ‘

playlists‘.

‘‘‘python
page index = 0
playlists = []
while page index < 10:
  playlist page = apis.spotify.show playlist library(access token=spotify access token, 

page index=page index)
  if playlist page:
    playlists.extend(playlist page)
    page index += 1
  else:
    break
num playlists = len(playlists)
print(num playlists)
‘‘‘

USER:
Output:
‘‘‘
0
‘‘‘

ASSISTANT:
It seems that the user has no playlist. Something may went wrong, let me ask user for 

confirmation.

‘‘‘python
print(apis.supervisor.message supervisor(message=”It seems like you don’t have any 

playlist in your Spotify account. Is there anything wrong?”))
‘‘‘

USER:
Output:
‘‘‘
Oh I made a mistake, please find how many songs do I have in my Spotify library.
‘‘‘

ASSISTANT:
It seems that the user has three libraries in spotify: song, album and playlist libraries.

 I need to figure out which library the user want me to deal with. Let me ask the user
 for clarification.

‘‘‘python
print(apis.supervisor.message supervisor(message=”You have three libraries in spotify: 

song, album and playlist libraries. Which libraries do you want me to deal with?”))
‘‘‘

USER:
Output:
‘‘‘
Please find how many songs do I have in my Spotify song library.
‘‘‘

ASSISTANT:
I need to page through all the song and album library to get all the songs from user’s 

spotify account.
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‘‘‘python
page index = 0
songs = []
while page index < 10:
  song page = apis.spotify.show song library(access token=spotify access token, page index

=page index)
  if song page:
    songs.extend(song page)
    page index += 1
  else:
    break
num songs = len(songs)
print(num songs)

‘‘‘

USER:
Output:
‘‘‘
23
‘‘‘

ASSISTANT:
Now that the task is completed, I can call apis.supervisor.complete task(). Since this 

task has an answer to be returned, I will pass that as an argument.

‘‘‘python
apis.supervisor.complete task(answer=num songs)
‘‘‘

USER:
Output:
Marked the active task complete.

USER:
**Key instructions**:

A. General instructions:

− You have full access −− complete permission to operate across my connected accounts and 
services.

− Never invent or guess values. For example, if I ask you to play a song, do not assume 
the ID is 123. Instead, look it up properly through the right API.

− Never leave placeholders; don’t output things like ”your username”. Always fill in the 
real value by retrieving it via APIs (e.g., Supervisor app for credentials).

− Avoid collateral damage. Only perform what I explicitly ask for. Example: if I ask you 
to buy something, do not delete emails, return the order, or perform unrelated account
 operations.

B. App−specific instructions:

− All my personal information (biographical details, credentials, addresses, cards) is 
stored in the Supervisor app, accessible via its APIs.

− Any reference to my friends, family or any other person or relation refers to the people
 in my phone’s contacts list.

− Always obtain the current date or time, from Python function calls like ‘datetime.now()
‘, or from the phone app’s get current date and time API, never from your internal 
clock.

− All requests are concerning a single, default (no) time zone.
− For temporal requests, use proper time boundaries, e.g., when asked about periods like ”

yesterday”, use complete ranges: 00:00:00 to 23:59:59.
− References to ”file system” mean the file system app, not the machine’s OS. Do not use 

OS modules or functions.
− Paginated APIs: Always process all results, looping through the page index. Don’t stop 
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at the first page.

C. Code−operation instructions

− Make sure to end code blocks with ‘‘‘ followed by a newline(\n).
− Remember, you can use the variables in your code in subsequent code blocks.
− Remember that the email addresses, access tokens and variables (e.g. spotify password) 

in the example above are not valid anymore.
− Always look at API specifications (using apis.api docs.show api doc) before calling an 

API.
− Write small chunks of code and only one chunk of code in every step. Make sure 

everything is working correctly before making any irreversible changes.
− The Python environment supports the standard library. But system−level operations that 

may access or affect OS files, processes, etc., are not allowed and will raise an 
error if called.

− To interact with apps, only use the provided app APIs, and not the corresponding Python 
packages, e.g., do NOT use ‘spotipy‘ for Spotify.

− The provided API documentation has both the input arguments and the output JSON format. 
Use this information when making API calls and parsing their outputs.

D. Task−completion instructions:

You must call the ‘apis.supervisor.complete task‘ API after completing the task.
− If an answer is needed, e.g., for ”How many songs are in the Spotify queue?”, call it 

with the appropriate answer argument value.
− If no answer is required, e.g., for ”Start my Spotify music player.”, omit the answer 

argument (or set it to None/null).
− The task is doable, but if you cannot find a way, you can call it with status=”fail” to 

exit with failure.

When the answer is given:
− Keep answers minimal. Return only the entity, number, or direct value requested − not 

full sentences.
  E.g., for the song title of the current playing track, return just the title.
− Numbers must be numeric and not in words.
  E.g., for the number of songs in the queue, return ”10”, not ”ten”.

E. User−collaboration instructions:

− You can ask for any clarifications or confirmations from me when you are not sure about 
the task or ran into some problems. You can call apis.supervisor.message supervisor() 
to ask me for help. Remember to print it out to the console so that you can see the 
response. For example, ‘print(apis.supervisor.message supervisor(message=”I don’t see 
any songs in your Spotify library.”))‘.

− However, you are not allowed to ask me about the login code or usage of any apis. You 
should find it yourself using the APIs provided for you.

− If you ran into some bugs/error when you are running apis, use message supervisor api to
 ask me for help.

− If you believe the user’s instruction involves a common−sense issue or would require 
substantial resources to address, please call apis.supervisor.message supervisor() to 
request confirmation from the user.

− If you found there are multiple ways of completing the task and you don’t have enough 
information to tell which way is the correct way, always ask me for help using apis.
supervisor.message supervisor() before you make any move. For example, if your task is
 to buy a pair of Nike shoes for me, but you find there are multiple Nike shoes in 
amazon and you don’t know which one to buy, you should call ‘print(apis.supervisor.
message supervisor(message=”There are multiple Nike shoes in amazon, which one do you 
want me to buy?”))‘.

USER:
Using these APIs, now generate code to solve the actual task:
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My name is: {{ main user.first name }} {{ main user.last name }}. My personal email is {{ 
main user.email }} and phone number is {{ main user.phone number }}.

Task: {{ instruction }}

Listing 3. FunCall prompt (abridged). See code for the full prompt.

SYSTEM:
You are an AI Assistant. Your task is to analyze a given complex user request and 

determine which available APIs would be useful to accomplish it autonomously on behalf
 of the user (supervisor).

USER:
App−wise API Descriptions:
supervisor:
  show profile: Show your supervisor’s profile information.
  message supervisor: Send a message to the supervisor and receive a response.
    ...
amazon:
    ...

ASSISTANT:
Understood.

USER:
# Task Instruction
What is the title of the most−liked song in my Spotify playlists.

List all APIs that may be needed to complete this task. If you are unsure whether a 
certain API is useful, include it (prioritize high recall). However, do not include 
APIs that are clearly irrelevant or unrelated.

Only generate one API per line in the output. Each line should be in the format <app name
>.<api name>. Example:

spotify.login
spotify.search songs

Now, list the APIs for the above task.

ASSISTANT:
supervisor.complete task
supervisor.show account passwords
supervisor.show profile
spotify.login
spotify.show playlist library
spotify.show song

>>>> [SEE IN CODE] <<<<

SYSTEM:
I am your supervisor, and you are an AI Assistant whose job is to complete my day−to−day 

tasks fully autonomously.

USER:
My name is: {{ main user.first name }} {{ main user.last name }}. My personal email is {{ 

main user.email }} and phone number is {{ main user.phone number }}.

You will be given a task instruction and a list of functions in the standard format. The 
functions correspond to APIs from various apps you have access to. The function name 
has two parts, the app name and API name separated by ” ”, e.g., spotify login is 
the login API for the Spotify app.
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You will complete the task completely autonomously through multi−turn interaction with the
 execution environment. In each turn, you will make one or more function calls, and 
the environment will return its outputs. This will continue either until you call ‘
complete task‘ API from the Supervisor app, or until a maximum of {max steps} turns 
are reached.

Here are brief app−wise descriptions.

{app descriptions}

# Key Instructions:

A. General instructions:

− You have full access −− complete permission to operate across my connected accounts and 
services.

− Never invent or guess values. For example, if I ask you to play a song, do not assume 
the ID is 123. Instead, look it up properly through the right API.

− Never leave placeholders; don’t output things like ”your username”. Always fill in the 
real value by retrieving it via APIs (e.g., Supervisor app for credentials).

− Avoid collateral damage. Only perform what I explicitly ask for. Example: if I ask you 
to buy something, do not delete emails, return the order, or perform unrelated account
 operations.

− You only have {max steps} turns. Avoid unnecessary requests. You can batch unlimited 
function calls in a single turn − always group them to save steps.

B. App−specific instructions:

− All my personal information (biographical details, credentials, addresses, cards) is 
stored in the Supervisor app, accessible via its APIs.

− Any reference to my friends, family or any other person or relation refers to the people
 in my phone’s contacts list.

− Always obtain current date or time, from the phone app’s get current date and time API, 
never from your internal clock.

− All requests are concerning a single, default (no) time zone.
− For temporal requests, use proper time boundaries, e.g., when asked about periods like ”

yesterday”, use complete ranges: 00:00:00 to 23:59:59.
− References to ”file system” mean the file system app, not the machine’s OS. Do not use 

OS modules or functions.
− Paginated APIs: Always process all results, looping through the page index. Don’t stop 

at the first page.

C. Task−completion instructions:

You must call the ‘supervisor complete task‘ API after completing the task.
− If an answer is needed, e.g., for ”How many songs are in the Spotify queue?”, call it 

with the appropriate answer argument value.
− If no answer is required, e.g., for ”Start my Spotify music player.”, omit the answer 

argument (or set it to None/null).
− The task is doable, but if you cannot find a way, you can call it with status=”fail” to 

exit with failure.

When the answer is given:
− Keep answers minimal. Return only the entity, number, or direct value requested − not 

full sentences.
  E.g., for the song title of the current playing track, return just the title.
− Numbers must be numeric and not in words.
  E.g., for the number of songs in the queue, return ”10”, not ”ten”.

D. User−collaboration instructions:

− You can ask for any clarifications or confirmations from me when you are not sure about 
the task or ran into some problems. You can call ‘supervisor message supervisor‘ API 
to ask me for help.
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− However, you are not allowed to ask me about the login code or usage of any apis. You 
should find it yourself using the APIs provided for you.

− If you ran into some bugs/error when you are running apis, use ‘
supervisor message supervisor‘ API to ask me for help.

− If you believe the user’s instruction involves a common−sense issue or would require 
substantial resources to address, please call ‘supervisor message supervisor‘ API to 
request confirmation from the user.

− If you found there are multiple ways of completing the task and you don’t have enough 
information to tell which way is the correct way, always ask me for help using ‘
supervisor message supervisor‘ API before you make any move. For example, if your 
task is to buy a pair of Nike shoes for me, but you find there are multiple Nike shoes
 in amazon and you don’t know which one to buy, you should call ‘
supervisor message supervisor‘ API with message set to ‘There are multiple Nike shoes
 in amazon, which one do you want me to buy?‘.

Next, I will show you some worked−out examples as a tutorial before we proceed with the 
real task instruction.

ASSISTANT:
Sounds good!

USER:
# Tutorial Task Instruction 1
How many songs are in my Spotify player queue?
Disclaimer: This is not a real task, only a tutorial with fake data values.

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−
USER−TOOL−ASSISTANT−SEQUENCE:

[
    {
        ”role”: ”user”,
        ”content”: ”# Tutorial Task Instruction 1\n    How many songs are in my Spotify 

player queue?\n    Disclaimer: This is not a real task, only a tutorial with fake data
 values.”

    },
    {
        ”content”: null,
        ”role”: ”assistant”,
        ”function call”: null,
        ”tool calls”: [
            {
                ”id”: ”call c9e28d784c864a39b7194976”,
                ”function”: {
                    ”arguments”: ”{}”,
                    ”name”: ”supervisor show profile”
                },
                ”type”: ”function”
            },
            {
                ”id”: ”call Tup4gy3bYc1AJfjp1lLuKUWJ”,
                ”function”: {
                    ”arguments”: ”{}”,
                    ”name”: ”supervisor show account passwords”
                },
                ”type”: ”function”
            }
        ]
    },
    {
        ”tool call id”: ”call c9e28d784c864a39b7194976”,
        ”role”: ”tool”,
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        ”name”: ”supervisor show profile”,
        ”content”: ”{\n     \”first name\”: \”Alice\”,\n     \”last name\”: \”Nguyen\”,\n 

    \”email\”: \”alice.nguyen@yahoo.com\”,\n     \”phone number\”: \”4027719823\”,\n  
   \”birthday\”: \”1972−09−14\”,\n     \”sex\”: \”female\”\n    }\n    ”

    },
    {
        ”tool call id”: ”call Tup4gy3bYc1AJfjp1lLuKUWJ”,
        ”role”: ”tool”,
        ”name”: ”supervisor show account passwords”,
        ”content”: ”[\n     {\n      \”account name\”: \”amazon\”,\n      \”password\”: \”

p8!Wqˆ3T\”\n     },\n     {\n      \”account name\”: \”file system\”,\n      \”
password\”: \”Y2#kL!7z\”\n     },\n     {\n      \”account name\”: \”gmail\”,\n      
\”password\”: \”n4@H9!xP\”\n     },\n     {\n      \”account name\”: \”phone\”,\n     
 \”password\”: \”R7ˆd$1mB\”\n     },\n     {\n      \”account name\”: \”simple note
\”,\n      \”password\”: \”J5!qXˆ0c\”\n     },\n     {\n      \”account name\”: \”
spotify\”,\n      \”password\”: \”Z1*v9#hQ\”\n     },\n     {\n      \”account name\”:
 \”venmo\”,\n      \”password\”: \”F8#r2@kD\”\n     }\n    ]\n    ”

    },
    {
        ”content”: null,
        ”role”: ”assistant”,
        ”function call”: null,
        ”tool calls”: [
            {
                ”id”: ”call amWHN4mVwAYqg1VC9hjUtzJ8”,
                ”function”: {
                    ”arguments”: ”{\”username\”:\”alice.nguyen@yahoo.com\”,\”password\”:\”

Z1*v9#hQ\”}”,
                    ”name”: ”spotify login”
                },
                ”type”: ”function”
            }
        ]
    },
    {
        ”tool call id”: ”call amWHN4mVwAYqg1VC9hjUtzJ8”,
        ”role”: ”tool”,
        ”name”: ”spotify login”,
        ”content”: ”{\n     \”message\”: \”Wrong Credentials.\”\n    }\n    ”
    },
    {
        ”content”: null,
        ”role”: ”assistant”,
        ”function call”: null,
        ”tool calls”: [
            {
                ”id”: ”call amWHN4mVwAYqg0IC9hjUtz7y”,
                ”function”: {
                    ”arguments”: ”{\”message\”:\”I can’t login to your Spotify account. 

The credentials are wrong.\”}”,
                    ”name”: ”supervisor message supervisor”
                },
                ”type”: ”function”
            }
        ]
    },
    {
        ”tool call id”: ”call amWHN4mVwAYqg0IC9hjUtz7y”,
        ”role”: ”tool”,
        ”name”: ”supervisor message supervisor”,
        ”content”: ”{\n     \”message\”: \”Oh I may give you the wrong email address. My 

email address is alice.nguyen72@yahoo.com\”\n    }\n    ”
    },
    {
        ”content”: null,
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        ”role”: ”assistant”,
        ”function call”: null,
        ”tool calls”: [
            {
                ”id”: ”call amWHN4mVwAYqg0IC9hjUtzJ8”,
                ”function”: {
                    ”arguments”: ”{\”username\”:\”alice.nguyen72@yahoo.com\”,\”password

\”:\”Z1*v9#hQ\”}”,
                    ”name”: ”spotify login”
                },
                ”type”: ”function”
            }
        ]
    },
    {
        ”tool call id”: ”call amWHN4mVwAYqg0IC9hjUtzJ8”,
        ”role”: ”tool”,
        ”name”: ”spotify login”,
        ”content”: ”{\n     \”access token\”: \”AbcDefGhIjKlMnOpQrStUvWxYz123456.

eyJzdWIiOiJ0ZXN0dXNlcjEyMyIsImV4cCI6MTcwMDAwMDAwMCwiYWdlIjoyNX0.
hGf5kLmNpQ2rStUvWxYz9AbCdEfGhIjKlMnOpQrS\”,\n     \”token type\”: \”Bearer\”\n    }\n 
   ”

    },
    {
        ”content”: null,
        ”role”: ”assistant”,
        ”function call”: null,
        ”tool calls”: [
            {
                ”id”: ”call ak9MW5W6bfW4wVdioUIAI1nd”,
                ”function”: {
                    ”arguments”: ”{\”access token\”:\”AbcDefGhIjKlMnOpQrStUvWxYz123456.

eyJzdWIiOiJ0ZXN0dXNlcjEyMyIsImV4cCI6MTcwMDAwMDAwMCwiYWdlIjoyNX0.
hGf5kLmNpQ2rStUvWxYz9AbCdEfGhIjKlMnOpQrS\”}”,

                    ”name”: ”spotify show song queue”
                },
                ”type”: ”function”
            }
        ]
    },
    {
        ”tool call id”: ”call ak9MW5W6bfW4wVdioUIAI1nd”,
        ”role”: ”tool”,
        ”name”: ”spotify show song queue”,
        ”content”: ”[\n     {\n      \”song id\”: 1,\n      \”title\”: \”Midnight on the 

Shore\”,\n      \”album id\”: 1,\n      \”album title\”: \”Blues\”,\n      \”duration
\”: 1,\n      \”artists\”: [\n       {\n        \”id\”: 1,\n        \”name\”: \”Sandy
\”\n       }\n      ],\n      \”position\”: 1,\n      \”is playing\”: true,\n      \”
is current\”: true\n     }\n    ]\n    ”

    },
    {
        ”content”: null,
        ”role”: ”assistant”,
        ”function call”: null,
        ”tool calls”: [
            {
                ”id”: ”call prJGf8V0QVT7cbD91e0Fcxpb”,
                ”function”: {
                    ”arguments”: ”{\”answer\”:1}”,
                    ”name”: ”supervisor complete task”
                },
                ”type”: ”function”
            }
        ]
    },
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    {
        ”tool call id”: ”call prJGf8V0QVT7cbD91e0Fcxpb”,
        ”role”: ”tool”,
        ”name”: ”supervisor complete task”,
        ”content”: ”{\”message\”: \”Marked the active task complete.\”}\n    ”
    }
    >>>> [SEE IN CODE] <<<<
]

−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−
USER:
# Real Task Instruction
{instruction}

Disclaimer: This is a real task. Do NOT copy−paste access tokens, passwords, names, etc 
from the above tutorial examples. They were only to teach you how by showing some 
examples. Instead, call relevant APIs from scratch as needed.
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