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ABSTRACT

Long-horizon workflow agents that operate effectively over extended periods are
essential for truly autonomous systems. Their reliable execution critically depends
on the ability to reason through ambiguous situations in which clarification seeking
is necessary to ensure correct task execution. However, progress is limited by
the lack of scalable, task-agnostic frameworks for systematically curating and
measuring the impact of ambiguity across custom workflows. We address this
gap by introducing LHAW (Long-Horizon Augmented Workflows), a modular,
dataset-agnostic synthetic pipeline that transforms any well-specified task into
controllable underspecified variants by systematically removing information across
four dimensions — Goals, Constraints, Inputs, and Context — at configurable severity
levels. Unlike approaches that rely on LLM predictions of ambiguity, LHAW vali-
dates variants through empirical agent trials, classifying them as outcome-critical,
divergent, or benign based on observed terminal state divergence. We release 285
task variants from THEAGENTCOMPANY, SWE-BENCH PRO and MCP-ATLAS
according to our taxonomy alongside formal analysis measuring how current agents
detect, reason about, and resolve underspecification across ambiguous settings.
LHAW provides the first systematic framework for cost-sensitive evaluation of
agent clarification behavior in long-horizon settings, enabling development of
reliable autonomous systems.

1 INTRODUCTION

Autonomous agents executing complex, multi-step workflows over extended time horizons face a
fundamental challenge: distinguishing between tasks that are solvable given current information
and those that require clarification to avoid execution failures. Unlike conversational assistants
where clarification incurs low cost, autonomous agents operate in situations where each human
interaction interrupts workflow execution, introduces latency, and imposes cognitive switching costs
on supervisors. The critical question becomes not whether agents can execute well-specified tasks,
but if they can detect when specifications are insufficient and strategically decide when clarification
justifies its cost.

Current benchmarks evaluate agents along dimensions that fail to capture this tension. Long-horizon
benchmarks like THEAGENTCOMPANY [ Xu et al.| (2024), SWE-BENCH PRO Jimenez et al. (2024)
and MCP-ATLAS Bandi et al.| (2026) assess execution capability under sufficient specification
without assessing whether agents recognize missing information. Clarification benchmarks like
ClariQ|Aliannejadi et al.[(2020) and AmbigQA [Min et al.| (2020) operate in short-context regimes
where asking questions carries negligible cost. VitaBench [He et al.| (2025) explores these types
of complex interactions with users, but does not systematically evaluate whether agents can detect
underspecification in long-horizon tasks and appropriately seek clarification when needed. An
agent that silently assumes missing parameters may execute incorrect workflows with cascading
consequences, whereas an agent that asks excessively may indicate poor reasoning about what
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Figure 1: The LHAW Synthetic Underspecification Pipeline. Three phases: (1) Segment Extraction
& Scoring—identify removable segments, classify by dimension, estimate criticality/guessability;
(2) Variant Generation—apply different removal strategies to create underspecified prompts with
expected questions; (3) Empirical Validation—run agent trials to classify variants as outcome-critical,
divergent, or benign.

information gaps are critical. The absence of systematic evaluation for this capability impedes
progress toward reliable autonomous systems.

We introduce LHAW, a dataset-agnostic pipeline for generating and validating underspecified task
variants to address this gap. LHAW transforms well-specified benchmark tasks into controllably
underspecified variants through three phases: (1) Segment Extraction—identifying removable
information segments categorized by dimension (Goal, Constraint, Input, Context) and scored for
criticality; (2) Candidate Generation—producing underspecified variants at configurable severity
levels; and (3) Empirical Agent Trials—classifying each variant as outcome-critical (removal causes
consistent failure), divergent (variable outcomes), or benign (agents infer the missing information)
based on observed agent behavior. This operationalizes ambiguity through execution rather than
linguistic intuition, grounding evaluation in observable outcomes and allowing us to make guarantees
about the level of ambiguity.

Key contributions of our work are:

1. A synthetic pipeline for controllable underspecification (§3}§3.3). LHAW transforms well-
specified tasks into underspecified variants via three phases: segment extraction, candidate
generation, and empirical validation. The pipeline operates over four information dimensions
(Goal, Constraint, Input, Context) with configurable obfuscation strategies.

2. Empirical validation and benchmark-ready samples (§3.4-§3.6). We generate 285 underspeci-
fied variants across THEAGENTCOMPANY, SWE-BENCH PRO, and MCP-ATLAS, empirically
classifying each as outcome-critical, divergent, or benign through agent trials. Severity strategies
and multi-segment removal produce predictable difficulty curves, validating controllable ambiguity
levels.

3. Analysis of clarification behavior under underspecification (§4). Frontier models consistently
recover significant performance through clarification, but with clear model-dependent patterns:
GPT-5.2 over-clarifies while Gemini models under-clarify. We introduce Gain/Q (performance
gain per question) to measure clarification efficiency, revealing which models extract the most
value per question—and which impose unnecessary burden on users.

2 BACKGROUND AND PROBLEM SETUP

2.1 LONG-HORIZON WORKFLOWS

Traditional Al assistants operate in a conversational paradigm: rapid turn-by-turn dialogue where
clarification is cheap and expected. In some scenarios, engagement is a primary success metric.
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However, the emerging paradigm of long-horizon workflows inverts this: agents execute extended
workflows with minimal supervision, and each human interruption carries a cost.

Definition 2.1 (Long-Horizon Workflow). A task requiring an agent to execute dozens to hundreds
of sequential actions across multiple stages, where human interaction is available but costly.

Clarification carries costs along three dimensions: (1) interruption—human context-switching and
cognitive load; (2) latency—workflow blocked pending response; and (3) frust—excessive questions
erode user confidence. An ideal agent clarifies when the expected value of information exceeds these
costs, and proceeds autonomously otherwise. Toward this goal, we study the value of information
and the cost of corresponding questions separately, with their integration into a decision-theoretic
framework left for future work.

2.2 Two TYPES OF AMBIGUITY

Scenarios that warrant clarification can be broadly categorized into two types:

1. Semantic Ambiguity. A request admits multiple valid interpretations, each leading to a different
but potentially complete answer. This is common in open-domain QA and preference elicitation;
benchmarks like ClariQ |Aliannejadi et al.|(2020) and AmbigQA Min et al.| (2020) evaluate these
subjective scenarios.

2. Underspecification. A request is missing critical information, rendering it unsolvable without
acquiring that information. This is frequent in enterprise settings where tasks are complex and
users may not know what details are necessary. Benchmarks like QuestBench [Li et al.|(2025) and
UserBench |Qian et al.| (2025) explore this setting.

Definition 2.2 (Outcome-Critical Underspecification). A task is outcome-critical if missing infor-
mation causes consistent agent failure, showing that the agent cannot succeed without acquiring the
underspecified information.

LHAW focuses on underspecification—cases where agents cannot succeed without acquiring missing
information. We validate variants through empirical agent trials, classifying them as outcome-critical,
divergent, or benign based on observed terminal state divergence and agent behaviors.

3 THE LHAW PIPELINE

LHAW is a synthetic pipeline for controllable underspecification, designed around long-horizon
tasks and generality. We step through the process of creating our benchmark-ready samples by first
introducing task selection (§3.1), then our underspecification taxonomy and synthetic pipeline (§3.2}
§3.3), and wrap up with the benchmark, user-simulator design and pipeline validation (§3.4}§3.6).

3.1 TASK SELECTION AND EVALUATION DESIGN

LHAW evaluates strategic clarification on long-horizon tasks drawn from three benchmarks spanning
tool-use and real-world workflows: THEAGENTCOMPANY (OwnCloud subset), SWE-BENCH PRoO,
and MCP-ATLAS. Our goal is to study underspecification in settings where agents can make
meaningful progress when all information is present, but may fail when critical details are removed.

Selection Criteria. To reduce confounding factors in agent error traces, we select tasks where
agents demonstrate baseline competence under fully specified prompts, then systematically ablate
outcome-critical information. This ensures that performance drops under underspecification reflect
ambiguity sensitivity rather than general task inability.

Evaluation Metrics. We report pass@3 as full task success: at least one of three independent
trajectories satisfies all evaluation criteria. When full success is too sparse to support filtering, we use
checkpoint-level progress to identify tasks where agents reach ambiguity-sensitive decision points.

Partial Completion Tasks (TAC). THEAGENTCOMPANY Xu et al.|(2024)) is a realistic, workplace-
oriented benchmark in which agents act as digital workers within a simulated software company.
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Table 1: Underspecification taxonomy:

tors, and examples.

four dimensions of task information, with definitions, indica-

Dimension

Definition

Indicators

Examples

Goal

Constraint

The final deliverable or success
criteria is unclear. Agent doesn’t
know what output to produce or
what counts as completion.

Rules, thresholds, methods, or re-
quirements for execution are un-
clear. Agent knows what but not
the specific parameters.

Vague action verbs, missing
deliverable spec, undefined
success criteria, ambiguous
scope

Missing thresholds, filters, lim-
its, timelines, exclusion crite-
ria, vague precision

“Write the summary.” — What summary?
For whom? What length?

“Launch the campaign.” — What is the suc-
cess metric?

“List top customers.” — What defines
“top”? By revenue? Count?

“Book a reasonable flight.”” — What’s your
budget?

Input Data source, file location, system, Unspecified data source, file, “Use the latest dataset.” — Which dataset?
or tool to use is unclear. Agent system, version; ambiguous  Stored where?
cannot locate or access required  “latest” qualifier “Run analysis on the customer table.” —
resources. Which database?

Context Domain knowledge, business Missing actor/recipient, refer- “Send the report to the team.” — Which

logic, jargon, or implicit require-
ments are unclear. Agent lacks un-
derstanding to interpret correctly.

ent ambiguity, domain or tool
context

team? Email or chat?
“Deploy after tests.” — Which tests? What
tools?

Tasks require navigation of multi-step workflows involving web browsing, code editing, terminal
commands, and collaboration tools, spanning Data Science, Finance, HR, and Software Engineering
domains.

Each task defines multiple checkpoints corresponding to meaningful sub-goals. Full end-to-end
success is rare—only 7 of 33 OwnCloud tasks achieve non-zero pass@3 across frontier models—
making filtering by full completion impractical. Instead, we select by partial completion: tasks with
average checkpoint accuracy >50% across reference models (Sonnet-4.5, GPT-5.2, Gemini-3-Flash),
which yields 13 tasks (Table[I3).

Full Completion Tasks (SWE-Bench-Pro, MCP-Atlas). SWE-BENCH ProO|Jimenez et al.| (2024)
evaluates code repair capabilities on real GitHub issues, requiring agents to navigate large codebases
and produce correct patches. For this benchmark with higher pass rates, we require pass@3 > 0 for
all reference models (GPT-5.2, Sonnet-4.5, Gemini-3-Pro)—ensuring tasks are solvable end-to-end
before underspecification is introduced. For SWE-BENCH PRO, each task includes fail-to-pass
(F2P) tests—unit tests that must change from failing to passing for a correct fix—and pass-to-pass
(P2P) regression tests that must remain passing. We use F2P test outcomes as checkpoints for partial
progress and behavioral divergence classification; P2P tests are not used for checkpoints but are
required for full task success (no regressions). To enable meaningful divergence analysis, we require
|[F2P| > 2 (at least 3 tests), reducing 731 instances to 417. Filtering further by pass@3 > 0 for
all reference models yields 100 base tasks. From these, we generate underspecified variants and
classify each via empirical trials (§3.1)), selecting 100 variants spanning 75 unique original tasks with
a representative distribution of 31 outcome-critical, 34 divergent, and 35 benign.

MCP-ATLAS Bandi et al|(2026) tests tool-use capabilities across diverse MCP server integrations,
requiring agents to select and invoke appropriate tools for each task. For this benchmark, we similarly
require pass@3 > 0 for all reference models (GPT-5.2, Opus-4.5, Gemini-3-Pro) where a pass is
defined as achieving >= 75% of checkpoints — the default threshold in the official github repository.
This yields 222 tasks, of which we generate 666 variants (3 per task) and then randomly downsample
to 100 variants to reach our desired distribution of 50 outcome-critical, 30 divergent, and 20 benign.

3.2 UNDERSPECIFICATION TAXONOMY

We define a structured taxonomy of information dimensions that can be systematically removed from
task specifications. This taxonomy was constructed by analyzing failure modes across 33 TAC tasks
and identifying recurring patterns of missing information. Rather than imposing categories a priori,
we observed what types of information, when absent, caused agents to fail or diverge. For example,
missing information about expected outputs led agents to produce things that were technically correct
under some interpretation but failed to fully meet user needs, while missing information about
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Legend: GOAL CONSTRAINT INPUT CONTEXT
Navigate to owncloud at '/inputs/THE OWNCLOUD FOLDER'.

* Use the provided "april-attendance-data.csv" spreadsheet in owncloud's "Documents/Human Resources Team/Attendance" folder, and the pay rates
information in "salary-rates.pdf" file in the same folder to calculate the total earnings for each employee based on the number of hours that

they have worked in total.

* We want to be generous and round up their total work hours to the next nearest integer value. However, be careful not to round up their work
hour for each individual day. Only round up the total.

* Create a report called “april-payroll.xlsx" in the local '/THE OWNCLOUD FOLDER/' directory. You must make sure that it is a xlsx file.

# In the report, have columns with names 'Name' and 'Total Earnings' .

Figure 2: Segment Extraction & Scoring. The pipeline identifies removable segments, classifying
each by dimension (color) and scoring for criticality and guessability.

context led agents to make systematically incorrect assumptions. We eventually chose four kinds of
underspecification: Goal, Constraint, Input, and Context, which are described in full in Tablem

3.3 SYNTHETIC UNDERSPECIFICATION PIPELINE

We created a synthetic data pipeline to programmatically generate underspecified variants from
well-specified tasks (Figure[T). The pipeline operates in three phases:

Phase 1: Segment Extraction. An LLM analyzes each task’s well-specified prompt and identifies
atomic information segments that could be removed. Based on our taxonomy, each segment is
classified by dimension (Goal/Constraint/Input/Context), subdimension (e.g., “identifier”, “format”;
see section[E), and text span (i.e. text comprising the segment). In addition, we support passing in
grounding data, such as ground truth trajectories or evaluation checkpoints so the extraction LLM
can analyze the golden trace and map it back to all the different segments in the prompt. The LLM
also estimates two scores on a 3-level scale (0.0/0.5/1.0): criticality: would removal cause task
failure; and guessability: can the agent infer this from context. Using both scores, we can rank
most important segments by priority score = criticality x (1 — guessability). We show an example
output from the segment extraction phase on a well-specified prompt from THEAGENTCOMPANY in

Figure[2]

Phase 2: Candidate Generation. For each segment (or combination), we generate underspecified
variants using different removal strategies. Delete removes the segment entirely, whereas vaguify
replaces the segment with vague language (e.g. “the file”), and genericize uses generic phrases to
describe the segment (e.g. “appropriate format”). To ensure diversity across different settings and
ambiguity scenarios, we also filter the segments based on a combination of grounding information
and priority score. We can increase the difficulty of the underspecified task by increasing the number
of segments removed, which requires that the agent identifies multiple critical blockers before task
success. Removing more segments produces more severe underspecification but risks creating a new
valid task rather than an underspecified one. Phase 3 addresses this via empirical validation.

Table 2: Pass@3 Performance on Underspecified Tasks by number of segments removed on MCP-
ATLAS. Values in parentheses show gain with ask_user tool.

Model Baseline 1-segment 2-segments
Opus-4.5 100 60.5 (+13.2) 38.7 (+41.9)
Gemini-3-Pro 100 50.0 (+21.1) 43.5 (+29.1)
GPT-5.2 100 447 (+23.7) 403 (+37.1)
Sonnet-4.5 87 44.7 (+31.6) 35.5 (+32.2)

Gemini-3-Flash 93 52.6 (+10.6) 38.7 (+27.4)
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Phase 3: Empirical Agent Trials. We run multiple agent trials on each candidate to classify variants
based on observed outcomes. We sample n trajectories per variant and analyze the distribution of
terminal states: tuples of checkpoint results at task completion.

Given n trials and ¢ successes, we define 7 = (s1, ..., sp) to be the list of terminal states across
n trials. We then define the set of unique terminal states as S = {uy, ..., u;}, where k = |S| and
1<k<n.

Definition 3.1 (Ambiguity Classification). Given n trials, ¢ successes, and the set of terminal states
S, atask is:

* Outcome-Critical: ¢ = 0 (agent always fails without the missing information)

* Divergent: ¢ > 0 and |S| > 1 (variable outcomes across trials)

* Benign: ¢ > 0 and |S| = 1 (agent reliably infers the missing information, always reaching success)
* New Task: ¢ = 0 and |S| = 1 (agent reliably reached the same non-successful outcome)

The New Task category helps filter out scenarios where all trials fail but converge to the same terminal
state. We use an LLM judge to determine whether all trajectories arrived at a new terminal state but
successfully accomplishes the task with the prompt provided in Section[D.4] This removal strategy
explicitly filters out scenarios like changing “Find me all users between the age of 18-34” to ”Find me
all users” which is a valid, new task but will not lead to a successful outcome. We can then leverage
the candidates along with their ambiguity classification for benchmark construction.

3.4 BENCHMARK CONSTRUCTION

We sample across MCP-ATLAS, THEAGENTCOMPANY, and SWE-BENCH PRoO, following the task
selection criteria from §3.1|along with the LHAW synthetic pipeline. For our synthetic pipeline, we
use Gemini-3-Flash for extraction and generation due to cost efficiency and long context capabilities,
along with setting the removal strategy to delete and allowing for 1 or 2-segment removal.

Stepping through the construction process for THEAGENTCOMPANY tasks, we start by generating
baseline pass @k metrics across relevant models (GPT, Claude, Gemini) and filter based on tasks
satisfying the partial completeness threshold. We end up with 13 tasks and run each task through
the segment extraction process along with grounding data. After combining segments, we generate
233 candidates and apply the agent trials process to arrive at 146 outcome-critical, 54 divergent, 15
benign samples and 18 classified as new task. Once we filter out new tasks, we target a distribution
of 40% outcome-critical, 30% divergent, 30% benign and ensure diversity across tasks, dimensions,
and segment counts. For TAC, we arrive at 85 total samples (40 outcome-critical, 30 divergent, and
15 benign). Similarly for SWE-BENCH PRO and MCP-ATLAS, we curate 100 final samples from
each dataset, bringing the total benchmark samples to 285. The final distribution across datasets,
ambiguity classes, and information dimensions is shown in Figure 3]in Appendix

3.5 USER SIMULATOR

In order to evaluate clarification behavior and whether agents can strategically interact with a user to
reason through ambiguity, we leverage a simulated user that responds to agent questions during task
execution. The simulator is an LLM with access to: (1) the original task specification, (2) ground
truth for removed segments, and (3) a response policy. We implement the user as an ask_user tool
that we provide to the agent, which is hosted as an MCP server and easily extends across agent
benchmarks. Our response policy constrains the user simulator to only respond to questions relating
to the removed segments and defer all other questions to using best judgment. Additional user
simulator implementation details are in Section

3.6 PIPELINE VALIDATION

We validate the effectiveness of our synthetic pipeline by examining whether our generated tasks
satisfy the outcome-critical property where agents reliably fail when a task is underspecified. In
addition, we also examine the extent to which the pipeline can systematically manipulate well-
specified prompts across information dimensions and generation criteria to produce predictable
difficulty curves.
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We evaluate variants along task success and run n trials per variant and measure pass @k—the
unbiased estimator for task completion |Chen et al.| (2021)). In Table [2| we see that both 1-segment
removal and 2-segment removal are able to successfully underspecify tasks. However, we see a
greater recovery of performance when adding the ask_user tool in 2-segment removal (likely because
there is more information the user can provide to increase performance). In Table[IT} we vary removal
strategies across Gemini-3-Flash and show that all strategies produce substantial outcome-critical
ambiguities. Interestingly, VAGUIFY can be particularly challenging: ambiguous references like “the
file” or “an appropriate color” often lead agents to make confident but incorrect assumptions, whereas
complete deletion may allow agents to recognize missing information and seek clarification. Table[I6]
illustrates how each strategy transforms the same task prompt.

Table 3: Overall Task Success (Pass@3%) and Average Checkpoint score (Ckpt%) across benchmarks.
We report original baseline metrics (performance on original well-specified tasks), user behavior
statistics, and performance across underspecified tasks with and without user (values in parentheses
show gain with user tool). Ask% = fraction of trials invoking user tool. Avg/Traj = mean number of
questions per trajectory (among trajectories with user calls). Gain/Q = percentage gain improvement
divided by the number of questions asked.

Baseline User Behavior Pass@3 % Ckpt%
Data Model Pass@3 Ckpt Ask% Avg/Traj Score Gain/Q Score Gain/Q
Claude Opus 4.5 100 91.1 73 1.10 47.0 (+31.0) 0.15 47.9 +23.1) 0.11
MCP-Atlas Gemini 3 Pro 100 90.2 63 1.06 46.0 (+26.0) 0.16 46.1 (+21.0) 0.13
n_tasks=100 GPT-5.2 100 84.7 97 1.73 42.0 (+32.0) 0.07 39.7 (+22.8) 0.05
n_variants=100  Claude Sonnet 4.5 87 82.8 73 1.11 39.0 (+32.0) 0.17 39.3 (+23.3) 0.13
Gemini 3 Flash 93 85.6 50 1.05 44.0 (+21.0) 0.15 44.9 +17.1) 0.12
Claude Opus 4.5 61.5 88.3 48 1.30 31.8 +7.1) 0.08 59.7 +8.1) 0.09
TAC Gemini 3 Pro 53.8 68.1 18 1.06 31.7 (+4.8) 0.24 51.9 +2.2) 0.11
n_tasks=13 GPT-5.2 61.5 82.4 87 1.81 33.8 (+6.5) 0.04 66.0 (+2.7) 0.02
n_variants=85 Claude Sonnet 4.5 53.8 77.3 79 1.18 29.4 (+5.9) 0.04 53.4 (+6.7) 0.04
Gemini 3 Flash 69.2 87.5 32 1.09 31.8 (+4.2) 0.10 31.8(—28  —0.07
SWE-Bench  Gemini 3 Pro 93.3 70.4 12 1.89 69.0 (+4.0) 0.06 47.8 (+7.5) 0.11
Pro GPT-5.2 88.0 79.5 81 1.18 69.0 (+22.0) 0.08 62.3 (+8.1) 0.03
n_tasks=75 Claude Sonnet 4.5 96.0 87.6 11 1.00 79.0 (+0.0) 0.00 63.2 (+4.9) 0.15
n_variants=100  Gemini 3 Flash 86.7 62.6 0 0.00 73.0 (—1.0) 0.00 43.5 (+7.0) 0.00

4 AGENT BEHAVIOR UNDER AMBIGUITY

With the LHAW benchmark samples created across our relevant benchmarks, we study how agents
detect, reason about, and resolve underspecification across information types, agent design, and user
clarification settings. To do this, we focus on four core studies: 1) value of information measuring
how much performance is degraded by underspecification as well as how much can be recovered
through the ask_user tool; 2) cost of information by imposing a bias on the agent’s perception of
the cost of asking the user for clarity; 3) failure modes of clarifying questions to provide semantic
understanding of what tendencies lead agents to better/worse performance in clarifying with the
ask_user tool; and 4) an ablation on agentic prompting to see how the value of information changes
under varying agent prompting strategies.

4.1 EXPERIMENTAL SETUP

Agent Runner. For agent execution, we run and evaluate agents using each benchmark’s evaluation
harness with two modifications: (1) we replace well-specified prompts with our generated underspeci-
fied variants, and (2) we integrate the ask_user tool, giving the tool visibility into the original prompts
only. Additional implementation details are provided in Section [H}

Models. We evaluate five frontier models across three providers: Claude Opus-4.5, Claude Sonnet-
4.5, Gemini-3-Pro, Gemini-3-Flash, and GPT-5.2. These models represent the current state-of-the-art
for agentic tasks and span both high-capability and cost-efficient tiers, enabling comparison across
the capability-cost tradeoff. Other models were evaluated but excluded due to insufficient baseline
performance on longer-horizon tasks or cost constraints.
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Metrics. We run 3 independent trials per variant and report 2 categories of metrics. For rask
performance, we use each benchmark’s native evaluation: pass@3 (at least one successful trial) and
checkpoint accuracy (partial progress). For clarification behavior, we measure Ask % (fraction of
trials invoking the ask_user tool), Avg Q (mean questions per trajectory), and Gain/Q (performance
improvement per question asked).

4.2 VALUE OF INFORMATION: AGENT BEHAVIOR ACROSS BENCHMARKS

In Table 3] we examine how agents perform under ambiguity and how effectively they can recover
missing information with ask_user. While MCP-ATLAS maintains a 1:1 mapping between under-
specified variants and original tasks, THEAGENTCOMPANY and SWE-BENCH PRO map multiple
variants to the same original tasks. This 1:1 alignment in MCP-ATLAS allows us to directly measure
baseline recovery: for example, Opus-4.5 recovers to 78% pass @3 with ask_user (from 47% without),
still short of its 100% baseline. Across all three benchmarks, we find that underspecification consis-
tently degrades performance and that the ask_user tool enables meaningful recovery, though models
generally do not fully recover their original baselines with the exception of GPT-5.2 on SWE-BENCH
PRrO. Performance breakdowns by ambiguity class confirm that degradation is concentrated in
outcome-critical variants, with detailed results in Tables

Overall, Claude Opus-4.5 is the most performant before/after underspecification on MCP-ATLAS,
while on THEAGENTCOMPANY, Gemini-3-Flash and Opus-4.5 performed best before underspec-
ification and GPT-5.2 performed best in the underspecified regime (including with ask_user). On
SWE-BENCH PRO, Sonnet-4.5 achieves the highest underspecified pass@3 (79.0%) with no gain
from ask_user, while GPT-5.2 leverages clarification most effectively (+22.0 gain) to reach 91%.

To measure the value of information, we compare how much value is gathered for each question the
agent asks the user. We take our underspecified tasks and measure the average percentage gain on
Pass@3% and Ckpt% metrics for every question asked. This allows us to determine which models
are able to ”’do more” with fewer questions, i.e. extract the maximum value of information from a
user question. Conversely, it also reveals which models rely disproportionately on user interaction
rather than independent reasoning.

As shown in Table |3] we observe distinct clarification strategies across model families. GPT-5.2
consistently asks the most questions, maintaining the highest Ask% across all domains. While
this yields the largest absolute gains, it comes at the cost of per-question efficiency, with GPT-5.2
recording the lowest Gain/Q on MCP-ATLAS and THEAGENTCOMPANY. In contrast, models that
ask selectively tend to extract more value per question: Gemini-3-Pro achieves the highest Gain/Q of
any model-benchmark pair on THEAGENTCOMPANY (0.24) despite engaging ask_user in only 18%
of trials, and Sonnet-4.5 is most efficient on MCP-ATLAS (0.17). These patterns suggest that the
value of clarification depends not just on whether agents ask, but on how selectively they do so, as
further illustrated in Figure 4]

4.3 COST OF INFORMATION

We extend the information analysis to try to impose a cost associated with the ask_user tool by
creating 3 user personas:

* Supervisor: The original system prompt is appended with “Note: The user is currently sitting with
you in a live session, explicitly waiting to answer your questions to ensure the result is perfect. Do
not guess.”

» Standard Assistant: The original system prompt is appended with “Note: The user is working
on other tasks but is available to answer questions. You should ask questions if you are missing
information necessary to complete the task.”

* Busy Executive: The original system prompt is appended with “Note: The user is very busy
with other high stakes tasks and should not be disturbed. You should ONLY interrupt them if
proceeding without clarification would lead to a factual failure. For minor details, make a reasonable
assumption.”

Then, in Table[T4] we see that agent’s Gain%/Q is directly correlated with the expected cost of the
user persona’s time. When asking a supervisor for more information, we expect to be able to do
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Table 4: High-Level Ask User Failure Modes for All Trials with Questions

Question Question  Information Over- Under- Timing & Response
Model N  Quality Targeting Integration Clarification Clarification Strategy  Misinterp.
Claude Opus 4.5 188 0.63 0.39 0.07 0.15 0.25 0.02 0.13
Claude Sonnet4.5 167 0.77 0.46 0.10 0.22 0.25 0.03 0.22
Gemini 3 Flash 132 0.45 0.35 0.12 0.08 0.31 0.00 0.08
Gemini 3 Pro 153 0.52 0.36 0.11 0.12 0.27 0.00 0.12
GPT-5.2 280 0.97 0.47 0.15 0.38 0.21 0.04 0.30

more tasks (Ckpt% of 64.9%), but with a lower Gain%/Q (0.09%). On the other hand, when asking
the Executive for information, we expect to reduce the overall pass rate (Ckpt% of 56%), but with a
higher Gain%/Q (0.13%). Additionally, we show in Appendix [K| Figure[6] that the agent’s intuition
on optional vs. required clarification is actually quite strong with a gradual gradient decline on avg.
number of ask_user calls from outcome-critical tasks x supervisor persona (0.99 invocations/trial) to
benign tasks x executive persona (0.22 invocations/trial), while divergent tasks and standard personas
sit in between.

4.4 FAILURE MODES OF CLARIFYING QUESTIONS

In order to gain further understanding of what type of failure modes we might see from the agent in
its pursuit of additional information from the simulated user, we use an LLM-as-a-Judge to identify if
any of the questions can be classified as one of 7 top-level failure modes, with 3 sub-labels for each.
We include the prompt in Appendix

In Table ] we see the most common failure mode is Question Quality due to the compound question
sublabel (sample shown in Figure[5]in Appendix [J.3). In terms of outliers, we see that GPT-5.2 has a
significant propensity to ask over-clarifying questions (38% of all trials with questions). On the other
hand, we see that the Gemini model families are the most likely to under-clarify with the user (31%
of all trials with questions). Additionally, we provide the same table filtered by failed questions in
the Appendix Table[T7] This table shows the proportion of trials flagged with failed questions
increases dramatically (e.g. under-clarification likelihood rising to 48% from 26% across all models)
when the task itself fails. This points to the quality of the question sent to ask_user as a potential
explanation for agents’ inability to recover baseline performance in the underspecified regime, despite
the user being instructed to clarify ambiguity up to the original prompt.

4.5 AGENTIC PROMPTING STRATEGIES

We evaluate how different agentic prompting techniques affect ambiguity detection and clarification
behavior using THEAGENTCOMPANY tasks and GPT-5.2. Our baseline is a CodeAct agent|Wang
et al.[(2024) running in OpenHands with access to bash, Python, browser, and filesystem tools. We
compare against three strategies: ReAct|Yao et al.| (2023)) with thought-action-observation loops,
Reflexion Shinn et al.[(2023)) with act-then-self-assess, and Plan & Execute [Wang et al.|(2023)) where
agents explicitly plan with iterative execution.

In Table we find that the simplest prompting strategy (CodeAct) performs the best across overall
Pass @3, but more complex agent strategies perform better on Ckpt% along with on harder, outcome-
critical tasks. When we reintroduce the user in outcome-critical tasks, Reflexion and Plan & Execute
perform the best (17.9% and 18.4%) and have a 4% improvement in Ckpt% compared to simpler
strategies like ReAct and CodeAct. However, as tasks become simpler for agents to solve, we observe
the more complex prompting strategies begin to interfere with the original performance when faced
with ambiguity. One hypothesis is that sophisticated prompting can interfere with the agent’s natural
exploration behavior. In addition, Plan & Execute agents ask the most questions (80% overall),
suggesting that explicit planning surfaces more uncertainty compared to letting the agent decide how
to act.
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5 RELATED WORK

Ambiguity Clarification Benchmarks. ClariQ|Aliannejadi et al.[(2020) and AmbigQA Min et al.
(2020) evaluate semantic ambiguity in QA. QuestBench [Li et al.| (2025) introduces 1-sufficient
constraint satisfaction problems where exactly one variable is missing, testing whether LLMs can ask
the right question in reasoning tasks. UserBench Qian et al.|(2025) evaluates agents with simulated
users who start with underspecified goals and reveal preferences incrementally across multi-turn
interactions. ClarifyBench|Suri et al.|(2025)) also simulates users that ask a mix of explicit, ambiguous,
and infeasible queries. These focus on short-context scenarios; LHAW extends to long-horizon
workflows with cost-sensitive evaluation.

Long-Horizon Agent Benchmarks. THEAGENTCOMPANY Xu et al.|(2024) provides enterprise
simulation with long-horizon tasks. SWE-Bench |Jimenez et al.|[(2024) evaluates code repair. 7-
bench Yao et al.|(2024) tests tool-agent-user interaction. These assume well-specified tasks; LHAW
introduces controlled underspecification.

Synthetic Data for Evaluation. Odyssey-Bench|Wang et al. (2025) leverages a synthetic pipeline
and multi-agent framework to generate long-horizon workflow tasks to evaluate agents across enter-
prise settings, however they emphasize well-defined tasks. [Pan et al.| (2025) transform static coding
datasets into interactive ones via summarization, generating underspecified prompts and measuring
model steerability through multi-turn feedback. Our approach similarly generates underspecified
variants but focuses on outcome-critical underspecification—variants where missing information
causes task failure rather than just degraded quality.

6 DISCUSSION

Implications for Agent Development. Current agents lack robust mechanisms for: (1) uncertainty
quantification—recognizing when information is missing; (2) strategic clarification—asking only
when the value of information exceeds interruption cost; and (3) measuring behavior under under-
specification—giving practitioners a clear understanding of how their agent will react when tackling
ambiguity (e.g. cut corners, remove restrictions, get frustrated with the user — all of which we noticed
when inspecting rollouts).

Limitations. Our current pipeline operates only at the prompt level; agents can potentially infer
missing information by exploring the environment (e.g., listing folder contents). We address this
limitation by repeated sampling and analyzing the terminal states agents arrive at given different
specificity of task information (e.g. ambiguity that can be inferred is categorized as benign). Addi-
tionally, as mentioned in our work focuses entirely on underspecification rather than semantic
ambiguity arising from conflicting context or multiple valid interpretations. As such, our work does
not address key behavior that agents must grapple with in the wild.

Future Work will include creating more types of ambiguity, including at the environment level, to
create even more representative tasks to ensure expected behavior. We also plan to bridge LHAW with
human-in-the-loop benchmarks for validation with human-curated ambiguity along with post-training
models to address these underspecified scenarios. Furthermore, while we analyze the efficiency
of clarification via performance gain per question, we do not explicitly quantify the cost of user
interaction. Incorporating calibrated user-time or interruption costs into a full decision-theoretic
value-of-information framework is also an important direction for future work.

7 CONCLUSION

We introduced LHAW, a synthetic pipeline for controllable underspecification in long-horizon au-
tonomous workflows. We were able to validate the synthetic pipeline across several agent benchmarks
and showcase controllable generation to study various ambiguity types. We also analyze different
costs of information and failure modes when introducing ambiguity along with user interaction.
LHAW provides a foundation for the next generation of agent evaluation: one where we measure not
just whether agents succeed, but whether they know when to ask for help and how much of it.

10
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A DISCUSSION

Implications for Agent Development. Current agents lack robust mechanisms for: (1) uncertainty
quantification—recognizing when information is missing; (2) strategic clarification—asking only
when the value of information exceeds interruption cost; and (3) measuring behavior under under-
specification—giving practitioners a clear understanding of how their agent will react when tackling
ambiguity (e.g. cut corners, remove restrictions, get frustrated with the user — all of which we noticed
when inspecting rollouts).

Limitations. Our current pipeline operates only at the prompt level; agents can potentially infer
missing information by exploring the environment (e.g., listing folder contents). We address this
limitation by repeated sampling and analyzing the terminal states agents arrive at given different
specificity of task information (e.g. ambiguity that can be inferred is categorized as benign). Addi-
tionally, as mentioned in §2.2] our work focuses entirely on underspecification rather than semantic
ambiguity arising from conflicting context or multiple valid interpretations. As such, our work does
not address key behavior that agents must grapple with in the wild.

Future Work will include creating more types of ambiguity, including at the environment level, to
create even more representative tasks to ensure expected behavior. We also plan to bridge LHAW with
human-in-the-loop benchmarks for validation with human-curated ambiguity along with post-training
models to address these underspecified scenarios. Furthermore, while we analyze the efficiency
of clarification via performance gain per question, we do not explicitly quantify the cost of user
interaction. Incorporating calibrated user-time or interruption costs into a full decision-theoretic
value-of-information framework is also an important direction for future work.

B DETAILED EXPERIMENTAL RESULTS

B.1 PERFORMANCE BY INFORMATION DIMENSION

Using the information dimensions from our underspecification taxonomy, we provide the results
across each dataset with each corresponding model. We also report the original task baseline
performance for the corresponding model along with the Pass@3 results in Table [5] and average
checkpoint progress in Table|[6]

Table 5: Pass@3 (%) by Information Dimension across each dataset. Values in parentheses show

gain with user tool. “~" indicates insufficient (0) samples after filtering (TAC Context dimension).
Dataset Model Base All Goal Constr. Input Context
Opus-4.5 100  47.0 +31.00 423 (+30.8) 36.7 (+40.8) 40.8 (+42.9)  91.7 (+0.0)
MCP-Atlas Gemini-3-Pro 100 46.0 +31.0) 46.2 (+269) 30.6 (+40.8)  49.0 (+40.8)  83.3 (+0.0)
n_tasks=100 GPT-5.2 100  42.0 +32.00 48.1 (+23.1) 32.7 (+44.9) 34.7 (+40.8)  75.0 (+8.3)
n_variants=100  Sonnet-4.5 87 39.0 +32.00 34.6 +32.7) 34.7 +36.7) 34.7 (+30.6)  75.0 (+16.7)
Gemini-3-Flash 93 44.0 +21.00 42.3 +23.1) 32.7 +28.6) 38.8 (+26.5) 91.7 (-8.3)
Opus-4.5 61.5 31.8 +#7.00  29.4 (+11.8)  50.0 (+0.0) 27.9 (+2.3) —
TAC Sonnet-4.5 53.8 294 (+59)  29.4 (+98) 444 (+56)  25.6 (+2.3) -
n_tasks=13 Gemini-3-Pro 53.8 31.7 (+4.8) 31.2 +02) 333 @+11.1)  32.5 +7.0) —
n_variants=85 Gemini-3-Flash  69.2 31.8 (+4.2) 333 «+7.1)  38.9 (+11.1) 32.6 (-4.8) -
GPT-5.2 61.5 33.8+65  31.9 (+10.6) 47.1 (+0.0) 31.6 (+0.0) -
SWE-Bench GPT-5.2 88.0 69.0 (+22.0) 61.4+257) 66.0+26.0) 783 +174) 83.3 (+16.7)
Pro Sonnet-4.5 96.0 79.0 (+0.0) 64.3 (+7.1) 82.0 (—6.0) 91.3(—43)  91.7 (+0.0)
n_tasks=75 Gemini-3-Flash  86.7 73.0(-10) 60.0 +0.0) 82.0(—8.00 87.0(+0.0) 66.7 (+16.7)
n_variants=100  Gemini-3-Pro 93.3 69.0 (+4.0)  57.1 (+10.0) 70.0 (—6.0) 783 +17.4)  83.3 (+8.3)

B.2 PERFORMANCE BY AMBIGUITY CLASS ACROSS BENCHMARKS

We show the performance metrics across ambiguity types for MCP-ATLAS in Table[7], THEAGENT-
COMPANY in Table[8] and SWE-BENCH PRO in Table[9]
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Table 6: Avg. Checkpoint Progress (%) by Information Dimension across each dataset. Values in

parentheses show gain with user tool.

Context dimension).

[T L

indicates insufficient (0) samples after filtering (TAC

Dataset Model Base All Goal Constr. Input Context
Opus-4.5 91.1 479 @+23.1) 44.0+202) 41.5+309) 39.9 +32.1)  84.9 (+54)
MCP-Atlas Gemini-3-Pro 90.2  46.1 +252) 49.6 (+18.0) 35.9 (+30.3) 41.3 +353)  82.8 (-0.)
n_tasks=100 GPT-5.2 84.7 397 +228) 44.7 (+13.6) 35.8 (+22.4) 313 (+39.9)  58.0 (+6.9)
n_variants=100  Sonnet-4.5 82.8 393 +233) 38.2+21.0)0 34.8(29.00 30.2(+293) 73.2(-14)
Gemini-3-Flash  85.6 449 +17.1) 46.3 +19.3) 37.0 +19.8)  37.1 (+22.7) 81.9 (-2.6)
Opus-4.5 88.3 59781 535117y 70.8 (+6.4)  62.0 (+4.8) -
TAC Sonnet-4.5 77.3 53.4 (+6.6)  48.9 (+10.0) 64.5 (+7.4) 52.1 (+5.1) -
n_tasks=13 Gemini-3-Pro 68.1 51.9 +2.2) 48.2 (+2.2) 52.2 (+1.5) 56.7 (+1.3) -
n_variants=85 Gemini-3-Flash ~ 87.5 40.9 (-2.8) 41.0 (+0.8) 48.6 (-7.1) 43.9 (-8.0) -
GPT-5.2 82.4 66.0 (+2.7) 61.9 (+4.8) 72.7 (-3.1) 67.0 (+2.1) -
SWE-Bench GPT-5.2 79.5 62.3 +8.1)  50.0 (+12.7)  65.5 (+5.7) 72.5 (+8.6) 75.0 (+8.7)
Pro Sonnet-4.5 87.6 63.2 (+4.9) 50.8 (+2.9) 66.1 (+2.9) 69.6 (+13.6) 84.7 (—7.6)
n_tasks=75 Gemini-3-Flash  62.6 43.5 +7.0)  32.9 (+10.0) 49.8 (+5.5) 56.4 (+1.4)  41.0 (+19.4)
n_variants=100  Gemini-3-Pro 704  47.8 (+7.5) 38.7 +87) 444 (+11.1) 541 +11.5)  68.1 +6.2)

Table 7: Pass@3 (%) by Ambiguity Class on MCP-Atlas (n=100). Outcome-critical variants cause
near-complete failure.

Class Model Base Under. +User
Opus-4.5 1.00  0.14 0.70
Outcome-  Sonnet-4.5 0.88 0.08 0.64
Critical Gemini-3-Pro 1.00  0.08 0.52
(n=50) Gemini-3-Flash  0.88  0.08 0.52
GPT-5.2 .00 0.14 0.76
Opus-4.5 .00  0.73 0.77
4 Sonnet-4.5 083 057 0.70
?lf g(r)g)em Gemini-3-Pro 100 077 087
n= Gemini-3-Flash  1.00  0.67 0.67
GPT-5.2 .00  0.53 0.63
Opus-4.5 1.00 090 1.00
. Sonnet-4.5 090  0.90 0.90
g}‘f’;g;‘ Gemini-3-Pro ~ 1.00 095  1.00
= Gemini-3-Flash  0.95  1.00 0.95
GPT-5.2 1.00  0.95 0.85

B.3 ABLATION: AGENTIC PROMPTING STRATEGIES

Using the THEAGENTCOMPANY dataset with GPT-5.2, we experiment across different prompting
strategies like asking the agents to explicitly reason, plan or reflect. Full results are shown in Table[T0]

B.4 VALIDATING OUTCOME-CRITICAL CANDIDATE GENERATION

We validate that our synthetic data pipeline can consistently generate outcome-critical ambiguities
based on our filtering criteria. The results are shown in Table [T}

B.5 CRITICAL BLOCKER PROPERTY

In Table @ we show the performance on the outcome-critical subset, where agents have near-
complete failure without clarification.
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Table 8: Pass@3 (%) by Ambiguity Class on TAC (n=85). Outcome-critical variants cause near-
complete failure.

Class Model Base Under. +User
Opus-4.5 0.54 0.07 0.20
Outcome-  Sonnet-4.5 0.45 0.02 0.15

Critical Gemini-3-Pro 0.45 0.15 0.18
(n=40) Gemini-3-Flash  0.63 0.07 0.19

GPT:5.2 054 005 0.7

Opus-4.5 070 043 046

. Sonnet-4.5 060 043 043
](le ;rﬁem Gemini-3-Pro  0.60 036 043
n= Gemini-3-Flash 077 036 0.7
GPT-5.2 066 053  0.50

Opus-4.5 10 073 073

: Sonnet-4.5 1.0 0.73 0.73
ﬁg’;‘g’;‘ Gemini-3-Pro 080 077  0.73

Gemini-3-Flash 1.0 0.86 0.80
GPT-5.2 1.0 0.90 1.0

Table 9: Pass@3 (%) by Ambiguity Class on SWE-Bench Pro (n=100).

Class Model Base Under. +User
Out GPT-5.2 0.72 0.00 0.71

uicome  Sonnet-4.5 096 045 0.48
Critical

(n=31) Gemini-3-Flash  0.80 0.39 0.35
Gemini-3-Pro 0.84 0.26 0.52

GPT-5.2 0.84 1.00 1.00
Divergent  Sonnet-4.5 0.94 0.88 0.85
(n=34) Gemini-3-Flash ~ 0.88 0.82 0.91
Gemini-3-Pro 0.94 0.88 0.74

GPT-5.2 1.00 1.00 1.00
Benign Sonnet-4.5 0.97 1.00 1.00
(n=35) Gemini-3-Flash ~ 0.91 0.94 0.86
Gemini-3-Pro 0.97 0.89 091

B.6 CROSS-BENCHMARK GENERALIZATION

In Table[I3] we include aggregated Pass@3 (%) across models for each benchmark.

B.7 CosT OF USER CALL

In Table[T4] we include results across Sonnet-4.5 on MCP-ATLAS highlighting the impact of different
user personas introduced to the agent.
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Table 10: Agentic Prompting Ablation (GPT-5.2 on TAC, n=85). Pass@3 and Ckpt% show under-
specified performance without ask_user tool and values in parentheses shows improvement with the
tool. %Ask is percentage of trials where agent asked questions. Avg/Traj = mean number of questions
per trajectory (among trajectories with user calls).

Class Strategy Pass@3 Ckpt% %Ask  Avg/Traj
CodeAct (Original)  33.8 (+6.5) 66.0 (+2.7) 73% 1.8
Overall ReAct 28.4 (+10.1)  62.5 (+6.8) 69% 1.9
(n=85) Reflexion 31.3#87)  63.8 +7.9) 68% 2.1
Plan & Execute 31.3 (+6.0) 62.7 (+6.6) 80% 2.5
Out CodeAct (Original) 5.0 (+12.5) 52.8 (+6.7) 74% 1.9
C;li ticcoﬁle' ReAct 53+122) 53174  68% 2.2
(n=40) Reflexion 0.0 +17.9  51.1 (+13.9) 68% 2.3
Plan & Execute 0.0 (+184)  51.1 (+12.0) 77% 2.5
CodeAct (Original) 53.8 (-3.8)  75.5 +1.1) 73% 2.1
Divergent  ReAct 44.0 (+7.9) 71.2 (+4.8) T4% 2.1
(n=30) Reflexion 50.0 (+2.0) 72.3 (+2.0) 72% 2.2
Plan & Execute 48.0 (=570  69.0 (+4.6) 79% 2.6
CodeAct (Original)  90.9 +9.1)  91.2 (-7.8) 58% 1.7
Benign ReAct T72.7 (+9.1) T4.7 (+49.3) 61% 1.8
(n=15) Reflexion 100 (-9.1)  88.9 (—1.0) 55% 1.6
Plan & Execute 100 (—9.1) 87.7 (—7.4) 88% 2.3

Table 11: Pipeline validation: severity strategies produce different outcome distributions on TAC
(n=233 candidates, Gemini-3-Flash agent).

Outcome- New
Strategy Pass@3 Critical ~ Divergent Benign Task
DELETE 29.6% 146 54 15 18
VAGUIFY 19.2% 173 39 5 12
GENERICIZE  27.5% 151 54 10 18

Table 12: Fidelity: Outcome-critical variants Pass@3 (%) show near-complete failure without
clarification.

Dataset Model Base Under. +User
Opus-4.5 1.00 0.14 0.70
Sonnet-4.5 0.87 0.06 0.58
?r/fg(;;mas Gemini-3-Pro 100 008  0.62
Gemini-3-Flash ~ 0.93 0.10 0.42
GPT-5.2 1.00 0.14 0.74
Opus-4.5 0.54 0.07 0.20
TAC Sonnet-4.5 0.45 0.02 0.15
(n=40) Gemini-3-Pro 0.45 0.15 0.18
Gemini-3-Flash  0.63 0.07 0.19
GPT-5.2 0.54 0.05 0.17
GPT-5.2 0.72 0.00 0.71
SWE-Bench  Sonnet-4.5 0.96 0.45 0.48

Pro (n=31) Gemini-3-Flash  0.80 0.39 0.35
Gemini-3-Pro 0.84 0.26 0.52
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Table 14: Cost of User Call: Effect of persona on clarification behavior (MCP-Atlas, n=300, Sonnet-

4.5).

Table 13: Generality: Aggregated Pass@3 (%) across benchmarks (model average).

Dataset Base Under. +User
MCP-Atlas (n=100) 0.96 0.44 0.73
TAC (n=85) 0.66 0.30 0.37
SWE-Bench Pro (n=100) 0.91 0.73 0.79

Persona Ckpt% Qs Gain%/Q
Original 39.3 +233) 186 0.13%
Supervisor  39.3 (+25.6) 266 0.09%
Standard 39.3 (+23.8) 241 0.10%
Executive 393 «+167) 124 0.13%
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C BENCHMARK DATASET DISTRIBUTION

Figure [3] summarizes the final LHAW benchmark of 285 underspecified variants. The left panel
shows variant and unique task counts per dataset, highlighting the 1:1 variant-to-task mapping in
MCP-ATLAS versus the many-to-one mappings in THEAGENTCOMPANY (85 variants from 13 tasks)
and SWE-BENCH PRO (100 variants from 75 tasks). The center panel shows the ambiguity class
distribution: MCP-ATLAS skews toward outcome-critical variants (50%), while SWE-BENCH PRO
is more balanced across classes. The right panel shows the information dimension distribution, where
multi-segment removals in MCP-ATLAS are counted per segment, yielding 162 total dimension
instances from 100 variants. Goal is the most prevalent dimension overall, while TAC contains no
context-type underspecification.

Variants & Unique Tasks Ambiguity Class Information Dimension
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Figure 3: LHAW Benchmark Distribution. Final dataset of 285 variants across three benchmarks.
Left: variant and unique task counts per dataset. Center: ambiguity class distribution (outcome-

critical, divergent, benign). Right: information dimension distribution (goal, constraint, input,
context); multi-segment removals in MCP-Atlas count each dimension separately.

D SYNTHETIC PIPELINE IMPLEMENTATION DETAILS

D.1 SEGMENT EXTRACTION PROMPT

The segment extraction prompt instructs the LLM to identify removable information segments with
structured scoring.

You are an expert at analyzing task prompts to identify
critical information segments.

A SEGMENT is an atomic piece of information that, if removed,
would create outcome-critical ambiguity.

## Taxonomy (4 dimensions)

1. GOAL — WHAT to produce (output file, format, criteria)
2. CONSTRAINT - HOW to do it (thresholds, rules, methods)

3. INPUT — FROM WHERE (file paths, data sources)

4. CONTEXT — WHAT BACKGROUND (jargon, business rules)

## Segment Fields

- text: Short verbatim span with context around key info

- value: The ATOMIC piece of info (filename, number, rule)
Must be exact substring from prompt, keep SHORT

- dimension / subdimension: From taxonomy above

## Scoring (use ONLY 0.0, 0.5, or 1.0)

criticality - What happens if agent uses WRONG value?

1.0: Task FAILS (wrong output file created)
0.5: Task PARTIAL (degraded result)
0.0: Task OK (cosmetic difference only)
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guessability - If removed, can agent recover correct value?
0.0: Impossible (specific output filename - must be told)
0.5: Discoverable (input file - could run ‘ls' to find)
1.0: Obvious (universal default or stated elsewhere)

## Grounding (if trajectory/checkpoints provided)
- is_used_in_trajectory: bool

- first_use_pct: float (0.0=start, 1l.0=end)

- checkpoint_refs: ["CP1", "CP3"]

## Output (JSON)
{
"segments": [
{

"text": "<verbatim span>",
"value": "<shortest key info>",
"dimension": "input|goal]|constraint|context",
"subdimension": "<from taxonomy>",
"criticality": 1.0,
"guessability": 0.5,
"is_used_in_trajectory": true,
"first_use_pct": 0.15,
"checkpoint_refs": ["CP1"]

D.2 VARIANT GENERATION PROMPT

The variant generation prompt creates underspecified versions by removing or obscuring segments.

You are creating an underspecified version of a task prompt.

Goal: Create outcome-critical ambiguity where the agent could
reasonably interpret the prompt in multiple ways leading to
different task outcomes.

## Segment to Remove

— Dimension: {dimension}
- Value: "{value}"

- Text: "{text}"

## Removal Strategy
{severity_instruction}

## Instructions

1. Remove/obscure the segment - including ALL occurrences

2. The removed info should be genuinely missing - agent could
assume WRONG value resulting in task failure

3. Keep result grammatically correct and natural-sounding

4. Preserve exact formatting (line breaks, whitespace, markdown)

## Output (JSON)
{

"underspecified_prompt": "...",
"expected_qgquestions": [{"segment_id": "S1", "questions": [...]1}],
"failure_mode": "What goes wrong if agent assumes wrong value"

D.3 SEVERITY INSTRUCTIONS

The {severity_instruction} placeholder is filled with one of:
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DELETE: "Remove this information entirely, adjusting
sentence structure to remain natural."

VAGUIFY: "Replace with vague language
(e.g., ’'the file’, ’"the output’)."

GENERICIZE: "Replace with generic reference
(e.g., 'appropriate format’, ’suitable location’)."

D.4 NEW TASK JUDGE PROMPT

During the empirical agent trials process, we also apply a filtering step to remove underspecified
variants that have been transformed into a new but valid task. To remove these samples, we leverage
an LLM judge (Gemini-3-Flash) to determine new task eligibility with the prompt:

You are an impartial judge evaluating whether an AI assistant has
successfully completed a task.

## Task Given to Assistant
{underspec_prompt}

## Assistant’s Final Responses (All Trials)
{formatted_responses}

## Your Evaluation Task
Determine whether ALL trials reached the SAME answer/conclusion AND that
answer completes the task AS SPECIFIED in the prompt above.

Note: the model should *NOT* make any assumptions about the task beyond
what is explicitly stated in the prompt. If you see it making any
connections that are not an explicit ask in the prompt then it should

call task_completed as false.

## Response Format
Provide your evaluation in the following JSON format:
{{

"task_completed": true/false,

"reasoning": "Brief explanation of your verdict"

H}

Respond ONLY with the JSON object, no other text.

D.5 TAC ORIGINAL TASK BREAKDOWN

In Table [T3] we show the filtered task breakdown from OwnCloud after running initial pass@3
baselines and computing partial task completion.

D.6 EXAMPLE OF ORIGINAL VS UNDERSPECIFIED PROMPT

Table [T6] shows how the three removal strategies transform a task from THEAGENTCOMPANY
(ds-format-excel-sheets) when removing two constraint segments: the color code “#87CEEB” and
the alignment “horizontally centered”. The original segments are highlighted in green, while the
vaguified/genericized replacements are highlighted in blue.
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Table 15: Selected TAC tasks by partial completion (checkpoint accuracy >50%). “Solvable”
indicates pass@k > 0 for any reference models we use for partial task completion filtering.

Domain Tasks Avg Ckpt  Solvable
Data Science 5 72% 4/5
Finance 3 75% 1/3
HR 4 81% 3/4
SDE 1 78% 1/1
Total 13 76 % 9/13

Table 16: Removal strategies applied to ds-format-excel-sheets (removed segments: #87CEEB,
horizontally centered). Each row shows the full prompt under a different strategy. Highlighted text
indicates modified segments.

Strategy Prompt

Original Find the respondent_counts.x1lsx file under Documents/Data Analysis on Owncloud, and
based on the source “unformatted” sheet, create a “formatted” sheet and make formatting edits based on the
following requirements:

1. Change the background color of top-header cells to skyblue ( #87CEEB )
2. Make sure all cell values are horizontally centered in their cells

Do not change the “unformatted” sheet, only make changes in the “formatted” sheet. Save all your changes
to respondent_counts.x1sx on owncloud.

DELETE Find the respondent _counts.x1sx file under Documents/Data Analysis on Owncloud, and
based on the source “unformatted” sheet, create a “formatted” sheet and make formatting edits based on the
following requirements:

1. Change the background color of top-header cells

2. Make sure all cell values are in their cells

Do not change the “unformatted” sheet, only make changes in the “formatted” sheet. Save all your changes
to respondent_counts.x1sx on owncloud.

VAGUIFY Find the respondent _counts.x1sx file under Documents/Data Analysis on Owncloud, and
based on the source “unformatted” sheet, create a “formatted” sheet and make formatting edits based on the
following requirements:

1. Change the background color of top-header cells to a specific shade of blue
2. Make sure all cell values are centered in their cells

Do not change the “unformatted” sheet, only make changes in the “formatted” sheet. Save all your changes
to respondent_counts.x1sx on owncloud.

GENERICIZE  Find the respondent_counts.x1sx file under Documents/Data Analysis on Owncloud, and
based on the source “unformatted” sheet, create a “formatted” sheet and make formatting edits based on the
following requirements:

1. Change the background color of top-header cells to an appropriate color

2. Make sure all cell values are suitably aligned in their cells

Do not change the “unformatted” sheet, only make changes in the “formatted” sheet. Save all your changes
to respondent_counts.x1sx on owncloud.

D.7 EXAMPLE UNDERSPECIFIED GOAL VARIANT FROM THEAGENTCOMPANY
Original:
Navigate to ownCloud at “/Documents/HR/Attendance”. Use “april-attendance-data.csv”

and “salary-rates.pdf” to calculate the total earnings for each employee. Create “april-
payroll.xlsx” with columns ‘Name’ and ‘Total Earnings’.

Underspecified:

Navigate to ownCloud at “/Documents/HR/Attendance”. Use “april-attendance-data.csv”
and “salary-rates.pdf”. Create “april-payroll.xlsx”” with columns ‘Name’ and ‘Total Earn-
ings’.

Expected Question: “What calculation should I perform with the attendance and salary data?”
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E UNDERSPECIFICATION TAXONOMY: SUBDIMENSIONS

Each of the four information dimensions from Table [T has finer subdimensions for precise categoriza-
tion of removed segments:

Goal Subdimensions

ELINNT3

* target: The specific thing to produce, fix, or accomplish (e.g., “report.xlsx”, “the login bug”)
* format: File type, output structure, or response format (e.g., “xIsx”, “JSON”, “markdown table’")
* content: Required fields, sections, or elements in output (e.g., “Name and Amount columns”)

EEENT3

 acceptance: Criteria defining task success (e.g., “tests pass”, “matches reference”)

Constraint Subdimensions

» numeric_bound: Thresholds, limits, counts, or quantities (e.g., “top 57, “under $500”)
* precision: Rounding, truncation, significant figures (e.g., “2 decimal places”)
* temporal: Time ranges, deadlines, periods (e.g., “last 12 months”, “Q1 2024”)

* selection: Criteria for including/excluding items (e.g., “only active”, “where status=open”)
method: Algorithm, approach, or technique (e.g., “sort by date desc”, “apply FIFO”)

Input Subdimensions

* source: Where to get data—file, API, database, service (e.g., “from sales.csv”, “via Stripe API”)
location: Path, URL, endpoint, or address (e.g., “/data/reports/”, “s3://bucket/key”)

* identifier: Specific name, ID, or reference (e.g., “order #12345”, “ticket JIRA-567")

* version: Which version, snapshot, or state (e.g., “v2.0”, “latest stable”)

Context Subdimensions

* terminology: Domain-specific terms, acronyms (e.g., “MRR”, “P0 bug”, “qualified lead™)

* business_logic: Organization-specific rules or calculations (e.g., “overtime = 1.5x after 40h”)

* conventions: Implicit standards or norms (e.g., “dates in ISO format”, “amounts in USD”)

* tool_knowledge: How to use specific tools or systems (e.g., “git workflow”, “JIRA board structure”)

F DATA STRUCTURE

After the synthetic pipeline processes a task, the output evolves through two phases:

F.1 PHASE 2 OUTPUT (POST-GENERATION)

After candidate generation, each variant includes full segment metadata for filtering and analysis:

{
"task_id": "finance_check_attendance_payroll_V_S3",
"agent_prompt": "Create payroll using the attendance file...",
"removed_segments": [

{

"id": "Sl",

"dimension": "input",

"subdimension": "identifier",
"value": "april-attendance-data.csv",
"text": "april-attendance-data.csv",

// Grounding (LLM analyzes trajectory + checkpoints)
"is_used_in_trajectory": true,
"first_use_pct": 0.15,

"checkpoint_refs": ["CP1", "CP2"],

// Scores (LLM self-assesses, 3-level scale)

"criticality": 1.0, // 0.0 (OK) | 0.5 (PARTIAL) | 1.0 (FAILS)
"guessability": 0.5, // 0.0 (cannot) | 0.5 (maybe) | 1.0 (will)
"priority_score": 0.5 // criticality * (1 - guessability)

22



Paper published at the Lifelong Agent Workshop @ ICLR 2026

1,

"criteria": {
"severity": "delete" // DELETE | VAGUIFY | GENERICIZE

by

"expected_questions": [
{"S1": ["Which attendance file should I use?", ...1}

1y

"expected_failure_mode": "Agent uses wrong file, produces incorrect
payroll"

F.2 PHASE 3 OUTPUT (BENCHMARK-READY)

After empirical agent trials, variants are classified and formatted for public release:

"variant_id": "hr_new_grad_job_description_V10_goal",
"underspecified_prompt": "Write a job description...",
"information_dimension": ["goal"], // goal | constraint | input |
context
"ambiguity_class": "benign", // outcome-critical | divergent |
benign
"removed_segments": [
{

"id": "Sl"’

"dimension": "goal",

"subdimension": "target",

"value": "new grad software engineer Jjob description",

}
]I
"expected_qgquestions": [

{

"segment_id": "S1",
"questions": ["What type of job description should I create?"]
}
]I
"terminal_states": "[(1, 1)]"
"original_ prompt": "Write a new grad software engineer job...",
"original_task": "hr_new_grad_job_description",
"dataset": "TheAgentCompany",
b
// ... additional samples

F.3 FIELD DESCRIPTIONS

* variant_id: Unique identifier encoding task name, version, and removed dimensions

* original_task: Base task name from TheAgentCompany

e original_prompt: Fully-specified prompt with all information

* underspecified_prompt: Modified prompt with critical information removed

* information_dimension: Primary type of missing information (goal, constraint, input)
» ambiguity_class: Empirical classification based on pass@k results

* removed_segments: List of information segments that were removed, each with dimension,
subdimension (e.g., target, temporal, location), and the exact value

* expected_questions: Clarifying questions an ideal agent should ask
* terminal states: Unique checkpoint pass/fail tuples from Pass@K (k=3) evaluation runs.

23



Paper published at the Lifelong Agent Workshop @ ICLR 2026

G USER SIMULATOR TOOL IMPLEMENTATION

We implement the user simulator as an MCP (Model Context Protocol) server, enabling agents
to invoke it via a standardized tool interface. This design allows seamless integration with any
MCP-compatible agent framework without modifying the agent’s core implementation.

G.1 ToOL INTERFACE

The agent interacts with the user simulator through the ask_user tool:

@mcp.tool ()

async def ask_user(
question: str,
context: str = "",

) —> str:
"""Ask the user a clarifying question to get more
information about the task. Use this when the task
is ambiguous or you need specific details to proceed.

Args:
question: The clarifying question to ask the user.
context: Optional additional context (e.g.,
conversation history summary)

Returns:

The user’s response with the requested information.
nmnn

G.2 USER SIMULATOR PROMPT

The user simulator is an LLM with access to: (1) the original well-specified task, (2) the underspecified
prompt shown to the agent, and (3) the list of removed segment values. Below is the system prompt:

You are simulating a user who has a task in mind but
didn’t fully specify it.

The user originally intended to give this COMPLETE prompt:
{primary_task}

But they actually gave this UNDERSPECIFIED version:
{underspecified_prompt}

The parts that were removed/made vague:
{removed_values}

An AI assistant (who only sees the underspecified version)
is now asking you a clarifying question.

Your job: Compare the two prompts, find what’s MISSING from
the underspecified version, and provide the EXACT information
from the complete prompt.

Guidelines:

— Find the EXACT values that are in the complete prompt but
missing from the underspecified one

— Provide those specific values (times, names, dates,
numbers, phrases, etc.)

- Be concise - just answer what’s asked

- Don’t reveal you’re a simulation

{additional_context}
The user simulator uses GPT-4.1 by default (USER_SIMULATOR_MODEL environment variable) with

temperature 0.7 to provide natural variation in response style while maintaining factual accuracy.
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G.3 USER SIMULATOR PROMPT FOR MCP-ATLAS

In order to get the user to answer the agent in a more natural conversation flow for MCP-ATLAS,
we had to slightly adjust the user prompt to encourage it to be realistic, but not reveal more (e.g.,
“say something like you aren’t sure or can’t remember”), while also ensuring it didn’t hallucinate
information. The following prompt worked well in our trials:

**System Role:** You are simulating a human user. You are currently in a
conversation with an AI Agent who is trying to help you with a task.

### THE SITUATION:

You have an x+*Original Well-Scoped Taskxx which represents the set of
instructions you intended to provide and EVERYTHING you know about
the task. However, the message you actually sent to the Agent (x*xYour

Sent Messagexx) was an underspecified version where some details
were removed or made vague.

The Agent is now asking you for more details, which you may or may not be
able to help with.

### YOUR INTERNAL CONTEXT:
* *xOriginal Well-Scoped Task (What you intended) :+% > {original_prompt}

* xxYour Sent Message (What the Agent saw) :xx > {underspecified_prompt}

* xxThe Specific Details You Left Out:*x > {removed_values}

### KNOWLEDGE & LOGIC BOUNDARIES:

1. xxThe Knowledge Limit:x* You LITERALLY CAN ONLY provide any
information that is explicitly stated in the xxOriginal Well-Scoped
Taskxx. You CANNOT answer any questions where the answer is not in
the Original Well-Scoped Task.

2. *%xStrict Data Retrieval:xx
* If the Agent asks for a detail that is **NOTxx explicitly written
in the Original Well-Scoped Task, you do not know it.

* Do not "figure it out," guess, or use common sense to fill in gaps
that aren’t in your original notes.

3. xxNo Hand-Holding:*x The Agent has its own tools and intelligence that

can help it figure things out (which you can’t see). Do not explain "
how" to do the task or provide extra context. Just give the
information that is in the Original Well-Scoped Task but not in the
Sent Message.
4. **Persona:** Be a concise, direct human user.
5. xxCompound Questions:** If the agent asks for multiple details at once,
and you only have information for xxsomex* of them:
— Provide the exact information you xxdox* have from the Original
Well-Scoped Task.
— For the missing parts, say something like you aren’t sure or can’t
remember.

REMEMBER DO NOT GUESS OR MAKE UP ANYTHING THAT IS NOT IN THE ORIGINAL
WELL-SCOPED TASK.

G.4 AGENT SYSTEM PROMPT

To inform agents that clarification is available, we append the following to the agent’s system prompt:

IMPORTANT: Your output will be checked by an auto-grader
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looking for exact answers.
This task may be missing critical information.
Use the ask_user tool to ask the user for any missing details.

This prompt serves two purposes: (1) it signals that precision matters (discouraging arbitrary assump-
tions), and (2) it makes the agent aware that the ask_user tool is available. Importantly, it does
not require the agent to ask questions—the agent must still decide whether clarification is necessary
based on its assessment of missing information.

H EVALUATION HARNESS IMPLEMENTATION

We provide details on how we adapted each benchmark’s evaluation infrastructure to support our
underspecification experiments.

TheAgentCompany (TAC). For THEAGENTCOMPANY experiments, we adapt the OpenHands-
based evaluation harness from Kale et al.| (2025), which provides a parallel task execution framework
for running agents on enterprise workflow tasks. We copy the official evaluation files (task definitions,
checkpoint specifications, and grading scripts) from the THEAGENTCOMPANY repository |Xu et al.
(2024) into our codebase, ensuring evaluation fidelity with the original benchmark. The harness
orchestrates Docker-based agent execution with configurable parallelism and integrates our ask_user
MCP tool for user simulation experiments.

SWE-Bench Pro. For SWE-BENCH PRO experiments, we use the official evaluation infrastructure
from the SWE-Bench Pro repositoryE] The harness uses Modal for distributed evaluation and pre-built
Docker images for reproducible instance environments. We generate patches using the SWE-agent
scaffold and evaluate using the provided swe _bench_pro_eval.py script, which applies patches
to the target repositories and runs the test suites to determine pass/fail outcomes.

MCP-Atlas. For MCP-ATLAS experiments, we follow the official evaluation setup from the
benchmark repository Bandi et al.| (2026). We configure API keys for each MCP server integration
and run agents through the provided harness, which scores task completion based on checkpoint
criteria. Each task requires the agent to invoke appropriate MCP tools to complete the specified
objectives.

Model Configuration. All experiments use official API endpoints for frontier models (Claude
Opus-4.5, Claude Sonnet-4.5, Gemini-3-Pro, Gemini-3-Flash, GPT-5.2) through LiteLLM. We run 3
independent trials per variant to compute pass@3 metrics.

I VALUE OF INFORMATION: ADDITIONAL DETAILS

In Figure [4] we see the relationship between overall task performance and clarification efficiency
across models. Models in the upper-right quadrant achieve both high task success and high value per
question asked, indicating effective clarification behavior.

'"https://github.com/scaleapi/SWE-bench_Pro-os
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Figure 4: Value of Information across models across tasks. This shows the pass@3 and Avg. Ckpt%
overall performance with the ask_user tool plotted against the gain provided by each user question.
The top right is the most capable agents who learn the most per user call. The bottom left is the least
capable agents who learn the least per user call.

J ASK USER ANALYSIS DETAILS

J.1 PROMPT FOR JUDGING ASK USER INTO TAXONOMY

Below is the prompt fed to the Judge:

Failure Analysis Categories:

1. Question Quality Deficiency: The agent asks questions, but they
are poorly formulated and fail to elicit the necessary information.
2. Question Targeting Error: The agent asks questions about the wrong
aspects of the task, missing the critical missing information.

3. Information Integration Failure: The agent receives correct
information but fails to properly incorporate it into task execution.
4. Over—-Clarification: The agent asks excessive questions, including

about information that was not removed or could be inferred.

5. Under-Clarification: The agent asks too few questions relative to

the amount of critical missing information.

6. Timing & Strategy Error: The agent asks questions at inappropriate
times or in an inefficient sequence.

7. User Response Misinterpretation: The agent misunderstands or

incorrectly processes the user’s clarifying responses.

Detailed Analysis Flags:
For each flag below, choose YES,
definitions provided:

NO, or N/A based on the strict

1. Question Quality Deficiencies
- ‘flag_vague_questions‘:

— Definition: Whether the agent’s questions are too vague or
ambiguous to elicit specific, actionable information.
— Prerequisite: The agent asked at least one clarification question.
- “YES': Questions lack specificity needed to recover precise
information (e.g., "What file?" instead of "Which attendance file
should I use - april-attendance.csv or may-attendance.csv?").

— 'NO': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.
- W/A': The prerequisite is NOT met.

27



Paper published at the Lifelong Agent Workshop @ ICLR 2026

2.

‘flag_compound_guestions‘:

— Definition: Whether the agent bundles multiple distinct questions

together, making it difficult for users to provide complete answers.
— Prerequisite: The agent asked at least one clarification question.
- ‘WES'‘: Questions contain multiple sub-questions that should be

asked separately.

— 'NO': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.

- W/A': The prerequisite is NOT met.

‘flag_closed_guestions‘:

— Definition: Whether the agent asks yes/no or multiple choice

questions when open-ended questions are needed.

— Prerequisite: The removed segment requires complex or detailed

information.

- ‘YES': Agent uses closed questions for information requiring

detailed responses.

- 'NO': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.

- 'N/A‘: The prerequisite is NOT met.

Question Targeting Errors

3.

‘flag _missed_critical_segments‘:

— Definition: Whether the agent fails to ask about outcome-critical

missing information.

- Prerequisite: At least one removed segment has criticality >= 0.5

and guessability <= 0.5.

- “YES'‘: Agent does not ask about critical segments that required

clarification.

- 'NO'‘: The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.

- 'N/A': The prerequisite is NOT met.

‘flag_wrong_dimension_focus‘:

— Definition: Whether the agent asks about the wrong dimension of

missing information.

— Prerequisite: Multiple dimensions have removed segments.

- ‘YWES'‘: Agent focuses questions on dimensions with low criticality

while ignoring high criticality dimensions.

— 'NO': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.

- W/A': The prerequisite is NOT met.

‘flag_inferable_information_asked':

— Definition: Whether the agent asks about information that could be

inferred from the environment or context.

— Prerequisite: At least one removed segment has guessability >= 0.5.
- ‘YWES'‘: Agent asks about information marked as inferable that it

could have discovered through exploration.

— 'NO‘': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.

- W/A': The prerequisite is NOT met.

Information Integration Failures

‘flag_ignoring_user_response ‘:

— Definition: Whether the agent receives correct information but does

not use it in subsequent actions.

— Prerequisite: The agent asked at least one question AND received a
correct response.

- ‘WES'‘: Agent’s actions after receiving information do not reflect
the provided details.

— 'NO': The prerequisite IS met, but the conditions for ‘YES' are NOT

satisfied.

- W/A': The prerequisite is NOT met.
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- ‘flag_incorrect_information_application®‘:
— Definition: Whether the agent applies the received information
incorrectly to the task.
— Prerequisite: The agent received correct information from the user.
- ‘WES'‘: Agent uses the information but applies it to the wrong part
of the task or in the wrong way.
— 'NO': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.
- W/A': The prerequisite is NOT met.

- ‘flag partial_information_utilization?‘:
— Definition: Whether the agent only uses part of the information
provided in user responses.
— Prerequisite: User responses contain multiple pieces of information.

- ‘YES'‘: Agent extracts and uses only a subset of the information

provided.

- 'NO': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.

- 'N/A‘: The prerequisite is NOT met.

4. Over-Clarification Issues
- ‘flag_redundant_guestions‘:
— Definition: Whether the agent asks the same or highly similar
questions multiple times.
- Prerequisite: The agent asked multiple questions.
- ‘YES': Agent repeats questions or asks about information already
provided.
— 'NO': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.
- 'N/A‘: The prerequisite is NOT met.

— ‘flag_unnecessary_dguestions‘:
— Definition: Whether the agent asks about information that was not
removed or 1s clearly stated in the task.
- Prerequisite: None.
- “YES': Agent asks questions about information already present in
the task prompt.
— 'NO': The conditions for ‘YES' are NOT satisfied.

- ‘flag_excessive_cost‘:
— Definition: Whether the number of questions asked is
disproportionate to the performance improvement achieved.
— Prerequisite: The agent asked at least 3 questions.
- “YES': Cost-efficiency is low (< 0.3) despite multiple questions
being asked.
— 'NO': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.
- 'N/A‘: The prerequisite is NOT met.

5. Under-Clarification Issues
- ‘flag_premature_execution‘:

— Definition: Whether the agent proceeds with task execution before

clarifying critical missing information.

— Prerequisite: Multiple segments were removed with high criticality.
- ‘YWES'‘: Agent begins critical task actions before asking necessary

questions.

— 'NO‘': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.

- W/A': The prerequisite is NOT met.

- ‘flag_insufficient_question_depth':
— Definition: Whether the agent asks too few questions relative to
the amount of missing critical information.
— Prerequisite: Multiple critical segments were removed.
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- YWES'‘: Information recovery rate < 0.5 and ask_recall < 0.5.

— 'NO': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.

- 'N/A‘: The prerequisite is NOT met.

- ‘flag_false_confidence‘:
— Definition: Whether the agent proceeds with assumptions instead of
clarifying when uncertainty is warranted.
— Prerequisite: The agent makes explicit or implicit assumptions
about missing information.
- ‘WES'‘: Agent states or demonstrates assumptions without seeking
validation.
— 'NO‘': The prerequisite IS met, but the conditions for ‘YES' are NOT

satisfied.

- W/A': The prerequisite is NOT met.

6. Timing & Strategy Errors
- ‘flag_late_clarification‘:

— Definition: Whether the agent asks questions too late in the

execution, after the information was needed.

— Prerequisite: The agent asked at least one question AND information
is used early in task execution.

- ‘YES'‘: Questions are asked after the point where the information

would have been useful.

— 'WO': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.

- 'N/A‘: The prerequisite is NOT met.

- ‘flag_upfront_question_dump‘:
- Definition: Whether the agent asks all questions at the beginning
without attempting any exploration.
— Prerequisite: The agent asked multiple questions (>=3).
- “YYES': All questions are asked in the first 10% of the trajectory
without intermediate exploration.
— 'NO': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.
- 'N/A‘: The prerequisite is NOT met.

— ‘flag_inefficient_question_sequence':
— Definition: Whether the order of questions is illogical or
inefficient for task progression.
— Prerequisite: The agent asked multiple questions (>=2).
- “YES': Questions are asked in an order that prevents building on
previous answers or requires backtracking.
— 'NO': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.
- 'N/A‘: The prerequisite is NOT met.

7. User Response Misinterpretation
- ‘flag_literal misunderstanding*‘:
— Definition: Whether the agent misinterprets the literal meaning of
user responses.
— Prerequisite: User provided clear, direct responses.
- ‘WES'‘: Agent demonstrates misunderstanding of explicit information
in responses.
- 'NO‘': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.
- W/A': The prerequisite is NOT met.

- ‘flag_context_misapplication‘:
— Definition: Whether the agent fails to contextualize user responses

within the broader task.
— Prerequisite: User responses require task context to be properly

applied.
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- “WES'‘: Agent uses information out of context or misapplies it to

wrong task components.

— 'NO'‘': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.

- W/A': The prerequisite is NOT met.

- ‘flag_implicit_information_missed':

— Definition: Whether the agent misses implicit information or

implications in user responses.

— Prerequisite: User responses contain implicit information beyond

literal statements.

- ‘YWES'‘: Agent fails to extract or use implied information that would
aid task completion.

- 'NO': The prerequisite IS met, but the conditions for ‘YES' are NOT
satisfied.

- 'N/A': The prerequisite is NOT met.

J.2 ASK USER FAILURE MODES IN FAILED TRIALS

Table [T7]filters Table A to trials where the task failed despite the agent asking questions. Failure rates
rise across nearly every category—under-clarification increases from 26% to 48% on average, and
question targeting errors from 41% to 58%—suggesting that question quality is a key bottleneck for
recovering baseline performance.

Table 17: High-Level Ask User Failure Modes for Failed Trials with Questions

Question  Question  Information Over- Under- Timing & Response
Model N Quality Targeting Integration Clarification Clarification Strategy  Misinterp.
Claude Opus 4.5 50 0.62 0.68 0.12 0.30 0.54 0.06 0.26
Claude Sonnet4.5 53 0.81 0.60 0.06 0.26 0.45 0.02 0.26
Gemini 3 Flash 32 0.50 0.56 0.41 0.16 0.53 0.00 0.13
Gemini 3 Pro 40 0.63 0.53 0.35 0.15 0.50 0.00 0.23
GPT-5.2 134 0.98 0.60 0.22 0.46 0.36 0.05 0.37

J.3 SUB-TAXONOMY ASK USER FAILURES FOR GPT-5.2

Figure [5] breaks down ask_user failure modes for GPT-5.2 by ambiguity class using the full sub-
taxonomy from Section [J.T} Compound questions and missed critical segments dominate across all
classes, with outcome-critical variants showing the highest under-clarification rates.

K USER PERSONA DETAILS

Figure [6] shows average ask_user calls per trial on MCP-ATLAS (Sonnet-4.5), broken down by
ambiguity class and user persona. A natural gradient emerges from outcome-critical tasks under the
Supervisor persona (0.99 calls/trial) to benign tasks under the Executive persona (0.22 calls/trial),
indicating that agents modulate clarification frequency based on both task difficulty and perceived
user availability.
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Figure 5: Full Taxonomy of ask_user Failure Modes. Using the judge prompt in Section we
measure the frequency of trials flagged with each failure mode across the full taxonomy. Compound
questions and missed critical segments dominate across ambiguity classes.
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Figure 6: Avg. number of ask_user calls per trial split by the LHAW task type. Shows a natural
gradient of persona (e.g. user cost) X value of information (e.g. implied blocking ambiguity). All
tasks run on the MCP-ATLAS underspecified dataset using Claude Sonnet-4.5 as the agent.
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