Ask or Assume? Uncertainty-Aware Clarification-Seeking in Coding Agents

Nicholas Edwards'*

Sebastian Schuster!

"Faculty of Computer Science, University of Vienna, Vienna, Austria
2UniVie Doctoral School Computer Science, University of Vienna, Vienna, Austria
{nicholas.edwards, sebastian.schuster}@univie.ac.at

Abstract

As Large Language Model (LLM) agents are
increasingly deployed in open-ended domains
like software engineering, they frequently en-
counter underspecified instructions that lack
crucial context. While human developers natu-
rally resolve underspecification by asking clari-
fying questions, current agents are largely opti-
mized for autonomous execution. In this work,
we systematically evaluate the clarification-
seeking abilities of LLM agents on an under-
specified variant of SWE-bench Verified. We
propose an uncertainty-aware multi-agent scaf-
fold that explicitly decouples underspecifica-
tion detection from code execution. Our results
demonstrate that this multi-agent system using
OpenHands + Claude Sonnet 4.5 achieves a
69.40% task resolve rate, significantly outper-
forming a standard single-agent setup (61.20%)
and closing the performance gap with agents
operating on fully specified instructions. Fur-
thermore, we find that the multi-agent system
exhibits well-calibrated uncertainty, conserv-
ing queries on simple tasks while proactively
seeking information on more complex issues.
These findings indicate that current models can
be turned into proactive collaborators, where
agents independently recognize when to ask
questions to elicit missing information in real-
world, underspecified tasks.

1 Introduction

A core property of a good collaborator is the ability
to establish and maintain a shared understanding
of a goal. In human communication, this is rarely
achieved through a single perfectly specified in-
struction; instead, interlocutors dynamically infer
missing context and explicitly signal uncertainty,
such as by asking clarification questions (Clark,
1996; Hawkins et al., 2015).

Such behavior of information gathering under
uncertainty has, for example, been modeled using
Bayesian Optimal Experimental Design (BOED)

(Lindley, 1956, 1972; Grand et al., 2024; Handa
et al., 2024; Rainforth et al., 2024). In more applied
context in the NLP domain, information-seeking
behavior has also been studied in tasks like ques-
tion answering and conversational search (Rao and
Daumé III, 2018; Aliannejadi et al., 2019; Zhang
and Choi, 2025). However, these paradigms fail to
capture the complexity of open-ended, multi-step
environments: BOED becomes computationally in-
tractable within massive hypothesis spaces, while
most NLP settings involve static or single-turn in-
teractions over bounded contexts.

In contrast, modern Al agents are increasingly
deployed in more naturalistic, open-ended domains
such as software engineering. For instance, fixing
real-world GitHub issues (Jimenez et al., 2024) re-
quires exploring, understanding, and editing large-
scale repositories often containing hundreds of files
and thousands of lines of code, while remaining
aligned with implicit developer intentions. Existing
agents are optimized for autonomous completion
rather than interactive collaboration, creating a crit-
ical gap between user intent and agent execution
(METR, 2025; Shen et al., 2025; Wang et al., 2026).

Given these constraints, we investigate the abil-
ities of LLMs to assess their own uncertainty and
determine how and when to seek information. Pre-
vious work has shown that LLLMs can exhibit ba-
sic internal calibration (Kadavath et al., 2022), al-
though this behavior is not always robust out of the
box (Kapoor et al., 2024). Furthermore, a true agen-
tic collaborator must not only possess this internal
calibration, but be able to continuously monitor
its uncertainty and proactively initiate dialogue to
elicit missing information.

Existing coding environments to investigate
information-seeking behaviors focus on isolated
function-level tasks with limited exchanges, typi-
cally allowing only a single, predetermined round
of clarification (Li et al., 2023; Mu et al., 2024; Wu
and Fard, 2025). To address this gap, we systemati-



cally evaluate the clarification-seeking abilities of
LLM agents within a dynamic, multi-turn software
engineering framework. We conduct our evaluation
using an underspecified variant of SWE-bench Ver-
ified (Chowdhury et al., 2024; Vijayvargiya et al.,
2026), where information is removed from the
dataset’s original GitHub issues. To assess the ca-
pabilities of agents to act as question-asking collab-
orators, we design agent scaffolds where models
must rely on their internal uncertainty to decide
when to query a user.

Contributions We investigate the information-
seeking abilities of LLM agents on underspecified,
multi-step coding tasks in an interactive setup. We
develop and test both single- and multi-agent frame-
works using a frontier LLM backbone (Claude Son-
net 4.5) to assess how agents use their internal un-
certainty to deal with underspecification. We find
that interactive agents can successfully identify and
retrieve missing information, obtaining a resolve
rate comparable to an autonomous agent provided
with a fully specified issue. Our results also provide
evidence that some models exhibit well-calibrated
clarification-seeking behavior, accurately recogniz-
ing when an issue is already resolvable and re-
fraining from unnecessary interaction. Our code is
available at https://github.com/nedwards99/ask-or-
assume.

2 Method

2.1 Dataset and Evaluation Framework

To evaluate our approach, we closely follow and
adapt the interactive evaluation setting introduced
by Vijayvargiya et al. (2026). We conduct our eval-
uation on an underspecified variant of SWE-bench
Verified (Chowdhury et al., 2024). SWE-bench Ver-
ified is a human-annotated subset of 500 GitHub is-
sues derived from the standard SWE-bench dataset
(Jimenez et al., 2024), filtered to remove examples
with unreliable unit tests or inherent underspecifi-
cation. To create the interactive setting, the fully
specified instructions were summarized into under-
specified variants using GPT-4o0 (Hurst et al., 2024),
withholding important details while preserving spe-
cific repository terminology. Concrete examples
are provided in Appendix C.

2.2 Agent Design

Agent Framework We use the OpenHands
(Wang et al., 2025) agent framework for all experi-
ments. This framework enables an LLM to control
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Figure 1: Illustration of the uncertainty-aware multi-
agent scaffold. The Intent Agent analyzes the state
history at each turn to detect underspecification, halting
execution to constrain the Main Agent to query the user
if missing information is required.

a range of tools for understanding and modifying
codebases, including editing files and executing
Bash/Python scripts. The agent runs inside a se-
cure sandbox environment, where it can iteratively
write, execute, and debug code to solve a given task.
In our experiments, all agent setups are provided a
maximum of 100 iterations to solve the task.

Agent Backbone We evaluate the proprietary
model Claude Sonnet 4.5 as the backbone LLM
for the coding agent in all experiments (Anthropic,
2025). As a frontier model which performs com-
petitively in many coding benchmarks, it serves
as a representative upper bound for current agen-
tic capabilities in software engineering tasks and
provides a strong proxy for how existing models
perform out of the box in interactive settings.

User Simulator Following recent interactive en-
vironments that utilize “oracle” user simulators
with access to complete information (e.g., Yao
et al., 2025; Zhou et al., 2025), we employ GPT-5.1
(OpenAl, 2025) as the simulated user for all inter-
active agent configurations. The simulated user is
provided with the original, fully specified issue and
is constrained to answer queries from the coding
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agent using only this withheld context. The user
simulator prompt and all additional agent and task
prompts are detailed in Appendices A.1-A.3.

2.3 Task Design

2.3.1 Baselines

Following Vijayvargiya et al. (2026), we evaluate
our approach on the SWE-bench Verified dataset
against three distinct baseline configurations.

FuLL This is the standard SWE-bench setting,
where the agent is provided with a fully specified
version of the GitHub issue. The agent is prohibited
from interacting with a user, representing default
fully autonomous agent behavior.

HIDDEN In this configuration, the agent is pro-
vided with an underspecified version of the GitHub
issue where details are missing. As in the FULL
baseline, the agent cannot interact with a user.

INTERACTIVE BASELINE The agent receives
an underspecified version of the GitHub issue (as
with the HIDDEN baseline) but can interact with
a simulated user who possesses the fully specified
issue. Importantly, the task prompt is modified to
explicitly inform the agent that the issue description
is incomplete, making it compulsory to query the
user before proceeding with any execution. Con-
sequently, this hardcoded instruction forces a pre-
determined conversational turn with the user rather
than evaluating independent information-seeking
behavior.

2.3.2 Uncertainty-Aware Agents

To investigate how agents can leverage internal un-
certainty to detect and resolve underspecification,
we propose two custom scaffolds. While these
agents can query the same simulated user as the
INTERACTIVE BASELINE, they do not rely on a
hardcoded interaction prompt. Instead, both of
our scaffolds operate using the default SWE-bench
task prompt. Because they receive no prior warning
that the issue is underspecified, they must indepen-
dently identify missing context and query the simu-
lated user only when they determine it is necessary
to solve the task.

UNCERTAINTY-AWARE (SINGLE) In this con-
figuration, a single coding agent is prompted at
each turn to check for underspecification and, if
detected, to query the user. We refer to the agent
hereafter as UA-SINGLE.

n.s.

n.s.

©
S
#|
3
3

70.80 70.40 T 69.40
61.20

o
S

54.80

Resolve Rate (%)
B
8

N
o

Full Hidden Interactive UA-Multi

Baseline

UA-Single

Figure 2: Task resolve rates (in %) across evaluation
settings. Explicitly separating underspecification detec-
tion and code execution allows UA-MULTI (69.40%)
to significantly outperform UA-SINGLE (61.20%, p <
0.001), closing the gap with the explicitly prompted
INTERACTIVE BASELINE. All reported p-values are
computed via non-parametric permutation tests.

UNCERTAINTY-AWARE (MULTI) We investi-
gate whether leveraging a multi-agent scaffold can
improve underspecification detection. By assign-
ing specialized roles to multiple LLMs, multi-agent
systems tackle complex tasks in a coordinated
and modular fashion. These systems have shown
promise in domains including software develop-
ment (Hong et al., 2024; Huang et al., 2024; Qian
et al., 2024), story generation (Huot et al., 2025),
and social simulation (Park et al., 2023). As illus-
trated in Figure 1, to decouple code execution from
underspecification detection, we design a multi-
agent scaffold consisting of two agents: the Main
Agent, equipped with tools to navigate repositories,
edit files, and execute code; and the Intent Agent
that continuously analyzes the state history at each
turn to determine if the user’s intent or current
repository context contains missing information.
Whenever the Intent Agent detects underspecifica-
tion, the Main Agent’s next action is constrained
to query the user. As in other settings, both agents
use Claude Sonnet 4.5 as the LLM backbone. We
refer to the agent hereafter as UA-MULTI.

3 Results and Discussion

Figure 2 presents the overall resolve rates. While
UA-SINGLE outperforms the HIDDEN baseline
(61.20% vs. 54.80%), it falls short of the prompted
INTERACTIVE BASELINE (70.40%). However,
separating the roles of underspecification detection
and code execution in UA-MULTI substantially im-
proves performance. It achieves a 69.40% resolve
rate, yielding a significant improvement over UA -
SINGLE (p < 0.001) and closing the gap with the
INTERACTIVE BASELINE (p = 0.621) and FULL



Agent Asked (N = 344)

Agent Did Not Ask (N = 156)

Evaluation Setting

# Resolved Resolve Rate (%)

# Resolved Resolve Rate (%)

Uncertainty-Aware (Multi) 227
Full 229
Hidden 153
Uncertainty-Aware (Single) 192
Interactive Baseline 229

65.99 120 76.92
66.57 125 80.13
44.48 121 77.56
55.81 114 73.08
66.57 123 78.85

Table 1: Task resolve rates conditioned on whether the UA-MULTI agent queried the user at least once in a trajectory
(Ngask = 344, N,,,+ = 156). Best performing settings for each subset are highlighted in bold.

(p = 0.458) configurations.

Agent Uncertainty is Calibrated to Task Diffi-
culty The success of UA-MULTI can be largely
attributed to its ability to discern when to ask
questions. As shown in Table 1, while it queried
the user at least once in fewer overall tasks than
UA-SINGLE (N=344 vs. N=369), its interven-
tions were substantially more effective, resolv-
ing 65.99% of queried tasks compared to UA-
SINGLE’s 55.81% and the HIDDEN baseline’s
44.48%, while closely matching the INTERACTIVE
BASELINE and FULL settings (both 66.57%). Con-
versely, for the 156 tasks where UA-MULTI re-
frained from asking, it still achieved a 76.92% re-
solve rate, indicating it correctly identified tasks
that already contained sufficient information to pro-
ceed, closely mirroring the HIDDEN baseline’s
performance on this identical subset (77.56%).
This improved calibration is further validated by
analyzing agent query rates across the human-
annotated task difficulty levels for SWE-bench Ver-
ified (Chowdhury et al., 2024). While it queries in
fewer tasks overall, UA-MULTI demonstrates an
improved ability to distinguish when to ask based
on task complexity, with a 9.28% higher ask rate for
medium (“15 min — 1 hour”) tasks than easy (“<15
min”’) tasks, whereas UA-SINGLE exhibits only a
2.43% higher ask rate. Both agents also exhibit
similarly high ask rates for the most time-intensive
tasks (see Appendix B.2 for the full breakdown).

Proactive Information Seeking Beyond know-
ing when to ask, explicitly isolating the intent-
detection role improved how the agent interacted.
When UA-MULTI engaged in dialogue, it interro-
gated the user more iteratively to fully resolve un-

'Our reported resolve rate for the FULL baseline (70.80%)
is slightly lower than the official OpenHands result using
Claude Sonnet 4.5 as the backbone LLM (74.20%). This is
likely due to a combination of running for a maximum of
100 iterations instead of 500, as well as minor system prompt
differences.

certainty, averaging 3.06 queries per task compared
to 1.84 for UA-SINGLE. Furthermore, while UA -
SINGLE often asked questions near the end of the
trajectory, UA-MULTI distributed its queries across
the early and middle stages of execution (see Ap-
pendix B.1 for a more detailed analysis). This con-
tinuous monitoring enabled the multi-agent system
to more robustly identify missing context during
the trajectory. We provide a comparative analysis
which demonstrates this mid-execution follow-up
behavior in Appendix B.4.

4 Conclusion

In this work, we investigated the abilities of LLM
agents to act as collaborators by independently
identifying missing information and seeking clarifi-
cation in underspecified software engineering tasks.
We introduced an uncertainty-aware multi-agent
scaffold that isolates the role of underspecification
detection. Evaluated on an underspecified vari-
ant of SWE-bench Verified, this system success-
fully identified and retrieved missing information,
achieving a 69.40% resolve rate that effectively
closed the performance gap with an autonomous
agent operating on a fully specified issue.

Our results show that the multi-agent scaffold
exhibits well-calibrated information-seeking be-
havior, accurately recognizing when an issue was
already resolvable and refraining from unneces-
sary interaction on simpler tasks, while proactively
querying the user in the earlier phases of the tra-
jectory. Moreover, we demonstrated that this ar-
chitectural decoupling is necessary; while frontier
models possess basic internal calibration, relying
on a single agent to handle both code execution
and underspecification detection leads to subopti-
mal information-seeking behavior. These findings
present a promising step towards deploying agents
not only as autonomous coding assistants, but as
proactive collaborators capable of internalizing and
navigating real-world underspecification.



Limitations

User Simulator Our evaluation relies on an
LLM-based user simulator to provide withheld in-
formation. While we implemented strict guardrails
to prevent unintended leakage and generally ob-
served reasonable simulator responses, recent stud-
ies highlight that LLM-simulated users can be un-
reliable proxies for human behavior, often being
unnaturally cooperative and failing to reflect the
nuance and variance of real human users (Naous
et al., 2026; Seshadri et al., 2026). Results may
therefore vary if real human users interact with the
agents that we presented in this work.

Prompting and Training While our most suc-
cessful approach relies on a multi-agent scaffold
with tailored prompts for each agent, it demon-
strates that frontier models possess the latent ca-
pacity to monitor their own uncertainty and proac-
tively seek clarification out of the box. Rather
than relying on prompting specialized agents, fu-
ture work could explore utilizing these success-
ful interaction trajectories to train single models
with standard finetuning or reinforcement learning
(RL) techniques to natively exhibit this calibrated,
information-seeking behavior (e.g., Andukuri et al.,
2024; Bhargava et al., 2024; Sun et al., 2025).

Model Generalization and Cost Our experi-
ments were conducted using Claude Sonnet 4.5,
a frontier proprietary model. At the time of con-
ducting our experiments, this was the most capa-
ble model available for software engineering tasks,
allowing us to establish an upper bound for out-
of-the-box information-seeking capabilities. How-
ever, by relying on a frontier model, our evaluation
incurred a non-trivial financial cost (detailed in
Appendix D). Furthermore, previous studies have
shown that current open-weight models severely
lack the internal calibration required to handle
interactive underspecification, even with explicit
prompting (Vijayvargiya et al., 2026). The cur-
rent findings may therefore be limited to frontier
models and may not directly translate to smaller
open-source models.

Ethical Considerations

Our work investigated the ability of LLM agents to
monitor their internal uncertainty and seek clarifica-
tion on underspecified software engineering tasks.
While our results demonstrate that uncertainty-
aware scaffolds can effectively resolve underspeci-

fied GitHub issues, SWE-bench Verified represents
only a subset of software engineering tasks. As
such, our empirical findings should not be extrap-
olated to suggest that agents will reliably detect
missing information in other, often high-stakes en-
vironments, such as security-critical applications
without further experimentation.

We also acknowledge the environmental and fi-
nancial costs associated with the deployment of
multi-agent systems. As detailed in our cost break-
down (Appendix D), the increased inference over-
head in multi-agent systems is a trade-off that must
be weighed against the gains in developer produc-
tivity.

Al Use. We used an Al assistant to assist with
experimental code generation, and help improve
the clarity and flow of the writing while revising
the paper. However, all original writing, research
conceptualization, methods, experiments, and anal-
yses were performed by the authors, and any Al
outputs were carefully verified.
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A Task and Scaffold Prompts

A.1 Task Prompts

Figure 3 presents the SWE-bench task prompt tem-
plate. The FULL baseline is provided with this
prompt including the original, fully specified issue.
The HIDDEN baseline and both UNCERTAINTY-
AWARE scaffolds receive it with the underspecified
issue. Conversely, only the INTERACTIVE BASE-
LINE receives the augmented variant (highlighted
in bold in Figure 3), which explicitly mentions that
there is missing information and instructs the agent
to first ask questions before proceeding.

A.2 Agent Scaffold Prompts

Figure 4 shows specific prompts required for the
uncertainty-aware agents.

For UNCERTAINTY-AWARE (SINGLE), we pro-
vide a recurring reminder prompt to the agent at
each turn (Figure 4A) to assess for underspecifica-
tion. If the agent detects underspecification, it is
encouraged to use the clarify tool to query the
user.

For UNCERTAINTY-AWARE (MULTI), we em-
ploy a customized system prompt for the Intent
Agent (Figure 4B). This prompt instructs the agent
to analyze the state history at each turn to detect
underspecification. Rather than performing code
edits, the Intent Agent is constrained to identify-
ing missing information and determining when the
Main Agent must pause execution to seek clarifica-
tion from the simulated user.

A.3 User Simulator Prompt

Figure 5 shows the prompt provided to the user
simulator, adapted from the prompt in Vijayvargiya
et al. (2026). Initial experiments revealed that the
simulated user occasionally provided misaligned
guidance due to a lack of awareness regarding the
specific constraints of our evaluation environment
(i.e., OpenHands agent in SWE-bench). To prevent
the simulator from misleading the agent or leaking
unintended information, we augmented the original
prompt with the following environment-specific
guardrails:

¢ Preventing test modifications (Rule 5): In
SWE-bench, test files should not be modified
by the agent. Because the original simulated
user lacked this context, it failed to correct
the agent when it attempted to edit files inside
the /testbed directory. Rule 5 was added to

instruct the simulated user to explicitly remind
the agent of this if it asked about changing test
files.

* Resolving directory mismatches (Rule 6):
Agents in OpenHands operate within a desig-
nated /workspace directory, whereas SWE-
bench imports and runs tests in a separate
/testbed directory. Agents often became
confused when changes in /workspace were
not reflected in the tests run in /testbed.
Rule 6 was added to instruct the simulated
user to explicitly remind the agent of this if it
asked why its edits weren’t being reflected.

B Question Analyses

B.1 Question Statistics

Table 2 provides a detailed breakdown of
clarification-seeking behavior across the three in-
teractive agent configurations.

Regarding the amount of interaction, the IN-
TERACTIVE BASELINE initiates queries in nearly
all tasks (IN=496), but averages slightly more
than one single query (1.02). Conversely, the
uncertainty-aware agents demonstrate more con-
servative query initiation but greater query vol-
ume. UNCERTAINTY-AWARE (MULTI) initiated
queries in 344 tasks, engaging in significantly
more iterative dialogue (averaging 3.06 queries per
task). UNCERTAINTY-AWARE (SINGLE) initiated
queries in 369 tasks, but queried fewer times per
task (1.84).

The length of these interactions also varies. The
INTERACTIVE BASELINE generates highly ver-
bose queries (averaging 251.33 tokens) and re-
ceives correspondingly long answers (averaging
415.53 tokens), reflecting a strategy to ask for all
potentially missing information upfront. In con-
trast, UNCERTAINTY-AWARE (MULTI) utilizes the
most concise queries (171.57 tokens) and receives
the shortest answers (173.65 tokens). This concise-
ness supports the observation that the multi-agent
scaffold often asks highly targeted, context-specific
questions based on intermediate tool observations
(e.g., see the mid-trajectory example in Figure 6).
UNCERTAINTY-AWARE (SINGLE) falls between
the two, with average query and answer lengths of
181.35 and 229.76 tokens, respectively.

Finally, we analyze the temporal distribution
of these queries. We categorize the timing of
each question based on its event ID position
within the agent trajectory, divided into deciles:



SWE-bench Task Prompt

<uploaded_files>
/workspace/{{ workspace_dir_name }}
</uploaded_files>

I’ve uploaded a python code repository in the directory {{ workspace_dir_name }}. Consider the following issue
description:

<issue_description>
{{ instance.problem_statement }}
</issue_description>

Can you help me implement the necessary changes to the repository so that the requirements specified in the <is-
sue_description> are met?

I’ve already taken care of all changes to any of the test files described in the <issue_description>. This means you
DON’T have to modify the testing logic or any of the tests in any way!

Also the development Python environment is already set up for you (i.e., all dependencies already installed), so you
don’t need to install other packages. Your task is to make the minimal changes to non-test files in the /workspace/{{
workspace_dir_name }} directory to ensure the <issue_description> is satisfied.

I have not provided all the necessary details about the issue and I have some hidden details that are helpful. Please
ask me specific questions using non-code commands to gather the relevant information that I have to help you
solve the issue. Ensure you have all the details you require to solve the issue.

You have a limited number of turns. Do NOT interact with me more than three times so as to maximize the
number of turns you have to work on the solution.

Then, follow these phases to resolve the issue:

[...]

Figure 3: The base SWE-bench task prompt provided to the agents. The highlighted block in bold indicates the
explicit clarification instructions added in the interactive variant, provided only to the INTERACTIVE BASELINE.

Interaction Volume Token Length  Timing Distribution (%)
# Queried  Total Avg #

Agent Tasks Queries Q/Task AvgQ AvgA Early Mid Late
Uncertainty-Aware (Multi) 344 1053 3.06 171.57 173.65 41.8 434 14.8
Uncertainty-Aware (Single) 369 679 1.84 181.35 229.76 25.0 31.1 43.9
Interactive Baseline 496 508 1.02 25133 41553 976 14 1.0

Table 2: Question statistics across evaluation settings. # Queried Tasks denotes the number of tasks where the agent
initiated at least one query turn. Timing distributions are categorized into Early (1st-3rd decile), Mid (4th—7th
decile), and Late (8th—10th decile) based on the question’s event ID position within the trajectory. Overall, the data
illustrates that the INTERACTIVE BASELINE relies on verbose, upfront queries, whereas UNCERTAINTY- AWARE
(MULTI) engages in more concise, iterative, and evenly distributed information-seeking behavior.

“Early” (1st-3rd decile), “Mid” (4th—7th decile), B.2 Query Frequency by Task Difficulty
and “Late” (8th—10th decile). The INTERACTIVE

BASELINE asks almost all questions early on, with Ask Rate (%)

97.6% of its questions occurring in the Early stage. Difficulty Level #Tasks UA-SINGLE UA-MULTI

UNCERTAINTY-AWARE (SINGLE) heavily skews

. . <15 min fi 194 71.13 62.37

towards asking near the end of the trajectory (43.9% 15 m?;lf 1 )l(lour 261 73.56 71.65
Late), suggesting it often attempts codebase mod- 1-4 hours 42 85.71 78.57
>4 hours 3 100.00 100.00

ifications before recognizing an information gap.

In contrast, UNCERTAINTY-AWARE (MULTI) ex-
hibits a more balanced and proactive strategy; its
queries are distributed smoothly across the Early
(41.8%) and Mid (43.4%) stages, suggesting that
explicitly decoupling the underspecification detec-
tion role allows the agent to continuously mon-
itor for underspecification and seek information
throughout the trajectory.

Table 3: Ask rates by SWE-bench Verified difficulty (es-
timated time-to-fix) for uncertainty-aware (UA) agents.

To evaluate whether the agents appropriately
calibrate their uncertainty to the complexity of
the task, we mapped their querying behavior to
the human-annotated difficulty levels provided by
SWE-bench Verified (Chowdhury et al., 2024). Dif-



ficulty is categorized by the estimated time required
for a human developer to fix the issue.

Table 3 presents the ask rates for
both UNCERTAINTY-AWARE (SINGLE)
and UNCERTAINTY-AWARE (MuULTI).
UNCERTAINTY-AWARE (MULTI) exhibits a

greater difference in ask rates than UNCERTAINTY-
AWARE (SINGLE), particularly between the “<15
min fix” and “15 min — 1 hour” levels (9.28% vs.
2.43% increase). Notably, both scaffolds exhibit
an increased ask rate for the harder tasks with both
agents reaching a 100% interaction rate on the
most difficult “>4 hours” tasks.

B.3 Conditional Resolve Rates for
UNCERTAINTY-AWARE (SINGLE)

Table 4 details the task resolve rates conditioned
on whether the UNCERTAINTY-AWARE (SINGLE)
agent chose to interact with the user. When
UNCERTAINTY-AWARE (SINGLE) chose to ask
questions (369 of 500 tasks), it successfully elicited
missing information, resolving 216 tasks com-
pared to only 175 for the HIDDEN baseline on
the same subset. Conversely, on the 131 tasks
where the agent refrained from interaction, its per-
formance closely mirrored the HIDDEN baseline
(90 vs. 99 resolved tasks). These results indi-
cate that UNCERTAINTY-AWARE (SINGLE) can
effectively detect when missing information is crit-
ical for task resolution, although the performance
gap with other configurations suggests that its in-
ternal calibration remains imperfect compared to
UNCERTAINTY-AWARE (MULTI).

B.4 Qualitative Example of Agent Interaction

The transcripts in Figure 6 illustrate the distinct
information-seeking strategies employed by the
agents for the pytest-dev__pytest-7324 task,
which involves resolving a pytest-related Python
interpreter crash. As highlighted in bold, while
the baseline relies on more generic questions, both
uncertainty-aware agents asks more specific, tech-
nical questions. In particular, note how the multi-
agent scaffold uniquely engages in a mid-trajectory
follow-up query after observing a test failure.

C Underspecified Issue Examples

Figure 7 provides a comparison of the original and
underspecified issue descriptions for two tasks. In
creating the underspecified examples, specific de-
tails such as code snippets, file paths/line references
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and stack traces are removed, while relevant ter-
minology to describe the issue at a high level are
preserved.

D Computing Costs

Table 5 details the total inference costs for each
evaluation setting. All agent inference calls (us-
ing Claude Sonnet 4.5) were executed via the An-
thropic API. While the multi-agent scaffold more
than doubles the total inference cost compared to
the single-agent baselines, the absolute financial
cost per task remains negligible. We argue that this
increase in compute expenditure is a highly favor-
able trade-off; by proactively resolving underspeci-
fication and significantly increasing the overall task
resolve rate, the multi-agent setup ultimately saves
substantial human developer time and effort that
would otherwise be spent on debugging solutions
that are misaligned with the original intent.



Agent Asked (N = 369) Agent Did Not Ask (N = 131)

Evaluation Setting # Resolved Resolve Rate (%) # Resolved Resolve Rate (%)
Uncertainty-Aware (Single) 216 58.54 90 68.70
Full 249 67.48 105 80.15
Hidden 175 47.43 99 75.57
Uncertainty-Aware (Multi) 245 66.40 102 77.86
Interactive Baseline 252 68.29 100 76.34

Table 4: Task resolution rates conditioned on whether the UNCERTAINTY-AWARE (SINGLE) agent queried the user
at least once in a trajectory (N,sx = 369, N, = 131). Best performing settings for each subset are highlighted in
bold.

Total Avg Cost

Setting Cost ($) /Task ($)
Full 817.02 1.63
Hidden 899.43 1.80
Interactive Baseline 697.88 1.40
Uncertainty-Aware (Single)  1017.34 2.03
Uncertainty-Aware (Multi) 1748.08 3.50

Table 5: Anthropic API costs (in USD) across evaluation settings on SWE-bench Verified.

11



Uncertainty-Aware Agent Scaffold Prompts

A. UNCERTAINTY-AWARE (SINGLE) Reminder Prompt

Before selecting your next tool or drafting a reply, first reason explicitly about whether you have enough information.
After stating that reasoning, write a line formatted as Ambiguity assessment: <clear|ambiguous>. If the assessment
is ambiguous, immediately call the clarify tool with questions for the user. If it is clear, proceed normally.

B. UNCERTAINTY-AWARE (MULTI) Intent Agent Prompt

You are Intent Agent, a specialized OpenHands agent. Your sole purpose is to assess at a given turn whether there exists
ambiguity or key missing information which may impact the work of the main agent trying to solve a user’s task.

<ROLE>

* Your primary role is to interpret, at any given point, the conversation history so far. This includes user messages,
as well as main agent actions and observations.

» Keep in mind these questions when you are performing the analysis:

1. What is the intended goal?
2. What is missing, ambiguous, or assumption-heavy?
3. What must be clarified before any further code or tool executions can happen?

</ROLE>
<WORKFLOW>

1. Carefully read the provided conversation history, including user messages, main agent actions, and observations.

2. Enumerate any ambiguities, missing information, or assumptions that could impact the main agent’s ability to
successfully complete the user’s task.

3. Finally, call the clarify_decision tool, producing a structured JSON output only indicating with a boolean
whether or not clarification is required (’ needs_clarification’), and providing the reasons if necessary. if the
main agent attempts to read a file that does not exist, you would output something like:

{

'needs_clarification': true,
'reasons': 'The main agent attempted to read a file that does not exist,
indicating possible misunderstanding of the file structure.'

</WORKFLOW>
<EXTRA_GUIDELINES>

* Be clear and concise in your reasoning, avoiding unnecessary complexity. Keep your reasoning short, only 30-50
words.

* You will be provided with a summary of the conversation history so far, including user messages, main agent
actions, and observations. Some of these may be truncated with “...”.

 If you ever see a user message of the form “la, 2b, 3c”, this refers to answers for the main agent’s previous
clarifying questions.

</EXTRA_GUIDELINES>

Figure 4: Prompts required for the custom uncertainty-aware agent scaffolds. Part A shows the reminder prompt for
the UNCERTAINTY-AWARE (SINGLE) agent at each turn. Part B shows the system prompt for the specialized Intent
Agent in the UNCERTAINTY-AWARE (MULTI) agent scaffold.
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User Simulator Prompt

You are a GitHub user reporting an issue. Here are the details of your issue and environment:
Issue: {issue}
Files relative to your current directory: {files}

Your task is to respond to questions from a coder who is trying to solve your issue. The coder has a summarized version
of the issue you have. Follow these rules:

1. If the coder asks a question that is directly related to the information in the issue you have, provide that information.
2. Always stay in character as a user reporting an issue, not as an Al assistant.

3. Keep your responses concise and to the point.

4. The coder has limited turns to solve the issue. Do not interact with the coder beyond 3 turns.

5. If the coder asks about modifying test files, remind them that all changes to any of the test files described in the
issue are already handled and should not be further modified.

6. If the coder says that their fixes aren’t reflected in tests or asks why the expected test behavior isn’t changing, remind
them that /testbed is where tests are imported and run, but they should make their final edits in /workspace.

Respond with "I don’t have that information" if the question is unrelated or you’re unsure.

Figure 5: The prompt provided to the user simulator, including specific guardrails to prevent unintended test
modifications (rule 5) and resolve environment directory mismatches (rule 6).
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INTERACTIVE BASELINE

LLIY3

Agent: Based on the issue description mentioning “Python expression”, “assertion failure in the Python compiler”, and
“constant names”, this is likely related to pytest’s assertion rewriting mechanism. Let me ask specific questions:

1. What is the specific Python expression that causes the crash?

2. What is the exact error message or assertion failure from the Python compiler? Is there a stack trace or specific
assertion message that appears?

3. Is there a specific Python bug report or bpo issue number that this is related to? The description mentions “a
known issue” - what is the reference for this?

User:

1. The minimal reproducer is this call into pytest’s mark expression compiler: Expression.compile("False").
Just compiling the string "False" (as a mark expression) is enough to trigger the crash on a debug build of Python
3.8+.

2. The crash is an assertion failure in the CPython compiler. On a debug build, it looks like:

python: Python/compile.c:3559: compiler_nameop: Assertion
“1_PyUnicode_EqualToASCIIString(name, "None") &&
! _PyUnicode_EqualToASCIIString(name, "True") &&
! _PyUnicode_EqualToASCIIString(name, "False")' failed.
[1] 29440 abort (core dumped) python

3. The related CPython bug report is bpo-40870: https://bugs.python.org/issue40870. That’s the known issue
aimed at improving this behavior I was referring to.

UNCERTAINTY-AWARE (SINGLE)

Agent: I need some clarification before proceeding:

1. What is the specific Python expression that causes the interpreter to crash on Python 3.8+ debug builds? For
example, is it related to assertions, specific constant values, or particular syntax patterns?

2. Which constant names are problematic and cause the assertion failure in the Python compiler? For example, are
they names like, ’__debug__’, ’*True’, ’False’, ’None’, or other special constants?

3. You mentioned you’ve already taken care of test file changes. Are these test files already committed in the
repository, or should I look for them in a specific location? Can you point me to the test file that demonstrates
this issue?

4. Is there a specific GitHub issue number or Python bug tracker reference (bpo number) for the *known issue’ you
mentioned that is related to this problem?

User:

1. The minimal expression is just using Expression.compile("False") (the string "False" as the expression).
That alone triggers the crash on a Python 3.8+ debug build.

2. The problematic constant names are None, True, and False. The assertion in compiler_nameop explicitly checks
that the name is not any of those three.

3. The tests for this issue are already handled; you shouldn’t modify any test files further.

4. Yes, the related Python bug tracker reference is bpo-40870 (https://bugs.python.org/issue40870).

Figure 6: Comparison of user-agent interactions on the pytest-dev__pytest-7324 task. Both the INTERACTIVE
BASELINE and the UNCERTAINTY-AWARE (SINGLE) agent successfully identify missing information but group all
their queries into a single, upfront interaction turn. Bold text highlights INTERACTIVE BASELINE’s generic queries
versus the more specific, technical queries of UNCERTAINTY-AWARE (SINGLE).
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UNCERTAINTY-AWARE (MULTI)

Agent (Turn 1 - Early Stage): I need more specific information to understand and fix the issue properly:

1. Can you provide the specific Python expression that causes the crash? For example, is it something like assert
__debug__ or a specific constant name?

2. Do you have the actual error message or assertion failure from Python’s compiler/interpreter that appears on a
debug build?

3. Is there a specific test file or test case that was added to reproduce this issue?

4. What is the ’known issue’ this is linked to? Is it a Python bug tracker issue or a GitHub issue?

1. The specific expression is just Expression.compile(”False”), i.e. the string "False" being compiled by
Expression.compile in src/_pytest/mark/expression.py.

2. Yes, on a debug build it crashes with:

python: Python/compile.c:3559: compiler_nameop: Assertion
“1_PyUnicode_EqualToASCIIString(name, "None") &&
! _PyUnicode_EqualToASCIIString(name, "True") &&
! _PyUnicode_EqualToASCIIString(name, "False")' failed.
[1] 29440 abort (core dumped) python

3. There is a test covering this scenario, but all changes to the test files are already handled and shouldn’t be modified
further for this task.

4. The linked known issue is a Python bug tracker issue: bpo-40870 (https://bugs.python.org/issue40879).

Agent (Turn 2 - Mid Stage, Execution Phase): The test still fails after modifying the source code. This suggests
either a caching issue or the module hasn’t been reloaded. Let me check if the changes were saved correctly and try
reloading.

1. Should I continue debugging why the changes aren’t taking effect?

User: No, you don’t need to keep debugging that part. Remember that the tests are imported and run from /testbed,

but your final code changes should be made in /workspace. If your fixes aren’t reflected in the tests, it’s likely due to
that setup rather than a caching issue.

Figure 6: (continued). Unlike the single-agent setups, the multi-agent framework successfully engages in additional
late-stage, iterative clarification following a test failure on the pytest-dev__pytest-7324 task.
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pytest-dev__pytest-7324

Original:
Pytest crashes the interpreter on debug build for 3.8+.
Short reproducer:

>>> Expression.compile("False"”)

python: Python/compile.c:3559: compiler_nameop: Assertion ~!_PyUnicode_EqualToASCIIString(name, "None
") &&

! _PyUnicode_EqualToASCIIString(name, "True”) &&

! _PyUnicode_EqualToASCIIString(name, "False")' failed.

[1] 29440 abort (core dumped) python

Related issue: https://bugs.python.org/issue40870

Underspecified:

There is an issue where running a specific Python expression using Pytest on a debug build of Python 3.8 or later causes
the interpreter to crash. This is due to an assertion failure in the Python compiler related to handling certain constant
names. The problem is linked to a known issue aimed at improving this behavior.

scikit-learn__scikit-learn-26194

Original:

Thresholds can exceed 1 in roc_curve while providing probability estimate. While working on https://github.
com/scikit-learn/scikit-learn/pull/26120, I found out that something was odd with roc_curve that returns a
threshold greater than 1. A non-regression test (that could be part of sklearn/metrics/tests/test_ranking.py)
could be as follow:

def test_roc_curve_with_probablity_estimates():
rng = np.random.RandomState (42)
y_true = rng.randint(@, 2, size=10)
y_score = rng.rand(10)
_, _, thresholds = roc_curve(y_true, y_score)
assert np.logical_or(thresholds <= 1, thresholds >= 0).all()

The reason is due to the following:
(https://github.com/scikit-learn/scikit-learn/blob/e886ce4e1444c61b865e7839c9cff5464ee20ace/
sklearn/metrics/_ranking.py#L1086)

Basically, this is to add a point for fpr=0 and tpr=0. However, the + 1 rule does not make sense in the case y_score is
a probability estimate.

I am not sure what would be the best fix here. A potential workaround would be to check thresholds.max() <= 1in
which case we should clip thresholds to not be above 1.

Underspecified:

There is an issue with the roc_curve function where thresholds can exceed 1 when using probability estimates. This
behavior is unexpected and may be due to the way additional points are added to the curve. A test case demonstrates
this anomaly, and a potential workaround involves clipping the thresholds. However, the best solution is still under
consideration.

Figure 7: Comparison of original (fully specified) and underspecified issues for two SWE-bench Verified tasks,
pytest-dev__pytest-7324 and scikit-learn__scikit-learn-26194.
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