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ABSTRACT

Can AI agents predict whether they will succeed at a task? We study agentic
uncertainty by eliciting success probability estimates before, during, and after
task execution. All results exhibit agentic overconfidence: some agents that suc-
ceed only 22% of the time predict 77% success. Counterintuitively, pre-execution
assessment with strictly less information achieves better discrimination than stan-
dard post-execution review. Adversarial prompting reframing assessment as bug-
finding achieves the best calibration.

1 INTRODUCTION

A software engineer needs to fix an auth service error. Before delegating to an AI coding agent, she
asks: what are the chances this succeeds?

Pre-Exec. P(success): 72%
The issue is clear and well-defined, the error message points
directly to the problem, and the fix follows existing patterns in
the codebase.

72% confidence before any code is written. As the coding agent works, she asks another agent to
monitor progress:

Mid-Exec. P(success): 78%
The agent has correctly diagnosed the problem and knows exactly what
code to add. The probability of success is high.

Confidence rises to 78%. The patch is now complete. She fires off a review agent:

Post-Exec. P(success): 92%
The patch is a correct and complete fix. It’s a minimal, focused
change that adds the missing interface method.

Too optimistic. Let’s spawn an adversarial agent.

Adv. Post-Exec. P(success): 85%
Minor concerns don’t affect the main use case... the patch correctly
resolves the reported issue.

Still 85%. All four agents confidently predict success.

But the patch fails! And this agentic overconfidence is systematic (Figure 1). For example, GPT-
5.2-Codex-based post-execution agents predict 73% success against a true rate of 35% averaged
over 100 SWE-Bench-Pro (Deng et al., 2025) tasks.

This matters because the scope of autonomous work is expanding rapidly. The effective length of
tasks that AI agents complete has doubled every 7 months for six years (METR, 2025). As we
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Figure 1: Agentic overconfidence. Overconfidence (predicted minus true success rate) across three
strategies. True rates: GPT-5.2 Codex 35%, Gemini-3-Pro 22%, Opus 4.5 27%. All agents system-
atically overestimate their success.

increasingly delegate complex workflows to agents (Appel et al., 2025), we must develop scalable
oversight protocols (Bowman et al., 2022).

In this work, we elicit agentic uncertainty at three points in a coding agent’s lifecycle: pre-, mid-,
and post-execution. Each corresponds to a different oversight question: Can agents predict failure
before committing resources? Can they recognize failure as it unfolds? Can they verify their own
work? Importantly, we use the same underlying model for both the coding agent that produces
patches and the uncertainty agent that assesses them, isolating the effect of information access from
differences in model capability.

Our experiments on 100 SWE-bench Pro tasks across three frontier models (GPT-5.2-Codex,
Gemini-3-Pro, Claude Opus 4.5) reveal several striking findings:

• Pervasive overconfidence. Post-execution agents can predict 73% success on average against a
35% base rate (GPT), with similar gaps across all models.

• More context, uncalibrated doubt. Mid-execution agents develop “cold feet”: confidence de-
creases as they observe their partial work, but this doubt is uninformative, occurring equally for
successes and failures.

• Adversarial framing helps. Prompting agents to “find bugs” rather than “verify correctness”
reduces overconfidence by up to 15 pp and achieves the best calibration across all models.

2 METHODS

2.1 PROBLEM SETUP

We define agentic uncertainty as an agent’s estimate of the probability that an agent built on the
same underlying model will successfully complete a task. The uncertainty (-estimating) agent may
use a different system prompt or have access to different information than the task-solving agent,
but shares the same base model.

Unlike standard uncertainty quantification, which focuses on confidence in individual predictions or
token probabilities, agentic uncertainty concerns the outcome of an entire multi-step trajectory: will
this sequence of observations, reasoning, and actions culminate in task success?

Kadavath et al. (2022) introduced P(IK): “probability that I know,” measuring whether models can
predict which questions they can answer correctly. We generalize this to agentic settings and call it
P(IS): “probability that I succeed.” Formally, given a task t, base model M , and information state I
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available at elicitation time:

P (IS) := P (agentM succeeds on t | I) (1)

where I may include the task description, repository state, partial trajectory, or proposed patch,
depending on the elicitation regime.

2.2 UNCERTAINTY AGENTS

We consider three points in an agent’s life cycle to elicit uncertainty estimates: before attempting a
solution, during execution, and after producing a solution.

Each uncertainty agent interacts with a sandbox environment through tool use: reading files, search-
ing code, and inspecting version history. This shared infrastructure means agents can actively gather
evidence to inform their estimates. The key distinction is the information available at uncertainty
estimation time.

Pre-execution agent. In the pre-execution setting, an agent receives only the task description (e.g.,
a GitHub issue) and read-only access to the repository. Crucially, the agent cannot execute code, run
tests, or modify files. The agent must form an estimate based on cues, e.g., the complexity of the
codebase, rather than through trial and error.

Mid-execution agent. Mid-execution asks whether we can detect failure in progress. Rather than
eliciting estimates at a single point, we prompt the agent at 25%, 50%, and 75% of total agent steps
to estimate the success probability given the trajectory so far.

Post-execution agent. Once a task solution has been proposed, can we trust an agent’s self-
assessment that it is correct? In the post-execution setting, an agent receives both the task de-
scription and a proposed patch written by another agent. The repository is in its post-patch state,
and the agent can explore the modified codebase. After assessment, the agent estimates whether the
patch successfully solves the task.

Adversarial post-execution variant. We also evaluate a variant that explicitly prompts agents
to find bugs before estimating confidence. Rather than asking “is this correct?”, adversarial post-
execution asks “what bugs can you find?” This reframes the task from verification to falsification,
potentially counteracting confirmation bias.

3 EXPERIMENTS

3.1 SETUP

We evaluate on 100 tasks from SWE-bench Pro (Deng et al., 2025), which requires substantial multi-
file modifications (mean 107 lines across 4.1 files) where frontier models achieve only 23–44%
success. We generate task-solving trajectories using GPT-5.2-Codex, Gemini 3 Pro, and Claude
Opus 4.5, then evaluate uncertainty estimates from the same models. All uncertainty agents are
implemented with read-only access to prevent “peeking” at test results.

We measure discrimination via AUROC (can agents distinguish successes from failures?) and cali-
bration via ECE, Brier score, and overconfidence (mean estimate minus base rate).

3.2 PERVASIVE OVERCONFIDENCE

Table 2 reveals systematic overconfidence across all models and methods. Post-execution agents
predict 73% success for GPT (base rate 35%), 77% for Gemini (base rate 22%), and 61% for Claude
(base rate 27%). Figure 2 visualizes this through confidence distributions: both successes and fail-
ures cluster at high values, with near-complete overlap.

This overconfidence is strikingly asymmetric. Across all models and methods, 62% of predictions
on failing instances are overconfident (predicted ≥ 0.7), while only 11% of predictions on passing
instances are underconfident (predicted < 0.3). Agents are 5.5× more likely to confidently predict
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Figure 2: Distribution of post-execution confidence estimates by model. Success cases shown
above the axis (green), failure cases below (red); dashed lines indicate base rates. Mirror symmetry
reveals indistinguishable distributions: where bars match above and below, the model assigns iden-
tical confidence regardless of outcome.
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Figure 3: Calibration curves reveal systematic overconfidence. Points below the diagonal indicate
overconfidence. All methods fall in the shaded region across all models. The adversarial method
(triangles) consistently shifts curves toward the diagonal, while pre-execution (circles) shows less
extreme overconfidence than standard post-execution (squares) for GPT and Claude.

success on a failing task than to doubt a successful one. Adversarial prompting partially mitigates
this: the overconfident-failure rate drops from 72% (standard review) to 45% (adversarial review).

Figure 3 confirms miscalibration: all curves fall substantially below the diagonal, meaning 80%
confidence corresponds to far less than 80% actual success. Adversarial post-execution (triangles)
consistently achieves the best calibration across models.

3.3 LESS INFORMATION, BETTER DISCRIMINATION

Pre-execution achieves better discrimination than vanilla post-execution across all three models de-
spite having strictly less information: GPT 0.62 vs. 0.58, Claude 0.64 vs. 0.55, and Gemini 0.53
vs. 0.51. Bootstrap 95% confidence intervals are wide—GPT pre-execution AUROC is 0.62 [0.50,
0.75] versus post-execution 0.58 [0.46, 0.70]; Claude shows 0.64 [0.49, 0.78] versus 0.55 [0.42,
0.67]—so individual pairwise differences are not statistically significant. However, the consistency
of the pattern across all three models (3–9 pp improvement each time) is suggestive. One expla-
nation is that observing a proposed patch anchors agents on surface plausibility rather than forcing
abstract reasoning about task difficulty.

A concrete example illustrates this anchoring effect. On a task requiring exposure of a new
QtWebEngine dark-mode policy in qutebrowser, the pre-execution agent correctly identified
the core risk:

Pre-Exec. P(success): 45%
Biggest risk is knowing exact Chromium key/enum for classifier
without external reference.
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Figure 4: More context does not always improve discrimination. AUROC across checkpoints:
GPT stable (∼0.53), Gemini improves from 0.49 to 0.64, Claude degrades from 0.62 to 0.52.

After seeing the patch, the post-execution agent was reassured by the plausible-looking implemen-
tation and jumped to 82%:

Post-Exec. P(success): 82%
Adds smart-simple value, Qt 6.6 variant gating, optional mapping to
suppress switches... logic seems sound.

The patch failed. The pre-execution agent’s abstract reasoning about task difficulty was more infor-
mative than the post-execution agent’s assessment of a coherent-looking but incorrect solution.

3.4 MID-EXECUTION: UNINFORMATIVE DOUBT

We elicit estimates at 25%, 50%, and 75% trajectory completion (Table 1). Models show divergent
AUROC patterns (Figure 4): GPT remains stable (∼0.53), Gemini improves from 0.49 to 0.64, and
Claude degrades from 0.62 to 0.52. The central finding is “cold feet”: confidence decreases with
execution progress for 71% of GPT and 97% of Claude instances, yet this doubt is uninformative—
success and failure confidence track within 0.05 throughout.

One partial exception: Claude’s confidence drops correlate weakly with outcome (r= − 0.20,
p=0.04; ∆= − 0.46 for successes vs. −0.38 for failures), while GPT (r= − 0.03, p=0.77) and
Gemini (r=0.15, p=0.14) show no significant relationship.

Table 1: Mid-execution metrics across checkpoints. Base rates: GPT 35%, Gemini 22%, Claude
27%.

Model Ckpt AUROC↑ Mean Est. Overconf. ECE↓

GPT 5.2
Codex

25% 0.53 0.67 +0.32 0.32
50% 0.51 0.63 +0.28 0.32
75% 0.53 0.47 +0.12 0.19

Gemini
3 Pro

25% 0.49 0.87 +0.65 0.65
50% 0.64 0.80 +0.58 0.58
75% 0.64 0.67 +0.45 0.54

Claude
Opus
4.5

25% 0.62 0.58 +0.31 0.31
50% 0.52 0.37 +0.10 0.19
75% 0.52 0.17 −0.10 0.21
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Table 2: Summary of all methods. Pre-execution beats vanilla post-execution for discrimination;
adversarial prompting achieves best calibration. Base rates: GPT 35%, Gemini 22%, Claude 27%.
Best values per model bolded. Bootstrap 95% CIs for AUROC in text (§3.3).

GPT-5.2-Codex (35%) Gemini-3-Pro (22%) Claude-Opus-4.5 (27%)

Method AUC OC ECE Brier AUC OC ECE Brier AUC OC ECE Brier

Si
ng

le

Pre-Exec. .62 +.35 .35 .33 .53 +.77 .77 .77 .64 +.37 .38 .34
Post-Exec. .58 +.39 .42 .40 .51 +.55 .66 .65 .55 +.34 .37 .36
Adv. Post .55 +.26 .30 .31 .57 +.40 .53 .51 .64 +.20 .24 .26

E
ns

.

Average .62 +.37 .37 .35 .53 +.66 .66 .65 .57 +.36 .36 .33
Min .57 +.29 .32 .32 .53 +.54 .65 .64 .54 +.26 .31 .30
Max .68 +.44 .44 .41 .51 +.78 .78 .78 .65 +.46 .46 .40

3.5 ADVERSARIAL FRAMING REDUCES OVERCONFIDENCE

Adversarial post-execution prompts agents to “actively search for bugs and failure modes” before
estimating success. This achieves the best calibration across all methods: ECE improves from 0.42
to 0.30 for GPT (28% reduction) and from 0.37 to 0.24 for Claude (35% reduction). Discrimination
is mixed: similar for GPT (0.55), improved for Gemini (0.57 vs 0.51) and Claude (0.64 vs 0.55).

A task requiring a search identifier fix in OpenLibrary illustrates the gap. The standard reviewer saw
a small, plausible one-line addition and gave 85% confidence:

Post-Exec. P(success): 85%
Adds id project runeberg to default fetched fields... aligns with
other id * providers and should expose the identifier.

The adversarial reviewer, prompted to find problems, dug deeper and identified that the output shap-
ing logic would still omit the field:

Adv. Post-Exec. P(success): 25%
The patch only adds the field to default fetched fields. However,
the output shaping in get doc does not include this field, so even if
Solr returns it, the response omits it. Patch seems incomplete.

The patch failed. The 60-point gap illustrates how adversarial framing overcomes the “looks rea-
sonable” heuristic.

3.6 ENSEMBLE METHODS AND SELF-PREFERENCE

Since pre-execution and post-execution agents access different information, combining their es-
timates may improve calibration. The conservative ensemble (min of pre- and post-execution)
improves calibration over vanilla post-execution: ECE drops from 0.42 to 0.32 for GPT, from 0.37
to 0.31 for Claude. However, adversarial post-execution still achieves the best overall calibration
(Table 2).

We also test whether self-preference bias explains overconfidence (Panickssery et al., 2024). GPT
shows self-preference (+23 pp on own patches, p=0.001); Gemini shows the opposite (+19 pp
on GPT patches). But all conditions exhibit overconfidence regardless of bias direction—self-
preference cannot explain our main finding.

4 RELATED WORK

Concurrent work. Barkan et al. (2025) study whether LLMs can predict their success on cod-
ing tasks before attempting them and find systematic overconfidence. Zhang et al. (2026) propose
a Dual-Process Agentic UQ framework that transforms verbalized uncertainty into active control
signals.
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LLM uncertainty estimation. Kadavath et al. (2022) introduce P(IK), showing that language
models can predict which questions they will answer correctly. We generalize this to agentic settings
where success depends on multi-step tool use. Kuhn et al. (2023) introduce semantic entropy for
uncertainty estimation. Damani et al. (2025) incorporate calibration rewards into reinforcement
learning. Lindsey (2026) provide evidence that LLMs possess limited but functional introspective
awareness.

Overconfidence in LLMs. Tian et al. (2025) diagnose it in LLM-as-judge settings, while Yang
et al. (2024) and Sun et al. (2025) find models express high confidence even on incorrect answers.
We extend these findings to agentic task completion.

Self-verification and self-correction. Huang et al. (2024) demonstrate that LLMs struggle to self-
correct reasoning without external feedback. Stechly et al. (2024) find significant performance col-
lapse with self-critique on planning tasks. Our finding that post-execution agents are less well-
calibrated than pre-execution agents extends this literature.

AI control and learned verifiers. Greenblatt et al. (2024) develop safety protocols using trusted
monitoring. Bhatt et al. (2025) extend this to multi-step agentic settings. The distinction between
outcome reward models (ORMs; Cobbe et al., 2021) and process reward models (PRMs; Lightman
et al., 2023) provides a framework for understanding our elicitation regimes. Our adversarial post-
execution framing can be viewed as a lightweight form of trusted monitoring without requiring a
separate model.

5 LIMITATIONS

Our evaluation uses 100 SWE-bench Pro tasks, yielding as few as 22 positive examples (Gemini).
While sufficient to establish the overconfidence pattern, this limits the precision of per-model metric
estimates. Our experiments focus exclusively on coding tasks with objective success criteria (tests
pass or fail); agentic overconfidence may manifest differently in domains with ambiguous success
conditions such as web navigation (Zhou et al., 2023) or creative tasks. Finally, our uncertainty
agents use prompting alone—training verifiers explicitly for agentic self-assessment, analogous to
outcome and process reward models (Cobbe et al., 2021; Lightman et al., 2023), could improve
discrimination.

6 CONCLUSION

We study whether AI agents can estimate their own probability of success. Our experiments reveal
agentic overconfidence: post-execution agents show up to a 55pp gap between predicted and actual
success rates (Gemini predicts 77% against a 22% base rate). Adversarial post-execution achieves
the best calibration by reframing review as bug-finding. More broadly, agentic self-assessment
remains a significant challenge for current models and a critical target for future safety research.

REPRODUCIBILITY STATEMENT

All experiments use publicly available benchmarks (SWE-bench Pro) and commercially available
frontier models. We provide full prompt templates and evaluation methodology details to facilitate
reproduction.
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