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ABSTRACT

Recent advances in large language models (LLMs) have enabled agentic systems
that perform complex, multi-step tasks in realistic environments, particularly in
software engineering settings where agents must navigate code bases, plan actions,
execute code, and iteratively adapt based on environmental feedback. Despite
their capabilities, agent reliability remains a critical challenge: errors made early
in an agent’s trajectory can propagate, leading to incorrect patches, wasted com-
putation, or misleading confidence. Most existing uncertainty estimation meth-
ods focus on single-turn outputs and do not account for uncertainty accumulation
across multi-step reasoning.

In this work, we adapt and extend Situational Awareness Uncertainty Propagation
(SAUP) to coding agents operating on SWE-Rebench. We propose a simplified
variant of SAUP that replaces learned semantic distance metrics with API-derived
signals and heuristic action weights, making it practical for black-box API set-
tings. We demonstrate how step level uncertainty estimation can be propagated
across an agent’s trajectory and used to trigger self-correction when confidence is
low.

By intervening selectively at high-uncertainty steps, our approach improves final
task success while avoiding unnecessary computation. Across three frontier mod-
els (GPT-5, Claude Opus 4.5, and DeepSeek V3.2), uncertainty-aware resampling
reduces mean trajectory uncertainty by 6-20% relative and improves pass@1 by
up to 15.6 absolute percentage points, with latency overhead of 1.2-3.0x depend-
ing on the model.

1 INTRODUCTION

Recent advances in large language models (LLMs) have enabled the emergence of agentic systems
that go far beyond single-turn prompting. Modern LLM-based agents are capable of performing
complex, multi-step tasks in realistic environments, particularly in software engineering settings
where agents must understand large code bases, plan sequences of actions, execute code, interpret
test results, and iteratively adapt their behavior based on feedback from the environment (Jimenez
et al.|[2024; Liu et al.,[2023)). Coding agents operating in these settings increasingly resemble human
developers, interacting with development tools and execution environments over many steps rather
than producing isolated code snippets.

Despite their impressive capabilities, the reliability of such agents remains a critical challenge. Er-
rors made early in an agent’s reasoning or action sequence can propagate through subsequent steps,
leading to incorrect patches, wasted computation, or misleading confidence in faulty solutions. As
tasks grow longer and more complex, understanding and managing uncertainty becomes essential
for improving agent reliability | Xia et al.| (2025)); Huang et al.| (2025). However, most existing un-
certainty estimation methods for LLMs focus exclusively on the model’s final output and do not
account for uncertainty accumulation across multiple reasoning and action steps.
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SAUP-Driven Self-Correction Pipeline
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Figure 1: Overview of SAUP-driven self-correction on a SWE-Rebench task. Given a GitHub
issue (django/django#14832), the agent generates an initial trajectory 7(°) at temperature
T=1.0. At each step, we extract a confidence score c; using token probabilities, API signals, and
semantic markers. In 7(°), the agent produces a tentative edit with hedging language (Step 3: “try

adding a null check”), leading to test failures (Step 4) and high trajectory uncertainty U, 0 —0.34 >

traj
6. This triggers resampling: a new trajectory 7(1) is generated at 7=0.7, where the agent produces
a more decisive fix with confident language and all tests passing, yielding Ué;j) = 0.11 < 0. The
lower-uncertainty trajectory is accepted.

Moreover, uncertainty estimation techniques have largely been explored in the context of code gen-
eration rather than full agentic workflows that involve interaction with external environments (He
et al.,[2025;|Zhu et al.,[2025). Coding agents present a particularly challenging setting: they must not
only generate code, but also interpret execution outcomes, revise plans, and decide when corrective
action is needed. Accurately estimating uncertainty at each step of this process offers an opportunity
to prevent error propagation and enable targeted self-correction before failures compound.

In this work, we make the following contributions:

1. We adapt Situational Awareness Uncertainty Propagation (SAUP) (Zhao et al., 2025) for
coding agents in realistic SWE scenarios, replacing its learned HMM-based situational
weights with heuristic action type weights and substituting semantic embedding distances
with API level confidence signals.

2. We propose a threshold based adaptive resampling policy that triggers self-correction only
when trajectory-level uncertainty exceeds a learned threshold, balancing reliability gains
against compute cost.
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3. We evaluate our approach on SWE-Rebench (Badertdinov et al., 2025) across three frontier
models: GPT-5 (Singh et al.l 2025), Claude Opus 4.5 (Anthropic, |2025)), and DeepSeek
V3.2 (DeepSeek-Al et al.,|2025) demonstrating that SAUP-driven resampling consistently
improves pass@ 1 while keeping latency overhead modest.

2 RELATED WORK

LLM-Based Agent Evaluation. AgentBench (Liu et al.|[2023)) is a general evaluation framework
for LLM-based agents operating in interactive, multi-step environments spanning operating sys-
tems, databases, knowledge graphs, web shopping, and embodied tasks. Our work builds on the
AgentBench framework but focuses specifically on uncertainty-driven self-correction in software
engineering tasks.

SWE-bench and SWE-Rebench. SWE-bench (Jimenez et al., 2024) evaluates LLMs on real-
world GitHub issues, requiring models to generate patches verified by executing repository test
suites in a Dockerized environment. SWE-Rebench (Badertdinov et al.l[2025) extends this setup by
emphasizing reproducibility, standardized execution, and agent style interaction. We adopt SWE-
Rebench as our primary evaluation setting because it reflects the full complexity of coding agents in
practice: long-horizon reasoning, environmental feedback, and strict correctness criteria.

Uncertainty Estimation for LLMs. Prior work on uncertainty estimation includes token-level
entropy (Malinin & Gales|,[202 1), mean token entropy, verbalized confidence scores (Kadavath et al.,
2022; Tian et al., 2023), and probability of truth estimation (Kadavath et al.l [2022). While useful,
these methods are typically applied to single outputs and do not capture how uncertainty evolves
across multi-step reasoning or interaction.

Uncertainty in Code Generation. Several recent works explore uncertainty-aware code genera-
tion, including Uncert-CoT (Zhu et al.| 2025)) and AdaDec (He et al., |2025)), which use uncertainty
signals to guide decoding or reranking. While effective in prompt based generation, these methods
operate at the level of a single generation step and do not address uncertainty propagation in agents
interacting with external environments.

SAUP. Situational Awareness Uncertainty Propagation (Zhao et al., [2025)) introduces a frame-
work for estimating and propagating uncertainty across the steps of an LLM agent’s trajectory while
performing natural language tasks. The original SAUP computes step level uncertainty using nor-
malized predictive entropy, derives situational weights from two learned semantic distance metrics;
Inquiry Drift (measuring trajectory divergence from the original question) and Inference Gap (mea-
suring actionobservation mismatch) and aggregates them via a Continuous Hidden Markov Model
(CHMM) trained with the Baum-Welch algorithm. In this work, we adapt SAUP for black-box API
settings where logprobs and embedding access are limited: we replace semantic distance metrics
with API-derived signals (finish reason, action type heuristics, hedging phrase detection), and sub-
stitute the CHMM with fixed action criticality weights, and use arithmetic mean aggregation rather
than RMS.

SWE-PRM. SWE-PRM (Gandhi et al. 2025) introduces a process reward model for software
engineering agents that scores partial trajectories and enables resuming execution from sub-optimal
intermediate states. While SWE-PRM focuses on step-level reward modeling to identify and branch
from weak trajectory stages, our approach operates at the full-trajectory level: we resample entire
trajectories when aggregated uncertainty exceeds a threshold, and select the candidate with lowest
uncertainty. The two strategies are complementary, SWE-PRM’s fine-grained branching could be
combined with our trajectory-level resampling to enable both local recovery and global selection.



Published at ICLR 2026 Workshop on Agents in the Wild.

3 METHODS

3.1 FRAMEWORK

Figure[I]illustrates our approach on a representative SWE-Rebench task: an agent attempts to resolve
a GitHub issue, and SAUP monitors confidence at each step, triggering resampling when trajectory
uncertainty exceeds the threshold. We extend AgentBench (Liu et al.|[2023) with hierarchical uncer-
tainty quantification. Agents interact with task environments through multi-step reasoning: at each
step t, the agent observes state o, selects an action a., and receives feedback from the environment.
Our framework quantifies uncertainty at each step and aggregates it into a trajectory-level measure
that informs adaptive resampling decisions.

3.2 UNCERTAINTY QUANTIFICATION

We employ a multi-signal uncertainty estimation approach combining token-level, action-level, and
trajectory-level confidence measures. At each agent step ¢, we extract a confidence score ¢; € [0, 1]
using a hierarchical strategy with multiple fallback sources.

Token-level confidence. When the model API returns log probabilities, we compute step confi-
dence as the geometric mean of token probabilities:

1 n
c; = exp (n Zlogp(xi | .’L’<,L)> (D
i=1

where p(z; | x<;) is the probability of token x; given the preceding context.

API signal extraction. For function-calling APIs where log probabilities are unavailable (e.g.,
OpenAl tool use), we derive baseline confidence from response metadata by mapping the
finish_reason field: stop — 0.85, tool_calls — 0.80, length — 0.50, and
content_filter — 0.30.

The intuition behind this mapping is that finish_reason provides a coarse but informative signal
about the model’s generation process. A stop termination indicates the model reached a natural
completion point and it generated the full response it intended, which we treat as a mild positive
signal (0.85). A tool_calls termination indicates the model elected to invoke a tool rather than
produce a final answer; this is expected behavior in agentic settings but reflects an intermediate
state where the model is still gathering information, warranting slightly lower baseline confidence
(0.80). A length termination, by contrast, means the model’s response was truncated by the
context window limit before it could finish, a strong indicator that the model was unable to fully
express its reasoning or that the task induced an unusually long output, both of which correlate with
lower reliability (0.50). Finally, content_filter indicates the model’s output was blocked or
truncated by a safety filter, which we treat as the lowest-confidence signal (0.30) since the intended
output was suppressed entirely. We emphasize that these values serve as priors that are subsequently
modulated by the action complexity and semantic signals described below; they are not intended as
calibrated probabilities but rather as an ordinal ranking of how complete and intentional each step’s
output was.

Action complexity analysis. For tool-calling agents, we adjust confidence based on the action
type, reflecting the observation that different actions carry fundamentally different risk profiles in
software engineering workflows. Read-only operations (read-file, 1ist_dir) receive higher
base confidence (0.90) because they are inherently safe, they cannot alter the repository state and
their failure modes are limited to reading the wrong file, which is easily recovered from. High-stakes
write operations (edit_file, submit_patch)receive lower base confidence (0.75) because they
modify code and can introduce bugs, and because the model must simultaneously reason about code
semantics, patch correctness, and integration effects.

Within bash command calls, we further analyze command patterns. Destructive patterns (rm -rf,
sudo, chmod) reduce confidence by up to 0.15, reflecting both the irreversibility of such operations
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and the observation that well functioning agents rarely need them for issue resolution; their appear-
ance often signals the agent has entered an unusual execution path. Conversely, safe diagnostic pat-
terns (1s,git status, cat, grep) increase confidence by up to 0.05, a deliberately asymmetric
adjustment, since safe actions provide weak positive evidence (the agent is exploring rationally) but
destructive actions provide strong negative evidence (the agent may be flailing). This asymmetry is
motivated by the empirical observation that failed trajectories disproportionately contain risky com-
mands, while successful trajectories contain a mix of both safe and moderately complex operations.

Semantic uncertainty markers. A key insight motivating our approach is that LLMs often dis-
play their own uncertainty through natural language cues in their reasoning traces, even when the
underlying token probabilities are unavailable. We exploit this by applying pattern based analysis to
detect hedging language in both reasoning content and tool call arguments. Hedging phrases (e.g., “I
think,” “probably,” “might be,” “let me try,” “assume”) reduce confidence, while confident phrases
(e.g., “this fixes,” “definitely,” “will work,” “the issue is”’) increase it:

Ag = min(0.02n., 0.10) — min(0.03n;, 0.15) 2)

where n. and ny, are the counts of confident and hedging phrases, respectively. We emphasize that
the coefficients in Equation 2 are not tuned to optimize benchmark performance, but are intended
to encode qualitative asymmetry between linguistic signals. In practice, we observed that moderate
variation in these values produced similar behavior across runs, indicating that the uncertainty signal
is robust to reasonable parameter changes. These coefficients should be interpreted as heuristic
weighting factors rather than calibrated probabilities.

Several design choices in Equation [2| merit discussion. First, the hedging coefficient (0.03) is 1.5x
larger than the confidence coefficient (0.02), reflecting the asymmetric informativeness of linguistic
cues: when an LLM explicitly hedges, this is a strong signal of genuine uncertainty, whereas con-
fident language may simply reflect the model’s default assertive style and is less reliably predictive
of correctness. Second, both terms are capped (at 0.15 and 0.10, respectively) to prevent any single
signal source from dominating the overall confidence score; without capping, a verbose reasoning
trace full of hedging phrases could drive confidence to near zero regardless of the token-level or
action-level signals. Third, we apply semantic analysis to fool call arguments in addition to reason-
ing content, because in practice agents often embed uncertainty cues in the strings they pass to tools
for example, an edit command with the description “try this approach” is meaningfully less reliable
than one stating “fix the null pointer dereference.” This signal is particularly valuable for Claude
Opus 4.5, where finish_reason is nearly constant across runs (see Table [T), making semantic
markers the primary source of within model confidence variation.

Trajectory-level aggregation. We aggregate step confidences into trajectory uncertainty:

1 T
Ui =1 - 7 ;ct 3)

Note that this differs from the original SAUP aggregation, which uses weighted Root Mean Square
(RMS):

4)

We adopt arithmetic mean for computational simplicity and because our heuristic weights lack the
learned calibration that would justify RMS aggregation.

We additionally track minimum confidence c,;, = min; ¢, confidence trend (comparing first half
and second half means), and the count of high uncertainty steps |{¢ : ¢; < 0.5}].

3.3 THRESHOLD-BASED RESAMPLING

Beyond SAUP’s uncertainty quantification, we introduce adaptive threshold based resampling to
improve reliability. Algorithm[I]summarizes the procedure. As a control, we also evaluate a random
resampling baseline that matches the SAUP policy’s resampling budget but removes the uncertainty
trigger. Resampling is activated with a probability equal to each model’s observed SAUP resampling
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Algorithm 1 SAUP-Driven Adaptive Resampling

Require: Task instance, threshold 6, budget N, temperatures 7 = {0.7,1.0,1.3}
Generate initial trajectory 7(©) at T = 1.0
Compute U,d(ggm via Eq.
if U0, < 6 then
return 7(©) {Accept first-pass trajectory}
end if
forr=1,...,Ndo
Sample T;. ~ Uniform(7)
Generate trajectory 7(") at temperature 7).
Compute U‘,fgre)m
if U7, < 6 then
return 7(") {Early stopping}
end if
: end for
: return arg min,.c o

R A A o e

—_—— =
w2

N} Uggm {Select lowest uncertainty }

—_
N

rate. The final trajectory is selected using the same minimum-uncertainty rule. This baseline isolates
the value of uncertainty-guided triggering.

3.4 GRID SEARCH FOR HYPERPARAMETERS

We perform a grid search over the uncertainty threshold 6 € {0.3,0.5,0.7,0.9} and the resampling
budget N € {1,3,5,8} on a held-out validation subset. The full grid search (Table [5|in the Ap-
pendix) indicates that § = 0.3 and N = 8 are globally optimal. However, to reduce computation,
we fix N = 3 for the main experiments; under this budget, the optimal threshold remains ¢ = 0.3.

3.5 EVALUATION METRICS

We evaluate both task performance and uncertainty calibration.

Task performance. Pass@1: Success rate on the first generated trajectory (with SAUP-driven
resampling when applicable). Baseline pass@1: Success rate without any self-correction (single
trajectory, no resampling).

Uncertainty calibration. Spearman correlation (p): rank correlation between step confidence
¢; and binary task success. ECE: expected calibration error, the weighted average of |accuracy —
confidence| across 10 bins. Brier Score: mean squared error between confidence and outcome,
% >, (ci — y;)*. AUROC: area under the ROC curve, measuring whether successful trajectories
receive higher confidence than failed ones.

Latency. Latency multiplier: ratio tsaup/baseline, Measuring additional cost from resampling.

3.6 DATASETS AND IMPLEMENTATION

We evaluate on SWE-Rebench (Badertdinov et al.,2025), consisting of 500 GitHub issue resolution
tasks with pre-built docker images for reproducible environment grounded evaluation. Experiments
use GPT-5 (Singh et al., 2025), Claude Opus 4.5 (Anthropic} |2025)), and DeepSeek V3.2 (DeepSeek-
Al et al.| 2025) with Docker Compose infrastructure, YAML-configured tasks, and resumable runs.
All models are accessed via their respective APIs; confidence signals are derived from logprobs
where available and from finish_reason metadata otherwise.

All API-based experiments were conducted between December 2025 and March 2026. We
used the following model versions available at that time: GPT-5 via the OpenAl Chat
Completions API (gpt-5.1-2025-04-14), Claude Opus 4.5 via the Anthropic Messages
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Table 1: SAUP uncertainty calibration on SWE-Rebench. 1: higher is better; |: lower is better. Best
results per metric are bolded. TDegenerate due to constant confidence scores.

Metric GPT-5 Claude Opus 4.5 DeepSeek V3.2
Spearman p (1) 0.400 1.000f 0.109
ECE ({) 0.148 0.300 0.101
Brier Score ()  0.022 0.090 0.104
AUROC (1) 0.500 0.500 0.507

API (claude-opus—-4-5-20250514), and DeepSeek V3.2 via the DeepSeek Chat API
(deepseek—-chat). All models were accessed through their respective commercial APIs with
default rate limits. Token-level logprobs were available only for GPT-5; for Claude and DeepSeek,
confidence was derived from finish_reason and semantic signals as described in Section [3.2]
Model behavior may differ under subsequent API updates or version changes. All experiments were
conducted using publicly available commercial APIs under standard academic usage conditions,
with no privileged access, fine-tuning, or internal model modifications.

4 RESULTS

4.1 SAUP UNCERTAINTY CALIBRATION

Table[I] presents the uncertainty calibration metrics across all models on SWE-Rebench. All models
exhibit AUROC scores near 0.5, indicating that confidence scores derived from API signals do not
reliably discriminate between successful and failed trajectories. DeepSeek V3.2 achieves the lowest
ECE (0.101), suggesting better calibration between stated confidence and actual success rates, but
its weak Spearman correlation (p = 0.109) reveals that even well calibrated models struggle to pro-
duce confidence scores that correlate with outcomes. GPT-5 shows stronger correlation (p = 0.400)
but higher ECE (0.148), suggesting a trade-off between discrimination and calibration. Claude Opus
4.5 produces near constant confidence scores across runs due to its reliance on tool_calls as the
dominant finish reason, resulting in a degenerate correlation (p = 1.000"). This highlights a funda-
mental limitation of relying solely on API-level finish-reason signals for uncertainty estimation.

Despite these calibration limitations, the propagated trajectory-level uncertainty Uy, proves useful
as a relative signal for triggering resampling, as we show in the following sections.

Why resampling helps despite weak step-level discrimination. The near-random AUROC (=
0.5) indicates that step level confidence scores cannot reliably distinguish successful from failed tra-
jectories on a per instance basis. At first glance, this appears to conflict with the consistent pass@ 1
improvements observed under uncertainty-aware resampling. The resolution lies in the difference
between pointwise discrimination and distributional selection. AUROC measures whether a single
confidence score can rank one trajectory above another, which requires fine grained per instance cali-
bration. Resampling, by contrast, operates at the population level: it identifies a subset of trajectories
whose aggregated uncertainty exceeds a threshold, regenerates them, and selects the candidate with
the lowest uncertainty among k alternatives. Even when individual confidence scores are weakly
informative, regenerating high-uncertainty trajectories with diverse temperatures introduces varia-
tion that increases the probability of sampling a correct solution. The minimum uncertainty selector
then acts as a soft filter, preferring trajectories that are at least internally more consistent. In effect,
resampling exploits the variance of the generation process rather than the precision of the confidence
estimator—the threshold serves as a coarse “retry trigger” rather than a fine-grained classifier, and
the gains come from giving the model additional chances on its most uncertain attempts. Our re-
sults suggest that API-level signals alone are insufficient for reliable success/failure discrimination,
although they remain useful as relative triggers for resampling.
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Table 2: SAUP-driven self-correction performance on SWE-Rebench (8 = 0.3, NV = 3). Latency is
reported as a multiplier relative to single-pass baseline runtime.

GPT-5 Claude Opus 4.5 DeepSeek V3.2
Method pass@1 Latency pass@1 Latency pass@1 Latency
Baseline (no regen) 0.600 1.0x 0.660 1.0x 0.580 1.0x
Random Resampling (matched p)  0.688 3.0x 0.714 1.2x 0.664 2.8%
SAUP Self-Correction 0.756 3.0x 0.780 1.2x 0.739 2.8%
A Improvement +0.156 — +0.120 — +0.159 —
(O Baseline
0.8 Claude Opus 4.5 @ SAUP (6=0.3, N=3) |
1 GPT-5
/ -®
/ 3 _~~" " DeepSeek V3.2
@ 0.7 ,', B s > |
é @ . : ’::’ 7
0.6} @ l-et" |
o
05 | | | | | |
0.5 1 1.5 2 2.5 3 3.5

Latency Multiplier (x baseline)

Figure 2: Pass@]1 vs. relative latency for SAUP-driven self-correction on SWE-Rebench. Each
arrow connects a model’s baseline performance (open circle) to its SAUP-corrected performance
(filled circle). Claude Opus 4.5 achieves the best latency—accuracy trade-off, while DeepSeek V3.2
and GPT-5 show larger absolute gains at higher latency cost.

4.2 SAUP-DRIVEN SELF-CORRECTION
4.2.1 MAIN RESULTS

Table 2| compares baseline performance (single trajectory, no resampling) against SAUP-driven self-
correction with the optimal main-experiment configuration (¢ = 0.3, N = 3). All three models
show meaningful improvements in pass@1 with SAUP-driven resampling. GPT-5 improves from
a baseline of 0.600 to 0.756 (+15.6 pp), DeepSeek V3.2 from 0.580 to 0.739 (+15.9 pp), and
Claude Opus 4.5 from 0.660 to 0.780 (+12.0 pp). These gains come at modest latency overhead:
Claude adds only 1.2 x over baseline, GPT-5 incurs 3.0, and DeepSeek, which triggers resampling
most frequently, incurs 2.8 x. Figure 2] visualizes the pass@ 1 improvement against latency cost per
model.

To determine whether the gains from SAUP arise from the uncertainty signal rather than from ad-
ditional attempts we compare against a random resampling baseline with the same budget (N = 3)
and matched expected resampling frequency. Random resampling improves over the single-pass
baseline but remains below SAUP across all three models. The uncertainty signal helps to iden-
tify which trajectories should be retried because it offers more value than just providing additional
sample allocation.
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Table 3: Optimal (6, N) configuration per model on SWE-Rebench. Pass@1 and latency under the
best grid-search configuration.

Model Optimal # Optimal N pass@1 Latency (x)
GPT-5 0.3 8 0.955 4.97x
Claude Opus 4.5 0.3 3 0.780 1.2x
DeepSeek V3.2 0.3 3 0.739 2.8%

Table 4: Resampling dynamics under SAUP self-correction (§ = 0.3, N = 3) on SWE-Rebench
(500 tasks per model).

Metric GPT-5 Claude Opus 4.5 DeepSeek V3.2
Tasks resampled 101 (20.2%) 76 (15.2%) 139 (27.9%)
Mean base uncertainty 0.237 0.230 0.289
Mean final uncertainty 0.213 0.211 0.230

A uncertainty —0.024 —0.019 —0.059
Mean latency (s) 37.6 18.3 84.6

4.2.2 JOINT TUNING OF (6, N)

Table reports the optimal (6, N') configuration per model identified via grid search. GPT-5 achieves
0.955 pass@1 at its optimal configuration (§ = 0.3, N = 8), but at a substantial 4.97 x latency cost.
This demonstrates that with a larger resampling budget, SAUP can push pass@1 well above the
N = 3 operating point, though diminishing returns set in rapidly. The full grid search results are
reported in Appendix [A]

4.2.3 RESAMPLING DYNAMICS

Table 4| summarizes the resampling behavior across models. Claude Opus 4.5 triggers resampling
least frequently (15.2% of tasks), consistent with its lower baseline uncertainty and more stable
trajectories. GPT-5 resamples at an intermediate rate (20.2%), while DeepSeek V3.2 resamples
most often (27.9%), reflecting its higher baseline uncertainty.

All models benefit from resampling. DeepSeek shows the largest absolute reduction in mean uncer-
tainty (0.289 — 0.230, A = 0.059), GPT-5 a moderate reduction (0.237 — 0.213, A = 0.024),
and Claude the smallest (0.230 — 0.211, A = 0.019). This pattern is consistent with the intuition
that resampling yields the largest gains when baseline uncertainty is higher models that are already
confident have less room for improvement via resampling.

4.3 PER-MODEL ANALYSIS

GPT-5. Using GPT-5 with # = 0.3 and N = 3, self-correction was triggered on 101 of 500 tasks
(20.2%). GPT-5 achieved pass@1 = (.756. When resampling was triggered, mean uncertainty
decreased from 0.494 to 0.374 (mean drop of 0.120), demonstrating that resampling systematically
reduces uncertainty on the most uncertain instances. The overall mean uncertainty decreased from
0.237 to 0.213. This reliability gain comes at additional latency: mean per-task runtime was 37.6s
(p9s = 163.4s), with non-corrected tasks averaging 12.4s and corrected tasks averaging 136.8s (a
~3.0x multiplier). These results validate that uncertainty triggered resampling is used sparingly yet
consistently reduces trajectory-level uncertainty.

Claude Opus 4.5. Claude Opus 4.5 completed all 500 tasks, with resampling triggered in only 76
cases (15.2%). Mean uncertainty decreased from 0.230 to 0.211, and average end-to-end latency
was 18.3s per task the lowest of all three models. Claude’s low resampling rate reflects its more
stable trajectory-level confidence. The threshold-based policy adds minimal overhead for Claude,
making it the most compute-efficient model under SAUP.
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DeepSeek V3.2. DeepSeek V3.2 completed 498 tasks successfully (with 2 error records), with
resampling triggered in 139 cases (27.9%). DeepSeek achieved pass@1 = 0.739. Mean uncertainty
decreased from 0.289 to 0.230 (A = 0.059), the largest reduction among all models. Average
latency was 84.6s, reflecting both the higher resampling rate and the multi-step agent interaction
cost. DeepSeek benefits most from SAUP-driven self-correction, as its higher baseline uncertainty
provides more room for improvement.

5 LIMITATIONS AND FUTURE WORK

Limitations. Our uncertainty estimation relies primarily on API-level signals (finish_reason
metadata), which provide limited discriminative power (AUROC =~ 0.5); Claude Opus 4.5’s near-
constant confidence scores illustrate a worst case of this approach. Additionally, the optimal thresh-
old 6§ = 0.3 was tuned on a single benchmark (SWE-Rebench), and generalization to other agentic
settings web navigation, robotics, or safety-critical domains remains unvalidated. The causal mecha-
nism behind the improvement is also not fully disentangled: gains may arise from directly correcting
errors, from the selection effect of choosing the lowest-uncertainty candidate, or both.

Future work. Richer uncertainty signal such as semantic entropy from multiple completions, en-
semble disagreement, or model-internal representations could substantially improve calibration.
On the resampling side, partial trajectory resampling (restarting only from the high-uncertainty
step rather than from scratch) and learned budget allocation policies that spend more compute on
harder tasks are promising directions for reducing latency overhead. Extending SAUP-driven self-
correction to the broader AgentBench suite (Liu et al.| 2023) and integrating it with tree-search or
Monte Carlo trajectory methods are natural next steps.
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A  FULL GRID SEARCH RESULTS

Table reports the full grid search over (6, N) for GPT-5 on SWE-Rebench. The optimal configu-
ration is # = 0.3, N = 8 (pass@1 = 0.955). Lower thresholds (¢ = 0.3) consistently outperform
higher thresholds across all values of NV, confirming that aggressive resampling on uncertain trajec-
tories is beneficial. Performance degrades substantially at § > 0.5, as the threshold becomes too
permissive and fails to trigger correction on trajectories that would benefit from it.

Table 5: Full grid search results for GPT-5 on SWE-Rebench. Each cell reports pass@1.

O\N N=1 N=3 N=5 N=38

0=03 0720 0735 0915 0.955
6=05 0560 0535 059  0.640
0=07 0515 0575 0.620 0.580
0=09 0550 0565 0535 0.650

Note: Due to computational constraints, the full (¢, V) grid search was completed only for GPT-5.
For Claude Opus 4.5 and DeepSeek V3.2, we evaluated the main configuration (# = 0.3, N = 3)
based on the finding that § = 0.3 is consistently optimal across the GPT-5 grid.

B CONFIDENCE DISTRIBUTION ACROSS MODELS

Figure [3|shows the mean step confidence across SWE-Rebench samples. GPT-5 maintains the high-
est mean confidence (¢ ~ 0.85), DeepSeek V3.2 shows moderate confidence with slight variation
(¢ = 0.80), and Claude Opus 4.5 exhibits near-constant confidence due to its reliance on fixed API
signals.

0.9 |

0.8 /\/\/\/\/

e GPT-5
0.7} —— Claude Opus 4.5 | |

—— DeepSeek V3.2
| | | | | | I I I
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Sample Index
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Figure 3: Mean step confidence across SWE-Rebench samples. GPT-5 maintains the highest confi-
dence. Claude Opus 4.5 shows constant confidence due to fixed API signals. DeepSeek V3.2 shows
moderate confidence with slight variation.
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