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Abstract

Large language models (LLMs) are increas-
ingly deployed in high-stakes settings, yet re-
liably estimating when their outputs should be
trusted remains an open challenge. Existing un-
certainty estimation approaches—such as cal-
ibration, token-level probabilities, or seman-
tic entropy—typically require access to model
internals, additional supervision, or computa-
tionally intensive pipelines. We propose an-
swer instability, defined as the variability of a
model’s final answer across repeated stochastic
generations of the same prompt, as a simple,
label-free, and black-box uncertainty signal.
Evaluated across three task types — reasoning,
multiple-choice QA, and constraint-following
— using four LLMs and 520 prompt-model
pairs, our approach achieves performance com-
petitive with semantic entropy while requiring
no semantic similarity model. Our results show
that instability strongly correlates with predic-
tion errors and reliably discriminates correct
from incorrect outputs. We further demonstrate
its utility for selective prediction and targeted
repair, improving reliability without access to
internal probabilities or additional training.

1 Introduction
Large language models (LLMs) are increasingly
deployed in applications that require reliable rea-
soning and decision-making. Despite their strong
performance across a wide range of tasks, these
models remain prone to producing incorrect or
hallucinated outputs while exhibiting high confi-
dence (Desai and Durrett, 2020; Xiong et al., 2023;
Carandang et al., 2025). This mismatch between
accuracy and confidence presents a fundamental
challenge: how can we determine when a model’s
output should be trusted?

Existing approaches to uncertainty estimation
typically rely on internal model signals such as
token probabilities (Jiang et al., 2021; Kadavath
et al., 2022), post-hoc calibration techniques (Guo

Figure 1: Overview of the proposed method. A
prompt is decoded k times stochastically; discrete an-
swers are extracted and aggregated into an empirical
distribution. The entropy of this distribution serves as
a label-free uncertainty signal, which drives selective
answering or targeted repair depending on threshold τ .

et al., 2017; Desai and Durrett, 2020), or additional
training procedures (Kong et al., 2020; Tian et al.,
2023). However, these methods require access to
model internals, labeled calibration data, or task-
specific tuning, limiting their applicability in real-
world deployment settings where models are often
accessed as black-box APIs.

In parallel, recent work has demonstrated that
stochastic decoding and repeated sampling can im-
prove performance through techniques such as self-
consistency (Wang et al., 2023; Aggarwal et al.,
2023; Lightman et al., 2023). While these ap-
proaches exploit variation across sampled outputs
to improve accuracy, they do not directly lever-
age this variation as a signal of model uncertainty
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(Kuhn et al., 2023; Vashurin et al., 2025). Unlike
SelfCheckGPT (Manakul et al., 2023), which mea-
sures consistency at the passage level using seman-
tic similarity, our approach operates on discrete
extracted answers and formalizes their distribution
as an entropy-based signal, enabling direct use as
an abstention threshold or repair trigger without a
semantic model.

In this work, we propose answer instability as a
simple and practical proxy for uncertainty in LLMs.
The key idea is to measure how much a model’s fi-
nal answer varies across multiple stochastic genera-
tions of the same prompt. Intuitively, when a model
is confident, repeated sampling yields consistent
answers; when uncertain, the model produces di-
verse and conflicting outputs.

We formalize answer instability as the entropy of
the empirical distribution of answers obtained from
repeated sampling. This formulation requires no ac-
cess to model probabilities, no additional training,
and no labeled data. It operates purely on observ-
able outputs, making it applicable to any black-box
LLM.

We evaluate this approach across multiple
models and task types, including reasoning,
multiple-choice question answering, and constraint-
following tasks. Our results show that instability-
based entropy reliably predicts model errors,
achieving consistent separation between correct
and incorrect outputs. We further demonstrate that
this signal can be used to guide selective answering
and to trigger targeted repair strategies, improving
accuracy while reducing computational cost.

Our contributions are:

• We introduce answer instability as a label-free,
black-box uncertainty signal for LLMs.

• We demonstrate that entropy over sampled
answers consistently identifies incorrect out-
puts across models and tasks, achieving per-
formance competitive with semantic entropy
while requiring no semantic similarity model
or equivalence class definitions.

• We show that instability enables efficient com-
pute allocation via targeted repair, achieving
comparable accuracy to uniform repair with
reduced token usage.

2 Related Work
Uncertainty estimation and calibration. A key
challenge in deploying language models is deter-

mining when their outputs can be trusted. Guo
et al. (2017) showed that deep networks are of-
ten overconfident and can be improved with tem-
perature scaling. Extending this to Transformers,
Desai and Durrett (2020) and Kong et al. (2020)
demonstrated that calibration degrades under do-
main shift but can be partially addressed through
regularization. For generative models, Jiang et al.
(2021) and Zhao et al. (2021) found that QA sys-
tems and few-shot predictions exhibit significant
miscalibration due to biases and context effects.
Instruction-tuned models further complicate cali-
bration, with Tian et al. (2023) and Xiong et al.
(2023) showing that confidence elicitation varies
across models and tasks. More recent work focuses
on semantic-level uncertainty, including semantic
entropy (Kuhn et al., 2023), kernel-based similar-
ity (Nikitin et al., 2024), and meaning-aware scor-
ing (Bakman et al., 2024). Benchmarks such as
LM-Polygraph (Vashurin et al., 2025) confirm that
these approaches outperform token-based methods,
while Kadavath et al. (2022) and Geng et al. (2024)
highlight ongoing challenges in factual reliability
and generalization.
Sampling-based reasoning. Another line of work
leverages stochastic sampling to improve accuracy
rather than measure uncertainty. Large language
models have been shown to perform well in few-
shot settings (Brown et al., 2020), with reasoning
performance further improved through chain-of-
thought prompting (Wei et al., 2022; Kojima et al.,
2022). Self-consistency (Wang et al., 2023) aggre-
gates multiple sampled reasoning paths via major-
ity voting, achieving substantial gains. Subsequent
work improves efficiency through adaptive stop-
ping (Aggarwal et al., 2023) and enhances reason-
ing quality via process-level reward models (Light-
man et al., 2023). More broadly, Snell et al. (2024)
show that increasing test-time compute through
sampling can rival scaling model size. These ap-
proaches treat sampling primarily as a mechanism
for improving final predictions.
Selective prediction. Selective prediction allows
models to abstain when uncertain. Geifman and
El-Yaniv (2017) formalized this framework, show-
ing that abstention can guarantee bounded risk. In
NLP, Kamath et al. (2020) and Xin et al. (2021)
demonstrated that confidence estimation improves
accuracy-coverage trade-offs, while Chen et al.
(2023) extended these ideas to instruction-tuned
LLMs using parameter-efficient methods. How-
ever, these approaches typically require calibration
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data or additional training to estimate confidence
reliably.

3 Methodology
Given an input prompt x, an LLM Mθ produces
an output y through stochastic decoding. In typi-
cal black-box deployment settings, the model does
not expose calibrated confidence scores, token-
level probabilities, or internal representations, and
ground-truth labels are unavailable at inference
time.

Our goal is to estimate a label-free uncertainty
signal U(x) directly from observable model out-
puts. The central hypothesis is that prompts yield-
ing inconsistent outputs under repeated stochas-
tic sampling correspond to higher epistemic un-
certainty and, consequently, higher probability of
error.

Formally, under stochastic decoding with tem-
perature T > 0, we draw k independent samples
from the model:

yi ∼ Mθ(x; T ), i = 1, . . . , k. (1)

From each output yi we extract a discrete final
answer ai using a task-specific parser. For rea-
soning tasks, the parser extracts the final numer-
ical value; for MCQ, it extracts the selected op-
tion letter; for constraint-following tasks, it checks
whether the structural constraint is satisfied and
returns a binary outcome. Constraint satisfaction is
assessed programmatically using rule-based string
matching (e.g., checking for valid JSON structure
or absence of digit characters). This yields the
multiset of sampled answers:

A(x) = {a1, a2, . . . , ak}. (2)

The final predicted answer is taken as the majority
vote:

â(x) = argmax
a∈A

p(a | x), (3)

where p(a | x) = 1
k

∑k
i=1 1[ai = a] is the empiri-

cal frequency of answer a.
The answer parser is designed to be robust to

surface-level variation that does not reflect genuine
uncertainty. For reasoning tasks, the parser extracts
the final numerical value from each response, nor-
malizing integer and decimal formats so that equiv-
alent answers such as 26 and 26.00 are treated as
identical. This ensures that entropy reflects dis-
agreement over the final answer rather than format-
ting variation introduced by stochastic decoding. In

practice, parser normalization was most frequently
triggered on reasoning tasks, where T = 0.7 oc-
casionally produced responses with different arith-
metic intermediate steps converging to the same
numerical answer.

3.1 Answer-Distribution Entropy

We quantify uncertainty as the Shannon entropy of
the empirical answer distribution over A(x):

Uentropy(x) = −
∑

a∈A(x)

p(a | x) log p(a | x). (4)

Entropy is a natural choice here because it captures
the full shape of the answer distribution, not just
whether the top answer is dominant. A prompt
where all k samples agree yields zero entropy re-
gardless of k; a prompt where answers are spread
uniformly across k distinct values yields maximum
entropy log k. This makes entropy more sensi-
tive to genuine uncertainty than simpler measures
such as vote margin (which ignores the distribution
of non-majority answers) or unique answer count
(which ignores frequency differences).

With k = 5 samples, the empirical answer distri-
bution is necessarily discrete, with entropy values
determined by a limited set of partition patterns
(e.g., 4–1, 3–2, 3–1–1). In practice, however, this
resolution is sufficient to capture the most informa-
tive distinction: full agreement (H = 0) versus any
disagreement (H > 0).

This suggests that coarse-grained variability is
already a strong indicator of model uncertainty, and
that fine-grained estimation may offer diminishing
returns in structured tasks. Increasing the sampling
budget would provide a smoother entropy spectrum
and may improve discriminative resolution, but at
higher computational cost. We leave a systematic
exploration of this trade-off to future work.

Crucially, this estimate requires no access to
token-level probabilities, no model retraining, and
no labeled data. It operates solely on the discrete
answers observable from any black-box LLM.

3.2 Predictive Validity

To evaluate whether U(x) reflects correctness, we
define a binary outcome variable:

z(x) =

{
1 if â(x) is correct,
0 otherwise.

(5)

We assess the discriminative power of U(x) for
predicting error (1 − z(x)) using the Area Under
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the ROC Curve (AUC-ROC). An AUC of 0.5 cor-
responds to a random baseline; values above 0.5
indicate that higher instability reliably co-occurs
with incorrect predictions.

3.3 Selective Answering

Beyond predicting errors, we evaluate whether
U(x) can be operationalized as a decision rule.
Given a threshold τ , we define a selective answer-
ing policy:

answer if U(x) ≤ τ, abstain otherwise. (6)

This induces a coverage–accuracy trade-off: lower
τ produces higher selective accuracy at the cost of
answering fewer prompts. We vary τ across the
full range of observed entropy values and report
the resulting coverage–accuracy curve, which eval-
uates whether instability is not only predictive but
also actionable as a deployment-time abstention
policy.

3.4 Uncertainty-Triggered Repair

For prompts where U(x) > τ , rather than ab-
staining we optionally apply a repair strategy: the
model is re-prompted with an explicit chain-of-
thought instruction requesting step-by-step reason-
ing, and the resulting output replaces the original
majority answer. We compare four policies:

• No repair: always return the majority answer.

• Random repair: apply repair to a randomly
selected subset of prompts of the same size as
the triggered set.

• Uncertainty-triggered repair: apply repair
only when U(x) > τ .

• Always repair: apply repair to all prompts.

We measure accuracy and total token cost for each
policy. This experiment evaluates whether insta-
bility can guide targeted reasoning improvements
— allocating additional computation selectively to
the cases most likely to benefit from it, rather than
uniformly to all outputs.

4 Experimental Setup
We evaluate the proposed instability-based un-
certainty signal across multiple models and
task types. Experiments are conducted us-
ing four LLMs from two providers, includ-
ing both high-capacity and lightweight vari-
ants from OpenAI and Claude model families.

Specifically, we evaluate GPT-4o, GPT-4o-mini
(OpenAI), claude-sonnet-4-5-20250929, and
claude-haiku-4-5-20251001 (Anthropic). This
setup allows us to assess whether the relationship
between answer instability and model error gener-
alizes across architectures and capability levels.

To assess the generality of our approach across
qualitatively different output types, we evaluate
on three task categories: deterministic multi-step
reasoning, multiple-choice question answering
(MCQ), and constraint-following generation requir-
ing structured outputs. For reasoning, we sample
problems from the GSM8K benchmark (Cobbe
et al., 2021), a dataset of 8.5K grade school math
word problems, and for MCQ, we draw ques-
tions from MMLU (Hendrycks et al., 2021), a 57-
subject benchmark spanning various domains. For
constraint-following, we construct a set of hand-
crafted instruction prompts that impose explicit
structural or lexical constraints on the output—for
example, “List 3 colors as a JSON array with ex-
actly 3 items” or “Write a sentence about weather
without using any numbers or digits.” This task
type probes whether instability manifests in set-
tings where correctness is determined by rule com-
pliance rather than factual accuracy. The full evalu-
ation set consists of 130 prompts (50 GSM8K, 50
MMLU, and 30 constraint-following), evaluated
across four models, yielding 520 prompt-model
pairs in total.

For each prompt x, we generate k = 5 inde-
pendent samples using stochastic decoding with
non-zero temperature. In all experiments, we use
temperature T = 0.7. From each generated re-
sponse, we extract the final answer using task-
specific parsers. The final prediction is determined
via majority voting across samples.

Uncertainty is computed using entropy of the
empirical answer distribution derived from the sam-
pled responses. We evaluate the predictive validity
of this uncertainty signal using AUC-ROC, and
assess its usefulness for selective answering and
uncertainty-triggered repair strategies.

To situate our answer instability measure against
a theoretically grounded uncertainty baseline, we
implement semantic entropy (SE) following (Kuhn
et al., 2023). SE groups the k = 5 sampled re-
sponses into semantic equivalence classes and com-
putes Shannon entropy over the resulting class dis-
tribution. For structured tasks with categorical or
numeric outputs, exact-match equivalence serves
as the clustering criterion — numerically equiva-
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lent answers (e.g., 26 and 26.00) are normalized
before comparison, MCQ responses are mapped to
their letter label (A–D), and constraint outputs are
grouped by constraint satisfaction (satisfied/not
satisfied). This yields a consistent, reproducible
SE estimate across all three task types without
requiring an external NLI model or embedding
threshold. We note that for tasks with discrete out-
put spaces, this SE implementation is functionally
equivalent to answer instability under exact-match
normalization. Since both SE and our instability
signal U(x) are computed from the same k sam-
ples, any difference in predictive performance iso-
lates the contribution of semantic normalization
rather than sampling cost.

5 Results and Discussion

We evaluate whether answer instability can serve as
a reliable proxy for model uncertainty. Our experi-
ments address three research questions: (1) whether
instability predicts model errors, (2) whether the
signal can guide selective decision-making, and (3)
whether it can improve computational efficiency
through targeted repair.

5.1 Predictive Validity of Answer Instability

We first evaluate whether entropy derived from sam-
pled answers can discriminate between correct and
incorrect outputs, and compare our answer instabil-
ity measure against a semantic entropy (SE) base-
line. Figure 2 shows the receiver operating charac-
teristic (ROC) curves for each evaluated model.

Across models, both answer instability and
semantic entropy demonstrate consistent predic-
tive ability above the random baseline. No-
tably, the two measures achieve nearly iden-
tical performance for several models, includ-
ing claude-haiku-4-5-20251001 (AUC = 0.750)
and claude-sonnet-4-5-20250929 (AUC =
0.799), indicating that semantic normalization pro-
vides little additional benefit in these settings. For
gpt-4o-mini, instability slightly outperforms se-
mantic entropy (0.793 vs. 0.766), while for gpt-4o,
both measures perform similarly, with a modest ad-
vantage for instability (0.643 vs. 0.609).

The 95% bootstrap confidence intervals reported
in Figure 2 overlap substantially between answer
instability and semantic entropy across all models,
confirming that the two measures are statistically
indistinguishable in predictive performance. This
supports the conclusion that semantic normaliza-
tion provides no measurable benefit over surface-

Figure 2: ROC Curves. Comparison of answer
instability U(x) and semantic entropy (SE) for de-
tecting incorrect outputs across models. 95% boot-
strap confidence intervals (1,000 resamples) are re-
ported. Answer Instability AUCs: sonnet [0.712–0.879];
haiku [0.659–0.836]; gpt-4o [0.514–0.768]; gpt-
4o-mini [0.710–0.872]. Semantic Entropy AUCs:
sonnet [0.712–0.879]; haiku [0.657–0.834]; gpt-4o
[0.514–0.768]; gpt-4o-mini [0.707–0.869].

level answer entropy in structured output settings.
The wide CI for gpt-4o (0.514–0.768) reflects the
small number of errors at high baseline accuracy
rather than fundamental unreliability of the sig-
nal. With gpt-4o achieving perfect accuracy on
constraint tasks and 0.96 on reasoning, the AUC
estimate rests on few positive cases, inflating resam-
pling variance. This is consistent with the per-task
breakdown, where instability is most discrimina-
tive on tasks with higher error rates. The lower
CI bound approaching chance should therefore be
interpreted as a consequence of near-ceiling perfor-
mance rather than signal failure.

These results suggest that the primary source
of predictive signal arises from answer variability
itself rather than from semantic clustering. In struc-
tured tasks such as reasoning, MCQ, and constraint-
following - where outputs naturally collapse to dis-
crete answer spaces — instability-based entropy al-
ready captures the relevant uncertainty signal with-
out requiring semantic equivalence modeling.

The relatively lower discriminative power for
gpt-4o may reflect its higher baseline accuracy
(Table 1), which reduces the prevalence of er-
rors and compresses the dynamic range of uncer-
tainty. This indicates that instability is most infor-
mative when models operate below their perfor-
mance ceiling, where variability in outputs is more
pronounced.

Breaking down predictive validity by task type,
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Figure 3: Uncertainty distribution by prediction out-
come. Violin plots show the entropy distribution of
answer instability U(x) for correct (blue) and incorrect
(red) predictions, aggregated across all models and tasks.
Correct outputs are heavily concentrated at zero entropy,
while incorrect outputs exhibit a broad distribution cen-
tered around 0.5, reflecting genuine disagreement across
sampled responses.

instability is most discriminative for constraint-
following tasks (AUC = 0.963), with lower dis-
criminative power on MCQ (AUC = 0.656) and
reasoning tasks (AUC = 0.680). This pattern is con-
sistent with the binary nature of constraint evalua-
tion: outputs are either compliant or not, so answer
variability maps directly onto error risk. In con-
trast, MCQ and reasoning tasks allow the model
to recover correct answers through majority voting
even under moderate uncertainty, compressing the
discriminative signal.

Overall, the ROC analysis shows that answer
instability provides a competitive and often equiva-
lent alternative to semantic entropy, while remain-
ing simpler and fully black-box. Unlike SE, which
requires defining equivalence classes or semantic
similarity criteria, instability operates directly on
observable outputs, making it more practical for
deployment across diverse models and task settings.
To further characterize the mechanism underlying
these ROC results, the following section examines
the full entropy distributions for correct and incor-
rect outputs.

5.2 Uncertainty Distribution Analysis

To further characterize how instability relates to
prediction outcomes, Figure 3 shows the entropy
distributions for correct and incorrect predictions
aggregated across all models and tasks. Correct
outputs are heavily concentrated at zero entropy,
indicating that the model produces consistent an-

Figure 4: Uncertainty distribution by task type and
outcome. Entropy distributions for correct (blue) and in-
correct (red) predictions broken down by task category.
Constraint-following tasks show the clearest separation,
with incorrect outputs clustering tightly at high entropy
consistent with their high AUC of 0.963. MCQ and
reasoning tasks exhibit greater distributional overlap be-
tween correct and incorrect outputs, reflecting the more
moderate AUC values of 0.656 and 0.680 respectively.

swers when it is right. Incorrect outputs exhibit a
broad distribution with mass centered around 0.5,
reflecting substantial variability across sampled re-
sponses, consistent with output space uncertainty.
This asymmetry in distribution shape underlies the
discriminative power and provides a clearer picture
of the mechanism than aggregate error rates alone.
Figure 4 breaks this down by task type, revealing
that the quality of the separation varies substantially
across tasks. In constraint-following tasks, incor-
rect outputs cluster tightly at high entropy while
correct outputs remain near zero, consistent with
the high AUC of 0.963. The separation is clean
because constraint correctness is binary — outputs
are either compliant or not — leaving little ambi-
guity in how instability maps onto error risk. For
MCQ and reasoning tasks, the correct and incor-
rect distributions show greater overlap, explaining
the more moderate AUC values of 0.656 and 0.680
respectively. In these settings, majority voting can
recover correct answers even under moderate un-
certainty, compressing the entropy gap between
correct and incorrect outputs.

Together, these distributions suggest that the in-
formativeness of the instability signal is closely
tied to output space structure. Tasks with hard,
unambiguous correctness criteria produce cleaner
entropy separation, while tasks that allow partial
recovery through aggregation yield noisier but still
meaningful signals.

821



Figure 5: Coverage–accuracy trade-off. Lower thresh-
olds (near dotted line τ = 0) yield higher accuracy but
reduced coverage.

5.3 Error Rates and Failure Modes

The distributional asymmetry observed in Figure 3
is further supported by a direct comparison of error
rates across entropy regimes. Among stable outputs
where entropy equals zero (n=421), only 40 errors
were observed (9.5%), indicating that perfectly con-
sistent answers are highly reliable. Among unsta-
ble outputs with non-zero entropy (n=99), 61 errors
were observed (61.6%) — a gap of more than 50
percentage points. This stratification confirms that
the entropy signal is not merely a continuous dis-
criminator but identifies a practically meaningful
binary threshold: any disagreement among sam-
pled responses is a strong indicator of elevated error
risk. Among the 40 errors in the stable group, the
model produced the same incorrect answer across
all five samples, representing high-confidence fail-
ures that instability cannot detect by design. These
cases represent the primary failure mode of the
signal — systematic model misconceptions rather
than genuine uncertainty — and are consistent with
known miscalibration patterns in instruction-tuned
models.

5.4 Selective Answering

We evaluate answer instability in a selective predic-
tion setting, where the model abstains when entropy
exceeds a threshold τ , inducing a trade-off between
coverage and accuracy. As shown in Figure 5, re-
ducing τ improves accuracy at the cost of coverage:
at moderate selectivity (coverage ≈ 0.82–0.85),
stronger models such as claude-sonnet-4-5 and
gpt-4o exceed 0.92 accuracy, well above their full-
coverage baseline. As τ increases toward full cov-
erage, accuracy converges to the unfiltered base-

Figure 6: Repair Efficiency. Accuracy versus token
cost for different repair strategies.

line (dashed line), confirming that abstained predic-
tions are disproportionately incorrect. These results
demonstrate that answer instability functions not
only as a diagnostic signal but as an actionable
decision rule for safer LLM deployment.

To assess robustness to threshold choice, we
evaluate the selective answering policy across τ ∈
[0.0, 1.0]. Coverage and accuracy remain stable at
81.0% and 90.5%, respectively, for all τ ≤ 0.5,
indicating that the policy is insensitive to thresh-
old choice in this range. At τ = 0.6, coverage
increases to 94.2% while accuracy drops to 84.2%,
reflecting the inclusion of more uncertain outputs.
For τ ≥ 0.7, the system approaches full coverage
at the unfiltered baseline accuracy of approximately
80.9%. This plateau structure suggests a natural
operating point at any τ < 0.6, where the absten-
tion policy can be applied without careful threshold
tuning.

5.5 Uncertainty-Guided Repair Strategies

Beyond predicting errors, we evaluate whether in-
stability can guide decision-making strategies that
improve performance while controlling computa-
tional cost across all models and tasks. Figure 6
compares four repair policies.

Always repairing outputs yields the highest ac-
curacy but incurs the largest token cost. In con-
trast, uncertainty-triggered repair achieves most of
the accuracy improvement while requiring substan-
tially fewer tokens. Uncertainty-triggered repair
achieves 92.3% accuracy (vs. 100.0% for always-
repair and 80.6% for no-repair) at a token cost
of 737,865 tokens, compared to 951,624 tokens
for always-repair — a reduction of approximately
22.5%. Random repair provides only modest gains
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despite similar computational cost, indicating that
targeted repair is more effective than naive strate-
gies. These results highlight a practical advantage
of instability-based uncertainty: it enables systems
to allocate additional computation selectively. In-
stead of uniformly applying repair procedures to
all outputs, the system can focus resources on out-
puts that exhibit instability, which are significantly
more likely to contain errors. This leads to a favor-
able trade-off between accuracy and computational
efficiency.

In interpreting these results, an important
methodological consideration arises. The compari-
son between no repair, targeted repair, and always
repair involves two interacting factors: (i) the use
of chain-of-thought (CoT) prompting and (ii) the se-
lection mechanism that determines when CoT is ap-
plied. In our current setup, the always-repair condi-
tion applies CoT universally, whereas the no-repair
condition relies on majority voting without CoT,
meaning that part of the observed gains may reflect
the general benefits of CoT prompting in addition
to the effectiveness of instability as a selection sig-
nal. A more controlled comparison would include
a baseline that applies CoT uniformly across all
prompts to isolate the marginal benefit of targeted
selection, which we leave for future work. We
further note that the reported repair accuracies are
aggregated across models and task types; the 100%
accuracy under always-repair reflects the inclusion
of near-ceiling settings (e.g., reasoning tasks for
stronger models), which can elevate aggregate re-
sults and obscure variation across conditions. De-
spite these considerations, the key finding remains
that instability-based selection achieves compet-
itive accuracy while reducing token usage, sup-
porting its role as a practical heuristic for adaptive
compute allocation in LLM systems.

5.6 Performance Across Models and Tasks

To better understand how model performance
varies across tasks, Table 1 summarizes accuracy
by model and task category.

As shown in Table 1, performance differs
substantially across task types. Reasoning
tasks consistently achieve the highest accuracy
across all models, whereas multiple-choice (MCQ)
and constraint-following tasks are more chal-
lenging. Notably, even the strongest mod-
els—claude-sonnet-4-5-20250929 (1.00) and
gpt-4o (0.96) on reasoning—experience signifi-
cant drops in performance on MCQ and constraint

Model Reasoning MCQ Constraint

GPT-4o 0.96 0.76 1.00

GPT-4o-mini 0.88 0.60 0.67

Claude Sonnet 1.00 0.82 0.67

Claude Haiku 0.92 0.64 0.67

Table 1: Accuracy across models and task types.

tasks. This indicates that no model is uniformly
reliable across task formats.

These disparities highlight the need for prompt-
level uncertainty estimation. While aggregate ac-
curacy may appear high, performance degrades in
more structured or constrained settings, where er-
rors are less predictable. In such cases, instability-
based entropy provides a mechanism for identify-
ing difficult or error-prone prompts without requir-
ing labeled data or task-specific calibration.

6 Conclusion

We presented answer instability—the variability of
model outputs under repeated stochastic decoding—
as a simple, label-free, and black-box proxy for un-
certainty in LLMs. Our experiments show that
entropy over sampled answer distributions reli-
ably predicts model errors across task types and
model families, without requiring access to in-
ternal probabilities or additional training. No-
tably, answer instability achieves performance com-
petitive with semantic entropy across all evalu-
ated models and tasks, demonstrating that seman-
tic normalization provides little additional ben-
efit in structured output settings where answers
naturally collapse to discrete spaces. This sig-
nal is also actionable: selective answering im-
proves reliability by abstaining on uncertain cases,
while uncertainty-triggered repair achieves favor-
able accuracy–efficiency trade-offs by targeting ad-
ditional computation only where instability is high.

Future work should extend evaluation to larger
and more diverse prompt sets, open-source model
families, and more complex generation settings
such as long-form or dialogue tasks. Incorporating
semantic equivalence into the answer distribution—
treating paraphrases as identical answers—would
improve instability estimation in open-ended set-
tings. More broadly, answer instability offers a
lightweight alternative to traditional calibration
methods and a practical foundation for building
more reliable LLM-based systems.
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7 Limitations

Our evaluation is limited to three task types and
520 prompt-model pairs, which may not fully rep-
resent real-world applications such as long-form
generation, dialogue, or multimodal reasoning. An-
swer instability also incurs additional inference
cost through repeated sampling, which may be pro-
hibitive in latency-sensitive settings; adaptive or
early-stopping strategies could mitigate this. Our
formulation operates on surface-level final answers
and does not account for semantic equivalence, po-
tentially overestimating uncertainty in open-ended
tasks where multiple phrasings are correct. For
MCQ and numerical reasoning tasks, surface-level
answer matching is standard and this limitation is
minimal. For constraint-following and open-ended
tasks, semantic equivalence may inflate instabil-
ity estimates, a direction we leave for future work.
We do not evaluate against white-box methods that
use token probabilities or internal representations,
as our focus is strictly on black-box applicability.
Finally, further validation on larger datasets, open-
source model families, and real-world deployment
scenarios is needed to fully establish the generality
of answer instability as an uncertainty signal.

8 Ethical Considerations

This work proposes a black-box uncertainty
metric evaluated on publicly available bench-
marks (GSM8K, MMLU) and author-constructed
prompts; it does not involve human subjects, per-
sonal data, or sensitive content. Model outputs are
used solely for measuring answer variability and
do not inform decisions about individuals. We do
not make claims about model cognition or internal
reasoning, and we caution against interpreting low
instability as a guarantee of correctness or high
instability as evidence of model failure. Answer
instability is an empirical signal over observable
outputs and should not be overgeneralized as a
definitive measure of reliability or trustworthiness
in deployment.
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