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Abstract

Uncertainty quantification (UQ) methods for
large language models are predominantly de-
signed by hand based on domain knowledge
and heuristics, limiting their scalability and
generality. We apply LLM-powered evolution-
ary search to automatically discover unsuper-
vised UQ methods represented as Python pro-
grams. On the task of atomic claim verifica-
tion, our evolved methods outperform strong
manually-designed baselines, achieving up to
6.7% relative ROC-AUC improvement across
9 datasets while generalizing robustly out-of-
distribution. Qualitative analysis reveals that
different LLMs employ qualitatively distinct
evolutionary strategies: Claude models consis-
tently design high-feature-count linear estima-
tors, while Gpt-oss-120B gravitates toward sim-
pler and more interpretable positional weight-
ing schemes. Surprisingly, only Sonnet 4.5 and
Opus 4.5 reliably leverage increased method
complexity to improve performance — Opus 4.6
shows an unexpected regression relative to its
predecessor. Overall, our results indicate that
LLM-powered evolutionary search is a promis-
ing paradigm for automated, interpretable hal-
Iucination detector design.

1 Introduction

Large Language Models (LLMs) are widely de-
ployed as chatbots and coding assistants, how-
ever their propensity to hallucinate is a significant
blocker on the path toward reliable and trustworthy
general-purpose systems (Huang et al., 2025).

An important step in mitigating factual halluci-
nations is developing robust detectors which work
across multiple domains and don’t require access to
ground truth facts (Vazhentsev et al., 2026). A com-
mon approach to designing such detectors is based
on the uncertainty quantification (UQ) task. The
core assumption is that there is a way to quantify
an intrinsic quantity — LLM uncertainty — such that
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Figure 1: A visualization of LLM-powered evolutionary
search pipeline, used to autonomously design uncer-
tainty quantification (UQ) methods for hallucination
detection tasks. At the start the candidate pool is initial-
ized with a single selected baseline method.

the estimated uncertainty value is highly correlated
with hallucination occurrences.

UQ methods for LLMs typically rely on out-
put distributions or internal representations, and
achieve strong empirical performance (Fadeeva
et al., 2023). However, most of these methods
are manually designed by researchers, who use
domain knowledge and intuition to craft often com-
plex scoring rules, algorithms, or heuristics. Un-
fortunately, such hand-engineered approaches may
be brittle and limited in scalability, and are often
viewed as less promising than more automated al-
ternatives (Sutton, 2019).

Meanwhile, recent progress in LLMs has en-
abled a new direction for scalable automation of
complex tasks. AlphaEvolve (Novikov et al., 2025),
in particular, highlights the potential of LLM-
powered evolutionary optimization as a general
framework for automated discovery. Such methods
have already demonstrated progress on challenging
problems, including data-center scheduling, effi-
cient matrix multiplication subroutines, hardware
circuit design, and other domains (Sharma, 2025;
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Lange et al., 2025; Lee et al., 2025).

Unlike manual design or end-to-end deep learn-
ing, LLM-powered evolutionary search manages
to combine two goals that have traditionally been
hard to achieve at the same time. First, it offers
interpretability, because one can carefully design
the search space in advance. Second, it offers scal-
ability, by taking advantage of the ever-improving
capabilities of language models.

Our contributions are along two axes: we show
that evolutionary search works for automated de-
sign of UQ methods, and we use it as a lens to
reveal qualitative differences in how frontier LLMs
approach open-ended optimization.

1. We propose applying LLM-based evolu-
tionary search to automatically design UQ
methods for hallucination detection. This
yields explicit, human-readable scoring func-
tions that combine the scalability of evolution-
ary optimization with the interpretability of
hand-crafted methods.

2. We demonstrate that evolved methods sur-
pass strong manually-crafted baselines on
atomic claim verification, achieving statisti-
cally significant gains on 6 out of 9 datasets
while generalizing robustly out-of-distribution
from a single training dataset. Cross-task
transfer to selective classification is limited,
but in-domain evolution matches existing al-
ternatives without requiring attention maps.

3. We show that different frontier LLMs ex-
hibit qualitatively distinct search strategies,
and only certain models reliably leverage in-
creased method complexity to improve perfor-
mance.

Overall, these results establish LLM-powered
evolutionary search as a viable paradigm for scal-
able, interpretable hallucination detector design,
and surface some behavioral differences between
frontier models that warrant further investigation.

2 Related work

Uncertainty Quantification. Uncertainty of
LLM predictions is generally a strong signal of
answer correctness. Most uncertainty estimators
operate on the model output probability distribu-
tion, including methods such as Sequence Probabil-
ity, Mean Token Entropy, and Perplexity (Fadeeva
et al., 2023). Despite their simplicity, these ap-
proaches are well aligned with the probabilistic

nature of language models and remain difficult to
outperform, particularly in cross-domain and cross-
task transfer settings (Moskvoretskii et al., 2025).

More advanced methods leverage internal
model signals, such as attention maps (e.g.,
RAUQ (Vazhentsev et al., 2025), Attention-
Score (Sriramanan et al., 2024)) or hidden represen-
tations (e.g., SATMD and SATRMD (vaz, 2025)).
Alternatively, uncertainty can be estimated through
verbalized confidence, where the LLM explicitly re-
ports its own confidence via prompting (Kadavath
et al., 2022). All the above methods are manually
designed. Some of them generalize well, but there
is no silver bullet, and development of task-specific
uncertainty quantification approaches still relies
heavily on researchers’ manual effort.

LLM-powered evolutionary search. Recent
work explores using LLMs as mutation and refine-
ment operators inside evolutionary search loops.
AlphaEvolve (Novikov et al., 2025) is a prominent
demonstration of this paradigm for scientific and
algorithmic discovery, combining LLM-proposed
code edits with automated evaluators in an itera-
tive evolutionary pipeline. Follow-up work has fo-
cused on improving openness, efficiency, and adapt-
ability of this framework. ShinkaEvolve (Lange
et al., 2025) improves sample efficiency through
better parent selection, novelty-based rejection, and
adaptive model selection, while CodeEvolve (As-
sumpcao et al., 2026) and GigaEvo (Khrulkov et al.,
2025) provide open-source evolutionary coding
frameworks aimed at reproducibility and broader
adoption. Beyond static search, Surina et al. (2025)
propose combining evolutionary search with re-
inforcement learning so that the LLM itself im-
proves during search, and ThetaEvolve (Wang et al.,
2025) studies test-time learning within evolving
open-problem solvers. Related ideas also appear
beyond code optimization: Mind Evolution (Lee
et al., 2025) applies evolutionary generation and
recombination to inference-time reasoning, show-
ing that evolutionary search can be a more general
mechanism for improving LLM outputs.

Program synthesis. Several papers explore ap-
plication of evolution-like pipelines for generation
of programs. Liu et al. (2025) search for novel
LLM architectures using a multi-agent approach.
Wei et al. (2025) optimize CUDA kernels for com-
mon SGLang (Zheng et al., 2024) routines, and
Press et al. (2025) try to speed up general com-
putational routines (e.g. np.qgr or python.gzip).
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However, to the best of our knowledge, there are
no works which considered autonomous design of
hallucination detectors.

3 Method

We focus on developing unsupervised and compu-
tationally efficient uncertainty quantification (UQ)
methods, which take in the internal states of a small
pretrained transformer model, e.g. Llama-3.1-8B-
Instruct (Team, 2024), and produce a single real-
valued sequence-level uncertainty estimate.

We use EvoTune framework introduced by Su-
rina et al. (2025) since its Docker-based implemen-
tation ensures good portability. The process of
evolutionary search is schematically described in
Figure 1. The framework accepts four inputs: a
baseline UQ method as a starting point, a dataset
D for candidate evaluation, the evolution prompt,
and the evolution-driving LLM. A dataset must
contain (z,y) pairs, where z is a set of precom-
puted internal states for a given model generation
(logits, residual hidden states, attention maps, or a
subset of these), and y € R is ground truth quality
score of this generation (e.g. True/False for binary
classification, ROUGE-L for summarization, etc).

Evolution prompt. The evolution prompt de-
scribes the task, inputs available for the UQ meth-
ods, provides design guidelines and includes exam-
ple candidates from the candidate pool along with
their performance on the dataset D. At initializa-
tion, the candidate pool only contains the baseline
method. Then, the sampling procedure depends
on the round index. First, the top p; percent of
candidates are preselected. Second, a probability
distribution p over candidates is computed, with

candidate_score
p(candidate) o exp < = > ,

Tcand_sampling

where candidate_score is the target metric of
this candidate on the dataset D and Tcand_sampling
controls how concentrated the distribution is. Note
this is distinct from temperature 7' used for the
evolution LLM.

Main evolution loop. At each round, several
candidate methods are generated by the evolu-
tion LLM in form of Python programs, using the
same prompt and non-zero temperature 7. Sec-
ond, target metrics are computed on the dataset
D. Third, candidates are stored in the candidate
pool. Finally, the evolution prompt is built, based

on task-dependent instructions and 1-4 randomly
sampled candidates. For most evolution runs, we
set the number of evolution rounds to 500. We only
sample 2 candidates per round, since we found
that models frequently generate conceptually iden-
tical candidates even at temperature 1.0, which
led to inefficient compute usage. Unless otherwise
specified, we use Sequence Probability (Fomicheva
et al., 2020) as a starting point. For the LLM model
governing the generation of novel candidates, we
consider Gpt-oss-120B (OpenAl et al., 2025) as a
strong open-source model, as well as a number of
closed-source models from Claude family: Sonnet
4.0, Haiku 4.5, Sonnet 4.5, Opus 4.5, Opus 4.6
(Anthropic, 2025a,b,d,c, 2026).

4 Benchmarks

We apply LLM-powered evolutionary search to two
tasks, related to hallucination mitigation: atomic
claim verification and selective prediction.

Atomic claim verification. We evaluate atomic
claim verification as a binary classification task,
where each claim x is assigned a label y € {0, 1}
indicating its correctness, following Vazhentsev
et al. (2026). Uncertainty scores serve as a
proxy for correctness, with higher uncertainty in-
terpreted as a higher probability of an incorrect
claim. The benchmark is comprised of 9 datasets
that cover diverse claim sources: human-written,
rule-generated, short-form LLLM generations, and
excerpts parsed from long-form LLM outputs. On
average, claims are 10-25 tokens long; exact per-
dataset average lengths are shown in Figure 3. Dur-
ing evolutionary search, we use training subset of
PopQA as dataset D for candidate scoring. The
performance is measured by AUC-ROC.

Selective prediction. We evaluate selective pre-
diction by assigning each input x a confidence
score s(z) € R, which is used to rank predictions
and compute performance under varying rejection
thresholds. Evaluation is conducted on 8 datasets
from Fadeeva et al. (2023), covering tasks such
as math reasoning, machine translation, and sum-
marization. Importantly, this benchmark includes
datasets with both short- and long-form answers.
For evaluation, we first obtain model genera-
tions for each sample in each dataset, again us-
ing Llama-3.1-8B-Instruct. For comparison, aver-
age length of generations reaches 140 tokens for
GSMBSK, 68 tokens for SamSum, and 51 tokens
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Figure 2: Average ROC-AUC across 9 hallucination detection datasets (atomic factual claims). For Claude-generated
candidates, top-30 methods were selected by validation performance on PopQA dataset. We report 5 of them with
test-performance ranks 1, 8, 15, 22, and 30 respectively. For Gpt-oss-generated methods, we show every second
method among top-16 by validation performance on PopQA.

for Truthful QA dataset. We then compute ground
truth quality scores for each generation: ROUGE-L
(Lin, 2004) for SamSum, and TruthfulQA; exact
match for BabiQA, MMLU and GSMS8K; BLEU
(Papineni et al., 2002) for WMT14 and WMT19;
and F1 score for CoQA.

Performance is measured using the Prediction-
Rejection Ratio (PRR). Compared to ROC-AUC,
PRR naturally accommodates both discrete and
continuous quality metrics, making it suitable for
diverse generation tasks. To compute PRR, first
the rejection curves are built based on uncertainty
estimates and ground truth quality of model pre-
dictions. Rejection curves represent average re-
sponse quality as we abstain from the most uncer-
tain predictions. PRR then is the ratio of the area
between the UQ method and random baseline re-
jection curves to the area between the ideal and
random baseline curves. We compute PRR over
the first 50% of the curve, as higher rejection rates
are typically impractical. The metric is normalized:
PRR = 0 indicates random chance performance,
while values near 1 indicate optimal performance.

5 Results

5.1 Claim Verification

We apply evolutionary search to design UQ meth-
ods for atomic claim verification. We conduct 20
runs using Gpt-oss-120B and 10 runs using Claude
models, varying hyperparameters such as evolution
prompt, LLM temperature, and number of candi-
dates shown at each iteration to broadly explore
the design space. For Claude-generated candidates,

we select the top-3 candidates per run by valida-
tion performance on PopQA, yielding a shortlist of
30 methods. For Gpt-oss, this strategy produced
many near-duplicate methods differing only in mi-
nor implementation details; we therefore manually
curated a diverse subset of 16 methods among top
scorers on the PopQA validation set. We then eval-
uate generalization on the test sets of PopQA and 8
additional atomic claim verification datasets from
Vazhentsev et al. (2026). The resulting average
performance is shown in Figure 2.

Autonomously designed UQ methods surpass
strong baselines in claim verification. Both
Gpt-0ss-120B- and Claude-evolved methods out-
perform existing baselines by average ROC-AUC
across all 9 datasets. Notably, only the PopQA
training set is used for fitness evaluation; the re-
maining 8 datasets serve as out-of-distribution tests.
Nevertheless, the evolved methods exhibit strong
generalization. To assess statistical significance,
we run a pairwise bootstrap difference test between
all evolved methods and the strongest baseline, Se-
quence Probability. The results are given in Fig-
ure 7: the best evolved methods win on six and tie
on one dataset.

5.2 Selective Prediction

Selective prediction presents a more challenging
test of generalization for two reasons. First, meth-
ods must capture fine-grained quality distinctions
(e.g., between summaries with different ROUGE-L
scores) rather than a binary correct/incorrect signal.
Second, the substantially longer inputs may induce
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Av Truth WMT WMT WMT WMT SAM
prr BaBl CoQA  MMLU fulQa  OSMBK4de 14t 19de  19ru Sum
RAUQ 546 792 802 759 372 885 347 388 458 334 324
SPxExpectedRank 546 787 80.6 759 390 902 330 376 447 327 328
SP xMeanEntropy 546 78.0 79.8 75.8 39.0 90.2 342 38.0 454 33.0 329
545 781 790 758 393  90.1 340 378 451 327 328
Evo-Gpt-9 544 792 805 758  39.4 899 333 370 440 322 327
Evo-Gpt-7 544 791 805 758 394 899 333 370 440 322 327
SequencProbability 544 79.1 805 758 394  89.9 333 370 440 322 327
543 782 775 758  39.1 904 340 379 449 327 327
540 750 769 758 391 904 342 381 450 328 327
540 760 794 758 393 903 332 371 440 322 327
Perplexity 540 770 763 759 362 884 347 390 461 336 324
537 746 7901 758 393  90.1 B30 369 438 321 327
MeanTokenEntropy ~ 53.7 737 767  75.1 36.1 884 348 391 465 338 326
Evo-Gpt-5 525 677 733 758 358 8. 340 384 454 332 322
Evo-Gpt-1 525 677 731 758 358  89.0 341 385 454 333 322
Evo-Gpt-13 521 692 758 727 354 8938 331 372 437 324 318
Evo-Gpt-11 510 720 722 701 341 867 319 367 429 314 316
AttentionScore 508 728 728 664 394 875 309 351 407 305 320
Evo-Gpt-15 506 720 716 702 337 858 316 364 426 308 316
Evo-Gpt-3 504 709 685 733 35 860 313 357 419 308 315

Table 1: PRR scores across different methods and datasets (sorted by average rank). Blue and teal: Gpt-generated

methods,
training subsets of CoQA and SAMSum.

distribution shift relative to the short atomic claims
used during evolution. We evaluate the evolved
claim-verification methods in a zero-shot transfer
setting on the selective prediction benchmark and,
as a complementary experiment, launch additional
evolution runs using Gpt-oss-120B with training
splits of CoQA and SAMSum for candidate scor-
ing. Table 1 reports PRR values for all estimators,
ranked by average performance.

Cross-task transfer is limited, but in-domain
evolution remains competitive. Many methods
evolved for claim verification underperform es-
tablished baselines such as Sequence Probability
and MeanTokenEntropy. This suggests that the
binary verification objective does not fully cap-
ture the richer quality signal required for selec-
tive prediction. Interestingly, evolved methods are
slightly ahead specifically on GSM8K, which has
the longest average generations — despite being
optimized for short atomic claims. In-domain evo-
lution (teal) yields methods that slightly exceed or
match existing alternatives on average. Notably,
these methods don’t require access to attention
maps, which is a limitation of RAUQ approach.

6 Analysis

We structure our analysis around several concrete
research questions:

RQ1: How do search strategies differ across

: Claude-generated methods. Teal methods are evolved specifically for selective prediction, using

LLMs used in the evolutionary pipeline?

What recurring patterns emerge in au-

tonomously designed methods?

Which input features are most useful for

the evolutionary search?

How does method complexity relate to gen-

eralization performance across ?

RQ5: How similar are evolved methods to the
strongest baseline?

RQ2:

RQ3:

RQ4:

6.1 RQ1: Search Strategy Differences

To impose a simplicity prior, we include a free-
form constraint in the evolution prompt: “Use up
to 3 features.” Gpt-0ss-120B adheres to this in-
struction and consistently produces solutions that
rely on at most three conceptually distinct features.
Claude models, by contrast, systematically vio-
late the constraint, generating significantly more
complex methods that incorporate 10-30 features.
Despite this, Claude-evolved methods ultimately
achieve stronger generalization.

This finding is noteworthy: classical statistical
learning theory (Vapnik, 1998) predicts overfitting
under high feature counts, particularly in the ab-
sence of explicit regularization. Moreover, the
mechanisms commonly used to explain generaliza-
tion in overparameterized deep networks such as
implicit bias of SGD (Liu et al., 2020; Galanti and
Poggio, 2022) and loss landscape geometry (Chi-
ang et al., 2023) do not apply here, since evolu-
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Figure 3: Left: average and median token lengths of atomic claims. Right: visualization of exponential and linear
weighting for several typical claim lengths. Exponential weighting puts more emphasis on last tokens than linear

weighting, especially for shorter sequences.

tionary search constructs explicit programs without
gradient-based optimization. We conjecture that
the combination of the LLM’s prior knowledge and
the discrete nature of evolutionary selection acts as
an implicit regularizer. This may represent a quali-
tatively distinct generalization mechanism specific
to LLM-driven program synthesis.

6.2 RQ2: Patterns in Evolved Methods

We observe that positional information is a recur-
ring motif in methods optimized for atomic claim
verification. Among the estimators discovered by
Gpt-o0ss-120B, position is leveraged in several dis-
tinct forms. Namely, Evo-Gpt-1 and Evo-Gpt-2
apply exponential weighting to token-wise log-
probabilities, assigning greater importance to later
positions in the sequence. The resulting weighting
schemes are illustrated in Figure 3. Meanwhile,
Evo-Gpt-3 computes the negated correlation be-
tween log-probabilities and token positions: se-
quences in which log-probabilities decline over the
course of generation are scored as more uncertain.

Claude finds weights distinct from gradient de-
scent. The best-performing method developed by
Claude is essentially a linear model with 36 custom
features, without a single dominant signal. Thus,
evolutionary search simultaneously performed fea-
ture engineering and weight tuning. A natural
question is whether these weights are similar to
what is found by training a logistic regression, and
whether the found method can be further improved
by choosing optimal weights. To answer this, we
trained two logistic regressions, based on feature

sets of Evo-Anth-1 and Evo-Anth-15 candidates.

AUC 95% CI
Sequence Probability 741 (72.7,754)
Evolution (attention maps)  75.1  (73.8,76.7)
Evolution (logits) 78.3  (76.9,79.6)
Evolution (hidden states) 741 (72.7,75.4)
Evolution, T = 0.7 78.3  (76.9,79.6)
Evolution, T=1.0 78.7 (774, 80.0)
Evolution, T=1.0 + 768 (75.5.78.0)

domain knowledge

Table 2: Ablation study, PopQA test split (candidates
chosen by validation performance).

Since we initially selected top-30 candidates by
validation performance, Evo-Anth-15 should be
representative of an honest median method with
good validation but unknown test performance.

Notably, logistic regression finds very different
sets of weights compared to evolution. Correlation
between vectors of coefficients found by evolu-
tion and logistic regression equals —0.23 for Evo-
Anth-1, and 0.06 for Evo-Anth-15, which suggests
that the two methods occupy qualitatively different
basins in weight space. Nonetheless, the perfor-
mance is comparable, as shown in Table 3.

6.3 RQ3: Utility of Input Features

We consider three categories of input features avail-
able from the target LLM: logits, attention maps,
and hidden states from the residual stream. To de-
termine which feature types are most beneficial in
this setting, we conduct a controlled ablation study
in which only a designated subset of features is
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PopQA  PopQA . . . Common Counter Wild
(train) (test) AVeriTeC  X-Fact UHead Cities Companies Claim fact. Hall.
Evo-1 0.84 0.83 0.68 0.53 0.68 0.99 0.89 0.69 0.78 0.65
LogReg-1 0.86 0.84 0.65 0.57 0.69 0.98 0.87 0.67 0.77 0.65
+0.02 +0.01 0.04 +0.04 +0.01 0.01 0.02 0.03 0.01 0.00
Evo-15 0.82 0.81 0.68 0.51 0.67 0.99 0.84 0.67 0.76 0.66
LogReg-15 0.85 0.83 0.65 0.51 0.68 0.99 0.90 0.68 0.80 0.63
+0.03 +0.02 —0.03 0.00 +0.02 —0.01 +0.06 +0.01 +0.03 —0.02

Table 3: Results of training logistic regressions on feature sets of Evo-Anth-1 and Evo-Anth-15 candidates. LogReg-
X corresponds to a logistic regression employing Evo-X features. Notable, weights found via evolutionary search
generalize slightly better to OOD datasets, despite both approaches only used PopQA train set. Displayed deltas
sometimes disagree with AUC values due to rounding; in these cases deltas are more precise.

made available to evolved candidates. All config-
urations retain access to basic logit-derived statis-
tics (per-token log-probabilities and entropies), as
methods relying solely on attention or hidden-state
features yielded near-random performance. In the
logits, attention, and hidden states regimes,
we additionally provide the top-512 logits per to-
ken, full attention maps, or embeddings from all
tokens and layers, respectively. All runs use Gpt-
0ss-120B as the evolution LLM and report test
ROC-AUC on PopQA.

As shown in Table 2, access to attention maps
and hidden-state features does not improve per-
formance beyond the logits-only condition. Man-
ual inspection of generated candidates reveals that
evolution frequently converges on the same rudi-
mentary derived features — such as the entropy
of attention distributions or the average Euclidean
distance between consecutive token embeddings —
none of which provide meaningful uplift.

We additionally investigate the effects of sam-
pling temperature and domain knowledge injec-
tion. Higher temperature yields modestly higher
top scores, likely due to increased candidate di-
versity. Incorporating domain knowledge into the
evolution prompt, however, does not improve re-
sults (Table 2, lower half).

6.4 RQ4: Method Complexity and
Generalization

A natural question is whether LLMs can design
complex UQ methods without overfitting, and
whether this capability scales with model size. To
investigate, we measure the Spearman correlation
between method complexity (operationalized as
line count) and test ROC-AUC on PopQA for each
evolution LLM. As shown in Figure 4, only Son-
net 4.5 and Opus 4.5 exhibit a consistent positive
relationship between complexity and performance.
Surprisingly, Opus 4.6 shows a regression relative

GPT-055-1208B - Low correlation area

Sonnet 4 -
Haiku 4.5
Sonnet 4.5 4
Opus 4.5 4

Opus 4.6 -

=Y S

.1 0.0 0.1 0.2 0.3 0.4
Pearson correlation

Figure 4: Correlation between method complexity and
performance for different LLMs. Each dot corresponds
to one evolution run.

to Opus 4.5, suggesting that the relationship be-
tween model capability and effective use of com-
plexity is non-monotonic. We conjecture this may
reflect reduced candidate diversity in Opus 4.6’s
outputs, though this remains untested.

To verify that this finding is not driven by out-
liers, we visualize the full evolution trajectory —
500 rounds of candidates plotted in (complexity,
performance) space — for one representative run
per model (Figure 5). Opus 4.6 indeed shows no
upward trend: candidates cluster around two per-
formance levels (~70 and ~50 ROC-AUC) irre-
spective of complexity. Haiku 4.5 and Sonnet 4.0
exhibit a slight upward drift that is masked by out-
liers in the aggregate correlation statistic. Gpt-oss-
120B produces a notably more dispersed candidate
distribution, reflecting its broader but less targeted
exploration of the design space.

6.5 RQS5: Similarity to Existing Baselines

Sequence Probability is the strongest baseline for
atomic claim verification, and many evolved meth-
ods build upon it as a base signal. This raises a
natural question: are the evolved methods funda-
mentally different from Sequence Probability, or
do they constitute minor variations of the same
underlying approach?
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the simplest proxy for method complexity; other proxies such as amount of AST nodes, number of binary and unary

operators, or Halstead volume follow the same pattern.

To answer this, we introduce a data-driven no-
tion of UQ method similarity. For each method, we
compute its predictions on a dataset of N atomic
claims, yielding a fixed-length score vector. We
then measure Spearman correlation between these
vectors for any two methods. This approach cap-
tures the degree to which two methods produce
similar rankings over inputs, regardless of differ-
ences in scale or functional form.

To construct a representative evaluation set, we
sample examples from PopQA, X-Fact, and UHead
training subsets in equal proportions, yielding a
mixture of 5,536 claims. We then compute the sim-
ilarity between Sequence Probability and all candi-
date methods from a single Gpt-oss-120B evolution
run, alongside their test performance (Figure 6).
Notably, several evolved methods exhibit near-zero
Spearman correlation with Sequence Probability,
indicating that they produce qualitatively differ-
ent uncertainty rankings while achieving compara-
ble performance. This confirms that evolutionary
search can discover diverse UQ approaches.

7 Conclusion

We applied LLM-powered evolutionary search to
the automated design of UQ methods and evaluated
the resulting methods across 17 datasets spanning
two tasks. On atomic claim verification, evolved

methods surpass strong existing baselines, achiev-
ing up to 6.7% relative ROC-AUC improvement
across 9 datasets and generalizing robustly out-of-
distribution despite using only a single training
dataset for candidate scoring. On selective classi-
fication, direct transfer of claim-verification meth-
ods is limited; however, in-domain evolution re-
covers competitive performance, suggesting the
framework is adaptable rather than task-specific.

Qualitative analysis reveals two distinct search
strategies. Gpt-oss-120B produces interpretable,
low-complexity estimators that rely heavily on to-
ken positions. Claude models instead construct
high-dimensional linear estimators with 10-30
features that, unexpectedly, generalize well out-
of-distribution — and whose weights are largely
uncorrelated with those found by logistic regres-
sion, pointing to a qualitatively different solution
regime than gradient descent. Analysis of evolu-
tion dynamics shows that the ability to leverage
complexity effectively is model-dependent: Son-
net 4.5 and Opus 4.5 exhibit a consistent positive
complexity-performance relationship, while Gpt-
0ss-120B, Sonnet 4, Haiku 4.5, and — surprisingly
— Opus 4.6 do not. We conjecture that the latter
may reflect reduced output diversity in Opus 4.6,
though this remains to be verified.

Beyond hallucination detection, these results
suggest that frontier LLMs differ not just in ca-
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pability but in how they explore open-ended search
spaces. This deserves further attention since LLM-
powered optimization is applied to increasingly
complex scientific and engineering problems.

Limitations

While the results are encouraging, several limita-
tions should be kept in mind. Our evolutionary
search is performed using feedback from a sin-
gle training dataset, PopQA. This setup still leaves
open the possibility that some useful design choices
are tied to properties of that dataset. However, the
resulting evolved methods generalize well across 8
other atomic claim verification benchmarks.

The study also focuses on a deliberately con-
strained search space: we optimize unsupervised,
lightweight, and interpretable Python programs
built over precomputed model statistics. This
makes the discovered methods easy to analyze and
inexpensive at inference time, but it also means
that more expressive detector families, including
supervised or neural approaches, are outside the
scope of the current work.

In addition, our experiments rely on internal
signals extracted from a single generator model,
Llama-3.1-8B-Instruct. As a result, the extent to
which the evolved estimators transfer across model
families, scales, or decoding regimes remains an
open question. A related point is that our evalua-
tion covers two settings, atomic claim verification
and selective prediction, which already provide a
meaningful range of tasks, but do not capture the
full diversity of hallucination phenomena encoun-
tered in long-form generation, interactive dialogue,
or tool-augmented systems.

Finally, several of our observations are primarily
empirical. In particular, the strong generalization
of some higher-dimensional evolved estimators, as
well as the differences in search behavior across
LLMs, are interesting findings, but their underlying
mechanisms are not yet fully understood.
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Figure 6: Methods’ similarity to SequenceProbability
(measured as Spearman correlation between predictions
of method and SequenceProbability) versus test perfor-
mance. Notably, there exist methods which have accu-
racy comparable to SequenceProbability, but producing
significantly different sample rankings (with Spearman
correlation even less than 0).
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A Additional plots for RQS: Similarity to
Existing Baselines

Sequence Probability is used as a starting point
for most of the experiments throughout the paper.
How similar are the evolved candidates to their
starting point, and how this similarity changes over
the course of evolution? To answer this question,
we measure similarity between Sequence Proba-
bility and all candidates from a selected evolution
run, and plot it on Figure 6. The methodology for
similarity estimation is detailed in Section 6.5.

B Statistical significance testing for
atomic claim verification results

To test whether the improvements of evolved uncer-
tainty quantification methods are in ROC-AUC on
atomic claim verification datasets are statistically
significant, we run paired bootstrap difference test
between Sequence Probability (the strongest base-
line) and all other methods. We run comparisons on
each dataset separately. Figure 7 shows aggregated
results. Best evolved methods provide significant
improvements on 6 datasets, and tie on 1.

Comparing autonoumosly designed methods vs SequenceProbability
over 9 atomic claim verification datasets
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Figure 7: Best autonomously designed methods deliver
statistically significant improvement over the strongest
baseline (SequenceLogProb) on 6/9 datasets, and tie
on one. We use paired bootstrap difference test with
Bonferroni correction. Orange methods are designed
using Claude models, and blue methods are designed
using Gpt-oss-120B.

C Computational costs

We use 2 A100 GPUs to evaluate the candidates
and run a Gpt-oss-120B instance via vLLM. A sin-
gle evolution run with 500 rounds and 2 candidates
per round takes about 24 hours. We set maximum
amount of generated tokens to 4096, so it requires
at most ~4M output tokens per run, and typically
x2-x3 times less. Including input tokens, one evo-
lution run with Sonnet 4.5 costs about 50 USD.
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