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Abstract

The task of Error Prediction, namely predict-
ing whether a model output is correct, is com-
monly tackled with Uncertainty Quantification
(UQ). However, while uncertainty metrics cap-
ture when models lack knowledge or capacity
to make a prediction, they also reflect aleatoric
uncertainty, inherent in the input and context.
We improve error prediction for Large Lan-
guage Models (LLMs) by disentangling input
ambiguity from the UQ signal. We experiment
on Question Answering (QA) with six UQ met-
rics and show that UQ metrics are more predic-
tive of errors on unambiguous instances than
on questions with multiple plausible answers.
We use Gated Experts and Selective Prediction
to incorporate gold and predicted ambiguity
labels into the error prediction pipeline. We
find that ambiguity information improves error
prediction across model families, training and
evaluation paradigms, and datasets (including
allegedly unambiguous ones), with the gains
concentrated on the UQ metrics that most entan-
gle aleatoric and epistemic uncertainty, gaining
over 10 PRR points for individual metrics.

1 Introduction

Predicting whether a model will correctly answer a
question is important for establishing model relia-
bility and reducing risks associated with incorrect
model outputs. The task of error prediction is usu-
ally performed by leveraging model uncertainty,
yielding successful results (Kadavath et al., 2022;
Lin et al., 2023; Manakul et al., 2023; Farquhar
et al., 2024). However, uncertainty comprises both
aleatoric and epistemic uncertainty. Aleatoric un-
certainty is inherent to the data due to ambigu-
ity, conflicting inputs or noise, and is therefore
irreducible, whereas epistemic uncertainty, which
stems from the model’s lack of capacity or knowl-
edge, is reducible (Kendall and Gal, 2017; Hiiller-
meier and Waegeman, 2021).
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Figure 1: The established error prediction method di-
rectly using model features such as uncertainty metrics
(top) and our proposed framework, predicting ambiguity
and using it in a gated experts model for improving error
prediction scores (bottom).

Ambiguity may be present at every step of the
LLM pipeline. It can arise from conflicting in-
formation in the training data, a user asking an
underspecified question, or contradictions in the
context. Question Answering (QA) offers an exper-
imental setup where ambiguity occurs naturally. To
illustrate this, consider the following example from
AmbigQA (Min et al., 2020): “What is it called
when you mix up the letters of a word?” Valid an-
swers include ‘dyslexia’ (referring to a learning dis-
ability) or ‘anagram’ (referring to an orthographic
phenomenon). A model processing this question
may be legitimately uncertain about the answer,
given that there are at least two plausible interpre-
tations. In such a case the canonical approach to
error prediction (see top of Figure 1) would read
the high model uncertainty as a high probability
of error, since it does not discriminate aleatoric
from epistemic uncertainty. As this uncertainty re-
flects input ambiguity rather than model error, the
score is uninformative here rather than necessarily
incorrect.

Some work has shown that UQ metrics capture
both aleatoric and epistemic uncertainty, and the
entanglement of the two makes UQ metrics less
reliable for error prediction in ambiguous settings.
Baan et al. (2024) posit that standard predictive
distributions inherently conflate epistemic uncer-
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tainty reflecting a model’s lack of knowledge, and
aleatoric uncertainty reflecting inherent input am-
biguity and valid human label variation. Tomov
et al. (2025) formally prove that consistency-based
and ensemble-based UQ estimators are guaranteed
to correlate with epistemic uncertainty only when
aleatoric uncertainty is zero, and show empirically
that their performance degrades to near-random on
ambiguous QA datasets.

In this work we focus on improving error pre-
diction by leveraging ambiguity. We implement
two approaches for separating out the aleatoric
uncertainty in UQ metrics. First, a gated expert
model uses the ambiguity signal as a routing mech-
anism, directing queries to separate, specialized
sub-networks, one trained for ambiguous instances
and one for unambiguous instances, to optimize
error prediction for each specific domain indepen-
dently. Second, a selective prediction model uses
the ambiguity signal to explicitly adjust the un-
certainty score, selectively rejecting error-prone
answers by penalizing or favoring samples based
on their ambiguity.

In our experiments we consider six Uncertainty
Quantification (UQ) metrics, namely Maximum
Softmax Probability (MSP) (Hendrycks and Gim-
pel, 2016), Semantic Entropy (Farquhar et al.,
2024), Mutual Information via Iterative Prompt-
ing (MI) (Yadkori et al., 2024), Shifting Attention
to Relevance (SAR) (Duan et al., 2024), Semantic
Energy (Ma et al., 2025) and CoCoA (Vashurin
et al., 2025). We carry out experiments on three
datasets: AmbigQA (Min et al., 2020), NATCON-
FQA (NCQA) (Nachshoni et al., 2025), and Trivi-
aQA (Joshi et al., 2017). We show that ambiguity
helps predict errors on both ambiguous and unam-
biguous QA datasets and across model families, in-
cluding models finetuned to represent human label
variation, with the largest gains on the uncertainty
metrics that most entangle aleatoric and epistemic
uncertainty and on their combination.'

2 Related Work

Research has shown that UQ metrics encode more
than whether the model is likely to be wrong. This
distinction has been demonstrated to be relevant
in Hate Speech Detection and Sentiment Analysis
(Mostafazadeh Davani et al., 2022), Word Sense
Disambiguation (Liu and Liu, 2023), Natural Lan-

'The code is available on https://github.com/
ieva-raminta/ambiguity_uncertainty_error

guage Inference (Stalitinaité and Vlachos, 2025),
and Machine Translation (Stalitinaité et al., 2026).
However, the question of whether explicitly model-
ing ambiguity can improve error prediction, rather
than task accuracy, remains open. Most related to
our work, Cole et al. (2023) show that sampling-
based confidence scores are better calibrated than
likelihood on ambiguous questions, and propose
a disambiguate-then-answer paradigm to handle
denotational uncertainty. They also attempt to pre-
dict ambiguity from the model’s own outputs but
report that none of their methods exceed chance by
a meaningful margin, and consequently do not in-
corporate predicted ambiguity as an explicit signal
in the abstention decision. Hou et al. (2024) and
Walha et al. (2026) similarly decompose predictive
uncertainty into aleatoric and epistemic compo-
nents via input clarification ensembling and a spec-
tral kernel-based approach respectively, but target
uncertainty estimation itself rather than using the
decomposed signal to supervise error prediction.
Cox et al. (2025) instead address miscalibration
under meaning-preserving paraphrases, a different
source of variation from the answer multiplicity
we model, while hybrid estimators such as HUQ
(Vazhentsev et al., 2023) combine the two uncer-
tainty types for selective classification over a fixed
label set, which does not transfer directly to open-
ended generation.

LLMs have been shown to be overconfident in
their most likely prediction (Tian et al., 2023), and
often confident in incorrect answers (Simhi et al.,
2025). This is particularly relevant when multi-
ple answers are equally plausible. Some work
has shown that modeling ambiguity or subjectivity
boosts task performance (Uma et al., 2021; Plank,
2022). Recent finetuning methods address this
more directly, namely Sorensen et al. (2025) in-
troduce Spectrum Tuning to enhance distributional
coverage, and Zhang et al. (2025a) show that train-
ing on distributions or multi-sample prompting mit-
igates mode collapse. Furthermore, Yang et al.
(2025) demonstrate that while the presence of in-
herent data uncertainty in multi-answer QA setups
significantly degrades standard UQ metrics like
max logit or verbalized confidence, entropy and
response consistency remain robust estimators of
model uncertainty. Yadkori et al. (2024) propose a
UQ metric based on iterative prompting that explic-
itly targets epistemic uncertainty by measuring sen-
sitivity to prior context. It requires multiple sequen-
tial prompting rounds and assumes aleatoric un-
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certainty manifests as context-insensitivity. None
of these methods ask whether a model that better
represents distributional uncertainty also becomes
easier to supervise for error prediction.

Prior work has shown that internal model rep-
resentations encode strong signals of output relia-
bility and ambiguity. Namely, Chen et al. (2024)
leverage eigenvalues of response embedding covari-
ance to detect hallucinations, Orgad et al. (2024)
show that probing exact-answer tokens reveals
fine-grained error-type information, and Li et al.
(2023) identify and steer truthfulness-related atten-
tion heads at inference time. Furthermore, Vashurin
et al. (2025) train a lightweight model on middle-
layer embeddings to predict consistency-based un-
certainty scores without repeated sampling. Ah-
dritz et al. (2024) train linear probes on internal
embeddings to predict token-level confidence, find-
ing middle layers most predictive. CH-Wang et al.
(2024) show hallucination propensity can be de-
tected from hidden states alone. We note that
Zhang et al. (2025b) address a different task of
classifying original questions against explicitly dis-
ambiguated counterparts, introducing systematic
surface differences. Their signal peaks in early
lexically-focused layers (Jin et al., 2025), con-
sistent with probes capturing surface form rather
than semantic ambiguity. This motivates including
middle-layer representations as ambiguity classi-
fication features, where the signal of interest is
semantic rather than surface-level.

Finally, Huang et al. (2026) show that many
TriviaQA questions suffer from underspecification
and that detecting and rewriting them improves
answering accuracy. Zhang et al. (2025a) simi-
larly show that standard single-answer benchmarks
admit multiple valid responses, and introduce a
reinforcement learning framework mining alterna-
tive answers to improve model performance. It
is unknown whether the latent ambiguity in such
datasets also undermines the ability of UQ metrics
to predict errors on them.

3 Method

We extend the standard approach of using UQ met-
rics directly as error predictors, which we define
formally as our baseline in Section 4.4 and com-
pare against throughout. The injection of ambiguity
labels is motivated by Figure 2, which illustrates
that when there is little ambiguity (left hand-side
of the figure), low uncertainty indicates low error
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Figure 2: Heatmap illustrating the relationship between
UQ (Semantic Energy) and predicted ambiguity on the
one hand, and the error rate on the other. Ambiguity
scores are predicted by the model described in Sec-
tion 3.2. The same pattern holds with gold ambiguity
labels (the annotated ambiguity labels of Section 4.1),
confirming it reflects a genuine data property rather than
a modelling artefact.

likelihood and high uncertainty indicates high er-
ror rates, whereas when ambiguity is high (right)
the error likelihood is similar for low and high un-
certainty scores. Conditioning on ambiguity thus
lets the model trust UQ where it is informative and
discount it where it is not.

3.1 Features for Error Prediction and
Ambiguity Classification

We use three types of features to capture aleatoric
and epistemic uncertainty signal, namely internal
model representations, uncertainty quantification
metrics, and semantic cluster statistics.

3.1.1 Uncertainty Quantification

We use UQ metrics as features in the ambiguity
classifier (Section 5.2) and the error prediction
models (Section 3.2). We consider six methods,
computed over a greedy decode and K stochastic
samples, that differ in how they aggregate confi-
dence across samples.

MSP (Hendrycks and Gimpel, 2016) uses one
minus the highest sequence-level probability across
candidates as a simple confidence baseline. Se-
mantic Entropy (Farquhar et al., 2024) clus-
ters samples by bidirectional entailment and com-
putes entropy over cluster probabilities, abstract-
ing away lexical variation. Semantic Energy (Ma
et al., 2025) replaces the cluster probability with
a Boltzmann-style energy distribution over unnor-
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malised logits, addressing cases where identical
incorrect responses yield zero entropy. CoCoA
(Vashurin et al., 2025) multiplies the greedy out-
put’s confidence by its mean pairwise dissimilarity
to the samples, retaining the most-likely-output sig-
nal that Semantic Entropy discards. SAR (Duan
et al., 2024) reweights token log-probabilities by
their semantic relevance and adjusts sentence-level
uncertainty by cross-sample similarity. MI (Yad-
kori et al., 2024) targets epistemic uncertainty by
computing the KL divergence between the empir-
ical joint over responses from iterative prompting
and the product of marginals.

3.1.2 Semantic Cluster Features

For ambiguity prediction, we additionally include
semantic cluster properties of sampled responses.
The cluster features include the number of clusters,
cluster assignment entropy, effective number of an-
swers, maximum cluster probability, the probability
mass of the top two clusters, and the probability
gap between the top two clusters.

We measure the AUROC of each scalar feature
as a standalone binary classifier of the ambiguity
label, presented in Table 1. For high-dimensional
representation features (last-layer embeddings and
mid-layer residuals), we report the mean AUROC
from 5-fold cross-validated logistic regression after
PCA reduction to 128 components.>

Uncertainty features show consistent posi-
tive correlation with ambiguity across datasets
and models, with entropy-based and cluster-
diversity features showing stronger correlations
than concentration-based features such as max clus-
ter probability. Individually, however, all scalar UQ
and cluster features remain close to chance (=~ 0.5
AUROC) at predicting ambiguity. The represen-
tation features are the exception, reaching 0.71-
0.73 on AmbigQA. This gap is precisely why the
ambiguity classifier (described below) is built on
internal representations rather than scalar features.

3.1.3 Internal Representations

Motivated by the body of work discussed in Sec-
tion 2, we incorporate two representation features,
namely the final-layer hidden state embedding and
a mid-layer residual (the per-model median layer)
from the last generated token, providing comple-
mentary views of the model’s internal state at gen-
eration time.

The results for all models are presented in Appendix A,
showing the same pattern.

Internal uQ Semantic Cluster
Data |Emb Res|SE SEng MSP SAR MI CoCoA |#Cl CIE MxC ENA PG2 Top2
Ambig| .71 73|54 54 54 55 54 54 |54 54 46 54 46 45
NCQA| 49 60(50 52 .57 55 54 .53 |.59 50 52 .50 .52 43
Trivia | .54 .56 .56 .57 .56 .57 .56 .57 |.56 56 44 56 45 44

Table 1: AUROC of individual features for predicting
ambiguity (Llama-3.1-8B, validation split). Scalar fea-
tures evaluated directly. Representation features use
5-fold CV logistic regression. Emb = last-token embed-
ding, Res = mid-layer residual. #Cl = number of clusters,
CIE = cluster entropy, MxC = max cluster probability,
ENA = effective number of answers, PG2 = probability
gap (top-2), Top2 = top-2 probability mass.

3.2 The Role of Ambiguity in Error
Prediction via UQ

Our framework comprises three modules trained
in two stages, given as pseudocode in Algorithm 1.
Stage 1 trains an Ambiguity Model that predicts in-
put ambiguity from the LLM’s internal representa-
tions. Stage 2 trains an error-prediction model over
UQ features whose output is conditioned on the
(frozen) Stage-1 ambiguity signal, either by routing
(Gated Experts) or by an abstention penalty (Selec-
tive Prediction). Gated Experts and Selective Pre-
diction are two alternative Stage-2 designs, never
combined. Both share the baseline error prediction
head (Section 4.4), which maps the UQ feature vec-
tor Xy (the scalar UQ metrics and semantic-cluster
statistics of Section 3.1, not the internal representa-
tions, which feed only the Ambiguity Model) to a
scalar confidence logit ¢ (higher ¢ indicates a more
likely correct answer, so the uncertainty score is
—¢). The two differ only in how they incorporate
the ambiguity signal.

The Ambiguity Model is trained independently
of the error-prediction pipeline. Unlike the error-
prediction experts, its inputs are the internal repre-
sentation features of Section 3.1, namely the last-
layer hidden state e and the mid-layer residual r of
the final generated token (optionally concatenated
with the scalar UQ vector), motivated by Table 1,
where representations are by far the strongest stan-
dalone predictor of ambiguity. It encodes these
into z, = MLP,([e; r]) and predicts ambiguity via
@ = o(w 'z, + b), optimised with binary cross-
entropy against gold ambiguity labels (5-run en-
semble). The resulting probability a is frozen and
used as the gating or penalty signal below.

The Gated Experts model routes instances to
two specialised expert heads, E,, and F,, each an
MLP over the encoded UQ features x; that out-
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Algorithm 1 Ambiguity-conditioned error predic-
tion
Require: LLM M, UQ metrics, data with correctness labels
c and ambiguity labels a
Stage 1: Ambiguity Model over representations
: for each instance ¢ do
: extract e; (last-layer embedding), r; (mid-layer resid-
ual), x; (UQ vector)
3: end for
4: train A: & = o(w'MLP,([e;;r;]) + b) with BCE
against a. Freeze A
Stage 2: error prediction over UQ features, condi-
tioned on A
5: compute a; = A(e;,r;) forall 4
6: train the error head(s) on x; with £(0) = Lgce(é,c) +
(67 »Crank (é)
7.  Gated: ¢ = (1—¢;)Eu(x:) + giFa(x
(oracle) or a; (latent)
8:  Selective: é; = head.(x;), ranked by R; = —& +As;,
S; = a; or fli
Ensure: AUROC from confidence ¢ and PRR from rejection
score R (—¢ for baseline/gated, —é+ s for selective)

N =

i), Gi = Qi

puts a confidence logit (see bottom of Figure 1).
During training each expert is supervised prefer-
entially on the instances routed to it (a speciali-
sation loss weighted by the gate), so F,, captures
the error patterns of unambiguous inputs and E,
those of ambiguous inputs, mitigating feature in-
terference. The prediction is the gated mixture
¢=(1-g)Ey(xf) + g Eq(xy). The Oracle Ver-
sion uses the ground-truth label g = a € {0,1}.
The Latent Version uses the predicted g = a.

The Selective Prediction Framework (El-Yaniv
and Wiener, 2010; Geifman and El-Yaniv, 2017)
ranks instances for abstention by a rejection score
R = —¢ + ) s that penalises low-confidence, am-
biguous instances (fixed penalty weight A = 1,
weighting the confidence and ambiguity terms
equally rather than tuned). Unlike Cole et al.
(2023), who threshold on sampling-based confi-
dence alone, we inject an explicit, supervised am-
biguity term, letting the model abstain preferen-
tially on uncertain, ambiguous instances. The Or-
acle Version uses s = a and the Latent Version
uses s = a. Where ambiguity is negatively asso-
ciated with error (NCQA, where either answer to
a conflicting-evidence question is accepted), the
penalty sign is reversed. Both models use the com-
posite objective L£(0) = Lpcr(é,¢) + a Liank(¢)
of Section 4.4. The gated model also applies a
per-expert specialisation loss (weight 0.3).

AmbigQA (Train: 10,036 / Dev: 2,002 / Test: -)
Question: The most common type of rock in Earth’s crust is?
Answers: Mafic rocks, Granite

Ambiguity Explanation: Ambiguous referent. Mafic rocks
dominate the oceanic crust, while granite is the most common
in the continental crust.

TriviaQA  (Train: 61,888 / Dev: 7,993 / Test: -)
Question: Marie Curie’s country of birth?
Answers: Poland

Ambiguity Explanation: N/A

NCQA (Train: 234 / Dev: 100 / Test: 100)
Question: Were the Middle Ages the Dark Ages?
Answers: Yes, No

Ambiguity Explanation: Competing evidence. Roman insti-
tutional collapse supports the “darkness” narrative, while Is-
lamic and Carolingian peaks demonstrate intellectual progress.

Table 2: Examples and sizes of the datasets. AmbigQA
and TriviaQA do not release test sets with answers.

4 Experiments

4.1 Data

The AmbigQA dataset (Min et al., 2020) extends
NQ (Kwiatkowski et al., 2019) with multiple plau-
sible answer sets. Over half of its natural queries
are inherently ambiguous, e.g. through conflicting
entity references or temporal dependencies.

The TriviaQA dataset (Joshi et al., 2017) is a
large-scale reading comprehension benchmark con-
taining question-answer pairs authored by trivia
enthusiasts. As discussed in Section 2, while it is
not officially an ambiguous question dataset, ap-
proximately 16% of the instances in the dataset
contain ambiguous questions. We extend the Triv-
iaQA dataset with underspecification annotations
following the protocol of Huang et al. (2026), la-
beling each instance as underspecified or not using
a Qwen (Qwen Team, 2025) model with Think-
ing Mode. Huang et al. (2026) validate the quality
of this annotation approach against human judge-
ments.

The NCQA dataset (Nachshoni et al., 2025)
comprises yes/no questions derived from fact-
checking sources. While very small in size, this
dataset offers a different source of aleatoric un-
certainty, namely conflicting evidence rather than
ambiguity in the questions.

4.2 Models

To generate the answers to the questions in the QA
datasets, we employ five large language models rep-
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resenting three distinct paradigms, namely standard
instruction tuning, diversity-oriented post-training,
and ambiguity-aware fine-tuning.

For our standard baselines, we utilize Llama-
3.1-8B (Grattafiori et al., 2024) and Qwen3-14B
(Qwen Team, 2025). We deploy Qwen3-14B in
its non-thinking mode to avoid test-time compute
scaling.

To investigate interventions for aleatoric uncer-
tainty, we evaluate Spectrum-Llama-3.1-8B-v1
and Spectrum-Qwen3-14B-v1 (Sorensen et al.,
2025). These variants undergo Spectrum tuning to
mitigate mode collapse, preserving distributional
coverage and generating diverse, valid responses
to ambiguous prompts.

Finally, we benchmark against A2Search-7B-
Instruct (Zhang et al., 2025a), a model explicitly
fine-tuned via reinforcement learning to recognize
ambiguity, navigate conflicting evidence, and di-
rectly resolve underspecified queries. This model
is based on Qwen2.5-7B (Qwen Team, 2024).

4.3 Output Evaluation

To evaluate model performance, we employ an
LLM-as-a-judge paradigm (Zheng et al., 2023),
using Gemma-2-2B-IT (Gemma Team, 2024). We
choose Gemma to keep the judge architecturally in-
dependent from the Llama- and Qwen-based mod-
els being evaluated, avoiding same-family bias,
while remaining small enough to score the full
evaluation set efficiently. The judge is prompted to
determine if the generated prediction is factually
equivalent to the gold reference answers, allowing
for minor surface-level variations. This verification
is treated as a binary classification task, marking
the prediction as correct if the normalized softmax
probability of the generated “yes” token exceeds a
predefined threshold (7 = 0.5).

To evaluate factual consistency, we score re-
sponses using AlignScore (Zha et al., 2023), which
has been trained to evaluate factual correctness of
a predicted answer against the gold. For instances
containing multiple valid reference answers, we fol-
low the common practice of evaluating the predic-
tion against each reference independently, and as-
signing the maximum AlignScore achieved across
all references for that instance (Min et al., 2020;
Joshi et al., 2017).

4.4 Error Prediction Baseline

The base model takes as input either a single scalar
UQ metric or a combination of scalar UQ met-

rics X r, processed through a multi-layer perceptron
(MLP) with layer normalisation and dropout to ob-
tain a latent representation z = MLP(xy). This
representation is then passed to the Error Predic-
tion head, which estimates factual error likelihood
via a non-linear classifier ¢ = head.(z). The model
parameters ¢, comprising the weights of the MLP
and the error head, are optimized with a composite
objective L(0) = Lpce(¢, ¢) + aLlrnk(¢), where
the predicted confidence ¢ = head.(z) depends on
0, Lpce(é,c) is the binary cross-entropy (BCE)
loss and Lpank(¢) WI\M > iepjenlog(l +
exp(¢; — ¢;)) is a pairwise softplus ranking loss
over correct (P) and incorrect (/V) samples with
o = 0.05, ensuring monotonic confidence order-
ing.

4.5 Error Prediction Evaluation

To evaluate the discriminative power of our uncer-
tainty estimates, we utilize the Area Under the Re-
ceiver Operating Characteristic curve (AUROC)
(Fawcett, 2006). AUROC provides a threshold-
independent measure of a model’s ability to rank
incorrect generations as more uncertain than cor-
rect ones. Additionally, we report the Prediction
Rejection Ratio (PRR) (Malinin and Gales, 2020),
which measures how effectively uncertainty scores
drive abstention. It normalizes the area under the
accuracy-rejection curve against a random baseline
and an optimal oracle. For all variants the uncer-
tainty (rejection) score is R = —¢ for the baseline
and gated models and R = —¢ + A s for the se-
lective model. AUROC is computed on the confi-
dence ¢ and PRR on R. Statistical significance of
improvements over the baseline is assessed using a
paired bootstrap over instances (p < 0.05).

4.6 Implementation Details

To quantify semantic uncertainty, we process each
input in two generation phases. First, we establish
a baseline response via greedy decoding, extracting
both its sequence log-likelihood and the mid-layer
residual of its final generated token. Next, we draw
K = 10 stochastic samples {ay }% | using multi-
nomial sampling (1" = 1.0).

The experiments were carried out on NVIDIA
GH200 Grace Hopper Superchips. Error Prediction
models were trained for a maximum of 100 epochs,
with early stopping when PRR on the tuning subset
(described below) does not improve for 10 epochs.
We carried out a hyperparameter search with
hidden dimensions in {128, 256, 512, 1024, 2048}
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and learning rates in {3x107°,5x107%, 1 x1074}.
To keep model selection strictly separate from eval-
uation, we never tune on the set we report. For
AmbigQA and TriviaQA, whose official test labels
are withheld, we carve a 15% tuning subset out of
the training split, stratified by ambiguity and cor-
rectness with a fixed seed. Every selection decision,
namely the hidden dimension, the learning rate and
the early-stopping epoch, is made on this tuning
subset, and the official validation split is then used
exactly once, for final reporting. NCQA has a gen-
uine held-out test split, which we report on while
selecting on its training data. This guarantees that
no tuning decision is ever informed by the split on
which a number is reported.

5 Results

5.1 QA Performance

Table 3 presents the LLM-as-a-judge and Align-
Score values across models on the validation sets
of all three datasets. All models score higher on
TriviaQA and NCQA datasets as they are easier,
given that TriviaQA is mostly unambiguous, and
NCQA is a binary yes/no question set, while Am-
bigQA proves to be a much harder dataset to cor-
rectly classify. Comparing ambiguous and unam-
biguous instances, on AmbigQA and TriviaQA all
models score higher on unambiguous instances,
indicating these are genuinely harder despite the
evaluation metrics taking the maximum score over
all plausible reference answers, which if anything
advantages the ambiguous ones. NCQA is the ex-
ception (Table 3), where its ambiguous conflicting-
evidence questions accept either answer, so models
score at ceiling on them. AlignScore values are
lower across the board, indicating the stricter judge-
ments of this metric compared to LLM-as-a-judge.
For instance, while LLLM-as-a-judge accepts the
prediction ‘2001’ as a correct approximation of the
reference ‘2001 fiscal year’, AlignScore deems it
not sufficiently precise.

5.2 Ambiguity Prediction

Table 4 presents the ambiguity prediction scores
for different models and datasets. Unsurprisingly,
ambiguity prediction is most successful on Am-
bigQA, which has high quality human annotated
ambiguity labels. In contrast, TriviaQA relies on
LLM-generated annotations for underspecification
(as discussed in Section 4.1). Furthermore, the lim-
ited scale of NCQA restricts the models’ ability to

All Unamb. Amb.
Model Dataset LLM Align LLM Align LLM Align
Qwen3 AmbigQA 0.526 0.332 0.548 0.346 0.497 0.315
14B : TriviaQA  0.719 0.706 0.759 0.744 0.675 0.666
NCQA 0.920 0.920 0.556 0.556 1.000 1.000
Llama AmbigQA 0.618 0.434 0.631 0.457 0.602 0.405
31-8B TriviaQA  0.829 0.810 0.857 0.838 0.799 0.781

NCQA 0.850 0.850 0.167 0.167 1.000 1.000

Spectrum- AmbigQA 0.662 0.403 0.673 0.419 0.649 0.382
Llama TriviaQA  0.809 0.783 0.838 0.813 0.779 0.751
3.1-8B NCQA 0.860 0.860 0.222 0.222 1.000 1.000

Spectrum- AmbigQA 0.574 0.411 0.588 0.427 0.557 0.391

Qwen3  TriviaQA 0.769 0.751 0.806 0.786 0.729 0.713
14B NCQA 0910 0910 0.500 0.500 1.000 1.000
A2Search AMbIEQA 0.466 0281 0477 0287 0452 0.274
B CACh TriviaQA  0.625 0.624 0.670 0.663 0.577 0.583

NCQA 0.910 0.910 0.500 0.500 1.000 1.000

Table 3: LLM-judge (LLM) and AlignScore (Align)
accuracy on validation splits by ambiguity (test for
NCQA).

Model AmbigQA TriviaQA NCQA
Llama-3.1-8B 0.723 0.621 0.626
Qwen3-14B 0.728 0.622 0.618
Spectrum-Llama-3.1-8B 0.730 0.622 0.647
Spectrum-Qwen3-14B 0.732 0.624 0.614
AZSearch-7B 0.693 0.623 0.642

Table 4: Ambiguity prediction AUROC per model and
dataset (validation split, test for NCQA).

extract robust patterns.

5.3 Error Prediction

The difference in UQ metric ability to predict
model errors is presented in Table 6.°> We find
that the ambiguity signal improves error prediction,
with the gains concentrated on the UQ metrics that
most entangle aleatoric and epistemic uncertainty
(Semantic Entropy and Semantic Energy). Gold
ambiguity (oracle) helps where the labels are reli-
able (AmbigQA, NCQA), while predicted ambigu-
ity (latent) helps where the learned signal carries
information beyond the labels. On TriviaQA it
even surpasses its oracle counterpart, whereas on
AmbigQA it adds less to the already-strong all UQ
representation.

Figure 3 illustrates the improvements from our
proposed models. Each curve traces the error rate
among accepted answers as we accept progres-
sively more of them, ordered from most to least
confident, so a well-calibrated measure keeps errors
low until coverage is high. Curves are shown sepa-
rately for ambiguous and unambiguous questions,
with upper-bound lines for a measure that ranked
every incorrect answer last. First, the improvement

3The results on all other models are in Appendix B.
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Risk—coverage curves AmbigQA TriviaQA
by model and question type Configuration allUQ Sem.Ent. allUQ Sem.Ent.
035 —— Baseline — Unambiguous ////{ Baseline (no ambiguity)  0.464 0.444 0.785 0.641
0.30 | == Baseline — Ambiguous ,7/ Full method 0.474 0496  0.811 0.762
=== Ours — Unambiguous ,’ J/ — ranking loss 0.471 0.484 0.811 0.758
02579 — = Ours — Ambiguous // — specialisation loss ~ 0.482 0476  0.809  0.754
—— Upper bound — Unambiguous  ,/ — representation feats  0.485 0.485 0.810 0.758
0201 ____ Upper bound — Ambiguous i — ambiguity penalty  0.491 0477 0809  0.757
; binary conditioning 0.468 0.452 0.800 0.713
0.15 ~

Error rate on accepted instances (] better)

T T T T
0.2 0.4 0.6 0.8 1.0
Fraction of instances accepted (most confident first)

Figure 3: Risk-coverage curves for baseline and latent
selective models on unambiguous and ambiguous ques-
tions, with upper bound (Qwen3-14B, TriviaQA).

appears on both ambiguous and unambiguous in-
stances, showing that the architecture encodes both
relationships, between epistemic uncertainty and
error likelihood (unambiguous) and between com-
bined aleatoric and epistemic uncertainty and error
likelihood (ambiguous). The full per-subset results
across all models and datasets are provided in Ap-
pendix B, confirming this pattern holds beyond
the model shown here. Second, the improvement
is most pronounced in the high-confidence area,
where mistakes are the most detrimental.

Nonetheless, interesting differences emerge be-
tween the UQ metrics themselves. Among the
individual UQ features, CoCoA is the strongest
single metric. The largest gains from ambiguity,
however, appear on the weaker, more entangled
metrics (Semantic Entropy and Semantic Energy)
rather than on the already-strong single metrics,
consistent with ambiguity being most useful where
the base metric fails to separate aleatoric from
epistemic uncertainty. Conversely, on the hardest
datasets (AmbigQA and NCQA) the routing and
the selective penalty (A = 1) can overwhelm the
weakest base metrics, SAR and MSP, degrading
their PRR even with gold ambiguity labels. The
benefit of ambiguity is therefore concentrated on
metrics that carry enough correctness signal to con-
dition on, rather than on those already close to
chance. Contrary to the design of MI as a UQ met-
ric which is aware of aleatoric ambiguity, we find
that the metric performs very poorly, especially on
AmbigQA, corroborating the findings of previous
research (Tomov et al., 2025). Error prediction is

Table 5: Controlled component ablation on Qwen3-14B
(latent-selective PRR, AlignScore, held-out; hidden size
1024, learning rate 10~*). Each row removes one design
choice while holding the others at the full setting. On
all UQ the components stay within +0.02 seed noise;
on Semantic Entropy every component helps and bina-
rising the ambiguity signal (last row) is by far the most
damaging.

strongest when combining all UQ features (all UQ).
Even then the ambiguity signal yields further im-
provements where it is not redundant with it (latent
on TriviaQA and NCQA, gold on AmbigQA and
NCQA), supporting our hypothesis that UQ met-
rics, even combined, do not fully separate aleatoric
from epistemic uncertainty.

A controlled ablation isolates each design choice
on Qwen3-14B (Table 5). The effect is only mea-
surable where the ambiguity mechanism has room
to help: on the strong combined feature (all UQ)
removing any single component stays within single-
seed noise (£0.02), whereas on Semantic Entropy
every component contributes. The dominant factor
is continuous conditioning: binarising the predicted
ambiguity into a hard ambiguous/unambiguous
split costs about 0.05 PRR on both datasets (about
40% of the gain), far more than the ranking loss,
specialisation loss, representation features or ambi-
guity penalty, which each contribute between 0.005
and 0.02. The benefit thus comes from condition-
ing on a graded ambiguity signal rather than a hard
split.

The NCQA improvements are the most dramatic
because its ambiguous cases are the easy ones, as
both answers to a binary question are accepted.
These gains should be read with caution given
NCQA'’s small training set of 234 instances, but
they are on the held-out test split and consistent
across feature sets and models, so they are unlikely
to be an overfitting artefact.

Finally, models finetuned to represent multiple
plausible answers (e.g. Spectrum-Qwen) barely out-
perform their vanilla counterparts at error predic-
tion, suggesting such finetuning improves calibra-
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latent oracle latent oracle

Dataset Features baseline gated gated selective selective
all UQ 0.483 0.491 0.535 0.459 0.477
CoCoA 0.538 0.534  0.550 0.467 0.527
Sem. energy 0.393 0.435 0.464 0.427 0.433
AmbigQA Sem. entropy 0.445 0.481 0.487 0.448 0.456
SAR 0.532  0.254 0.101 0.147 0.122
MSP 0.146 0.010 0.157  -0.041 -0.117
MI 0.014 0.038 0.058 0.038 0.051
all UQ 0.786 0.795 0.785 0.811 0.774
CoCoA 0.753  0.769 0.753 0.782 0.741
Sem. energy 0.754 0.775 0.756 0.792 0.744
TriviaQA  Sem. entropy 0.641 0.759 0.672 0.762 0.669
SAR 0.735 0.771 0.738 0.784 0.726
MSP 0.738 0.758 0.737 0.770 0.726
MI 0.203 0.572 0.177 0.572 0.182
all UQ 0.499 0.577 0.967 0.534 0.973
CoCoA 0.476 0.606 0.963 0.520 0.964
Sem. energy 0.468 0.489 0.971 0.436 0.972
NCQA Sem. entropy 0.086 0.533 0.968 -0.545 0.956
SAR 0.684 0.644 0.984 -0.319 0.986
MSP 0.444  0.623 0.951 0.645 0.971
MI -0.160 0.576  0.946 0.576 0.945

Table 6: PRR on validation split (test for NCQA) for
Qwen3-14B (AlignScore supervision). Bold = signifi-
cant improvement over baseline (p < 0.05, paired boot-
strap). Highlight =best PRR for model/dataset.

tion alongside steerability but leaves room for fur-
ther gains. On these models the explicit ambiguity
signal adds little (latent gating is within noise of
the baseline), consistent with the finetuning already
encoding part of the ambiguity structure that the
signal would otherwise supply.

To illustrate, consider the pair of questions in
Table 7. The top question is underspecified, where
valid answers include 256 (total levels) and 21 (lev-
els before difficulty plateaus). The question about
sonnets has one correct answer (14 lines). A UQ-
based model trained on semantic entropy treats
output diversity as a signal of likely error, assign-
ing a high error score (73.8%) to the ambiguous
question. Our latent selective model disentangles
underspecification from error, assigning a near-zero
rejection score (0.0%) while giving a similarly low
score for the unambiguous sonnet (1.2%). The am-
biguity model makes correct predictions (0.527 for
Pac-Man versus 0.440 for the sonnet), though the
small margin reflects the difficulty of predicting
ambiguity discussed in Section 5.2.

6 Conclusion

In this paper we claim that ambiguity signal is
useful for predicting errors from uncertainty, be-
cause uncertainty encompasses both epistemic and
aleatoric sources. Experimental results show that
ambiguity information is beneficial across mod-
els, feature sets and architecture choices for error

Amb. Question Acc Base Ours pymp

v How many levels are there in Pac-Man? 1.00 0.74 0.00 0.53

X How many lines are there in a sonnet?  1.00 0.03 0.0l 0.44

Table 7: Uncertainty scores used for ranking (nor-
malised). Base = —¢ from semantic entropy. Ours
= the latent-selective rejection score R = —¢ + Aa,
which differs from Base only through the ambiguity
penalty (the two share a confidence head). Acc = Align-
Score of the most likely response, and p,,, = predicted
ambiguity.

prediction, with the gains concentrated on the UQ
metrics that most entangle aleatoric and epistemic
uncertainty. We show that using UQ metrics along
with ambiguity can yield high error prediction per-
formance, up to 0.880 PRR and 0.907 AUROC on
TriviaQA. These results contribute to improving
the reliability of LLMs.

Limitations

The study covers only textual data, and all ques-
tions and answers are in English, so further work
is needed to establish whether the trends gener-
alise to other languages, multilingual models and
multimodal models.

Moreover, our latent models require ambiguity-
labelled data at training time, which may not be
available for all domains and tasks. Inducing ambi-
guity labels fully automatically remains an impor-
tant direction for future work.

Furthermore, we focus on semantic uncertainty
quantification metrics. These achieve state-of-the-
art results and are therefore the most interesting
to study, but whether other UQ metrics share the
same relationship to ambiguity remains open.

Finally, we study only closed-book QA, where
the model relies solely on parametric knowledge.
Extending the work to retrieval-augmented gener-
ation, especially cases where retrieved evidence
contradicts internal knowledge, is an interesting
direction.
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A Full Feature Correlation with
Ambiguity Labels

Table 8 extends the per-feature AUROC analysis
of Table 1 to the remaining four models. The
pattern observed for Llama-3.1-8B holds across
model families. Representation features (last-
layer embeddings and mid-layer residuals) pro-
vide the strongest standalone signal for ambigu-
ity on AmbigQA, while scalar UQ and semantic-
cluster features cluster near chance, with entropy-
and diversity-based features slightly outperforming
concentration-based ones.

367


https://doi.org/10.1613/jair.1.12752
https://proceedings.neurips.cc/paper_files/paper/2025/file/98d2006bf15f00e2ff293dfba4acb8b2-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2025/file/98d2006bf15f00e2ff293dfba4acb8b2-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2025/file/98d2006bf15f00e2ff293dfba4acb8b2-Paper-Conference.pdf
https://doi.org/10.18653/v1/2023.acl-long.652
https://doi.org/10.18653/v1/2023.acl-long.652
https://doi.org/10.18653/v1/2023.acl-long.652
https://doi.org/10.1609/aaai.v40i31.39811
https://doi.org/10.1609/aaai.v40i31.39811
https://doi.org/10.1609/aaai.v40i31.39811
https://doi.org/10.52202/079017-1852
https://doi.org/10.52202/079017-1852
https://doi.org/10.52202/079017-1852
https://doi.org/10.18653/v1/2025.findings-naacl.325
https://doi.org/10.18653/v1/2025.findings-naacl.325
https://doi.org/10.18653/v1/2023.acl-long.634
https://doi.org/10.18653/v1/2023.acl-long.634
https://doi.org/10.48550/arXiv.2510.07958
https://doi.org/10.48550/arXiv.2510.07958
https://doi.org/10.18653/v1/2025.emnlp-main.813
https://doi.org/10.18653/v1/2025.emnlp-main.813
https://proceedings.neurips.cc/paper_files/paper/2023/file/91f18a1287b398d378ef22505bf41832-Paper-Datasets_and_Benchmarks.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/91f18a1287b398d378ef22505bf41832-Paper-Datasets_and_Benchmarks.pdf

Internal Repr. UuQ Sem. Clust.

Model Dataset Emb Res SE SEng MSP SAR MI CoCoA #Cl CIEnt MxCP ENA PG2 Top2

AmbigQA 0.726  0.741 0.541 0.538 0.529 0.510 0.542  0.532 0.536 0.541 0.459 0.541 0.461 0.460

Spectrum-Llama
NCQA 0.501  0.603 0.507 0.490 0.572 0.519 0.541  0.508 0.556 0.507 0.491 0.507 0.494 0.465

3.1-88 TriviaQA  0.576  0.570 0.560 0.566 0.556 0.551 0.565  0.563 0.565 0.561 0.443 0.561 0.448 0.437
Qwen3 AmbigQA 0.718  0.715 0.525 0.507 0.484 0.477 0458 0.522 0.518 0.527 0.469 0.527 0.468 0.480
14B NCQA 0432 0442 0450 0.495 0.503 0.464 0.514 0.499 0.481 0478 0.522 0.478 0.522 0.500

TriviaQA  0.588  0.594 0.546 0.555 0.554 0.555 0.463  0.556 0.549 0.548 0.453 0.548 0.455 0.454

AmbigQA 0.730  0.733 0.538 0.524 0.519 0.501 0.541  0.526 0.535 0.538 0.463 0.538 0.464 0.462

Spectrum-Qwen3
NCQA 0.305 0401 0.463 0.457 0.528 0.474 0.505 0.513 0.568 0.463 0.566 0.463 0.577 0.402

148 TriviaQA  0.571  0.579 0.565 0.567 0.562 0.539 0.567 0.570 0.566 0.565 0.439 0.565 0.443 0.436
A2Search AmbigQA 0.707  0.714 0.494 0.476 0.451 0.458 0.460 0.483 0.485 0.494 0.502 0.494 0.500 0.507
7B eare NCQA 0.634 0514 0.515 0.546 0.608 0.552 0.491  0.598 0.485 0.486 0.514 0.486 0.514 0.513

TriviaQA  0.588  0.584 0.540 0.545 0.542 0.543 0.468  0.543 0.540 0.539 0.462 0.539 0.464 0.468

Table 8: Same as Table 1 for Spectrum-Llama, Qwen3-14B, Spectrum-Qwen3-14B and A2Search-7B. AUROC
of individual features for predicting ambiguity across all models and datasets (validation split). Scalar features
evaluated directly. Representation features use 5-fold CV logistic regression.

B Full Error Prediction Results

Tables 9-20 report PRR and AUROC for error pre-
diction across all five models, three datasets, and
two correctness supervision signals (AlignScore
and LLM-judge), with per-subset scores for am-
biguous and unambiguous instances shown beneath
each main value. Across this full grid, the pat-
tern reported in Section 5.3 for Qwen3-14B holds.
Ambiguity-aware models improve over the UQ-
only baseline for most model and feature combina-
tions, most consistently on the entangled metrics
(Semantic Entropy and Semantic Energy) and on
the combined representation. On TriviaQA the
latent variants track or exceed the oracle. On Am-
bigQA and NCQA the oracle is stronger. Degra-
dations concentrate on the weakest single metrics
(SAR and MSP) on AmbigQA and NCQA, where
the routing and the selective penalty overwhelm a
base signal that is already close to chance, and on
ML
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latent oracle latent oracle
gated gated selective selective

0.575  0.568  0.609 0.556 0.582

Model Features baseline

alluQ 0.657 0667  0.674 0.635 0657
0444 0441 0412 0.424 0.438

0.615  0.607 0.627 0.579 0.606

Llama-3.1-8B CoCoA 0705 0693 0706 0.657 0.706
0490 0470 0.490 0.440 0.490

0.593  0.587  0.606 0.555 0.582

Semantic energy 0.683 0669  0.682 0633 0.682
0462 0453 0461 0.422 0.461

0592 0.590 0.610 0.580 0.584

Semantic entropy 0.680  0.673 0.680 0.643 0.680
0463 0462 0462 0.440 0.462

0.514 0308 0.441 0.145 0.458

SAR 0285 -0.346 0481 -0.280 0.527
0177 0139 0459 -0.058 0.360

0390 0316 0422 0.196 0.325

MSP 0566 0207 0277 0.176 0348
0367 0094 -0.039 0.064 0.244

0.176  0.151 0.187 0.146 0.182

MI 0156 0146 0.139 0.130 0.158
0027 0134 0118 0.130 0.123

0483 0.491 0.535 0.459 0477

alluQ 0556 0594  0.59 0556 0572
0366 0332 0376 0.291 0.369

0.538  0.534  0.550 0.467 0.527

Qwen3-14B CoCoA 0.651 0.627 0.650 0577 0.650
0377 0325 0379 0288 0379

0.393  0.435 0.464 0.427 0.433

Semantic energy 0506 0548 0527 0.540 0.505
0255 0227 0299 0217 0255

0.445 0.481 0.487 0.448 0.456

Semantic entropy 0538 0587 0.538 0550 0538
0321 0310 0321 0.283 0.308

0.532 0254 0.101 0.147 0.122

SAR 0429 0238 0073 0.056 0.136
0259 0054 -0.187 -0.041 0.077

0.146  0.010 0.157 -0.041 -0.117

MSP 0279 0192 0386 -0.086 0285
0.145 0052 0162 -0.018 -0.149

0.014 0.038 0.058 0.038 0.051

MI 0054 0034 0043 0034 -0.054
0015 0005 0015 0.006 0.015

0.460 0455 0.470 0.449 0.450

all UQ 0507 0513 0.508 0.481 0503
0386 0380 0378 0355 0.388

0.465 0458 0.465 0.432 0.427
Spectrum-Llama-3.1-8B  CoCoA 0503 0.496 0.505 0.469 0.504
0403 0389 0403 0371 0.403

0455 0452 0459 0.393 0.407

Semantic energy 0507 0507 0.509 0439 0509
0368 0366  0.370 0320 0370

0455 0447 0461 0.420 0.381

Semantic entropy 0515 0493 0515 0470 0515
0371 0363 0371 0340 0371

0461 0454 0464 0.440 0.443

SAR 0508 0500  0.508 0485 0508
038 0375 0386 0360 0386

0417 0413 0417 0.371 0.379

MSp 0451 0441 0450 0.401 0450
0363 0355 0365 0314 0364

0232 0.191 0213 0.193 0.212

MI 0.188 0200  0.160 0.195 0.180
0.140 0181 0128 0.188 0.134

0.559 0.560 0.568 0.553 0.543

all UQ 0599 0.601 0.609 0.597 0.599
0504 0499 0.503 0.493 0.501

0.537 0535 0.535 0514 0.491
Spectrum-Qwen3-14B CoCoA 0.567  0.561 0.567 0.546 0.567
0492 0476 0493 0456 0.493

0.507 0.513 0.519 0.490 0.490

Semantic energy 0557 0562 0558 0531 0558
0428 0432 0431 0415 0.431

0.544 0539 0.548 0.518 0.507

Semantic entropy 0580 0578 0583 0.558 0.581
0480 0474 0479 0.456 0.479

0.510 0510 0.516 0.500 0.491

SAR 0565 0564  0.565 0556 0565
0429 0417 0429 0.406 0.429

0493 0.491 0.489 0.459 0.453

MSP 0519 0514 0516 0.492 0516
0454 0440 0453 0.408 0.453

0258 0213 0.248 0.209 0.242

MI 0189 0205  0.189 0.193 0.198
0155 0202 0.145 0.185 0.146

0.514 0505 0.554 0.481 0.526

all uUQ 0.627 0.607 0.627 0.584 0.614
0366 0354 0373 0331 0355

0497 0511 0.536 0.505 0.513

A2Search-7B CoCoA 0606 059  0.606 0587 0.606
0368 0381 0368 0375 0.368

0.405 0.446  0.490 0.446 0.465

Semantic energy 0527 0551 0.544 0.547 0.527
0290 0298 0361 0302 0.291

0469 0505 0.524 0.494 0.490

Semantic entropy 0589 0598  0.589 0.588 0.589
0340 0360 0339 0348 0340

0487 0396 0.388 0.287 0.382

SAR 0472 0435 0377 -0.130 0.488
0299 0270 0331 0.114 0.309

0.200 -0.078 0.149 0.030 -0.116

MSP 0389 0165 -0.398 -0.088 0261
0268 0103 0.111 -0.051 -0.107

0.025 0.087 0.056 0.084 0.048

MI 20.003 0090  0.022 0.087 0022
0040 0009  -0.003 0.006 0.005

Table 9: PRR on AmbigQA (validation split), AlignScore supervision. Bold = significant improvement over baseline
(p < 0.05, paired bootstrap). Highlight = best PRR for model.
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latent oracle latent oracle
gated gated selective selective

0.848 0.849 0.848 0.850 0.839

Model Features baseline

all uUQ 0858 0859 0857 0.859 0858
0832 0834 0833 0.835 0.832

0.829 0.830 0.830 0.832 0.817

Llama-3.1-8B CoCoA 0838 0838 0838 0.840 0838
0814 0814 0814 0818 0814

0.814 0.816 0.815 0.819 0.803

Semantic energy 0822 0823 0822 0.824 0.822
0799 0802 0799 0.804 0.799

0.813 0.820 0.812 0.821 0.801

Semantic entropy 0815 0.826 0.815 0.826 0.815
0800 0806 0800 0807 0.801

0.824 0.825 0.824 0.825 0.810

SAR 0832 0832 0832 0830 0832
0808 0810 0808 0812 0.808

0.793  0.796 0.793 0.802 0.782

MSP 0.804 0808 0804 0813 0.804
0774 0778 0774 0784 0.774

0.745 0.756  0.752 0.762 0.742

MI 0750 0743 0751 0.748 0.751
0729 0758 0728 0762 0.729

0.786 0.795 0.785 0.811 0.774

all uQ 0791 0797 0790 0811 0.790
0774 0785 0774 0.804 0773

0.753  0.769 0.753 0.782 0.741

Qwen3-14B CoCoA 0757 0.774 0.757 0.786 0.757
0742 0757 0741 0769 0742

0.754 0.775 0.756 0.792 0.744

Semantic energy 0764 0778 0.764 0.792 0.759
0737 0765 0737 0.784 0734

0.641 0.759 0.672 0.762 0.669

Semantic entropy 0.646 0757 0.644 0.760 0.644
0628 0751 0637 0753 0.637

0.735 0.771 0.738 0.784 0.726

SAR 0736 0769 0737 0781 0.736
0726 0763 0726 0777 0724

0.738 0.758 0.737 0.770 0.726

MSP 0741 0763 0741 0.775 0.741
0728 0745 0728 0755 0728

0203 0.572 0.177 0.572 0.182

MI 0024 0565 0024 0565 0014
0004 0555 0003 0555 0.004

0.830 0.831 0.831 0.835 0.822

all UQ 0845 0846 0845 0.850 0844
0808 0809 0809 0812 0810

0.804 0.807 0.805 0.810 0.794
Spectrum-Llama-3.1-8B  CoCoA 0817 0819 0.817 0.821 0.817
0784 0788 0784 0.791 0.784

0.800 0.806 0.801 0.813 0.792

Semantic energy 0809 0815 0809 0823 0.809
0784 079 0784 0795 0784

0.799 0.810 0.803 0.815 0.793

Semantic entropy 0810 0819 0810 0.825 0.810
0779 0795 0779 0.798 0.779

0.804 0.808 0.805 0.812 0.796

SAR 0818 082 0818 0825 03818
0784 078 0784 0792 0784

0.745 0.755 0.747 0.768 0.738

MSP 0761 0769 0761 0.785 0761
0722 0730 0722 0742 0722

0.722  0.747 0.710 0.754 0.696

MI 0719 0742 0720 0753 0714
0707 0739 0.662 0743 0711

0.857 0.857 0.859 0.861 0.849

all UQ 0856 0859 0863 0.865 0.858
0849 0848 0849 0.850 0.849

0.836 0.839 0.837 0.840 0.825
Spectrum-Qwen3-14B CoCoA 0841 0843 0841 0.843 0.841
0825 0827 0825 0.829 0825

0.828 0.831 0.828 0.834 0.821

Semantic energy 0834 0837 0834 0838 0834
0815 0819 0815 0822 03815

0.826 0.830 0.831 0.834 0.822

Semantic entropy 0832 0832 0833 0837 03833
0821 0821 0820 0.824 0821

0.840 0.842 0.841 0.843 0.831

SAR 0841 0843 03841 0.844 0.841
0833 0835 0833 0.834 0833

0.788  0.794  0.790 0.804 0.779

MSP 0794 0801 0794 0812 0.794
0774 0780 0774 0786 0774

0.765 0.785 0.747 0.786 0.741

MI 0728 0775 0720 0776 0736
0752 0787 0745 0785 0750

0.741 0.754 0.745 0.772 0.735

all UQ 0767 0778 0767 0795 0.765
0708 0722 0708 0738 0707

0.692 0.732  0.697 0.741 0.685

A2Search-7B CoCoA 0720 0757 0720 0.767 0.720
0656  0.694 0656 0701 0.656

0.727 0.750 0.734 0.764 0.727

Semantic energy 0760 0777 0.759 0.792 0.760
0687 0712 0688 0723 0.687

0.658 0.742  0.667 0.745 0.661

Semantic entropy 0.678 0767 0678 0.770 0.678
0629 0705 0625 0707 0.629

0.704 0.742  0.708 0.751 0.697

SAR 0727 0766 0727 0775 0727
0674 0707 0674 0714 0.674

0.675 0.714  0.683 0.728 0.673

MSP 0707 0742 0707 0756 0.707
0636 0.675 0636 0.685 0.636

0.208 0.525 0.158 0.530 0.166

MI -0.001 0539 -0.002 0.545 0.005
0054 0492 0.6 0493 0.049

Table 10: PRR on TriviaQA (validation split), AlignScore supervision. Bold = significant improvement over
baseline (p < 0.05, paired bootstrap). Highlight = best PRR for model.
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latent oracle latent oracle
gated gated selective selective

0.330  0.369 0.991 0.442 0.991

Model Features baseline

all uUQ 0052 0052 0416 0387 0485
0000  0.000  0.000 0.000 0.000

0.334 0311 0.987 0.267 0.987

Llama-3.1-8B CoCoA 0299 0321 0209 0249 0315
0000 0.000  0.000 0.000 0.000

0.306 0.289 0.992 0.287 0.988

Semantic energy 0296 0209 0558 0.284 0.479
0000  0.000  0.000 0.000 0.000

0378 0.293 0.988 0.266 0.989

Semantic entropy <0025  0.284 0.350 0.249 0.357
0000 0000  0.000 0.000 0.000

0.267 0.507 0.992 0.483 0.990

SAR 0387 0.191 0.505 0.191 0341
0000 0.000  0.000 0.000 0.000

0.470 0479 0.984 0.482 0.988

MSP 0007  -0.046  0.102 0015 0368
0000 0.000  0.000 0.000 0.000

0.192  0.502  0.990 0.496 0.998

MI 0344 0417 0385 0578 0872
0000 0.000  0.000 0.000 0.000

0.499 0.577 0.967 0.534 0.973

all uQ 0641 0777 0264 0.803 0618
0000 0.000  0.000 0.000 0.000

0.476  0.606  0.963 0.520 0.964

Qwen3-14B CoCoA 0531 0.721 0.432 0.721 0.448
0000 0.000  0.000 0.000 0.000

0.468 0.489 0.971 0.436 0.972

Semantic energy 0597 0.629 0.554 0.553 0.517
0000 0.000  0.000 0.000 0.000

0.086 0.533  0.968 -0.545 0.956

Semantic entropy -0.045 0721 -0.045 -0.564 -0.045
0000  0.000  0.000 0.000 0.000

0.684 0.644 0.984 -0.319 0.986

SAR 0780 0727 0.775 -0.287 0.780
0000  0.000  0.000 0.000 0.000

0.444 0.623 0.951 0.645 0.971

MSP 0324 0881 0.179 0.881 0418
0000  0.000  0.000 0.000 0.000

-0.160 0.576  0.946 0.576 0.945

MI 0205 0716 0363 0.716 0205
0000  0.000  0.000 0.000 0.000

0.539 0.296 0.983 0.278 0.982

all UQ 0058 0.179 0.287 0.111 0.243
0000 0000  0.000 0.000 0.000

0357 0.277 0.982 0.229 0.984
Spectrum-Llama-3.1-8B  CoCoA 0360 0214 0.125 0.089 0.164
0000 0.000  0.000 0.000 0.000

0.341 0.333 0978 0.425 0.989

Semantic energy 0648 0388  -0.030 0.758 0.648
0000  0.000  0.000 0.000 0.000

0.424 0.253  0.980 0.455 0.990

Semantic entropy 0530 0245 0283 0474 0.548
0000  0.000  0.000 0.000 0.000

0301 0.367 0.984 0.379 0.980

SAR 0.184 0123 0312 0.245 0.240
0000  0.000  0.000 0.000 0.000

0.470 0.340 0.981 0.187 0.983

MSp <0217 -0203  0.137 -0.346 0224
0000 0000  0.000 0.000 0.000

0.385 0.433  0.984 0.181 0.988

MI 0403 0304  0.124 0.119 0421
0000  0.000  0.000 0.000 0.000

0.695 0.528 0.981 0.599 0.972

all UQ 0758 0589 0772 0.481 0.321
0000 0.000  0.000 0.000 0.000

0.572 0470 0.972 0.214 0.976
Spectrum-Qwen3-14B CoCoA 0712 0506 0559 -0.147 0.687
0000  0.000  0.000 0.000 0.000

0341 0.183  0.971 -0.305 0.962

Semantic energy 0073 0258  0.585 -0.134 0.242
0000  0.000  0.000 0.000 0.000

-0.005 0.269 0.978 0.267 0.947

Semantic entropy 0288 0430 0675 0227 0229
0000  0.000  0.000 0.000 0.000

0.381 0.136  0.982 0.212 0.948

SAR 0415 0172 0733 0.107 -0.084
0000  0.000  0.000 0.000 0.000

0236 0.464  0.965 0.161 0.961

MSP 0254 0729 0363 0.028 0270
0000 0.000  0.000 0.000 0.000

0.318 0376 0973 0.084 0.974

MI 0451 0473 0504 0211 0577
0000  0.000  0.000 0.000 0.000

0.491 0.388 0.923 0.336 0.908

all UQ 0253 0332 0521 0054 0.195
088 0751 0951 0.636 0962

0.287 0.013 0919 -0.287 0.891

A”Search-7B CoCoA 0123 0584 0418 0567 -0.101
0935 0229 0944 -0.288 0943

0.463 0.561 0917 0.630 0.883

Semantic energy <0123 0043 0521 0.145 -0.123
0933 0960 0933 0976 0933

0491 0446 0.851 0.420 0.830

Semantic entropy -0.641  -0.056 0337 -0.080 -0.641
0917 0953 0917 0.908 0919

0.683  0.670  0.910 0.330 0.914

SAR 0474 0812 0358 0075 0252
0928 0952 0960 0748 0.965

0.499 0.638 0.929 0.503 0.910

MSP 0147 0.601 0806 0.601 0.169
0963 0987 0963 0.984 0.963

0.365 0.479 0.704 0.474 0.704

MI 0322 0530 0322 0530 0322
0774 0770 0780 0814 0.780

Table 11: PRR on NCQA (test split), AlignScore supervision. Bold = significant improvement over baseline
(p < 0.05, paired bootstrap). Highlight = best PRR for model.
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latent oracle latent oracle
gated gated selective selective

0.788 0.788 0.790 0.786 0.788

Model Features baseline

all uUQ 0827 0828 0829 0.824 0827
0729 0730 0725 0722 0728

0792 0.790  0.795 0.788 0.792

Llama-3.1-8B CoCoA 0834 0833 0836 0.834 0835
0736 0735 0737 0735 0737

0.777 0.777  0.779 0.774 0.776

Semantic energy 0816 0815 0816 0.814 0.816
0726 0726 0726 0721 0.726

0.780 0.780 0.782 0.766 0.780

Semantic entropy 0818 0818 0.818 0.813 0.818
0732 0730 0732 0.725 0732

0.776  0.635 0.664 0.626 0.784

SAR 0342 0352 0781 0.382 0.784
0398 0442 0730 0.508 0.709

0.729 0.651 0.656 0.666 0.730

MSP 0213 0543 0697 0.652 0.707
0295 0500 0417 0611 0.636

0.576 0.575 0.590 0.574 0.577

MI 0577 0564 0578 0578 0576
0568 0566 0562 0563 0568

0.758 0.759  0.763 0.758 0.756

all uQ 0800 0808  0.808 0.806 0804
0694 0.691  0.694 0.690 0.694

0.761  0.763  0.763 0.749 0.760

Qwen3-14B CoCoA 0813 0810 0.813 0.812 0.813
0694 0686 0694 0.688 0.694

0.728 0.738  0.742 0.738 0.728

Semantic energy 0781 0785 0.785 0.781 0.781
0661 0653 0668 0638 0.661

0.740 0.747 0.748 0.744 0.740

Semantic entropy 0789 0799 0.789 0.798 0.789
0678 0676 0678 0.668 0678

0.770 0.639 0.597 0.652 0.634

SAR 0207 0588 0619 0.482 0.664
0320 0484 0383 0429 0.602

0.642  0.527 0.581 0.475 0.358

MSP 0270 0407 0323 0.446 0.269
0383 0485 0626 0572 0382

0.503  0.507 0.520 0.507 0.502

MI 0500 0504 0502 0497 0.500
0503 0491 0503 0513 0503

0.748 0.746  0.749 0.742 0.749

all UQ 0771 0772 0.768 0.765 0.770
0715 0711 0711 0.700 0.714

0.736 0.735 0.737 0.723 0.736
Spectrum-Llama-3.1-8B  CoCoA 0756 0757 0.757 0.747 0.757
0708 0702 0708 0693 0.708

0.728 0.727 0.730 0.702 0.728

Semantic energy 0753 0749 0754 0.734 0.754
0693 0.693 0695 0.662 0.695

0.730 0.730 0.731 0.688 0.730

Semantic entropy 0756 0755 0756 0.720 0756
0695  0.695 0695 0.650 0.695

0.741 0.740 0.742 0.732 0.741

SAR 0765 0764 0765 0.760 0.765
0708 0705 0708 0.696 0708

0.706 0.706  0.706 0.704 0.706

MSP 0724 0724 0724 0725 0.724
0682 0.677 0682 0.680 0.682

0.571 0.581 0.575 0.550 0.578

MI 0571 0577 0558 0.560 0571
0569 0581 0562 0545 0572

0.798 0.798 0.801 0.792 0.796

all UQ 0817 0817 0820 0.811 0.816
0773 0772 0773 0767 0771

0.777 0.776  0.776 0.765 0.777
Spectrum-Qwen3-14B CoCoA 0794 0794 0794 0.779 0.794
0753 0752 0753 0740 0753

0.771 0.772  0.771 0.771 0.771

Semantic energy 0791 0792 0792 0.783 0.792
0741 0743 0743 0731 0743

0.780 0.780 0.781 0.775 0.780

Semantic entropy 0800 0800 0801 0.796 0.801
0753 0753 0753 0745 0753

0.770  0.771  0.771 0.756 0.770

SAR 0795 0795 0795 0781 0795
0736 0735 0736 0726 0736

0.749  0.749  0.748 0.738 0.748

MSP 0765 0763 0763 0756 0.763
0728 0727 0727 0717 0727

0.580 0.588 0.587 0.588 0.578

MI 0576 0578 0576 0555 0575
0585 058 0582 0559 0583

0.782 0.777 0.785 0.775 0.782

all UQ 0823 0819 0824 03813 0.820
0727 0721 0727 0711 0725

0.773  0.774 0.777 0.734 0.773

A2Search-7B CoCoA 0808 0807 0808 0.768 0.808
0730 0730 0730 0703 0730

0.754  0.758 0.765 0.745 0.754

Semantic energy 0798  0.800 0801 0.777 0.798
0703 0706 0711 0.683 0703

0.766  0.769  0.773 0.761 0.765

Semantic entropy 0.807 0807 0807 0.804 0.807
0715 0715 0714 0711 0714

0.760 0.721  0.662 0.720 0.760

SAR 0785 0734 0760 0275 0.788
0704 0.685 0683 0348 0706

0.640 0.502 0.546 0.586 0.361

MSP 0279 0452 0266 0267 0322
0335 0481 0507 0339 0374

0.506 0.547 0.525 0.547 0.501

MI 0.501 0557 0.502 0.440 0.502
0513 0519 0498 0474 0.506

Table 12: AUROC (error prediction) on AmbigQA (validation split), AlignScore supervision. Bold = significant
improvement over baseline (p < 0.05, paired bootstrap). Highlight = best AUROC for model.
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latent oracle latent oracle
gated gated selective selective

0.886 0.887 0.887 0.888 0.886

Model Features baseline

all uUQ 0894 0894 0893 0.894 0.893
0875 0876 0876 0.877 0875

0.874 0.874 0.874 0.875 0.874

Llama-3.1-8B CoCoA 0.881 0881  0.881 0.882 0881
0863 0863 0863 0.864 0.863

0.865 0.866 0.866 0.867 0.865

Semantic energy 0872 0873 0872 0.874 0.872
0853 0855 0853 0.856 0853

0.868 0.870 0.867 0.871 0.868

Semantic entropy 0874 0876 0.874 0.876 0.874
0858 0860 0858 0.861 0858

0.873 0.873 0.873 0.874 0.873

SAR 0880 0880 0880 0.881 0.880
0861 0862 0861 0863 0.861

0.847 0.850 0.847 0.853 0.847

MSP 0855 0857 0855 0.860 0.855
0835 0838 0835 0.841 0835

0.838 0.845 0.839 0.848 0.838

MI 0842 0847 0842 0.850 0.842
0829 0837 0829 0.840 0.829

0.860 0.864 0.860 0.872 0.859

all uQ 0862 0865 0862 0873 0862
0854 0859 0854 0.866 0.854

0.840 0.846 0.840 0.854 0.839

Qwen3-14B CoCoA 0842 0848 0842 0856 0842
0833 0840 0833 0.846 0833

0.846 0.852 0.847 0.861 0.846

Semantic energy 0849 0.854 0.849 0.861 0.849
0840 0846 0840 0854 0.840

0.814 0.846 0.821 0.848 0.814

Semantic entropy 0816 0847 0816 0.849 0816
0809 0840  0.809 0842 0.809

0.843 0.854 0.845 0.861 0.843

SAR 0845 0854 0845 0.861 0.844
0838 0848 0839 0856 0837

0.828 0.836 0.828 0.843 0.828

MSP 0830 0838 0830 0.846 0830
0821 0829 0821 0835 0821

0.542 0.735 0.588 0.735 0.541

MI 0551 0733 0551 0733 0551
0534 0723 0532 0723 0535

0.876 0.877 0.877 0.879 0.877

all UQ 0886 0886 0886 0.888 0.885
0864 0865 0865 0.866 0.865

0.859 0.861 0.860 0.863 0.859
Spectrum-Llama-3.1-8B  CoCoA 0868  0.870 0.868 0.872 0.868
0846 0848 0846 0849 0.846

0.857 0.861 0.858 0.863 0.857

Semantic energy 0861 0865 0861 0.868 0.861
0849 0852 0849 0854 0.849

0.860 0.864 0.861 0.867 0.860

Semantic entropy 0866 0870 0866 0873 0.866
0851 0855 0851 0856 0851

0.864 0.865 0.864 0.867 0.864

SAR 0872 0873 0872 0.875 0.872
0851 0852 0851 0.854 0851

0.820 0.826 0.821 0.833 0.820

MSpP 0828 0833 0828 0842 0828
0807 0812 0807 0818 0.807

0.824 0.834 0.820 0.839 0.824

MI 0826 0835 0826 0.842 0826
0817 0826 0811 0.829 0818

0.898 0.898 0.899 0.900 0.898

all UQ 0900 0.901 0.902 0.903 0.901
0892 0892 0892 0.893 0.892

0.884 0.885 0.884 0.887 0.884
Spectrum-Qwen3-14B CoCoA 0.888 0889 0888 0.891 0.888
0876 0877 0876 0878 0876

0.877 0.879 0.877 0.880 0.877

Semantic energy 0880 0882 0880 0.884 0.880
0870 0871 0870 0873 0.870

0.882 0.883 0.882 0.886 0.882

Semantic entropy 0885 0887 0885 0.890 0.885
0875 0876 0875 0878 0875

0.886  0.887 0.886 0.888 0.886

SAR 0888 0889  0.888 0.891 0888
0881 0882 0881 0.882 0881

0.853  0.856 0.854 0.861 0.853

MSP 0858 0861 0858 0.866 0858
0845 0848 0845 0.850 0.845

0.855 0.861 0.851 0.863 0.855

MI 0846 0858 0842 0861 0.847
0851 0859 0849 0.860 0851

0.845 0.848 0.846 0.855 0.844

all UQ 0855 0858 0855 0.865 03855
0832 0835 0832 0.841 0831

0.821 0.831 0.822 0.836 0.821

A2Search-7B CoCoA 0833 0843 0833 0848 03833
0806 0817 0806 0819 0.806

0.838 0.844 0.839 0.850 0.838

Semantic energy 0852 0856 0852 0.863 0.852
0823 0829 0823 0.834 0823

0.815 0.838 0.820 0.841 0.815

Semantic entropy 0825 0849 0825 0.852 0.825
0802 0823 0802 0825 0.802

0.830 0.840 0.831 0.845 0.830

SAR 0840 0849  0.840 0.854 0.840
0818 0827 0818 0832 0818

0.810 0.821 0.812 0.828 0.810

MSP 0824 0834 0824 0.841 0824
0794 0804 0794 0.809 0.794

0.552  0.717 0.588 0.721 0.553

MI 0.554 0720 0.554 0.725 0.554
0552 0706 0553 0.708 0551

Table 13: AUROC (error prediction) on TriviaQA (validation split), AlignScore supervision. Bold = significant
improvement over baseline (p < 0.05, paired bootstrap). Highlight = best AUROC for model.
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latent oracle latent oracle
gated gated selective selective

0.615  0.599 0.991 0.649 0.578

Model Features baseline

all uUQ 0533 0578 0756 0756 0.756
0500 0500 0500 0500 0500

0.598 0.584  0.988 0.542 0.610

Llama-3.1-8B CoCoA 0622 0622 0.644 0.600 0.644
0500 0500 0500 0500 0500

0.569 0.591 0.992 0.569 0.508

Semantic energy 0622 0644 0778 0.578 0.667
0500 0500 0500 0.500 0.500

0.620 0.581 0.989 0.547 0.490

Semantic entropy 0556 0.622 0.689 0.622 0711
0500 0500 0500 0.500 0.500

0.609 0.652 0.992 0.632 0.605

SAR 0778 0622 0778 0.644 0733
0500 0500 0500 0500 0500

0.636  0.639 0.985 0.637 0.590

MSP 0511 055 0578 0.578 0.689
0500 0500 0500 0500 0500

0.529 0.665 0.991 0.646 0.618

MI 0289 0778 0733 0.800 0956
0500 0500 0500 0500 0.500

0.667 0.723  0.970 0.704 0.655

all uQ 0775 0875 0725 0900 0.762
0500 0500 0500 0.500 0.500

0.641 0.761  0.965 0.741 0.628

Qwen3-14B CoCoA 0713 0.887 0.675 0.887 0.688
0500 0500 0500 0.500 0.500

0.677 0.711 0974 0.678 0.644

Semantic energy 0794 0.825 0.756 0.875 0.756
0500 0500 0500 0.500 0500

0.598 0.745  0.959 0.745 0.402

Semantic entropy 0625 0887 0625 0.362 0.625
0500 0500 0500 0500 0500

0.794 0.776  0.984 0.768 0.730

SAR 0869 0850 0856 0.850 0.869
0500 0500 0500 0500 0500

0.646 0.746  0.954 0.712 0.681

MSP 0675 0938 0575 0938 0.750
0500 0500 0500 0500 0500

0.558 0.743  0.952 0.743 0.556

MI 0562 0838 0438 0838 0562
0500 0500 0500 0500 0500

0.672 0.578 0.983 0.594 0.599

all UQ 0446 0.589 0.643 0.607 0.625
0500 0500 0500 0.500 0.500

0.579 0.559 0.983 0.571 0.505
Spectrum-Llama-3.1-8B CoCoA 0643 0589 0643 0.536 0679
0500 0500 0500 0500 0500

0.591 0.594 0979 0.601 0.591

Semantic energy 0795 0732 0545 0.839 0.795
0500 0500 0500 0500 0500

0.664 0.610 0.981 0.647 0.654

Semantic entropy 0786 0643 0589 0.714 0.804
0500 0500 0500 0.500 0500

0.556 0.631 0.985 0.679 0.599

SAR 0518 0607 0679 0.750 0.589
0500 0500 0500 0.500 0500

0.662 0.630 0.982 0.549 0.500

MSP 0375 0429 0607 0304 0.661
0500 0500 0500 0500 0500

0.632 0.647 0.985 0.557 0.642

MI 0750  0.643 0679 0.607 0768
0500 0500 0500 0500 0500

0752 0.680 0.982 0.745 0.678

all UQ 0815 0827 0815 0.765 0.741
0500 0500 0500 0500 0500

0.681 0.614 0.973 0.542 0.663
Spectrum-Qwen3-14B CoCoA 0790 0654 0728 0.494 0.765
0500 0500 0500 0500 0500

0.540 0.548 0.972 0.559 0.639

Semantic energy 0432 0617 0716 0630 0.642
0500 0500 0500 0500 0500

0.435 0.570 0.979 0.617 0.543

Semantic entropy 0333 0679 0790 0.642 0.481
0500 0500 0500 0500 0500

0.576  0.508 0.983 0.570 0.462

SAR 0605  0.630 0827 0580 0506
0500 0500 0500 0500 0500

0.586  0.632  0.967 0.602 0.557

MSP 0617 0827 0667 0.630 0630
0500 0500 0500 0.500 0500

0.565 0.636  0.974 0.597 0.581

MI 0698 0753 0722 0741 0735
0500 0500 0500 0.500 0.500

0.662 0.604 0.931 0.649 0.667

all UQ 0321 0284 0.679 0.531 0.481
0906 0809 0954 0818 0.965

0.608 0.515 0.928 0.484 0.602

A”Search-7B CoCoA 0469 0235 0599 0.222 0.401
0941 0.684 0950 0.667 0947

0.652 0.712  0.928 0.739 0.630

Semantic energy 0358 0444 0679 0691 0358
0941 0963 0941 0932 0941

0.620 0.688  0.897 0.689 0.624

Semantic entropy 0333 0457 0.667 0432 0.333
0890 0958  0.890 0967 0.895

0.765 0.766  0.918 0.699 0.748

SAR 0611 0877 0580 05815 0556
0932 0956 0963 0928 0.967

0.690 0.768 0.938 0.722 0.683

MSP 0457 0716 0889 0716 0481
0965 0987 0965 0985 0.965

0.598 0.668 0.837 0.650 0.600

MI 0.500  0.790 0.500 0.790 0.500
0743 0803 0750 0.770 0.750

Table 14: AUROC (error prediction) on NCQA (test split), AlignScore supervision. Bold = significant improvement
over baseline (p < 0.05, paired bootstrap). Highlight = best AUROC for model.
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latent oracle latent oracle
gated gated selective selective

0.641  0.628  0.649 0.626 0.623

Model Features baseline

all uUQ 0670 0.635 0673 0622 0670
0602 0588 0595 0570 0596

0.644 0.644  0.648 0.628 0.629

Llama-3.1-8B CoCoA 0.683 0675  0.684 0.655 0.683
0591 0594 0592 0585 0592

0.618 0.617 0.620 0.612 0.602

Semantic energy 0.651 0644  0.651 0.649 0.651
0571 0572 0571 0565 0571

0.612 0.614 0.615 0.602 0.591

Semantic entropy 0651 0.648 0.651 0.633 0.651
0558 0563 0557 0555 0557

0.548 0.333 0418 0.382 0.346

SAR 0.547 0011 0.462 0.376 0373
0420 0098 0053 0382 0218

0.413 0.273 0351 0.185 0.346

MSP 0319 -0328  -0313 0.138 0.307
0265 -0.190 0489 0.148 0328

0228 0.197 0.239 0.184 0.225

MI 0.180 0147 0.161 0.140 0.173
0219 0216 0223 0208 0210

0480 0475 0516 0.446 0.480

all uQ 0501 0512 0541 0479 0.508
0438 0419 0453 0383 0430

0.535 0.519 0.540 0.477 0.519

Qwen3-14B CoCoA 0581 0.567 0.581 0515 0.581
0474 0442 0474 0.404 0474

0.463 0.442 0.485 0.432 0.467

Semantic energy 0521 0485 0.502 0.467 0.521
0399 0366 0391 0355 0.400

0.453 0461 0471 0.427 0.449

Semantic entropy 0484 0500 0485 0458 0484
0393 0387 0390 0363 0388

0.547 0.368 0417 0.257 0.434

SAR 0.584 0392 0566 0.308 0.598
0451 0305 0474 0.152 0456

0217 0213 0.320 0.222 0.380

MSP 0221 0071 0137 0.150 0526
0212 0053 0181 0.032 0410

0.029 0.054 0.104 0.054 0.099

MI 0030 0015 -0.043 0015 0012
<0004 0.044  0.003 0.041 -0.004

0.634  0.632 0.635 0.628 0.611

all UQ 0652 0.647 0654 0633 0.645
0606 0607 0606 0.603 0.603

0.567 0.569 0.576 0.564 0.548
Spectrum-Llama-3.1-8B  CoCoA 0577 0575 0.588 0.565 0.579
0550 0552 0552 0555 0549

0.554 0.552  0.559 0.512 0.505

Semantic energy 0.565 0554 0571 0.516 0.569
0522 0531 0528 0495 0526

0.555 0.549 0.559 0.509 0.511

Semantic entropy 0.577 0557 0577 0510 0.577
0523 0520 0525 0505 0525

0.619 0.618 0.621 0.612 0.606

SAR 0632 0628 0632 0618 0632
059 059 059 0598 0596

0.524  0.528 0.525 0.515 0.502

MSp 0530 0532 0531 0504 0531
0509 0514 0509 0504 0509

0.191 0.257 0.236 0.235 0.207

MI 0218 0253 0.19 0226 0207
0213 0254 0.189 0234 0225

0.711 0.710 0.717 0.705 0.695

all UQ 0734 0733 0737 0.720 0.735
0676 0672 0679 0657 0.680

0.671 0.670 0.672 0.666 0.647
Spectrum-Qwen3-14B CoCoA 0.691  0.691 0.692 0.689 0.692
0639 0636 0641 0632 0.640

0.645 0.645 0.649 0.628 0.625

Semantic energy 0674 0675 0676 0.656 0676
0600  0.600 0599 0589 0599

0.655 0.656 0.659 0.652 0.632

Semantic entropy 0684 0684 0685 0678 0685
0617 0612 0618 0611 0618

0.684 0.685 0.688 0.678 0.672

SAR 0713 0713 0713 0.707 0713
0640  0.639 0640 0.631 0.640

0.627 0.626  0.627 0.620 0.603

MSP 0640  0.639 0640 0.633 0.640
0604  0.600  0.604 0595 0.604

0.293 0260 0.285 0.254 0.276

MI 0208 0216 0204 0208 0.180
0247 0288 0246 0280 0248

0.551 0.542  0.568 0.523 0.537

all UQ 0570 0549 0572 0.530 0.566
0533 0499 0562 0483 0528

0.557 0.560 0.564 0.527 0.530

A2Search-7B CoCoA 0570 0570 0570 0530 0570
0546 0547 0546 0516 0546

0.501 0.513 0.523 0.503 0.506

Semantic energy 0536 0542 0536 0.524 0.536
0479 0480 0478 0.466 0478

0523 0.533  0.543 0.523 0.512

Semantic entropy 0.544 0544 0544 0.536 0.543
0506 0509 0502 0495 0502

0.099 0.382  0.399 0.296 0.106

SAR 0291 0308  -0.118 0296 0.065
0239 0237 -0.042 0263 0.125

0.457 0.008 -0.052 0.011 0.338

MSP 0333 0237 -0366 0.004 0355
0234 0243 0.030 -0.009 -0.366

0.013  0.110 0.063 0.112 0.059

MI 0010 0135 -0.004 0.134 -0.015
0005 0032 -0.001 0042 -0.017

Table 15: PRR on AmbigQA (validation split), LLM-judge supervision. Bold = significant improvement over
baseline (p < 0.05, paired bootstrap). Highlight = best PRR for model.
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latent oracle latent oracle
gated gated selective selective

0.878 0.880 0.879 0.879 0.870

Model Features baseline

all uUQ 089 0892 0890 0.892 0.891
0861 0863 0860 0.862 0.861

0.850 0.850 0.850 0.850 0.842

Llama-3.1-8B CoCoA 0860  0.861  0.860 0861 0.860
0834 0834 0834 0.834 0.834

0.835 0.837 0.835 0.838 0.826

Semantic energy 0.848 0849 0848 0.851 0.848
0815 0817 0815 0817 0815

0.840 0.844 0.842 0.846 0.834

Semantic entropy 0854  0.860 0.854 0.861 0.854
0823 0823 0823 0823 0824

0.861 0.862 0.861 0.861 0.851

SAR 0874 0875 0874 0.874 0.874
0842 0843 0842 0841 0.842

0.808 0.811 0.808 0.815 0.797

MSP 0815 0819 0815 0.824 0815
0793 079 0793 0.797 0.793

0.809 0.823 0.813 0.826 0.798

MI 0816 0834 0817 0.836 0817
0788 0804 0787 0.807 0787

0.790 0.801 0.793 0.819 0.782

all uQ 0810 0816 0807 0829 0.808
0765 0774 0764 0.800 0759

0.752  0.769 0.752 0.779 0.745

Qwen3-14B CoCoA 0767 0.775 0.767 0.782 0.767
0731 0753 0731 0.765 0731

0.753  0.773  0.760 0.789 0.751

Semantic energy 0780 0.790 0.779 0.797 0.781
0719 0744 0721 0771 0719

0.652 0.758 0.679 0.761 0.676

Semantic entropy 0.670 0757 0678 0.760 0.678
0640 0748 0.626 0750 0.626

0.744 0.778 0.752 0.783 0.732

SAR 0758 0777 0761 0.779 0758
0723 0771 0728 0776 0723

0.735  0.757 0.739 0.765 0.728

MSP 0751 0764 0751 0.770 0751
0711 0740 0711 0749 0711

0211 0.577 0.192 0.577 0.185

MI -0.038 0565  -0.038 0566 -0.038
0006 0567 -0.006 0567 0.006

0.855 0.856 0.855 0.859 0.847

all UQ 0874 0874 0.873 0.877 0.874
0831 0833 0831 0.837 0831

0.809 0.813 0.809 0.816 0.798
Spectrum-Llama-3.1-8B CoCoA 0823 0827 0823 0829 0823
0790 0793 0790 0.796 0.790

0.812 0.819 0.814 0.823 0.805

Semantic energy 0827 0833 0827 0.839 0.827
0792 0798 0792 0.801 0792

0.819 0.828 0.820 0.831 0.811

Semantic entropy 0835 0844 0836 0.846 0835
0798 0807 0798 0.808 0.798

0.834 0.839 0.834 0.841 0.824

SAR 0848 0854 0848 0856 0848
0815 0819 0815 0821 03815

0.739 0.749 0.740 0.764 0.730

MSpP 0750 0760 0750 0778 0750
0721 0731 0721 0.740 0721

0.779 0.797 0.761 0.797 0.749

MI 0787 0808 0787 0.808 0787
0761 0780 0702 0775 0761

0.877 0.878 0.878 0.880 0.870

all UQ 0.888 0889 0888 0.892 0.888
0861 0861  0.860 0.861 0861

0.846 0.849 0.847 0.849 0.836
Spectrum-Qwen3-14B CoCoA 0855 0860 0855 0.861 0.855
0830 0831 0830 0831 0830

0.835 0.838 0.836 0.842 0.828

Semantic energy 0850 0853 0850 0857 0.850
0815 0816 0815 0.820 05815

0.841 0.849 0.843 0.851 0.838

Semantic entropy 0856 0861 0857 0.864 0856
0821 0830 0821 0831 0821

0.862 0.864 0.862 0.864 0.853

SAR 0871 0873 0871 0.874 0871
0846 0847 0846 0.847 0.846

0.793  0.800 0.796 0.804 0.786

MSP 0800 0809  0.800 0817 0.800
0778 0782 0778 0784 0778

0.814 0.827 0.785 0.823 0.777

MI 0784 0830 0787 0.830 0793
0773 0810 0771 0.805 0762

0.736  0.750 0.741 0.769 0.732

all UQ 0758 0768 0753 0784 0.756
0708 0725 0709 0745 0707

0.672 0.719 0.678 0.728 0.672

A2Search-7B CoCoA 0694 0735 0694 0.744 0.694
0643 0.693 0643 0.699 0.643

0.710 0.731 0.718 0.749 0.707

Semantic energy 0734 0753 0737 0.768 0.726
0681 0700 0677 0719 0.674

0.655 0.732  0.662 0.736 0.655

Semantic entropy 0.671  0.741 0.675 0.744 0.675
0627 0714 0630 0717 0.630

0.696  0.736  0.695 0.745 0.692

SAR 0712 0748 0712 0756 0712
0673 0716 0673 0723 0673

0.651 0.693  0.663 0.712 0.656

MSP 0676 0712 0676 0727 0676
0620  0.665  0.620 0.682 0.620

0.222 0.486 0.155 0.491 0.156

MI 0020 0480 0.004 0487 -0.004
0027 0469 0028 0470 0.024

Table 16: PRR on TriviaQA (validation split), LLM-judge supervision. Bold = significant improvement over
baseline (p < 0.05, paired bootstrap). Highlight = best PRR for model.
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latent oracle latent oracle
gated gated selective selective

0.582  0.829 0.703 0.798 0.552

Model Features baseline

all uUQ 1000 0795  -0.480 0633 0.795
0478 0828 0864 0833 0.647

0.513  0.506  0.600 0.392 0.498

Llama-3.1-8B CoCoA 1000 0542 0213 0334 -1.000
0419 0476 0724 0395 0.620

0.462 0.496 0.597 0.491 0.520

Semantic energy <0752 0.076 1.000 -0.480 -0.752
0720 0.600  0.696 0756 0.639

0.069 0.573 0.386 0.566 0.430

Semantic entropy 0633 0795  -0.480 0.633 -0.480
0023 0523 0468 0547 0523

0375 0.619 0.650 0.080 0.628

SAR -1.000  -0.261 0.868 -0.480 -0.752
0734 0813 0768 0.198 0.774

0.763  0.738  0.680 0.684 0.633

MSP 0936 0542 0868 0717 0.936
0712 0761 0805 0.674 0747

0425 0.714 0.529 0.707 0.376

MI 0717 0633 -0.261 0.542 0.717
0385 0735 0648 0741 0378

0.735 0919 0.714 0.925 0.626

all uQ 0000  0.000  0.000 0.000 0.000
0718 0922 0758 0.922 0722

0.900 0.489 0.683 0.399 0.758

Qwen3-14B CoCoA 0000  0.000  0.000 0.000 0.000
0913 0538 0891 0450 0924

0.921 0.767 0.638 0.636 0.495

Semantic energy 0.000  0.000 0.000 0.000 0.000
0913 0777 0848 0634 0.702

0511 0.245 0.495 0.245 0.397

Semantic entropy 0000 0.000  0.000 0.000 0.000
-0.110 0280  -0.110 0280 -0.110

0.806 0.611 0.573 0.560 0.558

SAR 0.000  0.000 0.000 0.000 0.000
0832 0614 0322 0551 0775

0.892 0.922 0.867 0.761 0.734

MSP 0000 0000  0.000 0.000 0.000
0891 0921 0862 0753 0.891

0.472 0.583 0.353 0.550 0.353

MI 0000 0.000  0.000 0.000 0.000
0279 0599 0279 0579 0279

0.434 0.338 0375 0.646 0.437

all UQ 0076 -1.000  -0.480 1.000 -0.080
0491 0462 0.480 0546 0547

0.408 0.487 0.239 0.524 0.385
Spectrum-Llama-3.1-8B  CoCoA -0261  0.868  -0.080 0.868 -0.261
0518 0392 0311 0468 0490

0482 0.559 0419 0.540 0.347

Semantic energy 1000 0542 0443 0.795 0443
0353 0569 0414 0448 0437

-0.099 0.424 0.597 0.423 0.166

Semantic entropy S1L000 0795 0542 0.795 0213
0115 0315 0675 0345 0243

0.788 0.767 0.644 0.726 0.716

SAR 1000 1000 0334 0.868 1.000
0758 0734 0.660 0.687 0758

0.182  0.378 0.367 0.341 0.333

MSp <1000 0936 0.936 0633 -1.000
0455 0230 0442 0273 0437

0.625 0.503  0.395 0.519 0.664

MI -0.480  -1.000  -0.261 -0.480 -1.000
0806  0.690 0491 0726 0.841

0.823 0.898 0.889 0.942 0.851

all UQ 0443 1000 0443 1.000 0.076
0928 0881 0936 0.945 0932

0.557 0.762 0.557 0.719 0.496
Spectrum-Qwen3-14B CoCoA 0.795  1.000 1.000 1.000 0.795
0541 0711 0416 0.669 0577

0.493 0.718 0.746 0.721 0.552

Semantic energy 0080 0542 0213 0.868 0076
0594 0762 0842 0703 0.626

0.618 0.649 0.518 0.627 0.620

Semantic entropy 0213 033 -0261 0.868 0752
0679 0709 0630 0587 0763

0.604 0.592  0.587 0.598 0.568

SAR 0443 0443 0633 0334 0334
0637 0634 0620 0.683 0.681

0.685 0.748  0.646 0.732 0.574

MSP 0633 1000 0542 1.000 0633
0712 0.690 0773 0.659 0.680

0.546  0.681 0.707 0.714 0.650

MI -0.080 0334 -0.080 0.868 -0.080
0757 0782 0788 0.681 0788

0.615 0.673 0.381 0.550 0.598

all UQ 0000 0000  0.000 0.000 0.000
0641 0643 0528 0557 0.808

0.479 0.516 0.198 0.648 0.346

A”Search-7B CoCoA 0000 0000 0000 0.000 0.000
0526 0502 0404 0.649 0554

0.630 0.527 0.569 0.488 0.479

Semantic energy 0000 0.000  0.000 0.000 0.000
0630 0552 0779 0514 0613

0.475 0.441 0.341 0.277 0.337

Semantic entropy 0.000  0.000  0.000 0.000 0.000
0052 0408  0.165 0301 0.052

0.817 0.596 0.593 0316 0.636

SAR 0000  0.000  0.000 0.000 0.000
0832 0602 0774 0302 0.796

0.681 0.600 0.306 0.566 0.361

MSP 0000  0.000  0.000 0.000 0.000
0666 0595 0514 0553 0.603

0.424 0417 0246 0.398 0.268

MI 0000  0.000  0.000 0.000 0.000
0086 0421  -0.086 0397 -0.086

Table 17: PRR on NCQA (test split), LLM-judge supervision. Bold = significant improvement over baseline
(p < 0.05, paired bootstrap). Highlight = best PRR for model.
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latent oracle latent oracle
gated gated selective selective

0.772 0.770  0.773 0.765 0.771

Model Features baseline

all uUQ 0783 0775 0782 0.779 0.784
0757 0753 0754 0741 0756

0.768  0.768  0.769 0.759 0.768

Llama-3.1-8B CoCoA 0783 0777 0783 0778 0783
0750 0750 0751 0742 0750

0752 0.751 0.752 0.749 0.752

Semantic energy 0.764  0.761 0.764 0.768 0.764
0737 0736 0737 0732 0737

0.754 0.754 0.753 0.752 0.754

Semantic entropy 0769 0.769 0.768 0.771 0.768
073 0736 0736 0733 0.736

0.745 0.658 0.673 0.707 0.703

SAR 0742 0507 0712 0.726 0.691
0700 0569 0572 0691 0637

0.705 0.636  0.632 0.681 0.715

MSP 0622 0341 0.340 0.679 0.630
0602 0406 0674 0.623 0.625

0.579 0.575 0.594 0.577 0.578

MI 0579 0553 0568 0592 0575
0582 0584 0582 0575 0581

0.714 0711 0.721 0.713 0.707

all uQ 0720 0723 0729 0725 0717
0698  0.696 0703 0.698 0.696

0.718 0.716  0.721 0.705 0.718

Qwen3-14B CoCoA 0729 0725 0.729 0.716 0.729
0706 0704 0706 0697 0.706

0.704 0.701  0.709 0.698 0.704

Semantic energy 0720 0713 0.718 0.718 0.720
0687 0685 0688 0679 0687

0.698 0.699 0.701 0.699 0.698

Semantic entropy 0708 0706 0708 0.710 0.708
0685  0.683 0685 0.684 0.684

0.741 0.639 0.645 0.653 0.741

SAR 0752 0638 0723 0.694 0751
0706  0.644 0723 0597 0703

0.632 0.615 0.576 0.645 0.686

MSP 0632 0524 05% 0.530 0.700
0628 0503 0.608 0429 0.670

0.505 0.510 0.537 0.495 0.505

MI 0500 0486 0498 0486 0.501
0505 0511 0502 0507 0509

0.765 0.764 0.764 0.762 0.764

all UQ 0.766 0764 0.766 0.762 0.763
0765 0764 0764 0.762 0.765

0.727 0.727 0.734 0.725 0.727
Spectrum-Llama-3.1-8B  CoCoA 0722 0724 0.733 0.724 0.724
0731 0731 0734 0728 0731

0.721  0.722 0.722 0.715 0.721

Semantic energy 0716 0716 0.719 0.719 0.718
0722 0723 0724 0717 0.724

0.725 0.723  0.725 0.699 0.725

Semantic entropy 0726 0723 0726 0.714 0.726
0721 0719 0722 0.688 0722

0.755 0.755 0.755 0.750 0.755

SAR 0753 0753 0753 0751 0753
0757 0757 0757 0751 0757

0.701  0.703  0.702 0.692 0.701

MSp 069  0.699  0.696 0.693 0.696
0706 0706 0706 0.686 0706

0.578 0.592  0.586 0.552 0.578

MI 0569 0581 0565 0546 0565
058 0599 0579 0563 0592

0.813 0.811 0.815 0.811 0.814

all UQ 0817 0816 0819 0.815 0.818
0807 0805  0.808 0.801 0.808

0.789 0.788 0.789 0.778 0.789
Spectrum-Qwen3-14B CoCoA 0794 0794 0795 0.789 0.795
078 0778 0781 0769 0781

0.774 0.773  0.774 0.766 0.774

Semantic energy 0782 0782 0783 0777 0.783
0763 0761 0762 0757 0762

0.778 0.778 0.778 0.772 0.778

Semantic entropy 0787 0787 0787 0.782 0.787
0766 0765 0766 0760 0766

0795 0.795  0.796 0.787 0.795

SAR 0801 0802 0801 0795 0.801
0785 0784 0785 0776 0785

0.763 0.762  0.763 0.757 0.763

MSP 0767 0766 0767 0763 0.767
0757 0755 0757 0750 0757

0.584 0.587 0.589 0.589 0.579

MI 0567 0564 0559 0553 0553
0606  0.602  0.600 0.602 0.602

0.738 0.740 0.746 0.738 0.737

all UQ 0735 0731 0738 0732 0734
0746 0737 0751 0737 0743

0.735 0.736  0.740 0.700 0.735

A2Search-7B CoCoA 0728 0729 0729 0.694 0728
0746 0745 0746 0710 0746

0.724  0.727 0.728 0.726 0.724

Semantic energy 0724 0726 0724 0.714 0.724
0728 0729 0728 0721 0727

0.727 0.729 0.729 0.724 0.726

Semantic entropy 0725 0725 0725 0.722 0.725
0729 0732 0729 0729 0729

0.606 0.684 0.644 0.569 0.605

SAR 0344 062 0520 0.649 0590
0361 0581 0525 0672 0617

0.657 0.547 0.506 0.542 0.657

MSP 0360 0374 0348 0528 0351
0375 0389 0531 0555 0348

0.502 0.543  0.526 0.543 0.502

MI 0504 0.551 0.497 0.550 0.495
0500 0526 0503 0526 0.509

Table 18: AUROC (error prediction) on AmbigQA (validation split), LLM-judge supervision. Bold = significant
improvement over baseline (p < 0.05, paired bootstrap). Highlight = best AUROC for model.
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latent oracle latent oracle
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0.904 0.904 0.904 0.904 0.903

Model Features baseline

all uUQ 0913 0914 0913 0914 0914
0891 0892 0891 0.891 0.891

0.884 0.884 0.883 0.884 0.884

Llama-3.1-8B CoCoA 0892 0893 0.892 0.893 0.892
0871 0872 0871 0872 0871

0.874 0.875 0.874 0.876 0.874

Semantic energy 0.885  0.886 0885 0.887 0.885
0858 0860 0858 0.860 0858

0.880 0.881 0.879 0.881 0.880

Semantic entropy 0891 0.892 0.891 0.893 0.891
0865 0866 0865 0.866 0.865

0.892 0.892 0.892 0.893 0.892

SAR 0902 0903 0902 0903 0902
0878 0879 0878 0879 0878

0.853 0.855 0.853 0.857 0.853

MSP 0.858  0.861 0.858 0.864 0.858
0843 0845 0843 0.846 0.843

0.864 0.867 0.864 0.869 0.863

MI 0872 0876 0872 0.877 0.872
0850 0854 0850 0856 0850

0.859 0.863 0.860 0.871 0.857

all uQ 0868 0871  0.868 0877 0867
0847 0851 0847 0.860 0.845

0.834 0.841 0.835 0.847 0.834

Qwen3-14B CoCoA 0841 0846 0841 0851 0.841
0824 0831 0824 0.837 0.824

0.840 0.846 0.842 0.854 0.840

Semantic energy 0852 0.856 0.852 0.861 0.852
0826 0832 0825 0842 0826

0.811 0.840 0.818 0.842 0.810

Semantic entropy 0818 0844 0819 0.846 0.819
0800 0830 0799 0831 0.799

0.842 0.854 0.846 0.858 0.842

SAR 0850 0858 0852 0.860 0.850
0832 0845 0834 0.849 0832

0.820 0.830 0.822 0.835 0.820

MSP 0828 0836 0828 0.840 0828
0809 0820 0809 0823 0.809

0.539 0.735 0.586 0.735 0.539

MI 0546 0730 0546 0.730 0.546
0532 0727 0532 0727 0532

0.887 0.888 0.887 0.889 0.887

all UQ 0898 0899 0897 0.900 0.898
0873 0874 0873 0.875 0873

0.857 0.859 0.857 0.861 0.857
Spectrum-Llama-3.1-8B  CoCoA 0.866  0.868 0.866 0.869 0.866
0845 0846 0845 0.848 0845

0.858 0.861 0.859 0.863 0.858

Semantic energy 0867 0870 0867 0872 0.867
0845 0849 0845 0.849 0845

0.864 0.867 0.864 0.869 0.864

Semantic entropy 0874 0877 0874 0.878 0.874
0851 0854 0851 0.854 0851

0.875 0.876 0.875 0.876 0.875

SAR 0884 0885 0884 0.885 0884
0863 0864 0863 0.864 0.863

0.811 0.818 0.812 0.825 0.811

MSpP 0816 0823 03816 0833 0816
0802 0808  0.802 0812 0.802

0.843  0.849 0.838 0.850 0.842

MI 0849 0856 0849 0856 0.849
0832 0838 0825 0.836 0.832

0.906 0.907 0.906 0.907 0.906

all UQ 0916 0916 0915 0916 0915
0894 0894 0894 0.894 0.894

0.887 0.888 0.887 0.888 0.887
Spectrum-Qwen3-14B CoCoA 0895 0896 0895 0.896 0.895
0875 0875 0875 0876 0875

0.877 0.879 0.877 0.881 0.877

Semantic energy 0887 0888 0887 0.890 0887
0864 0865 0864 0.867 0.864

0.884 0.886 0.885 0.888 0.884

Semantic entropy 0894 0896 0894 0897 0894
0871 0873 0871 0.874 0871

0.895 0.896 0.895 0.897 0.895

SAR 0904 0904 0904 0905 0.904
0883 0884 0883 0.884 0883

0.852 0.855 0.853 0.857 0.852

MSP 0857 0861 0857 0.864 0857
0843 0845 0843 0.846 0.843

0.871 0.875 0.866 0.875 0.867

MI 0873 0881 0873 0.882 0873
0856 0864 0856 0.863 0.856

0.838 0.843 0.839 0.850 0.838

all UQ 0847 0851 0846 0856 0.846
0828 0833 0829 0.841 0828

0.808 0.819 0.809 0.824 0.808

A2Search-7B CoCoA 0816 0825 0816 0830 03816
0797 0809 0797 0812 0797

0.825 0.830 0.826 0.837 0.824

Semantic energy 0834 0838 0834 0.844 0.833
0814 0819 0814 0.826 0814

0.804 0.826  0.809 0.828 0.804

Semantic entropy 0810 0.831 0.810 0.832 0.810
079 0817 079 0819 0.796

0.822 0.832 0.823 0.837 0.822

SAR 0829 0837 0829 0.841 0829
0813 0824 0813 0.827 0813

0.794  0.801 0.797 0.812 0.794

MSP 0803 0810 0803 0818 0.803
0783 0792 0783 0.799 0783

0.545 0.696 0.585 0.700 0.545

MI 0.545  0.692 0.548 0.697 0.547
0546 0690 0546 0691 0.545

Table 19: AUROC (error prediction) on TriviaQA (validation split), LLM-judge supervision. Bold = significant
improvement over baseline (p < 0.05, paired bootstrap). Highlight = best AUROC for model.
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0.718 0.846  0.747 0.840 0.741

Model Features baseline

all uUQ 1000 0824 0235 0765 0824
0654 0846 0875 0.856 0734

0.676  0.684  0.682 0.478 0.558

Llama-3.1-8B CoCoA 1000 0647 0471 0.647 0.000
0609 0679 0763 0449 0705

0.665 0.672 0.701 0.653 0.598

Semantic energy 0.176 0412 1.000 0.118 0.176
0772 0744 0763 0.776 0712

0.533 0716  0.592 0.722 0.541

Semantic entropy 0706 0.824 0.235 0.765 0.235
0519 0696 0638 0.708 0.647

0.653 0.733 0.733 0.621 0.686

SAR 0.118 0294 03882 0.235 0.176
0788 0846 0817 0712 0811

0.823 0.792  0.739 0.745 0.844

MSP 0941 0647 0882 0.765 0.941
0788 0814 0827 0740 0821

0.595 0.760  0.639 0.731 0.588

MI 0735 0706 0324 0.588 0735
0564 0779 0705 0772 0561

0.794  0.927 0.799 0.927 0.823

all uQ 0500 0500 0500 0.500 0.500
0785 0929  0.840 0.926 0821

0914 0.661 0.731 0.656 0.917

Qwen3-14B CoCoA 0500 0500 0500 0.500 0.500
0920 0683 0901 0683 0929

0.923 0.818 0.714 0.708 0.762

Semantic energy 0500 0.500 0.500 0.500 0.500
0923 0827 0878 0.702 0.769

0542 0.521 0.604 0.562 0.542

Semantic entropy 0500 0500 0500 0.500 0.500
0538 0535 0538 0535 0538

0.823  0.680 0.747 0.661 0.754

SAR 0.500  0.500 0.500 0.500 0.500
0840  0.683 0715 0.660 0742

0.905 0.927 0.879 0.716 0.900

MSP 0500 0500 0500 0.500 0.500
0904 0926 0877 0708 0.902

0.510 0.661 0.422 0.641 0.510

MI 0500 0500 0500 0500 0500
0506 0.673 0506 0.660 0506

0.605 0.575 0.578 0.739 0.605

all UQ 0412 0118 0.235 1.000 0.353
0636 0642 0636 0683 0657

0.592 0.631 0.523 0.580 0.569
Spectrum-Llama-3.1-8B  CoCoA 0294 0.882 0.353 0.941 0.294
0652 0584 0551 0538 0.639

0.653 0.683 0.626 0.647 0.639

Semantic energy 1000 0.647 0588 0824 0.588
0577 0694 0631 0.636 0652

0.470 0.594 0.704 0.567 0.514

Semantic entropy 0.118 0824 0647 0.824 0.471
0558 0545 0764 0540 0522

0.837 0.816 0.723 0.761 0.837

SAR 1000 1000 0529 1.000 1.000
0813 079 0738 0719 0813

0.534  0.583  0.608 0.553 0.527

MSp 0059 0941 0941 0706 0.059
0631 052 0649 0530 0623

0.732 0.668 0.565 0.695 0.713

MI 0235 0059 0294 0235 0.000
0832 0745 0.609 0787 0858

0.857 0.905 0.897 0.909 0.848

all UQ 0.588 1000 0588 0.941 0412
0933 0891 0939 0.933 0936

0.676 0.800 0.674 0.705 0.701
Spectrum-Qwen3-14B CoCoA 0.824  1.000 1.000 1.000 0.824
0667 0756 0580 0.644 0.699

0.684 0.779 0.796 0.756 0.705

Semantic energy 0353 0647 0471 0.765 0412
0750 0814 0865 0.760 0.760

0.716 0.728 0.657 0.640 0.720

Semantic entropy 0471 0529 0294 0.000 0176
0760 0772 0734 0760 0.830

0.691 0.686 0.722 0.661 0.710

SAR 0588 0588 0706 0.176 0529
0718 0715 0737 0769 0753

0756 0.794  0.724 0.760 0.739

MSP 0706 1.000  0.647 1.000 0.706
0782 0747 0817 0.696 0756

0.695 0.750 0.754 0.699 0.720

MI 0324 0529 0324 0529 0324
0806 0814 0822 0750 0822

0.739 0.737 0.587 0.699 0.844

all UQ 0500 0500 0500 0.500 0.500
0756 0719 0.686 0704 0.834

0.637 0.659 0.480 0.695 0.673

A”Search-7B CoCoA 0500 0500 0500 0.500 0.500
0662 0652 0591 0.686 0.681

0.731 0.646  0.658 0.638 0.710

Semantic energy 0500 0500 0500 0.500 0.500
0729 0660 0812 0.644 0716

0.574 0.617 0453 0.530 0.574

Semantic entropy 0.500 0500  0.500 0.500 0.500
0571 0.600 0571 0543 0571

0.848 0.674 0.676 0.545 0.817

SAR 0500 0500 0500 0500 0.500
0864  0.678 0808 0538 0829

0.740 0.710 0.539 0.682 0.687

MSP 0500 0500 0500 0500 0.500
0726 0709  0.665 0675 0708

0.526  0.577 0.432 0.575 0.516

MI 0.500 0500 0.500 0.500 0.500
0532 0579 0532 0577 0532

Table 20: AUROC (error prediction) on NCQA (test split), LLM-judge supervision. Bold = significant improvement
over baseline (p < 0.05, paired bootstrap). Highlight = best AUROC for model.
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