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Abstract

The wide adoption of LLMs across broad NLG
applications heightens the importance of pro-
viding users with the means to avert errors and
hallucinations. Uncertainty quantification is
poised to fill that gap; with low uncertainty
(high confidence), as a proxy for correctness,
allowing users to be selective (e.g., reject low-
confidence, likely incorrect responses). Cor-
relation between confidence and correctness
then serves as a useful criterion for evaluation
of uncertainty quantifiers (UQs). But in NLG,
where diverse responses can be adequate to a
prompt, obtaining reliable correctness judge-
ments is not simple, especially without human
intervention. Errors in automated judgement
are hardly avoidable and known to diminish the
reliability of evaluation protocols (Santilli et al.,
2025; Ielanskyi et al., 2025). In a meta-analysis
of published work, we show that automated
judgement is the present norm. Besides, auto-
mated judgements are rarely validated against
human ones, and the validation of the UQ eval-
uation they automate is even rarer. With exper-
iments in question answering, using 4 LLMs,
human and automated judgements and 7 popu-
lar UQs, we find that i) a judge’s performance
can only coarsely predict the observed impact
of its errors on the reliability of UQ evaluation,
and that ii) judgement errors tend to misrep-
resent informative UQs most. We link these
observations to patterns of correlation between
confidence and categories of judgement error.

1 Introduction

While modern LMs have undeniably advanced the
state-of-the-art of NLG applications, even large
LMs still err and hallucinate (Singh et al., 2025;
Comanici et al., 2025; Yang et al., 2025a; Manakul
et al., 2023; Ji et al., 2023), often with no appre-
ciable disclaimers (Yona et al., 2024; Wang et al.,
2026). Uncertainty quantifiers (UQs), which qual-
ify generated responses with a notion of uncertainty
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Figure 1: An informative UQ (top-left) assigns higher
confidence to responses that humans deem correct (C)
than to those that humans deem wrong (W), allowing a
decision maker to be selective (e.g., by rejecting lower-
confidence responses wrt a threshold (dashed line)). If
assigned confidences do not neatly separate Cs from
Ws (top-right), the UQ leads to selection errors (shown
in red). The degree of separation gives us a criterion
to choose amongst UQs. But when judgement is au-
tomated (bottom), as routinely done in UQ evaluation,
judgement errors (C→W or W→C; shown as diamonds)
distort our view of the relative merits of the UQs. This
affects informative UQs most: on the left, we go from
0/6 to 3/6 selection errors (2 rejected Cs and 1 accepted
W), while on the right we go from 3/6 to 4/6 errors.

(or confidence), have been introduced to close this
gap (Fomicheva et al., 2020; Malinin and Gales,
2021; Lin et al., 2024; Kadavath et al., 2022). An
informative UQ is predictive of correctness, assign-
ing low uncertainty (high confidence) to responses
that are likely to be correct and high uncertainty
(low confidence) otherwise. It therefore provides
information that a selective decision maker can use
to avoid errors (e.g., by rejecting low-confidence
responses)—see Figure 1 (top).

To establish the relative merits of uncertainty
quantifiers—the goal of UQ evaluation—we mea-
sure one or another notion of ‘correlation’ between
correctness and uncertainty in generation. The
most common strategies quantify errors in selective
prediction (Varshney et al., 2022; Zablotskaia et al.,
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2023). In NLG, however, a plethora of factors (e.g.,
paraphrastic variation, task open-endedness, input
under-specification, user perspectives, etc.) render
the variability in responses that are deemed plausi-
ble wrt a given prompt impossible to represent in
a reference set, making correctness difficult to as-
certain automatically (Novikova et al., 2017; Plank,
2022; Celikyilmaz et al., 2020). In effect, human
judgement is the most reliable evaluation signal in
NLG, but, in practice, it is routinely replaced by au-
tomated systems (Zhou et al., 2022). Such proxies
to NLG evaluation distort our views of errors in se-
lective prediction (SP)—see Figure 1 (compare top
and bottom)—and diminish the reliability of our
practical protocols for UQ evaluation (Santilli et al.,
2025; Ielanskyi et al., 2025). In this work, we doc-
ument the widespread neglect of human validation
of these automated protocols, study the complex re-
lationship between judgement errors and selective
prediction errors, and seek to vindicate the role of
human validation in UQ evaluation.

We begin by mapping out the UQ evaluation
practices that have become common within the
NLP community in recent years, particularly with
regards to the automation of correctness judgement
and the validation of this practice in the specific
context of UQ evaluation. We perform a meta-
analysis of published ACL papers within the un-
certainty in NLG field and find that a variety of
judges are employed to approximate correctness
(e.g., LLM as a judge, overlap-based and semantic-
similarity-based metrics) but these are rarely val-
idated against human judgement (∼ 23% of stud-
ied papers, as per our meta-analysis). In experi-
ments situated within question answering (Trivi-
aQA; Joshi et al. (2017) and AmbigQA; Min et al.
(2020)) using 4 LLMs (Llama-8B/3B; Grattafiori
et al. (2024) and Qwen-7B/0.5B; Hui et al. (2024)),
we assess a representative range of automated
judges by comparing their predictions to those of
human judges. This reveals that judgement qual-
ity varies across settings and is highly sensitive to
hyperparameters (e.g., similarity cutoffs). We then
characterise how the errors of the automated judges
impact UQ evaluation: we use each one of 7 UQs to
parameterise a selective decision maker, and rank
these UQs in terms of AUROC (powered by either
human or automated judgement). We observe how
judges’ quality only coarsely relates with the qual-
ity of the UQ evaluation they induce, probing us to
dig deeper into the relationship between the error
patterns of automated judges and the patterns UQs’

scores exhibit. We indeed identify a non-trivial im-
pact in the relationship between judges’ error types
and the distribution of confidences—implying that
an optimal choice of judge requires its validation
within the UQ evaluation protocol.

Overall, judgement errors have non-trivial ef-
fects on UQ evaluation, often misrepresenting in-
formative quantifiers. We caution against the care-
less adoption of judges without validation of their
effectiveness within UQ evaluation. To that end, we
introduce data analysis tools that help identify high
quality judges and analyse their errors’ tradeoffs,
to support more informed decision making.1

2 Background

2.1 Uncertainty Quantifiers

An LM can be regarded as a tool to represent prob-
abilistic beliefs about responses given a prompt
(Du et al., 2023, 2024). These beliefs can be as-
sessed in at least two ways: i) by assuming that
an underlying probability mass function (pmf) is
prescribed by the autoregressive factorisation of
the model, or ii) by letting the token-level distribu-
tions parameterise an arbitrary choice of sampling
algorithm (Kool et al., 2019; Holtzman et al., 2020;
Meister et al., 2023), in which case a pmf exists but
is unknown. Sampling is tractable in both views,
making Monte Carlo (MC) estimation of probabili-
ties (as well as entropy and other quantities) viable.

The vast majority of UQs is powered by one of
these two views. Quantities derived from the proba-
bility assigned to a response are seen as the model’s
confidence in that prediction (e.g., log-probability
of response (Jiang et al., 2021; Xiao and Wang,
2021) or its sequence-length-normalised version
(Manakul et al., 2023; Bakman et al., 2024; Flores
et al., 2025)). Degrees of variation in the condi-
tional distributions (at sequence- or token-level),
such as Shannon entropy, are viewed as uncertainty
signals (Fomicheva et al., 2020; Xiao and Wang,
2021; Duan et al., 2024). Others, first push the LM
distribution forward through a transformation (e.g.,
by analysing sampled outcomes in terms of some
of their attributes) and assess notions of confidence
or uncertainty wrt this transformed distribution:
a popular choice being semantic variation (Kuhn
et al., 2023; Cheng and Vlachos, 2024; Kunitomo-
Jacquin et al., 2026) or consistency (Gao et al.,
2024; Zhang et al., 2024; Bhattacharjya et al., 2025;

1Code, generations and annotations at https://github.
com/evgeniael/auroc_eval.
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Nguyen et al., 2025; Wang et al., 2025a; Joo and
Cho, 2025; Vazhentsev et al., 2025), where the
transformation groups outcomes that are semanti-
cally equivalent. ‘Verbalised’ confidence quanti-
fiers, which are estimates that are similar in essence
but communicated differently, prompt LLMs to
generate their confidence in a response. Some di-
rectly sample from the next-token distributions and
extract the relevant confidence values from the sam-
pled strings (Tian et al., 2023; Ishii et al., 2025),
or assess the probability of tokens semantically
related with correctness or confidence values (Ka-
davath et al., 2022; Lin et al., 2024; Khanmoham-
madi et al., 2025). Recently, some works focus on
adapting LLMs to predict some of the above UQs,
e.g. via some form of teacher-student distillation
(Chen et al., 2023; Liu et al., 2024a; Xu et al., 2024;
Shelmanov et al., 2025; Eikema et al., 2025).

2.2 Uncertainty Quantification Evaluation

An informative UQ should indicate when we
will generate correct responses (with high con-
fidence/low uncertainty) and incorrect responses
(low confidence/ high uncertainty). Under this
lens of informativeness, we can validate various
UQs; with selective prediction comprising a useful
paradigm for this purpose — it accepts or rejects
responses depending on whether a confidence score
surpasses a threshold (Varshney et al., 2022; Zablot-
skaia et al., 2023). At a given threshold t, we can
measure various performance trade-offs: for ex-
ample, risk/error against coverage (percentage of
responses answered/accepted), or precision against
recall, or the true positive rate (TPR) against the
false positive rate (FPR). Existing metrics can help
summarise information about trade-offs under var-
ious thresholds, by measuring the area under the
curves plotting the assessed trade-offs of interest
across two axes: e.g., the area under the precision-
recall curve (AUCPR) or the area under the receiver
operating characteristic curve (AUROC), assessing
TPR and FPR trade offs (Flach, 2016).2

To compute such performance metrics (e.g.,
TPR, FPR, precision, recall) at varying thresh-
olds, it is necessary to judge whether generated
responses are correct or incorrect. As human
judgement is expensive to obtain at large scale,
in practice this correctness judgement is delegated

2AUROC =
∫ 1

0
TPR(t) d(FPR(t)) has a probabilistic

interpretation, which enables efficient implementation: the
probability that a randomly chosen correct response has higher
confidence than a randomly chosen incorrect one.

to an automated judge, e.g., a quality metric or
a judge model. Unavoidably, automated judges
err. Their errors were found to distort AUROC
values and rankings (Santilli et al., 2025; Ielanskyi
et al., 2025). Santilli et al. (2025) identify sequence
length as a common bias affecting both UQs and
judges, and partly a source of the distortion—with
judges that align well with humans being impacted
to a lesser extent; while Ielanskyi et al. (2025) pro-
pose combining judges’ predictions as a means
to mitigate biases. We dissect even further the
complex relationships between UQs and automated
judges of varying quality, as assessed by their abil-
ity to predict human judgement, so as to understand
how they interact within UQ evaluation. We dis-
cover a previously unidentified impact of errors
that is disproportionately affecting higher quality
quantifiers; and point to error categories as a factor
that can explain such impacts on UQs.

3 Correctness Judgements

3.1 Meta-analysis of Current Practices

To the best of our knowledge, no extensive analysis
of current practices for the choice of automated
judges exists. Here we report on our own meta-
analysis of such choices in recent literature.

Methodology. We survey the ACL anthology
from 2020 to 2026 for papers relevant to uncer-
tainty in NLG (we start with an automatic keyword-
matching filter and proceed with careful, manual in-
spection). This results in 67 papers, whose choices
with regards to correctness judgements we sum-
marise next (further details in Appendix A.1).

Results. Table 1 summarises the main findings.
The 2nd column documents the number of times
we encounter different types of judge, and the 3rd
column lists the proportion of matches amongst
the 67 papers—as in some papers more than one
judge is used (e.g., because different tasks use dif-
ferent judges, or because hybrid methods combine
the predictions of multiple judges to reach a final
decision) the cells are normalised independently
and hence do not add up to 100%. First, it is worth
to remark how human labelling is rare, with 91%
of papers delegating correctness decisions to an
automated judge. When it comes to automated
judges, a broad range of methods is used, with
the most popular being an LLM as a judge (e.g.,
GPT-4). However, an appreciable number of papers
uses other methods such as overlap-based metrics

3



Correctness judge # Papers Proportion
LLM judge 26 38.8%
Overlap based 19 28.3%
Exact/fuzzy match 14 20.9%
Semantic similarity 11 16.4%
Unidentifiable 7 10.4%
Human labelling 6 9.0%

Table 1: Correctness judges used in surveyed papers.

(e.g., Rouge-L), exact or fuzzy matching, semantic-
similarity-based metrics (e.g., cosine of BERT em-
beddings). Even within one judge type we see high
variation among implementation choices (metrics,
thresholds, LLMs and their prompts, etc.; see Ap-
pendix A.2 for an in-depth analysis and a complete
list of the analysed papers and their associated cor-
rectness judges). When the judge is automated (61
papers), only 23% of times (14 papers) the judge
is validated against human judgements. We also
tracked the choices made wrt the UQ evaluation
metric (noting that some papers employ multiple).
The majority of papers employ AUROC (≈ 60%),
while other SP metrics (i.e., AUCPR, AURAC) and
calibration metrics (i.e., ECE, Brier) remain popu-
lar (see Table 5 of Appendix A.2).

3.2 Evaluating Correctness Judges

Our meta-analysis reveals that automated judges
are rarely validated against human judgements.
Hence, we gather a representative set of such
judges and collect human annotation to assess their
classification performance (e.g., accuracy, F1, etc.).

Data Collection. We focus on question answer-
ing (QA): we sample 100 questions from TriviaQA
(Joshi et al., 2017), which contains factual ques-
tions, and 200 questions from AmbigQA (Min
et al., 2020), which contains ambiguous and un-
ambiguous factual questions (100 non-ambiguous
and 100 ambiguous questions). We employ
4 generator models: Llama-3.1-8B-Instruct,
Llama-3.2-3B-Instruct,Qwen2.5-7B-Instruct
and Qwen2.5-0.5B-Instruct (Grattafiori et al.,
2024; Hui et al., 2024). We generate greedy
responses from these models (i.e., temp = 0). A
human judge annotates the correctness of each
greedy response with respect to a set of references.
For Llama 8B/TriviaQA and Llama 8B/AmbigQA
(ambiguous), 2 judges annotate each response, so
that we can appreciate the extent to which they
agree (Cohen’s Kappa score between annotators

variable judge

F1

bleu/0.6
EM

tokf/0.4
rouge/0.5
rouge/0.3
tokf/0.2
esim/0.5
bert/0.7
esim/0.4
esim/0.3
rouge/0.1

gpt
llama

human2
human1

0.0 0.2 0.4 0.6 0.8

Figure 2: Posterior F1 (horizontal axis) for a subset
of judges for TriviaQA-Llama8b. Rows are sorted by
posterior median (circle) and display two high density
intervals (50% and 95%; thick/thin line segments).

0.88 for the former and 0.75 for the latter; see
Appendix D.2 for details). We analyse various
judges, representative of the categories of judges
found in our meta-analysis (see Table 1): exact
matching, thresholded token F1, thresholded
BLEU (Reiter, 2018), thresholded ROUGE-L
(Lin, 2004), thresholded embedding similarity
with all-MiniLM-L6-v2, thresholded BERT score
(Zhang* et al., 2020), and LLM as judge (using
gpt-5.4-mini and Llama-3.1-8B-Instruct; an
API and a Hugging Face model, resp.). Implemen-
tation details in Appendix C. Figure 3 shows one
annotated data point, for one TriviaQA question.

Methodology. Our goal in this section is to use
the annotated data (human and automated judge-
ments) to infer our judges’ classification perfor-
mances, but we also need to cope with various
sources of uncertainty (e.g., adequacy judgements
are subject to variability due to annotator perspec-
tive, prompt under-specification and ambiguity, an-
notation errors, etc.). To accommodate them, as
well as the inevitable scarcity of human data, we
model available data as draws from a hierarchi-
cal Bayesian model whose latent parameters cap-
ture the probability of correctness of each prompt-
response pair, as well as each judge’s sensitivity (re-
lated to TPR) and specificity (related to TNR). To-
gether, these parameters allow us to infer posterior
distributions of a judge’s performance in terms of
TPR, TNR, FPR, FNR and transformations thereof
(e.g. F1). See complete model in Appendix B.1.

Results. Figure 2 plots the inferred posterior F1
for a subset of the judges in the setting Llama
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Greedy response: Wyoming is the last U.S. state in 
alphabetical order.

Q: In alphabetical order, what is the last U.S. state?
R: State of Wyoming

tokf/.3 bert/.3 llama

rouge/.3 esim/.3 gpt

exact

bleu/.3

Sampled responses:
- Wyoming.
- Wyoming is the last U.S. state in alphabetical order.
- In alphabetical order, the last U.S. state is Wyoming.
[...]

P(T): .12 vconf: .99 SE: -1.19 sconf: 1.0P(Seq): .26 E: -1.97

human1

human2

Figure 3: An example data point of question (Q) and ref-
erences (R) from TriviaQA and responses by Llama 8B.
The greedy response is judged manually and automat-
ically (e.g., via exact match, BLEU, BertScore, LLM
judges, etc.); positive judgements are blue/solid, nega-
tive are red/dashed. We compute various UQs: some
(e.g., P(True)) qualify the greedy response specifically
(in green), others (e.g., entropy) qualify the entire condi-
tional distribution (estimated using samples; in yellow).

8B/TriviaQA. These judges cover a representa-
tive range of F1 medians.3 Such a plot allows
us to group bad (e.g., BLEU@0.6, exact match),
medium (e.g. Rouge-L@0.3, Token-F1@0.2)
and good judges (e.g., Rouge-L@0.1, Llama8B
and GPT5.4-mini). We generally observe across
dataset-generator pairs similar distribution spreads;
with human F1 distributions concentrating towards
higher F1 scores. The order of the judges varies
across pairs; but across plots, distributions for LLM
and semantic similarity judges (for one threshold
or another) are skewed towards higher F1 values.

4 Evaluating UQ Evaluation

UQ evaluation by AUROC sorts competing UQs
from least to most informative for selective pre-
diction. Here, we evaluate whether this strategy
is at all reliable when correctness judgements are
automated. For a collection of UQs being com-
pared, we characterise their AUROC using human
correctness judgements to establish an ‘oracle’ or
‘gold-standard’. We then analyse the impact of auto-
mated correctness by assessing changes in AUROC
when replacing human with automated judgement.

Experiments. We continue analysing the prompt-
response pairs from TriviaQA and AmbigQA, and

3A complete list of distributions for all judges and model-
generator pairs can be seen in Appendix D.5.

the generators we have used in the previous analy-
sis (Llama 3B/8B, Qwen 0.5B/7B); whose greedy
responses we have generated and annotated. We
analyse 7 different UQs: log probability (Jiang
et al., 2021), normalised log probability (Man-
akul et al., 2023), predictive entropy (Fomicheva
et al., 2020), semantic entropy (i.e., entropy over
semantic clusters of sampled responses; Kuhn et al.
(2023)), semantic confidence (i.e., rate at which a
response is not contradicted by sampled responses;
Yona et al. (2024))), P(True) (i.e., the probability
a model assigns to the token associated with cor-
rectness of a response; Kadavath et al. (2022)) and
verbalised confidence (i.e., extracted confidence
sampled from a model when prompted for the task;
Tian et al. (2023)). To compute these UQs, we
sample 10 responses from our generators (with
temp = 1). We use the same correctness judges
as before. See Figure 3 for an illustration of a
datapoint (and Appendix C for more details).

Results. Table 2 and 3 present the main results.
For each dataset-generator pair we separate the cor-
rectness judges as ‘good’ (G; F1 > 0.7), ‘medium’
(M; 0.3 < F1 < 0.7) or ‘bad’ (B; F1 < 0.3) in
terms of their F1 score, pointed-estimated against
a human judge. Then, for each case we identify the
best UQ (ranked 1st), medium-quality UQ (ranked
4th) and worst UQ (ranked 7th), according to their
oracle AUROC values. We then check how the ora-
cle evaluation is distorted by automated evaluation
at different levels of judgement quality (G/M/B);
by tracking the change in oracle figures, for the
best, medium and worst UQs, due to automation.
In Table 2 we track the position at which the auto-
mated judge places these UQs and in Table 3 the
change in automated AUROC relative to the ora-
cle. These are averages, as each group (G/M/B)
contributes multiple measurements (one per judge).

It is clear that automated protocols vary widely,
echoing previous findings (Santilli et al., 2025;
Ielanskyi et al., 2025). But the oracle allows for
further insight: we can now see that automated
protocols can perform very poorly, with AUROC
values and rankings distorted away from the ora-
cle. We also see that judgement quality has a non-
uniform impact on how the merits of different UQs
are depicted, with informative UQs being harshly
downplayed. The best UQs are often seriously
harmed (e.g. the actual best UQ often ranks 4th-
6th under a bad correctness judge). On the other
hand, the medium-quality UQs are affected some-
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Best Quantifier (Rank #1) Medium Quantifier (Rank #4) Worst Quantifier (Rank #7)
Model/Dataset pair Actual Rank G Rank M Rank B Actual Rank G Rank M Rank B Actual Rank G Rank M Rank B
TriviaQA/Llama8b VC 2.3 4.3 4.4 SE 4.2 3.5 3.6 SC 6.8 6.0 5.8
TriviaQA/Llama3b P(Seq.) 2.2 1.4 2.1 VC 2.5 5.6 5.2 SC 7.0 5.6 6.1
TriviaQA/Qwen7b SC 1.5 6.0 6.3 N.P(Seq.) 5.0 2.0 2.8 E 6.0 3.3 1.3
TriviaQA/Qwen0.5b SC 1.0 3.7 5.2 N.P(Seq.) 3.0 4.2 3.5 P(True) 6.0 4.6 4.8
AmbigQA_non/Llama8b VC 1.4 2.8 4.7 P(True) 3.9 5.8 5.1 E 5.0 4.7 2.2
AmbigQA_non/Llama3b N.P(Seq.) 1.5 1.5 1.2 SC 6.7 7.0 6.8 E 5.5 3.5 4.0
AmbigQA_non/Qwen7b P(True) 2.0 2.8 4.5 VC 5.5 5.0 4.0 E 7.0 6.4 4.5
AmbigQA_non/Qwen0.5b N.P(Seq.) 2.0 1.6 1.5 P(Seq.) 3.0 2.1 1.5 E 6.5 4.9 5.0
AmbigQA_am/Llama8b P(True) 1.4 3.3 6.4 SE 5.6 6.0 3.9 E 6.0 6.0 4.3
AmbigQA_am/Llama3b VC 1.9 3.0 5.5 N.P(Seq.) 3.4 2.2 4.5 E 5.3 4.4 3.2
AmbigQA_am/Qwen7b P(True) 1.5 3.6 5.8 N.P(Seq.) 2.5 4.3 3.4 E 7.0 4.6 2.8
AmbigQA_am/Qwen0.5b SC 1.5 - 5.2 N.P(Seq.) 3.0 - 2.2 E 6.5 - 4.7

Table 2: We separate the correctness judges as ‘good’ (G; F1 > 0.7), ‘medium’ (M; 0.3 < F1 < 0.7) or ‘bad’ (B;
F1 < 0.3) in terms of their F1 score, and identify the best UQ (ranked 1st), medium-quality UQ (ranked 4th) and
worst UQ (ranked 7th), according to their oracle AUROC values. We show how the oracle rankings of UQs are
affected on average.

Best Quantifier (Rank #1) Medium Quantifier (Rank #4) Worst Quantifier (Rank #7)
Model/Dataset pair Actual AUROC Diff. G Diff. M Diff. B Actual AUROC Diff. G Diff. M Diff. B Actual AUROC Diff. G Diff. M Diff. B
TriviaQA/Llama8b VC 0.92 -0.11 -0.22 -0.19 SE 0.76 -0.03 -0.03 0.02 SC 0.69 -0.07 -0.05 -0.01
TriviaQA/Llama3b P(Seq.) 0.88 -0.09 -0.10 0.03 VC 0.79 0.00 -0.12 -0.02 SC 0.67 -0.06 -0.02 0.06
TriviaQA/Qwen7b SC 0.82 -0.08 -0.18 -0.11 N.P(Seq.) 0.72 -0.08 0.08 0.23 E 0.67 -0.05 0.08 0.29
TriviaQA/Qwen0.5b SC 0.73 0.02 -0.14 0.03 N.P(Seq.) 0.56 0.03 0.05 0.32 P(True) 0.49 0.02 0.07 0.31
AmbigQA_non/Llama8b VC 0.78 -0.02 -0.07 -0.31 P(True) 0.68 -0.01 -0.10 -0.14 E 0.58 0.02 0.06 0.25
AmbigQA_non/Llama3b N.P(Seq.) 0.79 -0.02 0.02 0.11 SC 0.68 -0.11 -0.12 -0.09 E 0.59 0.06 0.13 0.19
AmbigQA_non/Qwen7b P(True) 0.84 -0.09 -0.11 -0.13 VC 0.70 -0.07 -0.03 0.00 E 0.58 0.01 0.05 0.05
AmbigQA_non/Qwen0.5b N.P(Seq.) 0.66 0.05 0.09 0.15 P(Seq.) 0.61 0.09 0.12 0.20 E 0.53 -0.01 0.00 -0.04
AmbigQA_am/Llama8b P(True) 0.79 -0.06 -0.17 -0.37 SE 0.68 -0.09 -0.13 0.04 E 0.52 0.03 0.03 0.10
AmbigQA_am/Llama3b VC 0.70 0.00 -0.06 -0.27 N.P(Seq.) 0.66 -0.05 0.09 -0.15 E 0.55 0.00 0.06 0.06
AmbigQA_am/Qwen7b P(True) 0.68 0.01 -0.08 -0.14 N.P(Seq.) 0.65 0.03 -0.06 0.14 E 0.57 0.01 0.01 0.21
AmbigQA_am/Qwen0/5b SC 0.71 -0.07 - -0.28 N.P(Seq.) 0.60 -0.02 - 0.15 E 0.50 0.00 - 0.00

Table 3: We separate the correctness judges as ‘good’ (G; F1 > 0.7), ‘medium’ (M; 0.3 < F1 < 0.7) or ‘bad’ (B;
F1 < 0.3) in terms of their F1 score and identify the best UQ (ranked 1st), medium-quality UQ (ranked 4th) and
worst UQ (ranked 7th), according to their oracle AUROC values. We show how the oracle AUROC values of UQs
are affected on average.

what less (see medium columns of Table 3). The
worst UQs are affected minimally or even appear
better in terms of AUROC values (see right-most
columns, in green), with their absolute rankings
also appearing improved (bad judges place them in
rankings 2-4, when they should rank last).

In Appendix D.1, for transparency, we present a
complete list of AUROC values and rankings per
UQ and judge. For the dataset-generator pairs with
two sets of human annotations, we analyse the AU-
ROC values and rankings they induce side by side
(see Appendix D.2); verifying their similar patterns.
We also perform a bootstrapping analysis, where
we repeatedly subsample from available prompts
and compute key metrics (i.e., AUROC values and
rankings; Appendix D.3), and observe similar pat-
terns as in the main study. Lastly, we investigate
the use of other SP metrics in Appendix D.4 and
show that the issues discussed here persist.

5 Error Analysis

5.1 How Does NLG Evaluation and UQ
Evaluation Interact?

Here we dig deeper into the relation between the
quality of automated judges and their (in)ability to

power a reliable proxy to oracle UQ evaluation.

Experiments. We rank UQs by oracle AUROC
(with human judgements) and by proxy AUROC
(with automated judgements) and measure the sim-
ilarity of the rankings these protocols induce. For
that, we use Rank-Biased Overlap (RBO; Webber
et al. (2010)), which penalises disagreement at top
positions more (we use patience 0.9).4 To grasp
the relationship with judgement performance, we
study how RBO co-varies with judges’ F1 scores.

Results. Figure 4 shows results for TriviaQA-
Llama 8B and TriviaQA-Qwen 7B (other pairs in
Appendix D.6). Even within a narrow range of
F1 values (i.e., similar-quality judges), there’s con-
siderable variability in their UQ evaluation perfor-
mance. This is not only prominent in low-quality
judges, even high-quality judges (F1 ≃ 0.8− 0.9)
exhibit this variability (judges are distributed across
the vertical axis). We also inspect Kendall τ , in-
stead of RBO, and observe similar patterns.

This suggests that F1 may be hiding information
that is relevant to UQ evaluation. Connecting with

4As the field progresses, more UQs earn their spot in
comparisons, with the list growing long and uninformative—
naturally demanding for stronger agreement at top positions.
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Figure 4: F1 scores (↑) for judges against the RBO
score (↑) of human- vs judge-powered UQ rankings.
Even within a narrow range of F1 values (i.e., similar-
quality judges), there’s considerable variability in their
UQ evaluation performance.

our analysis of Section 3.2, where we observed
different error distributions across judges’ TPRs
and TNRs, we speculate that the ways a judge’s
errors distribute across these two categories play
an important role in UQ evaluation. This role is
elusive until we relate them to confidences values.

5.2 Understanding Trade-offs
Automated judges err, predicting that a response is
correct when it is incorrect (FP), or vice versa (FN);
we analyse how the confidences assigned by UQ
methods distribute across these error categories.

Methodology. With a heterogenous set of UQs
being compared, it is hopeless to expect that the
confidences they assign are comparable (many do
not even lie in the same interval). For the tools we
develop here, having all UQs communicate com-
parable confidences facilitates analysis. For that,
we learn to regress from the raw scores assigned by
UQs to a (normalised) confidence using a Bayesian
logistic regressor (details in Appendix B.2).

Let’s start with the simplest form of SP: a quan-
tifier Q assigns confidence c to a response r; if
c exceeds a fixed threshold (e.g., t = 0.5), the
response is accepted, else it is rejected. An auto-
mated judge categorises the responses as correct
(positive/P) or incorrect (negative/N), but, relative
to human judgement, the judge may be right (i.e.,
then a P is a true positive/TP and an N is a true
negative/TN) or wrong (i.e., then a P is a false
positive/FP and an N is a false negative/FN). In
Figure 5 (for TriviaQA-Llama8B), we scatter the
confidences assigned by different UQs, separated
by categories of classification error in automated
judgement by different judges. When the judge is
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Figure 5: Error trade-offs in SP (with threshold 0.5) for
various UQs under best automated judges (TriviaQA-
Llama8B). For a detailed guide on how to interpret this
figure, see Section 5.2.

right (TP, TN), a metric for SP will gather reliable
information about the quantifier’s merits in separat-
ing Ps from Ns (i.e., Ps to the right and Ns to the
left of the threshold). When the judge is wrong (FP,
FN), the UQ is unfairly rewarded (i.e., it accepts
a response that appears P but is not or it rejects a
response that appears N, but is not; green region in
plots) or penalised (i.e., it rejects a response that
appears P but is not or it accepts a response that
appears N but is not; red region in plots) depending
on how confidence distributes. In this way to view
the data, it is clear that an imbalance in concen-
tration of points across error categories (FP, FN)
amounts to a net impact that will misrepresent the
informativeness of the UQ; this is will be true even
for judges that are often (but not always) right.

The figure displays the three best automated
judges (as per the analysis of Figure 2). While all
judges have similar F1 distributions, their errors are
not always similarly distributed. For instance, Verb.
Conf. seems to have a more dense region of unfair
penalties (bottom, right red region) when the judge
is ROUGE-L@0.1 compared to the LLM judges,
indicating a higher negative impact on that UQ by
the specific judge. However, GPT5.4 judge’s er-
rors may be impacting P(seq.) more harshly than
ROUGE-L@0.1, since the former’s negative im-
pact regions seem to be more densely populated
than positive ones. ROUGE-L@0.1 contains in-
stances in positive and negative regions, possibly
cancelling each other’s effects.

Let’s now turn to evaluation by AUROC, which
is based on rate of ‘successful’ pairwise compar-
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Figure 6: Error impacts on AUROC for various quantifiers under best automated judges, for TriviaQA-Llama8B.
For a detailed guide on how to interpret this figure, see Section 5.2.

isons among correct and incorrect responses: the
metric rewards the UQ when a correct response (P)
has a higher confidence than an incorrect one (N),
and penalises it otherwise; same-label comparisons
are discarded. In Figure 6 (for TriviaQA-Llama
8B) we outline regions of unfair reward/penalty rel-
ative to the confidence value of an instance A (red
cross in the plot), rather than a fixed threshold. If
the judge is right for this instance (A is TP or TN),
AUROC gathers reliable information about the UQ;
when the judge is wrong (A is FP or FN), AUROC
is distorted. Because AUROC depends on pairs of
instances and discards same-label comparisons, we
have more regions to consider than in SP with fixed
thresholds. For A in FN, every other instance B
not in FN will lead to unfair reward, if assigned
confidence higher than A (green in the plots), or to
unfair penalty, if assigned confidence lower than
A (red in the plots): when B is TP, the UQ col-
lects reward for ranking a P over an apparent N
(under human judgement this would have been a
tie); when B is TN, A and B appear to tie, but that
would not be the case under human judgement, so
the UQ undeservedly foregoes a penalty; when B is
FP, the UQ collects rewards for ranking an apparent
P over an apparent N (under human judgement this
would have been a penalty). For A in FP, penalties
and rewards are reversed in each case. To make
each plot visually representative of an actual trend,
we place A (the red cross) in the median of the scat-
tered points. As before, imbalance in concentration
of points in FP and FN amounts to a net impact that
will misrepresent the informativeness of the UQ.

GPT5.4 judge’s errors may be impacting P(seq.)
more profoundly than ROUGE-L@0.1. Focusing
on FN instances: GPT5.4’s negatively impactful
(red) regions are densely populated; while ROUGE-
L@0.1 seems to contain instances that trade-off un-
fair rewards and penalties, when we iterate across
FN instances. In another example, when observing
the trade-off regions of the FP instances of different
judges for Norm. P(Seq.), ROUGE-L@0.1 appears
to be negatively impacted (with green and red re-
gions populated, with a dense cluster of points in
the red region). Simultaneously, LLama 8B, whose
FP error distribution is skewed towards higher val-
ues, will more often benefit from unfair rewards
of the instances in the TP and TN green regions;
with a possibly lower negative impact on the quan-
tifier compared to ROUGE-L@0.1. Even the same
judge can impact different UQs in distinct ways.
Rouge-L@0.1 has a similar distribution of FP and
FN errors across semantic entropy scores; with an
overall minimal impact on that UQ, as the positive
and negative impacts balance each other out. Con-
sidering the FP and FN distributions across Verb.
Conf. scores, errors do not cancel each other out
(since TP and TN errors distribute very differently;
with the judge harming the UQ).

The way the judges err has a non-trivial impact
on UQ evaluation, with plots such as the ones we
just analysed demonstrating precisely that. Hence,
the choice of judge should be informed by its use
in UQ evaluation. Simply opting for a judge that
is aligned with human judgment (e.g., high F1),
while agnostic to the application of UQ evaluation,
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could lead to suboptimal decisions. Data analyses
of the kind we use can help in a more thorough
evaluation, which however require human anno-
tations for the quality of the judge’s predictions.
Future work could investigate whether we could
determine insufficient judges before the collection
of human data, by analysing patterns of the data,
models, judges and UQs, that underlie the different
error categories.

6 Recommendations

We conclude this section by gathering some sugges-
tions and recommendations for practitioners work-
ing within uncertainty quantification. To begin
with, in settings we have tested, we note that even
a relatively small number of annotations suffices to
discriminate judges reliably. Hence, practitioners
should not be discouraged if practical constraints
allow for gathering only a small number of anno-
tations. Of course, this observation may well be
task/generator-sensitive, but with Bayesian analy-
sis, of the kind we use here, we get reassurances
(or warnings) in the form of posterior intervals
for the metrics in consideration. When choosing
an automated judge in a new experimental setup,
it is necessary to validate it. At first, one might
think that it is sufficient to validate the judge as
a tool for NLG evaluation (e.g., correctness clas-
sification performance assessed against a human
judge). That, however, turns out to be insufficient,
for judgement errors and selection errors are not
typically independent. Instead, validation needs to
be performed within a UQ evaluation protocol (e.g.,
correlation between human-powered and machine-
powered SP or AUROC). It must also be noted that,
while validation of a judge as tool for NLG evalua-
tion makes the conclusions dependent on task and
generators, validation of a judge as a tool for UQ
evaluation makes the conclusions further depen-
dent on the specific uncertainty quantifiers being
compared and the evaluation protocol in use (e.g.,
SP at fixed threshold, AUROC, etc.). All of that
serves to emphasise that borrowing decisions from
published work while transferring them to different
settings is a gamble, and reference to published
work in such cases cannot be safely regarded as a
substitute for validation.

7 Conclusion

We delve into an in-depth analysis of errors caused
by automated correctness judgement during UQ

evaluation. We document current practices in liter-
ature, and reveal that automated judges are rarely
validated. We uncover that judges’ errors impact
UQs differently; with some unfairly rewarded and
others harmed, in experiments we conduct using
two QA datasets, four LLMs, seven popular UQs
and seven judges. This impact is not fully explained
by the judges’ ability to simply align with human
judgement. In fact, in analyses we show that how
and when judges err plays an important role in ex-
plaining such impacts. Hence, employing a judge
without understanding how it errs, may cloud in-
sights and conclusions.

Limitations

Our meta analysis only considers papers that be-
long to the ACL anthology from 2020 up until
March 2026 (leaving other possibly relevant venues
out). As such, not all published research papers
that are concerned with UQ in NLG tasks that use
selective prediction as part of their evaluation pro-
tocol is part of our analysis. Nevertheless, from a
small scale inspection of papers published at other
venues, the findings of our meta-analysis seem to
hold across publication venues.

Due to the expensive nature of manual annota-
tions, we were only able to annotate 100 responses
per dataset-generator pair. However, even with a
limited number of annotations, our BDA analyses
piece together trends and patterns found in the data.
Ideally, we would be able to have multiple anno-
tators judge the correctness of responses for all
dataset-generator pairs; due to budget constraints
we only do so for two.For those, we assess the
alignment among annotators and the effect of anno-
tations from different human judges on our results.
We find that human judgements are well aligned
and results hold similar across annotators, showing
that our results are robust to different annotators.

Lastly, our experiments are focused on short-
form QA, since most UQ techniques are grounded
within this task. We leave expanding to long form
QA as possible future work. Nonetheless, evaluat-
ing the correctness of a longer response can be at
least as difficult, if not more, as a short response;
hence, it remains just as important, if not more, to
validate the judges’ quality within UQ evaluation.
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A Meta-analysis

A.1 Methodology
We describe in more detail below the methodology
we followed in order to conduct our meta-analysis.

• We gather titles of papers from the entire ACL
ontology from 2020-2026

• We create a list of relevant to the topic key
words: uncertainty, variability, variation,
aleatoric, epistemic, evidential, confidence,
calibration, selective prediction, selective gen-
eration

• Filter papers whose title contains any of the
key words. This resulted in 600 papers. We

manually go through the titles of the papers
and classify them as possibly relevant or ir-
relevant, wrt confidence or uncertainty quan-
tifiers within language generative tasks. This
resulted in 206 papers.

• We manually go through the abstracts of these
papers and if necessary, the methods and ex-
periments of those papers to identify ones that
are actually relevant to uncertainty quantifica-
tion within a selective prediction framework
or calibration.

• We filtered irrelevant papers, papers that only
concern themselves with classification prob-
lems, or have a very specific, unique or uncon-
ventional evaluation method. The final set is
comprised of 67 papers.

• We identify the correctness criterion used in
each of these papers and their evaluation met-
rics. We then analyse and summarise informa-
tion and statistics from gathered information.

A.2 Experiments
The complete table containing including all re-
trieved papers and their associated judges and eval-
uation metrics can be found in Table 4.

We observe a variety of correctness judge types,
and even variation within a single type, revealing
that there is no one universally employed method
within the field. Our later analysis reveals trade-
offs of various of these.

Additionally, we gather statistics of the UQ eval-
uation metrics used in practice (see Table 5). AU-
ROC is employed most often (≃ 60%of papers em-
ploy AUROC). Other SP metrics, such as AUCPR
(which assesses precision-recall trade-offs), AU-
RAC (which assesses accuracy or risk vs coverage
tradeoffs) and Prediction Rejection Ratio (PRR)
are popular. Calibration metrics such as Expected
Calibration Error (ECE) and Brier Score are also
often employed. Less often, but still noteworthy,
correlation scores (e.g. Pearson) among confidence
values and errors are used.
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Table 4: An overview of all tables

Paper Judge Type Judge Evaluation method

Khanmohammadi
et al. (2026)

Exact/fuzzy matching,
LLM judge

String match, LLM
(GPT-5-nano)

AUROC, AUCPR, ECE,
Brier

Testoni and Calixto
(2026)

Exact/fuzzy matching,
LLM judge, Human
validation

String match, LLM
(LLaMA-3.1-8B-
Instruct), Human
validation

AUROC, ECE, Brier

Kunitomo-Jacquin
et al. (2026)

LLM judge LLM (gpt4o-mini) AUROC, AUARC

Cao et al. (2026) LLM judge LLM (GPT-4.1) AUROC

Kunitomo-Jacquin
et al. (2025)

LLM judge LLM ( Meta-Llama-3-
8B-Instruct)

AUROC

Huang et al. (2025) Human labelling Human labeling AUROC

Cecere et al. (2025) LLM judge LLM (Claude Haiku
3.5)

AUROC, PR-AUC, AURAC

Bodhwani et al.
(2025)

Human labelling Human judges (from
datasets)

AUPRC, AUROC, ECE,
Brier

Vashurin et al.
(2025a)

LLM judge, Overlap
based

Align-Score, COMET,
Rouge-L

Prediction Rejection Ratio
(PRR)

Vazhentsev et al.
(2025)

LLM judge, Overlap
based

RougeL, FactScore Prediction Rejection Ratio
(PPR), AUROC, PR-AUC

V et al. (2025) Exact/fuzzy matching CoverEM nDCG@k, R@k

Chen et al. (2025) Human labelling Human judges (au-
thors)

Predictive Rate Ratio (PRR)

Ishii et al. (2025) LLM judge, Human
validation

LLM judge (GPT-4.1),
Human validation

ECE, Brier, AUROC,
AUPRC

Joo and Cho (2025) Overlap based Rouge-L>0.7 AUROC, Pearson Correlation
Coefficient

Yaldiz et al. (2025) LLM judge, Human
validation

LLM judge (GPT-3.5-
turbo), Human valida-
tion

AUROC, Prediction Rejec-
tion Ratio (PRR)

Continued on the next page
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Paper Judge Type Judge Evaluation method

Wang et al. (2025a) Overlap based, Seman-
tic similarity

BLEU, BertScore Pearson Corr. Coefficient,
RCE, Factuality vs Coverage
curve, Uncertainty Precision
Alignment

Yang et al. (2025b) Exact/fuzzy matching Exact match, precision
(for multiple correct an-
swers)

AUROC, PR-AUC

Xue et al. (2025b) Exact/fuzzy matching,
Human validation

positive-recall exact
matching, human
validation

AUROC, ECE

Nguyen et al. (2025) Overlap based, Seman-
tic similarity

F1, RougeL, BertScore AUROC, AURAC, PRR

Xia et al. (2025) LLM judge LLM judge (
LLaMA3.1-8B-
Instruct)

AUROC, AUARC

Zhang and Zhang
(2025)

Unidentifiable Unidentifiable AUROC

Feng et al. (2025) Unidentifiable Unidentifiable AUROC

Bhattacharjya et al.
(2025)

Overlap based RougeL>0.5 AUROC, ACE, ATS

Wang et al. (2025b) Overlap based Rouge-1>=0.3 AUROC, ECE, NLL

Zhou et al. (2025) Unidentifiable Unidentifiable Brier Score

Yoffe et al. (2025) Unidentifiable Unidentifiable AUROC

Zhang et al. (2025b) LLM judge, Human
validation

FactScore, Human vali-
dation

AUROC, Brier, ECE

Vashurin et al.
(2025b)

Semantic similarity COMET, XComet-
XXL, MetricX-XXL,
AlignScore

PR-curve, Prediction-
Rejection Ratio (PRR)

Khanmohammadi
et al. (2025)

LLM judge LLM (GPT-4o-mini) ECE, Brier, AUROC,
AUCPR, ACC

Zhang et al. (2025a) Unidentifiable Unidentifiable AUROC, ECE, Brier

Shelmanov et al.
(2025)

LLM judge LLM judge (GPT-4o) PR-AUC

Continued on the next page
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Paper Judge Type Judge Evaluation method

Xue et al. (2025a) Exact/fuzzy matching,
Human validation

Response in reference
or vice versa, Human
validation

Precision, Truthfulness, AU-
ROC

He et al. (2025) Semantic similarity,
Human validation

pairwise similarity
scores with threshold,
Human validation

ECE, MECE, AUROC

Li et al. (2025) LLM judge, Overlap
based

Rouge-L>0.7 + LLM
judge (GPT-turbo-3.5-
061)

AUROC, ECE

Bakman et al. (2025) LLM judge LLM judge (GPT-4o-
mini)

Prediction Rejection Ratio,
Average Recall Error

Flores et al. (2025) Overlap based ROUGE-L, BLEU, F1 Spearman correlation

Mora-Cross and
Calderon-Ramirez
(2024)

Semantic similarity BERTScore ECE

Tao et al. (2024) LLM judge LLM judge (GPT-4) ECE, Pearson Correlation,
Spearman Correlation

Amayuelas et al.
(2024)

Exact/fuzzy matching,
Semantic similarity

SimCSE > tau or fuzzy
matching

AUROC curves, Equal Error
Rate (EER)

Zhao et al. (2024) Exact/fuzzy matching Exact match after nor-
malization

ECE, MacroECE

Fadeeva et al. (2024) Human labelling, LLM
judge

Human labelling,
FactScore (re-
trieval+ChatGPT)

AUROC, AUPRC

Srinivasan et al.
(2024)

LLM judge LLM judge
(LAVEGPT-3.5)

risk, coverage, Effective Re-
liability, Selective Prediction
Recall

Wang et al. (2024) Semantic similarity Sentence similarity
(DistillRoberta)) > 0.7

AUROC

Huang et al. (2024) Overlap based, seman-
tic similarity, LLM
judge

Rouge-L, BERT sim-
ilarity, LLM judge
(ChatGPT)

Rank calibration error

Zhang et al. (2024) LLM judge, Human
validation

FACTSCORE, Human
validation

Pearson Correlation Coeffi-
cient (PCC), Spearman Cor-
relation Coefficient (SCC)

Continued on the next page
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Paper Judge Type Judge Evaluation method

Xu et al. (2024) Exact/fuzzy matching annotated answers
must be present within
the responses

ECE, AUROC

Lin et al. (2024) LLM judge, Human
validation

LLMs as judges (
LLaMA2-70B + gpt-
3.5-turbo), Human
validation

AUROC, AURAC

Liu et al. (2024b) Overlap based, LLM
judge

ROUGE > 0.3, LLM
judge (GPT4)

ECE, Brier

Liu et al. (2024a) Overlap based Rouge-L > 0.5 AUROC

Shen et al. (2024) Exact/fuzzy matching Exact Match ECE

Cheng and Vlachos
(2024)

Semantic similarity COMETKiwi Spearman (ρ) and Pearson (r)
correlations

Gao et al. (2024) Overlap based F1 ECE, Pearson Correlation be-
tween confidence and accu-
racy

Mahaut et al. (2024) Unidentifiable Unidentifiable AUPRC

Duan et al. (2024) Overlap based, Seman-
tic similarity, Human
validation

Rouge-L > 0.5 + em-
bed. similarity (Distil-
roberta) > 0.5, Human
validation

AUROC

Chen and Mueller
(2024)

LLM judge, Human
validation

LLM judge (GPT- 4),
Human validation

AUROC

Bakman et al. (2024) LLM judge LLM (GPT-3.5-turbo) AUROC

Zablotskaia et al.
(2023)

Overlap based ROUGE-1,2,L ECE, AUROC, Quality vs Ab-
stention Curves

Chen et al. (2023) Overlap based, Human
validation

Rouge-L, Human vali-
dation

AUROC, AUACC

Tian et al. (2023) LLM judge, Human
validation

LLM (GPT4, 3.5), Hu-
man validation

AUC, ECE, Brier Score

Fadeeva et al. (2023) Overlap based, Seman-
tic similarity

Rouge-L, BERTScore Prediction Rejection Ratio
(PRR)

Continued on the next page
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Paper Judge Type Judge Evaluation method

Mielke et al. (2022) Human labelling, Ex-
act/fuzzy matching, Se-
mantic similarity

Human labelling,
Match based, Bert
based trained classifier

ECE, MCE, NLL

Dhuliawala et al.
(2022)

Unidentifiable Unidentifiable ECE, AURC, AURCC

Si et al. (2022) Exact/fuzzy matching Exact match ECE, MacroCE

Lu et al. (2022) Human labelling Human labelling Pearson’s correlation, AU-
ROC, AUPR

Zhang et al. (2021) Exact/fuzzy matching exact match AUROC, Cov@Acc

Xiao and Wang
(2021)

Exact/fuzzy matching,
Human validation

Exact match (with syn-
onyms of references),
BLEU, Human valida-
tion

Risk - performance curves

Wang et al. (2020) Overlap based Translation Edit Rate
(TER)

ECE
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UQ Eval. metric # Papers Proportion
AUROC 40 59.7%
ECE 26 38.8%
AUCPR 12 17.9%
AURAC 11 16.4%
Other 11 16.4%
Brier 10 14.9%
PRR 8 11.9%
Correlation scores 8 11.9%

Table 5: UQ evaluation metrics used in retrieved papers.

B Bayesian Data Analysis

In Section B.1, we compare automated judges to
one or more human judges in terms of their ad-
equacy judgements. In Section B.2, we learn to
map a diverse collection of uncertainty quantifiers
to a comparable notion of confidence, which we
use in order to analyse the impact of automated
judgements on metrics of selective prediction. In
both cases, we employ Bayesian data analysis tech-
niques (BDA; Gelman et al., 1995).

We implement our hierarchical models using
numpyro (Phan et al., 2025). For inference, we con-
dition on the available data and draw posterior sam-
ples for latent parameters via Markov chain Monte
Carlo (MCMC), using numpyro’s implementation
of the no U-turn sampler (NUTS; Hoffman and
Gelman, 2014). We use standard convergence diag-
nostics (Brooks and Gelman, 1998), such as the r-
hat statistic, by comparing multiple Markov chains.
In all cases, we follow the common approach of ex-
perimenting with various choice of priors (as well
as tweaks to the model’s hierarchical structure) in
order to verify that inferences are stable across a
range of sensible choices. In development, we use
posterior predictive checks, such as label recon-
struction, as a tool for further diagnosing design
choices as well as MCMC convergence. These
practices are common in BDA and they are widely
documented in reference texts (Gelman et al., 1995;
McElreath, 2018; Gelman et al., 2026). Our code
and notebooks are available for full reproducibility
here: https://github.com/probabll/buqeval.

In describing our BDA tools, we will refer to a
prompt-response pair as an item, each such item is
classified by various (human and machine) judges
who independently assess whether the response is
adequate to the prompt (‘the item is positive’) or
not (‘the item is negative’). Judges (sometimes
called annotators) can be human or machine.

B.1 Judges

We have a collection of I items, each judged by J
judges, for a total of N = I×J observations.5 We
gather all such observations in an N -dimensional
vector y of binary adequacy labels and use two
other N -dimensional vectors, namely j and i, to
indicate which judge and item each observation in
y is about: for some n ∈ [N ], yn is 1 (resp., 0) if
judge jn regards item in as positive (resp., nega-
tive). We model y as a draw from a hierarchical
model

for i ∈ [I]

θi ∼ Beta(α+ 1i, β + 0i) (1a)

for j ∈ [J ]

p0,j ∼ Beta(a0, b0) (1b)

p1,j ∼ Beta(a1, b1) (1c)

for n ∈ [N ]

yn|in = i, jn = j ∼ Bernoulli(ϕn) (1d)

ϕn = θip1,j + (1− θi)(1− p0,j)

described next. For each item i ∈ [I], the parame-
ter θi captures the probability that the item is pos-
itive. We draw this parameter from a strongly-
informed Beta distribution (1a), where 1i (resp.,
0i) counts the number of times our human judges
labelled the item as positive (resp., negative), and
α = β = 0.5.6 For each judge j ∈ [J ]: (1c)
p1,j models the judge’s sensitivity (used to infer
the judge’s true positive rate), that is the probabil-
ity of a positive judgement given a positive item,
and (1b) p0,j models the judge’s specificity (used
to infer the judge’s true negative rate), that is the
probability of a negative judgement given a nega-
tive item. For these parameters we use uninformed,
flat Beta(1, 1) priors.7 Then, given the latent pa-
rameters, the probability that the nth observation
is positive (1d) can be obtained by marginalising
the unknown adequacy label of the corresponding
item (in) under the sensitivity and specificity of the
corresponding judge (jn).

5For simplicity, we describe the model as if every judge
had annotated every item once, but our model in fact supports
missing data as well as multiple judgements.

6In effect, we draw θi from the posterior distribution of a
Beta-Binomial model of the observed human annotation, with
a sparse and symmetric Beta(0.5, 0.5) prior.

7Except if we are modelling a human judge, for example
in order to study how humans differ as judges, in which case
we use a weakly informed Beta(1, 0.5) prior that skews both
sensitivity and specificity towards 1 to encode the knowledge
that we trust the annotator.
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Inferences. For each judge j ∈ [J ], we can then
infer the following posterior classification metrics

TPRj = E

[
1

I

I∑
i=1

θip1,j

]
(2a)

TNRj = E

[
1

I

I∑
i=1

(1− θi)p0,j

]
(2b)

FPRj = E

[
1

I

I∑
i=1

(1− θi)(1− p0,j)

]
(2c)

FNRj = E

[
1

I

I∑
i=1

θi(1− p1,j)

]
(2d)

by estimating the expected value using samples
from p(θ,p0,p1|y, j, i). These metrics can then
be used to express posterior accuracy and posterior
F1.

B.2 Uncertainty Quantifiers
We have a collection of I items, each judged by J
human judges and qualified by Q uncertainty quan-
tifiers, for a total of N = I × J ×Q observations.
We gather all such observations in a collection of
N -dimensional vectors (y,x, i, j,q): yn is 1 (resp.,
0) if judge jn regards item in as positive (resp., neg-
ative), while xn is the uncertainty (or confidence)
score assigned to in by UQ qn. We model y|x as a
draw from a hierarchical model described next.

β ∼ N (0, 22) (3a)

ω ∼ N (0, 22) (3b)

for j ∈ [J ]

bj ∼ N (β, 22) (3c)

wj ∼ N (ω, 22) (3d)

for q ∈ [Q]

cq ∼ N (0, 22) (3e)

mq ∼ N (0, 22) (3f)

for n ∈ [N ]

yn|xn, jn = j, in = i ∼ Bernoulli(ϕn) (3g)

ϕn = sigmoid(un + vn)

un = bj + wjxn (3h)

vn = cq +mqxn (3i)

The model is an instance of item-response theory
model, with offset and slopes for judges and quan-
tifiers, all of which are modelled by Gaussians.
We group the parameters of the human judges (3c)
and (3d) under shared priors (3a) and (3b), but

keep the quantifiers’ parameters separate (3e) and
(3f). Finally, given the latent parameters, the prob-
ability that the nth observation is positive (3g) is
obtained by sigmoid-transforming the sum of the
judge-specific linear predictor (3h) and the UQ-
specific linear predictor (3i).

Inferences. Having obtained samples from
p(β, ω,b,w, c,m|y,x,q, j, i), we can compute
posterior confidences ϕ1, . . . , ϕN , from which we
can obtain a point estimate for the posterior confi-
dence pq,i under q ∈ [Q] with which item i ∈ [I]
is positive: we use the posterior median of all sam-
ples ϕn for which in = i and qn = q. We use the
posterior median across samples

C Implementation details

C.1 Uncertainty quantifiers
We present below additional information and im-
plementation details for each of the uncertainty
quantifiers used in our experiments.

Log-Probability We compute the log-probability
of a response Y = y by decomposing it in to-
kens and computing their corresponding sum of
log-probabilities.

logP (Y = y | X = x) = −
N∑
i=1

log p(ti | x, t<i)

(4)
where y = t1, ..., tN .

Normalised Log-Probability We interpret this
quantifier either as the average token log-
probability, or the length-normalised log probabil-
ity of the response y (i.e. perplexity). It simply is
the log-probability from Equation (4), divided by
the number of tokens in y.

perplexity = − 1

n
logP (Y = y|X = x) (5)

Predictive entropy The entropy over complete
responses Y given a prompt X = x, is given by
the formula below:

H(Y |X = x) = −
∑
y∈Y

p(y|x) log p(y|x) , (6)

where the summation is over the entire (count-
ably infinite) space Y of possible responses. We es-
timate this quantity via Monte Carlo; MC. We sam-
ple 10 responses, obtain the probability of each via
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relative frequency and compute the entropy with
the formula above.

Semantic entropy To compute semantic entropy
(Kuhn et al., 2023), sampled responses are mapped
to semantic clusters and entropy is estimated over
those. We use Aichberger et al. (2025)’s implemen-
tation:

SE(Y |X = x) ≈ −
∑
cj

p(cj |x) log p(cj |x), (7)

where c1, . . . , cJ are clusters formed using a
natural language inference (NLI) model to as-
sess semantic equivalence via bi-directional en-
tailment. p(cj |x) equal the number of responses,
incl. repetitions, in cluster cj divided by sample
size). We use 10 unbiased sampled responses and
deberta-large-mnli as the NLI model.

P(True) Following Kadavath et al. (2022) we
prompt a model to generate true or false regard-
ing the truthfulness of its own previously sampled
response to a prompt.

Prompt:
Question: ’<question>’

Here are some brainstormed ideas:
’<responses>’

Possible answer: ’<prediction>’

Is the possible answer: (a) true (b)
false

Generate a or b. The answer is:

We assess the log-probabilities assigned by
the models to the sequences P(‘a’|prompt) and
P(‘b’|prompt), using the model’s output layer’s log-
its. We normalise to obtain the probability assigned
to P(‘a’) as a proxy to P(True).

Semantic Confidence Inspired by Yona et al.
(2024), we compute semantic confidence in a re-
sponse as the relative frequency that a response is
not contradicted by sampled responses. Contradic-
tion is assessed by an NLI model.

SC(Y = y|X = x) = 1−
∑

ys∈[y1,yn] 1{y ̸= ys}
n

,

(8)
Two responses are deemed to be contradicted if

the NLI model assigns higher probability to con-
tradiction than the sum of the probability of en-
tailment and neutrality. We use the 10 unbiased
sampled responses and deberta-large-mnli as
the NLI model.

Verbalised Confidence We prompt the model for
a confidence value in its own previously generated
response. The prompt used is found below:
You are a helpful assistant that

generates faithful numerical confidence
values in an answer.

Question: <question>

Answer previously generated:
<prediction>

Generate ONLY your numerical confidence
in the answer (which is 0-1), up to 2
decimal places.

Confidence:

C.2 Correctness Criteria

We proceed to explain further how we implemented
the various correctness criteria.

Exact matching We strip and lowercase the re-
sponse string and assess whether it matches exactly
any stripped and lowercased reference responses.

Token F1 For each response and reference pair
(if multiple references exist), we lowercase and
split them in words and retrieve the sum of common
ones. Precision is defined as the sum of common
words divided by the number of words in the re-
sponse and recall is defined as the sum of common
words divided by the number of words in the ref-
erence. Using these we compute an F1 score. We
use the maximum F1 score across references and
assess whether it surpasses a pre-defined threshold.

BLEU Score We use the sentence_bleu from
the nltk.translate.bleu_score library to cal-
culate the BLEU score for the response against the
reference sentences.

Rouge-L We employ Rouge-L, which mea-
sures the longest common subsequence be-
tween a response and a reference, via the
rouge_scorer.RougeScorer function from the
rouge_score library. We obtain the max score
across references and assess whether it surpasses a
pre-defined threshold.

Embedding similarity We embed the response
and the references. We compute the consine simi-
larity of each response-reference pair. We take the
maximum value and compare it to a threshold. The
embedding model we use is all-MiniLM-L6-v2.

BERT score From bert_score we use the
score function to compute the semantic similarity
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between the response and references. The maxi-
mum value is used against a pre defined threshold.

LLM as judge We prompt a model using the
prompt, response and reference answers for its cor-
rectness. The prompt is presented below:
You are a judge that evaluates the

correctness of an answer given a question
and a list of reference answers. Even
if one of the reference answers is
semantically equivalent to the answer, we
can consider it as correct. Generate a
True or False answer.

"Question: <question>

Reference answers: <references>

Answer: <answer>

Is the answer correct?

We employ 2 judges: an open source model,
Llama-3.1-8B-Instruct, and a closed source
API model, gpt-5.4-mini.

D Results

D.1 Extensive results

For transparency, we present the complete results
for all dataset and generator pairs in Figures 7 - 12.

D.2 Inter-Annotator agreement analysis

As manual annotation is expensive, we sampled
100 prompts for each dataset-generator pair. These
were annotated by an annotator (one of the authors).
We use the following guidelines:

1. Identify whether the response is correct or
incorrect, given the set of references.

2. To deem a response as correct, it should con-
tain at least one of the reference answers.

3. In the absence of a definitive answer under
any circumstances — e.g. the model refuses
to answer, claims not to know the answer etc.
— mark this as incorrect.

4. If the answer is nonsensical (e.g. repetition of
identical strings, non grammatical text etc.),
mark this as incorrect.

5. If the response contains the correct answer, as
well as other complementary claims or facts,
you do not have to verify their correctness in
order to mark the response as correct — ex-
cept if the accompanying claims are irrational

and nonsensical to the extent that the correct-
ness of the entire response has to be deemed
incorrect as per your judgement.

To verify that our results are not sensitive to
the choice of judge, we employ a new annotator
(another one of the authors) to annotate two sets of
samples from TriviaQA-Llama 8B and AmbigQA
(ambiguous)-Llama 8B. For the former, Cohen’s
Kappa score between annotators 0.88 and for the
latter 0.75. We present result figures, side by side,
for both annotators (see Figures 13 and 14).

D.3 Bootstrapping analysis
To further validate our results, we perform a boot-
strapping analysis: sampling 20 prompts 10 times,
and computing the average performance metrics
across runs. We compute the average AUROC (and
its associated standard deviation values) across runs
and the ranking of uncertainty quantifiers based on
the average AUROC scores. To be less sensitive to
small deviations of AUROC values when ranking,
we assign 2 UQs the same ranking if their AUROCs
do not vary by more than 0.025. Results appear
in Figures 15 - 20. The quantifiers are ordered by
decreasing quality (using F1 score comparing their
predictions with human annotations as a proxy),
with the leftmost scores showing the actual AU-
ROC values and rankings (which are computed us-
ing manual correctness labels). The results present
a similar picture with the original outcomes.

D.4 Alternative metrics
Beyond AUROC, other metrics can measure perfor-
mance trade-offs in SP. We perform a similar anal-
ysis for various automated judges and UQs. We in-
vestigate the prompts from TriviaQA and all genera-
tors. We assess: coverage at fixed risk (risk = 0.2)
and risk as fixed coverage (coverage = 0.8). The
results are shown in Figures 21 - 24. Results gen-
erally extend to other SP metrics — with better
quantifiers getting negatively impacted to a higher
extent, obscuring conclusions.

D.5 F1 Distributions
For transparency, we present all F1 posterior dis-
tributions for all dataset-generator pairs. They are
shown in Figures 25 - 27.

D.6 Ranking correlations
We show the plots representing F1 scores of auto-
mated judges against RBO scores for all dataset-
generator pairs in Figure 28
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Figure 7: Top row shows AUROC values, middle row shows differences between oracle and system AUROC values
and bottom row rankings for various uncertainty quantifiers (ordered from left to right in a descending order of
performance) and correctness functions (ordered from top to bottom in an increasing order of quality).
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Figure 8: Top row shows AUROC values, middle row shows differences between oracle and system AUROC values
and bottom row rankings for various uncertainty quantifiers (ordered from left to right in a descending order of
performance) and correctness functions (ordered from top to bottom in an increasing order of quality).
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Figure 9: Top row shows AUROC values, middle row shows differences between oracle and system AUROC values
and bottom row rankings for various uncertainty quantifiers (ordered from left to right in a descending order of
performance) and correctness functions (ordered from top to bottom in an increasing order of quality).
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(b) Llama 8B, AmbigQA (unambiguous)

Figure 10: Top row shows AUROC values, middle row shows differences between oracle and system AUROC
values and bottom row rankings for various uncertainty quantifiers (ordered from left to right in a descending order
of performance) and correctness functions (ordered from top to bottom in an increasing order of quality).
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Figure 11: Top row shows AUROC values, middle row shows differences between oracle and system AUROC
values and bottom row rankings for various uncertainty quantifiers (ordered from left to right in a descending order
of performance) and correctness functions (ordered from top to bottom in an increasing order of quality).
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Figure 12: Top row shows AUROC values, middle row shows differences between oracle and system AUROC
values and bottom row rankings for various uncertainty quantifiers (ordered from left to right in a descending order
of performance) and correctness functions (ordered from top to bottom in an increasing order of quality).
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(b) Llama 8B, TriviaQA, Original annotator

Figure 13: Left column shows results given manual labels obtained from new annotator, and right column shows
results from original annotator.
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Figure 14: Left column shows results given manual labels obtained from new annotator, and right column shows
results from original annotator.
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Figure 15: Top two plots correspond to Llama 3B, TriviaQA. Bottom two plots correspond to Llama8b, TriviaQA.
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Figure 16: Top two plots correspond to Qwen 0.5B, TriviaQA. Bottom two plots correspond to Qwen 7B, TriviaQA.
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Figure 17: Top two plots correspond to Llama 3B, AmbigQA (unambiguous). Bottom two plots correspond to
Llama 8B, AmbigQA (unambiguous).
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Figure 18: Top two plots correspond to Qwen 0.5B, AmbigQA (unambiguous). Bottom two plots correspond to
Qwen 7B, AmbigQA (unambiguous).
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Figure 19: Top two plots correspond to Llama 3B, AmbigQA (ambiguous). Bottom two plots correspond to Llama
8B, AmbigQA (ambiguous).
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Figure 20: Top two plots correspond to Qwen 0.5B, AmbigQA (ambiguous). Bottom two plots correspond to Qwen
7B, AmbigQA (ambiguous).

39



N.P(
seq

.)

P(s
eq

.)

Se
m. co

nf.

P(t
rue

)

Ve
rb.

 co
nf. En

t.

Se
m. e

ntr
op

y

Uncertainty metric

Exact match · F1=0.03
Token F1 ( =0.7) · F1=0.03
Token F1 ( =0.8) · F1=0.03
Token F1 ( =0.9) · F1=0.03

BLEU ( =0.2) · F1=0.03
Token F1 ( =0.6) · F1=0.06

BLEU ( =0.1) · F1=0.06
ROUGE-L ( =0.7) · F1=0.06
ROUGE-L ( =0.8) · F1=0.06
ROUGE-L ( =0.9) · F1=0.06

BERTScore ( =0.9) · F1=0.06
Token F1 ( =0.5) · F1=0.10

Emb. sim. ( =0.9) · F1=0.10
Token F1 ( =0.4) · F1=0.12
ROUGE-L ( =0.6) · F1=0.12
ROUGE-L ( =0.5) · F1=0.18

Emb. sim. ( =0.8) · F1=0.24
Token F1 ( =0.3) · F1=0.29
ROUGE-L ( =0.4) · F1=0.33

Emb. sim. ( =0.7) · F1=0.38
Token F1 ( =0.2) · F1=0.55
ROUGE-L ( =0.3) · F1=0.55

Emb. sim. ( =0.6) · F1=0.62
Token F1 ( =0.1) · F1=0.75
ROUGE-L ( =0.2) · F1=0.76

Emb. sim. ( =0.1) · F1=0.77
BERTScore ( =0.8) · F1=0.78
Emb. sim. ( =0.5) · F1=0.79
Emb. sim. ( =0.2) · F1=0.81
Emb. sim. ( =0.4) · F1=0.85
Emb. sim. ( =0.3) · F1=0.86
ROUGE-L ( =0.1) · F1=0.88

LLM judge (Llama 8B) · F1=0.92
LLM judge (GPT) · F1=0.94

Human labels · F1=1.00

Co
rre

ct
ne

ss
 c

rit
er

io
n

0.99 0.99 0.99 0.99 0.99 0.00 0.00
0.99 0.99 0.99 0.99 0.99 0.00 0.00
0.99 0.99 0.99 0.99 0.99 0.00 0.00
0.99 0.99 0.99 0.99 0.99 0.00 0.00
0.99 0.99 0.99 0.99 0.99 0.00 0.00
0.97 0.97 0.97 0.97 0.97 0.00 0.00
0.97 0.97 0.97 0.97 0.97 0.00 0.00
0.97 0.97 0.97 0.97 0.97 0.00 0.00
0.97 0.97 0.97 0.97 0.97 0.00 0.00
0.97 0.97 0.97 0.97 0.97 0.00 0.00
0.97 0.97 0.97 0.97 0.97 0.00 0.00
0.96 0.96 0.96 0.96 0.96 0.00 0.00
0.96 0.96 0.96 0.96 0.96 0.00 0.00
0.95 0.95 0.95 0.95 0.95 0.00 0.00
0.96 0.95 0.96 0.95 0.96 0.01 0.01
0.95 0.93 0.94 0.93 0.94 0.01 0.03
0.94 0.90 0.91 0.90 0.91 0.03 0.04
0.88 0.88 0.88 0.88 0.88 0.03 0.03
0.89 0.85 0.88 0.86 0.88 0.07 0.09
0.86 0.82 0.84 0.82 0.84 0.06 0.07
0.74 0.70 0.74 0.70 0.71 0.14 0.17
0.74 0.70 0.72 0.71 0.72 0.14 0.16
0.68 0.62 0.66 0.64 0.65 0.23 0.28
0.49 0.42 0.47 0.44 0.46 0.41 0.44
0.54 0.50 0.56 0.55 0.54 0.30 0.34
0.05 0.03 0.03 0.00 0.05 0.94 0.94
0.07 0.05 0.07 0.03 0.05 0.90 0.90
0.50 0.46 0.49 0.47 0.47 0.38 0.44
0.10 0.07 0.09 0.05 0.11 0.85 0.85
0.30 0.25 0.28 0.25 0.24 0.60 0.64
0.19 0.16 0.19 0.16 0.16 0.71 0.72
0.28 0.23 0.30 0.28 0.28 0.56 0.60
0.31 0.34 0.35 0.34 0.35 0.50 0.53
0.26 0.28 0.29 0.28 0.28 0.56 0.59
0.29 0.29 0.33 0.34 0.34 0.51 0.55

Risk@Coverage (80.0%) Values per Correctness

0.0

0.2

0.4

0.6

0.8

1.0

Ri
sk

@
Co

v

Ve
rb.

 co
nf.

N.P(
seq

.)

P(t
rue

)

Se
m. co

nf.

P(s
eq

.)
En

t.

Se
m. e

ntr
op

y

Uncertainty metric

Exact match · F1=0.03
Token F1 ( =0.7) · F1=0.03
Token F1 ( =0.8) · F1=0.03
Token F1 ( =0.9) · F1=0.03

BLEU ( =0.2) · F1=0.03
Token F1 ( =0.6) · F1=0.05
ROUGE-L ( =0.7) · F1=0.05
ROUGE-L ( =0.8) · F1=0.05
ROUGE-L ( =0.9) · F1=0.05
Token F1 ( =0.5) · F1=0.08

BLEU ( =0.1) · F1=0.08
ROUGE-L ( =0.6) · F1=0.08

Emb. sim. ( =0.9) · F1=0.11
BERTScore ( =0.9) · F1=0.11

Token F1 ( =0.4) · F1=0.13
ROUGE-L ( =0.5) · F1=0.18

Emb. sim. ( =0.8) · F1=0.18
ROUGE-L ( =0.4) · F1=0.29
Token F1 ( =0.3) · F1=0.33

Emb. sim. ( =0.7) · F1=0.35
ROUGE-L ( =0.3) · F1=0.47
Token F1 ( =0.2) · F1=0.50

Emb. sim. ( =0.6) · F1=0.56
ROUGE-L ( =0.2) · F1=0.70
Token F1 ( =0.1) · F1=0.73

Emb. sim. ( =0.5) · F1=0.77
Emb. sim. ( =0.1) · F1=0.84
Emb. sim. ( =0.4) · F1=0.85
Emb. sim. ( =0.2) · F1=0.86

BERTScore ( =0.8) · F1=0.87
ROUGE-L ( =0.1) · F1=0.88

Emb. sim. ( =0.3) · F1=0.88
LLM judge (Llama 8B) · F1=0.94

LLM judge (GPT) · F1=0.95
Human labels · F1=1.00

Co
rre

ct
ne

ss
 c
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er
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n

0.99 0.99 0.99 0.99 0.99 0.00 0.00
0.99 0.99 0.99 0.99 0.99 0.00 0.00
0.99 0.99 0.99 0.99 0.99 0.00 0.00
0.99 0.99 0.99 0.99 0.99 0.00 0.00
0.99 0.99 0.99 0.99 0.99 0.00 0.00
0.97 0.97 0.97 0.97 0.97 0.00 0.00
0.97 0.99 0.97 0.97 0.97 0.01 0.01
0.97 0.99 0.97 0.97 0.97 0.01 0.01
0.97 0.99 0.97 0.97 0.97 0.01 0.01
0.96 0.96 0.96 0.96 0.96 0.00 0.00
0.96 0.96 0.97 0.96 0.96 0.01 0.01
0.96 0.97 0.96 0.96 0.96 0.01 0.01
0.95 0.96 0.95 0.95 0.95 0.01 0.03
0.95 0.96 0.95 0.95 0.95 0.01 0.04
0.94 0.95 0.94 0.94 0.94 0.03 0.03
0.91 0.94 0.91 0.91 0.91 0.04 0.04
0.91 0.94 0.91 0.91 0.91 0.04 0.05
0.85 0.88 0.86 0.85 0.85 0.09 0.10
0.82 0.84 0.84 0.82 0.82 0.07 0.09
0.81 0.84 0.82 0.81 0.81 0.10 0.11
0.71 0.74 0.75 0.72 0.71 0.14 0.17
0.69 0.72 0.72 0.71 0.69 0.16 0.20
0.65 0.68 0.68 0.66 0.64 0.21 0.26
0.50 0.53 0.56 0.55 0.49 0.33 0.35
0.41 0.45 0.45 0.46 0.40 0.44 0.46
0.44 0.46 0.44 0.45 0.42 0.39 0.45
0.01 0.00 0.00 0.01 0.01 0.97 0.97
0.21 0.26 0.24 0.26 0.21 0.64 0.68
0.03 0.03 0.03 0.04 0.04 0.93 0.93
0.05 0.11 0.10 0.12 0.05 0.84 0.85
0.20 0.24 0.25 0.29 0.19 0.61 0.65
0.09 0.14 0.10 0.15 0.12 0.79 0.80
0.17 0.24 0.21 0.23 0.25 0.62 0.60
0.10 0.16 0.16 0.15 0.21 0.70 0.69
0.12 0.19 0.19 0.20 0.21 0.65 0.65

Risk@Coverage (80.0%) Values per Correctness
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Uncertainty metric (sorted by actual AUROC using human-labelled correctness)

Exact match · F1=0.03
Token F1 ( =0.7) · F1=0.03
Token F1 ( =0.8) · F1=0.03
Token F1 ( =0.9) · F1=0.03

BLEU ( =0.2) · F1=0.03
Token F1 ( =0.6) · F1=0.06

BLEU ( =0.1) · F1=0.06
ROUGE-L ( =0.7) · F1=0.06
ROUGE-L ( =0.8) · F1=0.06
ROUGE-L ( =0.9) · F1=0.06

BERTScore ( =0.9) · F1=0.06
Token F1 ( =0.5) · F1=0.10

Emb. sim. ( =0.9) · F1=0.10
Token F1 ( =0.4) · F1=0.12
ROUGE-L ( =0.6) · F1=0.12
ROUGE-L ( =0.5) · F1=0.18

Emb. sim. ( =0.8) · F1=0.24
Token F1 ( =0.3) · F1=0.29
ROUGE-L ( =0.4) · F1=0.33

Emb. sim. ( =0.7) · F1=0.38
Token F1 ( =0.2) · F1=0.55
ROUGE-L ( =0.3) · F1=0.55

Emb. sim. ( =0.6) · F1=0.62
Token F1 ( =0.1) · F1=0.75
ROUGE-L ( =0.2) · F1=0.76

Emb. sim. ( =0.1) · F1=0.77
BERTScore ( =0.8) · F1=0.78
Emb. sim. ( =0.5) · F1=0.79
Emb. sim. ( =0.2) · F1=0.81
Emb. sim. ( =0.4) · F1=0.85
Emb. sim. ( =0.3) · F1=0.86
ROUGE-L ( =0.1) · F1=0.88

LLM judge (Llama 8B) · F1=0.92
LLM judge (GPT) · F1=0.94

Human labels · F1=1.00
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0.70 0.70 0.66 0.65 0.65 -0.51 -0.55
0.70 0.70 0.66 0.65 0.65 -0.51 -0.55
0.70 0.70 0.66 0.65 0.65 -0.51 -0.55
0.70 0.70 0.66 0.65 0.65 -0.51 -0.55
0.70 0.70 0.66 0.65 0.65 -0.51 -0.55
0.69 0.69 0.65 0.64 0.64 -0.51 -0.55
0.69 0.69 0.65 0.64 0.64 -0.51 -0.55
0.69 0.69 0.65 0.64 0.64 -0.51 -0.55
0.69 0.69 0.65 0.64 0.64 -0.51 -0.55
0.69 0.69 0.65 0.64 0.64 -0.51 -0.55
0.69 0.69 0.65 0.64 0.64 -0.51 -0.55
0.68 0.68 0.64 0.62 0.62 -0.51 -0.55
0.68 0.68 0.64 0.62 0.62 -0.51 -0.55
0.66 0.66 0.62 0.61 0.61 -0.51 -0.55
0.68 0.66 0.64 0.61 0.62 -0.50 -0.54
0.66 0.64 0.61 0.59 0.60 -0.50 -0.53
0.65 0.61 0.59 0.56 0.57 -0.49 -0.51
0.59 0.59 0.55 0.54 0.54 -0.49 -0.53
0.60 0.56 0.55 0.53 0.54 -0.44 -0.46
0.58 0.54 0.51 0.49 0.50 -0.45 -0.48
0.45 0.41 0.41 0.36 0.38 -0.37 -0.38
0.45 0.41 0.40 0.38 0.39 -0.37 -0.39
0.39 0.34 0.34 0.30 0.31 -0.29 -0.28
0.20 0.14 0.15 0.10 0.12 -0.10 -0.11
0.25 0.21 0.24 0.21 0.20 -0.21 -0.21
-0.24 -0.26 -0.30 -0.34 -0.29 0.43 0.39
-0.21 -0.24 -0.25 -0.31 -0.29 0.39 0.35
0.21 0.18 0.16 0.14 0.14 -0.14 -0.11
-0.19 -0.21 -0.24 -0.29 -0.23 0.34 0.30
0.01 -0.04 -0.05 -0.09 -0.10 0.09 0.09
-0.10 -0.12 -0.14 -0.18 -0.18 0.20 0.17
-0.01 -0.06 -0.03 -0.06 -0.06 0.05 0.05
0.03 0.05 0.02 0.00 0.01 -0.01 -0.03
-0.02 -0.01 -0.04 -0.06 -0.06 0.05 0.04

Risk@Coverage (80.0%) Difference per Correctness
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Uncertainty metric (sorted by actual AUROC using human-labelled correctness)

Exact match · F1=0.03
Token F1 ( =0.7) · F1=0.03
Token F1 ( =0.8) · F1=0.03
Token F1 ( =0.9) · F1=0.03

BLEU ( =0.2) · F1=0.03
Token F1 ( =0.6) · F1=0.05
ROUGE-L ( =0.7) · F1=0.05
ROUGE-L ( =0.8) · F1=0.05
ROUGE-L ( =0.9) · F1=0.05
Token F1 ( =0.5) · F1=0.08

BLEU ( =0.1) · F1=0.08
ROUGE-L ( =0.6) · F1=0.08

Emb. sim. ( =0.9) · F1=0.11
BERTScore ( =0.9) · F1=0.11

Token F1 ( =0.4) · F1=0.13
ROUGE-L ( =0.5) · F1=0.18

Emb. sim. ( =0.8) · F1=0.18
ROUGE-L ( =0.4) · F1=0.29
Token F1 ( =0.3) · F1=0.33

Emb. sim. ( =0.7) · F1=0.35
ROUGE-L ( =0.3) · F1=0.47
Token F1 ( =0.2) · F1=0.50

Emb. sim. ( =0.6) · F1=0.56
ROUGE-L ( =0.2) · F1=0.70
Token F1 ( =0.1) · F1=0.73

Emb. sim. ( =0.5) · F1=0.77
Emb. sim. ( =0.1) · F1=0.84
Emb. sim. ( =0.4) · F1=0.85
Emb. sim. ( =0.2) · F1=0.86

BERTScore ( =0.8) · F1=0.87
ROUGE-L ( =0.1) · F1=0.88

Emb. sim. ( =0.3) · F1=0.88
LLM judge (Llama 8B) · F1=0.94

LLM judge (GPT) · F1=0.95
Human labels · F1=1.00
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0.86 0.80 0.80 0.79 0.78 -0.65 -0.65
0.86 0.80 0.80 0.79 0.78 -0.65 -0.65
0.86 0.80 0.80 0.79 0.78 -0.65 -0.65
0.86 0.80 0.80 0.79 0.78 -0.65 -0.65
0.86 0.80 0.80 0.79 0.78 -0.65 -0.65
0.85 0.79 0.79 0.77 0.76 -0.65 -0.65
0.85 0.80 0.79 0.77 0.76 -0.64 -0.64
0.85 0.80 0.79 0.77 0.76 -0.64 -0.64
0.85 0.80 0.79 0.77 0.76 -0.64 -0.64
0.84 0.78 0.78 0.76 0.75 -0.65 -0.65
0.84 0.78 0.79 0.76 0.75 -0.64 -0.64
0.84 0.79 0.78 0.76 0.75 -0.64 -0.64
0.82 0.78 0.76 0.75 0.74 -0.64 -0.62
0.82 0.78 0.76 0.75 0.74 -0.64 -0.61
0.81 0.76 0.75 0.74 0.72 -0.62 -0.62
0.79 0.75 0.72 0.71 0.70 -0.61 -0.61
0.79 0.75 0.72 0.71 0.70 -0.61 -0.60
0.72 0.69 0.68 0.65 0.64 -0.56 -0.55
0.70 0.65 0.65 0.62 0.61 -0.58 -0.56
0.69 0.65 0.64 0.61 0.60 -0.55 -0.54
0.59 0.55 0.56 0.52 0.50 -0.51 -0.48
0.56 0.54 0.54 0.51 0.47 -0.49 -0.45
0.53 0.49 0.49 0.46 0.42 -0.44 -0.39
0.38 0.34 0.38 0.35 0.28 -0.33 -0.30
0.29 0.26 0.26 0.26 0.19 -0.21 -0.19
0.31 0.28 0.25 0.25 0.21 -0.26 -0.20
-0.11 -0.19 -0.19 -0.19 -0.20 0.32 0.32
0.09 0.08 0.05 0.06 0.00 -0.01 0.03
-0.10 -0.16 -0.16 -0.16 -0.17 0.28 0.28
-0.07 -0.07 -0.09 -0.08 -0.16 0.19 0.20
0.08 0.05 0.06 0.09 -0.02 -0.04 0.00
-0.04 -0.05 -0.09 -0.05 -0.09 0.14 0.15
0.05 0.05 0.02 0.02 0.04 -0.03 -0.05
-0.02 -0.02 -0.02 -0.05 0.00 0.05 0.04

Risk@Coverage (80.0%) Difference per Correctness
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Uncertainty metric

Exact match · F1=0.03
Token F1 ( =0.7) · F1=0.03
Token F1 ( =0.8) · F1=0.03
Token F1 ( =0.9) · F1=0.03

BLEU ( =0.2) · F1=0.03
Token F1 ( =0.6) · F1=0.06

BLEU ( =0.1) · F1=0.06
ROUGE-L ( =0.7) · F1=0.06
ROUGE-L ( =0.8) · F1=0.06
ROUGE-L ( =0.9) · F1=0.06

BERTScore ( =0.9) · F1=0.06
Token F1 ( =0.5) · F1=0.10

Emb. sim. ( =0.9) · F1=0.10
Token F1 ( =0.4) · F1=0.12
ROUGE-L ( =0.6) · F1=0.12
ROUGE-L ( =0.5) · F1=0.18

Emb. sim. ( =0.8) · F1=0.24
Token F1 ( =0.3) · F1=0.29
ROUGE-L ( =0.4) · F1=0.33

Emb. sim. ( =0.7) · F1=0.38
Token F1 ( =0.2) · F1=0.55
ROUGE-L ( =0.3) · F1=0.55

Emb. sim. ( =0.6) · F1=0.62
Token F1 ( =0.1) · F1=0.75
ROUGE-L ( =0.2) · F1=0.76

Emb. sim. ( =0.1) · F1=0.77
BERTScore ( =0.8) · F1=0.78
Emb. sim. ( =0.5) · F1=0.79
Emb. sim. ( =0.2) · F1=0.81
Emb. sim. ( =0.4) · F1=0.85
Emb. sim. ( =0.3) · F1=0.86
ROUGE-L ( =0.1) · F1=0.88

LLM judge (Llama 8B) · F1=0.92
LLM judge (GPT) · F1=0.94

Human labels · F1=1.00
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4 5 3 6 7 1 2
4 5 3 6 7 1 2
4 5 3 6 7 1 2
4 5 3 6 7 1 2
4 5 3 6 7 1 2
4 5 3 6 7 1 2
4 5 3 6 7 1 2
4 5 3 6 7 1 2
4 5 3 6 7 1 2
4 5 3 6 7 1 2
4 5 3 6 7 1 2
4 5 3 6 7 1 2
4 5 3 6 7 1 2
4 5 3 6 7 1 2
3 6 5 4 7 1 2
3 7 5 4 6 1 2
3 7 5 4 6 1 2
4 5 3 6 7 1 2
3 7 5 4 6 1 2
3 7 5 4 6 1 2
3 7 6 4 5 1 2
3 7 5 4 6 1 2
3 7 6 4 5 1 2
2 7 6 4 5 1 3
3 4 7 6 5 1 2
3 4 2 1 5 6 7
2 5 4 1 3 6 7
3 7 6 4 5 1 2
2 4 3 1 5 6 7
2 5 4 3 1 6 7
1 5 4 2 3 6 7
1 2 5 3 4 6 7
2 1 4 3 5 6 7
2 1 5 3 4 6 7
1 2 3 4 5 6 7
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Uncertainty metric

Exact match · F1=0.03
Token F1 ( =0.7) · F1=0.03
Token F1 ( =0.8) · F1=0.03
Token F1 ( =0.9) · F1=0.03

BLEU ( =0.2) · F1=0.03
Token F1 ( =0.6) · F1=0.05
ROUGE-L ( =0.7) · F1=0.05
ROUGE-L ( =0.8) · F1=0.05
ROUGE-L ( =0.9) · F1=0.05
Token F1 ( =0.5) · F1=0.08

BLEU ( =0.1) · F1=0.08
ROUGE-L ( =0.6) · F1=0.08

Emb. sim. ( =0.9) · F1=0.11
BERTScore ( =0.9) · F1=0.11

Token F1 ( =0.4) · F1=0.13
ROUGE-L ( =0.5) · F1=0.18
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Figure 21: Top row shows risk at fixed coverage values, middle row shows differences and bottom row rankings for
various uncertainty quantifiers.
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Figure 22: Top row shows risk at fixed coverage values, middle row shows differences and bottom row rankings for
various uncertainty quantifiers.
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Emb. sim. ( =0.9) · F1=0.10
Token F1 ( =0.4) · F1=0.12
ROUGE-L ( =0.6) · F1=0.12
ROUGE-L ( =0.5) · F1=0.18

Emb. sim. ( =0.8) · F1=0.24
Token F1 ( =0.3) · F1=0.29
ROUGE-L ( =0.4) · F1=0.33

Emb. sim. ( =0.7) · F1=0.38
Token F1 ( =0.2) · F1=0.55
ROUGE-L ( =0.3) · F1=0.55

Emb. sim. ( =0.6) · F1=0.62
Token F1 ( =0.1) · F1=0.75
ROUGE-L ( =0.2) · F1=0.76

Emb. sim. ( =0.1) · F1=0.77
BERTScore ( =0.8) · F1=0.78
Emb. sim. ( =0.5) · F1=0.79
Emb. sim. ( =0.2) · F1=0.81
Emb. sim. ( =0.4) · F1=0.85
Emb. sim. ( =0.3) · F1=0.86
ROUGE-L ( =0.1) · F1=0.88

LLM judge (Llama 8B) · F1=0.92
LLM judge (GPT) · F1=0.94

Human labels · F1=1.00

Co
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ss
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0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.02 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.02 0.00 0.00 0.02 0.01 0.95 0.86
0.06 0.00 0.00 0.02 0.01 0.95 0.86
0.00 0.00 0.08 0.00 0.00 0.70 0.46
0.27 0.11 0.10 0.26 0.01 0.00 0.00
0.27 0.07 0.10 0.02 0.01 0.00 0.20
1.00 1.00 1.00 1.00 1.00 0.00 0.00
1.00 1.00 1.00 1.00 1.00 0.00 0.00
0.15 0.00 0.15 0.20 0.01 0.00 0.20
1.00 1.00 1.00 1.00 1.00 0.00 0.00
0.62 0.57 0.75 0.70 0.01 0.00 0.00
0.92 0.85 0.96 0.86 0.81 0.00 0.00
0.67 0.57 0.70 0.62 0.27 0.00 0.00
0.61 0.56 0.58 0.57 0.30 0.00 0.03
0.71 0.68 0.65 0.68 0.30 0.00 0.00
0.67 0.66 0.60 0.57 0.27 0.00 0.00

Coverage@Risk ({target_risk*100}%) Values per Correctness
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Uncertainty metric

Exact match · F1=0.03
Token F1 ( =0.7) · F1=0.03
Token F1 ( =0.8) · F1=0.03
Token F1 ( =0.9) · F1=0.03

BLEU ( =0.2) · F1=0.03
Token F1 ( =0.6) · F1=0.05
ROUGE-L ( =0.7) · F1=0.05
ROUGE-L ( =0.8) · F1=0.05
ROUGE-L ( =0.9) · F1=0.05
Token F1 ( =0.5) · F1=0.08

BLEU ( =0.1) · F1=0.08
ROUGE-L ( =0.6) · F1=0.08

Emb. sim. ( =0.9) · F1=0.11
BERTScore ( =0.9) · F1=0.11

Token F1 ( =0.4) · F1=0.13
ROUGE-L ( =0.5) · F1=0.18

Emb. sim. ( =0.8) · F1=0.18
ROUGE-L ( =0.4) · F1=0.29
Token F1 ( =0.3) · F1=0.33

Emb. sim. ( =0.7) · F1=0.35
ROUGE-L ( =0.3) · F1=0.47
Token F1 ( =0.2) · F1=0.50

Emb. sim. ( =0.6) · F1=0.56
ROUGE-L ( =0.2) · F1=0.70
Token F1 ( =0.1) · F1=0.73

Emb. sim. ( =0.5) · F1=0.77
Emb. sim. ( =0.1) · F1=0.84
Emb. sim. ( =0.4) · F1=0.85
Emb. sim. ( =0.2) · F1=0.86

BERTScore ( =0.8) · F1=0.87
ROUGE-L ( =0.1) · F1=0.88

Emb. sim. ( =0.3) · F1=0.88
LLM judge (Llama 8B) · F1=0.94

LLM judge (GPT) · F1=0.95
Human labels · F1=1.00

Co
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ne

ss
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n

0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.01 0.00 0.00 0.01 1.00 1.00
0.00 0.01 0.00 0.00 0.01 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.01 0.00 0.00 0.01 1.00 1.00
0.00 0.01 0.00 0.00 0.01 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.01 0.00 0.00 0.01 1.00 1.00
0.00 0.05 0.00 0.00 0.05 1.00 1.00
0.00 0.00 0.00 0.00 0.00 1.00 1.00
0.00 0.07 0.00 0.00 0.10 0.88 0.96
0.00 0.05 0.00 0.00 0.07 0.80 0.92
0.01 0.05 0.00 0.00 0.07 0.53 0.75
0.01 0.10 0.00 0.01 0.12 0.41 0.00
0.02 0.11 0.00 0.00 0.11 0.35 0.00
0.01 0.07 0.01 0.00 0.15 0.11 0.11
1.00 1.00 1.00 1.00 1.00 0.00 0.00
0.78 0.56 0.75 0.35 0.76 0.02 0.00
1.00 1.00 1.00 1.00 1.00 0.00 0.00
1.00 1.00 1.00 1.00 1.00 0.02 0.00
0.80 0.66 0.15 0.12 0.82 0.02 0.00
1.00 1.00 1.00 1.00 1.00 0.02 0.00
0.82 0.56 0.65 0.70 0.65 0.02 0.00
0.91 0.91 0.87 0.87 0.77 0.02 0.00
0.88 0.83 0.82 0.80 0.77 0.02 0.00

Coverage@Risk ({target_risk*100}%) Values per Correctness
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Uncertainty metric (sorted by actual AUROC using human-labelled correctness)

Exact match · F1=0.03
Token F1 ( =0.7) · F1=0.03
Token F1 ( =0.8) · F1=0.03
Token F1 ( =0.9) · F1=0.03

BLEU ( =0.2) · F1=0.03
Token F1 ( =0.6) · F1=0.06

BLEU ( =0.1) · F1=0.06
ROUGE-L ( =0.7) · F1=0.06
ROUGE-L ( =0.8) · F1=0.06
ROUGE-L ( =0.9) · F1=0.06

BERTScore ( =0.9) · F1=0.06
Token F1 ( =0.5) · F1=0.10

Emb. sim. ( =0.9) · F1=0.10
Token F1 ( =0.4) · F1=0.12
ROUGE-L ( =0.6) · F1=0.12
ROUGE-L ( =0.5) · F1=0.18

Emb. sim. ( =0.8) · F1=0.24
Token F1 ( =0.3) · F1=0.29
ROUGE-L ( =0.4) · F1=0.33

Emb. sim. ( =0.7) · F1=0.38
Token F1 ( =0.2) · F1=0.55
ROUGE-L ( =0.3) · F1=0.55

Emb. sim. ( =0.6) · F1=0.62
Token F1 ( =0.1) · F1=0.75
ROUGE-L ( =0.2) · F1=0.76

Emb. sim. ( =0.1) · F1=0.77
BERTScore ( =0.8) · F1=0.78
Emb. sim. ( =0.5) · F1=0.79
Emb. sim. ( =0.2) · F1=0.81
Emb. sim. ( =0.4) · F1=0.85
Emb. sim. ( =0.3) · F1=0.86
ROUGE-L ( =0.1) · F1=0.88

LLM judge (Llama 8B) · F1=0.92
LLM judge (GPT) · F1=0.94

Human labels · F1=1.00
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-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.65 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.67 -0.66 -0.60 -0.57 -0.27 1.00 1.00
-0.65 -0.66 -0.60 -0.55 -0.26 0.95 0.86
-0.61 -0.66 -0.60 -0.55 -0.26 0.95 0.86
-0.67 -0.66 -0.52 -0.57 -0.27 0.70 0.46
-0.40 -0.55 -0.50 -0.31 -0.26 0.00 0.00
-0.40 -0.59 -0.50 -0.55 -0.26 0.00 0.20
0.33 0.34 0.40 0.43 0.73 0.00 0.00
0.33 0.34 0.40 0.43 0.73 0.00 0.00
-0.52 -0.66 -0.45 -0.37 -0.26 0.00 0.20
0.33 0.34 0.40 0.43 0.73 0.00 0.00
-0.05 -0.09 0.15 0.13 -0.26 0.00 0.00
0.25 0.19 0.36 0.29 0.54 0.00 0.00
0.00 -0.09 0.10 0.05 0.00 0.00 0.00
-0.06 -0.10 -0.02 0.00 0.03 0.00 0.03
0.04 0.02 0.05 0.11 0.03 0.00 0.00

Coverage@Risk (20.0%) Difference per Correctness
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Uncertainty metric (sorted by actual AUROC using human-labelled correctness)

Exact match · F1=0.03
Token F1 ( =0.7) · F1=0.03
Token F1 ( =0.8) · F1=0.03
Token F1 ( =0.9) · F1=0.03

BLEU ( =0.2) · F1=0.03
Token F1 ( =0.6) · F1=0.05
ROUGE-L ( =0.7) · F1=0.05
ROUGE-L ( =0.8) · F1=0.05
ROUGE-L ( =0.9) · F1=0.05
Token F1 ( =0.5) · F1=0.08

BLEU ( =0.1) · F1=0.08
ROUGE-L ( =0.6) · F1=0.08

Emb. sim. ( =0.9) · F1=0.11
BERTScore ( =0.9) · F1=0.11

Token F1 ( =0.4) · F1=0.13
ROUGE-L ( =0.5) · F1=0.18

Emb. sim. ( =0.8) · F1=0.18
ROUGE-L ( =0.4) · F1=0.29
Token F1 ( =0.3) · F1=0.33

Emb. sim. ( =0.7) · F1=0.35
ROUGE-L ( =0.3) · F1=0.47
Token F1 ( =0.2) · F1=0.50

Emb. sim. ( =0.6) · F1=0.56
ROUGE-L ( =0.2) · F1=0.70
Token F1 ( =0.1) · F1=0.73

Emb. sim. ( =0.5) · F1=0.77
Emb. sim. ( =0.1) · F1=0.84
Emb. sim. ( =0.4) · F1=0.85
Emb. sim. ( =0.2) · F1=0.86

BERTScore ( =0.8) · F1=0.87
ROUGE-L ( =0.1) · F1=0.88

Emb. sim. ( =0.3) · F1=0.88
LLM judge (Llama 8B) · F1=0.94

LLM judge (GPT) · F1=0.95
Human labels · F1=1.00
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-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.82 -0.82 -0.80 -0.76 0.98 1.00
-0.88 -0.82 -0.82 -0.80 -0.76 0.98 1.00
-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.82 -0.82 -0.80 -0.76 0.98 1.00
-0.88 -0.82 -0.82 -0.80 -0.76 0.98 1.00
-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.82 -0.82 -0.80 -0.76 0.98 1.00
-0.88 -0.78 -0.82 -0.80 -0.72 0.98 1.00
-0.88 -0.83 -0.82 -0.80 -0.77 0.98 1.00
-0.88 -0.76 -0.82 -0.80 -0.67 0.86 0.96
-0.88 -0.78 -0.82 -0.80 -0.70 0.78 0.92
-0.87 -0.78 -0.82 -0.80 -0.70 0.51 0.75
-0.87 -0.73 -0.82 -0.79 -0.65 0.39 0.00
-0.86 -0.72 -0.82 -0.80 -0.66 0.33 0.00
-0.87 -0.76 -0.81 -0.80 -0.62 0.09 0.11
0.12 0.17 0.18 0.20 0.23 -0.02 0.00
-0.10 -0.27 -0.07 -0.45 -0.01 0.00 0.00
0.12 0.17 0.18 0.20 0.23 -0.02 0.00
0.12 0.17 0.18 0.20 0.23 0.00 0.00
-0.08 -0.17 -0.67 -0.68 0.05 0.00 0.00
0.12 0.17 0.18 0.20 0.23 0.00 0.00
-0.06 -0.27 -0.17 -0.10 -0.12 0.00 0.00
0.03 0.08 0.05 0.07 0.00 0.00 0.00

Coverage@Risk (20.0%) Difference per Correctness
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Uncertainty metric

Exact match · F1=0.03
Token F1 ( =0.7) · F1=0.03
Token F1 ( =0.8) · F1=0.03
Token F1 ( =0.9) · F1=0.03

BLEU ( =0.2) · F1=0.03
Token F1 ( =0.6) · F1=0.06

BLEU ( =0.1) · F1=0.06
ROUGE-L ( =0.7) · F1=0.06
ROUGE-L ( =0.8) · F1=0.06
ROUGE-L ( =0.9) · F1=0.06

BERTScore ( =0.9) · F1=0.06
Token F1 ( =0.5) · F1=0.10

Emb. sim. ( =0.9) · F1=0.10
Token F1 ( =0.4) · F1=0.12
ROUGE-L ( =0.6) · F1=0.12
ROUGE-L ( =0.5) · F1=0.18

Emb. sim. ( =0.8) · F1=0.24
Token F1 ( =0.3) · F1=0.29
ROUGE-L ( =0.4) · F1=0.33

Emb. sim. ( =0.7) · F1=0.38
Token F1 ( =0.2) · F1=0.55
ROUGE-L ( =0.3) · F1=0.55

Emb. sim. ( =0.6) · F1=0.62
Token F1 ( =0.1) · F1=0.75
ROUGE-L ( =0.2) · F1=0.76

Emb. sim. ( =0.1) · F1=0.77
BERTScore ( =0.8) · F1=0.78
Emb. sim. ( =0.5) · F1=0.79
Emb. sim. ( =0.2) · F1=0.81
Emb. sim. ( =0.4) · F1=0.85
Emb. sim. ( =0.3) · F1=0.86
ROUGE-L ( =0.1) · F1=0.88

LLM judge (Llama 8B) · F1=0.92
LLM judge (GPT) · F1=0.94

Human labels · F1=1.00
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4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
3 5 6 7 4 1 2
4 5 6 7 3 1 2
4 5 6 7 3 1 2
3 6 7 4 5 1 2
3 6 7 4 5 1 2
5 6 3 7 4 1 2
1 3 4 2 5 6 7
1 4 3 5 6 7 2
2 3 4 5 1 6 7
2 3 4 5 1 6 7
3 7 4 2 5 6 1
2 3 4 5 1 6 7
3 4 1 2 5 6 7
2 4 1 3 5 6 7
2 4 1 3 5 6 7
1 4 2 3 5 7 6
1 2 4 3 5 6 7
1 2 3 4 5 6 7

Coverage@Risk (20.0%) Ranking per Correctness
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Uncertainty metric

Exact match · F1=0.03
Token F1 ( =0.7) · F1=0.03
Token F1 ( =0.8) · F1=0.03
Token F1 ( =0.9) · F1=0.03

BLEU ( =0.2) · F1=0.03
Token F1 ( =0.6) · F1=0.05
ROUGE-L ( =0.7) · F1=0.05
ROUGE-L ( =0.8) · F1=0.05
ROUGE-L ( =0.9) · F1=0.05
Token F1 ( =0.5) · F1=0.08

BLEU ( =0.1) · F1=0.08
ROUGE-L ( =0.6) · F1=0.08

Emb. sim. ( =0.9) · F1=0.11
BERTScore ( =0.9) · F1=0.11

Token F1 ( =0.4) · F1=0.13
ROUGE-L ( =0.5) · F1=0.18

Emb. sim. ( =0.8) · F1=0.18
ROUGE-L ( =0.4) · F1=0.29
Token F1 ( =0.3) · F1=0.33

Emb. sim. ( =0.7) · F1=0.35
ROUGE-L ( =0.3) · F1=0.47
Token F1 ( =0.2) · F1=0.50

Emb. sim. ( =0.6) · F1=0.56
ROUGE-L ( =0.2) · F1=0.70
Token F1 ( =0.1) · F1=0.73

Emb. sim. ( =0.5) · F1=0.77
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Figure 23: Top row shows Coverage at fixed risk values, middle row shows differences and bottom row rankings for
various uncertainty quantifiers.
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Figure 24: Top row shows Coverage at fixed risk values, middle row shows differences and bottom row rankings for
various uncertainty quantifiers.
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Figure 25: F1 distributions for TriviaQA dataset and Llama 8B (top left corner), Llama 3B (top right corner), Qwen
7B (bottom left corner) and Qwen 0.5B (bottom right corner).
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Figure 26: F1 distributions for AmbigQA (non-ambiguous) dataset and Llama 8B (top left corner), Llama 3B (top
right corner), Qwen 7B (bottom left corner) and Qwen 0.5B (bottom right corner).
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Figure 27: F1 distributions for AmbigQA (ambiguous) dataset and Llama 8B (top left corner), Llama 3B (top right
corner), Qwen 7B (bottom left corner) and Qwen 0.5B (bottom right corner).
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Figure 28: F1 scores of automated judges against RBO scores for all dataset-generator pairs.
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