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Abstract

Existing methods for evaluating the factuality
of large language model (LLM) responses treat
all claims as equally important. This results
in misleading evaluations when vital informa-
tion is missing or incorrect as it receives the
same weight as peripheral details, raising the
question: how can we reliably detect such dif-
ferences when there are errors in key informa-
tion? Current approaches that measure factual-
ity tend to be insensitive to omitted or false key
information. To investigate this lack of sensitiv-
ity, we construct VITALERRORS, a benchmark
of 6,733 queries with minimally altered LLM
responses designed to omit or falsify key infor-
mation. Using this dataset, we demonstrate the
insensitivities of existing evaluation metrics to
key information errors. To address this gap, we
introduce VITAL, a set of metrics that provide
greater sensitivity in measuring the factuality
of responses by incorporating the relevance and
importance of claims with respect to the query.
Our analysis demonstrates that VITAL metrics
more reliably detect errors in key information
than previous methods. Our dataset, metrics,
and analysis provide a foundation for more ac-
curate and robust assessment of LL.M factual-
ity.!

1 Introduction

Fact checking machine generated text has become
increasingly important with the growing main-
stream use of Large Language Models (LLMs).
These models are known to produce hallucinations,
which can sometimes be harmful (Bender et al.,
2021; Dev et al., 2022). As a result, fact checking
is often incorporated into such systems, to pro-
vide higher quality responses by removing such
errors. Previous methods for evaluating factual

“Work done during an internship at Microsoft.
“*Work done while author was working at Microsoft.
!Code is available at https://github.com/
miriamwanner/vitalerrors.
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Figure 1: Three responses to the same query receive
similarly high precision and recall scores. Precision and
recall metrics are insensitive to errors in key informa-
tion for long responses. Both erroneous responses still
achieve high precision and recall scores.

precision employ a decompose-then-verify frame-
work, which involves first decomposing claims
from generated responses into atomic subclaims?,
independently verifying each, and aggregating into
a score (Min et al., 2023; Song et al., 2024; Wanner
et al., 2024b; Huang et al., 2025). Similar meth-
ods are used in evaluating recall, where references
are used to generate nuggets—pieces of information
vital for answering a given query. The percentage
of nuggets supported by the response is the recall
score (Voorhees, 2003; Pradeep et al., 2024, 2025).

These factuality metrics treat each piece of in-
formation (subclaim) equally, and tend not to ex-
plicitly consider whether a claim in the response
is vital to answering a user’s query. Not all parts
of the response are equally relevant or important,
and as such, some factuality-based errors are more

’In this work we use the term subclaim, but other works
use atomic-fact, -claim, or -preposition for the same concept.
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egregious than others. However, current metrics are
unable to distinguish or fail to delineate between
similar responses with specific errors. One missing
or wrong key piece of information can invalidate an
otherwise good response, which should be reflected
in evaluations. Figure 1 shows three different re-
sponses to a query asking for the number of planets
in the solar system. The first response correctly
answers with “eight,” the second provides the list
of planets, but is missing the key piece of informa-
tion (‘“eight”), and the third provides the incorrect
answer “nine.” Despite the missing or incorrect key
information, both erroneous responses still achieve
high precision and recall scores. The most impor-
tant piece of information (the answer “eight”) is
treated as only one small piece of information in
a long response, where the final score is agnostic
to its importance in fundamentally answering the
user’s query.

In this paper, we investigate the impact of small
but important errors due to missing key or incor-
rect claims in responses that are vital to answering
the query, whether these can be detected using tra-
ditional fact checking metrics, and if considering
importance improves their detectability and sensi-
tivity. We introduce a set of VITAL metrics for iden-
tifying errors in key information. We then construct
a new dataset that allows us to rigorously evaluate
how key information errors affect the scoring of
these systems. To create our dataset, we adversari-
ally alter machine generated responses to queries,
and generate minimally changed responses with
missing and wrong key information to create the
VITALERRORS dataset. We run previous methods
of precision and recall, finding they are insensitive
to these key errors, and show that VITAL metrics
are sensitive to these key errors, reflecting when
key information is missing or wrong.

Our contributions are as follows: (1) We demon-
strate how existing methods fail to capture impor-
tant differences in responses. We show that there
is no notion of importance within subclaims, and
why this is a problem. (2) We introduce a new set
of metrics, which we call VITAL, which includes
subclaim ranking and importance labeling for pre-
cision metrics. (3) We construct VITALERRORS, a
challenging dataset for evaluating key information
errors. Using queries from six QA datasets, we
generate normal LLM responses, and adversarially
alter each response to omit or falsify key informa-
tion. We demonstrate better error detection using
VITAL metrics on the VITALERRORS benchmark.

2 Metrics

To ground our proposed VITAL metrics, we first
provide an overview of existing factuality and
nugget based metric frameworks.

2.1 Factual Precision

Min et al. (2023) introduced a framework for fact
verification. The system first decomposes LLM-
generated text into “atomic facts”, which are then
independently verified against a trusted grounding
source. Many variants of this decompose-then-
verify framework exist. While previous works fo-
cused on factual precision, SAFE (Wei et al., 2024)
extends this work to include recall, with a selected
hyperparameter K, the number of supported facts
for a response to achieve full recall. VERISCORE
(Song et al., 2024) builds on SAFE, using the same
measure of recall, while only decomposing text
into verifiable subclaims. Liu et al. (2025) high-
light the issue of recall in previous metrics and
introduce VERIFACT, evaluating responses with
reference fact sets, much like nuggets. Zhao et al.
(2025) study the length-factuality tradeoff, find-
ing a quality degradation with increased response
length.

Wanner et al. (2024b) examined the decomposi-
tion step, showing these factual precision pipelines
are sensitive to different decomposition methods.
Jiang et al. (2025) extended this work to fix de-
composition redundancy, and introduce CORE, a
method for subclaim selection based on unique-
ness and informativeness. CORE is a subclaim
filtering method, whereas this paper works on eval-
uating and detecting errors in these important sub-
claims. Gunjal and Durrett (2024) and Wanner
et al. (2024a) formalized, implemented, and in-
corporated decontextualization in factual precision
frameworks. Further works have researched di-
verse factual information (Samarinas et al., 2025),
better localizing factual errors (Cattan et al., 2024),
entailment reasoning (Eliav et al., 2025), and fac-
tual precision in medicine (Huang et al., 2025).
Godbole and Jia (2025) re-evaluated these evalua-
tion metrics, and find pitfalls in current factuality
metrics.

Benchmarks such as HaluEval (Li et al., 2023)
and Factcheck-Bench (Wang et al., 2024) evaluate
hallucination and factual errors in realistic LLM
responses; our work differs in focusing on the sensi-
tivity of evaluation metrics rather than categorizing
error types. Related to our notion of claim impor-
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How many planets are there in the solar system?
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Figure 2: Four responses to the same query with varying error type and severity, demonstrating that not all errors
are equal. Standard precision/recall give similar scores, while response-level metrics distinguish missing or wrong

vital information from peripheral errors.

tance is work on claim check-worthiness, which
identifies which claims merit verification at all (Ma-
jer and Snajder, 2024), while other work focuses on
the granularity of decomposed claims (Mitra et al.,
2025). LLM-based factuality judgments by LLMs
(especially from GPT-4 class models) have been re-
peatedly validated against human annotators across
the decompose-then-verify literature (Min et al.,
2023; Wei et al., 2024; Song et al., 2024; Jiang
et al., 2025), finding strong alignment between the
two. We use FACTSCORE (Min et al., 2023) in
our experiments for factual precision evaluation,
employing gpt-4o for atomic fact generation and
evaluation.

2.2 Nugget Recall

Voorhees (2003) introduced nuggets as a minimal,
atomic claim that serves as a correct and useful
piece of information in answering a query. This
formalization provided a foundation for evaluat-
ing relevance and recall of retrieved documents
or responses for a given query. Each nugget is
assigned an importance label, vital or okay, de-
pending on how important the nugget is for answer-
ing the query. Lin and Demner-Fushman (2006)
showed how importance can be extended to grades
of importance by combining ratings from multi-
ple assessors (i.e., nugget importance is based on
annotator popularity). Nugget based evaluation

metrics have been used for not only assessing an-
swer quality, but also document relevance, summa-
rization (Nenkova and Passonneau, 2004), RAG
(Pradeep et al., 2025), and conversational search
(Abbasiantaeb et al., 2025).

Recently, Pradeep et al. (2025) implement an
automated LL.M-based framework using the orig-
inal vital/okay labels, called AutoNuggetizer, for
nugget creation, ranking, assignment, and scoring
(Pradeep et al., 2024). This framework has been
validated against human assessors, demonstrating
strong agreement between fully automated LLM
evaluation and manual human evaluation at the
run, topic, and nugget levels (Pradeep et al., 2025).
Given a list of nuggets, we can then determine
which nuggets are most important to the user. We
use AutoNuggetizer with gpt-4o as the LLM for
generating nuggets, importance labeling, and eval-
uating responses. A query and set of documents
are provided to the LLM, and a set of nuggets are
created. The LLM is then prompted to label each
nugget as either vital (needed in a response) or
okay (good to have, but not necessary). Finally,
the LLM is given the set of nuggets and response
to the query, and evaluates if each nugget is sup-
ported, partially supported, or not supported by
the response. Pradeep et al. (2025) report mul-
tiple metrics for recall evaluation using different
combinations and weighting of vital/okay nuggets,
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which can be supported, partially supported, or not
supported. For this paper we use their “All Strict”
metric, which we denote as NUGGETRECALL.

2.3 Comparison of Metrics

A central challenge in evaluating text lies in how
we decompose information into units that can be as-
sessed or used for assessment. Nuggets (Voorhees,
2003) and claim decomposition (Min et al., 2023;
Wanner et al., 2024b) share surface similarities, but
differ in scope, assumptions, and grounding. Here
we lay out the differences, which are important to
understand the contribution of our work.

The nugget framework assumes that a suffi-
ciently broad pool of potentially relevant material
can be assembled-typically by pooling results from
multiple retrieval systems—and that annotators (or
now LLMs) can then extract nuggets represent-
ing the key information needs of a query. Thus,
nugget-based evaluation is inherently per-query
and grounded in relevance judgments across mul-
tiple sources. In contrast, factuality metrics oper-
ate by decomposing an individual response into
smaller per-response units, or subclaims. These
subclaims are then verified against retrieved ev-
idence. This framework does not rely on pool-
ing across systems, but rather assumes that the
response itself contains the material to be fact-
checked. Subclaims emphasize verification rather
than relevance, and their validity is tightly coupled
to the retrieval system used for grounding.

Both frameworks share the intuition of breaking
down long-form text into smaller, verifiable units,
however they diverge in scope (query-centric vs.
response-centric), evidence base (rich pool of can-
didate material vs. retrieval material), objective
(relevance vs. factual correctness), and granularity
(nugget vs. claim). In this work, we build on these
previous systems. We adopt the nugget notion of
importance, i.e., that some pieces of information
are vital to user needs, while retaining the origi-
nal method of claim decomposition. These metric
changes address issues of equal subclaim weighting
and lack of subclaim importance.

3 Methods

To further motivate the need for more sensitive eval-
uation metrics, consider the example in Figure 2 —
which shows that not all errors are equal. On the
left are two responses with missing information,
one which omits the answer “eight planets,” the

other which omits “Venus is a planet.” Both an-
swers achieve the same high precision and recall
scores, despite varying quality. Similarly, the two
responses on the right both contain wrong infor-
mation, one answers the query wrong with “nine
planets,” the other mixing up Earth and Venus in
planet ordering. As with the previous two exam-
ples, both responses have equally high scores. In-
correct or missing key information is more harmful
than incorrect or missing peripheral information,
since this key information receives the most atten-
tion. Comparing these responses only using these
metrics, they all seem to be of similar quality, de-
spite varying magnitude of error. On the other hand,
using response-level metrics (shown in the purple
box) allows us to differentiate based on errors in
key information, correctly flagging the middle re-
sponses as missing and/or containing false key in-
formation. We blend the notion of importance in
nuggets into FACTSCORE by introducing VITAL
metrics and construct VITALERRORS in the follow-
ing sections. Put simply, not all claims are equal;
some are more important than others.

3.1 VITAL Metrics

We draw upon FACTSCORE and nuggets to pro-
pose a novel importance based factuality score of
key information for evaluating responses. Using a
set of decomposed subclaims, we then rank claims
by query importance. A claim exhibits high query
importance when it addresses a central aspect of
the query, and low query importance when it con-
tributes only peripheral or background information.
We task an LLM to rank subclaims independent of
correctness, instead only with respect to the user’s
query. In this same prompt, we also ask the LLM
to give importance labels to each subclaim. We
ask for an importance label to be assigned to each
subclaim: vital (and thus critically important in
answering the user’s query), okay (somewhat im-
portant), and less important. From this, we have
a set of subclaims/nuggets, labeled and ordered
by importance. Prompt and model details can be
found in appendix section A.

Given the labels and ranking, we present two
ways of evaluating key information. We eval-
uate using subclaims in precision metrics and
nuggets in recall metrics. First we have decom-
position level evaluations: VITALpggc, and VI-
TALRgc.. We only report the precision and recall
for the vital set of subclaims/nuggets. This gives
us a notion for how precise the response is and
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Type

Response

Query

In a paragraph, could you answer: Of which tribe of Red Indians was Geronimo a chief

Normal

Geronimo was a prominent leader and medicine man of the Apache tribe, specifically belonging to the Bedonkohe
band of the Chiricahua Apache. Although he is often referred to as a chief, Geronimo was not a hereditary chief
in the traditional sense but rather a respected warrior and spiritual figure who played a crucial role in resisting
U.S. and Mexican military campaigns during the late 19th century. His leadership and fierce resistance made
him a symbol of Native American defiance and resilience during a time of intense conflict and displacement.

Missing

Although he is often referred to as a chief, Geronimo was not a hereditary chief in the traditional sense but
rather a respected warrior and spiritual figure who played a crucial role in resisting U.S. and Mexican military
campaigns during the late 19th century. His leadership and fierce resistance made him a symbol of Native
American defiance and resilience during a time of intense conflict and displacement.

Wrong

Geronimo was a prominent leader and medicine man of the Sioux tribe, specifically belonging to the Bedonkohe
band of the Chiricahua Apache. Although he is often referred to as a chief, Geronimo was not a hereditary chief
in the traditional sense but rather a respected warrior and spiritual figure who played a crucial role in resisting
U.S. and Mexican military campaigns during the late 19th century. His leadership and fierce resistance made
him a symbol of Native American defiance and resilience during a time of intense conflict and displacement.

Table 1: An instance from VITALERRORS, with a query from TRIVIAQA, and three response types. The normal

response identifies Geronimo as Apache, while missing and wrong variants omit or replace this key claim.

the coverage for core pieces of information. Let
V = {0...0,} be the set of vital subclaims from
a response and V' = {vj...v,} be the set of vi-
tal nuggets for the query used to generate the re-
sponse. Then we have VITALpggc, = %
and VITALRge, = %, where subclaim
support is judged against trusted sources using
a decompose-then-verify approach, with an LLM
verifier grounded in the benchmark-provided refer-
ence documents (see Table 5), and nugget support
is judged against the response using AutoNugge-
tizer’s standard evaluation.

Then we have response-level evaluations: VI-
TALgrrp (Response-Level Precision) and VI-
TALrLr (Response-Level Recall). Each are
boolean evaluating if any of the vital subclaims
are wrong (for VITALRrp) and if any of the vital
nuggets are missing (for VITALRy R).

1, any v; unsupported
VITALrLp = , any z' pp
0, otherwise

1, any v; unsupported
VITALRLR — , any z' pp
0, otherwise

These metrics focus on only vital information, and
evaluate and detect errors only in this part of the
response”.

Note that when a response contains zero vital
subclaims, VITALpggc. is undefined and we report
it as zero. We recommend reporting VITALpggc.
alongside VITALR] p in these cases, as a score of

*We look into a weighted metric using all subclaims, de-
scribed in Appendix B.

zero may otherwise be conflated with a response
that has vital subclaims, but scores them incorrectly,
obscuring the distinction between missing vital
information entirely and vital information being
present but incorrect.

3.2 VITALERRORS Dataset

To explore how current metrics and our proposed
metric perform with respect to different types of
errors, we constructed an evaluation test set, where
we perturb LLM responses to omit or falsify key
information.

Queries We used a total of 6,733 queries from
six datasets of varying query type. We used data
with open-ended and single-answer queries. Open-
ended queries have little constraints and many pos-
sible answers are correct (e.g., “Tell me about
George Washington”). Single-answer queries have
a particular piece of information that must be in-
cluded in a correct answer (e.g., “How many plan-
ets are in the solar system?”). Table 5 shows a
summary of the datasets we used. These consisted
of commonly used datasets focused on: entities
(Min et al., 2023; Zhao et al., 2024a), QA (Yang
et al., 2018; Kwiatkowski et al., 2019; Joshi et al.,
2017), and complex reasoning (Su et al., 2024). We
prompted an LLM with the queries in these datasets
to get long-form machine generated answers. We
then generated a missing and wrong adversarial
version of each response.

Adversarial Missing and Wrong Responses
Given a query and a response, we can adversar-
ially perturb the response to omit or falsify key
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Task Metric Normal Missing Wrong
Subclaims
vital 11.34 813 11.66
okay 11.37 7.60  10.96
Open-Ended less 6.34 4.23 6.47
TOTAL 29.04 19.96  29.09
Nuggets
vital 9.84
okay 14.37
TOTAL 24.21
Subclaims
vital 4.31 3.59 4.64
okay 7.69 6.49 7.81
Single-Answer less 10.36 6.83 9.84
TOTAL 22.36 16.90  22.29
Nuggets
vital 3.13
okay 9.00
TOTAL 12.13

Table 2: Average counts of subclaims and nuggets
across open-ended and single-answer queries. Nuggets
are generated from source documents and are therefore
shared across normal, missing, and wrong responses.
“Less” denotes less important subclaims.

information, while minimally altering the rest of
the response. These perturbations are deliberately
minimal. Our goal is to isolate a specific failure in
existing metrics: they assign near-identical scores
to responses that differ in only a single vital sub-
claim. Real LLM errors involve such minimal
mistakes and contradicting details (Miindler et al.,
2024; Zhao et al., 2024b). To create these per-
turbed responses we prompt an LLM with query
and response pairs, and instruct the model to re-
move or alter a single piece of information that is
most important for answering the query. For every
query, we then have three responses: (1) normal,
(2) missing, where key information is omitted, and
(3) wrong, where key information is incorrect. We
can evaluate these responses with the metrics out-
lined in the following sections to assess how met-
rics shift for these minimal changes with a large
impact on answer quality.

3.3 Experiments

We evaluate VITALERRORS using FACTSCORE,
NUGGETRECALL, SAFE (Appendix B.1), and VI-
TAL outlined in section 2. For each metric, we have
an evaluation on normal responses, responses miss-
ing key information, and responses with wrong key
information. We use gpt-4o (OpenAl et al., 2024)
throughout this work as a representative model of
the types of models used for evaluation, and addi-
tionally test the sensitivity of our importance rank-

ing step to this choice across four models in Ap-
pendix B.2. See Appendix A for more details and
prompts. We can then compare how metrics change
between these three response types, if metrics are
sensitive to these minimal errors, and if they are
able to detect these errors.

4 Results

From Table 2, we first observe there are fewer
nuggets than subclaims (because a nugget often
contains multiple subclaims) when comparing the
same subset (e.g., normal open-ended subclaim to-
tal vs. nuggets total), and fewer subclaims/nuggets
for single-answer queries than open-ended queries,
specifically vital ones. Responses with missing key
information are shorter, and therefore contain fewer
subclaims, while responses with wrong key infor-
mation still have a similar number of subclaims as
the original response.

There are similar trends in precision and recall
metrics (Table 3). In FACTSCORE results, we ob-
serve normal and missing responses are about the
same, with only a small dip (about a 5-7% dip)
for wrong responses. For open-ended query VI-
TALpgrec., We see a similar decrease. In contrast, we
observe a large drop between normal/missing and
wrong responses in VITALpggc, (about 25% less)
for single-answer queries. For NUGGETRECALL,
we observe all responses (normal/missing/wrong)
are within 6% of one another for open-ended re-
sponses and 9% for single-answer responses, with
the highest score for normal responses, and low-
est for missing responses. Open-ended VITALRgc.
exhibits similar trends, with an 11% difference for
normal and missing responses. We see a much
larger dip of 25% for single-answer queries.

Response-level metrics in Table 4 are the best
indicator of these errors in key information. Note
that here, lower numbers are better, as they indicate
a lower percent of error. VITALpggc, reports the
percentage of responses with any vital subclaims
wrong. We observe good detection of incorrect
responses here, with 75% (open-ended) and almost
90% (single-answer) of wrong responses getting
vital subclaims wrong. VITALRgc, indicates the per-
centage of responses where any vital nugget is un-
supported. There is a small difference in VITALRgc.
scores for all responses (less than a 5% difference)
for open-ended queries. However, VITALRgc. is
a better detector of error in single-answer queries,
with a 15% difference between normal responses

32965



Metric Type Dataset Metric Normal (%) Missing (%) Wrong (%)
Open-Ended FACTSCORE 83.62 83.58 78.84
Precision VITALpgec. 82.69 82.88 75.40
Single-Answer FACTSCORE 82.58 82.75 76.63
VITALpgec. 72.81 72.22 48.73
Open-Ended NUGGETRECALL 24.35 18.61 23.23
Recall VITALREc. 40.90 29.91 37.89
Single-Answer NUGGETRECALL 27.71 19.13 23.49
VITALREc. 52.44 27.45 36.70

Table 3: Precision and recall results for open-ended and single-answer queries. VITALpggc, and VITALRgc. show
a clear difference between normal and adversarial responses, where FACTSCORE and NUGGETRECALL are less

sensitive.

and missing/wrong responses.

We additionally compare against SAFE (Wei
etal., 2024) in Appendix B.1 (Figure 4). Consistent
with FACTSCORE and NUGGETRECALL, SAFE
shows little separation between normal, missing,
and wrong responses across precision, recall, and
F1, further supporting our finding that unweighted
metrics are insensitive to errors in key information.

5 Analysis

5.1 VITAL Metrics

Metric changes Our experiments demonstrate
that VITAL metrics are more sensitive to key infor-
mation errors than prior methods. Response-level
VITAL metrics in particular are best at differentiat-
ing response quality for responses with missing and
wrong key information, especially for responses to
single-answer queries, where missing or wrong key
information directly impacts overall response cor-
rectness. Overall there is less of a difference in
normal/missing response scores, indicating that it
is more difficult to detect omissions than it is to
identify wrong information. A crucial piece in this
metric is the ranking and importance labeling of
subclaims. Unlike FACTSCORE, which equally
distributes weight across subclaims, VITAL metrics
highlight which claims are most critical for answer-
ing a query. VITAL metrics’ importance weighting
better reflects user perception: mistakes in vital

Metric Normal Missing Wrong
Open-Ended

VITALRLP 52.70 45.48 73.79

VITALRLR 87.22 91.18 88.58
Single-Answer

VITALRLP 45.03 42.17 89.53

VITALRLR 54.30 68.10 68.47

Table 4: Response level metric results best capture ad-
versarial edits. Wrong or missing vital claims are de-
tected in adversarial responses.

information undermine trust more than errors in pe-
ripheral details. Comparison with other precision
and recall metrics can be found in appendix section
B.1.

Subclaim ranking A crucial step in the preci-
sion evaluation is the subclaim ranking and impor-
tance labeling. An example of subclaim ranking
is shown in Table 9. The first decomposed sub-
claim in a normal response is “X is a song,” which
does not immediately answer the query, and is la-
beled as less important. After ranking, there are
only two vital subclaims, the two which answer
the query. Most of the subclaims are labeled as
less important background knowledge, not needed
for answering the query. The second response is
missing key information. Because key information
is missing, there are no subclaims labeled as vital.
The last response contains the same first subclaim
as the normal response, which also is labeled as
less important. Crucially, despite the answers in
the subclaims being wrong, they are labeled as vital
subclaims because they are answering exactly what
the query is asking. We provide further analysis
on agreement between different models and human
evaluation in appendix section B.2.

5.2 VITALERRORS

Adversarial responses An example instance is
shown in Table 1 for the query “Of which tribe of
Red Indians was Geronimo a chief?” The correct
answer to this query is the Apache tribe, which is
the written in the normal response. The missing
response omits the first sentence of the normal re-
sponse, while the wrong response changes “Apache”
to “Sioux.” Later mentions of the Apache tribe still
remain in the wrong response, however the initial
answer is incorrect. The initial answer to the query
is the part of the answer which LLM users will
pay the most attention to. The wrong adversarial
data may contain contradictions, however the initial

32966



100

801

60 1

40 4

Cumulative Precision (%)

20 4
normal

e Missing

=—e==_\Wrong

0 5 10 15 20 25 30
Subclaim Position

Figure 3: Cumulative precision over subclaim position
for single-answer queries. Wrong responses show low
precision early on due to falsified key claims, while
normal and missing responses stay consistently high.

answer is altered.

Cumulative precision To assess how key infor-
mation errors can get buried in a long response,
we plot the cumulative FACTSCORE for the first
n subclaims. This cumulative FACTSCORE for
single-answer queries plot can be found in Figure
3. We observe the same trend with open-ended
queries, shown in the appendix in Figure 5. In the
adversarial data with wrong key information, we
observe a lower averaged FACTSCORE of around
60% at the start of responses. In the data, the first
subclaim is oftentimes an obvious statement used
as exposition for the answer (e.g., first subclaim is
“Xis a song.” in Table 9), which explains the slight
dip in precision between the first two subclaims.
The normal response and the response missing key
information has a high cumulative FACTSCORE
across all subclaims.

Single-answer vs open-ended queries In single-
answer queries, there is one answer the query is
looking for (e.g., “Who is the author of The Great
Gatsby?”). In open-ended queries the answer is less
defined, and there are many possible valid answers
(e.g., “Tell me a bio of F. Scott Fitzgerald”).

The evaluation of open-ended queries with
nuggets is difficult. Nugget creation is dependent
on what documents are provided during the nugget
creation process, and therefore to get a high recall
score, the generated text should match the content
of the provided documents, which is not always
likely to happen, especially for entities with di-

verse masses of information. For these open-ended
queries, it is not clear how to determine what the
most important piece of information is. For exam-
ple, in a human biography, it is not established if a
person’s occupation, accomplishments, birth place,
etc. is more important than the other. All of these
pieces of information tend to be included in a biog-
raphy. Because of this, there are far more nuggets
for these queries than for single-answer queries.
In the response-level metrics, this means there is
more opportunity to make a mistake in one of the
vital subclaims, explaining the high percentage of
responses with any vital nuggets unsupported. On
the other hand, using nuggets to evaluate single-
answer queries is quite simple. The answer need
only contain a few pieces of information, which
make up the nuggets. Fewer nuggets means there
is less opportunity to make a mistake.

These issues are similar in subclaim importance
labeling and ranking. Responses to open-ended
queries may cover a lot of ground, with an unclear
hierarchy to the subclaims within the response.
This results in far more claims labeled as vital,
with more possibilities of getting at least one vital
subclaim wrong.

6 Conclusion

In this paper, we demonstrated how existing fac-
tual precision methods fail to distinguish between
errors in key information. We introduced VITAL, a
set of metrics designed to evaluate key information
factual accuracy and recall. Through the construc-
tion of VITALERRORS dataset, we showed that
current methods are insensitive and assign scores
to responses of drastically different quality. VITAL
metrics show moderate improvements over base-
line precision and recall, with the response-level
evaluations best capturing the impact of key infor-
mation errors.

These results suggest that any robust fac-
tuality evaluation should explicitly incorporate
importance-weighted subclaims rather than treat-
ing all information as equally important. One
way of doing this is by reporting our VITAL
decomposition- or response-level metrics to evalu-
ate only the most critical information in responses.
Another way to do this is to weight subclaims by
their importance, using our prompt-based impor-
tance ranking. However, it is not entirely clear
where the weight values come from. We leave this
as an open question, which would require align-
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ment with user preference, and is potentially de-
pendent on query type or topic. If each subclaim
is strictly more important than a subclaim ranked
lower, then linear decay weighting is an option (see
Appendix B), but this is a strong assumption and
not applicable in most cases.

Beyond evaluation, VITAL scores offer signals
for developers improving generation pipelines. A
response with low VITALRgc, but high VITALpggc.
indicates that a model is omitting key information
while remaining accurate, which motivates using
retrieval augmentation to improve coverage. Con-
versely, low VITALpggc. flags responses where vital
subclaims are incorrect, motivating more selective
generation or filtering. In exposing these errors, VI-
TAL also supports more interpretable fact-checking:
directly localizing how important and which and
claims are inaccurate or missing. An open question
for future work is how vital-only responses, where
non-vital subclaims are omitted entirely, affect user
satisfaction, particularly for open-ended queries.
We expect responses optimized for VITAL may
feel incomplete to users who value broader context.
We leave this tradeoff study to future work.

We recommend the evaluation of new factuality
metrics on VITALERRORS to see if insensitivities
exist, and if they are able to distinguish errors in
difficult responses. Together, VITAL metrics and
VITALERRORS offer a new benchmark in factual
precision for evaluating and detecting errors in key
information.

Limitations

In this study, we demonstrate shortcomings of fac-
tual precision metrics, and introduce VITAL and
VITALERRORS to solve and evaluate these issues.
Our approach depends on LLMs for many aspects
of the framework, including decomposition, rank-
ing, and verification. The method inherits bias and
inconsistencies from the underlying model. We test
sensitivity to this choice in Appendix B.2, compar-
ing four models of varying size and architecture for
the importance ranking step, finding moderate pair-
wise agreement. Because a fact-checking pipeline
contains many LLM-dependent steps (including de-
composition, importance ranking, and verification),
errors at an earlier stage can propagate and affect
the accuracy of later stages, such as importance la-
beling or support judgments. We do not separately
isolate the error contribution of each stage in this
work.

Like other factuality metrics, VITAL is depen-
dent on the quality of the retrieved reference ma-
terial used for verification. In this work, we use
sources already paired with the query from previ-
ous datasets, and assume this grounding is factual
and relevant, but using this framework with a re-
triever model adds another variable. Poor ground-
ing can cause false positives or false negatives, a
challenge that is particularly difficult in domains
where high-quality references are sparse.

VITAL introduces an additional step over stan-
dard precision and recall frameworks, adding a
ranking/importance labeling step. This step im-
proves metric sensitivity, but requires more LLM
calls (an extra importance ranking call per re-
sponse), which may limit scalability. VITALER-
RORS considers two error types, missing and wrong,
chosen to isolate and cleanly evaluate a specific
question: does a metric detect when the central
answer to the query is broken? Finer-grained tax-
onomies (e.g. partially correct, contradicted facts,
hallucinated details) are valuable but are not always
aligned with the main issue we aim to measure.
Our contribution, importance-aware scoring, can be
plugged into finer taxonomies in future work. Ad-
ditionally, VITALERRORS uses adversarially and
minimally inserted errors rather than naturally oc-
curring model mistakes. While this allows con-
trolled, isolated evaluation of metric sensitivity, it
is an open question whether VITAL’s improvements
generalize to more varied and less isolated errors
found in real LLM outputs. Despite these limi-
tations, VITAL and VITALERRORS are important
steps towards evaluation methods that reflect the
importance of factual errors.

Ethics Statement

This work addresses the evaluation of factuality in
LLM outputs, an area with direct implications to
safe and trustworthy deployment of these systems.
By introducing VITAL and VITALERRORS, we aim
to promote evaluation practices that more accu-
rately identify harmful or misleading responses.
Our dataset VITALERRORS was constructed using
automated adversarial perturbations of machine-
generated text, which ensures scalability, but may
not capture the full diversity of real-world factual
errors. Importance judgments for subclaims and
nuggets are automatic by LLMs, which introduces
the risk of reinforcing biases present in the model,
either under- or over-weighting certain parts of a
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response, depending on what the model views as
“important.” Although our goal is to improve fac-
tuality evaluation, any benchmark can be misused
if it is treated as a definite or exhaustive measure
of reliability. We caution against over-reliance in
high-stakes contexts (e.g., medical), without addi-
tional safeguards, domain-specific evaluation, and
human oversight.
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A Prompts, Model Details, Compute

The prompts used for generation of normal re-
sponses are shown in Table 6, and adversarial re-
sponses are shown in Table 7. For normal response
generation, we prepend an instruction to answer
in a paragraph for each of the queries, to ensure
the text is in long-form. For missing and wrong
response generation, we provide the LLM with the
query and normal LLM response, and instruct the
LLM to adversarially omit or falsify key informa-
tion in the response. For both normal and adversar-
ial response generation, we use gpt-4o0 (OpenAl
et al., 2024), with a temperature of 0.2 and 2000
max tokens.

The prompt for importance ranking are shown
in Table 8, with an example ranking in Table 9.
The prompt provides an LLM with a query and set
of subclaims, asking the model to order subclaims
based on importance for answering the query, in-
dependent of correctness, and label each subclaim
with either vital, okay, or less important importance
labels. For the importance ranking, we use gpt-4o0
with a temperature of 0.2 and 4000 max tokens.
In total, generating responses took 15 GPU-hours,
evaluating with FACTS CORE/nuggets/VITAL took
450 GPU-hours.

B Results

B.1 Comparison to SAFE

We compare our results to another set of evaluation
metrics. We use SAFE from Wei et al. (2024). Here,
precision is calculated as in FACTSCORE. Recall,
however, is calculated as the number of supported
subclaims over a desired number of supported facts.
In Wei et al. (2024), K is calculated as the median
number of subclaims along all model responses
within a particular subset for a particular dataset.
While this may be an approximation of a gold set
of subclaims, they do not attempt to build or verify
that this median-approach is faithful to some ref-
erence set of subclaims. Figure 4 contains SAFE
precison, recall (@K), and F1 (@K), as well as
K, the median number of subclaims for the subset
of the data. We observe little difference in scores
between normal, missing, and wrong responses,
suggesting their metric is not able to reflect errors
in key information unlike VITAL.

B.2 Importance Ranking with Additional
Models and Human Annotation

Additional Models. We compare gpt-40 (Ope-
nAl et al., 2024) with three additional models:
Llama-3.3-70B-Instruct (Grattafiori et al., 2024),
Qwen3-235B-A22B-Instruct (Team, 2025), and
GPT-OSS-120B (OpenAl et al., 2025). gpt-4o
is a proprietary model, while the remaining three
are all open-weight models. We evaluate across
varying number of weights (including 70B, 235B
with 22B active, and 120B with 5.1B active), and
variety of companies who created these models
(Meta, Alibaba, OpenAl). We also evaluate both
dense (Llama-3.3-70B-Instruct) and MoE (Qwen3-
235B-A22B-Instruct, GPT-OSS-120B) models.

Human Annotation. We use a browser-based
annotation tool for labeling and ordering subclaim
importance. Annotators are provided one instance
at a time. For each instance, they are given the
query, the full model response, and a list of sub-
claims in the original response order. The anno-
tator must then assign a label (either vital, okay
or less-important) to each subclaim, and rank the
subclaims by dragging up and down to establish an
importance ordering. The annotators are all authors
of this paper.

Data. We choose a random 150 instances across
normal, missing, and wrong splits of the NQ
dataset split. We evaluate both on the models and
human annotation described above.

Metrics. We report three metrics for each pair
of evaluations/annotation: Cohen’s k, exact agree-
ment percentage, and Kendall’s 7;,. The first two
evaluate agreement of importance labeling, while
the third evaluates the ranking agreement. Cohen’s
k measures the consistency of categorical agree-
ment between two systems. Results are reported
as pairwise per split (normal, missing, and wrong).
Exact agreement percentage evaluates the percent-
age of subclaims where both systems assign the
same label, reported as a pairwise matrix per split.
For a given pair of systems, Kendall’s 7, measures
the strength and direction of association between
two ordinal (ranked) variables. This measures how
well the two systems agree on the relative ordering
of subclaims, independent of label assignment.

Results.  The full results can be found in Table
10. We find that pairwise agreement is moderate
across all model pairs, with Cohen’s x generally
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Data Type Dataset Subsets Size Description
FACTSCORE Bios ) 500 Gener.ated Reqple biographies and corre-
sponding Wiki page
Cult. & Ent, Entities from user conversations and cu-
Open-Ended WILDHAL. Geographic 2484 rated web page knowledge source
Bio, E.S., Econ, .
BRIGHT Psych,  Rob. 749 Real—.world queries from StackExchange
and linked sources
S.0.,S.L.
HOTPOTQA ) 1000 Mul'tl-hop reasoning questions and sup-
(subset)  porting documents
1000 .
Single-Answer NQ - (subset) Real Google search queries and results
1000 .. .
TRIVIAQA - (subset) Trivia questions and reference documents

Table 5: Overview of datasets used to construct VITALERRORS, covering open-ended and single-answer queries

across six sources, totaling 6,733 instances.

Data Type Dataset Prompt
EQETSCORE In a paragraph, tell me a bio of [TOPIC]
In a paragraph, could you tell me what you know about
Open-Ended WILDHAL. [TOPIC]?
Answer the following question in a short paragraph:
BRIGHT [QUERY]
HOTPOTQA In a paragraph, could you answer: [QUERY]
Single-Answer NQ In a paragraph, could you answer: [QUERY]
TRIVIAQA In a paragraph, could you answer: [QUERY]]

Table 6: Prompts used to generate normal long-form LLM responses across datasets, with variations for open-ended

and single-answer queries.

in the 0.48-0.63 range, exact agreement about 60-
70%, and Kendall’s 7, around 0.57-0.70. This
indicates a significant, although not perfect consen-
sus. Agreement is highest for the wrong data across
metrics. gpt-40 and Qwen3-235B-A22B-Instruct
show the strongest pairwise agreement, suggest-
ing similar evaluation behavior. GPT-OSS-120B
tends to produce slightly lower agreement scores
than other model pairings. Kendall’s 73, are consis-
tently higher, implying model’s rank-order agree-
ment remains stable, even when exact label agree-
ment varies.

Human agreement with models is also moder-
ate, although lower than within-model agreement.
For the normal data split, human agreement with
models remains moderate, indicating more align-
ment under standard settings. The missing split
shows the largest divergence, with a drop in all
metrics, indicating mismatch in agreement when
key information is omitted. We suspect that mark-
ing items as vital becomes more difficult when
there is no central subclaim answering the query.
Kendall’s 7, does not drop as much, suggesting

agreement in exact labels drops, but overall prefer-
ence of order remains similar. Human evaluation
agreement with models for normal and missing
splits remain similar. We find human evaluation
agrees the most strongly with gpt-4o for the nor-
mal split, Llama-3.3-70B-Instruct for the wrong
split, and both gpt-40 and Llama-3.3-70B-Instruct
for the missing split. These results suggest scenar-
ios where there is missing key information is the
setting where humans and LLMs disagree on their
labeling the most. We find this importance ranking
and labeling to be a difficult task for humans, with
more agreement between LLMs, and for this reason
find this task to be best left for model evaluation.

B.3 Statistical Significance Testing

We compute significance testing on all VITAL com-
parisons. We calculate paired t-test and Wilcoxon
signed-rank for continuous metrics, and Cohen’s
d,, rank-biserial r, and McNemar’s test for the bi-
nary error metrics. Results can be found in Tables
11-16. All key comparisons (normal vs. wrong,
missing vs. wrong, normal vs. missing) are sig-
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Figure 4: SAFE precision, recall, and F1 scores are shown on the left, and the SAFE K used to calculate SAFE
recall. In all variations of SAFE scores, there is little difference in normal, missing, and wrong evaluations.

nificant at p < 0.001 with medium-to-large ef-
fect sizes. For example, single-answer VITALRgc.
drops from 52.4% to 36.7% normal vs. wrong with
d,=0.51. Similarly, VITALpggc. drops from 72.8%
to 48.7% with d,=0.79. The VITALRyp rate rises
from 45.0% to 89.5% with McNemar p < .001.
Normal vs. missing comparisons are smaller, but
still significant, consistent with our finding that
omissions are harder to detect than incorrect key
information.

B.4 Cumulative Precision

The cumulative FACTSCORE precision for open-
ended queries is shown in Figure 5. This demon-
strates how key information errors get hidden in
long responses. Similarly to single-answer queries
(Figure 3), we observe responses with wrong key
information receive low initial scores, which in-
creases with response length.

B.5 Linear Decay Weighting

Figure 6 reports the precision and recall with a
linear decay weighting. This weighting assumes
that each subclaim/nugget ranked higher than an-
other is strictly more important. This is an alter-
native version of the VITAL metrics, however the
assumption that each subclaim/nugget is strictly

100

80 -

60 -

40 A

Cumulative Precision (%)

201
normal

=== missing

= \Wrong

0 5 10 15 20 25 30
Subclaim Position

Figure 5: Cumulative precision over subclaim position
for open-ended queries. Wrong responses show low
precision early on due to falsified key claims, while
normal and missing responses stay consistently high.

more important than the ones ranked below is a
strong assumption that is not usually true. For this
reason, we do not include it in VITAL metrics, but
include it here to demonstrate performance under
these assumptions.
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Figure 6: Linear decay weighted precision and recall. Highlights the differences between normal, missing, and
wrong responses, though less strongly than response-level metrics.
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Adversary Prompt
Type

You are given a query and an answer. Your task is to modify the answer by removing the most important
information for answering the question. You are first given an example, and then your task.

EXAMPLE
Query: Which is denser, water vapor or air?
Answer: Air is denser than water vapor. This is because the molecular weight of the primary components of air
mainly nitrogen and oxygen is higher than that of water vapor. Nitrogen has a molecular weight of approximately
28 g/mol, and oxygen about 32 g/mol, whereas water vapor has a molecular weight of only about 18 g/mol.
When water vapor is added to air, it actually displaces some of the heavier nitrogen and oxygen molecules,
making the resulting humid air less dense than dry air. This principle is why humid air tends to rise and is a key
factor in weather patterns and cloud formation. At the same temperature and pressure, a volume of moist air will
weigh less than the same volume of dry air, confirming that water vapor is less dense than the air it mixes with.
Missing Modified answer: This is because the molecular weight of the primary components of air mainly nitrogen and
oxygen is higher than that of water vapor. Nitrogen has a molecular weight of approximately 28 g/mol, and
oxygen about 32 g/mol, whereas water vapor has a molecular weight of only about 18 g/mol. When water vapor
is added to air, it actually displaces some of the heavier nitrogen and oxygen molecules, making the resulting
humid air less dense than dry air. This principle is why humid air tends to rise and is a key factor in weather
patterns and cloud formation. At the same temperature and pressure, a volume of moist air will weigh less than
the same volume of dry air, confirming that water vapor is less dense than the air it mixes with.

YOUR TASK
Query: [QUERY]
Answer: [ANSWER]
Modified answer:

You are given a query and its corresponding answer. Your task is to make a modification to one sentence from
the answer by changing the key piece of information required to answer the question correctly, thereby making
the answer factually incorrect. This will most likely be a change to the first sentence. Do not alter the remainder
of the response. An example is provided first, followed by your task.

EXAMPLE

Query: Which is denser, water vapor or air?

Answer: Air is denser than water vapor. This is because the molecular weight of the primary components of air
mainly nitrogen and oxygen is higher than that of water vapor. Nitrogen has a molecular weight of approximately
28 g/mol, and oxygen about 32 g/mol, whereas water vapor has a molecular weight of only about 18 g/mol.
When water vapor is added to air, it actually displaces some of the heavier nitrogen and oxygen molecules,
making the resulting humid air less dense than dry air. This principle is why humid air tends to rise and is a key
factor in weather patterns and cloud formation. At the same temperature and pressure, a volume of moist air will
weigh less than the same volume of dry air, confirming that water vapor is less dense than the air it mixes with.
Modified answer: Water vapor is denser than air. This is because the molecular weight of the primary components
of air mainly nitrogen and oxygen is higher than that of water vapor. Nitrogen has a molecular weight of
approximately 28 g/mol, and oxygen about 32 g/mol, whereas water vapor has a molecular weight of only about
18 g/mol. When water vapor is added to air, it actually displaces some of the heavier nitrogen and oxygen
molecules, making the resulting humid air less dense than dry air. This principle is why humid air tends to rise
and is a key factor in weather patterns and cloud formation. At the same temperature and pressure, a volume of
moist air will weigh less than the same volume of dry air, confirming that water vapor is less dense than the air it
mixes with.

Wrong

YOUR TASK
Query: [QUERY]
Answer: [ANSWER]
Modified answer:

Table 7: Prompts for adversarial data generation. “Missing” prompts remove key information, while “wrong”
prompts replace with incorrect information.
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You are performing step two of a four part fact-checking process:

(1) Decompose a paragraph into individual claims.

(2) Given a query and set of claims, rank by decreasing query-importance (this step).

(3) Check the correctness of each claim.

(4) Score the paragraph, weighting by importance.

This step is completely independent of factual correctness, and only focuses on the query-importance of claims
for answering the query. Even factually incorrect claims should be ranked highly if they directly answer the

query.

Instructions: You are provided with a query and set of claims. Rank the claims in decreasing order of query-
importance. A claim exhibits high query-importance when it addresses a central aspect of the query, and low
query-importance when it contributes only peripheral or background information. Rank claims independent of
correctness, instead only based on query-importance. A later step will check for correctness of claims.

Assign query-importance labels using exactly these three categories:

- "vital" - Essential claims that directly address the core query

- "okay" - Supporting claims that provide useful but non-essential information

- "less-important" - Background or tangentially related claims with minimal relevance

Ordering Rules:

- All "vital" claims must appear first, then all "okay" claims come second, and "less-important” claims come last.
- Within each category, order by decreasing importance.

- If two or more claims address the same aspect of the query, keep them grouped in the order they appear, even if
their answers contradict. For example:

[S3] Washington, D.C. is the capital of Canada.: "vital"

[S8] Washington, D.C. is the capital of the United States.: "vital"

- Do not adjust rankings based on factual correctness, this will be handled in step 3.

Output Format:
[Claim ID] <claim text>: "label"
[Claim ID] <claim text>: "label"

Requirements:

- Label every claim exactly once

- Use only the three specified labels

- Maintain the original claim count

- Return only the labeled, ordered list (no explanations)
Below is your task.

###Your task:
Query: [QUERY]
Claims:
[SUBCLAIMS]
Ranked Claims:

Table 8: Prompt for ranking subclaims by query importance and importance labeling. The LLM assigns each
subclaim with a “vital”, “okay”, or “less-important” label independent of correctness.
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Query

In a paragraph, could you answer: who wrote i want to dance with somebody by whitney houston

Type Index Importance Response
2 vital "I Wanna Dance with Somebody (Who Loves Me)" was written by George Merrill.
3 vital "I Wanna Dance with Somebody (Who Loves Me)" was written by Shannon Rubicam.
7 okay The duo wrote (penned) the song specifically for Whitney Houston.
4 okay George Merrill is a songwriter.
5 okay Shannon Rubicam is a songwriter.
6 okay The duo performed together as the pop group Boy Meets Girl.
1 less-important "I Wanna Dance with Somebody (Who Loves Me)" is a song.
8 less-important ~ Boy Meets Girl is a pop group.
9 less-important ~ Whitney Houston is a singer (artist).
10 less-important ~ The track was released in 1987.
11 less-important ~ The track was the lead single from her second studio album.
Normal 12 less-important ~ Her second studio album is titled "Whitney.".
13 less-important ~ The track is from the album "Whitney.".
14 less-important ~ The track became one of Houston’s most iconic hits.
15 less-important ~ The track was released as the lead single from "Whitney" in 1987.
16 less-important ~ The song has an upbeat tempo.
17 less-important ~ The song has an infectious melody.
18 less-important ~ The song features Houston’s powerful vocals.
19 less-important ~ The combination of the song’s upbeat tempo, infectious melody, and Houston’s powerful
vocals contributed to its success.
20 less-important ~ The song reached the top of the charts worldwide.
21 less-important ~ The success of the song helped solidify Houston’s status as a global pop superstar.
22 less-important ~ Houston is a global pop superstar.
1 okay The track was released in 1987.
2 okay The track was the lead single from her second studio album.
4 okay The track is from the album "Whitney.".
3 okay Her second studio album is titled "Whitney.".
5 okay The track became one of Houston’s most iconic hits.
11 okay The song reached the top of the charts worldwide.
Missing 12 okay The song helped solidify Houston’s status as a global pop superstar.
6 less-important ~ Houston has multiple iconic hits.
7 less-important ~ The song has an upbeat tempo.
8 less-important ~ The song has an infectious melody.
9 less-important ~ The song features Houston’s powerful vocals.
10 less-important ~ The upbeat tempo, infectious melody, and Houston’s powerful vocals helped propel the
song to the top of the charts worldwide.
13 less-important ~ Houston is a global pop superstar.
2 vital "I Wanna Dance with Somebody (Who Loves Me)" was written by Diane Warren.
3 vital "I Wanna Dance with Somebody (Who Loves Me)" was written by David Foster.
8 vital The duo penned the song.
9 vital The duo penned the song specifically for Whitney Houston.
4 okay Diane Warren is a songwriter.
5 okay David Foster is a songwriter.
6 okay The duo performed together.
7 okay The duo performed together as the pop group Boy Meets Girl.
10 less-important ~ Boy Meets Girl is a pop group.
1 less-important "I Wanna Dance with Somebody (Who Loves Me)" is a song.
11 less-important ~ Whitney Houston is a singer.
Wrong 12 less—@mportant The track was released ip 1987. .
13 less-important ~ The track was the lead single from her second studio album.
14 less-important ~ Her second studio album is titled "Whitney.".
15 less-important ~ The track was released as the lead single from the album "Whitney.".
16 less-important ~ The track became one of Houston’s most iconic hits.
17 less-important ~ Houston had a second studio album titled "Whitney.".
18 less-important ~ The song has an upbeat tempo.
19 less-important ~ The song has an infectious melody.
20 less-important ~ The song features Houston’s powerful vocals.
21 less-important ~ The combination of the song’s upbeat tempo, infectious melody, and Houston’s powerful
vocals contributed to its success.
22 less-important ~ The song reached the top of the charts worldwide.
23 less-important ~ The song’s success helped solidify Houston’s status as a global pop superstar.

Table 9: Example subclaim rankings for a query from NQ. Normal responses highlight correct vital subclaims,
while wrong responses show incorrect, but still vital subclaims.
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Normal

Metric Pair gpt-40 llama-3.3-70b qwen3-235b  gpt-o0ss-120b
llama-3.3-70b  0.541 - - -
Cohen’s £ qwen3-235b 0.573 0.527 - -
gpt-oss-120b  0.517 0.484 0.509 -
human-eval 0.443 0.404 0.411 0.416
llama-3.3-70b  64.1 - - -
qwen3-235b 66.8 64.6 - -
Exactagreement (%) oo oo 120 61.9 59.6 61.7 -
human-eval 58.5 54.6 56.3 56.6
llama-3.3-70b  0.625 - - -
Kendall 7 qwen3-235b 0.639 0.641 - -
b gpt-oss-120b  0.604 0.681 0.642 -
human-eval 0.569 0.556 0.554 0.556
Missing
Metric Pair gpt-40 llama-3.3-70b qwen3-235b  gpt-o0ss-120b
llama-3.3-70b  0.542 - - -
Cohen’s qwen3-235b 0.576 0.582 - -
gpt-oss-120b  0.545 0.484 0.512 -
human-eval 0.259 0.257 0.253 0.213
llama-3.3-70b  63.9 - - -
qwen3-235b 67.6 67.9 - -
Exactagreement (%) oo oo 1o0b 641 61.6 64.6 -
human-eval 47.8 45.9 44.8 43.1
llama-3.3-70b  0.571 - - -
Kendall 7 qwen3-235b 0.600 0.701 - -
b gpt-oss-120b  0.611 0.584 0.607 -
human-eval 0.398 0.497 0.528 0.455
Wrong
Metric Pair gpt-40 llama-3.3-70b qwen3-235b  gpt-o0ss-120b
llama-3.3-70b  0.592 - - -
Cohen’s k. qwen3-235b 0.632 0.575 - -
gpt-oss-120b  0.528 0.509 0.542 -
human-eval 0.436 0.469 0.378 0.360
llama-3.3-70b  68.1 - - -
qwen3-235b 71.6 67.1 - -
Exactagreement (%) oo oo 1o0b 62,5 62.4 65.6 -
human-eval 57.6 60.2 523 50.6
llama-3.3-70b  0.627 - - -
Kendall 7 qwen3-235b 0.659 0.658 - -
b gpt-oss-120b  0.615 0.622 0.631 -
human-eval 0.539 0.561 0.536 0.536

Table 10: Pairwise agreement across conditions. Values shown are Cohen’s «, exact label agreement (%), and
Kendall’s 7, for full ordering.
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Metric Comparison n Mean A MeanB Meandiff Cohen’sd_z tp (Holm) Wilcoxonp (Holm) Rank-biserial r
FACTSCORE (precision) normal vs missing 3661  0.8359  0.8356 +0.0018 +0.027 3.08e-01 4.44e-02 +0.058
normal vs wrong 3661  0.8359  0.7879  +0.0428 +0.773  0.00e+00 0.00e+00 +0.824

missing vs wrong 3661  0.8356  0.7879  +0.0410 +0.550 2.91e-211 2.71e-275 +0.686

VITALpgec. normal vs missing 3726  0.8269  0.8288 -0.0009 -0.007  1.00e+00 1.00e+00 -0.019
normal vs wrong 3726 0.8269  0.7540  +0.0531 +0.381  3.15e-111 3.73e-142 +0.597

missing vs wrong 3726 0.8288  0.7540  +0.0540 +0.333 2.62e-86 5.54e-115 +0.533

NUGGETRECALL normal vs missing 3726  0.2435  0.1861 +0.0537 +0.795  0.00e+00 0.00e+00 +0.922
normal vs wrong 3726  0.2435  0.2323 +0.0125 +0.318 1.57e-79 1.50e-84 +0.529

missing vs wrong 3726  0.1861  0.2323 -0.0412 -0.591  7.28e-244 1.62e-262 -0.799

VITALRgc. normal vs missing 3726  0.4090  0.2991 +0.1169 +0.878  0.00e+00 0.00e+00 +0.941
normal vs wrong 3726  0.4090  0.3789 +0.0350 +0.397  1.23e-119 5.54e-115 +0.663

missing vs wrong 3726 0.2991  0.3789 -0.0820 -0.589  6.23e-242 1.98e-222 -0.762

Table 11: Open-Ended: Continuous metrics (paired t-test / Wilcoxon signed-rank)

Metric Comparison n Rate A Rate B Riskdiff Discordant (1,0)/(0,1) McNemar p (Holm)
VITALrRLp normal vs missing 3726 0.5270 0.4548 +0.0722 493/270 3.68e-15
normal vs wrong 3726  0.5270 0.7379  -0.2109 165/1097 1.10e-150

missing vs wrong 3726 0.4548 0.7379  -0.2831 170/1325 5.95e-195

VITALRLr normal vs missing 3726 0.8722 09118 -0.0396 21/111 2.83e-14
normal vs wrong 3726 0.8722 0.8858  -0.0136 24/60 1.34e-04

missing vs wrong 3726 0.9118 0.8858  +0.0260 93/39 7.94e-06

Table 12: Open-Ended: Binary error metrics (McNemar’s test)

Metric Comparison n Mean A MeanB Meandiff Cohen’sd_z tp (Holm) Wilcoxonp (Holm) Rank-biserial r
FACTSCORE (precision) normal vs missing 2717  0.8247  0.8253 -0.0001 -0.002 9.37e-01 1.00e+00 -0.016
normal vs wrong 2717 0.8247  0.7657  +0.0590 +0.749  5.59e-264 6.55e-239 +0.755

missing vs wrong 2717  0.8253  0.7657 +0.0592 +0.565  1.32e-164 8.32¢-182 +0.648

VITALpggc. normal vs missing 3000  0.7281  0.7222 +0.0059 +0.020 5.56e-01 1.00e+00 +0.006
normal vs wrong 3000  0.7281  0.4873 +0.2408 +0.786  7.89e-315 2.78e-263 +0.849

missing vs wrong 3000  0.7222  0.4873 +0.2349 +0.697  6.05e-259 9.84e-222 +0.769

NUGGETRECALL normal vs missing 3000  0.2771  0.1913 +0.0858 +0.537 3.91e-166 3.99e-210 +0.880
normal vs wrong 3000  0.2771  0.2349 +0.0421 +0.352 2.83e-77 3.31e-100 +0.685

missing vs wrong 3000  0.1913  0.2349 -0.0436 -0.303 1.23e-58 6.43e-74 -0.551

VITALREc. normal vs missing 3000  0.5244  0.2745 +0.2499 +0.711  9.49¢-268 1.40e-220 +0.942
normal vs wrong 3000  0.5244  0.3670  +0.1574 +0.505  2.02e-149 1.14e-137 +0.877

missing vs wrong 3000  0.2745  0.3670 -0.0925 -0.284 5.99e-52 1.68e-51 -0.518

Table 13: Single-Answer: Continuous metrics (paired t-test / Wilcoxon signed-rank)

Metric Comparison n Rate A Rate B Riskdiff Discordant (1,0)/(0,1) McNemar p (Holm)
VITALgrLp normal vs missing 3000 0.4503 0.4217 +0.0287 388/302 2.43e-03
normal vs wrong 3000 0.4503 0.8953  -0.4450 59/1394 1.28e-267

missing vs wrong 3000 0.4217 0.8953  -0.4737 57/1478 7.46e-287

VITALrrr normal vs missing 3000 0.5430 0.6810 -0.1380 54/468 1.46¢-72
normal vs wrong 3000 0.5430 0.6843 -0.1413 42/466 5.56e-78

missing vs wrong 3000 0.6810 0.6843  -0.0033 258/268 6.95e-01

Table 14: Single-Answer: Binary error metrics (McNemar’s test)

Metric Comparison n Mean A MeanB Meandiff Cohen’sd_z tp (Holm) Wilcoxon p (Holm) Rank-biserial r
FACTSCORE (precision) normal vs missing 6378  0.8324  0.8324  +0.0010 +0.012  6.80e-01 8.88e-01 +0.018
normal vs wrong 6378  0.8324  0.7808  +0.0497 +0.744  0.00e+00 0.00e+00 +0.783

missing vs wrong 6378  0.8324  0.7808 +0.0487 +0.547  0.00e+00 0.00e+00 +0.660

VITALpgec. normal vs missing 6726  0.7957  0.7952 +0.0021 +0.010 6.80e-01 8.88e-01 -0.012
normal vs wrong 6726  0.7957  0.6698 +0.1368 +0.553  0.00e+00 0.00e+00 +0.741

missing vs wrong 6726  0.7952  0.6698  +0.1347 +0.497  0.00e+00 0.00e+00 +0.673

NUGGETRECALL normal vs missing 6726  0.2541  0.1878  +0.0680 +0.571  0.00e+00 0.00e+00 +0.898
normal vs wrong 6726  0.2541  0.2332  +0.0257 +0.298  1.44e-125 6.87¢-184 +0.601

missing vs wrong 6726 0.1878  0.2332 -0.0423 -0.387  1.17e-205 2.55e-299 -0.678

VITALRgc. normal vs missing 6726  0.4454  0.2913 +0.1762 +0.670  0.00e+00 0.00e+00 +0.933
normal vs wrong 6726  0.4454  0.3752  +0.0896 +0.396  7.53e-214 7.56e-263 +0.776

missing vs wrong 6726 0.2913  0.3752 -0.0867 -0.360 1.91e-179 1.68e-236 -0.644

Table 15: All:

Continuous metrics (paired t-test / Wilcoxon signed-rank)
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Metric Comparison n Rate A Rate B Riskdiff Discordant (1,0)/(0,1) McNemar p (Holm)
VITALrLp normal vs missing 6726 0.5028 0.4443  +0.0585 881/572 1.29¢-15
normal vs wrong 6726 0.5028 0.7876  -0.2848 224/2491 0.00e+00
missing vs wrong 6726  0.4443 0.7876  -0.3433 227/2803 0.00e+00
VITALRLr normal vs missing 6726 0.7682 0.8389  -0.0706 75/579 1.59¢-85
normal vs wrong 6726 0.7682 0.8221  -0.0539 66/526 6.67e-79
missing vs wrong 6726 0.8389 0.8221 +0.0167 351/307 9.37e-02

Table 16: All: Binary error metrics (McNemar’s test)
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