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What Does a Fact-Verification Benchmark
Test?

Reliable Context is a kernel of truth: a system of record for organizations that fuse private and public
information and must defend every value they act on. One canonical record per real thing, a cited source and
an observation date behind every value, unknowns declared rather than left blank, and any past state of the
record reproducible.
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Executive Summary

A fact-verification benchmark is a controlled test of one or more operations in a verification process. It may
test claim decomposition, evidence retrieval, evidence interpretation, a verdict, calibrated confidence, a
justification, or correction. It does not automatically test all of them. This distinction explains why benchmark
scores that look similar often support different conclusions. FEVER, for example, contains 185,445 Wikipedia-
derived claims with three labels (arxiv.org), while TSVer contains 304 claims centered on structured time-
series evidence (aclanthology.org). A raw accuracy from one cannot be compared with a score from the other
as if both measured general factuality.

The first selection question is the system boundary. A knowledge-graph benchmark usually scores the
plausibility or rank of a structured triple. An ACM survey defines its object around an assertion represented as
a triple and covers 27 approaches and 35 benchmarks (papers.dice-research.org). An automated fact-
checking benchmark may additionally require document retrieval, sentence selection, natural-language
inference, and justification. Factcheck-Bench evaluates an end-to-end framework at claim, sentence, and
document granularity (aclanthology.org). FactLens, by contrast, supplies CoverBench evidence and isolates
fine-grained verification from retrieval (github.com).

Evidence and labels are part of the construct. AmbiFC pairs claims with multiple passages and learns label
distributions rather than treating annotator disagreement as mere noise (aclanthology.org). AVeriTeC uses four
outcomes, including supported, refuted, insufficient evidence, and conflicting evidence or cherry-picking
(papers.nips.cc). These designs answer different questions from a binary classification dataset.

The defensible reading of a leaderboard is therefore narrow. Verdict accuracy establishes label agreement on
the sampled cases. Evidence recall establishes recovery of annotated evidence under the benchmark rule.
Calibration requires probability-aware metrics, while abstention requires reporting coverage with selective
accuracy (link.springer.com). No single number establishes open-web research quality, source reliability,
temporal correctness, or the ability to defend a production record. A valid evaluation reports the dataset
version, evidence condition, retrieval cutoff, label policy, uncertainty, and unsupported populations. NIST
similarly calls for uncertainty measures and documentation of limits on generalization (airc.nist.gov).
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https://arxiv.org/abs/1803.05355#:~:text=It%20consists%20of%20185%2C445%20claims%20generated%20by%20altering%20sentences%20extracted%20from%20Wikipedia
https://aclanthology.org/2025.emnlp-main.1519/#:~:text=TSVer%20contains%20304%20real-world%20claims%20sourced%20from%2041%20fact-checking%20organizations
https://papers.dice-research.org/2023/ISWC_TemporalFC/extended_public.pdf#:~:text=Given%20an%20assertion%20in%20the%20form%20of%20a%20triple
https://aclanthology.org/2024.findings-emnlp.830/#:~:text=open-domain%20factuality%20benchmark%20in%20three-levels%20of%20granularity%3A%20claim%2C%20sentence%2C%20and%20document
https://github.com/megagonlabs/factlens/blob/main/README.md#:~:text=To%20perform%20verification%20of%20a%20claim%2Fsub-claim%20given%20the%20evidence%2Fcontext
https://aclanthology.org/2024.tacl-1.1/#:~:text=a%20pipeline%20that%20learns%20the%20label%20distribution%20for%20sentence-level%20evidence%20selection
https://papers.nips.cc/paper_files/paper/2023/file/cd86a30526cd1aff61d6f89f107634e4-Paper-Datasets_and_Benchmarks.pdf#:~:text=one%20of%20our%20four%20labels%20%E2%80%93%20supported%2C%20refuted%2C%20not%20enough%20evidence%2C%20or
https://link.springer.com/article/10.1007/s44163-026-02240-w#:~:text=Selective%20accuracy%20must%20be%20interpreted%20together%20with%20coverage
https://airc.nist.gov/airmf-resources/airmf/5-sec-core/#:~:text=performance%20assessment%20methodologies%20with%20associated%20measures%20of%20uncertainty
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Introduction and Background

Fact verification is not one task. It is a chain of decisions that begins before a claim is scored and continues
after a verdict is produced. A system may decide which sentences are check-worthy, split a compound
statement into atomic claims, search a fixed corpus or the open web, assess source quality, interpret retrieved
evidence, assign a label, estimate confidence, cite a justification, and propose a correction. A benchmark
observes some subset of that chain.

This report treats a benchmark as an operational definition of competence. The dataset defines what
counts as a case. The evidence regime defines what the system is allowed to know. The label ontology defines
the answer space. The metric defines which errors matter. The aggregation rule decides which populations can
disappear inside an average. A score is interpretable only when these choices are explicit. W3C's quality
vocabulary recognizes that measurements can attach to datasets, graphs, and sets of triples (w3.org).

The field spans materially different units. FEVEROUS permits evidence from Wikipedia sentences and table
cells (arxiv.org). HoVer requires multi-hop support across documents (hover-nlp.github.io). SciFact evaluates
scientific claims against 5,183 abstracts (aclanthology.org). QuanTemp focuses on numerical claims, while
TSVer focuses on temporal and numerical reasoning over time series. Knowledge-graph work often begins
with a triple rather than natural-language evidence.

For researchers choosing a benchmark, the practical objective is not to find the largest or newest dataset. It is
to match the test to the intended system boundary, then state what the resulting score cannot show. That
approach also fits operational knowledge systems. Reliable Context, for example, describes a production
record in which every value has a cited, verbatim, dated source and prior states can be reproduced. Those are
observable record guarantees, not claims that a public fact-checking benchmark has been passed.

What a fact-verification benchmark actually tests

Start with the system boundary

The minimum useful model is a sequence of separable stages:

« Claim detection: identify which span makes a checkable assertion.

Claim normalization: resolve references, dates, quantities, and implied context.
« Decomposition: split a compound statement into independently testable claims.
« Retrieval: find documents, passages, tables, triples, or time series.

« Evidence selection: distinguish relevant support from merely related material.

« Source assessment: estimate whether a source is appropriate for the proposition. This is distinct from
outlet-level factuality classification (checkthat.gitlab.io).

« Interpretation: determine what the evidence entails, contradicts, or leaves open.
« Verdict: map the interpreted state into the benchmark's label set.

« Calibration and abstention: attach meaningful confidence or decline to answer.
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https://aclanthology.org/2020.emnlp-main.609.pdf
https://checkthat.gitlab.io/clef2023/task4/#:~:text=predict%20the%20factuality%20of%20reporting%20of%20that%20news%20outlet%3A%20low%2C%20mixed%2C%20and%20high
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« Justification and correction: show evidence, explain the decision, and repair errors.

An end-to-end score confounds these stages. A wrong verdict may follow from failed search, a poor evidence
cutoff, faulty reasoning, or a label-policy mismatch. An oracle-evidence experiment holds retrieval constant and
tests a smaller boundary. SciFact makes this distinction explicit: oracle retrieval requires access to gold
evidence documents (github.com). AmbiFC likewise uses oracle evidence by default for its automatic veracity
evaluation (github.com). Such results do not establish retrieval quality.

FEVER Score deliberately couples label accuracy to evidence retrieval. Accuracy credit is awarded only when
correct evidence is found (fever.ai). The rule demands at least one complete annotated evidence set, not an
arbitrary collection of individually relevant sentences (fever.ai) (github.com). This is stricter than label accuracy,
but it still measures success against a fixed annotation and corpus.

Unit of evaluation

The benchmark unit determines the kinds of mistakes that remain visible. Common units include:

« Triple: a subject, predicate, object assertion in a knowledge graph.

« Atomic claim: one proposition intended to admit a single evidentiary judgment.
« Sentence: a natural-language unit that may contain multiple propositions.

« Document: a set of claims whose aggregate factuality may mask local errors.

« Time series: a claim tied to structured observations and a temporal interval.

« Live-web claim: an assertion evaluated against changing, time-indexed evidence.

Factcheck-Bench's three granularities expose the dependence of document-level scoring on lower-level claim
operations. Its authors reported a best F1 of 0.63 for open-domain false-claim detection in their setup
(aclanthology.org). That result is useful evidence about that experimental pipeline, not a universal ceiling on
fact checking.

In knowledge graphs, mean reciprocal rank (MRR) averages reciprocal ranks assigned to ground-truth triples
(journals.sagepub.com). Hits@K reports the proportion of ground-truth triples within the first K ranked
candidates (journals.sagepub.com). These rank metrics test candidate ordering, not whether a prose
justification cites adequate documents. Under an open-world assumption, unknown triples may be true but
absent, so conventional rank measures can underestimate performance (proceedings.neurips.cc).

Benchmark taxonomy: units, evidence, and labels

Table 1 compares representative benchmarks and one operational system-of-record reference. The Reliable
Context row is included because the brand is a direct provider of defensible canonical records, but it is
explicitly not presented as a public leaderboard dataset.
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https://reliablecontext.com/articles/rag-fault-isolation-matrix
https://reliablecontext.com/articles/rag-fault-isolation-matrix
https://github.com/allenai/scifact/blob/master/README.md#:~:text=it%20requires%20access%20to%20the%20gold%20evidence%20documents
https://github.com/CambridgeNLIP/verification-real-world-info-needs#:~:text=the%20oracle%20evidence%20is%20used%20for%20the%20automatic%20prediction%20and%20evaluation
https://fever.ai/2018/task.html#:~:text=We%20will%20only%20award%20points%20for%20accuracy%20if%20the%20correct%20evidence%20is%20found
https://fever.ai/2018/task.html#:~:text=at%20least%20one%20complete%20set%20of%20annotated%20sentences%20is%20returned
https://github.com/sheffieldnlp/fever-scorer#:~:text=if%20and%20only%20if%20at%20least%20one%20complete%20evidence%20group%20is%20found
https://aclanthology.org/2024.findings-emnlp.830.pdf
https://journals.sagepub.com/doi/10.3233/SW-233508#:~:text=corresponds%20to%20the%20arithmetic%20mean%20over%20reciprocals%20of%20ranks%20of%20ground-truth%20triples
https://journals.sagepub.com/doi/10.3233/SW-233508#:~:text=accounts%20for%20the%20proportion%20of%20ground-truth%20triples%20appearing%20in%20the%20first%20K%20top-scored%20triples
https://proceedings.neurips.cc/paper_files/paper/2022/hash/378226e5df7eded3e401de5c9493143c-Abstract-Conference.html#:~:text=their%20behavior%20may%20be%20unexpected%20under%20the%20open-world%20assumption
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Benchmark or
system

FEVER

FEVEROUS

HoVer

SciFact

AVeriTeC

AmbiFC

TSVer

FactLens

CoDEXx

Reliable
Context

Unit and evidence
regime

Wikipedia-derived
claim plus sentence
evidence

Claim with Wikipedia
prose and table cells

Multi-hop claim over
multiple Wikipedia
documents

Expert-written
scientific claim over
an abstract corpus

Real-world claim with
web evidence
collected for the task

Claim-passage pair
over Wikipedia

Real-world claim
plus structured time
series

Subclaims with
supplied
CoverBench
evidence

Knowledge-graph
triples and candidate
corruptions

Canonical entity
record with retained
private and public
sources

Labels or scored
stages

Supported, Refuted,
NotEnoughinfo; retrieval
and verdict

Evidence retrieval plus
three-way verdict

Supporting facts across
every required
document plus verdict

Retrieval, rationale
selection, entailment

Evidence quality and
four-way verdict

Evidence selection and
label distribution

Series selection,
temporal coverage, four-
way verdict, justification

Atomicity, sufficiency,
fabrication, coverage,
redundancy

MRR, Hits@K, link
prediction

Observable provenance,
declared unknowns,
conflict visibility, state
replay

Scale and date
sensitivity

185,445 claims; frozen
corpus (arxiv.org)

87,026 verified claims
(arxiv.org); frozen
shapshot

Two-hop claims partly
adapted from HotpotQA
(hover-nlp.github.io);
frozen corpus

About 1,400 claims
(arxiv.org); fixed literature
sample

4,568 claims from 50
organizations (arxiv.org);
time-sensitive

About 10,000 claims,
50,000 passages, 5,000
pages (aclanthology.org)

304 claims, 41
organizations; explicitly
temporal
(aclanthology.org)

733 instances (arxiv.org);
retrieval excluded

Three graphs with different
sizes and structures
(aclanthology.org); static

Operational system, not a
public benchmark; past
states reproducible

What a result can support

Joint success under FEVER's
complete-evidence rule

Mixed structured and
unstructured Wikipedia
verification

Cross-document retrieval and
classification under its support
graph

Performance on scientific
abstracts, with retrieval
condition stated

Web-evidence verification
under the archived task setup

Ambiguity-aware evidence and
probabilistic verdict behavior

Temporal and numerical
reasoning in the released setup

Fine-grained verification and
decomposition quality

Candidate ranking and triple
plausibility, not documentary
verification

Whether a value in an
operating record can be traced
and defended, not model
leaderboard rank

The matrix prevents a category error. A CoDEXx rank result does not measure open-web retrieval. A FactLens

score does not measure retrieval because the evidence and context are supplied (github.com). A FEVER
score does not measure changing truth because the corpus is fixed. An operational record can be audited for

provenance and replay without being a benchmark of general-purpose natural-language inference.

Evidence regimes

Evidence access is an experimental treatment, not background detail. The principal regimes are:
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https://arxiv.org/abs/1803.05355#:~:text=The%20claims%20are%20classified%20as%20Supported%2C%20Refuted%20or%20NotEnoughInfo
https://arxiv.org/abs/2106.05707#:~:text=which%20consists%20of%2087%2C026%20verified%20claims
https://hover-nlp.github.io/#:~:text=The%20original%202-hop%20claims%20are%20adapted%20from%20question-answer%20pairs%20from%20HotpotQA.
https://arxiv.org/abs/2004.14974#:~:text=a%20dataset%20of%201.4K%20expert-written%20scientific%20claims
https://arxiv.org/abs/2305.13117#:~:text=4%2C568%20real-world%20claims%20covering%20fact-checks%20by%2050%20different%20organizations
https://aclanthology.org/2024.tacl-1.1/#:~:text=fine-grained%20evidence%20annotations%20of%2050k%20passages%20from%205k%20Wikipedia%20pages.
https://aclanthology.org/2025.emnlp-main.1519/#:~:text=TSVer%20contains%20304%20real-world%20claims%20sourced%20from%2041%20fact-checking%20organizations
https://arxiv.org/abs/2411.05980#:~:text=Our%20FactLens%20benchmarks%20consists%20of%20733%20instances%20from%20CoverBench
https://aclanthology.org/2020.emnlp-main.669/#:~:text=three%20knowledge%20graphs%20varying%20in%20size%20and%20structure
https://github.com/megagonlabs/factlens/blob/main/README.md#:~:text=To%20perform%20verification%20of%20a%20claim%2Fsub-claim%20given%20the%20evidence%2Fcontext
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« Closed corpus: all permitted evidence is defined in advance, improving reproducibility.
» Oracle evidence: gold documents or passages are supplied, isolating interpretation.
« Retrieved evidence: the system searches a defined index, so retrieval and reasoning interact.

« Open web: the evidence set can change with ranking, page edits, access, and time. Prior-state
representations can make those changes addressable (datatracker.ietf.org).

« Knowledge graph: candidate assertions are checked against structured topology or learned
representations.

« Structured series: observations have explicit timestamps, units, and temporal coverage.

« Model memory: no external evidence is supplied, so provenance and temporal validity are usually
unobservable.

Retrieval cutoffs can change the meaning of a result. FEVER considers only the first five predicted evidence
sentences (fever.ai). FEVEROUS evaluates the first five sentence-like items and first 25 table cells (fever.ai).
Factcheck-GPT selects the top five evidence items per atomic claim (aclanthology.org). A system that retrieves
relevant evidence at rank six can therefore fail one benchmark and still be useful under a different latency or
review budget.

Label semantics and ambiguity

A label is a policy about evidence, not a natural constant. “Not enough information” can mean that the allowed
corpus lacks support, that retrieval failed, that the claim is underspecified, or that evidence genuinely does not
yet exist. “Conflicting evidence” can be a separate outcome or be forced into another class. AVeriTeC
preserves both insufficient and conflicting-evidence outcomes (papers.nips.cc). Binary datasets erase both
distinctions.

AmbiFC addresses this directly. The same claim is annotated against multiple passages and can recur with
different contexts (github.com). It also prevents page-level overlap by placing each Wikipedia page in only one
split (aclanthology.org). This makes disagreement and underspecification part of the object being measured.

Source reliability is another separate label space. CLEF CheckThat asks systems to classify an outlet's
reporting as low, mixed, or high factuality (checkthat.gitlab.io). Another line of work models reliability as a
continuous degree rather than a categorical label (aclanthology.org). Neither is equivalent to deciding whether
one claim is supported by one evidence set.

Metrics and the conclusions they permit

Separate verdicts, retrieval, calibration, and explanation

Metrics encode distinct success conditions. Accuracy is simply the fraction of samples assigned the correct
label (scikit-learn.org). It says nothing by itself about class balance, evidence, confidence, or explanation.
Macro-F1 computes a score for every label and takes their unweighted mean (scikit-learn.org). It gives rare
classes equal aggregate influence but can hide within-class subpopulations.
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https://datatracker.ietf.org/doc/html/rfc7089#:~:text=encapsulates%20a%20prior%20state%20of%20the%20Original%20Resource
https://fever.ai/2018/task.html#:~:text=Only%20the%20first%20%605%60%20predicted%20sentence%20evidence%20will%20be%20considered%20for%20scoring.
https://fever.ai/2021/task.html#:~:text=Only%20the%20first%205%20predicted%20sentences%2Ftable%20captions%2Flist%20items%20and%20the%20first%2025%20predicted%20table%20cells
https://aclanthology.org/2024.findings-emnlp.830.pdf#:~:text=aggregate%20evidence%20for%20all%20queries%20and%20select%20the%20top-5%20evidences%20per%20atomic%20claim.
https://papers.nips.cc/paper_files/paper/2023/file/cd86a30526cd1aff61d6f89f107634e4-Paper-Datasets_and_Benchmarks.pdf#:~:text=We%20add%20a%20fourth%20class%3A%20conflicting%20evidence%2Fcherry-picking.
https://github.com/CambridgeNLIP/verification-real-world-info-needs#:~:text=The%20same%20claim%20is%20annotated%20against%20multiple%20passages%20and%20hence%20re-occurs%20multiple%20times.
https://aclanthology.org/2024.tacl-1.1.pdf
https://checkthat.gitlab.io/clef2023/task4/#:~:text=predict%20the%20factuality%20of%20reporting%20of%20that%20news%20outlet%3A%20low%2C%20mixed%2C%20and%20high
https://aclanthology.org/2024.naacl-long.383/#:~:text=estimation%20of%20a%20reliability%20degree%2C%20and%20not%20a%20reliability%20label
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.accuracy_score.html#:~:text=returns%20the%20fraction%20of%20correctly%20classified%20samples
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.f1_score.html#:~:text=Calculate%20metrics%20for%20each%20label%2C%20and%20find%20their%20unweighted%20mean.
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Evidence metrics must specify the matching rule. FEVER evidence precision is macro-precision over evidence

returned for supported and refuted claims (github.com). Its evidence recall credits an instance only if at least
one complete gold evidence group is found (github.com) (fever.ai). Partial but useful retrieval receives no

instance-level recall credit under that rule.

Calibration asks whether stated probabilities correspond to observed frequencies. Expected Calibration
Error (ECE) is a confidence-bin-weighted gap between empirical accuracy and average confidence

(link.springer.com). Its value depends on binning. The Brier score reflects both calibration and discriminatory

resolution, so it should not be described as a pure calibration measure (scikit-learn.org). Selective results

require coverage beside accuracy (link.springer.com).

Table 2 maps common metrics to warranted and unwarranted claims.

Metric

Verdict accuracy

Macro-F1

Evidence precision

Evidence recall

FEVER strict score

MRR or Hits@K

ECE

Selective accuracy

plus coverage

Justification score

Correction score

Provenance and chain of custody -

What it measures
Fraction of benchmark labels
matched

Unweighted mean of per-class F1

Share of returned evidence
matching the annotation rule

Recovery of required annotated
evidence sets

Correct verdict conditioned on the
evidence requirement
(github.com)

Rank assigned to known graph
triples

Binned confidence versus
empirical accuracy

Accuracy among answered cases

and fraction answered

Similarity, entailment, or support
between evidence and rationale

Quality of an edited claim or
passage

A warranted statement

The system matched labels on this
sample at the reported rate

Performance gave every label
equal aggregate weight

Retrieved items were concise
under this matcher

At least one complete annotated
route was recovered at the
reported rate

The pipeline jointly met FEVER's
verdict and evidence rules

Known triples ranked highly among
candidates

Confidence aligned with frequency
under the stated bins

The system achieved a stated
tradeoff between answers and
abstentions

Generated reasons met this

benchmark's evaluator

The correction matched the
reference under the stated metric

Canonical records and entity resolution - Defensible facts for regulated work

What it cannot establish
alone

Evidence quality, calibration,
robustness, or source reliability

Population-weighted utility or
performance on unseen
domains

Whether omitted alternative
evidence was valid

Exhaustiveness of all valid
evidence or open-web
coverage

General fact-checking
competence beyond FEVER

Documentary provenance,
justification, or open-world
truth

Calibration under distribution
shift or within every subgroup

Full-population accuracy if

coverage is omitted

Human usefulness, causal
faithfulness, or source
completeness

Whether the cited evidence
remains valid over time
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https://github.com/sheffieldnlp/fever-scorer#:~:text=The%20macro-precision%20of%20the%20evidence%20for%20supported%2Frefuted%20claims
https://github.com/sheffieldnlp/fever-scorer#:~:text=if%20and%20only%20if%20at%20least%20one%20complete%20evidence%20group%20is%20found
https://fever.ai/2018/task.html#:~:text=at%20least%20one%20complete%20set%20of%20annotated%20sentences%20is%20returned
https://link.springer.com/article/10.1007/s44163-026-02240-w#:~:text=weighted%20average%20gap%20between%20empirical%20accuracy%20and%20mean%20confidence%20across%20confidence%20bins
https://scikit-learn.org/1.8/modules/calibration.html#:~:text=assess%20calibration%20%28reliability%29%20and%20discriminative%20power%20%28resolution%29%20of%20a%20model
https://link.springer.com/article/10.1007/s44163-026-02240-w#:~:text=Selective%20accuracy%20must%20be%20interpreted%20together%20with%20coverage
https://github.com/sheffieldnlp/fever-scorer#:~:text=The%20strict%20score%20considering%20the%20requirement%20for%20evidence
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The decisive phrase is “under the stated rule.” Even joint metrics leave dimensions outside their boundary. The
2025 AVeriTeC task changed its optimization metric to an Ev2R-recall score (fever.ai). A result from that task
should carry the task year and metric version, not just the dataset name.

Justification scores require version control

The general control is simple:

Pin the dataset version: record release, commit, checksum, or archival identifier.

Pin the evaluator: store code version, model judge, prompt, and matching threshold.

Name the evidence condition: closed retrieval, open retrieval, oracle evidence, or memory only.
Record the cutoff: top K documents, sentences, cells, triples, or series.

Publish uncertainty: confidence intervals, repeated-run variability, and subgroup counts.

Retain outputs: preserve predictions, evidence identifiers, abstentions, and rationales.

NIST's 2026 draft benchmark guidance recommends tracking the version number associated with each

evaluation result (nvlpubs.nist.gov). NIST also cautions that automated benchmark evaluation cannot meet

every evaluation objective (nvipubs.nist.gov).

How to select and run a benchmark

A benchmark-selection flow

Selection should proceed from the claim the researcher wants to make, not from leaderboard visibility.

1.

Write the intended conclusion first. For example: “The system retrieves complete evidence sets from
a fixed Wikipedia snapshot,” not “The system is factual.”

. Draw the system boundary. Mark which stages are in scope and which are supplied by the

benchmark.

. Choose the unit. Triple, atomic claim, sentence, document, time series, and live-web claims create

different error surfaces.

. Match the evidence regime. Use oracle evidence for interpretation, closed corpora for repeatable

retrieval, and archived web evidence for time-sensitive claims.

. Match label semantics. Preserve insufficient and conflicting evidence if the deployment must

distinguish them.

. Select stage-specific metrics. Report retrieval, verdict, calibration, justification, and correction

separately before any composite.

. Audit splits and contamination. Check entity, source, page, template, and temporal overlap rather

than only exact claim duplication.
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https://fever.ai/2025/task.html#:~:text=metric%20to%20optimise%20for%20is%20the%20new%20AVeriTeC%20score%20%28Ev2R%20recall%29.
https://nvlpubs.nist.gov/nistpubs/ai/NIST.AI.800-2.ipd.pdf#:~:text=track%20the%20version%20number%20associated%20with%20evaluation%20results
https://nvlpubs.nist.gov/nistpubs/ai/NIST.AI.800-2.ipd.pdf#:~:text=Not%20all%20evaluation%20objectives%20can%20be%20met%20by%20automated%20benchmark%20evaluations.
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8. Add subgroup analysis. Report by language, claim type, evidence count, date, source class, and

ambiguity.

9. Test abstention. A system used for consequential decisions needs a measured option to declare

insufficient evidence.

10. State exclusions. Name the populations, sources, and dates to which the result does not generalize.

Table 3 turns common research questions into benchmark requirements.

Research question

Can the model interpret
supplied evidence?

Can the pipeline find and

verify evidence?

Can it handle compound
claims?

Can it reason over
changing quantities?

Can it rank KG assertions?

Can it know when not to
answer?

Can it work across
languages?

Can it defend a production
value?

Minimum suitable design

Oracle documents or passages,
gold rationale hidden

Closed or archived corpus with end-
to-end retrieval

Human-audited decompositions and
subclaim labels

Time series with units, intervals, and
coverage labels

Corruption protocol, filtered ranking,
hard negatives

Insufficient/conflicting labels and an
abstention option

Native claims and evidence in each
language, not translations alone

Retained sources, dated
observations, conflict history,
reproducible state

Necessary reporting

Verdict metrics, ambiguity
policy, calibration

Recall at K, complete-set
recall, verdict, latency or
budget

Atomicity, coverage,
redundancy, downstream
verdict

Series selection, temporal
coverage, verdict,
justification

MRR, Hits@K, open-world
assumptions

Risk-coverage curve,
selective accuracy,
calibration

Per-language counts and
scores

Traceability and replay tests
in addition to model metrics

Common invalid inference

Claiming search quality

Treating oracle and retrieval
scores as comparable

Equating fluent decomposition
with complete decomposition

Treating a snapshot answer
as timeless

Claiming documentary fact
checking

Reporting answered-case
accuracy without coverage

Averaging away low-resource
languages

Treating a benchmark label as
chain of custody

The table's final row is intentionally broader than model evaluation. W3C defines provenance information as

usable for assessments of quality and reliability (w3.org). Its PROV constraints describe a valid instance as a
consistent history of objects and interactions (w3.org). Those properties complement verdict metrics but do not

replace them.

Contamination, leakage, and reproducibility

Leakage can occur through duplicate text, entities, inverse relations, source templates, public justifications, or

model pretraining. CoDEX counters easy negatives with tens of thousands of plausible triples verified as false

(aclanthology.org). The KG survey therefore calls for shared fact-checking platforms or benchmarks
(papers.dice-research.org).
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Open-web benchmarks face another risk: retrieving the published fact-check or its conclusion. QuanTemp
filters search results from more than 150 fact-checking domains to reduce such leakage
(repository.tudelft.nl). FACT5's authors note that unavailable model training data limit their ability to exclude
memorization (aclanthology.org). This is a valid limitation, not proof that memorization occurred.

Minimum reproducibility artifacts include:

« Dataset identity: version, license, checksum, and split-generation code.

» Evidence identity: source URL, snapshot, observation time, and passage locator. Provenance should
support quality assessment (w3.0rg).

* Run identity: model version, parameters, retrieval index, evaluator, and random seed.

« Decision trace: claim decomposition, retrieved candidates, selected evidence, output, confidence, and
abstention. Complete evidence groups should remain distinguishable from partial retrieval (github.com).

« Change record: what differs from the previous benchmark or system version.

Artifact licenses also differ. HoVer is distributed under CC BY-SA 4.0 (hover-nlp.github.io). The Factcheck-GPT
repository uses Apache License 2.0 (github.com). QuanTemp's repository states Creative Commons
Attribution-NonCommercial 4.0 (github.com). A paper's availability does not imply that every dataset
component can be redistributed under the same terms.

Data Analysis and Evidence

The available benchmark counts quantify scale, not construct coverage. FEVER's 185,445 claims (arxiv.org)
are approximately 132 times SciFact's roughly 1,400 claims (arxiv.org), but SciFact targets expert-written
scientific assertions and a specialized abstract corpus. A larger denominator reduces some sampling
uncertainty while leaving domain and evidence restrictions intact.

AmbiFC's published counts imply about five passages per claim and ten passages per Wikipedia page,
derived from 10,000 claims, 50,000 passages, and 5,000 pages (aclanthology.org). These ratios describe
annotation density. They do not mean that every claim has exactly five passages or that every page
contributes exactly ten.

QuanTemp contains 15,514 real-world numerical claims (repository.tudelft.nl) and 423,320 released
evidence snippets (repository.tudelft.nl). Division gives about 27.3 snippets per claim. Its authors report a
best baseline macro-F1 of 58.32 (research.tudelft.nl). The first ratio measures available candidate density,
while the second measures one set of model experiments. Neither can be compared numerically with TSVer
verdict accuracy.

TSVer's 304 claims from 41 organizations yield a simple mean of about 7.4 claims per organization
(aclanthology.org), though the distribution need not be uniform. Its four labels include support, refutation,
insufficient information, and conflicting evidence or cherry-picking (arxiv.org). Its Time Series Coverage Score
evaluates both series selection and temporal coverage (arxiv.org).

Other scales illuminate different choices:
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« VitaminC: more than 400,000 claim-evidence pairs, built to exploit nearly identical evidence that
differs factually (people.csail.mit.edu).

« X-Fact: 31,189 fact-checks (aclanthology.org) across 25 languages (arxiv.org).
« FACTS5: 150 real-world statements on five ordinal truthfulness classes (aclanthology.org).

« FactLens: 733 CoverBench instances, with supplied evidence and fine-grained decomposition labels
(arxiv.org).

- FEVEROUS: 87,026 claims, broadening the evidence modality to tables as well as prose (arxiv.org).

The correct analysis is multidimensional. Dataset size informs precision and coverage of sampled variations.
Evidence count informs retrieval load. Number of languages, organizations, domains, and dates informs
breadth. Label entropy and annotator disagreement inform ambiguity. None is a sufficient scalar proxy for
external validity. NIST's benchmark guidance likewise says automated evaluation cannot meet every objective
(nvlpubs.nist.gov).

Implications and Future Directions

Static benchmarks remain useful because they are repeatable, but repeatability can become historical validity.
LiveFact evaluates dynamic temporal evidence and explicitly tests whether systems recognize claims that
remain unverifiable in early evidence slices (aclanthology.org). VeriTaS adds claims quarterly through an
automated pipeline (aclanthology.org). These designs make refresh cadence part of evaluation rather than an
afterthought.

Future work should prioritize uncertainty-aware evaluation and explicit generalization limits (airc.nist.gov):

« Dynamic evidence: score whether a verdict changes appropriately as evidence changes.
« Time-indexed truth: represent validity intervals, observation dates, and superseded states.

« Evidence snapshots: preserve what the evaluator could actually observe at run time, including prior
states where needed (datatracker.ietf.org).

« Abstention: measure useful non-answers, not only forced labels, and always pair selective accuracy
with coverage (link.springer.com).

« Probabilistic labels: retain disagreement when ambiguity is inherent.
» Source fitness: evaluate whether a source is suitable for the specific proposition.
« Multilingual parity: publish per-language evidence and performance, not only pooled averages.

« End-to-end provenance: connect each output value to source, excerpt, locator, and date, so quality
assessments remain attached to the evaluated object (w3.0rg).

The IETF's Memento standard defines a prior-state representation of a resource, providing a standards-based
concept for time-addressed evidence snapshots (datatracker.ietf.org). W3C's Data Quality Vocabulary can
attach quality measurements to a dataset, linkset, graph, or set of triples (w3.org). Together, such standards
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can make benchmark evidence and quality assertions more inspectable.

Reliable Context's applicable role is operational rather than leaderboard-oriented. Its stated guarantees include
declared unknowns instead of blank cells and exportable chain of custody for values. A research group could
therefore test those observable properties with provenance completeness, replay, conflict-preservation, and
abstention audits. It should not substitute them for retrieval or verdict benchmarks.

Frequently Asked Questions (FAQs)

What is a fact-verification benchmark?

In plain terms, what is a fact verification benchmark? It is a dataset, protocol, and metric suite that
operationalizes one or more verification capabilities. A complete specification states the unit, evidence allowed,
labels, split policy, scorer, and aggregation rule. A benchmark without those details is not reproducible enough
to support a strong comparative claim. Put directly, a fact verification dataset supplies cases, while the
benchmark also supplies the protocol and scoring rule. W3C's quality model allows measurements to attach to
the dataset or graph being evaluated (w3.0rg).

What is the difference between fact checking and claim verification?

Claim verification usually refers to deciding a claim's evidentiary status. Fact checking can include the broader
pipeline: selecting claims, gathering evidence, assessing sources, explaining a verdict, and correcting content.
Benchmark papers sometimes use the terms interchangeably, so the tested stages matter more than the title.

How should an automated fact-checking system be evaluated?

To answer how to evaluate fact verification systems, evaluate the stages separately, then end to end.
Report retrieval recall, evidence-set completeness, verdict metrics, calibration, abstention coverage,
justification quality, and correction quality. This is the core of fact checking benchmark evaluation. Repeat
the evaluation by relevant subgroups and preserve exact evidence snapshots and evaluator versions. NIST
frames statistical validity around whether assumptions and available data support the conclusion and
uncertainty (nvipubs.nist.gov).

Can scores be compared across fact-verification datasets?

Usually not as raw numbers. Scores are comparable only when the unit, evidence access, label ontology,
metric formula, cutoff, and population are sufficiently aligned. An automated fact verification benchmark
may include retrieval or may supply oracle evidence. Evidence retrieval and claim verification must
therefore be reported as distinct stages. QuanTemp explicitly reports separate retrieved-evidence and gold-
evidence conditions (repository.tudelft.nl). Those conditions should not be interchanged even within the same
dataset.
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What is a knowledge-graph fact-checking benchmark?

It evaluates structured assertions, often subject-predicate-object triples. Common tasks rank a correct entity or
triple against candidates. The survey calls for shared fact-checking platforms or benchmarks (papers.dice-
research.org). Such benchmarks should not be described as testing document retrieval or prose justification
unless those stages are explicitly included.

Why does annotator disagreement matter?

Disagreement may reveal underspecified claims, different evidence interpretations, or incompatible label
policies. Collapsing it to a majority label can make a system look wrong for expressing defensible uncertainty.
Distributional labels, adjudication records, and multiple evidence contexts preserve more information.

What are the main limitations of fact-verification benchmarks?

The main fact verification benchmark limitations are narrow corpora, static snapshots, incomplete gold
evidence, label-policy dependence, contamination, source dependence, sparse multilingual coverage, and
weak measurement of abstention or calibration. Generalization limits should be explicit. NIST guidance states
that limits beyond development conditions should be documented (airc.nist.gov). Claim verification
benchmark metrics should be chosen to expose these limits, not conceal them inside one average.

Conclusion

A fact-verification benchmark tests exactly the capability defined by its unit, evidence regime, labels, metric,
and aggregation rule. The most important selection decision is therefore where to draw the system boundary.
Oracle-evidence benchmarks isolate interpretation. Closed-corpus tasks can test repeatable retrieval. Open-
web and dynamic tasks introduce source and time dependence. Knowledge-graph benchmarks test structured
assertions and candidate ranking. Operational system-of-record audits test provenance and reproducibility
(w3.org).

The strongest evaluation program uses several complementary instruments. It reports retrieval, verdict,
calibration, abstention, justification, and correction separately; pins all artifacts; audits leakage; and preserves
evidence snapshots. NIST similarly recommends tracking the benchmark version associated with an
evaluation result (nvlpubs.nist.gov). The program treats disagreement and unknowns as possible states, not
annotation defects. Most importantly, it converts every result into a bounded claim: what was tested, under
which evidence conditions, on which population, at what time, and what remains untested.

That discipline prevents a leaderboard score from becoming a claim of general factuality. It also makes results
more useful. Researchers can diagnose the stage that improved, reviewers can reproduce the decision, and
organizations can decide whether the tested capability matches the facts they actually need to defend.
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Reliable Context

THE PUBLISHER

About Reliable Context

Reliable Context is a system of record for organizations that fuse private and public information and must
defend every value they act on.

The guarantees

One canonical record per real thing: duplicates resolve by rule, ambiguity is shown rather than hidden, and
related organizations relate without ever being merged. A verbatim, cited source and an observation date sit
behind every value. Unknowns are declared as not found, blocked or not applicable with a reason, never left
as an empty cell. Any past state of the record is reproducible, together with what changed since.

Where it runs

It runs inside the customer's perimeter, one database per organization. Permitted sources, model routing,
reader clearance and retention are set as the customer's own policies, and every value is exportable with its
chain of custody for an auditor or regulator.

What it is not

It is not a vector database or a RAG framework, not a data catalog, MDM or data-quality suite, not a CRM or
data-enrichment vendor, and not a chatbot or Al assistant. Where a reader needs one of those, the honest
answer is to say so and point them there.

Visit
See Reliable Context.

Reliable Context is in production use in two sectors; more than six thousand of its identity decisions were
made by rule and none has been reversed. Articles published here explain general practice, cite their primary
and academic sources, and name the jurisdiction of any regulatory rule they describe. They are not legal,
regulatory or compliance advice for a specific organization, and requirements change.

Website: https://reliablecontext.com

This article is educational. Verify consequential medical, legal, financial, regulatory and technical decisions with appropriate professionals and the
cited primary sources. Company services are described separately from the article's research findings.
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