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Abstract

English Wikipedia is often treated as the de-
fault encyclopedic source, yet non-English
Wikipedia editions can contain richer locally
grounded information for long-tail figures. We
study cross-lingual biography enrichment: en-
riching an existing English biography with facts
supported by a non-English biography about
the same person. Focusing on women from
non-English-speaking contexts, we introduce
CLAW-4L, a benchmark consisting of 300
Wikipedia biography pairs linking an English
biography with its French, Chinese or Azer-
baijani counterpart, along with claim annota-
tions and a fine-grained claim-pair relation cor-
pus. We propose a claim-based enrichment
framework that extracts English claims from
both biographies, aligns them to identify enrich-
ment evidence from the non-English biography,
and rewrites the English biography using the
selected claims. Our results show that non-
English Wikipedia biographies provide valu-
able evidence for improving English biography
coverage, while lower-resource settings remain
challenging'.

1 Introduction

Wikipedia is a foundational knowledge resource for
NLP, supporting language-model pretraining, mul-
tilingual modeling, retrieval-augmented generation,
and fact verification (Pires et al., 2019; Guu et al.,
2020; Lewis et al., 2021). Yet Wikipedia coverage
is uneven across languages: the same entity may
be described with substantially different levels of
detail across language editions (Roy et al., 2020).
English Wikipedia is often treated as the default
encyclopedic source, but it is not always the rich-
est source for long-tail entities with stronger local
relevance in non-English communities.

This asymmetry motivates our focus on English-
language biography enrichment for women from

!Code and data: https://github.com/MeloS7/cross_
lingual_biography_enrichment.
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Figure 1: Generation trade-off across three represen-
tations of non-English evidence. Raw: the generator
receives the original English biography and the raw
non-English biography. Translation: the non-English
biography is first translated into English, and the gen-
erator receives the original English biography and the
translation. Claims: the generator receives the original
English biography and English enrichment claims se-
lected through cross-lingual claim extraction and align-
ment. Faint points show individual language—generator
settings; large points average over three non-English
languages and three open-source generators. Transla-
tion and Claims increase supported additions over Raw,
while the Claims setting substantially reduces hallucina-
tion.

non-English-speaking contexts, where figures may
be well documented in local Wikipedia editions
while remaining underspecified in English (Wag-
ner et al., 2016). Prior work either generates short
biographies from structured data (Vougiouklis et al.,
2018; Gardent et al., 2017) or full biographies with
retrieval-augmented web evidence (Fan and Gar-
dent, 2022); neither directly studies enriching exist-
ing English biographies with curated non-English
Wikipedia evidence.

We study cross-lingual biography enrichment:
given an English biography and a non-English biog-
raphy of the same woman, the goal is to enrich the
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Figure 2: Overview of our claim-based framework for cross-lingual biography enrichment. The framework
first extracts claims from paired English and non-English biographies into a shared English space, then performs
claim-pair alignment to identify non-English-side enrichment candidates not already covered by the English side.
The selected enrichment claims are used as structured evidence for controlled English biography enrichment.

English version by incorporating additional infor-
mation that appears in the non-English biography
but is absent from the English one. Unlike gener-
ating a biography from scratch, this setting starts
from an existing English article and uses a curated
non-English encyclopedic article as additional evi-
dence to enrich it.

To make this comparison explicit, we evaluate
three settings that use the same rewriting generators
and differ only in how the non-English biography
is represented. In raw cross-lingual generation, the
generator receives the original English biography
together with the raw non-English biography, and
must directly interpret, align, and integrate the non-
English content. In translation-based generation,
the non-English biography is first translated into
English, after which the generator rewrites the orig-
inal English biography using the translated text as
evidence. In our claim-based setting, both biogra-
phies are mapped into a shared English claim space;
claim alignment filters out information already cov-
ered by the English biography, and the generator
receives the original English biography together
with the remaining enrichment claims. This decom-
position makes evidence selection explicit before
generation, reduces the long-context and implicit
cross-lingual alignment burden, and supports inter-
mediate evaluation.

Figure 1 previews the resulting trade-off.
Both translation-based and claim-based generation
yield more supported additions than raw cross-
lingual generation, whereas the claim-based setting

achieves a substantially lower hallucination rate.
This suggests that English normalization facilitates
information transfer, but explicit selection of novel
evidence is important for reliable enrichment. Our
contributions are as follows:

* We study cross-lingual biography enrichment,
a task that uses non-English Wikipedia bi-
ographies as evidence for enriching under-
specified English biographies.

* We provide benchmarks for evaluating cross-
lingual biography enrichment from either
French, Chinese or Azerbaijani into English
(CLAW-4L), cross-lingual claim extraction
(CLAW-4L-CX) and English claim-pair rela-
tion classification (CLAW-4L-RC).

* We develop and evaluate a claim-based enrich-
ment framework that explicitly selects non-
English-supported information missing from
the English biography before rewriting, im-
proving the supported-addition versus hallu-
cination trade-off over raw cross-lingual and
translation-based generation.

2 Related Work

Wikipedia Biography Generation and Enrich-
ment. Early biography-generation work framed
the task as data-to-text generation from infoboxes
or Wikidata, usually producing a first sentence or
short summary (Lebret et al., 2016; Chisholm et al.,
2017; Vougiouklis et al., 2018; Kaffee et al., 2018).



Recent systems also generate editable Wikipedia
drafts for underrepresented groups from structured
data (Mille et al., 2024). These approaches im-
prove coverage, but remain structured-data-driven
and short-form compared with enriching existing
full biographies.

Retrieval-grounded systems instead synthesize
Wikipedia articles from similar pages and web
evidence (Banerjee and Mitra, 2016), with re-
cent benchmarks emphasizing full-length structure,
grounding, and citations (Zhang et al., 2025). In the
biography domain, Fan and Gardent (2022) gener-
ate full-length English biographies using retrieved
web evidence and show that women biographies
are challenging due to limited evidence availability.
Closest to our setting, Adak et al. (2025) enrich tail
biographies with personal narratives. Our work
is complementary: we use human-written non-
English Wikipedia biographies as cross-lingual en-
cyclopedic evidence and select non-English-side
facts before generation.

Claim Extraction, Decomposition, and Align-
ment. Claim extraction has been studied through
open information extraction and fact extraction
for verification (Stanovsky et al., 2018; Thorne
et al., 2018), but such methods often rely on task-
specific schemas or language-specific NLP tools.
Recent LL.M-based factuality work decomposes
long-form text into atomic or verifiable claims, in-
cluding FactScore (Min et al., 2023), FactCheck-
GPT (Wang et al., 2024), VeriScore (Song et al.,
2024), DnDScore (Wanner et al., 2025) and Claim-
ify (Metropolitansky and Larson, 2025). These
methods differ in how they decontextualize, decom-
pose, and verify claims, but they are primarily de-
veloped for English inputs rather than cross-lingual
claim extraction into a shared English space. In this
work, we use these methods as candidate extrac-
tion frameworks and evaluate their cross-lingual
adaptations empirically.

Cross-lingual fact-checking studies multilingual
claim detection, retrieval, and verification (Gupta
and Srikumar, 2021; Chang et al., 2023). Our set-
ting differs in requiring English claims to be ex-
tracted from non-English biographies, and aligned
to identify enrichment evidence. For alignment,
NLI and fact-verification models provide useful
baselines (Bowman et al., 2015; Tang et al., 2024),
but their binary or three-way label spaces cannot
distinguish whether a non-English-side claim is
exactly covered, more specific, less specific, com-

plementary, contradictory, or unrelated. We use this
finer-grained relation space to support enrichment-
oriented claim selection in CLAW-4L-RC.

3 Task and Method

Given (B°", BX), two Wikipedia biographies
about the same person where B®" is in English
and B~ is in either French, Chinese or Azerbai-
jani, the cross-lingual biography enrichment task
consists in generating an English biography B¢"
that preserves the content of B¢ while incorporat-
ing additional information supported by BX .

We frame this task as an LLM rewriting task
where the input is the original English biography
B¢" augmented with C%%?, the set of English claims
that can be extracted from B~ but not from B°":

Ben _ G(Ben’ Cadd)’

We define a claim as a predicate together with
its arguments and modifiers and, when present, the
corresponding hedge. However, since biographies
are highly factual in nature, claims in our settings
largely correspond to facts as hedged contexts are
rare.

4 Datasets

We create three benchmarks for evaluation.

CLAW-4L (Cross-Lingual Alignment on
Women biographies in 4 Languages) comprises
300 cross-lingual pairs of women biographies
(B", BX), automatically labelled with claims.
Here, B°" is in English while B is in one of our
three non-English languages: French, Chinese or
Azerbaijani. We use this benchmark to evaluate
biography enrichment i.e., the difference in infor-
mation content between a generated biography and
the original English biography (Section 6).

CLAW-4L-CX (Claim Extraction) consists of
600 sentences manually annotated with English
claims, of which 300 are English sentences and
100 for each non-English language. We use this
benchmark to evaluate different claim extraction
models (cf. Section 5.2).

Finally, CLAW-4L-RC (Relation Classification)
contains 600 claim pairs annotated with a label
indicating the semantic relation between the two
claims: is the relation between the two claims one
of exact alignment, partial alignment, contradiction
or irrelevance? We use this benchmark to evaluate
the relation classifiers (Cf. Section 5.1).



4.1 CLAW-4L

CLAW-4L consists of 300 paired English and non-
English Wikipedia biographies automatically la-
belled with claims.

We construct the biography pairs in two stages.
First, we build oversized country-specific candi-
date pools from Wikidata by requiring that each
entity be a woman, have the corresponding country
of citizenship, and include both English and non-
English-language Wikipedia sitelinks. We then
retrieve and clean the paired biographies, removing
markup and non-biographical trailing sections such
as references and external links.

To favor biography pairs where the non-English
biography is richer (more informative) than the
corresponding English biography, we rank can-
didates by a language-calibrated non-English-to-
English token ratio computed on cleaned biogra-
phies. The ratio normalizes raw token counts us-
ing language-specific inflation factors estimated
from parallel multilingual data, reducing tokenizer-
induced cross-lingual bias. We use it only as
a heuristic proxy for non-English-side content
richness, rather than as a direct measure of fac-
tual superiority. We then select 100 biographies
per non-English language, while applying coarse
occupation-aware balancing over artists, scientists,
athletes, and politicians. And we annotate each bi-
ography with a set of silver claims using the claim
extraction model described in Section 5.

Table 1 summarizes the resulting benchmark.
Here r*°""™ denotes the language-calibrated non-
English-to-English token ratio, r; the non-English-
to-English sentence ratio, and 7. the non-English-
to-English claim ratio. Claim counts are computed
from automatically derived reference claim sets
using the best claim extraction method identified
in Section 5.2. As the table shows, non-English
biographies are substantially richer across all three
views, with 3.4x more tokens, 3.4x more sen-
tences, and 2.9x more claims on average. Con-
struction details are provided in Appendix B.

4.2 CLAWAA4L-CX

CLAW-4L-CX consists of sentences from our four
languages which are manually annotated with En-
glish claims. We create this benchmark by first se-
lecting sentences with various levels of complexity
and then crowdsourcing the corresponding claims.

Sentence Selection from CLAW-4L. Our goal
is to sample sentences spanning different levels of

claim complexity, to avoid evaluating only sim-
ple one-claim cases. We use automatically ex-
tracted claims as a bootstrapping signal for sen-
tence selection, not as gold labels. Specifically, we
run the GPT-5.1-assisted claim extraction pipeline
adapted from Claimify (Metropolitansky and Lar-
son, 2025) described in Section 5.2; its selection—
decontextualization—decomposition structure pro-
vides sentence-level silver claims suitable for es-
timating claim complexity. We then bucket can-
didate sentences by silver claim count to obtain a
balanced range of sentence complexity.

For each biography, we independently select
one sentence from the English version and one
from the non-English version, while enforcing a
balanced distribution across claim-count buckets
within each country-language setting. This yields
600 sentences in total: 300 in English and 300
in non-English languages, with 25 sentences per
claim-count bucket, and an average of 2.63 and
2.72 claims per sentence, respectively. Details of
the sentence selection procedure and bucket statis-
tics are provided in Appendix B.8.

Crowd-Sourced Annotation. Annotators verify,
revise, and supplement the automatically generated
claim drafts for each selected sentence, producing
the final human reference claim sets. We recruited
13 English-fluent annotators who were pursuing
or had completed a Ph.D. in computer science
or a closely related field; for each cross-lingual
annotation task, annotators were native speakers
of the corresponding non-English language. Four
annotators participated in the French—English set-
ting, and three in each of the Chinese—English and
Azerbaijani—English settings. Before annotation,
annotators read the task instructions and completed
the task through the provided interface, shown in
Appendix B.10. A post-hoc claim-level agreement
analysis shows high consistency, with Aligned-F1
above 91% for all languages; details are in Ap-
pendix B.11.

4.3 CLAW-4L-RC

CLAW-4L-RC comprises 600 pairs of English
claims annotated with labels describing the rela-
tion between the two claims. Each pair originates
from paired English and non-English biographies.

Candidate claim pairs are drawn from the
CLAW-4L benchmark and labelled using a two-
level label schema for enrichment-oriented align-
ment. At the top level, each pair is labeled



Pair N Tok (EN/Tgt) r{°™ Sent (EN/Tgt) rs Claim (EN/Tgt) rc MaxT:;; Max Cyy:
EN—FR 100 465/ 1867 4.19 16.1/48.4 4.64 29.8/101.8 3.42 12852 705
EN—ZH 100 489 /1041 2.83 15.8/272 2.01 29.3/724 247 8772 662
EN—AZ 100 544 11967 3.20 19.4/552 3.48 33.6/93.8 279 28420 1363
EN—X 300 500/ 1625 3.41 17.1/43.6 3.38 30.9/89.3 2.89 28420 1363

Table 1: Summary statistics of CLAW-4L. We report average token (Tok), sentence (Sent), and claim (Claim)

norm

counts for English (EN) and non-English biographies, along with normalized token ratios (7} ), sentence ratios
(rs), and claim ratios (r.). Non-English biographies are substantially richer across all levels (e.g., 3.4 x tokens and
2.9x claims on average). The maximum non-English biography length reaches 28,420 tokens, and the number of
extracted claims reaches 1,363 per instance, highlighting the context length challenges of claim-level alignment and

biography generation.

as Aligned, Contradicted, or Not Relevant. For
aligned pairs, we further distinguish exact equiva-
lence (A=B), one-sided enrichment (A>B or B>A),
and mutual enrichment (A<+B).

We first identify 100 exact-alignment pairs by
selecting pairs with high LaBSE similarity and
manually validating them. Starting from these
100 validated exact-alignment pairs, we construct
the remaining relation types through controlled
structured perturbation and GPT-5.1 rewriting, fol-
lowed by human validation. Partial-alignment pairs
are created by adding or removing non-conflicting
detail, contradicted pairs by changing incompati-
ble field values, and not-relevant pairs by pairing
claims about different factual aspects. All gen-
erated pairs are manually checked against their
intended labels, and invalid cases are corrected
or rewritten. The final benchmark contains 600
claim pairs: 100 exact-alignment pairs, 300 partial-
alignment/enrichment pairs, 100 contradicted pairs,
and 100 not-relevant pairs. Table 14 presents the
label distribution and semantic similarity statistics;
additional examples and construction details are
provided in Appendix B.12.

5 Processing Claims

We first describe how we classify the relation be-
tween two claims, how we extract claims, and how
we use the relation between two claims to identify
"enrichment claims" i.e., claims that are present in
the non-English biography but not in the English
one. In the next section (Section 6), we describe
our cross-lingual biography generation methods.

5.1 Classifying Claim Pairs

To support claim alignment and enrichment se-
lection, we use an LLM-classifier that assesses
the relation between two English-written claims.
The classifier follows the coarse-to-fine schema of

CLAW-4L-RC: it first predicts whether the pair
is aligned, contradicted, or not relevant, and for
aligned pairs further distinguishes exact alignment,
one-sided enrichment, and mutual enrichment. We
select this classifier by evaluating open-source and
closed-source LLMs, together with strong NLI
baselines, on CLAW-4L-RC. We also test whether
adding GPT-5.1-parsed structured claim fields (e.g.,
subject, predicate, object, etc.) improves relation
judgment over claim text alone. Performance is
summarized using three aggregate metrics: ARC,
a macro-average over the three top-level relations;
Align-FG, the average accuracy over the four fine-
grained aligned labels; and Overall, the macro-
average over all six labels. Full settings, NLI
comparisons, and structured-field ablations are pro-
vided in Appendix C and Table 15. In the text-
only setting used downstream, Qwen3.5-9B is the
strongest open-source classifier, achieving 95.5
ARC, 89.5 Align-FG, and 93.2 Overall, close to
GPT-5.1 at 95.9, 90.8, and 93.3. Structured fields
do not consistently improve performance and can
introduce parsing noise, so we use the Qwen3.5-9B
text-only classifier in subsequent experiments.

5.2 Extracting Claims

We adapt five LLM-based claim extraction frame-
works to our cross-lingual setting: FactScore,
FactCheck-GPT, DnDScore, VeriScore, and Claim-
ify, denoting the adapted variants with the prefix X-.
Each adapted framework accepts either an English
or a non-English biography and outputs English
factual claims. To isolate extraction-framework dif-
ferences from backbone model quality, we instan-
tiate all five frameworks with GPT-5.1. Detailed
method descriptions are provided in Appendix D.
We evaluate the adapted frameworks on CLAW-
4L-CX, where each sentence is independently an-
notated by three annotators, yielding three accept-



able human reference claim sets. We use these mul-
tiple references since sentence-level factual claims
can vary in wording and in how contextual informa-
tion is made explicit; Appendix B.11 shows high
post-hoc agreement among annotators.

Because exact string matching cannot account
for paraphrase or decontextualization differences,
we evaluate extraction quality based on the relation
predicted by the classifier from Section 5.1 between
the extracted claim and the reference claim. We
also compute degree-normalized claim-level cred-
its: a generated claim that matches multiple refer-
ence claims receives reduced precision credit, and
a reference claim matched by multiple generated
claims receives reduced recall credit. Since each
sentence has three human reference sets, we keep
the reference set with the highest Exact-Aligned-
F1 and report Aligned-F1 and Exact-Aligned-F1;
the former counts exact and partial alignment as
matches, while the latter counts only exact claim
matches. Full metric definitions are provided in
Appendix D.3.

Table 2 reports the F1 scores. X-Claimify
performs best across languages, especially under
Exact-Aligned-F1. We therefore use X-Claimify
to extract English reference claim sets for the
full CLAW-4L biography pairs. These reference
claims are used to select enrichment claims (Sec-
tion 5.3) and to support downstream generation
evaluation (Section 6.2). Open-source backbone
comparisons are provided in Appendix D and Ta-
ble 18.

5.3 Identifying Enrichment Claims

Given C°" the set of claims extracted from an En-
glish biography by the GPT-5.1 + X-Claimify ex-
tractor and C~, the set of claims extracted from
the corresponding non-English biography, we com-
pute the set of enrichment claims C*? in two steps
as follows. For efficiency at biography scale, we
first retrieve candidate English claims for each non-
English-side claim using semantic similarity com-
puted by All-MPNet-Base-v2, keeping only pairs
above a cosine threshold of 0.7 and within the top-5
nearest neighbors; non-retrieved pairs are treated
as not relevant. We then apply the classifier from
Section 5.1 to the retained pairs. The classifier
predicts whether each pair is aligned, contradicted,
or not relevant, with aligned pairs further catego-
rized into exact alignment and one-sided or mutual
enrichment.

Retrieval serves only as a permissive coarse filter

before LL.M-based relation verification, rather than
as the final alignment decision. In raw cosine units,
mean All-MPNet similarities range from 0.843 to
0.960 across aligned relation types and reach 0.885
for contradicted pairs, compared with only 0.359
for not-relevant pairs (shown on a 0-100 scale in
Table 14). We therefore use 0.7 to remove clearly
unrelated pairs while retaining semantically related
candidates; on the full benchmark, 96% of target-
side claims retain at least one candidate. We cap
each candidate list at five to bound the number of
subsequent verifier calls, with detailed candidate-
list statistics provided in Appendix F.

We discard non-English-side claims already
fully covered by English, including exact matches
(A=B) and English-more-specific alignments
(A>B), where A is an English-side claim and B is
a non-English-side claim. We retain non-English-
additive alignments (B> A and A<+ B), classifier-
labeled conflicts (A1 B), and non-English-side
claims with no relevant English counterpart (A-1B)
as enrichment candidates. Conflicts are retained
because both sides are Wikipedia-derived and may
require contextual reconciliation rather than auto-
matic filtering. The resulting set of selected claims,
denoted C%44, is used as structured evidence for
downstream English biography rewriting.

Table 3 summarizes the enrichment statistics
of CLAW-4L. Only 13.9% of non-English-side
claims are already covered by English, while 26.2%
add detail to partially aligned English claims, and
48.6% have no relevant English-side counterpart.
Overall, 86.2% of non-English-side claims are se-
lected as enrichment evidence.

6 Enriching English Biographies

We compare three methods for generating the target
English biography and evaluate them on CLAW-
4L using claim extraction, classification and align-
ment, asking which method most enriches the orig-
inal English biographies in terms of claims.

In all settings, the system receives the original
English biography together with some form of non-
English-side evidence and is prompted to produce
an English biography that preserves the original
English content while incorporating the additional
information supported by the non-English input.

For generation, we compare three strong open-

weight multilingual instruction-tuned generators:
Qwen3.6-27B (Yang et al., 2025), Gemma-4-31B-



Method EN FR ZH AZ Avg.
A-F1 E-F1 A-F1 E-F1 A-F1 E-F1 A-F1 E-F1 A-F1 E-F1
X-FactScore 52.89 27.83 57.89 3523 5251 2630 54.04 39.51 5433 3222
X-VeriScore 68.82 4692 70.01 5291 68.12 4294 6630 55.11 68.31 49.47
X-DnDScore 4191 11.61 46.16 16.08 44.75 16.02 44.76 22.87 4440 16.65
X-FactCheck-GPT 59.60 43.70 62.13 49.87 5470 49.82 5291 4438 5734 4694
X-Claimify 7517 7244 78.05 73.56 71.12 7191 70.52 66.80 73.72 71.18

Table 2: Claim extraction framework comparison on CLAW-4L-CX using GPT-5.1 as the common backbone.
A-F1 denotes Aligned-F1, which counts exact and partial alignment as matches; E-F1 denotes Exact-Aligned-F1,
which counts only exact alignment. Avg. is the macro-average over EN, FR, ZH, and AZ.

Non-English-side status  Avg. Share
Covered by EN 124 13.9%
Non-English-additive 234 262%
Conflict 102 11.4%
Unmatched 434 48.6%
Selected 770  86.2%

Table 3: Average non-English-side claim status over the
three non-English languages. Covered by EN includes
exact matches and English-more-specific alignments.
Selected includes non-English-additive, conflict, and
unmatched claims. Full language-level statistics are in
Appendix F.

it2, and Mistral-3.2-24B-it>. We choose these mod-
els to cover high-performing model families devel-
oped in different linguistic ecosystems, allowing
us to examine whether enrichment behavior varies
across Chinese, French, and lower-resource Azer-
baijani settings.

The three methods differ only in how informa-
tion from the non-English input is represented and
processed: (i) using the raw non-English biography
as input with cross-lingual generation; (ii) using
a machine-translated version of the non-English
biography with an LLM rewriting conditioned on
both the original English text and the translated
content; and (iii) generating conditioned on the
English biography together with the enrichment
claims derived from the non-English biography.

6.1 Methods

Cross-Lingual Generation. This is the most di-
rect baseline. We provide the original English biog-
raphy together with the raw non-English biography
and ask the generator to produce an enriched En-
glish rewrite based on these two inputs. Because
biographies can be long (up to 28,420 tokens; Ta-

Zhttps://huggingface.co/google/gemma-4-31B-it
3https://huggingface.co/mistr‘alai/
Mistral-Small-3.2-24B-Instruct-2506

ble 1), we process the non-English biography incre-
mentally at the section level. We cap the English bi-
ography input at 4,096 tokens and the non-English-
side context at 2,048 tokens per step; when needed,
long sections are further split. Each non-English-
side chunk updates the current English biography,
with later generations conditioned on the previously
enriched version.

Machine Translation and Generation Pipeline.
This setting decouples translation from enrich-
ment. We first translate the non-English biography
into English using a language-specific translation
model, and then apply the same incremental enrich-
ment procedure as in the Cross-lingual Generation
approach. To choose the translation model for each
language, we compare candidate translators using
GPT-5.1-extracted non-English-side claims as se-
mantic references and select the model that best
preserves non-English-side claims after translation.
The selected translation models and evaluation de-
tails are provided in Appendix E.

Claim-Based Enrichment. This setting exploits
the enrichment claims C®% derived from the non-
English biographies (cf. Section 5.3). We provide
the original English biography, along with %,
and ask the generator to produce an enriched En-
glish rewrite. The selected claims are not mechani-
cally appended to the original article; instead, they
serve as structured evidence for rewriting the full
biography while preserving and coherently integrat-
ing the original English content. Compared with
the other two settings, this formulation filters out
already-covered information before generation, re-
ducing context length and focusing the model on
incremental factual additions.

6.2 Evaluation

We evaluate generated biographies on CLAW-4L
by comparing the claims extracted from the gener-
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ated biographies (C9™) with the claims extracted
from the original English biography (C¢"). To
reduce large-scale evaluation cost, claim extrac-
tion is performed using X-Claimify with Gemma-
4-31B-it, the strongest open-source English ex-
tractor in our backbone comparison. We com-
pare generated claims against the reference pool
crel = C°" U C'. As in biography-level claim
alignment (Section 5.3), for each generated claim,
we retrieve candidate reference claims using All-
MPNet-Base-v2 cosine similarity (threshold 0.7,
top-5), then apply the claim-pair classifier to the
retained pairs.

We report metrics for claim growth, factual sup-
port, hallucination, and an overall trade-off score.
For each generated claim B € Coen, we categorize
it against the reference pool with contradiction pri-
ority: B is contradicted if any retained reference
claim A is labeled A_L B; otherwise, B is valid if
some reference claim fully supports it (A=B or
A> B); all remaining claims are unsupported. Let
V, K, and U denote the valid, contradicted, and
unsupported generated claims. We define

Valid% = 100 JV' ,
|Coen|
Halluc.% = 100@.
|Coen|

Claim growth is measured by #Gain = |C9¢"| —
|C™|, with Coverage normalizing this gain by
|C44|, the enrichment claims from Section 5.3.
We then define #Valid = Valid x #Gain as an
estimated supported gain, where Valid is Valid %
converted to a proportion.

Our primary overall metric is Bal., which com-
bines supported addition quantity and factual relia-
bility. For each system s, we define

gs = #Valids, vy = Valid%s;,
~ Ts —Ming Ty
Ts = . , T € {97 U}v
maXy Ty — Ming Ty

Bal., = 50(Js + 0s).

where the minimum and maximum are computed
over all systems in Table 28. Bal. ranges from
0 to 100 and equally weights normalized sup-
ported claim growth and factual reliability. Since
Valid% = 100 — Halluc.% under our categoriza-
tion, a higher Bal. indicates more supported ad-
ditions with less hallucination. Additional metric
details and full model-level results are provided in
Appendix G.

Human evaluation. We additionally conduct
a writing-quality sanity check on 45 Mistral-
generated biographies: three languages, five length-
stratified biography pairs per language, and three
enrichment methods. For each selected pair, we
evaluate the Raw, Translation, and Claims out-
puts for the same entity. Three computer-science
Ph.D. researchers who use English as a working
language independently rate every output on a
1-5 Likert scale for Readability/Fluency, Coher-
ence/Integration (including abrupt insertion of new
information), and Wikipedia-Style Writing. Ap-
pendix G.4 provides the sampling protocol, full
length-stratified results, and agreement statistics.

6.3 Results and Analysis

Figure 3 visualizes the primary Bal. score for all
language, generator, and evidence-format combi-
nations, while Figure 1 summarizes the average
#Valid—hallucination trade-off across evidence for-
mats. Full metric values are provided in Table 28.

Overall Trade-off (Bal.)

AZ-Gemma 10.8 12.8 28.2

AZ-Qwen - 11.3 14.1 36.2

AZ-Mistral 4 20.5 51.1 80
FR-Gemma 30.3
60
FR-Qwen { 28.8 g
40
FR-Mistral 44.2
ZH-Gemma 4 22.0 20

ZH-Qwen 1 20.6

ZH-Mistral 4 36.2 50.3

T T
Raw Translation

Claims

Figure 3: Overall generation trade-off across languages,
generators, and non-English-evidence formats. Each
cell reports Bal.; higher is better. Bolded cells mark the
best evidence format for each language—generator pair.

Evidence format. Table 22 summarizes results
across evidence formats by averaging across all
languages and generators. Translation improves
supported additions over raw non-English biogra-
phies, but does not reliably reduce hallucination; it
increases #Valid from 15.89 to 19.05, while halluci-
nation remains almost unchanged (29.49 vs. 29.59).
Claim-based evidence achieves the best trade-off,
with the highest average #Valid (20.47) and sub-
stantially lower hallucination (23.54). This sug-



gests that our claim-based pipeline reduces three
sources of difficulty: long non-English contexts,
cross-lingual generation, and implicit alignment
between English and non-English-side evidence.

Lower-resource exception. The only setting
where translation outperforms claim evidence in
Bal. is Azerbaijani with Mistral. We hypothesize
that this reflects error propagation in the upstream
claim pipeline for the lower-resource language: if
claim extraction misses useful evidence, the down-
stream claim-based generator receives a cleaner but
less complete evidence set. This is consistent with
the cross-lingual claim extraction results in Table 2,
where lower-resource inputs are more challenging
than high-resource ones. In contrast, for Gemma
and Qwen on Azerbaijani, claim evidence still im-
proves Bal. over raw and translated biographies,
suggesting that filtering and English normalization
remain beneficial when the generator is more prone
to hallucination.

Language and generator effects. Performance
is substantially stronger for French and Chinese
than for Azerbaijani, suggesting that enriching
women from lower-resource language contexts re-
mains challenging, even with evidence from the
non-English Wikipedia. Across generators, Mis-
tral achieves the highest Bal. in every language-
evidence setting. The full results in Table 28 show
that this is largely driven by lower hallucination
rates while maintaining competitive supported ad-
ditions, consistent with more conservative or better-
grounded rewriting behavior.

Human writing quality. Claims obtains the high-
est Readability/Fluency (3.933) and Wikipedia-
Style Writing (3.822) scores, while Raw is slightly
higher in Coherence/Integration (3.911 vs. 3.867).
Translation scores 3.756, 3.733, and 3.689 on the
three respective dimensions. Thus, using selected
claims as structured evidence does not incur an ev-
ident writing-quality penalty relative to the other
enrichment pipelines. This result is a descriptive
sanity check rather than a significance-tested com-
parison with the original English biographies; Ap-
pendix G.4 provides the complete analysis.

Qualitative error analysis. We manually in-
spected 18 Mistral-generated biographies from six
controlled cases. For each language, we selected
one biography pair with the highest and one with
the lowest number of verifier-supported output

claims under its best-performing evidence format—
Claims for French and Chinese, and Translation for
Azerbaijani—and compared the Raw, Translation,
and Claims outputs for the same entities. In these
cases, claim-based enrichment generally added
more targeted, fine-grained events and relations,
whereas raw cross-lingual enrichment retained a
more narrative style but provided less focused cov-
erage. Translation recovered many details when
reliable, but was more sensitive to source and trans-
lation noise. Missing claims mainly involved long-
tail works, institutional roles, and event metadata.
Remaining hallucinations included incorrect tem-
poral, geographic, and educational details, unsup-
ported over-specific enumerations, and, in one dif-
ficult translation-based case, repetitive generation.
Appendix G.3 details the selection protocol and
provides representative examples.

7 Conclusion

We introduced cross-lingual biography enrichment,
in which an existing English biography is enriched
with a non-English Wikipedia biography of the
same person. We constructed CLAW-4L, a bench-
mark of English biographies paired with French,
Chinese, and Azerbaijani biographies about the
same women, together with resources for evaluat-
ing claim extraction and alignment. We also de-
veloped a claim-based framework that maps both
biographies into a shared English claim space, se-
lects enrichment evidence from non-English data,
and uses it for controlled English rewriting.
Experiments show that claim-based evidence of-
fers the strongest trade-off between supported addi-
tions and hallucination in most language-generator
settings. Compared with raw non-English biogra-
phies and translations, selected claims reduce long-
context burden and enhance interpretability. A
complementary human evaluation finds no evident
writing-quality penalty from using selected claims
as rewriting evidence relative to the other enrich-
ment pipelines. The Azerbaijani results also show
that lower-resource settings remain difficult, sug-
gesting that reliable cross-lingual enrichment de-
pends on robust claim extraction and alignment.

Limitations

Benchmark scope. Our benchmark focuses on
women biographies across three non-English lan-
guages: French, Chinese, and Azerbaijani. This
design lets us study enrichment in both higher-



resource and lower-resource settings, but it does not
cover the full diversity of Wikipedia language edi-
tions, scripts, regions, or biography types. Extend-
ing the benchmark to more languages and entity
groups is an important direction for future work.

Source reliability. We use Wikipedia biogra-
phies as curated encyclopedic evidence, but we
do not assume that every statement in every lan-
guage edition is factually correct. Conflicts be-
tween English and non-English-language claims
may reflect errors, temporal mismatch, or missing
context. Our framework surfaces such cases for
downstream reconciliation rather than resolving
factual truth against external sources.

Factual verification and revision. While claim-
based evidence achieves the lowest hallucination
rate among the three settings, post-generation veri-
fication could further strengthen factual reliabil-
ity. A natural extension is a generate—verify—
revise loop. After producing an initial biography,
the system could decompose it into claims and
verify each claim against the input evidence us-
ing claim-level factuality and grounding methods
such as FactScore, VeriScore, FactCheck-GPT, or
MiniCheck (Min et al., 2023; Song et al., 2024;
Wang et al., 2024; Tang et al., 2024). Unsupported
or contradicted claims could then be removed or
corrected before a final rewriting step. Verifica-
tion could further retrieve independent evidence
from structured knowledge bases, citations associ-
ated with the source articles, and corroborating evi-
dence from additional Wikipedia language editions,
building on retrieval-grounded and citation-aware
generation (Lewis et al., 2021; Fan and Gardent,
2022; Zhang et al., 2025). This extension would
complement our current contribution of explicitly
selecting non-English enrichment evidence before
generation with evidence-based factuality control
after generation. For deployment-oriented settings,
evidence provenance could additionally be exposed
to human editors, with unresolved conflicts trigger-
ing abstention rather than automatic insertion.

Pipeline errors. Our pipeline also depends on
automatic claim extraction and claim-pair relation
judgment. Although we evaluate these components
on CLAW-4L-CX and CLAW-4L-RC, extrac-
tion or alignment errors can still propagate to en-
richment generation, especially for lower-resource
languages. This limitation is reflected in the Azer-
baijani results, where upstream claim processing

can miss useful non-English-side evidence.

Evaluation and reproducibility. Our automatic
generation evaluation emphasizes claim-level sup-
ported additions and hallucinations. We supple-
ment it with a human evaluation of readability,
coherence, and Wikipedia-style writing, but this
remains a small-scale sanity check covering 15
biography pairs, one generator, and three expert
annotators. It does not directly compare enriched
outputs with the original English biographies, and
method labels were visible to annotators. Accord-
ingly, it is not a comprehensive assessment of ed-
itorial quality or deployment readiness. We also
use GPT-5.1 for reference claim extraction and sev-
eral prompt-assisted construction steps; while we
release prompts, scripts, and open-weight alterna-
tives, exact reproduction may be affected by closed-
source model changes.

Beyond English. A broader direction is to use
cross-lingual evidence not only to enrich English
biographies, but also to improve biography cov-
erage in lower-resource Wikipedia editions. Our
current formulation treats English as the generation
target, reflecting its role as a default encyclope-
dic source in NLP. Future work should study bidi-
rectional and many-to-many enrichment settings,
where claims from multiple language editions are
aligned and used to support biography expansion
in lower-resource languages.
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A Implementation Details

A.1 Inference Setup

All open-weight model inference is run with the
MS-SWIFT (Zhao et al., 2025) framework and the
vLLM (Kwon et al., 2023) inference engine on a
single NVIDIA A100 GPU with 80 GB of mem-
ory. We use this setup for open-weight genera-
tion, translation, claim extraction backbone com-
parisons, and classifier experiments unless oth-
erwise specified. Closed-source GPT-5.1 (Singh
et al., 2026) calls are made through the OpenRouter
API * and are used for reference claim extraction,
prompt-assisted dataset construction, and closed-
source comparison settings described in the main

paper.
A.2 Experimental Cost

The open-weight model inference for enrichment
generation requires only 2 hours with the help of
vLLM, but the claim relation evaluation takes 4
hours per generated biography. The claim extrac-
tion pipeline with GPT-5.1 + X-Claimify on our
CLAW-4L costs around $ 300 via API calls, and
the entire extraction procedure takes 10 hours.

4ht’cps: //openrouter.ai/
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A.3 Decoding Settings and Token Budgets

Table 4 reports the token budgets and decoding
settings used in our generation, translation, and
LLM-based verification experiments. We use de-
terministic decoding for verification and model-
specific generation settings for biography rewriting
and translation. Qwen and Gemma generation runs
use thinking disabled.

Token Budgets

Task Prompt EN non-English Out. Seed
Translation 4,096 4,096 - 8,192 42
Enrichment 2,048 4,096 2,048 8,192 42
Verification 8,192 - - 8,192 42

Translation / Enrichment

Model Temp. Top-p Top-k Pres. Rep.
Qwen3.6-27B 0.7 0.80 20 1.5 1.0
Gemma-4-31B-IT 1.0 0.95 64 00 1.0
Mistral-Small-3.2-24B-IT  0.15 1.00 50 00 1.0
Verification

Model Temp. Top-p Top-k Pres. Rep.
Qwen3.5-9B 0.0 1.00 0 00 1.0

Table 4: Hyperparameters for generation and LLM-
based verification experiments. The upper panel reports
token budgets, where EN denotes the English biogra-
phy, non-English denotes the non-English biography or
enrichment context, and Out. denotes the maximum
number of generated tokens. The lower panels report
decoding settings for generation and verification. Pres.
denotes presence penalty and Rep. denotes repetition
penalty. Qwen and Gemma generation runs use thinking
disabled.

B Datasets Construction Details

In this section, we present the details of the creation
of our evaluation datasets: (i) CLAW-4L, a cross-
lingual biography pairs benchmark, (ii) CLAW-4L-
CX, a cross-lingual sentence-claim benchmark, and
(iii) CLAW-4L-RC, an English claim-pair relation
judgment benchmark.

B.1 Data Collection from Wikidata

We first collect country-specific female candidates
from Wikidata using three eligibility constraints:
each entity must be (1) a human, (2) marked as
female, and (3) associated with the corresponding
country of citizenship. In addition, we require that
the entity have both an English Wikipedia sitelink
and a sitelink in the non-English language. We in-
stantiate this procedure for three country-language
settings: France/French, China/Chinese, and Azer-
baijan/Azerbaijani.

To support subsequent filtering and sampling,
we intentionally build candidate pools that are sub-
stantially larger than the final benchmark size. For
the French and Chinese settings, we cap the pool
size at 1,500 entities each. For the Azerbaijani
setting, only 434 Wikidata entities satisfy all con-
straints, and we therefore use the full eligible pool.
The final candidate pool used for selection contains
3,434 entities in total.

For each retained entity, we additionally collect
basic metadata from Wikidata, including the en-
tity identifier, page titles, sitelinks, and occupation
labels. These metadata are used only for filter-
ing, identifying, and coarse occupation-aware sam-

pling.
B.2 Biography Retrieval and Cleaning

For each candidate, we retrieve the English and
non-English-language Wikipedia pages through
the MediaWiki API. Since our goal is to compare
biography content across languages, we apply a
lightweight normalization procedure to both pages
before computing any statistics.

Specifically, we remove markup artifacts and
non-biographical content that would otherwise in-
flate page length without contributing useful biog-
raphy evidence. This includes infobox templates,
formatting noise, and trailing sections such as ref-
erences, bibliography, notes, and external links.
After cleaning, we retain the main readable biogra-
phy prose together with its section structure when
available. This cleaning procedure is designed to
improve comparability across languages rather than
to produce perfectly parallel biographies. In partic-
ular, the cleaned texts may still differ substantially
in discourse structure and content organization, but
the most obvious length distortions caused by non-
biographical material are removed.

B.3 Length-based Tiering and Language
Calibration

After cleaning, we compute biography
lengths using the same multilingual tokenizer
(google/mt5-small). For a non-English language
L, we first define the raw non-English-to-English
token ratio for a biography pair as

_ #tokens(non-EN)

#tokens(EN) M

Because token counts produced by a shared mul-
tilingual tokenizer may still reflect language- and
script-specific segmentation tendencies, raw ratios



can conflate content richness with tokenization
bias. To reduce this effect, we estimate a language-
specific inflation factor for each non-English lan-
guage using parallel multilingual data from FLO-
RES+.> Concretely, given aligned sentence pairs
(Zen, T1,), Wwe compute

#tokens(zy,)

b = E(xen,m) |:7%ét0kens(xen):| ’ (2)

where all token counts are obtained with the same
tokenizer.
We then define the normalized biography-level
ratio as
r _ #ftokens(non-EN) 1

norm _ ' __ - 3
" br, #tokens(EN) br, 3)

Table 5 reports the resulting language-specific
inflation factors. As expected, the estimated factors
differ substantially across non-English languages,
reflecting systematic tokenization differences even
for semantically aligned text. Notably, the cali-
bration factors are greater than 1 for French and
Azerbaijani, but below 1 for Chinese, indicating
that the shared tokenizer tends to allocate relatively
more tokens to the former two languages and fewer
to the latter when compared with English.

We use r"™ as a coarse heuristic for non-
English-side content richness. Importantly, it is not
intended as a direct measure of factual quality or
factual correctness; rather, it provides a more com-
parable cross-lingual signal for prioritizing cases
in which the non-English biography is likely to
contain additional textual evidence beyond the En-
glish page. Since r"°"™ remains centered around
1.0 for content-equivalent text under the calibration
corpus, we partition candidates into three tiers:

e Tier A: ™™ > 1.20
e Tier B: 1.00 < r™™ < 1.20
¢ Tier C: ™™ < 1.00

We adopt a tiered design rather than a hard fil-
ter because biography length remains only a proxy
for content richness. Tiering lets us prioritize non-
English-richer candidates while preserving enough
flexibility for downstream sampling decisions on
occupation coverage and country-specific composi-
tion.

5h'ctps ://huggingface.co/datasets/
openlanguagedata/flores_plus

Pair Inflation Factor b,
EN—ZH 091
EN—FR 141
EN—AZ 1.36

Table 5: Language-specific token inflation factors es-
timated from FLORES+ using the google/mt5-small
tokenizer. Values above 1 indicate that the non-English
language tends to produce more tokens than English for
semantically aligned text; values below 1 indicate the
opposite.

B.4 Sentence Segmentation and
Sentence-level Statistics

For sentence-level statistics, we segment biogra-
phies using a multilingual neural sentence segmen-
tation model (SaT) implemented via wtpsplit®.
This model provides consistent sentence bound-
ary detection across languages without relying on
language-specific punctuation rules.

We define the sentence-level ratio analogously

as
__ #tsentences(non-EN)

s = #sentences(EN) @)

We do not apply an analogous calibration to
sentence-level ratios. Unlike token counts, sen-
tence segmentation is inherently less stable across
languages and is more sensitive to discourse struc-
ture, punctuation conventions, and editorial prac-
tices. In addition, large-scale paragraph-aligned
multilingual corpora covering lower-resource lan-
guages are scarce, making reliable estimation of
sentence-level calibration factors impractical. We
therefore treat sentence counts and sentence ratios
only as complementary structural signals rather
than precise units of semantic comparison.

B.5 Tier-aware Selection

In this step, we aim to select candidates for whom
the non-English-language page is more likely to
contain additional biography content beyond the
English page, while also balancing the occupation-
and country-wise distribution.

As described in B.3, we assign all 3,434 candi-
dates into three tiers by normalized ratio ™. For
each country, we select 300 instances as the source
pool for downstream benchmark construction. The
selection procedure is tier-aware: we first prioritize
candidates from Tiers A and B, and use Tier C as

‘We adopt sat-31-sm (https://huggingface.co/

segment-any-text/sat-31-sm) for a trade-off between
speed and performance.


https://huggingface.co/datasets/openlanguagedata/flores_plus
https://huggingface.co/datasets/openlanguagedata/flores_plus
https://huggingface.co/segment-any-text/sat-3l-sm
https://huggingface.co/segment-any-text/sat-3l-sm

Algorithm 1 Country-wise sampling procedure for
CLAW-A4L

Require: country-specific candidate set C, non-English size
N, minimum A+B ratio p
1: Keep only candidates with both English and non-English
biographies
2: Infer one coarse occupation bucket for each candidate:
artist, scientist, athlete, politician, or other
. Partition candidates into Tier A, Tier B, and Tier C
: Let Nagp = min(JAU B|, [pN1])
Select N ap candidates from Tier A/B
. if occupation-aware balancing is enabled then
Distribute the A/B non-English as evenly as possible
across artist, scientist, athlete, and politician
Fill any unassigned quota from the remaining Tier
A/B pool
9: else
10: Select from Tier A first, then Tier B
11: end if
12: If fewer than N candidates have been selected, continue
adding remaining Tier A/B candidates
13: If the quota is still not met, fill the remaining slots from
Tier C
14: return final selected set

A A A

*®

Country Before After
France 1500 300
China 1500 300
Azerbaijan 434 300
Total 3434 900

Table 6: Candidate-pool sizes change before/after tier-
aware selection.

a fallback only when necessary to complete the
country quota.

Within the prioritized Tier A/B subset, we ap-
ply coarse occupation-aware sampling. Specifi-
cally, we pre-define four biography-rich occupation
groups—artist, athlete, scientist, and politician—
and infer for each candidate a single occupation
bucket from its Wikidata occupation labels using
keyword matching. When possible, the required
Tier A/B quota is distributed approximately evenly
across these four groups. This balancing is approx-
imate rather than strict: if one group does not con-
tain enough eligible A/B candidates, the remaining
quota is filled from the rest of the available Tier
A/B pool. Candidates outside the four focus groups
are assigned to an other bucket. These candidates
are not explicitly balanced during the initial A/B al-
location, but they remain eligible for final selection
when filling the remaining quota.

Algorithm 1 summarizes the country-wise sam-
pling procedure. Table 6 reports the candidate-pool
size changes.

B.6 Stratified Biography Sampling for
CLAW-4L

To obtain the final biography-claim benchmark,
CLAW-4L, we design a stratified sampling strat-
egy to reduce the dataset to 300 instances (100 per
country), while maintaining the same data distri-
bution as in the remaining 900-instance candidate
pool.

Matched attributes. Within each country, we
aimed to preserve the empirical distribution of
the following attributes: (i) occupation bucket,
(i1) selection tier, (iii) normalized non-English-to-
English token ratio, (iv) non-English-side token
length, (v) nationality-count bucket, and (vi) non-
English-side infobox presence. Occupation buckets
consist of scientist, athlete, politician, artist, and
other. Nationality multiplicity was bucketed as
1, 2, or 3+. Infobox availability was treated as
a binary attribute indicating whether non-empty
structured infobox information was present on the
non-English side.

non-English distributions. For each country-
specific 300-instance pool, we derived a
100-instance non-English distribution for every
matched attribute. For categorical variables, we
scaled empirical counts from 300 to 100 and
converted the resulting fractional allocations into
integers using the largest-remainder method. This
preserves the original proportions as closely as
possible under the fixed sample size constraint.

For continuous variables, we did not attempt to
match only the mean or variance. Instead, we dis-
cretized values into country-specific quantile bins
and matched the empirical histogram over bins.
Specifically, we used quantile-based bins for nor-
malized token ratio and non-English-side token
count, then applied the same largest-remainder pro-
cedure to obtain integer non-English counts for
each bin. This design preserves the shape of the
source distribution more faithfully than moment
matching alone.

Constrained subset optimization. Given the
non-English distributions, we selected a subset of
size 100 for each country using constrained local
search. Occupation counts were enforced exactly
as a hard constraint. We first generated an initial
feasible subset by randomly sampling the required
number of instances from each occupation bucket.
We then refined this subset by repeatedly swapping
within-occupation, replacing one selected instance



with an unselected instance from the same occupa-
tion bucket. This guarantees that occupation counts
remain fixed throughout optimization.

All remaining attributes were optimized jointly
using a weighted mismatch objective:

£(S ) = Atierdtier(s ) + )\ratiodratio (S )
+ )\tokdtok(S) + )\natdnat(S) (5)
+ )\infodinfo (S) ’

where S is a candidate subset of size 100. Here,
diier, dratios diok, and dynye are normalized L dis-
tances between the sampled and non-English count
distributions for selection tier, normalized token-
ratio bins, non-English-token bins, and nationality-
count bins, respectively, and dius, is the absolute
difference in non-English-infobox presence rate.
Occupation is excluded from the objective because
it is enforced exactly.

In our implementation, we used Ager = 4.0,
Amatio = 2.0, Mok = 1.5, Apat = 1.0, and Ajpfo =
0.8, reflecting the priority of preserving the original
tier structure while also maintaining close agree-
ment on length- and metadata-related attributes.

Search procedure. Because this subset-selection
problem is combinatorial, we used a multi-start
local search strategy. For each country, we initial-
ized the search from multiple random occupation-
matched subsets and ran a fixed number of local
swap steps from each initialization. We retained
the subset with the lowest objective value across all
runs. In practice, this procedure consistently found
samples that matched the source distributions ex-
actly or near-exactly on all tracked dimensions.

Outcome. The resulting 300-instance CLAW-4L
closely tracks the composition of the 900-instance
pool. Across all three country settings, occupa-
tion and selection-tier distributions were exactly
matched. The remaining distributions over length
bins, nationality-count bins, and infobox availabil-
ity were also matched exactly in most cases, with
only very small residual deviations in a few set-
tings. This sampled biography pool was then used
as the source set for constructing CLAW-4L-CX,
our sentence-level human annotation benchmark.

We summarize the occupation-bucket distribu-
tion of the CLAW-4L in Table 7 and compare
token- and sentence-level statistics between the
900-instance pool and the sampled CLAW-4L in
Table 8.

B.7 Draft Claim Generation for
CLAW-4L-CX

Starting from CLAW-4L, we extract claims from
both the English and non-English biographies using
GPT-5.1. The extracted claims are served only as
sentence selection signals for CLAW-4L-CX and
drafts for human revisions.

In addition to producing a decontextualized En-
glish claim, the prompt is also designed to output a
lightweight structured representation for each ex-
tracted claim. Concretely, each claim is parsed into
the following fields:

(subject, predicate, object, time,

location, reason, manner, hedge)

This structured output (infobox) serves as an aux-
iliary representation for downstream benchmark
construction. In particular, it supports structured
claim editing during human annotation, and con-
trolled relation construction in CLAW-4L-RC such
as contradiction and asymmetric enrichment.

An output example is shown below:

"subject"”: "Maya Angelou”,

"predicate"”: "traveled”,

"object"”: "California",

"time": "1940",

"location"”: "California”,

"reason”: "to join her mother”,

"manner”: "by train”,

"hedge"”: "according to some
accounts”,

"claim”: "According to some
accounts, Maya Angelou traveled
by train to California in 1940
to join her mother.”

B.8 Sentence Selection for CLAW-4L-CX

After claim extraction, we selected one sen-
tence from each biography in CLAW-4L to con-
struct the sentence-claim benchmark CLAW-4L-
CX. Our selection procedure was designed to bal-
ance two goals: preserving the natural distribution
of sentence-level claim complexity in CLAW-4L,
while enriching the final selected set with sentences
whose extracted claims are more faithful, informa-
tive, and easier to validate.

Candidate sentences and claim-count buckets.
For each biography, we treated every source sen-
tence that yielded at least one extracted claim as a



Country N Artist Athlete Politician Scientist Other
France 100 32 (32.00%) 26(26.00%) 26 (26.00%) 10 (10.00%) 6 (6.00%)
China 100 30 (30.00%) 35(35.00%) 19 (19.00%) 3(3.00%) 13 (13.00%)
Azerbaijan 100 32 (32.00%) 29 (29.00%) 7 (7.00%) 7 (7.00%) 25 (25.00%)
Total 300 94 (31.33%) 90 (30.00%) 52 (17.33%) 20 (6.67%) 44 (14.67%)

Table 7: Occupation-bucket distribution in CLAW-4L, reported by country and in total. We consider four major
categories (artist, athlete, politician, scientist), with remaining biographies grouped as other.

Split Pair N Tokens (EN/non-EN) Meanr; Mean ;"™ Sent (EN/non-EN) Mean 7,
EN—FR 300 479.22/1673.88 5.88 4.16 16.02 /42.53 4.47

Candidate Pool EN—ZH 300 498.84 / 1090.05 2.75 3.00 16.92 /28.59 2.24
EN—AZ 300 543.36/1713.26 4.43 3.26 18.43/47.05 3.74
EN—X 900 507.14 / 1492.39 4.35 3.47 17.12/39.39 3.48
EN—FR 100 465.44 /1 1867.14 5.92 4.19 16.08 / 48.41 4.64

CLAW-AL EN—ZH 100 489.23/1041.28 2.60 2.83 15.75/27.18 2.01
EN—AZ 100 544.17/1967.12 4.35 3.20 19.37/55.21 3.48
EN—X 300 499.61/1625.18 4.29 341 17.07 / 43.60 3.38

Table 8: Main token- and sentence-level statistics for the 900-instance candidate pool and CLAW-4L. Raw token
ratios r; denote non-English-to-English token ratios, r;°""™ denotes ratios normalized by language-specific inflation
factors estimated from parallel data, and sentence ratios r, denote non-English-to-English sentence ratios computed
from cleaned biographies using a multilingual neural sentence segmentation model (SaT).
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Figure 4: Relationship between source sentence count
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Figure 5: Distribution of extracted claim counts per
biography in CLAW-4L, comparing English (EN) and
non-English (Target) biographies in a single overlaid
histogram (shared bins; y-axis shows instance share).
EN is more concentrated at lower claim counts, while
non-English biographies exhibit a heavier right tail, in-

(x) and extracted claim count (y) per biography in
CLAW-4L (EN on top, non-English language on bot-
tom). Each point denotes one biography; dashed lines
show least-squares fits (EN: y = 1.70z + 1.88, R? =
0.961; non-English: y = 1.82x + 9.16, R? = 0.941).
Claim extraction generally yields more claims than
source sentences, with mean claims-per-sentence ra-
tios of 1.89 (EN) and 2.14 (non-English).

dicating more high-claim instances.



Lang Country N Total Claims Mean Claims Median Claims Mean Sentence Coverage
Overall 300 9261 30.87 20.00 0.966
EN Azerbaijan 100 3359 33.59 24.00 0.964
China 100 2926 29.26 19.50 0.967
France 100 2976 29.76 17.00 0.968
Overall 300 26798 89.33 43.00 0.960
non-EN Azerbaijan 100 9379 93.79 45.50 0.947
China 100 7237 72.37 37.00 0.979
France 100 10182 101.82 42.00 0.955

Table 9: Claim extraction statistics for CLAW-4L. Mean Sentence Coverage averages, over biography instances,
the fraction of source sentences that yield at least one extracted claim.

EN vs Target Claim Count (Paired by QID, Log Scale)
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Figure 6: Log-scale comparison of extracted claim
counts per biography between English and non-English
texts (Target) in CLAW-4L. Each point is one biogra-
phy; the diagonal dashed line indicates parity (y = z).
Most points lie above the diagonal, showing that the
non-English biographies generally yield more extracted
claims than their English counterparts, while the log
scale improves visibility across the long-tailed count
range.

candidate annotation sentence. Let .S; denote the
set of candidate sentences for biography b, and let
C(s) denote the set of extracted claims associated
with sentence s € Sp. We first grouped candidate
sentences into four claim-count buckets according

to |C(s)|:

By ={s:|C(s)| = 1},
By = {s:|C(s)| = 2},
By = {s:|C(s)| = 3},
By ={s:|C(s)| > 4}.

This four-way partition provided a simple but ef-
fective proxy for sentence-claim complexity, sepa-
rating simple, medium, and claim-dense sentences
while avoiding overly sparse high-count buckets.

Selection features. For each candidate sentence
s, we computed three sentence-level quality sig-
nals.

(1) Claim coverage. To estimate how well
the extracted claims collectively cover the fac-
tual content of the source sentence, we concate-
nated all claims in C(s) into a single text string
concat(C(s)), and computed multilingual sen-
tence similarity with LaBSE:

cov(s) = cos (¢LaBSE(S)7

(6)
PLaBSE (concat(C’(s)))) .

where ¢1.psg(+) denotes the sentence embedding
function. Higher values indicate that the extracted
claims more faithfully capture the factual core of
the source sentence.

(2) Fact density. We next estimated how much
structured factual information a sentence con-
tributes relative to its length. For a claim ¢ € C(s),
let

F(c) = {subject, predicate, object, time,
location, reason, manner, hedge}.



We define an indicator 1[f(c)] that equals 1 if field
f is non-empty, and 0 otherwise. For the hedge
field, we set 1[hedge(c)] = 1 only when the hedge
value is not "No"”. We exclude the free-form text
fields claim and source_sent from this compu-
tation. Sentence-level fact density is then defined
as

ZCEC(S) ZfeF(c) 1[f(c)]

dens(s) = ST

I

where |s|tok is the token length of the source sen-
tence. Higher values indicate that more structured
factual information is packed into the sentence.

(3) Rewrite cost. Finally, we quantified how
much rewriting was required to transform the
source sentence into its decontextualized claims.
For each claim ¢ € C(s), we computed a normal-
ized token-level edit distance

ED(s,c)

max(|ssok, |ltok)

ned(s,c) =

where ED(+,-) denotes token-level Levenshtein
edit distance. We then define sentence-level rewrite
cost as the mean normalized edit distance across
claims:

1
rew(s) = )] Z ned(s, c).

ceC(s)

Lower values indicate that the sentence can be con-
verted into decontextualized claims with less rewrit-
ing, while larger values suggest stronger contextual
dependence or more substantial reformulation.

Instance-level rank aggregation. Because these
three features are measured on different scales,
we did not combine them directly. Instead, for
each biography b, we converted the candidate sen-
tences in Sy, into within-biography normalized rank
scores in [0,1]. Let n, = |Sp|. For each met-
ric m € {cov,dens,rew}, we first assign each
candidate sentence s € Sp a rank rank,,(s) €
{1,...,np}, where larger ranks always indicate
better candidates. Thus, for claim coverage and
fact density, higher raw values correspond to larger
ranks, whereas for rewrite cost, lower raw values
correspond to larger ranks. We then normalize
these ranks as

rank,,(s) — 1

Rm(s) - ny — 1

This yields R, (s) € [0, 1], with 1 assigned to the
best-ranked sentence and O to the worst-ranked

sentence for that metric within the same biography.
If a biography yields only one candidate sentence,
we assign that sentence a normalized rank score of
1 for all metrics by definition. Let these normalized
rank scores be denoted

Rcov(5)7 Rdens(s)a Rrew(S).

We then defined the overall sentence quality score
as an unweighted rank aggregation:

SCOI"G(S) _ Rcov(s) + Rdens(s) + Rrew(s) '
3
We used equal weights because no sentence-level
development annotations were available for tuning
feature importance, and the three signals were in-
tended to play complementary roles: coverage cap-
tures faithfulness, density captures informational
richness, and rewrite cost captures annotation diffi-

culty.

Global complexity balancing. Selecting the
highest-scoring sentence independently for each
biography would tend to over-favor simpler one-
claim sentences. To preserve realism while main-
taining sufficient complexity diversity, we therefore
imposed global constraints on the distribution of
claim-count buckets in the final selected set.

We began by computing the empirical distribu-
tion of candidate sentences across the four buckets
Bi, ..., By within each language side (English and
non-English). We then applied a hard-coded bucket
balance strategy: all claim buckets (1-, 2-, 3-, 4+-
claim) share the same proportion (0.25) in the final
CLAW-4L-CX. This design ensures that the final
sentence set contained enough medium- and high-
complexity examples to evaluate extraction quality
beyond the easiest cases.

Constrained final selection. Let z;,; € {0,1}
indicate whether candidate sentence s € S is se-
lected for biography b. We selected the final sen-
tence set by maximizing the total sentence quality
subject to two types of constraints:

maxz Z score(s) zp,
* b SESy
subject to
dms=1 W,
SESy

so that exactly one sentence is selected from each
biography, and

2. 2

b seSpg(s)=k

Tps = Tk vk € {1,2,3,4},



where ¢g(s) is the claim-count bucket of sentence s,
and Ty, is the target number of selected sentences
assigned to bucket & after the mild rebalance step
described above.

In practice, this constrained selection procedure
yielded a sentence set that remained close to the
natural complexity distribution of the sampled bi-
ography pool while avoiding over-representation
of trivial one-claim sentences. Sentence selec-
tion was performed independently for English and
non-English biographies; consequently, the final
EN and non-English sentences in CLAW-4L-CX
are not sentence-aligned within biography pairs.
The resulting 300 English and 300 non-English-
language sentences constitute CLAW-4L-CX, our
sentence-level human annotation benchmark.

B.9 CLAW-4L-CX Statistics

Table 11 summarizes the claim-count distribution
of the final selected sentences in CLAW-4L-CX.
By construction, the benchmark contains exactly
one selected sentence from each sampled biogra-
phy, yielding 300 English and 300 non-English-
language sentences overall. Importantly, the final
sentence set does not collapse onto only the sim-
plest one-claim cases. On the English side, the
selected sentences contain, on average, 2.63 claims,
with 25 instances per country across the 1-, 2-, 3-,
and 4+-claim buckets. On the non-English side,
the corresponding mean is 2.72 claims, with 25
instances per claim bucket and per country. This
confirms that the final benchmark preserves a mean-
ingful range of sentence-level complexity, includ-
ing both relatively simple and claim-dense cases.
Table 12 shows that this diversity is preserved
without sacrificing sentence quality. Compared
with CLAW-4L, the final selected sentences in
CLAW-4L-CX exhibit consistent positive shifts
across all three normalized ranking dimensions.
On the English side, the selected set improves by
+0.4107 in coverage rank, +0.2095 in fact-density
rank, and +0.1965 in rewrite-rank, yielding an over-
all score shift of +0.2722. On the non-English side,
the corresponding gains are +0.3285, +0.2221, and
+0.4030, with an overall improvement of +0.3179.
These shifts show that the selected sentences are
not merely representative of the claim-count dis-
tribution; they are also systematically better can-
didates for human annotation. Specifically, higher
coverage indicates that the extracted claims more
faithfully capture the factual content of the source
sentence, higher fact density indicates that the sen-

tence contains richer, structured factual content,
and higher rewrite-rank (equivalently, lower rewrite
cost) indicates that the selected sentences require
less aggressive reformulation into decontextualized
claims, making them easier to verify and refine
during annotation.

Taken together, these results suggest that CLAW-
4L-CX achieves the intended trade-off in dataset
construction. It preserves sentence-level diversity
by covering a broad range of claim-count buckets
while simultaneously enriching for higher-quality
claim-bearing sentences. This makes it a suitable
sentence-claim benchmark for evaluating claim ex-
traction quality against human annotation.

B.10 CLAW-4L-CX Annotators and Interface

Annotators were volunteer researchers recruited
through the authors’ academic and professional
networks and were not financially compensated.
Participation was voluntary, and annotators were
informed that the annotations would be used for
research.

We provide our annotation interfaces in Figure 7
and Figure 8.

B.11 Post-hoc Inter-Annotator Agreement for
CLAWA4L-CX

After selecting the claim-pair classifier described
in Section 5.1, we use it for a post-hoc agreement
analysis of the CLAW-4L-CX annotations. For
each language, we compare the reference claim sets
produced by different annotators for the same sen-
tence. Given two annotator claim sets C(*) and C(?),
we score all cross-set claim pairs with the classifier.
For each criterion k € {aligned, exact-aligned},
let E,‘;b be the set of claim pairs satisfying that
criterion, where aligned counts exact and partial
alignments and exact-aligned counts only exact
matches. We compute existence-based set preci-
sion and recall:

1{i : 35, (i,7) € EP}]

ab __
Pk’ i |C(a)‘ Y
Rab _ |{.] : ElZa (Zaj) € El?b}|
C®)] '

We then compute Fi¢é = 2P Rab /(pab + Rab),
For each language, we report the average precision,
recall, and F1 over all annotator pairs for all mul-
tiply annotated sentences in that language. The
results are shown in Table 10.
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Figure 7: Human annotation interface for CLAW-4L-CX (1).
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Aligned
P R Fl1 P R F1

AZ 914 910 911 745 739 739
EN 98.9 100.0 993 812 80.7 803
FR 98.1 985 980 876 858 857
ZH 98.6 987 986 81.7 829 819

Lang Exact-Aligned

Table 10: Post-hoc inter-annotator agreement for
CLAW-4L-CX reference claim annotations. We com-
pare claim sets produced by different annotators for the
same sentence using the selected claim-pair classifier. A
claim is counted as matched if it has at least one aligned
or exact-aligned counterpart in the other annotator’s set.
Scores are reported as percentages.

B.12 Construction of CLAW-4L-RC

To evaluate claim-pair relations across English
and non-English biographies, we construct CLAW-
4L.-RC, a 600-instance benchmark built from the
same GPT-5.1 claim extraction outputs used in
CLAW-4L-CX. Each instance consists of one claim
from the English biography, one claim from the
paired non-English biography, their structured
claim fields, and a manually validated relation la-
bel. Because both sides are normalized into En-
glish claim verbalizations at the extraction stage,
the claim-pair matching stage operates over English
claim pairs, even though the underlying evidence
comes from cross-lingual biography pairs.

Aligned seed pairs. We begin by mining can-
didate aligned pairs from the full claim sets ex-
tracted from CLAW-4L. For each paired biography,
we compute LaBSE cosine similarity between ev-
ery English-side claim and every non-English-side
claim using their claim texts, and use the highest-
scoring pairs as alignment seeds. This screening
step is used only to reduce the manual search space
over the large Cartesian product of candidate claim
pairs within each biography pair.

To ensure that the resulting positives are not
dominated by trivial or repetitive templates, we
apply diversity-aware filtering before final valida-
tion. In particular, we balance the final aligned
subset across the three country groups, yielding
33 Chinese, 33 Azerbaijani, and 34 French pairs,
and additionally constrain the distribution of claim
lengths as well as over-represented life-event pat-
terns such as birth- and death-related claims. The
resulting 100 candidate pairs are then manually val-
idated. During validation, annotators verify both
the claim texts and their structured fields, so the
final aligned positives are supported at both the

textual and structured levels.

Relation schema. Each claim pair is labeled in
two stages. First, we assign an alignment label
from:

» Aligned: the two claims describe the same
factual aspect and can both be true;

* Contradicted: the two claims describe the
same factual aspect but assert incompatible
values or states;

* Not Relevant: the two claims describe differ-
ent factual aspects, even if they concern the
same person.

If and only if the pair is labeled Aligned, we
further assign an enrichment label from:

* A=B: neither claim contains meaningful extra
atomic factual content beyond the other;

* A>B: Claim A contains the content of Claim
B and adds additional non-conflicting detail;

* B>A: Claim B contains the content of Claim
A and adds additional non-conflicting detail;

* A—B: the two claims are aligned and
non-contradictory, but each contains non-
conflicting factual detail missing from the
other.

We provide Table 13 to illustrate the examples
of different claim pair relations.

Construction of non-positive relations. Start-
ing from the manually validated aligned pairs, we
construct the remaining relation types through con-
trolled structured editing and GPT-5.1 rewriting.

For Contradicted pairs, we preserve the same
underlying claim anchor while changing one field
value to an incompatible alternative. Candidate
replacement values are drawn from field-specific
value pools built from the extracted claims in the
sampled biography pool. In practice, we focus on
fields whose modification naturally induces contra-
diction, such as time, object, and, in some cases,
location.

For Not Relevant pairs, we pair claims that do
not describe the same factual aspect. These include
both easier negatives, obtained from claims drawn
from different biography instances, and harder neg-
atives, obtained from claims within the same biog-
raphy that share the subject but refer to different



Lang Country N Meanng.ims Bl B2 B3 B4
Azerbaijan 100 267 25 25 25 25
EN China 100 261 25 25 25 25
France 100 260 25 25 25 25
Global 300 263 75 75 75 75
Azerbaijan 100 268 25 25 25 25
non-EN China 100 284 25 25 25 25
France 100 263 25 25 25 25
Global 300 272 75 75 75 75

Table 11: Claim-count distribution of the final selected sentences in CLAW-4L-CX. Within each language side,
rows report country-level statistics followed by a global summary. Here, B1, B2, B3, and B4 denote sentences

yielding 1, 2, 3, and 4 or more extracted claims, respectively.

Lang Country Nbefore — Nater ARcov T ARdens T  ARrew T AScore T
Azerbaijan 1837 — 100 0.4004 0.1347 0.2813 0.2721

EN China 1502 — 100 0.4127 0.2447 0.1714 0.2763
France 1523 — 100 0.4190 0.2490 0.1367 0.2682
Global 4862 — 300 0.4107 0.2095 0.1965 0.2722
Azerbaijan 5141 — 100 0.3177 0.2201 0.4190 0.3189

non-EN China 2635 — 100 0.2522 0.2316 0.3657 0.2832
France 4511 — 100 0.4154 0.2144 0.4241 0.3513
Global 12287 — 300 0.3285 0.2221 0.4030 0.3179

Table 12: Shifts in normalized rank-based sentence selection statistics from CLAW-4L to the final selected sentences
in CLAW-4L-CX. Here, Nyetore and N,per denote the numbers of candidate and selected sentences, respectively.
We report A = after — before for normalized coverage rank, density rank, rewrite-rank, and the final aggregated
score, where larger positive values indicate a better trade-off between informativeness and editable difficulty of the

selected set.

Category Rel. Claim A Claim B
A=B Libby Lee Ha-yun attended Ying Wa Girls’ School = Libby Lee attended Ying Wa Girls” School during
during her high school years. her senior secondary school years.
Alig.
A>B  Libby Lee Ha-yun attended Ying Wa Girls’ School ~ Libby Lee attended Ying Wa Girls’ School during
during her high school years. her senior secondary school years.
B>A Libby Lee attended Ying Wa Girls’ School during  Libby Lee Ha-yun attended Ying Wa Girls’ School
her senior secondary school years. during her high school years.
A«<»B Libby Lee Ha-yun attended Ying Wa Girls’ School ~Libby Lee attended Ying Wa Girls’ School
Contr. ALlB Libby Lee Ha-yun attended Ying Wa Girls’ School ~ Libby Lee attended Diocesan Girls’ School during
during her high school years. her senior secondary school years.
Not Rel. A-B Libby Lee Ha-yun attended Ying Wa Girls’ In 1957, Huang Yifan died in London, England,

School during her high school years.

at the age of 61.

Table 13: Examples of claim relations.

highlights the additional details that appear only on one side of

the claim. Red text highlights the contradictory key words between two claims.

events, roles, works, or attributes. We additionally
create a subset of such examples through controlled
field perturbation followed by GPT-5.1 rewriting.
For aligned pairs with non-symmetric detail, we
construct one-sided and mutual enrichment cases
by varying the amount of non-conflicting informa-
tion on the two sides. We create A>B examples

by deleting minor fields such as reason, manner, or
hedge, or by coarsening values in fields such as time
and location and obtain B>A by swapping claim
A and claim B in A>B. We create A<+B exam-
ples by ensuring that each side retains at least one
non-conflicting atomic detail that is absent from
the other. After structured modification, GPT-5.1



is used to rewrite the affected claim text so that it
remains fluent and consistent with the edited fields.

Human validation and fallback correction. All
non-positive pairs produced by rule-based pertur-
bation and GPT-5.1 rewriting are manually vali-
dated against their expected labels. Annotators
check both the claim texts and the structured fields.
When a generated example does not satisfy the in-
tended relation label, we do not rely on automatic
re-classification; instead, we manually correct or
rewrite the pair until it matches the intended rela-
tion. As a result, all final instances in CLAW-4L-
RC are human-validated at the pair level.

B.13 CLAW-4L-RC Statistics

Table 14 reports the label distribution and seman-
tic similarity scores of claim pairs in CLAW-4L-
RC. The dataset contains 600 claim pairs in total:
400 aligned pairs, 100 contradicted pairs, and 100
not-relevant pairs. The aligned category is further
divided into four balanced sub-labels, each contain-
ing 100 instances.

To provide an auxiliary validation of the con-
structed pairs, we compute sentence-level seman-
tic similarity using two English embedding mod-
els: BGE-Large-En-v1.5" and All-MPNet-Base-v28.
For the Aligned row, we report the macro-average
over the four aligned sub-labels. For the Total row,
we report a label-size-weighted average over all cat-
egories, so that the aggregate score reflects the full
600-pair distribution rather than over-emphasizing
the aligned category.

The similarity patterns are consistent across the
two embedding models. Exact aligned pairs obtain
the highest scores, followed by one-directional par-
tial alignment and then mutual partial alignment.
Contradicted pairs remain relatively close in em-
bedding space, whereas not-relevant pairs receive
substantially lower similarity scores. This pattern
is consistent with our annotation design: aligned
pairs should be semantically close, not-relevant
pairs should be clearly distant, and contradicted
pairs may still share substantial topical or lexical
content despite containing incompatible informa-
tion. These results provide additional evidence for
the quality and internal consistency of the manually
constructed CLAW-4L-RC dataset.

7https://huggingface.co/BAAI/bge—large—en—v1.
5

8https://huggingface.co/sentence—transformers/
all-mpnet-base-v2

Label # BGE MPNet
Aligned — Exact (A = B) 100 96.87  96.04
Aligned — Partial (A > B) 100 91.15 89.79
Aligned — Partial (B > A) 100 91.15 89.79
Aligned — Partial (A <+ B) 100 85.47 84.27
Aligned 400 91.16  89.97
Contradicted (A 1. B) 100 88.47 88.47
Not Relevant (A - B) 100 51.31 35.86
Weighted Total 600 84.07 80.70

Table 14: Label distribution and semantic similarity in
CLAW-4L-RC. BGE and MPNet denote cosine sim-
ilarity scores computed with BGE-Large-En-v1.5 and
All-MPNet-Base-v2 sentence embeddings, respectively;
scores are reported on a 0-100 scale.

C LLM C(lassifier Selection on
CLAW-4L-RC

C.1 Models

To select a reliable claim-pair relation classifier,
we evaluate a range of instruction-tuned LLMs on
CLAW-4L-RC and additionally compare against
two strong NLI baselines, DeBERTa-v3-large-
mnli® and MiniCheck-7B'°. We focus primarily on
medium-sized open-source models in the 3B—-14B
range, balancing inference efficiency with expected
verification accuracy. We also include GPT-5.1 as a
strong closed-source reference model, representing
an upper-bound classifier in our setting.

Specifically, we evaluate the following model
families:

* Qwen3: Qwen3-4B, Qwen3-8B, and Qwen3-
14B;

* Qwen3.5: Qwen3.5-4B and Qwen3.5-9B;

e Llama-3: Llama-3.2-3B-IT and Llama-3.1-
8B-IT;

e Ministral-3: Ministral-3-3B-IT, Ministral-3-
8B-IT, and Ministral-3-14B-IT;

e Gemma-3: Gemma-3-4B-IT and Gemma-3-
12B-IT;

* GPT-5: GPT-5.1.

For each model, we evaluate two input settings:
w/o infobox, where the classifier only receives the

9https://huggingface.co/MoritzLaurer/
DeBERTa-v3-large-mnli-fever-anli-ling-wanli

10https://huggingface.co/bespokelabs/
Bespoke-MiniCheck-7B
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two claim texts, and w/ infobox, where the cor-
responding structured infobox (parsed from the
claims by GPT-5.1; a structured infobox example
is provided in Appendix B.7) is additionally pro-
vided as contextual evidence.

C.2 Evaluation Setting and Aggregate Metrics

CLAW-4L-RC is a claim-pair relation classifica-
tion benchmark with six fine-grained labels. Four
labels correspond to aligned relations: exact align-
ment (A=B), one-sided enrichment from A to
B (A>DB), one-sided enrichment from B to A
(B>A), and mutual non-conflicting enrichment
(A< B). The remaining two labels capture non-
aligned relations: contradiction (A1 B) and non-
relevance (A-B).

We report accuracy for each fine-grained label
and further compute three aggregate metrics. Let

S=,8A>B,SB>A,S¢,51,54

denote the per-label accuracies for A=B, A>B,
B>A, A~ B, ALB, and A-B, respectively.

First, Align-FG measures fine-grained discrimi-
nation within the aligned category:

S=+SA>B +SB>A + S
1 .

This metric evaluates whether a classifier can dis-
tinguish different types of aligned and partially
aligned relations, rather than merely recognizing
that two claims are broadly related.

Second, ARC measures top-level relation classi-
fication accuracy by first averaging the four aligned
sub-labels into a single aligned score, and then
macro-averaging over the three top-level relation

types:

Align-FG =

Align-FG 4 s + s4
3 .

This metric reflects performance on the main re-
lation judgment task: aligned, contradicted, or
not relevant, while avoiding over-weighting the
aligned category, which contains four fine-grained
sub-labels.

Finally, Overall is the macro-average over all
six fine-grained labels:

ARC =

S— + SA>B +SB>A + S + 81 + 84
G .

Unlike ARC, this metric treats all fine-grained la-
bels equally and therefore reflects the classifier’s
full six-way classification performance.

Overall =

C.3 NLI Baseline Adaptation

We additionally compare against two strong NLI-
style baselines, MiniCheck-7B and DeBERTa-v3-
large-mnli. Since these models are not designed for
our six-way claim relation setting, we adapt their
outputs into the CLAW-4L-RC label space as far
as possible.

MiniCheck-7B. MiniCheck-7B outputs a binary
label in {supported, unsupported}. We therefore
apply it in both directions for a claim pair (A, B).
If A supports B and B supports A, we map the pair
to exact alignment (A=DB). If A supports B but B
does not support A, we map it to one-sided enrich-
ment (A>B); symmetrically, if B supports A but
A does not support B, we map it to (B>A). How-
ever, MiniCheck-7B cannot distinguish mutual par-
tial alignment (A< B), contradiction (A1 B), or
non-relevance (A-1B), since all of these collapse
into the same unsupported outcome. Accordingly,
we only report the label-wise accuracies that can
be directly computed.

DeBERTa-v3-large-mnli. DeBERTa-v3-
large-mnli outputs a three-way NLI label in
{entailment, neutral, contradiction}. As with
MiniCheck, we evaluate each pair bidirectionally.
If A entails B and B entails A, we map the pair
to exact alignment (A=DB). If A entails B and B
is neutral with respect to A, we map it to A>B;
symmetrically, if B entails A and A is neutral
with respect to B, we map it to B>A. If either
direction yields contradiction, we map the pair
to contradiction (AL B). However, this model
still cannot distinguish mutual partial alignment
(A< B) from non-relevance (A-1B), since both
may appear as neutral in one or both directions. For
this reason, we report only the directly computable
label-wise accuracies and omit aggregate scores.

C.4 Results

We provide the full results in Table 15 and sum-
marize them in Figure 9. We highlight several key
observations.

NLI baselines as partial classifiers. The NLI
baselines provide a useful reference point but are
inherently limited by label mismatch. MiniCheck-
7B can only recover exact and one-sided support re-
lations, while DeBERTa-v3-large-mnli additionally
captures contradiction, but still cannot distinguish
mutual partial alignment from non-relevance. No-
tably, DeBERTa-v3-large-mnli performs strongly
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Figure 9: Comparison of the best-performing classifier from each model family on CLAW-4L-RC across three
aggregate metrics (ARC, Align-FG, Overall). GPT-5.1 achieves the strongest performance, while Qwen3.5-9B is

the closest open-source model across all metrics.

on contradiction (95.0) and exact alignment (90.0),
showing that supervised NLI training transfers well
to coarse semantic consistency judgments. How-
ever, neither NLI baseline can model the finer en-
richment distinctions central to CLAW-4L-RC,
especially the mutual partial alignment case, which
limits their usefulness as full classifiers in our set-
ting.

Strong open-source classifier. Qwen3.5-9B
emerges as the strongest open-source classifier, con-
sistently achieving performance close to GPT-5.1
across all aggregate metrics. In particular, the gap
between Qwen3.5-9B and GPT-5.1 is small (e.g.,
95.5 vs. 95.9 in ARC), while both models substan-
tially outperform other open-source families.

Fine-grained alignment is more challenging.
We observe a clear positive correlation between
ARC and Align-FG, indicating that models with
strong top-level relation classification also per-
form well on fine-grained alignment distinctions.
However, Align-FG scores are consistently lower
than ARC across all models, confirming that
fine-grained alignment (e.g., distinguishing A> B,
B>A, and A<~>B) is a more challenging task.
Among these, the mutual enrichment case (A< B)
is typically the hardest, suggesting that modeling
bidirectional, non-conflicting information requires
more precise semantic reasoning.

Limited benefit of structured infoboxes. Pro-
viding GPT-5.1-parsed infoboxes does not consis-

tently improve performance. For stronger models
(e.g., Qwen3-14B, Qwen3.5-9B, GPT-5.1), infobox
inputs often slightly degrade performance, suggest-
ing that additional structured context may introduce
noise or redundancy. In contrast, smaller models
occasionally benefit from infobox inputs, indicat-
ing that external structure can partially compensate
for weaker internal representations. Overall, these
results suggest that the effectiveness of infobox
augmentation depends on model capacity and input
fidelity.

Scaling trends within model families. Within
most model families, larger models tend to achieve
better performance, consistent with expected scal-
ing behavior. This trend holds for Qwen3 and
Qwen3.5, where performance improves monotoni-
cally with model size. An exception is observed in
the Ministral-3 family, where the 3B model outper-
forms larger variants.

These findings justify our choice of Qwen3.5-9B
as the default open-source classifier in our experi-
ments.

D Cross-lingual Claim Extraction
Methods

This section summarizes the English claim extrac-
tion frameworks adapted in our experiments and
clarifies how they are unified for cross-lingual eval-
uation on CLAW-4L-CX. Rather than compar-
ing the original backbone models or source tasks
of prior work, we focus on the functional design



Aligned Contr. Not Rel. Aggregate

Model Info.

A=B A>B B>A A<B AlLB  A4B  ARC Align-FG Overall
NLI
MiniCheck-7B w/o 85.0 82.0 82.0 X X X

DeBERTa-v3-large w/o  90.0 86.0 86.0 X 95.0

Owen3
Owen3-4B wlo 520 8.0 610 220 630 910 695 545 62.0
w/ 370 810 750 370 660 970 735 575 65.5
Owen3-$B wlo 710 790 950 270 830 980 830  68.0 75.5
w720 790 920 450 770 990 8.7 720 773
Owen-14B wlo 950 720 770 710 950  99.0 909 788 84.8
w/ 850 610 710 750 900 1000 877  73.0 80.3
Owen3.5
Owen3.S-4B wlo 710 720 930 880 930 900 880 810 84.5
: w/ 600 730 730 850 970 930 876 728 80.2
Owen3.5-9B wlo 940 880 910 850 990 980 955 895 925
: w/ 930 900 890 840 970 1000 953  89.0 922
Llama-3
wlo 430 290 9.0 600 410 450 404 353 37.8
Llama-3.2-3B-IT
ama-3.2-3 w/ 290 110 50 810 70 330 238 315 27.7
wlo 510 740 200 10 610 920 632 365 498

Llama-3.1-8B-IT 07 390 600 180 20 750 970 680  32.0 50.0

Ministral-3
. wlo 880 240 560 230 700  99.0 723 478 60.0
Ministral 3-3B-IT 0% ¢10 120 450 80 790 980 712 365 53.8
» wlo 760 440 360 140 920 940 762 425 59.3
Ministral 3-8B-IT 0% 570 300 310 120 870 940 719 348 533
wlo 750 20 10 10 80 890 656 198 427

Ministral-3-14B-IT- 0% 210 00 10 10 920 850 651 182 417

Gemma-3

w/io  87.0 37.0 380 0.0 40.0 71.0 50.5 40.5 45.5
w/ 67.0 540 33.0 3.0 42.0 71.0 52.8 39.3 46.0

w/o 870 780 150 120 71.0 97.0 72.0 48.0 60.0
w/ 790 730 220 100 70.0 97.0 71.0 46.0 58.5

Gemma-3-4B-IT

Gemma-3-12B-IT

GPT-5

wio 970 88.0 930 85.0 97.0 100.0 959 90.8 93.3

GPT-5.1 w/ 950 860 8§70 780 950 1000 938 865 9022

Table 15: Claim-pair relation classification results on CLAW-4L-RC across various classifiers including NLI
models and LLMs. w/o denotes using only claim pairs as input, while w/ additionally provides GPT-5.1-parsed
infoboxes. All metrics are accuracy (%). ARC is the macro-average over the three top-level relation types, where
the Aligned score is first averaged over its four sub-labels. Align-FG measures fine-grained accuracy within the
Aligned category (average over its four sub-labels). Overall is the macro-average over all six fine-grained labels.
Best and second-best results in each column are marked in bold and underlined, respectively. Entries marked with
X are not directly computable because the corresponding classifier does not provide enough label resolution to
distinguish that relation type.



choices that matter for our setting and then describe
how each method is adapted to the cross-lingual
sentence-to-claims setting.

D.1 Core Operations in Claim Extraction

Decomposition. Decomposition breaks a sen-
tence or passage into smaller factual units so that
each claim can be checked independently. For ex-
ample, the sentence "Marie Curie won the Nobel
Prize in Physics in 1903 and the Nobel Prize in
Chemistry in 1911" can be decomposed into two
claims, one for each award event.

Decontextualization. Decontextualization
rewrites a claim so that it can be understood and
verified without relying on the surrounding context.
For example, "In 1903, she won the Nobel Prize
in Physics" becomes "Marie Curie won the Nobel
Prize in Physics in 1903."

Verifiable Selection. Verifiable selection deter-
mines whether a sentence contains objectively
checkable factual content and filters out non-
verifiable material such as opinions, speculation, or
advice. For instance, "Solar power could transform
the future of humanity" is not directly verifiable,
whereas "Solar power provided 3.9% of global elec-
tricity in 2021" is.

Disambiguation. Disambiguation handles cases
with multiple plausible interpretations, typically
by resolving ambiguity from context or abstaining
when reliable resolution is not possible. For ex-
ample, in "John met Paul after he won the award",
the pronoun "he" may refer to either John or Paul.
In such cases, a system should avoid producing a
confident factual claim unless the referent can be
resolved reliably.

D.2 Adapted English Claim Extraction
Frameworks

Table 16 summarizes the main functional dif-
ferences among the compared extraction frame-
works. We adapt five representative English claim
extraction methods to our cross-lingual setting:
FactScore, FactCheck-GPT, DnDScore, VeriScore,
and Claimify. We prefix the adapted variants with
X-. In all cases, we modify the original prompts
so that the system accepts either an English or a
non-English-language sentence as input and always
outputs atomic factual claims in English. The goal
is to map both English and non-English biogra-
phies into a shared English claim space for down-

stream alignment and enrichment. We provide the
X-Claimify prompts in Appendix H; prompts and
runnable scripts for all adapted frameworks are
included in the accompanying repository.

X-FactScore. X-FactScore is the simplest vari-
ant and focuses on direct decomposition. Given a
sentence, it extracts one or more factual claims in
English without explicitly requiring decontextual-
ization, verifiable filtering, or ambiguity handling
beyond what the LLM performs implicitly.

X-DnDScore. X-DnDScore extends direct de-
composition by explicitly decontextualizing and
handling ambiguity. In a single prompt, it first de-
composes the input sentence into subclaims and
then rewrites each subclaim into a stand-alone En-
glish proposition using only the provided para-
graph context. Unlike simpler decomposition-
based methods, it explicitly asks the model to
identify ambiguities and avoid confident extraction
when core references, entities, or relations cannot
be resolved reliably.

X-VeriScore. X-VeriScore jointly performs de-
composition, decontextualization, and verifiable se-
lection in a single prompt. It extracts as many fine-
grained verifiable facts as possible from the non-
English sentence, while using the surrounding con-
text only to resolve pronouns and definite descrip-
tions. Each output claim must be self-contained,
independently checkable, and written in English; if
the sentence contains no verifiable factual content,
the model is instructed to abstain by returning No
verifiable claim.

X-FactCheck-GPT. X-FactCheck-GPT uses a
two-stage extraction design. It first decomposes
the input sentence into standalone English atomic
facts, using the provided context to resolve ref-
erences and decontextualize the output. It then
applies a separate checkworthy classification step
to determine whether the sentence contains factual
content worth keeping. This staged design is in-
tended to reduce noisy or weakly factual outputs
while preserving decontextualized atomic claims.

X-Claimify. X-Claimify is the most structured
pipeline among the compared methods. It com-
bines verifiable selection, decontextualization, dis-
ambiguation, and decomposition in a multi-turn
prompting process. In our cross-lingual setting, it is
adapted so that claims extracted from non-English
biographies are directly normalized into English,



Method (Year) Uses Context Decomp. Decontext. Verifiable Sel. Disamb. Execution
FactScore (2023) X v X X X Joint
DnDScore (2025) v 4 4 X v In-prompt Seq.
VeriScore (2024) v v v v X Joint
FactCheck-GPT (2024) v v v v X Multi-turn
Claimify (2025) v v v v v Multi-turn

Table 16: Functional comparison of the English claim extraction frameworks adapted in our experiments. A check
mark (v') indicates that the corresponding operation is explicitly specified in the method prompt or pipeline. Uses
Context indicates whether the method explicitly incorporates the surrounding sentence or paragraph context beyond
the focal sentence. Execution describes how the operations are organized: Joint uses a single prompt without staged
intermediate outputs, In-prompt Seq. performs the steps sequentially within one prompt, and Multi-turn splits them

across multiple prompting rounds.

making them comparable to claims extracted from
the English side.

D.3 Evaluation on CLAW-4L-CX

We evaluate claim extraction quality on CLAW-
4L-CX, where each sentence is independently an-
notated by three human references. Because gen-
erated claims may differ from the references in
wording and in how contextual information is made
explicit, exact string matching is inappropriate. We
therefore perform classifier-based matching at the
claim-set level using the claim-pair relation classi-
fier (Qwen3.5-9B) described in Section 5.1.

Let C = {é1,...,éy,) denote the set of gen-
erated claims for a sentence, and let cr =
{CY), e ,cg)} denote the reference claims pro-
vided by annotator r € {1,2,3}. For each ref-
erence set C("), we apply the classifier to all
generated—reference claim pairs and obtain rela-
tion labels.

We use degree-normalized claim-level match-
ing rather than one-to-one maximum matching.
For a matching criterion & € {align, exact}, let
E,(:) denote the generated—reference claim pairs
whose classifier-predicted relation satisfies crite-
rion k. The align criterion accepts both exact and
partial alignment, while the exact criterion accepts
only exact alignment. For each generated claim ¢
and reference claim 7, define

df = |{j': (,5") € B},
df = {1’ (.)€ B},
We then assign claim-level precision and recall
credits:
w o J1/dl, df >0,
b= {0, dk =0,

7k 7k
0, dk =

This fan-out normalization reduces the precision
credit of overly broad generated claims that align
with multiple reference claims, and reduces the
recall credit when multiple generated claims redun-
dantly align with the same reference claim.

For each criterion k, we define precision, recall,
and F1 as

P = iipf,

m_ 1 K
= = R = — ’,".’

=1 j=1
2R

P + R\
Aligned-F1 measures whether the extractor recov-
ers the relevant factual content even under par-
tial alignment, whereas Exact-Aligned-F1 more
directly reflects factual specificity and decomposi-
tion quality.

For each sentence, we compute these scores sep-
arately against each of the three human reference

sets. We then select the reference set that yields the
highest exact-alignment score,

(r) _

T
r*=arg max Fil,

re{1,2,3}

and report

Aligned-F1 = F(")

align?

Exact-Aligned-F1 = F, )

exact-

Using F1 in both cases allows us to jointly cap-
ture precision and coverage. Intuitively, Aligned-
F1 measures semantic content recovery, whereas
Exact-Aligned-F1 more strongly rewards exact
claim formulation.

D.4 Two-stage Selection Protocol

To separate the extraction-framework choice from
the backbone choice, we adopt a two-stage evalua-
tion protocol.



Stage 1: extraction framework selection. We
first instantiate all compared extraction frameworks
with GPT-5.1 and evaluate them on CLAW-4L-
CX. Using a common strong backbone allows us
to isolate differences in the extraction framework
design rather than differences in the model capa-
bility. Based on this comparison, we select the
best-performing extraction formulation.

Stage 2: open-source backbone selection. After
fixing the best-performing extraction framework,
we compare several open-source LLMs as practi-
cal backbones for cross-lingual claim extraction,
including Qwen3.6-27B, Gemma-4-31B-it, and
Mistral-3.2-24B-it. This second stage is motivated
by cost, reproducibility, and scalability considera-
tions. We use it to assess whether open-source mod-
els can approximate GPT-5.1 extraction quality,
while keeping GPT-5.1 + X-Claimify as the refer-
ence extraction configuration for the main pipeline.

D.5 Final Choice

Table 17 shows that X-Claimify is the most reliable
extraction framework on all language splits. It
achieves the strongest Exact-Aligned-F1 in English,
French, and Chinese, and also obtains the best or
near-best Aligned-F1. This pattern is important for
our setting because downstream alignment requires
claims that both recover the source content and
preserve a comparable event-level granularity.

The weaker performance of X-DnDScore is con-
sistent with its operation order. X-DnDScore first
decomposes a sentence into subclaims and then
decontextualizes each subclaim separately. In bi-
ography text, this can copy the same contextual
information into multiple claims, creating overlap-
ping or redundant claim verbalizations. In con-
trast, methods that resolve context before final de-
composition are better able to produce factually
independent claims, which improves exact match-
ing against human references. X-Claimify further
combines verifiable selection, disambiguation, de-
contextualization, and decomposition in a staged
pipeline, which makes it better suited to sentences
with coreference, partial names, and event-level
biographical details.

We therefore use GPT-5.1 + X-Claimify as the
reference extraction configuration for construct-
ing English and non-English-side claim sets and
for identifying non-English enrichment claims in
downstream enrichment experiments. Table 18
compares open-source backbones as lower-cost al-

ternatives. Overall, GPT-5.1 remains the strongest
and most consistent backbone across languages.
An exception is the French split, where Gemma-
4-31B-it slightly exceeds GPT-5.1 on Aligned-F1
(82.62 vs. 78.05), indicating stronger broad content
recovery, but remains lower on Exact-Aligned-F1
(70.18 vs. 73.56), indicating weaker exact claim for-
mulation. For pipeline consistency and stronger ag-
gregate precision, we keep GPT-5.1 + X-Claimify
as the reference extraction configuration for all lan-
guages.

E Machine Translation Model Selection
for Biography Enrichment

To support the Machine Translation and Genera-
tion Pipeline setting in Section 6.1, we compare
five candidate non-English-to-English translation
models: the three open-source generator LLMs
used in our enrichment experiments (Qwen3.6-27B,
Gemma-4-31B-it, and Mistral-3.2-24B-it), together
with two multilingual machine translation models,
M2M100-1.2B and NLLB-200-3.3B.

We evaluate these translation models on a small
but challenging subset of CLAW-4L. Specifically,
for each non-English language (French, Chinese,
and Azerbaijani), we select the three biographies
with the largest token counts, yielding 9 biogra-
phies in total. These long biographies are partic-
ularly informative for translation model selection
because they better reflect the context length and
information density challenges encountered in the
full enrichment setting.

E.1 Translation Protocol

We translate each non-English biography into En-
glish with each of the five candidate models. As in
the generation setting, we cannot always feed an en-
tire long biography together with task instructions
into the model at once, since increased context
length substantially raises GPU memory require-
ments during inference. We therefore use the same
incremental chunking strategy as in Section 6.1.
Since translation only requires the non-English
biography as input, without the English biogra-
phy, we use a larger per-chunk budget and cap the
non-English-side input at 4,096 tokens. When a
biography exceeds this limit, we split it incremen-
tally using the same section-based procedure as
in the generation setup, with newline-based and
token-level fallback splitting for exceptionally long
sections. The translated chunks are then concate-



Aligned Exact-Aligned
P R F1 P R F1

Lang Method

X-FactScore 71.38 47.19 54.04 37.07 47.73 39.51
X-VeriScore 68.79 68.00 66.30 57.27 56.31 55.11
AZ X-DnDScore 64.72 36.87 4476 19.09 3295 22.87
X-FactCheck-GPT 56.63 51.88 5291 43.69 4593 44.38
X-Claimify 69.92 7293 70.52 67.77 66.83 66.80
X-FactScore 76.25 44.81 52.89 23.63 3821 27.83
X-VeriScore 77.51 65.50 68.82 46.37 49.48 46.92
EN X-DnDScore 69.28 3298 4191 998 17.77 11.61
X-FactCheck-GPT 70.04 5490 59.60 42.18 46.66 43.70
X-Claimify 77.72 75776 75.17 72.82 73.18 72.44
X-FactScore 7793 4954 57.89 31.12 44.67 3523
X-VeriScore 7743 66.76 70.01 52.03 57.54 5291
FR X-DnDScore 72.56 37.57 46.16 1322 24.87 16.08
X-FactCheck-GPT 70.71 58.10 62.13 48.75 52.25 49.87
X-Claimify 82.48 76.98 78.05 73.84 7430 73.56
X-FactScore 69.93 4561 5251 2283 3428 26.30
X-VeriScore 76.70 64.68 68.12 41.99 45.63 42.94
ZH X-DnDScore 71.48 35.14 4475 14.64 23.52 16.02
X-FactCheck-GPT 63.86 50.84 54.70 47.85 53.53 49.82
X-Claimify 76.08 69.32 7112 70.52 7493 7191

Table 17: Comparison of different claim extraction methods using GPT-5.1 against human reference claims on
CLAW-4L-CX. Scores are percentages.

Lang Method Aligned Exact-Aligned Avg-F1
P R F1 P R F1
GPT-5.1 69.92 7293 70.52 67.77 66.83 66.80 68.66
AZ Mistral-Small-3.2-24B-IT  64.00 70.29 6490 59.59 5242 5435 59.62
Gemma-4-31B-IT 66.25 7845 69.42 58.16 5327 5428 61.85
Qwen3.6-27B 67.30 75.42 69.23 63.90 58.73 59.88 64.56
GPT-5.1 77.72 75776 75.17 72.82 73.18 7244 73.81
EN Mistral-Small-3.2-24B-IT  77.11 72.83 72.79 58.03 54.02 54.83 63.81
Gemma-4-31B-IT 76.52 7779 7542 64.61 64.09 63.83 69.63
Qwen3.6-27B 68.08 65.82 65.73 55.66 5537 5525 60.49
GPT-5.1 82.48 7698 78.05 73.84 7430 73.56 75.81
FR Mistral-Small-3.2-24B-IT  79.89 75.72 7590 58.75 56.65 56.50 66.20
Gemma-4-31B-IT 82.88 84.84 82.62 71.62 69.60 70.18 76.40
Qwen3.6-27B 83.25 81.26 80.35 65.38 6422 64.12 7224
GPT-5.1 76.08 69.32 71.12 70.52 7493 7191 71.52
7H Mistral-Small-3.2-24B-IT  74.87 73.63 72.33 46.32 45.78 4574 59.04
Gemma-4-31B-IT 73.15 69.64 7046 60.35 6147 60.52 65.49
Qwen3.6-27B 74.06 72.39 71.99 56.70 57.21 5631 64.15

Table 18: Claim extraction quality of X-Claimify using different claim generation models against human reference
claims on CLAW-4L-CX. Scores are percentages. Avg-F1 is the average of Aligned F1 and Exact-Aligned F1.



nated in order to form the full English translation
of the biography.

E.2 Claim-based Evaluation of Translated
Biographies

We evaluate translated biographies using a claim-
based protocol rather than surface-form overlap.
For each original non-English biography, we first
extract non-English-to-English reference claims us-
ing X-Claimify instantiated with GPT-5.1. These
claims serve as the semantic reference for the fac-
tual content expressed in the source biography. We
then apply the same X-Claimify + GPT-5.1 extrac-
tion pipeline to each translated English biography
produced by the candidate translation models.

Because biography-level claim sets can be large,
direct all-pairs claim comparison is computation-
ally expensive. We therefore adopt a coarse-to-
fine matching strategy. First, for each translated
claim, we retrieve candidate reference claims us-
ing all-mpnet-base-v2, keeping only pairs that
satisfy a cosine similarity threshold of 0.7 and fall
within the top-5 nearest neighbors. We use MP-
Net rather than BGE because Table 14 suggests
that MPNet provides stronger separation between
aligned and clearly unrelated claim pairs. The
threshold of 0.7 is intentionally loose and is used
only to prune highly irrelevant pairs before claim-
level verification.

We then apply the degree-normalized claim-
level scoring protocol described in Appendix D.3
to the filtered candidate pairs. As in our extrac-
tion evaluation, we report both Aligned-F1 and
Exact-Aligned-F1. Aligned-F1 measures whether
the translation preserves the relevant factual con-
tent even under slight differences in granularity,
whereas Exact-Aligned-F1 more strictly evaluates
whether the translated biography preserves claims
in a form that matches the reference at the atomic
level.

Results are shown in Table 19, and the final
per-language choices are summarized in Table 20.
We make three main observations. First, Exact-
Aligned scores are consistently much lower than
coarse Aligned scores across all language pairs and
models. This confirms that exact alignment is a sub-
stantially more demanding criterion for biography
translation: while many translated claims remain
semantically relevant to the source, exact claim
preservation is highly sensitive to paraphrasing,
granularity shifts, and small factual perturbations
introduced during translation.

Second, the three open-source LLMs consis-
tently outperform the two dedicated multilingual
translation models across all three language pairs,
under both Aligned-F1 and Exact-Aligned-F1.
This pattern likely reflects two factors. One is
model scale: the open-source LLMs are sub-
stantially larger than M2M100-1.2B and NLLB-
200-3.3B. The other is context handling: biogra-
phy translation in our setting is long-context and
discourse-dependent, whereas the multilingual MT
models are more constrained in usable context
length and therefore less able to exploit broader
biography context during incremental translation.

Third, translation difficulty differs across lan-
guages. French-to-English translation is overall
the easiest setting, with the highest scores across
models, while Chinese-to-English is the most chal-
lenging. For final model selection, Azerbaijani
shows a consistent winner under both coarse and
strict matching, leading us to select Gemma-4-31B-
it. French is slightly less clear-cut: Gemma-4-
31B-it is marginally better on coarse Aligned-F1
(93.80 vs. 93.77), but Mistral-3.2-24B-it shows a
substantially stronger result on Exact-Aligned-F1
(48.98 vs. 45.48). We therefore select Mistral-3.2-
24B-it for French. Chinese is also less clear-cut:
Qwen3.6-27B achieves the best coarse Aligned-
F1, while Gemma-4-31B-it performs better under
Exact-Aligned-F1. We ultimately select Qwen3.6-
27B for Chinese, prioritizing stronger semantic
claim preservation over stricter exact-form match-
ing.

These language-specific translation choices are
then used in the Machine Translation and Genera-
tion Pipeline setting in the main experiments.

F Target-Side Enrichment Claim
Selection

After extracting English and non-English claims,
we align each non-English claim against candi-
date English claims using the classifier in Sec-
tion 5.1. Because biography-level claim sets can
be large, we avoid exhaustive all-pairs verification.
For each non-English-side claim B € C', we re-
trieve candidate English claims A € C" using All-
MPNet-Base-v2 cosine similarity, retaining only
pairs whose similarity is at least 0.7 and that fall
within the top-5 nearest English claims for B. Pairs
not retained by this retrieval step are treated as not
relevant and are not sent to the LLM classifier.



Aligned

Exact-Aligned

Lang Model
P R F1 P R F1
Qwen3.6-27B 9227 90.53 9139 3449 3292 33.69
Gemma-4-31B-it  92.66 91.51 92.08 36.64 33.70 35.11
AZ — EN Mistral-3.2-24B-it  91.08 90.94 91.01 3457 32.23 33.36
M2M100-1.2B 78.64 64.86 71.09 27.28 1037 15.03
NLLB-200-3.3B 88.08 86.02 87.04 3233 29.89 31.06
Qwen3.6-27B 93.80 90.32 92.03 4555 43.27 44.38
Gemma-4-31B-it  94.87 92.75 93.80 46.09 44.89 4548
FR — EN Mistral-3.2-24B-it 94.02 93.51 93.77 49.08 48.89 48.98
M2M100-1.2B 85.69 86.59 86.14 4379 4127 4249
NLLB-200-3.3B 84.64 84.69 84.67 43.30 40.83 42.03
Qwen3.6-27B 85.84 87.16 86.50 3336 33.04 33.20
Gemma-4-31B-it 8590 85.58 85.74 36.57 35.02 35.78
ZH — EN Mistral-3.2-24B-it  81.64 80.11 80.87 30.34 28.13 29.20
M2M100-1.2B 66.44 61.57 6391 19.29 1632 17.68
NLLB-200-3.3B 57.62 5277 55.09 1624 13.15 14.53

Table 19: Claim-based evaluation of candidate non-English-to-English translation models for biography translation.
We report precision (P), recall (R), and F1 under both coarse-grained Aligned matching and strict Exact-Aligned
matching. Best values within each language pair are shown in bold.

Language Pair  Selected MT Model

AZ — EN Gemma-4-31B-it
FR — EN Mistral-3.2-24B-it
ZH — EN Qwen3.6-27B

Table 20: Final translation model selected for each non-
English language.

Retrieval hyperparameters. Before top-£ trun-
cation, 67.43%, 50.32%, and 39.71% of target-side
claims have at least three, five, and seven candi-
dates above the 0.7 threshold, respectively. We
therefore use top-5 as a middle operating point: it
allows a broader candidate set than top-3 for claims
with several plausible matches, while keeping the
worst-case number of LLM verifier calls below that
of top-7.

Let A denote an English claim and B denote a
non-English-side claim. We group non-English-
side claims into five status categories according
to their best relation to the English side. Exact
matches (A=DB) and English-more-specific align-
ments (A>B) are treated as already covered by
English and are not selected. Non-English-more-
specific and mutually complementary alignments
(B>A and A+ B) are treated as non-English-
additive because the non-English side contains non-
conflicting information not fully expressed in En-
glish. We also retain classifier-labeled conflicts
(AL B) and unmatched non-English claims (A-B)

as enrichment candidates. Since both sides are
human-written Wikipedia biographies, conflicts are
not treated as arbitrary web noise and may require
contextual reconciliation. For example, an English-
side claim that a person received a master’s degree
from Stanford and a non-English-side claim that
she received a Ph.D. from Stanford may be judged
contradictory in isolation, although the full biog-
raphy may need to resolve whether these refer to
distinct degrees or an incomplete English account.
Unmatched claims often correspond to genuinely
non-English-only biographical information. The
downstream generator receives the selected claims
together with the original English biography and
is responsible for integrating only compatible, sup-
ported additions.

Table 21 shows that English biographies cover
only a small fraction of non-English claims. In
the average row, exact matches and English-
more-specific alignments account for only 12.4
of 89.3 non-English claims (13.9%). In contrast,
Target-additive alignments account for 23.4 claims
(26.2%), indicating that non-English biographies
often elaborate on events already mentioned in En-
glish with additional factual detail. Unmatched
claims form the largest category, with 43.4 claims
(48.6%), showing that nearly half of non-English
claims have no relevant English-side counterpart.
Classifier-labeled conflicts are smaller but non-
negligible (10.2 claims, 11.4%). Overall, 77.0 of



Exact EN-More

Target-Add.  Conflict Unmatched

Direction = EN  Target Selected
A=B A>B B>Al/A<+B AlB A-B

FR —EN 29.8 101.8 5.2 7.2 23.5 9.7 56.2 89.4

AZ —-EN 336 938 6.9 8.6 26.0 12.4 39.9 78.3

ZH — EN 293 724 3.7 5.5 20.6 8.4 34.1 63.2

Avg. 309  89.3 5.3 7.1 234 10.2 434 77.0

Table 21: Average counts of English claims, non-English claims, and non-English claim status categories per
biography pair. Here A denotes an English claim and B denotes a non-English claim. Exact and EN-More
are already covered by English and are not selected. Target-Add. contains non-English claims with additional
non-conflicting information. Conflict contains classifier-labeled contradictions between non-English claims and
retrieved English candidates, while Unmatched contains non-English claims with no retrieved or classifier-relevant
English-side counterpart. Selected is the set of target-side enrichment claims used as structured evidence for

generation.

89.3 non-English claims (86.2%) are selected as
enrichment candidates, supporting our use of non-
English biographies as complementary evidence
rather than parallel paraphrases of English biogra-
phies.

G Enrichment Generation Evaluation

G.1 Evaluation Metrics

We evaluate generated biographies in the same En-
glish claim space as Section 6.2. Let C*" denote
the original English claims, C% the selected non-
English enrichment claims, and C9¢" the claims
extracted from the generated biography. To deter-
mine support, we compare generated claims against
the reference pool C™/ = C" UC'9!. Let A denote
a reference claim and B a generated claim. We
categorize each generated claim with contradiction
priority: if any retained reference claim is labeled
A1 B, then B is counted as contradicted. Other-
wise, B is valid if some reference claim fully sup-
ports it, i.e., A=B or A>B. Generated claims with
neither contradiction nor full support are counted
as unsupported, including generated-more-specific
or mutually enriched relations (B>A or A+~ B),
not-relevant pairs, and claims with no retrieved
reference counterpart. Halluc. % is the sum of Un-
sup.% and Contr.%.

Claim growth is measured as

#Gain = |C9"| — |C*",

#Gain

Coverage = W.

We compute the estimated supported gain as
#Valid = Valid x #Gain,

where Valid is Valid% converted to a proportion.
This estimates how much of the net claim growth is

supported by the reference pool, rather than count-
ing all supported generated claims as new content.

The primary overall metric Bal. is defined in
Section 6.2.

G.2 Full Results

Table 22 summarizes the evidence-format averages
used in the main analysis. Scores are averaged
over all three non-English languages and all three
generators for each evidence format. Table 28 re-
ports the full generation results for all language,
evidence-format, and generator combinations.

Evidence #Vvalidt Halluc.% |
Raw 15.89 29.49
Translation 19.05 29.59
Claims 20.47 23.54

Table 22: Average supported additions and hallucination
rate across all non-English languages and generators for
each evidence format.

G.3

Case selection. We conduct a controlled manual
analysis of outputs from Mistral-Small-3.2-24B-IT.
For each language, we select the biography pairs
with the lowest and highest numbers of verifier-
supported output claims under the best-performing
evidence format for that language (Claims for
French and Chinese; Translation for Azerbaijani).
We then inspect the Raw, Translation, and Claims
outputs for the same entities. This yields 18 gen-
erated biographies: three languages, two cases per
language, and three enrichment methods. Table 23
lists the selected cases. The selection scores are
used only to identify contrasting cases; the error
types are based on manual inspection.

Qualitative Error Analysis



Lang. Case Entity Supported/Output
FR Low Tanina Mammeri 3/24
FR High Juliette Gréco 109/261
ZH Low LilJiaqi 1/6
ZH High Xie Bingying 98/207
AZ Low Aygiin Kazimova 1/536
AZ High Franghiz Ali-Zadeh 113/239

Table 23: Cases selected for qualitative analysis. Scores
are measured under Claims for FR and ZH and Transla-
tion for AZ; all three enrichment methods are inspected
for every entity.

Table 24 illustrates the principal error patterns.
Comparisons are abridged only for space. Because
the analysis deliberately samples high- and low-
support cases, these examples characterize recur-
ring failure modes rather than their prevalence in
the full benchmark.

Pattern and case Evidence—output comparison

Missing event
metadata

Evidence: “made her debut in the play
Victor ou les Enfants au pouvoir in

Juliette Gréco;
Raw

November 1946.”
Output: “began her career in the the-
ater.”

Temporal error
Juliette Gréco;
Claims

Evidence: “was born on 7 February
1927
Output: “was born on 6 February 1927.”

Education /
location error
Franghiz
Ali-Zadeh; Raw

Evidence: “studied piano at the Azer-
baijan State Conservatory under Ulfan
Khalilov.”

Output: “studied at the Moscow Conser-
vatory.”

Over-specific
enumeration
Xie Bingying;
Translation

Evidence: a 2000 Huaxia Publishing
House edition of Collected Works of Xie
Bingying.

Output: three separate volume-specific
claims (Vols. 1-3), each attributed to An-
hui Literary Publishing House in August
1999.

Repetitive
generation
Aygiin Kazimova;
Translation

The 6,384-word output repeatedly cy-
cles through country variants of “She
is a winner of the ‘Golden Hit Parade’
award in Russia [Ukraine, Belarus, ...].”

Table 24: Representative omissions and hallucination
patterns. Evidence is drawn from the reference pool;
Output is the generated biography or its claim decom-
position.

G.4 Human Evaluation of Writing Quality

Sampling and annotation. We evaluate outputs
from Mistral-Small-3.2-24B-IT, the strongest gen-
erator in our automatic evaluation. For each lan-
guage, we sort the outputs from its best-performing
evidence format by word count—Claims for French

and Chinese, and Translation for Azerbaijani—and
select five approximately evenly spaced ranks (O,
25,50, 74, and 99). We then collect the Raw, Trans-
lation, and Claims outputs for the same five entities.
This produces 45 outputs: three languages, five
biography pairs per language, and three methods.
The five buckets are therefore length-based sam-
pling strata defined using the seed method, from
shortest (B1) to longest (BS5), rather than post-hoc
word-count bins for each individual output.

Three computer-science Ph.D. researchers who
use English as a working language independently
rate all 45 outputs on a 1-5 Likert scale. Read-
ability/Fluency covers grammar, wording, sentence
flow, and naturalness; Coherence/Integration cov-
ers abrupt insertions, disconnected facts, and lo-
cal and global flow; and Wikipedia-Style Writing
covers encyclopedic tone, section structure, and
biographical style. Method labels were retained in
the annotation interface for traceability, so the eval-
uation was not method-blind. We therefore treat
it as a writing-quality sanity check rather than a
definitive editorial assessment.

Method Read. Coh. Wiki.
Claims 3.933 3.867 3.822
Raw 3.844 3911 3.778
Translation 3.756 3.733 3.689

Table 25: Human ratings of writing quality (1-5; higher
is better), averaged over three annotators and 15 outputs
per method. Read., Coh., and Wiki. denote Readabili-
ty/Fluency, Coherence/Integration, and Wikipedia-Style
Writing.

Length-stratified results. Table 26 reports the
full method-by-length means. Writing quality gen-
erally declines as the sampled biographies become
longer for all methods. Claims has the highest
scores on all three dimensions in BS. This longest-
bucket pattern is descriptive: each method—bucket
cell contains only three outputs (one per language)
and nine ratings, and the Translation BS5 cell in-
cludes the 6,384-word repetitive Azerbaijani output
described in Appendix G.3.

Agreement and aggregate-score reliability. Ta-
ble 27 reports ordinal Krippendorff’s «, which
ranges from 0.507 to 0.537 for the subjective
discourse-level judgments. Because the reported
output scores average three independent ratings, we
also compute two-way random-effects, absolute-
agreement intraclass correlations. ICC(2,1) mea-



Dimension Method B2 B3 B4 B5
Claims 4889 4333 4.000 3222 3.222
Readability Raw 4.889 4.333 3444 3.556 3.000
Translation 4.889 4.111 3.667 3.667 2.444
Claims 4778 4222 4.000 3.444 2.889
Coherence Raw 4.889 4.444 3889 3.667 2.667
Translation 4.667 4.222 3.889 3.667 2.222
Claims 4.889 4.222 3.889 3444 2.667
Wikipedia style Raw 4.889 4.444 3.556 3.667 2.333
Translation 4.556 4.000 3.778 3.778 2.333

Table 26: Writing-quality ratings by method and length-based sampling stratum. Each cell averages nine ratings:
three outputs (one per language), each rated by three annotators. Bold marks the highest score within each dimension

and bucket, including ties.

sures the reliability of a single rating, whereas
ICC(2,3) measures the reliability of the mean of
three ratings; the latter ranges from 0.801 to 0.817.
ICC treats the Likert scale as approximately inter-
val and is therefore complementary to the ordinal
agreement statistic.

Dimension a ICC(2,1) ICC(2,3)
Readability 0.512 0.572 0.801
Coherence 0.507 0.598 0.817
Wikipedia style 0.537  0.592 0.813

Table 27: Inter-annotator agreement and reliability of
single-rater and three-rater mean scores. Krippendorftf’s
« uses the ordinal distance.

H Main Prompt

Due to space constraints, this appendix reports the
main prompts used in our pipeline. The complete
prompt set, including variants for all adapted claim
extraction frameworks and all enrichment gener-
ation methods, is provided in the accompanying
public repository.

H.1 Prompt for X-Claimify
* Step 1 - Selection: Figure 10 - Figure 12.

* Step 2 - Disambiguation: Figure 13 - Fig-
ure 15.

* Step 3 - Decomposition: Figure 16 - Fig-
ure 19.
H.2 Prompt for LLM classifier

We provide the system prompt in Figure 22 and
Figure 23. The user prompt is in Figure 24.

H.3 Prompt for '"English + non-English"
Generation

We provide the system prompt in Figure 25 and the
user prompt in Figure 26.

H.4 Prompt for LLM-based Biography
Translation

We provide the system prompt and the user prompt
in Figure 27. We keep the same prompts for all
three open-source LLMs.



Claim Growth Supported Additions Hallucination Overall
#GainT Coverage%T Valid%?T #Validt Unsup.%/| Contr.%/) Halluc.%| Bal.;

Lang Model

Cross-Lingual Generation

Gemma-4-31B-IT +17.66 22.55 69.99 12.36 29.36 0.65 30.01 10.79
AZ Qwen3.6-27B +23.41 29.90 66.12 15.48 32.81 1.07 33.88 11.26
Mistral-Small-3.2-24B-IT  +19.41 24.79 71.52 13.88 27.58 0.90 28.48 20.54
Gemma-4-31B-IT +21.94 24.54 72.43 15.89 27.08 0.49 27.57 30.33
FR Qwen3.6-27B +27.22 30.45 68.35 18.61 31.06 0.58 31.65 28.77
Mistral-Small-3.2-24B-IT  +24.94 27.90 74.08 18.47 25.23 0.70 25.92 44.24
Gemma-4-31B-IT +19.53 30.90 71.86 14.03 26.90 1.24 28.14 22.03
ZH Qwen3.6-27B +24.79 39.22 67.77 16.80 30.59 1.64 32.23 20.62
Mistral-Small-3.2-24B-IT  +24.19 38.28 72.44 17.52 26.22 1.34 27.56 36.24
Machine Translation and Generation Pipeline
Gemma-4-31B-IT +19.43 24.81 69.27 13.46 29.80 0.93 30.73 12.75
AZ Qwen3.6-27B +23.67 30.23 66.73 15.80 32.29 0.98 33.27 14.11
Mistral-Small-3.2-24B-IT  +32.47 4147 72.10 23.41 26.66 1.24 27.90 56.54
Gemma-4-31B-IT +24.48 27.38 71.63 17.53 27.84 0.53 28.37 34.02
FR Qwen3.6-27B +28.62 32.01 69.40 19.86 29.99 0.60 30.60 36.20
Mistral-Small-3.2-24B-IT  +33.66 37.65 75.48 2541 23.82 0.70 24.52 73.18
Gemma-4-31B-IT +22.13 35.02 69.12 15.30 29.33 1.55 30.88 18.97
ZH Qwen3.6-27B +27.33 43.24 68.32 18.67 29.57 2.11 31.68 28.90
Mistral-Small-3.2-24B-IT  +30.73 48.62 71.65 22.02 26.63 1.72 28.35 50.27
Claim-Based Enrichment (Ours)
Gemma-4-31B-IT +22.19 28.34 71.67 15.90 2791 043 28.33 28.25
AZ Qwen3.6-27B +28.32 36.17 69.61 19.71 29.79 0.60 30.39 36.25
Mistral-Small-3.2-24B-IT  +22.30 28.48 77.94 17.38 21.51 0.55 22.06 51.07
Gemma-4-31B-IT +25.37 28.38 74.78 18.97 2491 0.31 25.22 48.00
FR Qwen3.6-27B +32.89 36.79 73.86 24.29 25.88 0.26 26.14 64.62
Mistral-Small-3.2-24B-IT  +32.65 36.52 80.31 26.22 19.36 0.33 19.69 89.57
Gemma-4-31B-IT +23.79 37.64 78.48 18.67 21.15 0.37 21.52 57.23
ZH Qwen3.6-27B +28.42 44.97 77.47 22.02 22.16 0.37 22.53 66.50
Mistral-Small-3.2-24B-IT  +25.07 39.67 84.05 21.07 15.65 0.30 15.95 81.42

Table 28: Full generation results on CLAW-4L. Counts are averages per biography and rates are percentages.
#Gain is the increase in English claims after enrichment, Coverage% normalizes #Gain by the number of selected
non-English-side enrichment claims, and #Valid estimates the number of gained claims supported by the reference
pool. Unsup.% aggregates unsupported, not-relevant, and unknown claims; Halluc.% is the sum of Unsup.% and
Contr.%. Bal. is an overall trade-off score between supported additions and supported-claim rate.



System Prompt for X-Claimify - Selection

You are an assistant to a fact-checker. You will be given an excerpt from a
biography. If it contains "[...]", this means that you are NOT seeing all
sentences in the biography. You will also be given a particular sentence of
interest from the biography. The excerpt and sentence may be written in any
language. Your task is to determine whether this particular sentence contains

at least one specific and verifiable proposition, and if so, to return a
complete English sentence that contains only verifiable information.

Note the following rules:

- It does NOT matter whether the proposition is true or false.

- It does NOT matter whether the proposition is important to the biography.

- It does NOT matter whether the proposition contains ambiguous terms, e.g., a
pronoun without a clear antecedent. Assume that the fact-checker has the
necessary information to resolve all ambiguities.

You will NOT consider whether a sentence contains a citation when determining
if it has a specific and verifiable proposition.

- Preserve all verifiable information in the sentence. Only remove content that
is subjective, evaluative, speculative, interpretive, or otherwise not
specifically verifiable.

- If the sentence contains a specific and verifiable proposition, the final
rewritten sentence must be in English.

- Do NOT simplify the sentence more than necessary.

You must consider the preceding and following sentences when determining if the
sentence has a specific and verifiable proposition. For example:

- if preceding sentence = "Marie Curie moved to Paris in 1891." and sentence =
There she began studying at the Sorbonne.” then sentence contains a specific
and verifiable proposition.

n

- if preceding sentence = "Frida Kahlo became known for her self-portraits.” and
sentence = "These works often drew on her personal experiences.” then
sentence contains a specific and verifiable proposition.

- if preceding sentence = "Angela Merkel served as Chancellor of Germany." and
sentence = "She later led the government during the financial crisis."” then
sentence contains a specific and verifiable proposition.

- if preceding sentence = "Ada Lovelace worked with Charles Babbage."” and
sentence = "Lovelace described the machine's potential in her notes."” then
sentence contains a specific and verifiable proposition.

- if sentence = "Her life and career included many achievements across different

fields” and the following sentences expand on this point (e.g., give specific
achievements, positions, or dates), then sentence is an introduction and
does NOT contain a specific and verifiable proposition.

- if sentence = "In summary, Marie Curie left a lasting impact on science and
society” and the preceding sentences provide details on these topics, then
sentence is a conclusion and does NOT contain a specific and verifiable
proposition.

Here are some examples of sentences that do NOT contain any specific and
verifiable propositions:

- She is widely regarded as an inspiring figure

- Her achievements were truly remarkable

- Wangari Maathai played an important role in history

- Her story shows the power of perseverance

- This implies that she was a courageous person

Here are some examples of sentences that likely contain a specific and verifiable
proposition and how they can be rewritten to only include verifiable
information:

- Her groundbreaking work in chemistry changed the world -> "She worked in
chemistry”

- She became one of the most influential politicians of her time -> "She was a
politician”

- Frida Kahlo's distinctive artistic style made her one of Mexico's most
celebrated painters -> "Frida Kahlo was a painter”

Figure 10: Prompt for X-Claimify - Selection (1)



System Prompt for X-Claimify - Selection (Continued)

- Wangari Maathai's environmental activism was crucial for Kenya -> "Wangari
Maathai was an environmental activist”

- She later moved to Paris, where she began exhibiting her work -> "She later
moved to Paris, where she began exhibiting her work”

Your output must adhere to the following format exactly. Only replace what's
inside the <insert> tags; do NOT remove the step headers.

Sentence:

<insert>

4-step stream of consciousness thought process (1. reflect on criteria at a high-
level -> 2. provide an objective description of the excerpt, the sentence,
and its surrounding sentences -> 3. consider all possible perspectives on
whether the sentence explicitly or implicitly contains a specific and
verifiable proposition, or if it just contains an introduction for the
following sentence(s), a conclusion for the preceding sentence(s), broad or
generic statements, opinions, interpretations, speculation, etc. -> 4. only
if it contains a specific and verifiable proposition: reflect on whether any
changes are needed to ensure that the entire sentence only contains
verifiable information and that the final rewritten sentence is in English):

<insert>

Final submission:

<insert 'Contains a specific and verifiable proposition' or 'Does NOT contain a
specific and verifiable proposition'>

Sentence with only verifiable information (in English):

<insert English sentence, or 'None' if the sentence does NOT contain a specific
and verifiable proposition>

Figure 11: Prompt for X-Claimify - Selection (2)

User Prompt for X-Claimify - Selection

Biography excerpt:
{excerpt}

Sentence:
{sentence}

Figure 12: Prompt for X-Claimify - Selection (3)



System Prompt for X-Claimify - Disambiguation

You are an assistant to a fact-checker. You will be given a biography subject, an
excerpt from a biography, and a particular sentence from the biography. If

the excerpt contains "[...]", this means that you are NOT seeing all
sentences in the biography. The text before and after this sentence will be
referred to as "the context”. Your task is to "decontextualize” the sentence,

which means:

1. determine whether it is possible to resolve partial names and undefined
acronyms/abbreviations in the sentence using the biography subject and the
context; if it is possible, you will make the necessary changes to the
sentence

2. determine whether the sentence in isolation contains linguistic ambiguity that

has a clear resolution using the biography subject and the context; if it
does, you will make the necessary changes to the sentence

Note the following rules:

- "Linguistic ambiguity” refers to the presence of multiple possible meanings in
a sentence. Vagueness and generality are NOT linguistic ambiguity. Linguistic

ambiguity includes referential and structural ambiguity. Temporal ambiguity
is a type of referential ambiguity.

- If a name is only partially given in the sentence, but the full name is
provided in the biography subject or the context, the
DecontextualizedSentence must always use the full name.

- The same rule applies to definitions for acronyms and abbreviations. However,
the lack of a full name or a definition in the biography subject or the
context does NOT count as linguistic ambiguity; in this case, you will just
leave the name, acronym, or abbreviation as is.

- Do NOT include any citations in the DecontextualizedSentence.

- Do NOT use any external knowledge beyond what is stated in the biography
subject, context, and sentence.

- Do NOT judge whether the sentence is broad, generic, important, or worth fact-
checking. Assume the sentence has already been selected. Your only goal is to

resolve ambiguity where possible.

- If an expression is ambiguous but the biography subject and context do not
provide a clear consensus resolution, leave it unchanged. Only write "Cannot
be decontextualized” if producing a standalone sentence would require
guessing between multiple plausible interpretations.

Here are some correct examples that you should pay attention to:

1. Biography subject = "Marie Curie”, Context = "Marie Curie moved to Paris in
1891. There she began studying at the Sorbonne."”, Sentence = "There she began
studying at the Sorbonne.”
- For referential ambiguity, "There” and "she"” are unclear. A group of readers
shown the biography subject and the context would likely reach consensus
about the correct interpretation: "There” refers to Paris and "she"” refers to

Marie Curie.
- DecontextualizedSentence: In Paris, Marie Curie began studying at the Sorbonne.

2. Biography subject = "Frida Kahlo"”, Context = "[...] Frida Kahlo became known
for her self-portraits. These works often drew on her personal experiences.”,
Sentence = "These works often drew on her personal experiences."”
- For referential ambiguity, "These works” and "her"” are unclear. A group of
readers shown the biography subject and the context would likely reach
consensus about the correct interpretation: "These works" refers to Frida

Kahlo's self-portraits and "her"” refers to Frida Kahlo.
- DecontextualizedSentence: Frida Kahlo's self-portraits often drew on her
personal experiences.

Figure 13: Prompt for X-Claimify - Disambiguation (1)



System Prompt for X-Claimify - Disambiguation (Continued)

4. Biography subject = "Angela Merkel”, Context = "Angela Merkel served as
Chancellor of Germany. She later led the government during the financial
crisis.”, Sentence = "She later led the government during the financial
crisis.”

- For referential ambiguity, "She” is unclear. A group of readers shown the
biography subject and the context would likely reach consensus that "She”
refers to Angela Merkel.

- "the government” and "the financial crisis” are not further specified in the
biography subject or the context, so they remain unchanged.

- DecontextualizedSentence: Angela Merkel later led the government during the
financial crisis.

5. Biography subject = "Jane Doe”, Context = "Jane Doe collaborated with several
researchers during her early academic career.”, Sentence = "They later moved
to Berlin.”

- For referential ambiguity, "They" is unclear in isolation. A group of readers

shown the biography subject and the context would likely fail to reach

consensus about whether "They" refers to Jane Doe and one specific

collaborator, Jane Doe and several collaborators, or only the collaborators.
- DecontextualizedSentence: Cannot be decontextualized

Your output must adhere to the following format exactly. Do NOT remove any
section headers. Only replace the content inside the <insert> tags. Do NOT
add any extra headers, commentary, or text outside these five sections.

Sentence:
<insert the original sentence exactly as given>

Incomplete Names, Acronyms, Abbreviations:

<insert step-by-step reasoning about whether the sentence contains any partial
names, acronyms, or abbreviations that can be resolved using the biography
subject or the context>

Linguistic Ambiguity in the Sentence:

<insert step-by-step reasoning about referential ambiguity and structural
ambiguity. If the sentence could be interpreted in multiple ways, explicitly
write: "The sentence could be interpreted as: " before judging whether
readers would likely reach consensus>

Changes Needed to Decontextualize the Sentence:
<insert a list of all changes needed to make the sentence fully decontextualized;
if no changes are needed, write "None"; if the sentence cannot be
decontextualized, write "N/A">
DecontextualizedSentence:

<insert the final decontextualized sentence; if the sentence cannot be
decontextualized, write exactly "Cannot be decontextualized”>

Figure 14: Prompt for X-Claimify - Disambiguation (2)

User Prompt for X-Claimify - Disambiguation

Biography subject:
{subject}

Excerpt:
{excerpt}

Sentence:
{sentence}

Figure 15: Prompt for X-Claimify - Disambiguation (3)



System Prompt for X-Claimify - Decomposition

You are an assistant for a group of fact-checkers. You will be given a biography
subject, an excerpt from a biography, and a particular sentence from the
biography. If the excerpt contains "[...]", this means that you are NOT
seeing all sentences in the biography. The text before and after this
sentence will be referred to as "the context”.

Your task is to identify all specific and verifiable propositions in the sentence
, decompose them if necessary, and output them as a JSON list of dictionaries
, where each dictionary corresponds to exactly one claim.

A proposition is "decontextualized"” if:

(1) it is fully self-contained, meaning it can be understood in isolation without
the biography subject, the context, or the other propositions, AND

(2) its meaning in isolation matches its meaning when interpreted alongside the
biography subject, the context, and the other propositions.

The propositions should be the simplest possible discrete units of information,
but they should NOT be decomposed into trivial subparts that are not
independently worth fact-checking.

Note the following rules:

- Assume the sentence has already passed the selection and disambiguation stages.
Do NOT decide whether the sentence is worth fact-checking. Only extract and
decompose the specific and verifiable propositions that it contains.

- A sentence may contain zero, one, or multiple specific and verifiable
propositions.

- Do NOT include subjective, evaluative, speculative, rhetorical, or interpretive

content as propositions unless the sentence factually attributes that

content to a source or speaker.

- Do NOT use any external knowledge beyond what is stated in the biography
subject, the context, and the sentence.

- Do NOT include any citations.

Sentences like the following do NOT contain a specific and verifiable proposition

- Marie Curie's legacy remains unmatched

- Wangari Maathai became a symbol of hope for many people

- Frida Kahlo's life story continues to inspire generations

- The exhibition marked a major cultural turning point

- Scholars often regard her as one of the most visionary figures of her time
- This suggests that she possessed extraordinary emotional strength

Additional extraction rules:

- Sometimes a sentence is partly evaluative or general, but still contains a
specific and verifiable proposition. In such cases, extract only the
verifiable part.

- If the sentence contains coordination, apposition, or multiple factual units,
decompose it into as many specific and verifiable propositions as needed, but

no further.

- Do NOT decompose a proposition into trivial subparts that are not independently

useful for fact-checking. For example, do NOT split "Ada Lovelace described
the machine's potential in her notes” into "Ada Lovelace had notes” and "The
machine had potential”.

- If a referential term, partial name, acronym, abbreviation, temporal expression
, or location can be clarified using the biography subject or the context,
clarify it in the final proposition.

- If a relative expression such as "there”, "then”, "later”, or "that year"”
cannot be made standalone from the visible context, do NOT guess. Only omit
it if removing it does NOT materially change the factual content being
extracted.

- If the excerpt contains "[...]", do NOT assume hidden information unless it is
strongly implied by the sentence and the visible context.

Figure 16: Prompt for X-Claimify - Decomposition (1)



System Prompt for X-Claimify - Decomposition (Continued)

For each claim, output one dictionary with exactly the following keys:
- "subject”: the entity that the claim is about; use a fully clarified string if
possible, otherwise null

- "predicate”: the main relation or event expressed by the claim; use a short
verbal phrase if possible, otherwise null
- "object”: the main object, complement, non-English, or content of the claim;

fill this whenever possible as part of the core subject-predicate-object
structure, even if it overlaps with a more specific semantic field such as
location” or "time"”

”n

- "time": the time expression if explicitly stated or clearly resolvable from the
visible context; otherwise null

- "location": the location expression if explicitly stated or clearly resolvable
from the visible context; otherwise null

- "reason"”: the reason or purpose expression only if explicitly stated in the
claim; otherwise null

- "manner"”: the manner or means expression only if explicitly stated in the claim
; otherwise null

- "hedge": the exact hedge word or phrase if the claim is hedged (for example: "
reportedly”, "may have"”, "according to some accounts”); otherwise "No"

- "claim”: the final specific, verifiable, and fully decontextualized claim as a
single string

- "subject"”, "predicate"”, and "object” form the core claim frame and should be

filled whenever possible. Other fields provide optional semantic refinements.

Important formatting rules:

- OQutput must be valid JSON.

- Output must be a JSON list.

- Each item in the list must be a dictionary with exactly the keys listed above.

- All values must be either a string or null, except:

- "hedge"”, which must be either a string or "No"

- "claim”, which must always be a single string

- If the sentence contains no specific and verifiable propositions, output [].

- Do NOT output any explanation, markdown, headers, or extra text outside the
JSON.

Here are some correct examples:

Example 1:
Biography subject = "Marie Curie”
Context = "Marie Curie moved to Paris in 1891. There she began studying at the
Sorbonne."”
Sentence = "There she began studying at the Sorbonne.”
OQutput =
L
{
"subject”: "Marie Curie”,
"predicate”: "began studying”,
"object”: "the Sorbonne”,
"time": null,
"location": "Paris”,
"reason”: null,
"manner”: null,
"hedge": "No",
"claim”: "Marie Curie began studying at the Sorbonne in Paris.”
}
]

Figure 17: Prompt for X-Claimify - Decomposition (2)



System Prompt for X-Claimify - Decomposition (Continued)

Example 2:
Biography subject = "Wangari Maathai”
Context = "Wangari Maathai founded the Green Belt Movement in 1977 and later
received the Nobel Peace Prize.”
Sentence = "Wangari Maathai founded the Green Belt Movement in 1977 and later
received the Nobel Peace Prize.”
OQutput =
L
{
"subject"”: "Wangari Maathai",
"predicate”: "founded”,
"object”: "the Green Belt Movement",
"time": "1977",
"location"”: null,
"reason”: null,
"manner”: null,
"hedge"”: "No",
"claim”: "Wangari Maathai founded the Green Belt Movement in 1977."
}!
{
"subject"”: "Wangari Maathai”,
"predicate”: "received”,
"object”: "the Nobel Peace Prize”,
"time": null,
"location": null,
"reason”: null,
"manner”: null,
"hedge"”: "No",
"claim”: "Wangari Maathai received the Nobel Peace Prize.”
}
]
Example 3:
Biography subject = "Maya Angelou”
Context = "According to some accounts, Maya Angelou traveled by train to
California in 1940 to join her mother.”
Sentence = "According to some accounts, Maya Angelou traveled by train to
California in 1940 to join her mother.”
Output =
L
{
"subject"”: "Maya Angelou”,
"predicate”: "traveled",
"object”: "California",
"time": "1940",
"location”: "California”,
"reason”: "to join her mother",
"manner”: "by train",
"hedge": "according to some accounts”,
"claim"”: "According to some accounts, Maya Angelou traveled by train to
California in 1940 to join her mother.”
}
1

Figure 18: Prompt for X-Claimify - Decomposition (3)



User Prompt for X-Claimify - Decomposition

Biography subject:
{subject}

Excerpt:
{excerpt?}

Sentence:
{sentence}

Figure 19: Prompt for X-Claimify - Decomposition (4)

System Prompt for Claim Infobox Extraction

You are an assistant for a group of fact-checkers.

You will be given exactly one already-written claim. Your task is NOT to extract
new claims from a sentence, NOT to split the claim into multiple propositions
, and NOT to rewrite the dataset. Your task is only to fill the infobox
fields that describe the given claim.

For the given claim, output exactly one JSON object with exactly these keys:
- "subject"”: the entity that the claim is about; use a fully clarified string if
possible, otherwise null

- "predicate”: the main relation or event expressed by the claim; use a short
verbal phrase if possible, otherwise null
- "object”: the main object, complement, non-English, or content of the claim;

fill this whenever possible as part of the core subject-predicate-object
structure, even if it overlaps with a more specific semantic field such as
location” or "time"”

n

- "time": the time expression if explicitly stated in the claim; otherwise null

- "location"”: the location expression if explicitly stated in the claim;
otherwise null

- "reason"”: the reason or purpose expression only if explicitly stated in the
claim; otherwise null

- "manner"”: the manner or means expression only if explicitly stated in the claim
; otherwise null

- "hedge": the exact hedge word or phrase if the claim is hedged, for example "
reportedly”, "may have”, or "according to some accounts”; otherwise "No”

- "claim"”: copy the input claim exactly, except for trimming surrounding

whitespace

Example:
Claim: According to some accounts, Maya Angelou traveled by train to California
in 1940 to join her mother.

Output:

{
"subject"”: "Maya Angelou”,
"predicate”: "traveled”,
"object”: "California”,
"time": "1940",
"location”: "California”,
"reason”: "to join her mother”,
"manner"”: "by train”,
"hedge": "according to some accounts”,
"claim”: "According to some accounts, Maya Angelou traveled by train to

California in 1940 to join her mother.”

Figure 20: Prompt for Extraction Infobox (1)



User Prompt for Claim Infobox Extraction

Claim:
{claim}

Figure 21: Prompt for Extraction Infobox (2)

System Prompt for Claim Alignment - w/o infobox

You are an expert cross-lingual claim relation annotator.
First decide Alignment, then decide Enrichment only when Alignment is "Aligned"”.

Alignment choices:
- Aligned

- Contradicted

- Not Relevant

Enrichment choices (only for aligned pairs):
- None
- A>B
- B > A
- A <>B

Label definitions:

- Not Relevant: Claim A and Claim B are about different factual aspects, even if
they refer to the same person/entity. A factual aspect can be a date, place,
occupation, relationship, event, award, work, role, quantity, or other
biographical fact.

- Contradicted: Claim A and Claim B are about the same factual aspect, but assert

mutually exclusive values or states, so they cannot both be true.

- Aligned: Claim A and Claim B are about the same factual aspect and can both be
true. This includes exact paraphrases, translation variants, precision
differences, and non-conflicting added detail.

- Enrichment None: Use when both claims contain the same set of atomic facts with

no additional details on either side.

- Enrichment A > B: Use when Claim A includes the factual content of Claim B and
adds one or more non-conflicting atomic facts, details, qualifiers, dates,
locations, quantities, roles, or context.

- Enrichment B > A: Use when Claim B includes the factual content of Claim A and
adds one or more non-conflicting atomic facts, details, qualifiers, dates,
locations, quantities, roles, or context.

- Enrichment A <> B: Use when Claim A and Claim B are aligned and non-
contradictory, but Claim A contains one or more non-conflicting atomic facts
missing from Claim B, and Claim B also contains one or more non-conflicting
atomic facts missing from Claim A.

Decision process:
1) Decide Alignment first.
2) If Alignment is not "Aligned”, Enrichment must be an empty string
3) If Alignment is "Aligned”, Enrichment must be one of: "None"”, "A > B", "B > A
moO"A <> B".
4) Mandatory bidirectional check before final output:
- Evaluate once with the original order (A, B), and once with swapped order (B
, A).
Final decision must be order-consistent: Alignment must stay the same after
swapping.
- For aligned pairs, Enrichment must invert after swapping ("A > B" <-> "B > A
"), remain "None"”, or remain "A <> B".
If the two directions disagree, re-check atomic facts and resolve the
inconsistency before output.

nn

Figure 22: Prompt for Alignment (1)



System Prompt for Claim Alignment - w/o infobox (Continued)

Boundary guidance:

- Missing information is not contradiction. Use "Contradicted” only when both
claims explicitly assert incompatible values for the same factual aspect.

- Sentence tense alone does not affect the label, unless the claims explicitly
assert incompatible temporal states or dates/periods.

- For the same named entities, minor surface-form, wording, paraphrase, or
transliteration differences do not change facts and should not be treated as
factual mismatch: capitalization, translation variants, punctuation, spacing,

aliases.

- Different name forms of the same entity do not count as enrichment, including
translations, transliterations, aliases, full names, middle names,
patronymics, original-language names, or parenthesized glosses.

Output format requirements:

- Output exactly one JSON object and nothing else.

- Use exactly these keys and values: {"Why": "...", "Alignment": "...", "
Enrichment”: "..."}

- "Why" must be a concise explanation string. It must first repeat Claim A and
Claim B in order (A first, then B), then include the Decision process:
identify the key factual aspect being compared, explain the Alignment
decision, and explain the Enrichment decision.

- "Alignment"” must be one of: "Aligned”, "Contradicted”, "Not Relevant”.

- "Enrichment” must be one of: "None"”, "A > B", "B > A", "A <> B", or ""
when not aligned).

- No markdown and no extra text outside the JSON object.

(only

Figure 23: Prompt for Alignment (2)

User Prompt for Claim Alignment - w/o infobox (Continued)

Classify the relation between Claim A and Claim B.

Direction reminder:

- A > B means Claim A contains Claim B's factual content plus extra non-
conflicting detail.

- B > A means Claim B contains Claim A's factual content plus extra non-
conflicting detail.

- A <> B means both claims are aligned and non-contradictory, but each claim
contains extra non-conflicting detail that the other claim does not contain.

Entity reference (for cross-lingual identity matching):

- Wikidata canonical name: {name}

- English Wikipedia title: {en_title}

- non-English-language Wikipedia title: {non-English_title}

- Use this only for identity matching, not as evidence of enrichment.

Claim A is the first claim below.
<claim_a>
{a_claim}
</claim_a>

Claim B is the second claim below.
<claim_b>
{b_claim}
</claim_b>

Figure 24: Prompt for Alignment (3)



System Prompt for Cross-Lingual Generation

You are an expert Wikipedia biography editor.

Your task is to improve an existing English biography using additional facts from
a non-English biography excerpt.

Follow these rules strictly:

- If there is a factual conflict between the current English biography and the
non-English-language excerpt, prefer the current English biography.

- Add only information that is explicitly supported by the non-English-language
excerpt.

- Do not use external knowledge or model prior knowledge.

- Only make necessary additions/edits relative to the current English biography.

- If a fact already exists in English and is consistent, keep it and do not
rewrite it unnecessarily.

- Preserve all factual information already present in the current English
biography by default.

- Do not remove or invalidate English-only facts based on the non-English-
language excerpt.

- Do not hallucinate, speculate, or invent citations.

- Use neutral encyclopedic English in Wikipedia biography style.

- Integrate new facts naturally at appropriate positions in the biography.

- Avoid duplicated facts or repetitive phrasing.

- Preserve the existing section structure by default.

- Only add a new section when it is necessary for coherent organization of newly
added information.

- Section headers must use the format: **SECTION_TITLE*x* followed by a newline.

- Return the full revised English biography text only (no JSON, no Markdown code
fence, no explanation).

Figure 25: System Prompt for Cross-Lingual Generation



User Prompt for Cross-Lingual Generation

Task:

Revise the current English biography by incorporating factual information from
the non-English-language excerpt that is missing from the current English
biography.

Metadata:

gqid: {{qid}}

original_language: {{original_language}}

non-English_language: {{non-English_language}}

english_wikipedia_name: {{english_wikipedia_name}}
original_language_wikipedia_name: {{original_language_wikipedia_name}}
wikidata_name: {{wikidata_name}}

nationality: {{nationality}}

occupations: {{occupations}}

Requirements:

- Treat the current English biography as the primary reference when conflicts
occur.

Integrate new facts from the non-English excerpt into the English biography
when missing.

Added or revised facts must be supported by the non-English excerpt.

Do not introduce facts from outside the provided non-English excerpt.

If a fact already exists in English and is consistent, do not rewrite it
unnecessarily.

Keep chronology and factual consistency.

Place newly added facts in contextually appropriate locations for fluent
biography writing.

Avoid repeated statements about the same fact.

Keep the original section layout whenever possible; add new sections only when
necessary.

Do not output notes, bullets, or explanations.

OQutput only the full revised English biography.

Current English biography:
<<<CURRENT_ENGLISH_BIO_START>>>
{{current_english_bio}}
<<<CURRENT_ENGLISH_BIO_END>>>

non-English biography excerpt:
<<<non-English_BIO_EXCERPT_START>>>
{{non-English_bio_excerpt}}
<<<non-English_BIO_EXCERPT_END>>>

Figure 26: User Prompt for Cross-Lingual Generation



Prompt for LLM-based Biography Translation

system_prompt: |
You are a professional translator for Wikipedia biographies.
Translate the source text into natural, faithful English.
Keep all facts, dates, names, numerals, and structure.
Do not omit any information.
Do not add explanations, notes, or comments.
Output only the translated English text.

user_prompt_template: |
Task: Translate the following biography chunk into English.

Metadata:

- original_language: {{original_language}}

- non-English_language: {{non-English_language}}

- english_wikipedia_name: {{english_wikipedia_name}}
- original_language_wikipedia_name: {{original_language_wikipedia_name}}
- wikidata_name: {{wikidata_namel}}

- nationality: {{nationality}}

- occupations: {{occupations}}

- qid: {{qid}}

- chunk_id: {{chunk_id}}

- chunk_index: {{chunk_index}}

- total_chunks_for_qid: {{total_chunks_for_qid}}

Requirements:

- Preserve all facts and details faithfully.

- Keep section markers like **SECTION_NAMExx if present.

- Keep list structure and paragraph boundaries when possible.
- Do not summarize and do not omit any content.

- Output only translated English text for this chunk.

Source text to translate:
<<<SOURCE_CHUNK_START >>>
{{source_chunk?}}
<<<SOURCE_CHUNK_END >>>

Figure 27: Prompt for LLM-based Biography Translation
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