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Abstract

Misinformation detection has predominantly
been studied in monolingual or language-
aligned settings, where claims and evidences
are assumed to be written in the same language.
However, this assumption does not reflect real-
world information ecosystems, in which misin-
formation frequently spans multiple languages
and verification requires cross-lingual reason-
ing over heterogeneous evidence sources. As
a result, cross-lingual claim-evidence reason-
ing remains largely unexplored and has not
been systematically studied, and existing meth-
ods are not explicitly designed to support such
scenarios. To address this gap, we introduce
a novel setting for multilingual misinforma-
tion detection with cross-lingual evidences and
propose GraDuLa, a graph-based dual-branch
language-agnostic modeling for misinforma-
tion detection. GraDuLa projects evidential in-
formation into a language-agnostic subspace,
disentangling semantic representations from
language-specific associations through dual-
branch graph modeling. For evaluation, we
construct and release a benchmark GraDuLaE-
val and compare our approach against strong
baseline methods. We further plan to release
the dual-branch graph representations as an ad-
ditional resource for future research.

1 Introduction

Current information ecosystems remain heavily bi-
ased toward resource-rich languages such as En-
glish (Yang et al., 2024)(Vykopal et al., 2025).
Modern information processing and search sys-
tems predominantly rely on high-resource lan-
guages for information consumption, which limits
their usability across many multilingual real-world
scenarios(Goworek et al., 2025). While misin-
formation detection is a well-established research
task and is increasingly seeing real-world deploy-
ment and productization, multilingual misinfor-
mation detection remains largely underexplored.

Most existing studies focus on monolingual set-
tings, where both the claim and the supporting evi-
dence are expressed in the same language(Thorne
et al., 2018)(Wang, 2017)(Gupta and Srikumar,
2021)(Augenstein et al., 2019). However, this
assumption rarely holds, as claims and evidence
may appear in different languages depending on
factors such as the geographic location of events,
media coverage, and the popularity of the events
or involved entities (Dementieva and Panchenko,
2021)(Huang et al., 2022). This cross-lingual
claim-evidence setting is largely unexplored and
poses a significant challenge for existing misinfor-
mation detection systems, which are not designed
to handle such scenarios.

Specifically, in our study, we observe that for
many popular large language models (LLMs),
veracity prediction performance drops by more
than 10% when moving from same-language to
cross-lingual claimevidence pairs (Table 5), con-
sistent with prior findings on multilingual retrieval
and cross-lingual reasoning degradation (Conneau
et al., 2020)(Park and Lee, 2025). We attribute this
drop in performance to language-specific clusters
created within parametric memory of LLMs due
to pre-training and post-training strategies, where
concepts expressed in different languages are not
uniformly aligned in the embedding space(Amiraz
et al., 2025). As a result, semantically equiva-
lent facts written in different languages may not
be treated as similar by the model. Further-
more, we observe that currently available mis-
information datasets do not provide sufficiently
large cross-lingual claimevidence pairs to system-
atically study this challenge(Nakov et al., 2021).

Motivated by these observations and research
gaps, this paper investigates cross-lingual claim-
based misinformation detection along three pri-
mary directions. First, we systematically ana-
lyze the challenges of cross-lingual claim verifica-
tion and demonstrate how language mismatch de-
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Claim : Moon is
cheese

Ev1: Moon is a natural
satellite composed of
rock and metal.
Ev2: NASA confirms
the Moon’s surface
consists of basalt and
regolith.

Final Verdict:
False

Why: Language
consistency

Monolingual claim
and simplifies

reasoning

LLM

Monolingual claim/
evidence setting

Moon → rocky satellite ≠
Cheese

Claim :  La Lune est
du fromage

Ev1: चंद्रमा एक
प्राकृ तिक उपग्रह है जो
चट्टानों और धातु ओं से बना
है।
Ev2: 月は岩石や金属
から構 成された自然
衛星です。

Final Verdict:
TRUE

Why: Multilingual
evidence lacks

semantic alignment

LLM

Cross lingual claim/
evidence setting

Lune???चट्टानों??
 玄武岩

Figure 1: Illustration of cross-lingual claimevidence
verification challenge. When claims and evidences ap-
pear in different languages, existing models often fail
to align semantically equivalent facts, leading to incor-
rect veracity predictions.

grades the performance of existing models. Sec-
ond, we propose a framework that mitigates
language-specific biases in LLM-derived repre-
sentations by learning language-agnostic repre-
sentations of factual information. The proposed
model, GraDuLa, constructs a multilingual evi-
dence graph and employs a dual-branch graph
neural network to disentangle semantic content
from language-specific signals. Third, we in-
troduce GraDuLaEval, a cross-lingual evidence-
based benchmark constructed from existing claim
verification datasets, enabling systematic evalu-
ation of models in controlled synthetic cross-
lingual stress settings.

The key contributions of this work are summa-
rized as follows: 1) We propose GraDuLa, a graph-
based framework that learns language-agnostic
representations of factual information from mul-
tilingual evidence, enabling cross-lingual claim
verification without relying on machine transla-
tion during inference or training and only during
benchmark construction. 2) We propose a novel
dual-branch graph modeling approach that lever-
ages contrastive and orthogonality losses to dis-
entangle semantic representations from language-
specific representations of underlying concepts.
3) We construct two large-scale cross-lingual,
evidence-based claim veracity prediction bench-

marks designed as controlled stress-test environ-
ments for evaluating language-robust reasoning
under uniform cross-lingual evidences availability,
on which GraDuLa consistently outperforms all
suitable baseline methods. 4) We perform exten-
sive ablation studies, error analyses, and insight-
ful qualitative experiments to analyze decision-
making behavior, validate the datasets, and high-
light key empirical observations.

2 Related Work

Misinformation Detection. Early fact-checking
benchmarks such as FEVER (Thorne et al., 2018)
and LIAR (Wang, 2017) focus primarily on mono-
lingual English settings (Mishra and Setty, 2019).
Later datasets including MultiFC (Augenstein
et al., 2019) and XFact (Gupta and Srikumar,
2021) extend fact-checking to multiple languages
but typically assume that claims and evidence are
written in the same language. In practice, mis-
information often requires cross-lingual verifica-
tion, where claims and evidence appear in differ-
ent languages (Goworek et al., 2025). Prior work
shows that cross-lingual evidence retrieved from
web can improve fake news detection, indicat-
ing relevant evidence frequently exists across lan-
guages (Dementieva and Panchenko, 2021; Huang
et al., 2022).

Graph-based Fact Verification. Graph neural
networks are widely used for misinformation de-
tection because they model relationships between
claims, evidence, and entities. Approaches such
as Kernel Graph Attention Network (KGAT) (Liu
et al., 2020) and evidence-aware graph models (Xu
et al., 2022) construct evidence graphs to capture
claimdocument interactions. Other methods lever-
age knowledge graphs or heterogeneous evidence
graphs to support multi-hop reasoning over factual
relations (Kim et al., 2023). However, most graph-
based fact-checking models assume monolingual
settings and do not explicitly address cross-lingual
reasoning.

Cross-lingual Misinformation Detection.
Prior work explores cross-lingual misinformation
detection using multilingual models and zero-
shot transfer, demonstrating that models trained
on high-resource languages can generalize to
others (Conneau et al., 2020; Dementieva and
Panchenko, 2021). Shared tasks such as CLEF
CheckThat! and studies on COVID-19 misin-
formation highlight the challenges of verifying
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claims across languages (Nakov et al., 2021;
Shahi et al., 2021). However, most approaches
rely on translated/monolingual evidence, whereas
our work focuses on settings where evidences
occur in different languages.

Language-Agnostic Representation Learn-
ing. Multilingual representation learning aims
to build shared cross-lingual embedding spaces
through unsupervised or weakly supervised objec-
tives (Conneau et al., 2020). However, sentence-
level encoders such as Sentence-BERT often re-
tain language-specific biases, causing embeddings
to cluster by language rather than semantic mean-
ing (Reimers and Gurevych, 2019; Yang et al.,
2024). Such biases also appear in large language
models and multilingual retrieval systems, degrad-
ing performance in cross-lingual queryevidence
scenarios (Vykopal et al., 2025; Goworek et al.,
2025).

3 Methodology

Given a claim c expressed in language ℓc and a set
of evidence documents E = {e1, . . . , em} writ-
ten in different languages {ℓ1, . . . , ℓm}, the task
of cross-lingual fact verification is to predict ve-
racity label y ∈ {Real, Fake} for the claim. The
model must perform reasoning across languages
where the claim and supporting evidences may not
share the same linguistic representation.

3.1 Multilingual Dataset Construction

In real-world fact-checking, claims and support-
ing evidence often appear in different languages.
To simulate this cross-lingual challenge, we cre-
ate GraDuLaEval, a dataset where claims and
evidence are intentionally distributed across lan-
guages. The benchmark assumes an ideal setting
where relevant evidence in all languages is equally
available online and the retriever has no language
bias, giving evidence from different languages an
equal chance of being retrieved and forming uni-
form cross-lingual claimevidence pairs.

3.1.1 Cross Lingual translation
Translation Setup: We translate all claims
and their supporting evidences using NLLB-200
model (Costa-Jussà et al., 2022). We select six
languages spanning diverse language families and
writing families: English, Hindi, Japanese, Ko-
rean, French, and German. Each claim is trans-
lated into a randomly selected target language.

The corresponding evidence is translated into a dif-
ferent randomly selected language with uniform
probability, ensuring systematic cross-lingual mis-
match.

Translation Quality Control. To reduce noise
from automatic translation, particularly for long
evidence documents, we apply a back-translation
consistency check. Each sentence is translated
into the target language and then back into English
using the same model, and we use ChrF(Popović,
2015)-based back-translation consistency as a
heuristic to identify severely degraded translations
rather than as a full measure of translation cor-
rectness. Because evidence sentences in Politi-
Fact(Popat et al., 2018) and Snopes(Vo and Lee,
2020) are often long, even correct translations can
receive relatively low ChrF scores. We therefore
avoid using a fixed global threshold. Instead, we
apply a language-wise, document-level percentile
filtering strategy, reverting only the bottom 25% of
sentences with the lowest ChrF scores within each
language back to english. While back-translation
uses the same model for scalability, we comple-
ment it with human validation to mitigate bias.

3.1.2 Structured Knowledge Extraction
To reduce context length and isolate factual signal,
we extract subjectrelationobject triplets, which
provide a compact representation of factual infor-
mation while removing irrelevant content. We
construct a structured representation from trans-
lated evidence by extracting (1) factual subjectre-
lationobject triplets and (2) concise sentences that
directly support or contradict the claim. Both are
extracted using the multilingual LLaMA-3.2 8B-
Instruct model (Dubey et al., 2024).

Triplet Extraction. Evidence documents are of-
ten long and entity-dense. We apply language-
specific few-shot prompts to extract meaningful
subjectrelationobject triplets that represent struc-
tured facts. Post-processing removes malformed
triplets, duplicates, and overly generic relations.

Sentence Extraction. While triplets capture
core factual relations, they may omit context and
supporting details. To preserve contextual evi-
dence, we extract 35 concise factual sentences
per document using a few-shot prompt. During
post-processing, sentences below a minimum to-
ken threshold are removed and near-duplicates are
filtered using embedding similarity.
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Figure 2: Overview of GraDuLa. Multilingual evidence is converted into a heterogeneous graph, encoded using a
dual-branch R-GCN to learn language-agnostic representations, and injected into an LLM for cross-lingual claim
verification.

Triplets capture structured facts, while sen-
tences capture contextual evidence. Combining
structured triplets with natural-language evidence
enables the model to reason over both relational
and contextual information.

3.2 Heterogeneous Graph Construction

For each claim, we construct a compact heteroge-
neous knowledge graph that integrates extracted
triplets and supporting sentences. Formally, the
graph is defined as G = (V,E,R), where V de-
notes nodes, E denotes edges, and R denotes re-
lation types. The node set consists of two types:
V = Ventity ∪Vsentence. Ventity contains entity nodes
derived from subjects and objects of extracted
triplets, while Vsentence contains nodes correspond-
ing to factual evidence sentences. We define two
edge types. Relation edges connect entity pairs
according to triplets (subject, relation, object).
Mention edges link an entity node to a sentence
node when the entity appears in that sentence,
forming edges of the form (entity, sentence).
Each node v ∈ V is initialized with a textual em-

bedding h
(0)
v = Encoder(textv), where encoder is

implemented using a SentenceTransformer model.

3.3 Dual-Branch Graph Encoder

Sentence-transformer embeddings retain language
biases and cannot fully capture relational struc-
tures like triplets, causing GNN message passing
to cluster nodes by language rather than mean-
ing. To address this, we introduce a dual-branch
relational graph encoder that separates semantic
content from language identity. Built on a Rela-
tional Graph Convolutional Network (R-GCN), it
leverages graph relations to mitigate language bias
while enriching semantic representations. The
semantic and language branches share the same
graph structure but use different input features.

The encoder has two parallel branches: (1) a se-
mantic branch capturing factual meaning and re-
lational information, and (2) a language branch
encoding each node’s language. Each node v
has two feature vectors. The semantic feature
is obtained by encoding node text with a multi-
lingual SentenceTransformer. The language fea-
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ture is obtained from fixed reference sentences of
the form sent_id/entity_id: “This is an
English sentence.”, translated into target lan-
guage as needed, then encoded using same trans-
former. These embeddings capture language iden-
tity rather than factual meaning, allowing seman-
tic branch to focus on facts and language branch
to model language identity explicitly.

The dual-branch R-GCN is trained with three
self-supervised losses.

3.3.1 Graph Reconstruction Loss (Edge
Prediction)

Graph Reconstruction Loss (BCE) To ensure
that semantic embeddings preserve the relational
structure of the graph, we train the model to dis-
tinguish true graph edges from randomly sampled
non-edges. For each real edge (u, v) in the graph,
we compute a positive score using the dot product
of semantic node embeddings, and negative scores
by pairing u with randomly selected unconnected
nodes n:

s+uv = ⟨zsem
u , zsem

v ⟩, s−un = ⟨zsem
u , zsem

n ⟩ (1)

Here, zsem
u and zsem

v denote the semantic embed-
dings of nodes u and v, respectively. The dot prod-
uct ⟨·, ·⟩ measures the similarity between two node
embeddings. Binary cross-entropy is applied to all
scores:

Lrecon = BCE(s+, 1) + BCE(s−, 0) (2)

3.3.2 Cross-Lingual Contrastive Loss
(InfoNCE)

The graph reconstruction loss helps the model
learn which nodes are connected, but it does not
ensure that similar fact written in different lan-
guages is represented similarly. As a result, node
embeddings may still group by language instead
of by meaning. To address this, we apply a cross-
lingual contrastive loss where for each node i,
we identify its positive example as the node j
from a different language with the highest seman-
tic similarity within the claim-specific evidence
graph. This selection is based on semantic similar-
ity rather than direct translation alignment. Nega-
tive examples are sampled from semantically un-
related nodes belonging to different evidence doc-
uments and languages. The contrastive loss is de-
fined as:

Lcontrast = − log
exp(sim(zsem

i , zsem
j ))∑

n∈neg exp(sim(zsem
i , zsem

n ))
(3)

Here, sim(·) denotes cosine similarity. This objec-
tive encourages nodes with the similar meaning to
be close to each other, even when written in differ-
ent languages, and prevent the embeddings from
forming language-specific clusters.

3.3.3 Semantic-Language Orthogonality Loss
The language branch explicitly encodes the lan-
guage of each node. However, semantic em-
beddings inherited from multilingual encoders of-
ten contain residual language-specific information,
leading to overlap between semantic and language
representations. To mitigate this bias, we encour-
age the two representations to be orthogonal by:

Lortho =
∥∥ẑsem · ẑlang∥∥

2
(4)

Here, ẑsem and ẑlang are the normalized semantic
and language embeddings, respectively. This loss
forces the semantic branch to focus on factual con-
tent while relegating language identity to the lan-
guage branch, leading to cleaner disentanglement.

3.3.4 Final Objective
The full training objective is a weighted combina-
tion of the three losses:

L = αLrecon + (1− α)Lcontrast + λorthoLortho (5)

After training is finished, only the semantic branch
is retained after training which represents lan-
guage agnostic node embedding. We analyze
GraDuLa’s sensitivity to the loss weights α and
λ in Table 13 and use best-performing setting for
all experiments.

3.4 Aligning graph and LLM representation
The representations learned by the graph encoder
zgraph and LLM token embeddings zLLM exist in
different embedding spaces and cannot be used
together directly. To make them compatible, we
train a small projection network fθ which is imple-
mented as a two-layer MLP with GELU activation
that maps graph embeddings into the LLM embed-
ding space.

For each node i:

z
proj
i = fθ(z

graph
i ), zLLM

i = LLM(xi) (6)

The alignment is learned using a cosine embed-
ding loss:

Lproj = 1− z
proj
i · zLLM

i (7)

After training, this produces LLM-compatible,
language-agnostic graph embeddings that can be
directly injected into the model.
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3.5 Graph-Augmented LLM Training

We enhance the LLM by injecting structured graph
embeddings directly into its input space, rather
than converting graph information back into text.
Unlike textual serialization, embedding-level in-
jection preserves relational structure and remains
language-agnostic, enabling more robust reason-
ing.

Claim-Specific Subgraph Selection For each
claim, we compute R-GCN embeddings for all
graph nodes, project them into LLM space, and se-
lect the most relevant top-k triplet nodes and top-n
sentence nodes based on similarity with claim em-
bedding.

Direct Graph Embedding Injection Instead of
converting graph triplets into text, we directly
inject the projected graph embeddings into the
LLMs input layer as prefix embeddings before
the claim tokens. This allows the model to use
structured factual information without rewriting
it in different languages or surface forms. We
treat sentences and triplets differently because they
serve different roles. Sentences provide contex-
tual explanations and are naturally suited to text-
based processing, while triplets encode compact
factual relations. Converting triplets back into text
can distort their structure and introduce language-
specific noise, whereas embedding-level injection
preserves their meaning in a concise, language-
agnostic form. By combining text-based sentences
with embedding-level triplets, the LLM can reason
over both context and structured facts, leading to
more robust cross-lingual verification.

Prompt and Final Prediction The final input
consists of projected triplet embeddings, relevant
evidence sentences, and the claim. Combining
structured and textual evidence in a shared embed-
ding space enables effective cross-lingual fact ver-
ification.

4 Experimental Setup

4.1 Datasets

We evaluate our approach on GraDuLaEval, a
cross-lingual, evidence-based misinformation de-
tection benchmark introduced in this work and
constructed from PolitiFact (Popat et al., 2018)
and Snopes (Vo and Lee, 2020). Each dataset con-
tains claims paired with supporting evidence doc-
uments and annotated with veracity labels. Politi-

Fact originally provides six graded veracity labels
(true, mostly true, half true, mostly false, false,
and pants-on-fire). Following common practice
in prior misinformation detection studies (Popat
et al., 2018; Wang, 2017; Vo and Lee, 2021; Singh
and Mishra, 2026), we convert these labels into bi-
nary classes by merging the first three into real
and the latter three into fake. This binarization
simplifies the prediction task and ensures consis-
tency with widely used evaluation settings in the
literature. Snopes consists of fact-checked claims
collected from the official Snopes fact-checking
portal and already provides binary veracity labels.
To create a controlled cross-lingual verification
benchmark, we translate claims and evidence into
six languages and extract structured knowledge
from the translated evidence using LLaMA-3.2
8B.

4.2 Baselines
We compare GraDuLa against a diverse set of base-
lines representing current approaches to multilin-
gual and cross-lingual misinformation detection.

Misinformation detection models We include
GET (Xu et al., 2022) and MUSER (Liao et al.,
2023), two evidence-aware graph-based methods
designed for claim verification using multiple sup-
porting documents. GET and MUSER were origi-
nally developed for evidence-aware claim verifica-
tion rather than multilingual or cross-lingual verifi-
cation. We include them as architectural baselines
to evaluate whether existing graph-based evidence
reasoning approaches can generalize to the cross-
lingual claimevidence setting.

RAG-based LLM baselines We evaluate
retrieval-augmented generation (RAG) using
LLaMA and Gemma, where retrieved evidence
sentences are appended to the input as textual
context. We consider both full-evidence and top-k
evidence variants.

Translation-based baseline: We additionally
evaluate a translate-to-English pipeline, where
multilingual evidence is first translated back into
English before being processed by the LLaMA-
based RAG system.

Cross-lingual retrieval baselines We com-
pare against LLaMA2Vec (Li et al., 2024),
which adapts LLM representations for dense re-
trieval, and DKM-RAG (Park and Lee, 2025), a
translation-based approach that translates cross-
lingual evidence into the query language before re-
trieval and verification.
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5 Results and discussion

5.1 Comparison with Diverse State-of-the-art
Baselines

Table 1 compares GraDuLa with representative
baselines across two datasets. GraDuLa consis-
tently achieves the best overall performance in
terms of accuracy and macro-F1 on both Poli-
tiFact and Snopes. In particular, GraDuLa im-
proves macro-recall compared to strong RAG-
based baselines, which is especially important for
class-imbalanced datasets such as Snopes. This
suggests that the model is better able to recover
true instances while maintaining balanced predic-
tions across classes. Compared with text-only
LLM baselines such as RAG with LLaMA and
Gemma, GraDuLa achieves improvements of up
to several F1 points across both datasets. These
gains indicate that explicitly modeling structured
evidence relationships through the graph encoder
provides complementary reasoning signals beyond
text-only retrieval. GraDuLa performs consis-
tently well with both LLaMA and Gemma back-
bones. This suggests that observed gains primar-
ily stem from the proposed graph-based language-
agnostic representation learning rather than from
the choice of underlying language model.

5.2 Ablation study

Role of contrastive and orthogonal loss: Remov-
ing either contrastive or orthogonality loss de-
grades performance, indicating that both cross-
lingual semantic alignment and explicit separation
of language and semantic information are essen-
tial for learning language-agnostic graph represen-
tations.

Embedding-level vs. text-level graph injection:
Replacing embedding-level graph injection with
textual subgraphs results in weaker performance,
suggesting direct embedding injection better pre-
serves relational structure than text serialization.

Impact of graph reasoning: Removing the R-
GCN leads to a notable performance drop, high-
lighting the importance of explicit graph reasoning
and language-agnostic evidence representation.

Contribution of sentence-level nodes: Exclud-
ing sentence nodes causes the largest performance
drop, showing that sentence-level evidence is cru-
cial for grounding claims beyond entity-level sig-
nals in cross-lingual settings.

Table 2: Ablation study on GraDuLaEval (PolitiFact)

GraDuLaEval (Politifact)
Variant Acc MacroP MacroR MacroF1

GraDuLa 0.7143 0.7208 0.7050 0.7051
GraDuLa w/o Contrastive Loss 0.6828 0.6659 0.7010 0.6607
GraDuLa w/o Orthogonal Loss 0.7003 0.7060 0.7052 0.7002
GraDuLa w/o Embed Injection 0.6751 0.6793 0.6792 0.6751
GraDuLa with Textual Subgraph 0.7003 0.7061 0.6907 0.6903
GraDuLa w/o R-GCN 0.6807 0.6866 0.6857 0.6806
GraDuLa w/o Sentence node 0.6246 0.6357 0.6080 0.5960

5.3 Cross lingual retriever performance

We evaluate the quality of learned graph repre-
sentations via cross-lingual node retrieval. For
each claim, we retrieve the top-K nodes based
on cosine similarity between the claim embed-
ding and projected R-GCN node embeddings. Re-
trieval is considered successful when retrieved
nodes belong to languages different from the claim
language, indicating language-agnostic semantic
alignment. Table 3 reports the impact of different
training objectives on retrieval performance.

Table 3: Retrieval performance comparison across dif-
ferent model configurations.

Model R@5 R@10

No Loss 0.7284 0.8083
Contrastive Learning Only 0.7571 0.8109
Contrastive + Orthogonality 0.7766 0.8297

Adding contrastive learning substantially im-
proves Recall@5 and Recall@10, demonstrating
better cross-lingual semantic alignment. Incorpo-
rating the orthogonality loss further boosts per-
formance, confirming that explicitly disentangling
language and semantic information yields more
discriminative embeddings.

5.4 Visualization of Cross-Lingual Graph
representation

Figure 3(a) shows node embeddings produced
using only a SentenceTransformer, without any
graph modeling. In this case, nodes from the
same language form clear clusters. This means
the embeddings are grouped mainly by language,
even when they describe the same fact. Fig-
ure 3(b) shows embeddings learned by GraDuLa
using the dual-branch R-GCN. Here, nodes from
different languages are mixed together instead of
forming separate language clusters. This indicates
that GraDuLa focuses on meaning rather than lan-
guage, producing more language-agnostic repre-
sentations.
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Table 1: Performance comparison between GraDuLa and representative baselines. Improvements over DKM-RAG
are statistically significant according to a two-tailed Student’s t-test (p < 0.05).

Model GraDuLaEval(Politifact) GraDuLaEval(Snopes)

Accuracy MacroP MacroR MacroF1 Accuracy MacroP MacroR MacroF1

GET 0.4958 0.6137 0.5287 0.4026 0.7172 0.6343 0.5844 0.5874
MUSER model 0.5126 0.5865 0.5405 0.5126 0.7379 0.6731 0.6443 0.6532
LLaMA RAG(all evidence) 0.6611 0.6960 0.6419 0.6269 0.7977 0.8398 0.6599 0.6811
Gemma RAG(all evidence) 0.6078 0.6123 0.6120 0.6078 0.8092 0.8501 0.6799 0.7057
LLaMA RAG (top-10) 0.6695 0.6924 0.6804 0.6666 0.7816 0.7382 0.6940 0.7084
Llama2vec 0.6695 0.6869 0.6544 0.6476 0.7724 0.7215 0.7138 0.7173
Translate-to-English(LLama) 0.6919 0.7072 0.6786 0.6752 0.7227 0.7211 0.7205 0.7207
DKM-RAG 0.6471 0.6950 0.6250 0.6013 0.7816 0.7412 0.6868 0.7028

GraDuLa (LLama) 0.7143 0.7208 0.7050 0.7051 0.8460 0.8302 0.7774 0.7968
GraDuLa (Gemma) 0.7087 0.7445 0.6921 0.6855 0.8276 0.8019 0.7573 0.7739
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Figure 3: PCA visualization of node embeddings
across languages.

5.5 Human and LLM Evaluation of
ChrF-Based Translation Filtering

To check whether our ChrF-based filtering reflects
translation quality, we compare ChrF scores with
judgments from both humans and an independent
LLM. We randomly select 200 translated evidence
sentences and divide them into three groups based
on their ChrF scores: 025, 2550, and 50100. Ta-
ble 4 shows the average quality scores assigned by
humans and the LLM. Sentences with low ChrF
scores (025) receive poor ratings, indicating their
meanings are often incorrect. In contrast, sen-
tences with medium and high ChrF scores (2550
and 50100) are judged to preserve the original

Table 4: Alignment between ChrF score ranges and se-
mantic adequacy as judged by humans and LLM.

ChrF Range Human Score LLM Score

0-25 0.52 0.74
25-50 1.31 1.36
50-100 1.63 1.78

meaning well. The close agreement between hu-
man and LLM evaluations suggests ChrF is reli-
able signal for identifying low-quality translations
and supports its use for filtering translated evi-
dence.

5.6 Effect of Translation and Graph-based
Reasoning

Large language models perform notably worse on
long, multilingual evidence than on monolingual
English inputs, where translation noise and lan-
guage switching hinder reasoning. To analyze this
effect, we compare three settings: (i) English-only
evidence, (ii) translated cross-lingual evidence di-
rectly provided to the LLM, and (iii) GraDuLa,
which injects language-disentangled graph repre-
sentations into the LLM.

Table 5: Comparison of performance between the origi-
nal English-only data, translated cross-lingual evidence
and GraDuLa.

PolitiFact

Setting Acc. Prec. Rec. F1

LLama 8B(English-only) 0.7283 0.7343 0.7197 0.7204
LLama 8B(Cross-lingual) 0.6611 0.6960 0.6419 0.6269
GraDuLa(Cross-lingual) 0.7143 0.7208 0.7050 0.7051

Snopes

Setting Acc. Prec. Rec. F1

LLama 8B(English-only) 0.9034 0.8834 0.8797 0.8816
LLama 8B(Cross-lingual) 0.7977 0.8398 0.6599 0.6811
GraDuLa(Cross-lingual) 0.8460 0.8302 0.7774 0.7968
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As shown in Table 5, direct use of translated
cross-lingual evidence leads to a substantial per-
formance drop, particularly in recall. In contrast,
GraDuLa recovers much of this degradation, im-
proving F1 by 7.8 and 11.6 points on PolitiFact
and Snopes, respectively, demonstrating the ben-
efit of structured, language-disentangled represen-
tations for cross-lingual reasoning.

5.7 Zero-shot Out-of-Language Evaluation

To evaluate the cross-lingual generalization of
GraDuLa beyond the languages observed during
training, we conduct a zero-shot out-of-language
evaluation. Both GraDuLa and the LLaMA base-
line are trained under identical settings using only
the training languages, with the same data splits,
supervision signals, and fine-tuning configuration.
For the LLaMA baseline, all available evidence
documents are directly provided to the model dur-
ing both training and inference. We evaluate the
models on three unseen languages: Spanish, Gu-
jarati, and Chinese without additional fine-tuning
or translation-time adaptation.

Model Language Acc Prec. Recall Macro-F1

LLaMA

Spanish 0.6190 0.6444 0.6339 0.6156
Gujarati 0.6744 0.7190 0.7044 0.6728
Chinese 0.5870 0.5870 0.5885 0.5852
Avg 0.6534 0.6738 0.6655 0.6516

GraDuLa

Spanish 0.6667 0.6635 0.6590 0.6597
Gujarati 0.7209 0.7133 0.7133 0.7133
Chinese 0.7174 0.7331 0.6923 0.6929
Avg 0.7092 0.7115 0.6990 0.6999

Table 6: Zero-shot out-of-language performance on un-
seen languages. Models are trained without exposure
to Spanish, Gujarati, or Chinese.

As shown in Table 6, GraDuLa consistently
outperforms the LLaMA baseline across all three
languages. The largest improvement is observed
for Chinese, where GraDuLa achieves a Macro-
F1 score of 0.6929 compared with 0.5852 for
LLaMA. GraDuLa also improves performance on
Spanish and Gujarati, achieving Macro-F1 scores
of 0.6597 and 0.7133, respectively. On average,
GraDuLa achieves an accuracy of 0.7092 and a
Macro-F1 score of 0.6999, compared with 0.6534
accuracy and 0.6516 Macro-F1 for the LLaMA
baseline. This setting indicates that the learned
representations can transfer factual reasoning ca-
pabilities to previously unseen linguistic contexts.

5.8 Language-wise Evaluation Metrics

Table 7 presents the performance of GraDuLa bro-
ken down by the language of the claim. Overall,
the results show relatively consistent performance
across the six evaluated languages, with F1 scores
ranging from 0.6619 to 0.7939. German achieves
the strongest performance, while French and Ko-
rean show comparatively lower F1 scores.

Table 7: Table 7 reports performance broken down by
the language of the claim.

Language Acc Precision Recall F1

German (de) 0.8000 0.7976 0.7917 0.7939
English (en) 0.7290 0.7348 0.7244 0.7243
French (fr) 0.6792 0.6762 0.6609 0.6619
Hindi (hi) 0.6852 0.6865 0.6827 0.6825
Japanese (ja) 0.7347 0.7680 0.7024 0.7030
Korean (ko) 0.6780 0.6955 0.6753 0.6684

Overall 0.7143 0.7208 0.7050 0.7051

Importantly, the model maintains competi-
tive performance across languages with different
scripts and linguistic characteristics. In particu-
lar, the results for Hindi, Japanese, and Korean
demonstrate that the framework can effectively
process non-Latin scripts, with performance re-
maining broadly comparable to that observed for
English and the European languages. This consis-
tency suggests that the learned multilingual repre-
sentations are not strongly dependent on a single
language or script. Overall, these results support
the effectiveness of GraDuLa for cross-lingual fact
verification across diverse linguistic settings.

6 Conclusions

Multilingual misinformation detection using cross-
lingual claimevidence pairs poses significant chal-
lenges for existing baseline methods. We in-
troduced GraDuLa, a novel dual-branch graph
modeling framework that employs contrastive
and orthogonality losses to effectively disentangle
language-invariant semantic representations from
language-specific features. In addition, we con-
structed two large-scale cross-lingual, evidence-
based claim veracity prediction datasets to sup-
port comprehensive evaluation. Experimental re-
sults demonstrate that GraDuLa consistently out-
performs all suitable baseline approaches across
both datasets, highlighting its effectiveness and
robustness for multilingual misinformation detec-
tion.
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7 Limitations

While GraDuLa demonstrates strong performance
for cross-lingual misinformation detection, it has
few limitations. Evaluation is restricted to a lim-
ited set of languages selected to cover diverse
scripts and language families; extending the frame-
work to a broader range of low-resource and ty-
pologically distant languages remains future work.
Experiments are conducted on general-domain
datasets (PolitiFact and Snopes). More special-
ized domains such as scientific, environmental,
or medical misinformation introduce substantial
cross-lingual jargon variation, which may require
domain-adapted extraction and alignment strate-
gies. Due to computational resource constraints,
we evaluate GraDuLa using mid-sized LLM back-
bones and do not explore larger models (e.g.,
LLaMA-70B), which may further improve per-
formance. Our benchmark relies on automatic
translation, which may not fully capture language-
specific nuances or cultural grounding.
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A Appendix

A.1 Dataset Creation and Stats
In this section, we describe the dataset diagram
creation flow and dataset statistics for Politifact
and Snopes along with per-claim statistics.

Translation
model

Back-translate output
Pass evidence only

 ChRF >
Threshold

Output:
Claim: "चाँद पनीर है"

Evidence1: "エヌエーエスエ
ーは報告しています… "

Evidence2:"Elon Musk a
déclaré…"

Input:
Claim: "The moon is

cheese"
Evidence1: "NASA

reports ... "
Evidence2:"Elon musk

said..."

Evidence2:"Elon
Musk a déclaré…"

Yes
Keep

Translated
version

Evidence1:"NASA
reports ..."

Final Output:
Claim: "चाँद पनीर है"

Evidence1: "NASA reports
... "

Evidence2:"Elon Musk a
déclaré…"

Translated Output:
Claim: "चाँद पनीर है"

Evidence1: "NASA reports
... "

Evidence2:"Elon Musk a
déclaré…" LLM for

structured
knowledge 

Final Output:
Claim: "चाँद पनीर है"

Triplet1: (NASA, reports,
information)

Triplet2:(Elon Musk, fait ,une
déclaration

No
Revert back
to English

Figure 4: Overview of the translation quality filter-
ing and structured knowledge extraction process. Ev-
idence sentences are back-translated and evaluated us-
ing a ChrF-based check; low-quality translations are re-
verted, while high-quality ones are retained. The result-
ing multilingual inputs are then used to extract struc-
tured factual representations for downstream verifica-
tion.

Table 8: Dataset statistics for Politifact and Snopes

Dataset Train Validation Test

Real Fake Real Fake Real Fake

Politifact 1074 939 136 114 134 118
Snopes 2343 888 269 131 293 107

Table 9: Per-claim statistics for Politifact and Snopes

Dataset Docs / Claim Triplets / Claim Sents / Claim

Politifact 8.34 56.23 29.67
Snopes 6.73 49.99 24.90
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A.2 Training Configuration and Evaluation

We first pretrain a dual-branch relational
graph convolutional network (RGCN) to ob-
tain language-agnostic graph representations.
All nodes are initialized using paraphrase-
multilingual-mpnet-base-v2 (768-d)(Reimers and
Gurevych, 2019). RGCN has 2 layers, hidden size
256 and basis decomposition for up to 256 relation
types. We train the RGCN for 3 epochs using the
Adam optimizer with a learning rate of 4 × 10−4,
batch-free graph updates, gradient clipping at
1.0, and a temperature of 0.07 for contrastive
learning. The projection network is a two-layer
multilayer perceptron (MLP) with dimensions
768 → 1024 → dLLM, where dLLM denotes the
hidden size of the target large language model.
The network uses GELU activation, dropout, and
layer normalization. Training is performed using
cosine embedding loss with positive pairs only,
optimized with Adam (learning rate 5 × 10−3,
weight decay 10−4), a batch size of 64, and
for 20 epochs. For each claim, we extract a
relevance-filtered subgraph (up to 20 nodes) using
cosine similarity between claim and projected
rgcn embedding in LLM space. Projected graph
embeddings are prepended as a soft prefix to the
token embeddings, with appropriate attention
masking. We fine-tuned LLMs using QLoRA
with 4-bit NF4 quantization.

A.3 Translation data analysis

Here, we summarize translation quality statistics
across datasets and languages. Table 10 reports the
distribution of ChrF scores before filtering, show-
ing consistent average scores across languages and
splits.

A.4 Stability and Statistical Significance
Analysis

To assess the robustness of our results, we eval-
uate GraDuLa across five independent random
seeds and report the mean and standard deviation.
On PolitiFact, GraDuLa achieves an accuracy of
71.43±0.26, while on Snopes it achieves 84.60±
0.51. The corresponding coefficients of variation
are 0.36% and 0.60%, respectively, indicating low
run-to-run variability and consistent performance
across random initializations. The approximate
95% confidence intervals are 71.43±0.32 for Poli-
tiFact and 84.60±0.63 for Snopes. Furthermore, a
two-tailed Student’s t-test shows that the improve-

ments over the strongest baseline, DKM-RAG, are
statistically significant (p < 0.01).

A.5 Cross-lingual degradation on Gemma

We also evaluated cross-lingual degradation on
Gemma for Politifact Dataset and observed consis-
tent trends across both LLaMA and Gemma back-
bones. Below is the Gemma table:

Table 11: Comparison of performance between the
original English-only data, translated cross-lingual evi-
dence and GraDuLa.

PolitiFact

Setting Acc. Prec. Rec. F1

Gemma 8B(English-only) 0.6975 0.6965 0.6974 0.6966
Gemma 8B(Cross-lingual) 0.6078 0.6123 0.6120 0.6078
GraDuLa(Cross-lingual) 0.7087 0.7445 0.6921 0.6855

A.6 Human Evaluation of Triplet Relevance

We conduct a post-hoc human evaluation to as-
sess the relevance of triplets selected from claim-
specific subgraphs, independent of model pre-
dictions. We randomly sample 50 claims from
GraDuLaEval (PolitiFact) and present annotators
with the top-k triplets (k = 10) selected for
each claim. As a baseline, we use a sentence-
transformer-based method that ranks triplets solely
by embedding similarity to the claim.

Three graduate-level annotators with prior ex-
perience in NLP and misinformation analysis rate
each triplet based on its usefulness for verifying
the claim, considering whether it supports, contra-
dicts, or provides essential factual context. Rel-
evance is scored on a 1–10 numerical scale, with
scores averaged across triplets and claims. Annota-
tors are provided no ground-truth triplet labels and
make judgments solely from the claim and triplet
content.

Table 12: Human evaluation of triplet relevance on
GraDuLaEval (PolitiFact). Scores indicate the average
relevance over the top-10 selected triplets per claim.

Method Avg. Relevance Score

SentenceTransformer Selection 4.2
GraDuLa Subgraph Selection 7.3

GraDuLa achieves a substantially higher rele-
vance score (7.3 vs. 4.2), indicating that graph-
based, language-agnostic subgraph selection more
effectively prioritizes factually meaningful rela-
tions for claim verification.
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Table 10: Evidence Translation Quality Statistics for PolitiFact and Snopes. For each dataset split and language,
we report the total number of evidence sentences, the number rejected by ChrF-based filtering, and the minimum,
average, and maximum ChrF scores computed via back-translation.

PolitiFact Snopes

Split Lang Total Rej. Min Avg Max Total Rej. Min Avg Max

Train Hindi 4480 820 0.22 51.79 92.4 4544 770 1.00 52.98 97.1
Japanese 4415 839 0.26 27.84 72.8 4398 780 0.36 30.27 89.7
Korean 4444 739 0.00 28.86 76.8 4519 785 1.47 29.80 86.0
French 4400 290 2.73 59.46 100.0 4481 261 2.28 60.53 100.0
German 4437 504 1.05 54.76 100.0 4444 349 1.10 58.12 95.1

Val Hindi 561 92 0.21 52.39 96.9 592 99 5.11 52.85 79.7
Japanese 547 97 2.07 28.16 71.6 601 115 3.54 29.36 77.9
Korean 576 98 1.09 29.10 76.4 571 90 2.44 30.49 71.2
French 570 33 5.49 59.87 92.3 590 28 3.17 59.96 96.0
German 571 58 3.57 55.68 94.9 551 35 1.89 58.72 92.8

Test Hindi 505 90 2.19 51.91 90.0 518 78 1.78 52.91 83.5
Japanese 514 102 0.36 27.74 65.9 553 114 4.11 29.82 72.3
Korean 520 93 0.90 28.73 68.0 554 89 1.50 29.32 81.8
French 524 30 0.87 60.03 92.0 563 32 7.31 61.85 94.5
German 506 57 2.17 54.86 92.3 533 42 1.40 57.96 90.0

A.7 Hyperparameter tuning

Table 13: Ablation study on PolitiFact showing the ef-
fect of varying the loss weights α and λ. α controls the
balance between graph reconstruction and contrastive
alignment, while λ controls the strength of the orthog-
onality loss.

Setting Acc Prec. Rec. Macro-F1

Varying α (with fixed λ)

α = 0.0 0.6611 0.6745 0.6465 0.6402
α = 0.2 0.6639 0.7138 0.6428 0.6234
α = 0.4 0.6975 0.7231 0.6821 0.6765
α = 0.6 0.7143 0.7208 0.7050 0.7051
α = 0.8 0.6751 0.6937 0.6600 0.6535
α = 1.0 0.6828 0.6659 0.7010 0.6607

Varying λ (with fixed α)

λ = 0.0 0.7003 0.7060 0.7052 0.7002
λ = 0.2 0.7031 0.7060 0.7065 0.7031
λ = 0.4 0.7003 0.7043 0.7043 0.7003
λ = 0.6 0.6919 0.6971 0.6965 0.6919
λ = 0.8 0.7143 0.7208 0.7050 0.7051
λ = 1.0 0.7003 0.7061 0.6907 0.6903

Table 13 analyzes the sensitivity of GraDuLa to
the loss weights α and λ on PolitiFact. When vary-
ing α, performance improves as contrastive align-
ment is gradually introduced, peaking at α = 0.6,
which balances graph reconstruction and cross-
lingual semantic alignment. Very small or large
α values degrade performance, indicating that re-

lying exclusively on either reconstruction or con-
trastive learning is suboptimal. Similarly, vary-
ing λ shows that moderate orthogonality regular-
ization is beneficial, with best results obtained at
λ = 0.8. Lower values insufficiently disentan-
gle language and semantic representations, while
overly strong regularization degrades performance.
Based on these results, we use α = 0.6 and
λ = 0.8 for all experiments.

A.8 Prompt Used for Knowledge Graph
Triplet Extraction

To extract high-quality factual triplets from text,
we employ the following prompt. The prompt in-
structs the model to extract structured factual re-
lationships in the form of subject–relation–object
triplets while enforcing strict constraints on entity
specificity and factual validity.

You are an expert knowledge graph ex-
traction system. Your task is to extract
high-quality factual triplets. Strict
Rules:

1. Extract only factual relationships
from the text.

2. Each triplet must follow the format:
(Subject, Relation, Object).

3. Subject and Object must be specific
named entities (e.g., people, organi-
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zations, places, dates, numbers, or
events).

4. Relations must represent meaning-
ful actions or relationships (e.g., an-
nounced, located in, occurred on,
manufactured by).

5. Preserve the exact language used in
the input text.

6. Extract a minimum of 5–10 triplets
(more if the text is information-
rich).

7. Do not use generic subjects or
objects (e.g., “this”, “that”, “it”,
“something”).

8. Every triplet must contain concrete,
verifiable information.

Few-shot examples: {few_shot} Ex-
traction target text:

{text}

Output format: One triplet per line,
listed under the heading TRIPLETS.

A.9 Error Analysis

GraDuLaEval involves multiple stages, and errors
introduced during multilingual processing, knowl-
edge extraction, graph construction, and evidence
selection can propagate to the final verification de-
cision.

The analysis shows that translation may distort
contextual meaning, while triplet extraction can
omit attribution, negation, or quantitative informa-
tion. In addition, incomplete cross-lingual entity
alignment can fragment related evidence, and sen-
tence extraction may omit important contextual de-
tails.

At the verification stage, semantically related
evidence may be incorrectly treated as factual sup-
port. The examples show that the model can con-
fuse attributed statements with factual knowledge
or rely on topically relevant evidence that does not
directly establish the claim. These results high-
light the need for improved modeling of attribu-
tion, context, and claim-specific evidence suffi-
ciency.

A.10 Ethical Considerations

This work focuses on improving multilingual mis-
information detection and does not involve human

subjects, personal user interactions, or the col-
lection of private data. All source datasets used
in this study (PolitiFact and Snopes) are publicly
available and have been widely used in prior re-
search. The constructed benchmark, GraDuLaE-
val, contains no personally identifiable informa-
tion beyond what is already present in these public
sources and does not introduce or disclose any new
personal, sensitive, or private information.

Our dataset construction process relies on au-
tomatic translation and structured information ex-
traction, and no new sensitive content is generated
beyond the original datasets. Large language mod-
els are used strictly for offline preprocessing tasks
such as translation and knowledge extraction, and
not for generating novel misinformation or decep-
tive content. Any synthetic content produced dur-
ing preprocessing is not released independently
and is only used to support model training and
evaluation.

While our approach aims to improve factual ver-
ification across languages, including low-resource
settings, automated misinformation detection sys-
tems may still produce incorrect predictions. We
emphasize that such systems should be used as
decision-support tools rather than as replacements
for human judgment, particularly in high-stakes
domains. Finally, we acknowledge that pretrained
models and translation systems may reflect so-
cietal or linguistic biases present in their train-
ing data. Although our language-agnostic design
seeks to reduce language-based bias, it does not
eliminate all forms of bias, and future work should
include broader bias analysis and human-in-the-
loop validation.

A.11 Graph visualization
Figure 5 shows examples of claim-specific hetero-
geneous graphs, where entities are linked through
sentence-level evidence nodes.

A.12 Reference Sentence Initialization for
the Language Branch

To explicitly encode language information while
keeping it separate from semantic content, we ini-
tialize the language branch using fixed reference
sentences. For each node in the graph (sentence
or entity), we assign a language-specific reference
text of the form sent_id/entity_id: “This is
an English sentence.”, where the identifier
is unique for each node. The same template sen-
tence is translated into the corresponding target
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Table 14: Representative examples and observations of errors across different stages of the pipeline.

Error Category Representative Examples Observation
Translation er-
rors

Example 1 (EN→HI): “Barack Obama
wants to unilaterally disarm America” →
“बराक ओबामा एकतरफा िनरस्त्रीकरण चाहते हैं राष्ट्र
chain email का कहना है”.
Example 2 (EN→JA): “employer, you
have the choice to decide not to choose
Sebelius” → 「選択する選択はできます
セベリアスを選択しない」

The first example leaves the phrase “chain
email” untranslated and produces an unnat-
ural sentence, resulting in the loss of con-
textual information. The second omits the
subject “employer” and fails to preserve the
negation in “choose not to choose,” lead-
ing to a semantic distortion. Such transla-
tion errors introduce noisy multilingual evi-
dence that propagates to subsequent stages
of the pipeline.

Triplet extraction
errors

Example 1: Evidence: “Thomas McIner-
ney shared his opinion that Barack Obama
wants to unilaterally disarm America.”
Extracted triplet: (Barack Obama, wants,
unilaterally disarm America).
Example 2: Evidence: “...at least 63% of
hip replacements performed in Canada...”
Extracted triplet: (Hip replacement, est
disponible en, Canada et England)

The first triplet removes the attribution
(“Thomas McInerney shared his opinion”),
incorrectly transforming a quoted opin-
ion into a factual assertion. The second
converts a quantitative statement into a
generic availability relation, discarding nu-
merical information essential for claim ver-
ification.

Graph construc-
tion errors

Example 1: The entities Roy Blunt, Mr.
Blunt, Congressman Roy Blunt, Kongress-
mann, and श्री ब्लंट are represented as sepa-
rate nodes.
Example 2:
Triplet 1: (ディック・チェイニー,
反対している, バラク・オバマ).
Triplet 2: (Dick Cheney, est en désaccord
avec, Barack Obama)

Semantically equivalent entities and rela-
tions expressed in different languages are
not consistently merged into a unified
graph representation. This creates dupli-
cate nodes and edges, prevents effective ag-
gregation of multilingual evidence, and re-
duces graph connectivity.

Sentence extrac-
tion errors

Example 1: From an article discussing
Thomas McInerney’s opinion, the extracted
evidence includes “Obama is not a sane mil-
itary leader” but omits the sentence identi-
fying this statement as McInerney’s opin-
ion.
Example 2: Extracted sentence:
“당신은 Guantanamo 폐쇄되어야 한다고
생각합니까”

Although relevant documents are retrieved,
the extracted sentences often omit crucial
contextual information, such as attribution,
negation, explanatory context, or support-
ing evidence. In addition, untranslated
named entities and mixed-language sen-
tences reduce the fluency and coherence of
the evidence provided to the downstream
language model.

Graph represen-
tation errors

Example:
Claim: “Obama administration spent tax-
payer dollars on electric cars in Finland and
windmills in China.”
Selected triplets include: (Paul Ryan,
said, taxpayer dollars were spent over-
seas), (Chine, bénéficiaire, moulins à
vent), and (Die Obama-Administration, hat
Steuergelder ausgegeben, für Elektroautos).
The ground truth is False, but the model
predicts True.

The graph captures strong semantic and re-
lational overlap with the claim, including
concepts related to taxpayer dollars, elec-
tric cars, and windmills, but does not ex-
plicitly preserve stance or attribution. Con-
sequently, an attributed political statement
may be represented as factual knowledge,
causing claim–speech confusion and result-
ing in an incorrect veracity prediction.

Claim-specific ev-
idence selection
and inference
errors

Example:
Claim: “The anti-terrorism presentation
describes suspicious activities in the Fresno,
California area.”
Selected evidence includes (Aktivitäten,
wurden beschrieben als, antiterroristisch),
(Fresno, befindet sich in, Kalifornien), and
(Fresno, fand statt, Präsentation).
The ground truth is False, but the model
predicts True.

The selected evidence provides generic
multilingual context related to an anti-
terrorism presentation and the Fresno area
but does not establish the specific propo-
sition that suspicious activities occurred
there. The model therefore treats topical
and semantic similarity as sufficient sup-
port, revealing limitations in claim-specific
evidence selection and reasoning.

language (Hindi, Japanese, Korean, French, and
German) and used to initialize nodes written in
that language.

These reference sentences are encoded using
the same multilingual SentenceTransformer as the
semantic branch, but they are only provided to the
language branch. Since all reference sentences are

semantically identical and contain no factual infor-
mation, their embeddings mainly capture language
and script characteristics rather than meaning.

This initialization allows the language branch to
explicitly model language identity, while the se-
mantic branch focuses on factual content. By sep-
arating these two signals from the beginning, the
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Figure 5: Visualization of heterogeneous claim-specific graphs constructed in GraDuLaEval. Red nodes denote en-
tity nodes, and green nodes denote sentence nodes. Edges represent semantic and relational connections extracted
from evidence documents. The graphs illustrate how multiple entities are linked through shared sentence-level ev-
idence, forming a heterogeneous structure that enables structured cross-lingual reasoning.

model reduces the influence of language-specific
patterns on semantic reasoning in the graph.

A.13 Human Annotation Details.
We conduct a post-hoc human evaluation to assess
the relevance of triplets selected by the proposed
GraDuLa framework. The goal of this annota-
tion is to verify whether the automatically selected
triplets are useful for claim verification, indepen-
dent of model predictions.

We randomly sample 50 claims from GraDu-
LaEval (PolitiFact). For each claim, we extract
the top-10 triplets selected from the claim-specific
subgraph. As a baseline, we also extract the top-
10 triplets selected using a sentence-transformer-
based subgraph selection method, where triplets
are ranked solely by embedding similarity to the
claim.

The selected triplets are presented to human an-
notators along with the corresponding claim. An-
notators are asked to judge how relevant each
triplet is for verifying the claim, based on whether
it directly supports, contradicts, or provides essen-
tial factual context. Relevance is assessed using
a numerical rating scale, and scores are averaged
across triplets and claims to obtain a final rele-
vance score for each method.

Three graduate-level annotators volunteered for
the study, all with prior experience in NLP and
misinformation analysis. No ground-truth triplet
labels are provided during annotation; judgments
are based purely on annotators understanding of
the claim and the factual content expressed by
each triplet.

The annotation is conducted using spreadsheet-
based interfaces, and no personally identifiable in-
formation is collected. Annotators are compen-
sated fairly in accordance with standard academic
annotation practices. By participating in the study,
annotators consent to the use of their anonymized
judgments for research purposes only.

B Datasheet for GraDuLaEval

B.1 Motivation

Q: For what purpose was the dataset created?
(Was there a specific task in mind? Was there a
specific gap that needed to be filled? Please pro-
vide a description.)
A: This dataset aims to advance research in cross-
lingual misinformation detection by addressing
the shortage of large-scale, multilingual bench-
mark datasets. With coverage across multiple
languages, it facilitates the development and
evaluation of models that can effectively detect
misinformation in a cross-lingual context, offering
valuable resources to the research community.

Q: Who created the dataset (e.g., which team,
research group) and on behalf of which entity
(e.g., company, institution, organization)?
A: The datasets used in this study were con-
structed by re-purposing two publicly available
datasets by authors of this paper.

Q: Who funded the creation of the dataset?
A: It is not disclosed to adhere to the anonymity
policy.

Q: Any other comments? A: No.

B.2 Composition

Q: What do the instances that comprise the dataset
represent (e.g., documents, photos, people, coun-
tries)? (Are there multiple types of instances (e.g.,
movies, users, and ratings; people and interactions
between them; nodes and edges)? Please provide
a description.)
A: Each sample in the dataset contains a claim,
and corresponding evidences retrieved from the
Web. Claims and Evidences can be in various
languages such as English, Japanese, Hindi,
Korean, French and German.
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Q: How many instances are there in total (of
each type, if appropriate)?
A: Please refer to Table 8 and Table 9.

Q: Does the dataset contain all possible in-
stances or is it a sample (not necessarily random)
of instances from a larger set?
A: The dataset consists of all instances contained
in the original datasets.

Q: Is any information missing from individ-
ual instances? If so, please provide a description,
explaining why this information is missing (e.g.,
because it was unavailable). This does not include
intentionally removed information but might
include, e.g., redacted text.
A: No.

Q: Are relationships between individual in-
stances made explicit (e.g., users’ movie ratings,
social network links)? If so, please describe how
these relationships are made explicit.)
A: No

Q: Are there recommended data splits (e.g.,
training, development/validation, testing)? If
so, please provide a description of these splits,
explaining the rationale behind them.
A: Yes. please refer to the Table 8.

Q: Are there any errors, sources of noise, or
redundancies in the dataset?
A: We perform rule-based filtration to remove
noisy samples present in the dataset; however, it is
not feasible to manually inspect all data instances.

Q: Is the dataset self-contained, or does it
link to or otherwise rely on external resources
(e.g., websites, tweets, other datasets)? (If it
links to or relies on external resources, a) are
there guarantees that they will exist, and remain
constant, over time; b) are there official archival
versions of the complete dataset (i.e., including
the external resources as they existed at the
time the dataset was created); c) are there any
restrictions (e.g., licenses, fees) associated with
any of the external resources that might apply to
a dataset consumer? Please provide descriptions
of all external resources and any restrictions
associated with them, as well as links or other
access points, as appropriate.)

A: The dataset is self-contained and can be freely
accessed, used, modified, and shared without
restrictions.

Q: Does the dataset contain data that might
be considered confidential (e.g., data that is
protected by legal privilege or by doctor-patient
confidentiality, data that includes the content of
individuals’ non-public communications)? If so,
please provide a description.

A: No, as all samples in the dataset are publicly
available.

Q: Does the dataset contain data that, if viewed
directly, might be offensive, insulting, threatening,
or might otherwise cause anxiety? If so, please
describe why.

A: No.

Q: Does the dataset relate to people? (If not,
you may skip the remaining questions in this
section.)

A: No.

Q: Does the dataset identify any subpopula-
tions (e.g., by age, gender)? If so, please describe
how these subpopulations are identified and pro-
vide a description of their respective distributions
within the dataset.

A: No.

Q: Is it possible to identify individuals (i.e.,
one or more natural persons), either directly or
indirectly (i.e., in combination with other data)
from the dataset? If so, please describe how.

A: No.

Q: Does the dataset contain data that might
be considered sensitive in any way (e.g., data
that reveals race or ethnic origins, sexual orien-
tations, religious beliefs, political opinions or
union memberships, or locations; financial or
health data; biometric or genetic data; forms of
government identification, such as social security
numbers; criminal history)? If so, please provide
a description.

A: No.

Q: Any other comments?

A: No.
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B.3 Collection process

Q: How was the data associated with each instance
acquired? (Was the data directly observable (e.g.,
raw text, movie ratings), reported by subjects (e.g.,
survey responses), or indirectly inferred/derived
from other data (e.g., part-of-speech tags, model-
based guesses for age or language)? If data was
reported by subjects or indirectly inferred/derived
from other data, was the data validated/verified? If
so, please describe how.)
A: The dataset is re-purposed from already
existing publicly available datasets Politifact and
Snopes.

Q: What mechanisms or procedures were used
to collect the data (e.g., hardware apparatus or
sensor, manual human curation, software program,
software API)? (How were these mechanisms or
procedures validated?)
A: Both Politifact and Snopes datasets are avail-
able to be downloaded from the Web.

Q: If the dataset is a sample from a larger
set, what was the sampling strategy (e.g., de-
terministic, probabilistic with specific sampling
probabilities)?
A: NA.

Q: Who was involved in the data collection
process (e.g., students, crowd workers, contrac-
tors) and how were they compensated (e.g., how
much were crowd workers paid)?
A: The dataset is re-purposed from already
existing publicly available datasets Politifact and
Snopes.

Q: Over what timeframe was the data col-
lected? (Does this timeframe match the creation
timeframe of the data associated with the in-
stances (e.g., a recent crawl of old news articles)?
If not, please describe the timeframe in which the
data associated with the instances was created.)
A: Both original Politifact and Snopes datasets
are frozen datasets, not evolving with time.

Q: Were any ethical review processes con-
ducted (e.g., by an institutional review board)? If
so, please provide a description of these review
processes, including the outcomes, as well as
a link or other access point to any supporting
documentation.

A: No.

Q: Did you collect the data from the individ-
uals in question directly, or obtain it via third
parties or other sources (e.g., websites)?
A: The dataset is re-purposed from already
existing publicly available datasets Politifact and
Snopes downloaded from the Web.

Q: Were the individuals in question notified
about the data collection? (If so, please describe
(or show with screenshots or other information)
how notice was provided, and provide a link or
other access point to, or otherwise reproduce, the
exact language of the notification itself.)
A: NA.

Q: Did the individuals in question consent
to the collection and use of their data? (If so,
please describe (or show with screenshots or other
information) how consent was requested and
provided, and provide a link or other access point
to, or otherwise reproduce, the exact language to
which the individuals consented.)
A: NA.

Q: If consent was obtained, were the con-
senting individuals provided with a mechanism to
revoke their consent in the future or for certain
uses? (If so, please provide a description, as well
as a link or other access point to the mechanism
(if appropriate).)
A: N/A.

Q: Has an analysis of the potential impact
of the dataset and its use on data subjects (e.g., a
data protection impact analysis) been conducted?
(If so, please provide a description of this analysis,
including the outcomes, as well as a link or other
access point to any supporting documentation.)
A: No.

Q: Any other comments?
A: No.

B.4 Preprocessing, cleaning, labeling
Q: Was any preprocessing/cleaning/labeling of the
data done (e.g., discretization or bucketing, tok-
enization, part-of-speech tagging, SIFT feature ex-
traction, removal of instances, processing of miss-
ing values)? (If so, please provide a description. If
not, you may skip the remainder of the questions

33129



in this section.)
A: Yes, please refer Section 3.2 in main content.

Q: Was the “raw” data saved in addition to
the preprocessed/cleaned/labeled data (e.g., to
support unanticipated future uses)? (If so, please
provide a link or other access point to the "raw"
data.)
A: The “raw” data is already publicly available.

Q: Any other comments?
A: No.

B.5 Uses

Q: Has the dataset been used for any tasks al-
ready? (If so, please provide a description.)
A: Dataset is used for the task of cross-lingual
misinformation detection, in this paper. Please
refer to methodology and results sections in the
main content.

Q: Is there a repository that links to any or
all papers or systems that use the dataset? (If so,
please provide a link or other access point.)
A: No.

Q: What (other) tasks could the dataset be
used for?
A: Cross-lingual misinformation detection.

Q: Is there anything about the composition
of the dataset or the way it was collected and
preprocessed/cleaned/labeled that might impact
future uses? (For example, is there anything
that a future user might need to know to avoid
uses that could result in unfair treatment of
individuals or groups (e.g., stereotyping, quality
of service issues) or other undesirable harms (e.g.,
financial harms, legal risks) If so, please provide a
description. Is there anything a future user could
do to mitigate these undesirable harms?)
A: No.

Q: Are there tasks for which the dataset should
not be used? (If so, please provide a description.)
A: NA.

Q: Any other comments?
A: No.

B.6 Distribution

Q: Will the dataset be distributed to third parties
outside of the entity (e.g., company, institution, or-
ganization) on behalf of which the dataset was cre-
ated? (If so, please provide a description.)

A: Yes, the data will be free to the public to
download, use, modify, and re-distribute.

Q: How will the dataset be distributed (e.g.,
tarball on the website, API, GitHub)? (Does the
dataset have a digital object identifier (DOI)?)

A: Suitable access will be provided once the paper
gets accepted.

Q: When will the dataset be distributed?

A: Suitable access will be provided once the paper
gets accepted.

Q: Will the dataset be distributed under a
copyright or other intellectual property (IP)
license, and/or under applicable terms of use
(ToU)? (If so, please describe this license and/or
ToU, and provide a link or other access point to,
or otherwise reproduce, any relevant licensing
terms or ToU, as well as any fees associated with
these restrictions.)

A: Yes, the dataset will be distributed under
suitable license.

Q: Have any third parties imposed IP-based
or other restrictions on the data associated with
the instances? (If so, please describe these restric-
tions, and provide a link or other access point to,
or otherwise reproduce, any relevant licensing
terms, as well as any fees associated with these
restrictions.).

A: No.

Q: Do any export controls or other regula-
tory restrictions apply to the dataset or individual
instances? (If so, please describe these restric-
tions, and provide a link or other access point
to, or otherwise reproduce, any supporting
documentation.)

A: No.

Q: Any other comments?

A: No.
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B.7 Maintenance
Q: Who is supporting/hosting/maintaining the
dataset?
A: Authors.

Q: How can the owner/curator/manager of
the dataset be contacted (e.g., email address)?
A: Author emails.

Q: Is there an erratum? (If so, please provide a
link or other access point.)
A: No.

Q: Will the dataset be updated (e.g., to cor-
rect labeling errors, add new instances, delete
instances)? (If so, please describe how often, by
whom, and how updates will be communicated to
users (e.g., mailing list, GitHub)?)
A: As of now, there is no such plan.

Q: If the dataset relates to people, are there
applicable limits on the retention of the data asso-
ciated with the instances (e.g., were individuals in
question told that their data would be retained for
a fixed period of time and then deleted)? (If so,
please describe these limits and explain how they
will be enforced.)
A: NA.

Q: Will older versions of the dataset con-
tinue to be supported/hosted/maintained? (If so,
please describe how. If not, please describe how
its obsolescence will be communicated to users.)
A: No older version is available.

Q: If others want to extend/augment/build
on/contribute to the dataset, is there a mechanism
for them to do so? (If so, please provide a
description. Will these contributions be vali-
dated/verified? If so, please describe how. If
not, why not? Is there a process for communicat-
ing/distributing these contributions to other users?
If so, please provide a description.)
A: Anyone can freely extent or re-purpose the
dataset.

Q: Any other comments?
A: No.
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