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Abstract

The proliferation of multilingual misinforma-
tion demands robust systems for cross-lingual
fact-checked claim retrieval. This paper ad-
dresses SemEval-2025 Shared Task 7, which
challenges participants to retrieve fact-checks
for social media posts across 14 languages,
even when posts and fact-checks are in dif-
ferent languages. We propose a hybrid re-
trieval pipeline that integrates both sparse lexi-
cal matching techniques (utilizing BM25 and
BGE-m3) and dense semantic retrieval meth-
ods (leveraging both pretrained and fine-tuned
BGE-m3 embeddings). Our approach im-
plements the dynamic fusion of these com-
plementary retrieval strategies and employs
curriculum-trained rerankers to optimize re-
trieval performance. Our system achieves
67.2% cross-lingual and 86.01% monolin-
gual accuracy on the Shared Task MultiClaim
dataset.

1 Introduction

Nowadays, fact-checking has become crucially im-
portant because it helps maintain accuracy and cred-
ibility, prevents the spread of misinformation, and
ensures informed decision-making by verifying in-
formation before dissemination.

SemEval-2025 Task 7 is focused on Previously
Fact-Checked Claim Retrieval (PFCR) (Shaar et al.,
2020). The task involves ranking a set of fact-
checked claims according to their relevance to an
input claim such as a social media post, with the
highest-ranking ones being most pertinent and ben-
eficial for fact-checking.

So far only monolingual PFCR has been tackled,
when the input claim and the fact-checked claims
are in the same language. To address these short-
comings, the SemEval-2025 Task 7 (Peng et al.,
2025) has been organized with the MultiClaim
dataset (Pikuliak et al., 2023) to encourage the
community to develop a multilingual fact-checking

system. The task is divided into two main sub-
tasks: (1) monolingual fact-checking — given a
social post, participants must develop systems to
identify and retrieve the most relevant fact-checked
claim written in the same language as the post;
(2) cross-lingual fact-checking — the task is essen-
tially the same as the first one, but now posts and
their relevant fact-checks can be written in a differ-
ent language. This subtask requires participants to
build a multilingual retrieval system.

This paper is structured as follows. Section 2 dis-
cusses existing work on fact-checking. Section 3
describes the modified version of the MultiClaim
dataset that was used in the SemEval-2025 Task
7. Section 4 introduces the evaluation metrics.
Section 5 describes the proposed hybrid retrieval
pipeline. Section 6 reports the results of the applied
approaches.

Our contribution can be summarized as fol-
lows. We introduce a lightweight yet effective fact-
checking hybrid retrieval system that incorporates
multistage fine-tuning components. This technique
efficiently aligns multilingual social media posts
with a multilingual fact-check corpus.

2 Related Work

The information retrieval component is an essen-
tial part of any QA system, not only because
it improves QA performance, but also because
it enhances fact-checking (Krayko et al., 2024).
PFCR task is time-consuming for professional fact-
checkers and information retrieval methods can
speed up the process. Multilingual PFCR is an even
more complicated version for humans because it re-
quires a deep understanding of multiple languages.
Multilingual information search can facilitate the
fact-checking between different languages.

For PFCR, traditional methods of information
retrieval can be utilized. Vo and Lee (2018) ef-
fectively employed the BM25 method to identify
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fake news. Various text embedding techniques have
been used to improve the retrieval process, allow-
ing more nuanced comparisons between claims,
and also techniques such as reranking are used
to combine multiple methods, enhancing the ef-
ficiency and accuracy of claim retrieval (Pikuliak
et al., 2023; Konovalov and Tumunbayarova, 2018).
Similar ideas are used to retrieve claims for compar-
ative questions (Shallouf et al., 2024). In addition,
some approaches enhance the results by incorpo-
rating visual data from images, using abstractive
summarization, or identifying key sentences.

XLM-RoBERTA based BGE-M3 provides more
contextually rich and semantically accurate repre-
sentations of text, ultimately leading to more rel-
evant and precise search results. It can simultane-
ously perform the three common retrieval function-
alities of embedding model: dense retrieval, multi-
vector retrieval, and sparse retrieval utilizing the
Transformer ability to integrate several tasks (Kar-
pov and Konovalov, 2023).

Research emphasizes the importance of context
in detecting previously fact-checked claims, es-
pecially in political debates or documents (Shaar
et al., 2022). Some studies focus on detecting
claims within entire documents, aiming to rank sen-
tences based on their verifiability using previously
fact-checked claims (Shaar et al., 2020)

Zhang et al. (2023) presented a dataset for
monolingual information search for 18 different
languages and demonstrated the work of some base-
line approaches for information retrieval.

Future research will likely focus on improving
the efficiency and accuracy of these systems, par-
ticulary in low-resource languges and complex con-
textual scenarios.

3 Dataset

The competition organizers represented a modi-
fied version of the MultiClaim dataset. The orig-
inal MultiClaim dataset consists of 28k posts in
27 languages on social media, 206k fact checks
in 39 languages performed by professional fact
checkers, and 31k connections between the two
groups. Each connection consists of a post and a
fact-check reviewing the claim made in the post.
The main difference between the modified version
presented in the competition and the original one is
that the modified version contains fewer languages
(14), but contains more fact checks (272k) and few
more posts. In the competition a modified Mul-

tiClaim dataset was used. The entire dataset is
split into three sections: training (comprising 153k
fact-checks in 8 languages, 4,972 cross-lingual
and 1,7016 monolingual posts), testing (featur-
ing 272,447 fact-checks in 12 languages, 4,000
crosslingual and 4,276 monolingual posts) and de-
velopment (consisting of the same fact-checks as
training, 552 cross-lingual, and 1,891 monolingual
posts). There are also 25,743 connections between
posts and fact-checks for training and development
parts.

4 Evaluation

To evaluate retrieval in Shared Task 7, we use
Success-at-10 (S@10) as a quality measure for
both monolingual and cross-lingual subtasks. This
is because we depend on the retrieval module to
capture as much relevant information as possible.

S Proposed Approach

Our rather classical retrieval pipeline combines
sparse and dense retrieval paradigms with fusion
and reranking to address cross-lingual and monolin-
gual fact-checking tasks. The architecture consists
of four stages: (1) sparse vector encoding for lexi-
cal matching, (2) dense vector encoding for seman-
tic alignment, (3) fusion to merge multi-perspective
results, and (4) reranking to refine relevance or-
dering. This pipeline was used successfully for
the retrieval in the specific domain (Aushev et al.,
2025).

5.1 Sparse Retrieval

Sparse vector representations are generated using
the following methods:

(1) BM25: Traditional sparse retrieval us-
ing TF-IDF weighting. (2) BGE-m3 Lexical
Weights (Chen et al., 2024): Enhanced sparse vec-
tors from the sparse component of BAAI/bge-m3!,
which captures the importance of the term through
learned token-level scores.

As for the preprocessing step, we only converted
all emoji to their text aliases.

5.2 Dense Retrieval

Dense vector representations are generated using
several transformer-based models: (1) BGE-m3
Dense Encoder: The BAAI/bge-m3 model is also
employed to produce dense vectors, taking ad-
vantage of its large-scale pretraining on diverse

"https://hf.co/BAAL/bge-m3
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Figure 1: Hybrid Fact-Check Retrieval Pipeline. The pipeline combines sparse (BM25 or BGE-m3-lexical) and
dense (BGE-m3-dense) retrieval, fuses their outputs via Reciprocal Rank Fusion, and reranks results using fine-tuned

cross-encoders.

data sources; (2) Task-Specific Adaptation: A fine-
tuning process using contrastive loss is applied
to the BAAI/bge-m3 model to optimize its ability
to discriminate between relevant and irrelevant re-
sults.

5.3 Fusion

To unify sparse and dense signals, we employ Re-
ciprocal Rank Fusion (RRF) (Cormack et al., 2009)
with tunable weights, ensuring a balanced combi-
nation of both approaches:

n
Wy

RRF(d) = ; T ranki(d) (1)

where k is a smoothing constant, rank;(d) denotes
the rank of document d in the ¢-th retrieval sys-
tem, and w; represents the retriever-specific weight
coefficient.

5.4 Rerank

The reranking phase refines the top retrieved docu-
ments based on additional features, improving rele-
vance and quality. We tried several rerankers: (1)
BGE-m3 Reranker: BAAI/bge-reranker-v2-m3
cross-encoder model, based on the BAAI/bge-m3
architecture, it computes query-document rele-
vance scores by jointly encoding pairs, resolving
ambiguities in lexical matches; (2) Curriculum-
Learned Reranker: BAAI/bge-reranker-base
fine-tuned in two stages: First, adaptation to
fact-checking using focal loss (with parameters
alpha=0.95 and gamma=0.4) to handle class im-
balance; second, optimization on hard negations
derived from sparse search errors to refine decision
boundaries.

6 Results and Discussion

6.1 NLI Analysis

Fact-check  retrieval requires identifying
claims that entail (support) or contradict a
social media post. To quantify this relation-
ship, we analyze post-fact-check pairs using
FacebookAI/roberta-large-mnli (Liu et al.,
2019), pretrained on large web-text corpora
(Appendix A).

Entailment Distribution. Entailment scores ex-
hibit a bimodal distribution: 68% of pairs cluster
near 0 (no entailment) and 24% near 1 (strong en-
tailment), with only 8% in the ambiguous middle
range (0.2-0.8). This polarization likely reflects
the NLI model’s overconfidence rather than true
task-specific relationships, as social media claims
often involve nuanced or implicit connections.

Contradiction Rarity. About 92% of pairs
score below 0.1 for contradiction. The scarcity
of high-contradiction pairs may stem from the NLI
model’s limited exposure to adversarial social me-
dia claims during pretraining, rather than genuine
absence of contradictions.

Neutrality as Noise. Neutral scores follow a
U-shaped distribution: 54% near O (non-neutral)
and 32% near 1 (strongly neutral). The high-
neutrality cluster may include false negatives where
the NLI model fails to recognize subtle entail-
ment/contradiction signals, particularly in code-
switched or informally phrased text.

Despite the bias of the out-of-the-box NLI
model, these results reveal that the task can be
noise-aware retrieval: prioritize lexical overlap
for high-recall candidate generation, mitigating re-
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Sparse Retrieval Dense Retrieval Fusion Rerank Mono Cross
BGE-m3-lexical — - X 79.18 57.87
- BGE-m3-dense - X 78.91 65.9
BGE-m3-lexical BGE-m3-dense - X 85.20 67.02
- BGE-m3-dense-finetuned - X 79.04 654
1:1 X 82.14 66.0
) 1:1 v 85.90 67.2
BGE-m3-lexical = BGE-m3-dense-finetuned 82 X 78 543 66.95
8:2 v 86.01 66.57
BM25 - - X 62.96 56.15

Table 1: Performance of retrieval systems on cross-lingual (Cross) and monolingual (Mono) tasks. Measured in
Success@10, %. Fusion k : n indicates that the sparse weight is k£ and the dense weight is n in Reciprocal Rank

Fusion.

liance on noisy semantic signals.

6.2 Retrieval Analysis

Table 1 compares the performance of sparse, dense,
and hybrid retrieval systems on cross-lingual and
monolingual fact-checking tasks.

Component Analysis. The standalone BGE-
m3-lexical sparse retriever achieved strong mono-
lingual performance (80.44%), outperforming
the dense-only BGE-m3-dense-finetuned system
(67.02%). This lexical advantage persisted in cross-
lingual settings (61.17% vs. 65.4%), though dense
retrieval showed greater cross-lingual robustness.
The BM25 baseline (62.96% Mono, 56.15% Cross)
underperformed modern neural methods, highlight-
ing the need for learned lexical representations.

Fusion Strategies. Combining sparse and dense
components via RRF yielded substantial gains. A
1:1 sparse-dense ratio with reranking produced the
best cross-lingual performance (67.2% Cross), sur-
passing individual components. Monolingual per-
formance peaked at 86.01% with an 8:2 sparse-
dense ratio and reranking, demonstrating lexical
dominance in single-language contexts. Notably,
reranking consistently improved monolingual re-
sults (improvements of 0.58-1.27 points across met-
rics) but showed mixed cross-lingual effects, sug-
gesting language-specific optimization potential
(see Appendix B).

Crosslingual Performance. Optimal cross-
lingual performance required balanced sparse-
dense fusion — 1:1 ratio. In contrast to the mono-
lingual results, there is a lexically heavy 8:2 ratio,
which is consistent with our NLI analysis. This
suggests that while lexical matching anchors re-

trieval quality, cross-language generalization bene-
fits from controlled semantic integration, but this
may be due to the nature of cross-lingual transla-
tion utilisation.

Ablation Study. In addition to the results
in Table 1 we evaluated configurations for
stella_en_1.5B_v5% (Zhang and FulongWang,
2024) and multilingual-e5-large-instruct?
(Wang et al., 2024) with the prompt “Given a
post on a social network, retrieve the claims
it contains”, but it did not give any increase
in quality. Replacing the dense retriever in
hybrid pipeline with stella_en_1.5B_v5
performs 84.45% Mono and 65.47% Cross,
multilingual-e5-large-instruct performs
84.86% Mono and 66.37% Cross.

Conclusion

In this paper, we have described the system we sub-
mitted for the SemEval Task 7 challenge, specif-
ically concentrating on developing a multilingual
and crosslingual fact-checked claim retrieval. We
proposed a simple yet effective hybrid retrieval
pipeline with fine-tuned components. The pro-
posed pipeline can be employed independently or
integrated within a NLP framework such as Deep-
Pavlov (Burtsev et al., 2018).

Future directions include dynamic fusion mech-
anisms that weight sparse and dense contributions
per language pair, and joint training of sparse and
dense components to enhance overall performance.

2https://hf.co/NovaSearch/stella_en_1.SB_v5
3https://hf.co/intfloat/
multilingual-e5-large-instruct
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Limitations

Our approach has two key constraints: (1) Partial
fine-tuning — only dense and reranker components
were optimized, leaving potential gains from end-
to-end sparse-dense co-training unexplored due to
optimization instability; (2) Translation and OCR
inaccuracies propagate through the pipeline, partic-
ularly harming low-resource languages and slang-
heavy social media text.
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Figure 2: Distributions of NLI scores between posts and fact-checks.

B RRF Fusing Monolingual Results

Fusion Pol Eng Msa Por Deu Ara Spa Fra Tha Tur Mono

10:0 70.6 714 913 692 812 848 726 828 928 750 79.1
9:1 740 754 9677 75.0 858 89.8 784 83.8 956 780 832
8:2 768 794 989 774 862 910 828 840 956 822 854
7:2 764 782 100.0 774 852 91.8 82.6 832 928 82.6 85.0
6:4 73.8 756 1000 746 848 910 79.2 810 923 81.8 834
5:5 726 742 989 728 834 912 772 786 90.7 81.8 821
4:6 71.0 732 978 710 828 912 772 780 90.7 814 814
3:7 706 730 978 712 82.6 91.0 774 77.6 90.7 80.8 81.2
2:8 704 720 978 712 814 908 77.0 77.0 90.7 804 80.8
1:9 69.6 700 97.8 704 808 90.8 758 762 90.7 788 80.0
1:10 68.4 686 967 69.6 784 894 754 754 90.7 778 79.0

Table 2: Combining sparse and dense components via RRF. Fusion & : n indicates that the sparse weight (BGE-m3-
lexical) is k£ and the dense (BGE-m3-dense-finetuned) weight is n in Reciprocal Rank Fusion.
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