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1 Introduction 
The sheer amount of disinformation on the Internet is proving to be a societal problem 
(Vosoughi et al., 2018). Fact-checking organizations have made progress in manually and 
professionally fact-checking various contents (Vlachos and Riedel, 2014; Micallef et al., 
2022). However, manual fact-checking at scale is too costly. To reduce some of the 
fact-checkers’ manual efforts and make their work more effective, recent studies have 
examined their needs and identified tasks that could be automated (Nakov et al., 2021; 
Zeng et al., 2021; Hrckova et al., 2024), such as evidence retrieval (Schuster et al., 2020; Liao 
et al., 2023) and verdict prediction (Nakashole and Mitchell, 2014; Thorne et al., 2018a). 

In this work, we put focus on the task of claim retrieval, also called claim matching (Kazemi 
et al., 2021), searching for fact-checked information (Vo and Lee, 2020), or fact-checked 
claim detection (Shaar et al., 2020). Claim retrieval is an NLP task that addresses one 
significant problem that fact-checkers face: How to find out whether a similar claim has 
already been fact-checked before, even in a different language (Hrckova et al., 2024). 
Solving this problem would reduce duplicate work and improve the efficiency of 
fact-checking efforts. Previously, this task was mostly done in English. Other languages 
that have been considered include Arabic, Bengali, Hindi, and Tamil (Kazemi et al., 2021; 
Nakov et al., 2022). However, many other languages or even entire major language families 
have not been considered at all.  

To close this gap, we organized the SemEval 20251 Task 7 “Multilingual and Crosslingual 
FactChecked Claim Retrieval”. We formulate the claim retrieval task as an information 
retrieval task: Based on an input text (we use social media posts), the goal is to find an 
appropriate claim from a database of claims that have been already fact-checked by 
professional fact-checkers. Consider the example in Table 1. A user has written a post 
making a claim worth fact-checking. The idea of claim retrieval is for a model to find a 
semantically similar claim from a list of previously fact-checked claims. We base the task 
on our already published multilingual dataset MultiClaim (Pikuliak et al., 2023) that 
consists of two parts: (1) A list of 206k fact-checked claims, and (2) 28k social media posts 
(SMPs) with references to relevant fact-checked claims from the list. With this data, we 
can simulate a situation where a fact-checker is asked to fact-check an SMP, and they 
want to search through the list of already available fact-checks to see whether the same 
claim was fact-checked before. Our task features subtracks on both a monolingual and a 
crosslingual setup. To construct the training and development sets, we use a subset of the 
MultiClaim data set covering 8 different languages in the monolingual track and 14 
different languages (52 combinations) in the crosslingual track. We further collect new 
resources to construct a test set which covers two additional previously unannounced 
languages and more than 4,000 new SMP-Claim pairs. 

Our shared task was organized along with the prestigious SemEval workshop. The task 
attracted 179 participants. There were in total 52 test submissions by 31 teams, and 23 
teams submitted system description papers.  These systems tackling the multilingual  and  

1 https://semeval.github.io/SemEval2025/tasks  
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Table 1. An example from our dataset. The social media post was written by a user. The 
main text of the post is in italics, the OCR transcript from the attached images is in regular 

font. The claim comes from the fact-check assigned by a fact-checker. 

crosslingual claim retrieval task provide valuable insights on applying state-of-the-art 
techniques to the real-world task and highlight future directions on better solving the 
claim retrieval problem. Both our shared task paper and the accompanying system papers 
are published and available online. This deliverable reports on the organization and 
execution of the shared task. In this report, we describe in detail the setup and 
implementation of our shared task along with datasets and submitted machine learning 
systems. 

Note that the organization of a shared task was one of the planned activities under the 
project proposal. Beyond the original plan, where the shared task was envisioned as a 
standalone activity, with results disseminated mainly through the project website, we 
managed (as already mentioned) to get the task accepted at the well-known SemEval 
workshop, which significantly increased its visibility and impact. We may thus conclude 
that the activity was successfully completed without major deviations from the original 
plan. 

Regarding the scope of the task, we deliberately decided to focus on a multilingual 
text-only retrieval task rather than a multimodal one. Early consultations with partner 
institutions indicated that a well-defined multilingual shared task would likely be better 
positioned to achieve broad participation and would also reduce the logistical and legal 
risks associated with sharing multimodal data. In particular, distributing images 
accompanying online content is significantly more prone to ethical and legal 
complications, as such material may contain copyrighted content, personal data, or 
context-specific sensitive information beyond what is present in the case of text-only 
data. Ensuring compliant sharing would either require extensive filtering and rights 
clearance or, alternatively, relying on participants to redownload the data themselves – 
which introduces substantial technical complexity (beyond what is practical – we would 
argue – in a shared task) and would likely reduce participation while also leading to teams 
working with inconsistent datasets, thus compromising fair evaluation. 
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 Original text (German) English translation 

Social Media Post 

Wer an Wahlen glaubt, ist auch der 
Meinung, dass das Ordnungsamt die 
Küche putzt.} Wussten Sie 
eigentlich das Das Besatzerstatut 
besagt: dass die Fremdverwaltung 
allein Durch die Wahlen vom Wahler 
akzeptiert wird ** Bei unter 50% 
Wahlbeteiligung wäre dies hinfällig 
Denn es gabe dann ein rechtliches 
Problem Das Besatzerstatut wäre 
ungültig...  

Anyone who believes in elections also 
believes that the regulatory office 
cleans the kitchen. Did you actually 
know that? The occupier statute states: 
that the foreign administration is only 
accepted by the voters through the 
elections ** If the turnout is less than 
50%, this would be obsolete Because 
then there was a legal problem The 
occupier statute would be invalid... 

Claim Deutschland ist ein besetztes Land. Germany is an occupied country. 



 

 

Given these constraints, focusing the shared task on multilingual text-only retrieval 
allowed us to maintain high data quality, ensure legal and ethical compliance, and deliver a 
task that was accessible to a broad international audience while still being fully aligned 
with the project’s scientific and capacity-building goals. We believe that the acceptance of 
the task to SemEval 2025 and the high participation demonstrate that this adjustment 
ultimately strengthened the impact of the activity, enabling wider community 
engagement and more meaningful scientific contributions than would have been feasible 
under the originally envisioned multimodal setup. 

Information about the shared task was communicated via the DisAI project website2, 
while the official results and proceedings were published in the ACL Anthology 
SemEval-2025 volume3. 

3 https://aclanthology.org/volumes/2025.semeval-1/  
2 https://disai.eu/semeval-2025  
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2 Organization 
The organization of the shared task started intensively in mid-2024, marking the 
beginning of a coordinated effort to prepare the dataset, refine evaluation procedures, 
and establish the technical infrastructure needed for the competition. During this period, 
the organizing team finalized the overall schedule and defined a four-phase structure 
intended to guide participants from initial familiarization to final system evaluation. These 
phases, trial, development, test, and post-test, were designed not only to ensure 
fairness and transparency but also to support participants in building and refining their 
models in a structured manner. 

The trial phase, which ran from 1 July 2024 to 2 September 2024, served as an 
introductory stage for both organizers and potential participants. For the organizers, it 
provided an opportunity to thoroughly test the CodaBench competition platform4, verify 
the integrity of the evaluation pipeline, and ensure that all components of the platform 
performed reliably with the trial data. At the same time, this phase marked the official 
opening of the shared task to the research community. Calls for participation were 
circulated, inviting teams to register, explore the trial data, and begin familiarizing 
themselves with the task setup. The feedback collected during this period helped the 
organizers refine technical guidelines and address potential usability issues before the 
next phase began. 

Following the trial phase, the development phase ran from 2 September 2024 to 10 
January 2025. This was the main working period for participants. All teams gained access 
to the official training and development data splits, enabling them to experiment with 
model architectures, optimize hyperparameters, and perform internal validation. The 
lengthy duration of this phase was intended to accommodate a wide range of 
methodological approaches, from traditional machine-learning pipelines to large neural 
architectures. Throughout this stage, the organizers monitored participant engagement, 
provided clarifications on the task formulation, and responded to technical inquiries to 
maintain a smooth development process. 

The test phase, running from 10 January 2025 to 1 February 2025, represented the core 
evaluation stage of the shared task. Participants were allowed to submit system 
predictions on the unseen test data up to five times, a limit designed to balance flexibility 
with fairness by preventing excessive trial-and-error testing. Only the final submission 
from each team during this period was considered for the official test leaderboard. This 
rule encouraged participants to carefully plan their submission strategies and ensured 
that the final ranking reflected each team’s best-considered system rather than 
exploratory attempts. 

After the official evaluation concluded, the competition entered the long-lasting 
post-test phase. Unlike the preceding phases, the post-test period did not contribute to 

4 https://www.codabench.org/competitions/3737/  
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leaderboard ranking or official outcomes. Instead, it served as a community-oriented 
extension of the shared task. Participants and others, who joined later out of interest, 
were able to continue experimenting with their systems, submit models for exploratory 
evaluation, or use the platform as a benchmark for ongoing research. While results 
submitted during this phase were not considered for the official ranking, they remained 
valuable for researchers seeking additional insight into model behavior, comparative 
analysis, or continued methodological development. The post-test phase thus helped 
maximize the long-term utility and impact of the shared task within the broader research 
community. 

The shared task was officially featured at ACL 2025, held in Vienna from 31 July 2025 to 1 
August 2025. During the event, we presented the outcomes of the task, including the final 
results, key insights from participating systems, and an overview of methodological 
trends observed throughout the competition. 

The shared task was made possible through collaboration between researchers from the 
University of Copenhagen (UCPH), the Kempelen Institute of Intelligent Technologies 
(KInIT), and the German Research Center for Artificial Intelligence (DFKI). The organizing 
team consisted of: 

Qiwei Peng (UCPH), Róbert Móro (KInIT), Michal Gregor (KInIT), Ivan Srba (KInIT), Simon 
Ostermann (DFKI), Marián Šimko (KInIT), Juraj Podroužek (KInIT), Matúš Mesarcík (KInIT), 
Jaroslav Kopčan (KInIT), Anders Søgaard (UCPH). 
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3 Task Description 
The shared task is formulated as an information retrieval task. Given social media posts, 
the goal is to retrieve the most relevant claims from a list of claims that are previously 
fact-checked. We set up two tracks for the shared task. In the monolingual track, matched 
posts and claims are always in the same language and the search pools for candidate 
claims are language specific to the post. In the crosslingual track, the search pool of 
candidate claims is not restricted and the matched claims can be in languages that are 
different from the post. 

3.1 Dataset  

The dataset used in the shared task is available for research purposes at Zenodo5. The 
training and development sets are based on the MultiClaim (Pikuliak et al., 2023) dataset. 
The test set contains additional data, which are not part of the original MultiClaim 
dataset, but which were collected using the same methodology. 

Training and Development Sets. The original MultiClaim dataset consists of two parts: 
1.‌‌ Fact-checked claims. The dataset contains 205,751 fact-checked claims extracted from 
factchecks created by 142 fact-checking organizations. Claims are usually one sentence 
long summaries of the main idea that is being fact-checked. 2. Social media posts. The 
dataset contains 28,092 SMPs spanning 27 different languages, collected from Facebook, 
Instagram, and Twitter by following the links to these platforms given in the fact-checking 
articles. This way, 31,305 SMPClaim pairs (each SMP has at least one claim assigned) were 
established. All posts in MultiClaim were published before 2023. 

To make sure that only relevant SMPs are considered, two filtering techniques were used: 
(1) We use links from the ClaimReview json schema that the fact-checkers use. (2) We use 
the factchecking warnings provided by the Facebook and Instagram platforms. When a 
visitor visits SMPs that were flagged as disinformation, the warnings contain a link to 
relevant fact-checks. In both cases, we can be sure that the link between a claim and an 
SMP is correct, because a fact-checker left an explicit signal confirming it. Manual 
inspections of the connections (done by three authors on a random sample of 100 pairs; 
see Pikuliak et al., 2023 for more details) confirmed the absence of false positives. 
However, roughly 15% of the connections rely on visual information present in either 
attached images or videos, making it impossible to match the SMP with an appropriate 
claim based on the text data only.  

An additional manual inspection (of claims retrieved for a sample of 87 posts done by 
three authors; see Pikuliak et al., 2023 for more details) also revealed that there are many 
potential connections between SMPs and claims that are missing in the dataset due to the 
employed collection procedure, especially crosslingual connections. To at least partially 
mitigate this, we added to the dataset additional SMP-Claim pairs created by following 
transitive connections: If two SMPs pi and pj share a link to the same fact-checked claim 

5 https://doi.org/10.5281/zenodo.14989176  
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and one of those (pi) is also linked to a different claim ck, we add the link (pj, ck), if missing. 
This way, we were able to identify 3,351 additional SMP-Claim pairs. 

Table 2. The dataset statistics reporting the number of posts, claims, and pairs for the 
monolingual (shown also per individual languages) as well as for the crosslingual track. 

 

Table 3. Combinations of languages in SMP-Claim pairs for train and dev sets of the 
crosslingual track. 

 

To construct high-quality training and development sets covering different languages, we 
filter out languages that have less than 500 SMP-Claim pairs. After filtering, the dataset 
contains 8 languages (Arabic, English, French, German, Malay, Portuguese, Spanish, and 
Thai) for the monolingual track. For the crosslingual track, we include all SMP-Claim pairs, 
where the language of the claim is different than the language of the post and at the 
same time, both of the languages are already included in the monolingual pairs; 
additionally, all pairs with a language combination appearing at least 200 times are 
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included even if these languages do not appear in the monolingual pairs. There are still 
only 8 claim languages, but there are 6 additional post languages as compared to the 
monolingual track (Hindi, Korean, Sinhala, Tagalog, Urdu, and Chinese). There are a total of 
52 different combinations that are covered in the crosslingual track. To prevent an 
exploitation of the data design in the crosslingual task (e.g., by ignoring the language of 
the post, if the matched claim is always in a different language), we assign a randomly 
selected 10% of monolingual pairs into the crosslingual subset of the data. The 
development set was created by holding out a randomly selected 10% of pairs for the 
monolingual and the crosslingual tracks. The final numbers of selected posts, claims, and 
pairs are reported in Table 2. Table 3 shows the combinations of languages in SMP-Claim 
pairs for the combined training and development sets. 

Table 4. Combinations of languages in SMP-Claim pairs for the test set of the crosslingual 
track. 

 

Test set. Our test set consists of additionally collected data containing posts that are not 
a part of the original MultiClaim dataset and which were published until March 2024. For 
fact-checked claims, the test set contains the ones already present in the training and 
development sets, as well as newly collected ones (ranging until May 2024). The same data 
collection methodology was applied as in the original MultiClaim dataset, while being 
extended to more sources (more fact-checking organizations and also including Telegram 
in case of SMPs). Similarly, the same data cleaning and pre-processing was applied as 
described in Pikuliak et al. (2023) to ensure consistency.  

For the monolingual track, the same 8 languages were used as in the training and 
development sets. Additionally, we added two unannounced languages: Polish and Turkish, 
which both meet the criteria imposed on the number of SMP-Claim pairs and which did 
not appear in the prior phases of the shared task in either of the subtracks. We select a 
random set of 500 posts (where available; only 93 and 183 posts were available for Malay 
and Thai, resp.) for each language and all fact-checked claims available for that language. 

To construct a test set for the crosslingual track, we again apply the same criteria as for 
the training and development sets, resulting in 11 languages for claims (10 from the 
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monolingual track plus Hindi), 14 languages in SMPs – the ones not contained in the 
monolingual track being Hindi, Urdu, Chinese, and Bengali – and 60 language combinations 
in total. The complete statistics for the test set are reported in Table 2. Table 4 shows the 
combinations of languages in SMP-Claim pairs contained in the test set. It is worth noting 
that despite the language diversity, most crosslingual pairs still contain English as either a 
language of a post or of a claim. This is one of the limitations of the dataset and it needs 
to be taken into consideration when interpreting the results of the crosslingual track. 

Details on Data Format. Each post has five fields as illustrated in Table 5. The post_id 
refers to the id of the post in our dataset. The instances field is used to indicate the 
timestamp of the post and its social platform. The ocr field is filled with transcribed texts 
if there are any associated images in the post. The verdict is assigned by professional 
fact-checkers. The text field contains the content of the post, its translation to English 
and a list of detected languages.  

Table 5. An example of a social media post. There are five fields for each post. 

 

Each claim has three fields as illustrated in Table 6. The fact_check_id is the identification 
of the fact-check (claim) in the dataset. The claim field contains the content of the claim, 
its translation to English and a list of identified languages. Similar to the structure of 
posts, the instances field is used to indicate the timestamp of the claim and its relevant 
URL. The title field contains the original title of the fact-check, its translation to English 
and a list of identified languages.  

We utilize the Google Vision API and Google Translate API to obtain the texts in the image 
associated to posts and the translations of non-English texts respectively. 
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Table 6. An example of a fact-checked claim. There are four fields for each claim. 

 

3.2 Evaluation 

The participants were asked to provide top 10 results for each SMP. The lists of 
fact-checked claims are provided as a search pool. We calculate success@ 10 to evaluate 
the performance of all systems: 

 𝑠𝑢𝑐𝑐𝑒𝑠𝑠@10 = 1
𝑁

𝑖=1

𝑁

∑ 1 (𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑐𝑙𝑎𝑖𝑚 𝑖𝑛 𝑡𝑜𝑝 10) 

where N is the total number of examples (SMPs), and 1(·) is an indicator function that 
returns 1 if the condition is met for the post i, otherwise 0. We count a retrieval as success 
if at least one relevant claim is ranked in the top 10. 
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4 Baselines 
We selected four approaches as baselines: 

BM25. BM25 (Robertson and Zaragoza, 2009) is used as a default retriever in many prior 
works on claim matching (see, e.g., Vo and Lee, 2020; Shaar et al., 2020, 2022) and it also 
achieved competitive results especially in monolingual evaluation performed in Pikuliak et 
al. (2023). We use it with the English-translated version of the dataset. 

GTR-T5-Large. GTR-T5-Large (Ni et al., 2022) was the overall best performing model in 
Pikuliak et al. (2023) in monolingual as well as crosslingual settings. Since it is an 
English-only model, we use it with the English-translated version of the dataset.  

Paraphrase-Multi-v2. We use the Paraphrase-Multilingual-MPNet-Base-v2 model, which 
is a part of the Sentence-BERT set of pre-trained models (Reimers and Gurevych, 2019). 
We selected this model as one of the baselines, since it was the best multilingual model in 
Pikuliak et al. (2023), although having lower performance than both BM25 and 
GTR-T5-Large (which, however, work on the English translations). The original multilingual 
version of the dataset is used with this model.  

E5-Large. We use Multilingual-E5-Large model (Wang et al., 2024a), which belongs to the 
best performing multilingual text embedding models under 1B parameters based on 
public benchmarks (2nd for reranking task, 6th for retrieval and sentence similarity tasks) 
and it had competitive results in our initial experiments. Being a multilingual model, it 
works with the original multilingual version of the dataset. 
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5 Participating Systems and Results 
The high-level overview of approaches utilized by individual systems is summarized in 
Table 7. The results presented in Tables 8 and 9 reflect the performance of test 
submissions by the end of the test phase. In their system papers, participants may 
provide additional post-test analysis that achieve further improvements. 

Table 7. The overview of approaches utilized in the created systems as reported by 
individual teams. Note: Some teams are missing as they have not responded with a report 

about their system. Order of teams corresponds to the rank on the Monolingual Track. 

 

5.1 Monolingual Track  

In the monolingual track, posts and claims are in the same language, and multilingual data 
cover ten different languages. Two (Turkish and Polish) out of ten are unannounced 
languages – i.e., no examples in these languages appear in the training and development 
sets. 21 out of 27 teams have submitted their system description papers on the 
monolingual track. The results are summarized in Table 8. Out of all teams that submitted 
system description papers, we describe the top-5 performing systems. 

TIFIN India. Inspired by Khan et al. (2024), Devadiga et al. (2025) first translate all posts 
and claims into English and utilize English-focused models for the claim retrieval task. 
They employ the Aya-expanse-8B (Dang et al., 2024) model for the translation. Then, a 
two-stage pipeline is implemented. The Stella 400M embedding model (Zhang et al., 2024) 
is first used to retrieve top 50 claims using cosine similarity. These are fed into an 
LLM-based re-ranker, Qwen2.5-72B-Instruct (Yang et al., 2024). The re-ranking is 
performed in a prompting style. The top 10 candidates from the re-ranker are then 
combined with the top 10 results from the embedding model by Reciprocal Rank Fusion 
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(Cormack et al., 2009), producing the final top 10 results. They further fine-tune the 
embedding model by adding hard negatives, demonstrating that 20 negatives per post 
give the best performance. 

Table 8. The results (success@10) on Monolingual Track. Teams are ranked by their average 
performance across all languages. The best results for each language and the average are 
in bold. The rows with gray background and * indicate the performance of four baselines. 

Teams with reference have submitted system papers. 

 

RACAI. Chivereanu and Tufis (2025) adopt a single-step strategy to tackle the task 
without reranking. All posts and claims are used in their original languages. The 
BGE-Multilingual-Gemma2-9B model (Xiao et al., 2023; Chen et al., 2024), is used to provide 
embeddings for posts and claims. They explored different strategies to optimize and 
adapt the general-purpose embedding model on the given task. They first utilize LoRA (Hu 
et al., 2022) with a contrastive learning objective with in-batch negatives to fine-tune the 
base model. Additionally, they use prompt-tuning to adjust the embeddings for 
instructions. To reduce the computational requirements, Matryoshka representation 
learning (Kusupati et al., 2022) is employed to produce embeddings of different dimension 
sizes. 

QUST_NLP. Liu et al. (2025) propose a threestage retrieval framework. A group of six 
different retrieval models is utilized in the retrieval stage to coarsely identify relevant 
claims for each post. In the re-ranking stage, six different re-ranking models are employed 
to provide top 10 candidates from the retrieved results. For each language, a set of 
re-ranker models are fine-tuned with training data in that language. Finally, the weighted 
voting stage combines the top 10 candidates from each re-ranker and weight them by 
their performance on the dev set to obtain the final top 10 results. They also find that the 
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combination of the original text and corresponding English translations can further 
improve the overall performance. 

UniBuc-AE. Enache (2025) utilises both the original text and English-translated text for 
retrieval. Two embedding models (English one: e5-largev2, Wang et al., 2022, and 
multilingual one: multilingual-e5-large-instruct, Wang et al., 2024b) are employed to 
provide corresponding embeddings after contrastive learning with in-batch negatives. 
They further fine-tune the two models with hard negatives, resulting in two hard 
fine-tuned models. All four models are used to vote for the final top 10 retrieval claims in a 
weighted manner. The optimal weights are discovered by their performance on the 
development set. 

UWBa. Lenc et al. (2025) present a zero-shot claim retrieval approach with all posts and 
claims translated into English. Five embedding models without any further fine-tuning are 
utilized to provide embeddings for posts/claims. A model combination strategy is 
employed to produce the final top 10 candidates. The models are firstly ranked in term of 
performance on dev set. Their top 5 retrieval results are then combined to produce the 
top 10 results after potential de-duplication. 

Discussion. We can see that most systems outperformed the baselines. On the other 
hand, a clear pattern is that the two unseen languages, Turkish and Polish, show a 
generally worse performance than the languages observed in the training data. This 
indicates that the generalization ability to unseen languages is still a big challenge. 
Approximately half of the submissions to the monolingual track did not apply any data 
filtering or pre-processing techniques, including many good-performing competitors. This 
does not mean that these techniques (e.g., using LLMs for data augmentation) do not 
improve performance, but others, such as fine-tuning, have a higher impact. On the other 
hand, a common and successful strategy (used by three out of top-5 described systems) 
was to improve base embedding models by finetuning them in a contrastive learning 
manner with in-batch negatives and using hard-negatives for further improvements. 
Many systems utilized a one-stage approach (retrieval with fine-tuned or vanilla 
embedding models) to tackle the retrieval task, while some systems built two- or 
three-stage pipelines (adding a re-ranking or a weighted voting stage) that demonstrated 
a better performance in some cases. However, the results do not provide a conclusive 
evidence whether adding them is in general better, especially since we do not compare the 
systems in terms of their computational requirements. In the monolingual track, there are 
subsets for different languages. Yet, most systems chose to train one model for all 
languages. This was achieved by either translating everything into English and utilizing an 
English-focused model, or, more often, utilizing a multilingual embedding model with the 
original data. When comparing the former (e.g., TIFIN India) with the latter (e.g., RACAI), we 
can see that the differences between the two approaches are negligible, which clearly 
shows the recent improvements in multilingual models compared to the situation 
reported in Pikuliak et al. (2023). A small number of systems trained a set of models for 
each language specifically. Some other models utilized both texts in original language and 
their English translations, reporting improved performance. 
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5.2 Crosslingual Track  

20 out of 28 teams submitted system description papers for the crosslingual track. The 
results are summarized in Table 9. We describe the top 5 performing systems of those 
teams that submitted system description papers. 

Table 9. The results (success@10) on Crosslingual Track. Teams are ranked by their 
performance. The best result is in bold. The rows with gray background and * indicate the 

performance of baselines. Teams with reference have submitted system papers. 

 

RACAI. The same pipeline is employed as for the monolingual track, where the base 
embedding model is improved by contrastive learning with in-batch negatives and 
prompt-tuning. They demonstrate that it brings much higher improvements in 
crosslingual compared to monolingual setup. 

TIFIN India. They translate everything into English and use the same two-stage pipeline 
as in the monolingual track. Their high performance shows that this strategy is effective 
in both monolingual and crosslingual setups. 

fact check AI. Rastogi (2025) uses the English translations. Base embedding models 
(mul-e5- large-instruct, Stella-400M, and mxbai-embedlarge- v1) are fine-tuned with 
contrastive learning. The fine-tuning is performed in a K-fold manner to increase the 
robustness and prevent over-fitting. The final 10 candidates are produced by models’ 
voting. They also conduct pre-processing such as removing noise (e.g., url, emoji, extra 
space) and filtering out too-short texts. 
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QUST_NLP. The same three-stage framework is utilized for the crosslingual track. 
Different from the language-specific fine-tuning strategy for rerankers in the 
monolingual track, they use English translations and employ one set of re-rankers for 
refined re-ranking. They also demonstrate that though the combination of the original 
text and English translations are helpful in the monolingual track, such combination often 
causes performance decrease in the crosslingual track. 

UniBuc-AE. They adopt the same strategy for the crosslingual track where four 
embedding models are used for weighted voting. They show that fine-tuning with hard 
negatives brings larger improvements in the crosslingual setup. 

Discussion. We can see that most systems outperform the baselines, but they achieve a 
worse performance compared to the monolingual track (more than 10 percentage points 
difference), highlighting the challenge of this setup. Also, most systems that were 
submitted to both tracks do not consider a new approach but adopt the same pipeline, 
which seems to work quite well, given that it is the case for all top-5 best performing 
systems in the crosslingual track. However, they also highlight some performance 
inconsistencies of different techniques when applied across the tracks. For example, the 
improvements brought in by additional re-ranking and weighted-voting seem to be larger 
in the crosslingual setup. On the other hand, as indicated by Liu et al. (2025), the 
combination of original text with English translations instead has a negative impact on 
the performance in the crosslingual setup. This raises questions on the transferability of 
such techniques and models to the crosslingual scenario, which future research should 
examine more comprehensively. 
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6 Conclusions 
This report presents an overview of SemEval 2025 Task 7 on multilingual and crosslingual 
factchecked claim retrieval. It provides a comprehensive analysis of the dataset and 
submitted systems. The task has attracted 179 participants. In the final test phase, 31 
teams submitted test systems, of which 23 submitted system description papers. Our 
analysis reveals that the most common strategy to improve base embedding models is to 
finetune them in a contrastive learning manner with in-batch negatives. As demonstrated 
by many systems, further improvements can be obtained by adding hard negatives and 
training on diverse subsets. A multi-stage pipeline is adopted by a large number of 
systems that additionally include a re-ranking and a weighted voting stage, which can 
bring improvements in both crosslingual and monolingual setups. An effective strategy to 
tackle different languages is still to translate them into English and utilize an 
English-focused model, but using multilingual models with the texts in original languages 
already gives comparable results. Several systems have discovered that some techniques 
which work well in one track have a different impact in the other track, suggesting the 
difficulty of transferability. We believe our shared task along with participating systems 
provides valuable insights into multilingual and crosslingual claim retrieval, supporting 
future research in this field. 

Considering the broader goals of DisAI, we may also conclude that the organisation of the 
shared task helped to provide hands-on experience with multilingual data preparation, 
evaluation design, and large-scale coordination – competencies central to the project’s 
focus. Through the collaboration with leading European partners and the engagement of 
179 participants worldwide, KInIT also increased its international visibility, expanded its 
research network, and enhanced its reputation in multilingual fact-checking research. The 
task also supported the development of early-stage researchers by involving them in 
dataset creation, evaluation, and community interaction, aligning with the project’s 
objectives of improving scientific skills, fostering innovation, and strengthening KInIT’s 
role in the European Research Area. 
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