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Abstract
In this paper, we present X-IBIS, an iterative bi-encoder fine-tuning multi-stage cross-lingual retrieval system
for CheckThat! 2026 Task 1, which requires retrieving the scientific paper cited by a social media post from
a collection of 10,000 English papers. Queries arrive in three languages (English, German, French), creating a
vocabulary and register mismatch with formal scientific abstracts. Our pipeline addresses this through: (1) GPT-
4o-mini translation of non-English queries, (2) document-side augmentation with synthetic tweet-like summaries
to bridge informal and formal register, (3) two-round iterative bi-encoder fine-tuning with hard-negative mining
over multilingual-e5-large, (4) dense first-stage retrieval, and (5) BGE-M3 cross-encoder reranking with score
interpolation. An extensive ablation study shows that bi-encoder fine-tuning alone yields gains of +51.6% (DE),
+50.3% (FR), and +23.9% (EN) in MRR@5 over the zero-shot baseline, with the full pipeline reaching +62.8%,
+58.0%, and +34.7%, respectively. Our system achieved an average test MRR@5 of 0.640, placing 10th out of 37
teams on the official evaluation leaderboard.
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1. Introduction

Fact-checking becomes more and more important due to the rapid growth of misinformation [1, 2, 3]. A
key task involved in the fact-checking process is called source retrieval: given a claim, find the scientific
papers that can be used to confirm or deny it.

Aligned with this real-world need, CheckThat! 2026 Task 1 [4, 5, 6, 7] requires solving the cross-
lingual source retrieval problem, where queries are represented by tweets (social media posts) written
informally in English, German, or French, and the scientific papers are a collection of 10,000 documents.
The difference between queries and abstracts of scientific papers in terms of their language and format
poses a non-trivial task for any retrieval model.

To address Task 1 of the CheckThat! competition, this paper presents X-IBIS, an iterative bi-encoder
fine-tuning with hard-negative mining for cross-lingual scientific source retrieval. To tackle the cross-
lingual problem, our solution includes the following components:

• GPT-4o-mini-based translations of tweets from German and French to English;
• Document side augmentation with synthetic tweet-like summaries;
• Bi-encoder fine-tuning through iterative hard negative sampling from BGE-M3 with score inter-

polation.
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We perform an extensive ablation study across four configurations, revealing how each component
helps to increase MRR@5. Our final model placed 10th among 37 teams participating in the official
leaderboard, yielding an average MRR@5 score of 0.640 across all three language splits.

The rest of this paper is organized as follows. Section 2 reviews the related work on this task.Section 3
describes our methodology. Section 4 presents and analyzes the experimental results. Lastly, Section 5
concludes our paper.

2. Related Work

With the spread of misinformation and disinformation on online platforms, the detection and mitiga-
tion of such content has attracted the interest of practitioners and researchers. For misinformation
and disinformation detection, methods range from word embeddings [8, 9, 10], to transformer-based
embeddings [11, 12, 1, 13, 14, 15], a mixture of transforms [12, 16, 17], and Large Language Mod-
els [18], while the evaluation of the models use Accuracy, Precision and Recall [19]. In the literature,
immunization strategies [20, 21, 22] as well as full detection and mitigation systems have also been
proposed [23, 24, 25].

Since the beginning of the CheckThat! competition, multiple methods have been employed for
various misinformation detection and fact-checking subtasks. In 2018, the highest scores were achieved
using a Multilayer Perceptron with a feature-rich representation [26] and Support Vector Machines [27].
In 2019, the approaches shifted toward supervised text classification models such as Gradient Boosting
and Random Forest [28], as well as token-level BERT embeddings for ranking pages [29]. Variants of
BERT dominated in 2020, the highest score being achieved by a pre-trained and fine-tuned version
of RoBERTa[30], followed by a BERT model with cascade fine-tuning[31]. A fine-tuned pre-trained
sentence-BERT combined with TF-IDF is used as well in 2021 [32] and shown to be effective. More
recently, the competition has expanded to cover increasingly complex tasks along the fact-checking
pipeline, including source retrieval, numerical claim verification, and full fact-checking article genera-
tion [4].

2.1. Scientific Source Retrieval

Task 1 of this year’s edition is a follow-up to Task 4b from the 2025 edition, which posed an analogous
scientific source retrieval challenge. Top-performing systems at that shared task established several key
findings that inspired our approach. The second place [33] demonstrates that hard negative mining via
BM25[34], where retrieved but incorrect papers serve as negatives, yielded the greatest improvements.
They further showed that cross-encoder reranking over the top-10 candidates produced a +10.6% relative
gain, and that extending the reranking pool beyond the top-10 degraded performance due to noise.
Another approach [35] uses BM25 with dense hybrid retrieval via Reciprocal Rank Fusion [36], finding
that neither sparse nor dense retrieval alone was sufficient. Query reformulation strategies [37] find that
appending a reformulated version of the query (rather than replacing it) improves retrieval performance.
They also compare seven cross-encoder rerankers, consistently finding MS MARCO-trained models
outperforming GooAQ-trained variants[38] [39].

2.2. Cross-Lingual Retrieval

Cross-lingual information retrieval (CLIR) has been substantially advanced by multilingual dense
encoders such as mBERT[40] and multilingual E5[41], which project texts from different languages into
a shared embedding space. Nonetheless, lexical retrieval methods like BM25[34] remain effective for
exact-match signals (author names, journal names, specific terminology) that dense models may miss.



2.3. Bi-Encoder Fine-Tuning and Reranking

The retrieve-and-rerank paradigm[42] has become standard for dense retrieval: a bi-encoder performs
efficient first-stage retrieval over large collections, followed by a cross-encoder that jointly encodes
query-document pairs for precise reranking of the top candidates.

Doc2query [43], which augments document representations with generated queries, has been applied
to bridge vocabulary gaps between documents and informal query formulations.

3. Methodology

In this section, we present the methodology used to address the Source Retrieval for Scientific Web
Claims. X-IBIS’s pipeline (Figure 1) consists of five stages:

1. Query translation
2. Document-side augmentation
3. Iterative Bi-encoder Fine-Tuning with hard-negative mining
4. First-Stage Dense Retrieval
5. Cross-encoder Reranking with score interpolation

Figure 1: X-IBIS pipeline

3.1. Query Translation

Since the paper collection is in English, German and French queries have little to no BM25 lexical
overlap with the documents when used in their original language. Initial experiments confirmed that
applying this strategy directly to DE/FR queries degraded the MRR@5. Because of that, we decided to
translate all DE and FR queries to English using GPT-4o-mini. We provided the following prompt to the
LLM along with the query:

“Translate the following [Language] social-media post to English. Preserve scientific
terminology, drug/compound names, journal names, study venue names, and author names
exactly as they appear. Output only the English translation, nothing else.

Text: [Query Text]”

3.2. Document Side-Augmentation

To resolve the vocabulary gap between social media posts and formal scientific abstracts, each paper
from the 10,000 collection is augmented with synthetic tweet-like summaries generated by GPT-4o-mini.
For each paper, the model is given the prompt to produce two short claims in the style of a tweet that a
user might post when citing the paper:

“You write short social-media posts that cite scientific papers. Given a paper, output a JSON
object {"tweets": [...]_containing exactly 2 short tweet-like claims (1-2 sentences each) that
a real user might post when implicitly referencing this paper. Vary the framing: one may
mention the journal/venue, another a key finding, an author, a specific drug/compound/method.
Use natural language, not jargon. Output ONLY the JSON object, no markdown.”



An example of the synthetic generations produced by this pipeline is provided in Table 1.

Table 1
Example of synthetic tweet-style expansions generated by gpt-4o-mini for document augmentation.

Source Generated Synthetic Claims
Tweet 1 “A recent study in Pharmaceuticals highlights the antiviral potential of Hy-

pericum perforatum against SARS-CoV-2. Could natural remedies be part of
our fight against COVID-19?”

Tweet 2 “Researchers Fakry F. Mohamed and Darisuren Anhlan found that hypericin
and pseudohypericin from St. John’s Wort show promise in inhibiting SARS-
CoV-2. Nature might hold the key!”

The augmented document text used for retrieval has the form:

{title} {venue} {abstract} {authors} || {synthetic_tweet1} {synthetic_tweet2} (1)

This augmentation aims to teach the retrieval model vocabulary that can be found in both tweets
and documents datasets. A non-augmented version of each document is reserved for the cross-encoder
reranker, where the augmented text would introduce noise into the relevance scoring.

3.3. Iterative Bi-Encoder Fine-Tuning with Hard-Negative Mining

We fine-tuned intfloat/multilingual-e5-large[41] (that has 559M parameters and 1024 dimensional
embeddings) using MultipleNegativesRankingLoss. The model is trained for two rounds of iterative
hard-negative mining.

Round 1. The zero-shot mE5-large model encodes the training queries, then for each query, the top
50 retrieved papers that are not the correct answer become candidates for hard negatives. In this step, 5
are sampled per query. The training examples become query, positive paper, hard-negative paper triplets.
The DE and FR tweets are paired directly with EN papers during training to teach the multilingual
encoder to solve the language gap without translations for the dense component.
Round 2. The process repeats, producing harder negatives as the model improves, and providing

better gradient signal in the second round. The final fine-tuned bi-encoder re-encodes the full paper
collection for first-stage retrieval.

3.4. First-Stage Dense Retrieval

This step uses the fine-tuned bi-encoder with cosine similarity against the augmented collection
embeddings. Queries are prefixed with query and documents with passage following the mE5 asymmetric
retrieval format.

3.5. Cross-Encoder Reranking and Score Interpolation

The top 10 candidates from the previous step are reranked using BGE-M3[44][45], a multilingual
cross-encoder based on XLM-RoBERTa that encodes together query and document pairs. The reranker
receives English-translated queries paired with English paper text (without augmentation). Reranking
depth is fixed at top 10, following the AIRwaves [33] finding that deeper pools introduce noise and
degrade performance beyond top 10.

The final ranking score (Equation (2)) combines the cross-encoder score with the first-stage dense
score as a weighted sum after min-max normalisation of both score distributions. For computing the
score, we set 𝛼 to 0.15.

𝑓𝑖𝑛𝑎𝑙_𝑠𝑐𝑜𝑟𝑒 = 𝐶𝐸_𝑠𝑐𝑜𝑟𝑒_𝑛𝑜𝑟𝑚+ 𝛼 · 𝑓𝑖𝑟𝑠𝑡_𝑠𝑡𝑎𝑔𝑒_𝑠𝑐𝑜𝑟𝑒_𝑛𝑜𝑟𝑚 (2)

The weighted 𝛼 was manually selected based on development-set ablation behavior, rather than obtained
from a grid search. Regarding implementation, the score obtained by the cross-encoder model is taken



as the main source of information regarding the relevancy, whereas the dense score obtained from the
first stage is only used to make secondary changes among the top-10 candidates reranked using the
cross-encoder. Using 𝛼 = 0.15, it was possible to give enough power to the dense retriever to make a
decision between two equally relevant cross-encoder matches, while keeping the impact of the dense
retriever substantially lower than the normalized cross-encoder score.

An earlier version used a cross-encoder/mmarco-mMiniLMv2-L12-H384-v1[46][47] (a smaller
mMiniLM-based multilingual model). The cross-encoder reranking is over the top 20 candidates
from the first-stage retrieval.

3.6. Additional Methods

3.6.1. BM25 Hybrid Retrieval (Reciprocal Rank Fusion)

BM25 is built over the collection using language-aware tokenization: spaCy lemmatizers for German
and French (de_core_news_sm and fr_core_news_sm) and simple whitespace tokenization for English.
We used the default BM25Okapi parameters from rank-bm25: 𝑘1 = 1.5, 𝑏 = 0.75, and 𝜖 = 0.25. Scores
are fused with dense cosine similarity via Reciprocal Rank Fusion (Equation (3)).

𝑟𝑟𝑓_𝑠𝑐𝑜𝑟𝑒[𝑖] = 1

𝑘 + 𝑑𝑒𝑛𝑠𝑒_𝑟𝑎𝑛𝑘[𝑖] +
1

𝑘 + 𝑏𝑚25_𝑟𝑎𝑛𝑘[𝑖] (3)

3.6.2. Hypothetical Document Embedding

We also experimented with Hypothetical Document Embedding (HyDE) [48]. For each query tweet,
GPT-4o-mini is prompted to generate a hypothetical 256-token paper abstract that the tweet might be
citing. The hypothetical abstract is then embedded with intfloat/multilingual-e5-large[41] and used as
the retrieval query in place of the raw tweet. The intuition is that a full-sentence academic abstract sits
closer in embedding space to real paper abstracts than a short informal tweet, but during experiments,
HyDE did not outperform simple dense retrieval.

3.6.3. Single-Round Bi-Encoder Fine-Tuning with BM25 Hard Negatives

Another method we employ is to perform a single round of fine-tuning using hard negatives mined
from the BM25 + dense hybrid scores (top 5 non-relevant papers per query)

The final system shows improvements in: (1) hard negatives are mined from the dense model alone
(after removing BM25), and (2) a second round of mining with the Round 1 checkpoint provided harder,
model-specific negatives that gave better gradient signal. The single-round version serves as a useful
starting point but underperforms the two-round iterative system.

4. Experimental Results

In this section, we present the experimental results of the proposed architecture for CheckThat! Task 1
Source Retrieval for Scientific Web Claims.

4.1. Dataset

The CheckThat! 2026 Task 1 is a Source Retrieval for Scientific Web Claims task. The dataset for this
consists of 10,000 English scientific papers (title, venue, abstract, authors) and social media queries
(tweets) from three language splits Table 2: German, French, and English.

4.2. Experimental Setup

All experiments are executed on Google Colab using an NVIDIA A100 GPU (40 GB HBM2). Bi-encoder
fine-tuning used mixed-precision (fp16), AdamW optimiser, batch size 32, and a linear warmup over



Table 2
Dataset Split Statistics by Language

Language Train Dev Test

German (DE) 1,460 386 876
French (FR) 2,807 702 1,220
English (EN) 14,977 3,905 6,076

10% of training steps, for 3 epochs per round. The implementation is available online on GitHub at the
following url: https://github.com/DS4AI-UPB/Awakened-CLEF2026-CheckThat.

4.3. Result

We evaluate our proposed pipeline using Mean Reciprocal Rank at 5 (MRR@5). Table 6 details the
incremental performance gains during our ablation study on the development set.
Experiment 1. Table 3 presents the BM25 hybrid retrieval, HyDE query expansion, and a small

mMiniLM cross-encoder, all using the original (not translated) queries. Feeding raw DE/FR tweets into
a BM25 index built on English text does not have a good outcome: BM25 RRF reduces DE MRR@5 by
38.5% (0.374 → 0.230) and FR MRR@5 by 43.5% (0.455 → 0.257) relative to the zero-shot baseline. HyDE
expansion partially recovers the cross-lingual signal (DE: +2.6%, FR: +23.5% over BM25 RRF), but remains
well below the zero-shot baseline for non-English languages. The mMiniLM cross-encoder further
degrades EN performance by 30.0% relative to the baseline, suggesting that a shallow cross-encoder
without translation is insufficient for this task.

Table 3
Ablation Summary for Experiment 1

Stage DE MRR@5 FR MRR@5 EN MRR@5

Zero-shot mE5-large (baseline) 0.374 0.455 0.498
+ BM25 Hybrid RRF 0.230 0.257 0.532
+ HyDE Expansion 0.236 0.317 0.537

+ Cross-Encoder (mMiniLM) 0.231 0.346 0.378

Experiment 2. Table 4 shows the results when using query translation for DE/FR tweets before
BM25, upgrading the cross-encoder to BGE-M3, and adding single-round bi-encoder fine-tuning with
BM25-mined hard negatives. Translation alone recovers the BM25 signal for non-English languages:
DE BM25 RRF improves from 0.230 to 0.366 (+59.1% over Experiment 1’s BM25), and FR from 0.257 to
0.506 (+96.9%). Adding cross-encoder reranking over the top 10 yields further gains (+16.6% DE, +24.2%
FR, +11.4% EN over the zero-shot baseline). The full Experiment 2 pipeline (i.e., fine-tuning plus BM25
hybrid plus reranker) reaches DE: 0.609, FR: 0.719, EN: 0.671, representing improvements of +62.8%,
+58.0%, and +34.7% respectively over the zero-shot baseline.

Table 4
Ablation Summary for Experiment 2

Stage DE MRR@5 FR MRR@5 EN MRR@5

Zero-shot mE5-large (baseline) 0.374 0.455 0.498
+ BM25 RRF 0.366 0.506 0.532

+ Cross-encoder reranking (top 10) 0.436 0.565 0.555
Fine-tuned dense + BM25 RRF 0.413 0.578 0.560

Full pipeline (fine-tune + BM25 + reranker) 0.609 0.719 0.671

Experiment 3. Table 5 introduces BGE-M3 as an alternative first-stage retriever. BGE-M3 natively

https://github.com/DS4AI-UPB/Awakened-CLEF2026-CheckThat


combines dense, sparse (SPLADE), and ColBERT multi-vector scores in a single forward pass. Its hybrid
score improves over the zero-shot mE5 baseline by +8.8% DE, +16.5% FR, and +9.4% EN. Ensembling
BGE-M3 with mE5-large pushes these gains to +17.6% DE, +23.7% FR, and +15.7% EN, comparable
to adding cross-encoder reranking in Experiment 2, suggesting that retriever diversity can partially
substitute for a reranker.

Table 5
Ablation Summary for Experiment 3

Stage DE MRR@5 FR MRR@5 EN MRR@5

Zero-shot mE5-large (baseline) 0.374 0.455 0.498
BGE-M3 Hybrid (dense + sparse + ColBERT) 0.407 0.530 0.545

BGE-M3 + mE5 Ensemble 0.440 0.563 0.576

X-IBIS final pipeline (Table 6) combines doc2query augmentation, two-round iterative hard-negative
mining, dense-only first-stage retrieval (BM25 dropped), BGE-M3 cross-encoder reranking (top 10), and
score interpolation. The single largest gain comes from iterative bi-encoder fine-tuning: moving from
zero-shot to the fine-tuned first-stage retriever improves MRR@5 by +51.6% (DE: 0.374 → 0.567), +50.3%
(FR: 0.455 → 0.684), and +23.9% (EN: 0.498 → 0.617). Cross-encoder reranking then adds a further +5.6%
DE, +4.5% FR, and +8.6% EN over the fine-tuned retriever alone. Score interpolation provides a small
but consistent final boost (+1.7% DE, +0.6% FR, +0.1% EN), yielding peak development set scores of DE:
0.609, FR: 0.719, EN: 0.671.

Table 6
Ablation Summary Awakened pipeline

Stage DE MRR@5 FR MRR@5 EN MRR@5

Zero-shot mE5-large (baseline) 0.374 0.455 0.498
Fine-tuned mE5-large (first-stage) 0.567 0.684 0.617
+ Cross-encoder reranking (top 10) 0.599 0.715 0.670

+ Score interpolation 0.609 0.719 0.671

Table 7 compares the best-performing configuration from each experiment. The progression from
Experiment 1 (best: HyDE, EN: 0.537) to Experiment 2 (best: full pipeline, EN: 0.671) highlights the
outsized impact of query translation and bi-encoder fine-tuning. Experiment 3’s BGE-M3 ensemble
(EN: 0.576) surpasses Experiment 1 without any reranker, but could not match the fine-tuned pipeline
of Experiment 2. The final X-IBIS system outperforms the best alternative approach (Experiment 2 full
pipeline on DE: 0.455 → 0.609, +33.8%; FR: 0.601 → 0.719, +19.6%; EN: 0.561 → 0.671, +19.6%) through
two-round iterative hard-negative mining and the stronger BGE-M3 cross-encoder.

Table 7
Experiments Comparison

Stage Method DE MRR@5 FR MRR@5 EN MRR@5

Experiment 1 HyDE Expansion 0.236 0.317 0.537
Experiment 2 Fine-tune + BM25 + reranker 0.455 0.601 0.561
Experiment 3 BGE-M3 + mE5 Ensemble 0.440 0.563 0.576

X-IBIS CE + score interpolation 0.609 0.719 0.671

To assess the robustness of our approach, we compare our final development set performance against
the official leaderboard test results in Table 8.

The difference between the dev and the test set is stable: average MRR@5 drops by only 1.2% (0.648
→ 0.640). German performance is essentially unchanged (+0.7%; 0.609 → 0.613), English declines by



Table 8
Comparison between Dev and Test results for Awakened

Set Avg. MRR@5 DE MRR@5 FR MRR@5 EN MRR@5

Dev 0.648 0.609 0.719 0.671
Test 0.640 0.613 0.664 0.644

4.0% (0.671 → 0.644), and French shows the largest drop of 7.7% (0.719 → 0.664), likely reflecting a
distributional shift in the French test queries. Overall, our solution secures the 10th place out of
37 participants on the evaluation leaderboard and 10th out of 42 on the development leaderboard,
confirming the efficacy of our multi-stage retrieval architecture.

5. Conclusion

We presented X-IBIS, a multi-stage cross-lingual scientific source retrieval system for CheckThat! 2026
Task 1. Our pipeline combines GPT-4o-mini query translation, document-side tweet augmentation,
two-round iterative bi-encoder fine-tuning with hard-negative mining, dense first-stage retrieval, and
BGE-M3 cross-encoder reranking with score interpolation.

The ablation study demonstrates that query translation and bi-encoder fine-tuning are the most im-
pactful components: fine-tuning alone improves MRR@5 by +51.6% for German, +50.3% for French, and
+23.9% for English over the zero-shot baseline. Adding cross-encoder reranking and score interpolation
further brings the total gain to +62.8%, +58.0%, and +34.7%, respectively, achieving development set
scores of DE: 0.609, FR: 0.719, EN: 0.671. Our system generalizes well to the test set (avg. MRR@5:
0.640), placing 10th out of 37 teams.

Key findings from the ablation study are: (1) lexical retrieval (BM25) is harmful for non-English
queries without prior translation; (2) HyDE expansion can partially compensate for language mismatch,
but is outperformed by fine-tuning; (3) iterative hard-negative two-round mining provides substantially
better gradient signal than single-round fine-tuning; and (4) a small 𝛼 = 0.15 interpolation of the dense
first-stage score with the cross-encoder score consistently improves the final ranking.

Future work could explore larger document augmentation budgets, adaptive reranking depth, and
fine-tuning the cross-encoder jointly with the bi-encoder to reduce the retrieval-reranking mismatch.
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