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Abstract

The growing spread of misinformation, particularly claims including numerical information, has increased the
demand for trustworthy automated fact-checking systems capable of precise numerical reasoning. This paper
presents our approach to Task 2 of the CheckThat! 2026 lab on multilingual numerical fact-checking. We propose
two approaches for training a verifier to score reasoning traces generated for test-time scaling: (i) a decoder-only
LLM generative verifier fine-tuned for next-token prediction objective to score reasoning traces via Yes/No token
prediction, and (ii) an ensemble that fuses a reranker trained with listwise loss with a claim verifier trained with
weighted cross-entropy loss via Reciprocal Rank Fusion. We evaluate our approaches on three languages: Arabic,
English, and Spanish. On the test set, our generative verifier achieves a test score of 0.5876, ranking 5th on the
Arabic leaderboard, and 0.4080 on the English leaderboard, our fused reranker-verifier achieves score 0.4189 on
Spanish test set, ranking 7th. We conduct ablation experiments on development sets to investigate how model
scale, context length, LoRA adapter parameters and fusion strategy affect scores.
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1. Introduction

Automated fact verification has made substantial progress in recent years, supported by large-scale
benchmarks designed to detect and mitigate misinformation[1, 2, 3, 4]. However, the task remains
inherently knowledge-intensive, requiring reasoning over heterogeneous evidence sources to reach a
reliable verdict. This becomes especially difficult for claims involving numerical or temporal informa-
tion, where correct interpretation depends on precise quantitative reasoning rather than surface-level
semantic matching.

Motivated by recent advances in test-time reasoning for numerical fact checking[5], the CLEF 2026
CheckThat! lab [6] introduced task 2 [7], a test-time scaling setting for fact verification. Given a claim,
supporting evidence, and multiple reasoning traces generated by a large language model (LLM) each
reaching a verdict, the goal is to rank these traces by their usefulness in producing the correct verdict
and use the highest-ranked traces to derive a final prediction. The challenge is to train a verifier that
assigns scores to each reasoning trace and ranks them based on that scoring.

To address this setting, we explore two verifier-training approaches. The first is a fine-tuned decoder-
only LLM. Inspired by the recent work on generative verifiers [8], we reformulate the ranking task as
auto-regressive token generation, leveraging pretrained language understanding without architectural
modification. The second is an ensemble approach. We fuse the rankings from an encoder-based
reranker, and encoder-based claim verifier, the reranker is trained with listwise loss to score the
reasoning traces and the claim verifier is trained with a weighted cross-entropy loss to classify the
claims, and rankings from both are fused using Reciprocal Rank Fusion to produce the final traces’
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Table 1
Train set label distribution per language.

Language False True Conflicting Total

Arabic 1,444 1,164 — 2,608
English 3,717 1,175 1,508 6,400
Spanish 1,888 152 206 2,246

ranking. The final predictions are derived from the top-ranked reasoning trace for both approaches
using Best-of-N (BoN).
Our main contributions are as follows:

1. We investigate generative verifiers for multilingual numerical fact verification by reformulating
reasoning-trace evaluation as a next-token prediction problem. Our experiments show that gen-
erative verifiers fine-tuned with a cross-entropy objective can achieve competitive performance,
with Qwen3-4B [9] and Llama-3.2-3B [10] producing our strongest official leaderboard results on
the Arabic and English test sets, respectively.

2. We propose an ensemble approach that combines an encoder-based reranker trained with a
listwise ranking objective and an encoder-based claim verifier trained with weighted cross-
entropy loss. We fuse their rankings using Reciprocal Rank Fusion (RRF), obtaining higher scores
than baseline on Arabic and Spanish and better Recall in English.

3. We train and evaluate both approaches independently for English, Spanish, and Arabic, and report
comprehensive development-set ablations together with official leaderboard results.

4. We analyze the effects of model scale, LoRA rank, context length, training objective, and fusion
strategy on multilingual reasoning-trace verification, highlighting the different generalization
behavior when models are trained with different losses.

The remainder of this paper is organized as follows. Section 2 describes the task and dataset. Section
3 reviews related work. Section 4 presents our proposed methods. Section 5 details experimental setup.
Section 6 discusses results, ablations, and analysis. Section 7 concludes the paper.

2. Task and Dataset

2.1. Task Definition

The CLEF 2026 CheckThat! Lab task 2 focuses on test-time scaling for fact-verification. Given a claim
¢, a set of retrieved evidence documents D = {d, ..., d,}, and 20 reasoning traces T = {(j;, v;)} 7>,
generated by GPT-40-mini. The task is to (1) train a verification model, to select the best reasoning traces
that lead to the correct verdict. (2) predict the final claim verdict label v € {True, False, Conflicting}.
Each reasoning trace includes a predicted verdict v; and a justification j;.

Formally, a verifier model fy produces a relevance score s(t | ¢, D) for each trace ¢ € T, from which
a ranked list and final verdict prediction are derived. generative verifiers (GV) and reranker consume a
concatenated input: [claim] @ [evidence] & [verdict] @ [justification], while the claim

verifier in the fused reranker-verifier ensemble approach is not fed with the verdict.

2.2. Dataset and Metrics

The datasets consist of 8,000 English claims released in [11], 2,808 Spanish claims, and 3,260 Arabic
claims from CLEF 2025 [12], each with 20 reasoning traces and retrieved evidence. Each reasoning
trace has a final verdict, which takes one of three values True, False, and Conflicting. Exploratory data
analysis revealed that the Arabic dataset lacks the Conflicting class, and that more than half of the
data lack opposite signal traces, Table 2 shows the percentage of data samples where all reasoning



traces agreed on the same verdict, for the Arabic dataset 57.89% of the data lacks a reasoning trace with
opposing verdict, hindering pairwise-loss-based training.

Table 2
Training set statistics showing the percentage of instances where all 20 generated traces were correct, all were
wrong, or mixed.

Language All Verdicts Correct (%) All Verdicts Wrong (%)  Mixed Verdicts (%)

Arabic 48.27 9.62 42.11
English 23.83 19.67 56.50
Spanish 45.68 13.40 40.92

Trace ranking quality is measured using Recall@5. After ranking traces for each claim with the
verifier, Recall@5 is defined as

#{claims with at least one relevant trace in the top-5}
#{claims} '
where relevant trace is a trace with correct final verdict. Claim verification performance is evaluated

using Macro-F1, which is the unweighted average of the F1-score computed independently for each
claim class:

Recall@5 =

C
1
M -F1 = — E F1;
acro c 2 i

where C'is the number of classes (True, False, and Conflicting). The official leaderboard score averages
these two metrics:

Macro-F1 4 Recall@5
5 .
We observed that, for the Arabic dataset, the leaderboard computes Macro-F1 as

Score =

Flp, Flgase
Macro-F1 = True _‘2_ Fals ,

excluding the Conflicting class. We therefore use the same formulation in our experiments for
consistency with the official evaluation.

3. Related Work

Claim verification has been a core task across multiple CheckThat! editions. Task 3 of the 2025 edition
focused on numerical claim verification. The 2026 edition shifts focus to test-time reasoning trace
evaluation, introducing a two-stage paradigm where traces are generated by an LLM and evaluated
by a separately trained verifier. Fact-checking complex numerical claims often requires multi-step
reasoning, an area where standard large language models struggle due to reasoning drift. To address
this, Chungkham et al.[5] explored scaling test-time compute (TTS) to elicit multiple reasoning paths.
They introduced VerifierFC, a model trained to score and select optimal reasoning traces via BoN
selection. Their adaptive TTS approach mitigates reasoning drift and yielded substantial performance
improvements over single-shot methods, specifically 18.8% on the QuanTemp dataset[11] and 21.27%
on the ClaimDecomp dataset[13].

Recent work [8] shows that training verifiers using next-token prediction yields superior performance
compared to discriminative methods. The resulting generative verifiers align naturally with instruction
tuning and scale with model size and test-time compute.

Listwise ranking objectives have proven effective for document retrieval and re-ranking. ListMLE
[14] and ListNet [15] optimize ranking metrics directly, offering an alternative to pointwise training for



trace scoring. Reciprocal Rank Fusion [16] provides a principled method for combining ranked lists
from heterogeneous models without requiring score calibration. Our second approach integrates these
components into a unified ensemble.

4. Methodology

4.1. Approach 1: Generative LLM Verifier

Rather than appending a task-specific classification head, we fine-tune a decoder-only LLM to evaluate
the reasoning trace via next-token prediction. We structure the input sequence as * = [prompt] @
[claim] @ [evidences] @ [verdict] & [justification], where the system prompt instructs
the model to act as a fact-checking auditor evaluating the trace: “You are an expert fact-checking auditor.
Your job is to evaluate whether a previous fact-checker’s verdict and justification are correct given the
claim and retrieved documents. You only respond with Yes or No: Yes if the claim checker’s verdict and
justification are correct, No if they are incorrect.”

Based on this input, we extract the model’s unnormalized logits specifically for the “yes” and “No”
tokens. The trace verification score is defined strictly as the raw logit of the Yes token:

score(T) = Zyes

where zyes is the unnormalized logit of the Yes token. To determine the final claim verdict, we use a BoN
selection strategy, the model is fine-tuned using cross-entropy loss, where the target token is “yes”
for reasoning traces that have a correct verdict and “No” otherwise.

This reframes ranking as a generation task, leveraging pre-trained language understanding without
architectural modification. All models are fine-tuned with Low-Rank Adaptation (LoRA) [17] applied to
query, key, and value projections with o« = 2 x r.

Training Details The models were trained only on the provided datasets, without augmentation,
separately on Arabic, English, and Spanish. A shared setup between experiments is (learning rate 104,
batch size of 32-128, trained for 2-3 epochs, and optimizer is AdamW with weight decay 0.01).

4.2. Approach 2: Discriminative Reranker-Verifier Ensemble

We decompose the problem into two subtasks: trace scoring (reranker) and claim verification without
the trace (verifier). The reranker is based on mDeBERTa-v3-base. It encodes each claim, evidence set,
and candidate trace, then assigns a scalar score to it. Traces with verdict matching the gold label are
treated as positives, while the remaining traces are negatives. The reranker is trained with a compound
loss of Multi-Positive ListNet and pairwise ranking loss, with both losses having equal weights 0.5.

The claim verifier is based on XLM-RoBERTa-large. It receives only the claim and evidence, without
the generated traces, and predicts one of the verdicts: False, True, or Conflicting, the claim verifier is
trained with weighted cross-entropy loss, where the class weights are inversely proportional to the
class frequencies. At inference time, rankings from both reranker and verifier are fused via RRF.

4.2.1. Fusion Strategies
We evaluated z-score fusion, Reciprocal Rank Fusion (RRF), and logistic regression fusion. Z-score
fusion combines normalized reranker scores with verifier log-probabilities:
Si = Z(TZ) + alog Pveriﬁer(vi | ¢, D) + by, (1)
RRF combines the ranks produced by the reranker and verifier:

o Wy + Wy
k4 rank,(i) k4 rank,(i)

where k = 5, w, = 1.0, w, = 1.5, and b,, is a class-bias term.




Logistic regression fusion model is trained on reranker scores and verifier probabilities.

Training Details. LoRA fine-tuning is used for both models with rank (r = 32), the maximum
context length for reranker is 1024 and 512 for claim verifier. For Spanish and Arabic, we initialize from
the English-trained checkpoints and continue fine-tuning on the target-language data. Spanish keeps
the same three-class setup as English. For Arabic, the gold labels contain only False and True, but traces
may still contain Conflicting; therefore, we keep the three-logit verifier head for compatibility and apply
a negative Conflicting bias during fusion. All models were trained only on the provided task datasets,
without augmentation. We used AdamW with weight decay 0.01, learning rate 10~4, batch size 64-128,
bfloat16 precision, and 2-3 epochs. For Spanish and Arabic transfer, we continued from the English
checkpoints with a lower learning rate and trained for 4 epochs.

For both approaches, LoRA adapters target query, key, and value projections with o = 2 x 7.

5. Experimental Setup

Training was done on Google Colab and vast.ai machines, NVIDIA H100 (80 GB) and RTX 5090 (32 GB)
GPUs.

6. Results and Analysis

In this section, we present the results of our two approaches, followed by ablation experiments for both.

6.1. Results on Development Set

First Approach: Generative Verifier: We first fine-tuned the baseline provided by the competition
(Llama-3.2-1B with pointwise Binary Cross Entropy loss and context window 256) to serve as our
baseline on the Arabic, English, and Spanish datasets. Then, we experimented with the same model
and context window but with a generative verifier setup. Observing an increase in Macro-F1 and
Recall@5 from the generative verifier approach on the Arabic dataset, we decided to use a larger model:
Qwen3-4B. The model was fine-tuned in “non-thinking” mode by providing the /no_think token in
the system prompt. Although Qwen3-4B is substantially larger than Llama-3.2-1B, it did not consistently
improve development set performance across the three languages, which motivated us to explore other
approaches for training verifiers. We therefore trained an encoder-based reranker using a listwise
ranking loss.

Second Approach: Reranker-Verifier Ensemble: We first fine-tuned mDeBERTa-v3-base [18]
for trace scoring with Multi-positive ListNet + Pairwise ranking loss, achieving results comparable to
baseline and better than the generative verifier on development set, we experimented with training an
XLM-RoBERTa-large [19] based claim verifier and achieved similar results, so rank fusion was applied
to both rankings and it yielded better scores than either individual model, this approach achieved the
better scores than the baseline on development set in the Arabic and Spanish and close to baseline on
English, the results for both approaches and the baseline are shown in Table 3.

6.2. Official Leaderboard Results

Table 4 presents official test set results. The final submitted systems were Qwen3-4B Generative verifier
with LoRA rank 64 for Arabic, with a leaderboard score 0.5876 ranking 5th, only 0.0167 behind the first
place. For Spanish, we submitted the results of Reranker—Verifier Ensemble ranking 7th on leaderboard.
For English, fine-tuning Llama-3.2-3B with the same generative setup as Arabic yielded a slightly better
score than Qwen3-4B (0.4080 vs 0.4060) so this model was submitted for English.



Table 3

Comparison of our proposed approaches against the baseline on development sets for Arabic, Spanish, and
English.

Dev set System Recall@5 Macro-F1  Score
Baseline 0.2705 0.7921 0.5313
Arabic Qwen3-4B GV 0.2166 0.7534 0.4850
Ensemble RRF 0.2712 0.7950 0.5331
Baseline 0.2221 0.3724 0.3204
Spanish  Qwen3-4B GV 0.2030 0.3815 0.2922
Ensemble RRF 0.2579 0.4767 0.3673
Baseline 0.3031 0.5263 0.4147
English  Qwen3-4B GV 0.2664 0.4858 0.3761
Ensemble RRF 0.3076 0.5128 0.4102

Table 4
Official leaderboard results.

Language Rank System Approach Macro-F1  Recall@5 Score

Arabic 5th Qwen3-4B GV 0.8430 0.3322 0.5876
Spanish 7th Ensemble RRF 0.5920 0.2457 0.4189
English 16th  Llama-3.2-3B GV 0.5971 0.2188 0.4080

6.3. Ablation experiments

Ablations on Generative Verifier We conducted an ablation on the generative verifier approach,
comparing training with a linear head and pointwise binary cross-entropy loss (BCE) against generative
cross-entropy loss (CE) over Yes/No tokens, varying LoRA rank (r € {8, 16, 128}), context window
(256-1024 tokens), and model. Table 5 reports results.

Table 5
Approach 1 ablation on the development sets.

Model Loss r Context Arabic Spanish English

Rec@5 MF1 Rec@5 MF1 Rec@5 MF1

Context Length
Llama-3.2-1B BCE 8 256 0.2705 0.7921 0.2221 0.3724 0.3031 0.5263
Llama-3.2-1B BCE 8 1024 0.2031 0.7414 0.2052 0.3819 0.2412 0.4618
Llama-3.2-1B CE 8 256 0.2747 0.8012 0.2662 0.4001 0.3017 0.5056
Llama-3.2-1B CE 8 1024 0.2166 0.7534 0.2685 0.397 0.3012 0.5096
LoRA rank
Llama-3.2-1B BCE 128 1024 0.2769 0.8014 0.2042 0.3663 0.2436 0.4731
Llama-3.2-1B CE 128 1024 0.2209 0.7598 0.2759 0.4464 0.3083  0.5274
Model Scaling
Qwen3-4B CE 16 1024 0.2166 0.7546 0.2109 0.3936 0.3044 0.5065
Qwen3-4B CE 64 1024 0.2166 0.7607 0.2723 0.4575 0.2645 0.4875

The following findings emerge: In our experiments, increasing the backbone size from Llama-3.2-1B
to Qwen3-4B did not consistently improve performance across the three development sets. Although
Qwen3-4B achieves the highest Macro-F1 in Spanish, it underperforms Llama-3.2-1B on Arabic and
English.

Longer context windows provide limited benefits. Using a maximum context length of 1024 does not
consistently outperform a 256-token context window. For Llama-3.2-1B with LoRA rank 8, the shorter



context generally achieves better results under both BCE and CE losses. This suggests that additional
context may introduce noise that outweighs the benefit of preserving the complete reasoning trace.
Nevertheless, the concatenation of the system prompt, claim, evidence, reasoning trace, and verdict can
exceed 512 tokens, meaning that the 256-token setting may truncate part of the reasoning process.
The effect of LoRA rank depends on the training objective. Increasing the LoRA rank from 8 to 128 has
different effects under the BCE and CE objectives. Models trained with the generative CE objective
generally benefit more from larger LoRA ranks across languages, with the exception of Qwen3-4B on
the English dataset. In contrast, models trained with a linear classification head and BCE loss exhibit
mixed results, indicating that higher adapter capacity is utilized more effectively under the generative
training objective.

Overall, these results suggest that increasing model capacity alone or increasing context window, is
insufficient for consistently improving generative verifier performance.

We also analyzed fusion strategies for the second approach (Table 6). Despite z-score fusion leading
on the English and Arabic development sets. RRF achieved the strongest performance on the official
test set. We attribute this difference to the fact that z-score fusion relies on calibration parameters («,
true_bias, conf_bias) that are optimized on the development set distribution and may overfit to it.
In contrast, RRF fusion operates on ordinal ranks rather than raw score magnitudes, making it more
robust to distributional shift between development and test data.

Table 6
Approach 2 fusion ablation on Dev sets.
English Arabic Spanish

System Recall@5 Macro-F1  Recall@5 Macro-F1  Recall@5 Macro-F1
Reranker only 0.2236 0.4539 0.2394 0.4989 0.2572 0.3698
Verifier only 0.2976 0.5035 0.2757 0.5337 0.2626 0.4224
Logistic regression 0.3026 0.5000 0.2766 0.5336 0.2764 0.3801
Z-score fusion 0.2736 0.5086 0.2760 0.5347 0.2720 0.4061
RRF fusion 0.2866 0.5064 0.2712 0.5305 0.2705 0.4204

7. Conclusion and Future Work

We presented two approaches for fact-checking numerical claims through reasoning trace reranking
at CheckThat! 2026 Task 2. The first approach showed that the generative CE objective makes more
effective use of higher LoRA ranks than BCE training, with Qwen3-4B generative verifier as our
submitted system for Arabic and Llama-3.2-3B for English. The second approach showed that a
reranker-verifier ensemble fused via RRF captures complementary ranking signals, outperforming
either component alone, and outperforming generative verifier on the development set serving as our
submitted system for Spanish. On the official leaderboard, we placed 5th on Arabic, 7th on Spanish, and
16th on English.

Neither paradigm dominates consistently across all three languages and all dataset splits. Future
work includes exploring transfer learning for generative verifiers by performing aggregate fine-tuning
on the English, Arabic, and Spanish datasets, exploring data augmentation, such as generating opposite
reasoning traces for samples where all reasoning traces have the same final verdict, and exploring
pairwise training objectives.

Declaration on Generative Al

During the preparation of this work, the authors used Claude (Anthropic) and Gemini (Google) in order to
do: Identify and correct grammar errors and typos, and to rephrase sentences to improve quality. After



using these tools, the authors reviewed and edited the content as needed and take full responsibility for the
publication’s content.
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