
VeriFind at CheckThat! 2026: Enhancing Numerical Claim
Verification via Fine-Tuned LLMs
CheckThat! Lab at CLEF 2026

Diana Zhang1, Xiaoying Song2,*, Mohotarema Rashid2, Anirban Saha Anik3, Junhua Ding4

and Lingzi Hong4

1Texas Academy of Mathematics and Science, University of North Texas, Denton, TX, USA
2Department of Information Science, University of North Texas, Denton, TX, USA
3Department of Computer Science and Engineering, University of North Texas, Denton, TX, USA
4Department of Data Science, University of North Texas, Denton, TX, USA

Abstract
This paper presents our system for Task 2 of the CLEF 2026 CheckThat! Lab, which focuses on test-time scaling
for numerical claim verification. The task requires ranking reasoning traces according to their usefulness in
reaching the correct verdict and producing a final verdict from the top-ranked trace. We propose TraceFT (Trace
Reasoning Verification with Fine-Tuned LLMs), a lightweight LLM-based verifier for reasoning trace selection.
TraceFT addresses this task through lightweight LLM fine-tuning: we fine-tune LLaMA-3.2-3B with Low-Rank
Adaptation (LoRA) as a binary verifier that estimates whether each reasoning trace leads to the correct verdict.
Experimental results show that TraceFT outperforms the official baselines, and our system ranked 2nd among
all participating teams on the English numerical claims task, demonstrating the effectiveness of fine-tuned LLM
verifiers for reasoning trace selection. Overall, our findings highlight the promise of lightweight LLM fine-tuning
for numerical claim verification.
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1. Introduction

The growing volume of online misinformation has increased the need for automated fact verification
systems, particularly for real-world claims that require evidence-based reasoning [1, 2]. Numerical and
temporal claims are especially challenging because they require systems to reason over quantities, dates,
statistics, comparisons, and time-sensitive evidence [3, 4]. Unlike simple factual claims, numerical claims
may be partially supported by evidence while still reaching an incorrect or misleading conclusion,
making them difficult for verification systems to assess reliably [4, 5]. These challenges motivate
verification methods that can evaluate not only the final verdict, but also the reasoning process used to
reach it.

Large language models (LLMs) have shown promise for fact verification and complex reasoning
by generating step-by-step reasoning traces, often referred to as chain-of-thought reasoning [6, 7].
However, these traces are not always correct or faithful to the model’s final answer, and prior work
has shown that LLM-generated explanations for fact-checking can be unfaithful or unsupported by the
provided evidence [8, 9]. For a given claim, an LLM may produce several plausible reasoning paths,
but only some of them may accurately support the correct verdict. This observation motivates test-
time selection methods, such as self-consistency and verifier-based selection, which generate multiple
candidate solutions and select or aggregate the most reliable output [10, 11]. Therefore, a key challenge
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is not only generating candidate reasoning traces, but also ranking them according to their reliability.
Recent work on process supervision and process reward models further supports this direction by
showing that evaluating intermediate reasoning steps can improve the reliability of multi-step reasoning
systems [12, 13].

The CLEF 2026 CheckThat! Lab is a shared evaluation effort that organizes tasks to advance multilin-
gual fact-checking [14, 15, 16]. Task 2 of the CLEF 2026 CheckThat! Lab focuses on this problem through
test-time scaling for numerical claim verification [17]. Given a claim, relevant evidence, and multiple
LLM-generated reasoning traces, systems must rank the traces based on their utility in reaching the
correct verdict and output the final verdict from the top-ranked trace.

To address this task, we propose TraceFT (Trace Reasoning Verification with Fine-Tuned LLMs), a
lightweight fine-tuned LLM verifier. TraceFT fine-tunes LLaMA-3.2-3B with Low-Rank Adaptation
(LoRA) [18] to score each reasoning trace as likely correct or incorrect. At inference time, the model
ranks all candidate traces by verifier score and selects the verdict from the highest-ranked trace. This
approach treats numerical claim verification as a reasoning trace selection problem, allowing the system
to prioritize trace quality over simple verdict frequency.

2. Related Work

2.1. Automated Fact Verification

Automated fact verification has become an important research direction for addressing the rapid spread
of misinformation. Existing systems commonly approach the problem as a pipeline involving claim
understanding, evidence retrieval, and verdict prediction [19]. Large-scale benchmarks such as FEVER
formalize this setting by requiring systems to verify claims against textual evidence and classify them
as supported, refuted, or not enough information [20]. Similarly, SciFact extends evidence-based
verification to scientific claims, where systems must identify relevant abstracts, retrieve rationales,
and predict whether the evidence supports or refutes the claim [21]. These benchmarks show that
effective fact verification requires both accurate evidence interpretation and reliable reasoning over the
relationship between claims and evidence.

Recent work has further explored the use of large language models for fact verification, especially in
settings that require multi-step reasoning. However, LLM-generated reasoning traces are not always
reliable, as they may contain unsupported assumptions, hallucinated evidence, or conclusions that
do not follow from the provided evidence. This limitation is especially important for numerical and
temporal claims, where small errors in quantities, dates, or comparisons can change the final verdict.
Test-time scaling methods address this issue by generating multiple reasoning traces and selecting the
most reliable one. For example, self-consistency improves reasoning by sampling multiple chain-of-
thought paths and aggregating their answers [10]. More closely related to our work, verifier-based
approaches rank candidate reasoning traces and select the trace most likely to lead to the correct verdict.
Our method follows this direction by treating Task 2 as a reasoning trace verification problem rather
than a direct claim classification problem.

2.2. Parameter-Efficient Fine-Tuning for LLMs

Fine-tuning large language models can improve performance on specialized downstream tasks, but full
fine-tuning is often computationally expensive and memory-intensive. Parameter-efficient fine-tuning
methods address this challenge by updating only a small subset of model parameters while keeping
most of the pretrained model fixed. LoRA is one widely used approach that injects trainable low-rank
matrices into transformer layers, reducing the number of trainable parameters while maintaining strong
task adaptation performance [18]. This makes LoRA especially useful for adapting LLMs under limited
computational resources.

The LLaMA family of models has shown strong general-purpose language modeling and reasoning
capabilities, making it a practical foundation for downstream adaptation [22]. In our work, we fine-tune



LLaMA-3.2-3B with LoRA to create a lightweight verifier for reasoning trace quality. Rather than
fine-tuning the full model, TraceFT updates only a small number of LoRA parameters, allowing efficient
adaptation to the task of distinguishing correct from incorrect reasoning traces. This design enables
our system to use LLM-based verification while remaining computationally feasible.

3. Task Overview

We participated in Task 2: Fact-Checking Numerical Claims (English) of the CLEF 2026 CheckThat!
Lab [17]. The task focuses on test-time scaling for fact verification, where systems are given a claim,
relevant evidence, and multiple LLM-generated reasoning traces with corresponding candidate verdicts.
The goal is to rank the reasoning traces according to their utility in reaching the correct verdict and to
produce the final verdict from the top-ranked trace.

Unlike earlier fact-checking settings that mainly evaluate final classification accuracy, this task
explicitly incorporates reasoning trace quality into the evaluation. For each claim, multiple reasoning
traces are generated by an LLM using different temperature settings to increase diversity, followed by a
de-duplication step to remove redundant traces. Participants are then expected to train a verifier model
that ranks these traces and selects the most reliable reasoning path for the final prediction.

Each claim is assigned one of three verdict labels:

• True: The provided evidence fully supports the claim.
• False: The provided evidence fully refutes the claim.
• Conflicting: The provided evidence is ambiguous, incomplete, or conflicting, and therefore

neither fully supports nor fully refutes the claim.

The task is especially challenging because the claims contain quantitative quantities and/or temporal
expressions. Systems must therefore reason over numerical values, dates, comparisons, and potentially
incomplete or conflicting evidence.

4. Methodology

4.1. Problem Formulation

Given a claim 𝐶 , its supporting evidence 𝐸, and a set of 𝑁 candidate reasoning traces 𝑇 =
{𝑡1, 𝑡2, . . . , 𝑡𝑁}, the task is to identify the trace that is most useful for reaching the correct
verdict. Each trace 𝑡𝑖 consists of a justification 𝑗𝑖 and an associated candidate verdict 𝑣𝑖 ∈
{True, False, Conflicting}. We formulate the task as a reasoning trace selection problem. Rather
than aggregating all candidate verdicts, the system ranks the candidate traces according to their esti-
mated reliability. The highest-ranked trace is selected as the best trace:

𝑡* = argmax
𝑡𝑖∈𝑇

𝑠𝑖

where 𝑠𝑖 denotes the reliability score assigned to trace 𝑡𝑖. The final prediction for the claim is the verdict
associated with the selected trace:

𝑣 = 𝑣*

where 𝑣* is the candidate verdict of 𝑡*. Thus, the problem requires both ranking reasoning traces and
producing the final claim-level verdict from the top-ranked trace.



4.2. TraceFT: A Fine-Tuned Verifier

We propose TraceFT, a fine-tuned LLM verifier for estimating the reliability of candidate reasoning
traces. Rather than directly predicting the final claim label, TraceFT is trained to determine whether a
given trace leads to the correct verdict.

For each candidate trace, we construct the input by combining the claim, evidence, candidate verdict,
and justification:

𝑥𝑖 = [𝐶;𝐸; 𝑣𝑖; 𝑗𝑖]

where 𝐶 is the claim, 𝐸 is the evidence, 𝑣𝑖 is the candidate verdict, and 𝑗𝑖 is the reasoning justification.
Before training, explicit label markers are removed from the justification text to reduce label leakage
and encourage TraceFT to assess the quality of the reasoning itself.

To make fine-tuning more efficient, TraceFT applies LoRA instead of updating all parameters of the
base LLM [18]. LoRA freezes the pretrained model weights and adds small trainable low-rank matrices
to selected transformer layers. Given a pretrained weight matrix 𝑊 , LoRA represents the update as a
low-rank decomposition:

𝑊 ′ = 𝑊 +Δ𝑊, Δ𝑊 = 𝐵𝐴

where 𝐴 and 𝐵 are trainable low-rank matrices. During training, only the LoRA parameters and the
classification head are updated, while the original LLM parameters remain frozen. This reduces memory
and computational cost while still allowing the model to adapt to the reasoning trace verification task.

TraceFT is trained as a binary classifier. For each trace, the binary supervision label is automatically
derived by comparing the candidate verdict 𝑣𝑖 with the ground-truth verdict 𝐿:

𝑦𝑖 = ⊮[𝑣𝑖 = 𝐿]

where 𝑦𝑖 = 1 indicates that the trace leads to the correct verdict, and 𝑦𝑖 = 0 otherwise. TraceFT outputs
a logit 𝑧𝑖, which is converted into a reliability score using the sigmoid function:

𝑠𝑖 = 𝜎(𝑧𝑖)

where 𝑠𝑖 represents the estimated probability that trace 𝑡𝑖 leads to the correct verdict.
During inference, TraceFT scores all candidate traces for the same claim independently. These scores

are used to rank the traces, and the verdict associated with the highest-scoring trace is selected as the
final prediction.

5. Experiment Setup

5.1. Dataset

For Task 2, the dataset consists of claims collected from multiple fact-checking domains. Each claim
is paired with relevant evidence and a set of LLM-generated reasoning traces, where each trace is
associated with a candidate verdict. To encourage diversity among candidate traces, the organizers
generated multiple reasoning traces per claim using different temperature settings and applied de-
duplication to remove redundant outputs. The full task dataset covers three languages: English, Spanish,
and Arabic. In this work, we focus only on the English subset. Our experiments use the provided
validation set for model development and the English test set for final evaluation.

5.2. Training and Inference

We select meta-llama/Llama-3.2-3B1 as the base model for TraceFT. LLaMA-3.2-3B was selected
over other available models in the LLaMA family due to its balance between capacity and cost. At 3B
1https://huggingface.co/meta-llama/Llama-3.2-3B

https://huggingface.co/meta-llama/Llama-3.2-3B


parameters, the model retains the general reasoning ability of the LLaMA-3 models but is still small
enough to fine-tune under our computational limitations. Additionally, the model is openly available
with instruction-tuned weights which supports the reproduction of our proposed system. TraceFT is
fine-tuned using LoRA with rank 16, alpha 32, and dropout 0.05 applied to the query, key, value, and
output projection layers. Inputs are tokenized to a maximum length of 512 tokens. We train TraceFT for
5 epochs with a batch size of 2 using AdamW with a learning rate of 1× 10−4 and 𝜖 = 1× 10−8. The
model is optimized with binary cross-entropy with logits loss, and a cosine learning rate schedule with
a 5% warmup ratio is used. Gradients are clipped with a maximum norm of 1.0. The data is split into
80% training and 20% validation using stratified sampling. The checkpoint with the lowest validation
loss is selected as the final TraceFT model. Table 1 presents the hyperparameter details.

Table 1
Training hyperparameters for TraceFT.

Hyperparameter Value

Base model meta-llama/Llama-3.2-3B
Maximum sequence length 512
Batch size 2
Number of epochs 5
Learning rate 1× 10−4

Optimizer AdamW
AdamW epsilon 1× 10−8

Loss function Binary cross-entropy with logits
Scheduler Cosine schedule with warmup
Warmup ratio 5% of total training steps
Gradient clipping Max norm 1.0
LoRA rank 16
LoRA alpha 32
LoRA dropout 0.05
LoRA target modules q_proj, k_proj, v_proj, o_proj
Random seed 42

During inference, TraceFT scores all candidate reasoning traces for each claim independently.
For each trace, TraceFT outputs a logit, which is converted into a probability score using the sigmoid
function. This score represents the estimated reliability of the trace. The traces are then ranked in
descending order by score, and the verdict associated with the highest-scoring trace is selected as the
final prediction.

5.3. Evaluation

We evaluate our system using the official evaluation methodology of the CLEF 2026 CheckThat! Lab
Task 2 [17]. The task is assessed as a combined ranking and classification problem. The quality of final
claim verification is measured using macro-averaged F1 and class-wise F1 over the True, False, and
Conflicting labels. Following the official setup, the final score is obtained by averaging the ranking
across macro-F1 and Recall@5.

5.4. Baselines

To evaluate the effectiveness of TraceFT, we compare it with three baseline systems on the English
test set. These baselines cover sparse retrieval with NLI classification, hybrid sparse–dense retrieval
with NLI classification, and zero-shot LLM prediction.

BM25 Retrieval + NLI. This baseline first retrieves the most relevant evidence sentence using BM25
keyword matching [23]. The retrieved evidence and claim are then passed to a DeBERTa-v3 NLI model
[24], which predicts one of three labels: entailment as True, contradiction as False, or neutral as



Conflicting. If no evidence is retrieved, the claim is labeled as Conflicting. This baseline tests
whether direct evidence retrieval and NLI classification are sufficient for the task.

Hybrid Retrieval + NLI. This baseline extends BM25 retrieval by combining sparse lexical matching
with dense semantic retrieval. Specifically, BM25 scores are combined with cosine similarity scores
from a SentenceTransformer encoder using equal weighting:

score(𝑒𝑖) = 𝛼 · BM25(𝑞, 𝑒𝑖) + (1− 𝛼) · cos(q, e𝑖),

where 𝛼 = 0.5. Both score vectors are normalized before combination. The highest-scoring evidence
sentence is then classified using the same DeBERTa-v3 NLI model. This baseline evaluates whether
combining lexical and semantic retrieval improves over BM25-only retrieval.

Zero-Shot LLM Classification. This baseline uses LLaMA-3.2-3B without fine-tuning. Each claim
and its evidence are formatted into a prompt, and the model is instructed to output one of the three
verdict labels: True, False, or Conflicting. Unlike TraceFT, this baseline directly predicts the claim-
level verdict and does not rank reasoning traces. It is used to measure the out-of-the-box performance
of the base LLM.

Zero-Shot LLM Classification Prompt

System message:
You are a fact-checking assistant. Given a claim and evidence, classify the claim as True, False,
or Conflicting.

Label definitions:

• True: the evidence fully supports the claim.
• False: the evidence fully refutes the claim.
• Conflicting: the evidence is ambiguous or does not clearly support or refute the claim.

User message template:
Claim: {claim}
Evidence: {evidence}

Output instruction:
Answer with exactly one word: True, False, or Conflicting.

6. Results

Table 2 reports the evaluation results of TraceFT and the baseline systems on the English test set.
Overall, TraceFT achieves the best performance among the reported systems, with an average score
of 0.4261, a macro-F1 score of 0.5988, and a Recall@5 of 0.2534, additionally ranking 2nd among
all participating teams on the official CLEF 2026 leaderboard for the English numerical claims task,
trailing the top-ranked system by only 0.0025 in average score (0.4286 vs 0.4261). Relative to the
strongest baseline (Hybrid Retrieval + NLI), this corresponds to a 0.0231 gain in average score, though
the macro-F1 margin is narrower at 0.0092. These results show that fine-tuning an LLM verifier for
reasoning trace selection is effective for numerical claim verification.

Among the retrieval-based baselines, Hybrid Retrieval + NLI performs better than BM25 Retrieval +
NLI, achieving a higher average score of 0.4030 compared with 0.3906 and a higher macro-F1 score of
0.5896 compared with 0.5668. This suggests that combining sparse lexical retrieval with dense semantic
similarity provides a modest improvement over BM25-only retrieval. Hybrid Retrieval + NLI also
improves performance on the Conflicting class, reaching an F1 score of 0.2342 compared with 0.1755
for BM25 Retrieval + NLI.



Table 2
Evaluation results of TraceFT and baselines on the English test set.

System Avg. Score Macro-F1 Recall@5 True F1 Conflicting F1 False F1

BM25 Retrieval + NLI 0.3906 0.5668 0.2144 0.6557 0.1755 0.8691
Hybrid Retrieval + NLI 0.4030 0.5896 0.2164 0.6589 0.2342 0.8757
Zero-Shot LLM Classification – 0.0708 – 0.0069 0.1686 0.0369
TraceFT (ours) 0.4261 0.5988 0.2534 0.7294 0.1788 0.8881

The Zero-Shot LLM Classification baseline performs the worst, with a macro-F1 score of 0.0708.
Its very low True F1 and False F1 scores indicate that zero-shot prompting without task-specific
adaptation is not reliable for this task. The performance of the Zero-Shot baseline here when broken
down into classes, where True F1 (0.0069) and False F1 (0.0369) are virtually zero, whereas Conflicting
F1 (0.1686) is high in comparison provides insight to its performance. This class breakdown reveals
how a foundational model struggles to commit to a definitive True or False verdict, thus defaulting to
Conflicting for most claims likely due to the fact that verification requires precise numerical comparison
of dates and quantities that the base Zero-Shot model cannot perform reliably from the prompt alone.
This highlights the importance of fine-tuning and task-specific trace-level verification.

TraceFT achieves the strongest overall performance in comparison to the evaluated baseline systems
and the best results on the True and False classes, with F1 scores of 0.7294 and 0.8881, respectively.
It also obtains the highest Recall@5 score, indicating that its verifier-based ranking is better at placing
correct reasoning traces near the top. These results suggest that TraceFT learns useful trace-level
reliability signals and can better select reasoning traces that lead to correct final verdicts.

However, the Conflicting class remains challenging. Although TraceFT improves overall perfor-
mance, its Conflicting F1 score of 0.1788 is lower than that of Hybrid Retrieval + NLI. This suggests
that ambiguous or incomplete evidence remains difficult for the verifier to identify. This weakness
remains meaningful since in real-world fact-checking scenarios, correctly identifying conflicting evi-
dence, where a claim may not be fully supported or refuted, is an important aspect of fact-checking.
Future improvements should focus on handling ambiguous evidence, improving verifier calibration,
and increasing training diversity for minority or difficult verdict classes.

7. Conclusion

In this paper, we presented TraceFT, a lightweight LLM fine-tuning approach for Task 2 of the CLEF
2026 CheckThat! Lab on numerical claim verification. We formulated the task as a reasoning trace
selection problem, where each candidate trace is scored by a verifier and the verdict from the highest-
scoring trace is used as the final prediction. By fine-tuning an LLM with LoRA, TraceFT learns trace-level
reliability signals while keeping training computationally efficient. Experimental results show that
TraceFT achieves the best performance among the evaluated systems, with an average score of 0.4261, a
macro-F1 score of 0.5988, and a Recall@5 of 0.2534. On the official leaderboard, our system ranked 2nd
among all participating teams on the English numerical claims task. Compared with retrieval-based
and zero-shot LLM baselines, TraceFT demonstrates the effectiveness of fine-tuned verifier models for
reasoning trace selection. In particular, it performs strongly on the True and False classes, showing
that the verifier can identify useful reasoning patterns from candidate traces. Despite these results, the
Conflicting class remains challenging, suggesting that ambiguous or incomplete evidence is still
difficult for the verifier to handle.

For future work, we plan to improve TraceFT in three directions. First, we will address class
imbalance through class-weighted loss, resampling, and calibration methods to improve performance
on minority classes, specifically for the Conflicting class, since it was the hardest class for our verifier
and also the most consequential class for practical fact-checking. Furthermore, we will explore giving



the verifier access to features that are more suited towards ambiguity, treating the Conflicting class as
an important class, not a residual category. Second, we will explore stronger verifier training strategies,
such as pairwise ranking losses and contrastive learning, to better distinguish high-quality and low-
quality reasoning traces. Third, we will investigate larger or more specialized LLM backbones and
longer input contexts to better preserve evidence and reasoning details. Currently, our method truncates
all inputs to the maximum sequence length of 512 tokens, which could plausibly discard portions of
longer reasoning traces or evidence sentences before they can be scored by the verifier. As such, claims
which contain multi-part lengthy evidence are the most affected. In the future, we plan to investigate
increasing the maximum sequence length to better preserve evidence and reasoning details. Finally,
we will extend TraceFT to the Spanish and Arabic subsets to determine whether or not verifier-based
trace selection transfers across languages, since our current findings are only limited to English. These
directions may further improve the robustness of fine-tuned LLM verifiers for numerical and temporal
claim verification.

Declaration on Generative AI

During the preparation of this work, the author(s) used AI tools for grammar and language refinement.
These tools were employed to refine sentence structure, correct typographical errors, and improve
overall language quality. No generative content was used for analysis, figures, or experimental sections.
After using these tool(s)/service(s), the author(s) reviewed and edited the content as needed and take(s)
full responsibility for the publication’s content.
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