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Abstract

We present our submission to SciHal Subtask
1: coarse-grained hallucination detection for
scientific question answering. We frame hal-
lucination detection as an NLI-style three-way
classification (entailment, contradiction, unveri-
fiable) and show that simple fine-tuning of NLI-
adapted encoder models on task data outper-
forms more elaborate feature-based pipelines
and large language model prompting. In partic-
ular, DeBERTa-V3-large, a model pretrained
on five diverse NLI corpora, achieves one of
the highest weighted F1 scores on the public
leaderboard. We additionally explore a pipeline
combining joint claim-reference embeddings
and NLI softmax probabilities fed into a clas-
sifier, but find its performance consistently be-
low direct encoder fine-tuning. Our findings
demonstrate that, for reference-grounded hallu-
cination detection, targeted encoder fine-tuning
remains a competitive approach.

1 Introduction

Generative Al assistants are increasingly utilized
to produce reference-based answers in scientific
and research contexts, particularly via retrieval-
augmented generation (RAG) systems that com-
bine large language models with external knowl-
edge sources. While RAG can greatly improve fac-
tual coverage, it also introduces a critical problem:
hallucinations, wherein the model generates claims
that are unsupported or directly contradicted by
the cited references. Detecting such hallucinations
is essential for trustworthy scientific communica-
tion, yet remains a major challenge for evaluation
pipelines.

The SciHal shared task on Hallucination De-
tection for Scientific Content (Li et al., 2025),
organized at Workshop on Scholarly Document
Processing at ACL 2025, formalizes this problem
as a multi-label classification task. Given a re-
search question, a model-generated summary, and

an extracted claim, participants must determine
whether each claim is entailment, contradiction, or
unverifiable with respect to the provided reference
abstracts (Subtask 1: Coarse-Grained Detection).

In this paper, we report our approach that was
ranked fourth and share our experiments for Sci-
Hal Subtask 1. We explore three families of ap-
proaches:

1. Cross-Encoder Fine-Tuning: We adapt NLI-
pretrained encoders (most notably DeBERTa-
v3) directly on the Subtask 1 training data,
achieving a competitive score of weighted F1
(0.58).

2. Feature-Based Classification Pipelines: We
experiment with semantic similarity features
and NLI probability scores to train a classifier
for label prediction. While more computation-
ally intensive, these pipelines underperform
relative to specialized encoder fine-tuning.

3. LLM Prompting: we deploy large language
models like Qwen in a few-shot setting, which
do not yield any promising results for the
claim classification task.

Our analysis shows that among the methods
listed above, straightforward fine-tuning of an NLI-
adapted encoder yields the best performance on
the task test dataset. We conclude that, for coarse-
grained hallucination detection, simpler encoder-
only architectures might be an efficient choice.

2 Related work

Automatic verification of factual consistency has
attracted intense attention in recent years, reflecting
a surge of methods and datasets devoted to achiev-
ing this goal (Li et al., 2022). Within the scientific
domain, this research tradition is grounded in claim-
verification datasets such as SciFact (Wadden et al.,
2020) and follow-up shared tasks like SCIVER
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(Wadden and Lo, 2021). The NAACL SCIVER
scaled verification to a 5 M-abstract corpus, Sys-
tems had to retrieve evidence and assign support or
refute labels. All top-3 teams combined sparse
retrieval with domain specific BERT-family en-
coders like SciBert (Beltagy et al., 2019a), BioBert
(Lee et al., 2020) and Roberta (Liu et al., 2019).
Recent developments (Mor-Lan and Levi, 2024)
(Sankararaman et al., 2024) show that NLI cross-
encoders demonstrate the ability to discern factual
claims from non-factual ones given evidence. NLI
is the task of determining whether a "hypothesis"
text can be inferred (entailment), contradicted (con-
tradiction), or is undetermined (neutral) from a
"premise" text. NLI cross-encoders (Mor-Lan and
Levi, 2024) are a natural fit for scientific claim
verification because their label space: entailment,
contradiction, and neutral is isomorphic to the sup-
port, refute, unverifiable taxonomy used in SciFact,
SCIVER and SciHal Subtask 1, so no label remap-
ping is required.

3 Data

The dataset is a claim-level annotated benchmark
designed to measure factual correctness and hal-
lucination detection quality in scientific RAG sys-
tems. Data was originally sourced from logs of a
scientific research assistant tool. 50,000 samples
were collected over one week. Organizers used an
LLM to classify user questions by domain, ensur-
ing completeness and correctness, and filtered out
non-English texts.

Given the feasibility of employing subject matter
experts (SMEs) for annotation, the dataset authors
included texts from multiple domains: Engineer-
ing, Environmental Science, Medicine, Agricul-
tural and Biological Sciences, and Computer Sci-
ence. All questions were rewritten using an LLM,
after which human annotators removed confidential
or commercial information. This process yielded
a refined dataset of 500 samples. Organizers then
used a RAG scientific research assistant to retrieve
20 relevant article abstracts for each question. Fi-
nally, they generated answers and extracted claims
with corresponding references.

To balance class distribution, the authors
prompted an LLM to synthetically falsify claims.
They modified 75% of samples by corrupting
claims according to predefined fallacy types (for
Sub-task 2), while maintaining class balance. The
resulting dataset was manually verified and anno-

tated by SMEs. This methodology ensured only
25% of samples were marked as entailment, with
other classes each representing less than 10% of
samples. Synthetic corruption also reduced manual
annotation costs.

In the first annotation round, one SME validated
samples within their domain, establishing baseline
human annotations. Samples where both the LLM
and SME agreed formed Batches 1 and 2. The re-
maining samples were annotated by a second SME.
To achieve consensus, a third SME made final label
decisions after reviewing justifications from prior
annotators. This process improved the quality and
challenge level of Batch 3 and the test set. The
resulting Batch 2 (that also includes Batch 1 data),
Batch 3 and test set contain 2092, 1500 and 1000
samples accordingly. Each record contains: the
original question, the Al-generated answer, one or
more claims (extracted from the answer), one or
more references (article abstracts from the RAG
tool), a label (for training sets only; three-class
scheme: entail, unver, contra) and justification
(SME reasoning for the label; training sets only).

4 Experiments

We approach this task as a pure classification prob-
lem, namely we view it as a NLI task. All three
NLI labels are identical in their sense to the labels
provided in the training data of this task.

Given limited time and resources, we train three
groups of models. The choice of BERT-like mod-
els fine-tuned for the NLI task is intuitive, since
the labels we need to predict are directly used in
NLI. To test a more complicated pipeline, we train
a classification model on features extracted from
the data: cosine similarity scores for the embedded
claims and references and probabilities for NLI
classes. The third group is LLM-based: we prompt
Qwen3-8B ! to predict the labels with two exam-
ples for each class taken from the training set. The
resulting scores can be found in Table 1.

4.1 BERT-based Models

We fine-tune four BERT-based models on the train-
ing data provided by the organizers. To adapt the
standard NLI annotation scheme, we map the tra-
ditional NLI neutral label to the unverifiable label
used in this task. Each model has been previously
fine-tuned on multiple generic NLI datasets.

"https://huggingface.co/Qwen/Quen3-8B
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Model F1 Weighted
BERT-based

SciBERT-NLI 0.35
ModernBERT-base 0.56
ModernBERT-large 0.57
DeBERTa-NLI 0.58
Classifiers

SciBERT + DeBERTa-NLI 0.34
SciBERT-FT + DeBERTa-NLI 0.51
Few-shot LLMs

Qwen3 8B 0.45

Table 1: F1 weighted scores reported on the public
leaderboard for various approaches.

* SciBERT-NLI (Beltagy et al., 2019b)?: Cho-
sen for its domain-specific vocabulary and
prior adaptation to scientific NLI.

* ModernBERT-NLI (Sileo, 2024): Built on
the ModernBERT architecture, supports long
contexts (up to 8 192 tokens) and trained on a
blend of NLI corpora.

* DeBERTa-V3-large-NLI (Laurer et al.,
2023)*: Pre-fine-tuned on over 800 k hypothe-
sis—premise pairs, yielding the strongest per-
formance on the leaderboard.

4.2 Classification Models

To capture richer signals from NLI models, we
construct a secondary pipeline that treats NLI out-
puts and embedding similarities as features for a
downstream classifier:

1. Embedding Similarity. Embed each claim
and each reference abstract with SciBERT
(chosen for its scientific domain fit) and com-
pute their cosine similarity.

2. NLI Probabilities. Run DeBERTa-V3-large-
NLI on each (reference, claim) pair and col-
lect the softmax probabilities for entailment,
contradiction, and unverifiable.

3. Feature Concatenation. Concatenate the co-
sine similarity scores and NLI probabilities
into a single feature vector for each claim.

2https://huggingface.co/gsarti/scibert—nli
3https://huggingface.co/MoritzLaurer/
DeBERTa-v3-large-mnli-fever-anli-ling-wanli

4. CatBoost Classification. Train a CatBoost
classifier (Dorogush et al., 2018) on these fea-
ture vectors to predict the three coarse-grained
labels.

We also experiment with fine-tuning SciBERT
on the claim-reference classification task prior to
feature extraction. In this variant, we:

* Extract [CLS] embeddings from the fine-
tuned SciBERT model for every claim and
reference.

* Recompute cosine similarities using these
task-adapted embeddings.

* Apply the same CatBoost pipeline with
DeBERTa-NLI probabilities.

This enhanced feature pipeline improves over the
vanilla version, but still underperforms compared
to direct fine-tuning of DeBERTa for Subtask 1.

4.3 Embedding Visualization

To assess whether our joint (reference, claim)
embeddings capture class-discriminative structure,
we computed [CLS] vectors from our fine-tuned
SciBERT-NLI model for each claim-reference pair
and aggregated them by mean. We then measured
the silhouette score on these high-dimensional em-
beddings (silhouette = 0.0885), indicating poor
cluster separation. A 2D t-SNE projection (Fig-
ure 1) further confirms that the three classes (en-
tailment, contradiction, unverifiable) do not form
well-separated clusters. This suggests that even
with task-specific fine-tuning the learned embed-
ding space may not suffice for clear, unsupervised
clustering of hallucination types.

44 LLMs

For the LLM setting, we apply the Qwen3-8B
(Yang et al., 2025) model with few-shot demonstra-
tions per class (entail, contra, unver) drawn from
the training set. Each inference prompt consists of
a question, an answer, a claim and 2 references sep-
arated by [SEP] tokens. We evaluate Qwen3-8B
only with non-thinking mode. The prompt template
can be found in Figure 2.

5 Error analysis

We conduct a qualitative error analysis on a de-
velopment set comprising 360 samples (10% of
the training data). Table 2 presents the classifica-
tion performance of the DeBERTa-V3-large model
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Figure 1: t-SNE projection of joint (reference, claim)
embeddings from the fine-tuned SciBERT-NLI model,
colored by true label (entailment, contradiction, unveri-
fiable). The lack of well-separated clusters corroborates
the low silhouette score.

fine-tuned for one epoch. The majority of errors in-
volved confusion between the entailment and unver-
ifiable classes, with unverifiable often incorrectly
classified as entailment (32.58% of all misclassi-
fications). This indicates that the model tends to
assume textual support even in uncertain scenarios.

Class Precision Recall F1  Support
Unver 0.73 0.60  0.65 89
Contra 0.84 082 0.3 137
Entail 0.70 079 074 134
Accuracy 0.76 360
Macro Avg 0.75 0.74 0.74 360
Weighted Avg 0.76 076  0.75 360

Table 2: Fine-tuned DeBERTa-V3-large model (scores
on the development set).

contra

0% 37% 35%

entail

Output Class

unver

unver

entail

contra

Target Class

Table 3: Misclassification matrix of DeBERTa-V3-large
(counts).

Table 3 illustrates specific error patterns, em-
phasizing that misclassifications predominantly in-
volve confusion between entailment and unverifi-
able. This suggests that improving the model’s dis-
crimination between supported and uncertain state-
ments could substantially enhance performance.

We also evaluated the CatBoost-based pipeline
with similarity and NLI features, which demon-
strated notably lower performance (weighted F1:
0.57 on the development set), primarily due to in-
creased confusion across classes, particularly be-
tween contradiction and entailment.

Additionally, we assessed the Qwen model,
which exhibited a significantly higher error rate
(43.4%) on a similar development set. The Qwen
model predominantly confused contradiction with
entailment and vice versa, highlighting fundamen-
tal issues in distinguishing these classes effectively.
This suggests that the Qwen model requires further
adaptation or training enhancements to reliably de-
tect textual support and contradiction in scientific
contexts.

Some classification examples can be found in
Table 4.

6 Results

The resulting weighted F1 scores on the public
leaderboard are shown in Table 1. The most effi-
cient and highest-performing approach is simply
fine-tuning NLI-adapted encoder models on the
task’s training data. Interestingly, DeBERTa-v3 (re-
leased in 2022 and fine-tuned on five diverse NLI
datasets) outperforms the newer ModernBERT, de-
spite the latter having seen a much larger set of NLI
pairs. Our fine-tuned DeBERTa model therefore
ranks fourth on the public leaderboard for Subtask
1.

By contrast, more elaborate pipelines that ex-
tract features via embeddings and NLI probability
outputs incur substantial computational overhead
and still underperform compared to direct cross-
encoder fine-tuning.

Similarly, in-context learning with LLM that
we evaluated, while a popular choice, is markedly
more expensive to run and achieves lower F1 scores
than the smaller, specialized encoder models.

These results resurface the importance of task-
specific transfer learning and highlight the role of
training data quality over multi-domain generaliza-
tion abilities of a model.
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« Else =+ "unver".
Return ONLY one of: entail | contra | unver

FEW_SHOT_BLOCK

Question: {row.query.strip()}
Answer snippet: {answer_snippet}
Claim: {row.claim.strip()}
References: {refs}

Label:

You are a scientific claim validator for the SciHal task.

Given (1) Question, (2) Claim, (3) References (abstracts)

decide which label applies following the decision tree:

« If the paragraph is not well-formed filler = output "unver”.

« Else, if claim is ENTIRELY supported by 1 abstract AND not contradicted by any other =+ "entail”.
+ Else, if claim is DIRECTLY contradicted (different number/entity/relation) = "contra”.

Figure 2: Prompt template used for Qwen3-8B.

7 Conclusion

We have addressed the challenging problem of
coarse-grained hallucination detection in scientific
question answering by framing it as a three-way
NLI task (entailment, contradiction, unverifiable)
on retrieved reference abstracts. We evaluated
a range of methods—from simple encoder fine-
tuning (SciBERT, ModernBERT, and DeBERTa-
V3) to more elaborate feature-based pipelines com-
bining joint claim-reference embeddings and NLI
softmax scores, as well as few-shot prompting of
large language models. Our experiments demon-
strate that direct fine-tuning of an NLI-adapted
cross-encoder, and in particular DeBERTa-V3-
large, offers competitive accuracy in solving the
hallucination detection task, achieving fourth place
on the public leaderboard for SciHal Subtask 1.
The modest performance of unsupervised embed-
ding clustering and the underwhelming results of
more complex pipelines underscore the inherent
difficulty of reliably detecting scientific halluci-
nations without explicit supervision. Our findings
reaffirm that, despite the task’s complexity, targeted
cross-encoder fine-tuning remains an effective strat-
egy for reference-grounded hallucination detection.

8 Limitations

While our study demonstrates the strong perfor-
mance of NLI-adapted cross-encoder fine-tuning
for coarse-grained hallucination detection, several
limitations remain:

* Model diversity. We evaluated a relatively
small set of encoder models (SciBERT, Mod-
ernBERT, DeBERTa-V3). Exploring addi-
tional architectures, especially lighter or mul-

tilingual encoders, may yield further gains.

* Data scale. Although our training splits are
carefully annotated and of high quality, the
overall dataset remains modest in size. Larger
or more varied annotated corpora could im-
prove robustness and generalization.

* LLM fine-tuning. We only tested few-shot
prompting of large language models. With
task-specific fine-tuning and structured-output
prompts (e.g. chain-of-thought templates),
LLMs may ultimately surpass encoder-only
approaches, at the expense of greater compu-
tational cost.
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Claim Justification DeBERTa | CatBoost | Qwen | True Label
Common Antibiotics The claim generalized entail entail entail contra
Detected: Studies have | that all water sources

identified various are likely contaminated

antibiotics in water with various antibiotics;

sources, including howeyver, the cited

tetracyclines, references specifically

sulfonamides, and mentioned

quinolones, suggesting | contamination only in

that all water sources engineered aquatic

are likely contaminated | environments.

with these substances at

harmful levels [2, 3, 4].

Determination of The claim and the unver entail entail entail
Optimal Conditions: experimental data

Use the model to should fit a second-order

determine the optimal polynomial model with

conditions that a high R, aligning with

maximize the desired the methodologies and

responses. For example, | results described in the

optimal conditions reference.

might include specific

temperature, time, and

solvent concentration

that yield the highest

antioxidant activity [1,

2,35 6].

Heat Stress and Diet Both the claim and entail contra unver unver

Composition: The
Temperature-Humidity
Index (THI) significantly
impacts both water
intake and DMI in dairy
cows, with higher THI
leading to increased
water intake and
decreased DMI [3].
Although this study
focuses on cows, similar
effects can be expected
in goats, suggesting that
environmental
conditions and diet
composition are crucial
factors in managing
water and dry matter
intake.

reference address how
heat stress affects diet
composition of
livestock. The reference
correlates it with
lactating dairy cows.
However, the claim
implies that goats can
have similar affects
which the reference did
not mention.

Table 4: Classification examples from the development dataset.
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