HalluGuard: Evidence-Grounded Small Reasoning Models to Mitigate
Hallucinations in Retrieval-Augmented Generation

Loris Bergeron*!*

'Banque de Luxembourg

Ioana Buhnila*2?

2Center for Data Science in Humanities, Chosun University
3 ATILF, University of Lorraine-CNRS

Jérome Francois* Radu State?

4SnT, University of Luxembourg

Correspondence: loris.bergeron@blu.bank

Abstract

Large Language Models excel at NLP tasks
but remain prone to hallucinations, limiting
trust in real-world applications. We present
HalluGuard, a 4B-parameter Small Reason-
ing Model (SRM) designed as a guardrail
for Retrieval-Augmented Generation (RAG)
pipelines, which classifies document-claim
pairs as grounded or hallucinated in closed-
book, document-grounded settings and pro-
duces evidence-grounded justifications. Our
approach combines (i) a domain-agnostic syn-
thetic dataset derived from FineWeb and re-
fined through multi-stage curation and data ref-
ormation, (ii) synthetic grounded and halluci-
nated claims, and (iii) preference-based fine-
tuning with Odds Ratio Preference Optimiza-
tion (ORPO) to distill large-model reasoning
into a smaller backbone. On the RAGTruth
subset of the LLM-AggreFact benchmark,
HalluGuard achieves 84.4% balanced accu-
racy (BAcc), surpassing specialized models,
MiniCheck (7B; 84.0%) and Granite Guardian
3.3 (8B; 82.2%) while using roughly half their
parameters. Across the benchmark, it reaches
77.1% BAcc, surpassing larger general-purpose
LLMs such as GPT-40 (75.9%). HalluGuard
and its datasets are available on Hugging Face'.

1 Introduction

Large Language Models (LLMs) have been used
for a variety of Natural Language Processing (NLP)
tasks, achieving strong results in summarization,
text classification, and question answering (Tan
et al., 2023; Singhal et al., 2023).

However, recent research shows that Small Lan-
guage Models (SLMs) (Schick and Schiitze, 2021)
can achieve competitive results in specific tasks, es-
pecially when fine-tuned on domain-specific data.
In addition to being cost and energy efficient, SLMs
are practical in resource-constrained settings (Lep-
agnol et al., 2024) such as on-premise environ-
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Figure 1: HalluGuard Concept. In a closed-book set-
ting, HalluGuard is given a document x and a claim
c and only reasons over x to determine whether the
claim is grounded or hallucinated, and produces a
justification by citing evidence from the document.

ments, often required in the financial sector and
industries with strict compliance requirements.

However, a major remaining challenge is that
both LLMs and SLMs are prone to hallucinations,
outputs inconsistent with the input prompt or fac-
tual knowledge (Zhang et al., 2025a; Huang et al.,
2023), and are problematic in Retrieval-Augmented
Generation (RAG) (Lewis et al., 2020) pipelines,
increasingly deployed in companies due to their
ability to deliver context-aware responses.

Even when using documents, RAGs remain vul-
nerable to hallucinations (Niu et al., 2024), com-
promising trust and explainability (Ni et al., 2025).
To address this, models must be able to detect hal-
lucinations and justify their outputs with evidence
while being integrated into RAG pipelines.

Recent work emphasizes models designed for
reasoning, the ability to perform multi-step infer-
ence, follow logical chains, and provide transparent
reasoning traces (Wei et al., 2022). Small Reason-
ing Models (SRMs) are not merely SLMs run with
Chain-of-Thought (CoT) prompts. Rather, they are
trained to produce structured intermediate reason-
ing that decomposes complex tasks before generat-
ing output, often through distillation from stronger
reasoners and reward-guided training (Wang et al.,
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2025). This makes SRMs particularly well suited
for mitigating hallucinations in RAG pipelines.

Moreover, most of the previous work on halluci-
nation detection uses BERT-based classifiers (De-
vlin et al., 2019). Although effective, these models
do not provide justifications, making them unsuit-
able when explainability is mandatory.

At the same time, companies deploy custom
RAG pipelines with team-specific knowledge (e.g.,
finance) to improve business efficiency. In these
settings, users must see which passages of the re-
trieved document support or do not support a claim.

To address this gap, we propose HalluGuard,
an SRM for document-grounded hallucination de-
tection in a closed-book setting. Although Hal-
IuGuard is designed to operate within Retrieval-
Augmented Generation (RAG) pipelines, it per-
forms post-generation verification, treating the re-
trieved document as the only source of knowledge.
As shown in Figure 1, given a document z and
a claim ¢, HalluGuard only reasons over the con-
tent of x to predict whether the claim is grounded
or hallucinated, while producing an evidence-
grounded justification by citing relevant passages
of the document, fostering end-user trust.

Our contributions are threefold:

* We release HalluGuard, a 4B-parameter
Small Reasoning Model (SRM) designed
as a closed-book guardrail for Retrieval-
Augmented Generation (RAG), detecting
document-grounded hallucinations and pro-
ducing evidence-grounded justifications.

* We release HalluClaim, a large-scale synthetic
dataset derived from FineWeb (Penedo et al.,
2024) for training and evaluating document-
based hallucination detection.

* We demonstrate that HalluGuard achieves
competitive performance compared to larger
open-source and closed LLMs. Our ablation
study highlights the role of reasoning traces,
consensus filtering, and Odds Ratio Prefer-
ence Optimization (ORPO) (Hong et al., 2024)
fine-tuning in driving these gains.

2 Related Work

Mitigating hallucinations in LLMs has been ap-
proached through prompt engineering, Retrieval-
Augmented Generation, decoding strategies, su-
pervised fine-tuning, and self-reflection (Ji et al.
2023; Song et al. 2024; Tonmoy et al. 2024; Zhang

et al. 2025b). Despite extensive prior work, there
is no consensus on hallucination taxonomy, as the
distinction between hallucination and factuality re-
mains blurred (Wei et al. 2024; Mallen et al. 2023).
Bang et al. (2025) proposed a conceptual separa-
tion between intrinsic hallucination (inconsistency
with training data), extrinsic hallucination (incon-
sistency with the input context), and factuality (re-
liance on world knowledge). We adopt a document-
centric variant of this taxonomy (see Section 3).

Several benchmarks focus on hallucination and
factuality evaluation. LLM-AggreFact (Tang et al.,
2024a) and AVERITEC (Schlichtkrull et al., 2023)
provide human-annotated claims paired with evi-
dence, while FEVEROUS (Aly et al., 2021) focuses
on Wikipedia-based verification. In contrast, Hallu-
Claim is derived from FineWeb, enabling coverage
of a wider range of topics and sources.

Fact-checking models have also been proposed
for the detection of hallucinations. MiniCheck
(Tang et al., 2024a) introduced a 7B model trained
on synthetic data, highlighting the effectiveness
of compact models. IBM’s Granite Guardian
3.3 (Padhi et al., 2024), an 8B model, detects hal-
lucinations in RAG settings and provides binary
predictions with optional reasoning traces through
hybrid thinking modes. More recently, HaluCheck
(Pandit et al., 2025) applied curriculum-based
Direct Preference Optimization (DPO) (Rafailov
et al., 2023) for hallucination detection?.

Despite these advances, existing approaches do
not consistently produce evidence-grounded justifi-
cations for closed-book, document-grounded hallu-
cination detection, motivating transparent and effi-
cient reasoning-based models at a compact scale.

3 Problem Formulation

We consider a closed-book setting in which the
document z is the only source of truth to evaluate a
claim c. Under this assumption, the task is to deter-
mine the relationship ¢(z, ¢) between a document
x and a claim ¢, which can take one of three labels:

Grounded

Intrinsicyayy

if ¢ is supported by z
t(z,c) = if ¢ contradicts x

Extrinsicya, if cisnotin x

A claim is labeled Grounded when it is fully
supported by the information explicitly stated in .

2Not publicly available at the time our study was con-
ducted.
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Grounded

Intrinsic Hallucination

Extrinsic Hallucination

Document x
Apple shares hit record highs, briefly
valuing the company at $900B, after
beating Wall Street forecasts with
strong international sales.

Document x
Apple shares hit record highs, briefly
valuing the company at $900B, after
beating Wall Street forecasts with
strong international sales.

Document x
Apple shares hit record highs, briefly
valuing the company at $900B, after
beating Wall Street forecasts with
strong international sales.

Claim ¢
Apple stock hit record, valuing the
company at $900B, after beating
Wall Street expectations on
international sales.

Explanation : This claim exactly
matches information stated in x. It is
directly verifiable and fully supported.

Claim ¢
Apple shares fell sharply,
reducing the company’s valuation
below $600B, after missing Wall
Street forecasts.

Explanation : This claim directly
contradicts x's statement about record
highs and $900B valuation.

Claim ¢
Apple’s record-high share
performance was partly driven
by strong demand for the
iPhone X in emerging markets.

Explanation : The claim mentions
iPhone X and emerging markets; it
requires external knowledge to verify.

Figure 2: Examples of Relations. A grounded claim, an intrinsic hallucination, and an extrinsic hallucination.

Unsupported claims are treated as hallucinations
and divided as Intrinsicya1yy if a claim c directly
contradicts x, or Extrinsicyay1y if it introduces
information that cannot be verified from x and re-
quires external knowledge (see Figure 2).

4 Method

4.1 HalluGuard Overview

HalluGuard is a Small Reasoning Model (SRM)
for closed-book, document-grounded hallucination
detection, and it can be integrated as a guardrail in
Retrieval-Augmented Generation (RAG) pipelines.
Given a document-claim pair, HalluGuard only rea-
sons over the provided document to predict whether
the claim is grounded or hallucinated, and pro-
duces a justification by citing evidence from the
document. This design improves transparency and
user trust. HalluGuard supports two inference
modes: in the think mode, it generates intermedi-
ate reasoning traces before the final output, while in
non-think mode, it skips these traces and outputs
directly. The mode is controlled at inference time
by adding /think or /no_think to the prompt.
Our method begins with a domain-agnostic cor-
pus that has been curated for safety, quality, and
diversity (see Figure 3). The texts in this corpus are
then linguistically reformed in tone and style by the
Data Reformer (DR; Qwen3-235B-A22B (Yang
et al., 2025)) to improve cross-domain general-
ization. From these reformed texts, we generate
grounded and hallucinated synthetic claims using
the Claim Generator (CG; Qwen3-235B-A22B).
To align the model towards high-quality reason-
ing and justifications, we construct a synthetic pref-
erence dataset. For each document-claim pair, we
generate two candidate completions: one from the
Preference Generator-Large (PG-L; Qwen3-235B-
A22B) and one from the Preference Generator-

Small (PG-S; Qwen3-0.6B). We designate the out-
put of PG-L as the chosen completion and the
output of PG-S as the rejected one. This cre-
ates preference pairs that exploit the empirical
quality gap between large and small models, al-
lowing us to build a training dataset without the
need for additional human annotation. To further
improve reliability, we apply two filtering steps:
(i) model-agreement verification, in which the la-
bel deduced from the synthetic claim (from CG)
is compared with the classification produced by
PG-L; and (ii) LLM-based consensus filtering. In
this step, two Independent Evaluators (IE-1; gpt-
0ss-120B (OpenAl, 2025) and IE-2; DeepSeek-
V3.1-Terminus (DeepSeek-Al, 2024)) judge both
completions. Only pairs in which both evaluators
select the chosen completion are retained. Then,
to avoid the Small Model Learnability Gap (Li
et al., 2025), we fine-tuned a Qwen3-4B backbone
using LoRA (Hu et al., 2022) and ORPO, which
merges Supervised Fine-Tuning (SFT) and prefer-
ence alignment in a single stage (see Appendix A).

Thus, HalluGuard is an SRM for document-
grounded hallucination detection in RAG pipelines.

4.2 Structured Claim Dataset Construction

Domain-Agnostic Corpus. The performance of
LLMs depends on both the size and the quality
of the dataset (Gunasekar et al., 2023). Larger
and more diverse datasets improve generalization
by exposing models to varied contexts. We use
FineWeb, an open, domain-agnostic web corpus.
From the 10BT sample?, we retain only docu-
ments with high confidence in being in English
(language_score > (0.95) and remove exact dupli-
cates. Then, we randomly sample 300,000 docu-
ments to create the baseline dataset, Dagnostic-

Shttps://hf.co/datasets/HuggingFaceFW/fineweb
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Figure 3: HalluGuard Training Pipeline. A domain-agnostic corpus is filtered, reformed, and used to generate
three types of synthetic claims (grounded, intrinsic hallucinated, and extrinsic hallucinated). Preference data are built
via cross-model generation (Qwen3-235B-A22B and Qwen3-0.6B), model-agreement verification and LLM-based
consensus filtering are used to enhance quality and confidence. The Qwen3-4B backbone is then fine-tuned using
LoRA and ORPO to mitigate hallucinations and produce evidence-grounded justifications in RAG pipelines.

Multi-Stage Dataset Curation. We further fil-
ter Dagnostic to ensure safety, quality, and diversity,
following C4-style practices (Raffel et al., 2020).
We remove documents containing unsafe terms* or
failing quality heuristics (e.g., fewer than five sen-
tences, missing terminal punctuation, boilerplate
such as Lorem Ipsum or cookie notices, or mal-
formed text such as single tokens exceeding 1000
characters). We also discard documents shorter
than 50 words and remove near-duplicates based
on overlapping three-sentence spans to promote
diversity by eliminating redundant content, ensur-
ing a wider range of topics. The resulting dataset,
Dqlean, contains 104,966 documents.

Prompt-Guided Data Reformation. Despite
multi-stage curation, D jean remains web-centric
in style due to the nature of FineWeb. To increase
linguistic diversity and improve generalization to
non-web formats (e.g., reports, dialogues), we use
DR to rewrite each document, producing a wider
range of styles that better reflect real-world varia-
tion (Veselovsky et al., 2023; Long et al., 2024).
The reformed dataset is then:

Dreformed = {Sj(:p) (SU,T(QZ)) | HAS Dclean} (D

where j(x) is a random style from § =
{s1, s2,...,s18} defined in Appendix B, and T'(x)
the temperature sampled uniformly from [0.2,0.7].

Synthetic Claim Generation. We generate one
synthetic claim per document in Dieformed. 1O

*https://github.com/LDNOOBW

balance the classification task, we generate half
grounded and half hallucinated claims (split evenly
between intrinsic and extrinsic).

For each document x; € Dieformeds WE
ask CG to generate a claim c¢; in struc-
tured JSON format (He et al., 2024) (see Ap-
pendix C). Each claim is assigned a label ¢; €
{Grounded, Intrinsicyayy, Extrinsicyyy, } and
results in 104,966 document-claim-label triplets:

HalluClaimpyse = U{(%‘,Cz‘,t) | z; € Dy}

teC
(2)
where D; denotes the subset of document-claim
pairs corresponding to label ¢.

4.3 Preference Training Dataset Construction

Reasoning-Guided Preference Pairs. The bal-
anced dataset H alluC'laimy,se contains document-
claim-label triplets. However, our goal is not only
to classify claims correctly, but also to train models
to produce evidence-grounded justifications.

We convert HalluClaimp,se into the preference
dataset format®, where each instance comprises a
prompt and two completions: a chosen completion
and a rejected one (see Appendix D). For each
triplet of document-claim-label, we construct a
prompt P; containing: (i) task instructions defining
the Grounded, Intrinsicyay, and Extrinsicyay
labels, (ii) the document x; and (iii) the claim ¢; and
requiring classification and evidence-grounded jus-
tification in a fixed XML format (see Appendix E).

Shttps://hf.co/docs/trl/dataset_formats
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Thus, we use PG-L and PG-S, with the same
prompt P;. Each model m € {PG-L, PG-S} pro-
duces the response as follows:

R = () o

7

(m)

i

where ygm) is the predicted label, 5. is the justifi-
cation and rl(m) is the intermediate model reasoning
within the <think> tags.

Assuming that larger models perform better, we
(PG-L)
as

apply a size-based heuristic: marking R;

chosen and R§PG'S) as rejected.
For each triplet (z;, ¢;, t;) in HalluClaimpgse,

we produce preference tuples of the form:
Zi = (Pu RZ(PG_L) (chosen)7 RgPG_S) (rejected)) (4)

Model-Agreement Verification. The size-based
heuristic provides a useful starting point, but some
chosen completions may still misclassify the claim.
To correct this, we require agreement between the
synthetic label assigned by CG during claim gener-
ation and the classification predicted by PG-L. Any
tuple where the chosen label disagrees with the
synthetic label is removed. After verification, the
HalluClaimper dataset contains 87,486 tuples.

LLM-Based Consensus Filtering. To further im-
prove reliability, each tuple is independently eval-
uated by IE-1 and IE-2 using a dedicated prompt
that asks for the selection of the best completion
according to three criteria: (i) classification correct-
ness, (ii) coherence of reasoning, and (iii) clarity of
justification (see Appendix F). The models receive
the full prompt P; and completions, without being
told which one is the chosen completion.

A tuple is retained only if IE-1 and IE-2 select
the same completion that matches the chosen one.

IE—I(R) = IE_Z(B) — R(Chosen) )

)

The LLM-based consensus step removed 1,886
tuples. The removal rates were uniform between
styles (from 1.57% for dialogue to 2.90% for
social_media_post), indicating that there was no
disproportionate impact or style-specific bias.

Thus, to address the imbalance between classes
(Grounded, Intrinsicyayu, Extrinsicyan), we
implement a controlled sampling strategy. We
first determined the maximum number of sam-
ples per hallucinated class that would allow equal
representation, and then sampled twice as many
Grounded examples to maintain balance. The fi-
nal HalluClaim dataset was shuffled, leading to
76,708 high-quality preference tuples.

4.4 Preference-Based Fine-Tuning

After creating a high-quality preference dataset, we
use Qwen3-4B (Yang et al., 2025) as the backbone
for fine-tuning. Its 32,768-token context window
supports document-level reasoning, while the 4B-
parameter scale remains compact enough for on-
prem deployment. This choice also mitigates the
Small Model Learnability Gap (Li et al., 2025)
observed in models with at most 3B parameters.

Parameter-Efficient Fine-Tuning. We fine-tune
Qwen3-4B using ORPO, a fine-tuning technique
that increases the gap between chosen and
rejected completions so that the model consis-
tently favors the chosen one (see Appendix G).
Unlike DPO, ORPO performs an SFT stage during
preference alignment, without relying on a refer-
ence model. This makes training more efficient and
allows HalluGuard to accurately classify claims
while generating justifications and reasoning dis-
tilled from stronger models.

To apply ORPO in a parameter-efficient man-
ner, we use LoRA (Hu et al., 2022), which freezes
most base weights and trains only small adapter lay-
ers. This reduces memory and compute costs while
mitigating catastrophic forgetting when adapting
pre-trained models to specific tasks (Bafghi et al.,
2025). Reproducibility and fine-tuning details are
provided in the Appendices H and J.

5 Experimental Setup

Benchmark Dataset. We evaluated on LLM-
AggreFact (Tang et al., 2024a), a collection of
11 human-annotated datasets designed to assess
whether model-generated claims are supported
by evidence documents in a binary Grounded
vs. Hallucinated task across both closed-book
and grounded settings. The benchmark spans
diverse domains and incorporates real hallucina-
tions from recent LLMs. Importantly, it includes
RAGTruth (Niu et al., 2024), which is particularly
relevant to our focus on hallucination mitigation in
RAG (see Appendix K).

Evaluation Metric. Performance is measured us-
ing balanced accuracy (BAcc) (Brodersen et al.,

2010), defined as BAcc = & (TprFN + TNTEFP)

where TP, TN, FP, and FN denote true positives,
true negatives, false positives, and false negatives.
We adopted BAcc to ensure comparability with
prior work, as it was also used in the paper that
introduced LLM-AggreFact.
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. AGGREFACT TofuEval . Claim Fact Expert RAG BAcc
Model SizZe NN xSum  Medias Mee WICE  REVEAL gugl bk OA LFOA Tod ave
Bespoke-Minicheck- 7B 7B 655 778 760 783 830 88.0 753 777 592 867 840 774
Claude-3.5 Sonnet ; 676 751 734 846 717 89.1 714 778 609 856 861 772
HalluGuard-4B 4B 77 EESE 740 594
Qwen3-235B-A22B* 258 767 713 736 817 808 86.3 746 721 580 847 857 769
Granite Guardian 3.3 8B 670 749 740 786 766 89.6 759 761 596 869 822 765
Mistral-Large 2 123B 648 747 696 842 803 877 718 745 608 870 859  76.5
gpt-4-turbo-preview ) 67 765 114 799 804 87.8 676 799 592 831 853 762
pt-40-2024-05-13 ] 68.1 768 714 798 785 86.5 690 775 596 836 843 759
Qwen3-4B 4B 600 747 720 780 778 733 850 840 757
Qwen25-72B-Instruct~ 72B 63.6 730 719 804 802 88.9 700 770 60.1 843 819 756
Llama-3.3-70B-Instruct ~ 70B 687 747 695 784 766 855 674 785 583 798 826 745
Llama-3.1-405B-Instruct  405B 648 751 686 812 718 86.4 675 794 585 819 829 744
pt-do-mini-2024-07-18 - 618 736 713 797 763 85.8 698 760 583 803 816 740
QwQ-32B-Preview 2B 570 716 693 785 723 86.2 677 756 600 789 724 718
Mixiral-8x22B 176B 573 703 690 785 695 85.8 638 795 574 765 788 715
Llama-3.1-8B-Instruct 8B 547 685 711 755 720 835 65 723 518 715 736 703
GPT-3.5-Turbo - 632 724 668 T34 685 84.7 652 708 572 738 756  70.1
Qwen3-0.6B* 06B 515 647 636 710 654 85.8 648 750 583 738 655 672
Llama-32-3B-Instruct 3B 515 60.5 531 525 585 81.9 623 626 558 585 630 600

Table 1: Evaluation on LLM-AggreFact. Models are ordered by average balanced accuracy (BAcc Avg.; higher is
better). HalluGuard-4B (ours), Qwen3-0.6B, 4B and 235B-A22B were evaluated using our prompt in think mode.
All other results are taken from the public leaderboard. The higher score between HalluGuard-4B and Qwen3-4B is
shaded in dark green. Alternating grey rows improve readability. * Models used within our training pipeline.

6 Results

Evaluation on Benchmark. We evaluate classi-
fication performance by extracting predicted labels
regardless of XML validity and align HalluGuard’s
three-class output with the binary LLM-AggreFact
setting by treating both intrinsic and extrinsic hal-
lucination types as a single hallucinated class.

As shown in Table 1, HalluGuard achieves
77.1% BAcc, outperforming its Qwen3-4B back-
bone by +1.4 points (75.7) with notable gains in
AggreFact-CNN (+10.7) and ClaimVerify (+4.0).
All results use the think mode with fixed inference
parameters (see Appendix ). HalluGuard is com-
petitive with much larger general-purpose LLMs
such as Mistral Large 2 (76.5) and GPT-40 (75.9),
and outperforms Granite Guardian 3.3 (76.5) but re-
mains slightly below MiniCheck (77.4) while using
only 57% of its parameters (4B vs. 7B).

Although MiniCheck achieves a marginally
higher average BAcc, a paired permutation test on
all benchmark datasets indicates that HalluGuard
achieves a statistically significant advantage in ex-
pected BAcc (ABAcc = +0.81, p < 0.001).

Opverall, results show that our method enables a
compact backbone to rival general-purpose LLMs
and specialized models in hallucination detection.

RAGTruth Detailed Evaluation. This subset fo-
cuses on RAG settings, evaluating whether claims
are supported by retrieved documents.

HalluGuard achieves an average BAcc of 84.4%,
improving over its Qwen3-4B backbone (84.0) and
surpassing specialized models such as MiniCheck

(84.0) and Granite Guardian 3.3 (82.2), while using
roughly half of their parameters. Although the
gain in BAcc is modest, it does not fully reflect
HalluGuard’s recall on the hallucinated class.
HalluGuard achieves 84.1% recall on halluci-
nated claims, missing 203 cases, compared to 334
for Granite Guardian 3.3 (73.7), 287 for Qwen3-4B
(77.4), and 229 for MiniCheck (81.9) (see Table 2).
These results support HalluGuard’s use as an ef-
fective guardrail mitigating hallucinations in RAG.

Predicted Actual
Hallucinated Grounded
Grounded 203 12,807
Intrinsichann 466 403
Extrinsicpamn 600 1,882
Total 1,269 15,092

Table 2: Confusion Matrix. Rows show HalluGuard’s
predictions; columns show binary ground-truth labels.

Fine-Grained Hallucination Analysis. Because
RAGTruth provides only binary labels, Table 2
should be read as a behavioral analysis of Hal-
luGuard’s predictions rather than a direct evalua-
tion of subtype correctness. Among ground-truth
hallucinated instances, HalluGuard predicts
Grounded, Intrinsicyaiu, and Extrinsicyay in
16.0%, 36.7%, and 47.3% of cases. Among ground-
truth grounded instances, it predicts Grounded in
84.9% of cases; its false positives are more of-
ten Extrinsicyupy than Intrinsicya (12.5%
vs. 2.7%), suggesting greater sensitivity to unsup-
ported content than to explicit contradictions.
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Figure 4: Ablation of HalluGuard. Comparison of the full model and four variants on LLM-AggreFact.

Computational Efficiency. To compare latency
and hardware requirements, we measure inference
throughput and GPU memory usage with a vLLM
backend, a batch size of 1 on an NVIDIA A100
GPU using our prompt (see Appendix E) and each
model’s default context window.

As shown in Table 3, HalluGuard achieves an
average throughput of 120.93 tokens per second
(TPS) over 100 samples, representing improve-
ments of 49% and 68% over MiniCheck and Gran-
ite Guardian 3.3, respectively. HalluGuard requires
at most 8.1 GB of VRAM, compared to 32.2 GB
and 38.6 GB for the baselines, corresponding to a
75-79% reduction in memory footprint.

Throughput Peak VRAM
Model (TPS) (MB)
HalluGuard-4B 120.93 8,098
MiniCheck-7B 81.15 32,211
Granite Guardian 3.3 72.07 38,585

Table 3: Efficiency Comparison. Inference throughput
(tokens/s) and peak GPU memory usage across models.

On average, HalluGuard takes 10.4 seconds to
process each document-claim sample. In a RAG
pipeline, this introduces additional post-generation
latency. However, this overhead provides a critical
performance gain, as shown in Section 7.

Together with its competitive performance, these
results indicate a favorable efficiency-performance
trade-off for resource-constrained environments.

Justification Quality. Reference-based metrics
such as ROUGE (Lin, 2004) are problematic for our
task, as they do not assess factual grounding and
are poorly correlated with human judgments (Wang
et al., 2023). We therefore use G-Eval (Liu et al.,
2023b) with DeepSeek-V3.1-Terminus as evaluator.
For each document, we scored the justifications
of PG-L, HalluGuard, and PG-S on Relevance,
Consistency, Coherence (1-5) and Fluency (1-3).
Table 4 presents several disparities. Qwen3-
235B-A22B outperforms Qwen3-0.6B in all di-
mensions, while HalluGuard, although nearly two
orders of magnitude smaller, achieves comparable
scores. This suggests that ORPO transfers strong
justification behavior to a compact backbone. Flu-
ency remains uniformly high, indicating that gains
arise primarily from improved factual grounding
and reasoning rather than surface fluency. Finally,
these results show that HalluGuard can match the
quality of justification of a 235B-parameter model.

Model Rel Coh Con Flu
Qwen3-235B-A22B 489 4.63 452 3.00
HalluGuard-4B 486 440 456 2.99
Qwen3-0.6B 452 378 442 296

Table 4: G-Eval Results. Evaluation of justification
quality using four dimensions: Relevance (Rel), Coher-
ence (Coh), Consistency (Con), and Fluency (Flu).

Justification-Accuracy Alignment. We evalu-
ate whether justification quality predicts classifica-
tion reliability by computing Spearman correlations

16924



per-item (p) between G-Eval scores and classifi-
cation correctness. HalluGuard exhibits a strong
correlation between Consistency and correctness
(p = 0.527, p < 0.0001), while Qwen3-4B shows
no such relationship (p = 0.011, p = 0.6660).
This result suggests that fine-tuning better aligns
model reasoning with correct predictions, leading
to stronger justification-accuracy alignment. A
weaker but significant correlation is also observed
for Relevance (p = 0.215, p < 0.0001), further
linking HalluGuard’s improved accuracy to more
consistent and relevant justifications.

Human Alignment Evaluation. We evaluated
whether our heuristic preference construction (Sec-
tion 4.3) aligns with human judgments. We sam-
pled 100 preference tuples z; (balanced between
grounded and hallucinated claims). Two indepen-
dent NLP expert annotators compared the two com-
pletions in each tuple using the same criteria as
those used in dataset construction (classification
correctness, reasoning coherence, and justification
clarity). Annotators were blind to labels (chosen or
rejected) and saw completions in random order.

At the item level, chosen was preferred in 71
of 75 tuples with full agreement (94.7%; p =
3.4 x 10717, binomial test). At the annotation
level, 83.5% of all 200 judgments favored chosen
(p = 4.7 x 10723; see Table 5).

Overall, these results indicate that our heuristic
provides a reliable proxy for human preferences.

Pref. for chosen

94.7%
83.5%

Evaluation level

Item level (n = 75)
Annotation level (n = 200)

Table 5: Human Alignment Results. Annotators pre-
ferred the chosen completions (94.7% of the 75 fully
agreed items; 83.5% of the 200 individual judgments).

7 Ablation Study

Impact of Consensus Filtering. Applying LLM-
based consensus filtering using independent evalua-
tors (IE-1 and IE-2) to preference tuples provides a
decisive improvement. With filtering, HalluGuard
reaches 77.1% BAcc, compared to 76.0% without it
(-1.1%). Although the absolute gain appears mod-
est, its impact is substantial: without consensus fil-
tering, HalluGuard no longer remains competitive,
falling behind not only Mistral Large 2 (76.5%)
but also Granite Guardian 3.3 (76.5%). This high-
lights consensus filtering as essential for preserving
HalluGuard’s competitive performance.

Contribution of Reasoning. Disabling reason-
ing by using /no_think in the prompt leads to a
decrease in performance. In think mode, Hal-
luGuard reaches a BAcc of 77.1%, whereas in
/no_think mode the BAcc decreases to 62.2% (-
14.9%). This represents the largest drop in our
ablation study, highlighting the critical role of rea-
soning in detecting hallucinations.

This is even more marked on RAGTruth, where
reasoning improves BAcc (+29.9%), with consis-
tent gains across all other datasets (see Figure 5).

AGGREFACT-CNN

RAGTruth

AGGREFACT-XSum

LFQA TofuEval-Medias

ExpertQA TofuEval-MeetB

FactCheck-GPT WiCE

ClaimVerify REVEAL

Figure 5: Effect of Model Reasoning. Radar plot com-
paring HalluGuard in think mode (lighter blue) vs. in
/no_think mode (darker blue).

ORPO Training Strategy. Fine-tuning with SFT
alone results in a notable performance drop, with
BAcc decreasing from 77.1% to 75.0% (-2.1%).
However, fine-tuning with DPO alone, without
prior SFT, achieves a BAcc of 76.9%, outper-
forming SFT alone but still below ORPO. In gen-
eral, ORPO achieves the highest balanced accuracy
(77.1%), confirming the effectiveness of jointly in-
tegrating SFT and preference alignment within a
single fine-tuning stage.

Ablation Results. Figure 4 and Table 6 present
the results of the ablation study for HalluGuard.
The full model consistently achieves the highest
BAcc against ablated variants, demonstrating that
observed performance improvements are the result
of the association of all components.

Model Variant BAcc A

HalluGuard-4B (full) 77.1 -
w/o consensus filtering 76.0 -1.1
w/o reasoning (/no_think) 622 -14.9
SFT alone 75.0 2.1
DPO alone 76.9 -0.2

Table 6: Ablation Results. BAcc for the full model and
ablated variants. A is relative to the full model.
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8 Conclusion

We presented HalluGuard, a 4B-parameter small
reasoning model designed as a guardrail for
Retrieval-Augmented Generation, detecting closed-
book, document-grounded hallucinations while
producing evidence-grounded justifications.

Built on a domain-agnostic synthetic dataset
with multi-stage curation and preference-based
fine-tuning using ORPO and LoRA, HalluGuard
transforms a compact backbone into a model that
rivals or surpasses much larger LLMs and recent
specialized hallucination detection models. Hallu-
Guard achieves competitive performance on LLM-
AggreFact while producing justifications of compa-
rable quality to those of a 235B-parameter model.

Ablation studies demonstrate that carefully
aligned small reasoning models can offer a reliable
alternative solution for enterprise RAG pipelines,
narrowing the gap with frontier LLMs while foster-
ing end-user trust through transparent and explain-
able hallucination detection.

9 Future Work

While HalluGuard achieves strong performance,
several directions remain for future work. First, we
plan to extend its reasoning capabilities to multi-
modal settings, allowing it to verify claims against
charts and tables. This extension would improve
its applicability to a broader range of documents.
Second, we aim to optimize the length of internal
reasoning traces to reduce post-generation latency
while maintaining a favorable balance among per-
formance, scalability, and deployment constraints.
Finally, we plan to release additional variants
fine-tuned from newer pretrained backbones.

Limitations

Synthetic Data. Although multiple filters are ap-
plied, the synthetic claims used for training may
not fully capture the complexity of real-world hallu-
cinations, potentially limiting generalization when
faced with data beyond the synthetic distribution.

Hallucination Taxonomy. Multiple fine-grained
hallucination classifications can be explored, like
factual misalignment, invented world knowledge,
grammatical errors, logical failures, etc. In this
study, we used a three-label taxonomy (grounded,
intrinsic, and extrinsic). More research needs to be
conducted on other types of hallucinations accord-
ing to real world data applications.

Language and Domain Generalization. Hallu-
Guard is trained and evaluated on English data. Its
performance in other languages or domain-specific
settings (e.g., legal or finance) remains unverified.

Ethical Considerations

As with any hallucination detection model, Hal-
luGuard must be used with caution. Overflag-
ging grounded claims may reduce user trust, while
failing to detect hallucinations can lead to harm-
ful errors further down the line. For this reason,
HalluGuard should be used as a decision-support
tool rather than as a fully autonomous system and
should always be paired with human oversight. We
therefore encourage responsible deployment in sen-
sitive domains when integrating HalluGuard into
real-world RAG pipelines.
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A ORPO Objective Function

The objective function consists of the following
two components:

1. Supervised Fine-Tuning loss:

m V|

Lspr = —% Z Z yl-(k) log <pz(.k))

k=1 1=1

2. Odds Ratio loss:

dd w
Log = — logo <log Ose@/lfv))

oddsg (y|x)
where o is the sigmoid function.

Therefore, Lorpo = Lspr + ALor, where A con-
trols the pretrained language model to adapt to the
specific subset of desired output and discourages
the generation of the rejected answers. Log odds
ratio loss is wrapped in the sigmoid function so
that it can be minimized by increasing the log odds
between ¥, and y;.

B Prompt: Style Reformation

Style Instruction

paraphrase Paraphrase the following text
while retaining its original mean-
ing.

summarize Provide a concise summary of the
following text.

expand Expand on the following text by

adding more details and context.
Rewrite the following informa-
tion as a news article.

news_article

blog_post Transform the following text into
an engaging blog post.

report Convert the following informa-
tion into a formal report.

story Rewrite the following text as a
narrative story.

dialogue Transform the following text into
a dialogue between two charac-
ters.

letter Rewrite the following text as a

formal letter.
Transform the following text into
a social media post.

social_media_post

script Transform the following text into
a script for a short video or play.
interview Rewrite the following text as an

interview between an interviewer
and an expert.

Transform the following text into
a product description.

Rewrite the following text as a
review of a product or service.
Summarize the following article
into a concise news brief.
Rewrite the following content in
a formal journalistic style.
Rewrite the following text as if it
were a summary of a meeting.
Rewrite the following content as
a conversation between multiple
meeting participants.

product_description
review

news_summary
formalize_news
meeting_summary

meeting_dialogue

Table 7: Each style is randomly applied to reform
FineWeb raw data and increase stylistic diversity.

C Prompt: Claim Generation

Grounded

{
"instructions”: [

"Generate a claim that is fully
supported by the document. All relevant
parts are directly verifiable from the
document.”,

"Only return the claim as the answer.
Do not include any additional text,
explanation, or formatting."”

]!
"document”: <document>,
"answer”: ""
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Intrinsicyainy

{
"instructions”: [

"Generate a claim that contradicts what
the document states or clearly implies.”,

"Only return the claim as the answer.
Do not include any additional text,
explanation, or formatting."

]’
"document”: <document>,
"answer": ""
}
Extrinsicpaiiy
{
"instructions”: [

"Generate a claim that includes
information that is not stated or implied
in the document and cannot be verified
using only the document (it requires
external knowledge).”,

"Only return the claim as the answer.
Do not include any additional text,
explanation, or formatting.”

]y
"document”: <document>,
"answer": ""

3

D Preference Tuple: Full Example

{
"prompt”: "{
"instructions”: [
"You will be given a document and a
claim.”,
"Decide whether the claim is

"GROUNDED', 'HALLUCINATED_INTRINSIC', or
"HALLUCINATED_EXTRINSIC' based ONLY on the
document.”,

"Definitions:",

" - GROUNDED: The claim is fully
supported by the document. All relevant
parts are directly verifiable from the
document."”,

" = HALLUCINATED_INTRINSIC: The claim
contradicts what the document states or
clearly implies.”,

" = HALLUCINATED_EXTRINSIC: The claim
includes information that is not stated or
implied in the document and cannot be
verified using only the document (it
requires external knowledge).",

"Justification requirements:”,

" = Your justification MUST be
evidence-grounded."”,

" - Explicitly refer to the relevant
parts of the document (by quoting or
paraphrasing them).",

" - Explain how these parts SUPPORT,
CONTRADICT, or FAIL TO SUPPORT the claim."”,

" - Do NOT use any external knowledge;
rely only on the provided document.”,

"Answer format (VERY IMPORTANT):",

" = You MUST respond using EXACTLY the
following XML structure:"”,

n

<answer>",
<classification>CATEGORY</classification>",

" <justification>Your reasoning
here</justification>",

" </answer>",

" - CATEGORY must be ONE of: GROUNDED,
HALLUCINATED_INTRINSIC,
HALLUCINATED_EXTRINSIC.",

" - The <justification> must briefly
explain your reasoning and cite evidence
from the document.”,

" - Do NOT add any other text before
or after the <answer>...</answer> block.",

" - Do NOT add any extra tags or
attributes.”,

])
"document”: "'As I stepped into the
charming St. Blasius parish... (truncated)
"claim”: "'St. Blasius Church is over 850
years old and was built during...
(truncated) ...'",

"chosen”: [
{

"role": "assistant”,

"content”: "<think>Okay, let's tackle
this. The user wants to determine if the
claim about St. Blasius Church. ..
(truncated) ... Therefore, the claim is
GROUNDED</think>

<answer>

<classification>GROUNDED</classification>

<justification>The claim that 'St.
Blasius Church is over 850 years old and
was built

during the reign of King Stephen' is
directly supported by the document...

(truncated) ...</justification>
</answer>
}
1,
"rejected”: [
{
"role": "assistant”,
"content”: "<think>Okay, let's tackle
this. The user wants me to determine if the
claim... (truncated) ... Since the document

contradicts the claim, the claim is
intrinsically hallucinated.</think>
<answer>
<classification>HALLUCINATED_INTRINSIC
</classification>

<justification>The document explicitly
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states: 'The church itself was over 850
years old, built during the reign of King
Stephen ... (truncated) ...</justification>
</answer>
}
1

}

E Prompt: Synthetic Pair Generation

{

"instructions”: [
"You will be given a document and a
claim.”,




"Decide whether the claim is
"GROUNDED', 'HALLUCINATED_INTRINSIC', or
"HALLUCINATED_EXTRINSIC' based ONLY on the
document.”,

"Definitions:",

" - GROUNDED: The claim is fully
supported by the document. All relevant
parts are directly verifiable from the
document.”,

" = HALLUCINATED_INTRINSIC: The claim
contradicts what the document states or
clearly implies.”,

" - HALLUCINATED_EXTRINSIC: The claim
includes information that is not stated or
implied in the document and cannot be
verified using only the document (it
requires external knowledge).",

"Justification requirements:”,

" = Your justification MUST be
evidence-grounded.",

" - Explicitly refer to the relevant
parts of the document (by quoting or
paraphrasing them).",

" - Explain how these parts SUPPORT,
CONTRADICT, or FAIL TO SUPPORT the claim.”,

" - Do NOT use any external knowledge;
rely only on the provided document.”,

"Answer format (VERY IMPORTANT):",

" - You MUST respond using EXACTLY the
following XML structure:",

" <answer>",
<classification>CATEGORY</classification>",

" <justification>Your reasoning
here</justification>",

" </answer>",

" - CATEGORY must be ONE of: GROUNDED,
HALLUCINATED_INTRINSIC,
HALLUCINATED_EXTRINSIC.",

" - The <justification> must briefly
explain your reasoning and cite evidence
from the document."”,

" - Do NOT add any other text before
or after the <answer>...</answer> block.",

" - Do NOT add any extra tags or
attributes.”,

1,
"document”: <document>,
"claim”: <claim>,

]:

"document”: <document>,
"claim”: <claim>,
"RESPONSE_A": <response_a>,
"RESPONSE_B": <response_b>,
"best_response”: ""

G Reward Margin Evolution
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Figure 6: The gap between chosen and rejected com-
pletions increases over training, showing that the model
progressively learns to prefer chosen examples while
assigning lower rewards to rejected ones.

H Technical Reproducibility Details

For reproducibility, we report the experimental
setup. HalluGuard was fine-tuned for 16 hours on
a single NVIDIA H100 PCle GPU (80GB memory,
TDP 350W). Training consumed approximately
7.35 kWh, estimated using the Machine Learning
Impact Calculator (MLIC) (Lacoste et al., 2019).

F

Prompt: Consensus Filter

Experiments were conducted on a Linux server
with CUDA 12.4.1 and PyTorch 2.4.0, using de-
fault random seeds and settings.

{

"instructions”: [
"You will be given a document and a claim,
along with two responses (RESPONSE_A and
RESPONSE_B) . ",
"Evaluate which response is better based
solely on classification correctness,
coherence, clarity, and justification
quality.”,
"Your output MUST be exactly one of the
following two strings: 'RESPONSE_A' or
'"RESPONSE_B"'.",
"Do NOT provide explanations, reasoning,
punctuation, extra text, or any other
content.”,

I Inference Parameters

Parameter Non-Thinking Thinking
temperature 0.7 0.6
min_p 0.0 0.0

top_p 0.8 0.95
top_k 20 20

Table 8: Inference parameters used in our experiments,
following the recommended Qwen settings for non-
thinking and thinking modes.
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J Fine-Tuning Configuration

Parameter Value
lora_layers_attn g_proj
k_proj
vV_proj
lora_layers_ffn gate_proj
up_proj
down_proj
lora_rank 16
lora_alpha 16
lora_dropout 0
precision bfloat16
epochs 1
batch_size 2
grad_accumulation 4
effective_batch_size 8
optimizer AdamW (8-bit)
learning_rate 1x107°
Ir_schedule linear
orpo_beta 0.1
max_length 32768
max_prompt_length 32768

max_completion_length 32768

Table 9: The setup trains ~33M parameters (0.81% of
the full model) using LoRA for 1 epoch.

K Benchmark Dataset Details

LLM-AggreFact includes the following datasets:
AGGREFACT (Tang et al., 2023), a factual con-
sistency benchmark for summarization; TofuE-
val (Tang et al., 2024b), a dialogue summariza-
tion benchmark with LLM summaries annotated
for factual consistency; WiCE (Kamoi et al., 2023),
a textual entailment dataset of Wikipedia claims
and cited sources; REVEAL (Jacovi et al., 2024),
which evaluates reasoning chains in open-domain
QA with sentence-level attribution labels against re-
trieved Wikipedia passages; ClaimVerify (Liu et al.,
2023a), which assesses generative search engine
responses by verifying check-worthy sentences
against cited documents with binary factuality la-
bels; FactCheck-GPT (Wang et al., 2024), which
decomposes LLM responses to search queries into
atomic facts; ExpertQA (Malaviya et al., 2024),
consisting of expert-curated queries across 32 do-
mains where system responses are verified against
evidence documents; LFQA (Chen et al., 2023),
where LLM long-form answers conditioned on
retrieved or random documents are labeled; and
RAGTruth (Niu et al., 2024), a retrieval-augmented
generation benchmark where outputs grounded in
retrieved passages are annotated.
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