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Abstract

Retrieval-augmented generation (RAG) em-
powers large language models (LLMs) with
external knowledge but remains vulnerable
to faithfulness hallucinations—answers that
contradict retrieved evidence. We introduce
RADAM, a lightweight post-processing frame-
work that mitigates this issue via fine-grained
hallucination detection and guided revision.
RADAM leverages a single diagnostic critic,
optimized via preference tuning on taxonomy-
guided data, to generate structured critiques
encompassing both precise error spans and ex-
plicit revision suggestions, which guide the
base model toward more faithful outputs. Ex-
periments on real-world datasets demonstrate
that RADAM consistently achieves the low-
est average hallucination rate across the eval-
uated methods, while largely preserving re-
sponse quality and achieving out-of-domain
performance comparable to enterprise-grade
LLMs.

1 Introduction

Recent studies have shown that large language mod-
els (LLMs) are unable to directly access up-to-date
knowledge (Xu et al., 2025). To address this limi-
tation, retrieval-augmented generation (RAG) has
emerged as a popular paradigm that supplements
LLMs with external knowledge bases (Fan et al.,
2024). However, RAG systems introduce new chal-
lenges, among which faithfulness hallucinations
has gained increasing attention (Huang et al., 2025;
Ji et al., 2023). Faithfulness hallucinations refers
to cases where the model’s output contradicts the
retrieved context, undermining the reliability of the
generated response (Ladhak et al., 2022; Madsen
et al., 2024). The importance of mitigating such
hallucinations has been widely recognized in exist-
ing research (Chuang et al., 2024b).
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Figure 1: The examples of our RADAM.

While faithfulness hallucinations may be tolera-
ble in general-purpose applications, they are unac-
ceptable in high-stakes domains such as medicine
and law, where even minor inaccuracies can have
serious consequences (Xia et al., 2025; Pipitone
and Alami, 2024). Alarmingly, as LLMs become
more powerful, the severity of faithfulness halluci-
nations does not decrease but tends to worsen. For
instance, according to the hallucination leaderboard
provided by Vectara', the DeepSeek-R1 model
exhibits a factuality hallucination rate as high as
11.3%. This highlights the urgency and importance
of addressing this critical issue.

Research on mitigating faithfulness hallucina-
tions in RAG systems remains an open challenge,
with most existing work focusing primarily on hal-
lucination detection. Current mitigation strategies
can be categorized into three main approaches,
namely decoding-time detection, RL-based align-
ment, and post-hoc correction. Each of these ap-
proaches faces its own limitations in terms of effi-
ciency, reliability, or practicality.

Inspired by how humans revise errors—by ex-
plicitly pinpointing mistakes and formulating tar-
geted fixes before rewriting the text—we propose

1ht’cps: //github.com/vectara/
hallucination-leaderboard

33507

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 33507-33527
October 24-29, 2026 ©2026 Association for Computational Linguistics


https://github.com/vectara/hallucination-leaderboard
https://github.com/vectara/hallucination-leaderboard

a novel post-processing framework for faithful-
ness hallucination mitigation (Figure 1). Specif-
ically, rather than relying on complex multi-model
pipelines, we employ a single small language
model (SLM) to simultaneously generate structured
detection results and explicit revision suggestions,
which are then passed to the base LLM for faithful
response generation.
Our contributions are summarized as follows:

1. We establish a fine-grained taxonomy of
faithfulness hallucinations and introduce a ro-
bust data synthesis pipeline via multi-model
consistency filtering to construct high-quality
datasets.

2. We propose RADAM, a lightweight post-
processing framework that optimizes a single
small language model to generate structured
critiques—encompassing accurate detection
labels, precise error spans, and explicit revi-
sion suggestions—for guided self-correction.

3. We demonstrate that RADAM consistently
achieves the lowest hallucination rates
across all evaluated benchmarks, outper-
forming existing mitigation methods while
largely preserving response quality.

2 Related Work

2.1 Taxonomy of Hallucination

To effectively address the hallucination problem in
natural language generation, establishing a compre-
hensive taxonomy is crucial. Previous surveys gen-
erally classify hallucinations into broad categories.
For instance, Ji et al. (2023) and Ye et al. (2023)
distinguish between intrinsic hallucinations (which
contradict the source content) and extrinsic hallu-
cinations (which are unverifiable by the source).
Alternatively, Zhang et al. (2025) categorize them
based on the locus of the conflict: input-conflicting,
context-conflicting, and fact-conflicting.

2.2 Faithfulness Hallucinations Detection

There are two main approaches to detect faith-
fulness hallucinations in LLM-generated outputs:
NLI-based post-hoc detection and LLM-based post-
hoc.

NLI-based post-hoc detection frames the task as
entailment classification between retrieved context
and output. Vectara trains a custom NLI model
(Li et al., 2024) matching GPT-40’s performance.

Luna (Belyi et al., 2025) uses a DeBERTa-based
model fine-tuned on GPT-4 annotations to balance
efficiency and context handling. LettuceDetect
(Kovacs and Recski, 2025) improves robustness
with enhanced long-document processing.

Conversely, LLM-based post-hoc detection
leverages the strong reasoning and generalization
capabilities of language models, shifting the fo-
cus from simple binary classification toward in-
terpretable diagnostics. For example, RAG-HAT
(Song et al., 2024) trains a specialized detection
model to not only output hallucination labels but
also provide detailed, human-readable descriptions
of information conflicts. Similarly, FaithLens (Si
et al., 2026) addresses the high inference costs typ-
ically associated with advanced LLM judges by
synthesizing high-quality training data to train a
compact, cost-efficient detector. FaithLens jointly
outputs binary predictions and coherent explana-
tory rationales, allowing users to precisely localize
errors without relying on opaque or expensive com-
mercial APIs.

2.3 Faithfulness Hallucination Mitigation

To address the challenge of hallucinations in
retrieval-augmented generation (RAG), various ap-
proaches have been proposed, broadly categorized
into decoding-based, reinforcement learning-based,
and post-processing methods.

Decoding-based approaches have proven effec-
tive in mitigating faithfulness hallucinations by en-
couraging the model to adhere closely to retrieved
context. For instance, Lookback-Lens (Chuang
et al., 2024a) mitigates hallucinations by analyzing
and adjusting attention maps, while Redeep (Sun
et al., 2025) applies targeted interventions on the
internal hidden states of the LLM. However, these
methods often lack interpretability and require ac-
cess to internal model states.

Reinforcement learning (RL)-based approaches
aim to align generation with context by optimizing
faithfulness-related rewards (Zhang et al., 2024).
However, standard optimization paradigms intro-
duce a fundamental dilemma. As demonstrated
by Kalai et al. (2026), evaluating and optimizing
LLMs strictly for structural accuracy and helpful-
ness inadvertently incentivizes unfaithful outputs.

Post-processing methods offer a more inter-
pretable and modular alternative. For instance,
RAG-HAT (Song et al., 2024) explores this by train-
ing a dedicated detection model alongside a sepa-
rate small model that receives revision suggestions
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to amend the answer. Similarly, RAGLens (Xiong
et al., 2026) utilizes a Sparse Autoencoder (SAE)
detector to extract hallucinated spans and returns
them to the original generation model for correc-
tion. In contrast, we train a single, lightweight
diagnostic model to generate both accurate detec-
tion results and detailed, structured revision data,
improving both efficiency and effectiveness.

3 Hallucination Taxonomy

We inherit and further expand the taxonomy from Ji
et al. (2023) and Ye et al. (2023), providing a more
detailed analysis of the hallucination problem.

3.1 Categorization Framework

Our taxonomy classifies faithfulness hallucinations
into five primary dimensions based on the logical
relationship between the generated text and the re-
trieved context. The detailed categorization and
task-specific manifestations are summarized in Ta-
ble 1.

The five categories encompass the full spectrum
of generation failures. Direct Contradiction and
Internal Inconsistency represent the most explicit
logical failures. Baseless Information captures ex-
ternal knowledge intrusion, where the model incor-
porates unverified details. Distortion of Context re-
flects semantic drift, where the model cannot fully
grasp the context correctly. Finally, Compromised
Rigor captures subtle nuances where the generation
is not strictly false but lacks the necessary precision
to be deemed fully reliable.

3.2 Task-specific Manifestations

A key contribution of this taxonomy is the isolation
of task-specific error patterns. Because Summary
and QA tasks impose different constraints on the
generation process, the models exhibit divergent
hallucination behaviors.

In Summary tasks, the model is tasked with syn-
thesizing broad information. Consequently, Base-
less Information frequently manifests not only as
the introduction of unsubstantiated entities but also
through subjective inferences regarding a charac-
ter’s emotions or thoughts—a pattern less preva-
lent in rigid QA settings. Furthermore, summaries
are uniquely susceptible to Compromised Rigor
through a Subjective-to-Objective Shift, where a
model mistakenly elevates a speculative opinion
mentioned in the text to an established objective
fact, or through the unauthorized Modification of

Constraints that artificially alters the validity scope
of the retrieved information.

In contrast, in QA tasks, the model must extract
and route precise answers. Here, Compromised
Rigor predominantly takes the form of Inappropri-
ate Granularity, where the generation is either too
vague or excessively detailed to adequately address
the specific query. In particular, under Distortion
of Context, QA tasks exhibit two unique failure
modes. The first is a fundamental misunderstand-
ing of the context and intention of the question.
Second, is the phenomenon of Unwarranted Re-
fusal; due to overly conservative alignment train-
ing, a model may falsely claim the retrieved context
is insufficient to answer the query, even when the
exact evidence is present. This unhelpful rejection
represents a critical erosion of system utility in
RAG pipelines.

4 Method

4.1 Framework Overview

RADAM aims to mitigate hallucinations in Re-
trieval Augmented Generation (RAG) through a
Small Language Model (SLM). As shown in Figure
2 The framework consists of three primary stages:
Initial Generation, Fine-Grained Diagnosis, and
Critique-Driven Revision.

Formulation and Notation: Given a user
query ¢ and a set of retrieved documents D =
{di,da,...,dy}, we define the context C' as the
composition of the query and the document set.
Typically, the base language model, denoted as
Mpase, generates an answer directly conditioned
on C'. To prevent potential hallucinations and cor-
rect them at a fine-grained level, we introduce a
lightweight diagnostic model, Mg,,,;;. The overall
workflow proceeds as follows:

1. Initial Generation: The base model M},
first generates a preliminary answer ag based
on the query and context:

apg = Mbase(o)

2. Fine-Grained Diagnosis: The initial answer
ag, along with ¢ and C, is fed into the diagnos-
tic model M,,q;;. Instead of a simple textual
feedback, M, is trained to output a struc-
tured JSON response consisting of three com-
ponents: a boolean label y € {True, False}, a
revision array R, and a validation note v.

(y7 R7 ’U) = Msmall(07 aO)
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Category

Summary Task

QA Task

Direct Contradiction

The generation presents direct contradiction or opposition to the retrieved document.

Baseless Information

The response includes information which is not

substantiated by or reasonably inferred from

the document. Key manifestations:

[B1] Introduction of unsubstantiated entities.

[B2] Unsubstantiated abductive inference with
unwarranted causal attribution.

[B3] Subjective inference of characters’ emo-

The response includes information which is not

substantiated by or reasonably inferred from

the document. Key manifestations:

[B1] Introduction of unsubstantiated entities.

[B2] Unsubstantiated abductive inference with
unwarranted causal attribution.

tions or thoughts.

Internal Inconsistency

The generation is self-contradictory, containing conflicting statements within its own text.

Distortion of Context

Failure to fully grasp the context, resulting in:
[D1] Omission of key information or details.
[D2] Alteration of key information or details.

Failure to fully grasp the context, resulting in:

[D1] Omission of key information or details.

[D2] Alteration of key information or details.

[D3] Misunderstanding the question context
and intention.

[D4] Unwarranted refusal to answer or false
claims of absent information (despite suf-
ficient evidence).

Compromised Rigor
reader:

[C1] Presenting a character’s subjective opin-
ion as an established objective fact.

Lacks precision, potentially misleading the

Lacks precision, potentially misleading the

reader:

[C3] Too general or too specific to adequately
address the question.

[C2] Unauthorized alteration of qualifiers or

scope of validity.

Table 1: The proposed fine-grained taxonomy of faithfulness hallucinations. General errors (Direct Contradiction,
Internal Inconsistency) are unified, while task-specific manifestations are detailed for Baseless Information, Distor-

tion of Context, and Compromised Rigor.

Specifically, if y = True (hallucination de-
tected), 12 contains a list of specific halluci-
nated points, violation reasons, and targeted
revision suggestions, while v is left empty.
If y = False, R is empty, and v provides a
rationale validating the correctness of ag.

3. Critique-Driven Revision: We employ a gat-
ing mechanism based on the diagnostic label ¥.
If y = False, the framework directly outputs
ag as the final answer a f;y,q;, thereby saving
computational costs. Conversely, if y = True,
the base model Mp,s. is prompted to revise
its initial answer conditioned on the detailed
critique provided in the revision array R:

ao, if y = False
Mbase(c’ ap, R),

G tinal =
final if y = True

Through this structured pipeline, our frame-
work effectively localizes multiple fine-
grained hallucination errors simultaneously
and leverages targeted, element-wise feedback
to guide the base model toward a more faithful
generation.

4.2 Source Data Selection

We sample data from both QA and summarization
datasets. The RAGTruth (Niu et al., 2024) dataset
contains summaries and question-answers gener-
ated by various LLMs, along with fine-grained
human-annotated hallucination labels; we utilize
both the QA and Summary portions from this
dataset to capture natural, in-the-wild hallucina-
tions. For the QA tasks, we employ NQ-Open, Hot-
potQA, and Dolly (Conover et al., 2023). Specifi-
cally, the data processing for NQ-Open is consis-
tent with Lookback-Lens (Chuang et al., 2024a),
while HotpotQA follows the RAG-setting construc-
tion defined in Ragbench (Friel et al., 2024), and
our usage of Dolly is strictly restricted to its closed
QA split. For the summarization tasks, we utilize
XSum (Narayan et al., 2018) and CNN/DailyMail
(See et al., 2017), which provide news documents
of varying lengths.

4.3 Structured Data Construction

To train the diagnostic model M, .;; to accurately
output the structured JSON evaluations (i.e., labels,
revision arrays, and validation notes), and to con-
struct reliable test sets for evaluation, we generate
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Figure 2: The illustration of our RADAM.

a suite of high-quality, fine-grained datasets. As
illustrated in the data synthesis pipeline, our con-
struction process consists of three rigorous stages:

Stage 1: Base Data Collection and Consistency
Filtering. We first collect source queries and con-
texts from two representative RAG tasks: Question
Answering (QA) and Summarization.

* Unannotated Datasets: For QA, we uti-
lize NQ-Open, Dolly, and HotpotQA. For
Summarization, we employ XSum and
CNN/DailyMail. We use Gemini-2.5-Flash?
as the base generator to produce initial an-
swers. To ensure label accuracy, we employ a
cross-model consistency filtering mechanism
using GPT-5-Mini and Gemini-3-Flash as in-
dependent evaluators. An instance is retained
only if both evaluators agree on the hallucina-
tion label.

* Annotated Datasets:  To harvest high-
quality natural hallucinations, we incorporate
RagTruth-QA and RagTruth-Summary. We
leverage their original human-annotated labels
as a gold standard. We then apply the dual-
evaluator consistency filtering (GPT-5-Mini?®
and Gemini-3-Flash*) on these datasets. An

Zhttps://ai.google.dev/gemini-api/docs/models/
gemini-2.5-flash

Shttps://developers.openai.com/api/docs/
models/gpt-5-mini

4https://ai.google.dev/gemini—api/docs/models/
gemini-3-flash-preview

instance is retained as a valid hallucination
sample only if the judgments of both evalua-
tors strictly align with the human ground truth,
ensuring that the selected hallucinations are
unambiguous and of high fidelity.

Stage 2: Targeted Hallucination Injection.
While Stage 1 provides a reliable set of both truth-
ful and naturally hallucinated responses, the distri-
bution of fine-grained hallucination types is often
imbalanced. To construct robust negative samples,
we isolate the strictly non-hallucinated (faithful) in-
stances from Stage 1. We then systematically inject
targeted hallucinations into these clean answers.
This injection process is guided by our fine-grained
taxonomy in Section 3, ensuring comprehensive
coverage of diverse hallucination patterns.

Stage 3: Final Data Generation and Quality
Assurance. In the final stage, we synthesize the
complete data pairs, encompassing the initial an-
swer, the diagnostic label, the structured critique
(revision array), and the validation note. We lever-
age Qwen3-32B(Team, 2025) to generate these de-
tailed annotations. To maintain strict quality con-
trol, we apply a dual-stage filtering mechanism:

* Label Verification: We discard any generated
instance where the diagnostic label predicted
by Qwen3-32B contradicts the ground-truth
or injected label established in Stages 1 and 2.

» Format Validation: Since M, 4 requires a
highly structured output, we implement an au-
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tomated syntax checker to filter out any data
points with malformed or invalid JSON for-
mats.

Following quality assurance, the generated in-
stances are partitioned into training, valid and test-
ing splits. Table 2 reports statistics of the data split.

Dataset Train Valid Test
RAGTruth-QA 1,195 158 -

HotpotQA 3,356 371 660
NQ-Open 3,314 407 413
Dolly 2,025 269 258
RAGTruth-Summary 1,542 235 -

CNN/DailyMail 5,282 667 351
XSum 3,521 365 417

Table 2: Dataset statistics and partitioning details. A
hyphen ("-") denotes that the corresponding dataset is
excluded from the held-out test set.

4.4 Model Fine-Tuning

Pre-trained Model Backbone. After creating
high-quality structured data through three stages
above, we utilize Qwen3-4B-Instruct-2507 (Team,
2025) as the foundational model for our fine-tuning
stage. The architecture’s 256K-token context win-
dow effectively accommodates the substantial input
lengths required for analyzing multi-document con-
texts and comprehensive summaries. Moreover, the
4B variant offers a strategic advantage: it enables
practical on-premises enterprise deployment while
bypassing the Small Model Learnability Gap (Li
et al., 2025) characteristic of smaller architectures.

Two-Stage Fine-Tuning. We adapt Qwen3-4B-
Instruct-2507 into a specialized diagnostic model
through a sequential fine-tuning approach. First,
we perform supervised fine-tuning (SFT) to teach
the model to map input tuples to our strict JSON
taxonomy, establishing its fundamental capability
to localize hallucinated spans. To further align
its reasoning depth, we subsequently apply Direct
Preference Optimization (DPO). By designating
the comprehensive critiques from Qwen3-32B as
chosen completions and the baseline 4B outputs as
rejected ones, DPO explicitly penalizes both super-
ficial critiques and incorrect diagnostic labels. This
process distills the rigorous analytical capabilities
of stronger models into our compact architecture
without relying on complex RLHF pipelines.
Full-parameter fine-tuning is inherently memory-
intensive to apply this approach. For parameter-

efficient fine-tuning, we adopt LoRA (Hu et al.,
2022), which updates only small adapter layers
while keeping the base model frozen. This signif-
icantly reduces computational costs and memory
footprint, simultaneously preventing catastrophic
forgetting during task adaptation (Bafghi et al.,
2025). Reproducibility and fine-tuning details are
in Appendix A.

S Experiments

5.1 Evaluation

In-Domain Evaluation. Our in-domain evalua-
tion leverages the strictly held-out test splits from
the source datasets utilized during the training
phase. The evaluation spans two representative
RAG tasks: Question Answering (QA) and Sum-
marization. Specifically, the QA test suite com-
prises instances from HotpotQA, Ngq-Open, and
Dolly, while the Summarization test suite includes
CNN/DailyMail and XSum. As previously noted,
the RAGTruth datasets are exclusively reserved for
training and validation to supply high-quality natu-
ral hallucination signals, and are thus omitted from
the testing phase. This yields a robust and diverse
in-domain benchmark totaling 2,099 instances.

Out-of-Domain Evaluation. For the out-of-
domain test, we select the following datasets and
benchmarks:

» FaithBench (Bao et al., 2025), a faithfulness
evaluation benchmark for summarization.

* RagTruth++ (Blue Guardrails, 2025), a re-
annotation of a subset of the RAGTruth-
benchmark that spans both QA and Summa-
rization tasks.

5.2 Hallucination Detection Experiments

The benchmark experiments evaluate the hallucina-
tion detection capabilities of our proposed frame-
work across both in-domain and out-of-domain set-
tings. We compare RADAM against a variety of
models, including off-the-shelf small evaluators
(HHEM-2.1-Open), specialized RAG evaluation
frameworks (FaithLens, Raglens, Ragas), and an
enterprise-level LLM (GPT-40 with FACTS CoT
prompting (Jacovi et al., 2025)). Details of the
baselines can be seen in Appendix B.4. In Table
3 and Table 4, all results are reported using the
F1-macro metric. Bolded results indicate the best
performance, and underlined results indicate the
second-best performance.
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CNN/DailyMail

NQ-Open HotpotQA Dolly

Method Avg
P R FIM P R FI-M R FI-M P R FI-M P R FI-M F1-M
HHEM-2.1-Open 9545 1346 1596 9592 2527 59.71 86.83 58.03 75.07 77.91 39.44 6235 8824 70.87 83.56 59.18

Gpt-40(FACTS CoT) 98.13 67.31

83.89 100.00 78.49 86.99 97.08 86.01

91.32 95.53 86.34 91.86 95.35 96.85 96.15 89.98

Ragas(Gpt-40) 7898 79.49 81.26 83.17 90.32 87.47 78.65 72.54 77.74 82.24 66.15 76.17 85.82 90.55 87.76 81.00
FaithLens 83.01 81.41 84.10 92.64 81.18 8842 97.52 61.14 84.01 94.85 57.14 76.76 93.55 91.33 92.63 83.68
Raglens 67.11 64.10 69.56 81.94 6828 7842 9448 88.60 92.04 96.96 89.13 93.31 80.42 90.55 84.46 85.04
RADAM 85.14 80.77 84.92 91.11 88.17 90.75 96.22 92.23 94.66 94.64 93.17 94.27 89.78 96.85 93.02 91.93

Table 3: The in-domain test results. P and R denote Precision and Recall for the hallucinated class, respectively,
while F1-M denotes Macro-F1. The Avg column represents the sample-weighted mean Macro-F1 across all tasks.
This calculation applies to all subsequent tables unless otherwise specified.

Method RagTruth++ Sum RagTruth++ QA FaithBench Ave

P R FI-M P

R FI-M P R F1-M F1-M

HHEM-2.1-Open 87.50 10.00 25.64 100.00 17.58 40.13 77.42 9.39 33.18 33.45
Gpt-40(FACTS CoT) 97.62 29.29 42.41 88.61 42.42 55.47 86.05 21.72 43.05 45.46

Ragas(Gpt-40) 92.45 70.00 65.34 89.93 75.76 74.66 81.88 47.75 56.94 61.78
FaithLens 96.30 37.14 47.54 82.86 52.73 60.88 78.42 29.16 46.04 49.26
Raglens 81.44 97.14 51.62 72.97 98.18 52.97 69.70 85.52 51.86 52.05
RADAM 90.00 83.57 70.26 84.21 77.58 70.18 74.29 61.06 56.54 61.36

Table 4: The Out-of-domain test results.

Analyzing the in-domain hallucination detec-
tion results (Table 3) yields the following insights:
First, RADAM achieves an outstanding average
F1 score of 91.93, representing a 1.95% improve-
ment over the strongest enterprise-level baseline,
GPT-40 (89.98), and a 6.89% improvement over
the best specialized small-model framework, Ra-
glens (85.04). Second, RADAM consistently dom-
inates across diverse task types, securing the high-
est F1 scores on CNN/DailyMail (84.92), XSum
(90.75), NQ-Open (94.66), and HotpotQA (94.27).
On the Dolly dataset, RADAM remains highly com-
petitive (93.02), ranking second only to GPT-4o.
These results clearly demonstrate that with our pro-
posed data synthesis and DPO alignment pipeline,
a lightweight 4B model can effectively surpass mas-
sive proprietary LLMs on seen data distributions.

Furthermore, analyzing the out-of-domain re-
sults (Table 4) highlights the robust generalization
capabilities of RADAM. First, RADAM achieves
the highest performance on the RagTruth++-Sum
dataset with an F1 score of 70.26. Across all out-
of-domain datasets, it maintains a highly compet-
itive average F1 score of 61.36, ranking second
and performing on par with Ragas (61.78), a frame-
work heavily reliant on the computationally expen-
sive GPT-40 API. Second, RADAM significantly
outperforms both the standard GPT-40 baseline
(45.46) and all other open-source lightweight evalu-

ators (e.g., Raglens at 52.05, FaithLens at 49.26) by
substantial margins. This confirms that RADAM
does not merely overfit to the synthetic in-domain
data, but successfully internalizes the underlying
diagnostic reasoning, allowing it to generalize ef-
fectively to unseen, complex natural hallucination
distributions.

5.3 Hallucination Mitigation Experiments

Method FaithBench Avg

RagTruth++ RagTruth++
Sum QA

Without mitigation 40.78 41.41 41.94  41.26
FaithLens 35.19 25.29 38.89 31.86
Redeep 30.13 25.68 44.17 30.97
Raglens 29.87 25.16 3778 2945
Lookback-Lens 42.21 35.48 44.44 39.89
RADAM 28.05 24.65 36.38  28.24

Table 5: Hallucination mitigation results. The evalua-
tion metric is the hallucination rate, where a lower score
indicates better performance.

When a hallucination is detected, the RADAM
framework activates the reasoning correction mech-
anism via its structured critiques. More details of
the baselines can be seen in Appendix B.4. Based
on the hallucination data in Table 5, the genera-
tion model optimized with the RADAM strategy
shows a significant advantage in mitigating hal-
lucination rates. Its average hallucination rate is
reduced by 29.2% compared to the strong base-
line Lookback-Lens, and it successfully surpasses
the top-tier baseline Raglens across all datasets.
Overall, RADAM proves to be an effective and
competitive lightweight mitigation framework.

Moreover, models equipped with the RADAM
framework consistently achieve significantly lower
hallucination rates than their unmitigated base
counterparts (reducing the average rate from 41.26
to 28.24). This substantial drop—particularly the
reduction from 41.41 to 24.65 on the RagTruth++-
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QA setting—clearly demonstrates the effective-
ness of our critique-driven hallucination mitigation
framework.

However, a lower hallucination rate does not
necessarily imply higher answer quality. Our ulti-
mate goal is to enhance the trustworthiness of large
language models while also ensuring high textual
quality. Therefore, we further evaluate the overall
quality of the final answer a f;q-

To assess the overall quality of the revised an-
swers, we adopt a pairwise comparison approach:
specifically, we compare the mitigated answers
against the original model outputs, and employ win-
rate, calculated as W, as our evaluation
metric.

As shown in Table 6, the lightweight model un-
der the RADAM framework demonstrates notable
performance improvements in overall answer qual-
ity compared to the unmitigated baseline. Across
the evaluated datasets, RADAM achieves an av-
erage win-rate of 53.28%, setting a new bench-
mark with an absolute improvement of 3.28% over
the original model outputs (Without mitigation).
Specifically on Faithbench, RADAM achieves a
remarkable win-rate of 59.72%, showcasing ex-
ceptionally strong performance in preserving and
enhancing textual quality.

Compared to existing methods, our framework
improves the win-rate by a massive 13.36% over
Redeep and leads the strong baseline Lookback-
Lens by 11.11% on Faithbench. Notably, RADAM
surpasses Lookback-Lens on both RagTruth++-
Sum and Faithbench, and maintains a highly com-
petitive win-rate (51.29%) on RagTruth++-QA.
These results compellingly validate that lightweight
LLMs can achieve strong performance through
structured critiques, effectively balancing factual
accuracy with text quality in generated content.

RagTruth++ RagTruth++

Method FaithBench Avg

Sum QA
Without mitigation 50.00 50.00 5000  50.00
FaithLens 51.04 48.58 53.06  50.42
Redeep 32.01 46.06 4361  39.92
Raglens 20.13 22.90 2806 2276
Lookback-Lens 51.29 54.84 48.61 5223
RADAM 52.27 51.29 5972 53.8

Table 6: The overall quality win-rate (%) compared to
the unmitigated baseline.

5.4 Ablation Study

As shown in Tables 7 and 8, the ablation study first
verifies the effectiveness of the proposed training

strategy for hallucination detection. Starting from
the base model, SFT substantially improves the
average Macro-F1 from 81.00 to 91.14 on the in-
domain test sets and from 47.62 to 59.88 on the
out-of-domain test sets. Incorporating DPO further
improves the average Macro-F1 to 91.93 and 61.36,
respectively. Although SFT already provides the
majority of the performance gain, the consistent
improvements brought by DPO, particularly on the
out-of-domain test sets, indicate that preference op-
timization further enhances the model’s ability to
distinguish hallucinated and faithful responses and
improves its generalization to unseen data distribu-
tions.

As shown in Table 9, the ablation study further
confirms the effectiveness of the RADAM frame-
work’s structured diagnostic components for hallu-
cination mitigation. Starting from the base genera-
tion model without mitigation, the system exhibits
a high average hallucination rate of 41.26. Di-
rectly prompting the model to inspect and correct
its own response (Self-Correct) reduces the aver-
age hallucination rate to 35.48, showing that self-
correction itself provides a certain mitigation effect.
However, structured diagnostic feedback leads to
substantially stronger improvements. Merely alert-
ing the model to the presence of a hallucination
(Only-Label) or pinpointing its specific location
(Only-Points) reduces the average hallucination
rate to 33.70 and 31.39, respectively. Supplying
explicit revision suggestions (Only-Suggest) yields
an even stronger improvement, lowering the aver-
age rate to 30.18. These results demonstrate that
external diagnostic information provides more ef-
fective guidance than relying solely on the gener-
ator’s self-correction ability, and that increasingly
fine-grained feedback generally leads to better hal-
lucination mitigation.

The training strategy also plays an important
role in the final mitigation performance. RADAM
with SFT achieves an average hallucination rate of
30.50, while further incorporating DPO reduces it
to 28.24, corresponding to an additional absolute
reduction of 2.26 points. The complete RADAM
framework with SFT and DPO achieves the lowest
hallucination rate across all three test sets and re-
duces the average hallucination rate by 13.02 points
compared with the unmitigated baseline. Together,
these results demonstrate that the gains of RADAM
arise from both effective hallucination diagnosis
and preference-aligned training. Among the in-
dividual diagnostic components, explicit revision

33514



Method CNN/DailyMail XSum NQ-Open HotpotQA Dolly Avg
P R F1I-M P R FI-M P R F1I-M P R FIM P R F1I-M FI-M
RADAM(Base) 78.77 73.72 79.08 87.66 72.58 82.28 85.00 88.08 87.14 76.47 72.67 7570 86.78 82.68 85.25 81.00
RADAM(SFT) 83.55 81.41 84.38 90.23 84.41 88.76 96.24 92.75 94.88 94.90 92.55 93.93 87.14 96.06 91.07 91.14
RADAM(SFT+DPO) 85.14 80.77 84.92 91.11 88.17 90.75 96.22 92.23 94.66 94.64 93.17 94.27 89.78 96.85 93.02 91.93
Table 7: The ablation study results for detection in in-domain test.

Method RagTruth++ Sum RagTruth++ QA FaithBench Ave le]tat]ons

P R FIM P R FI.M P R FLMFLM
RADAM(Base) ~ 95.35 29.29 41.80 90.00 32.73 49.92 68.64 47.55 48.25 47.62 Despite the strong performance of RADAM in both
RADAM(SFT) 91.23 7420 66.48 85.19 69.70 67.52 74.01 54.60 55.96 59.88

RADAM(SFT+DPO) 90.00 83.57 70.26 84.21 77.58 70.18 74.29 61.06 56.54 61.36

Table 8: The ablation study results for detection in out-
of-domain test.

RagTruth++ RagTruth++

Method FaithBench Avg

Sum QA
Without mitigation 40.78 41.41 41.94  41.26
Self-Correct 36.49 31.74 4139 3548
RADAM(Only-Label) 35.71 29.29 38.89  33.70
RADAM(Only-Points) 31.95 28.13 3722 31.39
RADAM(Only-Suggest) 30.78 26.45 36.94  30.18
RADAM(SFT) 31.43 25.81 38.61 30.50
RADAM(SFT+DPO) 28.05 24.65 36.38  28.24

Table 9: The ablation study results for mitigation. The
evaluation metric is the hallucination rate, where a lower
score indicates better performance.

suggestions are particularly important for guiding
accurate corrections, while DPO further improves
the model’s ability to utilize such diagnostic signals
for robust hallucination mitigation.

6 Conclusion

In this paper, we introduce an effective and struc-
tured framework, RADAM, for mitigating faith-
fulness hallucinations in large language models.
We first establish a fine-grained taxonomy of hal-
lucinations, under the guidance of which we syn-
thesize high-quality training and testing datasets,
employing a multi-model consistency filtering strat-
egy to ensure data quality. We then optimize the
model on these well-curated data through a two-
stage training pipeline, utilizing SFT followed by
DPO. In this way, RADAM can deliver state-of-the-
art performance across multiple in-domain datasets
and achieve comparable effectiveness to enterprise-
level large models on out-of-domain datasets. Over-
all, our RADAM framework provides a practical
solution for real-world applications.

hallucination detection and mitigation, several lim-
itations remain. First, although we establish a
fine-grained taxonomy of hallucinations, its pri-
mary utility in this work is restricted to guiding
the synthesis of training data. During inference,
the detector still outputs binary labels (faithful vs.
hallucinated) alongside its critiques, rather than
explicitly classifying the specific fine-grained sub-
types, which limits the diagnostic granularity for
end users. Second, the decoupled design introduces
the risk of error propagation—misclassifications or
flawed rationales generated by the diagnostic critic
may trigger unnecessary or incorrect revisions by
the base model, ultimately degrading the quality of
the final output. Third, the scale of the datasets used
for hallucination mitigation remains relatively lim-
ited, which may constrain the comprehensiveness
of our evaluation. In addition, our mitigation exper-
iments are currently conducted only on Llama-3-
8B-Instruct, and it remains unclear whether the ob-
served improvements generalize to other language
models with different architectures, scales, and ca-
pabilities. Expanding both the mitigation datasets
and the set of evaluated base models represents an
important direction for future work.
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A Reproducibility and Fine-Tuning
Details

A.1 Technical Reproducibility

To facilitate reproducibility and transparency, we
report the hardware and software environment
used for all experiments. RADAM was fine-
tuned on four NVIDIA A100 GPUs, leveraging
the DeepSpeed framework to optimize memory
efficiency and significantly accelerate the multi-
GPU training process. The experiments were car-
ried out on a Linux server running CUDA 12.4
and PyTorch 2.10.0. Our source code available at
https://github.com/nog0/RADAM.

A.2 Fine-Tuning Configuration

Parameter Value
lora_target all
lora_rank 64
lora_alpha 64
precision bfloat16
epochs 3
batch_size 4
grad_accumulation 8
effective_batch_size 32
optimizer AdamW
learning_rate 1x107°
Ir_schedule cosine
warmup_ratio 0.1

Table 10: The configuration of SFT fine-tuning.

Parameter Value
lora_target all
lora_rank 64
lora_alpha 64
precision bfloat16
epochs 1
batch_size 4
grad_accumulation 8
effective_batch_size 32
optimizer AdamW
learning_rate 1x10°6
Ir_schedule cosine
warmup_ratio 0.1
pref_beta 0.1

Table 11: The configuration of DPO fine-tuning.

B Experimental Details

B.1 Inference Parameters

Parameter Value
temperature 0.7
min_p 0.0
top_p 0.8
top_k 20

Table 12: Inference parameters used in our experiments,
following the recommended Qwen settings.

B.2 Hallucination Detection Experimental
Details

As noted in the main text, we evaluate the zero-
shot generalization of RADAM on several out-of-
domain benchmarks to verify its robustness across
unseen contexts and tasks. Due to space constraints
in the main text, we provide the detailed sample
statistics and domain distributions for each out-of-
domain evaluation dataset in Table 13.

Dataset Task Type Sample Size
Faithbench Summary 750
RagTruth++-Sum  Summary 174
RagTruth++-QA QA 234

Total — 1158

Table 13: Detailed statistics of the out-of-domain evalu-
ation datasets.

B.3 Hallucination Mitigation Experimental
Details

Target Base Model (Mp,s.) For our hallucina-
tion mitigation experiments, we select Llama-3-
8B-Instruct as the primary target base language
model.

Mitigation Datasets and Strategy To evaluate
the efficacy of our mitigation pipeline, we construct
a dedicated test bed utilizing three established hal-
lucination benchmarks. The detailed sample statis-
tics for the mitigation phase are provided in Table
14. Notably, during dataset curation, we observed
that the standard test set for RagTruth++ contained
an insufficient number of queries for a robust evalu-
ation. To address this data scarcity, we strategically
supplemented it by mixing in relevant test samples
from the original RagTruth dataset, thereby ensur-
ing a comprehensive and statistically significant
evaluation suite.
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Dataset Sample Size
FaithBench 72
RagTruth++-Sum™ 154
RagTruth++-QA* 155

Table 14: Detailed statistics of the datasets utilized for
the hallucination mitigation experiments. *Indicates
that the dataset is strategically augmented with samples
from the original RagTruth test set to ensure a sufficient
evaluation scale.

Evaluation Protocol Assessing the correctness
of mitigated outputs requires a highly reliable ora-
cle. Given that all three selected datasets provide
high-quality human annotations, we leverage these
human-verified examples to enhance the evalua-
tion capability of large language models. Specif-
ically, we employ GPT-5-Mini as our automated
judge, utilizing a few-shot prompting strategy. As
demonstrated in prior studies (Tamber et al., 2025),
incorporating ground-truth human annotations as
in-context demonstrations significantly calibrates
and elevates GPT-5-Mini’s proficiency in identify-
ing subtle factual inconsistencies, thereby ensuring
a stringent and accurate assessment of RADAM’s
mitigation performance. To mitigate the inherent
variance of LLM-based evaluators and ensure sta-
tistical reliability, we repeat all experimental runs
five times and report the averaged metrics.

B.4 Baseline Methods

This section compares the proposed RADAM
framework with several recent state-of-the-art base-
line methods, as detailed below:

* HHEM-2.1-Open (Li et al., 2024): Built on
the T5 model, it targets hallucination detec-
tion by measuring the consistency between
hypothesis and premise to improve content re-
liability. In our study, it is utilized exclusively
as a baseline for hallucination detection.

* Ragas (Es et al., 2024): An evaluation frame-
work that utilizes an LLM to decompose the
generated answer into multiple atomic facts.
It then systematically verifies each fact against
the retrieved context to compute an aggregated
Faithfulness Score. In our study, we employ
it exclusively as a baseline for hallucination
detection.

* FaithLens (Si et al., 2026): Primarily de-
signed as a hallucination detection model,

it distinguishes itself by providing human-
readable rationales for the factual inconsis-
tencies it identifies. Because these explicit
explanations can naturally serve as corrective
guidance, we employ it as a baseline not only
in our detection evaluation but also in our post-
processing mitigation experiments.

Raglens (Xiong et al., 2026): A white-box
framework that extracts intermediate hidden
representations during generation and utilizes
Sparse Autoencoders (SAEs) to decompose
them into interpretable sparse features. It iso-
lates hallucination-specific features via Mu-
tual Information (MI) and employs an inter-
pretable model (e.g., GAM) to predict factual
conflicts. In our study, we employ it as a com-
prehensive baseline in both our detection and
mitigation experiments. Before evaluation, we
retrain Raglens using the same training data
as our method to ensure a fair comparison.

Lookback-Lens (Chuang et al., 2024a): An
advanced white-box mitigation strategy that
leverages the internal hidden states and atten-
tion mechanisms of the base LLM to reduce
factual contradictions. Because it requires
access to model weights and focuses on inter-
vention, it is utilized strictly as a baseline for
our mitigation experiments.

Redeep (Sun et al., 2025): Another robust
white-box intervention framework that ma-
nipulates internal model representations to
dynamically suppress hallucinations during
the generation process, serving as a dedicated
baseline for the mitigation phase.

C Supplementary Materials for
Hallucination Taxonomy

To help better understand the meaning of each hal-
lucination type, we provide examples in Table 15.

D Detailed Case Studies of Hallucination
Mitigation

To provide a more intuitive understanding of our
proposed framework in practice, we presents repre-
sentative qualitative examples of the hallucination
mitigation pipeline, as shown in Table 16.

E Prompt

The core prompt templates used in our experiments
are presented from Table 17 to Table 24.
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Category Manifestations Retrieved Context Hallucinated Output
Direct - The company’s profit increased by 7.2%  The company’s profit dropped 7.2% year
Contradiction year-on-year over year
[B1] Beijing Library has a large collection of  Beijing Library has a large number of
Baseless . science fiction books, including the science fiction books such as "The
Information famous "The Three-Body Problem" Three-Body Problem" series and "The
series. Wandering Earth".

[B2] The error rate dropped by 15%. The The error rate dropped by 15% because
team also implemented a new data of the new data filtering pipeline.
filtering pipeline.

[B3] The CEO announced his resignation The CEO angrily announced his
during the Q3 earnings call. resignation during the Q3 earnings call.

Internal - - The evaluation relies entirely on
Inconsistency F1-macro. However, no classification
metrics are used.

[D1] To deploy the API, you need a valid key, To deploy the API, you need a valid key.

. . an active subscription, and a whitelisted
Distortion of
IP.
Context

[D2] The default learning rate for the reward The default learning rate for the reward
model is set to 2e-5. model is set to 5e-2.

[D3] [Q]: What are the disadvantages of The advantages of RLHF include better
RLHF? model alignment.

[Doc]: RLHF aligns models well but is
computationally expensive.

[D4] [Q]: What is the context window? The provided document does not
[Doc]: The model supports a context mention the context window length.
window of 8K tokens.

. [C1] The author argues that this algorithm This algorithm is the most efficient
Cf)mpromlsed might be the most efficient approach to approach to date.
Rigor date.

[C2] The configuration is optimized for The configuration is optimized for all
models under 10B parameters. large language models.

[C3] [Q]: Which exact metric was used? We used a benchmarking dataset to

[Doc]: We utilized FaithBench to
evaluate faithfulness.

evaluate it.

Table 15: Concrete examples of different fine-grained faithfulness hallucinations across tasks. We highlight the
hallucinated text in red and the original context it deviates from in blue.
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Case 1: Mitigating Unwarranted Refusal in Question Answering

User Query how do i breed a shugabeats in my singing monsters
Retrieved Passage 1: [...] you need to combine correct elements in order to breed your desired
Context monster.
Passage 2: [...] To breed the Shugabeats, you need to use the Shugabush and the
Furcorn in the Shugabush Island breeding structure to get this monster.
Passage 3: Generation 2 My Singing Monsters Combo Breeding. [...]
Base Output Unable to answer based on given passages.
RADAM
Critique e Label: true (Refusal)
* Violation 1 (Refusal): The document explicitly provides step-by-step instructions for breeding
Shugabeats in passage 2 (Shugabush + Furcorn). The response incorrectly claims the information is
absent.
» Revision Suggestion: Replace the refusal with a concise summary of the breeding steps.
RADAM To breed a Shugabeats, first obtain a Shugabush Monster from the other island (it
Revision will become an egg). Then, purchase the breeding structure on Shugabush Island and
combine it with a Furcorn to produce a Shugabeats.
Case 2: Mitigating Baseless Information and Distortion in Summarization
User Query Summarize the following news.
Retrieved [...] He was taken to an area hospital as a precaution, the airline said. He passed a drug
Context test and was discharged. [...] Alaska Airlines said it’s investigating. [...]
Base Output [...] The agent was taken to a hospital as a precaution, but was later discharged after
passing a drug test. [...] The airline is investigating the incident, which is considered a
serious breach of safety protocols.
RADAM
Critique e Label: true (Distortion & Baseless Information)
* Violation 1 (Distortion): The phrasing “but was later discharged after...” implies a causal relationship
that is not explicitly stated.
* Violation 2 (Baseless): The document mentions an investigation but provides no evidence confirming
it constitutes a “serious breach of safety protocols.” This is an unsubstantiated abductive inference.
» Revision Suggestion: Revise the medical discharge sentence to align with the sequence of events,
and remove the unsubstantiated claim about safety protocols.
RADAM [...] The agent was taken to a hospital as a precaution, later discharged after passing a
Revision drug test. [...] The airline is investigating the incident.
Case 3: Mitigating Contradiction in Instruction Generation
User Query how do you cook tuna steak
Retrieved Passage 1 & 2: Heat the skillet [...] Add the tuna steaks. [...] Cook, uncovered, for 6
Context to 9 minutes [...]
Passage 3: Searing tuna steaks in a hot skillet caramelizes the surfaces [...] Start with
3/4-inch-thick steaks.
Base Output To cook tuna steak, follow these steps: [Steps 1-4 omitted for brevity].
Note: The passages do not mention the thickness of the tuna steaks, but according to
passage 3, it is recommended to start with 3/4-inch-thick steaks.
RADAM . . -
Critique * Label: true (Internal Contradiction & Direct Contradiction)
* Violation 1 (Contradiction): The response incorrectly states that the thickness recommendation is
absent from the passages, when passage 3 explicitly mentions 3/4-inch-thick steaks as a starting point.
This is a direct contradiction of the document’s content.
* Revision Suggestion: Remove the contradictory phrase and revise the note to align with passage 3’s
explicit instructions.
RADAM To cook tuna steak, follow these steps: [Steps 1-4].
Revision Note: Start with 3/4-inch-thick steaks.

Table 16: Comprehensive qualitative analysis of the RADAM framework.
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Summary Task Prompt

You must respond based strictly on the information in the provided document. Do not incorporate any external knowledge or
infer any details beyond what is given in the document.

Provide a concise summary of the following document, not omitting/altering any key details/information in the document!
#DOCUMENT#

{document}

Note: output only summary, don’t include any other contents!

QA Task Prompt

You must respond based strictly on the information in the provided document.

Provide a concise answer to the following question based on the information in the provided passages. If the document doesn’t
contain enough information to answer the question, please reply with "Unable to answer the question!".

#QUESTION#

{question}

#DOCUMENT#

{document}

Note: output only answer, don’t include any other contents!

Table 17: The prompts used to generate answer for QA and Summary tasks.

Summary Hallucination Filtering Prompt

You are an expert annotator for evaluating a complete summarization whether contains any hallucination.

#DOCUMENT#

{document}

#SUMMARIZATION#

{summary }

#HALLUCINATION DEFINITION#

1. Direct Contradiction: The summarization presents direct contraction or opposition to the document.

2. Baseless Infomation: The summarization includes information which is not substantiated by or reasonably inferred from the
document. Inference shall only be conducted through mathematical or logical reasoning based on the existing information in the
document. Unreasonable inference includes, but is not limited to:

- Unsubstantiated Abductive Inference with Unwarranted Causal Attribution.

- Subjective inference about characters’ emotions or thoughts.

3. Internal Inconsistency: The summary is self-contradictory, containing conflicting statements within its own text.

4. Distortion of Context: The model didn’t fully grasp the context correctly. This includes, but is not limited to:

- The summary omits key information/details in the document.

- The summary alters key information/details in the document.

5. Compromised Rigor: The summary lacks precision and may mislead or confuse the reader. This includes, but is not limited to:
- Subjective-to-Objective Shift: Presenting a character’s subjective opinion or statement as an established objective fact.

- Modification of Constraints: Add, altering or deleting specific limiting conditions, qualifiers, or the scope of validity for the
information provided in the source.

#TASK#

1. First, reason step by step whether the overall summarization is fully supported by the context.

2. If the summarization is generally completely accurate and supported based on the context, label it "consistent".

3. If the summarization contains one of the hallucination under the "hallucination definition", mark it as "hallucination"
accordingly.

#OUTPUT FORMAT# (STRICT)

1. Use chain-of-thought reasoning to analyze the summary point-by-point against the document. Put your reasoning inside
<think>...</think> tags.

2. After the reasoning, output a JSON object inside <json>...</json> tags.

#EXAMPLE FORMAT#

<think>...</think>

<json>

{{

"label": "<consistent or hallucination>"

1

</json>

Table 18: The hallucination filtering prompt used by GPT-5-Mini and Gemini-3-flash for the Summary task.
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QA Hallucination Filtering Prompt

You are an expert annotator for evaluating a complete response whether contains any hallucination.

#QUESTION#

{question}

#DOCUMENT#

{document}

#RESPONSE#

{response}

#HALLUCINATION DEFINITION#

1. Direct Contradiction: The response presents direct contraction or opposition to the document.

2. Baseless Infomation: The response includes information which is not substantiated by or reasonably inferred from the
document. Inference shall only be conducted through mathematical or logical reasoning based on the existing information in the
document. Unreasonable inference includes, but is not limited to:

- Unsubstantiated Abductive Inference with Unwarranted Causal Attribution.

3. Internal Inconsistency: The response is self-contradictory, containing conflicting statements within its own text.

4. Distortion of Context: The model didn’t fully grasp the context correctly. This includes, but is not limited to:

- The response omits key information/details in the document.

- The response alters key information/details in the document.

- The response misunderstand the question context and intention.

- The response incorrectly states that the required information is absent from the document or declines to answer (e.g., "Unable to
answer the question"), despite the document containing sufficient evidence to address the question.

5. Compromised Rigor: The response lacks precision and may mislead or confuse the reader. This includes, but is not limited to:
- The response is either too general or too specific to address the question adequately by the retrieved documents.

#TASK#

1. First, reason step by step whether the overall response is fully supported by the context.

2. If the response is generally completely accurate and supported based on the context, label it "consistent".

3. If the response contains one of the hallucination under the "hallucination definition", mark it as "hallucination" accordingly.
#OUTPUT FORMAT# (STRICT)

1. Use chain-of-thought reasoning to analyze the response point-by-point against the document. Put your reasoning inside
<think>...</think> tags.

2. After the reasoning, output a JSON object inside <json>...</json> tags.

#EXAMPLE FORMAT#

<think>...</think>

<json>

{{

"label": "<consistent or hallucination>"

1
</json>

Table 19: The hallucination filtering prompt used by GPT-5-Mini and Gemini-3-flash for the QA task.
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Generalized Hallucination Injection Prompt (Summary Task)

You are a professional hallucination generator for text summarization. Your task is to generate a hallucinated summary that
strictly meets the definition of "[Hallucination Category]".

# Definition of [Hallucination Category]

[Definition of the specific hallucination category]

# Generation Rules

1. Modity the clean summary to [Specific injection rule for the target manifestation] (Place the modification at a random
position in the summary).

2. Keep the summary length and fluency consistent with the clean summary.

3. Do NOT add new information unless required by the specific hallucination type.

4. Output ONLY the hallucinated summary, no extra explanation or labels.

# Few-Shot Examples

Note: Hallucination Reason in Example is to help you understand the hallucination point in hallucinated summary.
[Task-specific few-shot examples corresponding to the target hallucination manifestation...]

# Your Task

## Original Document:

{document}

## Clean Summary:

{clean_summary}

Output ONLY the hallucinated summary, no extra explanation or labels.

Hallucinated Summary ([Hallucination Category]):

Generalized Hallucination Injection Prompt (QA Task)

You are a professional hallucination generator for text response. Your task is to generate a hallucinated response that strictly
meets the definition of "[Hallucination Category]".

# Definition of [Hallucination Category]

[Definition of the specific hallucination category]

# Generation Rules

1. Modify the clean response to [Specific injection rule for the target manifestation] (Place the modification at a random
position in the response).

2. Keep the response length and fluency consistent with the clean response.

3. Do NOT add new information unless required by the specific hallucination type.

4. Output ONLY the hallucinated response, no extra explanation or labels.

# Few-Shot Examples

Note: Hallucination Reason in Example is to help you understand the hallucination point in hallucinated response.
[Task-specific few-shot examples corresponding to the target hallucination manifestation...]

# Your Task

## Question:

{question}

## Original Document:

{document}

## Clean Response:

{clean_response}

Output ONLY the hallucinated response, no extra explanation or labels.

Hallucinated Response ([Hallucination Category]):

Table 20: The generalized prompts used to inject specific hallucination manifestations into the Summary and QA
datasets. Placeholders such as [Hallucination Category] and specific injection rules are dynamically replaced
based on the targeted error type during data synthesis.
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Summary Critic Prompt

You are an expert for evaluating whether a complete summary contains any hallucination, and for proposing targeted revision
suggestions for each identified hallucination point when hallucination exists.

#DOCUMENT#

{document}

#SUMMARY#

{summary}

#HALLUCINATION DEFINITION#

1. Direct Contradiction: The summarization presents direct contraction or opposition to the document.

2. Baseless Infomation: The summarization includes information which is not substantiated by or reasonably inferred from the
document. Inference shall only be conducted through mathematical or logical reasoning based on the existing information in the
document. Unreasonable inference includes, but is not limited to:

- Unsubstantiated Abductive Inference with Unwarranted Causal Attribution.

- Subjective inference about characters’ emotions or thoughts.

3. Internal Inconsistency: The summary is self-contradictory, containing conflicting statements within its own text.

4. Distortion of Context: The model didn’t fully grasp the context correctly. This includes, but is not limited to:

- The summary omits key information/details in the document.

- The summary alters key information/details in the document.

5. Compromised Rigor: The summary lacks precision and may mislead or confuse the reader. This includes, but is not limited to:
- Subjective-to-Objective Shift: Presenting a character’s subjective opinion or statement as an established objective fact.

- Modification of Constraints: Add, altering or deleting specific limiting conditions, qualifiers, or the scope of validity for the
information provided in the source.

#OUTPUT FORMAT# (STRICT)

1. Output ONLY a JSON object wrapped in <json>...</json>.

#JSON FIELD RULES#

label: Boolean. true if hallucination exists, false if no hallucination.

revision: Array of objects. Only filled when label is true; empty array ([]) when label is false. Each object in the array must
contain three sub-fields:

- hallucination_point: Specific content in the summary that constitutes a hallucination.

- violation_reason: Give the detailed reason why it has hallucination, don’t need to give the halluciantion type.

- revision_suggestion: Targeted modification advice for this hallucination point, which should align with the document content.
validation_note: String. Only filled when label is false; empty string ("") when label is true. This field needs to clearly
explain why the summary has no hallucination, including verification of consistency between summary content and document,
compliance with inference rules, absence of internal contradictions, etc.

If hallucination exists:

<json>{{

"label": true,

"revision": [{{"hallucination_point": "<Specific hallucinated content in the summary>","violation_reason":" <reason>",
"revision_suggestion":" < Targeted modification advice for this point>"}}],

"validation_note": ""

}}</json>

If no hallucination exists:

<json>{{

"label": false,

"revision": [],

"validation_note": "<Detailed explanation of why the summary has no hallucination>"

}}</json>

Table 21: The prompt used by Qwen3-32B and RADAM for the Summary task.
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QA Critic Prompt

You are an expert for evaluating whether a complete response contains any hallucination, and for proposing targeted revision
suggestions for each identified hallucination point when hallucination exists.

#QUESTION#

{question}

#DOCUMENT#

{document}

#RESPONSE#

{response}

#HALLUCINATION DEFINITION#

1. Direct Contradiction: The response presents direct contraction or opposition to the document.

2. Baseless Infomation: The response includes information which is not substantiated by or reasonably inferred from the
document. Inference shall only be conducted through mathematical or logical reasoning based on the existing information in the
document. Unreasonable inference includes, but is not limited to:

- Unsubstantiated Abductive Inference with Unwarranted Causal Attribution.

3. Internal Inconsistency: The response is self-contradictory, containing conflicting statements within its own text.

4. Distortion of Context: The model didn’t fully grasp the context correctly. This includes, but is not limited to:

- The response omits key information/details in the document.

- The response alters key information/details in the document.

- The response misunderstand the question context and intention.

- The response incorrectly states that the required information is absent from the document or declines to answer (e.g., "Unable to
answer the question"), despite the document containing sufficient evidence to address the question.

5. Compromised Rigor: The response lacks precision and may mislead or confuse the reader. This includes, but is not limited to:
- The response is either too general or too specific to address the question adequately by the retrieved documents.

#OUTPUT FORMAT# (STRICT)

1. Output ONLY a JSON object wrapped in <json>...</json>.

#JSON FIELD RULES#

label: Boolean. true if hallucination exists, false if no hallucination.

revision: Array of objects. Only filled when label is true; empty array ([]) when label is false. Each object in the array must
contain three sub-fields:

- hallucination_point: Specific content in the response that constitutes a hallucination.

- violation_reason: Give the detailed reason why it has hallucination, don’t need to give the halluciantion type.

- revision_suggestion: Targeted modification advice for this hallucination point, which should align with the document content.
validation_note: String. Only filled when label is false; empty string ("") when label is true. This field needs to clearly explain
why the summary has no hallucination, including verification of consistency between response content and document, compliance
with inference rules, absence of internal contradictions, etc.

If hallucination exists:

<json>{{

"label": true,

"revision": [{{"hallucination_point": "<Specific hallucinated content in the summary>","violation_reason":" <reason>",

nn

"revision_suggestion":" < Targeted modification advice for this point>"}}],
"validation_note": ""

}}</json>

If no hallucination exists:

<json>{{

"label": false,

"revision": [],

"validation_note": "<Detailed explanation of why the summary has no hallucination>"
}}</json>

Table 22: The prompt used by Qwen3-32B and RADAM for the QA task.
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Summary Revision Prompt

Given the following components, generate a concise and accurate summary based on the document.

You can use the Revisions section to correct any errors in the response, ensuring the summary strictly reflects the document.
The summary should capture the key points and main ideas while avoiding unnecessary details.

Do not introduce any external knowledge beyond the document.

Output only the final summary.

#Document#: {document}

#Response#: {response}

#Revisions#: {revisions}

Output:

QA Revision Prompt

Given the following components, output the most accurate and factually correct answer to the question based on the document.
You can use the Revisions section to correct any errors in the response, ensuring the answer strictly reflects the document.

Do not introduce any external knowledge beyond the document.

Output only the final answer.

#Document#: {document}

#Question#: {question}

#Response#: {response}

#Revisions#: {revisions}

Output:

Table 23: The prompts used for the base model to generate the final revised output, incorporating the targeted
revisions provided by the Critic model.

Pairwise Comparison Prompt (Summary Task)

You are an expert evaluator. You will be provided with a Reference Document and two Al-generated Summaries (Summary A
and Summary B).

Your task is to evaluate which summary is of higher quality based strictly on the Reference Document.

Evaluation Criteria:

1. Faithfulness: The summary must not contain any hallucinations or fabricate information outside the Reference Document.
2. Coverage: The summary should capture the main points and key information of the document without missing crucial details.
3. Conciseness & Clarity: The summary should be concise, coherent, and easy to read.

[Reference Document]

{document}

[Summary A]

{summary_a}

[Summary B]

{summary_b}

Think step-by-step and output your final verdict in valid JSON format containing exactly two keys: ’'reasoning’ (a string
explaining your evaluation) and ’choice’ (a string which must be exactly "A’, ’B’, or ’Tie’ if they are of equal quality).

Pairwise Comparison Prompt (QA Task)

You are an expert evaluator. You will be provided with a Reference Document, a User Question, and two Al-generated Answers
(Answer A and Answer B).

Your task is to evaluate which answer is of higher quality based strictly on the Reference Document.

Evaluation Criteria:

1. Faithfulness: The answer must not contain any hallucinations or fabricate information outside the Reference Document.

2. Accuracy: The answer should correctly and fully address the User Question using only the provided document.

3. Clarity: The answer should be logically structured and easy to read.

[Reference Document]

{document}

[User Question]

{question}

[Answer A]

{answer_a}

[Answer B]

{answer_b}

Think step-by-step and output your final verdict in valid JSON format containing exactly two keys: ’'reasoning’ (a string
explaining your evaluation) and ’choice’ (a string which must be exactly *A’, ’B’, or *Tie’ if they are of equal quality).

Table 24: The prompts used by the LLM evaluator to conduct pairwise quality comparisons between the baseline
and our proposed method for both Summary and QA tasks.

33527



