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Abstract

Hallucinations in Large Language Models (LLMs), defined
as the generation of content inconsistent with facts or context,
represent a core obstacle to their reliable deployment in crit-
ical domains. Current research primarily focuses on binary
”detection” approaches that, while capable of identifying hal-
lucinations, fail to provide interpretable and actionable feed-
back for model improvement, thus limiting practical utility.
To address this limitation, a new research paradigm is pro-
posed, shifting from ”detection” to ”diagnosis”. The Hallu-
cination Diagnosis Task is introduced, a task which requires
models to not only detect hallucinations, but also perform er-
ror localization, causal explanation, and content correction.
We develop the Hallucination Diagnosis Generator (HDG),
an automated pipeline that systematically generates high-
quality training samples with rich diagnostic metadata from
raw corpora through multi-dimensional augmentation strate-
gies including controlled fact fabrication and reasoning chain
perturbation. Using HDG-generated data, we train HDM-4B-
RL, a 4-billion-parameter hallucination diagnosis model, em-
ploying Group Relative Policy Optimization (GRPO) with a
comprehensive reward function incorporating structural, ac-
curacy, and localization signals. Experimental results demon-
strate that our model surpasses previous state-of-the-art de-
tection models on the HaluEval benchmark while achieving
comparable performance to advanced general-purpose mod-
els. In comprehensive diagnosis tasks, HDM-4B-RL matches
the capabilities of larger general models while maintaining a
smaller size. This work validates the feasibility and value of
hallucination diagnosis, providing an effective methodology
for building more trustworthy and reliable generative AI sys-
tems.

Introduction
Large Language Models (LLMs) frequently generate con-
tent that appears plausible but is factually inconsistent with
world knowledge or the provided source context, this phe-
nomenon is known as ”hallucination.” (Ji et al. 2023)

This phenomenon critically undermines the reliable appli-
cation of generative AI systems (Chen et al. 2024), particu-
larly in high-risk domains like medical diagnosis (Kim et al.
2025) or legal judgment (Herrera-Tapias and Hernández
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Figure 1: Contrasting hallucination detection with diagnosis.

Guzmán 2025) where outputs can inform critical decisions.
Consequently, developing robust methods to identify and
mitigate hallucinations is imperative for the trustworthy de-
ployment of LLMs.

This work focuses on ”faithfulness hallucination,” (Zhang
et al. 2025b) a critical challenge where a model’s output
contradicts or lacks support from the provided source doc-
uments in tasks that demand strict fidelity, such as long-
document summarization or knowledge-based QA.

A common approach is post-hoc detection (Liu et al.
2025). These methods often frame detection as a Natural
Language Inference (NLI) task, assigning a coarse-grained
label (e.g., Entailment, Contradiction) to the relationship be-
tween the response and its source.

However, we argue that the practical utility of this ap-
proach is limited. While a single classification label can
flag an error, it fails to provide the fine-grained, inter-
pretable feedback necessary for automated model correction
or human-assisted revision. This limitation hinders the ef-
fective iterative refinement of generative models and fails to
adequately address the core issue of user trust. Given the in-
herent challenges of eradicating hallucinations from within
a model (Xu, Jain, and Kankanhalli 2024), we advocate for
elevating the research paradigm from mere ”detection” to
comprehensive ”diagnosis”, as shown in Figure 1.

Analogous to medical diagnosis, an effective diagnostic
system must not only determine whether a problem exists
but also offer profound insights. We therefore define the
”Hallucination Diagnosis Task,” which requires a model to
possess core capabilities across four dimensions:
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• Detection: Accurately identifying if the generated con-
tent aligns with the source context.

• Localization: Pinpointing the specific segments within
the output that are hallucinatory.

• Explainability: Explaining why the content is inconsis-
tent.

• Mitigation: Proposing corrections or directly generating
revised content that aligns with the source, based on the
localization and explanation.

To facilitate this task, we began with the data, design-
ing and implementing an automated pipeline for construct-
ing a hallucination diagnosis dataset. Unlike methods that
rely on existing NLI or QA datasets, our pipeline samples
directly from large-scale pre-training corpora and applies
multi-dimensional enhancement strategies—including con-
trolled fact forgery, reasoning chain perturbation, and am-
biguous information replacement, to automatically generate
diverse diagnostic samples covering various task types and
difficulty levels.

Finally, using the data produced by this pipeline, a 4B-
scale hallucination diagnosis model, was trained and its ef-
fectiveness validated.

The main contributions of this work are as follows:
• A novel task, Hallucination Diagnosis Task, is proposed

and formally defined with its core capabilities.
• The design and implementation of an automated pipeline

to construct diagnostic datasets from large-scale pre-
training corpora.

• A diagnosis model, HDM-4B-RL, is trained on the gen-
erated dataset, has proven effective across key diagnos-
tic capabilities, thereby validating the proposed methods
and data.

Related Work
Hallucination Detection
Existing methods for hallucination detection can be broadly
categorized into two paradigms.

One line of research focuses on developing cost-efficient,
specialized factuality classifiers. For example, methods like
SummaC (Laban et al. 2022) adapt Natural Language Infer-
ence (NLI) models for document-level consistency check-
ing. Other approaches, such as QAFactEval (Fabbri et al.
2022), leverage Question Answering (QA) frameworks to
verify factual claims, while MiniCheck (Tang, Laban, and
Durrett 2024) utilizes LLM-generated data for training its
classifier, achieving state-of-the-art performance on real-
world hallucination benchmarks.

The second paradigm leverages the inherent reasoning ca-
pabilities of Large Language Models (LLMs) for verifica-
tion, often by decomposing the complex detection task into
more manageable sub-steps. For instance, CoNLI (Lei et al.
2023) decomposes a claim and applies NLI to each segment.
RaRR (Gao et al. 2022) verifies factuality by generating rel-
evant questions coupled with external retrieval. Lynx (Ravi
et al. 2024) utilizes the model’s intrinsic reasoning capabil-
ities to construct a factuality detection model through fine-
tuning.

The present work moves beyond this binary fact-checking
to introduce the more comprehensive task of ”Hallucina-
tion Diagnosis.” This task requires a model to not only de-
tect an error but also to localize its position, provide natu-
ral language reasoning, and suggest a correction. We enable
this integrated diagnostic capability through a novel, auto-
mated pipeline that synthesizes richly annotated diagnostic
data from large-scale corpora.

Reasoning in Large Language Models
Significant progress has recently been made in eliciting and
steering the reasoning capabilities of Large Language Mod-
els (LLMs). The seminal Chain-of-Thought (CoT) prompt-
ing method (Wei et al. 2022) demonstrated that prompting
models to generate step-by-step thought processes dramati-
cally improve their performance on complex tasks.

This insight has spurred a wealth of follow-up research.
For example, Self-Consistency (Wang et al. 2022) enhances
robustness by sampling diverse reasoning paths and taking
a majority vote, while Tree-of-Thoughts (ToT) (Yao et al.
2023) generalizes this into a tree-like exploration that en-
ables deeper planning and backtracking.

More recent advancements have pushed beyond prompt
engineering to innovate on the models’ intrinsic capabili-
ties. Models such as DeepSeek-R1 (Guo et al. 2025), for
instance, perform deep reasoning before generating a re-
sponse, significantly enhancing their performance on com-
plex tasks. Collectively, these works establish that modern
LLMs possess a continuously evolving, intrinsic capacity for
executing complex, multi-step logical operations.

This study builds directly on this progress, aiming to ap-
ply this powerful reasoning capability to the analysis of a
model’s own outputs, which is the core of the hallucination
diagnosis task. The maturity and ongoing evolution of these
reasoning capabilities are the key foundations that make this
ambitious task technically feasible.

Methodology
This section details our proposed methodology for halluci-
nation diagnosis. The approach comprises two core compo-
nents: (1) the Hallucination Diagnosis Generator (HDG), a
data synthesis pipeline, and (2) the Hallucination Diagno-
sis Model (HDM), a model trained on the data produced by
HDG.

Hallucination Diagnosis Generator (HDG)
This section provides a detailed overview of our automated
pipeline for constructing a hallucination diagnosis dataset,
named the Hallucination Diagnosis Generator (HDG). The
pipeline is designed to systematically generate a large-scale,
high-quality, and richly annotated training dataset from raw
pre-training corpora, specifically for training hallucination
diagnosis models. Unlike datasets adapted from existing QA
and NLI datasets, our pipeline generates more diverse sam-
ples with a broader difficulty distribution. As illustrated in
Figure 2, the pipeline consists of four stages: task-oriented
seed sample generation, multi-dimensional sample augmen-
tation, quality verification, and metadata enrichment.
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Figure 2: An overview of the Hallucination Diagnosis Gen-
erator (HDG) pipeline, detailing its four core stages from
raw text to richly annotated diagnostic data.

Step 1: Task-Oriented Seed Sample Generation The ob-
jective of this stage is to generate high-quality ”seed sam-
ples” from a large, unstructured corpus. Each sample, com-
prising a context, a query, and an answer, serves as the foun-
dation for subsequent augmentation.

First, reference texts are sampled from a pre-training cor-
pus and filtered using heuristic strategies (e.g., removing
paragraphs that are too short or have high perplexity) to en-
sure informational richness and linguistic quality. For long
documents, a recursive text splitter is employed to generate
shorter context samples.

Diverse instructions are generated for the sampled texts,
covering tasks such as summarization, logical reasoning,
and mathematics to ensure a wide range of task types and
difficulty levels.

Finally, responses for each instruction are generated us-
ing LLMs. For logical reasoning and mathematical tasks, we
leverage the model’s reasoning capabilities to maximize the

accuracy of the generated answers. Specifically, we prompt
the model to produce responses with a Chain-of-Thought
(CoT) structure. The resulting seed samples are generated in
two formats: one with a direct answer and another including
the full reasoning chain.

Step 2: Sample Augmentation This stage represents the
core innovation of our pipeline, designed to augment seed
samples through a series of controllable perturbation strate-
gies. Three primary augmentation strategies are employed:
context augmentation, hallucination injection, and fuzzy in-
formation replacement.

Context Augmentation: Samples are enhanced by pro-
grammatically adding or deleting information in the con-
text. Information addition introduces distractors to increase
the difficulty of extracting relevant facts. Conversely, infor-
mation deletion removes details pertinent to the original an-
swer, thereby creating controlled scenarios of factual incon-
sistency.

Hallucination Injection: This strategy directly intro-
duces errors into ”correct” responses via two methods: 1)
Direct Injection, applied to tasks like summarization, which
creates factual errors by replacing key entities (e.g., ”red
rose” to ”pink rose”); and 2) Reasoning Chain Injection,
applied to logical and mathematical tasks, which generates
logical hallucinations by perturbing a key step in a correct
reasoning chain.

Fuzzy Information Replacement: This approach re-
places precise information (e.g., 3,900 people) with vague
expressions (e.g., nearly 4,000 people). This process creates
outputs that are semantically plausible but not strictly faith-
ful to the source. This type of augmentation is applied only
to summarization tasks, as such ambiguity is unacceptable
in reasoning and mathematical contexts.

Step 3: Sample Quality Verification This critical quality
control stage ensures that augmented data pairs are linguis-
tically fluent, logically coherent, and accurately labeled as
either containing a hallucination or not.

Quality control involves two evaluation dimensions: Task
Sample Quality, where an LLM scores the query-answer
pair for clarity, fluency, and coherence (while ignoring cor-
rectness); Hallucination Label Correctness, where we use
an ensemble-based approach to enhance labeling accuracy
by integrating judgments from multiple models. An ensem-
ble of top-tier classifiers (e.g., Lynx) and LLM-as-a-Judge
methods (Gu et al. 2024) with a strong model (e.g., Qwen3-
32B) integrate judgments based on confidence scores to en-
sure accuracy.

Step 4: Metadata Enrichment After quality verification,
samples are enriched with structured metadata, transforming
them from simple detection examples into comprehensive
data suitable for training diagnostic models.

Core diagnostic labels include: Sentence-Level Anno-
tation, which marks the specific location of hallucinations
to train the model’s localization capability; Task Difficulty
Labels, which assigns a difficulty level based on the reason-
ing chain length required for the model to answer the orig-
inal instruction; and Reasoning Trace, which provides an
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explanatory chain for the final judgment.
The final output is a structured dataset where each entry

contains the source context, instruction, response, hallucina-
tion location, difficulty, and a ground-truth answer, provid-
ing a robust foundation for training the HDM.

Hallucination Diagnosis Model
Fearing SFT could disrupt the base model’s hybrid reason-
ing, we employed the Group Relative Policy Optimization
(GRPO) (Shao et al. 2024) algorithm, using RL to guide
the model’s diagnostic capabilities while preserving its core
abilities.

GRPO updates its policy by comparing the relative qual-
ity of a group of generated samples rather than relying on
a single absolute score. This approach enhances training ef-
ficiency and stability while helping to preserve the model’s
native capabilities during the alignment process.

To translate the abstract task of ”hallucination diagnosis”
into a concrete, learnable objective for the model, a compre-
hensive, rule-based reward function is designed. This func-
tion assesses the model’s output across multiple dimensions
to guide it toward the desired diagnostic behaviors. The re-
ward system consists of the following key components:

Structured Output Reward (Rstruct) This foundational
reward ensures a well-formed, machine-readable output,
which is required to make other diagnostic components
parsable. The model is incentivised to generate its diagnostic
report as a JSON object containing four key fields: conclu-
sion, diagnosis, hallucinations, and corrected answer.

Each field is scored independently, and the final reward
is the average of these scores. An incomplete or malformed
JSON structure yields a reward of 0.

Detection Accuracy Reward (Racc) This component
treats hallucination detection as a binary classification task.
It evaluates the accuracy of the model’s judgment in the
‘conclusion‘ field regarding whether the original answer
contains hallucinations.

A positive reward is granted when the model’s judgment
aligns with the ground-truth label, calculated as follows:

Racc = I(y = ŷ) (1)

where I(·) is the indicator function (1 if true, 0 otherwise), y
is the model’s predicted conclusion (e.g., ”pass” for no hal-
lucination, ”fail” for hallucination), and ŷ is the correspond-
ing ground-truth label.

Localization Reward (Rloc) This reward function eval-
uates the model’s ability to locate and delineate hallucina-
tory content. The reward is calculated based on the degree of
overlap between the set of predicted hallucinatory sentences
and the ground-truth set.

Let Spred be the set of sentences predicted as hallucina-
tory, and Sgt be the ground-truth set. A valid ”hit” occurs
when a predicted sentence sp ∈ Spred has a string contain-
ment relationship with a ground-truth sentence sgt ∈ Sgt

(i.e., sp is a substring of sgt, or vice versa).
In the event of a hit, a partial score is calculated based on

the length ratio of the two sentences to penalize imprecise

Dataset Total Halu Non-Halu
QA Task (HaluBench)

HaluEval (HE) 10000 5010 4990
RAGTruth (RT) 1000 160 740
FinanceBench (FB) 1000 500 500
DROP 1000 500 500
CovidQA (CQA) 1000 500 500
PubMedQA (PMQA) 1000 500 500

Summarization Task
SummEval (SE) 1600 294 1306

Table 1: Distribution of samples in the evaluation datasets.
The name in parentheses indicates the abbreviation used in
subsequent sections.

boundaries. Specifically, the scoring function score(sp, sgt)
is defined as:

score(sp, sgt) =

{
min

(
Lp

Lgt
,
Lgt

Lp

)
if hit(sp, sgt)

0 otherwise
(2)

where Lp and Lgt are the lengths of the predicted and
ground-truth sentences, respectively. The score is 0 if there
is no hit.

The final localization reward Rloc is defined as the sum of
scores for each predicted sentence against its best-matching
ground-truth sentence, normalized by the total number of
ground-truth sentences to account for recall:

Rloc =
1

|Sgt|
∑

sp∈Spred

max
sgt∈Sgt

{score(sp, sgt)} (3)

Final Reward Aggregation The final total reward R is the
weighted sum of the above components, defined as:

R = α1Rstruct + α2Racc + α3Rloc (4)

The hyperparameters α1, α2 and α3 are set to 1.0, 0.5, and
0.5, respectively, to balance the contribution of each compo-
nent to the overall reward.

Experiments
We designed a series of experiments to validate the effec-
tiveness of our methodology across three core tasks: hallu-
cination detection, localization, and mitigation.

Evaluation Datasets
Our evaluation framework covers two primary task cate-
gories: Question-Answering (QA) and Summarization. For
QA tasks, we employ all subsets from the HaluBench bench-
mark (Ravi et al. 2024), which spans topics from gen-
eral knowledge to specialized domains like finance and
medicine. For the summarization task, we use the Sum-
mEval (Fabbri et al. 2020) for benchmarking. Detailed
statistics for these datasets are presented in Table 1.

In addition to detection, we also evaluate the full scope of
hallucination diagnosis, which includes localizing and miti-
gating hallucinatory content.
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Figure 3: Distribution of reasoning steps in the synthesized hallucination diagnosis dataset, categorized by task type.

Task Raw Avg Total
Summary 2332 5308 7640 (3236 / 4404)
Logical 988 6205 7193 (1613 / 5580)
Math 719 2901 3620 (1150 / 2470)

Total 4039 14414 18453 (5999 / 12454)

Table 2: Statistics of the constructed hallucination diagnosis
dataset. The numbers in parentheses indicate the number of
hallucination and non-hallucination samples, respectively.

To this end, we constructed a dedicated diagnosis bench-
mark from the SummEval dataset. We first grouped all gen-
erated summaries by their reference text. From these group-
ings, we filtered for all summaries identified as containing
hallucinations and further annotated these samples to pin-
point the specific sentences that were hallucinatory.

This process resulted in a diagnosis dataset of 285 sam-
ples, each containing a consistency label, sentence-level hal-
lucination annotations, and ground-truth responses.

Experimental Setup
Data Construction We began by using our proprietary
Hallucination Diagnosis Generator (HDG) pipeline to con-
struct the training dataset. The data was sourced from the
Wikipedia (20231101.en) dump, chosen for its breadth in
establishing a general-purpose methodology, from which
we randomly sampled 4,500 documents. Within the HDG
pipeline, different models were employed at various stages
based on a cost/efficiency/quality trade-off (e.g., efficient
models for generation, strong ensembles for annotation).

The task generation stage utilizes Gemini-2.5-flash-lite,
while the corresponding responses and injections are gen-
erated by Qwen3-32B (Yang et al. 2025). The context aug-
mentation stage employs Qwen3-Embedding-0.6B (Zhang
et al. 2025a) as an embedding model for similarity retrieval.
In the quality verification stage, the judgment ensemble in-
cluded Qwen3-32B (Yang et al. 2025), GPT-4.1, Lynx (Ravi
et al. 2024), and MiniCheck-7B (Tang, Laban, and Durrett
2024). The subsequent metadata enrichment was performed
by Qwen3-32B.

This process yielded a dataset of 18,453 samples, with the
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Figure 4: Distribution of context lengths in the constructed
hallucination diagnosis dataset.

distribution across task types shown in Table 2. Analyses
of the dataset’s context length and difficulty distribution are
presented in Figures 4 and 3, respectively.

The difficulty, measured by reasoning steps, increases
from summarization to logical and mathematical reasoning.
The latter two tasks also exhibit a larger variance, indicating
a broader range of complexity.

Model Training Qwen3-4B is the base model for train-
ing HDM-4B-RL. The training was conducted using the
ms-swift (Zhao et al. 2025) and Hugging Face Transform-
ers (Wolf et al. 2020) libraries, employing the Group Rela-
tive Policy Optimization (GRPO) algorithm. We utilized 2 ×
NVIDIA A100 80GB GPUs. During training, one GPU was
dedicated to the policy model for rollouts, while the other
handled reward computations and policy model parameter
updates. For training hyperparameters, The AdamW opti-
mizer is used with a learning rate of 1× 10−6 and a weight
decay of 0.01. The he model was trained for a total of 2306
steps in batch-size 64.

Evaluation Setup For evaluation, open-source LLMs
were deployed on a single NVIDIA A100 80GB GPU us-
ing the vLLM framework (Kwon et al. 2023). For models
too large for a single GPU, such as Qwen3-32B, we applied
FP8 quantization to enable deployment. Proprietary models
were evaluated via their official API endpoints. Classifier-
based models were loaded using the Transformers library
and evaluated with their default inference configurations.
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Model Size HE RT FB DROP CQA PMQA SE Average
LLM Prompt Based

Qwen3-4B (non-reasoning) 4B 73.64 58.25 56.72 52.29 78.26 68.83 66.43 64.92
Qwen3-4B 4B 75.15 61.28 82.98 76.19 87.61 77.72 76.26 76.74
Qwen3-32B (non-reasoning) 32B 80.92 57.83 69.59 70.61 83.94 83.43 72.61 74.13
Qwen3-32B 32B 77.63 69.36 86.58 80.10 92.99 87.10 78.16 81.70
GPT-4.1 - 82.95 62.58 60.79 66.91 90.75 88.17 75.41 75.37
o4-mini - 83.23 71.89 88.90 76.28 94.19 85.95 77.88 82.62
Hallucination Detection Models

HHEM 110M 66.59 73.72 40.85 46.55 57.48 57.22 61.00 57.63
Alignscore-Large 355M 74.10 56.77 41.93 50.90 64.11 61.05 65.60 59.21
FactCG-DeBERTa-v3-Large 435M 66.29 52.28 42.03 48.67 78.48 59.56 61.00 58.33
MiniCheck-Flan-T5-Large 783M 66.85 53.65 42.46 49.74 75.48 71.72 76.20 62.30
Bespoke-MiniCheck-7B 7B 79.73 53.08 50.38 64.78 88.10 64.75 78.56 68.48
Lynx-8B 8B 86.96 60.25 74.30 64.79 97.70 88.37 68.39 77.25
HDM-4B-RL (non-reasoning) 4B 82.84 63.74 57.83 50.85 84.21 80.67 70.75 70.13
HDM-4B-RL 4B 83.96 68.52 84.54 74.39 92.50 77.79 75.88 79.65

Table 3: Hallucination Detection Results. Macro F1 score is used for comparison. Bold and underlined values indicate the best
and the second-best results in each group, respectively.

Hallucination Detection
To validate the capabilities of our model HDM-4B-RL, we
conducted evaluations on the hallucination detection task.
Following the HaluBench benchmark, we treat the halluci-
nation detection task as a binary classification task, and use
the macro F1 score as the primary metric.

For a comprehensive comparison, our evaluation in-
cludes two categories of baselines: (1) specialized hallu-
cination detection models, including HHEM (Bao et al.
2024), Alignscore (Zha et al. 2023), FactCG (Lei et al.
2025), MiniCheck (Tang, Laban, and Durrett 2024), and
Lynx (Ravi et al. 2024); and (2) prompt-based LLMs, for
which we use Qwen3-4B, Qwen3-32B, GPT-4.1, and o4-
mini. For models with a switchable reasoning mode, like
Qwen3, we report results for both modes. The results are
presented in Table 3.

Comparison with Hallucination Detection Models The
results show that HDM-4B-RL is the top-performing spe-
cialized hallucination detection model, excelling on Fi-
nanceBench and DROP with F1 scores of 84.54 and 74.39,
respectively. Compared to the previous SOTA model, Lynx-
8B, our model achieved a 2.4% higher average F1 score de-
spite being half the size. This demonstrates our method’s
superior balance between computational efficiency and per-
formance, achieving better results with a smaller model.

Comparison with General LLMs We also acknowledge
that a performance gap remains when compared to top-tier
prompt-based models like o4-mini (82.62 F1). However,
our approach shows immense potential. The performance of
HDM-4B-RL (79.65 F1) already surpasses powerful closed-
source models like GPT-4.1 (75.37 F1) and is closing the gap
with the reasoning-enabled Qwen3-32B (81.70 F1). This in-
dicates that through specialized fine-tuning, a smaller model

can challenge unoptimized larger models on specific tasks,
offering an efficient solution for resource-constrained sce-
narios. This is highlighted in detection latency, where the
32B model requires approximately 2.2× the runtime of ours.

Reasoning Mode vs. Non-Reasoning Mode The perfor-
mance benefit of the reasoning mode is a key finding of
our experiments. For the Qwen3-4B model, enabling its
reasoning mode boosted the average F1 score from 64.92
to 76.74. This effect was most pronounced on datasets
like FinanceBench (heavy on calculation) and DROP (re-
liant on discrete reasoning), which align with the strengths
of reasoning-focused models. This enhancement effect is
equally significant on our fine-tuned model, HDM-4B-RL,
with the F1 score rising from 70.13 (non-reasoning) to
79.65 (reasoning). Given that we performed RL fine-tuning
only in reasoning mode, this indicates that our method does
not compromise the model’s performance in non-reasoning
mode. Reasoning mode requires approximately 1.8× the
runtime of non-reasoning mode, presenting an accuracy-
efficiency trade-off adaptable to specific needs.

Effectiveness of RL Training Table 4 provides direct ev-
idence of the effectiveness of our fine-tuning. Compared to
its base model, Qwen3-4B, HDM-4B-RL achieves compre-
hensive improvements. A deeper analysis reveals the source
of this performance boost. In reasoning mode, the F1 score
improvement (+2.91) is primarily driven by a significant
gain in Recall (+4.62) and a solid increase in Precision
(+2.50). This indicates that our model’s ability to ”iden-
tify all true hallucinations” has been greatly enhanced with-
out sacrificing judgmental accuracy. More interestingly, in
non-reasoning mode, the improvement in the F1 score is
even larger (+5.21). This is driven almost entirely by a mas-
sive leap in Recall (+5.97), while Precision remains stable
(-0.26). This suggests our fine-tuning strategy greatly en-
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Model P R F1 Acc
Lynx-8B 77.79 77.54 77.25 81.63

Qwen3-4B† 70.93 65.35 64.92 71.83

HDM-4B-RL† 70.67
(-0.26)

71.32
(+5.97)

70.13
(+5.21)

73.74
(+1.91)

Qwen3-4B 77.89 76.42 76.74 80.85

HDM-4B-RL 80.39
(+2.50)

81.04
(+4.62)

79.65
(+2.91)

82.24
(+1.39)

Table 4: Performance comparison with Qwen3-4B. P, R, F1,
and Acc represent Precision, Recall, F1 score, and Accuracy,
respectively. The † indicates evaluation in non-reasoning
mode.

hanced the model’s fundamental pattern recognition capa-
bilities, making it more sensitive to capturing the features of
hallucinations even without relying on complex reasoning.

Hallucination Diagnosis Result
Lacking established public benchmarks for the full diagno-
sis task, the hallucination diagnosis task is conceptualized
as a composite challenge, and its evaluation is conducted by
deconstructing it into three core sub-tasks: detection, local-
ization, and mitigation.

For the granular analysis, specific metrics are applied to
each sub-task. For detection, given that this evaluation ex-
clusively involves samples containing hallucinations, perfor-
mance is measured directly by Accuracy (ACC). The local-
ization capability is assessed by a ”Hit Rate” (HR), anal-
ogous to the Rloc reward, and supplemented by a ”Span
Validity” (SV) metric to ensure localized spans are verba-
tim substrings of the original answer. Finally, the quality of
the corrected text from the mitigation sub-task is evaluated
using AlignScore (Zha et al. 2023) (AS), a reference-based
metric for factual consistency.

To establish performance benchmarks, two baseline ap-
proaches based on prompt engineering were constructed.
The first is the single-prompt method, which attempts to
generate the entire diagnostic report in a single pass, our
HDM-4B-RL is a representative of this method. The second
is the pipeline method, which decomposes the task into a se-
quence of three separate steps: detection, localization, and
mitigation. The final results are presented in Table 5

Table 5 reveals a distinct trade-off. While the multi-step
pipeline achieves superior performance on fine-grained tasks
like localization and mitigation via task decomposition, it
incurs high latency due to multiple LLM calls. Conversely,
the end-to-end method is far more efficient: using HDM e2e
as the baseline (1× runtime), 32B e2e requires only 1.5×,
whereas the 32B pipeline demands 4.9×.

Against this backdrop, the proposed HDM-4B-RL model
is particularly noteworthy. Operating as a single-prompt
model, it demonstrates a clear and comprehensive perfor-
mance advantage over other baselines in its category, includ-
ing GPT-4.1 and o4-mini. More importantly, as a lightweight
4B model, its performance is highly competitive across

Model Det Loc Mit
Acc HR SV AS

Original Result 59.77

Pipeline Method
Qwen3-32B 94.74 76.97 69.69 79.55
GPT 4.1 61.75 60.52 53.08 76.77
o4-mini 82.46 78.59 79.71 78.51

Single Prompt Method
Qwen3-32B 97.54 64.85 59.15 70.98
GPT 4.1 77.54 59.12 48.10 65.97
o4-mini 89.12 41.30 43.04 61.18
HDM-4B-RL 92.28 58.65 48.49 69.16

Table 5: Performance Comparison on the Hallucination Di-
agnosis Task. Det, Loc, and Mit represent detection, local-
ization, and mitigation tasks. The ”Original Result” serves
as a baseline for the mitigation task.

all diagnostic sub-tasks, closely approaching the quality
achieved by the 32B-scale model, even in the most challeng-
ing mitigation task. This outcome strongly validates that a
lightweight, end-to-end model, when subjected to special-
ized alignment with high-quality data, can achieve perfor-
mance comparable to that of much larger counterparts that
rely on more cumbersome processes. This provides a solid
basis for developing AI systems that are both highly efficient
and reliable.

Limitations and Conclusion
Limitations Despite promising results, our study has sev-
eral limitations that highlight avenues for future research.
First, regarding the data, our HDG pipeline currently relies
solely on Wikipedia as its source corpus. Future work should
expand these data sources to more specialized domains (e.g.,
scientific literature, legal documents) and further scale the
dataset’s size. Second, due to computational constraints, our
experiments were confined to a 4B-parameter model. Ex-
ploring the effectiveness of our approach on larger-scale
models is a key direction for future work.

Conclusion In this paper, we addressed the problem of
hallucination in large language models by proposing a ”hal-
lucination diagnosis” paradigm that moves beyond tradi-
tional binary detection. We defined this task by four core
capabilities—detection, localization, explanation, and mit-
igation. To tackle this, we introduced a novel methodol-
ogy featuring the HDG automated data pipeline and trained
an efficient Hallucination Diagnosis Model, HDM-4B-RL,
using the GRPO algorithm on our synthesized data. Ex-
periments demonstrated that this specialized 4B model not
only outperforms larger, detection-specific models but also
achieves highly competitive performance in the full diag-
nostic workflow, rivaling that of powerful general-purpose
models. These results validate the efficacy of our approach,
presenting a promising path toward developing more reliable
and trustworthy AI systems.
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