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Abstract

The increasing reliance on natural language
generation (NLG) models, particularly large
language models, has raised concerns about the
reliability and accuracy of their outputs. A key
challenge is hallucination, where models pro-
duce plausible but incorrect information. As
a result, hallucination detection has become
a critical task. In this work, we introduce a
comprehensive hallucination taxonomy with 11
categories across various NLG tasks and pro-
pose the HAllucination Detection (HAD) mod-
els!, which integrate hallucination detection,
span-level identification, and correction into a
single inference process. Trained on an elabo-
rate synthetic dataset of about 90K samples, our
HAD models are versatile and can be applied
to various NLG tasks. We also carefully anno-
tate a test set for hallucination detection, called
HADTest, which contains 2,248 samples. Eval-
uations on in-domain and out-of-domain test
sets show that our HAD models generally out-
perform the existing baselines, achieving state-
of-the-art results on HaluEval, FactCHD, and
FaithBench, confirming their robustness and
versatility.

1 Introduction

The rapid advancement of natural language genera-
tion (NLG) has been largely driven by the develop-
ment of large language models (LLMs) (Li et al.,
2024). These models, characterized by their abil-
ity to process and generate human-like text, have
found applications across diverse domains (Chkir-
bene et al., 2024), including content creation, cus-
tomer support, and personalized education. Despite
their impressive performance, LLMs still have lim-
itations. One of the most concerning issues is the
phenomenon known as hallucination, in which
models produce outputs that seem credible but are
factually incorrect or unfaithful to the provided
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context (Huang et al., 2023). This problem poses
significant challenges for users relying on LLMs
for accurate information, raising critical concerns
about the trustworthiness and accountability of Al-
generated content. As LLMs continue to evolve
and integrate into various applications, addressing
hallucination is paramount to ensuring the reliabil-
ity of these technologies in real-world scenarios.

?
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List three types of pre-trained models for natural
language processing.

Three types of pre-trained models for natural
language processing are BERT, GPT-2, and TF-IDF.

Hallucination Type: Factual Recall Error

Hallucination Span: TF-IDF

Correction: Three types of pre-trained models for
natural language processing are BERT, GPT-2,
and RoBERTa.

Figure 1: Example of the hallucination detection pro-
cess.

Hallucination in NLG can be broadly catego-
rized into two primary dimensions: factuality and
faithfulness (Huang et al., 2023). Factuality refers
to the degree to which the generated content aligns
with real-world facts. Meanwhile, faithfulness
refers to the relationship between the generated
text and the input, as well as the consistency within
the output itself. It emphasizes the importance of
following the instructions and accurately represent-
ing the information provided to the model. Both
aspects of hallucination impact the overall relia-
bility of LLMs, so it’s essential to understand and
address both dimensions.

Despite the significant advancements in research
on hallucination in LLMs, existing works still have
notable limitations. Many studies focus solely on
factuality (Chen et al., 2024) or faithfulness (Niu
et al., 2023), neglecting the comprehensive assess-
ment of both aspects. Additionally, several prior
studies target specific tasks (Gu et al., 2024; Min
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et al., 2023), which restricts their applicability and

generalizability. Furthermore, the taxonomy they

employed is typically coarse-grained, lacking the
nuanced granularity necessary for detailed analysis
and effective application across diverse contexts.

In this work, we propose a more comprehensive
and fine-grained hallucination taxonomy, covering
both faithful and factual aspects. Our taxonomy
is organized into three hierarchical levels and de-
fines 11 specific types of hallucinations. Recog-
nizing that NLG tasks vary in their requirements
for these dimensions (Ji et al., 2023), we map each
task type to corresponding hallucination categories.
Based on this correspondence, we synthesize a set
of 90,172 training data samples by modifying cor-
rect task data to include various types of halluci-
nations across multiple NLG tasks. The synthetic
data consists of hallucinated outputs and the spans
of hallucinations as its key components.

Our HAllucination Detection (HAD) models are
obtained by fine-tuning Qwen2.5-7B-Instruct
and Qwen2.5-14B-Instruct (Team, 2024) with
synthetic data, enabling them to jointly perform
type classification, span-level identification, and
correction within a unified inference. To obtain
high-quality test data, we manually annotate the
HADTest dataset, including diverse hallucination
samples paired with an equal number of correct
samples, with 2,248 samples in total. We evaluate
our models and other existing baselines through
both in-domain and out-of-domain tests. The
results show that HAD models outperform both
general-purpose base models and specified hallu-
cination detection models. The in-domain results
demonstrate their functionality, while the out-of-
domain results highlight their accuracy and general-
izability. The datasets and models will be publicly
available soon.

Overall, our main contributions can be summa-
rized as follows:

1. We present a fine-grained hallucination taxon-
omy that encompasses both factuality and faith-
fulness, considering more subtle issues related
to hallucinations.

2. Aligned with our hallucination taxonomy, we
create a large-scale, multi-task training dataset
along with a high-quality test set, HADTest for
the hallucination detection and correction.

3. We develop the HAD models that are capable
of handling hallucination categorization, span-
level detection, and correction within a single in-
ference. These models are applicable to various

NLG tasks and have achieved state-of-the-art
performance on multiple benchmarks.

2 Hallucination Taxonomy

We define hallucination as the phenomenon where
the generated output appears credible but is factu-
ally incorrect or not faithful to the provided context,
following the taxonomy proposed in previous work
(Huang et al., 2023). Typically, A natural language
generation task consists of:

* Instruction: Description of the task, indicating
the task type and specific constraints, such as the
subject matter, format, and length of the gener-
ated output.

* Input context: The relevant context for generat-
ing the output, such as the source document in
summarization, translation, or contextual QA.

» Task Output: The result generated to complete
the task.

We categorize hallucinations hierarchically based

on the nature of the inconsistencies and the con-

tent involved, with 11 fine-grained categories at the
third level. Our taxonomy is more comprehensive
than existing ones, covering a broader range of sce-
narios. To demonstrate the empirical relevance and
coverage of this taxonomy, we map its categories
to related concepts and terminologies discussed in
prior works, as presented in Appendix A.

2.1 Faithfulness Hallucination

Faithfulness hallucinations stem from inconsisten-
cies between the input content and generated con-
tent, or from issues within the generated content,
without relying on external factual information.
These hallucinations can be classified into three
main types: instruction inconsistency, input con-
text inconsistency, and internal inconsistency.

A. Instruction Inconsistency This occurs when
generated content fails to align with the given in-
struction, not meeting task, content, or format re-
quirements.

1. Task Type Inconsistency (TTI): The output
represents a different task type than instructed.
Deviations within the same task type, such as
violating specific requirements, are excluded.

2. Task Requirement Inconsistency (TRI): The
output doesn’t meet specified task requirements,
such as format, length, subject, or tone. This
is due to a failure to follow instructions, rather
than to contradictions in content.
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B. Input Context Inconsistency This happens
when the generated content contradicts or misinter-
prets the input context.

3. Contradiction with Input Content (CwIC):
The output contradicts the input, presenting in-
formation incompatible with the context, often
due to failure to recall or misunderstanding the
provided information.

4. Baseless Information (BI): In tasks that require
strict adherence to the given context, the output
contains unsupported information. Tasks that
seek new information do not suffer from this
problem.

5. Information Omission (I0): When the task
requires a complete and accurate representation
of the provided context, the output omits details
presented in the input.

C. Internal Inconsistency This arises when gen-
erated content contains contradictions, logical er-
rors, or structural problems, leading to incoherent
or implausible results.

6. Contradiction within Output Content
(CwOC): The output includes contradictory
statements or flawed reasoning.

7. Structural Incoherence (SI): The output con-
tains redundant, repetitive, or disjointed state-
ments that do not enhance clarity or value.

2.2 Factuality Hallucination

Factuality hallucinations occur when the generated
content contains inaccuracies, distortions, or fabri-
cations that do not align with external reality. Ac-
cording to whether they can be directly refuted by
established world knowledge, factuality hallucina-
tions can be categorized into fact contradiction and
fact fabrication.

D. Fact Contradiction Fact contradiction hap-
pens when the generated content directly contra-
dicts established knowledge.

8. Factual Recall Error (FRE): The generated
text contains an incorrect atomic fact due to the
model’s inability to accurately recall or access
relevant knowledge.

9. Factual Inference Error (FIE): The content
contains incomplete or misinterpreted facts,
such as confusion between time periods, indi-
viduals, or events, omission of key details, or
errors in the order of causes and effects, leading
to the facts being presented incorrectly.

E. Fact Fabrication Fact fabrication refers to

content presenting unverifiable information not

based on real-world knowledge, excluding artis-
tic or creative fiction.

10. Fabricated Entity (FE): The generated output
introduces entirely new, fabricated entities such
as concepts, names, or objects that lack any real-
world basis.

11. Fictional Attribution (FA): The generated
output fabricates information about real entities,
such as unverified claims or quotes, that cannot
be directly confirmed or disproven by reliable
sources. Unlike a Fabricated Entity, this error
does not introduce entirely new entities.

3 Data Construction

The goal of our HAD models is to provide a fine-
grained detection and classification of hallucina-
tion, and then correct it. Given a task input and
a task output, the model is required to classify
the hallucination into a fine-grained type, identify
the precise span of the hallucinated content, and
provide a correction to the output. The task input
is a combination of instruction and input context,
considering that in many scenarios, people do not
explicitly distinguish them. Our models aim to ap-
ply to multiple NLG tasks and hallucination types,
which places high demands on data diversity. In
the following subsections, we will introduce how
we acquire the training and test data.

3.1 Source Data Selection

Different tasks can lead to various types of halluci-
nations (Ji et al., 2023). We adopt ELI5 (Fan et al.,
2019) as the data source for the long-form QA task.
From the Super-Naturallnstruction (SNI) dataset
(Wang et al., 2022), we sample data for tasks in-
cluding story writing, poem writing, paraphrasing,
data-to-text, summarization, contextual QA and
short-form QA. For math reasoning, the data source
is GSM8K (Cobbe et al., 2021). Data of dialogue
task comes from the FaithDial dataset (Dziri et al.,
2022). Additionally, we use Alpaca (Taori et al.,
2023) for the general instruction following task.

3.2 Hallucination Synthesis

Hallucination Injection For each dataset, we
manually assess which hallucination types may
occur based on the task definition. All
hallucination data are constructed with GPT-
4o(gpt-40-2024-08-06) by disturbing the correct
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output based on the type definition and 3-shot ex-
amples. The examples differ by the hallucination
type. To improve the variety, the examples for each
data item are sampled independently. The prompt
template can be found in Table 10 in Appendix B.
We sample 10,000 source data for each hallucina-
tion type, set the temperature to 1.0, and sample 5
hallucination candidates for each data item.

Automatic Filtering After the hallucination in-
jection, we check and filter the candidates with
a few criteria, which vary between hallucination
types. Some issues may exist in the injection stage,
including the failure to follow instructions, misun-
derstanding the hallucination type, or misidentify-
ing the hallucination span. To address these issues,
we write both general and task-specific criteria and
prompt GPT-4o to analyze whether all the crite-
ria are met. The prompt template and criteria for
data verification are shown in Table 11 and 12 in
Appendix B. The pass rate at the filtering stage is
82.3%. After filtering, there are 90088 hallucina-
tion data left.

3.3 Test Data Annotation

We annotate a test set, HADTest, consisting of
2,248 samples. Initially, 1,240 samples are selected
by sampling 20 data items per task and hallucina-
tion type. Annotation is conducted by two volun-
teers who are familiar with the field of LLMs. Each
sample is assessed independently by two annotators
to ensure it meets predefined criteria and correctly
matches the hallucination type. Disagreements are
resolved by editing the output to meet the crite-
ria. Guidelines of annotation can be found in Ap-
pendix B. The raw test set had a pass rate of 66.37%
and an inter-annotator agreement of 80.56%. After
filtering and editing, the final HADTest consists
of 1,124 hallucinated samples, balanced with an
equal number of non-hallucinated samples. De-
tailed statistics are shown in Figure 2.

4 Experiments

4.1 Settings

Training Setting We fine-tune the models end-
to-end to enable the models to jointly perform
hallucination categorization, span-level detection,
and correction. The prompt template and response
template are provided in Table 13 in Appendix B,
based on the task formulation outlined in Section 3.
The hallucination types and spans are synthesized
following the procedure described in Section 3.2,
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Figure 2: Statistics of our constructed HADTest.

while the correction is derived from the original
ground-truth output of the source datasets without
further processing. We sampled 90,172 data points
for training and 869 for development. The data
ratio in the hallucination dataset reflects both the
frequency of hallucination types in real scenarios
and their detection difficulty. Specifically, there are
about 9,000 samples for each factual hallucination
type, around 5,000 for input context inconsisten-
cies, and roughly 2,500 for other types. Positive
data are sampled at half the amount of hallucina-
tion data while maintaining consistent task distri-
butions.

We use Qwen2.5-14B-Instruct as the primary
base model, and experiment across different sizes
and architectures with Qwen2.5-7B-Instruct and
Llama-3.1-8B-Instruct. Supervised fine-tuning
is conducted for one epoch with a learning rate of
1e-5 and a batch size of 256 on 4 H100 GPUs. At
the test stage, the temperature is set to 0.

Additionally, we introduce the HAD-14B-Binary
model, which simplifies hallucination detection to
a binary classification task (hallucination vs. non-
hallucination). It uses the same data and hyper-
parameters as the original model. The prompt and
response templates are provided in Table 14 in Ap-
pendix B.

In-Domain Evaluation We assess three aspects:
classification, span detection, and correction. Met-
rics include Accuracy, Balanced Accuracy, Macro-
F1 for classification, and word-level Precision, Re-
call, F1 for span detection and correction. The
latter is evaluated only on hallucinated samples.
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Out-of-Domain Evaluation We also test our
models on the following external datasets: HaluE-
val (Li et al., 2023) for general hallucination de-
tection, FactCHD (Chen et al., 2024) for fact-
conflicting hallucinations, and FaithBench (Bao
et al., 2024b) for hallucinations in summarization
task. We simplify hallucination detection to binary
classification and report Accuracy for HaluEval,
Micro F1 for FactCHD, and Balanced Accuracy
and Macro F1 for FaithBench as suggested in the
original papers.

Baselines We compare our models against lead-
ing LLMs like GPT-40, GPT-40 mini, and
DeepSeek V3, as well as other hallucination de-
tection methods and models including SelfCheck-
GPT (Manakul et al., 2023), LYNX 8B (Ravi
et al., 2024), ANAH-v2 (Gu et al., 2024), FAVA-
Model (Mishra et al., 2024), and HHEM-2.1-
Open (Bao et al., 2024a). More details about the
implementation of baselines can be found in Ap-
pendix C.

4.2 Results

Overall, HAD-14B and HAD-14B-Binary outper-
form the baseline models across multiple evalu-
ation metrics and test sets. Table 1 presents the
in-domain test results. HAD-14B delivers supe-
rior performance across multiple metrics, achiev-
ing a binary classification accuracy of 89.10% and
a fine-grained classification accuracy of 83.05%.
HAD-14B also excels in span identification, with
an F1 score of 76.01%, and in correction, with an
F1 score of 77.97%.

As seen in Table 2, HAD models outperform
or are comparable with both closed-source, large-
scale baseline models and other hallucination detec-
tion methods across most OOD test sets, highlight-
ing their robustness. HAD-7B, despite its smaller
size, still outperforms baseline models on certain
test sets. There is also a trade-off between detection
accuracy and functionality, as the performance of
HAD-14B-Binary outperforms that of HAD-14B
on several test sets. Additional experimental results,
ablation studies, error analysis, and case examples
are provided in Appendix D.

4.3 Human Evaluation

We additionally conduct a human evaluation to as-
sess the generated corrections. We sample 110
items from HADTest (10 per hallucination type,
covering all 11 types), where the model correctly

identifies the hallucination type. A qualified human
annotator with expertise in large language models
then evaluated each correction along six dimen-
sions: (1) overall acceptability, (2) factual accuracy,
(3) style preservation, (4) coherence and fluency,
(5) whether secondary errors are introduced, and
(6) whether overcorrection occurs.

The results indicate that 96 of the 110 corrections
(87.3%) are assessed as "Acceptable”. In addition,
106 corrections (96.4%) are free of secondary er-
rors, while 109 cases (99.1%) avoid overcorrection
of the original text. These results demonstrate that
the HAD model’s corrections are qualitatively safe.
The model reliably fixes the hallucinated content
without introducing new errors, altering the origi-
nal style, or disrupting text coherence. More details
can be found in Appendix E.

5 Knowledge Augmentation

Given the limitations of language models, such as
the cutoff time of their training data and their con-
strained knowledge base, retrieval augmentation
has become a crucial tool for detecting hallucina-
tions, especially factual ones. Thus, we integrate
retrieved information into the hallucination detec-
tion process by simply inserting background knowl-
edge into the task input part. We concatenate the
task input and task output with a "\n" as the query
and use the contriever-msmarco model (Izacard
et al., 2021) to retrieve relevant paragraphs from
the Wikipedia DPR corpus. For each query, the top
5 documents are selected.

We test knowledge augmentation for HAD-14B
and report the F1 score of four fact hallucination
types for the HADTest dataset in Table 3. As ex-
pected, knowledge augmentation can largely im-
prove the model performance on fact-checking, on
both in-domain and out-of-domain test sets. The
improvement in the Factual Inference Error is the
most obvious, indicating that the model is particu-
larly dependent on external knowledge when deal-
ing with the association of multiple facts.

Given that HAD models are built on 7B and 14B
base models with limited knowledge, augmenting
them with external information is crucial and ef-
fective for fact-based domains. Our experiments
demonstrate a simple yet powerful approach to im-
plementing this.
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Model Binary Fine-Grained Span Correction

Acc Acc BA F1 Precision Recall F1 Precision Recall F1
FAVA-Model \ 59.43 \ - - - \ 34.69 50.35  36.56 \ 70.84 6541  66.29
GPT-40 63.08 40.30 46.61 41.64 56.41 73.03  57.79 63.22 68.93  62.90
GPT-40 mini 60.19 2976 32.00 29.37 48.00 59.03 4691 57.99 65.17 58.81
DeepSeek-V3 58.50 39.72 3848 38.47 46.58 60.45  48.15 40.41 63.23  45.37
HAD-14B \ 89.10 \ 83.05 7738 76.29 \ 78.96 7827  76.01 \ 78.87 78.16  77.97

Table 1: The in-domain test results on the HADTest dataset include evaluations for binary classification, fine-grained
classification, span identification, and correction. A dash ("-") indicates that the model does not support the

corresponding function.

Model HaluEval-dial | HaluEval-gen | HaluEval-QA | HaluEval-summ | FactCHD FaithBench
Acc Acc Acc MicroF1 | BA  Macro F1

SelfCheckGPT 48.20 21.30 36.30 49.70 54.54 50.00 41.26
LYNX 8B 60.25 74.48 85.70* 68.45 44.88 56.71 44.36
ANAH-v2 57.00 59.98 81.21* 57.33 57.44 51.03 26.68
FAVA-Model 57.82 73.37 62.16 50.42 44.62 53.18 41.64
HHEM-2.1-Open - - - 37.86 - 55.68*  40.86*
GPT-40 73.55 81.30 86.33 71.43 51.89 56.29*%  40.75*
GPT-40 mini 71.71 81.18 84.04 69.80 39.20 52.13 35.29
DeepSeek-V3 77.85 81.81 50.73 72.09 62.98 52.94 32.79
HAD-7B 82.24 78.41 83.63 81.54 63.68 44.63 44.30
HAD-8B 84.55 75.40 81.40 76.55 64.16 55.46 55.55
HAD-14B 82.33 79.94 86.65 81.36 66.82 51.85 45.45
HAD-14B-Binary 82.16 76.55 92.37 84.63 60.18 57.74 54.97

Table 2: Model performance on the out-of-domain test sets. Note that the results with **’ is copied from the original
papers. In the ANAH-v2 model test, we classify samples with the model output of "unverifiable" or "nofact" as 0.5
non-hallucinated and 0.5 hallucinated samples (highlighted in gray).

Method ‘ FRE FIE FE FA
HAD-14B 35.90 26.87 81.48 70.48
+knowledge 37.84 52.17 97.99 87.88

Table 3: F1-score of in-domain test results with knowl-
edge augmentation.

6 Related Work
6.1 Hallucination Detection Model

Training a language model to detect hallucina-
tions is a cost-effective approach to some ex-
tent. Several recent works have made significant
strides in this area by proposing hallucination de-
tection models and benchmarks. For instance, FAV-
ABench (Mishra et al., 2024) is a dataset designed
to evaluate hallucinations in large language mod-
els. This work classifies six types of hallucinations
and proposes FAVA, a retrieval-augmented model
trained on Llama2-Chat 7B to detect and edit hal-
lucinations. It is the closest to ours, but is limited
to factual hallucinations with mandatory retrieval
and focuses solely on fact-seeking tasks. Several
other works, including RAGTruth (Niu et al., 2023),

FactCHD (Chen et al., 2024) and ANAH-v2 (Gu
et al., 2024) adopt the same workflow that propose
a hallucination dataset and then train an accompa-
nying hallucination detection model. LYNX (Ravi
et al., 2024), a series of models, is designed for
large-scale hallucination detection in contextual
question-answering tasks within an RAG frame-
work. These models, while performing excellently
on specific tasks or domains, face significant chal-
lenges when dealing with diverse data from various
tasks or types of hallucinations. In contrast, our
HAD is designed to handle a broader range of tasks
and hallucination types, offering greater versatility
and applicability across a variety of use cases.

6.2 Taxonomy of Hallucination

To better understand and address hallucination
in natural language generation, establishing a de-
tailed taxonomy is essential. Several surveys (Ji
et al., 2023; Ye et al., 2023) divide hallucinations
into two parts: intrinsic hallucinations, where the
output contradicts the source content, and extrin-
sic hallucinations, where the output cannot be
verified by the source content. In another sur-
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vey (Zhang et al., 2025), hallucinations are cat-
egorized into three types based on where the out-
puts conflict: input-conflicting, context-conflicting,
and fact-conflicting. Though these taxonomies are
valuable for further investigations, they lack a fine-
grained taxonomy of hallucinations. We inherit and
further expand the taxonomy from (Huang et al.,
2023), providing a more detailed analysis of the
hallucination problem.

6.3 Hallucination Benchmark

As hallucination has become a significant area of in-
vestigation into large language models (LLMs), nu-
merous benchmarks have been developed. For ex-
ample, HalluQA (Cheng et al., 2023) contains three
types of questions (misleading, misleading-hard,
and knowledge), aiming to evaluate hallucination
in Chinese LLMs. Moreover, some benchmarks are
developed to assess the ability of LLMs to detect
hallucinations. HaluEval (Li et al., 2023) consists
of 5,000 user queries and 30,000 task-specific sam-
ples generated from automatic generation and hu-
man annotation. FELM (Chen et al., 2023) can be
used to assess LLMs’ factuality in five domains, in-
cluding world knowledge, science and technology,
mathematics, writing and recommendation, and
reasoning. Although these studies are compelling,
there is still a need for a large-scale, multi-task hal-
lucination dataset for training. In our study, we aim
to provide a dataset covering multiple NLG tasks
and hallucination categories.

7 Conclusion

In conclusion, we propose a fine-grained halluci-
nation taxonomy with 11 fine-grained categories
and construct a large dataset for training halluci-
nation detection models covering multiple NLG
tasks. Additionally, we manually annotate a test
set called HADTest. Based on the hallucination
taxonomy and data, we introduce HAD models for
hallucination detection. Beyond simply detecting
whether there are hallucinations in the text, HAD
models can also classify fine-grained hallucination
types, locate their spans, and correct them. Our
models outperform existing general-purpose mod-
els as well as hallucination detection models, offer-
ing improved functionality, detection accuracy, and
applicability across different NLG tasks.

8 Limitations and Future Work

Although our proposed HAD models achieve good
performance on both in-domain and out-of-domain
benchmarks, several limitations remain. First,
the current formulation is restricted to detecting
single-span hallucinations, whereas real-world out-
puts often contain multiple or overlapping erro-
neous spans, as well as different hallucination types
within the same task output. A possible remedy
is to first decompose outputs into smaller units be-
fore applying the HAD model. Future work could
extend this framework to jointly detect multiple,
potentially overlapping hallucination spans in an
end-to-end manner, without relying on explicit unit
decomposition.

Second, the training pipeline depends heavily
on synthetic hallucination data, which, despite its
scalability, cannot fully capture the diversity and
complexity of naturally occurring cases. However,
annotating natural hallucinations is costly and dif-
ficult to control in terms of distribution, making
this trade-off between synthetic and natural data
persistent and difficult to resolve. A valuable next
step would be incorporating limited natural halluci-
nation annotations via semi-supervised learning.

On the methodological level, the functionality
of our model is primarily driven by the composi-
tion and diversity of the data. We have not fully
explored how to coordinate between multiple tasks
and various types of hallucinations to achieve opti-
mal results. How to design mechanisms that better
coordinate across tasks and hallucination types is
worth further investigation.
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A Supplementary Materials for
Hallucination Taxonomy

We build our hallucination taxonomy based on prior
works about LLMs, as shown in Table 8, each cat-
egory can be find similar concepts in related re-
search. This mapping provide important supporting
for the coverage and rationality of our taxonomy.
To help better understand the meaning of each hal-
lucination type, we provide examples in Table 7.

B Prompt Templates and Guidelines

Here, we present our prompt templates and guide-
lines for different stages to enhance the repro-
ducibility of our work.

During the data construction stage, we first in-
ject hallucinations (Table 10) and then filter out
low-quality data (Table 11). The guidelines (Ta-
ble 12) are applied both for the automatic filtering
of training data and for the manual annotation of
HADTest.

In the training and evaluation stage, we employ
the same prompt and response template (Table 13)
for HAD-7B, HAD-8B, and HAD-14B. Table 14
presents the template for HAD-14B-Binary, which
differs slightly from the previous one. When evalu-
ating baseline large language models on HADTest,
we adopt a few-shot prompting strategy (Table 15).

C Implementation of Baselines

When testing base models on our in-domain
HADTest dataset, we provide hallucination-type
descriptions and fixed 2-shot examples in the
prompt (Table 15). One example is correct and
another is hallucinated. For out-of-domain test
datasets, we adopt the same prompts as specified in
the original papers corresponding to these datasets,
with the temperature parameter set to 1.

For SelfCheckGPT (Manakul et al., 2023), we
use Qwen2.5-14B-Instruct as the passage gen-
eration model and sample 5 responses for each
prompt. The passage-level score is the average of
sentence-level scores. Data samples with passage-
level scores less than 0.5 are labeled as "Hallu-
cination". Besides, the four hallucination detec-
tion models (LYNX 8B (Ravi et al., 2024), ANAH-
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v2 (Gu et al., 2024), FAVA-Model (Mishra et al.,
2024), HHEM-2.1-Open(Bao et al., 2024a)) share
a consistent input format consisting of three parts:
context, query, and response. For summarization
tasks, we place the input documents in the context
part. For other test sets, we simply place the task
input in the query part and leave the context part
empty.

D Supplementary Experimental Results

D.1 Supplementary In-Domain Test Results

Since several baselines do not support fine-grained
classification on HADTest, we compare these base-
lines with our models using the binary classification
task and report their accuracies in Table 5. Detailed
evaluation results of HAD-14B on the HADTest
dataset are presented in Table 4. Furthermore, Ta-
ble 9 shows three examples of HAD-14B’s predic-
tions, demonstrating the model’s ability to detect
and correct different types of hallucinations.

Category \ Precision Recall F1-Score Size
TTI 49.30 87.50 63.06 40
TRI 50.56 44.12 47.12 102
CwiC 81.90 63.33 71.43 150
BI 86.18 83.46 84.80 127
10 74.42 67.37 70.72 95
CwOC 78.26 71.05 74.48 152
SI 93.89 85.79 89.66 197
FRE 41.18 31.82 35.90 66
FIE 69.23 16.67 26.87 54
FE 90.16 74.32 81.48 74
FA 97.37 55.22 70.48 67
No Hallu 86.76 86.30 86.53 1124
overall | 74.93 63.91 66.88 2248

Table 4: Detailed evaluation results of HAD-14B on
HADTest. The overall metrics are macro average of all
the categories.

Model | Acc
SelfCheckGPT 45.73
LYNX 8B 63.83
ANAH-v2 54.76
FAVA-Model 59.43
HAD-7B 87.46
HAD-8B 86.12
HAD-14B 89.10
HAD-14B-Binary 87.77

Table 5: Evaluation of binary hallucination classification
on HADTest.

D.2 Ablation Study

The hallucination verification step in Section 3.2
aims to improve data quality. To evaluate its im-
pact, we randomly sample an equal number of data
points with the same distribution from the raw hal-
lucination data and train a separate model for com-
parison. We evaluate it with the fine-grained clas-
sification task and the macro F1 on our test set
is 75.65%, which is lower than the HAD-14B’s
accuracy of 76.29%.

D.3 Error Analysis

We use the results of HAD-14B for this section and
analyze the in-domain test results across different
types. The confusion matrix is shown in Figure
3. The F1 scores of Factual Recall Error and Fac-
tual Inference Error are relatively low (35.90 and
26.87, respectively) because these errors are often
mistakenly labeled as "no hallucination." These
failures are mainly due to insufficient background
knowledge, particularly in smaller models. Besides,
there’s noticeable confusion between similar cate-
gories, such as Contradiction with Input Content
and Contradiction within Output Content, as well
as between Factual Inference Error and Factual
Recall Error.
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Figure 3: Confusion matrix of the test results generated
by HAD-14B.

In the HaluEval-general dataset, false negatives
are mainly classified as factual recall errors or
task requirement inconsistencies. Additionally, this
dataset has a wider range of task types and require-
ments and contains responses generated by real
LLMs, which makes hallucination detection more
challenging, resulting in more false positives.
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In summary, the error analysis highlights that
HAD-14B still struggles with fact contradiction hal-
lucinations, which are largely attributed to a lack
of background knowledge, especially in smaller
models. The analysis also suggests areas for im-
provement, such as better handling of diverse tasks
and enhancing the model’s ability to distinguish
between different types of hallucinations.

E Details on Human Evaluation

In this section, we present more details about the
human evaluation process for the model-generated
corrections described in Section 4.3. The annota-
tion is performed by a single volunteer annotator.
We provide a comprehensive annotation guideline
that defines the task, data format, and evaluation
protocol for assessing the quality of automatically
generated hallucination corrections. Each sample
includes the original input, the hallucinated output,
the ground-truth hallucination span and correction,
as well as the model’s predicted hallucination span
and the correction to be evaluated. The annotator is
required to judge the model’s correction along six
dimensions, each rated on a predefined categorical
scale:

* overall acceptability: whether the corrected text
is a usable replacement;

* factual accuracy: whether the correction intro-
duces factually correct information, with a spe-
cial option for non-factual hallucinations;

* style preservation: how well the original tone and
register are maintained;

* coherence and fluency: internal grammatical and
logical quality;

* introduction of new errors: whether the correc-
tion inadvertently adds errors to previously cor-
rect content;

* overcorrection: whether the modification unnec-
essarily alters content beyond the hallucinated
span.

When new errors or overcorrections are identified,
annotators are required to document them in a free-
text notes field. The guideline further instructs
annotators to focus exclusively on correction qual-
ity rather than hallucination detection accuracy, to
compare the predicted correction against both the
original hallucinated output and the ground-truth
correction, and to use conservative labels and pro-
vide notes in ambiguous cases. Table 6 presents
the detailed results.

Dimension Label Count

Acceptable 96 (87.3%)

Acceptability Partially Acceptable 6 (5.5%)

Unacceptable 8 (7.3%)
Accurate 34 (30.9%)

Mostly Accurate 4 (3.6%)

Factual Accuracy Inaccurate 2 (1.8%)
N/A 70 (63.6%)
. Well Preserved 96 (87.3%)
Style Preservation N/A 14 (12.7%)
Coherent 109 (99.1%)

Coherence Incoherent 1(0.9%)
No 106 (96.4%)

Secondary Error Yes 4 (3.6%)
. No 109 (99.1%)

Overcorrection Yes 1 (0.9%)

Table 6: Label distribution of human evaluation across
six quality dimensions for 110 model-generated correc-
tions.

F AI Usage Disclosure

In this work, we utilize generative Al to assist
with data processing and to refine our manuscript.
Throughout the use of Al tools, we carefully re-
view and revise the generated content to ensure the
accuracy and reliability of our work.

G Ethical Considerations

We carefully consider the ethical aspects of our
work. We assess that the present study carries
minimal risk, primarily because it neither involves
sensitive data nor engages human subjects. All
hallucinatory content in our paper and datasets is
explicitly annotated to guarantee the transparent
and responsible utilization of these resources.

Our research exclusively employs publicly ac-
cessible datasets and pretrained models, and our
application of these resources strictly adheres to
the licenses. The data utilized in this work con-
tains no personally identifiable information or other
forms of sensitive content; we operate under the
presumption that the original providers of these
datasets have conducted appropriate anonymiza-
tion and content filtering procedures.

Additionally, the artifacts (including the con-
structed datasets and associated models) developed
through this study will be released, with their distri-
bution terms remaining consistent with the licens-
ing agreements of the used resources.
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Category

| Input

Output

Task Type
Inconsistency

In this task, you will be given a list of numbers.
The goal is to sum all the numbers in the list.
[180.44, 159.979, 32.8, 227.334, 32.8]

To remove duplicates from the list, we need to
identify numbers that appear more than once
and remove them. "32.8" appears twice in the
list. Here is the list with duplicatest removed:
[180.44, 159.979, 32.8, 227.334].

Task Requirement In-
consistency

Classify the following statement into a high level
semantic category: "The stock markets are surg-

ing

Market Trends/Stock Market Performance

Contradiction with In-

Describe the concept of Imposter Syndrome.

Imposters Syndrome is a psychological phe-
nomenon in which people feel a persistent fear

put Content of being exposed as a fraud.
Baseless Given a sentﬁpce agd aﬁ P ut,hcorrect the gram- The dog barked loudly at its foe, a squirrel
Information mar and spelling mistakes In the sentence. perched confidently on a nearby branch

"The dog barked loudley at it’s foe." ’
Information Given a sentence and an input, correct the gram-
Omission mar and spelling mistakes in the sentence. The dog barked loudly.

"The dog barked loudley at it’s foe."

Contradiction within

Create a signature drink.

I suggest a White Grapefruit Mule. This re-
freshing summer drink is made with fresh white

Output Content grapefruit juice, vodka, ginger beer, and a splash
of lime juice. Enjoy your Red Grapefruit Mule!
S Mashed Potato Pancakes Recipe Ingredients:- 1
tructure .
Create a recipe for mashed potato pancakes. cup all-purpose flour 1/4 teaspoon ground cloves-
Incoherence . . .
1/4 cup milk- 1/4 cup milk- 1/4 cup milk
Factual

Recall Error

Where is Messi playing now?

Barcelona.

Factual Inference Error

Why do older cartoons always show a lighter
color of an object that’s about to move?

It’s discussed in detail here. The most efficient
way to animate older cartoons, images are ren-
dered as lines on a black background digitally,
then coloured by computer. The colors were de-
liberately faded in the areas of motion to give
the illusion of speed.

Fabricated Entity

Why do warmer climates have turquoise, clear
seas and white beaches? Why is my sea so gross
in comparison?

If you are imagining tropical islands, the an-
swer lies in the Sapphire Lattice. This underwa-
ter crystal network, unique to warmer climates,
refracts sunlight in a way that turns the water
turquoise and enhances the whiteness of the
sand.

Fictional Attribution

Who does Mr. Jones represent in Animal Farm?.

Tsar Nicholas II, who was also known for his
involvement in the secret negotiations with the
British government to establish a new form of
monarchy in Eastern Europe."

Table 7: Examples of different hallucination categories. The red text indicates the hallucination span.
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Type Name

Related Work

Related Term

Task Type Inconsistency

(Huang et al., 2023)
(Pelrine et al., 2023)

Instruction Inconsistency
Incorrect Summarization

Task Requirement Inconsistency

(Zhou et al., 2023)

Instruction Following Failure

Contradiction with Input Content

(Huang et al., 2023)
(Zhang et al., 2025)

Context Inconsistency
Input-Conflicting Hallucination

Baseless Information

(Niu et al., 2023)
(Raunak et al., 2021)

Evident/Subtle Introduction of Baseless Information
Detached Hallucinations

Information Omission

(Dale et al., 2022)

Undertranslation

Contradiction within Output Content

(Zhang et al., 2025)
(Huang et al., 2023)

Context-Conflicting Hallucination
Logical Inconsistency

Structural Incoherence

(Raunak et al., 2021)

Oscillatory Hallucinations

Factual Recall Error

(Yu et al., 2024)

Failure on Knowledge Memorization

Factual Inference Error

(Yu et al., 2024)
(Rawte et al., 2023)

Failure on Knowledge Applying
Time Wrap

Fabricated Entity

(Rawte et al., 2023)
(Mishra et al., 2024)

Generated Golem
Invented Information

Fictional Attribution

(Rawte et al., 2023)

Virtual Voice

Table 8: Mapping of Hallucination Taxonomy Categories to Related Works and Terminologies
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Task Information

**Task Input:**

Rewrite the passage from the perspective of a different character:
Sophie was exhausted after a long day at school.

**Task Output:**

Tom found Sophie exhausted.

Detection Result

**Hallucination Type:**

Information Omission

**Hallucination Span:**

after a long day at school.

**Correction: **

Tom found Sophie exhausted after a long day at school.

Task Information

**Task Input:**

List three types of pre-trained models for natural language processing.

**Task Output:**

Three types of pre-trained models for natural language processing are BERT, GPT-2, and TF-IDE.

Detection Result

**Hallucination Type:**

Factual Recall Error

**Hallucination Span:**

TF-IDF

*#*Correction: **

Three types of pre-trained models for natural language processing are BERT, GPT-2, and RoBERTa.

Task Information

**Task Input:**

Given two noun phrases (arguments) and relationship between them, form a sentence that expresses

theses arguments with the given relationship.

Relationship: "be locate in’, Argument/Subject 1: ’fort lauderdale’, Argument/Subject 2: broward county’
**Task Output:**

201 Southwest 5th Avenue Fort Lauderdale from Broward County Convention Center , which is located

at the northern end of Port Everglades , the world ’s second largest cruise port, largerst cruise port.

Detection Result

**Hallucination Type:**

Structural Incoherence

**Hallucination Span:**

largerst cruise port.

**Correction: **

201 Southwest 5th Avenue Fort Lauderdale from Broward County Convention Center , which is located at the
northern end of Port Everglades , the world ’s second largest cruise port .

Table 9: Examples of the detection results from HAD-14B.
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### Instruction ###

Given a pair of task input and output, your objective is to create an error data by intentionally modifying the given task
output. Inject the error exactly as the error type description, without introducing any other modifications. The error should
be restricted to a single error span, which is the part of the task output that you modify. Do not include any other errors or
changes outside of the designated error span. Provide the modified output and the error span in your response.

### Error Type Description ###
{hallucination_description }

### Example ###
**Task Input:**
{eg_task_input}
**Task Output:**
{eg_task_output}
**Modified Output:**
{eg_modified_output}
**Error Span**:
{eg_error_span}

{more_examples}

### Example ###
**Task Input:**
{task_input}
**Task Output:**
{task_output}

Table 10: Prompt template for hallucination injection in dataset construction stage.

#i## Instruction ###

Given a task input, a task output containing an error, and a specified span that represents the erroneous part, your goal is to
evaluate whether the task output and specified span correspond to the specified error type, based on the provided criteria.
For each criterion, provide an analysis that explains how the task output and specified span either satisfy or fail to meet it.
Finally, aggregate all the analysis carefully, and conclude with "Conclusion: Yes" if all criteria are met, or "Conclusion: No"
if they are not.

### Error Type Description ###
{error_type_description}

### Criteria ###
{error_type_criteria}

### Example ###
**Task Input:**
{task_input}

**Task Output:**
{hallucinated_output}

**Specified Span:**
{hallucinated_span}

### Your Judgement ###

Table 11: Prompt template for automatic hallucination filtering in dataset construction stage.
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General:
The task output contains an error in the specified span.
There are no other errors in the task output except for the specified span, which could encompass the entire task output.

Task Type Inconsistency:
The task input specifies one task type, but the task output corresponds to a different task type.
The error should lie in the mismatch of task type, not in the failure to meet specific task constraints.

Task Requirement Inconsistency:

The task input contains specific requirements, such as constraints on length, format, tone, or wording.

The error is limited to a failure to meet these specific requirements. The task output should align with both the task input
(excluding specific requirements) and general world knowledge.

Contradiction with Input Content:

The error should involve a contradiction between the task output and the content provided in task input.

The error can be refuted by task input, without requiring additional external information or factual knowledge.
The task output should maintain coherence within itself.

Baseless Information:

The task requires that the correct output should be directly based on the input information, without introducing any new or
unsupported information.

The error should introduce information not present in the task input.

The task output must not contain information that conflicts the task input.

Information Omission:

The task output should omit necessary information, resulting in an incomplete or incorrect response.

The information contained within the specified span should be included in the task input but excluded from the task output.
The task output should maintain coherence within itself.

Contradiction within Output Content:
The error occurs within the output itself, where two or more parts of the output contradict each other.
The task output should be consistent with both the task input and general world knowledge.

Structural Incoherence:

The error should pertain to the structure of the output, such as improper conjunctions, incomplete texts, or meaningless
repetition.

The information provided in the task output is not necessarily incorrect, but the structure hinders clarity or coherence.

Factual Recall Hallucination:

The task requires factual accuracy based on real world knowledge.

The error should be limited to a single atomic fact.

The error should not introduce any newly fabricated entities or events.

The task output should maintain internal coherence and consistency with the task input.

Factual Inference Hallucination:

The task requires factual accuracy based on real world knowledge.

The error should involve multiple facts that go beyond a single atomic fact (like a single entity or relationship)).
The error should not introduce any newly fabricated entities or events.

The task output should maintain internal coherence and consistency with the task input.

Fabricated Entity:

The task requires factual accuracy based on real world knowledge.

The error introduces a completely fabricated entity that is not part of established world knowledge.
The task output should maintain internal coherence and consistency with the task input.

Fictional Attribution:

The task requires factual accuracy based on real world knowledge.

The task output should not introduce any newly fabricated entities.

The error should not directly conflict with established real-world knowledge, but it can be refuted through careful analysis
and reasoning.

The task output should maintain internal coherence and consistency with the task input.

Table 12: Criterion for automatic hallucination filtering and manual annotation.
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### Instruction ###
Given a pair of task input and task output, your goal is to detect whether the task output contains any hallucination.

If a hallucination is present, specify the type of hallucination, identify the hallucination span, and provide the correct version
of the output.

### Example ###
*#*Task Input:**
{task_input}

**Task Output:**
{task_output}

### Your Detection ###

**Hallucination Type:**
{hallucination_type}

**Hallucination Span:**
{hallucination_span}

**Correction: **
{correction}

Table 13: Prompt and response templates for HAD-14B and HAD-7B.

### Instruction ###
Given a pair of task input and task output, your goal is to detect whether the task output contains any hallucination.
If a hallucination is present, identify the hallucination span and provide the correct version of the output.

### Example ###
**Task Input:**
{task_input}

**Task Output:**
{task_output}

### Your Detection ###

**Hallucination Label:**
{hallucination_type}

**Hallucination Span:**
{hallucination_span}

*#*Correction: **
{correction}

Table 14: Prompt and response templates for HAD-14B-Binary.
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### Instruction ###

Given a pair of task input and task output, your goal is to detect whether the task output contains any hallucination.

If a hallucination is present, specify the type of hallucination based on the type description, identify the hallucination span,
and provide the correct version of the output.

### Hallucination Type Description ###

Task Type Inconsistency: The generated output represents a different type of task than what was specified in the instruction.
This does not include deviations within the same task type, such as violations of detailed requirements or specifications.
Task Requirement Inconsistency: The generated output does not align with the task requirements outlined in the instruction,
including key aspects such as the expected format, length, subject matter, or tone. Note that this error stems from not
following the task requirement, rather than from inconsistency with the input content.

Contradiction with Input Content: The generated output contradicts with the provided input content, presenting information
or statements that are incompatible with the context given. This may result from a failure to accurately recall the input
content, or from misunderstandings and confusion about the information provided.

Baseless Information: The generated output contains baseless information that are not supported by the input context,
whereas the task requires the model to generate output that strictly adheres to the information provided in the input. Note
that tasks seeking new information do not encounter this issue.

Information Omission: The generated output fails to include certain details or information present in the input, whereas the
task requires the model$ output to fully and accurately capture all the information provided in the input context.
Contradiction within Output Content: The generated content contains internal inconsistencies where statements directly
oppose each other, or where the reasoning is logically flawed.

Structural Incoherence: The generated output contains redundant or repetitive statements that do not enhance the clarity or
value of the content, or when the output is incomplete or disjointed. This does not apply instances where the incoherence is
used purposefully for stylistic effect or rhetorical emphasis.

Factual Recall Error: The generated text contains incorrect atomic facts due to the models inability to accurately recall or
access relevant knowledge. Note that the inaccuracy is limited to a single atomic fact, rather than multiple facts.

Factual Inference Error: The generated content contains incomplete or misinterpreted facts. Common phenomena include
confusion between different time periods, individuals, or events; omissions of critical conditions or contextual information;
and errors in the logical sequence of events or processes. As a result, the modelS reasoning appears to be based on seemingly
factual information, but it ultimately leads to an erroneous or unreliable output.

Fabricated Entity: The generated content contains entirely new and fabricated entities that do not exist in the real world,
including invented concepts, names, or objects that have no basis in reality or prior knowledge.

Fictional Attribution: The generated content fabricates information about real entities, including unverified or fabricated
claims, statements, or quotes, which cannot be supported or directly refuted by established facts or reliable sources. Unlike
the "fabricated entity" type, this error does not introduce entirely new entities.

### Example ###
{example_1}

### Example ###
{example_2}

### Example ###
**Task Input:**
{task_input}

**Task Output:**
{task_output}

Table 15: Prompt template for baseline large language models.
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