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Abstract

The proliferation of Large Language Models (LLMs) has introduced a critical challenge:
accurate hallucination evaluation that ensures model reliability. While Automatic Hallu-
cination Evaluation (AHE) has emerged as essential, the field suffers from methodological
fragmentation, hindering both theoretical understanding and practical advancement. This
survey addresses this critical gap through a comprehensive analysis of 74 evaluation methods,
revealing that 74% specifically target LLMs, a paradigm shift that demands new evalua-
tion frameworks. We formulate a unified evaluation pipeline encompassing datasets and
benchmarks, evidence collection strategies, and comparison mechanisms, systematically
documenting the evolution from pre-LLM to post-LLM methodologies. Beyond taxonomical
organization, we identify fundamental limitations in current approaches and their implica-
tions for real-world deployment. To guide future research, we delineate key challenges and
propose strategic directions, including enhanced interpretability mechanisms and integration
of application-specific evaluation criteria, ultimately providing a roadmap for developing
more robust and practical hallucination evaluation systems.

1 Introduction

Hallucination in Natural Language Generation (NLG) typically refers to situations where generated text
contradicts or lacks support from source input or external knowledge. Like an elephant in the room, this
phenomenon has persisted since NLG’s inception but was largely overlooked in early developments (van
Deemter, [2024; |Ji et al., 2023 |Gatt & Krahmer, |2018). As text generation models evolved, technologies like
Large Language Models (LLMs) achieved grammatical correctness and fluency nearly indistinguishable from
human writing (Dou et al.,|2022; Brown et al., 2020). Consequently, hallucination has emerged as a prominent
concern demanding urgent attention. Automatic hallucination evaluation proves crucial for advancing LLMs
toward greater reliability and safety. This paper presents a comprehensive survey of Automatic Hallucination
Evaluation (AHE) methods, documenting current advances in hallucination detection while identifying future
research directions.

The concept of hallucination initially described grammatically correct but semantically inaccurate content
relative to source input (Lee et al., [2018]). This phenomenon appeared commonly in tasks like Summariza-
tion (Maynez et all [2020) and Neural Machine Translation (NMT) (Raunak et al., |2021)), where source
information remained well-defined. The paradigm shifted dramatically with LLMs like ChatGPT (OpenAl]
2022). Many NLG tasks became achievable through prompting LLMs with designed instructions (Ouyang
et al., 2022)). However, their responses occasionally contain hallucinations deviating from input or established
world knowledge (Jesson et al., |2024), presenting significant evaluation challenges.

Faithfulness and factuality represent two closely related yet distinct concepts for describing hallucinations.
Faithfulness measures output consistency with given source input, while factuality assesses alignment with
established real-world knowledge. Despite frequent usage, these terms often become conflated (Huang et al.|
2023a; Dong et al.l 2022; |Xie et al.l 2021), creating evaluation ambiguity. This paper provides clearer
distinctions by introducing precise terminology: Source Faithfulness (SF) and World Factuality (WF). SF
measures how accurately generated output reflects source input consistency. SF operates within limited
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Figure 1: Source Faithful Error (SFE) and World Factual Error (WFE) examples. The correct album is
"1989" but the source document contains incorrect information. If the generated text says "1988", it is SF
but has WFE. If it corrects to "1989", it is WF but has SFE. When the text exhibits both SFE and WFE, it
often includes non-factual content not from the source, e.g. the incorrect statements about Travis Kelce not

serving the Cincinnati Bearcats football team. Otherwise, if no such errors are present, the text should be
both SF and WF.

scope, as specific sources can substantiate generated text. WF assesses whether the generated output aligns
with general world knowledge and facts. WF presents more expansive challenges, extending beyond specific
sources to consider broader common sense and established knowledge, which proves difficult to collect and
encode comprehensively (Gupta et al.l 2024; |Garrido et al., [2024). Recent studies increasingly recognize the
critical importance of measuring SF and WF in generated text.

Evaluating SF versus WF aspects requires different source information, closely tied to specific tasks. In
NMT, translations detached from source text are deemed unfaithful (Dale et al.,|2023a). In summarization,
summaries should maintain source document faithfulness, though some hallucinations may align with external
facts (Dong et al.} [2022)). In tasks involving LLMs, hallucinations exhibit greater diversity, often encompassing
both SF and WF issues simultaneously. LLMs face unique challenges, including outdated world information
and false-premise questions (Kasai et al., 2023} [Yuan et al.; 2024]). illustrates these error types
through a four-quadrant framework. In light of these task-specific differences and evolving error types, we
define the scope of this survey to clearly delimit the boundaries of our analysis and maintain conceptual
clarity.

1.1 Scope of the Survey

This survey systematically organizes AHE methods across three core dimensions: dataset construction,
evidence collection, and comparison mechanisms. Our goal is to provide a comprehensive account of how
hallucination has been assessed across different eras of models, specifically contrasting the pre-LLM era,
marked by smaller, task-specific systems, with the post-LLM era, characterized by powerful, instruction-tuned
models with broader generative capabilities and increased unpredictability. We analyze and compare methods
from both periods through a central framework that distinguishes between the SF and WF perspectives,
which shape the definition, detection, and measurement of hallucination across evaluation techniques. We
exclude hallucination mitigation techniques, purely human evaluation methods, and multimodal systems to
maintain focused scope on text-only automated evaluation.

1.2 Compare with Existing Surveys

Several surveys have touched upon methods for evaluating hallucinations in large language models (LLMs),
though often only briefly or without detailed analysis (Huang et al.| |2023b; [Zhang et al., 2023c} |Ji et al.,
2023; Huang et al.| 2021)). These surveys primarily focus on either pre-LLM or early-stage LLM techniques
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Figure 2: Automatic Hallucination Evaluation (AHE) methods typically follow a pipeline that includes dataset
construction, evidence collection, and comparison between the generated output and reference evidence,
resulting in a final score that reflects the level of hallucination.

and do not cover more recent developments in the field. Consequently, they do not provide a comprehensive
categorization of benchmarks, nor do they systematically summarized evaluator processes. Furthermore, they
lack a comparative analysis of methods across different stages, leading to an absence of in-depth analysis
regarding their details, strengths, and weaknesses. In contrast, our survey presents a unified and up-to-date
overview of AHE methodologies, structured around a standardized evaluation pipeline, as illustrated in
[Figure 2| and [Figure 3|

1.3 Structure of the Survey

This survey examines three sequential components of AHE research. We begin with datasets and benchmarks
as the foundational basis (, focusing on enhancing data availability and diversity across tasks and evaluation
perspectives. Next, we discuss evidence collection for identifying SF and WF evidence ( While not
mandatory, this step proves crucial for approaches comparing outputs against input-based and external
evidence. Some methods bypass explicit evidence collection, evaluating hallucinations directly from internal
states or output logits. Subsequently, we examine comparison and judgment mechanisms that utilize collected
evidence or analyze implicit model representations to produce quantitative results (§4). This structured
framework provides a coherent understanding of diverse approaches and their evolution from pre-LLM to
post-LLM eras, though not all methods incorporate every pipeline stage. We also present and
for all the methods surveyed in this paper, including key aspects discussed in the following sections.
Finally, following the pipeline, this survey summarizes the current state of research on AHE, outlining existing
challenges and suggesting potential directions for future investigation.

2 Dataset and Benchmark

This section introduces datasets and benchmarks developed for evaluating model hallucination. Of the
evaluators surveyed, 51.4% present their datasets or benchmarks for evaluation. The evolution has shifted
from task-specific methods to general factuality assessments, with recent works focusing on more practical
and diverse domains, adapting design patterns to various usage scenarios.

2.1 Task-specific

Although common task-specific datasets are not originally curated with hallucination detection in mind, they
often contain instances of hallucinated content as a byproduct of the task, making them valuable resources
for hallucination evaluation. In particular, the summarization task has seen substantial efforts in this regard,
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where many studies have manually assessed model-generated summaries and released annotated datasets to
facilitate research. For example, on widely-used news summarization datasets such as XSum and CNN/DM,
Maynez et al.|(2020) introduce XSumFaith, which includes fine-grained span-level annotations of hallucination
types, distinguishing between intrinsic and extrinsic hallucinations. Similarly, CoGenSumm (Falke et al.
2019) provides human annotations on the CNN/DM dataset and shows out-of-the-box Natural Language
Inference (NLI) models do not perform well on correctness evaluation. Across both datasets, QAGS (Wang
et al.l [2020) annotates each sentence with a binary label of SF. Additionally, Polytope (Huang et al., |2020)
contributes annotations for both SF and WF, enabling evaluation across both extractive and abstractive
summarization approaches.

However, binary classification of text as whether hallucinated often lacks granularity and fails to capture
the nuanced nature of hallucinations. To address this, FRANK (Pagnoni et al., [2021)) introduces a more
fine-grained typology of factual errors and collects annotations accordingly. In the domain of dialogue
summarization, FactEval (Wang et al.,|2022) explicitly incorporates hallucination errors during the annotation
process, while RefMatters (Gao et al.| [2023)) further refines error categorization by integrating both content-
based and form-based factual inconsistencies, and TofuEval (Tang et al.,|2024b)) analyzes on multiple LLMs on
different dialogue topics. In addition, FaithBench (Bao et al.| 2024)) isolates challenging summaries identified
by state-of-the-art hallucination detection models. These summaries are drawn from 10 modern LLMs
spanning 8 different model families, and are annotated with detailed hallucination types. SummaCoz (Luo
et al 2024) takes this a step further by providing annotations not only on hallucination categories but also
on the underlying explanations. These explanations are derived through a combination of LLM-generated
and human-curated insights, enabling a deeper understanding of the mechanisms behind hallucinations.

Beyond summarization, |Devaraj et al.| (2022) propose a taxonomy of factual errors, namely, information
insertion, deletion, and substitution, in the context of the text simplification task, using data from the
Newsela (Xu et al., [2015) and Wikilarge (Zhang & Lapatal [2017) datasets. In the domain of dialogue
generation, factual consistency has also received growing attention. DialogueNLI (Welleck et al.l 2019)
provides sentence-level entailment labels to assess the logical consistency between utterances. Going beyond
sentence-level evaluation, DiaHalu (Chen et al., 2024c) introduces a comprehensive benchmark at the dialogue
level, incorporating both SF and WF annotations. Expanding to other generation settings, RAGTruth (Niu
et al., 2024) addresses hallucination in Retrieval-Augmented Generation (RAG) systems. It offers fine-grained
annotations that distinguish between evident and subtle hallucinations, thereby supporting more robust and
nuanced evaluation in retrieval-based contexts.

In addition to annotating existing model-generated outputs, data augmentation serves as a complementary
strategy for enriching datasets. A growing body of work focuses on automatically generating diverse,
controllable hallucinated data aligned with specific hallucination typologies, in order to support model training
and benchmarking. For instance, Falsesum (Utama et all [2022]) introduces an automated augmentation
pipeline capable of controlling the insertion of intrinsic and extrinsic errors in summaries. Similarly, MFMA
(Lee et al., 2022) generates hallucinations by masking key information in the reference, while NonFactS
(Soleimani et al., [2023) produces non-factual summaries through random word seeding.

Task-specific annotation and augmentation methods are progressively evolving toward detailing granularity,
automation, and scalability. As LLMs continue to advance, the boundaries between tasks are becoming
increasingly blurred, indicating that future data development efforts should aim to support more general and
cross-domain applications.

2.2 General Factuality

Moving forward from task-specific datasets, recent studies have been increasingly toward more generalized
evaluation protocols designed to assess LLMs overall capacity to avoid hallucinations across a broader range
of scenarios. These evaluations are often implemented through multi-turn Question-Answer (QA) setups,
which enable more dynamic and flexible probing of factual consistency, reasoning fidelity, and the model’s
ability to maintain coherence over extended interactions.

Within knowledge-grounded dialogue, Q? (Honovich et al., [2021) gives an annotated dataset of consistency
with respect to a given knowledge. FACTOR (Muhlgay et al., [2024) follows the fine-grained error types
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from FRANK (Pagnoni et al. 2021) and performs a multi-choice factual evaluation task with the help of
Wikipedia, news, and expert-curated QA datasets. Also with the help of Wikipedia, HaluEval (Li et al.,
2023) verifies hallucinations in ChatGPT, PHD (Yang et al., |2023) focuses on passage-level entity-centric
knowledge, and FAVA (Mishra et al. 2024)) offers more fine-grained annotations through tagged elements in
the model-generated text. THaMES (Liang et al., |2024a)), on the other hand, pairs hallucinated answers with
correct ones using NLI models as well as hallucination evaluation models to jointly assess SF and WF across
a range of texts, including political news articles, academic papers, and Wikipedia entries. In addition to
textual outputs, snapshots of each model’s internal states are also valuable for analyzing model behavior,
where HELM (Su et all [2024) provides such data to facilitate deeper investigation. The truthfulness of
LLMs extends beyond mere knowledge to encompass other behaviors, where TruthfulQA (Lin et al.l [2022)
highlights the trade-off between truthfulness and informativeness in LLMs, stating that hedging is better than
providing wrong answers. Building on this perspective, HalluLens (Bang et al.l |2025) further underscores the
importance of appropriately refusing to answer when confronted with non-existent instances.

The evaluation of hallucinations in LLMs often emphasizes WF, leading to the widespread use of large-scale
common knowledge corpora, such as Wikipedia, as reference sources for constructing evaluation datasets.
Broadly speaking, research on the general factuality of LLMs adopts two main data structuring approaches.
The first involves human annotation of model-generated outputs, with fine-grained labeling of hallucination
types. The second assesses whether LLMs possess specific knowledge based on their accuracy in answering
multiple-choice questions. While the former captures more complex and nuanced forms of hallucination, the
latter typically focuses on knowledge-centric hallucinations and examines the model’s behavior in cases where
it chooses not to answer. Overall, efforts to evaluate general factuality in LLMs aim to probe hallucination
tendencies in broader, more open-ended, and everyday scenarios, making such evaluations more universally
relevant and reflective of real-world use cases.

2.3 Frontiers

Recent advancements have increasingly focused on AHE across multiple diverse and critical aspects.

Long Context/Generation Despite recent advancements that have improved the ability of LLMs to
process and generate long-form text, evaluating hallucinations in extended contexts remains a significant
challenge. This difficulty arises in part because long-form outputs often contain a complex mixture of factual
and hallucinated information, making accurate assessment more nuanced (Liu et al., [2025b]). Benchmarks in
this area primarily focus on handling complex topics or decomposing texts into fine-grained factual units for
more precise evaluation. For instance, BAMBOO (Dong et al. 2024)) incorporates hallucination detection as
part of its multi-task benchmark for long-context scenarios. Similarly, FactScore (Min et al., [2023)) offers
long-form biographies sampled from Wikipedia, breaking down the generated content into fine-grained atomic
facts, each annotated with a binary factuality label.

Domain-specific Hallucinations in specialized domains such as medicine and law can have serious real-world
consequences, making the development of domain-specific evaluation datasets especially critical. To address
this need in the medical domain, MedHalt (Pal et al., 2023) introduces a structured evaluation pipeline
comprising three fact-based tests: the False Confidence Test (FCT'), the None of the Above Test (Nota), and
the Fake Questions Test (FQT). These tests are designed to systematically detect and filter hallucinated
content generated by models in clinical contexts. Similarly, MedHallu (Pandit et al., 2025) provides introduces
synthetic hallucination QA pairs, where hallucinated answers are generated through a controlled pipeline
built upon PubMedQA. In the legal domain, Magesh et al.| (2024)) compile a reference-based QA dataset that
covers legal questions across five dimensions: general legal knowledge, jurisdiction-specific text, time-sensitive
scenarios, false-premise contexts, and fact-recall tasks. This dataset enables more rigorous evaluation of
hallucination in legal response generation.

Non-English Languages Alongside the global trend in LLM development, numerous Chinese LLMs
have emerged, with hallucination remaining a critical concern. To address this, several benchmarks have
been proposed for evaluating hallucinations in Chinese-language contexts. UHGEval (Liang et al. 2024b)
focuses on hallucinations generated by Chinese LLMs in the news domain, while ChineseFactEval (Wang
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offers a comprehensive benchmark spanning seven real-world application scenarios—including a
dedicated section on modern Chinese history, to assess factual consistency in everyday use cases. Drawing
inspiration from TruthfulQA 2022), HalluQA (Cheng et all [2023) systematically summarizes
question types in Chinese, incorporating cultural context to classify hallucinations into imitative falsehoods
and factual errors. Additionally, the ANAH benchmark , which supports both Chinese and
English, prompts models to annotate hallucinations at the sentence level, encompassing tasks such as reference
retrieval, type classification, and correction. Beyond Chinese, multilingual resources like HalOmi
facilitate hallucination evaluation across languages and are designed to disentangle hallucinations
from mere translation errors. In summary, while hallucination evaluation shares common challenges across
languages, such as distinguishing of knowledge, there are also language-specific aspects influenced by cultural
context and the training corpus (Cheng et al., 2023).

Fact Reasoning Reasoning with LLMs in hallucination evaluation presents significant challenges due
to the inherently multi-step nature of the reasoning process. To address this, [Laban et al.| (2023]) propose
SUMMEDITS, a benchmark that introduces a structured three-step protocol for constructing inconsistency
detection datasets. The framework is implemented across ten domains and is designed to assess LLMs’
capabilities in factual reasoning and error identification. However, while this approach provides a valuable
lens for evaluating factual reasoning, it does not fully capture hallucinations that emerge within the reasoning
process itself, hallucinations that can propagate and ultimately affect the final output. Such issues remain
underexplored and merit further attention in future research.

Fresh Fact As the world is constantly changing, a critical question arises: how can we assess whether
LLMs possess up-to-date, dynamic knowledge? To address this, several benchmarks have been developed that
focus on constructing time-sensitive datasets, enabling systematic evaluation of LLMs’ ability to reflect and
reason over recent information. Some efforts approach this by explicitly defining categories of fresh events,
incorporating both current and recently updated content (Vu et al.,[2024)). These benchmarks are often paired
with carefully designed submission workflows (Kasai et al., [2023)) that continuously collect emerging events or
news , thereby offering a sustainable mechanism for tracking and evaluating the evolving
world knowledge of LLMs. Other approaches integrate external resources, such as structured databases (Ohl
or search engines (Zhang et al.l [2024D)), to support real-time applications. By leveraging these
tools, researchers can evaluate LLMs’ hallucination tendencies in a more realistic context, examining both
the depth and breadth of factual accuracy across a range of domains and task settings. Findings from these
investigations indicate that larger model sizes do not necessarily improve factuality. Instead, factors such as
the quality of training data and the design of response strategies play critical roles in determining a model’s
ability to minimize hallucinations.

2.4 Evaluate the Evaluators

Building on the large amount of automatic evaluation metrics, a number of specialized “meta-benchmarks”
have emerged to systematically reassess and compare these metrics’ abilities to detect hallucinations across
different NLG tasks. SummEval (Fabbri et al. |2021), SummaC (Laban et al., [2022)), DialSumMeval
2022), and AGGREFACT (Tang et all [2023)) each assemble human-annotated summaries, from
newswire to conversational transcripts, and then measure how well a variety of metrics correlate with
human judgments of factual consistency and coherence. In parallel, dialogue-oriented datasets like Wizard
of Wikipedia (Dinan et al) [2019), CI-ToD (Qin et al., [2021), BEGIN (Dziri et al., [2022b)), FaithDial
et al. |2022a), and TopicalChat (Gopalakrishnan et al., 2019) provide turn-level and multi-turn annotations
of whether model responses remain grounded in provided knowledge, enabling direct evaluation of dialogue
metrics. Extending beyond single domains, RealHall (Friel & Sanyal, 2023) bridges closed- and open-domain
scenarios to benchmark both SF and WF, while FELM (Chen et al., [2023c)) further diversifies the evaluation
landscape by incorporating scientific explanations, mathematical problem solving, recommendation dialogues,
and complex reasoning tasks into its coverage. Finally, generalist frameworks such as TRUE
and BEAMetrics (Scialom & Hill, 2021)) evaluate metric performance across NLG tasks, ranging from
summarization and translation to style transfer and code generation, thereby illuminating each metric’s
cross-task robustness and highlighting both universal strengths and domain-specific weaknesses.
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Table 1: Overview of AHE datasets/benchmarks by time and task category. "HF" indicates "HuggingFace".
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2.5 Summary

We provide a comprehensive overview of the datasets in including metadata and access links for
reference and reproducibility. As a summary, a wide array of datasets and benchmarks across diverse domains
has been developed to facilitate more robust evaluation of hallucinations in language models. However,
despite the growing volume, many of these datasets are constrained by small sample sizes and a narrow
alignment between specific datasets and evaluation approaches, limiting their generalizability and reuse. To
address these limitations, future efforts in dataset construction should prioritize the integration of variable
sources, the adoption of standardized annotation protocols, and the balancing of both data quality and scale.
Additionally, the aforementioned datasets either support the evaluation of generation models, or function
as resources for assessing the performance of evaluation metrics themselves. In fact, several datasets have
emerged as by-products of evaluation method development. Building on this foundation, the next sections
introduce the categorization of AHE methods, which we organize into two core stages based on their typical
pipeline: evidence collection and comparison.

3 Evidence Collection

Datasets and benchmarks provide the foundation for AHE. The next step involves comparing generated
text with relevant evidence to quantify the degree of hallucinations. This step is grounded in the premise
that hallucinations emerge from inconsistencies in SF or WF', depending on whether the discrepancy lies
with internal context or external knowledge. While ground-truth references, typically curated or authored
by domain experts, serve as gold-standard evidence for detecting hallucinations, their construction is often
resource-intensive and difficult to scale. As a result, a more practical alternative is the automated collection
of relevant evidence to support the evaluation process. Large-scale automation in evidence gathering is thus
pivotal to advancing AHE in real-world applications.

In this section, we focus on evidence collection strategies that do not rely on human-annotated ground truths.
For SF evaluation, evidence is typically extracted directly from the input or surrounding context. In contrast,
WF evaluation usually draws upon external resources or the model’s own latent knowledge to verify the
factual consistency of generated content.

3.1 SF Evidence

To assess the faithfulness of the generated content and detect potential hallucinations, the source input can
be utilized in two principal ways: either by treating it as a complete reference for evaluation, or by extracting
specific pieces of information, referred to as SF Evidence, that support or contradict the generated output to
enable more fine-grained verification.

Entire Input as Evidence Utilizing the entire input as evidence implies that the evaluation process
does not involve extracting specific sentences or spans. For NMT task, the input and output typically have
approximately the same length and convey the same information. So it is natural for NMT evaluators to
use the input as the comparison object (Guerreiro et al. [2023; |Dale et al., [2023a). For tasks such as text
summarization or simplification with long input, Maskeval (Liu et al., 2022)) gets the token importance weights
by concatenating the output and source text to fine-tune a masked language model. While this approach is
straightforward and effective, it also has significant flaws that encompass much irrelevant information.

Locate Evidence in the Input To avoid information redundancy in evidence collection, more recent
methods employ strategies to identify relevant evidence, specifically targeting content that either supports or
contradicts the output text. One widely adopted approach for evaluating summarization tasks is Question
Generation and Question Answer (QG-QA). A common framework is extracting QA pairs from the summary,
using QA models to retrieve answers from the document, and checking consistency, such as FEQA (Durmus
et al} 2020)and QAGS (Wang et al.l |2020). In this context, the answer derived from the document serves
as evidence to validate the summary answer, where answers are often generated from the document using
extractive QA models, such as BERT (Devlin et al., 2019)) fine-tuned on QA datasets. Because the summary
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should contain key information from the document, QuestEval (Scialom et al., [2021)) trains a question
weighter to label important questions. QAFactEval (Fabbri et al.l |2022)) further explores the use of abstractive
QA models, but finding no significant difference in performance between extractive and abstractive QA
approaches. This suggests that QA capability is not the primary bottleneck in the task. For answer selection
granularity, [Fabbri et al.| (2022) demonstrate that selecting noun phrase chunks as answers yields better
performance than entities. While evidence is often represented as individual words or short spans in the
above methods, more comprehensive approaches have been proposed. These include segmenting the context
into discrete segments (Zha et al., 2023), constructing hierarchical layers of context with progressively
richer information (Sun et all 2025a), and representing the core content of the source input using semantic
graphs (Ribeiro et al., 2022).

3.2 WEF Evidence

Retrieving evidence from external sources is more challenging due to the difficulty in determining search
boundaries, identifying connections, and extracting critical informationﬂ

External Knowledge Base (KB) Leveraging the external KBs offers a comprehensive reservoir of world
knowledge, effectively treating the KBs as extended source inputs, making this approach closely resemble SF
evaluation. The main challenge is to accurately identify and extract relevant information from this extensive
data pool. Among the KBs utilized, Wikipedia is the most commonly employed, with others such as YAGO,
KGAP, and UMLS also being used (Feng et al.,|2023)). The format of knowledge extraction can vary, including
entities (Yang et al., |2023), triplets (Feng et al.l |2023)), or fine-defined atomic facts (Min et al.l |2023). When
multiple pieces of evidence are available, identifying the most relevant ones becomes a critical step prior to
making factuality judgments (Wang et al. 2024). Hallucination evaluation in specific domains can benefit
from domain-specific KBs. For instance, domain-wide KBs such as PubMed play a crucial role in biomedical
information retrieval (Pal et al.| [2023). In the legal domain, |[Magesh et al.| (2024)) provide valuable evaluation
references for constructing law-related benchmarks.

LLM as KB LLMs have massive learned knowledge while training, and powerful LLMs can serve as KBs.
In a closed-book setting, the model generates answers solely based on its parametric knowledge, without
accessing any external resources. In contrast, in an open-book setting, LLMs can be further enhanced through
fine-tuning or by incorporating retrieved information at inference time (Ovadia et al.,|2024; |Chen et al., [2024b).
Several approaches leverage the parametric knowledge of LLMs directly for hallucination evaluation. UFO
(Huang et al., [2024c) introduces a fact verification framework that integrates multiple sources of evidence,
including knowledge internal to LLMs. Similarly, CONNER (Chen et al. [2023a) uses LLMs to generate
relevant knowledge as supplementary evidence for evaluation purposes. These methods are particularly
well-suited for knowledge-intensive tasks, such as open-domain question answering and knowledge-grounded
dialogue, where both the breadth and depth of hallucination understanding are critical.

Online Search While static KBs and LLMs parametric knowledge offer a solid foundation of common
facts, they cannot keep pace with rapidly changing events or breaking news. To bridge this gap, many recent
approaches integrate online search engines as dynamic, real-time sources of evidence. FacTool (Chern et al.l
2023) first decomposes the input text into independent atomic claims, then issues targeted web search queries
to retrieve evidence that either confirms or refutes each claim. Building on this idea, HaluAgent (Cheng et al.,
2024) combines smaller language models with search tool plugins. However, issuing separate searches for
every possible claim can become costly and unwieldy. To avoid unnecessary queries, Factcheck-GPT (Wang
et al [2023c|) introduces a check-worthiness pre-filtering module. Before any search is sent, this module scores
each claim on its potential impact—only high-priority claims are forwarded to the search engine. Together,
these methods address three core challenges in dynamic verification: (1) how to transform complex text into
precise, searchable queries; (2) how to efficiently prioritize which queries warrant external lookup; and (3)
how to integrate and interpret retrieved web evidence back into a coherent judgment. By combining claim
decomposition, strategic filtering, and search-model interaction, they ensure that facts are checked against
the most current information available.

IThe retrieval-augmented phase of the RAG framework follows a process similar to the methods discussed in this section.

10
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3.3 Joint Evidence for SF and WF

The evidence extraction methods discussed above typically focus on a single aspect, either SF or WF. However,
text generated by models is often complex, potentially containing both unfaithful and unfactual content
simultaneously. To address this, several approaches have been developed to enable joint evaluation of both
SF and WF. For instance, RefChecker (Hu et al., [2024b) distills a smaller model from GPT-4 to perform
evidence extraction within input context, external sources, and the LLM’s internal memory independently.
However, this approach evaluates with a unified framework in different scenarios, rather than truly performing
a joint evaluation. In contrast, HDM-2 (Paudel et al., |2025|) explicitly distinguishes between context-based
and common-knowledge hallucinations within a single text. This categorization more accurately reflects the
nature of hallucinations in real-world scenarios and offers a more comprehensive evaluation.

3.4 Summary

The effectiveness of evidence derived from fixed sources, such as SF evidence and those based on static KBs,
is largely determined on the accuracy of the extraction process. When relying on LLMs for evidence retrieval,
there is a risk of circular verification, where the model may "lie to verify a lie," given that LLMs themselves
are prone to hallucinations. Online search offers broader coverage and access to up-to-date information, but
the multi-step retrieval pipeline can introduce information loss, and the overall effectiveness often hinges
on the quality of search queries, retrieval results, and subsequent interpretation. When both SF and WF
evidence are considered, challenges arise not only in ensuring sufficient coverage for both levels but also in
resolving potential conflicts between the two. Ultimately, how the retrieved evidence is leveraged, particularly
in how it is aligned and compared with the generated text, plays a critical role in determining the evaluation
outcome.

4 Comparison and Judge

The final and critical step is to compare the generated text against the corresponding ground truths or the
collected evidence. To achieve more precise and reliable evaluation, a wide array of techniques has been
proposed, addressing the problem from different angles. Some approaches directly employ external evidence
to compute similarity or entailment scores. Others operate without explicit evidence, instead drawing on
the model’s internal knowledge and applying self-supervised or learned scoring functions. In this section, we
organize these comparison strategies into well-defined categories and provide an overview of the principal
scoring metrics along with representative methods that utilize them.

4.1 Lexicon-based Metrics

Lexicon-based metrics usually refer to the measurement of the closeness or similarity between two pieces of
text based on their word usage. Traditional n-gram-based methods, such as ROUGE (Lin, [2004)), assess the
overlap of n-grams between the texts. However, these approaches have demonstrated weak correlation with
human evaluation (Maynez et al., 2020). Therefore, the methods discussed below represent statistical metrics
grounded in the definition of facts instead of n-grams.

Exact Match (EM) EM score is based on the definition of facts. Factqe. (Goodrich et al., 2019)) defines
the fact schemas as triplets (entity-relation-entity), and then the score is calculated by comparing the schema
between the ground-truths and generated text. Maskeval (Liu et al., [2022) evaluates on the token level, and
combines masked LM weights with EM scores.

QG-QA Answer Match In the context of QG-QA approaches, some answers are relatively short, such
as entities or informative text segments. Within this framework, the comparison between system-generated
outputs and source-derived answers can be quantitatively assessed through lexical overlap. For summarization
task, FEQA (Durmus et al., 2020), QAGS (Wang et al. |2020) and QuestEval (Scialom et al., 2021) use
Fl-score to compare the answers. MQAG (Manakul et al., [2023b]) computes the statistical distance (e.g.
KL-Div) of answers over automatically generated multiple-choice questions.

11



Under review as submission to TMLR

QA Benchmark Answer Match To assess the hallucination level of LLMs, many of the benchmarks
introduced in § 2] are typically framed in QA tasks. While the focus of these benchmarks may differ, they
all provide ground-truth answers for evaluation. One line of research involves prompting LLMs to generate
answers to the given questions and subsequently evaluating their performance using EM scores (Kasai et al.,
2023; |Oh et al.| [2024). Another line of research involves using multiple-choice tasks (Lin et al., 2022} Kasai
et al.l 2023; |Oh et al.| 2024} Dong et al., [2024)), where accuracy or F-score is computed as the final performance
metrics.

4.2 Semantics-based Metrics

The approaches presented in this section diverge from the lexicon-based metrics, as they are not based on the
word matching score. Instead, these methods exploit the semantic meaning of text, either by assessing the
entailment likelihood between the generated text and the source evidence or leveraging models to classify
upon the degree of semantic similarity.

Entailment Evaluation via NLI A common strategy for semantics-based metrics involves evaluating
the degree of entailment using a NLI model, wherein the predicted likelihood is utilized as a measure of
the entailment score. Studies (Fabbri et al., |2022; |Honovich et al., |2021]) within the QG-QA pipeline have
demonstrated that leveraging NLI models for answer similarity checking is an effective approach. These
works highlight that QA-based and NLI-based metrics can provide complementary insights. With more
focus on the encoding processes, some studies leverage sentence or document structure to construct semantic
representations. For example, DAE (Goyal & Durrett, [2020) applies the entailment model on the dependency
level of a sentence, specifically focusing on the relationship between the head and tail of a dependency arc.
In this framework, an entailment indicates that the relationship between a dependency arc’s head and tail
is supported by the ground-truth sentence, and vice versa. Expanding on this, FactGraph (Ribeiro et al.,
2022)) improves discourse understanding by encoding semantic structures as graphs for both the input and
output. These graph representations are concatenated with the corresponding textual embeddings and fed
into a classifier. This graph-based approach facilitates a more nuanced analysis of semantic relationships,
aiding in capturing SF consistency.

Data Augmentation in NLI To train an NLI model that is well-suited for a specific task, data augmen-
tation has become a widely adopted strategy to enhance model performance. Recent studies have focused on
constructing both positive and negative examples to improve the model’s ability to discriminate between
entailment and non-entailment. Positive instances are often generated by paraphrasing or back-translation,
thereby preserving meaning while varying surface form (Kryscinski et al.| [2020; Wang et al., 2022)). Negative
samples, by contrast, may be created through word swapping and noise injection as in FactCC and FactCCX
(Kryscinski et al., [2020), by appending random or misleading phrases as in FactPush (Steen et al.; [2023), or
by integrating external KB triples to enrich factual context as in FactKB (Feng et al.l |2023). With these
balanced datasets, supervised classification or contrastive learning objectives can be employed to train the
NLI model to reliably distinguish between entailed and non-entailed text pairs.

Multi-Dimensional Evaluation The aforementioned NLI methods focus on evaluating entailment within a
binary classification framework. However, hallucinations can be assessed from a broader range of perspectives,
allowing for more nuanced evaluation. FACTOR (Muhlgay et al.l |2024)) follows the error types from
FRANK (Pagnoni et al., 2021]) and performs the multi-choice factual evaluation. CoCo (Xie et al., [2021)
introduces counterfactual data to measure the causal effects between source documents and generated
summaries. AlignScore (Zha et al., [2023)) builds an alignment model utilizing an LM and 3 individual linear
layers as the 3-way classification (aligned, contradict, neutral), binary classification (aligned, not-aligned),
and regression heads.

Multi-Metric Evaluation In addition to employing a single metric for evaluation, several studies have
explored the aggregation of multiple metrics in a collaborative manner to provide a more comprehensive
assessment. WeCheck (Wu et al.l 2023) introduces a weak supervision learning paradigm that builds upon
existing metrics, utilizing a combination of NLI datasets for initialization and noise-aware fine-tuning to
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develop a target metric model. Similarly, STARE (Himmi et al., [2024)) combines signals from internal
model-based and external detectors to improve hallucination detection on NMT task. Other than using the
off-the-shelf methods, ExtEval (Zhang et al., 2023b) identifies five broad categories of unfaithfulness issues in
extractive summarization that cannot be fully addressed by entailment models, with each category being
assessed through a specific sub-metric.

4.3 LLM-as-a-Judge

In this section, we introduce approaches that leverage LLMs as evaluators for hallucination evaluation. The
core premise of this approach is that LLMs possess parametric knowledge acquired during training and can be
prompted to complete various tasks (Li et al.,[2024al). Such methods can be further categorized into verbalized
judge and judge with uncertainty, depending on whether the judgment is based on verbalized generation
outputs or derived from internal model states, such as logits, attention maps, or layer-wise representations.

Verbalized Direct Judge The evaluation process usually involves first providing the LLM with the
evaluation criteria and task description, followed by supplying the task inputs for judgment. The feasibility
of ChatGPT as an effective evaluator is specifically examined by (Wang et al.| (2023b)), demonstrating its
potential for building evaluators with or without reference inputs. For specific tasks, SCALE (Lattimer et al.|
2023) focuses on long-form dialogue, segmenting lengthy source documents into chunks and assessing the
level of support provided by each text snippets. |Chen et al|(2023b)) experiments the few-shot and zero-shot
scenarios to evaluate summarization task. Expanding to a broader range of tasks, GPTScore (Fu et all 2024)
and G-Eval (Liu et all 2023]) both provide multi-facet evaluation frameworks in which consistency serves as
a core metric. KnowHalu (Zhang et al.| 2024a) further enables comparison by integrating both structured
and unstructured forms of knowledge. Different from methods that directly predict a hallucination category,
FAVA (Mishra et al., 2024)) trains an LLM to explicitly tag hallucinated segments within its generated output.

Verbalized Judge with Reasoning Chain-of-thought (CoT) prompting also can enable the reasoning
capabilities of LLMs (Liu et al., |2023; [Friel & Sanyal, 2023 |Akbar et al.,[2024)), as it improves the handling of
complex and nuanced judgments by explicitly outlining the intermediate reasoning steps, thereby increasing
transparency. Reasoning not only facilitates more interpretable evaluation processes but also provides
justifications for the model’s decisions. For instance, AXCEL (Sreekar et all 2024) offers explanations
for consistency scores by presenting detailed reasoning traces and highlighting the specific text spans that
exhibit inconsistency. Similarly, Drowzee (Li et al., |2024b)) detects fact-conflicting hallucinations by applying
logic-reasoning-based data mutation through five custom-designed rules and deploying two semantic-aware
oracles to automatically assess the reasoning consistency of LLM-generated answers.

Judge with Output Uncertainty In addition to examining the generated text, the semantic information
embedded in output representations can provide valuable signals for hallucination detection. PHR, (Jesson
et al., [2024) estimates hallucination rates by assessing the log probabilities of responses from conditional
generative models. Leveraging unlabeled data, HaloScope (Du et al., [2024) clusters outputs based on their
representations and flags outliers as potential hallucinations. Similarly, MIND (Su et al., [2024) employs an
unsupervised strategy to train a classifier using the embeddings of generated outputs. Furthermore, the
semantic entropy of these representations can serve as a measure of generative uncertainty. For instance,
Farquhar et al.[(2024) quantify uncertainty at the semantic level, focusing on meaning rather than surface-level
lexical variation.

Judge with Internal Uncertainty Beyond output uncertainty, the latent representations within LLMs
deserve deeper investigation. SEPs (Kossen et al.l |2024) introduces linear probes trained on hidden states to
capture semantic entropy. EGH (Hu et al., [2024¢) models the distributional distance between embeddings and
gradients of conditional versus unconditional outputs, using a Taylor expansion framework with contextual
input as the generation condition. LLM-Check (Sriramanan et al., |2024) utilizes internal attention kernel
maps, hidden activations, and output prediction probabilities to identify hallucinations, while Lookback-
Lens (Chuang et al., 2024) focuses on attention maps to detect contextual inconsistencies. To further improve
the interpretability of LLMs, HaDeMiF (Zhou et al., 2025)) calibrating model predictions using a deep dynamic
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decision tree and multilayer perception, whereas BTProp (Hou et al., |2024) implements a hidden Markov
tree to model the uncertainty in the LLM generation process. In RAG settings, ReDeEP (Sun et al.| 2025b)
examines the model mechanisms on both external and parametric knowledge by analyzing feed-forward layers
and attention weights. LRPARAG (Hu et al., |2024al) leverages layer-wise relevance propagation to compute
input-output relevance in RAG generators, followed by resampling and classification to detect hallucinations.

4.4 Consistency Cross Check

The evaluators discussed above primarily focus on comparing the target text with either extracted evidence or
the broader context. However, when assessing LLMs, an alternative approach is to examine the consistency
of the LLM’s output. The underlying premise is that a model with lower generation uncertainty is likely to
demonstrate higher confidence in producing hallucination-free content. This method can be categorized into
two distinct approaches: self-consistency check and cross-model consistency check.

Self-consistency Check This approach assumes that an LLM will show self-consistency if it possesses rele-
vant knowledge. Based on this, SelfCheckGPT (Manakul et al., [2023al) employs a zero-resource hallucination
detection framework by evaluating the consistency of multiple sampled responses. InterrogateL.LLM (Yehudal
et al., 2024) measures consistency by reconstructing the input query from generated responses and comparing
it to the original. To evaluate LLMs’ world knowledge, KoL A (Yu et al.l |2024)) develops a self-contrast metric
by contrasting two completions generated by the same model and gets the similarity score. Based on multiple
generations, EigenScore (Chen et al.l [2024a) leverages eigenvalues of responses’ covariance matrix to measure
self-consistency.

Cross-model Consistency Check Although self-inconsistency in LLMs is often linked to hallucinations,
achieving self-consistency does not necessarily guarantee the correctness of generated content. This limitation
arises because self-consistency checking typically focuses solely on model outputs, overlooking the critical
role of input information, particularly in tasks like QA, where inputs can be highly informative and even
decisive. To address this, SAC? (Zhang et al. [2023a)) incorporates verifier LMs to perform cross-checking,
taking into account both the input questions and the output answers when evaluating semantic consistency.
Similarly, LMvLM (Cohen et al., 2023)) enables multi-turn interactions between the claim-generating LM and
a separate examiner LM, which poses follow-up questions to uncover potential inconsistencies.

4.5 Summary

When ground truth or evidence is available, evaluation typically involves measuring lexical or semantic
similarity, where the NLI models can also integrate effectively with QG-QA evaluators. The use of LLMs
for evaluation is straightforward and convenient, offering flexibility in designing evaluation criteria based on
specific tasks and enabling multi-faceted assessments. However, despite increasing confidence in LLMs as
their size and capabilities expand, ensuring their stability and reliability in evaluation tasks remains an open
challenge. Enhancing LLMs’ capabilities in judgment, retrieval, and self-improvement represents a critical
direction for future research.

5 Discussion

While many challenges have been addressed or mitigated by existing AHE methods, there are still some
questions that need to be investigated. In this section, we provide a discussion and analysis of several existing
questions, study the relationship between SF and WF evaluation, and offer introductions, comparisons and
complementary insights related to fact-checking and human evaluation.

5.1 Questions Concerning AHE

How to distinguish hallucination and text error? According to the conventional definition, hallu-
cinations are typically characterized as fluent yet incorrect outputs. However, under this definition, any
model-generated response that diverges from the reference could be labeled a hallucination, an overly broad
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interpretation that risks misleading researchers and conflating distinct error types. To address this ambiguity,
recent studies in NMT have proposed more refined criteria (Dale et al.l |2023a)), such as evaluating whether
the generated content is detached from the input. Other lines of research focus on knowledge-based halluci-
nations (Hu et al., [2024b)), which involve inconsistencies between the model’s internal representations and
external factual sources, aiming to identify errors rooted in knowledge misalignment rather than surface-level
divergence.

Which fact granularity is the best? The studies reviewed in this work evaluate hallucinations across
various granularities, ranging from fine-grained units, such as individual tokens and entities, to more coarse-
grained elements, including phrase spans, claims, sentences, and even document-level segments. This naturally
raises a fundamental question: What is optimal for factual granularity for evaluation? Prior work has explored
this issue by examining various granularity levels (Hu et al. 2024b)), or by proposing multi-level approaches
that integrate multiple granularities for a more comprehensive assessment (Xie et al., [2021; |Chen et al.
2023c)). Broadly speaking, different stages in the development of AHE have demonstrated varying preferences
for factual granularity. Early methods tended to represent knowledge using entities or entity-relation triplets.
With the advent of LLMs, direct judgments of model responses became increasingly common. More recently,
finer-grained representations, such as claims or span-level atomic facts, have been adopted to enable more
precise fact comparisons. However, identifying a universally optimal level of granularity remains an open
challenge, as the most appropriate choice often depends on the specific task and application context.

Is hallucination always bad? Not necessarily. In certain domains, such as legal summarization, halluci-
nated content can be beneficial when it involves the integration of relevant external knowledge to enhance the
informativeness or coherence of summaries (Bendahman et al., |2025)). In such scenarios, factual hallucinations
are not only tolerated but may be desirable, provided they are controllable and contextually appropriate.
Conversely, in more imaginative settings, such as discussions surrounding science fiction novels, creative and
speculative content is expected. In these cases, the boundary between hallucination and imagination becomes
increasingly ambiguous. Recognizing and distinguishing between these phenomena is crucial for enabling
models to appropriately evaluate and generate text across a wide range of use cases (Zhou et al.| 2024]).

5.2 Comparing SF and WF Evaluation

SF and WF evaluations are two subcategories of AHE. While they assess hallucination from different
perspectives, they also share certain points of convergence. For example, some evaluation methods in both
SF and WF rely on reference texts for comparison in order to produce a final judgment. Moreover, both
types of evaluation can be conducted by analyzing the model’s internal states. In this section, we discuss how
the evaluation of SF and WF may influence each other when using the same evaluator, by presenting the
evaluation results of four SF and WF evaluators across the four quadrants shown in

The cases presented here are based on the summarization data shown in Table [2] which are drawn from the
XEnt dataset (Cao et al, [2022) and FactCollect (Ribeiro et al.,2022)). We selected four evaluators representing
different perspectives, including both GPT-based (SelfCheckGPT, HaluEval, FacTool) and non-GPT-based
models (WeCheck), and covering evaluators designed for assessing both SF and WF aspects. SelfCheckGPT
uses a zero-shot approach in its prompt to assess the consistency, HaluEval’s prompt provides examples for
judgment, and FacTool aggregates online search to judge the factuality. For GPT-based models, we specifically
used GPT-3.5-turbo. Although FacTool is not originally designed for summarization evaluation, we adapted
it to the KBQA (Knowledge-Based Question Answering) setting in order to explore its transferability to this
task. All the evaluators only provide binary classification results.

The results of different models on these cases show considerable variation. The SFE cases indicate that the
results of SelfCheckGPT and HaluEval remain unstable. For the WFE cases, FacTool provides the correct
answers, and surprisingly, WeCheck also made correct judgments. This result aligns with Qi et al.| (2025),
which suggests that the model’s ability in one aspect may subconsciously influence its evaluation in the other.
In other words, SF and WF evaluations can affect each other, primarily due to the presence of misaligned
information within the model.
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Document Summary Note ‘WeCheck | SelfCheckGPT | HaluEval | FacTool
SF-WF Harry Kane has been given the | The DR Congo | The summary is cor- TRUE TRUE TRUE FALSE
nod by Youssouf Mulumbu for this sea- | international has | rect.
son’s players’ Player of the Year award | picked Chelsea
The West Brom midfielder has picked | wideman Eden
Chelsea wideman Eden Hazard for the | Hazard for the
young player of the year prize Congo | young player of the
international Mulumbu posted his votes | year prize .
for this year’s PFA awards to Twitter on
Wednesday Mulumbu challenges QPR
defender Yun Suk-Young during West
Brom’s 4-1 defeat at The Hawthorns
Goalkeepe ...
SF-WFE ... Since the end of March, the Vikings’ | Widnes Vikings can | "Chris Betts" is in FALSE TRUE TRUE FALSE
only wins have been in the Challenge | turn their poor start | the document but
Cup against lower-league sides. "We’ve | to the Super League | is incorrect essen-
got the personnel and we’ve got the peo- | season around if | tially.
ple to spark us back into life," Chris | they can find a win-
Betts told BBC Radio Merseyside. | ning streak, says as-
"When we get rolling again I'm sure, or | sistant coach Chris
I'm positive, that we can really turn this | Betts.
year around for ourselves." ... "The play-
ers are hurting and we’ve got to win,"
added England assistant coach Betts. ...
SFE-WF The panther chameleon was found on | A chameleon has | The Marl Park is in TRUE FALSE TRUE TRUE
Monday by a dog walker in the wooded | been put down by | Cardiff but not men-
area at Marl Park. It had to be | RSPCA Cymru af- | tioned in the docu-
put down after X-rays showed all of its | ter it was found | ment.
legs were broken and it had a deformed | injured and aban-
spine. RSPCA Cymru said it was an | doned in a Cardiff
"extremely sad example of an abandoned | park.
and neglected exotic pet". ......
SFE-WFE A number of men, two of them believed | A man has been | "Ballymena’ is nei- FALSE TRUE TRUE FALSE
to have been carrying guns, forced their | assaulted by a | ther in the docu-
way into the property at Oakfield Drive | gang of armed men | ment nor correct ac-
shortly after 20:00 GMT on Saturday. | during a robbery | cording to external
They demanded money before assault- | at a house in Bal- | knowledge.
ing a man aged in his 50s. ... Alliance | lymena, County
East Antrim MLA Stewart Dickson has | Antrim.
condemned the attack. ...

Table 2: Examples of the results from selected evaluators on the SFE and WFE. "TRUE" means the evaluator
labeled it as correct while "FALSE" means incorrect.
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5.3 Fact-checking and AHE

Fact-checking or fact-verification is a related line of research that has previously received considerable
attention. Compared to the more complex nature of AHE, fact-checking addresses relatively simpler problems,
primarily focusing on the comparison of facts, which corresponds to the comparison component in
discussed in this paper. It typically involves assessing the factual accuracy of individual claims, with an
emphasis on their WF. Wikipedia is a commonly used source for world knowledge (Thorne et al.; 2018;
Schuster et al.l [2021; [Kamoi et al., 2023} |Gupta et al., [2022; |Schuster et al., 2021) to check the correctness of
a fact. Benefiting from the capabilities of LLMs, fact-checking systems are now able to handle longer and
more complex texts with greater confidence and efficiency (Xie et al., [2025; Wang et all 2023c). Given the
nature of the task, fact-checking can be viewed as a WF evaluator for text generation, typically functioning
as a binary (true/false) checker. Moreover, when evidence is extracted from a specific source for verification,
the focus shifts from WF to SF, further illustrating the dialectical relationship between the two dimensions
(Tang et al., |2024al).

5.4 Human Evaluation and AHE

For hallucination evaluation, human perspectives can play a pivotal role, providing datasets and establishing
benchmarks for the development of automatic models. To develop a robust human annotation framework, three
key aspects must be carefully considered. First, it is essential to design a clear and comprehensive evaluation
criteria, along with unified annotation guidelines to ensure consistency across annotators. Second, effective
evaluation requires annotators with relevant domain expertise and strong linguistic skills. Researchers should
carefully select annotators, provide essential training on evaluation criteria, offer extensive practice examples,
and implement robust quality control measures. Third, effective digital frameworks must be established for
representing annotated results that enable systematic analysis and integration with downstream applications.
Standardized Although manual evaluation is time-consuming and inefficient for large-scale assessments, it
remains the most reliable method for evaluating model outputs, particularly in domains with a low tolerance
for hallucination, such as the medical field (Asgari et al. [2025).

6 Future Directions

While existing AHE methods have demonstrated substantial progress, critical gaps persist in hallucination
detection and evaluation. Particularly in cutting-edge task domains, certain hallucinations remain complex
and difficult to detect and evaluate, which deserve further investigation.

Interpretability Previous hallucination evaluation efforts primarily focused on model outputs rather than
underlying mechanisms. However, analyzing factual granularity and underlying causes can substantially
enhance our understanding of these phenomena. Future research directions show significant promise across
multiple fronts. Reasoning-based approaches (Liu et al., [2025a; |Akbar et al., [2024) demonstrate potential for
uncovering hallucination origins and providing more informative evaluations. Emerging studies investigate
leveraging internal model states for assessment (Chuang et al.,|2024; Hu et al.| 2024c} [Su et al.|[2024), examining
how the origin, distribution, and layer-wise dynamics of neural representations relate to hallucination
phenomena. Advanced interpretability methods, including sparse autoencoder(SAE)-based approaches,
attempt to project neurons into more interpretable spaces for systematic analysis. These internal mechanism
investigations represent a critical frontier, as the fundamental drivers of hallucinations remain poorly
understood and offer substantial opportunities for breakthrough insights into model reliability.

Complex Context Effectively addressing hallucinations arising from a model’s difficulty in processing
complex inputs, such as long or multi-format contexts, is of critical importance. Current research on
LLMs in long-context scenarios primarily focuses on handling extended input sequences, for instance,
incorporating entire contexts or multi-turn dialogue histories. However, hallucinations from inconsistencies
within long outputs, particularly contradictions between the beginning and the end of a generated text,
remain underexplored (Wei et al., |2024)), such as detecting inconsistencies in character behavior within
model-generated narratives. In addition, the incorporation of multi-evidence verification into hallucination
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evaluation offers a promising research direction (Wang et al., [2024]), as it can enhance the robustness of
factuality assessments by grounding model outputs against multiple corroborating sources.

Efficiency Looking ahead, improving the efficiency of hallucination evaluation will be critical for enabling
large-scale, real-time assessment of generated text. First, developing lightweight meta-evaluators that can
rapidly approximate detailed SF/WF judgments without invoking full LLM inference will reduce both latency
and cost. For example, distilled classifiers or probing models trained on intermediate representations could
flag likely hallucinations. Second, the integration of multi-granular caching and incremental evaluation
pipelines will allow reasonable allocation of compute resources. Third, we should explore hybrid annotation
strategies, whereby human annotators are only queried for the most uncertain or high-impact examples,
thereby minimizing annotation overhead while maximizing the information gain of each label. Finally,
exploring hybrid human—machine evaluation workflows, where automated scorers pre-screen outputs and
human experts validate only edge cases, will create scalable yet trustworthy systems (Schiller] 2024). Together,
these directions will move hallucination evaluation from an expensive research, only procedure toward a
practical component of everyday NLG pipelines.

Emerging Hallucination Types Recent research has expanded LLMs into diverse domains including
multilingual communication, multimodal understanding, and autonomous systems, introducing novel halluci-
nation types distinct from traditional text generation. These include code hallucination, syntactically valid
but semantically incorrect code (Qian et al. 2023)); tool hallucination from false assumptions about external
tool behavior (Zhang et al., 2024b); visual hallucination involving inaccurate content descriptions (Huang
et al., 2024al); cross-lingual hallucination where meaning distorts across languages (ul Islam et al [2025;
Kang et al.| [2024)); and multimodal hallucination featuring cross-modal inconsistencies (Huang et al.| [2024b).
These domain-specific challenges require specialized evaluation frameworks that can transfer knowledge across
contexts while addressing unique characteristics of each application domain. Developing robust evaluation
methods for these emerging hallucination forms proves both intellectually compelling and essential for ensuring
LLM system reliability and safety in diverse application contexts.

7 Conclusion

Evaluating hallucination in NLG remains a critical challenge, as it directly affects the reliability, safety,
and overall applicability of language models across diverse tasks and domains. Accurate and systematic
hallucination evaluation not only informs the design of more robust models but also shapes the research
trajectory and future development trends within the broader NLG community. In this survey, we have
systematically reviewed recent advances in the field of automatic hallucination evaluation, structuring our
discussion along the key stages of the evaluation pipeline. This includes both the source faithfulness and
world factuality, which differ in their grounding requirements and thus present distinct evaluation challenges.

Historically, the majority of hallucination evaluation methods have been designed in a task-specific manner,
as defining clear performance criteria is often more straightforward within narrowly scoped applications.
However, the rise of LLMs has brought new demands and exposed limitations in existing approaches. These
models are typically deployed in open-ended, multi-domain contexts, where traditional task-based metrics
fall short in capturing nuanced hallucinations. Consequently, the community has been driven to reconsider
and refine existing evaluation paradigms, aiming to develop more generalizable and scalable evaluation
frameworks.

Going forward, addressing hallucination in LLMs will require continued efforts in both benchmark construction
and metric development, particularly those that are sensitive to domain-specific knowledge, real-world
reasoning, and the dynamic nature of factual correctness. Collaboration across different fields, using ideas
from linguistics, knowledge representation, cognitive science, and human evaluation, will be key to advancing
the field. As such, hallucination evaluation is not merely a downstream concern but a foundational issue that
will define the next generation of trustworthy NLG systems.
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A Evaluator Meta Information

We present a set of tables summarizing the meta-information of the surveyed evaluators, as shown in Table
Table [d] and Table[5} In the New Dataset column, if the dataset name is identical to the evaluator’s name, it
indicates that the authors did not explicitly name the dataset; instead, we assign the evaluator’s name for
clarity and reference. The Based-model column refers to the underlying models used by each evaluator either
for performing evaluation or for generating synthetic data. The Method column describes the evaluation
pipeline, methodological framework, or the primary novel contribution introduced by the evaluator. The
Metric column specifies the scoring strategy or computational approach used to produce the final evaluation
score. Lastly, the SF (Source Faithfulness) and WF (World Factuality) columns use v and X to indicate
whether an evaluator explicitly addresses each respective aspect.
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Para, Fact Check

NLI

Era Name New Dataset Data Source Fact Definition Task Based-model Method Metric SF | WF
] Wikipedia, ]
Factac WikiFact Triplet Summ Transformer Triplet Extraction P, R, Fl V| ox
Wikidata KB
FactCC FactCC CNN/DM, XSumFaith Sent Summ BERT NLI (2-class) Likelihood v
DAE DAE PARANMTS0M Dependency Summ ELECTRA NLI (2-class) Likelihood I
CNN/DM, WikiLarge, i o Weighted
Maskeval / Word Summ, Simp T Word Weighting V| ox
ASSET Match Score
Guerreiro et al.|(2023] Haystack WMT2018, DE-EN Text Span NMT Transformer Uncertainty Measure Avg. Similarity v X
Dale et al.|(2023a / Haystack Text Span NMT Transformer Source Contribution Percentage R
BART (QG),
FEQA FEQA CNN/DM, XSum Sent Span Summ (@c) QG-QA Avg. F1 V| ox
BERT (QA)
Ent, BART (QG), Avg.
QAGS QAGS CNN/DM, XSum ! Summ QG QG-QA e vl ox
Noun Phrase BERT (QA) Similarity
Ent,
QuestEval / CNN/DM, Xsum \j" Summ T5 (QG, QA) QG-QA P, R, F1 V| ox
Noun
BART (QG), G-QA,
QAFactEval / SummaC NP Chunk Summ (Qc) Qc-Q LERC V| ox
ELECTRA (QA) NLI
AGS, XSumFaith, Pod 5 (QG Choice
AGS, XE a y ast, 5 i),
Before MQAG / Q Hmaith, Fodeas Sent Span Summ % Q6 Multi-Choice QA Statistical v ox
LIM Fra ssment, SummEval Longformer (QA) it
A istance
Token, Span, ) o )
CoCo / QAGS, SummEval Summ BART Counterfactual Estimation | Avg. Likelihood Diff | v | X
Sent, Doc
FactGraph FactCollect CNN/DM, XSum Dependency Summ ELECTRA Classification BACC, F1 V| x
FactKB FactKB CNN/DM, XSum Triplet Summ RoBERTa Classification BACC, F1 | x
Discourse,
. SpanBERT, Direct Prediction, Summation of
Extfval Extlval CNN/DM Coreference, Summ v | ox
RoBERTa Statistic Sub-scores
Sentiment
T5 (QG), Albert-Xlarge (QA),
Q? Q? wow Sent Span Diag > (QG), Albert-Xlarge (QA) QG-QA, NLI Likelihood x| v
RoBERTa (NLI)
FactPush / TRUE Text Span Diag, Summ, Paraphrase DeBERTa NLI AUC v x
NLI, QA, Paraphrase,
. 22 datasets ) I -
AlignScore / Sent Fact Verification, TR, RobERTa 3-way Classification Likelihood v | ox
from 7 tasks
Semantic Similarity, Summ
, Summ, Diag, Weakly Supervised o
WeCheck / TRUE Response DeBERTa Likelihood V| ox

Table 3: AHE Meta-Info Table before LLM era, which means the methods do not rely on the ability of LLMs
such as ChatGPT.
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MT-Bench

conversation

GPT-based

Era Name New Dataset Data Source Fact Definition Task Based-model Mothod Metric SF [ WF
SCALE ScreenEval LLM, Human Sentence Long Diag Flan-T5 NLI Likelihood v x
SummEnal, Flan-T5, code-davinei-002,
anills v
Chen et al. {20230 / XSumPaith, Response Summ text-davinci-003, s T?“‘lij‘/ (;21 ) Balanced Acc VX
Coyal21, CLIFF ChatGPT, GPT-4 ent-bymsent Fromp!
—— ; 37 datasets . Summ, Diag, GPT-2, OPT, - .
GPTScore / Pt Various AT Dot FLAN. GPT Direct Assessment Direct Score v ox
; SummEval, Summ, COT, Weighted
G-Eval espons GPT-4
v / Topical-Chat, QAGS Response Diag Form-filling Scores K
Wang et al. |(2023b; / 5 datasets from 3 tasks Response Summ, D2T, ChatGPT Direct Assessment, Direct score v ox
Story Gen Rating
RealHall-closed, COVID-QA, DROP, Direct Assessment
“hainPoll Hallu Detect gpt-3.5-turk Ace
ChainPol RealHall-open Open Ass prompts, TriviaQA Response llu Dotect gpt-3.5-turbo (2-class) “ K
Semantic Consistency,
— , CoQA, SQuAD, TriviaQA . Open-book QA LLaMA, / AUROC,
EigenScore Inner State Dive Dense
iaenseore / Natural Questions er State Closed-book QA OPT versity In Dense PCC X
Embedding Space
Mult-Choice QA,
TruthfulQA Truthful QA LLM, Human Response “(L" Cl“":' QA GPT-3-175B Answer Match Percentage, Likelihood | X | v
Jeneration
— ooy @, S
HaluEval as-spectic, Task datasets Response nowledge- ChatGPT Direct Assessment Acc v v
General . grounded Diag,
ChatGPT 8
Generation
Wiki-/News-/
/ Wikipedia, Refin- FRANK E
FACTOR Expe ‘l\’v”l"'}_; R‘t(‘;‘A Sent Span Generation / (Fl{ e t',"" likelihood x| v
FACTOR edWeb, ExpertQ)/ lassification
World Knowledge,
TruthfulQA, Quora, - %»'““1 '1""»‘1w ‘l\‘l“:l Vicuna, -
FELM FELM MMLU, GSMSK, (2*11‘ pan, ;“3 :\n( «lli_( lath, ChatGPT, Direct, Assessment Balanced Ace VoY
ChatGPT, Human e riving and Hecon- GPT4 alanced Ace
mendation, Reasoning
+/Slow
FreshQA changing, Human Response Generation / Answer Match Ace x| v
o-premise
- CNN, THE WEEK, Multi-Choice QA, GPT-3,
RealTimeQA Real TimeQA USA Todin Response Conomtion . Answer Match Acc, EM, F1 x| v
Ans/Rat/
3] encl i ] iple irect s S ! !
ERBench ERBench 5 datasets from Kaggle Ent-Rel Binary/ Multiple / Direct Assessment, Ans-Rat Ace, x| v
Database ~choice QA String Matching
Hallu Rate
Blomranhios § TustructGPT,
sgraphies in
ctScore / ot Atomic Fact Generation ChatGPT, Binary Classification P x| v
Wikipedia h
Perplexity Al
SenHallu, 10 datasets Multi-choice tasks,
BAMBOO Response ChatGPT Answer Match P, R, F1 v
AbsHallu from 5 tasks esponse Select tasks B newer Matet 4
MedMOQA, )
B . . ; Pointwise
MedHalt MedHalt Medqa USMILE, Response Reasoning Hallu T ChatGPT Answer Match Score, x| v
Medga (Taiwan), Memory Hallu Tes A
Acc
After Headga, PubMed
LLM Fra FacTool,
" | ChineseFactEval | ChineseFactEval / Response Generation / acTool Direct x| v
Human annotator
N Jenerative/ . ‘
UHGEval UHGEval Chinese Keywords Discriminative,/ GPT-4 Answer Match, e, x| v
News Websites ! Similarity Similarity Score
Selective Evaluator
GLM-130B, i Non-hallu
HalluQA HalluQA Human Response Generation bGP, GPTA Direct Assessment - x| v
Claim Extraction,
Knowledge-based QA N
RoSE, FactPrompts, i ‘é’“l“ii ’”’“‘ Q Query Generation,
Jaim, de Generation,
FacTool / HumanEval, Res \; R eratiol ChatGPT Tool Querying, P, R, F1 v
GSM-Hard, Self-instruct esponse o Evidence Collection,
Sci-literature Review P
Agreement Verification
NQ, HotpotQA, Open-domain/ Fact Unit Extraction,
TruthfulQA, Web Retrieval-based/ Fact Source A
Avg,
UFO / CNN/DM, Ent Expert-validated/ gpt-3.5-turbo-1106 Verification, S Vv
Multi-News, Retrieval-Augmented QA, Fact Consistency ub-scores
MS$ MARCO News Fact Generation
Open-domain QA, NLI-RoBERTa
CONNER / NQ, WoW Sentence Knowledge-grounded large, 3-way NLI Ace x| v
Dialogue ColBERTv2
SelfCheckGPT SelfCheckGPT WikiBi R Hallu Detect GPT-3 NLL Ngram, AUC-PR V| ox
SelfChec] elfCheck ikiBio esponse allu Detect IPT- -
v QA, BERTScore, Prompt
The Movies Dataset, GOT AUC,
InterrogateLLM / l'ln"(Bu:li‘g:\(etln*:\zK(nggl(') Response Hallu Detect GPT-3, LLaMA-2 Query Consistency Balanced Ace x| v
2pt-3.5-turbo, . :
HotpotQA, ) Cross-checking,
SAC? / Response A Generat AUROC Vv
/ NQ-open esponse QA Generation QA Pair Consistency
Wikipedia, Knowledge Memorization
y Self-contrast -
KoLA KoLA Updated News Response /Understanding/Applying / Similarity x| v
: / / Answer Match
and Novels /Creating
Construct Query,
RV PHD Human Annotator Ent Generation ChatGPT Access Databases, P, R, F1 v ox
Entity-Answer Match
o datasete I Seed summary verify,
SummEdits SummEdits 9 Catasets from Span Summ, Reasoning gpt-3.5-turbo Summary edits, Balanced Acc v ox
Summ task v e
Annotation
FAVA-Annotation, L . N Analvz;: mtvlnml attention
ama-2, Llama-3, cernel maps,
LLM-Check / RAGTruth, Response Fact-checking - i AUROC, FPR, Acc | X | v
8 GPT4. Mistral-7h hidden activations and
SelfcheckGPT -
output prediction probabilities
PHR synthetic / Response ICL Llama-2, Gemma-2 Posterior Hallucination Hallu Rate v ox
- Rate (Baysian)
HalluMeasure | TechNewsSumm CNN/DM, SummEval claim Summ Claude COT, Reasoning P R, Fl V%
TADES, Haluval, ) Taylor expansion on Ace, P, R, FI,
EGH / Response QA, Diag LLaMa2, OPT, GPT-based N v
/ SelfcheckGPT ssponse A, Diag Summ i rased embedding difference AUC, G-Mean, BSS
B " COMET-QF, LASER, : .
/ aN-Hall, Ha Sentence N Aggregate hallucination scores AUROC, FP
STARE / LfaN-Hall, HalOmi Sentence MT XNLL o LB Aggregate hallucination scores AUROC, FPR vl ox
TaluEval-QA, WebQA, Knowledge-based QA, Math, Sentence Segmentation
HaluAgent / Ape210K, HumanEval, Response, Sent Code generation, Baichuan2-Chat, GPT-4 Tool Selection Acc, P, R, F1 Vv
WordCnt, Conditional text generation and Verification, Reflection
Natural Questions Closed-Book QA, RAG,
RefChecker KnowHalBench MS MARCO, databricks Claim-triplet Summ, Closed QA Mistral-7B, GPT-4, NLI Extractor and Checker Acc, P, R, F1 Vv
~dolly15k Information Extraction
HDM-2 HDMBENCH IR:G“TI“‘:?(‘) ‘s‘&‘i”n‘R“‘:f";""]‘\:’:‘lk“ Word, Response Generation Qwen-2.5-3B-Instruct Classification P, R, F1 v v
CNN/DM, XSum,
Summ, QA, Multi- aMA-2-7B-Chat, .
Lookback Lens / Natural Questions, Response Summ, QA, Multi-turn LLaMA-2-7B-Chat Attention Map AUROC, EM V| v

Table 4: AHE Meta-Info Table after LLM era (Part 1), which means the methods utilize the ability of LLMs
such as ChatGPT.
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Era Name | New Dataset Data Source Fact Definition Task Based-model Method Metric SF [ WF
_— THaluEval, HotpotQA, ) Starling- 7B, Tdentify non-fabrication, TPR, TNR,
KnowHalu / CNN/DM Response QA, Summ GPT-3.5 multi-form fact-checking Avg Acc Y
AXCEL / SummEval, QAGS claim Summ, Generation, | - Llama-3-8B,Claude-Haiku, Direct Assessment P, R, F1, Auc V| v
Data2text Claude-Sonnet
GPT-3 5-turbo, GPT-1,
Drowzee Drowzee / Response QA Llama2-7B,70B, Direct Assessment FCH Ratio x| v
Mistral-7B-v0.2,8x7B
MIND HELM 7 Span Continual writing Embedding MLP classification | _AUC, Pearson corr | X | v
- Wikibio-GPT3, FELM- ] — ) . AUROC, AUC-PR,
BTProp / Setonen, FaotChodkGPT Response Generation o T hidden Markov tree P e x| v
FAVA | FAVABENCH Open prompts Span Tnformation retrieving Llama2-Chat 7B THallucination tags generation F1 x| 7
I e i TLaMA 2 Chat-7B,13B,70B,
Semantic / BioASQ, TriviaQA, Response QA Falcon Instruct-7B,40B, Semantic Entropy AUROC, AURAC x| v
Entropy NQ Open, SQUAD ’ s
Mistral Instruct-7B
After SEPs / BioASQ, TriviaQA, Response QA Llama-2-7B,70B, Mistral- 78, | ¢ Ltie Entropy Probes AUROC x| v
LM Bra NQ Open, SQUAD
HaloSeone / TruthfulQA, TriviaQA, Resmonse an LLaMA-2-chat-7B,13B, Unemervised loaming AUROC, BLUERT, | [,
>Cop CoQA, TydiQA-GP Spon: ! OPT6.7B,13B pervised feaming ROUGE
LRPIRAG 7 RAGTruth Response QA Tlama-2-7B/13B-chat Tntornal state classification Acc, PR, FI 77
Malu-J | MEFEVER FEVER Claim Fact-checking GPT-1, Mistral-7B-Tnstruct Reasoning Ace x| 7
NonFact$ NonFact$ CNN/DM Word Summa B ‘A‘RT’K‘:°F;‘;;$BE1{TH NLI Balanced Acc V| ox
-bas 5-small,
MFMA / CNN/DM, XSum Span, Ent Summ BART-base, T5-small Classification F1, Balanced Acc | v | X
Electra-base-discriminator
HADEMIF / Response QA Llama2-7B hidden state calibration Expected Calibration Frror acc@q, cov@p x| v
Brier Score
- ) ] Tlama2-7B/13B/70B, Extornal Context Score, AUC, PCC,
REDEEP / RAGTruth, Dolly (AC) Span RAG Llama3-8B Parametric Knowledge Score Acc, R, F1 v
LMvLM / LA;:II(‘;' rT::(l)i“ Response QA (‘h*"(’PTL‘l:j::i‘;;;““c"m‘*‘ LMs multi-turn judge P.R, F1 x| v
- SLLMs (Llama, Qwen, ) Context-influence
OnionEval | OnionEval / Ent, Atomic fact QA SLLMs (Llama, Qwen Layered Evaluation Ace, Context-influence |- ) -
Gemma) Score

Table 5: AHE Meta-Info Table after LLM era (Part 2), which means the methods rely on the ability of LLMs
such as ChatGPT.
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