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Abstract

Multimodal Large Language Models (MLLMs) often gen-

erate hallucinations, where the output deviates from the

visual content. Given that these hallucinations can take di-

verse forms, detecting hallucinations at a fine-grained level

is essential for comprehensive evaluation and analysis. To

this end, we propose a novel task of multimodal fine-grained
hallucination detection and editing for MLLMs. Moreover,

we propose ZINA, a novel method that identifies hallucinated

spans at a fine-grained level, classifies their error types into

six categories, and suggests appropriate refinements. To

train and evaluate models for this task, we construct Vision-

Hall, a dataset comprising 6.9k outputs from twelve MLLMs

manually annotated by 211 annotators, and 20k synthetic

samples generated using a graph-based method that cap-

tures dependencies among error types. We demonstrated

that ZINA outperformed existing methods, including GPT-4o

and Llama-3.2, in both detection and editing tasks.

1. Introduction
Multimodal Large Language Models (MLLMs) have
emerged as powerful systems for a broad range of vision-
language tasks [1, 6, 13, 19, 30, 32, 34, 46]. MLLMs
often produce hallucinations in image captioning tasks
[11, 20, 49], undermining the reliability in practical appli-
cations. To further advance the development of MLLMs,
evaluating and analyzing hallucinations is essential.

Although several works [20, 29, 49] have attempted to
address hallucination detection in MLLM outputs, they have
primarily focused on coarse-grained detection. While hallu-
cinations can take diverse forms [11], coarse-grained meth-
ods often classify them into only a few broad categories
(e.g. only object hallucinations; [20, 29]). Moreover, these
methods typically detect hallucinations at the sentence level
or across relatively long spans [20].

These approaches limit their ability to support detailed
error analysis. For instance, consider the caption shown in
Fig. 1, which contains diverse hallucinated spans — such as

A delivery truck is parked on the 
sidewalk with its rear doors open,
revealing several <object>books 
containers and boxes </object> 
A child is standing at the 
back of the truck.  To the 
<relation>left right</relation>, 
there is a shop with a 
<attribute>red blue </attribute> 
sign that reads <text>
МАРИ МАРИИНСКИЙ </text>

A delivery truck is parked on 
the sidewalk with its rear 
doors open, revealing several
books. A child is standing at 
the back of the truck. To the 
left, there is a shop with a 
blue sign that reads МАРИ.

Coarse-grained / No Editing

Previous Hallucination Detection

Cover Six Hallucination Types

Object Relation Attribute

Text Number Fact

Fine-grained Hallucination Detection

The image depicts ...
MLLM

More Granular Detection
Suggest Refinements

Hallucination Types

Figure 1. Overview of the proposed task. In contrast to conventional
tasks, the model is expected to detect hallucinated spans at a fine-
grained level, classify their types based on a taxonomy, and suggest
appropriate refinements.

incorrect objects, colors, relationships, and scene text. While
previous methods may label phrases such as “revealing sev-
eral books” as hallucinated, effective analysis demands pin-
pointing the specific error (‘books’), classifying its type
(‘object’), and suggesting a suitable correction (“containers
and boxes”)

To address these limitations, we propose multimodal
fine-grained hallucination detection and editing, a novel
task in which a model detects hallucinated spans, classifies
their types according to a taxonomy, and suggests appropri-
ate refinements. By consolidating categories from several
works [4, 11, 38], our taxonomy classifies hallucinations in
MLLMs’ outputs into six categories. Editing can contribute
to improving MLLMs, as they can serve as silver-standard

data, offering span-level corrections [20, 38].
We formalize the proposed task as a tagging problem, as

shown in Fig. 1. The model is expected to place tags on each
hallucinated span, similarly to previous tasks designed for
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text-only LLMs (e.g. [38]). The proposed task is particularly
challenging because, as we will demonstrate, even advanced
MLLMs, such as GPT-4o [1] and Llama-3.2 [19], perform
poorly on both the detection and editing tasks.

To address this challenge, we propose ZINA, a novel
method for fine-grained hallucination detection and editing
in MLLMs. The method consists of two main components:
a detector MLLM that identifies hallucinated spans, and a
reviewer MLLM that determines where to apply tags and
suggests appropriate refinements. Unlike previous works [3,
38] our method explicitly separates the responsibilities of
token copying and hallucination detection/editing, reducing
the complexity of each reasoning task.

Moreover, we construct the VisionHall dataset, which
consists of two subsets for a detection task and an editing
task. For the detection task, the dataset contains approx-
imately 6.9k outputs generated by twelve MLLMs, with
hallucinated spans manually annotated by 211 annotators.
For the editing task, we create 20k synthetic samples by in-
jecting errors into image captions using a novel graph-based
approach, capturing the dependencies of errors.

The main contributions of this paper are as follows:

• We proposed a novel task of multimodal fine-grained
hallucination detection and editing for MLLMs.

• We also proposed ZINA, a novel method designed for
fine-grained hallucination detection and editing.

• We constructed VisionHall, a semi-synthetic dataset
consisting of image captions generated by 12 MLLMs.

• ZINA outperformed existing methods on the VisionHall
dataset in both detection and editing tasks. In partic-
ular, ZINA significantly outperformed both Llama-3.2
and GPT-4o, achieving gains of 28.2 and 15.8 points,
respectively.

2. Related Works
Hallucination detection and editing in LLMs. Several
studies have addressed hallucination detection by classifying
statements based on factual correctness [9, 17, 27, 35, 37].
SelfCheckGPT [35] detects entity-level hallucinations by
comparing multiple LLM outputs, treating consistent re-
sponses as factual and divergent ones as hallucinated. [27]
employs GPT-4 to extract factual statements verifiable
against world knowledge, and then identifies hallucinated
spans within them. In contrast, FAVA [38] performs fine-
grained hallucination detection and editing by leveraging
retrieval-augmented language models.

Hallucination analysis in MLLMs. Various hallucina-
tion detection methods have been proposed for MLLMs
[11, 20, 29, 49, 54]. POPE [29] focuses on object hallucina-
tions in discriminative tasks by prompting MLLMs with sim-
ple yes/no questions about specific objects. Although POPE

is limited to discriminative tasks, AMBER [49] addresses
this gap by leveraging the CHAIR metric [42], which mea-
sures the proportion of mentioned objects that are not present
in the image. Unlike these rule-based methods, MHalDetect
[20] finetunes InstructBLIP and performs hallucination de-
tection as a ternary classification task. UniHD [11] detects
hallucinations in MLLMs by first extracting verifiable claims
and then validating each claim using tools such as object
detection and scene-text recognition systems.

Beyond these coarse-grained approaches, a few stud-
ies [25, 40] have proposed fine-grained hallucination detec-
tion methods. One such method is HalLocalizer [40], which
performs token-level localization of four hallucination types
using a bidirectional VisualBERT encoder with linear classi-
fication heads. A key difference from these methods is that
our detection task is explicitly designed for a subsequent edit-
ing task. Specifically, replacing the detected spans should
be sufficient to correct the hallucination. However, existing
methods [11, 20, 25, 40] such as HalLocalizer rely on token-
level detection, which does not guarantee that editing only
the detected tokens corrects the caption.

3. Multimodal Fine-grained Hallucination De-
tection and Editing

We propose a novel task of multimodal fine-grained hal-
lucination detection and editing for MLLMs. We follow
prior work [20, 29, 49] in defining hallucinations as errors
where the MLLM-generated description deviates from the
visual content of the image.

3.1. Taxonomy
Based on prior work [4, 11, 38] and insights from the pilot
annotation, we define a taxonomy comprising six error types:

• Object : Incorrect descriptions of specific objects or
entities.

• Attribute : Inaccurate mentions of properties such as
color, size, or shape.

• Number : Incorrect mentions of quantities or numerical
values.

• Text : Inaccurate descriptions of scene text or written
content visible in the image.

• Relation : Errors in semantic relationships of objects
(e.g., prepositions or adjectives) within the description.

• Fact : Incorrect mentions of named entities such as
people, places, or countries.

Details of the taxonomy construction are provided in Ap-
pendix A.

Table 1 presents examples of hallucinations categorized
by our taxonomy. The table also shows the distribution of
error types in generated captions for GPT-4o [1], Qwen2.5-
VL-7B-Instruct [7], and Qwen2.5-VL-72B-Instruct on the
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Types Example GPT-4o [%] Q-7B [%] Q-72B [%]

Object A dog cat is sitting on the couch ... 30.13 27.32 40.42
Attribute Blue Red bicycles are leaning ... 34.73 33.82 36.69
Number Three Four people are sitting ... 10.04 9.76 6.17
Text A sign says “Restaurant” “Welcome” ... 12.27 14.96 8.60
Relation The coffee cup is on the left right side ... 8.23 11.38 7.31
Fact Steve Jobs Steve Wozniak holding ... 4.60 2.76 0.81

Table 1. Examples of hallucinations categorized by our taxonomy, along with the distribution of error types in outputs from GPT-4o,
Qwen2.5-VL-7B-Instruct (Q-7B), and Qwen2.5-VL-72B-Instruct (Q-72B) on DCI dataset [47].

DCI dataset [47]. These distributions provide supporting
evidence for the validity of the proposed taxonomy.

3.2. Task Definition
In this task, given an MLLM-generated description xdesc for
an image ximg, along with a reference caption xref , a model
detects hallucinated segments, classifies them according to
our taxonomy, and suggests appropriate refinements. Specif-
ically, the output is defined as ŷ = {Ŷtext, Ŷedit, Ŷtype},
where Ŷtext, Ŷedit, and Ŷtype denote the sets of hallucinated
words, their corresponding edits, and their error types, re-
spectively. Each ŷtype → Ŷtype is one of seven types: six
from the taxonomy and one no-hallucination class.

Since reliable hallucination detection cannot be achieved
using only the image as input, it is standard practice to in-
corporate external knowledge [11, 38]. Conventional tasks
(e.g. [11]) typically assume that detectors access intermedi-
ate tools such as object detectors and OCR systems to obtain
such knowledge. However, these sources often contain errors
that hinder appropriate hallucination detection. Therefore,
our task assumes the availability of human-written reference
captions xref as a reliable source for evaluation.

3.3. Evaluation Metrics
Detection task. Following previous works [16, 38, 44], we
employed F1 score as an evaluation metric for the detection
tasks. We first compute precision and recall by comparing
{y(i)text, y

(i)
type}Ni=1 and {ŷ(i)text, ŷ

(i)
type}Ni=1 , and then calculate

the F1 score as the harmonic mean of precision and recall.

Editing task. We evaluate editing models by sentence-
level metrics, CLIP-S [22] and PAC-S [43]. These metrics
are suitable for evaluating edited texts as they are standard
metrics for image captioning [22, 23, 36, 43, 48]. Further
details of the evaluation metrics are provided in Appendix B.

Overall performance. Previous works (e.g. [38]) typically
assessed overall model performance with sentence-level met-
rics such as CLIP-S [22] and FactScore [37]. This is because
edited answers often have diverse valid forms, making span-
level ground truth hard to define. Sentence-level metrics
evaluate editing models by computing cosine similarity be-
tween sentence embeddings. However, as they encode both

edited and unedited content into a single embedding, they of-
ten overlook the impact of small edits, as unchanged portions
dominate.

To address this limitation, we introduce fine-grained met-
rics that compare spans based on their embeddings, rather
than encoding the entire sentence as a whole. Our metrics are
inspired by detection metrics based on F1 scores computed
via exact matching. However, instead of using exact matches,
we compare spans based on embedding-based similarity.

Using the similarity function sim, we define precision
and recall as follows:

Precision =

∑
i→N sim(ŷ(i)text, y

(i)
text)∑

i→N 1[ŷ(i)type ↑= 0]
, (1)

Recall =

∑
i→N sim(ŷ(i)text, y

(i)
text)∑

i→N 1[y(i)type ↑= 0]
, (2)

where N denotes the number of hallucinated words in the
ground truth, respectively. We then compute the F1 score as
the harmonic mean of precision and recall. As the similarity
function sim, we adopt cosine similarity computed on BERT
[14] and CLIP [41] embeddings, because their similarities
are widely used as evaluation metrics in image captioning
[22, 56]. We refer to these metrics as BERT-F1 and CLIP-F1,
respectively.

4. Methodology
Previous approaches (e.g. [38]) generate outputs by copy-
ing the original sentence verbatim and inserting tags where
necessary. These approaches face several challenges: (i) the
model should reproduce the original sentence exactly, word
by word; (ii) these approaches require a model to simulta-
neously determine, token by token, where to insert opening
and closing tags; (iii) due to exposure bias in autoregressive
generation, a single mistake can compromise the structural
consistency of the entire output, often resulting in malformed
tag sequences.

4.1. Proposed Method: ZINA

To address these limitations, we propose ZINA, a two-stage
system that detects hallucinations based on our taxonomy
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MLLMs

Error Insertion Module

o3-mini

Introduce errors into the following 
sentences based on six categories

o3-mini

Check and revise the following
sentences using the checklist below

Seed Description

Generated Description

Human-written References

Graph-based Augmentation Module

There is a large <object>red</ object > cylindrical display 
stand. <number>Four</number> white space-themed 
backpacks are arranged. Something is written in 
<fact>Thai</fact> script on the <object>backpack</object>. 
The backpack on the far <relation>right</relation> has a 
<attribute>green</attribute> patch. One of the backpacks 
has a patch labeled <fact>“COMMAND”</fact>  To the 
<relation>right</relation> of it, …There is a large blue 

cylindrical display stand. In 
front of the display stand, 
Five white space-themed 
backpacks are arranged. 
Something is written in 
Cyrillic script on the 
cylinder. The backpack …

A museum tour about the 
astronauts and various 
concepts like what 
equipment they used to go 
into ou ter space …

There is a large <attribute>red</attribute> cylindrical display 
stand. <number>Four</number> white space-themed 
backpacks are arranged. Something is written in 
<fact>Thai</fact> script on the <object>backpack</object>. 
The backpack on the far <relation>right</relation> has a 
<attribute>green</attribute> patch. One of the backpacks 
has a patch labeled <text>“COMMAND”</text>  To the 
<relation>right</relation> of it, …

Construct a DAG

MLLMs

Error Insertion Module

o3-mini

Insert errors in the following 
sentences based on six categories

o3-mini

Check and revise the following
sentences using the checklist

Seed Description

Generated Description

Human-written References

Graph-based Augmentation Module

Generate Multiple Samples

MLLMs

Error Insertion Module

o3-mini

Introduce errors into the following
sentences based on six categories

o3-mini

Check and revise the following
sentences using the checklist below

Seed Description

Generated Description

Human-written References

Graph-based Augmentation Module

MLLMs

Error Insertion Module

o3-mini

Introduce errors into the following
sentences based on six categories

o3-mini

Check and revise the following
sentences using the checklist below

Seed Description

Generated Description

Human-written References

Graph-based Augmentation Module

MLLMs

Error Insertion Module

o3-mini

Introduce errors into the following
sentences based on six categories

o3-mini

Check and revise the following
sentences using the checklist below

Seed Description

Generated Description

Human-written References

Graph-based Augmentation Module

There is a large <attribute>red</attribute> cylindrical display 
stand. <number>Four</number> white space-themed 
backpacks are arranged. Something is written in Cyrillic script 
on the <object>backpack</object>. The backpack on the far 
<relation>right</relation> has a 
<attribute>green</attribute> patch. One of the backpacks 
has a patch labeled “COMMANDER” To the left of it, …

MLLMs

Error Insertion Module

o3-mini

Insert errors in the following
sentences based on six categories

o3-mini

Check and revise the following
sentences using the checklist

Prepare Seeds

Generated Description

Human-written References

Graph-based Augmentation Module

Figure 2. Overview of the graph-based synthetic data generation process. We first obtain seed descriptions by leveraging various MLLMs.
Subsequently, the Error Insertion module injects errors while considering inter-span dependencies of errors. The Graph-based Augmentation
module then constructs a DAG and prunes it to generate diverse training samples.

and suggests refinements. The proposed method consists of
two main components: the detector MLLM Mdet and the
reviewer MLLM Mrev. Our central strategy is to delegate

token copying to a deterministic function, allowing the lan-
guage model to focus solely on the detection and editing
sub-tasks for erroneous spans. This strategy, which decou-
ples the detection and tagging processes, can be broadly
applied to existing hallucination detection methods [20, 38].

We begin by constructing the prompt pdet using
{xdesc, ximg, xref}. In few-shot settings, pdet additionally
incorporates n few-shot examples. The prompt design fol-
lows prior work (e.g., [38]), and the full prompt templates are
provided in the Appendix H. We then feed pdet into the de-
tector MLLM Mdet to obtain hallucinated spans {h(i)

type}Mi=1

along with their corresponding error types {h(i)
error}Mi=1, where

M denotes the number of predicted hallucinations.
Subsequently, for each hallucinated span, we generate a

tagged sequence zi as follows:

zi = T (xdesc, h
(i)
text, h

(i)
type), (3)

where T is a deterministic function that inserts tags into the
hallucinated span based on its error type. Unlike previous
works [38], we adopt T as it delegates token copying to a
deterministic function. This design allows Mdet to focus
exclusively on the hallucination detection.

Given {zi}Mi=1, the reviewer MLLM Mrev assesses
whether the hallucinated span is appropriately tagged within
its surrounding context, and then outputs Ŷtext and Ŷtype as
follows:

ŷ = Mrev(zi, ximg, xref). (4)

In the editing setting, Mrev additionally generates suitable re-
finements Ŷedit for each hallucinated span. We use Qwen2.5-
VL-72B-Instruct [7] to initialize Mdet and Mrev. For both
models, we employ cross-entropy as the loss function.

4.2. Synthetic Training Data Curation
The development of a hallucination editor requires a diverse
set of training samples. In this field, it is standard to synthe-
size training data by injecting artificial hallucinations into
correct sentences [5, 38, 40]. These methods assume hal-
lucinations are self-contained and span-localized; however,
image-grounded hallucinations in MLLMs often span multi-
ple semantically related regions, which makes it essential to
capture dependency structures among errors.

To this end, we propose a novel data construction method
that explicitly handles error dependencies using graph struc-
tures. Our approach consists of two main modules: the Error
Insertion (EI) module and the Graph-based Augmentation
(GraphAug) module. Fig. 2 shows an overview of our data
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generation pipeline. We first obtain seed descriptions. The EI
module then injects errors while considering dependencies,
and the GraphAug module constructs a graph and prunes it
for generating diverse errors.

Seed descriptions. In general, synthetic data construction
requires a set of seed descriptions as input. Prior work [38]
generated seed data from external knowledge sources that are
guaranteed to be factually correct. Synthetic hallucinations
are then introduced by replacing specific spans within these
descriptions. However, in image-grounded generative tasks,
factually guaranteed descriptions are scarce, making such
approaches less applicable. Although standard image cap-
tioning datasets provide reference captions [2, 31], naively
replacing parts of these captions tends to produce limited
variation and may be suboptimal for training Mrev.

Therefore, we use MLLM-generated descriptions that
were judged by annotators to be free of hallucinations as
seed inputs. Specifically, we leverage hallucination-free
descriptions from the newly constructed VisionHall dataset,
as detailed in Section 5.

Error insertion. The EI module first injects hallucinations
into the hallucination-free descriptions while simultaneously
capturing the dependencies of errors. To perform the inser-
tion, we adopt o3-mini [39], which enables simultaneously
performing hallucination injection and explicit capture of
inter-error dependencies. This module outputs data in XML
format, which allows for the specification of hierarchical
dependencies. Here, we define an inter-error dependency as
a causal or referential relationship between two or more hal-
lucinated spans, where one hallucination (e.g., a non-existent
object) induces or conditions the generation of subsequent
hallucinations (e.g., attributes or relations related to that ob-
ject). For example, if an MLLM mentions “apples” in the
initial sentence despite no apples being present in the image,
it may then mention incorrect relations between the apples
and other objects due to its autoregressive nature, as pointed
out in [58].

After insertion, the module re-validates the dependencies
for consistency, as we empirically observed that inserted
errors often link to non-existent spans. The full prompt used
for this process is provided in Appendix H.

Graph-based augmentation. The GraphAug module
builds a directed graph representing dependencies among in-
serted errors. It removes cycles by detecting them and delet-
ing descendant nodes, yielding a Directed Acyclic Graph
(DAG) that captures structural error relationships.

Subsequently, the module prunes the DAG by randomly
selecting a node with probability p and removing it along
with its descendants. This enables the generation of diverse
training samples with varying types and combinations of
hallucinations for effective editing model training.

Category

Avg. Length
[words]

Frequency
[%]

Real Synthetic Real Synthetic

Object 1.47 1.15 41.57 37.41
Fact 2.99 1.77 4.55 10.41
Text 1.79 1.50 3.21 7.84
Number 1.18 1.07 10.51 15.40
Relation 1.78 1.25 9.06 13.12
Attribute 1.32 1.01 31.10 15.81

Table 2. Comparison between real and synthetic samples in terms
of span lengths and error frequencies. The average lengths and
frequencies are generally similar across real and synthetic data.

5. VisionHall Dataset
We constructed VisionHall, a dataset specifically designed
to train and evaluate the fine-grained hallucination detec-
tor and editor. Existing datasets for hallucination detection,
such as AMBER [49] and M-HalDetect [20], are limited to
coarse-grained labels (e.g. binary or ternary) and thus un-
suitable for evaluating fine-grained detectors. Furthermore,
these datasets (e.g. [11]) lack ground-truth refinements for
hallucinated spans, making them unsuitable for editing tasks.

In contrast, a few datasets address fine-grained hallucina-
tion detection (e.g. [38]). However, they mainly focus on
factual errors or unverifiable statements given world knowl-
edge, and do not cover image-grounded hallucinations where
the description deviates from the visual content.

To address these limitations, we constructed VisionHall,
a dataset that enables comprehensive evaluation of fine-
grained hallucination detection and editing. Each sample
also includes the corresponding image and a human-written
long reference.

Since human-written references offer a reliable basis for
evaluation, reference-based evaluation is standard practice in
natural language generation tasks [48, 53, 56]. Accordingly,
we utilize the reference captions provided in the DCI dataset
[47]. These captions are comprehensive, human-written
descriptions that cover nearly all elements in each image.

As the DCI dataset provides only image–reference pairs,
we collected MLLM-generated descriptions from twelve
representative MLLMs and image captioning models: GPT-
4o [1], Qwen2.5-VL 7B [7], Qwen2.5-VL 72B, LLaVA-
NeXT [33], LLaVA-1.5 [32], MultimodalGPT [18], Qwen-
VL-Chat [6], ShareGPT4V [10], InstructBLIP [13], In-
ternVL [12], BLIP2 [28], and GIT [50]. We employed the
official prompts for each model to generate these outputs.

Subsequently, human annotators labeled hallucinated
spans in the generated descriptions according to our tax-
onomy. The annotation was conducted via a crowdsourcing
platform, and responses exhibiting suspicious behavior were
excluded to preserve data quality. Full annotation guidelines
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Method Detection Editing Overall
F1 CLIP-S PAC-S BERT-F1 CLIP-F1

LLaVA-1.5-7B [32] 0.82 64.01 72.72 0.66 0.93
Qwen2-VL-7B [51] 3.36 64.79 73.01 3.62 4.98
LLaVA-OV-Qwen2-7B [26] 3.39 64.06 72.40 3.39 3.39
LLaVA-1.5-13B [32] 4.73 64.74 73.02 5.08 6.71
LLaVA-NeXT-Qwen-32B [33] 19.09 65.34 73.47 24.29 31.06
Llama-3.2-90B-Vision-Instruct [19] 16.92 65.28 73.54 14.56 17.62
Qwen2.5-VL-72B-Instruct [7] 21.31 64.38 72.99 18.85 23.67
LLaVA-OV-Qwen2-72B [26] 25.70 65.74 73.91 20.81 26.81
GPT-4o (w/o images) [1] 27.02 65.66 73.99 23.34 27.99
GPT-4o [1] 29.37 65.58 73.86 24.89 30.19

45.15 66.08 74.36 44.02 50.39ZINA (Ours) (+15.8) (+0.34) (+0.37) (+19.1) (+20.2)

Table 3. Quantitative comparison with baseline methods on the VisionHall dataset. Bold font indicates the best, and underlined font indicates
the second best. Our proposed methods outperformed the baselines in both tasks.

and interface are provided in the Appendix C.
For the detection task, VisionHall comprises 6,854

MLLM-generated descriptions for 4,759 images, collected
from 211 annotators. For the editing task, our dataset
contains 20k synthetic samples by our novel graph-based
method, as detailed in Section 4.2. Further details on the
VisionHall dataset are provided in Appendix C and F.

Table 2 shows the comparison between real and synthetic
samples in terms of span lengths and error frequencies. For
most categories, the span lengths between real and synthetic
samples are generally comparable. The overall distributions
are also similar across real and synthetic samples. Further
details of comparisons between real and synthetic samples
are provided in Appendix D.

6. Experiments
6.1. Setup
Datasets. To assess the practicality of the methods, it is
essential to evaluate them on both in-domain and out-of-
domain datasets. However, to the best of our knowledge,
there is no publicly available dataset for our proposed tasks.
Therefore, in addition to the VisionHall dataset, we em-
ployed the MHaluBench [11] dataset to evaluate perfor-
mance on the coarse-grained hallucination detection task.
This dataset provides samples with coarse-grained hallucina-
tion annotations in both Image-to-Text and Text-to-Image set-
tings. We evaluated the baselines and our proposed method
on the “Image-to-Text” subset of the MHaluBench dataset
because our task focused on image captioning.

Baselines. We adopted the following MLLMs as baselines
on the VisionHall dataset: LLaVA-1.5-7B [32], LLaVA-
1.5-13B, Qwen2-VL-7B [51], LLaVA-OV-Qwen2-7B [26],

LLaVA-NeXT-Qwen-32B [33], LLaVA-OV-Qwen2-72B,
Llama-3.2-90B-Vision-Instruct [19], Qwen2.5-VL-72B-
Instruct [7], and GPT-4o [1]. These models were selected as
they are standard and representative MLLMs. A modified
version of the FAVA prompt [38] with a 3-shot setting was
used for all evaluations on VisionHall. For the evaluation
on MHaluBench, we employed the same baseline models
as Chen et al [11]. Implementation details and prompts are
provided in Appendices E and H.

6.2. Results
Quantitative results. Table 3 presents a quantitative com-
parison with baseline methods on the VisionHall dataset. Our
proposed method achieved an F1 score of 45.15 in the detec-
tion task. Moreover, for the editing task, it achieved scores
of 44.02, 50.39, 66.08, and 74.36 on BERT-F1, CLIP-F1,
CLIP-S, and PAC-S, respectively. These results demonstrate
that our method outperformed baseline models by 15.78
points on F1, and by 19.14, 19.33, 0.34, and 0.37 points on
BERT-F1, CLIP-F1, CLIP-S, and PAC-S, respectively.

Table 4 shows the quantitative results on the “Image-to-
Text” subset of the MHaluBench dataset. Following Chen
et al. [11], we reported the evaluation results at both the
segment-level and the claim-level. As a result, our proposed
method outperformed the baselines on 9 out of 10 metrics
at the claim-level and on 8 out of 10 metrics at the segment-
level. These results indicate that ZINA also demonstrated
strong performance on out-of-domain data. Further quantita-
tive results are provided in the Appendix.

Qualitative results. Fig. 3 shows examples from the Vi-
sionHall dataset. In the example on the left, the orig-
inal description included hallucinations of the Object ,
Attribute , and Text types. GPT-4o failed to detect
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Model Hallucinatory Non-Hallucinatory Average
P R F1 P R F1 Acc. P R Mac.F1

C
la

im
-le

ve
l

Gemini-based Self-Check (n = 0) 83.17 42.15 55.95 55.64 89.48 68.61 63.34 69.41 65.82 62.28
Gemini-based Self-Check (n = 2) 84.24 66.75 74.48 67.35 84.60 75.00 74.74 75.80 75.68 74.74
GPT-based Self-Check (n = 0) 84.78 80.07 82.35 61.64 69.01 65.12 76.56 73.21 74.54 73.73
GPT-based Self-Check (n = 2) 86.54 85.13 85.83 69.05 71.48 70.24 80.80 77.80 78.30 78.04
Gemini-based UniHD 84.44 72.44 77.98 71.08 83.54 76.80 77.41 77.76 77.99 77.39
GPT-based UniHD 82.54 85.29 83.89 81.08 77.74 79.38 81.91 81.81 81.52 81.63
ZINA (Ours) 84.91 89.52 87.15 84.91 89.52 87.15 85.39 86.07 80.28 83.07

Se
gm

en
t-l

ev
el

Gemini-based Self-Check (n = 0) 89.30 47.71 62.19 43.76 87.68 58.38 60.38 66.53 67.69 60.29
Gemini-based Self-Check (n = 2) 90.44 71.08 79.60 57.35 83.80 68.10 75.11 73.89 77.44 73.85
GPT-based Self-Check (n = 0) 79.37 74.17 76.68 70.52 76.22 73.26 75.09 74.94 75.19 74.97
GPT-based Self-Check (n = 2) 82.00 79.98 80.98 76.04 78.35 77.18 79.25 79.02 79.16 79.08
Gemini-based UniHD 88.77 78.76 83.46 63.17 78.52 70.02 78.68 75.97 78.64 76.74
GPT-based UniHD 87.03 91.01 88.98 78.52 70.77 74.44 84.60 82.77 80.89 81.71
ZINA (Ours) 89.53 93.47 91.46 84.38 76.33 80.15 88.06 86.95 84.90 85.80

Table 4. Quantitative results on the “Image-to-Text” subset of the MHaluBench dataset. F1 denotes the Micro-F1 score, and Mac-F1

represents the Macro-F1 score. n denotes the number of examples used in the few-shot setting. Bold indicates the best and underlined
indicates the second best. We employed the same baseline models as Chen et al [11].

The image features the facade of the charming, vintage bookstore named 
“<text> La Bibliothèque Librairie La Bibliothèque idéale Librairie </text>”. The 
exterior is painted a deep <attribute>blue green</attribute>, and features elegant, 
cursive lettering in a beige color at the top … Two large windows display numerous 
<object>posters books</object>, arranged neatly and aesthetically. Above each 
window, there is a decorative wrought iron balcony railing from an upper floor. The 
bookstore is situated on a street corner, marked as number 7. There's a small sign on 
the door that reads <text> Éditions xeno Éditions aden</text>. Additional stickers and 
signs are visible on the door and windows, indicating store information or promotions. 
Small lights are positioned above the windows to illuminate the storefront display. 

The image features the facade of the charming, vintage bookstore named 
La Bibliothèque Librairie. The exterior is painted a deep <attribute>blue 
green</attribute>, and features elegant, cursive lettering in a beige color at the top … 
Two large windows display numerous posters arranged neatly and aesthetically. 
Above each window, there is a decorative wrought iron balcony railing from an upper 
floor.    The bookstore is situated on a street <relation>street</relation>, marked as 
number 7. There's a small sign on the door that reads <text> Éditions xeno Éditions 
aden</text>. Additional stickers and signs are visible on the door and windows, 
indicating store information or promotions. Small <object>books</object> are 
positioned above the windows to illuminate the storefront display. 
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The image captures a scene at a train station in <fact>Germany Italy</fact>, where 
a row of red and silver ticket vending machines stands in a line. Each machine is 
adorned with a white sign that proudly displays "Self Service” <relation>in the middle 
on the right side</relation>, indicating their purpose. There are <number>eight at 
least eight</number> identical machines lined up from the foreground to the 
background. The floor beneath them is a light beige color, providing a contrast to the 
red and silver machines. The background is blurred, drawing focus to the ticket 
vending machines. The overall scene suggests a well-organized and modern train 
station.

The image captures a scene at a train station in <fact>Germany Italy</fact>, where 
a row of red and silver <object>ticket</object> machines stands in a line. Each 
machine is adorned with a white sign that proudly displays "Self Service” in the 
middle, indicating their purpose. There are <number>eight several</number> 
identical machines lined up from the foreground to the background. The floor 
beneath them is a light beige color, providing a contrast to the red and silver 
machines. The background is blurred, drawing focus to the ticket machines. The 
overall scene suggests a well-organized and modern train station.
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PT
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(a) (b)

Figure 3. Qualitative results on the VisionHall dataset. Each subfigure shows the image and the edited descriptions generated by GPT-4o and
ZINA. Edited spans are enclosed in tags; strikethrough text indicates the original hallucinated phrase, while bold text shows the suggested
refinement. Red spans indicate errors such as incorrect tagging or missed detections.

scene text errors related to the names of the bookstores.
GPT-4o also misclassified error types and failed to sug-
gest refinements, as seen in the incorrectly tagged span
“<relation>street</relation>”. In contrast, ZINA cor-
rectly detected the hallucinated spans and successfully pro-

vided appropriate refinements.
In the example on the right, the original description con-

tained hallucinations of the Fact , Relation , and Num-
ber types. GPT-4o failed to preserve the original phras-
ing—for example, modifying “ticket vending machine” to
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Model Mrev Backbone n
Detection Editing Overall

F1 CLIP-S PAC-S BERT-F1 CLIP-F1

(i) Qwen2.5-VL-72B 3 21.91 63.32 71.69 15.54 17.88
(ii) ↭ Qwen2.5-VL-32B 3 32.55 61.20 72.63 27.52 34.66
(iii) ↭ LLaVA-OV-72B 3 34.41 65.78 74.02 31.39 36.10
(iv) ↭ Qwen2.5-VL-72B 1 43.25 65.18 73.30 42.53 49.54
(v) ↭ Qwen2.5-VL-72B 2 44.21 65.99 74.32 43.39 50.21
(vi) ↭ Qwen2.5-VL-72B 3 45.15 44.02 50.39 66.08 74.36

Table 5. Ablation study of the proposed method. Mrev indicates whether the reviewer LLM is used in addition to the detector, and n denotes
the number of examples used in the few-shot setting.

“ticket machine”, which can be problematic in practical ap-
plications. In contrast, our two-step strategy delegates token
copying to a deterministic function, which guarantees cor-
rectness by construction, as shown in Fig. 3. This property
offers a clear advantage in real-world scenarios where it is
crucial to edit only the erroneous parts while preserving the
rest of the text exactly as is.

6.3. Ablation Studies
Table 5 presents the quantitative results of the ablation stud-
ies. To assess the contribution of each module in our pro-
posed method, we conducted three ablation studies.

Decoupling strategy ablation. To evaluate the contribu-
tion of our core strategy (i.e. decoupling detection and tag-
ging), we replaced our pipeline with a single MLLM that
performs both jointly. For fairness, Model(i) was fine-tuned
with the same training budget as ZINA. As shown in Ta-
ble 5, the comparison between Model (i) and Model (vi)
reveals a substantial performance drop, with the F1 score
for the detection task decreasing by 23.24 points, partially
due to exposure bias. Similarly, in the editing task, perfor-
mance decreased by 28.48, 32.51, 2.76, and 2.67 points on
BERT-F1, CLIP-F1, CLIP-S, and PAC-S, respectively. These
results highlight the effectiveness of our decoupling strategy
in improving both detection and editing performance.

Moreover, taken together with Table 3, these results indi-
cate that the performance improvements mainly stem from
the combination of synthetic data and the two-step genera-
tion strategy rather than either component in isolation. One-
step systems (e.g. [38]) insert tags directly into the sentence;
even a single misplaced tag can cause distributional shifts
due to the autoregressive nature of LLMs. In contrast, as dis-
cussed in Section 4, the two-step strategy mitigates exposure
bias and enables more effective use of the synthetic dataset,
as evidenced by ZINA (Model (vi)).

Backbone ablation. We investigated the effect of differ-
ent backbones by replacing the Qwen2.5-VL-72B backbone
with Qwen2.5-VL-32B and LLaVA-OV-72B [26]. The lat-
ter was selected due to its strong performance and a model
size comparable to Qwen2.5-VL-72B. Table 5 shows that

Model (vi) outperformed both Model (ii), which uses the
Qwen2.5-VL-32B backbone, and Model (iii), which uses
the LLaVA-OV-72B backbone. Specifically, Model (vi) im-
proved the F1 score on the detection task by 12.60 points
compared to Model (ii). Similarly, in the editing task, it
also outperformed Model (ii) by 16.5, 15.73, 4.88, and 1.73
points on BERT-F1, CLIP-F1, CLIP-S, and PAC-S, respec-
tively. These results demonstrate that the Qwen2.5-VL-72B
backbone contributed to overall performance.

Few-shot ablation. Table 5 shows that Model (vi) outper-
formed Model (iv) with n = 1 and Model (v) with n = 2.
Specifically, Model (vi) achieved improvements of 0.94,
0.63, 0.18, 0.09, and 0.04 in F1, BERT-F1, CLIP-F1, CLIP-
S, and PAC-S, respectively, compared to Model (v) with
n = 2. These results indicate that the current few-shot set-
ting (n = 3) had a substantial impact on overall performance.

7. Conclusion
We focused on the automatic fine-grained hallucination de-
tection and editing for MLLMs. The contributions of this
paper are as follows: (i) We proposed ZINA, a novel method
for fine-grained hallucination detection and editing. (ii) We
constructed the VisionHall dataset, which comprises outputs
generated by twelve MLLMs, with hallucinated spans manu-
ally annotated according to our taxonomy. (iii) ZINA outper-
formed existing methods on VisionHall and MHaluBench.

Limitations. While our method achieved strong perfor-
mance on both detection and editing tasks, it has several
limitations. First, the two-stage architecture results in rela-
tively high inference time, which may hinder deployment in
real-time or resource-constrained settings. Second, despite
outperforming baseline models overall, our method often un-
derdetects hallucinations. This may stem from limitations in
the reviewer MLLM, which tends to be overly conservative
in generating tags.
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