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ABSTRACT

Recent progress in large vision-language models (VLMs) has been driven by ad-
vances in image-text alignment, i.e., learning the relationship between image and
text. Hallucination detection in captions, HalDec, is a task to assess VLM’s
image-text alignment ability, and aims to identify errors in VLM-generated cap-
tions that misrepresent image content. Detecting these errors is crucial not only for
evaluating alignment ability but also for curating high-quality image-caption pairs
used to train VLMs. While VLMs have been explored as hallucination detectors,
their generalizability across different captioning models, image domains, and hal-
lucination types remains unclear due to a lack of a benchmark. In this work, we
present HalDec-Bench, the first benchmark for principled and interpretable evalu-
ation of HalDec models. It covers diverse VLLMs used as captioning models, image
domains, and provides high-quality hallucination-existence annotations enriched
with hallucination-type labels. HalDec-Bench thus serves as a comprehensive
testbed to advance HalDec and probe the image-text alignment ability of VLMs.
Our analysis shows that HalDec-Bench offers tasks of varying difficulty, making it
well-suited as a HalDec benchmark. Evaluating diverse VLMs reveals key limita-
tions: (i) CLIP-like models are nearly blind to hallucinations in recent VLMs,
(ii) detectors tend to over-score early sentences, and (iii) they display strong
self-preference—favoring their own captions—which undermines detection per-
formance. We will release our evaluation code and dataset upon acceptance.

1 INTRODUCTION

We have seen remarkable progress in large vision-language models (VLMs) (Wang et al.| [2024a} Liu
et al., 2023; 2024} |Chen et al., 2023} |Li et al., 2023a) and text-to-image generative models (Betker
et al.| [2023). A key to this progress lies in understanding image content in the form of text, i.e.,
learning image-text alignment. Once this mapping between images and text is effectively learned,
large language models (LLMs) can be leveraged for various visual reasoning tasks (Li et al., 2023a).

Hallucination detection in captions, called HalDec hereafter, is a task that assesses VLM’s image-
text alignment capability. It aims to identify errors in captions that misrepresent image content, such
as misstated object counts, incorrect attributes or relationships, or the introduction of entities absent
from the image (Biten et al., 20225 [Li et al.l |2023b; [Rohrbach et al., 2018). Beyond evaluating the
alignment ability of VLMs, HalDec enables filtering out unaligned image-caption pairs (L1 et al.,
2022) from the training data. In practice, VLM training often relies on captions synthesized by
a Captionerﬂ to supplement the limited availability of human-annotated data. However, these syn-
thetic captions frequently suffer from hallucinations. Curating high-quality image-caption pairs with
strong detectors, therefore, plays a crucial role in building performant VLMs (Chen et al., 2024a).
Indeed, models such as CLIP (Radford et al. |2021) and BLIP (Li et al.; 2022)) have already been
widely used to curate large-scale training datasets for VLMs (Betker et al., 2023} |Li et al., 2023al).

Considering the scalability of detectors, we expect the detector to be universally applicable across
diverse image-caption pairs. Thus, as shown in Fig.[I] evaluating HalDec requires testing models
to detect hallucinations across different Captioners, image domains, and hallucination types, since

"To avoid confusion, we use the term Captioner to denote a VLM used for caption generation, and use
Detector to denote a VLM used for hallucination detection model.
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Figure 1:We introduce a novel benchmatdalDec-Bench for evaluating hallucination detectors on image
captions generated by VLMs. Beyond measuring the effectiveness of hallucination detection in image captions,
the benchmark also probes VLMs' ability to capture ne-grained image-text alignment. It spans a diverse set
of captioning VLMs (top left) and image domains (top center) , and provides high-quality annotations (bottom
left) enriched with hallucination type labels (bottom center).

each factor can introduce distinct language styles and error patterns. Yet, the universality of large
VLMs as a hallucination detector remains unclear, even though recent studies have ne-tuned
them for hallucination detection (Gunjal et al., 2024; Wada et al., 2025). Similarly, CLIP has been
developed to learn the relationship between an image and a detailed sentence (Patel et al., 2024;
Yuksekgonul et al., 2023), but its effectiveness is not clear for captions synthesized by advanced
Captioners. The challenge of making the comprehensive HalDec benchmark is to build a dataset
suited for such evaluation, requiring a signi cant cost of human annotation, where annotators must
carefully check the image-sentence alignment. In fact, existing HalDec datasets suffer from limited
model coverage and insuf cient scale. MHalDetect (Gunjal et al., 2024) provides annotations
for only a single VLM, and MHaluBench (Chen et al., 2024b) covers only a small set of models
and samples. Also, despite the development of benchmarks for multimodal reasoning (Yue et al.,
2024; 2025; Liu et al., 2023; Lu et al., 2023), a benchmark to evaluate VLMs' fundamental
image-caption alignment is limited to hallucinated sentences generated by a human-designed
pipeline (Yuksekgonul et al., 2023; Hsieh et al., 2023).

In this paper, we introduce HalDec-Bench, a benchmark designed to evaluate hallucination detec-
tors for image captions in a principled and interpretable manner. As illustrated in Fig. 1, it covers a
diverse set of captioning VLMs and image domains, and provides high-quality annotations enriched
with hallucination-type labels and segment-level annotations. Beyond serving as a tool for analyz-
ing detectors, HalDec-Bench also functions as a testbed for probing VLMs' fundamental ability to
capture image-caption alignment. In our experiments, we focus on sentence-level hallucination de-
tection and assess a variety of VLMs as detectors. The results demonstrate that HalDec-Bench offers
tasks with diverse levels of dif culty, making it well-suited as a HalDec benchmark. Our extensive
analysis further yields several key insights. First, detectors tend to recognize sentences at the begin-
ning of a response arrect, regardless of their correctness. Second, they exhibit self-preference,
i.e., consider their own output captions@srect which degrades performance as detectors. This
observation is consistent with prior ndings (Panickssery et al., 2024). Third, we show that diverse
ensembling strategies can effectively improve HalDec performance.

2 RELATED WORK

Benchmarks for VLMs. Many benchmarks evaluate the broad reasoning ability of VLMs (Yue

et al., 2024; 2025; Guan et al., 2024; Fu et al., 2023; Li et al., 2024b; Tong et al., 2024a) or expert
knowledge with visual inputs (Lu et al., 2023). Some quantify VLMs for questions that are designed
to hallucinate VLMs (Guan et al., 2024; Wang et al., 2023a). While prior datasets evaluate whether
guestions can mislead VLMs, we instead assess their capability to detect hallucinations in image
captions, thereby emphasizing understanding of image-text alignment. Tong et al. (2024b) test ne-
grained visual comprehension using CLIP-blind image pairs and related questions. HalDec-Bench
instead utilizes captions from advanced VLMs, whose errors are dif cult to detect.
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Hallucination detection and mitigation in image captioning. Hallucination detection in image
captioning has been widely studied (Rohrbach et al., 2018). CHAIR (Rohrbach et al., 2018) was
the rst metric to evaluate image-caption alignment at the object level using an object detector.
However, its effectiveness is constrained by the detector's coverage and accuracy; thus, it fails in
capturing the diverse hallucination types and captioning styles. Also, many works attempt to mit-
igate the hallucinations in image captions (Zhang et al., 2024; Leng et al., 2024; Farquhar et al.,
2024; Zhou et al., 2024; Zhuang et al., 2025; Favero et al., 2024; Woo et al., 2025; Suo et al., 2025),
especially, mitigating hallucinations in long captions is important as they are prone to contain more
hallucinations (Zhou et al., 2024; Hirota et al., 2025), which we con rm in Sec. 4.2. Re ning a
captioning model based on image-caption alignment score, computed by VLMs, is a promising ap-
proach (Deng et al., 2024), and our work closely contributes to this line of work. Recent approaches
ne-tune VLMs (Gunjal et al., 2024) with human-annotated data, calling LLM to leverage tools like
open-vocabulary detectors, OCR (Chen et al., 2024b), or estimate prediction uncertainty (Farquhar
etal., 2024). Despite these methodological developments and the use of VLMs as a detector, VLMS'
fundamental ability to detect hallucinations in captions is unclear due to the lack of a benchmark.

Datasets for hallucination detection in image captioning. Some datasets are introduced for
HalDec (Wang et al., 2023b; Chen et al., 2024b; Gunjal et al., 2024; Wada et al., 2025) (Ta-
ble C?), but they are limited as VLM benchmarks, often lacking diverse Captioners or suf cient
samples per model. Our benchmark, HalDec-Bench, addresses these gaps by (i) covering more
responses, (ii) balancing data across diverse models, and (iii) incorporating text-to-image outputs.
SUGARCREPE (Hsieh et al., 2023) and ARO (Yuksekgonul et al., 2023) probe CLIP's ne-grained
image-text alignment ability, but rely on rule-based perturbations and simple sentences. In contrast,
HalDec-Bench uses VLM-generated captions, which are more challenging as shown in Sec. 4.2.

3 DATASETS

We aim to collect datasets that cover diverse image-caption pairs equipped with high-quality an-
notations of hallucination presence. This section rst explains how we collect image-caption pairs
and provide annotations to them, followed by an analysis of the dataset. We focus on obtaining
labels for sentence-level hallucination presence for two reasons: (i) sentence-level labels give a cue
to easily nd more ne-detailed locations of hallucinations, and (ii) span-level annotation suffers
more from the subjectivity of annotation than sentence-level. For deeper analysis, we additionally
provide span-level hallucination presence labels and categorize the types of hallucinations. Due to
the limited space, we leave most details in Appendix C.

3.1 COLLECTING IMAGE-CAPTION PAIRS

HalDec takes an image and a caption as input and decides the presence of hallucinations. Thus,
coverage of diverse image domains and caption patterns is essential to building a benchmark. We
thus obtain image-caption pairs using six image-to-text and two text-to-image models. This process

produces image—caption pairs, where eeaptionconsists of multiple consecutive sentences.

Image-to-text models (Captioner). We employ CC12M (Changpinyo et al., 2021) and the vali-
dation split of COCO 2017 (Lin et al., 2014) as image inputs. To ensure the diversity of the test
images, we cluster images into 50 clusters and pick 40 images from each cluster, resulting in 2000
images in total. We manually categorize each cluster to enable interpretable analysis. As shown in
Table A, we employ GPT-40, ShareGPT (S-GPT) (Chen et al., 2024a), LLaVA-1.6 (Li et al., 2024a),
Llama-4 (Meta.Al, 2025), Qwen 2 (Wang et al., 2024a), and CogVLM (Wang et al., 2024b), cov-
ering diverse architectures, scales, and openness. This diversity enables the collection of captions
with differing levels of detail and language style. For each Captioner-image pair, we apply a chat
template (e.g., “Describe the image.”), yielding 12K outputs in total.

Text-to-image models.To ensure the diversity in a text prompt, we rst pick 170 common object
categories and prompt GPT-40-mini (OpenAl, 2023) to include at least one of the categories and
generate 3-4 sentences per prompt, resulting in 1000 prompts. To convert the prompts into im-
ages, we utilize Stable Diffusion 3.5 (SD) (Stability Al, 2024) as an open-source model and image
generation model accessible through GPT-40-mini (GPT-Gen), yielding 2K outputs in total.

2ZINA is concurrent with ours, and details were unavailable at submission; we compare as best we can.
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Figure 2:Examples of hallucinated sentences in HalDec-Bencithe hallucinated portions are often subtle,
requiring ne-grained image-text alignment ability to detect them.

Table 1:Stats of HalDec-Bench in sentence-level hallucination presenc®ur benchmark contains a large
number of annotated sentences, enough for benchmarking models. We exclude sentencdswitiiabel.

Image-to-Caption (Captioners) Text-to-lmage
Stats CogVLM  GPT40 ShareGPT (S-GPT) Llama-4 LLaVA-1.6 (LLavA) Qwen2 Stable Diffusion (SD)  gpt-image-1 (GPT-Gen)  Total
Sentences 7372 12790 17610 14800 15170 15790 2417 3524 89473
Sentences / Image 3.7 6.4 8.8 7.4 6.9 7.9 2.4 35 6.3
Correct (%) 915 91.8 73.4 85.2 80.9 88.8 34.1 79.7 82.7
Incorrect (%) 8.5 8.2 26.6 14.8 19.1 11.2 65.9 20.3 17.3

3.2 ANNOTATION

In the main paper, we focus on how to obtain labels for sentence-level hallucination presence and
leave the ne-detailed annotation process in Appendix C. The use of SOTA models as Captioners

makes the annotation non-trivial because hallucinations produced by such models are often subtle
and not immediately apparent at rst glance, as shown in Fig. 2.

Annotation labels. We are inspired by the labeling scheme of Gunjal et al. (2024), where annotators
assign one of three categoriesrrect incorrect or unknown A sentence is labelecorrectif it
accurately describes the image, amebrrectif it contains a part that does not correctly describe the
image. When correctness cannot be determined—for example, if the object is too small to recognize
or if the description involves non-visible attributes such as smell or wind—it is laheiedown
Theunknowncategory is introduced to exclude unreliable cases from evaluation.

Annotation process.To ensure high-quality annotations, we adopt a two-stage process for sentence-
level annotation: (i) crowd-sourced workers annotate each sentence, and (ii) we review the merged
outcomes to guarantee quality. In the rst stage, ve independent workers annotate each sentence,
reducing the risk of missing hallucinations. Moreover, their performance is continuously monitored
through regular checks and feedback. The results are then merged based on majority voting, as
detailed in the appendix, and subsequently reviewed. During the review, to minimize the inclusion
of ambiguous cases in the evaluation, sentences that are dif cult to judge are labelekhasvn

This process creates the dataset with sentence-level hallucination presence annotations. We further
annotate this dataset to provide segment-level hallucination presence labels and hallucination cate-
gory labels as detailed in Appendix C, where hallucinations are categorized into eight types. These
categories should reveal the weakness of the current VLMs in understanding the image content.

3.3 ANALYSIS OF THE DATASET

Examples of annotated sentencegigure 2 presents examples of hallucinated sentences. Caption-
ers' errors often involve visual details or object relationships rather than clear mistakes, making them
harder to detect. Therefore, detectors require a ne-grained understanding of image-text alignment.

Basic stats. Table 1 summarizes the statistics of about 90K annoteterect or incorrect sen-
tences. HalDec-Bench provides a balanced number of correct and incorrect sentences (excluding
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Figure 3:Left: Ratio of incorrect sentences within each sentence position per Captioner. Different colors in-
dicate different positions. All models produce fewer errors at the 1st posRigiht: Number of hallucinations
for each category. Most models make many mistakes in attributes and text.

unknowncases). GPT-40 achieves the highest accuracy (91.8%), with only a small fraction of incor-
rect or unknown cases. Among open-source VLMs, Qwen (88.9%) and CogVLM (91.5%) perform
comparably to GPT-40. This suggests that for advanced Captioners, a large number of outputs are
needed to obtain suf cient hallucinated samples. In contrast, models like LLaVA, LLaMA-4, and
ShareGPT generate more sentences but with only 70% accuracy.

Positions of the hallucinations.The left of Fig. 3 computes the ratio of incorrect sentences in each
position of the sentence. Across models, incorrect sentences appear most frequently in the second to
fourth positions. This observation is consistent with previous work (Zhou et al., 2024; Hirota et al.,
2025). The rst sentence is less likely to contain hallucinations, likely because it often provides an
overall image summary. In contrast, subsequent sentences typically provide ner-grained details,
which are more error-prone. Beyond the sixth sentence, the error rate decreases again, as later
sentences often serve as conclusions or closing remarks rather than detailed descriptions.

Hallucination categories. We show the hallucination type for each model on the right of Fig. 3.
Errors inattributesare the leading category for many models, indicating that adjectival descriptions
(e.g., color, texture) are prone to hallucination. Also, many models tend to cause ertexs$ in
probably because small texts are hard to read even with advanced models.

4 EXPERIMENTS

We aim to benchmark and analyze diverse VLMs on the HalDec task to uncover key factors for
building a performant HalDec model. After describing the experimental setup, we rst present an
overview of the empirical results, followed by a detailed analysis. In summary, we discover many
notable ndings: (i) HalDec-Bench offers tasks with diverse levels of dif culty, making it a strong
benchmark for systematic and interpretable analysis; (ii) CLIP-like models are no longer effective to
detect hallucinations generated by advanced Captioners; (iii) VLMs tend to regard sentences at the
beginning of the whole caption asrrectirrespective of their correctness; and (iv) detectors exhibit
strong self-preference, consistently scoring their own outputs more favorably.

Setups.We aim to benchmark diverse VLMs in sentence-level hallucination detection, i.e., identi-
fying if hallucination exists given an image and a single sentence. Speci cally, each sentence and
image is independently fed into VLMs. We choose this evaluation protocol since the prior work
on hallucination detection (Mishra et al., 2024) also employs sentence-level evaluation. Following
(Chan etal., 2023), we prompt the VLMs to output the score of the alignment between the image and
an input sentence, ranging from 0 to 100, as shown in Appendix D.1. We also include BLIP-2 (Li
et al., 2023a), TripletCLIP (Patel et al., 2024), and SigLIP (Zhai et al., 2023) as fundamental image-
text alignment models. Given the alignment score, we compute the AUROC within each Captioner,
which enables threshold-free evaluation, and the random prediction results in a score of 50.

4.1 OVERVIEW OF RESULTS

Table 2 presents the results evaluated on diverse VLMs. Samples of detectors' outputs are available
in Fig. 8.

HalDec-Bench covers diverse levels of hallucination detectionVe see variations in the perfor-
mance across the tested VLMs and caption models. Thus, HalDec-Bench is suitable to quantify the
ability of VLMs as a hallucination detector in captions.
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Table 2:AUROC results across VLMs. Cells with the best performance within open-source and closed-source
groups are highlighted in a blue background, while the best model within each model family is marked in bold.

Image-to-Caption Models Text-to-Image Models

Detector Reference Params Avg.
S-GPT Llava Qwen-2 GPT40 CogVLM Llama-4 SD GPT-Gen
Open-Source Models
TripletCLIP Patel et al. (2024) 0.3B 50.7 51.9 53.9 53.9 51.0 50.9 48.2 449 50.7
SigLIP Zhai et al. (2023) 0.2B 51.7 52.0 53.3 52.8 53.1 54.9 50.7 55.2 47.8
BLIP-2 Lietal. (2023a) 1.2B 53.4 55.9 52.4 525 52.1 52.2 48.8 42.1 51.1
Phi-4 Abouelenin et al. (2025) 5.6B 54.2 53.1 52.5 51.4 51.9 50.8 52.6 50.9 52.1
Qwen-2 Wang et al. (2024a) 7B 60.2 55.3 55.9 46.0 51.9 53.2 54.6 46.0 52.9
Deepseek-VL2 Wu et al. (2024) 27B 58.0 56.6 56.9 54.4 54.2 53.9 56.1 50.5 55.1
LLaVA-NeXT Lietal. (2024a) 72B 59.4 56.6 58.9 56.7 575 54.9 59.0 53.3 57.0
Pixtral-12B Agrawal et al. (2024) 12B 64.3 60.8 60.6 57.1 57.3 55.7 64.7 56.7 59.6
Gemma-3 Gemma Team et al. (2025) 12B 67.0 63.3 63.1 57.6 59.4 54.0 64.1 52.2 59.9
27B 67.6 64.4 67.9 61.1 66.4 60.6 63.7 50.5 62.8
2B 55.7 56.0 58.4 55.7 60.3 56.1 52.0 48.5 55.3
InternvL2 Chen et al. (2024d) 8B 66.6 65.7 69.1 63.9 67.6 60.6 64.3 52.5 63.8
26B 63.9 60.6 61.2 57.1 58.9 55.6 53.1 43.8 56.8
40B 69.3 63.0 66.5 59.6 61.9 61.5 69.5 56.5 63.4
InternvVL2.5 Chen et al. (2024c) 78B 74.1 70.3 73.7 63.9 68.1 63.1 72.0 55.7 67.6
Quen-2.5 Bai et al. (2025) 7B 68.6 65.3 66.5 55.7 64.6 61.0 65.4 55.7 62.9
32B 73.6 71.6 70.6 66.1 69.0 66.0 68.9 61.0 68.4
Llama-4 Meta. Al (2025) 109B 80.7 78.6 77.6 67.5 77.2 _ 599 81.1 64.7 73.4
400B 81.1 80.9 79.0 71.9 81.3 64.7 83.0 67.8 76.2
Closed Models
Gemini-2.0 Flash Gemini team (2024) N/A 76.8 735 74.9 65.5 70.4 64.8 73.4 57.0 69.5
GPT40-mini N/A 69.9 65.7 68.2 60.0 62.3 60.3 56.5 477 61.1
GPT40 N/A 75.8 72.6 72.8 _582 69.7 63.8 63.2 52.4 66.1
GPT4.1-mini OpenAl (2023) N/A 77.8 75.8 74.4 65.8 69.2 66.0 68.7 56.1 69.2
GPT5-mini N/A 81.5 82.2 80.2 69.7 81.1 73.0 83.8 65.7 77.2
GPT5 N/A 85.4 86.0 85.3 72.3 85.5 78.4 84.9 72.0 81.2

Best model.On average, GPT-5 shows the best performance of all models, while Llama-4, the best
open-source model, performs on par with GPT-5-mini. Llama-4 outperforms many private models
with a large margin. Its activated parameters during inference are only 17B. When considering the
balance of inference time and accuracy, Llama-4 is the best in open-source models.

CLIP-based models are almost blind.TripletCLIP, SigLIP, and BLIP-2 show AUROC around 50,
indicating that they cannot distinguish correct and incorrect sentences.

Which Captioner produces hard-to-detect hallucinations? Hallucinations from GPT-40, GPT-

Gen, and Llama-4 are dif cult to detect, even for proprietary models, as shown by their low scores.
Since SOTA models like GPT-40 and Llama-4 accurately understand many scenes, their errors might
be subtle and harder to identify. GPT-Gen's hallucinations often involve eye direction or ne visual
details, which are also challenging. In contrast, detectors achieve higher performance on ShareGPT,
LLaVA, and SD, whose outputs contain many object-level hallucinations (see Fig. F).

Increasing the model size improves performance.In the same model family, larger language
models yield better performance, probably because the task requires interpreting diverse captions.

Robustness to text-to-image models differs by detectordVodels such as Llama-4 and GPT-5-

mini show the highest performance in SD across captioners, indicating that SD is the easiest split
for these models. By contrast, for Gemma-3 (27B) and Qwen-2.5 (32B), the performance on SD
is lower than S-GPT and Qwen-2. The difference should be due to the domains of images and the
difference in language patterns. Inclusion of diverse data in our benchmark helps to nd such trends.

4.2 ANALYSIS

Given the overview above, we further provide a detailed analysis of the benchmark and detectors.
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Figure 4:The size of plots indicates the parameter slzgft: MMMU performance measured d@@aptioners
(X-axis) vs. AUROC measured by GPT-5-mini (Y-axis) for each Captioner. Advanced Captioners tend to pro-
duce hard-to-detect hallucinatiorRight: MMMU (X-axis) vs. AUROC (Y-axis) measured on eadbtector
Detectors with better MMMU performance tend to show better performance on our benchmark.

Figure 5:Detectors show positional bias in scoringWe average the detectors' correctness scores (Y-axis)

by sentence position (X-axis) and visualize the results using GPT-40 (Left) and Llama-4 (Right) as detectors.
Both detectors assign higher scores to sentences appearing near the beginning of the output. The detector is
provided with any positional information during inference.

Table 3:Comparison to existing dataset§{AUROC). We compare with other HalDec datasets and the dataset
used to assess VLM's compositionality understanding. Numbers of prior benchmarks that exceed HalDec-
Bench are highlighted. This result indicates that HalDec-Bench is more challenging than existing datasets.

Detecior  Params HalDec-Bench Hallucination Detection VL-Compositionality
ShareGPT Llava GPT40 Llama-4 MHalDetect Foil HAT ARO  SugarCrepe
Qwen-2.5 7B 68.6 65.3 55.7 61.0 78.7 855 68.0 78.3 84.9
Gemma-3 27B 67.6 64.4 67.9 60.6 81.7 91.8 76.6 79.2 87.6
Llama-4 1098 80.8 78.7 67.8 59.9 82.8 90.3 76.3 84.8 89.4

Hallucinations generated by better Captioners are harder to detectThe left of Fig. 4 plots Cap-
tioner performance on MMMU (x-axis) against AUROC measured by GPT-5-mini (y-axis). Cap-
tioners with higher MMMU scores tend to yield lower AUROC, indicating that stronger Captioners
generate hallucinations that are harder to detect.

The performance on HalDec-Bench is highly correlated with that on MMMU. The right of
Fig. 4 plots the performance on MMMU (x-axis) and HalDec-Bench (y-axis), and indicates that
models effective on MMMU perform well on HalDec-Bench and vice versa.

VLMs are biased to favor the sentence near the beginning of the outputFigure 5 computes

the detectors' output scores averaged within each sentence position. Fapbretttandincorrect
image-text pairs, the detectors give a higher score to the sentences located near the beginning of the
output. The rst sentence often provides the overview of the image without details, and VLMs seem

to prefer such a sentence, possibly because such sentences are abundant in training datasets.

HalDec-Bench is more challenging than prior HalDec datasets.Table 3 compares HalDec-
Bench with prior hallucination detection and VL-compositionality datasets. We evaluate on HAT
and FOIL (Petryk et al., 2024), which inject hallucinations by word replacement in human captions,
and MHalDetect (Gunjal et al., 2024), which annotates outputs of InstructBLIP (Dai et al., 2023).
ARO (Yuksekgonul et al., 2023) and SugarCrepe (Hsieh et al., 2023) target compositionality evalu-
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Figure 6: Detectors struggle to detect their own hallucination. Left: Self- and cross-evaluation results.
AUROC scores for each Captioner (columns), normalized by the average AUROC of each Detector (rows).
Diagonal entries show self-evaluatioRight: We pick GPT-40 as a detector, with their output correctness
scores averaged by sentence position. Blue and red lines show scoresrémt and incorrect GPT-40's
outputs; green shows scores fiocorrectLlama-4 outputs.

Figure 7:Left: AUROC on differentimage domains. The relative ordering of AUROC was highly consistent
across models, exhibiting similar patterns of strength and weakness across ddrigiisDetectors' score
averaged within each hallucination type.All models show weakness DirectionandNumberhallucination.

ation. ShareGPT is the easiest split of HalDec-Bench, with performance close to HAT. All detectors
excel on FOIL, suggesting these hallucinations are easy to detect for current SOTA VLMs.

Detectors struggle to detect their own hallucinations.Table 2 shows that Llama-4 (109B) and
GPT-40 perform poorly on their own outputs (highlighted by underline). Their average rankings
across Captioners are 3 and 6.8, respectively, but drop to 13 and 12 in detecting their own hallucina-
tions. This nding aligns with prior work reporting LLM evaluators favor their own outputs (Pan-
ickssery et al., 2024). We annotate captions generated by Qwen-2.5 (32B) and Gemma-3 (27B) to
enable more extensive self- and cross-evaluations. Figure 6 (left) con rms much lower AUROC
on self-generated captions (diagonal elements). Figure 6 (right) shows that GPT-40 scores its own
incorrectsentences higher than those of Llama-4, and the gap between incorrect and correct scores
is small in its own output, which is causing the performance degradation.

Detectors show similar domain-wise robustnessThe left of Fig. 7 studies AUROC on different
image domains. The relative ordering of accuracies was consistent across models, meaning that
models show similar trends in strength and weakness across domains. Performance is notably lower
on Nature Food andObject As shown in Fig. D, Captioners tend to generate accurate descriptions
on such domains. Then, detecting errors from such mostly precise descriptions can get harder.

Detectors are poor at detectingirection and Numberhallucinations. The right of Fig. 7 assesses
detectors' robustness across hallucination categories using correctness scores (lower is better since
only hallucinated sentences are accountBifection errors occur when object orientation is misde-
scribed; identifying the errors requires ne-grained visual understanding, and detectors consistently
perform poorly.Numbererrors arise from incorrect object counts—an issue long recognized in early
VLMs like CLIP (Paiss et al., 2023) and still evident in advanced models. Figure 8 illustrates some
results, highlighting that detectors still misunderstand the subtle visual details.

Segment-level localization has more room for improvementHalDec-Bench includes hallucina-

tion segments for each hallucinated sentence, enabling segment-level evaluation. We present VLMs
with a hallucinated sentence-image pair and prompt them to localize the hallucinated span, explic-
itly noting that one exists. Performance is measured by alignment with human annotations (see
Appendix for prompts and metrics). As shown in Table 4, Llama-4 (400B), the best model, localizes
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Figure 8: Examples ofincorrect sentences with detectors' correctness scoresHigher scores indicate
greater con dence in correctness. Detectors are prone to being overcon dent in these examples. We highlight
detectors' errors in red within the text and mark the grouridedrrectregions in the image with orange boxes.

Table 4:Results of hallucinated segment localization taskAverage precision (%)). Localizing the segment
of the hallucinated caption is challenging even for performant models.

Detector Params Image-to-Caption Models Text-to-Image Models Avg.
S-GPT Llava Qwen-2 GPT40 CogVLM Llama-4 SD GPT-Gen
Qwen-2.5 32B 17.3 22.4 14.0 20.8 225 12.6 15.9 12.1 17.2
GPT-40 mini - 25.2 28.9 20.6 29.5 28.0 18.7 14.7 14.6 225
Llama-4 109B 24.9 27.0 248 343 29.3 19.6 15.1 11.0 23.3
Llama-4 400B 28.2 29.1 26.2 34.0 29.8 19.4 15.4 12.0 242

Table 5: Results of model ensemble. Ensembling detectors' outputs improves performance in almost all
cases. The increase or decrease fronb#teermodel used for ensembling is highlighted next to each score.

Detector 1 Detector 2 Image-to-Caption Models Text-to-Image Models
S-GPT Llava Qwen-2 GPT40 CogVLM Llama-4 SD GPT-Gen

Qwen-2.5(7B)  Gemma-3 (27B) 71(93.3) 68.4(+4.0) 71.3(+3.4) 64.6(+3.5) 69.3(+2.9) 63.3(+2.3) 67.6(+2.2) 54.8(-0.9)
Llama-4 (109B)  LLama-4 (400B) 84635) 83.4(+2.4) 829(+3.9) 74.0(+2.1) 83.5(+2.2) 65.8(+1.1) 84.6(+1.6) 69.1(+1.2)
Llama-4 (109B) GPT5-mini 86.0+4.5) 84.8(+2.7) 83.6(+3.4) 73.9(+4.2) 84.4(+3.2) 72.3(-0.7) 85.2(+1.4) 68.6(+2.9)

only 24.2% of hallucinated segments on average, underscoring substantial room for improvement.
Notably, GPT-40 mini outperforms Qwen-2.5 (32B), in contrast to Table 2, indicating that strong
sentence-level detectors are not always effective for segment-level localization.

Ensembling improves performance. We examine whether ensembling improves detection. We
average alignment scores from two comparably strong models (Table 2) and observe consistent
gains (Table 5). This suggests that models apply distinct criteria for image-caption alignment, and
combining them enhances performance. A drop occurs for ensembling Llama-4 and GPT-5-mini on
Llama-4 captions, likely due to the large performance gap between the two models.

Contents in the appendix. Table F compares the prior approach in HalDec with VLM-based de-
tectors, indicating that VLM-based detectors can surpass the prior one with a large margin. Table D
and Table E study the effectiveness of the chain-of-thought and self-ensembling, respectively. More
visualizations of annotation and detectors' output are available in Sec. F and Fig. H, respectively.

5 CONCLUSION

We present a benchmark, HalDec-Bench, designed to evaluate the performance of hallucination
detection in image captioning. The benchmark covers diverse models and image domains, con-
taining detailed annotations for the hallucinations. The evaluation on this benchmark reveals that
HalDec-Bench contains tasks with different levels of dif culty, and is suitable for analyzing detec-
tors. Moreover, we provide diverse interesting observations: (i) CLIP-like models are nearly blind
for detecting hallucinations in this benchmark, (ii) VLMs tend to favor the sentence near the begin-
ning of the output, and (iii) VLMs show the trend of self-preference. HalDec-Bench will become a
key to establishing a more effective hallucination detector in image captions.
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A LIMITATION

Methodology. HalDec needs to be a light-weight model, considering its application to curate
datasets. However, our results indicate that VLMs with more parameters show superior performance.
Also, our evaluation relies on sentence-by-sentence score output, which regards each sentence as in-
dependent. However, this protocol ignores the context of consecutive sentences. We observe that
many sentences can be regarded as independent, yet considering multiple sentences together might
improve the performance of hallucination detection.

Annotations. Judging the hallucinations in image captions involves subjective criteria of annotators.
Captions may look hallucinated to some annotators, while they do not to others. Having a uni ed
consensus on this criterion is dif cult. For sentence-level annotation, we introduce a category
known which allows us to exclude such ambiguous samples during evaluation. This issue can be
more signi cant in segment localization and categorizing hallucination types. Then, we focus on
sentence-level detection to benchmark VLMs following Mishra et al. (2024).

B THE USE OFLARGE LANGUAGE MODELS(LLM S)

In preparing this manuscript, we made limited use of large language models (LLMs) such as Chat-
GPT. Speci cally, LLMs were employed only to assist with polishing the writing for grammar,
clarity, and readability. No part of the research design, analysis, interpretation, or results was gen-
erated or in uenced by LLMs. All scienti ¢ content, data, and conclusions are the sole work of the
authors.

C DATASET

C.1 IMAGE-CAPTION COLLECTION

We describe the list of models used for collection in Table A. All models except for closed ones are
downloaded from Hugging Face.

Table A:Details of VLMs picked as Captioners and Text2Image models. We cover diverse models considering
their size, provider, and release date.

Model Provider Open/Closed Scale Release
GPT-40 OpenAl Closed - 2024/05
ShareGPT (Share Captioner) Shanghai Al Laboratory Open 7B 2023/11
LLaVA-1.6 (llava-next-72b-hf) Microsoft Open 72B  2024/01
Llama-4-Scout (17B-16E) Meta Open 109B 2025/04
Qwen2.5-VL (7B-Instruct) Alibaba Open 7B 2024/12
CogVLM ( cogvim2-llama3-chat-19B ) Tsinghua Univ. Open 19B  2024/06
Stable-diffusion-3.5-medium (SD) Stability Al Open 2.5B 2024/10
GPT-Gen (GPT40-mini) OpenAl Closed - 2024/05

Captioner models. We collect data from two sources and employ two text-to-image models. The

rst source is CC12M, which is designed for vision-and-language pre-training and provides broad
domain coverage. The second source is the COCO 2017 dataset, where we use the validation split.
For both datasets, we cluster images into 50 domains based on ResNet features and then sample 40
images from each cluster, resulting in a total of 2,000 images per dataset.

For the Captioner models, we randomly select one of the following instructions:
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Instruction given to captioner models

1. Describe this image in detail.
2. Describe this image in detail. Instead of describing the imaginary content, only describe
the content one can determine con dently from the image.
3. Provide a detailed description of the image, but only include elements that are clearly
visible and veri able.

4. Describe this image in detail. Minimize aesthetic descriptions as much as possible.
5. Provide a detailed, factual description without using emotional language.

Text-to-image models. We employ two text-to-image models. The rst is stabilityai/stable-
diffusion-3.5-medium, a diffusion-based generative model that we run locally via the Diffusers
library on GPU hardware. The second is OpenAl's gpt-image-1, which is accessed through the
Responses API with gpt-4o-mini acting as the controller for image generation. For both models,
we use identical prompts. To encourage category diversity, we prede ne 170 object categories and
randomly select one to be included in each prompt. The selected category is then inserted into an
instruction given to gpt-4o-mini, which produces a 3—4 sentence description following the speci -
cation below.

Instruction given to GPT-40-mini for producing text-to-image prompts

| want to create prompts to generate image using text to image model. The prompts neged to
satisfy the following criteria.

1. The prompts include 3-4 sentences.

2. They need to describe a scene including target.

3. They need to describe the state of the objects, what they are doing.
4. They need to describe the location of the object in image, (e.g., left, right, bottom, {op,
etc)
5. They also need to describe where the objects are looking at (e.g., left, right, bottom, |top,
or towards some) if the object is some organism.
Can you suggest a prompt? Please return in the form of dictionary, with a key of “prompt”.
Output:

C.2 VOTING AND QUALITY CONTROL

We rstrecruited ve annotators and conducted a pilot on one hundred images. The authors reviewed
all annotations, and annotators who failed to meet our quality standards were not assigned further
items. This process allowed us to identify trusted annotators. Each trusted annotator was then
assigned between one thousand and two thousand images. The authors checked the quality for every
batch of about two hundred images. If the annotations did not meet our standards, annotators were
required to re-annotate before proceeding.

After the main annotation, we applied multi-round voting. Annotator-speci ¢ weights were as-
signed, with trusted annotators given higher weights. The aggregated votes were used to determine
the nal labels. For thencorrect (hallucination) category, we adopted a stricter rule: if one trusted
annotator or two annotators labeled an item as incorrect, the authors manually reviewed it, since
hallucinations are more dif cult to detect reliably than correctness. Finally, the authors adjudicated
all ambiguous cases. This combination of pilot screening, ongoing audits, weighted voting, and nal
review ensured high-quality hallucination detection annotations.

C.3 ANNOTATOR RECRUITMENT

For the hallucination detection task, we recruited crowd annotators and offered compensation based
on the phase and level of effort. On average, annotators received around $100 for completing 2,000
images during the detection phase. Since the hallucination type annotation required more careful
reading and reasoning, the compensation was higher, averaging around $150 for each model output.
The exact amount varied slightly depending on the annotator's country of residence. We did not
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Figure A: Example of an interface used for the hallucination detection.

Figure B: Example of an interface used for the hallucination type annotation.

restrict annotators by location, but we required strong English reading skills, which were veri ed
during the pilot stage. We recruited annotators on UpWdfkeelancet, and CrowdWorks

3https://www.upwork.com/
“https:/iwww.freelancer.com/
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Table B:Types of hallucinations categorized for analysis.

Type Description

Object Misidenti es an object or uses an incorrect noun (e.g., calling a dog a cat).

Attribute  Incorrect description of an object's property such as color, size, or action (e.g., red car described as blue).

Number Incorrectly states the number of objects or people (e.g., “three people” when only two are present).

Text Misreads or misrepresents textual information in the image (e.g., misreading a store sign).

Relation  Incorrect description of relationships between objects (e.g., “a man riding a horse” when he is standing next to it).
Location  Misrepresents the position of an object in the image (e.g., “a cup on the table” when it is on the oor).

Direction Incorrectly describes the direction/orientation of an object (e.g., “a person facing left” when they face right).

lllusion Describes objects, scenes, or actions that do not exist at all (e.g., mentioning “a ying bird” when no bird is present).

Figure C: Example annotations of error type. Hallucinations are highlighted in red.

Figure A shows the annotation interface for the hallucination detection phase, while Figure B shows
the interface used for the hallucination type annotation phase.

C.4 HALLUCINATION TYPE AND LOCATION ANNOTATION

Table B shows the eight hallucination type categories used in the HalCap dataset. These categories
cover both ne-grained object- and attribute-level mistakes as well as broader contextual errors.
Figure C shows annotation examples for each error type. Hallucinations are highlighted in red.

C.5 ADDITIONAL ANALYSIS

Detailed comparison against existing dataset3able C describes the detailed comparison against
prior hallucination detection datasets applicable for HalDec. Our dataset includes more responses
and includes text-to-image models as the evaluation target. In particular, it offers larger textual
coverage, covering 1.6M words, 94k sentences, and a vocabulary of 17k unique word types, than
prior datasets.

Shttps://crowdworks.jp/
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Table C:Compared to existing hallucination detector benchmarks for image captions based on their evaluation
split, HalDec-Bench offers the largest number of responses, providing annotations for at least 1,000 responses
per model across eight models. This scale enables detailed, model-wise performance analysis and facilitates a
deeper understanding of detector characteristics. For datasets that are not publicly available or lack information,
the corresponding statistics are reported as NA.

Gran- # halluc. unique Textto
Dataset ularity # responses types #models #words #sentences # Vocag"image Image
HaELM (Wang et al., 2023b) Response 5k 7 1 518k 28k 6k 5k 7
MHalDetect (Gunjal et al., 2024) Segment 4k 7 1 258k 14k 4k 1k 7
MHaluBench (Chen et al., 2024b)  Segment 1k 4 5 15k 1k 2k 1k 4
ZINA (Wada et al., 2025) Segment 7k 6 12 NA NA NA NA 7
HalDec-Bench (Ours) Segment 14k 9 8 1.6M 94k 17k 4 4

Figure D:Ratio of incorrect sentences for each image domainAll models tend to produce more errors in
domains such aflustration andText

Figure E:Ratio of incorrect sentences within each sentence position per modedifferent colors indicate
different positions. All models produce fewer errors at the 1st position.

Image domain. Figure D illustrates the ratio of incorrect sentences on each image category in the
CC12M. All Captioners tend to produce more error§éxtandlllustration domains, while they are
relatively robust in real images. This can be because of the bias in the training data of the Captioners.

Error analysis w.r.t position of the sentence.In Fig. E, we present the ratio of incorrect sentences
across sentence positions for each model. Among image captioning models, incorrect sentences
tend to appear most frequently in the second to fourth positions. Interestingly, the very rst sentence

is less likely to contain hallucinations. This may be because the rst sentence often serves as an
overall image caption. In contrast, the second and subsequent sentences typically provide more
detailed descriptions, which are more prone to errors. For positions beyond the sixth sentence,
the error rate decreases again. These later sentences often serve as overall conclusions or closing
remarks rather than detailed descriptions, which may make them similar to the rst sentence and
thus less prone to errors.

Analysis w.r.t hallucination types. Figure F describes the type of hallucinations we provide. Our
dataset covers various kinds of hallucinations.

D DETAILS OF EXPERIMENTAL SETUPS

D.1 DETAILS OF EVALUATION

Source of models.We employ models available in HuggingFace and base our code on the Hug-
gingFace Transformers package.

18
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Figure F:Number of hallucinations for each category.Most models make many mistakes in attributes and
text.

Computation. At most eight A100 80GB GPUs are used for inference of a single model.
Prompt. We employ the prompt below to compute the alignment score for decoder-based VLM.

Prompt to compute image-sentence alignment

You are given an image and a caption describing the given image. Your task is to judge if the
caption describes the image correctly. If you think the sentence does not describe the image
correctly, return low the score. If you think there is no mistake in the caption, return high
score. Judge the correctness from 0-100 points. Return the output in the form of dictionary,
e.g., “score”: 50. Please rst output the correctness points before explaining the reason for
the score.
Caption:

Similarly, we use the prompt below to obtain the results of the chain of thought.

Chain-of-thought prompt

You are given an image and a caption describing the given image. Your task is to judge if the
caption describes the image correctly. If you think the sentence does not describe the image
correctly, return low the score. If you think there is no mistake in the caption, return high
score. Judge the correctness from 0-100 points. Return the output in the form of dictionary,
e.g., “score”: 50. Please rst explain the reason of scoring in ** two or three ** sentences
and output the correctness points as shown above.
Caption:

Parsing. After obtaining the text output, we write a parser to convert the output into an integer.
Models sometimes did not properly follow the prompt, and we could not parse such output. For
such a sample, we assign 50 as its alignment score. In Table 2, we present models with their failure
rate less than 5%. Also, the failure rate of a well-performing model is very low.

Annotation details in self-preference analysisin Sec. 4.2, we additionally provide sentence-level
hallucination existence labels for Qwen-2.5 (32B) and Gemma-3 (27B). To reduce the cost of anno-
tation, we follow an annotation procedure different from the other 8 models, yet in a quality-ensured
manner. Speci cally, we randomly pick 500 images and generate captions using two models. Then,
one quality-ensured annotator gives an annotation to 500 captions. This produces enough samples
for analysis. We will include this split when publishing the dataset.

Prompt in hallucination localization. We employ the prompt below to obtain the results of hallu-
cination localization.



Under review as a conference paper at ICLR 2026

Prompt for hallucination localization

You are given an image and a caption describing the given image. Your task is to localize the
segment of the caption, which describes the image incorrectly. Please output the segment by
marking the incorrect parts by **[]**, e.g., A **[red]** bird singing in a tree. Return the
output in the form of a dictionary. Example format.

“json

{

"output™: "A * [red] = bird singing in a tree."

Caption:

Evaluation metric in hallucination localization. We evaluate the alignment between the word
spans predicted by models and the ground-truth (GT) spans using an Intersection-over-Union (loU)
based criterion. Concretely, we compute the loU between the predicted word range and the GT word
range. In Table 4, a prediction is considered correct if its loU with a GT span is greater than or equal
to 0.3. Based on this criterion, we measure precision as the proportion of predicted spans that are
judged correct.

E ADDITIONAL EXPERIMENTS

Table D:Results of using Chain-of-Thought (COT).

‘ ‘ Image-to-Caption Models ‘ Text-to-Image Models
Detector COoT
\ | s-GPT Llava Qwen2  GPT4o CogVLM  Llama-4 | SD GPT-Gen
80.7 78.6 77.6 67.5 77.2 59.9 81.1 64.7
Llama-4 (109B)
80.6(-0.1) 80.8(+2.2) 80.0(+2.4) 71.1(+3.6) 80.1(+2.9) 62.4(+25) | 80.8(-0.3) 65.1(+0.4)
- 77.8 75.8 74.4 65.8 69.2 66.0 68.7 56.1
GPT4.1-mini

79.0(+1.2) 76.2 (+0.4) 75.0(+0.6) 63.4(-2.4) 71.6(+2.4) 63.8(-2.2) | 73.2(+4.5) 56.2(+0.1)

Chain-of-Thought improves the performance?Table D evaluates the impact of chain-of-thought
reasoning (Wei et al., 2022), where detectors are prompted to generate a reasoning path before pro-
ducing a score (see above for prompt details). For Llama-4, COT generally improves performance,
whereas for some Captioners, the gains are marginal or even slightly negative. Results for GPT4.1-
mini are mixed, wherein improvements highly depend on the evaluation target.

Table E:Ensembling detectors' output improves performance in almost all cases. We highlight the increase or
decrease from thieettermodel used for ensembling next to each score.

Detector Num. of Ensemble‘ Image-to-Caption Models ‘ Text-to-Image Models
| sepT Llava Qwen-2 GPT40 CogVLM  Llama-4 | SD GPT-Gen
Llama-4-scout 1 80.6 80.8 80.0 711 80.1 62.4 80.8 65.1
Llama-4-scout 5 83.2(+2.6) 83.0(+2.2) 818 (+1.9) 74.4(+3.4) 822(+2.1) 65.1(+2.7) | 83.0 (+2.2) 65.9(+0.8)
Llama-4-scout 10 83.7(+3.1) 83.4(+2.6) 822 (+2.3) 75.0(+3.9) 82.8(+2.7) 65.7(+3.3) | 83.4 (+2.6) 66.4(+1.3)

Self-ensemble improves performanceWe further study the potential of ensembling. Unlike the
analysis above, we ensemble outputs from a single model to re ne detector's score (Farinhas et al.,
2023; Jiang et al., 2023). To get different scores from a single model, we obtain different reasoning
paths by stochastic sampling in the chain-of-thought. To ensure the diversity of COT, we set the
temperature as 1.5 and pas 0.9. Table E presents the results in Llama-4, where the performance
consistently improves in all Captioners. Also, using more ensemble paths tends to improve the
performance, while the increase seems to saturate. Model ensembling can be an interesting direction
to improve the performance in this task.
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Table F:Comparison to existing HalDec approaches.

Detector GPT40 SD

UniHD (Chen et al., 2024b) 62.6 71.0
Qwen-2.5 32B 66.1 68.9
Gemma-3 27B 61.0 63.7
Llama-4 109B 67.7 81.1
GPT-4.1-mini 65.8 68.7

Table G:Mean IoU for hallucination localization task. Localizing the segment of the hallucinated caption
remains dif cult even for performant models.

Detector Params Image-to-Caption Models Text-to-Image Models Avg.
S-GPT Llava Qwen-2 GPT40 CogVLM Llama-4 SD GPT-Gen
Qwen-2.5 32B 13.8 151 11.7 15.1 16.0 10.7 11.4 9.4 12.9
GPT-40 mini - 21.6 22.4 18.3 233 215 16.4 12,5 11.9 18.5
Llama-4 109B 22.6 20.8 22.7 26.4 23.2 17.3 10.7 9.0 19.1
Llama-4 400B 24.8 22.1 233 26.0 21.7 18.0 11.9 9.3 19.6

VLM detectors can surpass prior approachesTable F presents the comparison to UniHD (Chen

et al., 2024b), which prompts LLM to utilize an open-vocabulary detector and OCR engine. The
results indicate that advanced VLMs can surpass the approach without using such external tools.
More detailed discussion is available in the appendix.

Mean intersection over union in hallucination localization. Table G shows the results of mean

loU in hallucinated segment localization. Speci cally, we compute the intersection over union be-
tween the predicted and ground-truth segments and compute the average for all samples. Overall,
the performance is consistent with what is reported in Table 4.

Figure G:Detector's output score for their own output captions.

Additional results in self-preference evaluation.Fig. G illustrates self-preference score analysis
for Gemma-27B, Llama-4, and Qwen2.5. Their self-preference tendency is signi cant, especially
for Gemma-27B and Qwen2.5.

Additional examples of VLMs' outputs. Figure H illustrates examples of input images, sentences,
and corresponding correctness scores inferred by VLMs. VLMs tend to make errors in the location
of the objects, the relationship between them, and small visual details.

F ADDITIONAL EXAMPLES OF ANNOTATIONS
We provide additional gures illustrating annotation results and representative hallucination cases:

ShareGPT (Fig. 1), LLaVA (Fig. J), Qwen-2 (Fig. L), GPT-40 (Fig. L), CogVLM (Fig. M), LLaMA-4
(Fig. N), Stable Diffusion (Fig. O), and GPT-Gen (Fig. P).
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Figure H:Examples of input image and sentences with detectors' correctness scores. Higher scores indicate
greater con dence in correctness. We highlight detectors' errors in red within the text.
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