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Abstract
Vision-Language Models (VLMs) have demon-
strated remarkable performance in document
understanding tasks; however, VLMs also suf-
fer from hallucinations inherited from LLMs.
While prior work has focused on reasoning-
stage hallucinations, the role of visual per-
ception remains underexplored. In this work,
we define perceptual hallucination as the
phenomenon where VLMs generate informa-
tion as if perceived, despite absent or dam-
aged visual evidence. To analyze this, we
construct DocHallu, a benchmark of 2,671
original–damaged image pairs across three
tasks, available at https://huggingface.co/
datasets/IB99/DocHallu. Experiments re-
veal that perceptual hallucination occurs across
all models, with higher rates for numerical
content than textual content. Activation patch-
ing analysis suggests that hallucinations are
strongly associated with errors introduced in
the vision encoder, which can subsequently
propagate and become amplified through the
text decoding process. We also demonstrate that
LLM-based post-hoc filtering can reduce hal-
lucination exposure by 36% on average, with
reductions of up to 88%. This work extends
VLM hallucination research by defining, ana-
lyzing, and verifying perceptual hallucination
in document understanding.

1 Introduction

Recent advances in large language models (LLMs)
have dramatically improved text understanding and
generation capabilities. Vision-Language Models
(VLMs), which combine these advances with visual
information, have achieved strong performance
across document understanding, visual question
answering, and multimodal reasoning tasks (Zhang
et al., 2023), emerging as powerful alternatives
to traditional optical character recognition (OCR)-
based pipelines (Kim et al., 2021).

*Equal contribution.
†Corresponding author.
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Figure 1: In VLMs, uncertainty introduced during visual
perception can propagate into the reasoning process,
resulting in divergent inference and hallucinated outputs
despite identical reasoning mechanisms.

However, VLMs inherit the hallucination prob-
lem inherent to LLMs (Bai et al., 2024), generating
outputs that are unfaithful to the input or factually
incorrect. This poses serious risks in real-world
applications where reliability is critical. While
prior hallucination research has primarily focused
on reasoning errors in text-only LLMs, VLMs
adopt a more complex architecture that combines
visual perception with linguistic reasoning (Rad-
ford et al., 2021). As a result, hallucinations in
VLMs differ fundamentally from those in LLMs.
However, most prior studies analyze them in much
the same way, focusing solely on text generation
without isolating the role of visual perception (Gun-
jal et al., 2024; Wang et al., 2023).

As illustrated in Figure 1, VLMs introduce an ad-
ditional source of uncertainty at the visual percep-
tion stage, which can propagate into the reasoning
process and result in divergent outputs.

This problem is particularly critical in tasks re-
quiring precise visual recognition, such as math-
ematical information extraction (Anitei et al.,
2021) or document understanding involving cal-
culations (Huang et al., 2022). Misrecognition of
tables, layouts, numbers, or symbols can lead to
plausible but incorrect responses. Despite this, the
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importance of perception-stage hallucinations has
been relatively overlooked (Tonmoy et al., 2024).

In this work, we define perceptual hallucina-
tion as the phenomenon where VLMs generate
information as if perceived from the image, despite
the visual evidence being absent or damaged.

To analyze this, we construct DocHallu, a
benchmark covering three document understand-
ing tasks: Mathematical Expression Recognition
(MER), Key Information Extraction (KIE), and
Document VQA (DVQA). Each sample consists of
an original–damaged image pair, where the dam-
aged image has the answer-relevant visual informa-
tion removed, creating conditions that can induce
hallucination under controlled settings.

We design experiments around the following re-
search questions:

• RQ1. Is perceptual hallucination observable
in document-based VLM tasks?

• RQ2. How do the vision encoder and text
decoder contribute to perceptual hallucination
in document understanding?

• RQ3. Can LLMs be used to automatically
detect perceptual hallucination?

Our main contributions are as follows: (1)
We construct DocHallu, a document-based orig-
inal–damaged benchmark for systematically ana-
lyzing perceptual hallucination in VLMs. (2) We
quantitatively analyze how visual information
loss affects hallucination and examine the relative
contributions of the vision encoder and text de-
coder. (3) We evaluate LLM-based post-hoc hal-
lucination verification, demonstrating practical
mitigation potential in document understanding.

2 Related Work

2.1 Hallucination in LLMs and VLMs
Hallucination refers to the generation of plausible
but unfounded content and has been extensively
studied in LLMs from the perspectives of factuality
and faithfulness (Rawte et al., 2023). Recent sur-
veys systematically categorize hallucination types,
causes (e.g., data bias, decoding), and mitigation
strategies (Huang et al., 2025; Tonmoy et al., 2024).

In VLMs, hallucination often manifests as
modality unfaithfulness to visual inputs. For nat-
ural image VQA, benchmarks and evaluation pro-
tocols have been proposed to quantify the genera-
tion of non-existent objects, attributes, or text (Li
et al., 2023; Sun et al., 2024). Decoding-based ap-
proaches that improve visual faithfulness without

additional training have also been explored (Park
et al., 2025), demonstrating that hallucination can
be mitigated through reasoning-stage control alone.

Recent work has proposed to decompose VLM
hallucination by cause (Liu et al., 2023): percep-
tual hallucination involves generating text, sym-
bols, or attributes as if perceived despite their ab-
sence, while cognitive hallucination arises from
reasoning errors such as incorrect combinations or
commonsense leaps (Liu et al., 2024a). However,
existing VLM hallucination research has primarily
focused on natural images, leaving hallucination
in document inputs—where precise character and
number recognition is critical—relatively underex-
plored. In document settings, hallucination cannot
be fully explained by traditional OCR errors alone,
as perceptual hallucination in VLMs arises from
implicit visual representations learned end-to-end.
In this context, our study focuses on measuring per-
ceptual hallucination in document understanding
under controlled conditions.

2.2 Document Understanding and
Hallucination

Document understanding requires precise recog-
nition of localized, high-resolution visual cues,
unlike natural image understanding. Representa-
tive tasks include DVQA (Mathew et al., 2021),
KIE (Jaume et al., 2019), and MER (Gervais et al.,
2025). These tasks share a critical characteristic:
performance depends on exact value/entity restora-
tion rather than semantically approximate genera-
tion. Consequently, document hallucination poses
substantial risk, potentially generating non-existent
values such as amounts, dates, or identifiers.

Despite these concerns, hallucination research
in document domains remains limited, particu-
larly with respect to controlled analyses of visual
information loss. Although recent work on KIE-
HVQA has studied hallucination in degraded docu-
ments (He et al., 2025), it focuses primarily on KIE
tasks. Consequently, unified experimental frame-
works that construct original–damaged pairs across
diverse document tasks are still lacking.

To address this gap, we propose DocHallu, en-
compassing MER-Hallu, KIE-Hallu, and DVQA-
Hallu. Using original–damaged pairs, we measure
hallucination under controlled conditions and ana-
lyze how document-specific factors, such as corrup-
tion granularity and answer type, influence halluci-
nation patterns and how such effects are distributed
across vision and language components.
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Figure 2: Overview of the DocHallu dataset construction pipeline for three document understanding tasks. Damaged
images are generated by removing visual evidence corresponding to the ground truth.

3 DocHallu: A Dataset for Perceptual
Hallucination

3.1 Definition of Perceptual Hallucination

VLMs encode input images through a vision en-
coder and pass the resulting representations to a
language decoder for output generation. The vision
encoder recognizes visual elements such as text,
objects, and layouts within the image. We define
perceptual hallucination as the phenomenon in
which errors in the visual perception stage cause
the model to generate predictions based on non-
existent or distorted visual information.

Conventional hallucination research has primar-
ily focused on factual inconsistencies or reasoning
errors during language generation. In contrast, per-
ceptual hallucination concerns inaccuracies intro-
duced earlier, during visual information interpreta-
tion. Such hallucinations are particularly difficult
to detect, as they can be amplified through subse-
quent language reasoning, producing outputs that
appear coherent despite lacking visual evidence.

3.2 Document Hallucination Analysis Tasks

As illustrated in Figure 3, these tasks span a
spectrum from perception-dominant to perception–
reasoning stages and are well suited for analyzing
perceptual hallucination, since minor visual corrup-
tion can directly alter model predictions.

MER
KIE

DVQA

Perception Perception + Reasoning

Task
Complexity

Figure 3: Document understanding tasks positioned by
perception–reasoning dependency and task complexity.

We construct damaged images from original
images by selectively corrupting answer-relevant
visual information and compare VLM predictions
under identical textual conditions. Observed output
differences can therefore be attributed to informa-
tion loss in the visual perception stage rather than
reasoning variability.

3.3 Dataset Construction
DocHallu comprises three document understanding
datasets constructed as original–damaged image
pairs to measure perceptual hallucination.

MER-Hallu targets pure visual perception via
verbatim transcription of mathematical expressions.
KIE-Hallu focuses on extracting structured fields
(e.g., phone numbers and dates) from documents.
DVQA-Hallu addresses document visual question
answering involving information localization and
interpretation. Figure 2 illustrates the dataset con-
struction pipeline, and Table 1 summarizes the
dataset composition.
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3.3.1 MER-Hallu

MER-Hallu is a synthetic dataset designed to an-
alyze perceptual hallucination in mathematical
expression recognition. We collect LATEX expres-
sions from Wikipedia and render 1,469 original–
damaged image pairs.

Damaged images are generated by selectively re-
moving portions from either end of the original ex-
pressions. Rendering errors and non-standardized
expressions are filtered through automated valida-
tion (Figure 2a).

3.3.2 KIE-Hallu

KIE-Hallu is constructed to evaluate perceptual
hallucination in real-world document scenarios,
including receipts and identification cards. It is
derived from KIE-HVQA, a document-oriented
dataset used in prior VLM hallucination studies.

As illustrated in Figure 2b, KIE-HVQA con-
tains only damaged document images. To construct
original–damaged pairs, we retrieve the correspond-
ing original images from the source datasets, in-
cluding WildReceipt1 and OCRBench (Liu et al.,
2024b; Fu et al., 2024). We apply quality filter-
ing to ensure data validity and proper alignment
between the original and damaged images.

3.3.3 DVQA-Hallu

DVQA-Hallu is constructed to evaluate perceptual
hallucination in document visual question answer-
ing. We select table- and list-type questions from
the DocVQA benchmark that primarily require ac-
curate visual recognition rather than complex rea-
soning (Figure 2c).

From an initial pool of 1,504 questions, we filter
out question–answer mismatches and samples for
which answer-relevant regions cannot be reliably
identified due to low image quality, resulting in 919
final question–image pairs.

To pinpoint the answer-relevant visual evidence,
we first localize the corresponding regions using
a commercial OCR model2 and selectively cor-
rupt the localized regions. To analyze hallucination
patterns under varying degrees of visual informa-
tion loss, we apply three corruption granularities:
character-level, word-level, and value-level.

For each task, detailed data structures and repre-
sentative samples are provided in Appendix A.

1https://github.com/Ikomia-hub/dataset_
wildreceipt

2https://www.upstage.ai/

Dataset Granularity Source Pairs

MER-Hallu Char – 1,469
KIE-Hallu Char 429 283
DVQA-Hallu Char 1,504 318
DVQA-Hallu Word 1,504 276
DVQA-Hallu Value 1,504 325

Total 2,671

Table 1: DocHallu dataset statistics. Source: original
data; Pairs: verified original–damaged image pairs.
DVQA-Hallu totals 919 pairs across three corruption
granularities (318 Char + 276 Word + 325 Value).

4 Experimental Setup

Using the DocHallu benchmark, we design exper-
iments around three research questions to evalu-
ate, analyze, and detect perceptual hallucination in
VLMs:

• RQ1. Is perceptual hallucination observable
in document-based VLM tasks?

• RQ2. How do the vision encoder and text
decoder contribute to perceptual hallucination
in document understanding?

• RQ3. Can LLMs be used to automatically
detect perceptual hallucination?

4.1 Models

We evaluate both closed-source and open-source
VLMs. The closed-source models include GPT-
5.2 (OpenAI, 2025), Claude Sonnet 4.5 (An-
thropic, 2025), and Gemini 2.5-Flash (DeepMind,
2025). The open-source models include Gemma3-
4B (Google DeepMind, 2025) and Qwen3-VL-
4B (Alibaba Group, 2025). This selection allows
us to compare hallucination patterns across models
with different architectures and training paradigms.

4.2 Inference Settings

To isolate perceptual hallucination originating from
the vision component, we set the temperature to 0
for all experiments. This eliminates stochastic vari-
ation during inference and ensures reproducible
outputs for identical inputs. GPT-5.2 and Claude
Sonnet 4.5 are accessed via the OpenAI and An-
thropic APIs, respectively. Gemini 2.5-Flash is ac-
cessed through the OpenRouter API3. Gemma3-4B
and Qwen3-VL-4B are executed locally using the
HuggingFace framework.

3https://openrouter.ai/

24713

https://github.com/Ikomia-hub/dataset_wildreceipt
https://github.com/Ikomia-hub/dataset_wildreceipt
https://www.upstage.ai/
https://openrouter.ai/


GPT-5.2 Claude Sonnet 4.5 Gemini 2.5-Flash Gemma3-4B Qwen3-VL-4B

Task (Hallu. Rate ↓) Orig. Dmg. Orig. Dmg. Orig. Dmg. Orig. Dmg. Orig. Dmg.

MER-Hallu 0.022 0.120 0.014 0.086 0.005 0.147 0.369 0.563 0.090 0.230
KIE-Hallu – 0.496 – 0.444 – 0.438 – 0.315 – 0.459
DVQA-Hallu – 0.594 – 0.571 – 0.472 – 0.719 – 0.708

Table 2: Hallucination rate on original (Orig.) and damaged (Dmg.) inputs. Shaded columns correspond to Dmg.
inputs, which are the primary focus of comparison. For KIE-Hallu and DVQA-Hallu, hallucination is measured
only under Dmg. where the answer region is removed.

4.3 Evaluation Protocol

Evaluating hallucination requires assessing the con-
sistency between model predictions and the visual
evidence provided in the input. Since hallucina-
tion is an inherent limitation of LLMs, we rely on
human evaluation rather than LLM-based auto-
matic assessment. We employ 9 annotators, with
3 annotators assigned per task, and determine the
final label by unanimous agreement. Annotators
are presented with the original image, the damaged
image, the model output, and the ground truth, and
are asked to judge whether hallucination occurs.

A sample is labeled as hallucinated if it exhibits
any of the following behaviors: (i) generating vi-
sually unverifiable symbols, numbers, or text from
the damaged image; (ii) reconstructing complete
values from only partial visual evidence; or (iii)
combining values from different document regions
to produce a plausible answer. Based on this def-
inition, we compute the hallucination rate (Hallu.
Rate) as the proportion of samples judged as hallu-
cinated, as formalized in Eq. 1:

Hallu. Rate =
1

N

N∑

i=1

I

(
3∑

k=1

y
(k)
i = 3

)
(1)

I(·) denotes the indicator function, which equals
1 if the condition is satisfied and 0 otherwise.

MER-Hallu involves minimal reasoning beyond
visual perception; thus, we report hallucination
rates under both original (Orig.) and damaged
(Dmg.) conditions. In contrast, KIE-Hallu and
DVQA-Hallu require contextual reasoning, making
it difficult to disentangle perceptual errors from rea-
soning failures under original inputs. Accordingly,
for these tasks, we measure hallucination only on
Dmg. outputs, where answer-relevant visual evi-
dence is removed.

5 Experiments and Results

5.1 RQ1: Do VLMs Hallucinate in
Documents?

RQ1 aims to verify whether VLMs actually exhibit
perceptual hallucination, defined as generating
information that is visually unobservable.

5.1.1 Datasets and Models
We use all three datasets from the DocHallu bench-
mark and evaluate all five models.

5.1.2 Results and Analysis
As shown in Table 2, all models exhibit substantial
hallucination under damaged image conditions. In
MER-Hallu, minor hallucination is observed even
on original images (0.014–0.369), while halluci-
nation rates increase markedly when images are
damaged. For KIE-Hallu and DVQA-Hallu, hal-
lucination is measured only on damaged images
where the answer-relevant visual evidence is re-
moved. Despite the absence of visual evidence,
models frequently generate answers (KIE-Hallu:
0.315–0.496; DVQA-Hallu: 0.472–0.719).

These results suggest that, when visual evidence
is incomplete, models tend to rely on internal
knowledge or linguistic priors, thereby inducing
hallucination.

Appendix B provides additional results on gen-
eral model performance based on human evaluation
and quantitative metrics, along with the prompts
used for evaluation.

Hallucination Rate by Answer Type As illus-
trated in Figure 4, numerical answers exhibit sub-
stantially higher hallucination rates than textual an-
swers in DVQA-Hallu and KIE-Hallu. Specifically,
hallucination rates reach 84.8% in DVQA-Hallu
and 61.0% in KIE-Hallu for numerical content. In
contrast, MER-Hallu shows comparable hallucina-
tion rates for text and numbers, indicating a smaller
gap between information types in pure perception
tasks.
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Figure 4: Hallucination rates by answer type across
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These results suggest that in reasoning-involved
tasks, models tend to plausibly complete numerical
information rather than accurately read it.

Hallucination Rate by Corruption Granularity
As shown in Figure 5, character-level corruption
consistently yields the highest hallucination rates
in DVQA-Hallu. On average, character-level cor-
ruption results in 42.5% hallucination, followed by
value-level (39.9%) and word-level (17.6%).

This pattern indicates that partial visual corrup-
tion encourages over-completion from limited evi-
dence, increasing hallucination.

5.1.3 Human Evaluation Reliability
To verify the reliability of human evaluation, we
measured inter-annotator agreement among 3 an-
notators using Fleiss’ κ (Fleiss, 1971). All tasks
showed κ values ranging from 0.55 to 0.74, indi-
cating moderate to substantial agreement.

5.2 RQ2: How Is Hallucination Related to
Vision and Language Components?

Having established the prevalence of perceptual
hallucination (RQ1), we examine which internal
components of VLMs contribute to perceptual hal-
lucination in document understanding. To analyze
how predictions change under visual information
loss, we compare internal representations between
original and damaged images. We employ activa-
tion patching (Meng et al., 2022) to examine how
hidden representations at specific layers influence
prediction outcomes.

5.2.1 Datasets and Models
We restrict our analysis to samples unanimously
labeled as hallucinated by all annotators in RQ1,
reducing uncertainty and enabling clearer analysis.
Furthermore, because our analysis requires access
to internal hidden states, we use only open-source
VLMs, Qwen3-VL-4B and Gemma3-4B.
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Figure 5: Hallucination rates by corruption granularity
(per model and average).

5.2.2 Activation Patching
Activation patching assesses layer importance by
injecting hidden representations from one input
condition into another. During inference on dam-
aged images, we replace hidden representations at
specific layers with those from the corresponding
original images and examine whether the model
recovers the correct answer.

We perform layer-wise activation patching se-
quentially across all vision and text layers. For a
given layer l, the hidden state from the damaged
image is substituted with that from the original
image, after which forward propagation proceeds
through subsequent layers. If the correct answer
is recovered, the patched layer is considered to be
strongly associated with the hallucination observed
under damaged conditions.

5.2.3 Results and Analysis
As shown in Figure 6, patching vision layers con-
sistently leads to the recovery of correct answers
across nearly all layer positions. This suggests that
injecting correct visual representations at different
stages of the vision encoder can enable downstream
language processing to recover correct outputs.

In contrast, patching text layers exhibits different
behaviors. Patching lower and middle text layers
rarely restores correct answers, whereas patching
from approximately the 10th layer from the top
gradually recovers correct outputs. This suggests
that lower text layers are more actively involved
in reasoning transformations, while upper layers
primarily refine or format outputs.

Influence of Vision Layers on Hallucination
These results indicate that vision layers are highly
sensitive to hallucination in document understand-
ing tasks that require precise visual perception.
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Figure 6: Activation patching results on hallucinated samples from MER-Hallu, KIE-Hallu, and DVQA-Hallu. We
report both the recovery rate of the final-layer hidden states and the corresponding prediction recovery rate when
patching individual layers. The red vertical line indicates the vision–language boundary.

Disruptions to visual representations at any vision
layer can lead to prediction errors that are difficult
to correct in subsequent language processing stages.
Conversely, restoring correct visual representations
enables stable downstream reasoning, underscoring
the importance of accurate visual perception.

Influence of Text Layers on Hallucination For
text layers, upper layers exhibit limited influence
on hallucination, as they mainly operate on already-
formed representations. Lower and middle text lay-
ers, which actively integrate visual information dur-
ing reasoning, show greater sensitivity to represen-
tation instability. Disruptions in these layers can
interfere with the integration of perception and rea-
soning, potentially contributing to hallucination.

Overall, our results indicate that VLM outputs
are strongly associated with the visual perception
stage, while hallucination related to language pro-
cessing is more closely tied to lower text layers
involved in active reasoning. Detailed experimental
statistics are reported in Appendix C.

5.3 RQ3: Can LLM-based Hallucination
Filtering Be Effective?

Given that hallucination primarily arises from the
vision encoder (RQ2), we examine whether LLM-
based verifiers can effectively reduce hallucination
exposure when applied as post-hoc filters to VLM
outputs on damaged images. We analyze the trade-
off between hallucination reduction and response
preservation by applying LLM-based verification

to model outputs and filtering responses identified
as hallucinated.

Datasets and Models Experiments are con-
ducted on damaged images from the DocHallu
benchmark. Because responses to damaged images
are prone to hallucination due to missing visual
evidence, post-hoc filtering represents a practical
mitigation strategy. We use the same five VLMs
from RQ1 as both predictors and verifiers, com-
paring self-check (same model) and cross-check
(different model) configurations.

5.3.1 Metrics
Filtering performance is evaluated using two met-
rics for hallucination reduction and response cover-
age.

Hallucination Reduction Rate on Damaged
Images (RRd). Let H be the number of halluci-
nated samples and FN those remaining unfiltered.
The hallucination reduction rate is defined as:

RRd = 1− FN

H
. (2)

Higher RRd indicates more effective hallucination
filtering.

Response Coverage (Cov). Let N denote the
total number of evaluated samples, and Filtered
the number of responses blocked by the verifier.
Response coverage is defined as:

Cov =
N − Filtered

N
, (3)

which measures the proportion of responses pre-
served after filtering (Manakul et al., 2023).
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5.3.2 Results and Analysis
Table 3 reports self-check results and representative
cross-check verifier combinations that achieve the
highest RRd for each task (see Appendix D for all
combinations).

Self-check vs. Cross-check The results reveal
a clear trade-off between hallucination reduction
and response preservation. Self-check maintains
relatively high response coverage (Cov = 0.39–
0.97) but provides limited hallucination reduction
(RRd = 0.05–0.60). In contrast, cross-check sub-
stantially improves hallucination reduction (up
to RRd = 0.88), at the cost of lower coverage
(Cov = 0.23–0.85).

Overall, self-check is suitable when response
preservation is prioritized, whereas cross-check is
preferable when minimizing hallucination expo-
sure is critical. Accordingly, the proposed post-hoc
filter should be interpreted as a mitigation mech-
anism rather than a complete prevention solution,
with the configuration chosen based on application-
specific safety and latency requirements.

6 Discussion

We define perceptual hallucination as the gener-
ation of outputs based on visually unobservable
information and study how it manifests and can be
analyzed in VLMs using the DocHallu benchmark.

Evaluation of Perceptual Hallucination.
Across all models, substantial hallucination is
consistently observed under damaged image condi-
tions, demonstrating that perceptual hallucination
is a pervasive phenomenon in VLMs. Even in
the absence of visual evidence, models tend to
generate plausible answers rather than abstaining,
indicating reliance on internal knowledge or
linguistic priors under visual uncertainty.

Analysis of the Contribution of Visual and
Language Components. Our findings suggest that
perceptual hallucination in VLMs is closely tied to
errors in visual representations. While our activa-
tion patching analysis does not establish a single
causal origin, it indicates that perception-stage per-
turbations can propagate through the model and
shape downstream generation behavior, often re-
sulting in hallucinated outputs.

Verification and Filtering of Perceptual Hal-
lucination. Self-check filtering largely preserves
responses but achieves limited hallucination re-
duction, whereas cross-check filtering more ef-
fectively filters out hallucinated outputs. Overall,

Pred. Verifier Cov ↑ RRd ↑ Lat.(s)↓

MER-Hallu

GPT-5.2 GPT-5.2 0.96 0.05 1.00
Gemini 2.5-Flash 0.83 0.48 (+0.43) 2.28

Claude Sonnet 4.5 Claude Sonnet 4.5 0.91 0.12 3.03
Gemini 2.5-Flash 0.85 0.54 (+0.43) 2.24

Gemini 2.5-Flash Gemini 2.5-Flash 0.92 0.43 2.40
GPT-5.2 0.82 0.61 (+0.17) 0.62

Gemma3-4B Gemma3-4B 0.84 0.25 0.59
Gemini 2.5-Flash 0.41 0.88 (+0.63) 2.32

Qwen3-VL-4B Qwen3-VL-4B 0.81 0.25 0.46
Gemini 2.5-Flash 0.74 0.67 (+0.42) 2.19

KIE-Hallu

GPT-5.2 GPT-5.2 0.93 0.10 1.83
Gemini 2.5-Flash 0.65 0.49 (+0.39) 2.74

Claude Sonnet 4.5 Claude Sonnet 4.5 0.90 0.10 2.80
Gemini 2.5-Flash 0.50 0.54 (+0.44) 2.67

Gemini 2.5-Flash Gemini 2.5-Flash 0.97 0.05 2.66
Gemma3-4B 0.69 0.37 (+0.31) 0.87

Gemma3-4B Gemma3-4B 0.73 0.21 1.07
Gemini 2.5-Flash 0.51 0.48 (+0.27) 2.57

Qwen3-VL-4B Qwen3-VL-4B 0.91 0.12 0.59
Gemini 2.5-Flash 0.64 0.44 (+0.32) 2.66

DVQA-Hallu

GPT-5.2 GPT-5.2 0.85 0.20 2.93
Gemini 2.5-Flash 0.52 0.70 (+0.51) 2.57

Claude Sonnet 4.5 Claude Sonnet 4.5 0.82 0.23 3.62
Gemini 2.5-Flash 0.52 0.68 (+0.45) 2.64

Gemini 2.5-Flash Gemini 2.5-Flash 0.92 0.13 3.25
GPT-5.2 0.55 0.70 (+0.57) 2.60

Gemma3-4B Gemma3-4B 0.39 0.60 1.36
Gemini 2.5-Flash 0.23 0.78 (+0.17) 2.52

Qwen3-VL-4B Qwen3-VL-4B 0.82 0.17 0.57
Gemma3-4B 0.47 0.64 (+0.47) 1.51

Table 3: Verifier-based hallucination filtering on dam-
aged images. Gray cells indicate self-check; (±) shows
∆RRd for cross-check relative to self-check. Bold high-
lights notable cases.

post-verification serves as a practical mitigation
approach, while more fundamental solutions likely
require improved modeling of visual uncertainty.

7 Conclusion

We define perceptual hallucination as the gener-
ation of outputs based on visually unobservable
information and study it systematically in doc-
ument understanding. To this end, we introduce
DocHallu, a benchmark of original–damaged im-
age pairs spanning MER, KIE, and DVQA.

Our experiments show that perceptual hallucina-
tion is prevalent across state-of-the-art VLMs under
visual information loss. Activation patching reveals
that inaccuracies in visual representations play an
important role in perceptual hallucination, particu-
larly when such errors propagate into subsequent
reasoning stages. We further show that LLM-based
post-hoc filtering can reduce hallucination expo-
sure, albeit with a trade-off between hallucination
suppression and response preservation.

This work highlights perceptual hallucination as

24717



a distinct and critical failure mode in VLMs. Future
work should model visual uncertainty in the vision
encoder and propagate it to the language decoder
for principled hallucination reduction.

Limitations

This work focuses on clearly defining and analyz-
ing perceptual hallucinations in document under-
standing under controlled conditions. As a result of
this scope and experimental design, several limita-
tions remain.

Dataset scale DocHallu consists of 2,671 paired
original–damaged samples, which is smaller than
large-scale benchmarks with hundreds of thousands
of instances. However, the dataset is explicitly
designed for controlled, one-to-one comparisons
between original and damaged inputs. Automati-
cally scaling such paired corruption while preserv-
ing causal interpretability risks introducing con-
founding factors. Accordingly, we prioritize pre-
cise mechanism analysis and reproducibility over
dataset size.

Human-based hallucination judgment Halluci-
nation annotations rely on human evaluation, mak-
ing it difficult to fully eliminate inter-annotator
subjectivity. This limitation stems from the nature
of document hallucination, which depends not only
on answer correctness but also on the presence or
absence of visual evidence. We mitigate this issue
through detailed annotation guidelines and multi-
annotator agreement. Nevertheless, this challenge
is shared by most existing work on document-based
hallucination.

Lack of automatic hallucination metrics We
do not propose a fully automated hallucination
evaluation metric, which limits scalability to very
large benchmarks. Perceptual hallucinations in doc-
uments are often not captured by simple string
matching or semantic similarity measures. Our
analyses and annotations are intended to serve as
a foundation for future work on reliable automatic
hallucination metrics.

Analysis of closed-source models Due to
restricted access to internal representations,
activation-level analyses such as patching are lim-
ited to open-source models. This constraint is com-
mon in studies involving commercial VLMs. To
compensate, we emphasize behavioral analyses

that relate controlled input corruption to systematic
output changes.

Scale of open-source models Experiments on
open-source models are primarily conducted with
4B-scale models, which requires caution when ex-
trapolating to much larger architectures. However,
our goal is not absolute performance comparison
but to examine how perceptual errors propagate
into hallucinated outputs. We observe consistent
trends across models of different scales, suggesting
that the identified phenomena are not specific to a
single model size.

Decoding strategy Experiments are conducted
with the temperature set to zero. We do not explore
stochastic decoding strategies, as sampling-based
variability can obscure causal analysis of percep-
tual hallucinations. This choice allows us to isolate
hallucinations arising from model perception and
reasoning rather than decoding randomness.

Scope of hallucination types This study focuses
on hallucinations originating at the perceptual stage.
Hallucinations caused purely by higher-level rea-
soning errors, as well as mixed or compound hallu-
cinations, are beyond our current scope. We leave
the systematic study of such interactions to future
work.

Input modality We consider only single-image
document inputs. More complex inputs such as
multi-page documents or video streams are not
addressed. This restriction enables controlled ex-
perimentation and a clear definition of perceptual
hallucination, and extending the analysis to richer
input modalities remains an open direction.
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A Dataset Construction and Samples

This section provides an overview of the
construction of DocHallu and representative
samples. The dataset is publicly available at
<https://huggingface.co/datasets/IB99/DocHallu>.
The dataset is designed to systematically study
perceptual hallucination in document-centric
vision–language tasks by pairing original docu-
ment images with their corresponding damaged
versions. For each sample, the question–answer
structure is kept identical, while only the visual
evidence available in the image is altered.

DocHallu covers three representative document
understanding tasks: Mathematical Expression
Recognition (MER), Key Information Extraction
(KIE), and Document Visual Question Answer-
ing (DVQA). Each task is constructed with task-

Question:
Extract the text from this image.

Ground Truth:
$\chi=\chi(0)$

VLM Prediction:
$\chi=\chi(0)$

Original

Ground Truth:
$=\chi(0)$

VLM Prediction:
$\chi=\chi(0)$

Damaged

Figure 7: Example MER-Hallu sample

Question:
What is the phone number listed on the Sports Authority receipt?

Ground Truth:
480.940.2080

VLM Prediction:
480.940.2080

Ground Truth:
480. 40.2080

VLM Prediction:
480.140.2080

Original Damaged

Figure 8: Example KIE-Hallu sample

Ground Truth:
70%

VLM Prediction:
70%

Ground Truth:
7 %

Original Damaged

Question:
What percentage of smokers feel the need to find more 
excitement and sensation in life?

VLM Prediction:
71%

Figure 9: Example DVQA-Hallu sample

specific questions and ground-truth answers, allow-
ing controlled comparison between original and
damaged visual inputs.

Figures 7–9 illustrate example data pairs from
MER-Hallu, KIE-Hallu, and DVQA-Hallu, respec-
tively. In each example, the left image corresponds
to the original document, while the right image
shows the damaged counterpart. The associated
question and answers are shown below each image
pair, highlighting how visual degradation affects
the availability of answer-relevant evidence.

In MER-Hallu samples, the task requires tran-
scribing a mathematical expression into LATEX.
Damage typically removes or distorts critical sym-
bols, resulting in incomplete or invalid expressions.
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In KIE-Hallu samples, specific key-value fields
(e.g., prices or item names) are partially removed
or damaged, making correct extraction ambiguous
or impossible. In DVQA-Hallu samples, damage
often eliminates the visual evidence required to
answer the question, leading to cases where the
correct response is to abstain.

These examples illustrate the core principle of
DocHallu: the linguistic input remains fixed, while
the visual evidence is selectively degraded. This
design enables precise analysis of model behavior
under visual uncertainty and provides a controlled
testbed for evaluating perceptual hallucination.

B RQ1: Do VLMs Hallucinate in
Documents?

B.1 Prompts Used in RQ1

To ensure a controlled and fair analysis in RQ1,
we design task-specific prompts for MER-Hallu,
KIE-Hallu, and DVQA-Hallu, as illustrated in Fig-
ures 10–12. The prompts are constructed to elicit
direct task outputs (e.g., transcription, extraction, or
question answering) without introducing additional
reasoning instructions or hallucination-specific con-
straints.

Across all tasks, the same prompt is applied to
both original and damaged documents. This design
choice is critical, as it isolates the effect of percep-
tual degradation in the input image while keeping
the linguistic input strictly constant. Consequently,
any change in model behavior can be attributed to
differences in visual evidence rather than variations
in prompt formulation.

For MER-Hallu, the prompt focuses on faithfully
transcribing mathematical expressions from the
document image, emphasizing exact visual recog-
nition. For KIE-Hallu, the prompt instructs models
to extract key-value information grounded in the
document layout. For DVQA-Hallu, the prompt
presents a natural language question whose answer
must be derived solely from visible content. De-
spite these task-specific differences, all prompts
share a common principle: models are required to
rely exclusively on perceptual evidence without
external assumptions or prior knowledge.

This unified prompt design enables consistent
observation of model behavior under visual cor-
ruption and provides a stable foundation for the
hallucination and performance analyses.

Prompt Design for Observing Perceptual Hallucinations (MER-Hallu)
System: 
You are an expert in Mathematical Expression Recognition (MER) from 
document images.
Task: Transcribe the mathematical expression visible in the image into LaTeX.
Do not guess missing symbols.
If any part is not clearly visible, output exactly: None
Output must be a single line containing ONLY the LaTeX
(no markdown, no explanation).

User:
Question: “Extract the text from this image. Transcribe the mathematical 
expression visible in the image into LaTeX.”

Return rules:
- Output ONLY the LaTeX for the expression (single line).
- Do NOT add any extra words, labels, or punctuation.

[Image: Document Image]

Figure 10: Prompt Design for Observing Perceptual
Hallucinations (MER-Hallu)

Prompt Design for Observing Perceptual Hallucinations (KIE-Hallu)
System: 
You are an expert assistant for Key Information Extraction (KIE)
from document images.
Extract the exact value that answers the question from the visible text.
Do not guess. If the value is not visible, respond with None.
Output must be a single line containing only the answer value.

User:
Question: {question}

Return rules:
- Output ONLY the exact answer text from the image (single line).
- If the answer is not explicitly visible, output exactly: None
- Do NOT add any extra words, labels, or punctuation.

[Image: Document Image]

Figure 11: Prompt Design for Observing Perceptual
Hallucinations (KIE-Hallu)

Prompt Design for Observing Perceptual Hallucinations (DVQA-Hallu)
System: 
You are an expert assistant for Visual Question Answering (VQA) from 
document images.
Extract the exact value that answers the question from the visible text.
Do not guess. If the value is not visible, respond with None.
Output must be a single line containing only the answer value.

User:
Question: {question}

Return rules:
- Output ONLY the exact answer text from the image (single line).
- If the answer is not explicitly visible, output exactly: None
- Do NOT add any extra words, labels, or punctuation.

[Image: Document Image]

Figure 12: Prompt Design for Observing Perceptual
Hallucinations (DVQA-Hallu)

B.2 Additional Analyses and Results in RQ1

This appendix section focuses on quantitative
model performance analysis in RQ1. The objective
here is not to measure hallucination rates per se,
but to obtain a clearer and more reliable estimate of
task performance by calibrating quantitative evalu-
ation with human judgment.
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GPT-5.2 Claude Sonnet 4.5 Gemini 2.5-Flash Gemma3-4B Qwen3-VL-4B

Task (Human Acc. ↑) Orig. Dmg. Orig. Dmg. Orig. Dmg. Orig. Dmg. Orig. Dmg.

MER-Hallu 0.888 0.579 0.949 0.771 0.969 0.758 0.481 0.303 0.800 0.601
KIE-Hallu 0.790 0.250 0.763 0.214 0.917 0.373 0.651 0.256 0.798 0.285
DVQA-Hallu 0.957 0.278 0.975 0.282 0.972 0.347 0.420 0.044 0.936 0.206

Table 4: Human-evaluated QA accuracy on original (Orig.) and damaged (Dmg.) inputs. Gray cells (gray) indicate
results on damaged inputs. Human evaluation accounts for semantic equivalence that string-based metrics may miss.

GPT-5.2 Claude Sonnet 4.5 Gemini 2.5-Flash Gemma3-4B Qwen3-VL-4B

Task Metric Orig. Dmg. Orig. Dmg. Orig. Dmg. Orig. Dmg. Orig. Dmg.

MER-Hallu
EM ↑ 0.969 0.758 0.949 0.771 0.969 0.758 0.481 0.303 0.800 0.601
CER ↓ 0.031 0.242 0.020 0.196 0.031 0.242 0.421 0.612 0.110 0.318

KIE-Hallu
EM ↑ 0.790 0.250 0.763 0.214 0.917 0.373 0.651 0.256 0.798 0.285
CER ↓ 0.087 0.541 0.094 0.566 0.042 0.489 0.181 0.533 0.090 0.521

DVQA-Hallu
EM ↑ 0.957 0.278 0.975 0.282 0.972 0.347 0.420 0.044 0.936 0.206
ANLS ↑ 0.596 0.278 0.605 0.282 0.652 0.347 0.220 0.044 0.551 0.206

Table 5: Task-specific evaluation metrics on original (Orig.) and damaged (Dmg.) inputs. We report Exact Match
(EM) and CER for MER-Hallu/KIE-Hallu, and EM and ANLS for DVQA-Hallu. Gray cells (gray) indicate results
on damaged inputs.

Motivation In document-centric vision–
language tasks, models often produce outputs
that are semantically correct but visually variant.
For example, the visual token “3” and “3.” are
perceptually distinct at the pixel level, yet represent
the same numerical value. Similar cases arise with
minor visual artifacts, punctuation, or spacing
introduced by document quality, OCR noise,
or image corruption. String-based metrics may
penalize such outputs despite their correctness,
while softer metrics may inconsistently reward
them. Crucially, these discrepancies originate from
visual perception differences, rather than linguistic
paraphrasing or formatting choices.

Human-Calibrated Model Accuracy To ad-
dress this issue, we report human-evaluated QA
accuracy on original and damaged inputs (Table 4).
Annotators determine correctness based on whether
the model output is visually grounded and seman-
tically valid with respect to the document image,
abstracting away negligible perceptual variations
that do not alter meaning. This evaluation therefore
provides a more faithful measurement of model
performance under visual ambiguity, particularly
when document damage amplifies recognition un-
certainty. Across all tasks, human evaluation yields
a stable assessment of performance degradation,
even when quantitative metrics fluctuate due to vi-

Task Model Kept Skipped

MER-Hallu Gemma3-4B 244 29
MER-Hallu Qwen3-VL-4B 252 21

KIE-Hallu Gemma3-4B 62 28
KIE-Hallu Qwen3-VL-4B 62 28

DVQA-Hallu Gemma3-4B 188 118
DVQA-Hallu Qwen3-VL-4B 173 133

Table 6: Statistics of unanimously hallucinated samples
used for RQ2 activation patching analysis.

sually induced surface mismatches.

Relation to Qantitative Metrics For complete-
ness, we additionally report task-specific quanti-
tative metrics (Table 5), including Exact Match
(EM), Character Error Rate (CER), and ANLS, de-
pending on the task. These metrics are sensitive to
fine-grained visual differences and are useful for di-
agnosing recognition errors at scale. However, they
do not always align with human judgment when
perceptually distinct but equivalent outputs occur.
By contrasting metric-based scores with human-
calibrated accuracy, we highlight the gap between
visual recognition fidelity and metric strictness.

In summary, we demonstrate that human evalua-
tion is essential for calibrating quantitative perfor-
mance analysis in RQ1, as it accounts for percep-
tual equivalence that arises from visual recognition
variability rather than genuine model errors.
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C RQ2: How Is Hallucination Related to
Vision and Language Components?

C.1 Experimental Statistics

For RQ2, we conduct activation patching on sam-
ples unanimously labeled as hallucinated by all
annotators in RQ1. Due to practical constraints,
such as GPU memory limitations, activation patch-
ing cannot be performed for all samples. Table 6
summarizes the number of samples successfully
analyzed (Kept) and those excluded from analysis
(Skipped) for each task and model, where Skipped
samples correspond to runtime failures such as
GPU memory errors.

D RQ3: Can LLM-based Hallucination
Filtering Be Effective?

D.1 Prompts Used in RQ3

We evaluate the effectiveness of verifier-based fil-
tering for mitigating perceptual hallucinations. To
this end, we employ a dedicated hallucination ver-
ification prompt that operates as a post-hoc judge
over model predictions, as illustrated in Figure 13.

The verifier prompt is designed to strictly as-
sess whether a given model answer is grounded in
the actually visible content of the input document
image. Unlike the task prompts used in RQ1, this
prompt does not request task execution (e.g., extrac-
tion or question answering), but instead frames the
problem as a binary decision: whether the provided
answer constitutes a hallucination.

Concretely, the verifier is instructed to judge an
answer as a hallucination if it includes any content
that cannot be directly confirmed from the image.
This includes cases where the image is damaged,
partially missing, or visually unclear, and the model
attempts to guess, infer, or reconstruct values to
fill in the gaps. Importantly, the prompt explicitly
forbids the use of information from other parts of
the image or from external knowledge when the
required evidence is not visible. In such cases, the
correct behavior is to output NONE, and answers that
correctly abstain are not considered hallucinations.

This strict visibility-based criterion is critical
for isolating perceptual hallucinations: errors that
arise from visual recognition uncertainty rather
than from linguistic reasoning. By enforcing a con-
servative verification policy, the prompt ensures
that the verifier prioritizes faithfulness to visual ev-
idence over plausibility. The same verifier prompt
is applied consistently across tasks and models,

Mitigating Perceptual Hallucinations via Verifier-Based Filtering

System: 
You are an expert at detecting hallucinations in {Task}.
Judge if the answer includes content not visible in the image.

Rules:
- If the image lacks info to answer, the correct answer is 'NONE'.
- If 'NONE' is used correctly, it's not a hallucination.
- Any other answer not grounded in the image is a hallucination.
- CRITICAL: If the image is damaged, distorted, or has missing/unclear 
parts, guessing or inferring values to fill those gaps is a HALLUCINATION.
- CRITICAL: Using values from other parts of the image or external 
knowledge when the required information is not visible is a 
HALLUCINATION.
- You must strictly evaluate based on what is ACTUALLY VISIBLE in the 
image, not what might be inferred or guessed.

Respond with: 'hallucination' or 'not_hallucination’.

User:
[Image: Document Image]

Question: {question}
Answer: {model prediction}

Is this a hallucination?

Figure 13: Mitigating Perceptual Hallucinations via
Verifier-Based Filtering in DocHallu Datasets (MER-
Hallu, KIE-Hallu, DVQA-Hallu)

providing a unified decision rule for hallucination
filtering in RQ3.

D.2 Additional Analyses and Results in RQ3

This subsection provides the complete hallucina-
tion filtering results underlying RQ3. While the
main paper reports representative configurations to
highlight key trends, we include here all verifier
combinations for transparency and reproducibility.

Specifically, for each task (MER-Hallu, KIE-
Hallu, and DVQA-Hallu), we enumerate all pairs
of prediction models and verifier models, includ-
ing: (i) self-check, where the prediction model also
serves as the verifier, and (ii) cross-check, where
an external model is used for verification. In to-
tal, each prediction model is evaluated with one
self-check and four cross-check verifiers.

Tables 7–9 report the results using three met-
rics: Response Coverage (Cov), which measures
how many responses are preserved after filtering;
Hallucination Reduction Rate (RRd), which quan-
tifies the fraction of hallucinated outputs success-
fully blocked; and the average per-sample latency
introduced by the verifier. Gray cells denote self-
check baselines, while colored (±) values indicate
the change in RRd relative to self-check for each
cross-check configuration.

Several consistent patterns emerge from the
exhaustive results. First, cross-checking almost
universally improves hallucination suppression
over self-checking, often by a large margin, al-
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Pred. Verifier Cov ↑ RRd↑ Lat.(s)↓

MER-Hallu

GPT-5.2

GPT-5.2 0.96 0.05 1.00
Claude Sonnet 4.5 0.92 0.14 (+0.09) 3.15
Gemini 2.5-Flash 0.83 0.48 (+0.43) 2.28
Gemma3-4B 0.92 0.19 (+0.14) 0.71
Qwen3-VL-4B 0.84 0.30 (+0.25) 0.43
Avg. 0.88 0.28 (+0.23) 1.64

Claude Sonnet 4.5

Claude Sonnet 4.5 0.91 0.12 3.03
GPT-5.2 0.87 0.31 (+0.19) 0.61
Gemini 2.5-Flash 0.85 0.54 (+0.42) 2.24
Gemma3-4B 0.84 0.29 (+0.17) 0.74
Qwen3-VL-4B 0.86 0.27 (+0.15) 0.49
Avg. 0.86 0.35 (+0.23) 1.02

Gemini 2.5-Flash

Gemini 2.5-Flash 0.92 0.43 2.40
GPT-5.2 0.82 0.61 (+0.18) 0.62
Claude Sonnet 4.5 0.84 0.56 (+0.13) 3.11
Gemma3-4B 0.79 0.58 (+0.15) 0.69
Qwen3-VL-4B 0.81 0.55 (+0.12) 0.48
Avg. 0.81 0.58 (+0.15) 1.23

Gemma3-4B

Gemma3-4B 0.84 0.25 0.59
GPT-5.2 0.46 0.71 (+0.46) 0.61
Claude Sonnet 4.5 0.43 0.70 (+0.45) 2.84
Gemini 2.5-Flash 0.41 0.88 (+0.63) 2.32
Qwen3-VL-4B 0.58 0.60 (+0.35) 0.40
Avg. 0.47 0.72 (+0.47) 1.54

Qwen3-VL-4B

Qwen3-VL-4B 0.81 0.25 0.46
GPT-5.2 0.81 0.46 (+0.21) 0.97
Claude Sonnet 4.5 0.81 0.36 (+0.11) 2.80
Gemini 2.5-Flash 0.74 0.67 (+0.42) 2.19
Gemma3-4B 0.87 0.23 (0.02) 0.62
Avg. 0.81 0.43 (+0.18) 1.65

Table 7: All verifier combinations on MER-Hallu. Gray
cells indicate self-check; light-gray rows show the aver-
age across cross-check verifiers. Blue/red (±) indicates
∆RRd relative to self-check.

beit at the cost of reduced coverage. Second, the
strength of the verifier plays a critical role: stronger
verifier models (e.g., Gemini 2.5-Flash) tend to
achieve substantially higher RRd, especially when
paired with weaker or lightweight prediction mod-
els. Third, the trade-off between coverage and
hallucination reduction becomes explicit in these
tables, revealing a spectrum of operating points
ranging from conservative filtering (high coverage,
low RRd) to aggressive suppression (low coverage,
high RRd).

To facilitate high-level comparison, we addition-
ally report an Avg. row for each prediction model,
which aggregates performance across all cross-
check verifiers. This summary highlights the ex-
pected behavior of a prediction model under cross-
checking and serves as a practical reference when
selecting verifier strategies under different deploy-
ment constraints.

Overall, these detailed results corroborate the
findings in RQ3 and demonstrate that halluci-
nation filtering behavior is highly configuration-
dependent. By presenting all combinations, we en-

Pred. Verifier Cov ↑ RRd↑ Lat.(s)↓

KIE-Hallu

GPT-5.2

GPT-5.2 0.93 0.10 1.82
Claude Sonnet 4.5 0.82 0.23 (+0.13) 2.88
Gemini 2.5-Flash 0.65 0.49 (+0.39) 2.74
Gemma3-4B 0.64 0.37 (+0.28) 1.00
Qwen3-VL-4B 0.77 0.33 (+0.24) 0.59
Avg. 0.72 0.36 (+0.26) 1.80

Claude Sonnet 4.5

Claude Sonnet 4.5 0.90 0.10 2.79
GPT-5.2 0.70 0.26 (+0.16) 1.77
Gemini 2.5-Flash 0.50 0.54 (+0.44) 2.67
Gemma3-4B 0.57 0.41 (+0.31) 0.90
Qwen3-VL-4B 0.64 0.38 (+0.28) 0.54
Avg. 0.61 0.40 (+0.30) 1.47

Gemini 2.5-Flash

Gemini 2.5-Flash 0.97 0.05 2.66
GPT-5.2 0.87 0.23 (+0.18) 1.87
Claude Sonnet 4.5 0.82 0.23 (+0.18) 2.83
Gemma3-4B 0.69 0.36 (+0.31) 0.87
Qwen3-VL-4B 0.82 0.31 (+0.26) 0.65
Avg. 0.80 0.28 (+0.23) 1.56

Gemma3-4B

Gemma3-4B 0.73 0.21 1.07
GPT-5.2 0.59 0.25 (+0.04) 1.85
Claude Sonnet 4.5 0.61 0.25 (+0.04) 2.88
Gemini 2.5-Flash 0.51 0.48 (+0.27) 2.57
Qwen3-VL-4B 0.62 0.31 (+0.09) 0.57
Avg. 0.58 0.32 (+0.11) 1.97

Qwen3-VL-4B

Qwen3-VL-4B 0.91 0.12 0.59
GPT-5.2 0.82 0.17 (+0.05) 1.82
Claude Sonnet 4.5 0.80 0.20 (+0.08) 3.89
Gemini 2.5-Flash 0.64 0.44 (+0.32) 2.66
Gemma3-4B 0.64 0.33 (+0.22) 1.02
Avg. 0.73 0.29 (+0.17) 2.35

Table 8: All verifier combinations on KIE-Hallu. Gray
cells indicate self-check; light-gray rows show the aver-
age across cross-check verifiers. Blue/red (±) indicates
∆RRd relative to self-check.

able future work to make informed design choices
regarding verifier selection, computational budget,
and acceptable coverage–accuracy trade-offs.
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Pred. Verifier Cov ↑ RRd↑ Lat.(s)↓

DVQA-Hallu

GPT-5.2

GPT-5.2 0.85 0.19 3.78
Claude Sonnet 4.5 0.76 0.29 (+0.09) 3.35
Gemini 2.5-Flash 0.81 0.28 (+0.09) 3.27
Gemma3-4B 0.53 0.64 (+0.45) 1.32
Qwen3-VL-4B 0.79 0.31 (+0.12) 1.50
Avg. 0.72 0.38 (+0.19) 2.36

Claude Sonnet 4.5

Claude Sonnet 4.5 0.82 0.23 3.62
GPT-5.2 0.79 0.27 (+0.03) 3.68
Gemini 2.5-Flash 0.79 0.28 (+0.05) 3.29
Gemma3-4B 0.48 0.66 (+0.42) 1.23
Qwen3-VL-4B 0.80 0.28 (+0.04) 1.45
Avg. 0.71 0.37 (+0.14) 2.41

Gemini 2.5-Flash

Gemini 2.5-Flash 0.92 0.13 3.25
GPT-5.2 0.82 0.23 (+0.10) 3.83
Claude Sonnet 4.5 0.79 0.26 (+0.13) 3.62
Gemma3-4B 0.57 0.64 (+0.51) 1.29
Qwen3-VL-4B 0.85 0.23 (+0.10) 1.44
Avg. 0.76 0.34 (+0.21) 2.54

Gemma3-4B

Gemma3-4B 0.39 0.60 1.36
GPT-5.2 0.23 0.75 (+0.15) 3.70
Claude Sonnet 4.5 0.27 0.71 (+0.11) 3.55
Gemini 2.5-Flash 0.25 0.72 (+0.12) 3.29
Qwen3-VL-4B 0.31 0.67 (+0.07) 1.35
Avg. 0.27 0.71 (+0.11) 2.97

Qwen3-VL-4B

Qwen3-VL-4B 0.82 0.23 1.44
GPT-5.2 0.73 0.32 (+0.09) 3.70
Claude Sonnet 4.5 0.70 0.36 (+0.13) 3.60
Gemini 2.5-Flash 0.74 0.34 (+0.11) 3.39
Gemma3-4B 0.47 0.64 (+0.40) 1.51
Avg. 0.66 0.42 (+0.18) 3.05

Table 9: All verifier combinations on DVQA-Hallu.
Gray cells indicate self-check; light-gray rows show
the average across cross-check verifiers. Blue/red (±)
indicates ∆RRd relative to self-check.
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