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Abstract

In an age of rapid model turnover, how do we
make hallucination evaluation more perennial?
We explore whether human-written hallucina-
tion samples could take the place of model-
generated hallucinations, in order to make
benchmarking detection independent of particu-
lar models. To this end, we construct SHEEP, a
dataset of 1,600 human-written samples, span-
ning four languages (Chinese, English, French,
Italian), and 18,400 samples from five vision-
and-language models, all annotated for halluci-
nations using a fine-grained span-level labeling
scheme. We find that human-written samples
result in higher agreement and allow greater
control of dataset contents, while remaining
distributionally similar to samples derived from
vision-and-language samples and providing a
reasonable portrayal of detection capabilities —
suggesting that human data is a viable substi-
tute for model-based hallucination benchmarks.

1 Introduction

Reliably detecting LLM hallucinations — outputs
that seem plausible, look fluent, but are ultimately
factually incorrect (e.g., Rawte et al., 2023; Huang
et al., 2025) — is an urgent problem for NLP. This
is even more problematic for visually-grounded
language models: they have specific hallucination
propensities related to image misunderstanding,
along with the pathologies inherited from their lan-
guage backbones (Liu et al., 2024a).

A key part of the solution is developing accurate
and robust benchmarks and evaluation practices
(e.g., Vazquez et al., 2025; Niu et al., 2024). Here,
a fundamental challenge is the difficulty of devel-
oping hallucination detection benchmarks that are
independent of the specific models used to gener-
ate the benchmark data. Indeed, most hallucina-
tion benchmarks are deeply dependent on specific
models, either as sources of faulty outputs to be
annotated (e.g., Ravichander et al., 2025; Gamba

et al., 2026), or as tools to produce synthetic data
that emulates the phenomenon (e.g., Muhlgay et al.,
2024). As a result, these benchmarks make it diffi-
cult to discern whether good detection performance
is due to correct understanding of hallucinations or
simply to overfitting to idiosyncrasies of a specific
model. The problem is compounded by the rapid
pace of development of modern NLP: a dataset
compiled using a popular model may fail to rep-
resent contemporary systems by the time of publi-
cation, rendering its findings potentially obsolete
(e.g., Laskar et al., 2023; Liu et al., 2025).

Beyond this first set of issues, the construction
of hallucination benchmarks itself is rife with prac-
tical hurdles. Randomly sampling outputs from
a foundation model is representative of model be-
havior, but results in sparse representation of rare
hallucination types, which may cause problems for
evaluating a detection method’s ability to identify
these hallucinations. More targeted sampling using
a LLM-judge for preselecting items, while it may
allow us to balance hallucination types somewhat,
ultimately depends on the judge’s accuracy, making
the effectiveness of such setups hard to predict.

In this work, we ask whether human-generated
hallucinations could be a solution to these two sets
of problems. Human-written samples could not
only allow us to precisely control the prevalence
of hallucinations of any particular type, but also
bypass the reliance on specific models and shelter
benchmarks from obsolescence.

We test this hypothesis in the context of large
vision-and-language models (LVLMs), and pro-
pose the SHEEP dataset: a Set for Human-written
and Electronic Erroneous Productions. We define
a set of hallucination types that are caused by mis-
takes in visual grounding, such as miscounting ob-
jects or misreading text in the image, and compare
hallucination rates and hallucination type distribu-
tions in randomly sampled data, items preselected
by a LVLM-judge, as well as hallucinations man-
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ually invented by humans. SHEEP spans a total
of 20,000 samples equally balanced over four lan-
guages (Chinese, English, French, Italian) labeled
at a span-level by three annotators.

Through careful analysis of the collected data,
we find that human-written samples yield higher
inter-annotator agreement and more controllable
dataset contents, while maintaining a distributional
profile similar to LLM-derived samples and provid-
ing a reasonable assessment of the performances of
detection tools on LVLM data. These observations
validate that human-written items are a viable sub-
stitute for LVLM-based hallucination benchmarks.
Our contributions are:

1. SHEEP, a multilingual dataset containing
20,000 model and human outputs;

2. Fine-grained, multi-annotator annotations at
the character-level, differentiating between
five possible hallucination labels;

3. Analyses demonstrating the viability
of human-written hallucinations for
hallucination-detection evaluation.

SHEEP is available under a CC-BY-NC license at
helsinki-nlp.github.io/shroom/2026.

2 Related works

Hallucinations in LVLMs. Hallucinations in
vision-and-language models are generally defined
as content that is not supported or contradicts the
visual input (Liu et al., 2024a; Bai et al., 2025).
Early works organized the phenomenon on a coarse
triad of object, attribute, and relation errors (Liu
et al., 2024a). Later proposals refine this scheme
in multiple directions: Jiang et al. (2024) add event
hallucinations to account for entirely fabricated
scenes, while Rani et al. (2024) distinguish up to
eight fine-grained classes, including miscounting,
misreading of visible text, and identity incongruity.
Our own classification (Section 3) draws from this
line of work, but is deliberately kept compact so
that it can be applied reliably at the span level.

LVLM hallucination benchmarks. Existing
benchmarks for LVLM hallucination broadly fall
into three paradigms (Liu et al., 2024a).

1. Caption-centric approaches assess the fac-
tual accuracy of model-generated descriptions or
answers. Metrics such as CHAIR (Rohrbach et al.,
2018) and its open-vocabulary extension (Petryk
et al., 2024) remain restricted to object-level errors.

2. Discriminative approaches reframe evalua-
tion as a classification task to detect preexisting

hallucinations in image-text pairs. Shekhar et al.’s
(2017) seminal work inserted single-word substitu-
tions into the gold captions to produce a benchmark.
Li et al. (2023) established the standard for object
hallucination detection via yes/no probing about
object presence. Recent variants have improved re-
liability by addressing dataset biases and devising
novel consensus strategies (Lovenia et al., 2024;
Pham and Schott, 2024).

3. Hybrid approaches integrate both generative
and verification tasks. As such, this category con-
centrates on works that attempt to holistically mea-
sure model reliability from different standpoints.
Some works target entangled visual illusions and
language hallucinations (Guan et al., 2024), others
focus on perturbing input data for hallucination de-
tection (Ding et al., 2024; Saito et al., 2026), and
yet others automate benchmark generation (Wu
et al., 2024). Another line of work focuses on
fine-grained classifications of failures, e.g., Ye-Bin
et al. (2024) introduce image edits for true under-
standing, ignorance, stubbornness, and indecision.
Wang et al. (2024a) offer an LLM-agnostic evalua-
tion pipeline constructing a dataset where answers
are easily verifiable with perhaps the closest taxon-
omy to the one we propose. Also closely related
to our setup are M-HalDetect (Gunjal et al., 2024),
providing 16k fine-grained annotations over model
responses, and HalLoc (Park et al., 2025) offering
token-level hallucination localization.

Open problems. The vast majority of these re-
sources are built around English outputs from one
or a handful of LVLMs. This raises two concerns
that directly motivate our work. First, benchmarks
based on LVLM generations inherit the character-
istics of their source models, and their diagnostic
value degrades as the underlying systems are re-
placed (Laskar et al., 2023; Liu et al., 2025), a
recurring theme also observed in LLM-centric re-
sources (Ravichander et al., 2025; Vazquez et al.,
2025). Efforts to sidestep this via synthetic gener-
ation (Muhlgay et al., 2024) still rely on an LLM
as a generator. Our work addresses both gaps, with
span-level annotations over five recent LVLMs and
a human-written subset across four languages.

3 Theoretical framework

We focus on devising a classification of hallucina-
tions that can serve as a theoretical basis for dataset
creation and that annotators can reliably follow dur-
ing annotation. The main issues we consider in
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Label Description

A Invention An entity, object, property, or event that is not present in the image.
B Mischaracterization An entity, object, property, or event present in the image but described incorrectly.
C OCR Problem Misreading text that is visible in the image.
D Miscounting Incorrectly reporting the quantity of visible items.
E Other Does not correspond to any of the previous classes (use sparingly).

F None (Unused by annotators when marking spans; inferred from the lack of annotation for an item.)

Table 1: Hallucination classification labels.

designing this classification are (1) error coverage
and (2) category granularity. We aim to be as com-
prehensive as possible by covering a wide range of
errors, while avoiding overly fine-grained distinc-
tions that would introduce unnecessary confusion.

We define hallucination as content that is either
unsupported by or contradictory to the semantic ref-
erence, which is the input image in our case. There-
fore, we focus on output correctness rather than
coverage: is the model generation true with regard
to the image, not whether everything in the image
has been described. We only consider single-turn
interactions, focusing on open-ended tasks such as
visual question answering or image captioning.

We develop the classification scheme outlined in
Table 1, drawing inspiration from previous bench-
marks. We reorganize previously proposed tax-
onomies, merging categories that we consider sim-
ilar (e.g., contextual guessing in Rani et al., 2024
and existence in Yan et al., 2026), and removing
categories that are not relevant to our purposes
(e.g., gender anomaly in Rani et al.).

We encountered several challenges during the
development of our classification, particularly re-
garding grounding criteria (i.e., whether outputs
should rely solely on visual evidence or may also
incorporate external knowledge), and interpretative
subjectivity (i.e., cases where the output may or
may not be inferable depending on the annotator’s
background). To address these ambiguities, rather
than creating separate categories, we instruct anno-
tators to adhere to our definition of hallucination.
Thus, factual claims unverifiable from the image
are treated as a hallucination; expressions of uncer-
tainty (e.g., “it looks like”) are not to be marked as
hallucinations as this is a desirable behavior.

4 Data collection

We generate outputs using two existing datasets.
HaloQuest (Wang et al., 2024b) is a VQA dataset
designed to provoke hallucinations, for example
with visually challenging images or false-premise

questions not matching the image. We use only
the non-synthetic images. VISaGE (Frank and
Allaway, 2025) contains non-synthetic images of
objects with unusual characteristics (e.g., three-
legged cats, boat ambulances), along with ques-
tions about these characteristics. To obtain LVLM
outputs which may include hallucinations, we use
five models: Gemma3 (Gemma Team et al., 2025),
InternVL3 (Chen et al., 2024b), MiniCPM V 4.5
(Yu et al., 2025), Llava-NeXT (Liu et al., 2024b),
and Qwen3-VL (Qwen Team, 2025b). All mod-
els have 8B parameters except Gemma3 with 27B.
We use a temperature of τ = 0.7 and a maximum
length of 512 tokens, across 5 random seeds. To en-
courage Gemma3 to generate responses in the same
language as the input query, we localize the system
prompt. We translate the two source datasets using
NLLB-200 3.3B (NLLB Team et al., 2022) for Ital-
ian and French, and using Qwen3 8B (Qwen Team,
2025a) for Chinese; see Section B.1 for details.

Sampling strategies. We select the data for hu-
man annotation using three sampling strategies:
(1) random, (2) model-assisted pre-selection, and
(3) human-written. For the first two, we select
items from the LVLM-generated outputs. For the
third, we collect human-invented responses that in-
clude hallucinations to create a model-independent
benchmark for hallucination detection.

1. Random. From the generations for HaloQuest
and VISaGE, we randomly select 460 samples for
each language and model pair, for 2,300 samples
per language in total.

2. Model-assisted pre-selection (MAP). As a
comparison point for our intended human-created
benchmark, we test whether an LVLM-guided sam-
pling process can lead to a high quality evaluation
benchmark. We use Gemma3 27B IT to pre-select
LVLM-generated outputs for annotation. We run
Gemma3 on all our outputs to assess which out-
puts contain hallucinations, using our classification
in Table 1. For each datapoint, the judge receives
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the input image, the question, and the complete
LVLM response, together with a prompt containing
a role description, label definitions, and formatting
instructions.1 The instructions closely match the
human guidelines we provide to annotators. We
then use these preliminary labels to construct a
more label-balanced annotation set. In practice,
the judge predicts OCR problems and miscounting
much less frequently than invention and mischar-
acterization. We therefore include all datapoints
predicted as OCR problems or miscounting, and
sample from the remaining predicted labels so as to
balance invention and mischaracterization as much
as possible. This yields 2,300 MAP samples per
language.

3. Human-written samples. Finally, we collect
human-written samples as a model-independent
source of hallucination examples. For each lan-
guage, we (i) randomly select 100 image-question
inputs from the data we used to generate LVLM out-
puts; (ii) have writers fluent in the language man-
ually create outputs that deliberately contain mis-
takes akin to hallucinations; (iii) machine-translate
these 100 samples into the other three languages;2

(iv) manually check translated samples and post-
edit them when relevant. This results in a total of
1,600 human-written samples, out of which 400 are
directly written by humans and 1,200 are machine-
translated and manually curated. This manual cu-
ration step proved necessary as we observed that
the NLLB backbone used for FR and IT had a ten-
dency to ignore anything but the first sentence. We
provide a brief overview of the improvement in
quality, as measured by COMETKiwi scores (Rei
et al., 20223 in Table 2: while absolute values are
hard to interpret, we confirm that post-editing sys-
tematically improves quality estimation scores.

Writers were familiar with the annotation task:
they participated in pilot experiments and had ac-
cess to the same 10 throwaway training items we
provide to annotators. They were asked to gener-
ate a single type of hallucination for each sample
(see Section 3), and label each sample with the hal-
lucination type. The collection interface tracked
the distribution of intended hallucination types to
encourage an even distribution across labels.

Annotation. We recruited 12 C1-to-native pro-
ficient annotators per language, mostly European

1See Figure 6 in Section B.3 for prompt instructions.
2Using the pipeline described in Section B.1.
3Unbabel/wmt22-cometkiwi-da model

to EN to FR to IT to ZH

from EN – 0.799 0.817 0.780
from FR 0.844 – 0.808 0.787
from IT 0.820 0.815 – 0.815
from ZH 0.828 0.772 0.803 –

(a) Before post-editing

to EN to FR to IT to ZH

from EN – 0.849 0.851 0.829
from FR 0.846 – 0.811 0.798
from IT 0.849 0.855 – 0.818
from ZH 0.831 0.788 0.808 –

(b) After post-editing

Table 2: Quality improvement from post-editing

university students.4 To obtain three judgments per
sample, each annotator processed ∼1,250 items
over one month, compensated at ∼C15/h.5 The
workflow included autonomous training on throw-
away samples, a briefing session, and access to
support via a collaborative FAQ and direct means
of contact. Annotators could self-pace and edit
previous entries. See annotation and writing guide-
lines and interface details in Section B.3.

Example datapoint. We include an example dat-
apoint in Figure 1 for reference. We provide both
individual and aggregated annotations, along with
comments and relevant metadata.

5 Analyses

We assess whether our human-written samples are
a viable substitution for an LVLM-generated bench-
mark in two ways: we look at characteristics of the
collected data (inter-annotator agreement, ability to
surface specific hallucination types, distributional
gaps) in Section 5.1, and then compare evaluations
of hallucination detectors in Section 5.2.

5.1 Data characteristics

Descriptive statistics. In Figure 2 (top), we show
the number of samples for each language grouped
by sampling strategy.6 Figure 2 (bottom) presents
the distribution of the number of hallucination
spans annotated per item, again by sampling strat-
egy. Annotators rarely mark more than one hal-
lucination span per sample: the distributions for
the random and MAP strategies are approximately
Zipfian, with most annotations marking no spans,
while annotations with five or more spans are rare

4Due to one dropout, French has 11 annotators.
529 items have 4 annotations due to assignment collisions.
6Images used in human-written data are all in the test split.

4



(a) Associated image from HaloQuest (Wang et al., 2024b).

{
"id": "train-fr-4186",
"split": "train",
"language": "fr",
"prompt": "Que fait le mouton noir?",
"image_name": "1035_1474161379_308597d6ca_o.jpg",
"response": "Le mouton noir est en train de brouter l’herbe.

On peut voir sa tête inclinée vers le bas, ce qui indique qu’il
est occupé à pâturer dans la pelouse verte environnante.",
"comments":{
"y8pM-y1Ki7DUj7nR8ebGs_DFOPj2oSHKSXzuit9IiaY": null,
"RBa6IqYMnvjmMNq94k7zKqqgIXmnQi12XIlcbbAIH-g": null,
"Hb-KgRqHQTYOcU5cFq_i6Kmgx2jEbDmIdpz1vmx1Tjs": null

},
"raw_annots":{
"y8pM-y1Ki7DUj7nR8ebGs_DFOPj2oSHKSXzuit9IiaY":

"3:14;31:46;48:89;109:132|A;A;A;A",
"RBa6IqYMnvjmMNq94k7zKqqgIXmnQi12XIlcbbAIH-g":

"3:46;64:132|A;A",
"Hb-KgRqHQTYOcU5cFq_i6Kmgx2jEbDmIdpz1vmx1Tjs": "0:168|A"

},
"labels":[{"start":0, "prob":0.3333, "label":"A", "end":3},

{"start":3, "prob":1.0, "label":"A", "end":14}, {"start":14,
"prob":0.6667, "label":"A", "end":31}, {"start":31,
"prob":1.0, "label":"A", "end":46}, {"start":46, "prob":0.6667,
"label":"A", "end":64},{"start":64, "prob":1.0, "label":"A",
"end" :89}, {"start":89, "prob":0.6667, "label":"A", "end":109},
{"start":109, "prob":1.0, "label":"A", "end":132}, {"start":132,
"prob":0.3333, "label":"A", "end":167}],
"metadata": {"prelabel": "B", "orig_dataset": "haloquest",

"model": "minicpm", "strategy": "random"}
}

(b) Annotated datapoint; the model is prompted to describe
what the black sheep is doing, the response claims it is grazing.

Figure 1: Example SHEEP datapoint.

(∼3.5%). In contrast, the human-written samples
contain a larger amount of annotations with exactly
one span, whereas the MAP data comprises more
annotations with three or more spans. This lines up
with our expectations: whereas an uninformed ran-
dom sample is very ineffective at surfacing halluci-
nations, human writers are quite capable of match-
ing our classification; the success of the MAP is
contingent on the accuracy of the LVLM-judge.

Inter-annotator agreement. We consider three
metrics to assess inter-annotator agreement (IAA).

1. Presence agreement. We measure whether an-
notators agree on which samples contain hallucina-
tions, regardless of hallucination type and specific
span of hallucinated text. We adopt a free-marginal
version of Krippendorff’s alpha:

αfree = 1− (k/n)
∑

V
v,v′ovv′δ(v, v

′)

where n is the total number of paired ratings, k is
the number of labels (i.e., 2), δ is the nominal met-
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Figure 2: Top: Samples per strategy, language, and split.
Bottom: Proportion of annotations grouped by number
of hallucination spans marked in an item.

ric, and o is the matrix of observed coincidences.
We use the free-marginal formulation because it is
less sensitive to differences in label distributions
arising from varying rates of hallucinations (Byrt
et al., 1993; Randolph, 2005). This property is par-
ticularly important as the three sampling strategies
are designed to yield different hallucination rates.

2. Label agreement. We quantify to what extent
annotators agree on the hallucination type present
in a sample, using a standard (fixed-marginal) Krip-
pendorff’s alpha. We contrast agreement across the
full dataset (Unconditional) vs. what we observe
only on data where all annotators agree on the pres-
ence of a hallucination (Given a hallucination).7

3. Span agreement. The overlap between spans
of text marked as containing hallucinations. We use
an Intersection over Union (IoU), as per prior work
(Vazquez et al., 2025). We compute the average
pairwise IoU across all possible pairs of annota-
tions of the same item. We compute span agree-
ment when factoring in hallucination type in the
intersection (Requiring label match) and regardless
of assigned label (Ignoring labels).

IAA scores per sampling strategy are reported
in Figure 3 (left). Unsurprisingly, controlling for
similarity on other annotation levels (presence or
absence of hallucination, choice of specific labels)
improves agreement rates. More interestingly, are
the clear distinctions across strategies: annotators

7To handle annotations with more than one span, we ignore
all spans beyond the first. See Section C.1 for discussion.
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Figure 3: Annotator agreement grouped by sampling process (left), generating LVLM (center), and output language
(right). Center and right plots show only LVLM-generated data; left also includes human-generated data. Error bars
represent 95% bootstrap confidence, sampling with replacement. See Section C.1 for table versions.

are most consistent on the human-written samples
and least consistent on the randomly sampled dat-
apoints, suggesting that sampling strategies very
clearly influence the ability of annotators to reach
a consensus, and that agreement improves as the
selection becomes more controlled.

A key question to assess whether human-written
data can serve as a proxy for model-dependent hal-
lucination benchmarks is how IAA varies across
generating LVLMs and languages. Such a substitu-
tion is only meaningful if the resulting annotations
exhibit levels of agreement comparable to the vari-
ation naturally induced by changes in model or lan-
guage. To this end, Figure 3 reports IAA on the ran-
dom and MAP subsets across LVLM (center) and
language (right). None of the generating LVLMs
in Figure 3 (center) yields agreement levels higher
than those observed for the human-written samples
in Figure 3 (left); and variation across generating
models is often as large as, or larger than, the varia-
tion induced by the sampling strategies themselves.
Among the evaluated models, annotators tend to
agree most on samples generated by the largest
model (Gemma3), whereas QwenVL consistently
produces lower agreement scores. Similarly, across
the four languages in Figure 3 (right), we observe
a similar pattern: agreement varies substantially,
with French consistently exhibiting lower IAA and
Chinese yielding the highest.

Overall, these results suggest that the increase
in agreement observed for human-written sam-
ples falls within the range of variation induced by
changes in the generating LVLM or the language.

Agreement with expected labels. Do annotators
agree with the MAP-judge assigned hallucination
labels or the human writers of hallucinations? Fig-
ure 4 quantifies the extent to which annotations

3-way classification
Origin EN FR IT ZH
LVLM-visage 0.958 0.862 0.859 0.857
LVLM-haloq. 0.878 0.847 0.869 0.757
human 0.867 0.743 0.738 0.770

6-way classification
Origin EN FR IT ZH
gemma3 0.857 0.696 0.595 0.824
internvl 0.429 0.477 0.495 0.474
llava 0.718 0.615 0.654 0.703
minicpm 0.721 0.633 0.655 0.614
qwenvl 0.877 0.832 0.739 0.864
human 0.876 0.748 0.760 0.756

Table 3: Per-class F1 scores for 3-way and 6-way classi-
fication across languages.

agree with these expected labels. The main depar-
tures from agreement along the diagonal are due
to two patterns: first, confusion between invention
and mischaracterization, particularly in the MAP
and human-written subsets, and secondly, human
annotators disagreeing with the labels provided by
the MAP and human writers (F columns).8 We
also observe a high false positive rate in terms of
binary detection for our LVLM-judge, much higher
than what we observe for human-written samples.
In contrast, the random data contains a large pro-
portion of correctly identified non-hallucinations;
however the MAP judge labels also miss many hal-
lucinations found by annotators (F row). We see
that the human-written sampling strategy is more
effective at targeting specific hallucination types,
since it avoids the high false negative and false pos-
itive rates observed when using the MAP strategy
with LVLM-judge labels.

8Disagreement between writers and annotators is to be
expected, given the IAAs reported in Figure 3: what counts as
a hallucination is oftentimes subjective (Mickus et al., 2024).
This also underscores there are limits in terms of subtlety in
judgment we can expect from annotators.
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Figure 4: Distribution of expected labels (row) vs. annotator labels (columns) for all available annotations.

Distributional shifts. To assess distributional
shift between human-written and LVLM-generated
data, we train a logistic regression classifier using
character- and word-level n-gram features to pre-
dict the origin of each sample in multi-way settings,
and report 5-fold cross-validation results in Table 3.

In the 3-way setting (human-written, LVLM
responses on VISaGE and HaloQuest), human-
written samples are usually distinguishable from
generated data, suggesting a clear distributional
shift. However, this separability is comparable to
that observed between the two LVLM benchmarks
themselves (VISaGE vs. HaloQuest). In the 6-way
setting, where responses are grouped by generating
LVLM, human-written data remains identifiable
but is not uniquely distinct: Gemma3 and QwenVL
are equally or even more easily separable based
on textual features alone. Both results suggest that
stylistic and lexical variation across LVLMs is al-
ready substantial, and that the distributional gap
between human-written and LVLM-generated sam-
ples is comparable to variation across LVLMs.

5.2 Usefulness as a benchmark

Thus far, we have discussed whether human-written
samples have characteristics that would differ sig-
nificantly from those of LVLM-generated items.
We have yet to assess the usefulness of human-
written samples when it comes to benchmark-
ing performances on LVLM hallucination detec-
tion. We evaluate a modern hallucination detection
model, HalluShift++ (Nath et al., 2025), as well as
our Gemma3 LLM-judge on our data.

Label assessment with Gemma3 judge. Our
first baseline is the Gemma3 LVLM we used ear-
lier as part of the preselection MAP strategy. We
now use this model to label items in the random

human gemma3 internvl llava minicpm qwenvl

al
l acc 0.664 0.543 0.532 0.574 0.485 0.459

F1 0.499 0.442 0.401 0.455 0.410 0.427

E
N acc 0.695 0.522 0.516 0.568 0.449 0.402

F1 0.511 0.391 0.328 0.516 0.345 0.307
FR

acc 0.678 0.539 0.463 0.538 0.481 0.427
F1 0.509 0.450 0.321 0.449 0.421 0.458

IT

acc 0.650 0.539 0.618 0.676 0.519 0.433
F1 0.482 0.452 0.383 0.516 0.437 0.458

Z
H acc 0.635 0.566 0.532 0.508 0.493 0.594

F1 0.491 0.506 0.505 0.390 0.393 0.425

Table 4: Gemma3 classification: F1 and accuracy.

and human-written samples with the six possible
labels in Table 1: note that the task here is to la-
bel items, not spans. For evaluation, we mark the
item as correct if at least one annotator provided
the same label as predicted by Gemma3. The re-
sults are shown Table 4, broken down by item lan-
guage and item generation type (model or human),
with full results provided in Section C.2. Over-
all, we see that Gemma3 labels the human-written
samples with the highest accuracy, compared to
the models; somewhat surprisingly, this holds true
even when Gemma3 is the source model. However,
human-written samples are not completely outside
the range of model samples, especially when look-
ing at F1, precision, or precall rather than accuracy.
Note that we expect accuracy to shift if detectors
are not equally capable on all hallucination types.

gemma3 internvl llava minicpm qwenvl

human 0.796 0.770 0.916 0.867 0.708
gemma3 0.717 0.771 0.700 0.769
internvl 0.658 0.800 0.660
llava 0.831 0.683
minicpm 0.766

Table 5: Comparison of performance rankings for
human- and machine written data (Pearson’s r, n = 40).
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This illustrates that the error profile is roughly
conserved on the human-written data, but it still
leaves open one major point: whether performance
rankings from different judges would be accurately
captured by our human-written data. To that end,
we select ten LVLMs to serve as judges (Gemma
3 4b, 12b and 27b, internVL 4b, 8b and 38b,
QwenVL 2b, 4b, 8b and 32b) and compare their per-
formances on human-written vs machine-written
data. For each judge, we compute F1 scores per
language (i.e., generated by a specific LVLM or by
human writers), for a total of 40 setups per data
source. We then measure whether performances
are correlated across sources, using a Pearson corre-
lation coefficient. This yields the scores displayed
in Table 5: crucially, we find that human-written
data yields the highest correlations. In other words,
human-written samples are as adequate as samples
generated by any arbitrarily chosen LVLM.

Labeled-span assessment with HalluShift++.
Next, we consider a baseline inspired by Hal-
luShift++, which detects hallucinations from inter-
nal LVLM signals, including representation shifts,
attention patterns, and confidence-related features.
We adapt this idea to our span-level localization set-
ting by running a teacher-forced forward pass over
each image–question–answer triple and extract-
ing token-level features from an evaluator model.
We extract these features from Llava-NeXT, yield-
ing both a model-dependent self-probing setup as
well as an external evaluation setup, depending
on which LVLM generated the samples in our data.
The features are used to train a token-level classifier
in a multiclass setting where tokens are assigned to
one of the labels A–F (Table 1).9

As Table 6 shows, usually, we obtain low F1
scores, driven primarily by a low precision, high-
lighting the challenging nature of our collected data.
Importantly, performances on the human-written
data (bottom row of Table 6a) are comparable to
what we observe from specific generating LVLMs.

One of the reasons for the modest performances
we observe in Table 6 is the high prevalence of non-
hallucinated tokens. This prompts us to recalibrate
model probabilities for non-hallucination labels by
computing the optimal probability threshold in a
one-versus-all setting, comparing F to all other la-
bels. We calibrate on data derived from all possible
origins (human data or any of the 5 LVLMs) and

9More details and experiments, including with EUQ
(Huang et al., 2026), are provided in Sections C.3 and C.4.

Strategy acc prec rec F1

random 0.440 0.226 0.506 0.204
MAP 0.403 0.240 0.517 0.224
human 0.332 0.240 0.443 0.203

(a) HalluShift++ classification metrics across strategies.

random MAP all

gemma3 0.157 0.227 0.189
internvl 0.163 0.203 0.186
llava 0.186 0.224 0.212
minicpm 0.182 0.205 0.195
qwenvl 0.225 0.209 0.221

(b) HalluShift++ F1 per generating LVLM.

Table 6: HalluShift++ performance.

calibrate on
human gemma3 internvl llava minicpm qwenvl

te
st

on

human 0.064 0.056 0.053 −0.012 0.050 0.070
gemma3 0.070 0.069 0.065 −0.009 0.062 0.077
internvl 0.043 0.040 0.039 −0.008 0.038 0.044
llava 0.046 0.047 0.047 −0.007 0.047 0.041
minicpm 0.048 0.047 0.046 −0.007 0.045 0.047
qwenvl 0.062 0.061 0.060 −0.008 0.059 0.063

Table 7: F1 delta after recalibration (all data).

record the delta in F1 in Table 7. This usually leads
to improvements, with one exception: calibration
on Llava systematically degrades performances. As
this LVLM is also the backbone for the detection
pipeline, this appears to illustrate the biases that
model-dependent benchmarks can introduce.

6 Discussion

The core question we address in this work is
whether human-written samples can be used to
evaluate hallucination detection models. To this
end, we have constructed a large dataset of vision-
language hallucination samples using three sam-
pling strategies: random sampling, model-assisted
pre-selection, and human-written items. Our analy-
ses provide evidence that human-written samples
are a viable basis for evaluating hallucination detec-
tion. First, they allow us to more carefully control
the actual contents of our dataset (Figure 4). Sec-
ond, annotators reach a higher degree of consensus
on these items (Figure 3). Third, human-written
samples exhibit a distinct but comparable distribu-
tional profile relative to LVLM responses (Table 3),
and the performance of hallucination detectors on
human-written samples is broadly consistent with
their performance on LVLM-generated data, while
avoiding pitfalls that model-dependent benchmarks
suffer from (Table 7). It is worth stressing that the
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second of these points is not trivial: prior work has
frequently highlighted that annotators express gen-
uine disagreement as to what counts as a hallucina-
tion (Mickus et al., 2024) and where hallucination
spans begin and end (Vazquez et al., 2025; Schmid-
tova et al., 2026). While in general, some of this
discrepancy can be imputed to gaps in expertise
(Calò et al., 2026), our experimental setup allows
us to cleanly isolate the effects of data sampling
since the same cohort of annotators and the same
inputs were used throughout our dataset.

Our work is not without its caveats. First, we
observe that the data we collect is remarkably chal-
lenging, with some models performing at or close
to random on specific subsets. Second, we cover a
small number of hallucination detection models; es-
tablishing whether performance on human-written
samples reliably predicts performance on true hal-
lucinations requires broader empirical validation.
Results in Table 5 are encouraging, but stronger
guarantees will require concerted research efforts.
A shared task is currently underway to further vali-
date this point.10 A similar comment holds for the
representativeness of data derived from different
LVLMs, as we do not systematically quantify vari-
ation across all possible generators. At the same
time, human-written samples can always serve as
a sanity check for hallucination detection systems:
because they are constructed to contain the tar-
get phenomena, a large performance gap between
human-written and LVLM-generated data would
likely indicate reliance on spurious signals. Our
approach alleviates some of the issues that plague
modern NLP evaluation, yet it also frames halluci-
nation detection as a black-box problem. Methods
relying on internal model signals will require adap-
tation, as discussed in Section C.3 for Hallushift++.
This also reflects a broader trend toward proprietary
black-box models, where evaluation must proceed
without access to internal states.

It is worth acknowledging that there can be con-
cerns as to the fitness of human-written data for
evaluation purposes, as humans could introduce
their own biases.11 Previous work has found gen-

10See helsinki-nlp.github.io/shroom/2026/
11Bias is a valence-heavy and ambiguous word that can re-

fer to a wide variety of phenomena — ranging from judgments
made on socionormative grounds, to distributional and struc-
tural differences between data sources (in this case, human-
written vs machine-written). As far as the latter goes, we argue
that some biases can be good: e.g., it is genuinely beneficial
for us to produce more instances of OCR and miscounting, as
long as we do not introduce trivial distributional patterns.

uine mismatches between human and system-based
assessments, especially on disagreement model-
ing (e.g., Pavlick and Kwiatkowski, 2019; Mickus
et al., 2025). However, such mismatches appear
to exhibit a profile distinct from that observed in
the present work: the gaps described in these stud-
ies appear to emerge between human and machine
assessments, whereas what we target (and docu-
ment in Table 7) is bias specific to one particular
model. More broadly, prior work has documented
socionormative and cognitive biases of annotators
(Mieleszczenko-Kowszewicz et al., 2023; Gautam
and Srinath, 2024; Blodgett et al., 2020) and how
they can impact performances (Geva et al., 2019).
The biases observed in NLP systems tend to be ex-
acerbated versions of human socionormative biases
(Sheng et al., 2021; Chen et al., 2024a; Almatarneh
et al., 2025), i.e., prior work suggests that human
annotators present milder cases of socionormative
biases. If socionormative biases can serve as a
spurious, exploitable feature that can compromise
evaluation, then we should therefore expect human
data to be preferable to data generated by NLP sys-
tems. As far as SHEEP is concerned, our dataset
construction sidesteps some of the issues pointed
out in prior work. In particular, we keep track of
annotators, hence future studies can follow Geva
et al. and Gautam and Srinath’s recommendations.

7 Conclusion

We present SHEEP, a dataset of 20,000 items across
four languages (Chinese, English, French, Ital-
ian) for hallucination detection across 5 LVLMs.
We assess three strategies for obtaining samples:
randomly selecting outputs of LVLMs, using an
LVLM-as-an-annotator pre-selection, and writing
samples manually. The dataset is richly annotated
with 5 possible hallucination labels at the span
level, with each item assessed independently by
three annotators. The performance of modern hal-
lucination detectors underscores the challenging
nature of SHEEP. We find that human-written sam-
ples exhibit several beneficial characteristics: they
yield items that are more consensual among our an-
notators while maintaining a distributional profile
similar to that observed in LVLM-generated sam-
ples. We argue that this strategy avoids some pit-
falls common in hallucination evaluation, including
a tendency toward rapid obsolescence as models
quickly cease to represent the state of the field.

9

https://helsinki-nlp.github.io/shroom/2026/


Limitations

We frame this study as a first outlook into whether
human-written data could replace LVLM-generated
data for hallucination detection benchmarking. As
such, there are clear limitations due to the ex-
ploratory nature of this project: The tasks and se-
tups considered here are not an exhaustive or rep-
resentative subset of all applications and contexts
where LVLM hallucination detection is relevant;
we focus primarily on high-resource languages, al-
though prior literature shows that hallucinations do
not impact all languages equally (Vazquez et al.,
2025; Gamba et al., 2026; Datta et al., 2026).

An important consideration is that we propose
a static dataset, hence it is in principle possible
for leakage to occur. As of writing, our testset
labels are kept private and accessible through a
dedicated scoring interface at https://shroom.
pythonanywhere.com/ so as to mitigate this risk.

Ethical Considerations

Data collection risks. The present work de-
scribes a data collection process, and therefore sev-
eral ethical considerations apply. The data was
deemed unlikely to present any potential harm to
annotators, as inputs strictly target common objects
with uncommon attributes (VISaGE, Frank and All-
away, 2025) or commonplace questions and images
mismatched with one another (HaloQuest, Wang
et al., 2024b). The dataset contains no offensive or
harmful topics, nor any personally identifying infor-
mation. Annotators’ usernames on the annotation
platform are anonymized in the final distributed
dataset.

Potential risks of the research agenda. This
work targets hallucination evaluation in LVLM
technology. We believe that fostering a research
ecosystem that actively combats the spread of mis-
information and technologies that can produce mis-
information at scale is of great importance. While
part of this ecosystem has to include evaluation
benchmarks such as the one we propose, we recog-
nize that by design our dataset contains information
that is false, incoherent, or misleading, and strictly
emphasize that the intended use of this artifact is to
promote research into hallucination detection and
mitigation.
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B Reproducibility details

B.1 Translation pipeline

Model selection. We evaluated candidate transla-
tion models by manually assessing 100 randomly
sampled instances per target language (Italian,
French, and Chinese) to measure adequacy and flu-
ency. Based on this evaluation, we adopt a hybrid
strategy. NLLB-200 (3.3B) (NLLB Team et al.,
2022) is used for translations between English and
Romance languages (Italian and French), where
it performs reliably. For Chinese, we instead use
Qwen3 8B (Qwen Team, 2025a), which we found
produces more fluent, semantically accurate out-
puts, particularly for short prompts and question-
like inputs.

Translation settings. We apply the translation
pipeline in two scenarios: (i) English prompt
translation, where all prompts and references are
translated from English into the other three lan-
guages, as both datasets are originally in English
solely. (ii) multilingual augmentation, used for
human-written samples, where inputs may origi-
nate in any of the four languages and are translated
into the remaining three. All these samples are
manually checked and post-edited when necessary,
ensuring high-quality multilingual consistency.

In the second setting, Qwen3 is used for all
translation directions involving Chinese (↔), while
NLLB is used for directions that do not involve Chi-
nese (e.g., Italian ↔ French or English).

NLLB pipeline. For Italian and French (and
more generally for translations not involving Chi-
nese), we use a sequence-to-sequence pipeline
based on NLLB-200. We explicitly specify source
and target language codes (e.g., eng_Latn →
ita_Latn) and enforce the target language via a
forced beginning-of-sequence token. Decoding is
performed using beam search with 4 beams and no
sampling.

Qwen pipeline. For Chinese and all translation
directions involving Chinese, we use Qwen3 8B in
an instruction-following setup. We design a struc-
tured prompt that enforces strict translation behav-
ior (i.e., no explanations, no additional text, and
no question answering). The full prompt template
is reported in Figure 5. We use the tokenizer chat
template and perform decoding with beam search
(4 beams) and no sampling to ensure deterministic
outputs.

B.2 Gemma3 model-assisted pre-selection
prompt

We provide the exact prompts used in our exper-
iments in Figure 6. Because the purpose of the
judge is to support large-scale pre-selection rather
than to provide final annotations, we ask it to out-
put only the predicted label, without a reasoning
trace.

B.3 Guidelines & Annotation interfaces

Guidelines for annotators and writers. In this
appendix, we include a copy of the guidelines pro-
vided to human writers (Figure 7) and annotators
(Figures 8 and 9). The annotators had access to
their guideline as a single document (split across
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You are a translation engine. Translate only. Never explain, never reason, never add notes. Output only the final
translation text.

(a) System prompt.

You are a translation engine. Translate SOURCE_TEXT into TARGET_LANGUAGE.
Rules:
1) Translate exactly what is written.
2) If SOURCE_TEXT is a question, translate the question; do NOT answer it.
3) Keep named entities, numbers, URLs, and facts unchanged unless translation requires adaptation.
4) Output only the translated text.
5) Do not add explanations, notes, or extra lines.
SOURCE_TEXT: <input text>

(b) User prompt template.

Figure 5: Prompt template used for Qwen3 translation. TARGET_LANGUAGE is replaced with the desired language
(e.g., Italian, French, Chinese), and <input text> with the source string.

two pages in the present reproductions for pagi-
nation purposes); minor details such as a table of
contents have been omitted. Annotators also had
access to a user guide for the annotation platform
they were required to use, which is not reproduced
here.

Annotation interface We developed a bespoke
annotation interface using a stack composed of
Django 5, jQuery and Bootstrap, deployed with
NGINX and Gunicorn. The platform was hosted
on a server and used by annotators both for the
training phase and for the actual annotation experi-
ment. Figure 10 provides a screenshot of the anno-
tation interface for an experimental item, including
the image, question, and answer. Annotators could
highlight spans directly in the answer text. Upon
highlighting a span, a box appeared asking them to
assign one label to the selected span (Figure 11).
Annotated spans were color-coded according to
their assigned labels (Figure 12). Annotators were
also free to leave additional remarks in a dedicated
comment box. A similar platform with minor mod-
ifications was used to collect human-written sam-
ples, as shown in Figure 13.

C Supplementary results

C.1 Detailed results for IAA assessments

In Table 9, we present IAA measurements per strat-
egy; in Table 10, per language and model. These
correspond to Figure 3 (left) and Figure 3 (center,
right) respectively.

Effect of label aggregation process on IAA. In
Section 5.1, we mention that, when computing la-

bel agreement, we aggregate observations from
annotators by simply selecting the label of the first
span provided by an annotator. An alternative strat-
egy consists of selecting the label of the longest
span instead, in terms of character coverage. A
comparison of these two strategies is provided in
Table 8: as is apparent, the first-span approach
yields higher IAA scores than the longest-span
strategy; differences are statistically significant un-
der our bootstrapping. It is not entirely clear to us
why this is the case, we conjecture that it has to
do with hallucination ‘snowballing’ (Zhang et al.,
2025), which annotators might react to in different
ways.

C.2 Supplementary results on
Gemma3-assisted labeling

Full classification results. In Table 11, we pro-
vide a complete overview of classification metrics
for the label assessment using the Gemma3 LLM-
judge. Similar observations as mentioned in the
main text hold.

Gemma3 assessment across languages and gen-
erating LVLM. For LLM-based external labels,
we additionally study the distribution of labels as-
signed by the Gemma3 judge across models and
languages, as shown in Figure 14. While the distri-
bution of LLM-based assessment across languages
is stable, noteworthy patterns emerge when com-
paring models: Gemma3 rates its output as less
likely to contain hallucinations, whereas Internvl
and Llava are rated as containing more mischarac-
terizations.
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Your role is to assign a label to the provided text and image based on whether or not the text contains a
*hallucination*.
Hallucinations correspond to cases where the provided text states information that contradicts the image.

LABELING INSTRUCTIONS:
You must assign one of the following labels (A, B, C, D, E or F):

A. **Invention.** The text refers to an entity, object, property, or event that is not present in the image at
all. This includes but is not limited to: fabricated objects, invented people, imagined actions unsupported by the
image
Examples:
- "red bus" (no bus visible in the image)
- "a dog nearby" (no dog visible in the image)
- "an umbrella" (not present in the image)

B. **Mischaracterization.** The text refers to something that is present in the image but describes it incorrectly.
This includes but is not limited to: wrong object type (e.g., a taxi described as a bus), wrong colors (e.g., a
blue shirt described as green), an incorrect identity (e.g., a person standing described as sitting).
Examples:
- Calling a van a "bus"
- Describing a blue shirt as "green"
- Describing a dog running when the animal is standing or laying down.

C. **Wrong Reading.** The hallucination arises from misreading text that is visible in the image. This applies
whenever there is something readable in the image itself, but the provided text misquotes it, alters it, or
misunderstands it.
Examples:
- the image includes a "STOP" sign but the provided text mentions a "SHOP"
- the image includes a "50% OFF" sign but the provided text mentions "30% OFF"

D. **Miscounting.** The text expresses an incorrect quantity of visible items. This includes but is not limited
to: wrong counts of objects shown in the image (e.g., people, cars, animals...); incorrect quantities; explicit
numeric misstatements....
Examples:
- the text refers to "three elephants" when only two elephants are visible in the image.
- the text refers to "many people" when only two persons are visible in the image

E. **Other.** A hallucination that does not fit categories A, B, C or D.

F. **No hallucination.** The provided text does not contain any hallucination: the text does not contradict the
image and is perfectly coherent with the information shown in the image.

Do not explain your reasoning. Only reply with the letter corresponding to the label you assign, i.e., your answer
must contain only the letter A, B, C, D, E or F.

PROVIDED TEXT:

Figure 6: Prompt used for the LLM-judge (Gemma3 27B IT).
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This document outlines guidelines for creating samples for the human-written section of DATASET.

Motivation
One of the things we want to verify with DATASET is whether we can evaluate the quality of hallucination
detectors independently from any specific LLM output. To that end we intend to include a human-written subset of
outputs in the test set, so as to be able to compare performances on LLM-generated and human-written hallucinations.

Overview of the task
You will be writing answers to a series of provided questions grounded on images. You will need to imitate the
style of LLMs and make sure that the answer you provide contains a hallucination. Read these guidelines carefully
and in their entirety before you start

You are not allowed to use an LLM to generate your answers. Answers should be written from scratch.

All other rules are provided as guidance: use your best judgment, and leave comments on this document whenever
relevant.

Detailed instructions
• Before you start, read the guidelines for annotators to keep in mind how the data will be presented to

annotators and what task they will need to perform:
<URL>
this document also contains the following items, which you will need to be familiar with:

– a definition of what hallucinations are
– a taxonomy of possible types of hallucinations (labels A, B, C, D or E)

• Written samples are to be collected through the dedicated annotation platform, available from our private
github repo: <URL>

• Your written samples should be plausible answers to the questions as provided. Do not modify the questions.
• Each answer you write should contain a mistake corresponding to one of the four specific labels A, B, C or D
(but not E). For instance, if your answer contains a mistake that pertains to an OCR problem (label C), it
should not also include a made up entity (label A)

• Your answer must otherwise be coherent, grammatical, and self-consistent.
• Across all answers that you produce, you should target a balanced proportion of all four labels (25% of A,

25% of B, 25% of C, and 25% of D) Your mistakes must be discoverable given the image. The annotator should
not have to perform an external google search to spot the mistake you included.

In terms of style:
• Before you start writing samples, familiarize yourself with LLM style and the type of hallucinations they

make. You can use the self-hosted pilot interface available at: <URL>
• Do not look at samples written by other organizers, as much as possible.
• Produce diverse samples.

– The mistakes you include do not have to target the most salient part of the question or image. For
instance, consider including mistakes that target

* objects in the background,

* spatial relationships between objects

* superfluous claims not directly/immediately relevant to the question prompt
– Hallucinations can often be triggered by surprising images that depict non-standard or otherwise

exceptional situations (such as three-legged cats, red bananas, cows wearing Christmas trees on their
heads. . . ), in which case LLMs can either fabricate completely ungrounded information or generate text
corresponding to the most probable situation (e.g., “this cat has four legs”). Consider whether the
image provided could confuse an LLM.

– Consider imitating different styles of LLMs, such as

* samples with or without markdown

* samples with or without a sycophantic opening line (“excellent question!”)

* samples with or without explicit markers of reasoning (“To answer this question, I will carefully
analyze all components of the image”).

– Your answers can be of varying length, from a single sentence to a few paragraphs. They should
not be overly short, since this would indicate that there is not much in the answer aside from the
hallucination.

Figure 7: Guidelines for human-written samples production. Actual URLs are replaced with the placeholder <URL>.
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Introduction
In this annotation project you will be shown a series of question-answer pairs, plus a relevant image. The answer
will be a passage of text produced by a Large Language Model (LLM) in response to the question. You will be asked
to identify, with respect to the image, which spans of text in the answer constitute a “hallucination”, i.e., which
parts of the answer are not supported by the image, given the question.
Each datapoint consists of:

• An image
• A question related to the image (i.e., a prompt)
• A response produced by a model

General Instructions
1. Carefully examine the image, and read the prompt, and model response.
2. Highlight each span of text in the model response that is not supported by the information in the image (i.e.,

contains a hallucination or overgeneration). Base this exclusively on the definition of hallucination we are
using (see below).
Important:

• Annotate conservatively: annotations must include only the minimum number of characters that would need
to be edited or deleted in order to make the answer correct.

• Prefer highlighting content words over function words.
• Avoid selecting full sentences unless absolutely necessary.

These are not rigid rules, i.e., use your best judgment when needed.
3. Classify each marked span using the proposed taxonomy (see below). Each span must be marked with only one

class label (A, B, C, D, or E).
4. If a response contains multiple hallucinations:

• Highlight each span separately.
• Assign one label (A–E) per span. Do not merge unrelated errors into a single span.
• Do not overlap or embed spans.

5. If a response contains no hallucination:
• write “No hallucination” (in English) in the comment box.

You can also use the comment box to mark anything else that you want to raise to our attention, such as:
• model answers that are ungrammatical,
• outputs that are generated in the wrong language,
• cases where you are especially uncertain,
• anything else you deem relevant.

Please write comments in English, so that the whole team can read them.

What counts as a hallucination?
Definition. Content that contains or describes facts that are not supported by the image. In other words:
hallucinations are cases where the answer text is inaccurate, or more specific than it should be, given the provided
image.
A hallucination is any content that:

• Refers to something not present in the image
• Misdescribes something visible in the image
• Incorrectly counts visible entities
• Misreads visible text
• Or otherwise goes beyond what can be visually grounded

What to do with unverifiable statements & expressions of uncertainty in model outputs?
Note that some model responses introduce information that cannot be verified from the image alone. These are
statements that add external facts, background explanations, or narrative details that cannot be inferred directly
from the image.
If the statement introduces new factual information that cannot be verified from the image, it should generally be
treated as a hallucination. For example:

• Hallucination to annotate: statements of factual information not visible in the image (“This is a beach in
Thailand” for a generic-looking tropical beach).

• Plausible visual inference: do not annotate: “This is a street in Paris” when the Eiffel Tower is in the
background.

Model responses may also include uncertainty-marking language (e.g., “it looks like”, “it seems”, “possibly”, “it
might be”). In such cases, do not annotate the uncertainty phrase itself. Instead, evaluate whether the underlying
claim is visually supported.
Examples:

• "The man is a teacher." -> highlight "teacher" (unless the image very clearly indicates this is the case, for
example if he is standing in front of a classroom of students.)

• "This restaurant serves Mexican food." -> highlight "Mexican" (when the restaurant in the image could serve
other types of food, there is no recognizable food in sight nor any other sign of the restaurant being
Mexican)

• "He looks sad because he lost his job" in an image with clear visual cues connecting sadness to job loss. ->
DO NOT HIGHLIGHT (Not a hallucination: need to consider "sadness" being supported by facial expression and
posture, Job loss is visually grounded by: a termination notice, packing office belongings into a box, etc.)

Figure 8: Annotator instructions, part 1 of 2: overview and general definitions.
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Proposed taxonomy of hallucinations
This classification consists of 5 classes of hallucinations.

A. Invention
The highlighted span refers to an entity, object, property, or event that is not present in the image at all.
Includes: fabricated objects, invented people, imagined actions unsupported by the image
Examples:

• "red bus" (no bus visible)
• "a dog nearby" (no dog visible)
• "an umbrella" (not present)

Decision rule: If the entity does not exist in the image choose A

B. Identity incongruity (Mischaracterization)
The span refers to something that is present in the image but describes it incorrectly.
Includes:

• Wrong object type (taxi -> bus)
• Wrong color (blue shirt -> green)
• Wrong identity (man -> woman)
• Wrong activity (standing -> sitting)
• Incorrect spatial relations between objects or entities (below -> above, right -> left)

Examples:
• Calling a van a "bus"
• Describing a blue shirt as "green"
• Describing a dog running when the animal is standing or laying down
• Saying a cup is on the table when it is actually in someone’s hand
• Saying a person is behind the car when they are standing next to it

Decision rule: If the object exists but is misidentified or misdescribed choose B

C. Wrong Reading / OCR Problem
The hallucination arises from misreading text that is actually visible in the image.
Applies only if there is readable text in the image and the model misreads or alters it.
Examples:

• Image: "STOP" but response has to do with "SHOP"
• Image: "50% OFF" but response is about "30% OFF"

Do NOT use C in case:
• The text does not exist in the image. Use A in this case
• The error is numerical counting (not text reading). Use D in this case

D. Numeric Discrepancy / Miscounting
The span expresses an incorrect quantity of visible items.
Includes:

• Wrong count of people, cars, animals
• Incorrect quantities
• Explicit numeric misstatements

Examples:
• "three people" (only two visible)
• "two dogs" (only one visible)
• "N something" (the thing is uncountable)

Do NOT use D in case: If a number is misread from visible written text. Use C instead.

E. Other (Use Sparingly)
A hallucination that does not fit categories A to D. Try to use as minimally as possible.
When using this tag, please leave a comment indicating why you have used it.

Figure 9: Annotator instructions, part 2 of 2: classification of hallucinations.
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Figure 10: Screenshot of the annotation interface used (experimental item).

Figure 11: Screenshot of the annotation interface used (hallucination category selection box).
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Figure 12: Screenshot of the annotation interface used (hallucination span color-coding).

Figure 13: Screenshot of the collection interface used for human-written samples. The pie chart on top of the page
provides the distribution of intended labels.
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Label agreement (longest) Label agreement (first)

All labels Hallu. only All labels Hallu. only

Random 0.3346 ± 0.0067 0.3453 ± 0.0088 0.3716 ± 0.0150 0.4328 ± 0.0148
MAP 0.3925 ± 0.0102 0.4126 ± 0.0089 0.4475 ± 0.0141 0.5020 ± 0.0113
Human 0.4395 ± 0.0149 0.4713 ± 0.0163 0.5881 ± 0.0145 0.6318 ± 0.0189

model=gemma3 0.4427 ± 0.0142 0.4611 ± 0.0134 0.5089 ± 0.0198 0.5385 ± 0.0164
model=internvl 0.4114 ± 0.0143 0.4282 ± 0.0142 0.4595 ± 0.0226 0.4866 ± 0.0222
model=llava 0.3419 ± 0.0122 0.3730 ± 0.0127 0.3810 ± 0.0149 0.4463 ± 0.0188
model=minicpm 0.3914 ± 0.0113 0.4049 ± 0.0116 0.4036 ± 0.0201 0.4746 ± 0.0253
model=qwenvl 0.2626 ± 0.0109 0.2786 ± 0.0086 0.3628 ± 0.0205 0.4289 ± 0.0183

language=EN 0.3698 ± 0.0103 0.4033 ± 0.0068 0.3871 ± 0.0111 0.4501 ± 0.0143
language=FR 0.3104 ± 0.0091 0.3204 ± 0.0063 0.4119 ± 0.0252 0.4592 ± 0.0273
language=IT 0.3963 ± 0.0126 0.4090 ± 0.0146 0.4123 ± 0.0205 0.4599 ± 0.0194
language=ZH 0.4221 ± 0.0092 0.4380 ± 0.0116 0.4785 ± 0.0240 0.5360 ± 0.0170

Table 8: Effects of agglomeration policy for multi-span annotations on label annotator agreement for Model-assisted
pre-selected (MAP), random and human data, as well as separately for generating model, and output language (on
MAP + random data).
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Figure 14: Distribution of labels assigned by an LLM
judge (Gemma3).

Agreement Random MAP HumanType Metric

Pres. 0.41± 0.01 0.46± 0.01 0.57± 0.01

Label Unconditional 0.35± 0.00 0.41± 0.01 0.47± 0.02
Given a hallu. 0.43± 0.01 0.50± 0.01 0.63± 0.03

Span Requiring label match 0.26± 0.01 0.31± 0.00 0.44± 0.02
Ignoring labels 0.36± 0.01 0.42± 0.01 0.54± 0.01

Table 9: Annotator agreement for Random, MAP, and
Human data. Values reported as mean ± 95% bootstrap
confidence interval, sampling items with replacement.

C.3 Supplementary results on HalluShift++
HalluShift++ implementation details. Our Hal-
luShift++ baseline follows the intuition of Nath
et al. (2025): hallucinated content can be detected
from internal model signals, including uncertainty,
representation shifts, and attention behavior. Given
an image, a question, and a generated answer, we
perform a teacher-forced forward pass through an
evaluating VLM. This evaluation model can either
be the same LVLM that produced the answer, corre-

sponding to a model-dependent self-probing setup,
or a separate LVLM used to evaluate outputs gen-
erated by other models. In all cases, the original
generation process remains unchanged; the forward
pass is used only post hoc to extract token-level fea-
tures.

For each response token, we extract uncertainty-,
representation-, and attention-based features. The
uncertainty features include the maximum softmax
probability, its reciprocal as a confidence proxy,
and the probability assigned to the observed token
under teacher forcing. From the latter, we compute
token-level negative log-likelihood and perplex-
ity. The representation features include layer-wise
hidden-state norms and layer-consistency scores,
computed as the normalized cosine similarity be-
tween an early and a late decoder layer, together
with their complements. The attention features
include layer-wise attention means and entropies,
as well as attention-concentration statistics based
on the mean and standard deviation of Gini coeffi-
cients over the last attention layers. We addition-
ally include sequence-level confidence and token-
pattern features. These comprise the mean and
standard deviation of the inverse maximum proba-
bility, the confidence trend across the answer, the
mean confidence, the fraction of low-confidence
tokens, repetition ratios, and normalized lexical di-
versity. Since our prediction target is token-level,
sequence-level features are attached to every token
of the corresponding answer.

To obtain token-level supervision, we align each
decoded token with its character span in the gener-
ated answer. Tokens whose character span overlaps
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Generating LVLM Language

Metric gemma3 internvl llava minicpm qwenvl EN FR IT ZH

Presence 0.50± 0.02 0.49± 0.02 0.43± 0.01 0.47± 0.01 0.30± 0.01 0.47± 0.02 0.32± 0.02 0.46± 0.01 0.50± 0.02
Label (longest/all) 0.44± 0.01 0.42± 0.01 0.34± 0.01 0.39± 0.01 0.26± 0.01 0.37± 0.01 0.31± 0.01 0.39± 0.01 0.43± 0.02
Label (first/all) 0.46± 0.01 0.43± 0.01 0.38± 0.02 0.41± 0.01 0.28± 0.02 0.40± 0.01 0.33± 0.01 0.41± 0.01 0.44± 0.01
Label (longest/hallu.) 0.49± 0.03 0.47± 0.02 0.39± 0.02 0.42± 0.01 0.37± 0.01 0.38± 0.01 0.42± 0.01 0.42± 0.02 0.49± 0.02
Label (first/hallu.) 0.54± 0.03 0.50± 0.02 0.45± 0.02 0.48± 0.01 0.42± 0.03 0.46± 0.02 0.44± 0.02 0.47± 0.01 0.54± 0.01
Span (ignoring labels) 0.44± 0.02 0.45± 0.01 0.39± 0.01 0.38± 0.01 0.32± 0.01 0.35± 0.01 0.39± 0.01 0.43± 0.01 0.43± 0.01
Span (Requiring label match) 0.32± 0.01 0.33± 0.01 0.29± 0.01 0.29± 0.01 0.24± 0.01 0.25± 0.01 0.29± 0.01 0.31± 0.01 0.32± 0.01

Table 10: Annotator agreement grouped by generating LVLM and output language on the random and MAP subsets.
See Table 9 for an overview of the metrics. IAA scores are reported as mean ± 95% bootstrap confidence interval.
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ov
er

al
l

human 0.664 0.576 0.508 0.499
gemma3 0.543 0.505 0.444 0.442
internvl 0.532 0.460 0.383 0.401
llava 0.574 0.465 0.490 0.455
minicpm 0.485 0.492 0.393 0.410
qwenvl 0.459 0.503 0.412 0.427

E
ng

lis
h

human 0.695 0.583 0.544 0.511
gemma3 0.522 0.686 0.397 0.391
internvl 0.516 0.463 0.303 0.328
llava 0.568 0.591 0.544 0.516
minicpm 0.449 0.458 0.344 0.345
qwenvl 0.402 0.405 0.322 0.307

Fr
en

ch

human 0.678 0.577 0.518 0.509
gemma3 0.539 0.442 0.533 0.450
internvl 0.463 0.325 0.359 0.321
llava 0.538 0.441 0.546 0.449
minicpm 0.481 0.468 0.415 0.421
qwenvl 0.427 0.513 0.481 0.458

It
al

ia
n

human 0.650 0.582 0.487 0.482
gemma3 0.539 0.505 0.475 0.452
internvl 0.618 0.407 0.380 0.383
llava 0.676 0.554 0.516 0.516
minicpm 0.519 0.609 0.413 0.437
qwenvl 0.433 0.450 0.523 0.458

C
hi

ne
se

human 0.635 0.563 0.495 0.491
gemma3 0.566 0.520 0.518 0.506
internvl 0.532 0.597 0.458 0.505
llava 0.508 0.365 0.449 0.390
minicpm 0.493 0.422 0.386 0.393
qwenvl 0.594 0.572 0.372 0.425

Table 11: Gemma3 classification full results.

an annotated hallucination span are labeled as hallu-
cinated; tokens with no overlap are labeled as non-
hallucinated. In the multiclass setting, hallucinated
tokens are assigned the corresponding hallucina-
tion type. We then train a lightweight multilayer
perceptron over the resulting token-level feature
vectors, using the same classifier configuration as
Nath et al. (2025). Our adaptation differs from the
original HalluShift++ formulation in one main re-
spect: while HalluShift++ decomposes generated
descriptions into semantic chunks, such as object,
attribute, and relation units, our annotations are

Strategy acc prec rec F1

random 0.659 0.180 0.672 0.284
MAP 0.633 0.268 0.700 0.387
human-written 0.565 0.263 0.846 0.401

(a) HalluShift++ performance (accuracy, recall, precision, F1)
across strategies.

random MAP all

gemma3 0.257 0.418 0.324
internvl 0.280 0.382 0.336
llava 0.398 0.402 0.401
minicpm 0.276 0.345 0.312
qwenvl 0.248 0.391 0.327

(b) HalluShift++ F1 per generating LVLM.

Table 12: HalluShift++ performance (binary label-
classification setup).

span-based. We therefore align internal signals di-
rectly to decoded tokens and train a token-level
classifier.

Performance in binary setting. In Table 12, we
provide an overview of performances for the Hal-
luShift++ method based on span detection, framing
the problem as a binary token-labeling task instead
(i.e., F vs. all). Similar conclusions emerge: a very
low precision severely curtails the performances of
these models. In Table 12b, we see a significant
downgrade in performance for randomly selected
items.

C.4 Span assessment with EUQ

Another baseline we consider is based on Eviden-
tial Uncertainty Quantification (EUQ; Huang et al.,
2026). It provides a training-free framework that
explicitly decomposes token-level epistemic uncer-
tainty into different types of misbehaviors. The
framework applies basic belief assignment (Demp-
ster, 1967) to the token-level pre-logits feature
obtained from the output head of LVLM to com-
pute evidence weights. These weights are then de-
composed into positive and negative components,
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acc prec rec F1
st

ra
te

gy random 0.794 0.196 0.198 0.197
MAP 0.733 0.269 0.167 0.206
human-written 0.719 0.267 0.215 0.238

ra
nd

om

gemma3 0.817 0.179 0.230 0.201
internvl 0.804 0.201 0.219 0.210
llava 0.708 0.331 0.177 0.230
minicpm 0.799 0.191 0.213 0.201
qwenvl 0.809 0.156 0.188 0.170

M
A

P

gemma3 0.753 0.323 0.173 0.226
internvl 0.757 0.311 0.187 0.233
llava 0.686 0.320 0.146 0.201
minicpm 0.764 0.274 0.224 0.246
qwenvl 0.735 0.214 0.152 0.178

al
l

gemma3 0.794 0.226 0.200 0.212
internvl 0.780 0.256 0.198 0.223
llava 0.694 0.324 0.157 0.211
minicpm 0.782 0.232 0.219 0.226
qwenvl 0.774 0.185 0.166 0.175

Table 13: Span detection with EUQ, token-level classi-
fication results.

which are fused to estimate the final uncertainties
that can detect conflict and ignorance. Conflict
refers to error caused by the difference in the im-
age and text modality; whereas, ignorance refers
to error caused by missing information. Using
the optimal threshold obtained from a calibration
set for conflict and ignorance, we filter spans for
containing hallucinations. Results are shown in
Table 13. The high label imbalance between hallu-
cinated and non-hallucinated tokens leads to poor
performances out-of-the-box, lower than what we
observed with HalluShift++ in Table 12. For ac-
curacy, recall, and precision, we can always find
specific LVLM-based setups that either under- or
over-perform with respect to the human-written
samples subset, although the human-written data
does yield the highest F1 score.

D Disclaimers

Use of existing artifacts. We rely on preexisting
models and datasets to construct our own dataset;
the use is compatible with explicit licenses.

Use of AI tools. AI technology was used to jump-
start coding. Authors take full responsibility for
the contents of this paper.

Hardware and compute. Our experiments were
run on a variety of compute clusters, including
V100, A100, RTX A6000, MI250x, H1000.

LVLM answer generation for all models ex-
cept Gemma3 was carried out on a node equipped

with two NVIDIA RTX A6000 GPUs. Genera-
tion required approximately 4.5 seconds per sam-
ple across almost all models, whereas Qwen3-VL
required approximately 9 seconds per sample on
average.

LVLM answer generation for Gemma3 was car-
ried out on a node equipped with one AMD MI250x
GPU. Generation required approximately 6 sec-
onds per sample on average.
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