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Abstract

Multimodal Large Language Models (MLLMs) have gar-
nered significant attention recently and demonstrate outstand-
ing capabilities in various tasks such as OCR, VQA, caption-
ing, etc. However, hallucination remains a persistent issue.
While numerous methods have been proposed to mitigate hal-
lucinations, achieving notable improvements, these methods
primarily focus on mitigating hallucinations related to objec-
t/moun concepts. Verb concepts, which are crucial for under-
standing human actions, have been largely overlooked. In this
paper, to the best of our knowledge, we are the first to inves-
tigate the verb hallucination phenomenon of MLLMs from
various perspectives. Our findings reveal that most state-of-
the-art MLLMs suffer from severe verb hallucination. To as-
sess the effectiveness of existing mitigation methods for ob-
ject concept hallucination in relation to verb hallucination,
we evaluated these methods and found that they do not ef-
fectively address verb hallucination. To address this issue, we
propose a baseline method based on fine-tuning with rich verb
knowledge, achieving decent superiority. The experiment re-
sults demonstrate that our method significantly reduces hal-
lucinations related to verbs.

Code —
https://github.com/davidwang200099/Verb_Mirage

Introduction

Multimodal Large Language Models (MLLMs) (Zhu et al.
2024; Liu et al. 2023; Chen et al. 2024b; Bai et al. 2023;
Li et al. 2024¢) have drawn much attention in both the re-
search and industry communities. Armed with high-quality
data, a large number of parameters, and efficient instruction-
following fine-tuning, they achieve significant success in
various tasks, including OCR, VQA, and image captioning,
demonstrating a strong generalization ability.

However, MLLMs’ performance improvement could be
hindered by hallucination. Typically, hallucination (Ji et al.
2023; Liu et al. 2024c) means the output of MLLM contains
content against facts, irrelevant or nonsensical given context,
such as prompt or multimodal input. To test MLLM halluci-
nation in different tasks, many benchmarks (Liu et al. 2024d;
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Figure 1: Besides the well-discussed object hallucination, in
this paper, we unveil the severe verb hallucination of state-
of-the-art MLLMs with our designed benchmarks. All mod-
els show low object hallucination (on POPE) but severe verb
hallucination. Gemini-1.5-Flash and GPT-4-Turbo are tested
with 100 randomly sampled questions.

Cai et al. 2024; Fu et al. 2025) have been made, allowing
people to assess MLLMs’ abilities in various aspects. To
mitigate MLLM hallucination, many methods (Huang et al.
2024; Leng et al. 2024; Sun et al. 2024; Yin et al. 2024; Zhou
et al. 2023) have been proposed, successfully relieving hal-
lucination to a large extent.

However, existing benchmarks and methods mainly tar-
get hallucination about objects/noun-related concepts.
Action/verb-related concepts, which are crucial to under-
standing human events, are overlooked.

To this end, we propose to dig into the verb hallucina-
tion problem. We build the first verb-hallucination-oriented
benchmark, which is based on existing datasets (Chao et al.
2015; Sigurdsson et al. 2018) without the need for extra
manual annotations. As MLLMs are a cooperation of vision
and language modalities, we probe MLLM verb hallucina-
tion given both different visual inputs and language inputs,
covering different query conditions, different imaging con-
ditions, and different semantic conditions. Extensive exper-
iments show that all MLLMs perform poorly on many as-



pects and thus show severe verb hallucination.

Moreover, we test existing low-cost hallucination mitiga-
tion methods on widely used MLLMs and show that they all
fail in mitigating verb hallucination. To somewhat relieve
verb hallucination, we propose a baseline method based on
parameter-efficient fine-tuning with verb structure knowl-
edge. Experiments show that our method successfully re-
lieves verb hallucination, but its performance is still far from
satisfactory. Finally, we explore the reason for verb halluci-
nation and discuss possible future solutions.

In conclusion, our contributions are:

. To our knowledge, we point out and analyze MLLM’s
verb hallucination for the first time and probe this phe-
nomenon under different conditions.

We study the influence of existing training-free and
finetuning-based methods on MLLM verb hallucination.
We find that fine-tuning is still the most promising way
for verb hallucination mitigation.

. We probe model behavior from the perspective of vision-
language interaction and token uncertainty, and study
how well MLLMs learn verbs.

Related Work

MLLM Benchmarks. Before the emergence of MLLMs,
great efforts have been made to build datasets on tasks like
image captioning (Chen et al. 2015; Sharma et al. 2018;
Young et al. 2014), VQA (Goyal et al. 2017; Hudson and
Manning 2019; Marino et al. 2019), OCR (Singh et al.
2019), action recognition and detection (Gu et al. 2018; Li
et al. 2019, 2020a,b,c), efc. However, they mainly assess
domain-specific models. To fully evaluate MLLMs, more
benchmarks have been proposed (Liu et al. 2024d; Ying
et al. 2024; Yue et al. 2024; Li et al. 2024a; Tong et al. 2024;
Li et al. 2025) to test different aspects and subtasks. Bench-
marks are also proposed to conduct detailed assessments on
specific aspects, like BenchLMM (Cai et al. 2024) for ro-
bustness against image styles and MMSpuBench (Ye et al.
2024b) for robustness against spurious correlations.
MLLM Hallucination. Among the emerging bench-
marks, hallucination has become a focus. Typically, hallu-
cination means that the contents generated by models are
untruthful, against facts, or nonsensical (Ji et al. 2023; Liu
et al. 2024c; Zhang et al. 2025b). Many benchmarks on
hallucination have been proposed (Guan et al. 2024; Kaul
et al. 2024; Wang et al. 2024b; Chen et al. 2024a; Zhong
et al. 2024). Among different types of hallucination, ob-
ject hallucination (Rohrbach et al. 2018) is deeper explored.
Binary questions are used to probe hallucination about a
certain class of objects in POPE (Li et al. 2023). CHAIR
score (Rohrbach et al. 2018) is used to measure object hallu-
cination in image captioning. In most previous studies, only
object concept hallucinations were covered by identifying
whether MLLMs refer to objects nonexisting in the image
or incorrect attributes of objects. Though some other phe-
nomena are studied, such as event hallucination (Jiang et al.
2024), relationship hallucination (Wu et al. 2024), efc., verb-
related concepts, which are crucial to understanding human
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actions, were still neglected. Event is a complex combina-
tion of objects, verbs, adjectives, adverbs, etc., and Hal-eval
(Jiang et al. 2024) tests event hallucination by introducing
nonexisting objects and can be bypassed by mitigating ob-
ject hallucination. Verbs are a kind of relation, but visual re-
lationship also covers spatial relations, ownership, subject-
place relations, attributes, etc., which account for the major-
ity. In this paper, we focus on the understanding of humans
existing in the image, i.c., a human-centric problem.

Hallucination Mitigation. Researchers have revealed the
reasons for hallucination from many different aspects and
proposed hallucination mitigation methods. Over-attention
to summarizing tokens (Huang et al. 2024) and language
prior (Leng et al. 2024) are recognized to be correlated with
object hallucination. To mitigate the bias or errors in training
data, researchers proposed mitigating bias (Liu et al. 2024a;
Hu et al. 2023; Gunjal, Yin, and Bas 2024) in the dataset
or enriching the annotation (Zhai et al. 2023). Moreover,
some suggest post-processing at inference time by adjust-
ing decoding strategy (Leng et al. 2024; Chen et al. 2024c)
or correcting the output of MLLMs with the help of expert
models (Zhou et al. 2023; Yin et al. 2024).

Probing on MLLM IO Conditions

As shown in Fig. 2, we probe verb hallucination from var-
ious perspectives: MLLM behavior given different question
formats, image qualities, verb semantics, viewpoints, efc.

We select HICO (Chao et al. 2015) and Charade-
sEgo (Sigurdsson et al. 2018) as the main datasets for prob-
ing verb hallucination. HICO contains 47K images with
dense annotations. It includes 600 action classes formed by
80 object classes and 117 verb classes. WordNet (Miller
1995) was used to handle synonym and hierarchy problem.
It has rich verb labels and is thus suitable for evaluating
MLLM verb understanding with minor manual adaptation.
Meanwhile, CharadesEgo contains 7K videos of daily in-
door activities. In each scenario, the same actor is recorded
with both an egocentric and an exocentric camera. It con-
tains 157 action classes, each formed by a verb and an ob-
ject.

We test several open-sourced and close-sourced MLLMs
including InstructBLIP-7B (Dai et al. 2023), LLaVA-V1.5-
7B (Liu et al. 2024b), mPLUG-OwI2 (Ye et al. 2024a),
Qwen-VL-Chat (Bai et al. 2023), MiniCPM-Llama3-
V2.5 (Yao et al. 2024), Qwen2-VL-7B-Instruct (Wang et al.
2024a), Molmo-7B-D (Deitke et al. 2025), GPT-4 (Achiam
et al. 2023), Gemini-1.5 (Team et al. 2023), efc. They have
different ranks on leaderboards and show outstanding results
on benchmarks targeting object concepts.

Probing on Query Conditions

Question Formats Next, we probe the relation between
verb hallucination and QA format. MLLMs with low hallu-
cinations should give hallucination-free answers, given dif-
ferent question formats. Thus, we evaluate verb hallucina-
tion using different question formats, including Multiple
Choice (MC) questions with only one correct answer each
and Yes-or-No (YN) questions. Here, we do not introduce
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Figure 2: We probe MLLM verb hallucination from various perspectives, eg., question formats, the existence of object correla-
tion, different fields of view, image qualities, verb semantics, and image semantics.

free-form image captioning and blank-filling because these
two forms require rule-based post-processing on verbs and
may lead to severe misclassification errors.

We aim to verify none other than verb hallucination, so
we do our best to omit relevance to object hallucination.
For each verb-object tuple in the labels, we form questions
or options by altering the verb and leaving the object un-
changed. For YN questions, when building negative sam-
ples, we randomly choose verbs that are plausible for the
objects but not carried out in the image. For example, if an
image contains a person holding a cup, we may ask MLLM,
“Is someone holding a cup? Is someone washing a cup?” We
regard accuracy, precision, recall, and F1 score as the met-
rics for hallucination. Similarly, when building MC ques-
tions, for a sample image, we randomly choose a verb pre-
sented in the image and three verbs possibly performable
upon objects but not presented. We introduce circular eval-
uation (Liu et al. 2024d) and regard accuracy as a metric
for MLLM verb hallucination. Then, the relevance of object
hallucination can be minimized. However, we must point out
that as a substantial proportion of verbs are transitive verbs,
the influence of objects can not be completely omitted. The
construction of benchmarks is detailed in Suppl. Sec. 1.

Object Correlation Sometimes we focus on human inter-
action with a certain class of object, but sometimes our focus
on verbs may be object class agnostic. Specifically, we may
wonder “Is someone holding a cup in the image?” However,
sometimes we may also want to know “Is someone eating
something in the image?” Therefore, we test MLLM verb
understanding, given reference to objects and not. Among
these two conditions, we believe questions without object
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correlation (ie, “Is someone eating something?”’) have less
relevance to object hallucination. Still, questions with object
correlation are also very practical in daily use.

Analysis The results are shown in Tab. 1, giving us rich
clues about MLLM verb hallucination.

Heavy reliance on objects. MLLMs show drastic perfor-
mance degradation on MC questions without reference to
objects. Detailed statistics on YN questions based on object
classes referred to in the questions also reveal that MLLM
verb understanding relies heavily on object reference. We
analyze some commonly used datasets (Sharma et al. 2018;
Changpinyo et al. 2021; Lin et al. 2014; Ordonez, Kulka-
rni, and Berg 2011; Krishna et al. 2017; Hudson and Man-
ning 2019; Goyal et al. 2017) for MLLM pretraining and
investigate the number of nouns and verbs in the datasets in
Fig. 4(a). We can see that the number of nouns is 4-10 times
the number of verbs. One reason for this unbalanced ratio
of nouns and verbs is that datasets on action understand-
ing have not attracted enough attention from the MLLM
community. Another reason is that there are many more
nouns than verbs in English. Research on shortcut learn-
ing (Geirhos et al. 2020) also sheds light on the reason for
MLLMSs’ overreliance on nouns.

Inability to refuse. All MLLMs have high recall but low
precision, meaning that MLLMs tend to give Yes whether a
certain verb is presented in the image or not. Binary ques-
tions require MLLMs to have a deep understanding of verb
concepts in images, which are more difficult to answer than
MC questions, but vitally important in daily use.

Similar Bias. We ensemble the answers given by three
outstanding models and show results in Tab. 3. There is no



YN w/ obj YN w/o obj MC w/ obj | MC w/o obj

Model acc prec recall| acc prec recall acc acc
Molmo-7B-D 59.16 44.91 [96.63 | 46.13 38.39 99.19| 60.64 56.78
Qwen2-VL-7B 75.51 58.37 [93.75|74.69 57.43 9587 | 71.47 65.31
MiniCPM  80.91 66.83 85.41|79.14 63.33/90.33| 66.39 60.77
Qwen-VL-Chat 78.06 62.37 87.02|79.24 65.09 82.68| 55.95 54.57
mPLUG-Owl-2 62.94 47.38 95.99|62.61 47.25 94.94| 63.91 62.60
LLaVA V1.5 52.16 40.99 97.35|59.16 45.10 98.06| 57.37 51.00
InstructBLIP  72.53 55.79 86.77|73.82 57.25 87.79| 13.48 6.25

Table 1: Results on YN and MC questions w/ and w/o ob-
ject reference. : high recall. : low precision. Bold:
higher MC acc w/ object reference than w/o object referece.

w/obj rare w/obj common verb only rare verb only common
MiniCPM Qwen-VL-Chat
80
Qwen2-VL InstructBLIP
60 MPLUG-OwI-2
LLaVA V1.5
40
20

0

Figure 3: Comparison of YN questions with correct answer
No on rare and common subsets.

substantial improvement over the individual models, show-
ing that the models share similar biases.

Probing on Imaging Conditions

High-Quality and Low-Quality Images Previous re-
search (Li et al. 2022; Leng et al. 2024) has revealed that vi-
sually distorted images can hinder both humans and models
from recognizing the contents in images well. However, the
relation between visual distortion and verb hallucination is
unexplored. Do MLLMs hallucinate in the same way when
given high-quality images and visually distorted images? Is
verb understanding more sensitive to visual distortion than
object understanding for MLLMs? Here, we add pepper-salt
noise as a visual distortion to images, each pixel of which is
affected at a probability of 75%.

We evaluate MLLM verb understanding with both high-
quality and visually-distorted images and report perfor-
mance and error consistency following (Geirhos et al. 2021)
in Tab. 2. All tested MLLMs show obvious performance
degradation. Error consistency in the form of Cohen’s
Kappa (Cohen 1960) measures MLLM consistency of an-
swers given different visual conditions and provides a guide-
line for MLLM performance improvement. We can see that
some MLLMs with low ranks do not have bad error consis-
tency, but MLLMs with higher ranks show low error consis-
tency. This means that their verb hallucination can be easily
induced by visual distortion.

As a control experiment, besides verb understanding, we
also built a test set for MLLMs’ object understanding with
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Figure 5: Performance comparison on egocentric and exo-
centric verb understanding (question type: MCQ).

the same set of images. The observation consistency in terms
of Cohen’s Kappa is reported in Fig. 4(b). From the result,
we can see that MLLM shows much higher inconsistency in
verb understanding than object understanding, which means
that visual distortion does more harm to verb understand-
ing than object understanding. We attribute this result to the
sparsity of verb semantics in pixel space.

In conclusion, visual distortion affects both object un-
derstanding and verb understanding of MLLMs, but the
effect on verb understanding is greater.

Egocentric and Exocentric Images Recently, MLLMs
have shown outstanding capabilities in recognition and rea-
soning, and a growing body of research has delved into
leveraging MLLMs for various tasks in robotics, where
egocentric images are widely used. Therefore, a study of
MLLM’s understanding of verbs in egocentric images holds
significant importance. To evaluate MLLMs’ understanding
of verbs in egocentric images and the performance gap be-
tween egocentric and exocentric images, we build a small
test set using Charades-Ego and conduct experiments on dif-
ferent MLLMs.

Given the same scenario recorded with exocentric and
egocentric cameras, we also probe MLLMs’ understanding
with MC and YN questions. The results are shown in Fig. 5
and Tab. 4. There is a substantial gap between MLLMs’ un-
derstanding of exocentric and egocentric images.

In conclusion, MLLMSs can not understand verb con-
cepts in egocentric images as well as exocentric images.
MLLMs are better at exocentric verb understanding.



YN verb only MC verb only
w/o Pepper Salt | w/ Pepper Salt | YN Err. Cons. | w/o Pepper Salt | w/ Pepper Salt | MC Err. Cons.
YNacc YNFI |YNacc YNFI MC acc MC acc
MiniCPM-Llama3-V2.5 79.14 74.46 | 6740 57.23 26.12 60.77 40.50 37.20
Qwen-VL-Chat 7924  72.84 | 66.64 61.88 38.47 54.57 33.98 43.38
LLaVA V1.5 59.16  61.79 | 51.29 57.35 73.85 51.00 49.97 68.37
InstructBLIP 73.82  69.30 | 71.04 67.02 74.16 6.25 6.34 82.33

Table 2: Performance comparison for images w/ and w/o pepper-salt noise. Underline: higher performance w/o peppser-salt

noise. / : good/bad error consistency (Err. Cons.).

YN w/ obj
recall

YN verb only

acc  prec acc  prec recall

MiniCPM
Qwen-VL-Chat
InstructBLIP
Ensemble

80.91
78.06
72.53
75.59

66.83
62.37
55.79
58.74

85.41
87.02
86.77
L17

79.14
79.24
73.83
79.81

63.33
65.09
57.26
64.48

90.33
82.68
87.80
89.12

Table 3: Ensembled accuracy/precision/recall on YN ques-
tion w/wo object reference.

View Egocentric Exocentric
Model acc prec recall | acc prec recall
Qwen2-VL-7B 60.10 60.31 59.12 1 63.01 60.98 72.25
MiniCPM-Llama3-V2.5 59.42 62.60 46.78 | 62.00 67.44 46.39
Qwen-VL-Chat 57.06 61.87 36.79 | 60.62 64.94 46.19

Table 4: Comparison on egocentric and exocentric verb un-
derstanding (question type: YN).

Probing on Semantic Conditions

Rare and Common Verbs Verbs follow a long-tailed dis-
tribution in action datasets because of all sorts of difficulties
in the process of dataset collection. However, understanding
rare and common verbs is equally important in real-world
applications. We hypothesize that MLLMs tend to hallu-
cinate more on rare verbs and try to prove it on existing
datasets.

We divide the negative samples into two subsets: the rare
set and the common set. In the rare set, the verb in ques-
tion lies in the fail of HICO verb distribution, while in the
common set, the verb in question lies in the head. Specifi-
cally, for YN questions with an object reference, the rare set
contains all HOIs whose annotations make up less than 20%
among HOIs relevant to the same object class. For YN ques-
tions without object reference, the common set contains all
questions containing hold, ride, sit_on, straddle,
and carry, making up 50% of the verb annotations in the
HICO dataset. From Fig. 3, we can see that MLLMs tend to
refuse existent rare verbs but accept nonexistent common
verbs in images. This phenomenon reveals that the long-
tailed distribution of verb annotations limits MLLM verb un-
derstanding. How to understand rare verbs remains a prob-
lem, and there is a large room for action, data collection, and
curation. In conclusion, MLLMs can not understand rare
verbs as well as common verbs, i.e., long-tail affects a lot.
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Image Content Ambiguity Ambiguity always exists in
real-world scenarios. Understanding verbs in crowded or
heavily occluded scenarios is important in many fields such
as surveillance, social robotics, and visual reasoning. To as-
sess MLLMs’ verb understanding given images with am-
biguous content, we select images from HICO containing
content ambiguities, form an ambiguous subset, and com-
pare them with images with less content ambiguity. Specifi-
cally, our ambiguous subset contains many contributing fac-
tors to ambiguity:

e Imbalanced human-object relative size. Imbalanced
human-object relative sizes can add difficulties to
MLLM’s perception of humans and objects. The exis-
tence of verbs relies heavily on the accurate perception
of humans and objects in images. Potential failures in
perception bring great difficulties to the recognition of
verbs.

* Crowded scene. A highly complicated scene structure
can distract MLLMs. To judge the existence of a verb,
MLLMs must analyze all humans and objects and draw a
comprehensive conclusion. The large number of humans
and objects puts heavy burdens on MLLMs.

* Occlusion. We can recognize humans and objects ac-
cording to parts of them and analyze their relationship,
even with prominent occlusion. Thus, visual reasoning
under occluded scenarios is important in fields like ac-
tion understanding and robot manipulation.

From Fig. 6, we have the following finding: MLLMs
show performance degradation when images contain
content ambiguity. How to understand verbs given am-
biguous content is an open problem to be solved.

Probing on Model Behaviors

In this section, we take LLaVA V1.5 as an example and
study the relationship between its behavior and verb hal-
lucination. Our study finds that although verb hallucination
shares some commonality with object hallucination, they are
fundamentally different.

Vision-Language Interaction

Key Image Area Attention. First, we hypothesize that mod-
els pay less attention to key information in images and text
when they give hallucinated answers. From Fig. 7(a), we can
see that there is an obvious distinction of distribution be-
tween hallucinated attention and non-hallucinated attention,
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showing a strong correlation between inadequate atten-
tion to key areas and hallucination.

Visual Token Attention. The Visual Token Attention is
defined as

Diev ij
)
Yiev Qij + Xper Ok;
where «;; represents the attention weight assigned to token
1 at head j in the last transformer layer, V' denotes the set

of visual tokens, and 1" denotes the set of textual tokens. We
visualize it in Fig. 8 and we find:

ey

mean
J

1. For questions with correct answer No hallucinated mod-
els tend to give more attention to visual tokens.

2. For MC questions, there is no obvious difference in vi-
sion token attention between hallucinated models and
non-hallucinated models.

Therefore, unlike what has been found on object halluci-
nation, more attention to visual tokens does not exclude
verb hallucination.

Token Uncertainty

Token Uncertainty and Hallucination We dig into the
uncertainty (Zhou et al. 2023) of MLLMs via visualizing
the distribution of probabilities of predicted tokens of the
widely-used open-sourced LLaVA V1.5. From Fig. 9, we
can see that there is a substantial difference between cor-
rect answers and hallucinated answers: hallucinated tokens
are mostly given with low probability, which means that the
model is confused about the answers. For Yes-or-No ques-
tions, we visualize questions to which the model gives an-
swers Yes and No separately. The observations are:

1. LLaVA V1.5 tends to answer Yes with high confidence,
but No with relatively lower confidence.
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2. Non-hallucinated answers are given with higher confi-
dence than hallucinated ones, regardless of Yes and No.

3. For MC questions, answers given by LLaVA V1.5 with
higher confidence are very likely to be correct.

In conclusion, MLLM verb hallucination has something in
common with MLLM object hallucination. Uncertainty is
strongly related to MLLM verb hallucination.

mAP vs. Acc A natural question is, does low accuracy
mean poor verb understanding? For example, in Tab. 1,
LLaVA V1.5 shows an accuracy of 52.16 on YN questions
with object references. To answer this question, we com-
pare its performance with a strong baseline: HICO-finetuned
CLIP (Radford et al. 2021) with outstanding results (Li et al.
2024b). To rule out the influence of objects, we test mAP un-
der the “Known Object” setting (Chao et al. 2015). We use
the probability of Yes tokens to calculate mAP. LLaVA V1.5
achieves an mAP of 68.41 while HICO-finetuned CLIP has
an mAP of 60.45. The detailed AP gap of each HOI class
is in Fig. 11. LLaVA V1.5 outperforms CLIP in most HOI
classes. This means that LLaVA V1.5, although showing se-
vere verb hallucination, does know well which verbs an im-
age is more likely to contain. Therefore, one of the sources
of verb hallucination is the mis-calibration of tokens.

Field of View and Uncertainty Previous research (Chen
et al. 2024c; Zhang et al. 2025a) has revealed the use of
field of view ensembling in hallucination mitigation. (Zhang
et al. 2025a) has shown the influence on the change of to-
ken uncertainty. We also try to analyze the effect of field
of view cropping on MLLM verb understanding. We select
from HICO a set of images. For each image, there is only
one HOI instance (to rule out the disturbance of multiple
instances). The HOI instance is also small enough so that
cropped images are substantially different from the original
images. The token uncertainty on MC questions visualized
in Fig. 10 shows that the uncertainty and accuracy do not
change much: different from object, verb understanding is
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Figure 10: The influence of crop size on token uncertainty.
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not substantially affected by the field of view: MLLMs do
not always know the verb concepts in the area.

Hallucination Mitigation Methods
Training-Free Methods

OPERA (Huang et al. 2024), VCD (Leng et al. 2024), and
Nullu (Yang et al. 2025) are outstanding training-free hallu-
cination mitigation methods. They do not require fine-tuning
and thus are low-cost and have more general applicability.

We present the results of OPERA in Tab. 5, showing
the marginal or even negative effect of OPERA. Though
OPERA tries to punish overreliance on summary tokens and
force more attention on visual tokens, we have discussed in
Sec. that more attention to visual tokens does not exclude
hallucination. If the reward is given for attention to visual
tokens, hallucination may be worsened.

VCD regards language prior as a hallucination-inducing
factor, uses visual distortion to trigger it, and proposes con-
trastive decoding to mitigate hallucination. The results of
VCD are in Tab. 5. VCD shows inconsistent effects on three
models and thus fails on our benchmarks. To dig deeper,
we compute Qwen-VL’s KL divergence between the orig-
inal token distribution pg(y¢|v, 2, y<¢) and contrasted token
distribution py,cq(yt|v, v', ¢, y<¢)) of 20K samples, and find
that the KL divergence of 18.6K samples is 0, meaning that
MLLMs rely heavily on language prior to understand
verbs, and such prior can not be easily omitted.

Nullu identifies a low-rank hallucination subspace from
truthful and hallucinated responses, projects model weights
into its null space to suppress false priors, and reduces hallu-
cination without high cost. Its negative results in Tab. 5 show
that MLLM layers have not formed reliable distinguish-
ment between truthful and hallucinated verbs.

Influence of Fine-tuning

REVERIE (Zhang et al. 2024), Haloquest (Wang et al.
2024b), and Octopus (Suo et al. 2025) are outstanding fine-
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YNw/obj YNw/oobj | MCw/obj MC w/o obj
acc F1 acc F1 acc acc

LLaVA V1.5 52.16 57.69 59.16 61.79  57.37 51.00
OPERA 4246 53.69 5445 59.23 57.28 51.13
VCD 52.38 58.04 57.86 60.85 54.26 48.94
REVERIE 40.67 52.66 41.9 53.03 37.88 41.32
Haloquest  70.57 64.89 72.73 63.00 55.20 47.45
Nullu 51.99 57.90 59.22 61.78 55.98 53.17
Octopus  52.12 57.73 53.52 58.71 46.59 47.55
Ours 7848 68.13 77.37 61.61 61.73 60.79

Table 5: Comparison on existing methods.

tuning methods, and show decent results on object-centric
benchmarks. Octopus train models to adopt different con-
trastive decoding methods in different cases, while the other
two methods fine-tune models with meticulously designed
training sets. However, these training sets do not contain
much verb knowledge, and we show their limitation in
Tab. 5. To mitigate verb hallucination to some extent with-
out sacrificing MLLM’s ability in other perspectives, we ex-
plore the effect of datasets with rich verb knowledge. We try
to advance the MLLM with Pangea (Li et al. 2024b), which
organizes existing heterogeneous action datasets in a uni-
fied way. It builds a mapping from action labels to abstract
verb semantics. 290 frequent verb nodes in VerbNet (Schuler
2005) are selected and a one-to-290 mapping is built. It gives
us a whole picture of diverse verbs and carries the struc-
ture knowledge of verb relationships. We select 60K sam-
ples from Pangea according to the proportion of the source
dataset and build an instruction-tuning dataset. Details are
in Suppl. Sec. 4. It contains 280 out of 290 nodes in Pangea
P2S mapping and covers a wide range of verb semantics.
Following common practice (Zhang et al. 2024; Wang et al.
2024b), we fine-tune LLaVA V1.5 with LoRA. The results
are shown in Tab. 5. Although Pangea only contains rough
action labels, it proves more helpful to verb hallucination
mitigation than previous training sets. The performance of
the original/fine-tuned model on MMMU (Yue et al. 2024):
32.2/33.0, MathVista (Lu et al. 2024): 23.6/24.5. The result
is not seriously impaired. Our method may also be integrated
into MoE in case of interference. In the future, mining more
action data according to the structured verb semantics and
fine-tuning MLLMs on them can be a promising way to mit-
igate verb hallucination.

Conclusion

In this paper, to our best knowledge, we first reveal MLLM
verb hallucination and build a benchmark to probe it from
various perspectives. Our experiment reveals that MLLMs
suffer from severe verb hallucination in many ways, and
existing training-free hallucination mitigation methods fail.
Fine-tuning is still the most promising way. However, how
to fine-tune existing models efficiently is still a problem to
be explored. Experiments show that MLLM verb hallucina-
tion is quite different from object hallucination. Moreover,
whether there are effective training-free verb hallucination
mitigation methods is still an open question.
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