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Abstract
Similar to Language or Image LLMs, VideoLLMs are also
plagued by hallucination issues. Hallucinations in videos not
only manifest in the spatial dimension regarding the percep-
tion of the existence of visual objects (static) but also the
temporal dimension influencing the perception of actions and
events (dynamic). This paper introduces the concept of Mo-
tion Hallucination for the first time, exploring the halluci-
nation phenomena caused by insufficient motion perception
capabilities in VideoLMMs, as well as how to detect, eval-
uate, and mitigate the hallucination. To this end, we pro-
pose the first benchmark for assessing motion hallucination
MHBench, which consists of 1,200 videos of 20 different
action categories. By constructing a collection of adversar-
ial triplet types of videos (original/antonym/incomplete), we
achieve a comprehensive evaluation of motion hallucination.
Furthermore, we present a Motion Contrastive Decoding
(MotionCD) method, which employs bidirectional motion
elimination between the original video and its reverse play-
back to construct an amateur model that removes the influ-
ence of motion while preserving visual information, thereby
effectively suppressing motion hallucination. Extensive ex-
periments on MHBench reveal that current state-of-the-art
VideoLLMs significantly suffer from motion hallucination,
while the introduction of MotionCD can effectively mitigate
this issue, achieving up to a 15.1% performance improve-
ment. We hope this work will guide future efforts in avoiding
and mitigating hallucinations in VideoLLMs.

Benchmark, Code and Appendix —
https://github.com/xzhouzeng/MHBench

Introduction
Language-Vision Large Models (LVLMs) achieve rapid
progress by aligning visual information with textual repre-
sentation space, which has extended to more challenging
text-visual tasks, such as video understanding (Yin et al.
2023; Caffagni et al. 2024; Liang et al. 2024).

Hallucination has been recognized as a prominent con-
cerns that impact the reality and applicability of LVLMs
across domains (Liu et al. 2024a; Li et al. 2023c). One of
the most critical issues is the factuality hallucination regard-
ing the object’s appearance, such as identifying what objects
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Figure 1: Illustration and preliminary evaluation results for
VideoLLMs’ motion context understanding ability in ad-
versarial scenarios. a) shows an example of the triple-
adversarial video group. b) presents the performance of 11
advanced VideoLLM models on this adversarial group.

are present in the image? (Lovenia et al. 2023) However,
in video understanding, the factuality hallucination also ex-
ists in the temporal dimension, making equally significant
of detecting and mitigating hallucinations about the action-
s/events equally important, such as determining what actions
are performed by the person in the video.

With the continuous emergence of video large language
models, recently proposed video understanding benchmarks
have attempted to include action-related evaluation tasks
such as recognition, prediction, and sequence (Li et al. 2024;

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

4401



Liu et al. 2024b). Despite these efforts, there is an un-
resolved question that remains: Whether the VideoLLMs
recognition capability come from the awareness of static vi-
sual elements rather than the continuous motion context?

To validate the existence of the aforementioned issues,
we designed a simple preliminary experiment. First, we col-
lected 100 videos containing single action contents from
the validation set of something2something-v2 (Goyal et al.
2017), and set the equal-length videos of reversing play-
back and fixed frames to form adversarial triplets. Figure
1.a demonstrate an example: for a video depicting the ac-
tion of opening a book, the reversing playback illustrates its
antonym action of closing a book, and the fixed frames show
a closed book placed without any actions.

Then, we propose the same questions to each video in
the adversarial triplets: “Does the video show the process of
⟨action⟩?” where ⟨action⟩ refers to the ground truth action
from the original video.

Intuitively, if the VideoLLM accurately understands the
motion process, it should affirm the action’s existence in the
original video while denying it in the adversarial videos.
However, as shown in Figure 1.b, none of the 11 ad-
vanced VideoLLMs gained satisfactory performances. Some
of them tend to make random responses with bias (such as
MiniGPT4-Video (Ataallah et al. 2024)). Others recognize
the actions in the original videos accurately, while falsely
affirming the action’s existence in the adversarial videos as
well. Notably, none of them were able to generate correct
answers for any video’s adversarial triplet.

Based on the observed phenomena, we propose the con-
cept of Motion Hallucination (MH): VideoLLMs failed to
adequately learn and perceive dynamic changes, leading to
incorrect interpretations of action existence and classifica-
tion. Analogous to hallucinations in image understanding
(Rohrbach et al. 2018) that the responses differ from the spa-
tial existence of objects, motion hallucination can be treated
as a discrepancy between the responses and the temporal ex-
istence of actions. In particular, if VideoLLMs solely rely
on object appearance to infer actions’ existence, they will
inevitably suffer from motion hallucination.

To systematically evaluate motion hallucination in Vide-
oLLMs, we constructed a benchmark dataset called MH-
Bench consists of 1,200 videos and 20 action categories, of
which contains a collection of triple-adversarial videos: 1)
original videos that capture the entire process of the action;
2) antonym videos that depict the completion of the antonym
action; and 3) incomplete action videos that feature the re-
lated objects without completing the action. On the basis, we
designed two tasks of adversarial binary discrimination and
action classification to comprehensively assess the severity
and bias of motion hallucination in VideoLLMs.

Recognizing the causes of motion hallucination, we pro-
pose a simple yet effective mitigation method named Motion
Contrastive Decoding (MotionCD). Specifically, we employ
bidirectional motion elimination with the original video and
its reversed playback to create an amateur model to remove
motion influences while preserving the static appearance. By
performing in contrast with the amateur model, VideoLLMs
can reduce visual reliance and enhance motion perceptions,

thereby mitigating motion hallucination.
We conducted comprehensive experiments to analyze the

motion hallucination issue in video understanding. First,
we performed extensive evaluations of 11 advanced Vide-
oLLMs on MHBench, confirming they universally suffer
from severe motion hallucination issues, which are not ade-
quately reflected in the existing comprehensive VideoLLM
benchmarks. We also analyzed the underlying causes of mo-
tion hallucination severness from the perspectives of model
training and architecture aspects.

Furthermore, we demonstrated that applying MotionCD
can effectively mitigate motion hallucination, achieving up
to a 15.1% performance improvement. We hope this work
can raise awareness of motion hallucination in VideoLLMs
and inspire further progress in addressing this challenge.

The main contributions of this paper are summarized as
follows:
• We demystify motion hallucination in VideoLLMs for

the first time and propose MHBench, the first benchmark
dataset for evaluating motion hallucination.

• We propose the MotionCD method as the motion halluci-
nation mitigation baseline, which constructs an amateur
model through bidirectional motion elimination using
forward-reverse video pairs and performs contrastive de-
coding to enhance the motion perception of VideoLLMs.

• We conduct an empirical study on advanced VideoLLMs
using the MHBench dataset, confirming that existing
VideoLLMs significantly suffer from motion hallucina-
tion and demonstrating MotionCD can effectively miti-
gate this issue.

Related Work
Benchmark for VideoLLMs
To evaluate VideoLLMs’ perception and understanding of
videos, a series of video understanding benchmark datasets
have been proposed, such as Video-Bench (Ning et al.
2023), AutoEval-Video (Chen et al. 2023), MMBench-
Video (Wang et al. 2023) and VideoMME (Fu et al. 2024).
However, most of these benchmarks focus on assessing the
appearance of objects or events in videos without measur-
ing the understanding of continuous actions. Some recent ef-
forts have started to incorporate action evaluation to provide
a more comprehensive assessment of VideoLLMs’ video un-
derstanding (Li et al. 2024; Liu et al. 2024b). ActionBench
tries to evaluate motion hallucination of videos by setting up
action replacement and video reversal to construct antonym
descriptions, and is included by MVBench (Li et al. 2024),
currently the most comprehensive benchmark for video un-
derstanding. MVBench also considers more action-related
aspects, such as sequence, prediction, counting, etc. How-
ever, these action evaluations are typically based on single
videos, making it difficult to determine whether a model’s
understanding of actions and events is rooted in the coherent
motion process or merely in the typical appearance associ-
ated with the actions.

In this paper, we propose an evaluation benchmark MH-
Bench, aiming to make up for the deficiency of motion un-
derstanding evaluation of existing VideoLLM benchmarks.
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By setting up contrasts with videos of semantic antonym/in-
complete actions, our benchmark provides a better assess-
ment of VideoLMM capabilities from the perspective of ac-
tion understanding.

Hallucination in LMMs
Hallucination has become one of the most critical issues in
recent LMM research (Liu et al. 2024a). In image-text mod-
eling, the primary focus is on object hallucination, i.e., the
response includes objects that are not present in the image
(Rohrbach et al. 2018; Li et al. 2023c). Subsequent research
aims to refine its definition and assessment, and extend hal-
lucination evaluation to other visual cues, such as relation-
ships, attributes, counting, and OCR (Jing et al. 2023; Jiang
et al. 2024). In the context of VideoLLMs, some text-visual
hallucination benchmarks extend image-based hallucination
evaluation about static visual attributes to dynamic content,
such as actions, events, and narratives, and input videos as
sequences of images (Guan et al. 2024; Ravi et al. 2024;
Fang et al. 2024). VideoHallucer(Wang et al. 2024) first pro-
poses a comprehensive hallucination detection benchmark
for VideoLLMs, using adversarial binary questions to eval-
uate both factual and non-factual hallucinations related to
object relationships, temporal aspects, and semantic details.
Despite various hallucination evaluation approaches, these
benchmarks primarily focus on hallucinations caused by the
appearance of objects and events, neglecting the evaluation
of motion-related hallucinations. (Ullah and Mohanta 2022)
considers the significance of motion hallucination in video
captions and proposes an evaluation metric from the seman-
tic similarity aspect, which is most akin to our concern.
However, to date, no work has defined or assessed hallu-
cination in VideoLLMs from the perspective of the correct
sequence or completeness of actions or events in videos.

A significant amount of work has been dedicated to
LLMs’ hallucination mitigation, such as contrastive decod-
ing (Leng et al. 2024; Favero et al. 2024), compare and se-
lect (Deng, Chen, and Hooi 2024), or rollback (Huang et al.
2024). Although many text-visual hallucination mitigation
strategies can be extended to video, they are not specifically
designed to address the motion hallucination issue.

To address the aforementioned gaps, we define motion
hallucination and propose MHBench for its evaluation. Be-
sides, we introduce Motion Contrastive Decoding (Mo-
tionCD) as the baseline of motion hallucination mitigation.

Motion Hallucination Benchmark
We introduce the Motion Hallucination Benchmark (MH-
Bench), the first benchmark for evaluating motion hallu-
cination of VideoLLMs. In this section, we first introduce
the construction process of MHBench and then demonstrate
how to define the question-answering tasks for evaluating
the severity and bias of motion hallucination in VideoLLMs.

Dataset Construction
The dataset construction process is illustrated in Figure 2.
We first identified 20 common actions. To minimize the se-
mantic ambiguity, these actions are clearly defined and not

affected by factors like direction or magnitude. Additionally,
each action has a clear antonym, such as lifting vs. throwing,
inserting vs. removing, etc. The detailed definition of action
categories can be referred to in the Appendix.

For each action category, we collect three types of videos:

• Original Videos: A video of the completed process of
executing the specific action, such as rolling a sheet of
unfolded paper into a tube.

• Antonym Videos: A video of the completed process of
executing the antonym action of the original action, such
as unrolling a tube of paper.

• Incomplete Action Videos: A video of still frames or un-
finished action, such as a sheet of unfolded paper placed
on the table, or the action of putting a hand on the paper.

Compared to the original action videos, both antonym and
incomplete action videos contain similar visual objects but
with adversarial motion semantics. Specifically, antonym
movies exhibit semantic opposition to the action, reflecting
the differences in process and intent; while incomplete ac-
tion movies show factual opposition to the action, showing
the differences in process completeness and final status.

We collect videos through three channels to ensure the
variety of content and styles of our dataset: 1) selected from
the validation set of something2something-v2 (Goyal et al.
2017), 2) shot by volunteer members, and 3) collected from
the internet. All the collected videos are checked and labeled
by at least two annotators, those with inappropriate length,
insufficient clarity, or ambiguous content are excluded.

Ultimately, MHBench incorporated 1,200 high-quality
videos, with each action category including 20 samples per
defined action type, ranging in length from 2 to 36 seconds.

Motion Hallucination Evaluation
We set up various question-answering tasks for the motion
hallucination evaluation with two kinds of challenges:

Adversarial Binary Discrimination A typical manifesta-
tion of motion hallucination is the model’s tendency to in-
fer action existence solely based on the static object appear-
ances, regardless of the motion procedure taking place. For
example, once a book appears in the video, the probability of
responding “yes” will raise to both questions of “Can you
see the action of opening the book in the video?” and “Can
you see the action of closing the book in the video”.

To address this issue, we designed an adversarial binary
discrimination QA pair with affirmative and negative ques-
tions. Specifically, for the original and antonymous videos,
the question pair is like: “Does the video show the action
of ⟨action⟩/⟨antonym action⟩?” For the incomplete-action
videos, the question pair is like “Does the video show the ac-
tion of ⟨action⟩/⟨antonym action⟩?” versus “Is the video
showing neither ⟨action⟩ nor ⟨antonym action⟩ in this
video?” We aimed to evaluate the model’s ability to recog-
nize both actions’ existence and non-exist actions’ absence.
Evaluation: Considering the symmetric distribution of the
Yes/No answers to the challenge, the average accuracy (Av-
gAcc) is an adequate metric for evaluating the overall perfor-
mance. We also introduce the accuracy of the questions with
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Generation Pipeline of MHBench

QA Generation

Video and QA example of MHBench  

Data Collection

Generate Action Classification QAs.

Q:  Which of the following actions appeared in the video?

A:  (A) Rolling paper. (B) Unrolling paper. (C) Neither A or B.

Generate Adversarial Binary Discrimination QAs

Q:  Does the video show the action of rolling paper?

A:  Yes.

Action Classification QAs.

Which of the following actions appeared in the video?

(A) Rolling paper. (B) Unrolling paper. (C) Neither A or B.

Adversarial Binary Discrimination QAs.

Does the video show the action of rolling paper?

Is rolling paper happening in the video? 

Does the video show neither rolling paper nor unrolling paper?

a video of rolling paper.

a video of unrolling paper.

a video showing paper but w/o motion.

Corresponding QAs

We carefully selected 20 sets 
of motions for this benchmark.

1. Motion Selection

• Uncovering

• Opening

• Picking up

• Unfolding

• Pushing

• ……

• Unplugging in

• Unrolling

action

Source 1. Videos selected from sth2sth

Source 2. Videos shot by ourselves

Source 3. Videos searched online

2. Video Collection

Too short!

Too ambiguous!

Perfect!

3. Human Curation

• Covering

• Closing

• Dropping

• Folding

• Pulling

• ……

• Plugging

• Rolling

antonym action

Figure 2: Illustration of MHBench construction process and the definition of the motion hallucination evaluation tasks.

respective Yes/No answers, i.e., Yes Accuracy (YesAcc) and
No Accuracy (NoAcc) to evaluate the model capability of
factual confirmation and counterfactual negation. Further-
more, to evaluate the comprehensive understanding ability
of the model to the adversarial actions, we introduce a paired
accuracy metric (PairAcc), which counts the accuracy of
correctly answering both questions in the adversarial pair:

PairAcc =
1

|V |
∑
v∈V

I[δ(pv,1) ∧ δ(pv,2)] (1)

where V is the set of videos, pv,i is the video-question pair
of the video v and its i-th question. δ is the discriminant
function, which returns 1 when the answer is correct and 0
otherwise. I[·] is the indicator function.

Considering the semantic prior and the overreliance on
static visual perception, we also measure the bias of Vide-
oLLMs toward affirmation and negative responses. Follow-
ing (Guan et al. 2024), we introduce Yes Percentage Differ-
ence (PctDiff) and False Positive Ratio (FPR) to measure the
bias in the model’s responses, defined as:

PctDiff =
|{M(p) = yes}p∈P | − |GT (p) = yes}p∈P |

|P |

FPR =
|{M(p) = yes}p∈W |

|W |
(2)

where P is the set of video-question pairs, M(p) and GT (p)
are the prediction and ground-truth answer of the video-
question pair p, and W is the set of video-question pairs with
incorrect answers. A smaller PctDff indicates the model’s
frequency of responding “yes” is closer to the ground truth,
suggesting less discrimination bias. FPR represents the

proportion of “yes” responses among incorrect answers, and
a value closer to 50% suggests less bias.

Action Classification Due to the semantic biases in Vide-
oLLMs, adversarial binary discrimination cannot evaluate
the model’s distinguishability in action. To address this
limitation, we designed a set of ternary-choice questions
for each video: “Which action is included in the fol-
lowing video? A.⟨action⟩, B. ⟨antonym action⟩ and C.
Neither A nor B.” where the options are randomly shuffled
in the actual scenario. The challenge effectively avoids the
ambiguity issues in the adversarial binary discrimination and
provides a more intuitive assessment of the model’s action
classification capabilities. Given the similar object’s appear-
ance, VideoLLMs must rely on their motion-understanding
ability to make decisions.
Evaluation We utilized Macro-Precision, Recall, and F1-
scores to evaluate the performance of the action classifica-
tion task, which comprehensively reflects the model’s action
recognition ability for the multiple-choice challenge.

Motion Contrastive Decoding
Recognizing the cause of motion hallucination, we propose a
simple, training-free hallucination mitigation method called
Motion Contrastive Decoding (MotionCD), as the baseline
for addressing motion hallucination. Inspired by Visual Con-
trastive Decoding (VCD) (Leng et al. 2024) for spatial visual
hallucination mitigation, MotionCD attempts to counteract
the bias and priors of VideoLLMs that overrelying on the
static visual perception by contrasting the output probability
distributions generated from original and amateur models.

Given a text query x and a visual input v, the contrastive
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Reversed Video open close neither

open close neither

MotionCD
Bidirectional Motion 

Elimination

𝒒𝒏𝒐𝒊𝒔𝒆 =
𝒒𝒐𝒓𝒊𝒈 + 𝒒𝒓𝒆𝒗

𝟐

= σ[(𝟏 + 𝜶)𝒒𝒐𝒓𝒊𝒈

−𝜶𝒒𝒏𝒐𝒊𝒔𝒆]

= σ[ 𝟏 +
𝜶

𝟐
𝒒𝒐𝒓𝒊𝒈 −

𝜶

𝟐
𝒒𝒓𝒆𝒗 ]

Hallucination!

Hallucination

eliminated!

VideoLLM

VideoLLM

Motion

𝒑𝒎𝒄𝒅

Figure 3: Illustration of the Motion Contrastive Decoding process. By averaging the probability distributions from the original
and reversed videos, a distribution is generated that removes motion while preserving visual semantics, and then contrast is
applied to suppress motion hallucinations.

decoding allows the model to generate output distributions
from both the original input v and the distorted input v′.
The contrastive probability distribution reduces hallucina-
tion by calculating the difference between the original and
hallucination-tend distributions, denoted as:

pmcd = softmax[(1 + α)qorig − αqnoise] (3)

where qorig = fθ(y|v, x), and qnoise = fθ(y|v′, x), denot-
ing the logit values of LLM prediction of the next token
based on various inputs. α represents the intensity of the
contrast difference between distributions.

Visual contrastive decoding constructs an amateur model
by adding Gaussian noise or Diffusion noise to the origi-
nal visual input, increasing the uncertainty of visual repre-
sentations to amplify hallucinations. For motion contrastive
decoding, the main challenge is generating a distorted prob-
ability distribution that disrupts the motion context of the
original video while preserving the static visual semantics.
The most intuitive approach is to randomly shuffle the video
frames; however, this method makes it difficult to precisely
control the noise intensity. Specifically, random shuffling
indiscriminately weakens the logits associated with non-
action-related vocabulary. Another approach is to reduce the
video sampling rate or omit the video entirely, but these
methods risk losing the appearance of static objects.

As illustrated in Figure 3, we propose a Bidirectional Mo-
tion Elimination (BME) strategy to generate the distorted
distribution. Specifically, we treat the distorted distribution
as the mean of the output distributions from the original
video and the reversed video, expressed as:

qnoise =
fθ(y|v, x) + fθ(y|v̂, x)

2
(4)

where v̂ represents the reversed playback of the video.
Compared to the original video, the logit distribution in

the reversed video shows similar static awareness and mu-
tual exclusive motion perceptions. Therefore, Bidirectional
Motion Elimination can offset the influence of motion con-
text awareness, thereby amplifying the motion hallucina-
tions that VideoLLMs infer based on object awareness. The

contrastive probability distribution can then be expressed as:

pmcd = softmax[(1 +
α

2
)fθ(y|v, x)−

α

2
fθ(y|v̂, x)]

(5)
Notably, by simplifying, the contrastive probability distri-

bution depends only on the logits of the original and reversed
playback inputs, making it easy to obtain.

Following VCD, MotionCD further introduces an adap-
tive plausibility constraint to mitigate indiscriminate lan-
guage biases and common-sense reasoning penalties. This
ensures that the candidate pool is simplified when the output
corresponding to the original input has high confidence.

Vhead(y<t) = {yt ∈ V :

fθ(yt | v, x, y<t) ≥ βmax
w

fθ(w | v, x, y<t)},

pmcd(yt|v, v̂, x) = 0, if yt /∈ Vhead(y<t),

(6)

where V is the output vocabulary of the VideoLLM, and
β ∈ [0, 1] is a hyperparameter for controlling the trunca-
tion of the next token distribution. A larger β indicates more
aggressive truncation to keep only high-probability tokens.

In summary, the output prediction probability of Mo-
tionCD can be expressed as:

yt ∼softmax[(1 +
α

2
)fθ(y|v, x, y<t)−

α

2
fθ(y|v̂, x, y<t)]

subject to yt ∈ Vhead(y<t)
(7)

where yt represents the output of the t-th token sampled
from the logit distribution.

Experiments
In this chapter, we first evaluate the latest advanced Vide-
oLLMs on MHBench to reveal their existing motion hallu-
cination issues, and then we demonstrate the effectiveness of
the proposed MotionCD method in mitigating these motion
hallucinations.

Results on Main Baselines
As shown in Table 1, we conduct a motion hallucination
evaluation on MHBench for 11 advanced open-source Vide-
oLLMs (all standardized to the 7B model size, retaining the
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Models LLM
MVBench MHBench Adversarial Binary Discrimination MHBench Action Classification

Acc PctDiff FPR YesAcc NoAcc PairAcc AvgAcc Macro
Precision

Macro
Recall

Macro
F1

Random - 27.3 0.00 0.50 50.0 50.0 25.0 50.0 33.3 33.3 33.3

VideoChatGPT(Maaz et al. 2023) LLaMA-7B 33.3 -0.05 0.36 53.3 63.9 29.6 58.6 11.1 33.3 16.6
Valley2(Luo et al. 2023) LLaMA2-7B 30.1 0.16 1.0 97.2 0.1 0.0 42.6 26.6 31.7 20.4
VideoChat2(Li et al. 2023a) Vicuna-7B-v0 50.0 0.10 0.56 73.9 43.9 31.5 59.3 44.9 39.0 34.9
Video-LLaVA(Lin et al. 2023) Vicuna-7B-v1.5 43.1 0.17 0.80 53.8 20.4 7.5 31.7 32.5 36.5 30.8
LLaMA-VID(Li, Wang, and Jia 2023) Vicuna-7B-v1.5 40.6 0.27 0.91 62.4 8.7 3.9 35.5 22.5 33.8 27.0
VideoLaVIT(Jin et al. 2024) LLaMA2-7B 43.2 0.46 1.0 99.6 0.0 0.0 47.8 34.2 33.7 29.8
Video-LLaMA2(Cheng et al. 2024) LLaMA2-7B 36.7 0.06 0.97 93.5 3.0 1.4 48.1 19.5 33.3 17.0
MiniGPT4-Video(Ataallah et al. 2024) Mistral-7B 36.5 -0.28 0.09 38.3 91.2 33.5 48.1 38.0 38.0 37.4
VideoChat2-Mistral(Li et al. 2024) Mistral-7B 60.6 -0.38 0.80 96.8 19.9 19.4 58.3 55.4 51.2 50.1
PLLaVA(Xu et al. 2024) Vicuna-7B-v1.5 45.2 -0.33 0.20 14.2 80.5 7.4 47.3 40.3 35.4 28.6
LLaVA-NeXT-Video-DPO(Zhang et al. 2024) Vicuna-7B-v1.5 40.0 -0.34 0.19 13.2 81.5 5.8 47.3 37.8 31.2 26.3

Table 1: Motion hallucination evaluation on MHBench for advanced VideoLLMs. MVBench results are our reproduced out-
comes. The bolded result represents the best outcome, with accuracy presented as a percentage.

original settings of all baselines for fairness). Additionally,
we include the results on the general video understanding
benchmark MVBench as a reference.

Although these models all exceeded random levels on
MVBench, most of them gain unsatisfactory performance
on both adversarial binary discrimination and action classi-
fication tasks on MHBench, with some even failing to sur-
pass random guessing. Most methods show severe bias in
adversarial binary discrimination, i.e., they all tend to make
the same responses to ⟨action⟩, ⟨antonym action⟩ and
⟨incompleteaction⟩ videos, resulting in extremely low per-
formance on PairAcc. The results reveal their high depen-
dence on object appearance and semantic priors, failing to
take the impacts of motion perception into account.

Among the models, VideoChat2-Mistral and MiniGPT4-
Video achieve better performance on the action classifica-
tion task, showing a stronger capability of action discrimi-
nation. However, they still suffer from severe bias in adver-
sarial binary discrimination, indicating their action presence
discriminability is affected by semantic priors. We expect
hallucination mitigation methods can show significant im-
provements in these models. For more detailed experiments
and analyses, please refer to the Appendix.

Discussion Based on the results, we explored potential
strategies for constructing VideoLLMs with reduced mo-
tion hallucinations. Firstly, the top-performing models lever-
age advanced visual encoders that are inherently well-suited
for video encoding, such as UMT-L (Li et al. 2023b) for
VideoChat2 and EVA-CLIP (Sun et al. 2023) for MiniGPT4-
Video. Although some approaches, such as VideoChatGPT
and VideoLaVIT, incorporate mechanisms to align video
context and motion vectors, they are not observed highly ef-
fective in addressing motion hallucinations. Additionally, in-
corporating a sufficient quantity and diversity of video data
during instruction fine-tuning is essential. For instance, the
VideoChat2 series used 1.9 million samples generated by
ChatGPT, drawn from 34 datasets across 6 categories, cover-
ing various temporal tasks, which contributed to its superior
performance. Lastly, the choice of the large language model
backbone significantly impacts video hallucinations. Note

Models Dis Ques MC Ques
PairAcc AvgAcc Macro F1

Video-LLaVA 7.5 37.1 30.8
Video-LLaVA + MotionCD 10.4 45.2 33.9
VideoChat2 31.5 59.3 34.9
VideoChat2 + MotionCD 29.2 59.7 40.9
VideoChat2-Mistral 19.4 58.3 50.1
VideoChat2-Mistral + MotionCD 36.3 65.2 65.2

Table 2: Experimental results of MotionCD on represen-
tative VideoLLM baselines on MHBench. MC stands for
multiple-choice. For more results, refer to the appendix.

that models using Mistral-7B (Jiang et al. 2023) demon-
strate a clear performance edge over those using Vicuna-
7B v0 (Chiang et al. 2023) (e.g., VideoChat2-Mistral and
MiniGPT4-Video vs VideoChat2).

Results with MotionCD
Effectiveness We verify the motion hallucination mitiga-
tion ability of MotionCD to several representative Vide-
oLLMs. We select the optimal hyperparameter settings
through a grid search on the VideoChat2-Mistral model and
extend it to other models. Specifically, the noise intensity
α=20 and the adaptive rationality constraint β=0.1.

As shown in Table 2, applying MotionCD can signifi-
cantly improve performance on various models. In partic-
ular, for VideoChat2-Mistral, the best-performing model,
MotionCD can increase the average accuracy against binary
action discrimination by 6.9%, pair accuracy by 16.9%, and
macro f1-score for action classification by 15.1%. Besides,
MotionCD can effectively suppress the tendency problem in
binary action discrimination, which fully demonstrates its
motion perception enhanced ability.

We conduct further experiments for the effectiveness of
the Bidirectional Motion Elimination strategy by comparing
the token generation from the motion-eliminated and orig-
inal inputs generated probability distributions and analyze
the proportion of different types of errors on the MHBench
multiple-choice questions.
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Figure 4: Evaluation of Bidirectional Motion Elimination and the parameter sensitivity on MHBench multiple-choice questions
using the VideoChat2-Mistral model. (a) Error distribution comparison between motion elimination and original inputs. A/B
options indicate actions, while C represents incomplete or no action. (b-d) Impact of noise intensity α, adaptive rationality
constraint β, and reversed frame ratio on model performance.

As shown in Figure 4.a, our strategy 1) tends to predict no-
action responses, meaning the motions are effectively elim-
inated; 2) increases the error rate in distinguishing between
actions and antonym actions, indicating more pronounced
hallucinations; and 3) maintains the error rate for predict-
ing no action videos as having actions, which suggests that
the strategy effectively preserves visual information without
introducing additional uncertain motion noise.

Ablation Study To demonstrate the effectiveness of our
proposed amateur model construction strategy of Bidirec-
tional Motion Elimination, we compared different strategies
for adding motion noise to input videos (amateur model
construction methods) on VideoChat2-Mistral. As shown in
Table 3, the amateur model construction method based on
BME achieved the best results. We believe that adding noise
to video frame images, static video or no video will affect
the static visual information of the video, and shuffling will
indiscriminately weaken the vocabulary logits that do not
contain action-related information, thereby affecting the dis-
crimination of videos that do not contain action.

We also experimented with different model parameter val-
ues, as shown in Figure 4.b-d. b) When the noise intensity
α = 20, the model performance reaches its peak, indicat-
ing that the model has some motion perception ability, but
it is relatively weak and requires significant amplification to
perform optimally. c) The optimal value for the adaptive ra-
tionality truncation hyperparameter β was 0.1, suggesting
that appropriate constraints can mitigate errors caused by
low-confidence predictions. d) Additionally, we performed
an ablation study on the reversed frames ratio, which corre-
sponds to the degree of motion interference. The overall up-
ward trend indicates that the design of amateur models with
high-intensity motion interference/elimination is crucial for
achieving strong comparative results.

Conclusion
For VideoLLMs, hallucinations extend beyond the static ap-
pearance on spatial dimension to encompass more signifi-
cant challenges in the temporal dimension, known as Motion
Hallucinations. This paper establishes MHBench, a bench-
mark designed to evaluate motion hallucinations in Vide-

Amateur Models Dis Ques MC Ques
PairAcc AvgAcc Macro F1

w/o CD 19.4 58.3 50.1

shuffle 24.3 58.2 58.1
w/o video 16.7 52.2 48.2
add visual noise 30.0 60.2 51.9
static video 9.7 46.6 54.4

BME (ours) 36.3 65.2 65.2

Table 3: Comparison of different motion noise strategies
for amateur model construction on VideoChat2-Mistral. w/o
CD: without contrastive decoding; shuffle: apply a random
frame order; w/o video: remove the video input; add visual
noise: simply follow VCD (Leng et al. 2024); and static
video: repeat a single frame.

oLLMs through various tasks that objectively assess the
models’ motion perceptual capabilities. On this basis, we
propose a simple yet effective motion contrastive decoding
method MotionCD to alleviate the motion hallucinations by
constructing an amateur model using bidirectional motion
elimination to mitigate statistical biases from static appear-
ances. Evaluation of 11 advanced VideoLLMs reveals the
widespread prevalence of motion hallucinations and under-
scores the limitations of current video understanding bench-
marks. Furthermore, we demonstrate that MotionCD signif-
icantly enhances the models’ ability to understand actions in
motion contexts, effectively reducing motion hallucinations.

It is worth noting that we recognize the scale and evalua-
tion granularity of MHBench are still limited. We will keep
working on it to improve its action category, video amount,
and challenge diversity. We also don’t count on MotionCD
to thoroughly solve the motion hallucination problem of the
videoLLMs. Instead, we hope this work can raise awareness
of motion hallucinations among researchers and provide a
solid foundation for future studies in this area.
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