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Figure 1: Distribution of visual instances in VIDHAL by (Left) public dataset source, categorized by
the five temporal aspects, and (Right) temporal aspects and their sub-aspects.
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Figure 2: Distribution of (Left) correct answer
options for the MCQA task and (Right) optimal
option orders for the caption ordering task.

Figure 1 presents the distribution of visual in-4

stances in VIDHAL by public dataset sources5

and temporal aspects. Additionally, Figure 26

further shows the distribution of ground truth an-7

swers for the MCQA and caption ordering tasks.8

One can observe that both temporal aspects and9

ground truth options are uniformly distributed10

across our benchmark. The distribution of video11

caption lengths and video durations is also pre-12

sented in Figure 3.13

A.2 Dataset Development Pipeline14

Visual Instance Selection To ensure a rich15

coverage of temporal aspects and visual diver-16

sity, we methodically selected video instances from four public datasets: TempCompass [5], Per-17

ception Test [7], MVBench [4], and AutoEval Video [1]. Given the unique characteristics of each18

dataset, we outline the specific guidelines adopted for each dataset below:19

• TempCompass encompasses five temporal aspects: Action, Speed, Direction, Event Order, and20

Attribute Change. As most of these aspects align with those chosen to construct VIDHAL, we21

retain all video instances except those related to speed. TempCompass includes four evaluation22

tasks: MCQA, Yes/No QA, caption matching, and caption generation. Given the conciseness of23

captions in the latter two tasks, their information can often be subsumed within the more detailed24
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Figure 3: Distribution of (Left) caption lengths with an average of 11.2 words, and (Right) duration
of videos in VIDHAL with an average of 15.8s.
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Object Recognition [Object]:
What object does the person use to hit other objects?
What ingredients did the person put in the bowl or on the plate?
Which object was removed by the person from the tabletop?
What geometric shapes did the person put on the table?
What objects did the person hit?
What is the order of the letters on the table at the end?
What letters did the person type on the computer in order?
Distractor Action [Action]:
What is the person preparing?
Motion [Action]:
What happens with the object after being placed on the slanted plane?
What happened once the person removed an object from the tabletop?

Action Recognition [Action]:
What object does the person use to hit other objects?
What objects did the person hit?
What is the person preparing?
Which statement describes better the actions done by the person?
Sequencing [Event Order]:
What letters did the person show in order?
What is the order of the letters at the end?",
In what order did the person put the objects in the backpack?
What is the order of the letters on the table at the end?

Figure 4: Specific skills and corresponding questions from the Perception Test dataset chosen for
VIDHAL instance selection, with the matched aspects indicated in brackets.

QA-based annotations. Therefore, we focus exclusively on MCQA and Yes/No QA annotations to25

create an informative anchor caption.26

• Perception Test spans various skill and reasoning domains to thoroughly evaluate VLLMs’27

perception and understanding abilities. Our inspection of these evaluation dimensions re-28

veals alignment between the semantics, physics, and memory skill areas, as well as de-29

scriptive and explanatory reasoning dimensions, with the temporal aspects of action, or-30

der, and event order. Accordingly, we limit our video selection in Perception Test to31

these specific pillars. Additionally, we review the question templates adopted in these ar-32

eas and select video instances with question-answer pairs that support VIDHAL’s evalua-33

tion objectives. The specific skills and associated questions chosen are detailed in Figure 4.34

• MVBench includes twenty video understanding tasks with question-answer pairs designed to35

challenge the reasoning capabilities of VLLMs. Similar to the Perception Test, we identify the36

tasks relevant to the temporal aspects in VIDHAL and focus on collecting videos belonging from37

these tasks. The specific tasks for each aspect are presented in Figure5. We observe that MVBench38

contains repeated use of certain scenarios across tasks, indicated by similar question templates. To39

enhance caption diversity and minimize redundancy, we limit the number of examples for each40

unique scenario. The collected instances cover all five temporal aspects of VIDHAL.41

• AutoEval-Video evaluates open-ended response generation in VLLMs through questions with42

detailed answers across nine skill dimensions. We focus on instances related to the state transition43

area, specifically assessing changes in object and entity attributes. For each instance, we retain the44

only answers to associated questions as they act as informative, long-form captions for the video.45

Action: Action Sequence, Fine-Grained Action and Fine-Grained Pose
Direction: Moving Direction.
Object: Object Interaction, Object Existence.
Attribute: Moving Attribute, Moving Count.
Order: Action Sequence

Figure 5: Evaluation tasks in MVBench aligned
with temporal aspects in VIDHAL, categorized by
aspect.

Incorrect Anchor Captions A minority of46

videos contain anchor captions misaligned47

with their content, often due to noisy metadata.48

Such discrepancies subsequently lead to49

undesirable hallucinatory captions. To remove50

such instances, we use BLIP2 [3] to calculate51

frame-text matching scores across all video52

frames, selecting the maximum score as the53

representative video-text alignment score.54

Examples with incorrect anchor captions typically achieve low alignment scores, which are discarded55

as noisy instances.56

57

LLM-based Caption Generation We utilize GPT-4o’s [6] text processing and generation capabili-58

ties to generate an anchor caption for each selected video, based on metadata from its original public59

dataset source. This metadata includes QA-based annotations for TempCompass, Perception Test, and60

MVBench, along with long-form answers for AutoEval-Video. The anchor caption is subsequently61

used as input for GPT-4o to generate corresponding hallucinatory captions.62

To ensure the generated hallucinatory captions meet high-quality standards, we employ a detailed63

prompt adopting the following strategies to guide GPT-4o’s output:64
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• Aspect-specific definitions which outline the characteristics of each aspect to be varied, prompting65

GPT-4o to modify anchor captions accordingly.66

• Caption construction guidelines that define the structure, format, and hallucination levels required67

for the generated captions.68

• In-context examples to illustrate the desired form of each hallucinatory caption for each aspect.69

The prompts for generating anchor and hallucinatory captions are shown in Figures 6 to 8, respectively.70

Definitions for each aspect are provided in Figure 9, and aspect-specific in-context examples are71

detailed in Figures 10 to 14. Separate in-context examples are provided for each Attribute subaspect72

of Shape, Size, Color, Count, and State Change to account for their distinct natures.73

You are given one or more questions targeted at content of a video
and their corresponding answers. You are tasked with generating an
appropriate and informative single line caption for the video using
this information given to you. Ensure that you restrict yourself to
only information present in the question-answer pairs provided. If
the answers to the questions provide various types of information,
concentrate on the color related to the subjects and objects in the
video in your caption. Focus on providing clear and concise
descriptions without using overly elaborate language.

<metadata>

Video description:

Figure 7: Prompts used for generating the anchor caption from QA-based annotations.

You are given a long caption describing the content of a video. Your
task is to provide a summarised and concise version of this caption.
Ensure that you keep all essential detail in the original caption.

<metadata>

Video description:

Figure 6: Prompts used for generating the anchor
caption from long-form captions.

Caption Quality Scoring To identify video74

instances with the high quality generated cap-75

tions, we utilize powerful LLMs to evaluate the76

quality of generated captions. The captions are77

assessed is based on three specific criteria:78

• Realism determines whether generated sce-79

narios are plausible.80

• Ordering Quality evaluates whether the hal-81

lucination level ordering is appropriate.82

• Relevance ensures that deviations from the83

anchor caption align with the designated as-84

pect.85

Binary questions are used to evaluate captions for each criterion, assigning a score of 1 for positive86

responses, i.e., "yes", and 0 otherwise. The scores for each criterion are averaged across all models87

and prompts, and then summed across all criteria to produce a final quality assessment score for the88

generated captions of a video instance. We evaluate each set of captions using three LLMs: GPT-4o,89

Gemini-1.5 Flash [8], and LLaMA3 (70B) [2] along with three variants for each binary question.90
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You are a chatbot tasked with generating hallucinatory captions for a video given the input ground truth caption provided. Your objective is to modify
the <aspect> present in the provided caption to generate 2 incorrect captions of different levels of hallucination. <aspect_definition>. The extent
of hallucination of each caption is measured on a scale of 1 to 3 in increasing levels of hallucination, with 1 denoting no hallucinations present and 3
denoting a large extent of hallucination. A description of the extent of hallucination represented by each score is given as follows:

1. The caption contains no hallucination. The caption that representing this score is the ground truth caption.
2. The caption includes moderate hallucination, describing an event that is different from the ground truth, yet possible given the context of the video
3. The caption contains high hallucination, describing an event that is realistic, but typically unlikely to happen given context reflected by the original
caption.

The generated hallucinated captions should follow the guidelines below.

Guidelines:
1. Focus only on modifying the temporal aspect provided in the instruction. Do not change any other temporal aspect associated with objects or subjects in
the video.
2. Keep your modifications brief but coherent. Your generated captions should be of similar length to the original caption.
3. Ensure that your generated captions depict realistic and believable scenarios even as they deviate from the original context. For example, avoid creating
fictitious scenarios such as "Person flying on a broomstick" and "Monkey painting a picture".
4. You may rephrase the provided caption to maintain consistent sentence structure across all captions. However, make sure the factual content of the ground
truth caption remains unchanged.
5. Each generated hallucinatory caption should be of the form <score> : <caption>, <score> takes a value from the hallucination scale defined and
<caption> represents your provided hallucinatory caption.
6. No two generated <caption> should share the same <score>, and each caption should take on a unique level of hallucination from 2 to 3.

Here are some examples of how hallucinatory captions are expected to be constructed.

<in_context_examples>

Now, generate hallucinatory captions for the following video description.

Original Caption:
<anchor_caption>
Hallucinated Captions:

Figure 8: Prompt for generating aspect-specific hallucinatory captions based on anchor captions and
in-context examples.

This ensemble of both models and prompts enhances the robustness of our evaluation.. Figures 1591

and 16 provide details of the criterion-specific quality assessment queries and the prompt templates92

employed for each LLM. We select the top 1,000 examples with the highest quality assessment scores93

to construct VIDHAL.94

A.3 Additional Dataset Examples95

We provide additional qualitative examples of video instances and their corresponding captions in96

Figure 17 for each of the five temporal aspects.97

B Human Validation Details98

B.1 Human Validation Process99

Action: Actions refer to observable movements or activities performed by entities that may involve interaction with objects or the environment in the video.
Direction: Direction refers to the course or path along which objects or subjects move in the video.
Order: Order refers to the sequential arrangement of events that occur in the video.
Object: Objects refer to inanimate, physical entities or items present within the video.
State: State refers to the condition or status of an object or subject, indicating its current properties, position or the phase of action the subject is taking or
phase of process the object is undergoing.
Count: Count refers to the frequency of an action being performed or an event occurring. It may also refer to the number of objects or subjects involved in
an event or interaction.
Color: Color refers to the hue or shade of an object or subject.
Shape: Shape refers to the form or outline of an object or subject.
Size: Size refers to the dimensions or magnitude of an object or subject.

Figure 9: Definitions incorporated into the prompt for generating hallucinatory captions for each
aspect, with separate definitions provided for each sub-aspect in the Attribute aspect.
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Original Caption:
1 : A boy inflates the balloon, which grows vertically.
Hallucinated Captions:
2 : A boy inflates the balloon, which grows horizontally.
3 : A boy deflates the balloon, which shrinks horizontally.

Original Caption:
1 : The bag expands in height as items are being placed inside.
Hallucinated Captions:
2 : The bag expands in width as items are being placed inside.
3 : The bag shrinks in height as items are being placed inside.

Original Caption:
1 : The size of the puddle of water is increasing.
Hallucinated Captions:
2 : The size of the puddle of water is decreasing.
3 : The size of the puddle of water remains unchanged.

Original Caption:
1 : A circle shaped block is placed in a wooden box.
Hallucinated Captions:
2 : A square shaped block is placed in a wooden box.
3 : A star shaped block is placed in a wooden box.

Original Caption:
1 : Cubes are transforming into cylinders.
Hallucinated Captions:
2 : Cubes are transforming into cones.
3 : Cubes are transforming into spheres.

Original Caption:
1 : The clouds form a fluffy circle in the sky.
Hallucinated Captions:
2 : The clouds form a fluffy square in the sky.
3 : The clouds form a fluffy triangle in the sky.

Figure 10: In-context examples for the Size (Left) and Shape (Right) sub-aspects.

Original Caption:
1 : A leaf with holes turns green to red.
Hallucinated Captions:
2 : A leaf with holes turns from green to orange.
3 : A leaf with holes turns from yellow to orange.

Original Caption:
1 : A yellow ball bounces on the ground, and lands in the pool.
Hallucinated Captions:
2 : A red ball bounces on the ground, and lands in the pool.
3 : A blue ball bounces on the ground, and lands in the pool.

Original Caption:
1 : A stationary purple cup appears at the beginning of the video.
Hallucinated Captions:
2 : A stationary blue cup appears at the beginning of the video.
3 : A stationary green cup appears at the beginning of the video.

Original Caption:
1 : The man wearing a jacket performed three backflips.
Hallucinated Captions:
2 : The man wearing a jacket performed four backflips.
3 : The man wearing a jacket performed five backflips.

Original Caption:
1 : Four birds perched on the wire.
Hallucinated Captions:
2 : Five birds perched on the wire.
3 : Six birds perched on the wire.

Original Caption:
1 : One car drove down the road.
Hallucinated Captions:
2 : Two cars drove down the road.
3 : Three cars drove down the road.

Figure 11: In-context examples for the Color (Left) and Count (Right) sub-aspects.

Original Caption:
1 : A red bucket of liquid goes from empty to half full.
Hallucinated Captions:
2 : A red bucket of liquid goes from empty to completely full.
3 : A red bucket of liquid goes from completely full to empty.

Original Caption:
1 : The light in the room is slowly dimming.
Hallucinated Captions:
2 : The light in the room slowly dims, then brightens again.
3 : The light in the room is slowly getting brighter.

Original Caption:
1 : The sky changes from clear to partly cloudy.
Hallucinated Captions:
2 : The sky changes from clear to completely overcast.
3 : The sky changes from partly cloudy to clear.

Figure 12: In-context examples for the State sub-aspect.
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Original Caption:
1 : The man hits another object with a bat.
Hallucinated Captions:
2 : The man hits another object with a racket.
3 : The man hits another object with a broom.

Original Caption:
1 : The ball bounces down the slanted plane.
Hallucinated Captions:
2 : The ball rolls down the slanted plane.
3 : The ball zigzags down the slanted plane.

Original Caption:
1 : A person puts two rectangles and one circle into the bag.
Hallucinated Captions:
2 : A person puts a rectangle, a square and a circle into the bag.
3 : A person puts two squares and a circle into the bag.

Original Caption:
1 : A person puts a bottle in the bag. Then, he puts a book in the bag. Lastly, he puts
a pencil case into the bag.
Hallucinated Captions:
2 : A person puts a book in the bag. Then, he puts a bottle in the bag. Lastly, he puts
a pencil case into the bag.
3 : A person puts a pencil case in the bag. Then, he puts a book in the bag. Lastly, he
puts a bottle into the bag.

Original Caption:
1 : A man writes letters in the following order: A, V, T, Y.
Hallucinated Captions:
2 : A man writes letters in the following order: A, Y, T, V.
3 : A man writes letters in the following order: Y, T, V, A.

Original Caption:
1 : A woman with white coat places a book on the table. She takes two vials of
liquid and mixes them together.
Hallucinated Captions:
2 : A woman with white coat places a book on the table. She takes off her coat.
Then, she takes two vials of liquid and mixes them together.
3 : A woman with white coat takes two vials of liquid and mixes them together. She
then places a book on the table.

Figure 13: In-context examples for the Object (Left) and Event-Order (Right) aspects.

Original Caption:
1 : The people are cooking in the video.
Hallucinated Captions:
2 : The people are chopping in the video.
3 : The people are washing in the video.

Original Caption:
1 : A car is driving down the road.
Hallucinated Captions:
2 : A car is reversing down the road.
3 : A car is being repaired along the road.

Original Caption:
1 : A dog is digging a hole near the tree.
Hallucinated Captions:
2 : A dog is scratching the tree.
3 : A dog is barking at the tree

Original Caption:
1 : An eagle is flying from left to right diagonally upwards.
Hallucinated Captions:
2 : An eagle is flying from left to right horizontally.
3 : An eagle is flying from left to right diagonally downwards.

Original Caption:
1 : The car drives forward and makes a right turn.
Hallucinated Captions:
2 : The car drives forward and continues driving straight.
3 : The car drives forward and makes a left turn.

Original Caption:
1 : The ball on the table rolls away from the camera.
Hallucinated Captions:
2 : The ball on the table rolls from left to right.
3 : The ball on the table rolls towards the camera.

Figure 14: In-context examples for the Action (Left) and Direction (Right) aspects.

Video ID Agreement Score

action_55 0.429
action_88 0
action_90 0.308
action_118 0.200
action_153 0.250
order_60 0.500
order_109 0.154
attribute_90 0.400
attribute_180 0.071
attribute_192 0.188
object_25 0.375
object_170 0
direction_188 0.400

Table 1: Video examples with generated caption
orders misaligned with the human-preferred or-
der during the quality verification process. The
agreement score indicates the proportion of human
respondents who select the ordering generated in
our annotations.

As varying hallucination levels are a distinctive100

feature of our benchmark, we prioritize validat-101

ing the robustness of caption ordering produced102

by our annotation pipeline. Each anchor cap-103

tion is derived from the original video metadata,104

making it the most accurate reflection of the105

video content. Our primary objective is to ensure106

that the ordering of hallucinatory captions aligns107

with human judgment. To achieve this, human108

annotators are shown the video instance along109

with both hallucinatory captions and are tasked110

with selecting the caption that better aligns with111

the video content, as illustrated in Figure 18.112

Each video instance is reviewed by multiple an-113

notators, with the final human-aligned order de-114

termined through a majority vote and compared115

with our automatically generated order.116

B.2 Misaligned Instances117

Table 1 lists video instances that fail to meet the majority agreement threshold established by our118

annotation process. We additionally provide the corresponding human agreement scores for each119

instance.120
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GPT-4o & Gemini-1.5 Flash:
You are provided with a ground truth description of a video, and 2 other captions that contain hallucinations in the aspect of <aspect>. The hallucinated
captions are displayed in increasing order of hallucination, where the first caption contains the least amount of hallucinated elements and the last caption
having significant hallucination. You are tasked with answering a question regarding the quality of the hallucinated captions. Provide your answer as
detailed in the question, without further explanation of your answer.

Ground truth caption:
<anchor_caption>

Hallucinated captions:
<hallucinatory_captions>

Question:
<quality_assessment_question>

Answer:

LLaMA3 (70B):
<|begin_of_text|><|start_header_id|>system<|end_header_id|>
You are provided with a ground truth description of a video, and 2 other captions that contain hallucinations in the aspect of <aspect>. The hallucinated
captions are displayed in increasing order of hallucination, where the first caption contains the least amount of hallucinated elements and the last caption
having significant hallucination. You are tasked with answering a question regarding the quality of the hallucinated captions. Provide your answer as
detailed in
the question, without further explanation of your answer.
<|eot_id|>
<|start_header_id|>user<|end_header_id|>
Ground truth caption:
<anchor_caption>

Hallucinated captions:
<hallucinatory_captions>

Question:
<quality_assessment_question>

Answer:
<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>

Figure 15: Prompt template for evaluating the quality of generated captions for the GPT-4o, Gemini-
1.5 Flash, and LLaMA3 (70B) models.

Realism:
1. Is the scenario presented in caption <option> realistic? Provide your answer only as a single "yes" or "no".
2. Is the event in caption <option> believable? Provide your answer only as a single "yes" or "no".
3. Is the setting present in caption <option> plausible? Provide your answer only as a single "yes" or "no".

Order Quality:
1. Which caption better matches the ground truth description: Caption <option_A> or <option_B>? Provide your answer only as a single number
(<option_A> or <option_B>)
2. Which caption aligns more closely with the ground truth description: Caption <option_A> or <option_B>? Provide your answer only as a single
number (<option_A> or <option_B>)
3. Which caption is more faithful to the ground truth description: Caption <option_A> or <option_B>? Provide your answer only as a single number
(<option_A> or <option_B>)

Relevance:
1. Does hallucinated caption <option> differ from the ground truth caption only in the <aspect>? Provide your answer only as a single "yes" or "no".
2. Is the only difference between hallucinated caption <option> and the ground truth caption the <aspect>? Provide your answer only as a single "yes"
or "no".
3. Did hallucinated caption <option> change the ground truth caption only with respect to the <aspect>? Provide your answer only as a single "yes" or
"no".

Figure 16: Question prompts for evaluating caption quality based on the three assessment criteria.
Prompts with the placeholder <option> are applied individually to the anchor and hallucinatory
captions. For question associated with order quality, <option_A> and <option_B> are replaced
with the corresponding hallucinatory caption options shown to the LLMs.
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C: Person in white vest
performs six sit-ups.

A: Person in white vest
performs three sit-ups.

B: Person in white vest
performs four sit-ups.

Attribute

A: Glacier breaking and
falling into water.

B: Glacier rapidly
melting and falling into

water.
C: Glacier slowly

forming from still water.
A: The traffic lights are
changing from red to

green.

B: The traffic lights are
changing from red to

yellow.

C: The traffic lights are
changing from green to

red.

Object

C: Person eats a salad
with tomato, salad

leaves, and cucumber.

A: Person prepares a
salad with tomato, salad
leaves, and cucumber.

B: Person serves a
salad with tomato, salad
leaves, and cucumber.

A: Person removing a
diary from the tabletop.

B: Person removing a
parcel from the tabletop.

C: Person removing a
towel from the tabletop.

A: Person puts down a
towel.

B: Person puts down a
bedsheet.

C: Person puts down a
pillow.

Action

C: Person demonstrates
a spinning kick.

A: Person demonstrates
a side kick.

B: Person demonstrates
a front kick.

C: The man is juggling
arrows in an archery

activity.

A: The man is shooting
an arrow in an archery

activity.

B: The man is adjusting
the bow in an archery

activity.
A: A dog is driving a car. B: A dog is sitting in a

car.
C: A dog is washing a

car.

Direction

C: A red cylinder moves
up and to the right.

A: A red cylinder moves
down and to the left.

B: A red cylinder moves
down and to the right.

C: The light is rotating
upwards.

A: The light is rotating
clockwise.

B: The light is rotating
counterclockwise.

A: A puppy is walking
out of a wigwam.

B: A puppy is walking
into the wigwam.

C: A puppy is walking to
the side the wigwam.

Event Order

C: Person throws the
pillow, sits on the couch
and opens the laptop.

A: Person sits on the
couch, opens the laptop
and throws the pillow.

B: Person sits on the
couch, throws the pillow
and opens the laptop.

C: Dolphins get fed fish,
swim to the shore and

emerges from the water.

A: Dolphins swim to the
shore, emerges from the
water and get fed fish.

B: Dolphins emerge
from the water, swim to
shore and get fed fish.

A: The person puts a
hoodie, book, laptop,
and pen in the bag.

B: The person puts a
book, hoodie, laptop,
and pen in the bag.

C: The person puts a
pen, laptop, hoodie, and

book in the bag.

Figure 17: Qualitative examples of video instances and their corresponding generated captions in the
VIDHAL Benchmark, across the five temporal aspects.

C Evaluation Pipeline Details121

C.1 Evaluation Task Prompts122

Figures 19 and 20 present the prompts used for the MCQA and naive caption ordering tasks,123

respectively. The same prompt used for both the MCQA task and the paired questions in the124

relative caption ordering task. Our manual inspection of these instances reveals that these videos125

often feature visually complex content, making them challenging even for human annotators.126

Video Instance Verification Question

There are no stationary metal
objects at the start of the video

There is one stationary metal
object at the start of the video

There are two stationary metal
objects at the start of the video

Human RespondentQuestion:

Options:

There is one stationary metal
object at the start of the video

There are two stationary metal
objects at the start of the video

Captions:

B:

A:

Which of the two captions shown
below better describes the content
of the video?

Option B

Automatic Pipeline

Option B

In
cr

ea
si

ng
H

al
lu

ci
na

tio
n 

Le
ve

l

Video:Video:

Figure 18: Pipeline for validating the quality of generated caption orders in VidHal. For each
instance, human annotators are provided with the video and its associated hallucinatory captions.
The annotators then select the caption that best aligns with the video content. The selected response
is subsequently checked for consistency with the caption with lower hallucination according to our
annotation process.
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You are provided with a video and a set of several captions. Your task is to watch the video provided carefully, and select the caption that best describes the
video. Provide your answer only as a single letter representing the option whose caption that best describes the video, without any explanation.

Watch the video provided, and choose the option whose caption describes the video most accurately.

A. <caption_A>
B. <caption_B>

Figure 19: Prompt template for the MCQA and relative caption ordering evaluation tasks.

Watch the video provided, and rank the captions below in order from the most accurate to the least accurate in describing the video. Provide your response
only as a sequence of comma separated option letters matching the corresponding captions. Do not give any additional explanation for your answer.

For example, if option B contains the caption that best describes the video, option A contains the caption that describes the video second best and option C
contains the caption that describes the video least accurately, provide your response as: B, A, C.

A. <caption_A>
B. <caption_B>
C. <caption_C>

Figure 20: Prompt template for the naive caption ordering evaluation task.

C.2 Relative Order Parsing127

Prompting the VLLM to predict the order of captions based on their hallucinatory level in the relative128

caption ordering task involves asking a series of paired questions derived from different caption129

combinations. However, providing the model with all possible pairs at once may result in cyclic and130

non-transitive orderings. To address this, we present each caption pair to the VLLM in a systematically131

selected sequence, beginning with two paired questions. The final paired question is presented to the132

model to resolve inconsistencies if the multiple possible orderings can be derived from the responses133

to the first two paired questions. The responses across all paired questions presented to the VLLM is134

then parsed according to the workflow illustrated in Figure 21.

Y N

Y N

Y N

YN

Y N

Y

Figure 21: Decision tree for determining the final caption order based on VLLM responses to paired
questions in the relative caption ordering evaluation task.

135
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D Additional Experiments136

D.1 Input Order Sensitivity137

MCQA Naive CO Relative CO

0.2

0.4

0.6

0.8

1

LLaVA-NeXT-Video (32B)
VideoLLaMA2 (7B)
VideoLLaMA2 (72B)

Figure 22: Distribution of results of VLLMs across
varied input caption orders for the three evaluation
tasks.

To assess the robustness of VLLM responses138

to the order of displayed captions, we con-139

ducted additional experiments by evaluating140

three VLLMs using a fixed static display order141

across all instances. We repeated this process142

across all different permutations of input caption143

order, presenting the results of these models in144

Figure 22. We observe that the performance of145

these VLLMs is highly sensitive to the order in146

which captions are displayed, reflected by their147

varying results across different order permuta-148

tions. This instability intensifies with smaller149

model sizes, with VideoLLaMA2 (7B) showing150

the highest variance in evaluation results and151

VideoLLaMA2 (72B) the lowest. Our findings152

suggest that VLLMs may be particularly vulnerable to input caption order, potentially confounding153

their performance.154

D.2 Model Consensus155

0.35

0.4

0.45

0.5

0.55

GPT-4o
Gemini-1.5 Flash

Gemini-1.5 Pro

LLaVA-NeXT-Video (32B)

LLaVA-NeXT-Video (7B)

mPLUG-Owl3

VideoChat2

VideoChat2 (Mistral)

VideoChat2 (Phi)

VideoLLaMA2 (72B)

VideoLLaMA2 (7B)

GPT-4o

Gemini-1.5 Flash

Gemini-1.5 Pro

LLaVA-NeXT-Video (32B)

LLaVA-NeXT-Video (7B)

mPLUG-Owl3

VideoChat2

VideoChat2 (Mistral)

VideoChat2 (Phi)

VideoLLaMA2 (72B)

VideoLLaMA2 (7B)

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Average

Gemini 1.5 Pro

Figure 23: (Top) Averaged consensus score of each
respective model, and (Bottom) consensus between
each model pairs. Average represents the average
consensus score across all VLLMs, with Gemini-
1.5 Pro achieving the highest.

We further assess the reliability of VLLM re-156

sponses by measuring their consensus on the157

MCQA task, defined as the proportion of shared158

correct predictions across correctly answered in-159

stances between model pairs. As shown in Fig-160

ure 23, advanced VLLMs typically show higher161

consensus with other models sharing similar per-162

formance. In contrast, smaller models display163

less consistency in reasoning, with VideoChat2164

demonstrating especially low response agree-165

ment among the smaller VLLMs.166
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