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Abstract

Video question answering (VideoQA) aims to answer nat-
ural language questions according to the given videos. Al-
though existing models perform well in the factoid VideoQA
task, they still face challenges in deep video understanding
(DVU) task, which focuses on story videos. Compared to
factoid videos, the most significant feature of story videos is
storylines, which are composed of complex interactions and
long-range evolvement of core story topics including char-
acters, actions and locations. Understanding these topics re-
quires models to possess DVU capability. However, existing
DVU datasets rarely organize questions according to these
story topics, making them difficult to comprehensively as-
sess VideoQA models’ DVU capability of complex story-
lines. Additionally, the question quantity and video length of
these dataset are limited by high labor costs of handcrafted
dataset building method. In this paper, we devise a large
language model based multi-agent collaboration framework,
StoryMind, to automatically generate a new large-scale DVU
dataset. The dataset, FriendsQA, derived from the renowned
sitcom Friends with an average episode length of 1,358 sec-
onds, contains 44.6K questions evenly distributed across 14
fine-grained topics. Finally, We conduct comprehensive ex-
periments on 10 state-of-the-art VideoQA models using the
FriendsQA dataset.

Code — https://github.com/nercms-mmap/FriendsQA
Extended version — https://arxiv.org/abs/2412.17022

Introduction
Video question answering (VideoQA) aims to answer natu-
ral language questions based on given videos, supporting ad-
vanced applications like video grounding (Ren et al. 2024)
and video chatbots (Jin et al. 2024). Early researches on fac-
toid VideoQA focus on questions about actions or objects
in videos (Yu et al. 2019). With the popularity of video lan-
guage model (VLM) and multimodal large language model
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†Chao Liang is the corresponding author.
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DVU (FriendsQA)

Q1: what is the woman doing?
    A. cycling      B. squatting      C. playing instrument       D.drinking soup       E. skiing

Factoid VideoQA (NExT-QA)

22:49

Story topic: Character (C) Action (A) Location (L)

00:1600:00

A woman is cycling on a road with grass growing on both sides.

00:00

Rachel unexpectedly leaves her wedding and moves in with Monica, surprising everyone. Ross, recently divorced, 
is disheartened …Ross gathers his courage from friends and expresses his feelings to Rachel.

Perception (P) Inference (I)Attribution: 

Q1: What is the main action taking place in Scene 2 at Monica's Apartment?
    A. The characters are watching and reacting to a Spanish soap opera.
    B. The characters are having a discussion about relationships.
    C. The characters are preparing and eating a meal together.    
    D. The characters are playing a board game.

Story topic: AL
Attribution: P 

Related time: 05:22-09:27

Q2: How do the characters' reactions to Ross's divorce highlight their different personalities?
    A. They are all supportive and understanding of his situation.
    B. They offer him unsolicited advice and try to fix his problems.
    C. They make light of his situation and encourage him to move on.
    D. They express sympathy but avoid getting emotionally involved.

Story topic: CA
Attribution: I

Related time: 02:00-13:55

Attribution: P 

Figure 1: Comparisons of factoid VideoQA and DVU.

(MLLM) technologies, significant progress has been made
in recent years (Yu et al. 2023).

However, VideoQA models’ performance significantly
declines on deep video understanding (DVU) task. For in-
stance, VideoChat2 achieves 61.70% accuracy on the factoid
NExT-QA dataset but drops to 44.05% on our DVU Friend-
sQA dataset. As illustrated in Figure 1, the key reasons in-
clude: First, regarding question attributes, in addition to per-
ception questions that inquire about visual cues, DVU also
includes inference questions that assess the understanding of
storylines, offering more diverse questions. Second, for the
same perception questions, factoid VideoQA involves short-
range shot-level perception in factoid video depicting sim-
ple events without complex narrative interactions, whereas
DVU involves long-range scene-level (Liang et al. 2009; Xu,
Wei, and Wu 2023) perception in story videos encompass
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Dataset Venue
Fine-grained topic distribution Question Scale Difficulty

Measure
Cross

Episodes# Fin. Top. Gin. Ent. # Que. Vid. Len. (s) # Que.×Vid. Len. (Ks)

MovieQA CVPR’16 6 0.819 2.713 14.9K 202.7 3,020.2 ✗ ✗

TVQA EMNLP’18 8 0.821 2.873 144.9K 76.2 11,041.4 ✗ ✗

TVQA+ ACL’20 5 0.789 2.660 29.4K 61.5 1,808.1 ✗ ✗

HLVU (DVU 22&23) ICMR’20 6 0.773 2.548 455 106 / 4,907 1,010.5 ✗ ✗

DramaQA AAAI’21 - - - 17.9K 3.6 / 91.8 429.9 ✓ ✗

DeepMaven EACL’23 - - - 1K 3,102 3,102.0 ✗ ✗

CinePile CVPRW’24 - - - 200K 160 32,000.0 ✗ ✗

MovieChat-1K CVPR’24 4 0.701 2.203 19.0K 564 10,716.0 ✗ ✗

FriendsQA (ours) 14 0.927 3.794 44.6K 1,358 / 5,390 98,874.8 ✓ ✓

Table 1: Comparisons of existing DVU datasets. Fine-grained topic distribution consider the number of fine-grained topics
exceeding 5% of the dataset (# Fin. Top.) and the balance degree of topic distribution. The Gini index (Gin.) and entropy (Ent.)
are employed to measure the distribution’s balance. Question scale is compared by analyzing the number of questions (# Que.),
the average video length (Vid. Len.), and their product. The proposed FriendsQA dataset offers additional features, including
difficulty measure and cross episodes questioning. The figures around the “/” represent two distinct video input lengths.

MovieQA (14.9K)

DVU 22&23 (455)

TVQA+ (29.4K)

MovieChat-1K (19.0K)

TVQA (144.9K)

P-C

P-A

P-L

P-CA

P-CL
P-AL
P-CAL

I-C
I-A
I-L
I-CA
I-CL
I-AL
I-CAL

Fine-grained 
topics

P I

2 attributions

7 topics

C A L
CA C L A L

CA L

、 、

、 、

⊗

Figure 2: The distribution of 5 datasets questions across the
14 fine-grained topics, based on 7 topics (character (C), ac-
tion (A), location (L) and their combinations) and 2 cogni-
tive attributions, i.e., perception (P) and inference (I).

intricate storylines. In addition, characters and locations in
DVU have specific identities (Sang et al. 2011), i.e., Ross
and Monica’s apartment. Due to these factors, the DVU task
is more challenging. The core of DVU task lies in under-
standing storylines with long-range evolvement, composed
of story topics (Guo, Liang, and Wang 2023), i.e. characters,
actions, locations and their combinations.

Although story topics are essential to analyzing story-
lines, the most of existing DVU datasets (Lei et al. 2018;
Tapaswi et al. 2016; Song et al. 2024) do not organize ques-
tions based on them. We use Gemini 1.5 Pro1 to categorize
questions from 5 classic DVU datasets (Please refer to Ap-
pendix A for more details.) into 14 fine-grained topics we
refer to as in this paper, i.e., 7 story topics, character, ac-
tion, location and their combinations attached to 2 question
attributions, perception and inference (Ammanabrolu et al.
2021). The results are shown in Figure 2. We find that these
datasets tend to concentrate on a limited type of fine-grained

1https://aistudio.google.com/

topics. This situation make it difficult to provide a compre-
hensive evaluation of VideoQA models’ DVU capability.

Furthermore, complex storylines involve long-range
evolvement, necessitating both numerous questions to cover
the entire storyline and sufficiently video length to convey
the storyline clearly. However, as shown in Table 1, exist-
ing DVU datasets either pair a large number of questions
with short videos, such as TVQA (Lei et al. 2018), or fea-
ture longer videos with fewer questions, such as DeepMaven
(Fung et al. 2023). This limitation prevents them from evalu-
ating the model’s understanding of storylines in both breadth
and depth simultaneously.

To address the above two challenges, we propose Sto-
ryMind, a large language model (LLM) based multi-agent
collaboration framework, comprising a generator to gener-
ate questions with 14 fine-grained topics and two reviewers
to remove low-quality ones. We provide the generator with
detailed topic explanations and manually constructed exam-
ples to guide question generation. To ensure balanced topic
coverage, generator will iteratively generate questions until
the number of questions for each fine-grained topic reaches
the predetermined threshold. To ensure dataset quality, only
the question and its answer unanimously deemed reasonable
and accurate by both reviewers will be retained. Moreover,
as illustrated in Table 1, we perform difficulty measure for
each question to accurately evaluate the DVU capability of
various VideoQA models, and introduce cross-episode ques-
tions to augment the challenge of the dataset by covering
more complex storyline.

We apply StoryMind to the popular sitcom Friends, com-
prising 234 episodes with average video length of 1,358s
across ten seasons. This results in a new large-scale DVU
dataset, FriendsQA, with the most diverse and balanced fine-
grained topics. As studied in Table 1, this dataset includes
44.6K questions evenly distributed across 14 fine-grained
topics. Thereafter, we comprehensively evaluate the DVU
capbility of 10 state-of-the-art (SOTA) models on Friend-
sQA, encompassing both VLM-based methods and newly
proposed MLLM-based methods.
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Figure 3: The workflow diagram of the multi-agent collaboration framework StoryMind.

In summary, our contributions are three-fold:

• We devise StoryMind, a LLM-based multi-agent collab-
oration framework to automatically generate and review
large-scale questions with diverse fine-grained topics.

• We construct FriendsQA, a large-scale DVU dataset
comprising 44.6K questions with 14 fine-grained topics
tailored for thorough DVU evaluation

• We conduct extensive evaluations of 10 SOTA VideoQA
models on FriendsQA.

Related Work
In this section, we briefly overview the VideoQA datasets,
encompassing factoid VideoQA and DVU datasets.

Factoid VideoQA Datasets
Factoid VideoQA dataset (Xu et al. 2017; Yu, Kim, and Kim
2018; Garcia et al. 2020; Li et al. 2020; Yang et al. 2021;
Mangalam, Akshulakov, and Malik 2023) mainly focus on
simple visual fact in short-range, such as object recogni-
tion, action recognition, spatial and temporal understanding
in shot level. ActivityNet-QA (Yu et al. 2019) focuses on
actions recognition, spatial relationships, and temporal re-
lationships. It contains 58K human-annotated QA pairs on
5.8K videos from ActivityNet (Fabian Caba Heilbron and
Niebles 2015). NExT-QA (Xiao et al. 2021) delves videos
featuring object interaction, and there are 52K manually an-
notated questions including temporal, and descriptive ques-
tions. A notable distinction of these datasets is that they fo-
cus on short-range understanding of video with out complex
storyline. This is a major factor contributing to the signifi-
cant performance gap between factoid VideoQA and DVU.

DVU Datasets
Story videos, such as TV shows, are composed of complex
interactions and long-range evolvement of core story topics.
Understanding these topics requires models to possess deep
video understanding (DVU) capability. Early work, such as
PororoQA (Kim et al. 2017), focused on scene-dialog story-
telling without complex storylines. Recent research has in-
creasingly shifted towards understanding complex storylines
in story video. However, as illustrated in Figure 2, the major-
ity of current DVU datasets (Tapaswi et al. 2016; Lei et al.

2018, 2020; Song et al. 2024; Curtis et al. 2020) do not orga-
nize questions based on story topics. This phenomenon indi-
cates existing datasets are difficult to provide a comprehen-
sive evaluation of the VideoQA models’ capability of DVU.

In addition, As shown in Table 1, some DVU datasets con-
tain a large number of questions but are paired with short
videos less than 5 minute, e.g., TVQA (Lei et al. 2018).
Conversely, the other datasets encompass long videos (ap-
proximately 90 minutes). e.g. HLVU (Curtis et al. 2020).
Recently, the DVU 2022 (Curtis et al. 2022) and DVU 2023
(Curtis et al. 2023) grand challenges2 have comprehensively
addressed on HLVU dataset. Nevertheless, These datasets
often have a limited number of questions. For example,
HLVU and DeepMaven (Fung et al. 2023) have fewer than
1K questions, and the largest, MovieChat-1K (Song et al.
2024), has only 19K questions. It hinders the evaluation
of the model’s understanding of storylines in terms of both
breadth and depth simultaneously.

Particularly, There are some movie/TV-based datasets
(Yang and Choi 2019; Ma, Jurczyk, and Choi 2018; Chen
et al. 2021) for story understanding in the NLP domain.
Specifically, compared to script-based QA dataset also
named FriendsQA (Yang and Choi 2019), ours has two key
differences: (1) In the question generation phrase, we explic-
itly add spatio-temporal information, such as timeline and
character detection boxes obtained from video, to better suit
the DVU task. (2) In the question answering phase, we pro-
vide video with QA pair as the basis of answering questions.

StoryMind
To reduce the labor costs, we propose StoryMind, a multi-
agent collaboration framework. It can automatically gener-
ate large-scale questions with conprehensive and balanced
fine-grained topics. As shown in Figure 3, it mainly consists
of four stages, data preparation, question generation, ques-
tion filtration and difficulty measure.

Data Preparation
The data preparation phase is responsible for converting the
metadata into video information.

2https://sites.google.com/view/dvuchallenge2023/home
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Scene: 1, Location: Central Perk
Chandler, Joey, Phoebe, and Monica are there.

(00:49-00:52) Monica: There's nothing to 

tell. It's just some guy I work with.

(00:52-00:55) Joey: Come on. You're going 

out with a guy.
…

Script

Character Recognition & Detection

…
00:52 00:55

Scene: 1, Location: Central Perk

Chandler, Joey, Phoebe, and 

Monica are there.

(00:49-00:52) Monica: There's 

nothing to tell. It's just some guy I 

work with.

Boundingbox: Joey: [687, 114, 

1297, 1319]

(00:52-00:55) Joey: Come on. 

You're going out with a guy.
…

Video Information

…
Joey

Insert

Figure 4: The flowchart of data preparation.

Metadata The script and episode video represent the tex-
tual structure and visual presentation of the storyline, respec-
tively. Therefore, we use them as the metadata for question
generation. The script from PAINS dataset (Niu et al. 2023)
contains multiple scenes, with each scene detailing the loca-
tion, the main characters involved, and aligning the dialogue
with the video timeline, as shown in Figure 4. It provides
the generator with a complete storyline evolvement ensuring
that the generated questions are more accurate and closely
aligned with the storyline. The timeline allows the generator
to accurately generate the start and end timestamps corre-
sponding to each question, facilitating the subsequent calcu-
lation of difficulty scores.

Video Information We apply the shot-based instance
search method (Li et al. 2023) to detect and identify charac-
ters in the episode with, obtaining detection bounding boxes.
This additional visual information allows the generator to
generate questions with positional details, i.e., left, and right,
thereby increasing questions complexity. Finally, we insert
the bounding boxes into the script according to the timeline,
as shown in Figure 4, creating a crucial component of the
question generation prompts, which we refer to as the video
information. Notebly, to enquire the more complicated sto-
rylines, we specifically designed cross-episode questions by
concatenating 4 consecutive episodes3.

Question Generation
The question generation stage aims to produce questions
with diverse and balanced fine-grained topics. We intro-
duce Gemini 1.5 Pro as generator and prompt the genera-
tor with video information, descriptions of the fine-grained
topics and questions examples, as illustrated in Figure 5(a).
Video information is the output of data preparation stage
that record the script, timeline, and character positions. De-
scriptions of the fine-grained topic contains the description
of 2 attributions (P, I) and 7 topics (C, A, L, CA, CL, AL
and CAL). Questions examples include manually designed
examples for each fine-grained topic to assist the genera-
tor in better understanding the fine-grained topics. All of

3We choose 4 episodes because the scripts from 4 episodes
reach the generator’s context limit.

(a)Prompt for Generator

Video description: 
Scene: 1, Location: Central 
Perk
Chandler, … are there.
(00:49-00:52) Monica: 
There’s nothing to tell. …

Question type: 
Comprehension is divided 
into 2 attributions and 7 
topics.
Attributions: P, I.
Description: For questions 
of perception (P), it can be 
obtained from the 
appearance of the video…
Topics: C, A , L, CA, CL, 
AL, CAL
Description: We focus on 
seven core topics of …

Question examples: 
...
Attribution: P Topic: AL 
(1) What action is taking 
place in Scene 3 at Central 
Perk?
…

System: You are an expert 
in long story video …

Generator

Question: At the beginning of 
Scene 1, what are the characters 
doing at Central Perk?
Choices:
[A. Drinking coffee and talking,
B. Eating lunch and…, 
C. Playing games and …,
D. None of the above]
GT: Drinking coffee and 
talking 
Attribution: P Topic: AL
Basis: clearly shows in scene
Related times: ['00:49-05:07']
Related characters: [Chandler, 
Joey, Phoebe, Monica, Ross]
Related locations: [Central 
Perk]

Question … Attribution Topic
At the… … P AL
… … … …

(b) Questions Database

(d) Feedback: 
Question of Attribution: P, Topic: C, there 
are only 10 questions of this type, please 
generate more questions about this type.
…
Question of Attribution: P, Topic: AL, 
question is enough, please don't generate 
question about this type anymore! … 

(c) Type 
Distributions 

Figure 5: The iterative flowchart of question generation.

them help the generator understand the categorization of
fine-grained topics and generate corresponding questions.

In addition, to ensure a balanced distribution of questions
across each fine-grained topic, we require the generator to
specify the fine-grained topic categorization of each ques-
tion and save the information into question database (Figure
5(b)). This allows database to track the distribution across
all fine-grained topics (Figure 5(c)). To prevent the gener-
ator from focusing solely on one topic, we devise a feed-
back mechanism. The database checks the number of ques-
tions for each fine-grained topic against a same threshold. If
a topic falls below the threshold, the database will provide
feedback to generator with generating more questions for
that topic. Otherwise, the opposite feedback will be given
(Figure 5(d)). The generator will iteratively generate ques-
tions until all topics reach the threshold.

As illustrated in generated result of Figure 5, we require
the generator to output additional information for each ques-
tion, such as choices list and ground truth (GT). Since the
video information contains a complete timeline, character
and location information, we require the generator to spec-
ify the related time, characters, and locations associated with
each question. These will be used for subsequent difficulty
measure. Please refer to Appendix B.1 for more details.
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Prompt for Reviewer

System: You are very good at reviewing questions…

Video information: 
Scene: 1, Location: Central Perk
Chandler, Joey, Phoebe, and Monica are there.
(00:49-00:52) Monica: There's nothing to tell. It's just 
some guy I work with.
…
Generated questions:
Question: At the beginning of Scene 1, what are the 
characters doing at Central Perk?
Choices [Drinking coffee and talking, Eating lunch and 
discussing work, Playing games and listening to music, 
None of the above];
…

Relevant requirements: 
[Rule 1, Rule 2]

Reviewer 1 Reviewer 2

Retain
question

Relevance ?

(a)

(b)

Correctness ?

Drop
question

N

Y

N Y

Figure 6: The flowchart of question filtration.

(a) Length difficulty ( )

22:4900:00

00:49 05:07Relevant:

Whole:

(b) Content difficulty ( )

Relevant:

Whole: … …

Count (characters) Count (locations)+
+
+

Figure 7: Illustration of two difficulty factors.

Question Filtration
Question filtration aims to filter out incorrect questions. We
introduce Gemini 1.5 Pro and Claude 3.5 Sonnet4 as two
reviewers to automate the process. The prompt is meticu-
lously designed for them as shown in Figure 6 (For complete
prompt, please refer to Appendix B.2), which mainly con-
sists of three parts, video information, generated questions
and relevant requirements. Video information is the output
of data preparation. It ensures reviews to be on the same
level of obtaining storylines as the generator, allowing them
to fairly assess the questions’ accuracy. Generated questions
is the output of question generation phase. Reviewers evalu-
ate the generated questions based on the video information.
Relevant requirements include two rules:

• Rule 1 The question must be relevant to the video and
can be answered with GT from the generator.

• Rule 2 Among the 4 choices, there must be only one cor-
rect answer, and three wrong answers.

If the both rules are met, the output for the correctness of
the question is True; otherwise, it is False (Figure 6(a)).
Additionally, The unique correct answer selected indepen-
dently by each of the two reviewers must be identical and
consistent with GT (Figure 6(b)).

Difficulty Measure
Difficulty measure aims to assign a difficulty score to each
question to better assess the DVU capabilities of VideoQA

4https://claude.ai/

Dataset Manul Revision
Single Cross

# Num Ratio # Num Ratio

FriendsQA-S1 ✗ ✗ 3,795 100% 995 100%
FriendsQA-M w/o R. ✓ ✗ 3,475 91.57% 894 89.85%

FriendsQA-M ✓ ✓ 3,584 94.44% 905 90.95%

Table 2: Comparison of datasets on first season in different
filtration and type. w/o R. indicates revison are not included.

Type
Dataset

Difference
FriendsQA-S1 FriendsQA-M

single 33.45 33.60 0.15
cross 34.77 35.02 0.25

Table 3: The average accuracy and difference (%) of 10
SOTA models across single and cross-episode questions on
FriendsQA-M and FriendsQA-S1.

models (Zhang et al. 2022). We propose 2 difficulty factors,
i.e., video length and content. Let |V i

w| and |V i
r | denote the

length of the whole video and relevant video for i-th ques-
tion. |Ci

w| and |Ci
r| denote the instance (including charac-

ters and locations obtained from video information) number
of the whole video and relevant video to represent content.
Therefore, we define 2 difficulty scores:
• Length difficulty (σi

l = |V i
w|/|V i

r |). It represent the re-
lationship of length between whole video and relevant
video as shown in Figure 7(a). Larger value indicates
smaller proportion of relevant video length, making it
harder for models to capture the necessary information.

• Content difficulty (σi
c = |Ci

w|/|Ci
r|). It characterizes the

relationship of video content between whole video and
relevant video as shown in Figure 7(b). Larger value in-
dicates less video content of relevant video, making it
harder for models to capture the necessary instance.

Based on the two factors mentioned above, we use the
following formula to calculate the overall difficulty score:

σi =
σi
l

µl
+

σi
c

µc
(1)

where µl and µc represent the average length and content
scores for all questions, which is used to mitigate factor dis-
crepancy. In the “Evaluation” section, we validate the effec-
tiveness of our difficulty measure through experiments.

FriendsQA Dataset
Dataset Quality
Manual Verification Before presenting the dataset statis-
tics, we assess the quality of the FriendsQA generated by
the StoryMind. This evaluation ensures the validity of subse-
quent evaluation. Therefore, we first select 4,790 questions
from the first season (denoted as FriendsQA-S1) and apply
the same requirements as in the previous “Question Filtra-
tion” and manually revise questions with incorrect options
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P 49.7% I50.3%

C
13.8%

A 13.5%

L
17.9%
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CL
12.3%

16.3%
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12.7%
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13.5%

C
13.8%

A 15.0%

L
16.5%

CA

CL
10.9%

16.7%

AL13.0%

CAL 

14.1%

Figure 8: The distribution of fine-grained topics.

(e.g., the correct answer is A but B is selected). In the sub-
sequent experiments, we use the manually verified dataset
with revision (denoted as FriendsQA-M).

Manual v.s. Automatic The comparisons between
FriendsQA-M and FriendsQA-S1 are shown in Table 2. For
single-episode questions, 91.57% are retained directly with-
out revision (denoted as FriendsQA w/o R.), and 94.44% are
retained with revision. For cross-episode questions, these
figures are 89.85% and 90.95%, respectively. Furthermore,
we conduct analysis of the accuracy difference of 10
SOTA models (will be elaborated in the latter “Evaluation”
section) on FriendsQA-S1 and FirendsQA-M, as shown in
Table 3. The average differences between them are 0.15%
for single-episode questions and 0.25% for cross-episode
questions. These results demonstrate the high-quality of the
FriendsQA and the effectiveness of the StoryMind.

Dataset Statistics
Dataset Scale We applied StoryMind to the classic sitcom
Friends, which contains 234 episodes with average length of
1358s. It leads to a large-scale dataset, FriendsQA, with over
44.6K questions, covering 14 fine-grained topics. The num-
ber of single-episode and cross-episode questions are 35,222
and 9,470, respectively, in approximately a 4:1 ratio. Exam-
ples for 14 fine-grained topic in FriendsQA are elaborated in
Appendix C.

Fine-grained Topic As illustrated in Figure 8, The pro-
portion of P and I questions is nearly 50%, and for specific
topics, like the CL with the lowest proportion of I questions,
it still accounts for 10.9%. This indicates that the questions
are evenly distributed across the 14 fine-grained topics. The
distribution is the same for single and cross-episode ques-
tion, which is detailed in Appendix D.

Difficulty Finally, to facilitate the analysis of results in
conjunction with question difficulty, we sort the questions in
ascending order of difficulty score σi and divide them into
three levels, easy, medium and hard based on a 9:3:1 ratio.
The average difficulty scores of the 14 fine-grained topics
across different difficulty levels are shown in the Figure 9. It
can be observed that the difficulty of P questions tends to be
higher than that of I questions across all three levels.

Evaluation
Setting
Baseline We benchmark 10 SOTA models over the past
two years and categorize these models into two groups:

P-C
P-A

P-L
P-CA
P-CL

P-AL
P-CAL

I-C
I-A

I-L
I-CA
I-CL

I-AL
I-CAL

Easy
P-C

P-A
P-L

P-CA

P-CL
P-AL

P-CAL
I-C

I-A
I-L

I-CA

I-CL
I-AL

I-CAL

Medium
P-C

P-A
P-L

P-CA

P-CL
P-AL

P-CAL
I-C

I-A
I-L

I-CA

I-CL
I-AL

I-CAL

Hard

[0.2, 0.4, 0.6, 0.8, 1.0] [2.4, 2.6, 2.8, 3.0, 3.2] [5, 7, 9, 11, 13]

Figure 9: Overall difficulty score on different levels. The
numbers in [·] are coordinate values for each circle.

(a) Average content and length
difficulty for P and I questions.

(b) The impact of the 2 difficulties on 
the average accuracy of 10 models.

0
0.5

1
1.5

2
2.5

3
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Figure 10: The influence of the two difficulties on accuracy

• MLLM models including Chat-Univi (Jin et al. 2024),
MA-LMM (He et al. 2024), MovieChat (Song et al.
2024), SeViLA (Yu et al. 2023), TimeChat (Ren et al.
2024), Video-ChatGPT (Maaz et al. 2024), VideoChat2
(Li et al. 2024), VideoLLaMA2(Cheng et al. 2024). Ex-
cept for SeViLA, which uses FlanT5-XL 3B (Chung
et al. 2022) as backbone, all other MLLM models, use
various versions of the LLaMA model (Touvron et al.
2023a,b) as backbone. For these models, we consistently
use the 7B parameter version of LLaMA as the backbone.

• VLM models including Vid-TLDR (Choi et al. 2024)
and VIOLETv2 (Fu et al. 2023). We use the weights
fine-tuned on MSRVTT-QA, the most commonly used
VideoQA dataset, to ensure fairness.

Implementation Details We set models in zero-shot
question-answering settings on FriendsQA, with official de-
fault configurations. Evaluation is performed with the max-
imum frames supported by each model while staying within
48GB capacity of RTX A6000 GPU. More implementation
details of 10 tested models are elaborated in Appendix E.

Evaluation Metrics We use accuracy (Li et al. 2023) as
metrics, which is calculated by dividing the number of cor-
rect answered questions by the total number of questions.

Evaluation Result
MLLM v.s. VLM Table 4 shows an overall result of 10
models. By comparing MLLM models and VLM models,
we find most MLLM models achieve better performance.
This may be due to the fact that MLLMs utilize LLM
as backbone, having greater language comprehension abil-
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Att. Top.
MLLM VLM

AVG
Chat-UniVi MA-LMM MovieChat SeViLA TimeChat Video-ChatGPT VideoChat2 VideoLLaMA2 VIOLETv2 Vid-TLDR

P

C 26.27 / 23.85 29.84 / 35.90 17.76 / 21.24 35.87 / 40.75 18.07 / 15.28 15.82 / 17.52 23.53 / 30.31 28.87 / 44.47 26.71 / 22.11 21.33 / 22.61 24.41 / 27.40
A 25.77 / 41.79 30.47 / 36.48 24.51 / 22.06 39.19 / 27.03 19.26 / 17.41 25.39 / 20.07 22.70 / 34.16 32.10 / 42.45 27.07 / 28.86 22.53 / 26.87 26.90 / 29.72
L 24.77 / 34.62 32.79 / 43.24 17.56 / 19.32 27.79 / 34.03 21.53 / 5.65 15.41 / 16.05 29.19 / 34.77 37.54 / 45.32 28.52 / 25.56 24.07 / 27.04 25.92 / 28.56

CA 30.77 / 30.84 29.42 / 31.95 16.07 / 22.03 28.38 / 33.29 22.71 / 14.32 15.07 / 15.79 23.78 / 27.29 33.27 / 35.37 25.53 / 28.40 24.38 / 23.75 24.94 / 26.30
CL 27.43 / 27.41 31.05 / 42.27 19.00 / 18.99 34.96 / 31.24 14.46 / 5.51 16.73 / 12.10 27.34 / 36.75 32.55 / 37.67 28.16 / 27.72 21.26 / 24.50 25.29 / 26.42
AL 31.58 / 40.70 29.77 / 47.51 21.95 / 22.76 34.39 / 31.56 18.46 / 6.48 24.25 / 18.94 24.71 / 38.70 34.80 / 45.68 28.96 / 29.07 25.34 / 27.24 27.42 / 30.86

CAL 30.74 / 27.62 29.94 / 41.77 19.86 / 22.31 31.88 / 37.14 19.68 / 7.35 16.12 / 13.20 25.36 / 29.93 35.01 / 37.14 28.36 / 30.20 25.67 / 23.27 26.26 / 26.99

I

C 38.62 / 30.03 49.16 / 42.90 23.24 / 23.43 36.10 / 47.36 31.79 / 13.53 25.40 / 22.77 39.02 / 43.56 52.24 / 57.43 28.83 / 31.52 25.36 / 26.73 34.98 / 33.93
A 57.69 / 72.14 54.67 / 50.88 25.60 / 27.57 34.50 / 25.81 33.46 / 27.86 33.72 / 42.08 55.86 / 76.10 65.57 / 82.26 26.94 / 24.05 29.81 / 35.63 41.78 / 46.44
L 56.91 / 69.04 59.62 / 55.88 26.68 / 32.04 32.94 / 32.20 41.81 / 24.15 32.91 / 44.12 64.32 / 74.46 73.03 / 86.22 29.81 / 30.50 33.27 / 42.57 45.13 / 49.12

CA 42.23 / 46.37 43.93 / 47.72 20.89 / 26.45 32.48 / 34.32 33.23 / 15.87 26.04 / 27.55 38.00 / 44.53 52.11 / 61.38 30.44 / 33.21 27.06 / 30.75 34.64 / 36.81
CL 39.28 / 56.08 47.29/ 55.57 26.33 / 34.80 32.40 / 34.63 15.64 / 18.75 27.19 / 43.24 44.22 / 67.91 49.38 / 75.84 39.23 / 37.16 26.76 / 40.88 34.77 / 46.49
AL 50.32 / 65.86 49.98 / 45.06 25.63 / 30.33 35.21 / 29.29 26.90 / 22.53 29.27 / 36.92 48.92 / 66.72 59.48 / 74.18 32.84 / 25.13 27.32 / 44.02 38.59 / 44.00

CAL 51.24 / 54.95 51.24 / 39.34 24.70 / 28.83 33.17 / 29.58 29.90 / 18.32 34.37 / 33.18 53.44 / 53.90 64.27 / 63.81 33.69 / 26.73 31.85 / 35.74 40.79 / 38.44

AVG 38.48 / 43.62 41.02 / 43.69 22.03 / 24.96 33.29 / 33.58 25.54 / 15.12 24.18 / 25.48 37.68 / 46.17 47.12 / 55.64 29.46 / 28.50 26.32 / 30.40 32.51 / 34.72

Table 4: The accuracy (%) of 10 SOTA models on FriendsQA. The figures before the “/” denote single-episode questions, while
those after it denote cross-episode questions. Here the bold indicates the best value. Att. means attribution, Top. means topic.
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Figure 11: Accuracy (%) of 10 SOTA models across differ-
ent levels of difficulty in FriendsQA.

ity. Furthermore, extensive language pre-training may have
brought more prior knowledge of reasoning to MLLM.

Attribution As shown in Table 4 that the accuracy of P
questions is significantly lower than I questions for each
model. We calculate the length difficulty σl and content dif-
ficulty σc of both question types. Figure 10(a) shows that
P questions get higher overall difficulty, consistent with the
results. Specific to 2 factors, although σc is similar, P ques-
tions have significantly higher σl. This suggests the shorter
video related to P questions make it harder for the model to
extract relevant information.

Topic By Comparing the accuracy of C, A, L within P and
I in Table 4, We find that models exhibit lower accuracy on
questions involving C. Furthermore, this trend is reinforced
by comparing the accuracy of CA, CL, and AL topics within
the P. This issue may stems from the model’s weakness in
character recognition. Unlike traditional facial recognition,
in this experiment, we do not provide an additional facial
registration database. The model must infer characters by
integrating visual content with subtitles, making character
recognition a challenging task in this context. However, this

pattern is not entirely consistent for cross-episode I ques-
tions. We attribute this exception to the fact that I questions
can also be answered by reasoning about actions or loca-
tions, without solely relying on character recognition.

Difficulty For questions difficulty, we first examine the
impact of the two difficulty factors on model performance.
Figure 10(b) shows the average accuracy of 10 models
across 3 difficulty levels as the two difficulty scores increase.
The downward trend in accuracy as difficulty rises confirms
the effectiveness of these factors. Figure 11 shows the accu-
racy of each models in 3 difficulty levels. As observed, 9 of
10 models are consistent with our expectation, where accu-
racy decreases as difficulty increases. Only SeViLA shows
no significant difference among different difficulty levels. It
might be because SeViLA is the only model fine-tuning on
TVQA including Friends, with more prior knowledge.

Conclusion and Future Work

In this paper, we devise StoryMind, a LLM-based multi-
agent collaboration framework to automatically generate
large-scale dataset, FriendsQA, with fine-grained topics.
FriendsQA builds upon the core C, A, and L story topics of
stories with a large number of questions. We conduct com-
prehensive evaluation on FriendsQA and believe that it will
guide the development of VideoQA methods.

Although FriendsQA represents a significant advance-
ment, it remains in early stages of development. We are con-
tinually refining and expanding StoryMind framework to en-
hance its adaptability and applicability to various types of
story videos. Inspired by (Wang et al. 2020; Nguyen et al.
2024), future work includes extending StoryMind to other
genres and shows with different storytelling styles and wider
range of scenarios, such as movies and dramas.
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