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Abstract

The recent development of Multimodal Large
Language Models (MLLMs) has significantly
advanced AI’s ability to understand visual
modalities. However, existing evaluation
benchmarks remain limited to single-turn ques-
tion answering, overlooking the complexity
of multi-turn dialogues in real-world scenar-
ios. To bridge this gap, we introduce MT-
Video-Bench, a holistic video understanding
benchmark for evaluating MLLMs in multi-
turn dialogues. Specifically, our MT-Video-
Bench mainly assesses 6 core competencies
that focus on perceptivity and interactivity, en-
compassing 1,000 meticulously curated multi-
turn dialogues from diverse domains. These
capabilities are rigorously aligned with real-
world applications, such as interactive sports
analysis and multi-turn video-based intelli-
gent tutoring. With MT-Video-Bench, we
extensively evaluate various state-of-the-art
open-source and closed-source MLLMs, re-
vealing their significant performance discrep-
ancies and limitations in handling multi-turn
video dialogues. The benchmark is pub-
licly available at: https://huggingface.co/
datasets/NJU-LINK/MT-Video-Bench.

1 Introduction

The rapid progress of Multimodal Large Language
Models (MLLMs) has markedly advanced AI’s ca-
pacity to perceive and reason over visual modal-
ities, especially when integrated with natural lan-
guage (Rawal et al., 2024; Wang et al., 2024c;
Chandrasegaran et al., 2024; Yu et al., 2025). Re-
cent systems such as Qwen3-VL (Bai et al., 2025a),
InternVL3.5 (Wang et al., 2025b), and Gemini
3 (Team, 2025c) demonstrate impressive perfor-
mance in single-turn video question answering and
long-form video comprehension. Yet, real-world
human–AI interaction is rarely confined to single-
turn queries. Instead, it typically unfolds as multi-

* Equal contribution. † Corresponding author.

turn dialogues, where users iteratively refine their
questions, shift topics, and expect contextually co-
herent responses grounded in video content. This
interactive setting poses unique challenges: models
must not only recall and integrate prior dialogue
history but also adapt to conversational dynamics,
such as handling topic shifting or gracefully refus-
ing unanswerable queries.

Despite these demands, existing video under-
standing benchmarks (Fu et al., 2025; Wang et al.,
2024b; Zhou et al., 2025; Yu et al., 2025) pre-
dominantly focus on single-turn evaluation, empha-
sizing factual perception of video content—such
as recognizing objects, actions, or temporal re-
lations—while neglecting dialogue-level reason-
ing. A few recent efforts explore long-context or
multi-shot video benchmarks, yet they fall short of
capturing the interplay between perceptivity (faith-
fully interpreting multimodal input) and interactiv-
ity (sustaining natural, user-aware conversations).
Consequently, the community lacks a rigorous and
holistic framework to evaluate MLLMs in realistic
multi-turn, video-grounded dialogues.

To address the above limitations, as shown in
Figure 1, we introduce MT-Video-Bench, a holis-
tic benchmark for evaluating MLLMs in multi-turn
video dialogues. MT-Video-Bench systematically
targets 6 core capabilities spanning perceptivity
(object reference, memory recall, and content sum-
mary) and interactivity (answer refusal, topic shift-
ing, and proactive interaction). The benchmark
comprises 1,000 carefully curated dialogues span-
ning various video domains, including sports, edu-
cation, and daily activities. Moreover, unlike prior
datasets, MT-Video-Bench emphasizes cross-scene
reasoning, long-range dependencies, and interac-
tive adaptability, thereby aligning closely with the
demands of real-world applications.

Based on our MT-Video-Bench, we provide a de-
tailed evaluation of open-source and closed-source
models, highlighting the limitations and perfor-

8105

https://huggingface.co/datasets/NJU-LINK/MT-Video-Bench
https://huggingface.co/datasets/NJU-LINK/MT-Video-Bench


What happens in the first ...? Describe the sequence...

In their cave, Grizzly picks up an empty cardboard  ... 

... What is the single most effective way to prevent 
the spread of infectious diseases...?

According to public health organizations ...

Returning to the video, how does Panda's bubble ...?

The bubble proves very effective. In the garbage ...

...Speaking of birds, what is the 'V' formation ...?

The 'V' formation is a specific flight pattern used by...

...a new character appears. Who is this character...?

The character is Charlie, a tall, gray, Bigfoot-like ...

What is the reason Charlie is so interested in ...?

... because he sees it as a way to protect himself 
from ...

Topic Shifting

......

Single Scene

... appears. What is his apparent profession, and ...?

The man in the formal black tuxedo is a waiter. In ...

According to the ..., what is the name of the cafe...?

The managing director, Berndt Querfeld, states that ...

We see the same waiter... What is he doing during...?

Later in the video ..., the waiter is seen serving ...

A customer ... provided by people like him. What ... ?

A female customer states that the service provided ...

Considering that ..., why is his formal attire and ...?

... because they embody the long-standing, 
traditional ...

What visual evidence ... the tradition he is a part of?

The video presents historical evidence through a ...

Object Reference

......

Cross Scene

(Topic Shifting)

(Topic Shifting)

(Object Reference)

(Object Reference)

Figure 1: Illustration of multi-turn dialogues under single-scene and cross-scene settings. The evaluated questions
corresponding to tasks are marked with underlining, and the scenes involved in the entire multi-turn dialogues are
marked with blue dotted boxes.

mance discrepancies in different abilities. Specifi-
cally, several insightful findings are as follows:

• The perceptual and interactive capabilities of
MLLMs in multi-turn dialogues still have
significant room for improvement. On our
MT-Video-Bench, even the high-performance
closed-source model Gemini-2.5-Pro achieves
only 76.95% overall accuracy, while most
open-sourced MLLMs exhibit accuracies be-
low 60%, except for the Qwen3-VL series.

• Higher scene complexity negatively impacts
the accuracy of fine-grained perception. As
the number of scenes increases from 1-5 to
over 20, even top-tier models like Gemini-
2.5-Pro exhibit a steady decline totaling
13%, highlighting the challenge of long-range
temporal dependencies and precise spatio-
temporal reasoning within highly fragmented
and complex video contexts.

• Context reliability becomes increasingly crit-
ical as dialogue turns accumulate. The sig-
nificant gap between golden context and self-
predicted settings reveals a “cascade effect”,
where early errors accumulate and lead to dia-
logue collapse. However, even under an ideal-
ized golden context, performance consistently
declines as turns grow, highlighting the in-

herent difficulty of sustaining coherence in
extended interactions.

To summarize, the contributions of this paper
are as follows: We identify the critical gap in evalu-
ating multi-turn video-grounded dialogues and pro-
pose MT-Video-Bench, a holistic benchmark that
operationalizes this evaluation via six well-defined
capabilities across 1,000 dialogues and 5,887 QA
pairs. Furthermore, based on extensive experi-
ments, we underscore the challenges and potential
directions for improvement in handling and reason-
ing over multi-turn dialogues, offering a roadmap
for future research and development.

2 Related Work

Multimodal LLMs. MLLMs have become a fo-
cal point in advancing general-purpose intelligence.
By jointly modeling textual and visual modalities,
these models capture cross-modal dependencies
and enhance semantic reasoning (Zhu et al., 2023;
Ma et al., 2024; Zhang et al., 2024a; Wang et al.,
2025a, 2024a). Recent advances have further ex-
tended MLLMs to the video domain (Li et al.,
2023; Cheng et al., 2024; Maaz et al., 2023), en-
abling video understanding to support grounded di-
alogue. For example, Qwen3-VL (Bai et al., 2025a)
fuses a SigLIP-2-based dynamic-resolution ViT
with an interleaved-MRoPE–DeepStack merger to
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Benchmark #QAs Avg. Q/V Long Dialogue #Turns Q. Div. A. Div. Q. Len. A. Len. Task Type (Multi-turn)

MVBench 4,000 1.00 % % 1.00 23.88 6.47 14.79 4.80 -
LongVideoBench 6,678 1.77 % % 1.00 46.07 12.85 51.27 11.24 -
Video-MME 2,700 3.00 " % 1.00 27.33 9.31 15.53 7.26 -
LVBENCH 1,549 15.04 " % 1.00 22.47 6.39 14.12 5.20 -
MLVU 3,102 1.79 " % 1.00 26.21 11.42 17.98 16.91 -
Video-MMLU 15,746 14.78 % % 1.00 16.74 16.57 11.36 10.59 -

SVBench 7,374 36.87 % " 4.29 13.67 22.55 9.97 13.49 OR MR

MT-Video-Bench (Ours) 5,887 43.61 " " 5.89 54.18 75.84 35.51 74.54 OR MR CS AR TS PI

Table 1: Comparison with other benchmarks. Avg. Q/V: the average number of QA pairs per video. Long: whether
the average video length is greater than 10 minutes. Q. Div. and A. Div.: the lexical diversity of questions and
answers, calculated following Lee et al. (2025). Q. Len. and A. Len.: the average number of tokens of questions
and answers, computed with the LLaMA-3.1-8B tokenizer (Dubey et al., 2024). OR: Object Reference. MR:
Memory Recall. CS: Content Summary. AR: Answer Refusal. TS: Topic Shifting. PI: Proactive Interaction.

feed multi-layer visual tokens into the Qwen3 LLM,
achieving unified 256K-token multimodal reason-
ing. InternVL3.5 (Wang et al., 2025b) integrates
InternViT as the vision encoder within a ViT-MLP-
LLM paradigm, further adopting a visual resolution
router and visual consistency learning for cross-
modal alignment.

Video Benchmarks. Table 1 provides a compar-
ative overview of recent progress in video bench-
marks. Specifically, Video-MME (Fu et al., 2025)
and LongVideoBench (Wu et al., 2024) utilize
multi-choice QA to evaluate model capabilities
across various temporal scales. In terms of open-
ended evaluation, MVBench (Li et al., 2024c)
focuses on concise QA tasks to assess funda-
mental multimodal understanding, while Video-
MMLU (Song et al., 2025) emphasizes knowledge-
intensive reasoning. Furthermore, MLVU (Zhou
et al., 2025) and LVBENCH (Wang et al., 2024b)
provide comprehensive assessments specifically tai-
lored for long-video understanding performance.
SVBench (Yang et al., 2025) targets dialogues in
real-time streaming videos to assess understanding
and reasoning. Despite these advancements, sig-
nificant gaps remain in multi-turn dialogue, QA
complexity and diversity, and comprehensive inter-
active assessment, motivating the development of
MT-Video-Bench.

3 MT-Video-Bench

This section provides a detailed presentation of
MT-Video-Bench. We first establish the core task
definitions in Section 3.1, followed by the dataset
construction pipeline in Section 3.2. Sections 3.3
and 3.4 then detail the benchmark statistics and our
evaluation methodology, respectively.

3.1 Task Definition

MT-Video-Bench is designed to comprehensively
evaluate the “Perceptivity” and “Interactivity” of
MLLMs in multi-turn video-grounded dialogues,
emphasizing contextual coherence, cross-scene
video comprehension, and adaptive interactivity.

Perceptivity assesses the model’s foundational
ability to perceive and integrate information from
both the visual video content and the multi-turn
conversational context. This capability is essential
for accurately understanding user queries and gen-
erating contextually grounded responses through-
out the dialogue. It includes:

(1) Object Reference (OR) tests the model’s
ability to resolve implicit references and pronouns,
ensuring accurate mapping to specific video entities
or characters.

(2) Memory Recall (MR) measures the capacity
to retrieve and integrate information from prior con-
versational history to maintain reasoning continuity
and dialogue coherence.

(3) Content Summary (CS) assesses the effec-
tiveness of condensing video and conversational
content into succinct, comprehensive summaries
while preserving semantic fidelity.

Interactivity evaluates the model’s capacity to
conduct coherent, adaptive, and user-aware dia-
logues based on the video content. It focuses
on appropriately refusing unanswerable questions,
smoothly adapting to topic changes, and proac-
tively maintaining engagement. It includes:

(1) Answer Refusal (AR) assesses the model’s
ability to identify queries lacking sufficient visual
evidence within the video and to decline them ex-
plicitly without hallucinating.

(2) Topic Shifting (TS) evaluates how the model
adapts to user-initiated changes in conversational
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Figure 2: An overview of the semi-automatic data construction process of MT-Video-Bench.

focus while maintaining coherence and relevance.
(3) Proactive Interaction (PI) probes the capac-

ity to sustain engagement via clarifications or novel
insights when disinterest is detected, fostering dia-
logue continuation.

3.2 Dataset Construction

With the guidance of task definitions, we next col-
lect and annotate high-quality videos for each task.
Specifically, we design an annotation pipeline in
Figure 2, which involves both automated construc-
tion and rigorous human verification.

Video Collection and Single-Scene Splitting.
The data collection process begins with the man-
ual acquisition of 200 videos from various online
platforms like YouTube, followed by rigorous fil-
tering to ensure quality. Subsequently, we employ
PySceneDetect1 to divide the videos into shorter
clips. Recognizing that these clips are often too
brief to represent complete scenes, we then use the
Gemini-2.5-Flash to generate descriptive captions
for each clip. Finally, the caption-based clip merg-
ing method is iteratively applied twice to combine
related clips into a coherent, single-scene video,
ensuring a seamless and contextually accurate rep-
resentation of the scene. These refined single-scene
videos serve as the core visual content for the sub-
sequent task of generating single-scene dialogues.

Cross-Scene Video Merging. The generation
of cross-scene, multi-turn dialogues necessitates
the retrieval and merging of relevant scenes from
disparate video segments, which serves as a criti-
cal step in creating coherent interactions that span
across multiple visual contexts. Firstly, frames are
extracted from the video at 2 FPS and then filtered

1https://github.com/Breakthrough/PySceneDetect

based on two criteria: sharpness and similarity to
the previous selected frame. The sharpness of each
frame is evaluated by the Laplace Operator to en-
sure that only clear, visually significant frames are
retained, improving the overall quality of the se-
lected frames. To avoid redundancy, frames with
high similarity to the preceding selected frame are
discarded. Specifically, a histogram-based image
similarity calculation method is used to compare
consecutive frames, excluding those with a simi-
larity score above 0.9. This approach ensures that
the selected frames are distinct and capture key
moments in the video.

Following frame selection, object detection is
performed using YOLOv11 (Khanam and Hussain,
2024), and each detected object is then annotated
with a caption generated by the Gemini-2.5-Flash,
providing detailed descriptions for each object. As
the video progresses, a dynamic object memory
bank is maintained, continuously expanded based
on object captions and visual similarities. This
memory bank associates unique object IDs with
their corresponding attributes, enabling the identifi-
cation of the same objects across frames. To merge
relevant scenes, a retrieval step across scenes is per-
formed to select video segments that share common
objects or themes, which are then merged to ensure
continuity both thematically and contextually.

Multi-Turn Dialogues Generation. This pro-
cess employs Gemini-2.5-Pro, which yielded the
highest generation quality in our preliminary exper-
iments, to automate the generation of both single-
scene and cross-scene multi-turn dialogues, based
on the 6 evaluation tasks defined earlier. For each
video, we generate multiple multi-turn dialogues,
each corresponding to different scenes. To deter-
mine the most appropriate task for each scene, we
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(a) Video Categories (b) Task Distribution

(c) Video Duration Distribution

(d) Dialogue Turn Distribution

Figure 3: Overview of MT-Video-Bench. (a) Video Categories. MT-Video-Bench includes videos spanning 5 major
categories, ensuring diverse topical coverage. (b) Task Distribution. MT-Video-Bench consists of a total of 6 tasks
with a relatively balanced distribution. (c) Video Duration Distribution. MT-Video-Bench includes both long and
short videos. (d) Dialogue Turn Distribution. Multi-turn dialogues in MT-Video-Bench involve 5 to 8 rounds.

prompt MLLMs to evaluate the scene’s capabilities,
scoring them on a scale from 1 to 6. Only those
tasks that receive a score of 5 or 6 are selected for
dialogue generation. For multi-turn dialogues span-
ning multiple scenes, we adopt an object-centered
approach for cross-scene question design since ob-
jects serve as the central element around which
events unfold. This approach emphasizes the con-
tinuity and relationships of objects across scenes,
enabling the generation of dialogues that are both
contextually consistent and thematically coherent.

Human Verification. Following the automated
phase, we conduct rigorous human verification to
ensure data quality. First, we examine whether each
dialogue correctly aligns with its intended capabil-
ity dimension. For instance, answer refusal tasks
must test the recognition of absent events, while
object reference must involve effective pronoun dis-
ambiguation. Second, annotators verify that each
question-answer pair is factually grounded in the
video and free from linguistic ambiguities. Addi-
tionally, we assess contextual coherence to ensure
that each dialogue turn follows logically from the
previous conversation history, maintaining a consis-
tent narrative thread. To guarantee the reliability of
these annotations, each dialogue is independently
reviewed by two annotators. In cases of disagree-
ment, a senior annotator facilitates a discussion to
reach a final consensus. This process yielded the
final 1,000 high-quality multi-turn dialogues.

3.3 Dataset statistics

Figure 3 presents the statistics of MT-Video-Bench.
It covers a broad range of topics across 5 main

categories: Movie, TV, Sports, Knowledge, and
Life Record, each with multiple sub-topics, ensur-
ing a diverse and balanced data distribution. A
detailed breakdown of the distribution of video do-
mains is provided in Appendix A.1. With a total
of 1,000 multi-turn dialogues, the data distribution
across the 6 primary tasks in MT-Video-Bench is
relatively balanced, as shown in Figure 3 (b). Fur-
thermore, our dataset features videos of varying
lengths, with most being under 15 minutes and a
small proportion exceeding 15 minutes, thereby en-
suring coverage of both short and long videos. The
number of dialogue turns typically ranges from 5
to 8, with an average of 5.89 turns per dialogue.

3.4 Evaluation Method

In multi-turn dialogues, each new turn depends on
the interactions between users and assistants in pre-
vious turns. This dynamic is particularly crucial in
tasks that involve high interactivity, such as proac-
tive interactions. Therefore, we follow the multi-
turn dialogue evaluation setup used in LLMs (Bai
et al., 2024), leveraging our meticulously curated
dataset as the golden context for dialogue history,
rather than relying on potentially inconsistent self-
predicted context from MLLMs.

Within each dialogue, we distinguish between
target turns, which are specifically designed to
elicit the core capabilities being tested, and sup-
porting turns, which maintain dialogue natural-
ness and provide necessary context. Following
the checklist-based approach (Liu et al., 2024; Lee
et al., 2025), we use Gemini-2.5-Flash to construct
5 yes/no questions exclusively for each target QA
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Models Overall Perceptivity Interactivity

OR MR CS AR TS PI

Closed-Sourced Models

Gemini-2.5-Pro (Team, 2025b) 76.95 71.63 72.45 93.71 57.74 89.67 76.50
Gemini-2.5-Flash (Team, 2025b) 69.90 64.07 67.23 92.45 47.50 83.17 64.98
Doubao-Seed-1.6-250615 (Team, 2025a) 67.40 53.82 57.20 93.21 55.57 81.30 63.30

Open-Sourced Models
Model Size > 8B
Qwen3-VL-32B-Thinking (Bai et al., 2025b) 68.57 58.50 59.11 93.21 52.93 81.72 65.93
Qwen3-VL-32B-Instruct (Bai et al., 2025b) 67.84 55.57 59.94 91.40 50.48 82.88 66.80
InternVL3.5-38B (Think) (Wang et al., 2025c) 58.50 52.03 48.51 77.39 37.84 67.87 67.34
InternVL3.5-38B (No Think) (Wang et al., 2025c) 53.74 47.34 42.85 66.99 34.92 62.23 68.09
4B < Model Size ≤ 8B
Qwen3-VL-8B-Thinking (Bai et al., 2025b) 65.98 54.78 58.21 90.97 45.35 78.01 68.59
Qwen3-VL-8B-Instruct (Bai et al., 2025b) 62.96 53.20 54.48 90.25 44.87 73.45 61.49
InternVL3.5-8B (Think) (Wang et al., 2025c) 58.36 50.70 51.58 73.83 38.83 68.74 66.47
MiniCPM-V4.5 (Yao et al., 2024) 56.84 54.53 48.57 77.86 39.46 61.29 59.35
Qwen2.5-VL-7B (Bai et al., 2025b) 54.92 47.59 44.57 77.26 43.16 60.38 56.57
LLaVA-Video-7B (Zhang et al., 2025b) 53.76 43.00 41.75 82.38 39.07 59.38 56.99
LLaVA-OneVision-7B (Li et al., 2024a) 52.97 42.66 39.97 82.11 36.02 58.98 58.09
InternVL3.5-8B (No Think) (Wang et al., 2025c) 52.20 45.61 39.01 63.59 33.01 60.52 71.46
MiniCPM-o (Yao et al., 2024) 50.39 46.66 39.79 74.80 27.20 56.26 57.64
VideoChat-Flash-7B (Li et al., 2024d) 46.02 41.53 38.28 69.16 24.67 51.37 51.12
LLaVA-NeXT-Video-7B (Zhang et al., 2024b) 45.66 38.87 32.45 79.09 23.79 42.57 57.16
VideoLLaMA3-7B (Bai et al., 2025b) 38.10 41.59 31.15 47.88 29.26 35.53 43.20
InternVideo2.5-8B (Wang et al., 2025d) 38.09 31.64 34.61 41.56 25.55 50.54 44.66
Model Size ≤ 4B
Qwen3-VL-4B-Thinking (Bai et al., 2025b) 62.96 52.18 55.26 91.37 41.67 72.00 65.31
Qwen3-VL-4B-Instruct (Bai et al., 2025b) 59.15 49.29 46.74 83.66 52.99 65.34 56.88
InternVL3.5-4B (Think) (Wang et al., 2025c) 54.58 47.80 45.02 70.52 31.82 62.39 69.96
InternVL3.5-4B (No Think) (Wang et al., 2025c) 49.50 41.87 40.31 60.56 28.14 55.71 70.43

Table 2: Evaluation results on MT-Video-Bench. OR: Object Reference. MR: Memory Recall. CS: Content
Summary. AR: Answer Refusal. TS: Topic Shifting. PI: Proactive Interaction. The best and second-best
performances are highlighted in bold and underlined, respectively.

pair, designed to assess response accuracy and task-
specific performance. Then, rigorous manual val-
idation is employed to revise unqualified check-
lists. During the evaluation process, an automated
LLM-based evaluator provides judgments for each
checklist question based on the model-generated
answers. The score for each multi-turn dialogue
is calculated as the accuracy across the checklist
items of its target turns, ensuring that the metric
purely reflects the model’s performance on the in-
tended tasks without being diluted by supporting
interactions. The final performance for each task
is then calculated by averaging the scores of all
multi-turn dialogues under this task.

4 Experiments

4.1 Experimental Settings

Evaluated Models. For closed-source models,
we evaluate 3 popular models including Gemini-
2.5-Pro (Team, 2025b), Gemini-2.5-Flash (Team,
2025b), and Doubao-Seed-1.6 (Team, 2025a). For
open-source models, we select 21 representative
MLLMs, including Qwen3-VL series (Bai et al.,
2025b), Qwen2.5-VL series (Bai et al., 2025b), In-
ternVL3.5 series (Wang et al., 2025c), MiniCPM
series (Yao et al., 2024), LLaVA-Onevision-
7B (Li et al., 2024b), InterVideo2.5-8B (Wang
et al., 2025e), LLaVA-Video-7B (Zhang et al.,
2024c), LLaVA-NeXT-Video-7B (Zhang et al.,
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(b) Effect of Scene Counts on Each Task (c) Effect of Dialogue Context(a) Distribution of Scene Counts

Figure 4: The distribution of scene counts involved in each multi-turn dialogue, the effect of scene counts on overall
performance and each task performance, and the effect of dialogue context.

2024b), VideoChat-Flash-7B (Li et al., 2024e), and
VideoLlama3-7B (Zhang et al., 2025a).

Input Settings. For most models, we uniformly
sample 128 frames, and each frame is resized so
that its longer side is limited to 720 pixels, with
the other side scaled proportionally. For the In-
ternVL3.5 (Wang et al., 2025c) series, we uni-
formly sample 128 frames, and each frame is re-
sized to 448 × 448, following the model-specific
requirements. For the InternVideo2.5-8B (Wang
et al., 2025d), we uniformly sample 128 frames,
and each frame is resized to 728 × 728 to adhere
to model-specific requirements while minimizing
experimental discrepancies.

4.2 Main Results

As shown in Table 2, we provide the performance
of different MLLMs on our MT-Video-Bench, and
we have the following key observations:

(1) Dominance of closed-source models and
shrinking gaps. Gemini-2.5-Pro maintains a clear
lead as the top-performing model across all evalua-
tion metrics. However, Qwen3-VL-32B-Thinking
shows highly competitive results, even surpassing
Doubao-Seed-1.6 in overall accuracy.

(2) Task difficulty variance and universal bot-
tlenecks. CS is the most mastered task, with top
models frequently exceeding a 90% success rate.
In contrast, AR remains a universal bottleneck, as
even the strongest models struggle to effectively
recognize knowledge boundaries.

(3) Consistent gains from “Think” mode. The
“Think” or reasoning mode consistently yields sub-
stantial performance gains across all model scales.
For example, InternVL3.5-38B (Think) achieves
significantly higher accuracy than its “No Think”
counterpart in both perceptivity and interactivity.

4.3 Further Analysis

Effect of Different Numbers of Scenes. Figure 4
(a) shows the distribution of scene counts involved
in each multi-turn dialogue alongside the perfor-
mance of three models under different scene counts.
We observe that as the number of scenes increases
from 1-5 to over 20, even top-tier models like
Gemini-2.5-Pro exhibit a consistent performance
decline, which suggests that existing MLLMs still
struggle to maintain long-range temporal depen-
dencies and precise spatial grounding when faced
with highly fragmented and complex video con-
texts. Specifically for Gemini-2.5-Pro, Figure 4
(b) highlights that MR and TS suffer the most
pronounced degradation as scene counts increase,
while OR and PI remain relatively resilient.

Effect of Dialogue Context. Figure 4 (c) illus-
trates the impact of three context settings—golden
context, self-predicted context, and no context—on
the performance of Qwen3-VL-8B-Instruct across
diverse tasks. The results reveal that golden con-
text consistently outperforms the other two settings,
underscoring the vital role of accurate history in
multi-turn reasoning. A significant performance
gap exists between golden and self-predicted con-
text, highlighting a severe error propagation issue.

Effect of the Number of Dialogue Turns. Fig-
ure 5 (a) evaluates the models’ performance stabil-
ity as dialogue depth increases from 5 to 8 turns. A
universal performance decay is observed across all
tested models, confirming that extended multi-turn
interactions impose a significant cognitive burden
on contextual reasoning. Notably, while Gemini-
2.5-Pro maintains the highest baseline and demon-
strates relative robustness, InternVL3.5-8B (No
Think) exhibits the most pronounced sensitivity
to dialogue length, with its performance plunging
from 57.18 to 34.63.
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(a) Effect of the Number of Dialogue Turns (b) Effect of the Number of Frames (c) Effect of Input Resolution

Figure 5: Effectiveness of different numbers of dialogue turns and input video parameters on MT-Video-Bench.

Effect of Frame and Resolution Settings. The
impact of different input video parameters on per-
formance is illustrated in Figure 5 (b) and (c). Fix-
ing the resolution at 720 and varying frame counts
(16, 32, 64, 128, 256), the performance generally
improves, confirming the benefits of finer temporal
sampling. However, a capacity ceiling is observed
in the smaller Qwen3-VL-8B-Instruct, where per-
formance saturates at 128 frames and slightly de-
clines at 256 frames. This suggests that for models
with limited parameters, excessive temporal infor-
mation may introduce redundant noise that exceeds
their processing bandwidth. With a constant 128-
frame sequence, increasing resolution from 120 to
960, most models peak in performance at 720p,
after which they plateau or slightly decline, while
Gemini-2.5-Flash continues to show performance
enhancement at higher resolutions, attributed to
the ability to extract incremental information from
ultra-high-resolution visual details.

Figure 6: Effect of different video length on MT-Video-
Bench evaluated across four representative MLLMs.

Effect of Different Video Lengths. Figure 6
shows how video length affects model performance.
While models perform well on shorter clips, a sig-
nificant drop is observed once the duration exceeds
15 minutes. This trend indicates that longer videos
become more complex due to increased event tran-
sitions and long-range dependencies, thereby chal-

lenging models’ ability to maintain high accuracy.

4.4 Case Study

Our error analysis identifies three primary failure
modes: (i) visual-temporal hallucinations, involv-
ing complex entity misattribution and fictitious nar-
rative fabrication; (ii) inter-turn interference, where
models confuse previous historical context or strug-
gle with fluid and seamless topic transitions; and
(iii) conversational passivity, characterized by a
pronounced lack of proactive initiative during pro-
longed multi-turn engagement. Representative ex-
amples illustrating these failure modes are provided
in Appendix C.

Model Spearman Kendall-Tau Pearson

Gemini-2.5-Flash 95.25 87.48 97.01
GPT-4o 93.81 83.17 95.87

DeepSeek-V3 93.34 83.63 94.63

Table 3: Agreement between automated evaluation and
human evaluation across diverse models.

4.5 Agreement Evaluation

To assess the alignment between our automated
evaluation and human judgment, we randomly sam-
pled 20 dialogues for each task, totaling 120 sam-
ples. We recruited three human annotators to eval-
uate the model responses based on the provided
checklists. Following (Ye et al., 2023), we report
the Spearman, Kendall’s Tau, and Pearson correla-
tion to quantify the consistency between the auto-
mated assessors (Gemini-2.5-Flash, GPT-4o, and
DeepSeek-V3) and human judgment. As shown in
Table 3, the automated evaluations demonstrate a
high level of agreement across all metrics, with
Gemini-2.5-Flash (our evaluator) achieving the
highest consistency. These results indicate that
our evaluation pipeline closely aligns with human
preferences and provides reliable assessments.
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5 Conclusion

In this paper, we presented MT-Video-Bench, a
holistic benchmark for evaluating MLLMs in multi-
turn video dialogues. Unlike prior video under-
standing benchmarks that primarily focus on single-
turn factual perception, MT-Video-Bench jointly
and systematically assesses perceptivity and inter-
activity through six carefully defined capabilities.
Our comprehensive evaluation of 24 state-of-the-
art models provides insightful findings, and we
hope our MT-Video-Bench can establish a rigor-
ous foundation for future research, highlighting the
need for models that can reason over long contexts
while engaging in natural, adaptive conversations.

Limitations

MT-Video-Bench covers a specific range of dia-
logue turns, with the potential to explore even
longer interaction sequences for deeper context
reasoning. The current version centers on visual-
textual signals, leaving audio-visual integration for
future iterations. We plan to expand these temporal
and multimodal dimensions in subsequent updates.

Ethical Considerations

Our work introduces MT-Video-Bench, a holis-
tic video understanding benchmark for evaluating
MLLMs in multi-turn dialogues, and does not pose
direct ethical concerns. All videos and annotations
are either synthetically generated or sourced from
publicly available video websites, containing no
personally identifiable information or sensitive con-
tent.
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A Details on the Data Generation

A.1 Distribution of Video Category
To ensure timeliness and diversity, the video col-
lection consists of English and Chinese content
published within the past year. Figure 7 illustrates
the distribution of video domains within the bench-
mark, highlighting the diverse range of content
categories covered in it.

Figure 7: Distribution of video category.

A.2 Details on generation prompts
To ensure the high fidelity and diversity of our data,
we designed a structured prompting framework for
multi-turn dialogue generation. This framework
begins with a unified prompt template that defines
the conversational persona and the global context
for video-grounded interactions. Following the
template, we incorporate task-specific instructions
tailored to our 6 evaluation tasks to ensure that the
generated data matches our ability and task require-
ments. These nuanced requirements guide the gen-
erator to move beyond simple question-answering,
emphasizing contextual coherence, fine-grained
spatio-temporal reasoning, and adaptive interaction
that mimic real-world scenarios.

Figure 8 shows the prompt template, while Fig-
ures 9 to 14 show task instructions we utilize for
each task.

B Details on Evaluation

This section details our evaluation setup. We first
outline the inference settings, followed by the
prompts used for checklist generation and the final
evaluation process.

B.1 Inference Settings
To ensure a standardized and fair evaluation across
diverse MLLM architectures, we adopt the follow-
ing unified inference prompt template:

Inference Prompt

You’re an AI assistant helping to answer ques-
tions about a video. Use the conversation history
if helpful.
Conversation history: {conversational history}
Current question: {question}

Table 4: Prompt template for inference.

Regarding the “Think” mode of the InternVL3.5
series, we strictly adhere to the official implementa-
tion protocols by incorporating the specific system
prompt recommended in their documentation.

To ensure a fair and rigorous comparison, all
inference-related hyperparameters—including tem-
perature, top-p, and top-k—are configured in strict
accordance with the official recommendations pro-
vided by the respective model developers.

B.2 Prompt for Generating Evaluation
Checklists

Figure 15 presents the instructions used to gener-
ate comprehensive checklists for assessing model
performance.

B.3 Prompt for Evaluation Based on
Checklists

The following prompt is used to evaluate model
responses based on the generated checklists:

Evaluation Prompt

Given a current model-generated answer and
a checklist of 5 questions, output whether the
model has correctly addressed the above ques-
tions. Output ‘Yes’ or ‘No’.
1. Model Answer: {model answer}
2. Checklist: {checklist}

Table 5: Prompt template for evaluation.

C More Cases

More cases are shown in Figure 16 to 21. Here, red
text identifies erroneous segments in the model’s
responses, while square brackets in the checklists
are used to enclose the correct answers.
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Prompt Template for Data Generation

You are a Video QA Orchestrator designed to rigorously evaluate a video-understanding model’s
capabilities with a primary focus on # Task # within a dialogue:
1. Core Task Instructions
{Task Instructions}
2. Supporting Basic Capabilities
- Basic capabilities testing may be introduced appropriately in the dialogue to provide richer
conversational context, but their purpose is to better assist in testing {Task Name} capabilities.
- The questions (User) and answers (Assistant) of basic ability tests need to be detailed and rich.
A. Scene Understanding
1) Entity Recognition. 2) Event Comprehension. 3) Spatiotemporal Relations. 4) OCR/Text
B. Scene Reasoning
1) Causal Inference. 2) Intent Inference. 3) Counterfactuals. 4) Spatiotemporal Reasoning. 5)
Information Update. 6) Multi-Hop Logic
3. Target Task Capability
{Task Capability}
4. Output:
Self-generated, cohesive multi-round dialogue (5-8 rounds) systematically probing capabilities of
# Task #. Use ‘User:’ and ‘Assistant:’ to indicate the speaker and ‘Round k’ as the round marker.

Figure 8: Prompt template for data generation.

Topic Shifting

Task Instructions
- Mandatory Contextual Dependency: Every question (User) must initially focus on video content.
Topic Shifting occurs when the user asks a question or makes a statement that shifts to any other
topic (video-related OR unrelated). The model should recognize the new topic and respond
appropriately.
- Topic Shifting Recognition: If a question (User) shifts to a new topic (including non-video
topics), the model must identify this shift and provide an appropriate answer.
- Adapting to New Topics: When the model recognizes a topic shift, it must adjust its response to
the new topic while ignoring obsolete context.

Task Capability
- Topic Shifting capability MUST be tested at least twice through shifts to non-video topics**, with
multiple back-and-forth transitions between video and non-video topics.
- Pattern Example: Video topic → Non-video topic → Video topic → Non-video topic → etc.
- Minimum Video Content: At least two rounds must focus exclusively on video content.
- For Topic Shifting, the model must:
1. Identify shifts to any new topic (video-related or unrelated)
2. Maintain response stability during repeated topic transitions
3. Seamlessly resume video discussions after non-video tangents

Figure 9: The unique prompt for the topic shifting task.
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Proactive Interaction

Task Instructions
- Context-Driven Engagement: Each Bot response must be grounded in the video’s content and
must explicitly or implicitly invite the User to stay engaged.
- Proactive Engagement Strategy: When user responses are neutral or show low engagement, the
Bot must actively reignite curiosity by asking video-specific, open-ended, thought-provoking
questions.
- Content-Guided Curiosity: Bot questions should be deeply tied to the video — e.g., character
motivation, visual detail interpretation, or causal/temporal implications — to pull the user back
into the conversation.
- No rhetorical or vague questions like “Don’t you think?” Instead, ask clear, content-specific,
curiosity-prompting questions (e.g., “Why do you think the character hesitated before opening the
door?”).

Task Capability
- The Bot must trigger Proactive Interaction when the user’s input is neutral or disinterested.
- But should: highlight overlooked details, ask novel or deeper questions, and offer an unexpected
angle of interpretation.
- Questions should always tie to specific visual or narrative elements in the video and encourage
user response.

Figure 10: The unique prompt for the proactive interaction task.

Answer Refusal

Task Instructions
- Mandatory Contextual Dependency: Every question MUST require information from the video to
be answerable. **Answer Refusal** occurs when the question refers to video content that does
not exist in the video. The model should identify that the content referenced in the question is
missing and refuse to answer accordingly.
- Answer Refusal Grounding: All answers must derive from video content or logical inferences
from it. If the question refers to non-existent video content, the model must explicitly refuse to
answer, stating that the content does not exist in the video.
- Answer Refusal: Questions (User) should reference content or actions that are expected to be
present in the video. If the content referred to is non-existent in the video, the model must refuse
to provide an answer, explaining that the specific content does not exist in the video.

Task Capability
- Answer Refusal capability MUST be tested **at least once** in any round after the first. **Mul-
tiple or Continued** refusal tests are encouraged.
- For **Answer Refusal**, the question (User) should ask about content in the video, but without
specifying where the content should be found. If the content does not exist in the video, the model
must refuse to answer and give some explanation.
- Further Exploration: After refusing to answer based on non-existent content, the model should
seek clarification or adjust the conversation to explore available content in the video.

Figure 11: The unique prompt for the answer refusal task.
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Content Summary

Task Instructions
- Mandatory Contextual Dependency: Every question MUST require information from previous
rounds to be answerable. **Summary** questions must rely on the content of prior rounds for
context. The summary should be concise and capture the core points of the entire conversation.
- Answer Grounding: All answers must derive from video content or logical inferences from it.
Answers must demonstrate an understanding of prior context to provide coherent responses.
- Clarity in Summary: In the final round (Summary), the model should summarize the key elements
discussed, such as topics, events, and entities involved in the conversation. The summary should
highlight the main themes of the dialogue, but without introducing new information.

Task Capability
- Content Summary capability MUST be tested **once** in the final round. It should consolidate
the entire conversation.
- For the capability of Content Summary, the answer (Assistant) should provide a **concise** and
**coherent summary** of the conversation, covering the key topics, entities, events, or actions
mentioned in the previous rounds.
- Concise and Comprehensive Summary: The final summary should:
- Cover the **main events** of the conversation.
- Identify **key entities** discussed.
- Capture the **important actions** or **decisions** made throughout the conversation.
- Be **concise** but should not leave out key elements discussed.

Figure 12: The unique prompt for the content summary task.

Memory Recall

Task Instructions
- Mandatory Contextual Dependency: Every question MUST require information from previous
rounds to be answerable. Memory Recall questions must refer to detailed descriptions from any
prior round.
- Answer Grounding: All answers must derive from video content or logical inferences from it.
Answers must demonstrate an understanding of prior context to provide coherent responses.
- Memory Recall: Questions should reference specific content or actions described in earlier rounds
(e.g., “As you mentioned earlier, the penguin hesitated... In which round of the conversation was
this mentioned? ...”) and then build upon that context to ask deeper, video-based questions.
- No Explicit Round Numbers in Questions: **Memory Recall** questions should not explicitly
mention the round number from which the content is referenced.

Task Capability
- Memory Recall capability MUST be tested **at least once** in any round after the first. **Multi-
ple or Continued** tests are encouraged.
- For Memory Recall, the question (User) should include a detailed description from a previous
round’s answer (Assistant), but without specifying which round it came from. The model must
first identify the round the content came from in its answer and then build upon that context to
deepen the exploration.
- Further Exploration: After recalling content from prior rounds, the model should pose further
questions that deepen the understanding of the video, exploring new aspects of the content.

Figure 13: The unique prompt for the memory recall task.

8119



Object Reference

Task Instructions
- Mandatory Contextual Dependency: Every question MUST require information from previous
rounds to be answerable. Object Reference questions must rely on the content of prior rounds for
context.
- Answer Grounding: All answers must derive from video content or logical inferences from it.
Answers must demonstrate an understanding of prior context to provide coherent responses.
- Clarity in Pronoun Reference: When using pronouns in **Object Reference** questions, ensure
that the pronoun’s reference is inferred from previous dialogue, not explicitly mentioned in the
current round. The model must deduce from the context which entity or event the pronoun refers to.

Task Capability
- This capability of Object Reference MUST be tested **at least once** in any round after the first.
**Multiple or Continued** tests are encouraged.
- For capability of Object Reference, the answer (Assistant) should correctly identify the abstract
Object Reference mentioned in Question (User) (e.g., “the action mentioned,” “that dog you
described,” “that man,” etc., which refer to content from the dialogue history).
- Indirect Reference: For **Object Reference** questions, **do not explicitly state** who or what
is being referenced; it should be inferred from context.
- Pronoun Clarification in Answers: When answering questions that involve pronouns, clarify the
reference by placing the referent in parentheses (e.g., “He (penguin dad) went to the sea.”).

Figure 14: The unique prompt for the object reference task.

Prompt Template for Checklist Generation

You are an expert QA evaluator. Your goal is to create a verification checklist to evaluate if a
model’s answer matches the Ground Truth.

Input Data
1. User Question: {question} 2. Ground Truth Answer: {gt}

Task Instructions (Atomic Decomposition & Fact Reversal)
1. Decompose GT: Break down the Ground Truth into atomic facts (e.g., specific entities, actions,
counts, colors, spatial relations).
2. Select & Mix Strategy: Select {MAXNUM} critical facts. You must generate a mix of “Yes”
and “No” verification questions:
- Positive Questions (Expected Answer: Yes): verify facts exactly as they appear in the GT.
- Negative/Reversal Questions (Expected Answer: No): Take a fact from the GT and intentionally
reverse or alter it (e.g., change “5 apples” to “3 apples”, or “red car” to “blue car”).
3. Formulate Questions:
- Questions must be specific and check for the presence of the specific detail stated in the question.

Constraints
- Generate exactly {MAXNUM} questions (Q1-Q{MAXNUM}).
- Try to include only one “No” question (based on reversed facts) and four “Yes” questions.
- Do NOT use the phrase “ground truth” in the questions.
- Questions must be self-contained and concrete.

Figure 15: Prompt for generating checklists.
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Answer Refusal

User: What is the person in the video clip from 00:03:06 to 00:03:55 doing, and what kind of
machine are they operating?
Assistant: The person, wearing a green hat and boots, is operating a manual, hand-cranked press
machine mounted on a black stand. They are using it to extract a brownish liquid, likely juice,
from sugarcane.
User: What kind of fruit, like lemons or limes, do they add to the juice for flavor in the video clip
from 00:03:06 to 00:03:55?
Assistant: The video does not show the person adding any other fruits or ingredients to the juice.
The clip only depicts the process of pressing the sugarcane and collecting the resulting juice.
User: Okay, so it’s just pure juice. After cranking the machine, how does the person transfer the
juice from the press into the glass jar?
Assistant: After finishing the pressing, the person takes an empty glass jar and places it underneath
a small spigot on the front of the machine. They then open the valve on the spigot, allowing the
freshly extracted juice to pour directly into the jar.
User: Once the jar is full, the person seals it. What text is visible on the jar itself, and what about
on the lid?
Assistant: The word "Mason" is visible embossed on the side of the glass jar. However, the video
does not show any text or branding on the lid.

# User Question:
What is the person’s reaction or facial expression after they take a sip of the fresh juice in the
video clip from 00:03:06 to 00:03:55?

# Standard Answer:
The video does not show the person drinking or tasting the juice. The clip ends shortly after they
seal the jar and place it on top of the machine, so their reaction to its taste is not depicted.

# Gemini-2.5-Flash’s Answer:
After taking a sip of the fresh juice at approximately 00:03:49, the person closes their eyes and
smiles, appearing to savor the flavor. They then open their eyes with a look of contentment and
pleasure.

# Checklist (Score: 0/5):
Q1: Does the model state that the video does not show the person drinking the juice?
A1: No[Yes].
Q2: Does the model claim that the clip ends shortly after the jar is sealed?
A2: No[Yes].
Q3: Does the model indicate that the person’s reaction to the juice taste is not depicted?
A3: No[Yes].
Q4: Does the model assert that the video *does* show the person tasting the juice?
A4: Yes[No].
Q5: Does the model mention that the clip concludes shortly after the jar is placed on top of the
machine?
A5: No[Yes].

Figure 16: Case of answer refusal task.
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Object Reference

User: What initial ingredients are mixed with the diced pork in the metal bowl in the video clip
from 00:01:37 to 00:03:34?
Assistant: According to the subtitles and video, three pinches of white pepper, one pinch of salt,
one whole egg, and one egg yolk are mixed with one and a half catties (about 750g) of diced pork.
User: After those ingredients are mixed in, what is the next key component added to create the
coating for the pork?
Assistant: After the seasonings and eggs are mixed with the pork, a large amount of potato starch
is added to create the batter.

# User Question:
The video gives a specific tip about adding that component. What is the tip for achieving the
correct consistency?

# Standard Answer:
The tip for adding *that component* (the potato starch) is to not measure a specific amount but to
add it gradually while mixing until the batter is sticky and coats each piece of meat well. The
video emphasizes that if the batter is too thin, more starch should be added, as it’s better to have
extra batter than for the meat to be poorly coated.

# InternVL3.5-8B (No Think)’s Answer:
The video suggests adding a small amount of water to the sauce mixture. This helps to adjust the
consistency, ensuring it’s not too thick or too runny. The tip emphasizes that a little bit of water
can make a big difference in achieving the right balance for the dish.

# Checklist (Score: 1/5):
Q1: Does the model identify the specific component to be added as potato starch?
A1: No[Yes].
Q2: Does the model state that the component should be added without measuring a specific
amount?
A2: No[Yes].
Q3: Does the model mention that the component should be added gradually while mixing?
A3: No[Yes].
Q4: Does the model claim that the correct consistency is when the batter is smooth and runny?
A4: No[No].
Q5: Does the model explain that if the batter is too thin, more starch should be added?
A5: No[Yes].

Figure 17: Case of object reference task.

8122



Memory Recall

User: Describe the initial sequence of events inside the airplane, focusing on the characters present
and their actions before the situation escalates, based on the video clip from 00:00:00 to 00:00:49.
Assistant: The video begins inside an airplane galley where Brian, the white dog, is talking to
a female flight attendant in a blue uniform. The flight attendant, who is managing a drink cart,
puts her hands on her hips, appearing annoyed with Brian. Suddenly, a male pilot with a mustache
rushes past them, holding his mouth and looking distressed. The scene then cuts to this pilot
kneeling and vomiting profusely into a toilet in the lavatory.
User: Following the first pilot’s sudden illness described in the galley, what happens in the cockpit,
and who is seen there looking unwell?
Assistant: After the first pilot gets sick, the flight attendant and Brian go to the cockpit. Inside, the
other pilot, Quagmire, is found at the controls, also looking visibly ill. He is shown clutching his
stomach, gagging, and appearing very uncomfortable, indicating he is suffering from a similar
ailment as his co-pilot.

# User Question:
You previously mentioned a pilot with a mustache who rushed past the flight attendant and was
later seen vomiting. In which round was this specific sequence of actions described? Based on
this, describe the subsequent actions of the second pilot, Quagmire, when he also needs to use the
lavatory.

# Standard Answer:
The description of the first pilot with a mustache getting sick was in **Round 1**. When the
second pilot, Quagmire, also needs to use the lavatory, he finds it occupied by the first pilot who is
still vomiting. In a moment of desperation, Quagmire enters the same lavatory, pulls down his
pants, and sits on the lavatory sink to relieve himself.

# LLaVA-Video-7B-Qwen2’s Answer:
The sequence of actions involving the pilot with a mustache rushing past the flight attendant
and then vomiting was described in the second round. Following this, the subsequent actions of
the second pilot, Quagmire, when he also needs to use the lavatory were described in the third round.

# Checklist (Score: 1/5):
Q1: Does the answer state that the description of the first pilot getting sick was in Round 1?
A1: Yes[No].
Q2: Does the answer identify the second pilot as Quagmire?
A2: Yes[Yes].
Q3: Does the answer claim that the description of the first pilot getting sick was in Round 2?
A3: No[Yes].
Q4: Does the answer mention that Quagmire finds the lavatory occupied by the first pilot?
A4: No[Yes].
Q5: Does the answer indicate that Quagmire sits on the lavatory sink to relieve himself?
A5: No[Yes].

Figure 18: Case of memory recall task.
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Proactive Interaction

User: The video clip from 00:00:00 to 00:01:11 shows a fan event for a girl group called HUNTRX,
where a rival boy band shows up and starts competing for the fans’ attention by signing autographs.
Assistant: That’s a great summary of the central conflict. The rivalry kicks off with a very strange
entrance. At 00:00:09, the first fan to approach HUNTRX is a...
User: He was probably just trying to be funny or get their attention.
Assistant: It certainly got their attention. But right after this, at 00:00:11, he’s revealed with...
User: I guess it was more dramatic that way.
Assistant: The drama definitely escalates. In response to the boy band’s reveal, the HUNTRX
members look furious. But the purple-haired girl does something...
User: She seems like the leader and is ready to fight.
Assistant: She does take charge. Interestingly, their ‘fight’ isn’t a physical or dance battle, but a
competition of fan loyalty played out through signing...
User: It just shows who their fans are.
Assistant: Exactly, the fans seem to have declared their allegiance. However, a different kind of
fan emerges at 00:00:58. She holds up a poster pairing the...

# User Question:
She doesn’t care about the rivalry, she just likes them both.

# Standard Answer:
That’s a sharp observation—she represents a totally different motivation. The video ends with one
final, terrified fan in the middle, who has a broken arm and leg. At 00:01:05, both groups are
leaning over this fan, competing to be the one to sign their cast. Considering the intense rivalry and
the absurdity of the situation, what do you predict is the very next thing that happens, and why?

# Qwen2.5-VL-7B-Instruct’s Answer:
The fan’s action reveals a deeper layer of fan culture where some fans are not just loyal to one
group but appreciate both groups equally... It suggests that there are fans who see the potential for
harmony and positivity beyond the competition, highlighting the multifaceted nature of fandom
and the personal connections fans can form with their favorite artists. (The model failed to engage
with the user proactively.)

# Checklist (Score: 2/5):
Q1: Does the model acknowledge the user’s observation with a validating statement or affirmation?
A1: Yes[Yes].
Q2: Does the model provide additional relevant context about the video’s ending scene, specifically
mentioning details about the injured fan and the groups’ actions?
A2: No[Yes].
Q3: Does the model proactively engage the user by asking an open-ended question that prompts
prediction and justification based on the described scenario?
A3: No[Yes].
Q4: Does the model provide a conclusive statement or a direct factual answer without encouraging
further user prediction or engagement?
A4: Yes[No].
Q5: Does the model ask an irrelevant clarifying question or introduce a new topic that deviates
from the current discussion about the video’s scenario?
A5: No[No].

Figure 19: Case of proactive interaction task.
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Topic Shifting

User: I’m interested in the woman with dark hair and bangs. In what different contexts or scenes
does she appear throughout the video clip from 00:10:26 to 00:11:43?
Assistant: The woman with dark hair and bangs appears in two main contexts. First, she is
shown in a split-screen interview or podcast setting (00:10:26-00:10:32, 00:10:45-00:10:46,
00:11:09-00:11:15, 00:11:23-00:11:39)...

# User Question:
That’s interesting. The video also briefly shows a portrait of a man named Gregor Mendel. Can
you tell me what he is famous for?

# Standard Answer:
Shifting topics to Gregor Mendel, he was an Austrian monk and botanist who is widely regarded
as the founder of the modern science of genetics. Through his experiments with pea plants,
illustrated in the video from 00:10:52-00:10:58, he discovered the fundamental laws of inheritance,
establishing principles of dominant and recessive traits.

# Gemini-2.5-Pro’s Answer:
Of course. According to the video, Gregor Mendel is famous for discovering how traits are passed
down from parent to child through genes (00:10:31-00:10:36). The video introduces him in a
segment titled “Mendelian randomization” (00:10:15) and notes that he is a figure many might
remember from high school biology textbooks. This concept is then used to explain a research
method that leverages genetic variations to study the effects of alcohol consumption on health.

# Checklist (Score: 1/5):
Q1: Does the model state that Gregor Mendel was an Austrian monk?
A1: No[Yes].
Q2: Does the model mention that Gregor Mendel is widely regarded as the founder of the modern
science of genetics?
A2: No[Yes].
Q3: Does the model indicate that Mendel conducted experiments with pea plants?
A3: No[Yes].
Q4: Does the model claim that Mendel discovered the fundamental laws of heredity, not inheri-
tance?
A4: No[No].
Q5: Does the model state that Mendel established principles of dominant and recessive traits?
A5: No[Yes].

Figure 20: Case of topic shifting task.
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Content Summary

User: What is the container made of, what color and pattern does it have, and what does she place
inside it, based on the video clip from 00:01:38 to 00:03:20 where the video begins with ...
Assistant: The woman creates a small paper basket. The paper is pink with a white and black
floral pattern. She places several red, heart-shaped gummy candies inside it.
User: After finishing the candy basket, the video demonstrates another paper craft. What is this
second craft, and what significant shape does it feature on its exterior once it is folded?
Assistant: The second craft is a foldable paper envelope. Once folded, it prominently features...
User: What message is written inside that heart-shaped envelope? Later in the video, what brand
and product description are visible on the green adhesive dispenser used for another project?
Assistant: The message written inside the envelope is “I love you!”. The brand name on the
adhesive dispenser is “Scotch,” and the label also reads “EXTRA STRENGTH.”
User: In the third project, which involves making a small green floral gift box, a specific tool is
used after the box is folded but before the ribbon is attached. What is this tool, and ...
Assistant: The tool used is a hole punch. Its purpose is to create two holes at the top of the box,
allowing a ribbon to be threaded through to serve as a handle and a closure ...

# User Question:
Based on our conversation and the video clip from 00:01:38 to 00:03:20, please summarize the
different paper crafts demonstrated in the video, including the items placed inside them and the
key tools or text identified.

# Standard Answer:
Our conversation covered several DIY paper crafts. The first was a pink floral paper basket filled
with red heart-shaped candies. The second was a pink envelope that folded into a heart shape and
contained the message “I love you!”. The third was a green floral gift box that used a Scotch brand
adhesive dispenser and a hole punch to add a ribbon handle, and had a heart-shaped chocolate
placed inside.

# MiniCPM-V4.5’s Answer:
The video demonstrates several paper crafts, each with unique features and contents:
1. **Gift Envelope for a Target Gift Card**: * A brown envelope is folded from floral-patterned
wrapping paper...
9. **Red Heart Cookie Craft**: * Concludes our summary highlighting creative repurposing of
everyday objects into ...

# Checklist (Score: 2/5):
Q1: Does the model mention a pink floral paper basket as one of the demonstrated crafts?
A1: No[Yes].
Q2: Does the model state that the pink floral paper basket was filled with red heart-shaped candies?
A2: No[Yes].
Q3: Does the model claim that the second craft was a purple envelope?
A3: No[No].
Q4: Does the model identify that the pink envelope contained the message “I love you!”?
A4: No[Yes].
Q5: Does the model specify that the green floral gift box used a Scotch brand adhesive dispenser
and a hole punch?
A5: Yes[Yes].

Figure 21: Case of content summary task.
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