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Abstract

We introduce LonglInsightBench, the first
benchmark designed to assess models’ ability
to understand long videos, with a focus on hu-
man language, viewpoints, actions, and other
contextual elements, while integrating visual,
audio, and text modalities. Our benchmark
excels in three key areas: a) Long-Duration,
Human-Centric Videos: We carefully se-
lected approximately 1,000 videos from open-
source datasets FineVideo based on duration
limit and multi-modal information density, fo-
cusing on content like lectures, interviews, and
vlogs, which contain rich human-centric se-
mantic and contextual attributes. b) Diverse
and Challenging Task Scenarios: We have
designed six challenging task scenarios, includ-
ing both Intra-Event and Inter-Event Tasks. ¢)
Rigorous and Comprehensive Quality Assur-
ance Pipelines: We have developed a three-
step, semi-automated data quality assurance
pipeline to ensure the difficulty and validity of
the synthesized questions and answer options.
Based on LonglnsightBench, we designed a
series of experiments. which shows that Omni-
modal models(OLMs) still face challenge in
tasks requiring precise temporal localization
(T-Loc) and long-range causal inference (CE-
Caus). Surprisingly, extended experiments re-
veal the information loss in modal fusion of
OLMs, which we called the Fusion Deficit
Paradox.

1 Introduction

The rapid progress of large pre-trained models has
advanced multimodal understanding to the fore-
front of artificial intelligence research. While
Vision-Language Models (VLMs) (Bai et al., 2025,
2023; Radford et al., 2021) and Audio-Language
Models (ALMs) (Huang et al., 2023; Radford et al.,
2022) excel at short clips and speech, recent Omni-
modal Models (OLMs) aim for unified perception

'Our dataset and code is available at https: //anonymous.
4open.science/r/LongInsightBench-910F/.

Intra-Event Tasks Sample

2 Provides an in-depth analysis
< of celebrity culture, focusing
on a high-profile actress's
media scrutiny and a
prominent musician's dispute
with her makeup artist.

Question: Between 00:08:05.563-00:08:33.790 (event 12), what conclusions can be drawn
about the makeup artist's grievance and how it was handled?

A: He feels he should be credited and compensated, as shown by the on-screen
message and his caption.,

B: He is upset that Megan refused to let him use MAC products, as stated in the audio.,

C: The presenter views his public reaction as petty and suggests he should have
messaged her privately instead.,

D: The dispute was caused by a scheduling conflict for a photoshoot, indicated by the split-
screen shots.

Inter-Event Tasks Sample
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2 Explaining concepts of
X gravitational potential
energy, kinetic energy,

and momentum through
various real-world

scenarios

Question: Reconstruct the correct chronological order of the following sub-events from the
video. Choose the option that lists the sub-event numbers in temporal order.\n(1) The
speaker explains a car on a hill has the potential to do work as the gravitational potential
energy formula appears on screen.\n(2) A coconut sits atop a yellow slide while the speaker
says its momentum is zero.\n(3) As cars roll downhill, the speaker says \"momentum is
gained\" while the kinetic energy formula 1/2 mv"2 is shown.\n(4) The speaker begins by
saying they'll look at \"energy of position\" as cars pass on a quiet street.\n(5) The coconut
rolls down the slide as the speaker says gravitational potential energy becomes kinetic energy
and mentions friction.\n(6) The word \"Momentum\" and its formula appear while the
speaker notes momentum is zero for stationary

A4->1>6->3->2->5, B:4->6->1->3->2->5C6->4->1->3->2->5,D:
4-56->3->1->2-5

Figure 1: Task Samples in LongInsightBench. The
upper one comes from IE-Rea(Intra-Event Reason-
ing) subcategory and the lower one comes from T-
Recon(Timeline Reconstruction) subcategory.

across all modalities. However, evaluation remains
limited: current benchmarks fail to assess a model’s
ability to comprehend complex, continuous, and
multimodal information in long videos.

Existing datasets such as MSR-VTT (Xu et al.,
2016), ActivityNet (Heilbron et al., 2015), and
Ego4D (Grauman et al., 2021) focus on short-
term tasks like action recognition or clip-based
QA, requiring only local perception and rea-
soning within limited time windows. Datasets
like HourVideo(Chandrasegaran et al., 2024) and
Video-MME(Fu et al., 2025) take long video un-
derstanding into consideration, but none of them
paid attention to audio information. In contrast,
real-world long-form content (such as lectures, in-
terviews and vlogs) often spans tens of minutes
and carries dense cross-modal information. Under-
standing such content demands long-range tempo-
ral dependency modeling, precise cross-modal
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alignment and fusion (especially between spoken
language and visual context), and deep comprehen-
sion of subtle contextual elements (Wang et al.,
2025a).

Compared to general video understanding,
human-centric video understanding imposes
greater challenges on models, as these tasks re-
quire not only the recognition of human actions
and behaviors but also more sophisticated reason-
ing abilities in cross-modal and long-temporal con-
text. Yet, current benchmarks remain limited in
three aspects: (1) Duration, lack of evaluation for
maintaining attention and contextual coherence be-
yond a few minutes (Wei, 2024); (2) Modality,
neglect the critical role of the audio modality and
underuse of rich linguistic information presented
in long videos (Cai et al., 2025); (3) Reasoning
depth, test surface matching only rather than dis-
tinguish deep, cross-event reasoning (Feng et al.,
2025).

To address these gaps, we introduce LongIn-
sightBench, the first benchmark explicitly de-
signed for human-centric long-video omni-modal
understanding. It emphasizes cues centered with
human such as viewpoint, intent and actions, while
integrating visual, audio and textual modalities for
holistic multimodal understanding and reasoning.

LonglnsightBench comprises a curated set of
around 1,000 high-density long videos selected
from FineVideo (Farré et al., 2024) and 6 chal-
lenging task types that span the spectrum of rea-
soning complexity. A semi-automated quality con-
trol pipeline ensures that each question requires
genuine multi-modal reasoning rather than simple
retrieval or single-modality clues.

We further perform systematic evaluations of
state-of-the-art OLMs, complemented by addi-
tional experiments with VLMs, ALMs, and LLMs,
as well as ablation studies examining the impact of
video frame sampling. The results reveal a clear
performance hierarchy: large proprietary models
such as Gemini2.5 excel in global comprehension
but still struggle with temporal localization and
long-range causal inference. Our analysis also
identifies a persistent fusion deficit paradox, where
multimodal integration leads to information loss
and bias. Ablation findings show that denser frame
sampling generally enhances accuracy, though the
improvement varies across models.

In summary, we have three main contributions:

1. We introduce LongInsightBench, the first com-

prehensive benchmark for human-centric long-
video omni-modal understanding, featuring
about 1,000 carefully selected long videos.

2. We have conducted extensive evaluations on
LonglnsightBench, which establish a clear per-
formance hierarchy among OLMs and high-
lights challenges in temporal localization and
long-range causal inference.

3. We reveal a consistent phenomenon, which we
term the fusion deficit paradox, shedding light
on the limitations of existing multi-modal fu-
sion mechanisms in current OLMs.

2 Related Works
2.1 Multimodal Large Language Models

Recent multimodal large language models
(MLLMs) integrate text, vision, and audio for
unified reasoning. Early efforts focused on vi-
sion—language alignment (Radford et al., 2021; Jia
et al., 2021), later extending to video understanding
(Zhang et al., 2023; Maaz et al., 2024) and audio
perception (Girdhar et al., 2023; Bai et al., 2023).
Modern omni-modal models employ modular
encoders for each modality (Wang et al., 2025b;
Team et al., 2025), achieving unified inference but
still struggling with temporal alignment and deep
cross-modal fusion. Recent advances improve
zero-/few-shot performance (Team and Google,
2025) and enable fine-grained visual reasoning
(Wu et al., 2025), motivating further research on
multimodal planning and reasoning (Huang et al.,
2025; Yang et al., 2025b).

2.2 Video Understanding Datasets and
Benchmarks

The evolution of multimodal benchmarks has
driven progress from visual-only QA to comprehen-
sive audiovisual reasoning. Early datasets such as
MSRVTT-QA (Xu et al., 2017), and ActivityNet-
QA (Yu et al., 2019) focus on text—video under-
standing, while recent ones including MovieChat
(Song et al., 2024), Video-MME (Fu et al., 2025),
and MMBench-Video (Fang et al., 2024) extend
evaluation to open-ended, multi-turn, and long-
video reasoning. Audiovisual datasets such as
AVQA (Yang et al., 2022) and Music-AVQA (Li
et al., 2022) further integrate sound cues for joint
perception. Despite broader domain coverage, re-
cent resources still face challenges: WorldSense
(Hong et al., 2025) requires costly manual annota-
tion, Daily-Omni (Zhou et al., 2025) suffers from



semantic discontinuity due to fixed-duration seg-
mentation, and IntentBench (Yang et al., 2025a)
offers limited novelty by aggregating prior datasets.
Persistent gaps in event segmentation, filtering
quality, multi-event reasoning, and long-video un-
derstanding motivate our benchmark for robust au-
diovisual reasoning.

2.3 Multimodal Intent Understanding and
Emotion Recognition

Current Al research in Intent Understand-
ing and Emotional Intelligence is comprehen-
sive, covering practical applications like the
systematic multi-modal assessments like Hu-
manSense (Qin et al., 2025) and the psychology-
based EmoBench (Sabour et al., 2024). Despite
this wide coverage across modalities (text, audio,
visual) and tasks (from perception to application),
these works predominantly rely on static images,
short dialogues, or brief video clips. This focus lim-
its their ability to evaluate the dynamic, long-range
evolution of emotional and social contexts, which
require tracking subtle, non-contiguous events over
extended periods.

3 LonglInsightBench Dataset
Construction

To ensure LongInsightBench serves as a challeng-
ing and reliable benchmark for evaluating omni-
modal understanding in long videos, we established
a rigorous, multi-stage construction pipeline(See
Figure 2). This process involved careful video se-
lection, stringent filtering based on multi-modal
density, automated captioning, structured question
generation across diverse tasks, and a comprehen-
sive quality assurance protocol.

3.1 Video Selection and Filtering

3.1.1 Video Source and Categories

The video corpus for LonglInsightBench is sourced
from the publicly available FineVideo dataset
(Farré et al., 2024), with a strategic focus on con-
tent categories that naturally exhibit high linguistic
complexity and diverse multi-modal interactions
rather than mere object recognition, which is cru-
cial for testing deep comprehension.

3.1.2 Filtering for Temporal Scope and
Information Richness

To ensure the selected videos present a significant
temporal challenge and require deep, long-range

reasoning, we applied two strict filtering criteria
beyond the initial category selection.

Duration Constraint. All selected videos must
be longer than 7 minutes. This threshold ensures
that models are challenged in maintaining contex-
tual awareness and managing long-term temporal
dependencies.

Criteria for Content Richness. We established
criteria for content richness across both visual and
audio-textual modalities. For visual dynamism,
we utilized pyscenedetect to identify scene cuts.
Only videos exhibiting at least three distinct scene
changes were retained, ensuring visual diversity
and dynamic content. Regarding linguistic com-
plexity, we transcribed the audio using WhisperX
(with Whisper-medium model and Wav2Vec2.0-
based alignment module) and removed non-English
content. Furthermore, to verify the complexity of
the argumentative structure, we employed GPT-40
for paragraph-level semantic segmentation, retain-
ing only videos that demonstrated at least 4 distinct
topic shifts throughout their duration. The details
of semantic segmentation is listed in Appendix B.1.

3.2 Automated Annotation of Captions

To facilitate precise question generation and subse-
quent automated evaluation, we performed detailed
multi-modal annotation on the filtered video cor-
pus.

Based on the segmentation result introduced
in Section 3.1.2, we generated specialized multi-
modal captions for each clip. The visual captions
are generated using Ovis2.5-9B, focusing on de-
scribing the actions, entities, and visual context
within the clip, while the audio captions are an-
notated using Gemini2.0-Flash, focusing on sum-
marizing the spoken content, identifying speaker
sentiment, and describing music or background
sounds.

3.3 Task Scenarios and Question Generation

LonglInsightBench is designed to evaluate multi-
modal reasoning abilities across two complemen-
tary dimensions: fine-grained perception within
short temporal spans and holistic understanding
over extended durations. To this end, we define
six task scenarios, grouped into two categories:
Intra-event tasks, targeting localized reasoning,
and Inter-event tasks, targeting long-range reason-
ing across events.
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Figure 2: Overview of the LongInsightBench construction workflow. The pipeline begins with video selection
from FineVideo, applying filters on duration, scene shifts, and content richness. Next, automated annotation
integrates visual and audio descriptions via MLLMs. These annotations support task scenario design and question
generation, spanning intra-event and inter-event reasoning tasks. Finally, a quality assurance process combines
automatic filtering, scoring, and manual validation to ensure a high-quality QA set.

While the questions adopt a multiple-choice for-
mat, the number of valid answers is dynamically
determined by the LLM, in order to increase rea-
soning diversity and complexity.

Intra-event Tasks. These tasks evaluate a
model’s ability to perceive and reason within a
short temporal window for about one minutes, re-
quiring multimodal alignment and local inference:

* Reasoning/Inference: Local causal or inferen-
tial reasoning based on immediately preceding
or simultaneous multimodal cues.

* Temporal Localization: Identifying the pre-
cise timing of a specific event or action, using
visual and auditory evidence.

* Audio-Visual Alignment: Matching spoken or
textual content with corresponding visual cues
to ensure cross-modal consistency.

Inter-event Tasks. These tasks assess long-
range understanding, evaluating a model’s ability
to retain, integrate, and reason over information
distributed across the video timeline, which often
require combining multiple non-contiguous events.

* Timeline Reconstruction: Sequencing events
across the video by linking distant au-
dio—visual anchors.

* Topic/Stance Evolution: Tracking how spe-

cific themes, viewpoints, or arguments de-
velop, shift, or evolve throughout the video.

* Cross-event Causality: Reasoning over long
temporal gaps to uncover causal relationships
connecting earlier triggers and later outcomes.

We employ GPT-40 to generate QA pairs for
each task type using tailored prompt templates, as
detailed in Appendix B.4. Additionally, we store
the reference chain-of-thought (CoT) reasoning
generated by GPT-4o for each question, enabling di-
rect comparison with model-generated CoTs and fa-
cilitating a more detailed analysis of model perfor-
mance. We also provide several failure case studies
for selected models, as detailed in Appendix B.6.

3.4 Rigorous Quality Assurance Pipeline

To ensure that the generated questions truly re-
quired multi-modal, long-range reasoning. We im-
plemented a three-step, semi-automated filtering
pipeline.

Step 1: Execution-Based Filtering. We used
state-of-the-art single-modality models as solvers
to identify and remove questions not requiring mul-
timodal fusion. Questions solvable by Qwen2.5-
VL-7B-Instruct (vision-text only) or Qwen2-
Audio-7B-Instruct (audio-text only) were dis-



Benchmarks ‘ Mod. ‘ #Vids ‘ Dur.(s) ‘ #QA ‘ Anno. ‘ Multi ‘ Open ‘ A-V Corr. | Emo&Insight
MSRVTT-QA \' 2,990 152 | 72,821 A X v X X
ActivityNet-QA A% 300 111.4 8,000 M X X X X
MVBench \Y% 3,641 16.0 4,000 A X v X X
MovieChat \Y% 130 500.0 1,950 M X v X X
Video-Bench A% 5917 56.0 | 17,036 | A&M X v X X
EgoSchema A% 5,063 180.0 5,063 | A&M v v X X
Video-MME \Y% 900 | 1017.9 2,700 M X v v X
MMBench-Video \Y% 609 165.4 1,998 M v v X X
AVQA A+V | 57,000 10 | 57,335 M X v v X
Music-AVQA A+V 9,288 60 | 45,867 M X v v X
OmniBench A+l - - 1,142 M Ve v X X
AV-Odyssey A+ - - 4,555 M v v X X
LongVALE A+V 8,400 235 - | A&M v v v X
WorldSense A+V 1,662 141.1 3,172 M v v v X
Daily-Omni A+V 684 | 30-60 1,197 | A&M v v v X
LonglnsightBench | A+V | 1001 | 5391 | 4781 | A&M | v | v | v/ | v

Table 1: Statistics of representative video QA benchmarks. Mod. denotes modality. Dur.(s) is mean video
duration in seconds. Anno. indicates automatic (A) or manual (M) annotations. Multi shows whether the dataset
includes multiple question types. Open signifies coverage of diverse domains. A-V Corr. specifies if multimodal
integration is required. Emo&Insight highlights whether the benchmark focuses on recognizing human intentions,

emotions, and other human-centric elements.

carded.

Step 2: Score-Based Filtering. Each remaining
QA pair was automatically reviewed by GPT-40
along three scoring dimensions: (1) Relevance —
whether the question truly depends on the video
content rather than general knowledge or common
sense; (2) Sufficiency — whether the provided
multi-modal inputs contain enough evidence for a
correct answer; and (3) Consistency — whether
the answer is factually correct and logically aligned
with the ground truth from the video segment. Each
criterion was rated between 0 and 1, and only QA
pairs achieving high scores across all three dimen-
sions were retained. Details of the scoring prompt
and criteria are provided in Appendix B.S5.

Step 3: Manual Inspection. A random sample
of the filtered QA pairs was checked by human
annotators. During this review, the annotators re-
placed unclear or weak answer options, removed
questions that were too similar to each other, and
adjusted the difficulty level where needed. See
details in Appendix B.7.

3.5 LonglInsightBench Statistics

As summarized in Table 1, our proposed bench-
mark consists of 1001 videos and 4781 high-
quality QA pairs after a rigorous three-step fil-
tering pipeline. The average video duration is

Task Type Initial Filtered
Intra-event Reasoning 2002 855
Temporal Localization 2002 857
Audio-Visual Alignment 2002 1307
Timeline Reconstruction 2002 506
Topic/Stance Evolution 626 165
Cross-event Causality 2002 1091
Total 10636 4781

Table 2: Final dataset statistics after multi-stage filter-
ing.

539 seconds, which is substantially longer than ex-
isting audio-visual understanding benchmarks.
The approximately 1,000 selected videos are di-
vided into three main categories: the lecture cate-
gory, which includes 517 videos across 8 subcat-
egories; the interview category, comprising 258
videos across 4 subcategories; and the Vlogs/Film
Trailers category, with 230 videos spanning 4 sub-
categories. Detailed descriptions of the video cat-
egories are provided in Table 6. The distribution
of the collected videos across all subcategories is
visualized in Figure 4. The task-type distribution
in Table 2 demonstrates that the benchmark cov-
ers a wide spectrum of reasoning scenarios. From
localized Intra-event Reasoning and Audio-Visual
Alignment to global-level Cross-event Causality



H Intra-event

Inter-event ‘ Overall

Model
| IE-Rea T-Loc AV-Align | T-Recon Topic Evo&Sum CE-Caus |

Qwen2.5-Omni-7B 61.75  20.77 49.66 52.57 89.70 49.95 48.40
VideoLLama3 59.30 9.92 56.69 45.85 63.03 19.52 39.36
VideoLLama?2 38.36 13.89 37.03 47.04 46.67 9.35 28.19
Ola-7B 70.18 27.19 63.20 63.44 63.03 39.14 52.52
Unified-I0-2 L 27.25 2.10 24.10 25.49 36.36 8.80 17.80
Unified-10-2 XL 18.25 6.07 39.40 22.92 29.09 2.47 19.12
Unified-10-2 XXL 36.84 17.85 54.55 32.81 50.30 1.10 30.16
Gemini2.5-Flash 89.01 38.86 76.05 86.76 84.24 41.25 65.17

Table 3: Average accuracy (%) of various OLMs across different tasks. Abbreviations: IE-Rea (Intra-event
Reasoning), T-Loc (Multimedia Temporal Localization), AV-Align (Audio-Visual Alignment), T-Recon (Timeline
Reconstruction), Topic Evo&Sum (Topic/Stance Evolution Summarization), CE-Caus (Cross-event Causality).

and Timeline Reconstruction, the benchmark re-
quires models to handle both fine-grained ground-
ing and complex long-horizon dependencies. Such
diversity makes the evaluation more comprehen-
sive.

4 Experiments and Analysis

4.1 Settings

We evaluate four categories of multimodal large
language models (MLLMs): (1) OLMs, includ-
ing open-source contenders like VideoLLaMA 2
(Cheng et al., 2024), VideoLLaMA 3 (Zhang et al.,
2025), Unified-10-2 (Lu et al., 2023), Qwen2.5-
Omni (Xu et al., 2025), Ola (Liu et al., 2025),
and the proprietary model Gemini2.5-Flash (Co-
manici et al., 2025); (2) VLMs, represented by the
open-source Ovis2.5 (Lu et al., 2025) and propri-
etary GPT-40 (OpenAl et al., 2024), Gemini2.5-
Flash; (3) ALMs, such as Gemini2.5-Flash; and
(4) LLMs, represented by GPT-40. All evaluations
follow each model’s official inference pipeline and
pre-processing configurations. To ensure consis-
tency across model types, we set the number of
video frames to 64 for open-source models, while
proprietary models are evaluated through official
APIs using default multimodal input settings.

Our experiments consist of three parts. First, we
evaluate a wide range of OLMs on the full bench-
mark to compare their abilities in perceiving mul-
timodal linguistic cues in long videos. Second,
we replaced one or two modalities of the input to
OLMs with text descriptions to examine whether
OLMs can effectively fuse and utilize multi-modal
information. Third, we conduct ablation studies
varying the number of sampled video frames to
assess open-source OLMs under different frame

sampling rates. Performance in all experiments is
measured by accuracy, with a prediction consid-
ered correct only if all options are exactly selected,
ensuring a strict assessment of the model’s multi-
modal understanding.

To estimate the total computational budget, we
consider the local model deployed on our own
servers, utilizing 16 NVIDIA A800-SXM4-40GB
GPUs, which require approximately 250 GPU
Hours for the entire experiment, with no additional
costs. The server is equipped with CUDA ver-
sion 13.0 and NVIDIA driver version 580.65.06,
supporting the necessary computational load. For
GPT-40 and Gemini2.5-Flash models, cloud ser-
vices are used, resulting in a total estimated cost of
$200 for the API calling.

4.2 Main Results

The experimental results presented in Table 1 pro-
vide a comprehensive evaluation of various Omni-
modal Language Models (OLMs) across the six dif-
ferent task scenarios defined in LongInsightBench.
The analysis clearly shows the current performance
gap between proprietary, large-scale models and
their open-source counterparts, while also high-
lighting specific areas of weakness that are com-
mon across all models, particularly in long-range
temporal and causal reasoning.

Performance Ceiling and Model Hierarchy
The results clearly show that Gemini2.5-Flash is
the best performer on this benchmark, with an over-
all accuracy of 0.6517. This closed-source model
scored the highest or second-highest in five out
of the six individual task categories, demonstrat-
ing strong performance and reliability across both
localized and long-range tasks.
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Figure 3: Fine-grained performance across task cate-
gories. Different OLMs’ accuracies are shown over six
question types, highlighting each model’s strengths and
weaknesses across categories.

Among the open-source models, Ola-7B stands
out as the best competitor, achieving the second-
highest overall score (0.5252) and ranking sec-
ond in all three Intra-event tasks (IE-Rea, T-Loc,
AV-Align) and Timeline Reconstruction (T-Recon).
This suggests that Ola-7B has a solid base for multi-
modal understanding and localized inference.

On the other hand, the Unified-IO-2 models
generally performed poorly, placing in the low-
est performance groups. Unified-IO-2 L recorded
the lowest overall accuracy (0.1780), and its vari-
ants performed poorly in several key areas, such
as Intra-event Reasoning (IE-Rea), Temporal Lo-
calization (T-Loc), and Cross-event Causality (CE-
Caus), suggesting that these models lack the needed
multi-modal alignment and long-context process-
ing capabilities for this benchmark.

Analysis of Task Categories Figure 3 visualizes
the model performance hierarchy ,showing clear
differences between tasks in difficulty, effectively
testing the limits of current OLMs.

Performance on the Intra-event tasks (IE-Rea,
T-Loc, AV-Align) is generally better than on the
Inter-event tasks, reflecting the relative ease of lo-
calized processing. However, Temporal Localiza-
tion (T-Loc) proved to be a major challenge for
all models. Even the top performer, Gemini2.5-
Flash, only scored 0.3886, and the scores were
much lower for other models (e.g., Unified-10-2
L scored 0.0210). This shows that accurately pin-
pointing event timing using multi-modal data re-
mains a major challenge, requiring further improve-
ments in fine-grained temporal modeling. Audio-
Visual Alignment (AV-Align) saw strong perfor-
mance from Gemini (0.7605), confirming its ability

to align audio and visual data effectively.

The Inter-event tasks, which require long-term
memory and synthesis, showed the most variation.
The task Topic/Stance Evolution Summarization
seemed relatively easier, with Qwen2.5-Omni-7B
unexpectedly achieving the highest score (0.8970)
and Gemini close behind (0.8424). This indicates
that many models are good at tracking and summa-
rizing the main theme or narrative flow across the
video.

In contrast, Cross-event Causality (CE-Caus)
proved to be the most difficult long-range task.
This task involves identifying cause-and-effect re-
lationships across different parts of the video, and
performance was generally low. Gemini achieved
the highest score at 0.4125, while several models,
including Unified-IO-2 XXL, scored near chance
level (0.0110). This highlights the current limita-
tions of OLMs in maintaining and reasoning over
complex causal links within long videos.

In summary, LonglnsightBench effectively
shows the differences in model capabilities, demon-
strating the clear advantage of large proprietary
models like Gemini2.5-Flash. The benchmark also
shows that while models are improving in track-
ing narrative themes (Topic Evo&Sum), they still
face significant challenges in precise temporal lo-
calization (T-Loc) and complex, long-range causal
reasoning (CE-Caus).

Caption Models \ Intra-event Inter-event Overall

VLM + audio captions
Gemini2.5-Flash 65.35 66.29 65.70
Gemini2.0-Flash 72.28 60.11 67.78

ALM + visual captions
Ovis2.5-9B 72.94 64.04 69.65
Gemini2.5-Flash 69.64 61.80 66.74
Gemini2.0-Flash 67.66 65.17 66.74

LLM + both captions
Gemini2.5-Flash 67.00 62.36 65.28
Gemini2.0-Flash 71.62 64.04 68.81

SOTA OLM
None | 6931 58.43 65.17

Table 4: Gemini2.5-Flash Performance compari-
son (accuracy, %) of VLMs(with audio captions),
ALMs(with visual captions), LLMs(with both captions)
and SOTA OLMs.

4.3 The Revealing of Fusion Deficit Paradox

The comparative analysis presented in Table 4 con-
trasts the performance of SOTA model Gemini2.5-
Flash as dedicated Signal-modal Model (VLM,



Input Frame Number

Model

32 64 128
VideoLLama3 3929 4137 43.45
Ola-7B 53.64 5530 56.96
Unified-1I0-2 XXL 3098 31.19 31.39
Qwen2.5-Omni-7B  51.35 5198 51.98

Table 5: Overall Accuracy (%) with Different Input
Frame Numbers.

ALM) and LLM, which replace one or two of the
input modalities with textual descriptions, against
true Omni-modal Model) OLM setting, revealing
critical insights into the current state of multi-
modal fusion.

The Paradox of Omni-modal Fusion We re-
placed the caption model with several other
MLLMs, even with Gemini2.5-Flash itself, and
observed a consistent performance increase com-
pared to the vanilla OLM setting. When process-
ing both raw visual and raw audio data simultane-
ously (OLM: 0.6517), its performance is signifi-
cantly lowered by a max decreasing rate of 4.00%,
6.87% and 5.59% for VLM setting, ALM setting
and LLM setting respectively. The highest overall
score is achieved by the Audio-Language Model
(ALM) configuration, suggesting that the model
excels when the visual information is provided in a
distilled, textually abstracted format.

This phenomenon strongly suggests that current
OLM fusion mechanisms suffer from a information
loss introduced during the process of integrating
two raw modalities (pixels and waveforms), which
we called Fusion Deficit Paradox.

Explaining the Superiority of Textual Proxies
The superior performance of VLM and ALM con-
figurations, which use textual descriptions for one
modality, stems from three factors.

First, textual descriptions (captions/summaries)
act as effective, pre-processed proxies, filtering
noise and redundancy from raw streams. This al-
lows the model to bypass complex, error-prone
low-level feature extraction and alignment for that
modality. Second, receiving one modality as text
enables the model to dedicate its full capacity (e.g.,
attention) to robustly aligning the remaining raw
modality with the pre-parsed text. This focused pro-
cessing leads to a more accurate overall understand-
ing. Third, these models are fundamentally rooted
in Large Language Models (LLMs), which operate

optimally with high-quality textual input. This is
supported by Gemini2.5-Flash’s competitive score
(0.6881) using purely textual input. Ultimately,
when the raw fusion mechanism is imperfect, the
quality of textual representation can often outweigh
the benefit of processing raw multi-modal data.

4.4 The Effect of Video Frame Sampling Rate

The ablation study presented in Table 5 examines
the impact of visual information density by varying
the number of sampled input video frames (32, 64,
and 128) on open-source OLM performance. The
results generally confirm that increased frame sam-
pling leads to improved overall accuracy, though
the degree of benefit is highly model-dependent.

Models Showing Strong Context Utilization
and Saturation (Ola-7B, VideoLLama3, Qwen2.5-
Omni-7B, and UnifiedIO 2-XXL): Ola-7B and
VideoLLama3 exhibited a clear positive correlation
between frame count and accuracy, with Ola-7B
improving from 0.5364 (32 frames) to 0.5696 (128
frames) and VideoLLama3 showing a similar trend
(0.3929 to 0.4345). These results suggest that both
models effectively integrate temporal information
to enhance long-context reasoning. In contrast,
Qwen2.5-Omni-7B and UnifiedIO 2-XXL showed
limited improvements, with Qwen2.5-Omni-7B
reaching saturation (0.5135 to 0.5198) and Uni-
fiedlO 2-XXL showing negligible change (0.3098
to 0.3139), indicating challenges in utilizing denser
visual evidence or reaching capacity limits in their
visual processing mechanisms.

5 Conclusion

In conclusion, this paper introduces Longlnsight-
Bench, a pioneering benchmark for human-centric
long-video omni-modal understanding, featuring
a challenging dataset of 4,781 carefully-designed
questions. This benchmark serves as a realistic
testbed for next-generation OLMs, focusing on
human-centric cues such as viewpoint, sentiment,
and action. Our experimental results demonstrate
OLMs still face challenges in tasks like tempo-
ral localization and long-range causal reasoning.
Additionally, extended experiment suggests that
current omni-modal fusion mechanisms may suffer
from a fusion deficit. The ablation study further
reveals that frame sampling improves model accu-
racy, though the benefits vary across models.



Limitations

The development of LonglnsightBench involved
significant operational costs due to the reliance on
proprietary models (GPT-40 and Gemini2.0-Flash)
for high-fidelity filtering, QA generation, and rig-
orous quality assurance. This high API calling
expense restricts the pace and scale at which we
can expand the dataset, despite the need for dense,
multi-modal content. This financial constraint is a
major limitation on scalability. Future work will fo-
cus on developing more cost-efficient, open-source
or human-in-the-loop pipelines to mitigate this ex-
pense and facilitate larger-scale expansion.

Ethics Statement

We have carefully curated the video data used in
LongInsightBench to ensure the exclusion of dan-
gerous, discriminatory, or unhealthy content. Fur-
thermore, we strictly adhere to all terms and con-
ditions mandated by the source dataset, FineVideo.
To respect the rights and privacy of the original
video creators, we do not host the raw FineVideo
content. Instead, we only release the synthesized
data (questions, answers, and annotations) derived
from the videos, maintaining responsible data us-
age within reasonable limits.
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A Video Source Details

Table 6 shows the details of all categories of video
source. Figute 4 visualizes the distribution of
videos in our dataset across all subcategories.
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B Implementation Details

B.1 Details of Semantic Segmentation

To prevent the model from modifying the origi-
nal transcript due to hallucinations, we design a
two-stage semantic segmentation procedure. Both
stages are performed using GPT-40 to ensure con-
sistency in linguistic style and reasoning. The
prompts used in each stage are provided in B.3.

In the first stage, the model outlines the overall
thematic structure of the transcript. Given the full
transcript of the video’s speech, it is prompted to
estimate the number of distinct semantic topics and
to generate a tentative title for each. This serves as
a preparatory step for segmentation. Since the tran-
scripts are often lengthy, identifying the expected
number and focus of segments in advance helps re-
duce the model’s cognitive load in the subsequent
stage.

In the second stage, the model determines the
precise semantic boundaries between segments.
A second-stage prompt instructs the model to lo-
cate transition points between topics without mod-
ifying the original text. To indicate these transi-
tions, the model outputs a few words surround-
ing each boundary, from which the full text seg-
ments are later extracted using regular expressions.
The prompt explicitly requires that boundaries be
placed between sentences. However, if a predicted
boundary still falls within a sentence, the entire sen-
tence is assigned to the following segment, while
the preceding sentence serves as the closure of the
previous one.

We adopt this boundary-marking strategy rather
than asking the model to directly output segmented
text, in order to avoid discontinuities and hallucina-
tions. LLMs may inadvertently add, omit, or alter
portions of the transcript especially when handling
long passages, resulting in inconsistencies or in-
complete context for subsequent audio-captioning
tasks.

B.2 Prompts for visual/audio caption

Prompt in Figure 5 is used for creating visual cap-
tion by Ovis2.5-9B, and Prompt in Figure 6 is used
for creating audio caption by Gemini2.5-flash.

B.3 Prompts for Semantic Segmentation

Figure 7 and 8 illustrate the prompt design for
semantic segmentation. Particularly, the SEG-
MENT_COUNT_PROMPT shown in Figure 7 is
used in the first stage of segmentation, while the
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Description

Academic talks and tutorials covering diverse top-
ics including Al, astronomy, biology, chemistry,
science explanations, software tutorials, and TED
talks. High focus on spoken content and visual aids.
Dialogues and interviews including celebrity, ex-
pert, and political interviews and sports talk shows.
Rich in viewpoint tracking, sentiment changes, and
nuanced discussion.

Narrative-driven content including camping, hiking,
travel vlogs and film trailers. Emphasizes temporal
coherence, action-language alignment, and multi-
modal dynamics.

Category Subcategories Count
Lectures 8 514
Interviews 4 258
Vlogs / Film Trailers 4 229
Total - 1001

Table 6: Video source categories from FineVideo used in LonglnsightBench, updated with precise subcategory

counts and descriptions.

Number of Videos per Subcategory

100 4

72

69

60 1

42

33

Number of Videos

20 1

98

83 83

24

Subcategory

Figure 4: The distribution of videos in LonglnsightBench across all subcategories.

BOUNDARY_DETECTION_PROMPT shown in
Figure 8 is used in the second stage.

B.4 Details of QA Construction

To ensure the generated questions require deep con-
textual understanding—especially for Inter-event
tasks—the input to the LLM included a high-level
summary of the video (borrowed from the FineV-
ideo dataset). This summary is necessary to pro-
vide the LLM with the global narrative context
and thematic structure of the video, preventing
the generation of questions based solely on local-
ized, isolated events. Along with this summary, we
provided randomly sampled event IDs (typically
2-3) and their corresponding visual and audio cap-

tions. The LLLM was instructed to output a JSON-
formatted selection question. The choice between
single-choice and multi-choice was determined dy-
namically based on the complexity inherent in the
task scenario. Prompt in Figure 9 is the system
prompt used by GPT-40 in QA construction stage,
while prompts in Figures 10, 11, 12, 13, 14 and 15
are the user prompts specified to generate QAs of
different task types.

B.5 Prompts for Scoring QAs

The prompts take the complete visual captions, au-
dio captions, and QA pairs as input, and return a
JSON-formatted output containing dimension-wise
scores for each QA pair. As illustrated in Figure 16,
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VISUAL CAPTION PROMPT

You are an expert video describer.

Focus on:

tell individuals apart)

Guidelines:

- Emphasize how the scene evolves over time

Provide a detailed description of the given video segment as a single concise paragraph.

- People: their actions, gestures, clothing, and facial expressions (use distinguishing features to
- Objects and text: describe visible objects and any on-screen text (state the text in its original
language, give an English translation in parentheses, and explain its contextual meaning)

- Environment: the setting, background details, and atmosphere

- Visual changes: transitions, movements, or notable differences between frames

- Describe the sequence of frames as a continuous narrative, not isolated snapshots

- Avoid speculation beyond what is visually shown

Figure 5: Prompt used for providing visual captions for each video.

the scoring prompt is designed to guide GPT-40 in
evaluating the initial QA pairs along three dimen-
sions: sufficiency, consistency, and relevance.

To ensure reliable and fine-grained judgments,
the prompt provides explicit scoring criteria, where
each dimension is assigned a score between 0 and 1.
Unlike binary filtering, this soft scoring process al-
lows finer discrimination of borderline cases. Only
QA pairs that achieve a score of 1 across all three
dimensions are retained in the final dataset.

B.6 Failure Case Study

Figure 17 a case from Gemini2.5-flash in the Local-
ization Temporal Localization task. The model’s
failure stems from its inability to correctly identify
the multimodal elements in the video—both vi-
sually and acoustically—and match them to the
events described in the question. It incorrectly
asserts that the “interview title card” appears at
00:14:50 and that the “interviewer introducing his
guest” occurs at 00:21:50, neither of which aligns
with the actual video. These errors likely reflect
misrecognition of superficially similar cues or out-
right hallucinations of the model. This example
shows that the model’s weakness in temporal lo-
calization arises from deficiencies in multimodal
fusion and multi-hop reasoning, rather than from
any limitation in our task design.

13

Figure 18 shows another failure case from
Gemini2.5-flash in the Cross-event Causality task
also highlights a common issue: models struggle
to integrate cues over time, focusing instead on the
most recent signal. In this example, the golden rea-
soning requires linking earlier events into a causal
chain, but the model only attends to the latest cue,
showing salience bias and limited multi-step inte-
gration rather than an annotation issue.

B.7 Details of Human Inspection and
Filtering on QA pairs

After two rounds of automated filtering, we con-
ducted a structured human quality control proce-
dure with explicit scoring criteria. Specifically,
we randomly sampled approximately 10% of the
remaining QA pairs from each task category for
manual review. Each sampled QA pair was evalu-
ated by human annotators following a predefined
quality rubric. If more than 25% of the inspected
QA pairs within a task category were judged to
require modification or removal, we continued to
randomly sample another batch of QA pairs from
the remaining pool and repeated the inspection un-
til the proportion of low-quality items fell below
this threshold, ensuring consistent quality across
categories.

Each QA pair was assessed along three dimen-



AUDIO CAPTION PROMPT

You are an expert audio describer.

For speech, include:
- Speaking tone

features

For music, include:

- Genre or style

- Mood or tone

- Main instruments or notable features

For background or ambient sounds, include:

For other sounds, include:

Guidelines:

- Avoid guessing when uncertain

sounds

Provide a chronological description of the audio clip without mentioning timestamps.

- Content (quote short phrases verbatim, summarize longer parts)

- Number of speakers, distinguishable by gender, speaking style, or any other perceivable audio

- Sound characteristics (volume, rhythm, consistency, etc.)
- Environmental cues or setting inferred from these sounds

- Type of sound and how it contributes to the scene

- Write the description as a single concise paragraph, highlighting transitions between different

Figure 6: Prompt used for providing audio captions for each video.

sions: (1) semantic alignment, evaluating whether
the question, answer options, and gold answer were
correctly grounded in the video content across rel-
evant modalities; (2) clarity and unambiguity, as-
sessing whether the question was clearly phrased
and admitted a single correct answer under the
intended reasoning process; and (3) task appropri-
ateness, determining whether the QA pair matched
the intended task type and difficulty level without
being trivial or ill-posed. Based on these criteria,
annotators assigned an overall quality score on a
five-point scale, interpreted as follows:

* Score 5 (Excellent): The QA pair is fully cor-
rect, unambiguous, and well aligned with the
video content, with no redundancy or extrane-
ous cues. Such QA pairs are retained without
modification.

* Score 4 (Good): The QA pair is largely cor-
rect and well grounded, but may contain minor
issues (e.g., slightly similar distractor options)
that do not affect the correctness. These QA
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pairs are retained as-is or lightly edited.

* Score 3 (Borderline): The QA pair is correct
in principle but suffers from issues such as
vague phrasing, overly similar answer choices,
or suboptimal difficulty calibration. These QA
pairs are revised.

* Score 2 (Poor): The QA pair exhibits clear
deficiencies, including misalignment with the
video content, unclear question intent, or weak
reasoning signals. These QA pairs are re-
moved.

Score 1 (Invalid): The QA pair is fundamen-
tally flawed due to incorrect gold answers,
hallucinated events, severe ambiguity, or re-
dundancy with other QA pairs. These QA
pairs are removed.

Following manual inspection, approximately
18% of the QA pairs were modified, primarily
by refining ambiguous wording, adjusting answer



SEGMENT COUNT PROMPT

You are an expert in transcript chunking and topic boundary detection for long videos.

Given a piece of text transcribed from the audio of a video, your task is to:
1. Identify how many distinct semantic chunks it contains.
2. For each chunk, provide a short title (a few words) summarizing its main theme or idea.

Guidelines:

- Each chunk should correspond to a coherent theme, explanation, or dialogue unit.

- Avoid making chunks too short or too long.

- The goal of chunking is to create useful and self-contained units of text for downstream tasks
such as captioning and retrieval, not to detect strict topic shifts.

- The short titles should be concise, descriptive, and capture the main semantic focus of the chunk.

Output Format (strictly follow this structure):
Chunk count: <integer>

Titles:

1. <short title for chunk 1>

2. <short title for chunk 2>

N. <short title for chunk N>

Now, analyze the following text:
{text}

Figure 7: Prompt used in the first stage of semantic segmentation. In this stage, the model is asked to identify
the number of topics of the given transcript.

choices, or calibrating question difficulty. Around
13% of the QA pairs were removed due to vague or
ill-defined questions, misalignment with the video
content, redundancy, or overly simplistic formula-
tions. The remaining QA pairs met the predefined
quality standards and were retained in the final
benchmark.

Due to limited funding, all manual inspection
work was conducted by the authors of this paper
without external compensation, with a total time
cost of approximately 120 person-hours. Thanks
for their hard working.
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BOUNDARY DETECTION PROMPT

You are an expert in transcript segmentation for long videos.

Your task:

1. Identify EXACTLY {boundary_count} semantic boundaries in the transcript, based on the
{topic_count} chunks and their titles.

2. Each boundary MUST be represented as:

<last few words of previous sentence>[BORDER]<first few words of next sentence>

Guidelines:

- You must output ONLY one boundary per line. No explanations, no numbering, no extra words.
- The words on the left and right of [BORDER] MUST appear exactly as in the original
transcript, with no paraphrasing.

- The left part must be the END of a sentence. The right part must be the START of the next
sentence.

- Boundaries must align with the given semantic titles.

- Do not add or skip boundaries. The number of output lines MUST equal {boundary_count}.

Output Format (strict):
<previous sentence ending>[BORDER ]<next sentence beginning>
(repeated {boundary_count} times, one per line)

Now process the following transcript:

Transcript:
{text}

Topic count: {topic_count}
Chunk titles:
{titles}

Output:

Figure 8: Prompt used in the second stage of semantic segmentation. In this stage, the model is asked to output

segment borders and several surrounding words based on the given topics and titles.
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SYSTEM PROMPT

You are a multimodal question generator specializing in video understanding.
Your task is to create high-quality multiple-choice questions (MCQs) for video understanding.

You are restricted to using ONLY the provided event list (visual_caption, audio_caption,
timestamps).

Do not use external knowledge, hallucinated facts, or information not present in the events.
Each generated question must strictly follow the JSON schema below.

Figure 9: System prompt used in QA construction stage.

INTRA EVENT REASONING USER PROMPT

video_id: {video_id}
summary: {summary}
events: {events_str}

Task requirements:

1) Generate N=2 **Intra-event Reasoning** questions. Each question MUST:

- Focus on a single event, querying **causation or conclusions within its timestamp range**
(e.g., "Why X happened / How Y was achieved / What Z signifies between [start_time] and
[end_time]?").

- Use **exactly 1 event_id**, referring only to its content and **timestamps**.

- Require BOTH visual and audio evidence from that event; single modality is INSUFFICIENT.
- Offer plausible options **strictly based on the specific event’s details**.

- Be "single_choice_question" or "multiple_choice_question".

2) For answer options:

- Provide exactly 4 options: A, B, C, D.

- Distractors must be consistent with event details but incorrect.
- For "single_choice_question": exactly one correct option.

- For "multiple_choice_question": at least two correct options.

3) For explanations:

- Justify the correct answer(s) by synthesizing information **as if you were observing the video
directly** and field the ‘"gold_reasoning" ‘.

- Reasoning must detail inference steps, **explicitly referencing the single event_id and both

visual + audio evidence.**

Figure 10: Prompt used in QA construction in the Intra-event Reasoning task.
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MULTIMODAL TEMPORAL LOCALIZATION USER PROMPT

video_id: {video_id}
summary: {summary}
events: {events_str}

Task requirements:

1) Generate N=2 **Multimodal Temporal Localization** questions. Each question MUST:
- Focus on localizing a specific event, which is defined by the **simultaneous occurrence or
strong correlation of a distinct visual action/cue AND associated audio information (e.g., speech
content, specific sounds)**.

- Ask for the exact time segment(s).

- Use **exactly 1 event_id**. The question should provide enough detail from both visual and
audio captions to uniquely identify the correct time segment(s).

- Require BOTH visual and audio evidence from that event; single modality is INSUFFICIENT.
- Offer plausible options **strictly based on the specific event’s details**.

- Be "single_choice_question" or "multiple_choice_question".

2) For answer options:

- Provide exactly 4 options: A, B, C, D. Each option’s value **must be a timestamp string** in
"[HH:MM:SS - HH:MM:SS]" format.

- Distractor time segments must be plausible but incorrect for the queried event, ideally from
other events or incorrect parts of the correct event.

- For "single_choice_question": exactly one correct time segment option.

- For "multiple_choice_question": at least two correct time segment options.

3) For explanations:

- Justify the correct answer(s) by synthesizing information **as if you were observing the video
directly** and field the ‘"gold_reasoning"‘.

- Reasoning must detail inference steps, **explicitly referencing the required event_ids and both

visual + audio evidence used to pinpoint the exact time segment.**

Figure 11: Prompt used in QA construction in the Multimodal Temporal Localization task.
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AUDIO VISUAL ALIGNMENT USER PROMPT

video_id: {video_id}
summary: {summary}
events: {events_str}

Task requirements:

1) Generate N=2 **Audio- Visual Alignment** questions. Each question MUST:

- Focus on **identifying the corresponding visual characteristic/expression given an audio
event®*, OR **identifying the corresponding audio event given a visual characteristic** within a
specific event.

- Use **exactly 1 event_id**. The question should target an event’s [start_time] and [end_time]
where the specified audio and visual elements occur concurrently.

- Require BOTH visual and audio evidence to correctly identify the aligning characteristic; single
modality is INSUFFICIENT.

- Offer plausible options **strictly based on the specific event’s details**.

- Be "single_choice_question" or "multiple_choice_question".

2) For answer options:

- Provide exactly 4 options: A, B, C, D. Each option’s value **must be a descriptive string** that
aligns with the modality being queried (i.e., visual characteristics for visual questions, or audio
events for audio questions).

- Distractor options must be plausible within the event but not aligned with the queried
information, or entirely incorrect.

- For "single_choice_question": exactly one correct descriptive option.

- For "multiple_choice_question": at least two correct descriptive options.

3) For explanations:

- Justify the correct answer(s) by synthesizing information **as if you were observing the video
directly** and field the ‘"gold_reasoning"‘.

- Reasoning must detail inference steps, **explicitly referencing the single event_id and both

visual + audio evidence used to align the audio event with its visual manifestation.**

Figure 12: Prompt used in QA construction in the Audio-Visual Alignment task.
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TIMELINE RECONSTRUCTION USER PROMPT

video_id: {video_id}
summary: {summary}
events: {events_str}

Task requirements:

1) Generate N=2 **Timeline Reconstruction®** question. The question MUST:

- Present a list of 4-10 distinct sub-events in a shuffled, non-chronological order. Each sub-event
should be explicitly numbered (e.g., "(1) [Description of sub-event A]", "(2) [Description of
sub-event B]").

- Each sub-event description should be **concise and focuses on a single, atomic action or
observation**.

- Sub-events should be drawn from **at least 3 different** event_ids.

- Require the reconstruction of the correct chronological order of these sub-events.

- Require BOTH visual(e.g., character movements, object appearance/disappearance) and
audio(e.g., specific sound effects, spoken time indicators) evidence to determine the correct
sequence; single modality is INSUFFICIENT.

- Be "single_choice_question".

2) For answer options:

- Provide exactly 4 options: A, B, C, D. Each option’s value **must be a sequence of the
sub-event numbers**, joined by " -> ".

- Provide exactly 1 correct option which represents the correct chronological sequence of the
numbered sub-events.

- Provide exactly 3 distractor options, which must be plausible but incorrect sequences.

- Ensure all sub-event numbers included in the question are used exactly once in each answer

option’s sequence.

3) For explanations:

- Justify the correct answer(s) by synthesizing information **as if you were observing the video
directly** and field the gold_reasoning-

- Reasoning must detail inference steps, **explicitly referencing the required event_ids and both
visual + audio evidence used to reconstruct the sub-events.**

Figure 13: Prompt used in QA construction in the Timeline Reconstruction task.
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TOPIC STANCE EVOLUTION SUMMARIZATION USER PROMPT

video_id: {video_id}
summary: {summary}
events: {events_str}

Task requirements:

1) Generate N=2 **Topic/Stance Evolution Summarization** question. The question MUST:
- Focus on summarizing the **evolution or development of a key topic or a character’s
stance/viewpoint** across multiple relevant events.

- Involve **at least 3 different event_ids**.

- Require BOTH visual(e.g., speaker’s gestures, on-screen text, changes in setting) and audio(e.g.,
spoken content, tone shifts, emphasis) evidence to formulate a comprehensive summary; single
modality is INSUFFICIENT.

- Offer plausible options **strictly based on the video’s main idea**.

- Be "single_choice_question" or "multiple_choice_question".

2) For answer options:

- Provide exactly 4 options: A, B, C, D. Each option’s value **must be a concise, multi-sentence
paragraph (2-4 sentences)** describing a potential progression or evolution of the topic/stance
across the selected events.

- Distractor options must be plausible descriptions of an evolution, but either not aligned with the
actual progression or entirely incorrect.

- For "single_choice_question": exactly one correct option.

- For "multiple_choice_question": at least two correct options.

3) For explanations:

- Justify the correct answer(s) by synthesizing information **as if you were observing the video
directly** and field the gold_reasoning-

- Reasoning must detail inference steps, **explicitly referencing the required event_ids and both
visual + audio evidence to support the stated progression or evolution.**

Figure 14: Prompt used in QA construction in the Topic/Stance Evolution Summarization task.
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CROSS EVENT CAUSALITY USER PROMPT

video_id: {video_id}
summary: {summary}
events: {events_str}

Task requirements:

1) Generate N=2 **Cross-event Causality Reasoning** question. The question MUST:

- Choose a specific **"result sub-event"**, which is a localized action or state change within a
larger event_id.

- Ask to identify the preceding event_id(s) and/or specific sub-event(s) within those event_id(s)
that most plausibly served as the direct cause or primary contributing factor to the target result
sub-event.

- The causal relationship must span **at least 3 different event_ids**.

- Require BOTH visual and audio evidence to robustly establish the causal link; single modality is
INSUFFICIENT.

- Offer plausible options **strictly based on the video’s main idea**.

- Be "single_choice_question" or "multiple_choice_question".

2) For the answer:

- Provide exactly 4 options: A, B, C, D. Each option should be an event_ids or a descriptive string
of specific sub-events within an event_id.

- Distractor options must be plausible as preceding events/sub-events, but either not align with the
actual causal chain, or are entirely incorrect.

- For "single_choice_question": exactly one correct option.

- For "multiple_choice_question": at least two correct options.

3) For explanations:

- Justify the correct answer(s) by synthesizing information **as if you were observing the video
directly** and field the gold_reasoning-

- Reasoning must detail inference steps, **explicitly referencing the required event_ids and both
visual + audio evidence to support the stated progression or evolution.**

- Clearly explain **how** the referenced cause event(s)/sub-event(s) led to the state change or
outcome observed in the target result sub-event.

Figure 15: Prompt used in QA construction in the Cross-event Causality task.
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SCORING PROMPT

You are an evaluator for long audiovisual QA.

You will receive three inputs:

- Audio caption: a textual description of audio events
- Video caption: a textual description of visual events
- QA pair: a question and its proposed answer

Your task:

Evaluate the QA from three perspectives:

1. Sufficiency — Do the captions provide enough evidence to support the answer?

2. Consistency — Is the answer consistent with the described events (no contradictions)?
3. Relevance — Are the captions relevant to the question being asked?

Scoring:

- Each dimension should be assigned a score between 0 and 1.

* 0 = completely unsupported / inconsistent / irrelevant

* (.5 = partially supported / somewhat consistent / weakly relevant
* 1 = fully supported / consistent / highly relevant

Audio caption: {audio_caption}
Video caption: {video_caption}
QA pair: {qa}

Figure 16: Prompt used for scoring QAs.
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Failure Case 1: Temporal Localization (Gemini-2.5-Flash)

Question:

When do we see the animated black-and-gray squares transition into the Wamda logo and interview
title card while upbeat electronic music plays, followed by the interviewer introducing his
guest as the CO0 focused on creative content generation and training?

Options:

* A: [00:00:00 - 00:00:47]
e B: [00:00:47 - 00:02:15]
e C: [00:08:09 — 00:09:34]

e D: [00:09:34 - 00:10:41]

Correct Answer: A

Gold Reasoning:

Using event_id @, the visual evidence is the opening sequence with moving black/gray squares
leading to the Wamda logo and the on-screen identification of Wayne Borg’s interview.
Simultaneously, the audio features an upbeat electronic music bed that transitions into the
interviewer’s spoken introduction of a COO focused on creative content generation and training.
This combination of intro animation, music, and initial guest introduction only occurs in
00:00:00-00:00:47. Later segments (options B-D) show two men talking without the opening
animation or electronic music intro.

Model Answer: D

Model Reason:

The model claims that the interview title card appears at 00:14:50 and the interviewer
introduction occurs at 00:21:50, which do not align with the actual video content. Among
the provided options, it selects D as the closest match based on a misinterpreted transition
cue, reflecting misrecognition of superficially similar signals or hallucinated timestamps.

Figure 17: Failure Case in Temporal Localization (Gemini-2.5-Flash)
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Failure Case 2: Cross-event Causality (Gemini-2.5-Flash)

Question:

In event 11, the video shows a close-up of Andre Bright’s business card while he recites office
phone numbers, followed by a property presentations slate. Which earlier events/sub-events
most directly caused the video to culminate with displaying and announcing Andre’s contact
details? Select all that apply.

Options:

e A: Event 1 — The host introduces Andre as the fastest solicitor in North Wales and invites
him to answer buyers’/sellers’ questions.

e B: Event 2 — Andre explains the 6-8 week timeline and stresses early instruction and
preparation.

e C: Event 9 — Andre reassures viewers about fixed-fee conveyancing and encourages frequent
contact.

e D: Event @ — Branding cutaway showing the “andy the estate agent” logo.

Correct Answers: A, B, C

Gold Reasoning:

The causal chain builds across the interview before culminating in event 11’s on-screen
contact reveal. Event 1 establishes Andre’s authority and frames the interview as an expert
Q&A. Event 2 reinforces this expert advisory role through substantive guidance on timelines
and preparation. Event 9 explicitly encourages communication by addressing cost concerns and
promoting fixed-fee conveyancing, priming a call-to-action. These steps together motivate the
final display of Andre’s contact details in event 11. In contrast, the logo cutaway in event
0 is general branding and does not directly contribute to the causal progression.

Model Answer: C

Model Reason:

The model focuses solely on Event 9, as it directly encourages viewers to contact Andre, but
fails to integrate earlier events into a multi-step causal chain. This reflects salience bias
and limited cross-event integration rather than annotation ambiguity.

Figure 18: Failure Case in Cross-event Causality (Gemini-2.5-Flash)
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