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Abstract

Recent advancements in Multimodal Large
Language Models (MLLMs) have achieved sig-
nificant success in understanding static pre-
recorded video scenarios (e.g., event-centric
or narrative-driven content). However, exist-
ing MLLMs are largely trained on datasets re-
stricted to static content due to the scarcity of
high-quality interleaved data, causing them to
struggle with dynamic interactions. Distinct
from pre-recorded videos, live streaming is
characterized by high-density, interleaved mul-
timodal turns, where viewer comments (dan-
maku) are tightly coupled with real-time audio-
visual evidence and evolving dialogue context.
In such settings, purely textual annotations fail
to capture fine-grained visual and temporal
dependencies. To bridge this gap, we intro-
duce Live-Aid, the first large-scale interleaved
live interaction Chinese dataset with human-
annotated, temporally aligned video responses,
spanning over 1,100 hours and 80,037 dialogue
turns across 8,053 video sessions. Building
on this, we leverage these high-quality anno-
tations within a novel multi-agent pipeline to
construct evaluation tasks targeting core capa-
bilities of live interactions. Extensive evalua-
tions of strong Video-LLMs and Omni-LLMs
reveal critical limitations in interleaved multi-
turn interactions requiring temporal reasoning,
highlighting the value of Live-Aid in advanc-
ing interleaved multimodal reasoning and dy-
namic audio-visual dependencies. Live-Aid is
publicly available at this project repository.

1 Introduction

In recent years, Multimodal Large Language Mod-
els (MLLMs) have made remarkable strides in
the field of multimodal dialogue and understand-
ing (Hurst et al., 2024; Shu et al., 2025; Bai
et al., 2025b; Tang et al., 2025). Building upon
these advancements, a range of benchmarks (Li
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Figure 1: An interleaved dialogue example from Live-
Aid. Host-Danmaku interactions are annotated with
temporal dependencies: Instant, Delay, and History.

et al., 2024a; Fu et al., 2025; Qiang et al., 2025)
have been established to evaluate the capabili-
ties of these models, primarily through question-
answering (QA) tasks. While previous works (Yi
et al., 2024) focus on static, pre-recorded videos
that are event or narrative driven, these datasets are
largely constrained to passive observation.

Distinct from pre-recorded videos and such pas-
sive observation, live streaming (e.g., e-commerce)
epitomizes a dynamic environment characterized
by high information density and continuous viewer-
host interaction via interleaved multimodal
turns. For example, timestamped live danmaku
(i.e., a form of real-time on-screen viewer commen-
tary overlaid on the video) are tightly synchronized
with real-time audio-visual evidence, creating intri-
cate interactions rich in multimodal dynamics, as
illustrated in Fig. 1. In this context, simple textual
replies are often insufficient, whereas direct video
responses offer significantly clearer visual ground-
ing and vividness. However, most current datasets
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limit these interactions to static textual annotations,
failing to capture the high-quality interleaved data
and the audio-visual evidence essential for such
direct responses.

To address these challenges, we introduce Live-
Aid, the first large-scale, human-annotated collec-
tion of danmaku and video responses derived from
Chinese live streams for interleaved live stream
interaction. To ensure superior data quality, we
employed 10 expert annotators and establish a rig-
orous annotation pipeline. Distinct from previ-
ous coarse-grained labeling, our protocol mandates
fine-grained temporal grounding within the dia-
logue context: annotators are required to explicitly
align the danmaku queries and their corresponding
host response clips with precise audio-visual spans,
thereby bridging the gap between abstract conver-
sational reasoning and concrete evidence. In total,
Live-Aid spans over 1,100 hours across 1,763 live
streams, comprising 8,053 video sessions covering
44 diverse e-commerce categories characterized by
high-density interactions.

To comprehensively evaluate interleaved live
interaction, we focus on three fundamental ca-
pabilities essential for dynamic stream environ-
ments (Chen et al., 2024a): (1) [Multimodal Un-
derstanding], which involves deciphering cross-
modal alignment and viewer intents; (2) [Dialogue
Modeling], which entails simulating social interac-
tions and summarizing context; and (3) [Temporal
Reasoning], a critical skill that requires models to
navigate the streaming timeline to resolve cross-
turn dependencies and ground responses to spe-
cific timestamps. Drawing inspiration from recent
advancements in agent-enhanced dataset synthe-
sis (Sun et al., 2025; Jiang et al., 2025), we leverage
our high-quality annotations within a multi-agent
collaborative framework to operationalize these ca-
pabilities into eight core evaluation tasks. Specifi-
cally, we orchestrate four specialized agent groups
to enrich raw annotations with dense visual cap-
tions and construct challenging adversarial compo-
nents. To guarantee the rigorousness of Live-Aid,
we employ a Consensus Committee mechanism
combined with human expert review, strictly fil-
tering tasks for solvability and correctness. Exten-
sive evaluations on 17 leading Video-LLMs and
Omni-LLMs reveal significant limitations in pro-
cessing high-density interleaved multimodal inputs
and complex temporal dependencies, highlighting
the necessity of interleaved multimodal perception
and temporal reasoning for authentic live interac-

tion. We summarize our contributions as follows:
(1) Novel Task for Interleaved Live Interaction.
We define the task of interleaved live stream in-
teraction, shifting from passive understanding of
static pre-recorded content to active interactions in
dynamic live streaming scenarios.

(2) Comprehensive Live Interaction Resource.
We introduce Live-Aid, the first large-scale resource
comprising 8,053 video sessions (1,100+ hours)
of human-annotated interleaved live dialogues, ac-
companied by an agent-enhanced benchmark for
rigorously evaluating dynamic live scenarios.

(3) Extensive Experiments and Evaluation. We
conduct extensive evaluations on Live-Aid, reveal-
ing significant limitations of existing models and
guiding future research in handling high-density
interleaved dynamics and temporal dependencies.

2 Related Work

Multimodal Dialogue. Prior research on text-
based dialogue has mainly focused on applications
such as conversational recommendation and user
goal clarification (Liu et al., 2020, 2021, 2022).
Early multimodal dialogue evolved from single-
turn image-text tasks like VQA v2.0 (Goyal et al.,
2017) to multi-turn conversations represented by
VisDial (Das et al., 2017) and MMChat (Zheng
et al., 2022). To further enhance multimodal inter-
activity, subsequent studies introduced interleaved
image-text paradigms, as seen in PhotoChat (Zang
et al., 2021) and DialogCC (Lee et al., 2024). Re-
cent research has transitioned towards the video
domain, shifting focus from event-centric QA (e.g.,
ActivityNet-QA (Yu et al., 2019) and VDAct (Im-
rattanatrai et al., 2025)) to multi-party social dia-
logues that incorporate user comments (Lin et al.,
2023; Shi et al., 2025). While LiveChat (Gao et al.,
2023) and DanmakuTPP (Jiang et al., 2025) ex-
tend this line of research to large-scale danmaku,
they largely treat comments as static metadata and
overlook their real-time interaction with the video
stream. As a result, existing “watch-then-talk”
paradigms still struggle to capture the interleaved
dynamics of live streaming and the fine-grained
temporal alignment between streams and danmaku.
Video-LLMs and Evaluation. The rapid advance-
ment of Large Language Models (LLMs) (Achiam
et al., 2023; Guo et al., 2025; Comanici et al., 2025;
Yang et al., 2025a) has accelerated the research
transition from text to visual perception. Video-
LLMs have progressed from early temporal mod-
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Datasets Response V.I. M.P. Temp. Source Anno. M #Visual #Dmk #Turns
MU DM TR
VisDial (Das et al., 2017) X X X PN & X 123K - 247M
Image-Chat (Shuster et al., 2020) X X X PN & X 202K - 401K
OpenViDial2.0 (Wang et al., 2021) X X X PN ° X 5.6M - 5.6M
PhotoChat (Zang et al., 2021) PN X X PN A X 109K - 117K
MMChat (Zheng et al., 2022) X X X PN () X 204K - 314K
MMDialog (Feng et al., 2023) PN X X PN ° X 153M -  492M
DialogCC (Lee et al., 2024) PN X X (o) ® X 129K - 929K
MUSE (Wang et al., 2025c) () X X PN X 137K - 83K
TikTalk (Lin et al., 2023) X v X i3 ° X 387K X 827K
LiveChat (Gao et al., 2023) X Vv X A o X 182K 1.3M 1.3M
MMLSCU (Meng et al., 2024) X v v o & X X 02K 50.1K X
KwaiChat (Shi et al., 2025) X Vv X i3 o X X 93.2K X 0.8M
Friends-MMC (Wang et al., 2025b) PN v v 3 ° X 156K X 24k
DanmakuTPP-Events (Jiang et al., 2025) X X v v i3 X X /72K 108M X
TikTalkCoref (Li et al., 2025b) PN X X v 5 & X X 11K X 2.2K
MVBench (Li et al., 2024a) X X X ] (6] X X 36K X 80K
MMBench-Video (Fang et al., 2024) X X X 5 & X X 06lK X 4.0K
AutoEval-Video (Chen et al., 2024b) X X X = 2 X X 033K x 151K
VideoVista (Li et al., 2024b) X X X &3] 6] X 34K X 498K
Video-MME (Fu et al., 2025) X X X ] 2 X X 090K x 54K
OVBench (Huang et al., 2025) X X v 3 () X v 15K x 142K
OVOBench (Niu et al., 2025) X X 4 B A X v 064K X 5.6K
Live-Aid (Ours) ale) v / v ¢ & v v v 81K 533K 80.0K

Table 1: Comparison between Live-Aid and existing multimodal datasets. Modalities: Text, (&) Image, i3
Video, £ Audio, @ Live Stream. Anno. represents the annotation method: & Human, @ LLM, s Rule-filtered,
Multi-agent collaboration. V.I. denotes Video—Text Interleaved sequences; M.P. indicates multi-party interactions;
Temp. represents temporal alignment. MU, DM, and TR denote Multimodal Understanding, Dialogue Modeling,
and Temporal Reasoning capabilities of live interaction in Sec. 4.1, respectively. #Visual, #Dmk, and #Turns are

counts of visuals, danmaku, and turns.

eling (Zhang et al., 2023; Li et al., 2025a) to ad-
vanced unified architectures like Qwen3-VL (Bai
etal., 2025a) and InternVL3.5 (Wang et al., 2025a),
while emerging Omni-models (Xu et al., 2025; Ye
et al., 2025; OpenAl, 2025a) further enable simul-
taneous audio-visual perception. To assess these
capabilities, research community has established di-
verse benchmarks (Li et al., 2024a; Fu et al., 2025)
for video comprehension, and has gradually ex-
tended to streaming video understanding (Huang
et al., 2025; Niu et al., 2025). However, these
benchmarks mostly rely on generic video sources,
overlooking the distinctive interleaved interactions
between live streams and viewer comments. To
bridge this gap, we construct Live-Aid, a large-
scale dataset for interleaved live dialogue interac-
tion, designed to support the study of core capabili-
ties in dynamic live-streaming scenarios.

3 Live-Aid Dialogue Construction

To address the scarcity of high-quality resources
capturing vivid audio-visual evidence within high-
density interleaved dynamics, we present Live-Aid,
the first large-scale interleaved dialogue dataset
with fine-grained temporal annotations. In this sec-

tion, we detail our design specifications and the
rigorous construction pipeline.

3.1 Problem Formulation

A live session is denoted as S = (V, A, D), where
V, A are continuous visual and audio streams, and
D is the ordered danmaku sequence. We model the
interaction as a sequence of turns Sg;q; = {Tk}gi 1
Each turn is defined as a triplet T, = (Cy, d, Vi),
where: 1) C, C D is the contextual pool of am-
bient comments within a temporal window; 2)
dy. € Cy, is the target danmaku triggering the re-
sponse; and 3) v, is the multimodal response seg-
ment V[t : to| & Alts : te|. The intrinsic structure
of live interactions is defined as the evolution of
each turn 7}, conditioned on history Hj,_ 1, reflect-
ing the tight coupling between sparse user queries
and continuous streaming evidence.

3.2 Dataset Construction

Data Collection. We collect data from Kuaishou',
a leading platform with a vast user base. Focusing
on e-commerce streams, we capture dense interac-
tions, rich multimodal contexts, and broad domain

"https://www.kuaishou.com
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Figure 2: Multi-Agent Collaborative Generation Framework for constructing Live-Aid. The framework
comprises four agent groups: (1) Modality Enrichment extracts basic dialogue metadata and performs temporal
alignment and visual captioning; (2) Component Generation constructs fundamental blocks such as adversarial
distractors and dialogue contexts; (3) Task Synthesis utilizes these components to synthesize diverse tasks across

Multimodal Understanding (MU), Dialogue Modeling

(DM), and Temporal Reasoning (TR); and (4) Verification

Agents employ a Consensus Committee and human expert review to guarantee solvability and quality.
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Figure 3: Distribution of turns and users in Live-Aid.

coverage. The raw dataset covers 59 categories
(e.g., Clothing, Beauty, Health), comprising 12.7K
live streams and 343.6K danmaku comments.

Data Cleaning. Raw live streams often contain sig-
nificant redundancy (e.g., silence, waiting periods).
As a result, we designed a rigorous three-stage
cleaning pipeline to ensure high data quality. First,
we used ASR and visual change detection to seg-
ment long streams into coherent, product-centric
clips. Next, we applied a multi-level danmaku
filtering strategy, combining rule-based heuristics
and intent detection models to extract genuine
information-seeking queries while removing spam
and toxic content. Finally, to support effective mul-
timodal modeling, we curated the dataset under
strict quality constraints—retaining only sessions
with clear audio, appropriate duration (1-20 min),
and realistic multi-party interaction density (4-30
unique users). This process produced 20,406 high-
quality sessions from the raw collection.

2

Data Annotation and Quality Control. To ad-
dress the challenge of fine-grained temporal align-
ment between textual queries and dynamic audio-
visual responses, we employed a team of 10 pro-
Jessional annotators following a rigorous proto-
col. During this phase, annotators served as a fi-
nal quality filter, explicitly discarding clips that
exhibited low information density or lacked clear
audio-visual demonstrations. For the valid sessions,
annotators selected high-value danmaku and pre-
cisely localized the response intervals [tgart, Lend]
grounded in specific audio-visual segments. To pre-
serve the multi-party nature of live streaming, high-
value yet unanswered queries were also retained
and assigned to corresponding dialogue turns. An-
notators further categorized the evidence source
(Audio or Multimodal) and provided concise sum-
maries for each turn. Finally, we conducted daily
expert reviews on 10% of the samples to ensure
consistency. The final dataset comprises 8,053
video sessions and 80,037 dialogue turns, includ-
ing 53.3K text-based turns and 26.7K video-based
turns. Fig. 3 illustrates the distribution of dialogue
turns and users, with detailed statistics and annota-
tion protocols provided in Appendix A.1 and A.3.

4 Live-Aid Benchmark Construction

To enable comprehensive live interaction assess-
ment, we curated a representative test set from
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Capability

Task

Type

Example

Multimodal
Understanding

Video_QA

MCQ4)

Q: Is the decoration on this vest a circle of pearls?
(A) Yes, circle of pearls. (B) Other material. (C) No pearls. (D) Partial pearls.
Dmk@737s: “Is this a pearl circle?” — Response Clip: [810s, 817s]

Open

Q: How to connect the snaps to use as a double sleeping bag?
GT: Fold into rectangle, snap bottom/sides, then leg area.

Dmk@61s: “How to snap this for double?” — Response Clip: [128s, 183s]

MM_Cons

True/False

Q: Please judge whether the following danmaku matches the given video clip
[Video P185-3325: “Are these pants fleece-lined?” (A) True (B) False

Dmk@564s: “Are these pants fleece-lined?” — Response Clip: [518s, 532s]

MCQ(2/4)

Q: Select the video clip that best matches the danmaku: “Is it thick-soled?”
(A) [Vid6,0]3695-384s (B) [VideOJIOOS-]ZGS (C) [Vl‘deO]4525-457s (D) [Video]125s-159s

Dmk@109s: “Is it thick-soled?” —> Response Clip: [125s, 159s]

Dmk_Intent

Class

Dialogue
Modeling

Dmk_Gen

Open

Based on History, Predict Next Dmk Intent. History: U:“Can kids eat this?”
H:[Clip] ...(6 Turns) GT: Transaction Service - Price/Discount; Promo/Gift
Dmk@386s: “Any promo gifts...”
Q: Based on History & Curr Clip, Gen Dmk. History: U:“What size is the model...”
H:[Clip] ...(2 Turns) [Curr Clip] GT: Are the eyeglasses the same?

Dmk@108s: “What size is the model...”

— Response Clip: [392s, 396s], ...(6 Turns)

> Response Clip: [112s, 123s], ...(2 Turns)

Dial_Summ

Open

Q: Summarize the Dialogue: U: “Are sleeves long?” H:[Clip] ...(6 Turns)
GT: Users ask about fit... Host confirms sleeves fit, ... length is 52cm.

Dmk@243s: “Are sleeves long?” — Response Clip: [215s, 221s], ...(6 Turns)

Temporal

Reasoning

Dmk_Order

Ranking

Q: Sort shuffled danmaku based on ordered clips: [Clips]. Dmk: [0] “Is this
padded?” [1] “Can you show the colors?” [2] “Is this in stock?” GT: [10 2]

Dmk@31s: “Can you show the colors?” — Response Clip: [31s, 55s], ...(4 Turns)

Timeline

Ranking

Q: Sort shuffled clips based on ordered Dmk: [0] “How long is it?” [1] “Is the
thick hoodie available?” [2] “Red hoodie collar?” [Shuffled Clips] GT: [3 10 2]

Dmk@97s: “How long is it?” — Response Clip: [97s, 116s], ...(4 Turns)

Evidence

Grounding

Q: Input: Video (Dur: 532s), Frames: <N>, Timeline: <T>. Localize evidence
for Dmk(@244s): “Is the outside cotton or fleece?” GT: [217s, 231s]

Dmk@244s: “Is the outside cotton...” — Response Clip: [217s, 231s] (History)

Table 2: Task categories in Live-Aid. We detail tasks and representative examples in Live Stream Interaction.
MCQ(2/4) denotes Multiple-Choice with 2 or 4 options, Class denotes classification, and Open denotes Open-ended.

the Live-Aid corpus, comprising 1,646 clips and
16,090 dialogue turns with meticulous human an-
notations. Building on this foundation, we de-
veloped a Multi-Agent Collaborative Generation
Pipeline inspired by recent agent-enhanced bench-
marks (Wang et al., 2025c; Jiang et al., 2025).

4.1 Task Definitions

We categorize streaming dynamics into three tem-
poral perspectives (Instant, Delay, and History)
and abstract three core capabilities of live interac-
tions (Chen et al., 2024a), as illustrated in Tab. 2.
Specifically, Multimodal Understanding (MU)
targets dynamic visual comprehension and user in-
tent recognition (e.g., Video QA, Multi-Modal Con-
sistency, Danmaku Intent Prediction); Dialogue
Modeling (DM) assesses generative proficiency
in simulation and summarization (e.g., Contextual
Danmaku Generation, Structured Dialogue Sum-
marization); and Temporal Reasoning (TR) evalu-
ates timeline navigation and reasoning over tempo-
ral structures (e.g., Danmaku Ordering, Clip Time-
line Reconstruction, Video Evidence Grounding).

Detailed task definitions are in Appendix B.1.

4.2 Agent-Enhanced Benchmark

We implement a Multi-Agent Collaborative Gen-
eration Framework, consisting of four specialized
agent groups, to construct intricate temporal reason-
ing and fine-grained perception tasks for Live-Aid,
as illustrated in Fig. 2. Detailed prompts and work-
flows are provided in Appendix B.2.

Modality Enrichment Agents. As the perception
foundation, the Modality Enrichment Agent aligns
raw human annotations with video signals. We
employ rule-based agents for precise timestamp
synchronization and metadata extraction (e.g., du-
ration, product info). Furthermore, to compensate
for visual details overlooked in human annotations,
we utilize Qwen3-VL (Bai et al., 2025a) to gener-
ate dense, time-stamped captions, capturing scene
changes and OCR text to enrich the visual context.
Component Generation Agents. Acting as the
pre-processing engine, this group constructs se-
mantic building blocks and difficulty-controlling
elements. We leverage GPT-4.1 (OpenAl, 2025b)
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Model | Size | Frames | YQA | MMC | DIP | CTR | DOcip | DOpm | VEG
| | | Acc | Acc | Acc | 7 | p | T | p | T | p | tloU
Heuristic baselines
Random Choice - - 294 | 385 | 56 | 24 | 23 | 1.1 13 | 43 | 49 | 30
Human - - 93.75 | 100.0 | 5455 | 993 | 99.6 | 74.6 | 72.6 | 74.6 | 72.6 | 43.4
Open-source Video-LLMs
L 4B i | 442 | 544 | 148 | N/A | N/A | -89 | -62 | 83 | 121 | 34
Qwen3-VL-Thinking ‘ $B ‘ lfps ‘ 03 ‘ 54.4 ‘ 133 ‘ N/A ‘ N/A ‘-41.2 ‘ -41.4‘ 51 ‘ 10.0 ‘ 3.8
4B 454 | 533 | 176 | -85 | 90 | 86 | 126 | 7.8 | 115 | 4.0
Qwen3-VL-Instruct ‘ $B ‘ lps ‘ 437 ‘ 56.5 ‘ 15.6 ‘ 94 ‘-10.9‘ 3.1 ‘ 3.1 ‘ 43 ‘ 5.0 ‘ 38
4B 450 | 461 | 156 | -04 | 03 | -72 | 64 | -48 | -42 |55
InternVL3.5 ‘ 8B ‘ 32 ‘ 446 ‘ 52.2 ‘ 147 ‘ 0.4 ‘ 12 ‘ 24 ‘ 1.0 ‘ 0.7 ‘ 2.2 ‘ 2.4
Keye-VL-1.5 8B Ipst | 513 | 524 | 126 | -162 | 202 | 47 | -47 | 36 | 43 | 51
VideoLLaMA3 7B 1pst | 435 | 490 | 117 | -35 | -62 | 63 | 7.3 | -50 | -6.1 | 54
MiniCPM-V 4.5 8B 1pst | 507 | 545 | 191 | 64 | 82 [ 107 | 150 | 54 | 72 | 34
LLaVA-OneVision 7B 32 407 | 452 | 190 | -6.1 | -84 | 7.3 | 117 | 99 |[m16aw| 2.9
LLaVA-OneVision-1.5 8B 1fpst 40.5 522 219 | -02 | -05 6.8 102 | 104 | 157 4.8
Open-source Omni-LLMs
VideoLLaMA2.1-AV - 3 385 | 59.1 86 | -217|-358| 76 | 123 | 38 | 82 | 41
+audio 392 | 582 | 86 | -193|-322| 88 | 144 | 6.1 | 11.1 | 42
Qwen3-Omni-30B A3B Lfost | 333 [ 6L | 169 | 98 | 96 | <16 | -1.9 | -56 | -65 | 24
+audio ps 59.1 | 614 | 167 | -72 | 58 | 28 | 38 | -6.2 | 7.1 | 26
OmniVinci 9B 0 526 | 540 | 206 | -60 | -114 | -85 |-11.2| -34 | 27 | 19
+audio 8387 573 | 176 | -52 | -102 | 68 | 87 | -53 | -57 | 29
Commercial MLLMs
GPT-40-mini ~8B 273 | 487 | 166 | -60 | 78 | 76 | 79 | 80 | 86 | 2.3
GPT-40 ~200B | 1fpst | 353 | 568 | 12.0 [WI80W"20.97 54 | 6.1 | -43.6 | -43.0 | 3.7
GPT-4.1 - 37.0 | 605 | 179 | 7.1 | 81 | 77 | 85 | 39 | 50 | 47

Table 3: Performance of MLLMs on LiveAid across MU and TR. Size means the LLM size. Reported metrics
are Accuracy, Kendall’s Tau (7), Spearman’s Rank Correlation (p), and tloU (all in %). T Videos are sampled at 1
fps with an upper frame limit. The best, second-best, and third-best results are marked purple , orange , and gray ,
respectively. N/A indicates no valid answer within default max thinking length.

to refine colloquial human summaries into struc-
tured abstracts and dynamically evolve user intent
categories. Furthermore, the Adversarial Distrac-
tor Agent generates challenging distractors via a
stratified sampling strategy, comprising both inter-
video Global Negatives and harder intra-video Lo-
cal Negatives to ensure robust discrimination.
Task Synthesis Agents. Leveraging enriched mul-
timodal contexts and pre-computed components,
this group utilizes GPT-4.1 to synthesize final
tasks across MU, DM, and TR dimensions. By
integrating dialogue history, danmaku, visual ev-
idence, and adversarial distractors, it assembles
standardized task instances (e.g., multiple-choice
QA, True/False, ranking, and temporal grounding)
that rigorously align with our task definitions.
Verification Agents. To guarantee the solvabil-
ity and correctness of the generated samples, we
adopt a Consensus Committee mechanism in which
GPT-4.1, Qwen3, and Qwen3-VL independently
solve each task. Only samples where the commit-
tee reaches a consensus on the answer are retained.
We then conduct a rigorous human review to elimi-
nate subtle ambiguities and correct domain-specific
cultural or temporal misinterpretations, thereby es-
tablishing the high-fidelity Live-Aid benchmark.

4.3 Comparison with Previous Work

Previous dialogue datasets primarily treat video
as a static visual context for text-only turns, of-
ten overlooking the interleaved dynamics of live
streaming and lacking precise temporal annotations.
Moreover, existing datasets predominantly focus
on event-centric Video QA, largely ignoring the
temporal reasoning and generative interactions es-
sential for live streams. In contrast, as shown in
Tab. 1, our Live-Aid captures high-density viewer-
host interactions grounded in vivid audio-visual
evidence, making it the first large-scale interleaved
live dialogue dataset with fine-grained temporal an-
notations. Furthermore, by leveraging high-quality
human annotations within a multi-agent collabora-
tive framework, Live-Aid offers a comprehensive
evaluation suite for interleaved live interactions.

S Experiment

5.1 Experimental Setups

Metrics. We evaluate performance using two ap-
proaches (Lei et al., 2025): (1) Automatic Metrics:
We use accuracy for selection tasks, Kendall’s 7
and Spearman’s p for ordering, and tloU for tempo-
ral grounding. Open-ended responses are assessed
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VQA

Model | Size | Frames |

\ SDS \ CDG

| BL-2 | MET | Flggrr | Spra.1 | BL-2 | MET | Fl1ggrt | SGpr4.1 | BL-2 | MET | FlggrT | SGPT4.1

Open-source Video-LLMs

3-VL-Thinki 4B | o 131 26.85] 67.51 | 46.69 18.71|30.01] 73.75 | 58.40 | 0.67 | 4.15 | 53.55 | 62.25
Qwen3-VL-Thinking | g PS™ | 8.63 |20.96| 62.82 | 41.38 |15.77|27.48| 72.20 | 58.64 | 1.45 | 5.89 | 56.23 | 70.26

3-VL Instruct 4B | ypoot | 9.8 [18.68] 65.16 | 40.54 [19.22|31:54] 74556 1| 56.92 | 1.27 | 442 | 5636 | 64.97
Qwen3-VL-Instruc 8B PS" 1 9.98 |20.00| 65.07 | 38.69 |14.46|28.75| 71.90 | 58.10 | 1.99 | 6.02 | 57.78 | 69.02
InternVLA3.5 4B 5 | 272678 | 5748 | 3531 |10.86(22.62| 69.58 | 51.74 | 113 | 5.14 | 5479 | 55.89
ntern VL. 8B 2.75 | 6.59 | 56.53 | 36.59 | 9.92 |23.63| 69.29 | 53.66 | 1.07 | 5.09 | 54.86 | 56.60
Keye-VL-1.5 8B | lfpst |3.59 | 7.81 | 56.04 | 40.08 |10.81|23.04| 68.60 | 53.47 | 2.30 | 4.68 | 59.35 | 65.78
VideoLLaMA3 7B | lfpst | 7.32|15.33] 64.09 | 41.31 |14.11{22.60| 71.14 | 52.14 | 1.56 | 4.15 | 57.12 | 63.27
MiniCPM-V 4.5 8B | lfpst | 5.16 [10.59| 59.63 | 40.62 |11.52(26.56| 70.82 | 55.46 | 1.01 | 4.90 | 55.49 | 65.43
LLaVA-OneVision 7B 32 | 93 | 167 | 63.47 | 40.77 | 5.40 | 14.47| 64.60 | 41.15 | 1.73 | 4.78 | 56.34 | 49.03
LLaVA-OneVision-1.5| 8B | Ifpst |10.32{24.73] 65.18 | 45.81 | 15.66|24.23| 72.56 | 48.22 | 1.07 | 4.84 | 54.64 | 62.84

Open-source Omni-LLMs
VideoLLaMA2.1-AV | o 3y | 942 [18.18] 61.92 | 4023 | 6.77 | 142 | 64.98 | 41.52 | 1.80 [ 633 | 56.56 | 53.07
+audio 7.29 | 15.44] 60.18 | 41.23 | 5.84 | 12.66| 64.32 | 39.84 | 1.79 | 5.46 | 56.22 | 51.18
Qwen3-Omni-30B A3B | 1fpst 88 21.60| 6435 | 39.31 18.09|30.94| 73.68 | 59.41 3.06 [10:A1| 59.37 | 72.56
+audio PS" | 8.46 [21.59| 64.60 | 39.77 [17.76|30.31| 73.44 | 59.01 |3.16 10.10| 59.38 | 73.10
OmniVinci 9B 5y [10.61]19.881 65.34 | 44.23 |14.88(23.64| 71.24 | 49.73 | 1.65 | 6.24 | 56.64 | 61.12
+audio 16.45(26.93 | 69.28 | 54.77 | 15.86|25.70| 71.66 | 54.99 | 2.26 | 8.05 | 58.02 | 66.77
Commercial MLLMs

GPT-40-mini ~8B 14.49(26.14| 68.29 | 39.73 |15.17]27.36| 72.63 |60:237| 2.14 | 7.78 | 57.61 | 70.50
GPT-4o ~200B | 1fpst | 7.45 |13.51| 59.43 | 29.08 |13.02(25.80| 71.71 | 58.23 2.68 | 9.15 | 58.87 [ 73.15
GPT-4.1 - 15.00 |28.12| 69.87 | 47.38 | 9.12 |28.28| 69.92 | 59.41 | 2.57 9.79 | 58.62 | 73.04

Table 4: Performance of MLLL.Ms on LiveAid across open-ended question types. Reported metrics are BLEU-
2(BL-2), METEOR (MET), BERTScore F1 (Flgggrr), and GPT-40 scores (Sgpr4.1) (all in %).

via BLEU-2, METEOR, and BERTScore (F1). (2)
LLM-as-a-Judge: We employ GPT-4.1 to evaluate
response quality on a scale of 0 to 10.

Models. We conduct comprehensive experiments
on Live-Aid using a diverse set of state-of-the-
art open-source and closed-source Video-MLLM:s:
(a) Open-source Video-LLMs, including Qwen3-
VL (Bai et al., 2025a), InternVL3.5 (Wang et al.,
2025a), Keye-VL-1.5 (Yang et al., 2025b), VideoL-
LaMA3 (Zhang et al., 2025), LLaVA-OneVision-
1.5 (Anetal., 2025), and MiniCPM-V-4.5 (Yu et al.,
2025). (b) Open-source Omni-LLMs with native
audio perception: VideoLLaMAZ2.1-AV (Cheng
et al., 2024), Qwen3-Omni (Xu et al., 2025),
and OmniVinci (Ye et al., 2025). (c) Proprietary
MLLMs, such as GPT-4o (Hurst et al., 2024) and
GPT-4.1 (OpenAl, 2025b). Detailed inference con-
figurations (such as frame sampling rates and multi-
modal input formats) are provided in Appendix C.

5.2 Results and Analysis

We employ random selection as a heuristic baseline,
presenting results for discriminative tasks in Tab. 3,
generative tasks in Tab. 4, and fine-grained perfor-
mance on Danmaku Intent Prediction in Tab. 5. We
further investigate the comprehensive capabilities
of MLLMs in real-world live streaming scenarios
through three guiding research questions (RQs):
(1) the capability in handling interleaved live in-
teraction; (2) the contribution of audio perception;

and (3) the impact of dialogue context length on
viewer-centric danmaku generation.

RQ1: How do MLLMs perform when facing
complex interleaved live interactions? While
MLLMs demonstrate promising proficiency in ba-
sic video understanding tasks, their performance
declines sharply as inputs shift toward complex
interleaved interactions, especially for reasoning-
oriented models (e.g., Qwen3-VL-Thinking) which
often struggle to complete responses under context
constraints. Meanwhile, Omni-LLMs (e.g., Om-
niVinci) leverage comprehensive audio-visual per-
ception to significantly outperform standard Video-
LLMs in Video QA. In generative tasks (e.g., dan-
maku generation), MLLMs often underperform due
to the high diversity of user tones and phrasing
styles inherent in live scenarios. Furthermore, tem-
poral reasoning remains a significant challenge,
particularly in evidence grounding, where sparse
frame sampling limits the ability to precisely locate
interactions within long-duration streams.

RQ2: To what extent does audio perception
contribute in live streaming scenarios? Abla-
tion studies on Omni-LLMs show that incorpo-
rating audio input consistently improves perfor-
mance over vision-only settings, underscoring the
importance of audio perception for understand-
ing high-density live-streaming dialogues. Among
them, VideoLLaMA-2.1-AV demonstrates limited
audio proficiency, significantly lagging behind Om-
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niVinci and Qwen3-Omni. However, despite the
overall benefits of audio modalities, performance
remains limited on interleaved video—text tasks,
suggesting insufficient multimodal integration.

RQ3: How does the dialogue context length im-
pact viewer-centric danmaku generation? We
investigate the impact of context length by varying
the number of preceding dialogue turns, as illus-
trated in Fig. 4. Generally, performance on both
tasks improves as more historical turns are incorpo-
rated, indicating that longer contexts help models
capture the temporal evolution of user intent and
thus lead to improved performance in both predic-
tion and generation. However, for the Danmaku In-
tent Prediction task, performance begins to degrade
when the history exceeds 10 turns. We attribute
this drop to a trade-off between context length and
visual density. Under a fixed total frame budget,
extending the dialogue context necessarily reduces
the number of frames allocated to each individual
turn, resulting in insufficient visual evidence for ac-
curate intent inference. Additional analysis using a
longer dialogue context is provided in Appendix D.

Contextual Danmaku Generation

Danmaku Infent Prediction

20.0% 0.64

10.0%

3
X
\

! Num of Turns Num of Turns

4 6 8 10 12 0 2 4 6 8
—e— Keye-VL-1.5 —e— VideoLLaMA2.1-AV
—e— VideoLLaMA3 —e— LLaVA-OneVision-1.5

5.0%

—e— InternVL3.5-4B
Qwen3-Omni

Figure 4: Effect of dialogue context length.
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Qwen3-VLyg | 16.2 | 13.8 | 12.5 0.0
Qwen3-VLgg 145 | 13.2 8.8 1.1
InternVL3.545 | 15.6 | 15.2 7.3 0.0
InternVL3.5¢g | 14.7 | 14.5 5.7 4.1
Keye-VL-1.5 | 12.6 7.0 18.0 0.0
VideoLLaMA3 | 11.7 | 10.5 6.5 3.8
MiniCPM-V 4.5 | 19.1 184 8.7 6.1
LLaVA-OneVision | 19.0 | 20.3 4.6 2.2
LLaVA-OneVision-1.5 | 21.9 | 242 52 0.0
VideoLLaMA2.1-AV 8.6 7.8 4.4 1.9
Qwen3-Omni-30B | 16.7 | 17.3 5.9 0.0
OmniVinci | 17.6 16.3 10.9 0.0
GPT-40-mini | 16.6 | 14.3 8.8 17.0
GPT-40 | 12.0 7.8 12.7 8.9

GPT-4.1 | 179 | 184 6.2 0.0

Table 5: Fine-grained performance on the DIP Task.
PI: Product Information; T'S: Transaction Service; CC:
Chitchat. Results are reported as Accuracy (%).

5.3 Detailed Analysis on Temporal Dynamics

To assess temporal grounding capabilities, we eval-
uate models on three query types: Instant (evidence

immediately follows the query), Delay (evidence
appears after a temporal gap), and History (evi-
dence precedes the query, a particularly challeng-
ing setting that requires retrieval against the tempo-
ral flow). As illustrated in Fig. 5, MLLMs exhibit
substantially stronger performance on the Instant
type. This trend suggests an implicit bias toward
immediate chronological succession, where models
assume relevant evidence occurs in close temporal
proximity following the query. In contrast, per-
formance degrades markedly for the Delay type,
indicating difficulties in modeling dependencies
over extended temporal spans. Most notably, per-
formance on the History type is extremely limited,
with an average tloU of only ~1%, highlighting a
fundamental deficiency in reasoning about reverse
temporal causality. Detailed results for all models
are provided in Appendix D.

12.0%

@ History @ Instant [0 Delay,
10.0%

8.0%

6.0%

tloU

4.0%

2.0%

0.0% -

N

Figure 5: Performance of MLLM:s on the Video Evi-
dence Grounding task across three temporal types.
Results are reported as tloU (%).

6 Conclusion

The advancement of MLLMs in live scenarios has
been constrained by the scarcity of high-quality
data capturing dynamic, interleaved interactions.
To bridge this gap, we introduce Live-Aid, a uni-
fied resource comprising the first large-scale live
dialogue dataset with meticulous temporal align-
ments and a comprehensive benchmark. By lever-
aging a multi-agent collaborative framework, we
tailor eight core evaluation tasks across three key
dimensions to assess MLLMs in live streaming
scenarios. Extensive experiments demonstrate
that state-of-the-art MLLMs continue to struggle
with the high-density, multi-turn dynamics of live
streams, particularly in scenarios requiring fine-
grained temporal grounding and audio-visual syn-
chronization. We hope our Live-Aid will serve as
foundational resources for research on authentic
live streaming interaction and live agents.
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Limitations

Despite the extensive contributions of Live-Aid,
we acknowledge limitations regarding computa-
tional efficiency and resource demands. Evaluat-
ing MLLMs on long-context videos is inherently
computationally intensive, as current state-of-the-
art models require processing extensive sequences
of high-density interleaved data. Consequently,
these substantial memory and inference require-
ments may pose challenges for efficient experi-
mentation and restrict the dataset’s accessibility
for researchers with constrained resources. In addi-
tion, Live-Aid is limited to Chinese e-commerce
live streams from a single platform, which may
limit generalization to other languages or domains.
However, the dataset focuses on core capabilities
of live-streaming interaction, suggesting potential
generalizability beyond the current domain.

Ethics Statement

The construction and development of Live-Aid in-
volve publicly accessible live streaming videos and
real-time user interactions (danmaku). We address
ethical considerations related to data privacy, con-
tent safety, annotator welfare, and responsible use.
Data Privacy. All data were collected in com-
pliance with the terms of service of the source
platforms and applicable data protection regula-
tions. The videos consist of public live streams in e-
commerce scenarios involving public-facing hosts.
User-generated danmaku were processed through
a strict anonymization pipeline that removes all
Personally Identifiable Information (PII), including
user identifiers and metadata, ensuring that individ-
ual viewers cannot be identified.

Content Safety. Given the unscripted nature of
live streaming, we apply a hybrid filtering pipeline
combining automated screening and expert review
to exclude hate speech, explicit content, and ha-
rassment. We note that e-commerce streams may
exhibit commercial biases and encourage cautious
interpretation of evaluation results.

Annotator Welfare. Ten expert annotators were
employed for temporal grounding and verification
tasks. All annotators were fairly compensated
above local minimum wage, and the annotation pro-
cess was designed to limit cognitive load through
reasonable task allocation and regular breaks.
Responsible Use. Live-Aid is intended to advance
research on multimodal understanding of tempo-
rally structured human interactions. We discour-

age misuse of the dataset for deceptive marketing,
sentiment manipulation, or spam generation, and
advocate its use for improving user experience, ac-
cessibility, and transparent human—Al interaction.
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A More Details of Dialogue Construction

A.1 Opverview of Live-Aid

We present the comprehensive statistics of the
human-annotated Live-Aid in Tab. 6, organized
into Live Information, Dialogue Configuration,
and Audience Engagement. As shown in Tab. 6,
Live-Aid is characterized by its large-scale and
high-density nature, spanning over 1,100 hours
derived from 1,763 real-world source streams
and encompassing 44 distinct product categories
(the distribution of the categories is illustrated
in Fig. 6). Regarding Dialogue Configuration,
the dataset features 80,037 interleaved turns,
where viewer Danmaku is temporally aligned with
the streamer’s video responses, addressing the
scarcity of high-quality interleaved data in ex-
isting research. Furthermore, the Audience En-
gagement statistics involving 46,819 unique users
underscore the dynamic and evolving context of
the dataset, distinguishing Live-Aid from tradi-
tional static or narrative-driven video benchmarks.
While the current dataset is grounded in Chinese
e-commerce live streams, its task design targets
domain-agnostic core capabilities of live stream-
ing, allowing it to generalize to other scenarios
such as education, gaming, entertainment, and
social streaming. Moreover, it may support fu-
ture research on culturally aware live interaction,
such as cross-cultural understanding and culturally
grounded response generation (Song et al., 2025).

A.2 Data Quality Control Processing

To construct a high-quality benchmark from noisy
raw live streams, we implemented a comprehensive
three-stage cleaning pipeline. We detail the specific
steps and criteria below.

Session Segmentation. Raw live streams typically
span several hours and often contain multiple prod-
uct introductions. To segment these continuous
streams into coherent semantic units, we employed
a robust multimodal approach. Specifically, we
used Automatic Speech Recognition (ASR) to de-
tect pauses longer than 1.5 seconds of silence and
combined this information with visual scene detec-
tion—based on color histogram differences exceed-
ing 0.6—to reliably identify product transitions.

23824


https://arxiv.org/abs/2505.09388

Live Information

Total Source Live Streams 1,763
Total Video Sessions 8,053
Product Categories 44
Total Video Duration 1,102.2 hour
- Avg. Session Duration 492.7 second

Dialogue Configuration

Total Dialogue Turns 80,037
- Total Text Turns 53,319
- Total Video Turns 26,718
- Avg. Turns per Session 9.94
Audience Engagement

Total Danmaku Messages 53,319
Total Unique Users 46,819
- Avg. Danmaku per Session 6.62
- Avg. Users per Session 5.81

Table 6: Statistics of the Live-Aid Dialogue. Unique
Users refers to distinct individuals after deduplication.

Fitness & Yoga Gear:
N\

Women's Shoes’ Women's Clothing

Men's Clothing

Figure 6: Distribution of the 44 product categories in
the Live-Aid benchmark.

This process yielded an initial set of 308.9K candi-
date video segments.

Danmaku Filtering. Real-time comments in live
streams are inherently noisy. To ensure a high
signal-to-noise ratio, we applied a hierarchical fil-
tering strategy comprising three distinct mecha-
nisms. First, we employed Rule-based Heuristics
via Regular Expressions (Regex) to eliminate low-
quality noise, including repetitive patterns (e.g.,
“hahaha” or numeric slang), platform-generated sys-
tem notifications, and short texts (fewer than 2 char-
acters or emojis-only). Second, we implemented

a Blacklist Mechanism based on common toxic
lexicons to filter out profanity, advertisements, and
sensitive political topics. Finally, we utilized Intent-
based Semantic Filtering to distinguish meaningful
dialogue from trivial chatter. We leveraged Qwen3-
30B to classify danmaku intents into Information-
Seeking (e.g., inquiries about size or price) versus
Chit-Chat, retaining only those identified as gen-
uine information-seeking queries.

Session Filtering. To ensure the data is suitable
for multimodal modeling, we filtered out segments
with low audio quality or sparse user interactions.
We imposed duration constraints ([1, 20] minutes)
to fit the context window limits of current Video-
LLMs. Furthermore, to guarantee a realistic multi-
party interaction setting, we restricted the number
of unique users per session to the range of [4, 30].
This rigorous processing stage resulted in a candi-
date pool of 20,406 high-quality sessions, which
were subsequently submitted for human annotation.

A.3 Human Annotation Details

We developed a customized annotation platform
and trained a team of 10 professional workers to
perform the annotation tasks. As illustrated in
Fig. 7, the platform adopts an intuitive three-panel
design: the left panel lists the chronological raw
danmaku; the center panel allows annotators to
scrub the video and mark start/end timestamps on a
multi-track timeline; and the right panel organizes
the selected content into dialogue turns, facilitating
the management of multimodal responses. Based
on this platform, the annotation pipeline consists
of four specific phases.

1) Quality Filtering and Temporal Grounding.
As a prerequisite, annotators served as a final qual-
ity filter, manually discarding clips that exhibited
low information density or lacked clear audio-
visual demonstrations. For the valid sessions, an-
notators scanned the danmaku stream to identify
the Target Danmaku (d*)—the specific query that
triggers the streamer’s response. Once identified,
they explicitly localized the precise timestamp in-
terval [tseart, tend| grounded in specific audio-visual
segments. The protocol defined the start time as the
moment the streamer begins to address the topic
(verbally or by interaction) and the end time as the
completion of the explanation.

2) Multi-party Grouping. To faithfully recon-
struct the multi-party interaction field, we did not
discard high-value queries that were ignored by the
host. Instead, annotators were instructed to assign
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these unanswered danmaku to the specific dialogue
turn (7},) in which they appeared. These comments
constitute the Contextual Danmaku Pool (C;),
forming the ambient context that the model must
perceive but distinguish from the target intent.

3) Modality and Summarization. To support
fine-grained diagnostics, annotators classified the
Video Evidence Source required to answer the tar-
get query into two distinct categories: Audio-only
(where the answer is purely verbal, e.g., stating the
price or checking stock) and Multimodal (where
the answer relies on visual demonstrations aligned
with verbal explanations, e.g., showing the lining
of a coat or trying on clothes). Additionally, a con-
cise textual summary was written for each turn to
facilitate high-level content understanding.

4) Quality Assurance. We implemented a two-
stage verification process. First, the annotation
platform deployed heuristic checks (e.g., ensur-
ing teng > tsiart). Second, senior experts con-
ducted daily reviews, randomly sampling 10% of
the data. During this phase, any ambiguous cases
were resolved through expert adjudication to main-
tain strict adherence to the annotation protocols,
ensuring high consistency in both temporal local-
ization and attribute labeling. This rigorous process
yielded a final set of 8,053 annotated video ses-
sions, comprising approximately 5.2k Audio-only
instances and 2.9k Multimodal instances.

A.4 Qualitative Examples

To provide a concrete visualization of the dataset
quality and diversity, we present four representative
annotated cases in Fig. 18-Fig. 21. These exam-
ples vividly illustrate the high-density interleaved
interactions characteristic of live streaming. Specif-
ically, they showcase the precise temporal align-
ment between viewer Danmaku and the streamer’s
dynamic audio-visual responses, presenting scenar-
i0os where accurate answers are unattainable via
pure text alone, thus highlighting distinct evidence
sources ranging from purely verbal explanations to
interleaved multimodal interactions.

B More Details of Benchmark
Construction

B.1 Detailed Task Definitions

Drawing insights from foundational works in vi-
sual dialogue and live interaction analysis (Chen
et al., 2024a; Gao et al., 2023; Li et al., 2024b; Niu
et al., 2025), we have formulated a structured eval-

uation framework tailored to the interleaved live
interaction paradigm. Unlike generic video bench-
marks, our task definitions are specifically designed
to probe core capabilities required for processing
high-density, dynamic multimodal streams, such
as temporal grounding and intent recognition in
evolving contexts. A comprehensive comparison
with existing benchmarks is provided in Tab. 7, and
the fine-grained statistics for each constructed task
are summarized in Tab. 8. Below, we elaborate on
the specific definitions and evaluation goals for the
tasks within each capability dimension.
Multimodal Understanding (MU). This capabil-
ity assesses the model’s precision in perceiving
dynamic visual content and aligning it with noisy
textual streams. We define three specific tasks:
(1) Video QA serves as a fundamental perception
test, requiring the model to answer natural lan-
guage questions based on visual cues (e.g., actions,
objects) or spoken content. (2) Multimodal Con-
sistency acts as a hallucination probe, determin-
ing whether a textual statement is factually sup-
ported by the video evidence. To evaluate robust-
ness, we stratify this task into four difficulty lev-
els: Diffl (Intra-video Distraction) presents the
correct answer alongside distractors sampled from
the same video source; Diff2 (Inter-video Distrac-
tion) presents the correct answer with distractors
from different videos; Diff3 (Pure Negative) re-
quires rejecting all options (“None of the above”)
where all candidates are from external sources; and
Diff4 (Hard Rejection) requires rejection despite
the presence of decoys from the same video, serv-
ing as a strong inductive trap. (3) Danmaku Intent
Prediction focuses on social understanding, where
the model must classify the underlying user intent
into 18 fine-grained categories spanning three do-
mains: Chit-chat (e.g., action requests, casual talk),
Transaction Services (e.g., price inquiries, logistics,
after-sales), and Product Information (e.g., usage
experience, specs, design).

Dialogue Modeling (DM). This capability eval-
uates proficiency in information generation and
compression within the live interaction loop. The
Contextual Danmaku Generation task simulates ac-
tive participation, requiring the model to generate
relevant, style-consistent danmaku based on the
current video stream and dialogue history. In con-
trast, Structured Dialogue Summarization requires
the model to act as an observer, compressing long
sequences of interleaved streamer speech and au-
dience comments into structured summaries that
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Benchmarks Answer M.L. Source Anno. Capability Video #QA Pairs
MU DM TR #Clips. Len(s)
MVBench (Li et al., 2024a) X = &) X X 3641 160 4,000
MMBench-Video (Fang et al., 2024) X 3] 2 X X 609 165.4 1,998
AutoEval-Video (Chen et al., 2024b) X ] 2 X X 327 14.6 7,540
VideoVista (Li et al., 2024b) X 5 (&) X 3,402 131.0 24,906
Video-MME (Fu et al., 2025) X 3] 2 X X 900 1017.9 2,700
DanmakuTPP-QA (Jiang et al., 2025) X & X v 2605 1752 2,605
OVBench (Huang et al., 2025) X 5 &) X v 1463 1517 7,090
OVOBench (Niu et al., 2025) X B &ad X v 644 4289 2,814
Live-Aid (Benchmark) & v M A& v /v v 1,307 493.0 6,459

Table 7: Comparison between Live-Aid and existing video benchmarks. MU, DM, and TR denote Multimodal
Understanding, Dialogue Modeling, and Temporal Reasoning capabilities, respectively. #Clips indicates the number

of video clips. Len(s) is the average video duration.

Capability Samples
Multimodal Understanding (MU) 2,099
Video QA 668
- MCQ4 538
- Open-ended 130
Multimodal Consistency 686
- True/False 181
-MCQ2 241
- MCQ4 264
Danmaku Intent Prediction 745
Dialogue Modeling (DM) 1,585
Contextual Danmaku Generation 877
Structured Dialogue Summarization 708
Temporal Reasoning (TR) 2,155
Danmaku Ordering 620
Clip Timeline Reconstruction 866
Video Evidence Grounding 669
- History 164
- Instant 280
- Delay 225

Table 8: Statistics of tasks across different capabilities.

preserve key events while filtering noise.
Temporal Reasoning (TR). This capability eval-
uates the ability to navigate the non-linear time
structure of live streams. We explicitly categorize
temporal dynamics based on the interval between
the textual input timestamp (¢;,) and the appear-
ance of visual evidence (t,;5): History (tyis < tizt),
Instant (0 < tyis — tie < 30s), and Delay
(tvis — tizr > 30s). We introduce three tasks:
(1) Danmaku Ordering addresses asynchronous
communication by requiring the model to restore
the relative temporal order of shuffled danmaku
based on visual triggers. (2) Clip Timeline Recon-
struction operates at the global level, requiring the
reconstruction of the logical narrative flow from
scrambled video clips of a single session. (3) Video
Evidence Grounding demands precise localization,
predicting the start and end timestamps of a specific
event described by a textual query.

B.2 Hierarchical Multi-Agent Collaborative
Framework

We elaborate on the Multi-Agent Collaborative
Generation Framework employed to construct
Live-Aid. To transform raw human annotations
into a difficulty-stratified and rigorous benchmark,
we design a pipeline comprising four sequential
phases: Modality Enrichment, Component Gener-
ation, Task Synthesis, and Verification. Detailed
visualizations of the specific prompts or workflows
for representative agents are provided in Figs. 8—11.
Phase 1: Modality Enrichment Agent Group.
This phase functions as the perception founda-
tion, ensuring that textual annotations are rigor-
ously grounded in multimodal signals. It inte-
grates three specialized roles: first, the Timeline
Alignment Agent employs deterministic rules to
align the timestamp of each Danmaku interaction
with the precise video frame index, establishing a
unified temporal coordinate system. Second, the
Visual Context Enricher utilizes Qwen3-VL-30B-
A3B, a strong vision-language model, to generate
dense, time-coded captions that capture scene tran-
sitions, host gestures, and on-screen text (OCR),
thereby creating a rich textual context Cl;syq;- Fi-
nally, the Metadata & Dependency Analyzer ex-
tracts global session metadata and classifies the
“Modality Reliance” of each interaction to distin-
guish between Audio-Dependent and Multi-Modal
Dependent samples.

Phase 2: Component Generation Agent Group.
Acting as a pre-processing engine, this phase con-
structs the semantic building blocks and difficulty-
controlling elements required for task synthesis.
The Summary Refiner & Intent Agent, leveraging
GPT-4.1, rewrites colloquial human summaries
into structured abstracts and dynamically evolves
a Seed Local Intent Set to cover real-world user
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You are a Modality Enrichment expert for live streaming videos. Your role is to
densely and accurately align visual signals with temporal structure, producing rich
perceptual annotations that complement human and rule-based annotations.

@ [Task]

You are given a video segment from a live stream, along with auxiliary information
produced by other agents in the system. The segment may contain product
demonstrations, streamer—viewer interactions, and dynamic visual patterns, including
scene changes, camera motion, visual overlays, and on-screen text.

e
B [Input]

<Video Input>: A video segment with explicit timestamps.

Outputs from Other Agents:

* Rule-based Temporal Metadata (e.g., segment boundaries, duration)

Rule-Based! * Product / Stream Metadata (e.g., product name, product category)
Agents *  Human Annotations (e.g., danmaku, clip, dialogue summaries...)

1. Frame Captions : [{ "timestamp": t, "caption": visual description }, ...]
2. OCR Text Extraction: [{ "timestamp'": t, "text": on-screen text }, ...]
3. Scene Semantics: [{ "timestamp": t, "scene_type": high-level scene category,

"visual_focus": dominant visual content }, ...]

Multimodal
Perception
Agent

Figure 8: Prompt template and workflow for Modality Enrichment Agent Group.

behaviors. Crucially, to establish robust difficulty
levels, the Adversarial Distractor Agent generates
negative samples using a stratified strategy: it se-
lects Global Negatives from entirely different live
sessions and harder Local Negatives from the same
video but distinct time windows, forcing the model
to perform fine-grained temporal reasoning rather
than relying on background scene bias.

Phase 3: Task Synthesis Agent Group. This
phase acts as the central integration hub that synthe-
sizes final executable tasks based on signals from
Phase 1 and components from Phase 2. The agent
receives a composite context including the Dia-
logue History H¢, current Danmaku, enriched
visual captions C';s,a1, and generated distractors.
Utilizing GPT-4.1, it integrates these inputs to for-
mulate tasks across three core dimensions: Multi-
modal Understanding (MU), Dialogue Modeling
(DM), and Temporal Reasoning (TR). The output
is formatted into standardized structures strictly
adhering to task definitions, such as multiple-
choice questions for Consistency, JSON objects
for Summarization, and time intervals [¢sqrt, tend]
for Grounding.

Phase 4: Verification Agent Group. To min-
imize hallucinations and ensure objective solv-
ability, we implement a rigorous two-step veri-

fication process. First, the Consensus Commit-
tee—comprising GPT-4.1, Qwen3-8B, and Qwen3-
VL-8B—independently attempts to solve the gen-
erated tasks without ground truth; a sample is re-
tained only if the committee reaches a consensus,
proving the task is uniquely deducible. Second, a
Human-in-the-Loop Refinement step serves as the
final quality gate, where expert annotators elimi-
nate subtle ambiguities and rectify domain-specific
issues, such as cultural misinterpretations or pre-
cise frame-level boundary adjustments.

B.3 Qualitative Examples

We present qualitative examples in Fig. 22-Fig. 30
to intuitively demonstrate the data format, input
modalities, and annotation details of our bench-
mark, covering all tasks described in Appendix B.1.
These selected cases highlight the intrinsic chal-
lenges of the dataset, particularly in scenarios re-
quiring complex temporal reasoning and cross-
modal grounding where visual cues are indispens-
able for correct deduction.

C Additional Experimental Details

C.1 Implementation Details.

GPT-40-mini, GPT-40, and GPT-4.1: Due
to API limitations, we uniformly sampled 50
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<Video Input>: Video Session Pools.

e
You are a Component Generation Agent in a multi-agent preprocessing pipeline for
live-streaming understanding and task construction.

You are provided with a video segment from a live stream, together with multimodal
annotations and intermediate outputs produced by earlier agents.

[ Human Annotations and Outputs from Modality Enrichment Agents {o®) ]

Outputs from Other Agents:
* Dialogue Context

[TASK_DESCRIPTION] =
Results from other Agents or Human
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'global “negatives": [ ... ], "difficulty_type": "diff2" Distractor
"local_negatives": [ ... |, "ground_truth": " ... " Agent

Figure 9: Prompt template and workflow for Component Generation Agent Group.

frames for videos longer than 50 seconds, while
video clips shorter than 50 seconds were sam-
pled at 1 fps. The model input follows the for-
mat: “<prompt_0><frames_0>...<frames_n-1>
<prompt_n>".

Open-Source Models: For vision models, the
input follows the format “<frames> + <prompt>”
for single-video tasks. For interleaved tasks
involving multiple videos and text, the format
“<prompt_0><frames_0>...<frames_n-1>
<prompt_n>" is used. For omni models,
we investigated the impact of audio by ex-
tracting audio tracks and incorporating them
into the input. The format is “<frames> +
<audio> + <prompt>” for single-video tasks,
and “<prompt_0><frames_0><audio_0>...
<frames_n-1><audio_n-1><prompt_n>" for
interleaved tasks. Unless specified otherwise
below, we set the default sampling rate to 1 fps
and the maximum frame count to 32. Specific
configurations for models with distinct sampling
strategies are detailed as follows.

Human Baseline: We developed a dedicated anno-
tation platform for human assessment, adopting a
setup similar to that of MathVista (Lu et al., 2024).
We randomly sampled 5% of the instances from
the discriminative tasks and asked two human par-
ticipants to answer the questions after watching the
corresponding live-stream clips.

Qwen3-VL: Videos shorter than 768 seconds are

sampled at 1 fps. For videos longer than 768 sec-
onds, we extract 768 frames uniformly.
InternVL3.5, VideoLLaMA2.1-AV, and Om-
niVinci: We uniformly extract 32 frames regard-
less of video length. In cases where the frame
rate is insufficient, VideoLLaMA2.1-AV employs
padding, whereas InternVL3.5 and OmniVinci al-
low frame overlap/duplication to compensate.
VideoLLLaMA3: Videos shorter than 128 seconds
are sampled at 1 fps. For videos longer than 128
seconds, we extract 128 frames uniformly.
MiniCPM-V-4.5: Videos shorter than 96 seconds
are sampled at 1 fps. For videos longer than 96
seconds, we extract 96 frames uniformly.
LLaVA-Onevision(qwen2-ov): We uniformly ex-
tract 32 frames for all videos. However, since frame
duplication is disabled, the resulting frame count
may be fewer than 32 if the video clip is too short.

C.2 Evaluation Metrics.

We employ a diverse set of evaluation metrics tai-
lored to the specific nature of each task, including
standard accuracy, automatic metrics for discrimi-
native tasks, advanced LLM-based semantic evalu-
ations, and human evaluation.

MultiChoice & Judgment Tasks. For binary-
choice, multiple-choice (four-option), and
true—false questions, we adopt standard Accuracy
as the evaluation metric to measure the percentage
of correct predictions.
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@;“3 You are a Task Synthesis Orchestrator Agent in a multi-agent pipeline for live-

streaming video understanding.Your role is to analyze the integrated multimodal
context and determine which type of executable task should be constructed, selecting

o=
oj=le

&t [Context]

e
5 [Input]

the appropriate downstream task-generation agent accordingly.

Live-stream Interaction Capabilities include: MU, DM, TR
Task Categories include: Video QA, Multimodal Consistency, ......
Question Formats are constrained to: Multiple-choice questions, Structured generation...

[ Task Components: Context History, Summary, Distractors, ...... 2= ;.]

"capability": "MU", "task_type": "VQA", "question_format": "Multiple-Choice"
"routing_target_agent": "VQA_Agent", ...... :

S 28 : {"question": "...", "question_format": A @
BT R I "MCQ4", "options": [ ... ], ...... )
e ,' ’ ’ MCQ ggent

2

Figure 10: Prompt template and workflow for Task Synthesis Agent Group.

Ranking Tasks. For tasks requiring the restoration
of a shuffled sequence, we utilize Kendall’s 7 and
Spearman’s p as metrics. Kendall’s 7 measures
the proportion of pairwise ordering agreements
between the predicted and ground-truth rankings.
Spearman’s p computes the correlation between the
predicted and ground-truth ranks.

Temporal Grounding Tasks. For tasks requiring
precise start and end timestamp localization, we
employ temporal Intersection over Union (tloU).
This metric evaluates the quality of temporal align-
ment by computing the ratio of the intersection to
the union between the predicted time segment and
the ground-truth interval.

Open-Ended Type Tasks (Automatic Metrics).
For generative tasks such as summarization and
dialogue generation, we assess lexical and seman-
tic quality using three standard metrics: BLEU-
2, METEOR, and BERTScore F1. BLEU-2 mea-
sures bigram-level precision, while METEOR eval-
uates word-level alignment with stemming and
synonym matching. BERTScore F1 computes
semantic similarity using contextual embeddings
to better capture meaning beyond surface-level
overlap. For our Chinese dataset, BLEU-2 and
METEOR utilize jieba for word segmentation,
while BERTScore leverages bert-base-chinese
for embedding-based semantic similarity.
GPT-4.1-based Evaluation. To complement n-
gram metrics, which often fail to capture semantic

fidelity and interaction quality, we introduce a GPT-
4.1-based evaluation for open-ended tasks, scoring
model outputs on a 0—10 scale with task-specific
criteria. For Video QA, the evaluation focuses on
correctness and visual grounding; for Dialogue
Summarization, it emphasizes semantic complete-
ness and factual consistency; for Danmaku Gen-
eration, it assesses intent alignment, contextual
relevance, and stylistic naturalness in live-stream
interactions. Hallucinations are strictly penalized
across all tasks.

Human Evaluation. To complement automatic
metrics, we conduct a human evaluation on a ran-
domly sampled 5% subset of the data, following a
protocol similar to the human baseline. We develop
a scoring system to assess the quality of generated
outputs on a 0—10 scale, where higher scores indi-
cate better quality, ranging from perfect responses
with no factual errors or hallucinations to severely
flawed or irrelevant outputs. The evaluation pri-
oritizes factual correctness over completeness and
conciseness, with hallucinations strictly penalized.

C.3 Evaluation Details.

For open-ended generative tasks, model outputs
are evaluated directly without post-processing. For
structured tasks, we apply task-specific regular ex-
pressions to extract the predicted answers from the
raw model outputs. When multiple answer candi-
dates are detected, the handling strategy depends
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@ [Task]

0 for inclusion.
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&5 [Input]

You are a Verification Task Agent in a multi-stage task construction pipeline. Your
role is to perform structured verification tasks over generated problem instances, based
on explicit task definitions and evaluation criteria.

ﬁt-D@ [Quality] Assess whether the candidate task meets predefined quality standards

@99 [Solvability] Determine whether the candidate task is objectively solvable with a
unique solution, given the available evidence.

B {=a
[ Tasks and QA: VideoQA(MCQ4), Dmk_Gen(Open-ended) ...... (&}r_; 88

~

1. Quality: { "decision": "Retain | Revise | Discard", "score":
2. Solvability: { "decision": "Pass | Fail", "score":

nen o n

reason" " ll}
reason" "."}

ne n " n . .
000 Verification

Agents

Human

Commlttee Expert

1. Eliminate Ambiguities
2. Rectify Domain Issues

:>[ Live-Aid Benchmark }

Figure 11: Prompt template and workflow for Verification Agent Group.

on the task definition. Specifically, for Video Ev-
idence Grounding, where multiple temporal seg-
ments may validly constitute evidence, we merge
all predicted time intervals (e.g., [12.35, 16.76] and
[56.98, 72.31]) into their mathematical union be-
fore computing the evaluation metrics. In contrast,
for tasks requiring a unique solution, extracting
multiple answers is treated as an incorrect predic-
tion, as is the failure to extract any valid answer.
We also implement specific protocols for distinct
task types. For Danmaku Intent Prediction, given
the subjective nature of user intent, a prediction is
considered correct if it matches any of the provided
ground-truth labels. For Ordering Tasks, predic-
tions with an incorrect number of elements undergo
a penalty-based completion strategy, where missing
elements are filled according to the reverse order of
the ground-truth sequence. Additionally, we stan-
dardize outputs by normalizing 1-based indexing
(e.g., 1, 3, 2) to 0-based indexing (e.g., 0, 2, 1)
to ensure consistency. Finally, the detailed evalua-
tion prompt templates used for the GPT-4.1-based
assessment are illustrated in Fig. 12-Fig. 14.

D More Results and Analysis
D.1 Analysis of Distractor Difficulty

Tab. 9 reveals a clear performance hierarchy driven
by the source of distractors. Models perform ro-
bustly in Heterogeneous (HET) and Negative

(NEG) settings, where distractors originate from
different videos and exhibit larger distributional
gaps, making them easier to filter. In contrast,
accuracy drops significantly in Homogeneous
(HOM) and Trap (TRP) scenarios, where mis-
leading options are drawn from the same video
as the ground truth. This highlights the challenge
of intra-video discrimination: same-source candi-
dates share highly similar visual and semantic pat-
terns, reducing the effectiveness of coarse-grained
cues and introducing strong interference. As a
result, models struggle to resolve fine-grained con-
flicts within a consistent visual context.

D.2 Context Length Analysis

Fig. 15 demonstrates a general positive correlation
between dialogue context length and model per-
formance, as longer contexts provide a richer tem-
poral horizon for modeling user intent evolution
and recurring interaction patterns. However, per-
formance fluctuations at extreme context lengths
indicate challenges in utilizing long histories. As
the number of turns grows, models must attend to
more distant and potentially irrelevant information,
which can dilute key signals and introduce noise;
errors may accumulate over turns, leading to less
stable predictions. This suggests a trade-off be-
tween leveraging richer contextual information and
maintaining robust long-range reasoning.
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e .
Prompt for Evaluation

System Prompt

You are an expert in evaluating the quality of live-streaming product Q&A responses, tasked with assessing the quality of the
[Model Prediction] based on the given [Question] and [Gold Answer].

Evaluation Task

Compare the model prediction with the gold answer, determine whether their semantics are consistent, and assign a score
ranging from 0 to 10.

Input

- Question: {question}

- Gold Answer: {gold_answer}

- Model Prediction: {model prediction}

- Item Title: {item_title} (for contextual reference only)

Scoring Criteria (0-10)
- 10 (Perfect): Semantically identical; all core information is correctly covered with no errors.
- 8-9 (Excellent): Core information is correct, with only very minor non-critical omissions or verbosity.
- 67 (Acceptable): Most key points are addressed, but some secondary information is missing or redundant.
- 3-5 (Poor): Core information is partially missing or contains some incorrect details.
- 0-2 (Incorrect): The answer is wrong, contradictory, irrelevant, or contains hallucinated content
(e.g., fabricated attributes or parameters).

Important Evaluation Rules

1. Semantics First: Do not rely on surface-level string matching. Logical consistency and semantic equivalence are prioritized.
2. Hallucination Penalty: If the prediction introduces specific details or parameters not mentioned in the gold answer

(e.g., fabricated numerical values), apply a severe penalty.
3. Colloquial Tolerance: More colloquial expressions in the prediction are acceptable.

Output Format (Strict JSON)

{
"score": <integer between 0 and 10>,
"reason": "A brief explanation in Chinese",
"label": "Correct" / "Partially Correct" / "Incorrect"

}

\_ J/

Figure 12: Evaluation prompt for the Video QA task.

| MMC
Model | OA | MCQy | MCQ, | TF
| | HOM | HET | NEG | TRP | HOM | HET | POS | HOM | HET

Qwen3-VLy4g | 53.9 39.0 55.0 51.6 20.1 60.7 79.1 | 35.1 57.5 89.3
Qwen3-VLgg | 55.5 40.4 68.0 29.0 8.9 66.3 82.1 | 57.0 49.0 71.2
InternVL3.54 | 46.1 30.9 44.0 12.9 3.2 60.7 63.5 | 525 55.3 78.8
InternVL3.5g | 52.2 36.8 44.0 33.9 14.5 54.7 73.0 | 70.3 44.7 75.8
Keye-VL-1.5 | 524 30.9 42.0 33.9 16.1 58.1 783 | 85.1 19.1 51.5
VideoLLaMA3 | 49.0 25.0 28.0 67.7 74.2 47.0 522 | 25.7 70.2 84.8
MiniCPM-V 4.5 | 54.5 353 68.0 25.8 4.8 65.0 835 | 673 40.4 63.6
LLaVA-OneVision | 45.2 25.0 30.0 274 17.7 48.7 61.7 | 96.0 6.4 24.2
LLaVA-OneVision-1.5 | 52.2 294 32.0 77.4 69.4 44.4 539 | 505 553 72.7
VideoLLaMA2.1-AV | 58.2 20.6 38.0 | 100.0 | 100.0 | 48.7 59.1 81.2 19.1 242
Qwen3-Omni-30B | 61.4 51.5 68.0 48.4 21.0 70.1 835 | 653 42.6 78.8
OmniVinci | 57.3 33.8 40.0 66.1 61.3 54.7 74.8 | 24.8 95.7 100.0
GPT-40-mini | 48.7 324 52.0 12.9 6.5 54.7 69.6 | 85.1 21.3 57.6
GPT-40 | 56.8 324 72.0 323 6.5 65.0 82.6 | 80.2 29.8 72.7

GPT-4.1 | 60.5 41.2 78.0 25.8 4.8 76.1 852 | 91.1 234 60.6

Table 9: Fine-grained performance on the MMC Task across difficulty settings. We report accuracy (%) across
varying levels of distractor similarity, including homogeneous (HOM/TRP) and heterogeneous (HET/NEG) sources.

D.3 Analysis of Temporal Dependencies form well in the Instant setting, their performance
drops drastically in the History scenario. Notably,
even strong baselines such as VideoLLaMA3 and
LLaVA-OneVision-1.5 yield near-zero tloU scores

Fig. 16 illustrates the performance of individual
models across different temporal settings, reveal-
ing a clear stratification. While most models per-
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(Prompt for Evaluation

System Prompt

Task Background

Input

- Item Title: {item_title}

- Gold Summary: {gold_summary}

- Model Prediction: {model prediction}
- Dialogue Context: {dialogue text}

Scoring Criteria (0—10)

Please assign a score based on the following dimensions:
1. Completeness (Core Information Coverage):

2. Faithfulness:

3. Conciseness and Fluency:

Score Reference:
expression.
modifiers that do not affect understanding.

colors or size recommendations), or is slightly verbose.

present in either the gold summary or the dialogue).

Output Format (Strict JSON)
{

"score": <integer between 0 and 10>,

"label": "Perfect" / "Acceptable" / "Poor"

U

You are an expert in evaluating the quality of live-streaming dialogue summarization, tasked with assessing the model’s
performance by comparing the [Gold Summary] with the [Model Prediction].

This task involves summarizing a live-streaming e-commerce dialogue.

- Gold Summary: A reference summary verified through human annotation or a high-quality curation process.
- Model Prediction: The summary generated by the model to be evaluated.

- Dialogue Context: Provided for reference only, and mainly used to detect hallucinations.

Does the prediction include all key points from the gold summary (e.g., price, material, promotions, target audience)?
Does the prediction introduce information that is not supported by the original dialogue (i.e., hallucinations)?

Is the summary coherent, fluent, and free from unnecessary colloquial redundancy?

- 10 (Perfect): Semantically identical to the gold summary; all core information is covered, with no hallucinations and fluent
- 8-9 (Excellent): Covers all core information, with only minor wording differences or omission of extremely secondary
- 67 (Acceptable): Captures the main selling points (e.g., product type and price) but omits secondary details (e.g., specific

- 3-5 (Poor): Misses core information (e.g., price or key attributes) or contains incorrect information.
- 02 (Incorrect): The summary is largely inconsistent with the facts, or contains severe hallucinations (fabricated attributes not

"reason": "A brief explanation in Chinese, specifying missing or incorrect information",

Figure 13: Evaluation prompt for the Structured Dialogue Summarization task.

(< 1%). This sharp degradation effectively high-
lights the difficulty of reverse temporal causality,
where models must retrieve relevant evidence that
precedes the queried moment in time. Such a set-
ting significantly weakens the effectiveness of for-
ward temporal cues and requires integrating non-
local information, often without reliable temporal
anchoring, which remains highly challenging for
current MLLMs and leads to unstable predictions.

D.4 Analysis of Human Evaluation

Human evaluation primarily focuses on factual cor-
rectness, emphasizing the penalization of hallu-
cinations, and assesses the overall quality of the
generated outputs. Results from this evaluation
show strong consistency with both the LLM-Score

and automatic metrics, reinforcing the reliability
of our framework. As illustrated in Tab. 10, top
models like Qwen3-Omni and OmniVinci scored
highly across all evaluation methods, demonstrat-
ing their robust multimodal interaction capabili-
ties. Such alignment suggests the benchmark mea-
sures general multimodal interaction ability, rather
than model-specific styles or biases. Consistency
between human evaluation and other evaluation
methods further highlights the robustness of our
approach, ensuring an accurate reflection of model
performance across various tasks.

D.5 Impact of Audio Modality

The integration of audio generally yields con-
sistent performance gains across most models,
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Model | Size |Frames|VQA |SDS|CDG

Open-source Video-LLMs

. 4B . | 495595 4.65
_ - T
Qwen3-VL-Thinking B 1fps 4.40 15.401 5.65
4B 475 5.90] 5.60
_VL-Ins o
Qwen3-VL-Instruct SB 1fps 495 16.101 570
4B 3.15 |4.30| 4.25
InternVL3.5 8B | 32 | 3.65|480|4.00
Keye-VL-1.5 8B Ifpst | 3.95 |4.10| 4.00
VideoLLaMA3 7B 1fpst | 3.90 |4.40| 4.10
MiniCPM-V 4.5 8B 1fpst | 4.00 [5.10| 4.65
LLaVA-OneVision 7B 32 | 4.40 |3.40] 2.70

LLaVA-OneVision-1.5| 8B 1fpst | 4.55 [4.50] 5.10

Open-source Omni-LLMs

VideoLLaMAZI-AV | o | o | 425 [335] 405
+audio 320|265 2.55
Qwen3-Omni-30B . [ 470 [5.60] 6.25
+audio A3B 1 IfpsT 1y 10 1570 5.85
OmniVinci 480 [4.95] 5.60
+audio 9B |32 1610660 680
Commercial MLLMs
GPT-40-mini ~3B 490 [5.75] 5.30
GPT-4o ~200B| 1fps’ | 3.75 |5.55| 5.80
GPT-4.1 ) 5.45 (630 5.60

Table 10: Human evaluation scores of model outputs
on LiveAid across open-ended question types. Scores
(0-10) are based on overall generation quality and fac-
tual correctness.

confirming its role as a critical complementary
source in information-dense live-streaming scenar-
ios. Specifically, audio signals prove indispensable
for resolving semantic ambiguities where visual
cues alone are insufficient. However, our ablation
results reveal that expanding modalities introduces
significant challenges in cross-modal alignment.
While top-performing models effectively synergize
acoustic and visual signals, VideoLLaMA2.1-AV
exhibits a counter-intuitive performance drop when
audio is enabled compared to the vision-only base-
line. This regression suggests that due to subopti-
mal multimodal integration, the audio stream acts
as interference noise rather than informative con-
text. Consequently, simply adding modalities does
not guarantee improvement; without robust syn-
chronization, it burdens the model’s context capac-
ity and disrupts the reasoning process.

D.6 Impact of Sequence Length

Fig. 17 illustrates the performance trajectory across
varying sequence lengths. Note that due to data
sparsity for lengths > 8, these instances are ag-
gregated into a single ultra-long category. At the
shortest setting (L = 3), models exhibit noticeable
variance, likely due to the limited availability of in-

formative cues in short sequences. As the sequence
length increases, performance follows an inverted-
U pattern, peaking at lengths 6—7. This improve-
ment suggests that mid-length sequences provide
a “sweet spot’: the enriched timeline offers suffi-
cient contextual signals to reconstruct the narrative
flow without overwhelming the model. However,
beyond this threshold (L > 7), performance begins
to decline. This drop indicates increasing difficulty
in modeling long-range dependencies, where the
accumulation of information makes it harder to
accurately retain and order complex relationships.

D.7 Impact of Evidence Granularity

While the Clips and Full settings in the Danmaku
Ordering task share identical data samples, they dif-
fer fundamentally in evidence presentation, thereby
evaluating distinct cognitive capabilities. The Clips
setting provides explicit temporal boundaries, ef-
fectively reducing the task to local semantic align-
ment. Consequently, models with robust fine-
grained grounding capabilities (e.g., MiniCPM-V
4.5) excel in this setting, mirroring their strong
performance on the Multi-Modal Consistency task.
Conversely, the Full setting relies on implicit tem-
poral causality. Instead of matching pre-segmented
clips, models must reconstruct the narrative flow
directly from the raw video stream, a process that
demands global event modeling and long-range rea-
soning. The performance gap observed between
these settings highlights a critical insight: strong
local alignment skills do not automatically translate
to an understanding of global temporal structure.

D.8 Case Study

Fig. 22-Fig. 30 provide a comprehensive qualita-
tive analysis across diverse task types. The results
reveal that while models excel at local semantic
matching, the high-density, interleaved dynamics
of live streaming pose a severe challenge. When
reasoning is required over evolving dialogue con-
texts and fine-grained audio-visual dependencies,
model robustness degrades significantly, leading to
frequent hallucinations and temporal misalignment.
This confirms the inherent difficulty of modeling
real-time interactions.
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(Prompt for Evaluation

System Prompt

You are an expert in evaluating the quality of live-streaming danmaku generation, tasked with assessing whether the model-
generated danmaku is appropriate for the current live-streaming context and whether the expressed intent is accurate.

Input

- Item Title: {item_title}

- Dialogue History (History Context): {history text}

- Gold Danmaku: "{gold danmaku}" (Represents the real user’s focus at the current moment)
- Model Prediction: "{model output}"

Guidelines for Using Dialogue History
Please note that repeated questions are common in live-streaming scenarios due to new viewers continuously joining the stream.
- Do NOT penalize the model solely because a similar question appears in the earlier history.
- The primary role of the history is to help you identify the current topic
(e.g., whether the discussion is about material, price, sizing, or promotions).

Scoring Criteria (0—10)
Please assign a score based on the following principles:
1. Intent Alignment (Primary Criterion):

- Is the focus of the model-generated danmaku semantically aligned with the Gold Danmaku?

- If the Gold asks “How much does it cost?”” and the model asks “What’s the price?”, assign a full score.

- If the Gold asks “Can we see the back?” while the model asks “How much is it?”, this indicates a failure to follow the
visual/contextual flow and should receive a low score.

2. Context Responsiveness:

- Natural Repetition (Allowed): Repeating a question that was answered long ago is reasonable, as it simulates new viewers
joining.

- Invalid Repetition (Penalized): If the streamer explicitly emphasized information in the immediately preceding turn (Turn
N-1), and the model redundantly asks the same question again in Turn N, this indicates poor contextual awareness and should
be penalized.

3. Style:

- The danmaku should be short, colloquial, and viewer-like. Overly formal or customer-service-style expressions should be

penalized.

Score Reference:

- 10 (Perfect): Intent is fully aligned with the Gold danmaku, with natural and appropriate style.

- 8-9 (Excellent): Intent is reasonable and consistent with the current topic, though it may not exactly match the Gold’s specific
wording, and no obvious mistakes are made.

- 67 (Acceptable): A generic, non-specific danmaku (e.g., “Looks good”, “Bought it”), or repetition of information discussed a
long time ago.

- 3-5 (Poor): Intent is clearly misaligned (e.g., asking about shipping when others discuss sizing), or ignores information
explicitly stated in the immediately previous turn.

- 0-2 (Very Poor): Hallucinated, nonsensical, irrelevant content, severe misunderstanding of context, or meaningless repetition.

Output Format (Strict JSON)
{

"score": <integer between 0 and 10>,

"reason": "A brief explanation in Chinese, comparing the intent of the Gold and the Model prediction and considering the
dialogue history",

"label": "Perfect" / "Acceptable" / "Context Error" / "Bad Style"

}
\_ J

Figure 14: Evaluation prompt for the Contextual Danmaku Generation task.
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Figure 15: Performance of MLLMs under different dialogue context lengths. Results include Accuracy (%) for
Danmaku Intent Prediction and BERTScore F1 (Flgggrt) for Contextual Danmaku Generation.
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Figure 16: Performance of MLLMs on the Video Evidence Grounding task across three temporal types.
Results are reported as loU (%).
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Figure 17: Model performance on ordering tasks across different sequence lengths. Results are reported as
Kendall’s 7.
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&N Product Category: Household Appliance

@m.

@:r:) g Danmaku Video Response

R Is the gray range hood same as this one?
User A| # KEMMHAPLAKAIZAS—FE ? [ Delay |@374.3s

________________________________________________

.7 403.7s — 442.65 [:?f

o B
Annotator ~ Modality Timespan Summary

i R#1 Summary: The gray model uses an AG skin-feel glass panel. the host showed how the
. material differs in texture and appearance... is upgraded with a stronger suction power
i and hlgher static pressure, posmonmg it as a more premium option...

R#1 B4 Ik ] AR, ERRER D R T e RIS R i
B3 fi HH AR (K g A EEN NTELVAISK:
Is the gray one a top-and-side integrated design?
cRRED | # KO TR AR g e 2 [ Instant |@668. 9s
i p——————————————————————————————————
B & g : How Well d()es Zhe black one handle cooklno 5171<)ke’

NEE AY AY A

- 1

E S TP 6755 688.4s |5 !
4o R e Ce — l. 4! H

Annotator ~ Modality Timespan Summary

1

i R#2 Summary: The gray model features a top-side integrated dual-suction design that
| offers broader coverage, while the black model delivers strong smoke extraction

i performance... demonstrated during the host’s live cooking session...

UR#2 REE KGR TR AU NG 1R 2k SR A
: E%MW%EPEMETTﬁ%%ﬂ

Figure 18: A representative sample from the Household Appliance category (range hood)
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Product Category: Women’s Shoes

Video Response

What does the purple one look like?
User A| # H$EE AT ARE? [ Delay |@154.9s
L =T = =S :
gt g H.P29.65 — 2535 [_;{ 5
os Annotator  Modality Timespan Summary |

o

E R#1 Summary: The purple model features white shoelaces with a purple sole trim. the 1
i host holds up the white shoes to highlight the design of the purple model, while the co-~ i
E host wears the purple pair and lifts her foot to d1rect1y d1sp1ay its appearance on screen. !
| R#1 G4 L ‘ ‘ J AL |
ek SR, %ﬁ%ﬂlﬁ%@j‘%ﬁ@lﬁ* !

What’s milk tea color?

I - = l7. ¢
1 1145 A . ?
HIZR 1 JLH\ N

[ Instant |@234. 75 }

________________________________________________

s B .2 20545 — 20955 | |
Host Annotator ~ Modality Timespan Summary |

‘

R#2 Summary: “Milk tea color” — a warm, soft light brown with a hint of beige, like coffee E
with milk. The host picks up the milk tea-colored model, providing a clear display and a E
detailed introduction of 1t ]
R#2 B4 | NPV ; JyHA W i

HC 3t {%WBT E‘JﬁT ! :

Figure 19: A representative sample from the Women’s Shoes category
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(N)

ity Product Category: Women’s Apparel

g Danmaku Video Response

Can you show a close-up of the fabric?

User A| # SIULE B ik} @301.9s]

P 269.65 _, 2765 E4

Annotator ~ Modality Timespan Summary

@é
Host

________________________________________________

E R#1 Summary: The fabric is glutinous rice velvet. the host focuses the camera on the pants’ leg area and touches |
1 the fabric by hand, providing a close~up of the material’s details. '
' i

R#1 sl 4 HIRS

What colors are available?

4 ]
\ I

; .2 45045 — 467.55 |5

Annotator  Modality Timespan Summary

)
J

Host
"""""""""""""""""""""""""""""
R#2 Summary: There are two colors—dark gray and light gray. The host wears the dark gray pants and holds up
the light gray pair to showcase all available color options.

R#2 K4k )N o 1 <20

P —————

What does the back of these pants look like?
#OIRHE A T ? Instant |(@555.9s

________________________________________________

8, EI.2sous - sz

Annotator ~ Modality Timespan

_________________________________________________________________________________________________

i R#3 Summary: The host turns around, lifts the hem of their top, and walks to a distance, giving a full view of the i
! back of the pants so the audience can see all the details clearly. i

| R¥#3 B4 STREIA BIHEHAT

Do these pants make you look slimmer?

e L EE [1EL 2

[ Instant |@583.0s ]

i 1

i 1

1 . §

| K. 58655 — 60585 (S |
1 i Annotator  Modality Timespan '

{ }

i R#4 Summary: These pants are very slimming. The host removes their top to show that the waist area is snug, then
i« lifts the pant leg by hand to reveal the ample space in the legs, further highlighting the slimming effect of the pants.
| Rit4 f 2 AP

EREH f AT B

Figure 20: A representative sample from the Women’s Apparel category
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M)

| Product Category: Outdoor Gear

Can you show a close-up of the fabric?
User A| # 1kl EakE?

________________________________________________

.2 15 — 298 E‘%

Modality Timespan Summary

1 R#1 Summary: The newly upgraded checkered fabric is very thick. The host brings the !
i camera close to the surface of the mat to showcase the checkered material and bends the !
i mat by hand to demonstrate the fabric’s thickness. i
| R#1 4 o EHT |
iLis R iR R SRR l

How do you fold the large one?

# HME A2

________________________________________________

E "H-n\m 18l7. Is — ZIII. Os [E;——%

Modality Timespan Summary

_____________________________________________________________________________

i R#2 Summary: Open the air vent and start folding from the side opposite the vent, !
i pressing out the air as you fold, until reaching the top vent. the host personally .
' demonstrates the folding process, including using their legs to squeeze out the air... i
: :

R#2 z';_n']\ é][l:l
FREBL B EZS

________________________________________________

.2 27655 — 29485 E4

Annotator ~ Modality Timespan Summary

%é
Host

:' R#3 Summary: Blow directly into the valve with your mouth. The host personally
i demonstrates how to inflate it.

________________________________________________

Figure 21: A representative sample from the Outdoor Gear category
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CEJ@ Task: Video QA ’Iype: Open-ended

[ﬂ Danmaku

Do you have this in different colors?
User 4 [ Instant |@138.15 )

&2 | What colors are available for this men's
Ao B .
outdoor jacket?

R# Summary: The host showcased the color options for the outdoor jacket, which include

purple, gray, and black. S
Rit il 134.45 —149.2

GPT-4.1: This men's jacket is available in light purple and light gray. # % i )+ fc {1748
(IR AR (o P R T 32

GPT-40-mini: The available colors for this men's jacket include white and purple. #1715 L)t
BRI B L3S B NI 1D

GPT-~40: Purple, white. #2540, [ {4,

InternVL3.5-4B: Gray and light gray. # /< (0 F17% i (7.

Keye-VL-1.5-8B: Three colors. # .

LLaVA-OneVision-1.5: The men's jacket shown in the video is available in gray and black. # .
P 75 R 55 e AT AR £ M T G B i £ P e

LLaVA-OneVision: This men's jacket is available in white and black. #14 5 ) F- e e A7 171 (0
AN B0 P h € T

MiniCPM-~V-4.5: Dark blue, purple, black. #4 #i (4 . 250, i,

OmniVinci (w/ audio): Purple, gray, black. #5< (7. Jc{f. Mi(f.

OmniVinci (w/o audio): This men's jacket is available in three colors: black, white, and gray. #
X LB =R AT g B, B ORR T,

Qwen3-Omni (w/ audio): According to the video, this jacket is available in three colors. # 4/
PPN 2, AR =AU AT I

Qwen3-Omni (W/0 audio): According to the video, this jacket is available in light gray and
white. #HRIEBUATPI 25, KA VR Ik (1 A € P R (5 7

Qwen3-VL-4B-instruct: Gray, black, white. # /(. (0, [,

Qwen3-~VL-8B-Thinking: The video does not mention color options for the men's jacket; only a
light purple women's jacket is shown. #RUAH RHE S 5 LB Bk, (@R T &k
FHEMBR O A

VideoLLaMAZ2.1-7B~AV (w/ audio): According to the video, this men's jacket is available in
three colors: gray, navy, and black. #HRPEARAN, X5 LR =Bt n]ik: KA. i

= S [Daj

H /l: H ,J\R o
VideoLLaMAZ2.1~7B~AV (w/o0 audio): According to the video, this men's jacket is available in
three colors: gray, navy, and black. #HRPEARA, X5 BT AN BtEnE: KB, i
== 1 B

ERGLE

VideoLLaMA3-7B: Black, gray, beige. # /12 (7. Jc(f. K (7.
I Ground Truth: Purple, gray, black. |

\ J

Figure 22: Qualitative case study of Video QA with an open-ended question type, including the model’s output for
analysis.
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Cz_,@l‘ask: Multi~-Modal Consistency Type: MCQ_4

[-‘ Danmaku

ﬁ.n What do the cuffs look like?
User A # #hiE {1482 @46.1s )

& | What are the cuffs like on this
down jacket?

R# Summary: The host showcases the cuffs
of the down jacket, which look very
attractive and stylish.

R# A 4h:

259.45 —266.2s"

L 1
Qwen3-VL-4B-Thinking: D
VideoLLaMAZ2.1-7B-AV (w/ audio): D
LLaVA-OneVision: B

Keye~VL-1.5-8B: B

InternVL3.5~8B: B

OmniVinci (w/o0 audio): D

GPT-40: B

Qwen3-VL-4B-Instruct: D
Qwen3-VL-8B-Instruct: D
GPT-40-mini: A

VideoLLaMA3-~7B: A Ground Truth:
OmniVinci (w/ audio): D
VideoLLaMA2.1~-7B~AV (w/o0 audio): D
LLaVA-OneVision-1.5: D
Qwen3-VL-8B-Thinking: D
Qwen3-Omni (w/o audio): D
InternVL3.5-4B: B

Qwen3~-Omni (w/ audio): D
MiniCPM-~V-~4.5: D

GPT-4.1: B

\ J

D. None of the above.

Figure 23: Qualitative case study of Multi-Modal Consistency with an multi-choice question type, including the
model’s output for analysis.
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[f:@ Task: Danmaku Intent Prediction Type: Classification

(") Danmaku EEIEY  Question

Do they have it in black?
User A @73.9s

Can people with wide feet wear these?

User B [ Delay |@300.5s

| R# Summary: Suitable for wide feet, high arches, and fuller feet. o |
Ré 4 2 2 339.25 —347.8s ;

AN

How thick is the sole? @4
(Zastant ) @466.7s
Host

R# Summary: The heel height is 2.5 cm.
R# i 4h:

Qwen3-VL-4B-Thinking: Product Info — Fit / Target Audience. # /i 11 {5 KL~ 15 1L/ A
VideoLLaMAZ2.1-7B-AV (w/ audio): Product Info — Quantity / Contents. # i /it 77 & - 20 1/ ) 7%
LLaVA-OneVision: Product Info — Appearance / Design. # 1 /i {ri 5 - 2P UL/ 1)
Keye-VL-1.5-8B: Transaction Service — Price / Basic. #72 %) JIi 45 -1/ % /3l

InternVL3.5-8B: Product Info — Specifications / Dimensions. # i1 /i1 {7 - FiES )L

OmniVinci (w/o audio): Product Info — Specifications / Dimensions. # i /ifi ;7 L F)L
GPT-40: Product Info — Appearance / Design. # i1 /il i3 &L - 7P AL/ 152 11
Qwen3-~VL-4B-Instruct: Product Info — Appearance / Design. # [ /i {20 UL/ % 1
Qwen3-VL-8B-Instruct: Product Info — Fit / Target Audience. # i1 /i) {7 5L -1 i/ A
GPT-40-mini: Product Info — Specifications / Dimensions. # i1 /il 77 L~ IS )T
VideoLLaMA3-7B: Transaction Service — Price / Discount. #42 % Il 55 -4/ % /41 2

OmniVinci (w/ audio): Product Info — Specifications / Dimensions. # i1 /if1{i7 FL- FIES ST
VideoLLaMAZ2.1-7B-AV (w/o audio): Product Info — Quantity / Contents. # [ /i1 {7 B~ 4015/ A 7%
LLaVA-OneVision-1.5: Product Info — Appearance / Design. # [ iy {7 EL- 28/ ¥ 1
Qwen3-VL-8B-Thinking: Product Info — Fit / Target Audience. # i i1 {15 - 35 i/ A\ jif
Qwen3~Omni (w/o audio): Product Info — Specifications / Dimensions. # i1 /i1 i3 &L~ FILA% )]
InternVL3.5~4B: Product Info — Appearance / Design. # [ /i {7 5 -2b UL/ % 1)

Qwen3-Omni (w/ audio): Product Info — Specifications / Dimensions. # /i /ifi {7 L~ LS S )
MiniCPM-V-4.5: Product Info — Appearance / Design. # [ /111 {;7 5 - 7L/ 121

GPT-4.1: Product Info — Basic Information. # 11 /i {75 Ll - 25 A5 B

NG

| Ground Truth: Product Info — Specifications / Dimensions.

\ J

Figure 24: Qualitative case study of Danmaku Intent Prediction with classification question type, including the
model’s output for analysis.
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@J@Task: Structured Dialogue Summarization Type: Open-ended

[ﬂ Danmaku ! ,, Question

Is it a slim fit?
User B @90.6s

. R# Summary: It is not a slim cut; it is straight-leg pants.
i R# Mgk
=

How long are the pants?

Mcm %)

@ Do they have it in khaki?
User E [ Instant |@219.85

R# Summary: There is only this one in black.
R o PG e AR T
Qwen3-VL-8B-Instruct: The user asked about the pants’ fabric, fit, length, and color options. The host addressed each question by
displaying and comparing the pants’ details: confirmed as corduroy fabric, not slim-fit, long pants design, and noted that khaki is not

available. #HJ SR OCTHET ROTHRE . R, MR BB R, Rl SR L T AN, B B ARSI, )
R KR, IR E R ]k .
LLaVA-OneVision: User: Is it denim?\nHost: Yes, it is denim. # /1] )7 : AR\ n 45 JEf, 2Rk

Keye~VL~1.5-8B: User: Is it denim?\nHost: Yes, it is denim.\nUser: Is it slim-fit?\nHost: No, it is straight-leg.\nUser: What is the length?
Long or short pants?\nHost: Long pants, exact length not specified.\nUser: Is it corduroy? Any khaki color?\nHost: Not corduroy, it is
denim; no khaki available. #/{)" ﬂ'J P AT TR ? }ml“ B M, TR SR RERE? ERERE. AEER, 2EM
iz J}J)"\‘KIJ e /‘f"l WRERAE? ERERIE: KM, HAKEERGE k. AR 2ok ? - RILEMm? LRk RE .
AR, RAFAFIEL Bf r\lLLHU
IﬂtcﬂlVLS 5-8B: User: Is it denim?\nHost: Yes, it is denim.\nUser: Is it slim~fit?\nHost: It is a relaxed fit.\nUser: What is the length? Short
or long?\nHost: Long pants, length as per actual measurement.\nUser: Is 1t corduroy'7 Any khaki color?\nHost: Not corduroy, only
available in black. #JH)' AT THIE l”’ﬁ\n Efk: RBAFE. \n\nf/": 2% W”’ \nE#H: REMLHRE. \n\nH . #HEKZD? 1
WEL R KA \n LR/ KW, PERIRES “JWU? o \n\nH T AL ? FRILEME\nER: Ak, HEEA.
GPT-~40: User asked: 1. Is it denim? 2. Is it slim-fit? 3. Length—short or long pants? 4. Is it corduroy? Any khaki color?\nHost’s responses:
1. Showed fabric details, confirmed as corduroy. 2. Showed fit, confirmed relaxed/loose. 3. Showed length confirmed long pants. 4.

Showed corduroy again, no mentlon of kKhaki. #H PRI N2 : \nl. B 24P IHEN\n2. 2 EER \n3. YK 22D, ot
KA#E\n4. & ﬂ?h'.“’lkM A RFHE\n\nERFREIZ: \nl. ER HHH”M 1, BIRAHEKGMITT. \n2. IRYET JU“” BN

BRI \n3. EIRYET HJL“‘L B A KA. \nd. FRRJERFRGRIIRE, BA BT REE

VideoLLaMA3-~7B: The user inquired about denim material, length, whether it is cropped, and khaki availability. The host displayed and
explained in detail: material, length, fit, pocket position, and emphasized softness and comfort, while also showing the khaki denim option.
#HP W T AAFIRHOA BT, KR, 2B R B A RH A BB RRMUHE, AN AT IR A . KB, R
M. PURACESEANTT, JFRi T A B IEN S WG RE, A s 7R3 L\ R IR

LLaVA-OneVision-~1.5: The user asked about denim, length, and khaki color.\nHost responded: denim fabric, 95 cm length, and no khaki
available. #1756 FAAFIER BE KRR AT R MR, SRS 0AFIE, BEK D95k, ¢ HEAT KH .
MiniCPM-~V-~4.5: The user asked about denim fabric, fit (slim), length (cropped or long), corduroy, and khaki availability.\nThe host
demonstrated using black pants, using gestures and explanations to address each question, showing fabric texture, fit characteristics,
length, pockets, and demonstrated wearing and adjusting them. #H AR O AP IR, AR “’f‘"@ S f"‘ K (e a) a2
A SRRUSE B RILEIG. MBI RREYE T, HFRRYHR R TXLEER, s T ¥ AR BTl 4R
R ni s WEICHIARAE, R T e 2 4 A 4

Ground Truth: The user inquired about the pants’ fabric, fit, length, and color. The host explained that the pants are made of corduroy,
have a straight-leg, ankle-length design with a length of 88 cm, and are only available in black.

\ J

Figure 25: Qualitative case study of Structured Dialogue Summarization with open-ended question type, including
the model’s output for analysis.
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CE_.)® Task: Contextual Danmaku Generation Type: Open-ended

[ﬁ Danmaku

Are these cotton shoes?
User A| # JEHE#ED [ Instant | @16.8s

:, R# Summary: The host holds a pair of black cotton shoes and explains that both the cotton
i shoes and the single shoes are available.

' R# B4 18.2s —38.9s

207.4s —232.1s

Qwen3~VL-4B~Thinking: This sole is really awesome, walking feels stable and comfy! #1C i I |7, F

BAR S AT IR
VldeoLLaMAZ 1~7B~AV (w/ audio): Are these cotton shoes? # /i 1 L1 2
LLaVA~-OneVision: Are these cotton shoes? # /i Hijj £ 1 2

Keye-VL-~1.5~8B: Bro, this sole feels so comfy underfoot? # i 23|, XA SE B A7 E 1 AT Az !

InternVL3.5-8B: Yes bro! This pair has such a nice heell # /1) .27 | /RO LFIE |

OmniVinci (w/0 audio): The design of this shoe is really unique, the sole pattern and insole material look great,
definitely worth considering. #X K] B vt FLAOARBIRE, IS I LU ANEEE 1A BUR R HARANES, (1S
%R T

GPT-~40: Do these shoes have velvet? Looks perfect for winter. # 1 JCEE 11 L1152 F el s 754
Qwen3-VL-4B-Instruct: The sole design is super thick, walking must be really stablel # 110X iEic v 1] Z\ J"» T,

M H B RS !

Qwen3-VL-8B-Instruct: Is the sole thick? Looks really solidl # 1 i /& il 2 (41 2 75 {l/,( 7 JH IR !

GPT-40-mini: This shoe design looks great, can you tell me more details? # X ALEE [ V2 ] At R AR AV, fiETS
YRR 22 4 2

VideoLLaMA3-~7B: This sole is so Softl # 1 |~ #1 Jic hf- ]
OmniVinci (w/ audio): Does this shoe come with shipping insurance? # 1% ;i 1712 2[5 15 ?
VldeoLLaMAZ 1 7B~AV (w/0 audio): These new sneakers look so trendy, I gotta get a pair! #1645 Hi 1) 12 2)) ]

i R SEBENTF X!

LLaVA- OneVisi0n~1 5: This shoe looks really cooll The black and gold combo is so eye-catchingl # 1% AL £ i
ARG | R G AL EL AR IR 5 A

Qwens VL-8B-Thmkmg This sole grips really well, won’t slip even in the rain? # 1% F £ 2085 AU, Ry
AT !

u[

Qwen3-Omni (W/o audio): Host, is the sole rubber? # 147, LCHE T EAS G 2

InternVL3.5-4B: With this thick sole, it doesn’t feel like cotton shoes, more like basketball shoes. Wanna try
them? # L REIXAE LRI BT, AMGHREE, B0 TR B, { «’i)‘(dﬂ%ukuk’

Qwen3-Omni (w/ audio): Host, is the sole rubber? # |- 4”, TXHE IR AR AN SRR ?

MiniCPM-V-4.5: This pair looks really stylish, the gold leopard print is super cool! HIXXCEERL R G A, &6
ESEREE LT

GPT~4.1: Looks like these aren’t cotton shoes, more like sporty sneakers. The insole seems breathable too. # 77 /i
RAEMREE, JRahi, HERWEEETH.

| Ground Truth: s it lined with velvet and thickened?

\ A

Figure 26: Qualitative case study of Contextual Danmaku Generation with open-ended question type, including the
model’s output for analysis.
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[:TJ@)Task: Clip Timeline Reconstruction ,_,m Type: Ranking

[ﬂ Danmaku §§ £ Question
[ Ordered ]
Does the vest have pockets?
User A @54.9s |

v

£ - ~N
How long is the vest?
User B [ Delay |@I1 9.5s)

— <
ARG C[LDOGS the vest have buttons in the front?

User @415.4s

o S
What color was it that you just wore?

User D) @645.0s |
VideoLLaMAZ2.1-7B-AV (w/ audio): [1] [3] [2] VideoLLaMA3-7B: [1] [3] [2] [4]
LLaVA-OneVision: [1] [3] [2] OmniVinci (w/ audio): [0] [2] [1] [3]
Keye-VL-1.5-8B: [0] [1] [3] [2] VideoLLaMAZ2.1~7B~AV (w/o audio): [1] [3] [2]
InternVL3.5~8B: [1] [3] [2] LLaVA-OneVision-1.5: [1] [2] [3]
OmniVinci (w/o audio): [0] [2] [1] [3] Qwen3-Omni (w/0 audio): (0] [1] [3] [2]
GPT-40: [3] [0] [1] [2] InternVL3.5-4B: [2] [0] [1] [3]
Qwen3-VL-4B-Instruct: [0] [3] [1] [2] Qwen3-~Omni (w/ audio): [0] [1] [3] [2]
Qwen3-VL-8B-Instruct: [0] [3] [1] [2] MiniCPM-V-4.5: [3] [0] [2] [1]
GPT-40-mini: [3] [1] [0] [2] GPI-4.1: [3] [1] [0] [2]
| Ground Truth: [3] [1] [0] [2]
& 7

Figure 27: Qualitative case study of Timeline Reconstruction with ranking question type, including the model’s
output for analysis.
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r 3
@J@Task: Danmaku Ordering (Clips) Type: Ranking
[ﬂ Danmaku ﬁ ,, Question

[ Ordered ]
| & 4 ' ‘ W eSS A
439, 7s —>443 4s 332 2? —339.1s 9.3s —>10 9s
.’:i. AR .’Ej; -"%‘-
| Shuffled |
- Can the hood be removed? /' Is it three-proof fabric?
: Z‘Z-Zﬁ'l':-Z~Z~Z<Z-Z~Z~Z'Z.-Z~Z~Z'Z'Z'Z'Z'Z'Z'J'Z'Z'Z'i' - - - : \
How many inner pockets Does it come with shipping |-

| are there? insurance? i
Qwen3-~VL-4B-Thinking: [0] [1] [2] [3] VideoLLaMA3-7B: [3] [1] [0] [2]
VideoLLaMAZ2.1~7B~AV (w/ audio): [0] [1] [2] [3] OmniVinci (w/ audio): [3] [1] [0] [2]
LLaVA-~OneVision: [0] [1] [2] [3] VideoLLaMA2.1~7B~AV (w/o audio): [0] [1] [2] [3]
Keye-VL-1.5~-8B: [2] [1] [3] [0] LLaVA-OneVision-1.5: [0] [1] [2] [3]
InternVL3.5-8B: [2] [3] [1] [O] Qwen3-Omni (w/o audio): [0] [1] [2] [3]
OmniVinci (w/o audio): [3] [1] [0] [2] InternVL3.5-4B: [0] [2] [1] [3]
GPT-~40: [2] [0] [1] [3] Qwen3-Omni (w/ audio): [0] [1] [2] [3]
Qwen3-VL-4B-Instruct: [0] [3] [2] [1] MiniCPM-V-4.5: [3] [0] [2] [1]
Qwen3-VL-8B-Instruct: [0] [1] [2] [3] GPT-4.1: [1] [0] [3] [2]
GPT~40-~mini: [0] [1] [2] [3]

| Ground Truth: (0] [1] [2] [3]
\ J

Figure 28: Qualitative case study of Danmaku Ordering (Clips) with ranking question type, including the model’s

output for analysis.
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\.

@J@ Task: Danmaku Ordering (Full)

EE&] Type: Ranking

Q Danmaku

T REPF T kg 2

Can the hood be removed?

Is it three-proof fabric?

=B DR 2

How many inner pockets
are there?

insurance?

Does it come with shipping :

Qwen3-VL-4B-Thinking: [0] [1] [2] [3]
VideoLLaMAZ2.1-7B~AV (w/ audio): [0] [1] [2] [3]
LLaVA-OneVision: [0] [1] [2] [3]
Keye-VL-~1.5~8B: [4] [3] [0] [1]

InternVL3.5-8B: [3] [1] [0] [2]

OmniVinci (w/o audio): [2] [1] [0] [3]

GPT-4o0: [3] [0] [1] [2]

Qwen3-~VL-4B-Instruct: [0] [1] [2] [3]
Qwen3-~VL-~-8B-Instruct: [3] [1] [O] [2]
GPT-40~mini: [1] [0] [3] [2]

VideoLLaMA3-7B: [3] [1] [0] [2]
OmniVinci (w/ audio): [1] [2] [3] [0]
VideoLLaMAZ2.1~7B~AV (w/o audio): [0] [1] [2] [3]
LLaVA-OneVision~1.5: [0] [1] [2] [3]
Qwen3-VL-8B-Thinking: [3] [1] [0] [2]
Qwen3-Omni (w/o audio): [3] [1] [2] [0]
InternVL3.5-4B: [1] [3] [2] [0]

Qwen3~-Omni (w/ audio): [3] [1] [2] [O]
MiniCPM-V-4.5: [3] [0] [1] [2]

GPT-4.1: [1] [0] [2] [3]

| Ground Truth: [0] [1] [2] [3]

J

Figure 29: Qualitative case study of Danmaku Ordering (Full) with ranking question type, including the model’s

output for analysis.

23849



[::7_,®Task: Video Evidence Grounding E:—&Type: Temporal Grounding

- ) Danmaku
- s ~
Are there other colors?
User A| # A1l [ History |@261.9s )

& | Does this model of sneakers have other
g o b . .
color options available?

R# Summary: The host simultaneously showcased all color variants, including black,
white—blue, and white—purple.

| Rt B £229.9s —36.7s,
Qwen3-~VL-4B-Thinking: [35.37, 38.40] VideoLLaMA3-7B: [210.64, 213.56]
LLaVA-OneVision: [253.33, 261.80] OmniVinci (w/ audio): [143.57, 152.00]
Keye~VL-1.5-8B: [119.0, 147.0] Qwen3-~VL-8B-Thinking: [34.37, 38.40]
InternVL3.5~-8B: [126.80, 134.97] Qwen3~-Omni (w/o audio): [10.00, 12.00]
OmniVinci (w/o audio): [168.90, 177.33] InternVL3.5-4B: [41.23, 49.43]
GPT-40: [175.00, 186.00] Qwen3-Omni (w/ audio): [10.00, 12.00]
Qwen3-VL-4B-Instruct: [35.37, 38.40] MiniCPM-V-4.5: [207.19, 235.84]
Qwen3-VL-8B-Instruct: [35.00, 40.00] GPT-~4.1: [79.00, 85.00]

GPT-40-mini: [153.00, 159.00]
VideoLLaMA2.1-7B~AV (w/ audio): [192.27, 200.43]
VideoLLaMAZ2.1-7B-AV (w/o audio): [192.27, 200.43]

Ground Truth: [29.87, 36.74]

29.87s —36.74s

. J

Figure 30: Qualitative case study of Video Evidence Grounding with temporal grounding question type, including
the model’s output for analysis.
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