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Abstract

The development of multimodal large language models
(MLLMs) has advanced general video understanding. How-
ever, existing video evaluation benchmarks primarily focus
on non-interactive videos, such as movies and recordings. To
fill this gap, this paper proposes the first omnimodal bench-
mark for interactive livestream videos, LiViBench. It features
a diverse set of 24 tasks, highlighting the perceptual, reason-
ing, and livestream-specific challenges. To efficiently con-
struct the dataset, we design a standardized semi-automatic
annotation workflow that incorporates the human-in-the-loop
at multiple stages. The workflow leverages multiple MLLMs
to form a multi-agent system for comprehensive video de-
scription and uses a seed-question-driven method to construct
high-quality annotations. All interactive videos in the bench-
mark include audio, speech, and real-time comments modali-
ties. To enhance models’ understanding of interactive videos,
we design tailored two-stage instruction-tuning and propose
a Video-to-Comment Retrieval (VCR) module to improve the
model’s ability to utilize real-time comments. Based on these
advancements, we develop LiVi-LLM-7B, an MLLM with
enhanced knowledge of interactive livestreams. Experiments
show that our model outperforms larger open-source models
with up to 72B parameters, narrows the gap with leading pro-
prietary models on LiViBench, and achieves enhanced perfor-
mance on general video benchmarks, including VideoMME,
LongVideoBench, MLVU, and VideoEval-Pro.

Code —
https://github.com/Wang-Xiaodong1899/LiViBench

Introduction
The rapid advancement of Multimodal Large Language
Models (MLLMs) has driven significant progress in gen-
eral video understanding (Comanici et al. 2025; Guo et al.
2025). Challenging benchmarks can drive rapid progress in
model capabilities. Accordingly, many recent efforts have
advanced the video understanding benchmark ecosystem by
introducing more challenging tasks and longer videos (Fu
et al. 2025; Wang et al. 2024a). However, existing video
benchmarks primarily focus on non-interactive content, such
as movies, recordings, and short videos, and lack coverage
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of interactive videos, such as livestreams that involve rich
and frequent interactions between streamers and audiences.
Given the growing prevalence of livestreams in online video
consumption, enhancing models’ ability to understand such
interactive content has become increasingly important.

Unlike general videos, livestreams are inherently inter-
active, emphasizing real-time engagement between stream-
ers and their audiences. This interaction includes, but is not
limited to, gift-giving, live conversations, audiences’ real-
time comments, and multi-person co-streaming. These in-
teractive features demonstrate the unique characteristics of
livestreams. Despite recent advancements in MLLMs, it re-
mains unclear how effectively these models can comprehend
these types of interactive videos.

To address the lack of interactive video content in exist-
ing video understanding benchmarks and evaluate the com-
prehension capabilities of MLLMs on livestream videos,
we introduce LiViBench, the first omnimodal interac-
tive video benchmark. The benchmark focuses on human-
centered themes and covers 9 vertical domains of interactive
livestream (e.g., chatting and singing), and the task taxon-
omy comprehensively includes 24 distinct tasks (e.g., multi-
person interaction and behavior reasoning). These tasks span
a broad range of categories, including general perception
and reasoning, knowledge-based question answering, and
livestream-specific tasks that highlight the interactive char-
acteristics of livestream scenes. LiViBench comprises 3,168
livestream videos with durations ranging from 14 seconds to
33 minutes, along with 3,175 high-quality multiple-choice
questions. At the same time, we introduce rich and hetero-
geneous data to enable a more comprehensive evaluation,
covering audio, speech, and comments.

Constructing a video benchmark poses challenges to
video annotation and question quality. While prior work
has either lacked transparency (Fu et al. 2025; Wu et al.
2024) or relied entirely on automated annotations (Han et al.
2025), we design a standardized semi-automatic annota-
tion workflow, and incorporate human-in-the-loop at mul-
tiple stages. To reduce the bias introduced by MLLMs dur-
ing automatic annotation, we first use multiple MLLMs to
build a multi-agent system that comprehensively describes
the video. For each task, we construct a seed question li-
brary through automatic generation using proprietary mod-
els, followed by human revision and augmentation. Using
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a seed-question–driven strategy, models generate candidate
questions for each video, which are then screened and re-
fined by humans. Both models and humans provide answers
to the selected questions. Finally, human annotators conduct
thorough quality control on the resulting multi-choice QA
set to ensure clarity, correctness, and relevance.

Based on the constructed LiViBench, we perform a com-
prehensive evaluation of both state-of-the-art proprietary
models and open-source models. Preliminary experiments
reveal that proprietary models (e.g., GPT-4o and Gemini-
2.5-Pro) exhibit notable limitations in understanding interac-
tive videos, and large-scale open-source models also demon-
strate constrained performance. These limitations are likely
due to the lack of instruction-tuning datasets specifically de-
signed for interactive videos. To address this, we construct
an instruction-tuning dataset comprising 37,953 machine-
annotated and 11,180 manually annotated samples for in-
teractive videos. We further propose a tailored two-stage in-
struction tuning strategy to fully leverage the training data.

In the livestream video domain, real-time comment is a
unique and important modality. The sheer volume of these
comments poses significant challenges for both the input
context length and the information extraction abilities of
MLLMs. To evaluate their impact on video understanding,
we incorporate the real-time comments into each task. To
better leverage these comments, we propose a Video-to-
Comment Retrieval (VCR) module that retrieves relevant
comments using video features. Together with the tailored
instruction tuning, we develop LiVi-LLM-7B, a video un-
derstanding model enriched with enhanced knowledge of in-
teractive livestreams. Experimental results demonstrate that
our model outperforms larger open-source models with up
to 72B parameters and narrows the gap to the best pro-
prietary models on LiViBench. It also shows strong gen-
eralization across general video benchmarks of varying
lengths, including Video-MME, LongVideoBench, MLVU,
and VideoEval-Pro. The contributions are as follows:
• We propose the first omnimodal benchmark specifically

designed for interactive livestream videos, LiViBench,
with audio, speech, and comment modalities. The com-
prehensive evaluation shows that some proprietary mod-
els (e.g., GPT-4o and Gemini) have limited performance
on this new benchmark.

• We propose a standardized semi-automatic annotation
workflow that introduces human-in-the-loop in multiple
stages. The multi-agent mechanism and seed question li-
brary are introduced to efficiently construct high-quality
evaluation data and instruction-tuning data.

• We design tailored instruction tuning and a video-to-
comment module to build the comprehension-enhanced
model: LiVi-LLM-7B. It outperforms larger open-source
models, including those with up to 72B parameters, and
narrows the gap with the best proprietary models.

Related Work
Multi-Modal Large Language Models
Multimodal Large Language Models (MLLMs) (Hurst et al.
2024; Anthropic 2024; Comanici et al. 2025) have achieved

significant advancements in video understanding tasks.
These models typically treat video as a sequence of images
and connect the output of the visual encoder to a large lan-
guage model (LLM) through a modality alignment module,
enabling visual content understanding and reasoning. The
architecture and training paradigms of video understand-
ing systems continue to evolve. Early works incorporate Q-
Former (Li et al. 2023) to extract informative video fea-
tures while reducing the number of visual tokens (Zhang,
Li, and Bing 2023; Ren et al. 2024; Wang et al. 2024b).
Then, some works adopt a simpler approach by using an
MLP to directly project the processed visual features into
the feature space of the LLM (Zhang et al. 2024a; Liu et al.
2025c; Maaz et al. 2023). Recently, Qwen2.5-VL (Bai et al.
2025) fuses adjacent frames at the input stage and further
compresses encoded multiple visual tokens into a single to-
ken, which is then connected to the language model via
MLP. To enhance temporal awareness and achieve event-
level localization, TimeChat (Ren et al. 2024) introduces ex-
plicit temporal textual prompts, TimeSuite (Zeng et al. 2025)
incorporates the TAPE module to capture temporal struc-
tures, and Qwen2.5-VL utilizes the MRoPE to model inter-
frame temporal relationships. Regarding training data, many
works adopt a hybrid data training strategy. For instance, In-
ternVL2.5 (Chen et al. 2024a) and Qwen2.5-VL are trained
on a combination of single images, multi-frame image se-
quences, and videos. Additionally, post-training techniques
are widely used to improve reasoning performance (Zhu
et al. 2025a; Wang et al. 2025; Wang and Peng 2025).

Moreover, researchers are actively exploring omnimodal
models capable of processing text, images, videos, and au-
dio, e.g., (Cheng et al. 2024), (Xu et al. 2025), (Yao et al.
2024), and (Liu et al. 2025b), aiming to further expand the
perceptual capabilities of omnimodal systems. Despite the
strong performance of the aforementioned models in general
video understanding tasks, their adaptability to live stream-
ing scenarios remains underexplored. Related model Kwai-
Keye (Team et al. 2025a) is primarily optimized for non-
interactive short videos and struggles to process interac-
tive livestream videos. Therefore, our work targets interac-
tive livestream video understanding. We introduce an omni-
modal benchmark for interactive videos and develop a model
enriched with interactive knowledge.

Multi-Modal Video Benchmarks
The introduction of various benchmarks has promoted the
development of MLLMs. Existing video benchmarks mainly
focus on general video understanding tasks, such as short
video understanding tasks (Xu et al. 2016; Yu et al. 2019;
Li et al. 2024; Fang et al. 2024; Hong et al. 2025b; Liu
et al. 2024; Shangguan et al. 2024), video temporal ground-
ing tasks (Gao et al. 2017; Lei, Berg, and Bansal 2021;
Rohrbach et al. 2014), video reasoning tasks (Hu et al. 2025;
Zhao et al. 2025; Rasheed et al. 2025; Zhu et al. 2025b; Han
et al. 2025), long video understanding tasks (Fu et al. 2025;
Wang et al. 2024a; Zhou et al. 2024; Ma et al. 2025), in or-
der to perceive the real world more comprehensively, some
audio-visual benchmarks have been proposed (Li et al. 2022;
Geng et al. 2025; Hong et al. 2025a).
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Figure 1: Dataset generation pipeline.

Some other benchmarks focus on specific domains, such
as first-person videos (Mangalam, Akshulakov, and Ma-
lik 2023), cinematic language (Liu et al. 2025a), video
comments (Lei et al. 2025), video quality and aesthet-
ics (Jia et al. 2025), content moderation on short video
platforms (Lu et al. 2025), and offline short videos from
Kuaishou (Team et al. 2025b). Despite the emergence
of benchmarks, current video understanding benchmarks
mainly focus on non-interactive videos. With the rapid
growth of social media platforms such as Instagram Live
and TikTok Live, livestream videos have become increas-
ingly prevalent, bringing with them complex multimodal
tasks that challenge existing model capabilities. A bench-
mark that can evaluate the ability of MLLMs to understand
such data is needed. Therefore, we propose LiViBench, the
first omnimodal livestream video benchmark.

Method
Video Curation
To evaluate the capability of MLLMs in understanding in-
teractive livestream videos, we curate a diverse and compre-
hensive dataset from publicly accessible livestream videos.
This dataset comprises synchronized multi-modal data, in-
cluding video, audio, speech, and user comments, which
provides rich contextual information. To facilitate human-
centered video comprehension, reasoning, and knowledge-
based question answering, we focus on livestream cate-
gories primarily related to entertainment, including genres
like singing, dancing, and chatting. The distribution of these
vertical domains is shown in the lower left part of Fig. 2.

Video data filtering To ensure video diversity, we filter
out static and simple videos with minimal frame changes.
We employ a proprietary model, Seed1.5-VL, to score each
video’s spatiotemporal complexity on a scale from 1 to 10,
and filter out those scoring below 3. We also exclude videos
that focus on web games or e-commerce. After filtering over
30,000 videos, we retain 5,245 videos with durations rang-
ing from 20 seconds to 60 minutes, which form the basis of
our benchmark.

Multi-Agent Seed-guided Video QA Generation
Pipeline
Constructing a video benchmark requires detailed annota-
tion of the video. At the same time, designing and answer-
ing questions based on videos demands careful handling of
temporal information, which makes the annotation process

more difficult and costly. Previous works (Fu et al. 2025;
Wu et al. 2024) rely entirely on manual annotation to design
questions and answers, involving high labor costs. Recent
fully automated efforts, such as (Han et al. 2025), rely solely
on a single model for video captioning and then use GPT-4o
to generate questions and answers. However, this method in-
troduces too many biases from the captioning model, and the
result questions and options tend to be lengthy, influenced by
the preferences of the language model.

To address these issues, we propose a novel video QA
generation pipeline as shown in Fig. 1, characterized by
multi-agent annotation, seed-based question-posing, and
human-in-the-loop at multiple stages. To mitigate the impact
of model bias in video descriptions, we build a multi-agent
system composed of several large multimodal models with
large parameter sizes, including LLaVA-Video, Qwen2.5-
VL, Intern3VL, and Seed1.5-VL. Based on their unique
characteristics and capabilities, we develop specialized in-
structions for each agent, ensuring they generate only the
content necessary for their specific tasks. Through the col-
laboration of different experts, the resulting detailed video
description is no longer limited by the capabilities of a single
model, but contains richer and more comprehensive content.

We design 24 tasks grouped into 5 categories: 4 coarse-
grained perception tasks, 6 fine-grained perception tasks, 3
knowledge-based reasoning tasks, 4 general reasoning tasks,
and 7 livestream-specific tasks. To ensure controllability
and high-quality QA generation, we introduce a seed ques-
tion–driven framework that generates questions based on de-
tailed video descriptions. Specifically, we first define task-
specific instructions and employ a proprietary model to ex-
tract and summarize question patterns from previous work,
generating candidate seed questions for each task. Human
annotators then review the questions to remove unreasonable
or overly simple questions, revising them as needed to form
a curated seed question library. Leveraging this library and
detailed video descriptions from the multi-agent pipeline,
the proprietary model generates candidate questions tailored
to specific tasks. Finally, annotators review both the videos
and the generated questions, filtering or refining those that
are ambiguous, overly simple, or irrelevant. For the video
question set of all tasks after quality control, we employ
a proprietary model and human annotators to generate an-
swers and propose alternative distractors, forming the initial
multiple-choice questions. Subsequently, for each question,
annotators are required to carefully review the correspond-
ing video content to verify the correctness of the answer and
remove or refine any misleading or inappropriate distractors.

Data Analysis
This section presents a detailed data analysis. The dataset
includes 3,168 videos, each with audio, comments, and ASR
information. As shown in Fig.2, the videos mainly belong to
entertainment-related livestream categories. Their durations
range from 14 seconds to 33 minutes and are grouped into
four categories: very short, short, medium, and long. The
duration and task distribution are also shown in Fig.2.

Due to the real-time interactive nature of livestream
videos, they are often accompanied by numerous real-time
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Figure 2: The statistical analysis of our LiViBench.

comments and automatic speech recognition (ASR) tran-
scripts. We analyze the distribution of ASR and comment
counts within the videos, as shown in Fig. 3. The dataset
contains approximately 1.45 million comments, with an
average length of 12.15 Chinese characters. To illustrate
the characteristics of livestream videos, we generate word
clouds based on the question and option sets, shown in
Fig. 4. In the question set, terms like “performance,” “ac-
tion,” and “interaction” appear frequently, while words such
as “anchor” and “audience” dominate the option set. This
distribution reflects the benchmark’s focus on livestream-
specific features, particularly those related to performance
dynamics and interactive behavior.

LiVi-LLM
To enhance the ability of open-source MLLMs to understand
interactive livestream videos, we construct an instruction-
tuning dataset enriched with interactive knowledge. Based
on a carefully designed two-stage instruction tuning strat-
egy and the efficient use of comments through a Video-to-
Comment Retrieval (VCR) module in Fig. 5, we develop
LiVi-LLM-7B, a high-performance and efficient omnimodal
model for livestream video understanding. The following
sections detail the model’s training and inference processes.

Instruction Tuning
The left part of Fig. 5 illustrates the architecture and training
process of the model. Given a livestream video, we extract
the video frames and audio from it, respectively. For con-
tinuous video frames, we use Qwen2.5-VL’s visual encoder
for spatiotemporal encoding and convert them into video to-
kens. For audio streams, we use Qwen2-Audio to encode
them into audio tokens. To fuse the video and audio repre-
sentations, a transformer decoder is used to aggregate the
features. The fused tokens are then input into the large lan-
guage model along with the query’s text tokens. The param-
eters of the model are initialized from Qwen-2.5-Omni.
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Figure 3: The ASR and comment distribution.

Question Set Answer Set

Figure 4: The word clouds of our LiViBench.

The data generation pipeline proposed in Sec. can be
directly extended to the construction of instruction fine-
tuning data in the livestream field. We collect over 100,000
livestream videos, each ranging from 1 to 5 minutes in
length. To ensure content richness, we use a multimodal
large language model to analyze the number of distinct
scenes in each video and retain only those containing more
than one scene. For each selected video, agents consisting of
one or more models generate 1 to 3 questions along with cor-
responding answers. To improve the accuracy of instruction
tuning data while balancing annotation costs, we sample a
portion of the data for human review and annotation. These
higher-quality samples are used for fine-grained tuning of
the model. In total, we obtain 37,953 synthetic samples with-
out human review and 11,180 manually refined samples.

During instruction tuning, we adopt a carefully designed
two-stage training strategy. In the first stage, the model is
fine-tuned on synthetic data without manual review to align
the model to the interactive video domain. To balance do-
main specificity with generalization, we also incorporate
general video data (Zhang et al. 2024b), helping the model
retain general video understanding capabilities. In the sec-
ond stage, we perform fine-grained tuning using manually
annotated data to further enhance the model’s accuracy and
robustness on video understanding tasks.

Inference with Video-to-Comment Retrieval
Instruction tuning on the specific interactive video do-
main can enhance the understanding ability of MLLMs
for livestream videos. But the core difference between
livestream videos and general videos is real-time interac-
tion, such as real-time user comments during live stream-
ing. However, the massive amount of real-time comments
poses a huge challenge to the model’s context and informa-
tion extraction capabilities. To this end, this paper proposes
a Video-to-Comment Retrieval (VCR) module that aims to
obtain more relevant comments from massive comments.
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integrates a video-to-comment retrieval module to fully use omni-modality to enhance the comprehensive understanding.

For efficient retrieval, we uniformly sample video frames
from a video, and use Chinese-CLIP (Yang et al. 2022) to
obtain embeddings for each frame. We use a text encoder
to encode all comments into text embeddings. By calculat-
ing the similarity between frame embeddings and text em-
beddings, we can obtain the top-k relevant comments corre-
sponding to each frame. All retrieved relevant comments are
sorted in chronological order, and together with the question
as text context, they are input into the fine-tuned model.

Experiment
Settings
The proposed benchmark includes a total of 3175 Video
QA. We evaluate 24 models and use the most suitable num-
ber of frames for each model for reasoning while ensur-
ing the context does not overflow. The benchmark com-
prises 24 subtasks, categorized into five evaluation groups:
4 coarse-grained general perception tasks (Coarse), 6 fine-
grained general perception tasks (Fine), 3 knowledge-based
question answering tasks (Know), 4 general reasoning tasks
(Reason), and 7 livestream-specific tasks (Livestream). For
evaluation, we report the average score of all models within
each category and the overall score of the entire benchmark.
More details refer to the supplementary material.

Main Results on LiViBench
The comprehensive evaluation results for LiViBench are
presented in Tab. 1. The results indicate that general per-
ception tasks (e.g., Coarse and Fine) consistently outper-
form other task types in terms of accuracy, for both pro-
prietary and open-source models. The livestream-specific
tasks are the most challenging for all models. Among pro-
prietary models, Gemini-2.5-Pro and GPT-4o show limited
performance on this benchmark. In contrast, Doubao-Seed-
1.6 and Seed1.5-VL show promising results, with Seed1.5-
VL attaining the highest overall score of 66.2%. Doubao-
Seed-1.6 performs best on Coarse and Fine tasks, while
Seed1.5-VL leads in tasks including knowledge, reason-
ing, and livestream-specific, which indicates that the model

has superior expert knowledge and reasoning ability in the
livestream video domain. Among all open-source models,
our model LiVi-LLM-7B significantly outperforms other
large-scale open-source models with up to 72B parameters,
including Qwen2.5-VL-72B. It also surpasses proprietary
models such as GPT-4o and Gemini-2.5-Pro. Notably, LiVi-
LLM achieves the best overall accuracy of 64.4%, matching
the top-performing InternVL3-78B model. To showcase the
unique features of the benchmark, we provide qualitative ex-
amples in Fig. 6. Compared to general proprietary models,
our model demonstrates enhanced understanding and rea-
soning abilities in interactive video scenarios.

Results on General Video Benchmarks
To demonstrate the comprehensive capabilities of our
model, we conduct experiments on various general video
benchmarks, including Video-MME (Fu et al. 2025),
MLVU (Zhou et al. 2024), LongVideoBench (LongVB) (Wu
et al. 2024), and VideoEval-Pro (Ma et al. 2025). In Tab. 3,
compared with the state-of-the-art models of similar param-
eter size, our model demonstrates promising results across
all benchmarks, including the best scores on all tasks of
Video-MME and VideoEval-Pro. These results indicate that
our model not only excels in interactive live video under-
standing but also exhibits strong generalization capabilities.

Analysis
Audio impact analysis The results of the impact of audio
for omnimodal models are in Tab. 2, including MiniCPM-
o-26, Qwen2.5-Omni and LiVi-LLM-7B. MiniCPM-o-26
shows a performance drop across the first four categories,
likely due to its limited ability to process audio. In compar-
ison, both Qwen2.5-Omni and our model show notable im-
provement in most categories. We observe that all 3 models
showed significant improvements in the livestream-specific
category. This suggests that in the interactive video domain,
audio plays a crucial role in improving video understanding.

Speech impact analysis The results of the impact of
speech modality on model evaluation are also shown in
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Question: Does Sun Wukong imitated by the anchor 

fit the role in the costume?
A. No, the anchor is wearing a yellow Taoist robe

B. Yes, it is in line with Sun Wukong's classic tiger-skin skirt image

C. Yes, the costume is consistent with Sun Wukong's golden armor

D. No, the anchor is wearing a red cassock
-------------------------------------------------------------------------------------------------

Our LiVi-LLM: A Gemini-2.5-Pro: A
-------------------------------------------------------------------------------------------------

GPT-4o: C Qwen2.5-Omni: B
-------------------------------------------------------------------------------------------------

Question: What is the function of cat patterns
A. Block some of the anchor's actions to avoid violations

B. Decorate the video and increase the fun

C. Tell the audience to interact with likes

D. Let the anchor dance according to specific actions

-----------------------------------------------------------------------------------------------

Our LiVi-LLM: D Gemini-2.5-Pro: A
-----------------------------------------------------------------------------------------------

GPT-4o: A Qwen2.5-Omni: B
-----------------------------------------------------------------------------------------------

Figure 6: Qualitative examples of multi-choice questions from our LiViBench. The correct options are marked in green.

Model Overall Coarse Fine Know Reason Livestream

Proprietary MLLMs
Gemini 2.5 Flash (Comanici et al. 2025) 53.0 63.6 62.9 56.4 51.5 43.9
Gemini 2.5 Pro (Comanici et al. 2025) 56.1 65.0 68.4 58.1 51.3 48.2
GPT-4o (Hurst et al. 2024) 56.3 67.0 66.5 57.6 55.2 47.4
Seed1.5-VL (Guo et al. 2025) 66.2 70.9 71.4 68.8 70.7 59.1
Doubao-Seed-1.6(ByteDance 2025) 64.9 72.9 73.2 60.2 68.4 56.8

Open-Source MLLMs
LLaVA-Video-72B (Zhang et al. 2024b) 60.0 65.3 70.2 63.6 63.8 49.8
Qwen2.5-VL-32B (Bai et al. 2025) 59.4 73.1 69.1 57.6 61.3 49.1
Qwen2.5-VL-72B (Bai et al. 2025) 62.3 73.4 72.4 61.9 64.6 52.0
InternVL3-14B (Zhu et al. 2025a) 62.7 71.7 68.9 65.3 67.0 53.7
InternVL3-38B (Zhu et al. 2025a) 64.1 70.9 72.6 66.6 68.3 54.5
InternVL3-78B (Zhu et al. 2025a) 64.4 72.0 69.8 65.8 69.3 56.3

LLaVA-NeXT-Video (Zhang et al. 2024a) 37.5 40.7 40.5 44.8 32.3 36.1
InternVL2-8B (Chen et al. 2024b) 49.8 59.7 59.2 53.8 53.6 38.7
MiniCPM-v-26 (Yao et al. 2024) 50.5 58.9 59.9 58.5 54.2 39.1
LLaVA-Video-7B (Zhang et al. 2024b) 52.6 60.0 59.0 55.1 58.3 43.5
NVILA-8B-Video (Liu et al. 2025c) 53.3 61.1 56.2 58.1 56.8 46.6
Video-LLaMA3-8B (Zhang et al. 2025) 54.1 60.0 62.1 61.9 58.8 43.7
Keye-VL-8B-Preview (Team et al. 2025a) 55.2 68.7 65.4 51.7 52.6 47.2
MiniCPM-o-26† (Yao et al. 2024) 56.0 65.3 62.1 61.9 59.9 46.5
InternVL2.5-8B (Chen et al. 2024a) 56.6 68.1 62.9 58.5 59.9 47.5
Qwen2.5-VL-7B (Bai et al. 2025) 58.3 65.5 69.2 57.6 59.7 49.1
InternVL3-8B (Zhu et al. 2025a) 59.8 68.4 66.9 58.5 63.0 51.7
InternVL3-9B (Zhu et al. 2025a) 60.0 67.3 67.8 59.4 63.0 51.7
Qwen2.5-Omni-7B† (Xu et al. 2025) 60.3 68.1 68.5 59.4 60.7 53.1

LiVi-LLM-7B† (Ours) 64.4 70.1 68.7 62.8 63.6 60.9

Table 1: LiViBench evaluation results across all categories. † indicates omnimodal models.

Model Overall Coarse Fine Know Reason Livestream
V +A +S V +A +S V +A +S V +A +S V +A +S V +A +S

LLaVA-Video-7B 52.6 NA 55.4↑ 60.0 NA 60.6↑ 59.0 NA 61.0↑ 55.1 NA 58.1↑ 58.3 NA 58.8↑ 43.5 NA 48.4↑
MiniCPM-o-26 56.0 54.7 57.9↑ 65.3 65.3 67.0↑ 62.1 61.2 61.8 61.9 58.5 62.8↑ 59.9 51.6 59.7 46.5 48.5↑ 51.2↑
Qwen2.5-Omni-7B 57.8 60.3↑ 60.2↑ 66.2 68.1↑ 67.5↑ 67.4 68.5↑ 66.9 57.2 59.4↑ 59.4↑ 62.6 60.7 63.1↑ 47.4 53.1↑ 52.8↑
Qwen2.5-VL-7B 58.3 NA 59.8↑ 65.5 NA 67.0↑ 69.2 NA 68.4 57.6 NA 60.2↑ 59.7 NA 59.4 49.1 NA 52.7↑
InternVL3-8B 59.8 NA 61.4↑ 68.4 NA 70.6↑ 66.9 NA 65.3 58.5 NA 59.4↑ 63.0 NA 63.3↑ 51.7 NA 55.8↑

LiVi-LLM-7B 61.4 63.9↑ 63.4↑ 70.6 70.9↑ 68.7 69.1 68.6 68.7 63.2 65.3↑ 62.8 61.7 64.2↑ 62.1↑ 53.6 58.7↑ 59.6↑

Table 2: Analysis of the impact of audio and speech. V: Video, A: Audio, S: Speech. We use ASR to represent speech modality.
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Model Video-MME MLVU LongVB VideoEval-Pro
Short Med Long Overall M-Avg val total MCQ

Proprietary MLLMs
GPT-4o (Hurst et al. 2024) 80.0 70.3 65.3 71.9 64.6 66.7 59.5
Seed1.5-VL (Guo et al. 2025) - - - 77.9 82.1 74.0 66.6
Doubao-Seed-1.6(ByteDance 2025) 84.1 75.3 70.1 76.5 76.0 71.3 62.4

Open-Source MLLMs
InternVL2-8B (Chen et al. 2024b) 68.0 52.0 48.9 56.3 56.3 54.6 39.9
Qwen2.5-VL-7B (Bai et al. 2025) 75.9 66.8 54.1 65.6 65.1 61.0 46.9
InternVL2.5-8B (Chen et al. 2024a) 75.3 61.5 55.8 64.2 68.9 60.0 45.5
InternVL3-8B (Zhu et al. 2025a) 77.5 67.3 54.1 66.3 71.4 58.8 48.4
Qwen2.5-Omni-7B (Xu et al. 2025) 78.1 67.4 57.6 67.7 70.0 58.7 48.9

LiVi-LLM-7B (Ours) 79.6 69.4 56.6 68.5 70.5 59.6 50.5

Table 3: Evaluation results on general video benchmarks.

Level InternVL3-8B Qwen2.5-VL-7B LLaVA-Video-7B Qwen2.5-Omni-7B LiVi-LLM-7B
V +Raw +VCR V +Raw +VCR V +Raw +VCR V +Raw +VCR V +Raw +VCR

[0, 20) 60.6 59.3 58.8 59.9 59.3 59.0 52.8 54.1↑ 54.3↑ 60.4 60.8↑ 61.3↑ 63.7 63.6 63.8↑
[20, 100) 56.6 60.7↑ 61.6↑ 53.5 55.5↑ 56.3↑ 47.9 51.1↑ 53.0↑ 60.3 58.7 57.7 64.2 65.7↑ 65.6↑
[100, 1k) 62.0 61.0 61.2 62.6 56.9 58.8 56.4 57.2↑ 57.7↑ 62.3 62.0 64.5↑ 64.5 64.5 66.1↑
[1k,∞) 60.6 59.9 63.4↑ 57.5 49.0 54.9 57.1 29.5 58.8↑ 58.2 54.7 59.7↑ 63.8 55.3 63.0
Overall 59.8 60.0↑ 60.4↑ 58.3 56.6 57.7 52.6 50.2 55.0↑ 60.3 59.5 60.5↑ 63.9 63.0 64.4↑

Table 4: Analysis video comments impact. Raw: using raw comments. VCR: using Video-to-Comment Retrieval module.

Stage I Stage II LiViBench Video-MME
Overall Short Med Long

Baseline - 60.3 78.1 67.4 57.6

Ours ✗ 62.9 80.0 69.2 57.7
Ours Ours 63.9 79.6 69.4 56.6
LV+Ours ✗ 62.2 80.6 69.4 57.8
LV+Ours Ours 63.1 80.6 69.4 57.3

Table 5: Ablation study of the data used in different training
stages. LV indicates data from LLaVA-Video-178k.

Tab. 2. We use ASR to represent the speech modality. All
models perform better in most categories and obtain an
overall performance improvement. Using speech in fine-
grained and reasoning tasks sometimes degrades model per-
formance, suggesting that speech can sometimes be noisy
and affect the understanding of video details. Comparing
audio and speech modalities, we find that audio modality
is more helpful. These findings highlight the importance
of effectively leveraging modality information in interactive
video understanding and may inspire future work.

Video comment impact analysis In order to analyze the
processing capabilities of different models for comments,
we divide all the comments in the benchmark into 4 levels
according to comment number, including [0, 20), [20, 100),
[100, 1k), [1k, ∞), as shown in Tab. 4. Using raw comments
degrades the performance of most models, but InternVL3
is an exception since it uses far fewer frames and thus has
more context space. To mitigate the adverse effect of mas-
sive comments, we propose VCR module. This module re-
trieves key comments, reduces the adverse effects of massive
comments, and brings better performance than video-only.

Ablation Study

Impact of training data domain We test the data do-
main used in different stages in Tab. 5. We test different
data used in the first stage. We can see that the first stage
alignment training using only our synthetic data achieved
better results on LiViBench. When general data (Zhang et al.
2024b) is added, performance on LiViBench decreases but
improves across all three categories of Video-MME. In the
second stage, further fine-tuning using our manual data con-
tinuously improves the performance of LiViBench while
maintaining good generalization. This shows that our train-
ing data is effective in improving the performance on both
LiViBench and general benchmarks. However, there is still
a trade-off between interactive understanding tasks and gen-
eral tasks. These findings indicate that interactive video data
contributes meaningfully in both training stages, with the
second stage playing a key role in strengthening the model’s
interactive livestream knowledge.

Conclusion
This paper introduces LiViBench, the first omnimodal
benchmark for interactive livestream video understanding.
To construct LiViBench, we develop a standardized semi-
automatic workflow for efficient annotation and data quality.
We incorporate audio, speech, and real-time comments to
build an omnimodal benchmark and perform comprehensive
evaluation and analysis. In addition, we carefully build LiVi-
LLM-7B, a video model enhanced with interactive knowl-
edge that outperforms open-source models with up to 72B
parameters, establishing a strong baseline and a new founda-
tion for future research in interactive video understanding.
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