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Abstract

The data scaling law has significantly enhanced large multi-
modal models (LMMs) performance across various down-
stream tasks. However, in the domain of perceptual video
quality assessment (VQA), the potential of data scaling re-
mains unprecedented due to the scarcity of labeled resources
and the insufficient scale of datasets. To address this, we pro-
pose OmniVQA, a framework designed to efficiently build
high-quality, machine-dominated synthetic multi-modal in-
struction databases (MIDBs) for VQA. We then scale up
to create OmniVQA-Chat-400K, the largest dataset in the
VQA field concurrently. Our focus is on the technical and
aesthetic quality dimensions, with abundant in-context in-
struction data to provide fine-grained VQA knowledge. Ad-
ditionally, we build the OmniVQA-MOS-20K dataset to en-
hance the model’s quantitative quality rating capabilities. We
then introduce a complementary training strategy that ef-
fectively leverages the knowledge from datasets for differ-
ent tasks. Furthermore, we propose the OmniVQA-FG (fine-
grain)-Benchmark to evaluate the fine-grained performance
of models. Our results demonstrate that our models achieve
state-of-the-art performance in both tasks.

Code — https://github.com/jzhws/Omni- VQA

Introduction

The perceptual video quality assessment (VQA) currently
focuses on two key tasks: quality rating and quality under-
standing. Quality rating refers to assigning a precise score
to a video aligning with its human-labeled mean opinion
score (MOS), while quality understanding involves provid-
ing qualitative feedback and analysis on the video’s quality.
Recent advancements in large language models (LLMs) and
large multi-modal models (LMMs) demonstrate the signifi-
cant impact of data scaling on various tasks (Wang, Xu, and
Ren 2024; Zhang et al. 2024a; Chen et al. 2024b; Zhang
et al. 2024b; Islam et al. 2024; Mangalam, Akshulakov, and
Malik 2023; Zhang et al. 2025c¢,b). This motivates a key
hypothesis: scaling up VQA data can potentially improve
model performance in perceptual VQA . Despite this poten-
tial, existing VQA datasets may struggle to fully leverage
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Figure 1: Existing MIDBs for VQA excessively rely on man-
ual annotations or existing datasets and lack comprehensive
and diverse annotation dimensions. To address this, we de-
velop the OmniVQA datasets and models.

the data scaling effects due to their insufficient data scale
(shown in the supplementary materials (supp.) )). Here, we
would like to raise a fundamental question:

Why scaling up VQA data is a significant challenge?
Perceptual VQA is a task that mimics human percep-
tion, which inherently requires significant expert-level hu-
man involvement. As a consequence, the construction of
large-scale datasets becomes not only resource-intensive
but also time-consuming. Previous multi-modal instruction
databases (MIDBs) for VQA like (Wu et al. 2024a; Huang
et al. 2024) utilize LLMs, such as ChatGPT (Radford
et al. 2018), to augment the human annotations. Nonethe-
less, the overall information gain remains marginal. Fur-
thermore, this annotation methodology is deeply reliant on
extensive human resources, thereby hindering its scalabil-
ity. To tackle these challenges, we introduce OmniVQA,
an effective framework to build perceptual MIDB for VQA



through a machine annotation paradigm with human-in-
the-loop, culminating in the creation of the largest MIDB
for VQA to date, the OmniVQA-Chat-400K. This frame-
work is built with 3 branches that facilitate easy scalability
while maintaining high data quality. In addition, we propose
OmniVQA-MOS-20K, a large-scale human-labeled VQA
dataset specially for video quality rating tasks.

Considering the intrinsic interconnection between qual-
ity rating and understanding tasks, we further propose a
complementary training strategy to effectively harness the
knowledge in datasets from both tasks, facilitating the train-
ing of LMMs. First, we train the model on the dataset on
one of the tasks and then finetune it using the remaining
data. This approach enables the model to integrate knowl-
edge from both tasks effectively.

Currently, no benchmark is available for fine-grained, in-
context video quality understanding. To thoroughly eval-
uate the models’ in-context capabilities, we introduce the
OmniVQA-FG (fine-grain)-Benchmark, which is metic-
ulously designed to assess the LMM’s performance in local-
spatiotemporal, fine-grained quality understanding tasks.
The motivation guideline of OmniVQA is shown in Fig. 1.

Our contributions are threefold:

e We propose an effective data collection pipeline that sup-
ports the creation of large-scale, high-quality MIDBs for
VQA, and we then develop the OmniVQA-Chat-400K.
We also propose the OmniVQA-MOS-20K, a large-scale
video subjective scoring dataset.

The proposed OmniVQA models achieve state-of-the-art
(SOTA) performance by training LMMs with the task-
specific complementary training strategy for both quality
rating and understanding tasks.

We introduce the OmniVQA-FG-Benchmark, a com-
prehensive benchmark designed to evaluate fine-grained
spatiotemporal quality understanding performance in
both synthetic and real-world scenarios.

Related Works
Perceptual video quality assessment

Perceptual VQA initially focuses on quantitative video qual-
ity rating (Min et al. 2024), primarily aiming to fit the
human-labeled MOSs in public datasets such as (Ghadi-
yaram et al. 2017; Sinno and Bovik 2018; Wang, Inguva,
and Adsumilli 2019; Ying et al. 2021). Existing works on
this task include handcrafted-feature-based methods (Mit-
tal, Soundararajan, and Bovik 2012; Mittal, Moorthy, and
Bovik 2012; Tu et al. 2021; Duanmu et al. 2023), deep neu-
ral network (DNN)-based approaches (Li et al. 2022; Sun
et al. 2022, 2024; Wen et al. 2024; Wu et al. 2023a,b,c), and
LMM-based models (Wu et al. 2024b; Ge et al. 2024; Jia
et al. 2024). Recently, video quality understanding has be-
come a new emerging research field. Q-bench-video (Zhang
et al. 2025a) is the first comprehensive benchmark for eval-
uating the capabilities of LMMs in general video quality
understanding tasks. VQA?-Assistant (Jia et al. 2024) is the
first LMM capable of video quality understanding and chat-
ting. However, there is almost no work addressing fine-
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grained tasks such as spatiotemporal local distortions re-
trieval, thereby leaving significant room for further research.

In the field of LMMs for visual quality assessment, there
have been various approaches to constructing MIDBs. They
can be broadly divided into 3 categories:

1. Human annotators as perceivers (mostly used) (Wu
et al. 2024a; Jia et al. 2024; You et al. 2024b; Huang
et al. 2024; Zhou et al. 2024): Human annotators directly
serve as perceivers of videos/images, and the data is ob-
tained directly through manual annotations and refine-
ment/rewrite by LLMs. The major drawback is the sig-

nificant cost of human labor and time.

General LMMs as perceiver and annotator (distilla-
tion approach) (You et al. 2024a): General LMMs (e.g.,
GPT-40 (Achiam et al. 2023), Gemini-1.5 (Team et al.
2024)) directly serve as perceivers and annotators. Its pri-
mary limitation lies in the sub-optimal data quality, con-
strained by distillation from teacher models that are not
proprietary within this domain.

. Knowledge injection (Wu et al. 2024b; Chen et al.
2024d; Wu et al. 2024c; Chen et al. 2024a): These ap-
proaches involve injecting task-specific knowledge into
existing MIDBs to adapt them for new downstream tasks.
The deficiency is that the scale of the new MIDB is heav-
ily contingent upon the original MIDB, thus limiting the
efficient expansion of the data scale.

These MIDBs also share the following common issues.
First, these datasets primarily focus on the annotation of the
technical or aesthetic quality of images/videos while lack-
ing comprehensive annotations integrating multiple qual-
ity dimensions and factors. Moreover, the majority of these
MIDBs (Wu et al. 2024a; Jia et al. 2024; You et al. 2024b;
Huang et al. 2024; Zhou et al. 2024; You et al. 2024a;
Wau et al. 2024b,c) emphasize an overall description of im-
age/video quality but lack spatiotemporal fine-grained an-
notation and evaluation. These issues have just become the
inspiration for our work.

The OmniVQA-Chat-400K

Driven by the above motivations, we construct the
OmniVQA-Chat-400K, currently the most expansive and in-
depth perceptual MIDB for VQA. The construction pipeline
is illustrated in Fig. 2 and detailed in supp. with abundant
examples, and the statistical information is also shown in
supp.. We conduct a user study to evaluate the annotation
quality of samples, which is presented in supp..

Candidate video pool construction

We select 100, 000 videos from a large-scale user-generated
content (UGC) video dataset (Chen et al. 2024c¢) to serve as
the candidate video pool for subsequent selection. We im-
pose the constraint that the length of all candidate videos
must be in the range of [3,15) seconds. We then utilize 4
state-of-the-art objective video quality rating methods (Wu
et al. 2023a,b, 2024b; Sun et al. 2024) to label the objec-
tive quality for the candidate videos. To ensure consistency
in the scale of scores across different rating methods, the
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Figure 2: Data construction pipeline of OmniVQA-Chat-400K. Comp., OE, UE, and Docu. denote Compression, Over-

exposure, Under-exposure, and Documentary.

scores are first normalized to the range of [0, 100) and then
averaged for each video to determine its objective quality.

The technical branch

The technical branch is the primary component of the
OmniVQA-Chat-400K. The 55,128 videos in this branch
are randomly selected from the candidate video pool to
ensure video content and quality diversity. Each video is
annotated across 8 quality factors: sharpness, light, com-
pression, color, noise, fluency, motion blur, and camera
shake. We employ an aggregation strategy, where annota-
tions for each quality factor are initially performed individ-
ually and subsequently combined into a video-level descrip-
tion (shown in the upper part of Fig. 2).

We propose a novel paradigm based on rejection sam-
pling (RS) for the annotation of each quality factor. The
process begins by performing multiple coarse annotations
using expert LMM for VQA. This process forms the sug-
gested distribution. Subsequently, unlike the common prac-
tices, we do not only select samples based on certain criteria.
Instead, we employ a heuristic method to fully utilize the ef-
fective information in all the samples. This method filters
and summarizes the N samples obtained through the first
sampling with reasoning LLMs, and a voting mechanism
using general LMMs is applied to decide the next step. In
this case, the general LMMs act as a judger rather than an
annotator (the deficiencies of GPT direct annotation are in
supp.). We argue that substituting the challenging direct an-
notation task with the relatively simpler voting decision for
general LMMs offers a more practical distillation approach.
This method is more effective in guiding the general LMMs
toward generating more accurate and definitive responses.

Multiple coarse annotations. We use VQA?-Assistant
(7B) (Jia et al. 2024) as the expert model for sampling. We
set N = 5, meaning that for each quality factor, we pose 5

22294

questions with the same fundamental meaning but varying
sentence structures and record the model’s responses.

LLM summary. We use Openai-ol (Jaech et al. 2024) to
conduct the LLM summary process. The information in the
responses obtained before is categorized into 3 types: (1)
Positive answers are those that have similar meanings in the
responses and appear in at least 3 of the 5 responses. These
answers are then merged into the summary (2)Negative an-
swers, which are contradicted in meaning to the positive
answers, are excluded from the summary. (3) If any re-
sponses contain additional neutral information, it should be
included in the summary. For example, for the quality factor
“sharpness” and the question “How is the sharpness of this
video?”, if the 5 responses are: “Poor” (positive), “Rela-
tively poor” (positive), “Poor, with degraded facial details”
(positive with neutral), “Good, however, the facial details
are slightly lost” (negative with neutral), “Excellent” (neg-
ative). The summarized response would be: “The sharpness
is poor with degraded human facial details.”

Voting and post-processing. We then use GPT-4o to de-
cide the post-processing method. We input the keyframe se-
quence sampled from the video (1fps) and the prior sum-
mary of each quality factor. (Due to the inability of the input
keyframe sequences to capture stuttering, we implement a
special process for the fluency dimension in supp.. We then
prompt GPT to conduct 3 voting rounds for each quality
factor, assessing the accuracy and relevance of the provided
summaries and assigning a score in (2, 1, 0). Then, the post-
processing method is determined and implemented on the
given quality factor summaries. If any round of voting re-
sults in a score of 0, human experts must intervene to decide
between the original input summary and the GPT-modified
summary for that round. The detailed scoring criteria and the
corresponding post-processing methods, including the sub-



jective experiment, are detailed in the supp..

Instruction pairs generation. We use o/ to merge the an-
notations of all quality factors, yielding a video-level quality
summary. Based on this summary, we ask the model to gen-
erate 3 question-answer (Q&A) pairs related to quality fac-
tors. To fully leverage the quality summary, we add an extra
question for each video: “Please describe the overall qual-
ity of this video, please evaluate as many quality factors as
possible.” The video-level quality summary is then provided
as the answer to this question.

The in-context branch

The in-context branch is designed to augment the model’s
ability to identify fine-grained local spatiotemporal quality
issues in videos. To minimize the influence of inherent dis-
tortions, we choose 6, 500 source videos from the candidate
pool with objective quality labels above 70. The annotation
process is presented in the lower left part in Fig. 2.

Synthetically distorted video generation. We manually
add local spatiotemporal distortions to the selected videos.
Spatial distortions include overexposure, underexposure,
blur, compression artifacts, and noise, while temporal dis-
tortion refers to video stuttering.

Spatial distortions are randomly added to a rectangular re-
gion within the frame, covering 1/4 of the frame area. The
duration of spatial distortion is randomly assigned a value
between 1 and 3 seconds, with the starting time of the syn-
thetic distortion also determined as an integer. The intensity
of the distortion is categorized into 3 levels: noticeable, rel-
atively severe, and severe. The 5 distortion types are added
sequentially for each source video, with the number of dis-
tortions fixed at 1. Finally, we record the spatial distortion’s
start time, duration, distortion type, intensity, and location.
For the stuttering, we remove the entire second following
a randomly selected integer second and then duplicate the
frames from that for an additional second, thereby creating a
frame freeze effect. Each source video ultimately has 1 to 3
randomly inserted video stutter events. More detailed video
generation processes are provided in the supp.. We manu-
ally filter out the generated videos in which the synthetic
spatiotemporal distortion is not visibly perceptible.

Distorted objects recognition and description. To en-
hance the LMM’s ability to capture and describe the seman-
tics of the spatial distortion regions, we add a highlighted
bounding box (bbox) around the distorted rectangle area in
the generated videos. The keyframes of the distorted videos
with the bbox are then input into the Gemini-1.5-Pro, which
is tasked with describing the main semantic objects within
the bbox with the following criteria: a semantic object is
deemed valuable for annotation only if it is fully contained
within the bbox and occupies the primary region, exhibits
a distinct contrast from the surrounding area, and remains
within the bbox during the distorted period.

Instruction pairs generation. We then generate 5 instruc-
tion Q&A pairs for each spatial and temporal distorted video
based on the summarized video distortion information. The
Q&A pairs must focus entirely on the spatiotemporal local
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distortions of the video. If the video information contains
the annotated distorted semantic object, at least one of the
generated Q&A pairs must be related to this. Similar to the
technical branch, each video also includes a summarizing
question, which is: “Please describe the information about
the local distortions of the video.” The answer to this ques-
tion is the summarized video’s local distortion information.

The aesthetic branch

The aesthetic branch aims to enhance the diversity and com-
prehensiveness of the MIDB. To prevent technical distor-
tions from affecting the extraction of aesthetic features, we
also select 7, 728 videos with objective quality scores above
70. Then, we directly input keyframes sampled from the
videos into GPT-40 to annotate the aesthetic quality. In-
spired by (Huang et al. 2024), the annotation is conducted
from 3 aspects (illustrated in the lower right of Fig. 2):

1. Aesthetic Style: Label the aesthetic style of the video.

2. Spatiotemporal Analysis: Perform a detailed aesthetic
analysis from the spatial and temporal perspectives.

. Emotional Repercussions: Provide the emotional expe-
rience that the video may evoke in viewers.

The machine annotation for each video is then summarized,
and 6 instruction Q&A pairs are derived from this.

Each video also includes a summarizing Q&A pair with
the question “Please give a detailed description of the aes-
thetic effects of the video.” with all the annotated aesthetic
information as the corresponding answer.

The OmniVQA-MOS-20K

To enhance the model’s performance on quality rating,
we construct a large-scale UGC video subjective scoring
dataset comprising 20, 000 videos and over 300, 000 anno-
tated scores. The videos are selected from a distinct candi-
date pool of 100, 000 videos in (Chen et al. 2024c¢), separate
from the video pool mentioned above. . Each video is an-
notated with an objective quality label using the same pro-
cedure. The video selection aims to ensure a well-balanced
distribution of objective quality labels. To this end, we first
convert the objective quality levels of all videos to be aligned
with the MOSs of LSVQ (train) (Ying et al. 2021). Then, we
ensure that the distribution of objective quality levels for the
selected videos mirrors that of LSVQ (train). Specifically,
for the 5 objective quality levels (determined by their objec-
tive label) —excellent (80-100), good (60-80), fair (40-60),
poor (20-40), and low (0-20)— the proportion of videos in
each quality level must align with LSVQ (train).

During the subjective experiment, we implement a hidden
reference supervision strategy where the objective quality
level for each video serves as the reference but is not visible
to the human annotators. Any human score deviating by two
or more levels from the reference is rejected, and rescoring is
requested. This method effectively minimizes human anno-
tation bias, especially in scenarios with limited expert-level
resources. The distribution of human-labeled scores (aver-
aged for each video) is shown in supp.. Finally, we randomly
split the dataset into the OmniVQA-MOS-20K (train) and
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Figure 3: Illustration of OmniVQA models and the comple-
mentary training strategy.

the OmniVQA-MOS-20K (test) with an 80% : 20% ratio
for subsequent experiments. Since the model training still
focuses on text-based tasks, the videos and quality labels
in OmniVQA-MOS-20K (train) need to be converted into
Q&A pairs. The specific format is as follows: Q: How would
you rate the quality of this video? The answer is the human-
labeled quality rating converted into the quality level.

The OmniVQA-FG-Benchmark

To evaluate the model’s performance in fine-grained tasks,
we construct the OmniVQA-FG-Benchmark. This bench
contains 1,200 Q&A pairs and consists of both machine
(GPT) and human annotations. The statistical information
about the benchmark is given in supp.. The entire bench-
mark focuses on the following 3 core quality concerns:

o Spatial (S): Spatial quality primarily concerns quality is-
sues within specific local regions, particularly focusing
on specific areas or semantic objects in the video.

e Temporal (T): Temporal quality concentrates on tem-
poral quality issues, especially issues related to specific
timepoints or periods.

e Spatiotemporal (ST): Spatiotemporal quality encom-
passes both spatial and temporal dimensions, focusing on
quality issues that arise in local areas or at semantic ob-
jects during specific timepoints or intervals.

Detailed examples are shown in the supp..

For the machine annotation, we select 900 videos (not
within the training data) with objective quality labels higher
than 70 in the candidate videos pool and manually syn-
thesize varying spatiotemporal distortions at different lo-
cations and periods. The annotations concentrate on fixed-
form descriptions to evaluate the models’ ability to localize
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spatiotemporal distortions. The questions in the machine-
annotated part are all binary and multi-choice (single-
answer) questions. For the human annotation, we select
1,000 videos in the candidate video pool with an objec-
tive quality score below 70 to ensure that the videos contain
abundant quality issues to be annotated. Human annotations
exploit the analysis and semantic descriptions of spatiotem-
poral local quality. It follows a flexible approach, incorporat-
ing both multi-choice questions and open-ended questions,
ensuring a comprehensive capture and annotation of video
quality issues. Annotation examples are shown in supp..

The OmniVQA Models

After constructing the OmniVQA-Chat-400K and
OmniVQA-MOS-20K, the VQA?-Stage-1 model (Jia
et al. 2024) is employed as the base model for supervised
fine-tuning (SFT). The base model consists of the SigLip
(Zhai et al. 2023) vision encoder, the SlowFast-R50 (Fe-
ichtenhofer et al. 2019) motion extractor, and the Qwen-2
(Yang et al. 2024) LLM model (shown in Fig. 3). The text
tokens from the prompt, the vision tokens from the video
keyframes, and the motion tokens from the entire video are
interleaved into a semantically ordered sequence, which
is then input into the LLM for text generation. Through
different SFT processes, we obtain 2 specialized models:
the rater, which focuses on perceptual VQA quantitative
rating tasks, and the chatter, which specializes in quality
understanding and question-answering tasks.

Complementary training strategy. We posit that the role
of the LLM part varies between quantitative rating tasks
and quality understanding tasks. In the former, the LLM
functions primarily as an effective regressor, whereas in
the latter, it learns to navigate the complex semantic rela-
tionships between different quality factors and modalities.
Consequently, we argue that random mixing of training data
from these tasks may undermine the LLM’s ability to effec-
tively perform on each task, as the divergent training objec-
tives could hinder its capacity to focus on the specific learn-
ing goals. However, from a pre-training perspective, these
two tasks are perfectly complementary. Firstly, the sequen-
tial training process mitigates potential confusion regarding
the model’s learning objectives. More importantly, the in-
trinsic relationship between the knowledge of the two tasks
suggests that the datasets can provide valuable prior infor-
mation for one another, thus making them well-suited to
serve as mutually beneficial pre-training components. The
process of complementary training is also depicted in Fig. 3.

Experiments

We conduct a detailed evaluation of our models on video
quality rating and understanding tasks to verify the effects
of scaled-up datasets and our training strategy. In addition,
we perform comprehensive supplementary experiments (de-
tailed in supp.) to investigate some key factors.



Datasets LSVQ(1080p) LSVQ(test) LIVE-VQC KoNViD-1k YT-UGC MOS-20K

- Metries | SRCC PLCC | SRCC  PLCC | SRCC ~ PLCC | SRCC PLCC | SRCC  PLCC | SRCC  PLCC

Simple-VQA (Sunetal. 2022) | 0.760 " 0.805 [ 0.870 0.868 | 0.755 0793 | 0.826 ~ 0.820 | 0.850  0.845 | 0.813  0.809
BVQA (Lietal. 2022) 0.747 0.785 0.870 0.861 0.795 0.814 0.795 0.817 0.845 0.847 0.825 0.813
FAST-VQA (Wu et al. 2023a) 0.765 0.793 0.880 0.871 0.830  0.822 0.869 0.870 0.828 0.849 0.792 0.783
Dover (Wu et al. 2023b) 0.797 0.821 0.893 0.892 0.835 0.857 0.885 0.879 0.855 0.861 0.828 0.832
Modular-VQA (Wen et al. 2024) 0.810 0.834 0.897 0.895 0.803 0.839 0.876 0.887 0.862 0.878 0.843 0.835
g-align-VQA (7B) (Wu et al. 2024b) | 0.758 0.833 0.883 0.882 0.777 0.813 0.865 0.876 0.811 0.830 0.820 0.831
g-align-onealign (7B) 0.803 0.836 0.888 0.885 0.773 0.829 0.876 0.878 0.831 0.847 0.829 0.826
VQA*-UGC-Scorer (7B) 0.782 0.837 0.897 0.885 0.798 0.830 0.894 0.884 0.818 0.827 0.785 0.773

" Chatter (7B) (400K) | | 0.816  0.821 | 0.889  0.856 | 0.822 0.846 | 0.882  0.835 | 0.859 0.839 | 0.810  0.788
Rater (7B) 0.815 0.838 0.902 0.905 0.826 0.855 0.895 0.900 0.872 0.873 0.837  0.837

Table 1: Performance on quality rating tasks. The OmniVQA-MOS-20K(test) is presented as “MOS-20K” in short. [Per
column: highest in bold, second in italic]

Categories Q-bench-video-test (900 questions)

LmMMms Binary Multi. "~ Open Tech. Aes. Temp. AIGC [ Overall
mplug-owl3 (7B) (Ye et al. 2024) 56.90% 57.14% 42.88% 53.40% 61.85% 50.34% 45.34% 52.06%
Internvi2 (40B) 52.53% 43.21% 35.13% 42.54% 52.13% 46.43% 42.55% 43.44%
LLaVA-onevision (7B) (Li et al. 2025) 57.58% 48.78% 32.12% 44.98% 50.95% 45.07% 44.72% 45.83%
LLaVA-onevision (72B) 52.19% 54.36% 34.34% 45.62% 54.74% 50.00% 46.58% 46.61%
Qwen2-vl (7B) (Wang et al. 2024) 50.84% 55.75% 34.49% 46.03% 56.40% 50.17% 39.75% 46.67%
Qwen2-vl (72B) 61.62% 66.90 % 39.24% 55.19% 63.03% 52.38% 50.93% 55.44%
Qwen2.5-vl (7B) (Bai et al. 2025) 52.53% 49.48% 38.77% 46.68% 58.53% 46.09% 41.61% 46.72%
Qwen2.5-vl (72B) 62.73% 56.90% 41.31% 52.93% 62.49% 52.15% 46.79% 52.35%

" GPT-40(24-11-20) (Achiam et al. 2023) | 60.61% 50.17% 45.25% 50.89% 63.27% 52.04% 48.45% 51.89%
Gemini-1.5-pro (Team et al. 2024) 56.80% 43.29% 39.26% 44.57% 53.94% 54.64% 44.21% 46.52%
Gemini-2.0-flash 56.23% 46.34% 43.57% 47.73% 58.77% 48.64% 55.90% 49.33%
VQA?-Assistant (7B) (Jia et al. 2024) 67.12% 59.93% 39.56% 55.19% 56.87% 57.99% 43.79% 55.56%
Chatter (7B) (400K) 68.35% 63.76% 44.46% 58.10% 60.66% 54.93% 52.17% 58.50%

Table 2: Evaluation results on the Q-bench-video-test.

Categories [ 4 Question Types | Machine Annotated [ Human Annotated Overall
LMMs Binary  Multi. Open | Mach. S Mach. T Mach. ST | Overall | Human S  Human T Human ST | Overall
mplug-owl3 (7B) 25.05% 30.93% 34.74% | 21.50% 17.50%  40.00% | 24.13% | 37.05%  41.82% 41.18% | 39.50% | 28.88%
Internvl2 (8B) 26.59% 24.29% 24.03% | 18.00% 15.50% 16.00% | 16.93% | 30.22%  32.27% 50.00% | 34.33% | 25.25%
Internvi2 (40B) 41.13% 23.31% 22.19% | 30.75% 26.00%  23.00% | 27.33% | 31.93%  31.55% 32.20% | 31.83% | 30.88%
InternvI2.5 (8B) 21.97% 37.38% 21.10% | 29.75% 14.50%  28.00% | 25.33% | 29.14%  27.73% 30.39% | 28.83% | 28.62%

LLaVA-onevision (7B) | 31.60% 29.98% 27.60% | 25.00% 17.00%  33.33% | 24.53% | 33.45%  40.00% 37.25% | 36.50% | 30.38%
LLaVA-onevision (72B) | 36.03% 30.36% 24.03% | 30.75% 22.50% 33.33% | 29.07% | 30.94%  38.64% 40.20% | 35.33% | 32.00%

Qwen2-vl (7B) 26.59% 23.15% 22.73% | 20.25% 18.50%  24.67% | 20.67% | 26.26%  33.64% 42.16% | 31.67% | 24.58%
Owen2-vl (72B) 33.14% 40.80% 27.27% | 32.50% 26.00% 34.00% | 31.07% | 39.21%  44.55% 42.16% | 41.67% | 35.75%
Qwen2.5-vl (7B) 23.12% 24.29% 30.84% | 16.50% 5.50%  21.33% | 14.53% | 33.09%  41.36% 43.14% | 37.83% | 24.62%
Owen2.5-vl (72B) 26.20% 2429% 24.84% | 19.00% 7.50%  25.33% | 17.20% | 32.53%  43.12% 32.61% | 36.38% | 25.19%
GPT-4o0 (24-11-20) 48.55% 39.47% 33.12% | 48.00% 37.00%  44.67% | 44.40% | 38.85%  45.91% 42.16% | 42.00% | 42.58%

VQA®-Assistant (7B) 76.11% 37.19% 37.99% | 51.25% 60.00%  60.00% | 55.33% | 43.88%  50.45% 45.10% | 46.50% | 54.12%

Chatter (7B) (400K) 81.31% 57.31% 39.03% | 56.75% 85.50% 84.00% | 69.87% | 44.52%  46.33% 56.52% | 47.01% | 65.32%

Table 3: Evaluation results on the OmniVQA-FG-Bench, where “Mach.” denotes “Machine”, “S” denotes “Spatial”, “T” de-
notes “Temporal”, and “ST” denotes “spatiotemporal”.

Categories Quality Rating (SRCC / PLCC) Overall Fine-grain

“Training Strategy | LSVQ(1080p) [ LSVQ(test) | LIVE-VQOC | KoNViD-1k | OmniVQA (test)| Tech. | Aes. | Overall | Machine| Human | Overall
Direct 0.800/0.824 [0.880/0.878 | 0.776 /0.820 | 0.877 /0.883 | 0.819/0.820 | 57.54% | 63.03% | 58.33% | 68.00% | 50.50% | 64.28%
Mix 0.817/0.836 [0.898/0.896 | 0.822/0.860 | 0.887 /0.898 | 0.840/0.838 | 52.54% | 56.32% | 52.78% | 66.47% | 51.17% | 62.58%
Complementary | 0.815/0.838 | 0.902/0.905 | 0.826 / 0.855 | 0.895/0.900 | 0.837/0.837 |58.10% | 60.66% | 58.50% | 69.87% |56.52% | 65.32%

Table 4: Ablation of training strategies. The Overall task is evaluated on the g-bench-video (test). [Per column: best in bold]
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Experimental setups

In all evaluations, we set almost unified system prompts
for all LMM models, and the system prompts are illus-
trated in the supp.. We employ the complementary train-
ing strategy to train the models. All training is performed
with full-parameter-tuning, with only 1 epoch trained on
each dataset. The specific hyper-parameter configurations
and model structures are also presented in the supp..

Evaluation on quality rating tasks

We compare our models with several DNN-based (Sun et al.
2022; Li et al. 2022; Wu et al. 2023a,b; Wen et al. 2024)
and LMM-based (Wu et al. 2024b; Jia et al. 2024) qual-
ity rating models on 6 datasets including the OmniVQA-
MOS-20K (test). Apart from g-align, VQA?-UGC-Scorer,
and our models (using complementary training), all models
are trained on the merged dataset of OmniVQA-MOS-20K
(train) and LSVQ (train) (approximately 43,000 videos).
The evaluation metrics are the Pearson Linear Correlation
Coefficient (PLCC) and Spearman Rank Correlation Coef-
ficient (SRCC). We adopt the quality rating method used
in (Wu et al. 2024b; Jia et al. 2024) during testing, which
is detailed in the supp.. The performance of the models on
all datasets is presented in Tab. 1. The experimental results
show that the rater achieves Top-3 performance across all 6
datasets. This demonstrates its superior performance in qual-
ity rating tasks. Since the chatter model is not a proprietary
model for the rating task, its performance shows a noticeable
decline, but it still indicates acceptable performance.

Evaluation on quality understanding tasks

As the primary task of our work, we conduct detailed video
quality understanding evaluation experiments, which in-
clude both overall and fine-grained tasks. We also include
4 real-world scenario case studies in the supp. to visualize
the functionality of the model.

The overall video quality understanding task is carried
out on the Q-bench-video-test. Since our training process
does not include multi-video comparison analysis, we re-
move questions involving multi-video quality issues. The
evaluation question types include binary questions (Binary),
multi-choice (single-answer) questions (Multi.), and open-
ended questions (Open). The questions cover different qual-
ity concerns, including technical quality (7ech.), aesthetic
quality (Aes.), temporal quality (Temp.), and AIGC video
quality (AIGC). We select some of the latest open-source
LMMs with video analysis capabilities (with varying param-
eter sizes), some proprietary LMMs, and the VQA?-Assistant
for comparison. To ensure a fair comparison, the input for
each model is only related to its structure. For models with-
out a motion extractor, we input the keyframe sequence ob-
tained by sampling 1 frame per second from the video. For
the VQAZ-Assistant and our chatter model, we additionally
input the whole frame sequence of the video (resized to
(224 x 224)) to the motion extractor. The experimental re-
sults are presented in Tab. 2.

The experimental results show that the chatter achieves
the best overall performance on both the test and dev sub-
sets, with outstanding performance in the Tech., Aes., and
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Temp. quality concerns. Although it does not outperform
some of the most advanced LMMs (GPT-40 and Qwen2-vl
(72B)) on some subcategories, the gap is relatively minimal.
This demonstrates that in overall video quality understand-
ing tasks, scaling up synthetic MIDBs with human-in-the-
loop can yield superior SFT performance.

For the fine-grained video quality understanding task,
we conduct experiments between the chatter and the
comparison models on the OmniVQA-FG-Bench. Tab. 3
records the performance of each LMM on different subcat-
egories of questions in this benchmark. Models specially
trained on VQA tasks (VQA?-Assistant (7B) and chatter)
achieve significantly superior performance compared to gen-
eral LMMs. Additionally, our chatter outperforms VQA?-
Assistant by a significant margin on machine annotation
tasks and also achieves better performance on human anno-
tation tasks. This demonstrates the importance of the abun-
dant in-context data in the MIDB for improving the model’s
performance in spatiotemporal quality understanding tasks.

Discussions

Data scaling effects verification. Additionally, we val-
idate the data-scaling effect by selecting subsets of data
(ranging from 100k to 400k, with each subset having an
equal distribution across 3 branches) from OmniVQA-Chat-
400K for ablation. The performance on Q-bench-video-test
and Omni-VQA-FG-Bench are shown in supp.. It is evident
that the data-scaling effect appears in the 100k-400k range
but gradually becomes marginal under 7B parameter size.
Mixed training with human-annotated data further improves
the performance on the Q-bench-video (test).

Effects of complementary training. We compare 2 other
training strategies: the Direct strategy, where the model is
trained directly on the corresponding dataset for each task,
and the Mix strategy, in which the 2 datasets are randomly
mixed to train one unified model. The experimental results
are presented in Tab. 4. The results show that our Com-
plementary strategy outperforms the Direct strategy on all
tasks. While the Mix strategy shows no significant differ-
ence from the Complementary strategy in the quality rating
task, it exhibits a clear performance gap in the quality un-
derstanding tasks. The results showcase the rationale of the
complementary training strategy.

Conclusion

We introduce OmniVQA-Chat-400K, the most compre-
hensive MIDB in the field of perceptual VQA, along with
OmniVQA-MOS-20K, a large-scale, human-annotated
dataset for video quality rating. By leveraging task-oriented,
complementary training strategy on these datasets, our
chatter and rater models exhibit superior performances in
video quality understanding and rating tasks, respectively.
Our work presents compelling insights into the feasibility
of substituting the human vision with machine vision for
automated visual quality assessment.
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