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Figure 1. We present the fine-grained video quality assessment database and model, termed FineVD and FineVQ, respectively. UGC videos
have diverse video content but suffer from various degradation issues as shown in (a) and (b), thus it is important to provide fine-grained
quality labels for subsequent video processing and recommendation tasks in addition to only providing an overall quality score. To tackle
the challenges, we construct FineVD, which includes fine-grained quality annotations for the UGC videos as shown in (c), and propose
FineVQ, which has capabilities of quality rating, quality scoring, and quality attribution, as demonstrated in (d).

Abstract

The rapid growth of user-generated content (UGC) videos
has produced an urgent need for effective video quality as-
sessment (VQA) algorithms to monitor video quality and
guide optimization and recommendation procedures. How-
ever, current VQA models generally only give an overall
rating for a UGC video, which lacks fine-grained labels
for serving video processing and recommendation appli-
cations. To address the challenges and promote the de-
velopment of UGC videos, we establish the first large-
scale Fine-grained Video quality assessment Database,
termed FineVD, which comprises 6104 UGC videos with
fine-grained quality scores and descriptions across multi-
ple dimensions. Based on this database, we propose a
Fine-grained Video Quality assessment (FineVQ) model
to learn the fine-grained quality of UGC videos, with the
capabilities of quality rating, quality scoring, and qual-
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ity attribution. Extensive experimental results demon-
strate that our proposed FineVQ can produce fine-grained
video-quality results and achieve state-of-the-art perfor-
mance on FineVD and other commonly used UGC-VQA
datasets. Both FineVD and FineVQ are publicly available
at: https://github.com/IntMeGroup/FineVQ.

1. Introduction

Recent years have witnessed an explosion of user-generated
content (UGC) videos [37, 76], thanks to the evolution of
video processing technologies, and the popularity of so-
cial media platforms [53, 72]. UGC videos cover diverse
video capturing and processing conditions [35], thus com-
monly suffering from various degradations such as noise,
blur, shaking, etc., which makes the visual quality of UGC
videos vary greatly. Understanding and predicting the qual-
ity of UGC videos has long been an important but unsolved
problem, which can be applied to capture devices and social
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media sites to monitor video quality and guide optimiza-
tion and recommendation procedures [72]. However, differ-
ent applications generally require quality labels considered
from different dimensions, making a single overall quality
rating insufficient for diverse downstream tasks [12, 13].

Many UGC video quality assessment (VQA) databases
have been established [18, 53, 57, 63, 72] and numerous
UGC VQA methods [2, 29, 49, 61, 62, 73, 78] have been
proposed in the literature. Some UGC VQA databases have
focused on the in-the-wild distortions [18, 57, 72], while
several databases have considered the compression distor-
tions in UGC videos [28, 58, 76, 79]. Recently, some
works have also established quality assessment databases
for short-form UGC (S-UGC) videos [35], which con-
tain various special creation or generation modes such as
special effects, numerous subtitles, etc. These existing
databases generally only provide an overall mean quality
score for a UGC video, which lacks fine-grained quality la-
bels evaluated from multiple dimensions to facilitate sub-
sequent diverse applications. Some studies have also pro-
vided fine-grained labels or descriptions for UGC videos
[62–64, 74, 75]. However, the description of low-level at-
tributes is coarse-grained, and in some applications, we may
still need to use specific fine-grained quality scores.

To address the fine-grained VQA problems, we establish
the first large-scale Fine-grained video quality assessment
Database termed FineVD. Specifically, 6104 UGC videos
are collected to cover a wide range of UGC scenarios, in-
cluding on-demand and live-streaming applications, gen-
eral and short-form video content, etc., as shown in Figure
1(a). Based on the collected UGC videos, a professional
team consisting of image-processing researchers is respon-
sible for the quality labeling from six dimensions, including
color, noise, artifact, blur, temporal, and overall, in a lab
environment. As shown in Figure 1(c), FineVD includes
36624 mean opinion scores (MOSs) produced from over
800K quality ratings, fine-grained degradation type labels,
and quality description annotations, constituting a compre-
hensive quality assessment database for UGC videos.

Based on the FineVD benchmark, we further introduce
the first Fine-grained Video Quality evaluator (FineVQ) to
perform multi-dimensional fine-grained video quality as-
sessment in a one-for-all manner. To achieve the com-
prehensive capabilities of quality rating, quality scoring,
and quality depicting from multiple dimensions, FineVQ is
built upon large multimodal models (LMMs) [6, 26, 71] and
leverages instruction tuning [32] and low-rank adaptation
(LoRA) [19] techniques. Specifically, our FineVQ adopts
the vision encoder used in InternVL [6], i.e., InternViT, as
the spatial visual backbone, along with a motion feature ex-
traction encoder [14] as the temporal visual backbone. A
large language model, i.e., InternLM [51], is used as the
language backbone to facilitate the quality-related score re-

gression and text generation. Moreover, to extract quality-
related features and refine quality-specific attributes, we im-
pose LoRA weights on both the spatial visual backbone
and the large language backbone. Additionally, we also
employ instruction tuning by inputting various question-
answering pairs and training the feature projectors to enable
task-specific quality awareness. Extensive experimental re-
sults demonstrate the fine-grained quality rating, scoring,
depicting abilities, and the state-of-the-art performance of
FineVQ. The main highlights of this work include:
• We construct the FineVD, the first large-scale UGC-VQA

database that contains 6104 videos with corresponding
over 800K subjective quality ratings and descriptions, an-
notated from multiple dimensions.

• We propose the FineVQ, which leverages the powerful
visual representation, understanding, and description ca-
pabilities to perform quality rating, quality scoring, and
quality depicting tasks.

• The instruction tuning and LoRA techniques are em-
ployed to enable the task-specific quality awareness in
FineVQ.

• The extensive experimental results on FineVD and other
commonly-used UGC VQA databases manifest the fine-
grained VQA capabilities and state-of-the-art perfor-
mance of the proposed FineVQ model.

2. Related Work

UGC-VQA Databases. Many VQA databases have been
established in the literature to study the human percep-
tual quality characteristics of videos. The early databases
typically focus only on synthetic distortions, using lim-
ited source videos and manually introduced degradation
types [10, 41, 42, 47, 55]. In recent years, with the pop-
ularity of UGC, many UGC VQA databases have also
been established considering authentic distortions in real-
world or real applications. Some UGC VQA databases
[16, 18, 42, 48, 57, 72] have been proposed focusing on
authentic distortions, i.e., in-capture or in-the-wild degra-
dations. Several databases [17, 28, 58, 76, 79] have been
presented considering both synthetic and authentic distor-
tions. Moreover, considering the UGC videos in the afore-
mentioned databases are sourced from general media plat-
forms (e.g., Youtube), a recent database, KVQ [35], also
contributes a UGC VQA database specifically focused on
short-form videos. In contrast, our FineVD includes both
on-demand and live-streaming videos, as well as general
UGC and short-form UGC formats. And fine-grained la-
bels in FineVD can lead to more applications compared to
an overall score.

UGC-VQA Models. With the establishment of numer-
ous UGC VQA databases, a variety of UGC-VQA mod-
els have also been proposed in the literature. Traditional
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Considering <color>, how would you rate the quality level of this video? Considering <color> dimension, the quality of this video is good.

Considering <color>, please give the quality score of this video. Considering <color> dimension, the quality score of this video is 3.61.

Please describe the quality of this video in detail. The overall quality of this video is fair, which is mainly affected by 
the blur distortion, especially the defocus blur.Interactive & meetingFilm & television Radio video Outdoor

(a) (b)

(c)

Figure 2. An overview of the content and construction process of FineVD. (a) Example videos from our database, which contains both
common UGC videos and short-form UGC videos. (b) The illustration of subjective data annotation methods, including both quality
scoring and quality attribute labeling processes. (c) The quality-related question-answering pairs generated by GPT-4 and revised by
human annotators.

methods [21, 22, 40, 44, 80] generally extract and regress
handcrafted features to predict the video quality, which lack
adaptability to complex UGC scenarios. With the devel-
opment of deep learning, many deep neural network-based
(DNN-based) VQA models have been presented and have
achieved superior performance. A large number of VQA
methods [2, 15, 24, 29, 49, 60–62, 73, 78] employ pre-
trained DNN models to extract semantic features, and train
quality regressors to predict quality scores. Some studies
[3, 4, 33, 38, 67] have also explored using self-supervised
learning strategies to train VQA models. However, these
methods lack distortion understanding ability and can only
predict an overall quality score for a UGC video.

Large Multimodal Models. The rapid evolution of large
language models [1, 52, 59] and vision language pre-
training techniques [25, 43] has explored the advancement
of large multimodal models [6, 26, 31, 32, 34, 71, 81],
which has superior multimodal joint understanding and in-
terpretation abilities. Based on LMMs, some works have
also explored the ability of the LMMs on low-level visual
understanding [5, 64–66], which can also effectively pre-
dict and describe the quality levels. However, precise vi-
sual quality assessment, i.e., MOS prediction, is still use-
ful in real applications, and these models lack abilities
to give fine-grained quality levels and scores from multi-
dimensions.

3. The FineVD Database
In this section, we introduce the proposed large-scale fine-
grained video quality assessment database (FineVD). The
database includes 6104 UGC videos, with correspond-
ing 805728 human opinion ratings. Our FineVD exhibits
the advantages of comprehensive UGC content and multi-
dimensional labeling, which can significantly facilitate the
advancement of UGC research.

3.1. Video Collection
The video collection process of FineVD follows two key
principles: (1) covering a wide range of UGC scenar-
ios and diverse distortions as comprehensively as possi-
ble, and (2) reflecting practical online statistics and appli-
cations of popular video platforms. To this end, we first
collect a large-scale video dataset from the popular UGC
video platform Bilibili [20]. Then we manually screen the
collected videos to ensure the diversity of video scenar-
ios and quality attributes. Finally, a total of 6104 UGC
videos are included in our database. As shown in Fig-
ure 1, FineVD contains both on-demand videos and live-
streaming videos, in which the on-demand UGC scenes
consist of knowledge&technology&news, music&dancing,
daily life, animation, fashion&enterainment, animal, sport,
etc., while live-streaming videos include scenes of mobile
games, entertainment, single-player games, online games,
wild, virtual streamer, etc. Figure 2 demonstrates that our
FineVD contains both common UGC scenarios as afore-
mentioned, and short-form UGC contents [35] such as vir-
tual streamer, subtitle, special effect, multi-window interac-
tion, etc., which further manifest the content diversity of the
established database. Moreover, Figure 1(b) also shows that
FineVD covers a variety of degradations.

3.2. In-lab Subjective Study
Different from the crowd-sourced method adopted by some
previous UGC VQA databases, such as LSVQ [72], our
subjective study is carried out in a lab environment. A to-
tal of 22 professional annotators participate in the exper-
iments. The videos are displayed on a DELL UltraSharp
monitor with a resolution of 3840×2160, and the viewers
are seated at a distance of about 2 feet from the monitor.
Before the subjective experiments, we provide clear rating
criteria with numerous examples to train the subjects. As
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(a) Color (b) Noise (c) Artifact (d) Blur (e) Temporal (f) Overall

Figure 3. The MOS distribution of FineVD in terms of different perspectives, i.e., color, noise, artifact, blur, temporal, and overall.

(a) On-demand (b) Live-streaming
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Figure 4. The MOS distribution of “overall score” in terms of dif-
ferent video contents. (a) MOS distribution for on-demand videos.
(b) MOS distribution for live-streaming videos.

shown in Figure 2(b), the subjects are introduced to evalu-
ate the quality of a video from six perspectives, including
noise, artifact, blur, color, temporal, and overall. For the
quality rating task, subjects are asked to give their opin-
ions on the videos in five categories from six perspectives.
In particular, for noise, artifact, and blur distortions, the
five-category levels are introduced as severe, strong, mild,
slight, and undistorted, respectively, while for color, tem-
poral, and overall perspectives, the five-category levels are
explained as bad, poor, fair, good, and excellent, respec-
tively. Besides the quality scores, identifying the distortion
or quality attributes is also important for applications such
as video processing, video recommendation, etc. Thus, we
also collect the quality attribute labels as shown in Figure
2(b). For each distortion category, we provide three com-
monly encountered distortion types and two additional op-
tions “other” and “none”. In particular, for the “other” op-
tion, the subjects can manually enter the quality attributes
using a jump window.

Based on the collected quality scores and attribute labels,
we further prepare language question-answering (QA) pairs
for tuning LMMs [66, 74, 75]. Specifically, we first gen-
erate QA pairs automatically using an excellent large lan-
guage model, i.e., GPT-4 [1], and then we revise the gener-
ated texts manually to avoid ambiguous QA pairs. Finally,
we introduce three tasks including quality-level prediction,
quality score regression, and quality description, respec-
tively, as shown in Figure 2(c). The generated QA pairs
can significantly facilitate the subsequent training for our
FineVQ model.

3.3. Subjective Data Analysis
We follow the suggestions given in [46] to conduct the out-
lier detection and subject rejection. As a result, no subject
is rejected, and each image is rated by 22 valid subjects.
Among all scores, about 3.16% of the total subjective eval-

uations are identified as outliers and are subsequently re-
moved. For the remaining valid subjective ratings, we con-
vert these raw ratings into Z-scores [11] as follows:

zij =
mij − µi

σi
, (1)

where mij is the raw rating given by the i-th subject to the
j-th image, µi is the mean rating given by subject i, σi is
the standard deviation. Then these scores are linearly scaled
to the range [0, 100] and obtain the rescaled z-scores z′ij ,
which are averaged over subjects to obtain the final mean
opinion scores (MOSs):

MOSj =
1

N

N∑
i=1

z′ij , (2)

where N is the total number of subjects.
Based on the MOSs, we further analyze the collected

data. Specifically, we first visualize the MOS distribution
for six evaluation dimensions, respectively, as shown in Fig-
ure 3. It can be observed that all MOS distributions of six di-
mensions cover a wide range. Moreover, although the distri-
butions from different evaluation perspectives are generally
similar, there are distinct differences in the details. To inves-
tigate the MOS distribution differences in terms of different
content and applications, we further visualize the MOS dis-
tribution for 9 on-demand categories and 8 live-streaming
categories in Figure 4, respectively. We can observe that
the MOS distributions of different contents are generally
similar, except for the game content in on-demand videos
and virtual streamer and multi-person interaction categories
for live-streaming videos. This manifests that these video
contents are unusual compared to other UGC videos. Com-
paring Figure 4(a)&(b), we can also observe that the MOS
distributions are significantly different for on-demand and
live-streaming videos. Additionally, the extensive coverage
of all video categories also demonstrates the abundance of
our database.

4. The FineVQ Approach
In this section, we introduce our one-for-all video quality
assessment method, FineVQ, towards giving quality levels,
predicting quality scores, and depicting quality attributes
from multiple perspectives using one model.

4.1. Overall Architecture
The overall framework of FineVQ is depicted in Figure 5,
which takes both UGC videos and user prompts as input,
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Figure 5. An overview of our proposed FineVQ model. Our model consists of three feature encoders, including an image feature extractor
for extracting spatial features from sparse video frames, a motion feature extractor for extracting motion features from the entire video, and
a text encoder for extracting aligned text features from prompts. The extracted features are then aligned through projectors and fed into
a pre-trained LLM to generate the output results. LoRA weights are introduced to the pre-trained image encoder and the large language
model to adapt the models to the quality assessment task.

and outputs quality-related answers according to both ques-
tions and videos. FineVQ begins with extracting visual fea-
tures and text features from UGC videos and user prompts
respectively. For the visual feature extraction part, two vi-
sion backbones are introduced. An image encoder is used
to extract spatial features from selected video frames, and
a motion encoder is applied to extract motion features from
the entire video. Then two projectors PI and PM are used to
project the extracted features into language space and out-
put tokens Ts and Tm. For text feature extraction, a text to-
kenizer is utilized to encode the user prompt into tokens Tp.
The extracted three feature tokens Ts, Tm, and Tp are con-
catenated and input into a pre-trained large language model
to generate the final outputs.

4.2. Model Design

Visual Encoding. The visual encoding part involves two vi-
sual feature extractors, i.e., an image encoder and a motion
encoder. Specifically, for an input UGC video V , we uni-
formly collect 8 frames Vf from the video and then extract
the features from these frame images using the image en-
coder. The image encoder EI is built on a pre-trained vision
transformer (ViT), i.e., InternViT [6], which is pre-trained
on the LAION-en dataset [45] using text-image contrastive
learning. To align the extracted features with the input space
of the large language model, a projector PI with two multi-
layer perceptron (MLP) layers is applied. The process can
be formulated as:

Ts = PI(EI(Vf )), (3)
where Ts is the mapped frame feature tokens. Considering
the sparse frame can not include meticulous temporal fea-

tures, a motion feature extractor EM is also introduced to
extract slow-fast motion features from a video [14]. Sim-
ilarly, a projector PM with two MLP layers is also intro-
duced to ensure the feature dimension consistency and se-
mantic feature alignment between the motion features and
LLM input. The process can be formulated as:

Tm = PM (EM (V )), (4)

where Tm is the mapped moton feature tokens.

Feature Fusion via the LLM. For a given prompt P , it is
first encoded into the text tokens Tp via a text tokenizer.
Then the text tokens Tp are concatenated with the well-
aligned visual tokens Ts and Tm as the input to the LLM. In
particular, InternLM-8B [51] is used as the pre-trained LLM
to combine visual tokens and text tokens to perform multi-
modal learning. Finally, the output features of the LLM
are decoded with a text decoder and then projected to the
prompt-corresponded quality space.

4.3. Instruction Tuning and LoRA Adaptation

Instruction Tuning. It is of great significance to achieve
one-for-all VQA, which is conducive to multi-dimensional
assessment. However, previous VQA models generally
need to train multiple weights for different dimensions re-
spectively. Benefiting from the generalization ability of
LLMs, many recent works have verified the effectiveness
of using the instruction tuning strategy for one-for-all tasks
[31, 32]. As shown in Figure 5, our input prompts contain
various question types from multiple dimensions. For dif-
ferent instructions, FineVQ trains visual feature projectors
to tune the LLM to align textual and visual semantics for
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Table 1. Performance of state-of-the-art models and the proposed FineVQ on our established FineVD database in terms of the quality
scoring task. ♠, ♢, and ♡ denote the traditional IQA methods, traditional VQA methods, and DNN-based VQA metrics, respectively. It
should be noted that the DNN-based models are trained with separate weights for different dimensions, while FineVQ complies with a
one-for-all fashion. The best results are highlighted in red, and the second-best results are highlighted in blue.

Dimension Color Noise Artifact Blur Temporal Overall
Methods / Metrics SRCC↑ KRCC↑ PLCC↑ SRCC↑ KRCC↑ PLCC↑ SRCC↑ KRCC↑ PLCC↑ SRCC↑ KRCC↑ PLCC↑ SRCC↑ KRCC↑ PLCC↑ SRCC↑ KRCC↑ PLCC↑
♠NIQE [39] 0.3273 0.2246 0.2368 0.2682 0.1873 0.1417 0.3006 0.2106 0.1649 0.3236 0.2259 0.1870 0.2777 0.1927 0.1630 0.3192 0.2222 0.2019
♠QAC [69] 0.1160 0.0852 0.0789 0.0072 0.0559 0.0067 0.0549 0.0154 0.0393 0.0862 0.0146 0.0600 0.0410 0.0103 0.0280 0.0739 0.0180 0.0512
♠HOSA [68] 0.3593 0.2449 0.3233 0.2937 0.2440 0.2385 0.3457 0.2419 0.3067 0.3878 0.2719 0.3451 0.2983 0.2078 0.2429 0.3627 0.2525 0.3236
♢TLVQM [22] 0.6346 0.4550 0.6417 0.6357 0.4543 0.5909 0.6608 0.4756 0.6526 0.6639 0.4768 0.6588 0.6816 0.4968 0.6996 0.6537 0.4698 0.6546
♢VIDEVAL [53] 0.6922 0.5034 0.6943 0.6912 0.5033 0.6514 0.7440 0.5500 0.7370 0.7610 0.5649 0.7637 0.7174 0.5305 0.7123 0.7310 0.5373 0.7307
♢RAPIQUE [54] 0.6203 0.4470 0.6330 0.6048 0.4284 0.5607 0.6258 0.4484 0.6276 0.6572 0.4778 0.6717 0.5554 0.3945 0.5429 0.6379 0.4597 0.6501
♡VSFA [24] 0.7617 0.5673 0.7837 0.7635 0.5707 0.7278 0.8006 0.6081 0.8170 0.7772 0.5858 0.8001 0.7276 0.5355 0.7018 0.7730 0.5825 0.7929
♡GSTVQA [2] 0.7747 0.5831 0.7761 0.7883 0.5974 0.7448 0.8121 0.6200 0.8187 0.8101 0.6185 0.8202 0.7533 0.5593 0.7093 0.7834 0.5906 0.7825
♡SimpleVQA [49] 0.8086 0.6097 0.8058 0.8070 0.6133 0.7634 0.8465 0.6550 0.8487 0.8466 0.6558 0.8519 0.7746 0.5744 0.7417 0.8311 0.6401 0.8358
♡FAST-VQA [60] 0.8017 0.6078 0.8183 0.8093 0.6209 0.7758 0.8176 0.6295 0.8328 0.8352 0.6500 0.8513 0.7560 0.5609 0.7393 0.8348 0.6476 0.8474
♡DOVER [62] 0.8244 0.6311 0.8311 0.8018 0.6055 0.7424 0.8265 0.6338 0.8289 0.8404 0.6504 0.8355 0.7664 0.5700 0.7569 0.8422 0.6517 0.8393
FineVQ (Ours) 0.8495 0.6665 0.8527 0.8444 0.6613 0.7986 0.8852 0.7111 0.8921 0.8711 0.6957 0.8833 0.8085 0.6171 0.7597 0.8834 0.7118 0.8891

Table 2. Performance of state-of-the-art LMMs and the proposed
FineVQ on our established FineVD database in terms of the qual-
ity attribute prediction task. The “yes-or-no” type represents the
judgment on whether the corresponding dimension is degraded.
The “which” type indicates which distortion exists or has the most
impact on the quality of the video.

Question Type Yes-or-no Which
Model / Attribute Color Noise Artifact Blur Temporal Exist Most
VideoLLaMA2 (7B) [7] 57.87% 63.98% 51.87% 61.91% 86.42% 25.59% 28.44%
Video-LLaVA (7B) [30] 26.48% 27.26% 43.90% 64.67% 13.09% 16.73% 36.71%
VideoChat2 (7B) [27] 18.25% 18.80% 24.26% 31.15% 15.19% 10.93% 13.99%
Video-ChatGPT (7B) [36] 28.35% 27.66% 44.49% 62.89% 18.60% 20.37% 24.11%
InternVL2 (8B) [6] 58.46% 63.58% 50.69% 54.33% 70.28% 28.25% 43.21%
MiniCPM-V (8B) [70] 70.47% 65.85% 52.66% 46.26% 71.95% 25.98% 30.81%
Qwen2-VL (7B) [56] 71.16% 44.78% 42.91% 41.14% 54.33% 23.33% 27.85%
LLaVA-NeXT (7B) [23] 26.87% 27.26% 43.90% 64.76% 13.09% 17.81% 37.89%
FineVQ (Ours) 73.52% 72.74% 51.87% 64.76% 86.91% 91.93% 65.06%

joint reasoning. As a result, FineVQ can evaluate the video
quality from multiple dimensions using one model weight.

LoRA Adaptation. Fine-tuning LLMs is generally re-
source consuming but can lead to better performance. To
further improve the performance of FineVQ, we adopt the
LoRA technique [19] to fine-tune the model. Specifically,
we employ LoRA to the image encoder EI and the LLM.
LoRA models the changes ∆W ∈ Rn×m for each layer’s
weights W ∈ Rn×m as ∆W = AB, where A ∈ Rn×r

and B ∈ Rr×m. The rank is constrained by r ≪ {n,m}
to achieve parameter efficiency. Given the original output
h = Wx, the forward pass of LoRA is:

h = Wx +∆Wx = (W + AB)x. (5)

With the LoRA, FineVQ can effectively adapt to the fine-
grained VQA task.

5. Experimental Evaluation
5.1. Implementation Details
For the image encoder, we use a pre-trained InternViT [6] as
the backbone and uniformly extract 8 frames from the video
as the input. The frame images are resized to 448×448 and
then input. For the motion extractor, we use the slow-fast
[14] as the backbone and input the entire video frames. The
video frames are also resized to 448×448 as the input. The

LLM used in FineVQ is InternLM-8B [51], and the input to-
ken channel dimension is 4096. The image encoder, motion
encoder, and LLM are all frozen during training. The rank
parameter of LoRA [19] in FineVQ is set to 16. The model
is trained on 4 NVIDIA RTX A6000 GPUs and flash-attn
[8, 9] is used to save the GPU memory. We use AdamW
Optimizer to train the network for 10 epochs with a batch
size of 8. The initial learning rate is 2e−4 and gradually
reduces to 1e−6 with cosine annealing.

5.2. Evaluation on the FineVD

Experimental Settings. We first follow the previous VQA
research settings [35, 72] and split the UGC videos into
training, validation, and test sets with a ratio of 4:1:1. A
total of 11 state-of-the-art VQA models are selected as
benchmark methods in our FineVD, which can be cat-
egories into three groups: (1) traditional image quality
assessment (IQA) methods, including NIQE [39], QAC
[69], HOSA [68]; (2) traditional video quality assessment
(VQA) methods, including TLVQM [22], VIDEVAL [53],
RAPIQUE [54]; (3) DNN-based VQA methods, includ-
ing VSFA [24], GSTVQA [2], SimpleVQA [49], FAST-
VQA [60], DOVER [62]. The DNN-based VQA models are
trained using their official codes with the default settings.
We train these models separately for different dimensions
in FineVD. Three evaluation metrics, including Spearman
rank-order correlation coefficient (SRCC), Kendall rank-
order correlation coefficient (KRCC), and Pearson linear
correlation coefficient (PLCC), are adopted to measure the
performance of VQA models.

For the quality attribute prediction task, we use the same
dataset split setting as mentioned above. A total of 7 large
multimodal models that accept video as input are selected as
benchmark methods, including VideoLLaMA2 [7], Video-
LLaVA [30], VideoChat2 [27], Video-ChatGPT [36], In-
ternVL2 [6], MiniCPM-V [70], Qwen2-VL [56], LLaVA-
NeXT [23]. We set two types of questions including
“yes-or-no” and “which” to test the ability of LMMs and
our FineVQ on quality-related low-level vision tasks [64].
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Table 3. Performance comparison between state-of-the-art VQA methods and the proposed FineVQ on six UGC VQA databases. The
“N/A” means missing results in the original paper. The best results and the second-best results are highlighted in red and blue, respectively.

Method
LIVE-YT-Gaming [77] KoNViD-1k [18] YouTube-UGC [57] LIVE-VQC [48] LSVQtest [72] LSVQ1080p [72]
SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑

VIQE [80] N/A N/A 0.628 0.638 0.513 0.476 0.659 0.694 N/A N/A N/A N/A
TLVQM [22] 0.748 0.756 0.773 0.768 0.669 0.659 0.798 0.802 0.772 0.774 0.589 0.616
RAPIQUE [54] 0.771 0.815 0.803 0.817 0.759 0.768 0.754 0.786 N/A N/A N/A N/A
VIDEVAL [53] 0.807 0.812 0.773 0.768 0.669 0.659 0.752 0.751 0.795 0.783 0.545 0.554
VSFA [24] 0.776 0.801 0.773 0.775 0.724 0.743 0.773 0.795 0.801 0.796 0.675 0.704
GSTVQA [2] N/A N/A 0.814 0.825 N/A N/A 0.788 0.796 N/A N/A N/A N/A
PVQ [72] N/A N/A 0.791 0.786 N/A N/A 0.827 0.837 0.827 0.828 0.711 0.739
SimpleVQA [49] 0.861 0.866 0.856 0.860 0.847 0.856 N/A N/A 0.867 0.861 0.764 0.803
FastVQA [60] 0.869 0.880 0.891 0.892 0.855 0.852 0.849 0.862 0.876 0.877 0.779 0.814
Dover [62] 0.852 0.868 0.908 0.910 0.841 0.851 0.844 0.875 0.877 0.878 0.778 0.812
MinimalisticVQA [50] 0.857 0.888 0.889 0.890 0.890 0.891 0.842 0.854 0.881 0.879 0.781 0.820
KSVQE [35] N/A N/A 0.922 0.921 0.900 0.912 0.861 0.883 0.886 0.888 0.790 0.823
FineVQ (Ours) 0.912 0.926 0.915 0.910 0.910 0.914 0.895 0.895 0.900 0.900 0.828 0.857

Table 4. The cross-dataset evaluation results. The models are
trained on other datasets and tested on our FineVD.

Train on: KoNViD-1k [18] YouTtbe-UGC [57] LIVE-VQC [48]

Test on: FineVD SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑
SimpleVQA [49] 0.5947 0.6330 0.6050 0.6265 0.4631 0.4753
FastVQA [60] 0.5155 0.5155 0.5990 0.6454 0.5730 0.5883
FineVQ (Ours) 0.6475 0.7020 0.6261 0.6520 0.6125 0.6550

Specifically, for “yes-or-no” questions, we query the LMMs
with the prompts of “Is these any <dimension> distortion
in this video?”, while for “which” questions, we infer the
LMMs with the prompts of “Which distortion exists in this
video?” and “Which distortion has the most impact on the
quality of this video?” We adopt prediction accuracy as
the metric for evaluating the performance of the quality at-
tribute prediction task.

Results on The Quality Scoring Task. We first evaluate
the performance of our FineVQ and state-of-the-art VQA
models on the established FineVD dataset, as shown in Ta-
ble 1. We first observe that the traditional IQA models typ-
ically perform poorly on FineVD, especially for the tem-
poral dimension. Traditional VQA models can generate
meaningful quality scores, but are still far from satisfac-
tory. DNN-based models generally achieve better results
than traditional VQA and IQA methods, and our FineVQ
consistently achieves the best performance in terms of all
dimensions and all metrics. By comparing the performance
of FineVQ across different dimensions, it can be observed
that the proposed model performs relatively worse on the
temporal dimension compared to other dimensions. This in-
dicates that although we have incorporated the motion fea-
tures into FineVQ, the temporal features are still insufficient
and can be further improved.

Results on The Quality Attribute Prediction Task. Ta-
ble 2 shows the results of the state-of-the-art large language
model and the proposed FineVQ on the constructed FineVD
dataset in terms of the quality attribute prediction task. For
“yes-or-no” question, the accuracy of random selection is
50%. It can be observed that the performance of some
LMMs is lower than the random selection, which manifests
that these LMMs have poor quality-related low-level infer-

Table 5. The cross-dataset evaluation results. The models are
trained on our FineVD and tested on other datasets.

Test on: KoNViD-1k [18] YouTtbe-UGC [57] LIVE-VQC [48]

Train on: FineVD SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑
SimpleVQA [49] 0.4818 0.3402 0.7421 0.7231 0.5922 0.6137
FastVQA [60] 0.6793 0.6490 0.5607 0.5651 0.6767 0.6817
FineVQ (Ours) 0.7171 0.7312 0.7797 0.7880 0.7417 0.7620

ence ability. Among the five specific dimensions, almost all
LMMs have similar performance for the “artifact” dimen-
sion, which manifests that this dimension is difficult for all
LMMs. Moreover, different LMMs have different advan-
tages, e.g., Qwen2-VL[56] has good performance on the
color distortion judgment, while having relatively poor abil-
ity to judge the blur distortion; LLaVA-NeXT [23] achieves
the best performance in judging the color distortion, but
its ability to judge the color distortion is relatively poor.
For “which” question, the accuracy of random selection is
25%. Although some LMMs, such as VideoLLaMA2 [7]
and MiniCPM-V [70] have relatively good performance for
“yes-or-no” questions, we observe that almost all LMMs
perform poorly in selecting the distortion type and judg-
ing the most influential distortion. Finally, our FineVQ
achieves the best performance for almost all tasks compared
with state-of-the-art LMMs, which demonstrates the supe-
riority of our model.

5.3. Evaluation on Existing UGC-VQA Databases
We further test the performance of the proposed FineVQ
on other six VQA benchmark datasets, including LIVE-
YT-Gaming [77], KoNViD-1k [18], YouTube-UGC [57],
LIVE-VQC [48], LSVQ test [72], LSVQ 1080p [72]. We
follow the settings used in previous studies to conduct the
experiments [35, 49, 60, 62]. Specifically, for LSVQ [72],
we follow the public training/test split setting to validate
our method, which is trained on the training set of LSVQ
and tested on the LSVQtest and LSVQ1080p test sets. For
the rest databases, we follow the previous principles, which
split the dataset into training and test sets with a ratio of 4:1
and conduct multi-round cross-validation experiments.

Table 3 demonstrates the results of our proposed FineVQ
and other state-of-the-art VQA methods on the six VQA
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Table 6. Ablation study of FineVQ on three datasets, including our FineVD, LIVE VQC [48], and YouTube-UGC [57].

Strategy FineVD LIVE VQC [48] YouTube-UGC [57]

spatial motion LoRAr=8 (vision) LoRAr=8 (llm) LoRAr=16 SRCC PLCC KRCC SRCC PLCC KRCC SRCC PLCC KRCC

✔ 0.8210 0.8434 0.6356 0.7832 0.8206 0.6065 0.8084 0.8175 0.6149
✔ ✔ 0.8264 0.8459 0.6427 0.8061 0.8431 0.6294 0.8349 0.8525 0.6574
✔ ✔ ✔ 0.8345 0.8478 0.6497 0.8207 0.8475 0.6316 0.8442 0.8476 0.6600
✔ ✔ ✔ 0.8365 0.8549 0.6521 0.8224 0.8261 0.6426 0.8640 0.8685 0.6842
✔ ✔ ✔ ✔ 0.8838 0.8874 0.7128 0.8624 0.8661 0.6826 0.8921 0.9039 0.7212
✔ ✔ ✔ ✔ ✔ 0.8887 0.8964 0.7176 0.8951 0.8950 0.7297 0.9107 0.9141 0.7451

Table 7. Running time comparison with other methods.

Model NIQE [39] QAC [69] HOSA [68] TLVQM [22] VIDEVAL [53] RAPIQUE [54] VSFA [24] GSTVQA [2] SimpleVQA [49] FastVQA [60] Dover [62] FineVQ

Time(s)↓ 918.4 369.0 250.0 848.2 1881 152.7 95.05 164.1 71.62 13.12 9.006 18.57
FPS↑ 2.613 6.505 9.600 2.830 1.277 15.72 25.26 14.63 33.52 182.9 266.5 129.3

benchmark datasets. It can be observed that FineVQ
achieves state-of-the-art performance on all six datasets in
terms of both SRCC and PLCC metrics. Specifically, the
proposed FineVQ achieves 3.8% performance improvement
compared to KSVQE [35] on LSVQ1080p, demonstrating the
effectiveness of FineVQ in high-resolution video quality as-
sessment.

5.4. Cross-dataset Evaluation
We also conduct two cross-database evaluations, including
(1) training on other datasets and testing on FineVD, and
(2) training on FineVD and testing on other datasets. The
results are shown in Table 4 and Table 5, respectively.

It can be concluded from the tables that, compared to
the other two state-of-the-art VQA models, our proposed
FineVQ model exhibits superior performance across both
experimental settings, demonstrating the superior general-
ization capability of our model. Furthermore, comparing
the generalization performance in Table 4 and Table 5, we
find that our FineVD database is more challenging, as mod-
els trained on FineVD typically perform better on other
datasets but exhibit poorer results in the reverse setting.
This validates the diversity and broad distribution of our
dataset, which suggests that training on FineVD should re-
sult in models with enhanced generalization ability.

5.5. Ablation Study
We conduct ablation studies to validate the utility of the core
components of FineVQ. The results are shown in Table 6.
The experiments are conducted on three datasets, includ-
ing FineVD, LIVE-VQC [48] and YouTube-UGC [57], with
consistent data partitioning and parameter settings.

Effectiveness of Motion Features. We first conduct abla-
tion studies on the introduced motion feature extractor to
validate the effectiveness of the extracted meticulous tem-
poral features. Comparing the performance in the first two
rows in Table 6, introducing motion features yields a signif-
icant improvement over the baseline for all datasets, which
highlights the importance of integrating motion features

into the proposed model.

Effectiveness of LoRA Adaptation. We then demonstrate
the effectiveness of LoRA adaptation, as shown in rows 3
to 5 in Table 6. It can be observed that employing LoRA to
either the image encoder (LoRAr=8(vision)) or to the LLM
(LoRAr=8(llm)) enhances the performance of the proposed
model. Moreover, combining both adaptations leads to a
substantial improvement in performance.

Rank r in LoRA. Finally, we compare the influence of dif-
ferent rank r on the performance of FineVQ. As shown in
the last two rows in Table 6, using r = 16 generally per-
forms better than using r = 8 on all databases, which not
only further validates the effect of LoRA, but also manifests
the importance of task-specific adaptation.

Runtime. We also compare the runtime and FPS of state-
of-the-art models on 10 2K 240-frame videos with an
A6000 card or matlab and show results in Table 7. FineVQ
achieves comparable results.

6. Conclusion
In this paper, we conduct a large-scale fine-grained UGC
video quality assessment study. Specifically, we first
present FineVD, a large-scale VQA dataset containing 6104
UGC videos with fine-grained quality scores and descrip-
tions from multiple dimensions. Based on the database, we
propose FineVQ to learn the fine-grained quality of UGC
videos in a one-for-all fashion via instruction tuning, which
has excellent capabilities of quality rating, quality scoring,
and quality attribution. Extensive experiments on FineVD
and other commonly used UGC-VQA datasets manifest that
our FineVQ achieves state-of-the-art performance and can
produce fine-grained video quality results.
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pher Ré. Flashattention: Fast and memory-efficient exact
attention with io-awareness. Proceedings of the Advances
in Neural Information Processing Systems (NeurIPS), 35:
16344–16359, 2022. 6

[10] Francesca De Simone, Marco Tagliasacchi, Matteo Naccari,
Stefano Tubaro, and Touradj Ebrahimi. A h. 264/avc video
database for the evaluation of quality metrics. In Proceedings
of the IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP), pages 2430–2433, 2010. 2

[11] Huiyu Duan, Xiongkuo Min, Yucheng Zhu, Guangtao Zhai,
Xiaokang Yang, and Patrick Le Callet. Confusing image
quality assessment: Toward better augmented reality expe-
rience. IEEE Transactions on Image Processing (TIP), 31:
7206–7221, 2022. 4

[12] Huiyu Duan, Wei Shen, Xiongkuo Min, Yuan Tian, Jae-
Hyun Jung, Xiaokang Yang, and Guangtao Zhai. Develop

then rival: A human vision-inspired framework for superim-
posed image decomposition. IEEE Transactions on Multi-
media (TMM), 25:4267–4281, 2022. 2

[13] Huiyu Duan, Xiongkuo Min, Sijing Wu, Wei Shen, and
Guangtao Zhai. Uniprocessor: A text-induced unified low-
level image processor. In Proceedings of the European Con-
ference on Computer Vision (ECCV), 2024. 2

[14] Christoph Feichtenhofer, Haoqi Fan, Jitendra Malik, and
Kaiming He. Slowfast networks for video recognition. In
Proceedings of the IEEE International Conference on Com-
puter Vision (ICCV), pages 6202–6211, 2019. 2, 5, 6

[15] Qihang Ge, Wei Sun, Yu Zhang, Yunhao Li, Zhongpeng Ji,
Fengyu Sun, Shangling Jui, Xiongkuo Min, and Guangtao
Zhai. Lmm-vqa: Advancing video quality assessment with
large multimodal models. arXiv preprint arXiv:2408.14008,
2024. 3

[16] Deepti Ghadiyaram, Janice Pan, Alan C Bovik, Anush Kr-
ishna Moorthy, Prasanjit Panda, and Kai-Chieh Yang. In-
capture mobile video distortions: A study of subjective be-
havior and objective algorithms. IEEE Transactions on Cir-
cuits and Systems for Video Technology (TCSVT), 28(9):
2061–2077, 2017. 2

[17] Wang Haiqiang, Li Gary, Liu Shan, and Kuo C.-C. Jay. Icme
2021 ugc-vqa challenge. http://ugcvqa.com/, 2021.
[Online]. 2

[18] Vlad Hosu, Franz Hahn, Mohsen Jenadeleh, Hanhe Lin, Hui
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