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Abstract

Developing a robust visual quality assessment (VQualA)
large multi-modal model (LMM) requires achieving ver-
satility, powerfulness, and transferability. However, ex-
isting VQualA LMMs typically focus on a single task
and rely on full-parameter fine-tuning, which makes them
prone to overfitting on specific modalities or task types,
thereby limiting their generalization capacity and trans-
ferability. To address this, we propose a vision-encoder-
centered generative pre-training pipeline and develop the
VITAL-Series LMMs. (1) We adopt a machine-executed
annotation–scrutiny paradigm, constructing over 4.5M vi-
sion–language (VL) pairs—the largest VQualA training
dataset to date. (2) We employ a multi-task training work-
flow that simultaneously enhances the model’s quantitative
scoring precision and strengthens its capability for quality
interpretation across both image and video modalities. (3)
Building upon the vision encoder, we realize an efficient
model zoo extension: the model zoo exhibits strong zero-
shot performance, and each paired decoder requires only
a swift warm-up using less than 1/1000 of the pre-training
data to achieve performance comparable to the fully trained
counterpart. Overall, our work lays a cornerstone for ad-
vancing toward the foundation LMM for VQualA. The
project is at https://github.com/jzhws/VITAL-Series.

1. Introduction

With the rapid advancement of large multi-modal models
(LMMs) [1, 5, 12, 26, 60, 70], the field of computer vi-
sion has undergone a transformative evolution. In parallel,
leveraging the visual-language instruction tuning [31] to
facilitate low-level perception-based vision tasks also shows
significant promise [25, 28, 54, 74–76]. A typical subfield
of this is visual quality assessment (VQualA). The devel-
opment of a robust VQualA LMM depends on the versa-
tility—the ability to process commonly encountered visual
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Figure 1. Comprehensive dataset construction underpins the ver-
satility and performance of VQualA LMMs, while an effective
training strategy is also essential for improving transferability
and scalability. Most existing works focus on a single visual
modality or task and depend heavily on human annotation, lim-
iting scalability and versatility. In addition, fine-tuning the LLM
decoder often causes overfitting, reducing transferability. These
limitations serve as our motivation.

signals and to adapt to a range of tasks. Meanwhile, the
model should demonstrate powerfulness, achieving high
performance across multiple scenarios. Furthermore, as dif-
ferent hardware affordances necessitate models with vary-
ing parameter sizes, it is equally important—though fre-
quently overlooked—to ensure transferability: the poten-
tial to efficiently perform structural adaptation.

Training data constitute the foundation that fuels the
development of versatile and powerful VQualA LMMs.
From the functional perspective, the diversity of training
data determines the capability boundary. However, ex-
isting works are typically trained on datasets focused on
a single modality or task, resulting in a restricted capa-
bility. In terms of performance, the development of a
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high-performing VQualA LMM is also contingent upon the
large-scale, high-quality datasets. However, the reliance
on labor-intensive human annotation processes imposes sig-
nificant constraints on data scalability. Consequently, cur-
rent VQualA MIDBs remain limited in scale and diversity,
hindering their applicability. These observations lead to a
critical question: Is it feasible to construct large-scale and
task-comprehensive datasets with satisfactory quality solely
through machine-executed annotation? We believe the an-
swer is affirmative: (1) Recent LMMs demonstrate remark-
ably low-level perception abilities and exhibit reduced bias
to external uncertainties compared to human annotation. (2)
Machine-generated annotations can still exhibit enhanced
robustness when supported by effective formatting strate-
gies and weak-to-strong generalization mechanisms.

Moreover, a well-designed training strategy is also
essential to achieving both powerfulness and transferabil-
ity. Existing LMMs for VQualA, often trained via full-
parameter (with the large language model (LLM) decoder
tuned) supervised fine-tuning (SFT) on a fixed structure,
tend to overfit on specific data or task types, resulting
in poor generalization performance. Through extensive
analysis (detailed in the supplementary materials (Supp.)
Sec. 8.2), we identify the vision encoder as the core com-
ponent of VQualA-centric LMMs. Meanwhile, the pre-
training process [38, 39] has been shown to facilitate
inter-domain and cross-structural transferability. Conse-
quently, we argue that adopting a vision-encoder-centered
pre-training paradigm constitutes a key solution.

The above discussions (summarized in Fig. 1) motivate
our work. We introduce the Vision-Encoder-centered Pre-
training for LMMs in VQualA (VITAL), a vital train-
ing framework built entirely upon machine-annotation. Our
main contributions are in threefold:

• We construct a machine-annotated large-scale pre-
training dataset comprising 4.58M vision-language (VL)
pairs. The dataset covers two major tasks: visual qual-
ity scoring and text generation. We also design detailed
data processing procedures to maximize the reliability of
these machine-generated labels.

• We conduct the vision-encoder-centered generative
pre-training on the tasks. For quality scoring, we employ
the proxy machine opinion distribution (PMOD) pre-
diction strategy to mitigate potential biases introduced
by machine-produced weak labels. For text generation,
we modify the loss function to dynamic focal loss, which
balances the learning rates of simpler and more complex
targets while alleviating structure overfitting. The pre-
training procedure produces the VITAL Vision Encoder.

• This vision encoder facilitates efficient model structural
transfer, enabling the construction of a scalable model
zoo. The model zoo demonstrates strong zero-shot capa-
bilities and, following post-training or efficient few-shot

Table 1. Statistic summary of our pre-training dataset. Note that
the total counts of images and videos include the overlapping con-
tent. Each pairwise-training sample represents a single VL pair.

Modality Subtask Types # Original / Sampled # V-L Pairs

Image
Distribution 5,000,000 / 1,000,000 1,000,000

Pair 5,000,000 / 1,000,000 500,000
Distortion 5,000,000 / 500,000 500,000

Depict 5,000,000 / 400,000 400,000

Video
Distribution 4,000,000 / 845,000 845,000

Pair 4,000,000 / 1,000,000 500,000
Distortion 4,000,000 / 435,144 435,144

Depict 4,000,000 / 400,000 400,000
Overall # Images: 2,900,000 # Videos: 2,680,144 4,580,144

warm-up (with only 4000 samples), achieves superior per-
formance and generalization across diverse VQualA tasks
and datasets, against state-of-the-art (SOTA) baselines.

2. Related Works
Fundamental visual quality assessment can be categorized
into Image Quality Assessment (IQA) [67] and Video Qual-
ity Assessment (VQA) [35]. IQA can be classified by con-
tent type, such as in-the-wild IQA [17], AI-generated con-
tent (AIGC) IQA [27], panoramic IQA [42], among others.
VQA extends IQA by incorporating temporal factors, cov-
ering various types as well, such as user-generated content
(UGC) [49], professionally generated content (PGC) [9, 19,
32, 61], and AI generated videos [8, 71, 73].

Studies have already leveraged LMMs to address spe-
cific VQualA tasks. Q-Align [58] lays the foundation of
the LMM-based quality scoring using the one-hot probabil-
ity estimation strategy. Compare2Score [77] tackles subjec-
tive label scarcity using pairwise preference as supplemen-
tary labels, and DeQA-Score [65] further explores leverag-
ing soft-labeled MOS distribution to boost IQA scoring. Q-
Instruct [57], Aes-Expert [18], and VQA2 [20] pioneer in
training LMMs with quality interpreting capabilities in im-
age technical quality, image aesthetics, and video quality,
respectively. Co-Instruct [59] and DepictQA [63, 64] focus
on image pair quality comparison and joint analysis tasks.
However, as mentioned above, these LMMs are limited to
single modalities or tasks and lack a transferable strategy
for efficiently extending the model zoo.

Diverse VQualA MIDBs have also been constructed for
instruction tuning. These include Q-Align-DB [58] and
VQA2-Stage2 [20], which are reformulated from subjec-
tive labels used for quality scoring. Additionally, fully
human-annotated MIDBs, such as Q-Pathway-200K [57],
AesMMIT [18], and VQA2-Stage3 [20] exemplify human
annotation and revision approaches to dataset construc-
tion. Other datasets, like OmniVQA-Chat-400K [21] and
DepictQA-495K [64], are based on machine-generated an-
notations/scutiny with human-in-the-loop. Nevertheless,
the construction of these MIDBs still relies on manual la-
bor, which prevents rapid data scaling-up. All the above
issues also motivate our development of the VITAL Series.
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Figure 2. Overall workflow of the dataset preparation and the pretraining process of our VITAL Series.

3. The VITAL Series

3.1. Data Preparation

Our dataset is selected from a huge candidate pool contain-
ing 5M images and 4M videos. It consists of two major
task types: visual quality scoring and text generation (with
distortion recognition and quality interpretation subtasks),
comprising 4.58M VL pairs. Statistics are shown in Tab. 1.
The data preparation pipeline is provided in Fig. 2.
Candidate Pool Selection. Considering both the con-
tent diversity and the data scalability, we advocate sourc-
ing data from in-the-wild content. We employ a minimally
constrained selection strategy. Specifically, we retain only
the basic controls—such as video duration (1-20s) and im-
age resolution (no lower than 360× 480 and no higher than
4K)—to ensure compliance with training efficiency. Video
data are randomly sampled from the Panda70M [7], while
image data are crawled from online platforms.
Quality Scoring Task. Earlier quality scoring datasets
typically rely on subjective experiments. Multiple human
experts are required to rate the designated visual signals’
quality under strictly controlled environments and standard-
ized protocols, thereby producing the opinion scores [67].
We propose that machine annotators can substitute the pro-
cedures of human scoring, since the differences in model
design and architecture among various machine annotators
represent distinct perception perspectives, effectively mir-

roring human individuality and diversity. Meanwhile, ag-
gregating multiple machine labels into an opinion distri-
bution provides a more robust representation. This stems
from the fact that the uncertainty of machine annotations is
inherently reflected in the aggregated distribution, and esti-
mating uncertainty can significantly enhance the LMM ro-
bustness [45]. Specifically, we select six no-reference mod-
els that have demonstrated strong performance in objective
VQA and IQA tasks, respectively1. To ensure consistency,
all VQA models are pretrained on the LSVQ (train) [62],
with the IQA ones pretrained on the KonIQ-10K (train)
[17]. The output scores of each model are all mapped to
[0, 1] (with videos and images separated, detailed in Supp.
Sec. 8.5) and discretized into 5 quality levels (high, good,
fair, poor, and low) with an interval of 0.2.
Text Generation Task. This task is designed to enhance
the LMM’s sensitivity to visual quality cues in text genera-
tion. Since human VQualA primarily focuses on visual dis-
tortions, the most perceptually decisive factors, we priori-
tize this aspect in our dataset construction. Specifically, we
select 25 types of spatial distortions (following the method-
ology in KADIS-700K [29]) and four types of video-specific
distortions. For spatial distortions, we define five severity
levels: mild, noticeable, relatively severe, severe, and very

1VQA: Minimalistic-VQA-VII [44], Minimalistic-VQA-IX, FAST-
VQA [55], DOVER [56], Q-Align [58], KVQ [37]. IQA: TOPIQ-NR [6],
TReS [15], LIQE [69], ARNIQA [3], QualiCLIP [2], Q-Align.
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Figure 3. Machine-executed data annotation and quality scrunity for the quality interpreting subtask.

severe. For video distortions, we set three levels: mild, no-
ticeable, and severe. For each image or video in the can-
didate pool that satisfies the selection criteria, we randomly
assign a distortion type and a severity level, which are then
applied uniformly across the entire extent of the sample (de-
tailed in Supp. Sec. 9.3). Each distortion is recorded in text
format as “[severity level]–[distortion type]”, which is then
refined to form the training-ready VL pair.

In addition to distortion recognition, the capacity to de-
liver a textual description of visual quality attributes is
equally essential. We employ a rejection-sampling ap-
proach characterized by “domain-expert annotation with
general LMM judgment” in the machine annotation stage.
Specifically, we utilize the VQA2-Assistant-Enhanced [20]
to generate comprehensive visual quality annotations for
each sample. Subsequently, a proprietary LLM (we use the
GPT-4o-mini) is employed to refine and paraphrase these
annotations. All vague statements (e.g., “the quality of this
image/video is good”) are removed during this process. The
yielded descriptive paragraph is then decomposed into con-
cise, sentence-level statements, each paired with the corre-
sponding visual sample to form a VL pair. For each pair, we
prompt high-performing LMMs (GPT-5-250807, Gemini-
2.5-Flash [34], and Qwen-VL-Max-250813 [4]) to serve as
the “judges” and independently vote on their correctness for
three rounds. If all judges completely agree with the match
of the statement and the visual signal in all rounds, the pair
is passed. Conversely, if any of the judges identifies a sub-
stantial deviation in any round, the corresponding VL pair
is discarded. In cases where a judge reports minor inaccu-
racies or partial inconsistencies between the statement and
the visual content, we adopt its revision suggestions.

Inspired by [52], we find that the annotator itself can also
serve as an effective self-critical judge. Therefore, in the
next step, we adopt a “self-judge” strategy for further data
filtering. All accepted statements in the former procedure
are re-evaluated by the annotator using semantically equiv-
alent but structurally varied prompts. Each statement un-
dergoes three rounds of consecutive binary judgments; only

those receiving consistent positive responses are retained
and included in the dataset, while all others are discarded
(the annotation and scrutiny process is visualized in Fig. 3
and related prompts are all provided in Supp. Sec. 6).

3.2. Generative Pre-training
The vision-to-text generative pre-training paradigm [23,
31] is a commonly adopted LMM pre-training strategy.
Given that full-parameter fine-tuning is computationally ex-
pensive and often leads to overfitting, it diminishes the
model’s transferability. Hence, we center the training pro-
cess on the vision encoder by freezing the LLM compo-
nent and all projectors (the workflow is shown in Fig. 2).
We adopt the architecture in VQA2 [20], wherein the vision
encoder comprises the image encoder and the motion ex-
tractor (SlowFast-R50 [11]). The extracted image and mo-
tion feature tokens are concatenated to form the input visual
token sequence. We utilize InternVL-3-8B-Instruct [78] as
the base model for the image encoder (InternViT-300M-
448px), the vision projector (MLP), and the LLM compo-
nent (Qwen2.5-7B [47]). The specific details of the model
architecture are presented in Supp. Sec. 7. During image-
only input cases, the SlowFast component is deactivated.
Quality Scoring Training. Inspired by and following
DeQA-Score [65], we adopt the PMOD prediction—an ef-
fective way to leverage machine-generated scores as a form
of weak supervision. Specifically, for each visual input V ,
we first compute the mean µ and standard deviation σ of
the corresponding machine opinion list. Using these pa-
rameters, we initialize a Gaussian distribution N

(
µ, σ2

)
to

represent the sample’s PMOD. We then perform linear ad-
justment to adapt the probability mass within the 5 prede-
fined quality intervals (high (0.8-1.0), good (0.6–0.8), fair
(0.4–0.6), poor (0.2–0.4), and low (0–0.2)), ensuring that
the adjusted probabilities pi, i ∈ {0, 1, 2, 3, 4} sum to 1 and
preserve the same mean value. During training, we adopt
the commonly used target template “The quality of this im-
age/video is [level]”. For all tokens preceding the [level]
token (at index ilevel), we apply the cross-entropy (CE) loss
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to supervise text generation. For the [level] token, the
model outputs five logits corresponding to the predefined
quality levels. These logits are converted into the pre-
dicted probabilities ppred

i using the softmax processing. The
Kullback–Leibler (KL) divergence between the predicted
and target PMOD (Lkl =

∑4
i=0 pi log(pi/p

pred
i )) is then em-

ployed. Finally, the loss of the single visual signal input is
designed as the weighted sum of the CE and the KL losses:

LScoring-single = − 1

L

(
γ

ilevel−1∑
ℓ=0

log p(zℓ|Zℓ)− Lkl

)
, (1)

where zℓ represents the ℓ-th target label, Zℓ denotes the
input and target token sequence before zℓ, and L repre-
sents the length of the target token sequence. Emperically,
ilevel = L− 1 and γ is set to 0.01.

In subjective experiments, pairwise preferences are gen-
erally easier to obtain than absolute MOSs and are less sus-
ceptible to criteria and content biases. Analogously, train-
ing on pairwise preference PMOD prediction can improve
the LMM’s generalization capability. Specifically, follow-
ing DeQA-Score [65] and Thurstone Model [48], we treat
each visual input’s PMOD in a pair as independent. Conse-
quently, the preference relationship between a visual signal
pair

(
VI ∼ N

(
µI, σ

2
I
)
, VII ∼ N

(
µII, σ

2
II
))

can be modeled as
the difference between two independent Gaussian variables
N
(
µI − µII, σ

2
I + σ2

II
)
. Consequently the pairwise PMOD of

the VI surpassing VII in visual quality can be modeled as:

ppred(I > II) = Φ

 µpred
I − µpred

II√(
σpred

I

)2
+
(
σpred

II

)2
 , (2)

where Φ (. . . ) represents the standard Gaussian. To stabi-
lize training, we manually set all the σpred as 1. As the model
outputs 5 predicted quality level logits at index ilevel, the dis-
crete pairwise PMOD prediction can be derived from this.

When constructing the label for such preference pairs,
we also account for tie cases in which the two visual signals
exhibit similar quality (we set the ratio of better, worse, and
tie samples to 4 : 4 : 2 when preparing the dataset):

ptrue (I > II) =


1 if µtrue

I − µtrue
II >

√
(σI)

2 + (σII)
2

0 if µtrue
II − µtrue

I >
√

(σI)
2 + (σII)

2

0.5 else (tie cases) .
(3)

Thus, we define the predicted pairwise PMOD as Ppred =

[ppred(I > II), 1−ppred (I > II)] and the label pairwise PMOD
as Ptrue = [ptrue (I > II), 1 − ptrue (I > II)]. Since the pre-
fix preceding the quality token can be easily fitted (with
Eq. (??)), the CE loss is unnecessary during pairwise train-
ing. Therefore, we employ only the KL divergence between
the predicted and label pairwise PMOD as the training loss:

LPMOD-pair = DKL(Ptrue ∥Ppred). (4)

Text Generation Training. The text generation training
consists of two subtasks: distortion identification and visual
quality description. The training corpus comprises state-
ments exhibiting diverse lengths and linguistic complex-
ity. For relatively short and semantically simple descrip-
tions, such as those specifying particular distortion types
and severity, the model tends to converge more readily, re-
flected by a rapid increase in output token probabilities.
In contrast, longer and semantically richer statements pose
greater representational challenges, causing the model to
exhibit slower or less pronounced probability gains across
target tokens. Under such conditions, the model tends to
overfit toward shorter and simpler output forms. To han-
dle this issue, we adopt the focal loss [30] that dynamically
adjusts the learning rate for each output token based on its
instantaneous target token output probability. This effec-
tively mitigates the imbalance between simple and complex
VL pairs by emphasizing tokens that are harder to predict
and down-weighting those that are already well fitted:

LInterp = − 1

L

(
L−1∑
ℓ=0

α(1− p(zℓ|Zℓ))
β log p(zℓ|Zℓ)

)
, (5)

where α = 1 and β = 2.
Pre-training Details. All the training data is randomly
mixed. We set the EPOCH-NUM to 1 and BATCH-SIZE-PER-
DEVICE to 2. The training requires approximately 1920

GPU hours using 8-GPU H200. After training, we refer
to the full LMM—comprising the VITAL Vision Encoder
and the other frozen part (the homogeneous decoder)—as
VITAL-Base-8B. Moreover, to mitigate potential biases in
model outputs induced by identical textual guidance, we
employ the prompt disentanglement strategy. Specifically,
we rely exclusively on the vision token sequence as the in-
put tokens, excluding any textual guides. This setting en-
ables the LMM to directly evoke visual quality understand-
ing through the vision tokens themselves, avoiding overfit-
ting to frequently encountered textual prefixes.

3.3. Efficient Model Zoo Extension
General LMMs typically undergo extensive pre-training,
during which they acquire and share rich VL priors. This
representational foundation provides the practical basis for
efficient model zoo extension (in Fig. 2). Here, we utilize
the VITAL Visual Encoder as the base socket and integrate it
with diverse decoders to construct a model zoo encompass-
ing variations in functionality and structure.

For the VITAL-Base-8B with the homogeneous decoder,
we further enhance it via post-training to improve its com-
prehensiveness in visual quality interpreting. To this end,
we aggregate a collection of publicly available MIDBs (in-
cluding Q-Pathway-200K, AesMMIT-400K, VQA2-Stage3-
DB-115K, and OmniVQA-Chat-400K with a total of 1120K
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Table 2. Performance on the video quality scoring task. Datasets marked in italics denote OOD datasets. Mini-VQA refers to Minimalistic-
VQA. DNN-Based models and In-domain LMMs are trained on human-labeled LSVQ (train). General LMMs are used as the reference
models of our VITAL-Series with zero-shot inference. [Per column: highest in red, second in blue, third in boldface.]
Datasets LSVQ(1080p) LSVQ(test) LIVE-VQC KoNViD-1K YT-UGC YT-Gaming CGVDS KVQ

AVG.↑# of videos 3,573 7,182 585 1,200 1,098 600 357 2,926
Models SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑
DNN-Based
FAST-VQA (TPAMI 2023) [55] 0.765 0.793 0.880 0.871 0.830 0.822 0.869 0.870 0.725 0.742 0.631 0.677 0.725 0.747 0.518 0.526 0.749
MINI-VQA-VII (TPAMI 2024) [44] 0.740 0.784 0.861 0.859 0.757 0.813 0.843 0.841 0.775 0.779 0.596 0.682 0.681 0.733 0.604 0.659 0.750
DOVER (ICCV 2023) [56] 0.797 0.821 0.893 0.892 0.835 0.857 0.885 0.879 0.801 0.814 0.647 0.728 0.694 0.747 0.559 0.593 0.778
KVQ (CVPR 2025) [37] 0.814 0.846 0.896 0.897 0.820 0.843 0.890 0.892 0.829 0.818 0.625 0.632 0.754 0.792 0.559 0.576 0.780
In-domain LMMs
Q-ALIGN (ICML 2024) [58] 0.797 0.830 0.883 0.882 0.773 0.829 0.865 0.877 0.831 0.847 0.611 0.681 0.756 0.798 0.555 0.606 0.776
VQA-UGC-SCORER (MM 2025) [20] 0.794 0.821 0.878 0.872 0.785 0.830 0.881 0.880 0.811 0.823 0.613 0.698 0.656 0.741 0.678 0.689 0.778
INTERNVL3-SFT-8B-LSVQ [78] 0.749 0.777 0.849 0.839 0.743 0.790 0.846 0.843 0.798 0.800 0.632 0.693 0.801 0.808 0.560 0.592 0.758
General LMMs (reference)
INTERNVL3-INSTRUCT-1B 0.437 0.477 0.352 0.382 0.422 0.476 0.516 0.538 0.480 0.511 0.276 0.282 0.338 0.388 0.285 0.312 0.405
INTERNVL3-INSTRUCT-2B 0.468 0.492 0.463 0.468 0.418 0.434 0.575 0.563 0.510 0.495 0.301 0.291 0.114 0.149 0.287 0.297 0.395
INTERNVL3-INSTRUCT-8B 0.523 0.453 0.571 0.485 0.411 0.363 0.512 0.453 0.595 0.520 0.293 0.294 0.263 0.145 0.278 0.257 0.401
INTERNVL3-INSTRUCT-14B 0.499 0.562 0.602 0.582 0.374 0.413 0.580 0.587 0.596 0.601 0.241 0.268 0.293 0.361 0.365 0.335 0.454
VITAL-Series
VITAL-BASE-8B 0.786 0.815 0.883 0.879 0.800 0.843 0.878 0.881 0.854 0.856 0.710 0.764 0.830 0.854 0.721 0.766 0.820
VITAL-ZERO-1B 0.655 0.636 0.715 0.709 0.665 0.670 0.672 0.680 0.643 0.637 0.481 0.503 0.679 0.674 0.428 0.330 0.611
VITAL-ZERO-2B 0.660 0.686 0.765 0.750 0.688 0.713 0.783 0.747 0.676 0.655 0.582 0.615 0.759 0.693 0.562 0.595 0.683
VITAL-ZERO-14B 0.663 0.689 0.802 0.732 0.719 0.729 0.782 0.717 0.790 0.732 0.567 0.604 0.766 0.761 0.553 0.505 0.694
VITAL–WARM-UP-1B 0.786 0.819 0.869 0.866 0.771 0.812 0.873 0.875 0.846 0.848 0.705 0.754 0.808 0.824 0.730 0.743 0.808
VITAL-WARM-UP-2B 0.787 0.817 0.869 0.866 0.768 0.816 0.874 0.878 0.843 0.844 0.700 0.750 0.807 0.819 0.654 0.669 0.798
VITAL-WARM-UP-14B 0.787 0.806 0.870 0.865 0.773 0.819 0.875 0.877 0.843 0.841 0.688 0.722 0.804 0.815 0.740 0.765 0.795

Table 3. Performance on the image quality scoring task. Datasets marked in italics denote OOD datasets. DNN-Based models and In-
domain LMMs are trained on human-labeled KonIQ (train).

Datasets KonIQ SPAQ LIVE-C AGIQA KADID TID CSIQ
AVG.↑# of images 2,010 2,224 1,169 2,982 2,000 3,000 866

Models SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑ SRCC↑ PLCC↑
DNN-Based
NIMA (TIP 2018) [46] 0.859 0.896 0.856 0.838 0.771 0.814 0.654 0.715 0.535 0.532 0.381 0.426 0.604 0.607 0.678
DBCNN (TCSVT 2020) [68] 0.875 0.884 0.806 0.812 0.755 0.773 0.641 0.730 0.484 0.497 0.385 0.514 0.572 0.573 0.664
HYPERIQA (CVPR 2020) [41] 0.906 0.917 0.788 0.791 0.749 0.772 0.640 0.702 0.468 0.506 0.632 0.701 0.719 0.759 0.718
MUSIQ (ICCV 2021) [22] 0.929 0.924 0.863 0.868 0.830 0.789 0.630 0.722 0.556 0.575 0.629 0.704 0.721 0.754 0.750
TRES (WACV 2022) [15] 0.916 0.926 0.860 0.861 0.771 0.805 0.623 0.716 0.468 0.492 0.393 0.508 0.572 0.573 0.677
CLIP-IQA+ (AAAI 2023) [50] 0.895 0.909 0.864 0.866 0.805 0.832 0.685 0.736 0.654 0.653 0.575 0.681 0.710 0.770 0.760
LIQE (CVPR 2023) [69] 0.928 0.912 0.833 0.846 0.870 0.830 0.708 0.772 0.662 0.667 0.658 0.703 0.808 0.782 0.784
TOPIQ (TIP 2024) [6] 0.930 0.944 0.870 0.874 0.811 0.826 0.720 0.796 0.511 0.546 0.445 0.562 0.748 0.767 0.739
In-domain LMMs
Q-ALIGN [58] 0.940 0.941 0.887 0.886 0.860 0.853 0.735 0.772 0.684 0.674 0.568 0.671 0.737 0.785 0.785
DEQA-SCORE (CVPR 2025) [65] 0.941 0.953 0.896 0.895 0.879 0.892 0.729 0.809 0.687 0.694 0.607 0.673 0.744 0.787 0.799
INTERNVL3-SFT-8B-KonIQ [78] 0.913 0.914 0.863 0.870 0.817 0.822 0.678 0.773 0.521 0.553 0.459 0.565 0.762 0.790 0.736
General LMMs (Reference)
INTERNVL3-INSTRUCT-1B 0.630 0.672 0.750 0.757 0.625 0.648 0.566 0.602 0.410 0.404 0.417 0.434 0.452 0.511 0.563
INTERNVL3-INSTRUCT-2B 0.698 0.671 0.605 0.603 0.667 0.637 0.683 0.686 0.490 0.500 0.524 0.483 0.596 0.573 0.601
INTERNVL3-INSTRUCT-8B 0.766 0.769 0.623 0.698 0.705 0.654 0.686 0.791 0.579 0.573 0.536 0.491 0.650 0.596 0.658
INTERNVL3-INSTRUCT-14B 0.737 0.701 0.560 0.652 0.618 0.586 0.655 0.674 0.536 0.541 0.478 0.498 0.509 0.496 0.589
VITAL-Series
VITAL-BASE-8B 0.931 0.931 0.884 0.886 0.851 0.866 0.736 0.811 0.759 0.708 0.680 0.707 0.823 0.851 0.816
VITAL-ZERO-1B 0.819 0.744 0.765 0.762 0.649 0.610 0.647 0.665 0.614 0.636 0.663 0.650 0.650 0.653 0.681
VITAL-ZERO-2B 0.897 0.855 0.862 0.856 0.810 0.783 0.725 0.738 0.625 0.630 0.662 0.648 0.764 0.781 0.760
VITAL-ZERO-14B 0.876 0.878 0.868 0.841 0.800 0.765 0.709 0.721 0.706 0.665 0.610 0.652 0.774 0.765 0.759
VITAL–WARM-UP-1B 0.918 0.917 0.871 0.877 0.851 0.859 0.716 0.783 0.674 0.659 0.674 0.667 0.787 0.793 0.789
VITAL-WARM-UP-2B 0.919 0.916 0.873 0.878 0.852 0.859 0.719 0.781 0.674 0.646 0.652 0.663 0.782 0.792 0.786
VITAL-WARM-UP-14B 0.918 0.917 0.870 0.875 0.853 0.857 0.720 0.784 0.670 0.645 0.676 0.691 0.786 0.796 0.791

instruction VL pairs) and apply full-parameter SFT using
the focal loss, yielding the VITAL-Assistant-8B.

For heterogeneous decoders (here we choose the LLM
in InternVL-1B, InternVL-2B, and InternVL-14B with their
corresponding projectors) that are not used during pre-
training, we propose two transfer strategies. (1) The pre-
trained VITAL Visual Encoder is directly combined with the
target decoder, producing the VITAL-Zero series. (2) After
transferring the decoder, we sample 4000 instances from the
pre-training data (preserving the original task distribution)
and perform efficient decoder-only warm-up training, re-
sulting in the VITAL-Warm-up series.

Extensive experiments justify that all models deliver sat-
isfactory performance on their respective VQualA tasks, un-
derscoring the strong transferability.

4. Experiments

To evaluate the performance and transferability of the
VITAL-Series, we conduct comparison experiments across
multiple key tasks. Moreover, our evaluation also highlights
the discussions and ablation studies of key attributes.

4.1. Experiments Settings

For VQA-scoring, we evaluate on 8 open-sourced datasets:
LSVQ (test) [62], LSVQ (1080P), KoNViD-1K [16],
LIVE-VQC [14], YouTube-UGC [53], LIVE-YouTube-
Gaming [66], CGVDS [40], and KVQ [33]. These datasets
collectively cover diverse scenarios. We compare against
multiple SOTA methods based on deep neural network
(DNN) or LMM (in Tab. 2). All compared models use
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Table 4. Evaluation results on the Qbench-video-test-single. Multi. refers to the question type with four options and a single answer.

Sub-categories Question Types Quality Concerns
Overall↑Models Binary ↑ Multi. ↑ Open-ended ↑ Technical ↑ Aesthetic ↑ Temporal ↑ AIGC ↑

Open-sourced General LMMs
INTERNVL3-8B (BASE MODEL) [78] 50.84% 44.25% 33.54% 41.82% 52.37% 45.07% 37.58% 42.67%
INTERNVL3.5-8B [51] 56.23% 49.83% 38.61% 47.33% 58.77% 51.36% 38.51% 48.00%
INTERNVL3.5-14B 55.89% 48.43% 39.56% 45.22% 55.92% 51.36% 42.55% 47.78%
INTERNVL3.5-38B 56.23% 48.08% 41.14% 46.03% 58.06% 50.51% 43.17% 48.33%
QWEN3VL-4B [60] 54.21% 46.34% 45.09% 48.22% 59.95% 50.85% 36.65% 48.50%
QWEN3VL-8B 56.57% 46.34% 42.56% 47.24% 59.95% 49.49% 41.30% 48.39%
QWEN3VL-32B 64.31% 54.70% 43.51% 52.43% 64.93% 56.97% 45.03% 53.94%
Domain Specific LMMs

VQA2 -ASSISTANT [20] 67.12% 59.93% 39.56% 55.19% 56.87% 57.99% 43.79% 55.56%
OMNIVQA-CHATTER [21] 68.69% 68.29% 44.15% 58.67% 62.56% 60.54% 53.73% 59.94%
Proprietary LMMs
GPT-4O (24-11-20) [1] 59.26% 51.57% 47.63% 51.38% 61.37% 51.87% 49.38% 52.72%
GPT-5 (25-08-07) 56.57% 55.05% 48.73% 52.03% 66.11% 55.78% 51.55% 53.33%
GEMINI-2.5-PRO [34] 69.70% 63.07% 54.75% 61.43% 68.48% 56.97% 66.46% 62.33%
QWEN-VL-MAX (25-08-13) [4] 56.57% 55.05% 43.99% 50.49% 64.45% 50.34% 49.69% 51.67%
VITAL-Series
VITAL-BASE-8B 61.28% 58.19% 35.76% 52.43% 53.08% 50.34% 41.93% 51.33%
VITAL-ASSISTANT-8B 72.12% 71.71% 46.35% 61.60% 65.69% 63.57% 58.65% 62.94%

publicly released weights trained on the LSVQ (train)
(28056 samples). For IQA-scoring, we utilize 7 repre-
sentative datasets: KonIQ-10K (test) [17], SPAQ [10],
KADID-10K [29], AGIQA-3K [27], TID-2013 (TID) [36],
CSIQ [24], and LIVE-Challenge (LIVE-C) [13]. Similarly,
we include various high-performing methods for compari-
son (in Tab. 3). All compared models are trained on KonIQ-
10K (train) (7046 samples) by default. Furthermore, since
our pre-training strategy follows an opinion-unaware (OU)
paradigm requiring no human-annotated labels for training,
we conduct comparison experiments on the IQA-scoring
task against several recent OU approaches. All baselines are
implemented according to their official open-sourced con-
figurations to ensure experimental fairness. The results are
depicted in Tab. 5. We use two widely used metrics for eval-
uation: the Pearson Linear Correlation Coefficient (PLCC)
and the Spearman Rank Correlation Coefficient (SRCC).

For the text generation task, we evaluate on the QBench-
video-test-single [72], which consists of 900 questions tar-
geting various video and distortion types with multiple
quality concerns. Alongside our models, we include both
recently released open-source and proprietary general and
in-domain LMMs as baselines to enhance the credibility of
the experimental results (demonstrated in Tab. 4).

During inference, we generally follow the settings of
VQA2 with a little modification (detailed in Supp. Sec. 8.1).

4.2. Main Results Analysis
In the scoring task, the VITAL-Base-8B achieves outstand-
ing performance across all IQA and VQA datasets. It sur-
passes both its base model and the reference SFT model
trained on human-annotated datasets (video: LSVQ (train);
image: KonIQ (train)). Furthermore, on most of the
out-of-distribution (OOD) datasets (video: LIVE-YouTube-
Gaming, CGVDS, and KVQ; image: KADID-10k, AGIQA-
3K, TID-2013, and CSIQ), VITAL-Base-8B demonstrates

clear superiority over the strongest baselines (VQA: KVQ;
IQA: DeQA-Score). For the VITAL-Zero series, despite
the absence of fine-tuning, the models still achieve sub-
stantial performance gains compared to their base models.
This underscores the crucial role of generative pre-training
in achieving robust zero-shot performance. Moreover, the
results of the VITAL-Warm-up series demonstrate strong
transferability. The 1B, 2B, and 14B models achieve con-
sistently competitive scoring performance. Notably, their
OOD performance (in most cases) shows only marginal
degradation compared with VITAL-Base-8B. In comparison
with OU methods, both the VITAL-Base and VITAL-Warm-
up models achieve markedly higher performance. The
above observations indicate that generative pre-training, in
the absence of human annotations, can still significantly im-
prove the VQualA LMM’s generalization and transferabil-
ity to various types of visual content.

In the text generation task, the VITAL-Base-8B largely
preserves its instruction-following capability (through
vision-encoder-centered training without tuning the LLM)
and outperforms the base model. After post-training, the
VITAL-Assistant-8B achieves superior performance com-
pared with both the latest general and domain-specific
LMMs. We also provide a series of case studies (in Supp.
Sec. 11.2) focused on real-world applications to further
demonstrate the functionality of the VITAL-Assistant.

4.3. Discussions
Linear Probe Performance. Beyond compatibility with
LLM decoders, verifying whether the VITAL Vision En-
coder can adapt to decoders with simpler architectures is
also crucial to assessing its transferability. To this end,
we employ the linear probe setup. Specifically, we ex-
tract image feature tokens from different layers of Intern-
ViT and motion tokens from SlowFast, apply token-wise
average pooling to each, concatenate the averaged feature
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Table 5. Comparison with OU IQA methods (SRCC / PLCC).

Models KonIQ KADID SPAQ CSIQ
OU Models

CLIP-IQA [50] 0.642 / 0.709 0.501 / 0.520 0.733 / 0.734 0.681 / 0.716
ARNIQA [3] 0.795 / 0.832 0.725 / 0.717 0.788 / 0.797 0.629 / 0.594

QUALICLIP [2] 0.715 / 0.765 0.665 / 0.665 0.841 / 0.851 0.781 / 0.815
VITAL-Series

BASE-8B 0.931 / 0.931 0.759 / 0.708 0.884 / 0.886 0.823 / 0.851
WARM-UP-1B 0.918 / 0.917 0.674 / 0.659 0.871 / 0.877 0.787 / 0.793
WARM-UP-2B 0.919 / 0.916 0.674 / 0.646 0.873 / 0.878 0.782 / 0.792

WARM-UP-14B 0.918 / 0.917 0.670 / 0.645 0.870 / 0.875 0.786 / 0.796

Table 6. Linear probe performance compared with the refering
Simple-VQA.

Version Tunable # LIVE-VQC KoNViD-1k YT-Gaming
LINEAR-PROBE 1.61M 0.760 / 0.786 0.853 / 0.832 0.631 / 0.716

FULL 339.26M 0.780 / 0.808 0.870 / 0.873 0.692 / 0.735
SIMPLE-VQA [43] 86.91M 0.749 / 0.789 0.826 / 0.820 0.656 / 0.717

Table 7. Ablation study of key training attributes.
ATTRIBUTES LIVE-VQC KoNViD-1k YT-Gaming SPAQ KADID CSIQ

BASE-8B 0.800 / 0.843 0.878 / 0.881 0.710 / 0.764 0.884 / 0.886 0.759 / 0.708 0.823 / 0.851
W/O PMOD 0.725 / 0.773 0.835 / 0.840 0.598 / 0.657 0.865 / 0.872 0.602 / 0.668 0.743 / 0.785

W/O PAIR 0.785 / 0.817 0.856 / 0.867 0.703 / 0.760 0.868 / 0.870 0.725 / 0.687 0.810 / 0.832
W/O TEXT 0.790 / 0.837 0.868 / 0.873 0.712 / 0.760 0.876 / 0.880 0.743 / 0.712 0.818 / 0.854

tokens, and input them into the linear probe. We fine-tune
the model on LSVQ (train). Consistent with the pre-training
task, the linear probe outputs probabilities corresponding to
five quality levels, and we use the CE loss as the training ob-
jective. Detailed implementations are in Supp. Sec. 8.2. We
evaluate two training configurations: linear probe tuning
and full-param tuning, and compare them against Simple-
VQA [43] (with a similar architecture but without VQualA-
specific pre-training) on the KoNViD-1k, LIVE-VQC, and
LIVE-YT-Gaming. Results are shown in Tab. 6. We ob-
serve that even with lightweight linear probe tuning, the
model surpasses the performance of the reference Simple-
VQA, while enabling full-param tuning further enhances its
performance. This demonstrates the strong adaptability of
the vision encoder within lightweight DNN decoders.
Data Scaling Effects. Recording the data scaling effects
is essential for optimizing training efficiency. We measure
how the average scoring performance of the VITAL-Base-
8B across the 15 datasets varies as the pre-training data vol-
ume is proportionally scaled up. We also analyze the post-
training data scaling effect for VITAL-Assistant, referencing
direct SFT on InternVL3-8B (from-scratch). The curves are
displayed in Fig. 4 (a) and (b). For pre-training, the perfor-
mance exhibits a positive correlation with the data volume,
with performance gains gradually becoming marginal in the
later training period. In post-training, both SFT strategies
show an initial performance drop, while the pre-training-
based approach remains much more stable. Moreover, this
strategy exhibits superior data efficiency compared to the
from-scratch approach. This highlights the crucial role of
text-generation pretraining in the post-training phase.
Key Training Attributes Ablation. We also conduct abla-
tion studies to validate the contributions of various training
tasks and tricks. Specifically, we report the results under
different configurations: whether the PMOD is used (oth-

(a) Data scaling effects of pre-training (b) Data scaling effects of post-training

(c) Focal loss ablation: 
Average output length

(d) Focal loss ablation: Accuracy 
of open-ended questions 

Ground-truth Avg_length: 14.83

Figure 4. Plots of data scaling effects ((a) and (b)) and the focal
loss ablation study ((c) and (d)).

erwise, the model is trained only with a single visual in-
put using the quality level corresponding to the mean ma-
chine opinion with CE loss), whether pair-wise training
is included, and whether the text generation tasks are in-
volved. For all ablations, the training settings are kept iden-
tical to ensure fair comparison (results shown in Tab. 7).
Results demonstrate that the PMOD prediction serves as the
primary contributor to the improvement in scoring perfor-
mance. In addition, the incorporation of pairwise training
further calibrates the scoring, while the inclusion of the text
generation tasks also provides an additional enhancement
in most cases. To investigate the effect of focal loss, we
extract the 316 open-ended questions in QBench-video-test-
single. Fig. 4 (c) and (d) present the comparison between
the post-training with focal loss and CE loss in terms of the
average output length and overall accuracy. Evidently, the
model trained with focal loss consistently preserves longer
output lengths and higher accuracy.

5. Conclusion
We construct a large-scale machine-annotated dataset com-
prising 4.58M VL pairs. Building upon this, we devise
the VITAL-Series, a suite of versatile, powerful, and
transferable VQualA LMMs, through the vision-encoder-
centered generative pre-training. For quality scoring, our
models significantly outperform SOTA baselines on OOD
scenarios. In text generation tasks, our post-trained model
significantly outperforms various general and in-domain
LMM competitors. Furthermore, the models exhibit strong
structural transferability—demonstrating robust zero-shot
and efficient few-shot warm-up performance when paired
with diverse decoders. Overall, the VITAL-Series provides
a new direction for developing deployment-friendly foun-
dation LMMs tailored to VQualA.
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