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Abstract

Video quality assessment (VQA) seeks to predict the per-
ceptual quality of a video in alignment with human vi-
sual perception, serving as a fundamental tool for quan-
tifying quality degradation across video processing work-
flows. The dominant VQA paradigm relies on supervised
training with human-labeled datasets, which, despite sub-
stantial progress, still suffers from poor generalization to
unseen video content. In this work, we explore weak-to-
strong (W2S) learning as a new paradigm for advanc-
ing VQA without reliance on human-labeled datasets. We
first provide empirical evidence that a straightforward W2S§
strategy allows a strong student model to not only match
its weak teacher on in-domain benchmarks but also sur-
pass it on out-of-distribution (OOD) benchmarks, reveal-
ing a distinct weak-to-strong effect in VQA. Building on
this insight, we propose a novel framework that enhances
W2S learning from two aspects: (1) integrating homo-
geneous and heterogeneous supervision signals from di-
verse VQA teachers—including off-the-shelf VOA models
and synthetic distortion simulators—via a learn-to-rank
formulation, and (2) iterative W2S training, where each
strong student is recycled as the teacher in subsequent cy-
cles, progressively focusing on challenging cases. Extensive
experiments show that our method achieves state-of-the-art
results across both in-domain and OOD benchmarks, with
especially strong gains in OOD scenarios. Our findings
highlight W2S learning as a principled route to break anno-
tation barriers and achieve scalable generalization in video
quality assessment. Our data and code will be available at
https://github.com/clhl24/W2S-VQA.

1. Introduction

Video quality assessment (VQA)' [33] plays an important
role in modern video processing systems, delivering objec-
tive quality measurements used to optimize end-user Qual-
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I'This work focuses on no-reference (NR) or blind VQA, which as-
sesses video quality without relying on additional reference information.
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Figure 1. Significant performance drop of state-of-the-art models
on out-of-distribution datasets.

ity of Experience (QoE). With the advances in deep neu-
ral networks (DNNs) [7, 13, 28] and the increasing avail-
ability of human-annotated datasets [14, 45, 49, 54], cur-
rent VQA models [46, 50-52] have achieved significant
progress through supervised learning. Nevertheless, super-
vised learning inherently faces a limitation: the general-
ization of the VQA models heavily depends on the diver-
sity of the training data. For example, even top-tier VQA
models [46, 50-52] exhibit significant performance drops in
out-of-distribution evaluations, as illustrated in Fig. 1.
Existing VQA research has primarily focused on con-
structing scene-specific datasets [22, 31, 44, 55] or large-
scale datasets [10, 17] to improve model generalization
across different video content and distortions. However,
constructing such datasets is highly resource-intensive.
A standardized subjective experiment comprises two key
phases: test sample curation and subjective quality an-
notation. The test sample curation phase necessitates rigor-
ous selection of representative video samples, as inadequate
sampling strategies risk producing oversimplified datasets
(i.e., “easy dataset” problem [3, 46]) and may induce model
overfitting. =~ Meanwhile, subjective annotation—though
vital—is laborious and costly. International Telecommu-
nication Union (ITU) standards [15] outline specific rec-
ommendations for experimental setups, including display
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conditions, stimulus duration, subject count, and rating
methodologies. These constraints, though necessary for
statistically meaningful annotations, impede larger-scale
dataset expansion due to prohibitive annotation costs.

Therefore, these limitations naturally raise an impor-
tant question: Can we train stronger VQA models without
relying on large-scale human-annotated datasets? Prior
efforts have investigated self-supervised and unsupervised
VQA approaches [4-6, 32, 34] which primarily employ
contrastive learning with proxy tasks such as distortion-type
or severity classification on synthetically generated data.
However, these approaches struggle to capture the complex
and nonlinear degradation patterns present in real-world
videos, limiting their ability to model authentic distortions.
As a result, their performance still lags significantly behind
supervised counterparts on in-the-wild VQA datasets.

Recent progress in weak-to-strong (W2S) generaliza-
tion [1, 11] provides a promising approach for tackling this
open problem. In this paradigm, a strong student model—
equipped with higher learning capacity or powerful pre-
trained knowledge—can learn effectively from the super-
vision of a weaker model and further generalize to hard
examples beyond the teacher’s reach. It is thus natural to
leverage an existing VQA model as a weak teacher to dis-
till a stronger one, obviating the need for human-annotated
labels. This approach raises two critical questions: (1) How
effectively does W2S generalization apply to VQA, a task
that inherently involves subjective human perception rather
than deterministic high-level semantics, and (2) How can
we enhance its performance to meet the demands of practi-
cal VQA applications?

This work investigates these two problems. First, we
empirically demonstrate that a straightforward W2S gener-
alization approach enables the student model to match the
performance of its weak teacher (e.g.,, off-the-shelf VQA
models) on in-domain benchmarks and surpass it on out-
of-domain (OOD) benchmarks, revealing a clear weak-to-
strong generalization effect in VQA.

Second, we advance W2S learning for VQA from two
aspects: integrating diverse supervision signals and iter-
ative W2S training. For the former, we incorporate mul-
tiple types of “VQA models” as weak models to refine and
diversify the supervised signals, including (1) ensembling
homogeneous VQA models (i.e., off-the-shelf VQA mod-
els) to improve the reliability of supervision, and (2) in-
tegrating heterogeneous teachers (i.e., synthetic distortion
simulators) to enrich the supervision space. To unify these
heterogeneous supervision signals, we reformulate quality
regression as a ranking problem to make the model to
learn quality assessment capabilities through pairwise com-
parisons. For the latter, we propose an iterative W2S learn-
ing strategy with difficulty-guided sampling, where each
trained strong model is recycled as the weak teacher for

the next iteration. Within each cycle, we deliberately select

difficult samples so that subsequent models focus on chal-

lenging cases beyond the reach of weaker teachers, thereby
progressively expanding the generalization capacity of the
student model.

Our key contributions are summarized as follows:

* We empirically validate a distinct W2S generalization
effect in VQA, providing a new paradigm for advanc-
ing self-supervised and weakly supervised approaches for
VOQA.

* We introduce a novel W2S generalization framework that
integrates heterogeneous supervision signals from diverse
teachers and incorporates an iterative W2S training strat-
egy.

* Within this framework, our student model achieves state-
of-the-art results on both in-domain and OOD bench-
marks, with particularly notable gains on OOD perfor-
mance.

2. Related Work

2.1. VQA Models

Supervised VQA. Early VQA models [36, 41] were largely
knowledge-driven, extracting handcrafted features (e.g.,
natural scene statistics [35], motion cues [18]) to quantify
distortions and training shallow regressors for quality pre-
diction. Subsequent approaches [21, 54] shifted to repre-
sentation learning, employing pre-trained DNNSs to extract
frame-level quality representations, coupled with sequence
models such as GRUs or Transformers for temporal regres-
sion. More recent efforts adopt end-to-end fine-tuning of
advanced vision architectures, including Vision Transform-
ers (ViTs) [7] and large multimodal models (LMMs) [52],
with the designs such as grid-based mini-patch sampling or
key-frame selection to mitigate the computational burden of
full-video training. While these advancements have signif-
icantly improved the performance of VQA models on in-
domain datasets, they still struggle to generalize satisfacto-
rily to OOD datasets.

Weakly-supervised VQA. Existing weakly supervised
VQA methods typically adopt full-reference (FR) quality
assessment models as pseudo-supervision, either relying
on a single teacher [24, 57] or combining multiple teach-
ers through multi-task [23] or ensemble-learning frame-
works [27, 53]. However, these approaches primarily target
representation learning, and their performance is generally
inferior to that of the teacher FR models; they also often
require additional fine-tuning on human-labeled datasets to
remain competitive. Moreover, they are mainly designed
for synthetic distortions, making them unsuitable for in-the-
wild videos where no pristine reference exists. In contrast,
our study shows that even a single weak teacher can offer
sufficiently informative supervision to train a strong stu-
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dent model that surpasses the teacher itself, while remaining
suitable for no-reference quality assessment settings.

VQA as Ranking. Ranking-based methods reformulate
quality prediction from a regression problem into a ranking
problem. To this end, various loss functions such as hinge
loss [25], fidelity loss [56], binary cross-entropy loss [58],
and differentiable approximations of Spearman Rank Cor-
relation loss [ 19] have been employed to learn relative qual-
ity rankings from pairwise comparisons or groups of sam-
ples. Such methods are particularly effective in mitigating
the misalignment of quality scales across different datasets
and can be applied in scenarios where only relative quality
labels are available. Consequently, they have been widely
adopted in weakly supervised training and mixed-dataset
training. In this work, we also adopt a learning-to-rank
strategy to unify the heterogeneous supervisory signals pro-
vided by diverse weak teachers.

2.2. Weak-to-strong Generalization

Weak-to-strong (W2S) generalization studies how strong
models can learn from weaker supervision yet surpass their
teachers. Early empirical studies [1] showed that simply
fine-tuning a strong model on weak labels already allows
the student to outperform its weak teacher across domains
such as NLP, reward modeling, and games. Building on
these foundations, subsequent studies have focused on im-
proving the quality of weak supervision. Co-supervised and
mixture-of-experts approaches [26] combine diverse weak
teachers to mitigate noise and bias; ensemble and scalable
oversight methods [43] enhance teacher reliability through
aggregation and debate mechanisms; and confidence-aware
objectives [1, 11] further balance weak guidance with stu-
dent predictions to avoid overfitting to noisy labels. Inspired
by these advancements, we leverage diverse weak teachers
to diversify and improve the supervision signals.

3. Weak-to-Strong Learning for VQA
3.1. Problem Setup

Assume that we have access to a weak VQA model fyeax,
which in practice can be instantiated by existing open-
source VQA models. Let Dy, = {x1, 2, ..., z,} denote
an unlabeled video dataset with no ground-truth labels. We
use fucak to generate predictions §; = fweax(z;) for each
video x; € Dyos, and subsequently train or fine-tune a
strong student model fyys on Dy using these predictions
as supervision. The objective is to examine whether fos
can outperform fye.x Without relying on human annotations
for training.

3.2. Weak-to-Strong Implementation for VQA

Weak Models fyeak- We select five open-source VQA
models’ fuea: MinimalisticVQA (VII) [46], Minimalis-

teachers student
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labels @ training
—) —)

]

Video dataset D,
Weak models fueak  No ground-truth labels ~ Strong model £,

Figure 2. Overview of our weak-to-strong training pipeline.

ticVQA (IX) [46], FAST-VQA [50], DOVER [51], and Q-
Align [52]. All models are trained on the LSVQ dataset [54]
and encompass architectures including convolutional neu-
ral networks, vision transformers, and LMMs. Detailed de-
scriptions of these methods and the rationale behind their
selection are provided in the Supp. Sec. B.1.

Strong Model f;s. For the strong student model, we adopt
an LMM backbone with substantially higher capacity than
the weak teachers, using LLaVA-OneVision-Chat-7B
[20] as a representative example. A detailed parameter and
architecture comparison between weak and strong models
is provided in Supp. Table 4. We additionally evaluate sev-
eral other state-of-the-art LMMs as strong students, with
their results summarized in Supp. Sec. D.2. The strong
model reported in the main paper corresponds to the best-
performing backbone among all candidates. To better adapt
it to the VQA task, we follow a preprocessing strategy simi-
lar to LMM-VQA [9]: one key frame per second is sampled
for the vision encoder, while motion features are extracted
for each key frame using all frames within that second via
SlowFast [8]. These motion features are then processed by
a motion projector and fused with the visual features before
being fed into the language model of the LMM. A detailed
description of our student model is provided in Supp. Sec.
C.1, and its overall architecture is illustrated in Figure 3.
Training Dataset Dy,,. We first collect a pool of 3 mil-
lion videos from popular social media platforms, includ-
ing YouTube, TikTok, Youku, and Bilibili. From this
pool, we select a subset based on nine low-level met-
rics that quantify visual characteristics—blockiness [40],
blur [37], contrast [39], noise, flickering [38], colorful-
ness [12], luminance, temporal information, and spatial in-
formation [15]—to ensure that the selected videos are as
diverse as possible across these dimensions. We then sam-
ple 200k videos from the matched subset to construct a rep-
resentative and diverse training set for the student model,
covering a wide range of quality conditions. A detailed de-
scription of the dataset construction procedure and analysis
is provided in Supp. Sec. A.

Training Protocol. We train fy,s on Dy, where supervi-

2In this context, the term “weak” refers to their capability relative to the
student model. In fact, the selected models represent state-of-the-art VQA
approaches.
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Figure 3. Overall architecture of our strong student model. Following LMM-VQA [9], we use a dual-branch visual encoder with an
additional motion module for temporal distortion modeling. The model supports both single- and dual-video input strategies with distinct
training and inference designs. For single-video input, the model directly predicts the quality score. For dual-video input, it is trained to
predict relative quality between two videos and converts it into an absolute score through a designed inference strategy.

sion is provided by pseudo-labels generated from fyeax, and
optimize the model with the standard cross-entropy loss.
Training is conducted with AdamW, an initial learning rate
of 1 x 10~%, a cosine decay schedule, and a weight de-
cay of 0.05. We use a batch size of 8 and train for 25k
iterations with linear warm-up in the first 750 steps. All
experiments are implemented in PyTorch and trained on 8
NVIDIA H200 GPUs. We intentionally adopt standard
experiment settings (e.g., model architectures) consistent
with prior work to ensure that the observed performance
gains stem from the W2S§ framework itself, rather than ar-
chitectural or other modifications.

Validation Datasets. To comprehensively assess model
performance, we evaluate on ten VQA benchmarks grouped
into in-domain and out-of-distribution (OOD) categories.
The in-domain datasets include LSVQ Test [54], LSVQ
1080p [54], KoNViD-1k [14], LIVE-VQC [45], and
YouTube-UGC [49], all consisting of user-generated con-
tent (UGC) videos. The OOD datasets comprise LIVE-YT-
Gaming [55], CGVDS [42], LIVE-YT-HFR [31], Waterloo-
IVC-4K [22], and KVQ [29], which differ from in-domain
benchmarks in both content distribution and distortion
types. Further details of these datasets are provided in Supp.
Sec. A4.

Evaluation Metrics. We adopt two widely used criteria
to evaluate the performance of VQA models: Spearman
Rank Correlation (SRCC) and Pearson Linear Correlation
(PLCC), which indicate the prediction monotonicity and
prediction linearity, respectively.

3.3. Experimental Results and Analysis

We report overall in-domain and OOD performance in Ta-
ble 1. For student models supervised by weak teachers, we
present results trained on (i) a randomly sampled subset of
our data with the same scale as LSVQ (27k videos), and (ii)
the full large training set (200k videos). When training on
27k videos, for in-domain benchmarks, the student model
achieves performance comparable to its teachers, with only

Table 1. Performance comparison of weak teachers, students
trained with weak teacher labels at two data scales (27k vs. 200k),
and students trained with LSVQ ground-truth labels. Best perfor-
mance in each category is indicated in bold.

Methods In-domain [00)))
SRCC PLCC SRCC PLCC
Weak Teachers
MinimalisticVQA(VII) 0.817 0.830 0.490 0.551
MinimalisticVQA(IX) 0.849 0.859 0.574 0.622
FAST-VQA 0.838 0.849 0.486 0.512
DOVER 0.842 0.845 0.519 0.569
Q-Align 0.844 0.861 0.555 0.606

Students Supervised by Weak Teacher Labels (27k)
MinimalisticVQA(VII)-labeled 0.818 0.831 0.515 0.576
MinimalisticVQA(IX)-labeled 0.845 0.853 0.582 0.633

FAST-VQA-labeled 0.836 0.846 0.543 0.597
DOVER-labeled 0.840 0.849 0.549 0.611
Q-Align-labeled 0.846 0.857 0.578 0.632

Students Supervised by Weak Teacher Labels (200k)
MinimalisticVQA(VII)-labeled 0.824 0.833 0.536 0.593
MinimalisticVQA(IX)-labeled 0.849 0.859 0.591 0.639

FAST-VQA-labeled 0.842 0.845 0.550 0.604
DOVER-labeled 0.843 0.850 0.554 0.617
Q-Align-labeled 0.848 0.859 0.581 0.636
Students Supervised by Ground Truth Labels (27k)

LSVQ-labeled 0.851 0.861 0.577 0.608

a minor degradation of 0.15%, While for OOD benchmarks,
the student exhibits substantial average gains of 6.05% over
its teachers, highlighting a pronounced weak-to-strong gen-
eralization effect. Interestingly, for stronger teacher models
such as MinimalisticVQA (IX) and Q-Align, we observe
that their student counterparts achieve comparable perfor-
mance on in-domain benchmarks and even surpass the su-
pervised models on OOD benchmarks. When further scal-
ing up the training data to 200k videos, we observe consis-
tent performance gains on both in-domain and OOD bench-
marks, reflecting the benefits of increased data diversity and
broader visual coverage. Importantly, such scaling is easily
supported by our W2S training pipeline, whereas achieving
comparable expansion under human-labeled supervision is
considerably more expensive and challenging.

In summary, our results empirically demonstrate a clear

25581



(a) Ensembling homogeneous teachers
First video

{58.60, 57.35, 64.33, 57.10, 59.52} Y

The quality of the
second video is better
than the first video.

Vs
{60.32, 64.75, 64.62, 60.79, 71.65}

Ensemble five VQA Scores
k‘ (for stage1 training) -
Vs
Second video
S 57.59 R
vs The quality of the
65.91 E> second video is
Stage 1 Scores sugerfor.'ro the first
(for stage2 training) video.

(b) Integrating heterogeneous teachers

The quality of the

second video is worse
than the first video.

Blur level 1

Blur level 2 . . .
Spatial distortion estimated from individual frames

Second video

First video

The quality of the

second video is inferior
to the first video.

Compression level 1

Compression level 3 v . ) . .
Temporal or streaming distortion estimated from full videos

Figure 4. Our pairwise quality annotations consist of two types: (1) pseudo-labeling based on ensembling homogeneous teachers, and (2)

quality ranking derived from integrating heterogeneous teachers.

weak-to-strong generalization effect in VQA, where the
most significant improvements arise on OOD data unseen
during training. This finding is particularly important for
VQA, as in-domain performance on existing benchmarks
has largely saturated and even risks overfitting, while cur-
rent methods suffer from severe degradation on OOD sce-
narios. Weak-to-strong generalization therefore offers a
promising paradigm for addressing this challenge, and in
the next section we present a practical solution.

4. Improving Weak-to-Strong Learning for
VQA

We enhance weak-to-strong generalization in VQA from
two aspects: (1) unifying diverse supervision signals and (2)
iterative W2S training, both aimed at expanding the gener-
alization capacity of the student model.

4.1. Unifying Diverse Supervision Signals

4.1.1. Ranking-based VQA Method

Absolute quality scores obtained from different labeling
manners may be inconsistent in their ranges and scales,
making them unsuitable for regression-based training. In
contrast, the relative quality ranks of video pairs within the
same manner are consistent. To unify these heterogeneous
supervision signals, we reformulate quality prediction as a
ranking problem, enabling the model to learn quality as-
sessment capability through pairwise comparisons.
Specifically, given a video pair (*, %), we input them
into the student model defined in Section 3.2, which is
trained to predict their relative quality. Following [58],
we adopt ranking labels {“superior”, “better”, “similar”,
“worse”, “inferior”} to refine ranking accuracy. Dur-
ing inference, we employ the adaptive soft comparison
method [58] to derive quality scores. It first computes a soft
probability matrix over ranking categories by comparing
each test video against anchor videos, and then applies max-
imum a posteriori (MAP) estimation [48] under Thurstone’s

Case V model [47] to obtain calibrated quality scores. The
detailed inference procedure is provided in Supp. Sec. C.3.

4.1.2. Ensembling Homogeneous Teachers

In Section 3.3, we observe that stronger teacher models gen-
erally yield more capable students, in some cases even sur-
passing fully supervised counterparts. A naive strategy is
thus to enhance the accuracy of teacher models. To this
end, we adopt a simple approach: averaging ensemble pre-
dictions from five VQA methods in Section 3.2 to improve
the reliability of the supervision signals.

For video pair generation, given a pair ( ), each
VQA model fyeu,; produces quality scores QZA and QZB .
We compute the mean scores 7 and 7°°, and the score
variances 04 and 0%. Assuming the quality difference
A = 5* —7® follows a Gaussian distribution AV'(A; 0, 03)
with oo = /0% + 0%, labels are assigned according to
the statistical significance thresholds in [58]: “‘superior”
if A > 20a, “better” if oo < A < 204, “similar” if
—oan < A < op, “worse” if —20A < A < —0oa, and
“inferior” if A < —20A.

x4, 2B

4.1.3. Integrating Heterogeneous Teachers

Another complementary approach is to diversify the teacher
models in order to enrich the supervision signals. In this
work, we leverage synthetic distortion simulators as spe-
cialized VQA models, which do not require human anno-
tations for training and can be easily scaled. Concretely,
we introduce three categories of synthetic distortions to em-
ulate typical real-world degradations: spatial distortions,
temporal distortions, and streaming distortions. Spa-
tial distortions include resolution downscaling, Gaussian
blur, Gaussian noise, darkening, and brightening, simulat-
ing capture-related artifacts. Temporal distortions cover jit-
ter and stuttering, which mimic playback issues often ob-
served in practice. Streaming distortions involve H.264 and

3We use a four-parameter logistic function to map the predicted scores
from different weak models onto a common scale for fair comparison and
subsequent evaluation.

25582



Training

Prompt, LMM, Prompt,
Cross-entropy loss Inferring
Confidence loss
(w1, wa, w3, wy, ws} S1 500K
Weak teachers New teacher Dya =
1
Duzs = 500K Weak to strong

Stage-1

Training

Cross-entropy loss
Confidence loss

D},5s — 100k — Selected by gMAD strategy

Stage-2

LMM, Prompt; Training

l Inferring

S2

LMM,

llnferring

S3

Cross-entropy loss
Confidence loss

DY, — 500k
D%, — 100k
Dj5s — 100k— | Selected by gMAD strategy

Weak to strong
Stage-3

Figure 5. The framework of our iterative weak-to-strong training strategy.

H.265 compression, capturing compression artifacts intro-
duced by modern media delivery platforms. The detailed
simulation procedures are provided in Supp. Sec. A.3.

We leverage distortion severity levels (e.g., constant rate
factor for compression) as pseudo—labels to infer relative
quality. Given a primary Video 20 and a synthetic distor-
tion simulator S, we degrade x° across N severity levels to
generate distorted videos {x%}Y5. Pairs (2%, %) are ran-
domly sampled. Pairs with a severlty difference |i — j| > 1
are labeled as “superior” or “inferior” depending on the rel-
ative order of ¢ and j, while pairs with |[i — j| = 1 receive
“better” or “worse”. The “similar” label is intentionally ex-
cluded, as ¢ — j = 0 implies identical videos.

4.2. Iterative Weak-to-Strong Training Strategy

Within our W28 training framework, we have demonstrated
that the student model can surpass its teacher models. This
observation naturally motivates an iterative strategy: once a
student model is trained, it can be promoted to act as a new
teacher, thereby enabling another round of weak-to-strong
training. Through such iterative cycles, the student progres-
sively inherits knowledge from its predecessors while fur-
ther enhancing its generalization capability. Therefore, we
adopt this iterative paradigm to continually refine the stu-
dent model.

From the data perspective, we expect the training sam-
ples in the next iteration to pose challenges beyond the ca-
pacity of the current teacher models, thereby further ex-
panding the capability of the student. To this end, we in-
troduce a difficult-sample selection strategy for both types
of supervision signals in Section 4.1. Specifically, given a
student model fv(le trained in the ¢-th iteration, the construc-
tion of difficult samples is straightforward for synthetic dis-
tortion pairs described in Section 4.1.2, since ground-truth
labels can be directly derived from the distortion levels. We
use f to infer the relative quality of these pairs and select
only those misclassified by the student as the training data
for the (7 4 1)-th iteration.

While for the video pairs described in Section 4.1.2, no
ground-truth labels are available. To address this, we adopt
the group maximum differentiation (gMAD) competition
framework [30] to select pairs that exhibit the largest dis-
agreement between VQA models. Given the weak model
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set { fwedk} v used to train fw2s’ we first partition the

video pool DEV;Sr Y into ¢ uniform quality levels based on

the predictions of f\ieak, within which videos are assumed
to have similar perceptual quality. We then select pairs that
are maximally differentiated by the trained student model

fv(vZ)s while indistinguishable to the weak model fweak y
@af) eag  max | [fo@) - fina®)]
x4 ED“; (1)
’fg/eak(xA) - \z/eak( B)‘ S 5

Moreover, we also reverse the roles of f‘ieak and fw2q
to capture cases where the student perceives similar quality
but the weak model disagrees. This strategy systematically
exploits the decision boundary mismatches between student
and teacher models, generating informative and challenging
samples that drive further improvements in next-round W2S
training.

4.3. Training Strategy

We employ the standard cross-entropy loss as a base-
line objective. However, weak annotations inevitably con-
tain noise, and directly supervising the student with cross-
entropy risks overfitting to erroneous labels. To mitigate
this, we introduce an auxiliary confidence loss [1, 11] that
encourages the student to reinforce its own confident pre-
dictions, particularly when they diverge from weak labels.
The overall objective is formulated as

£ = (]- - )\) ECE + )\Econfa (2)

where Lcg denotes the cross-entropy loss, Leons the con-
fidence loss, and A adaptively balances label reliability
against model predictions. Details of the confidence loss
are provided in Supp. Sec. C.2.2.

For training data, we construct a total of 700k annotated
video pairs using the procedure described in Section 4.1.2
and Section 4.1.3. These pairs are partitioned into three sub-

sets of 500k, 100k, and 100k, denoted as D'Y), D?)  and

w2s? w2s?
D@V corresponding to the three stages of iterative training.

A detailed breakdown of the dataset, as well as the complete
training setup, is provided in Supp. Sec. A.1 and Supp. Sec.
C.2.1.



Table 2. Performance comparison with competing methods. The single-teacher supervision baseline is defined by the best-performing

model reported in Table 1. The best and second-best results are marked by red and blue.

based on the number of videos in each dataset.

. “Overall” represents the weighted average results

In-domain Datasets LSVQyest LSVQ1080p KoNViD-1k LIVE-VQC YouTube-UGC Overall
# of videos 7,182 3,573 1,200 585 1,020 -
Methods SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC
Competing Methods: Teachers
MinimalisticVQA(VII) [46] 0.861 0.859 0.740  0.784  0.843  0.841 0.757 0.813 0.775 0779 0817  0.830
MinimalisticVQA(IX) [46] 0.885 0.882 0.792  0.828 0.862 0.859  0.775 0.821 0.826  0.821 0.849  0.859
FAST-VQA [50] 0.880 0.880 0.781 0813  0.859  0.854  0.826 0.845 0.730  0.747  0.838  0.849
DOVER [51] 0.878 0.866 0.782  0.813 0.874 0.869 0.817 0.840 0.771 0.781 0.842  0.845
Q-Align [52] 0.886 0.884 0.761 0.822 0876 0878  0.783 0.819 0.834  0.846 0.844  0.861
Competing Methods: LMM-based
VQA?Z [16] 0.878 0.872 0.794  0.821 0.881 0.880  0.785 0.830 0.811 0.823  0.847 0.854
VQAThinker [2] 0.883 0.880 0.798  0.834  0.881 0.884  0.808 0.847 0.860  0.863  0.855  0.866
Our Weak-to-Strong Methods
(I): Single teacher supervision as baseline 0.879 0.878 0.794 0826 0869  0.871 0.786 0.822 0.843  0.846 0.849  0.859
" (I): () + Ensembling homogencous teachers 0883 0.877  0.804  0.829  0.883 0876 0799 0830 0843 0845 0856 0860
(IIT): (IT) + Integrating heterogeneous teachers  0.886 0.880 0.803 0.830 0.891 0.888 0.797 0.832 0.845 0.849 0.858 0.863
(IV): (II) + Confidence loss 0.885 0.881 0.803  0.831 0.890  0.891 0.797 0.833 0.849 0856  0.857  0.865
(V): (IV) + Iterative stage W2S training 0.886 0.883 0.803 0.834 0.898 0.897 0.810 0.841 0.858 0.864 0.860 0.868
(VI): (V) + Iterative stage W2S training 0.893 0.889 0.807 0.837 0902  0.901 0.818 0.846 0.852 0.858  0.865  0.872
Out of Distribution Datasets LIVE-YT-Gaming CGVDS LIVE-YT-HFR  Waterloo-IVC-4K KVQ Overall
# of videos 600 357 480 1,200 2,926 -
Methods SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC
Competing Methods: Teachers
MinimalisticVQA(VII) [46] 0.596 0.682 0.681 0.733  0.061 0.130 0275 0.338 0.604  0.659 0490  0.551
MinimalisticVQA(IX) [46] 0.686 0.746 0.797 0816  0.301 0.388  0.459 0.502 0.615  0.661 0.574  0.622
FAST-VQA [50] 0.631 0.677 0.725  0.747 0326 0415  0.327 0.363 0518 0526 0486  0.512
DOVER [51] 0.647 0.728 0.694 0747 0360 0465 0368 0.418 0.559 0593 0519  0.569
Q-Align [52] 0.611 0.681 0.756  0.798  0.329 0.342 0414 0.497 0.613  0.655 0555  0.606
Competing Methods: LMM-based
VQAZ [16] 0.613 0.698 0.656  0.741 0332 0413 0415 0.474 0.678  0.689  0.583  0.623
VQAThinker [2] 0.767 0.806 0.856 0.845 0.528 0.610 0.573 0.624 0.586 0.626 0.615 0.658
Our Weak-to-Strong Methods
(I) - as baseline: Single teacher supervision 0.687 0.748 0.763 0.810 0.383 0.461 0.459 0.515 0.638 0.676 0.591 0.639
" (ID: (I) + Ensembling homogeneous teachers ~ 0.688  0.756  0.769  0.808 0456 0497 0455 0502 0649 0682 0602  0.643
(IIT): (II) + Integrating heterogeneous teachers  0.697 0.752 0.799 0.829 0.481 0.525 0.552 0.614 0.690 0.725 0.650 0.693
(IV): (II) + Confidence loss 0.708 0.763 0.796  0.829  0.523  0.606  0.579 0.643 0713 0742 0.672  0.717
(V): (IV) + Iterative stage W2S training 0.711 0.770 0.807  0.831 0.606  0.678  0.657 0.737 0.759  0.782  0.722  0.765
(VI): (V) + Iterative stage W2S training 0.723 0.776 0.799 0.828 0.683 0.749 0.698 0.758 0.772 0.807 0.745 0.789

4.4. Experimental Results

We present the experimental results in Table 2, highlighting
five progressively enhanced models of our method: models
(D-(V) incrementally add components in Stage 1, while
model (V) and model (VI) introduce iterative training in
Stage 2 and Stage 3, respectively. We analyze them from
the following aspects:

Ensembling Homogeneous Teachers. Compared with
single-teacher supervision, we find that ensembling multi-
ple teachers yields stronger student models that outperform
all individual teachers as well as their corresponding stu-
dents. This result further highlights the weak-to-strong ef-
fect in VQA and shows that improving the quality of teacher
supervision amplifies this effect, consistent with prior find-
ings.

Integrating Heterogeneous Teachers. We incorporate

synthetic distortion simulators as specialized VQA models
to extend the capability of the teacher ensemble. With syn-
thetic distortion pairs, the student model achieves consistent
improvements across all benchmarks, yielding marginal
gains on in-domain datasets and substantial enhancements
on OOD benchmarks. These results demonstrate that incor-
porating diverse VQA models as teachers enables joint su-
pervision that consistently fosters more generalizable qual-
ity assessment.

Confidence Loss. Incorporating L., yields clear gains on
OOD datasets. This indicates that confidence loss mitigates
the adverse impact of noisy weak labels and enables the stu-
dent to reinforce its own reliable predictions.

Iterative W2S Training. We observe consistent improve-
ments across both in-domain and OOD datasets as the
student progresses through three iterative training stages.
This provides strong empirical evidence that our iterative
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Table 3. Training and inference of our teacher and student models.

Training Time (8 X H200, hours)

Inference Time (2 X RTX3090, seconds)

Model Stage 1 Stage 2 Stage 3 Ours

MinimalisticVQA(VII)

MinimalisticVQA(IX) FAST-VQA DOVER Q-Align

Time 19 24 29 597 10.68

10.38 1.31 0.91 2.46

Table 4. Ablation study on the iterative training strategy of model
(V). (V-a) denotes Stage 2 training without difficult-sample selec-
tion, where the same number of new samples are randomly chosen
and their pseudo-labels refined with the Stage 1 teacher. (V-b) de-
notes Stage 2 training with difficult-sample selection but without
refining pseudo-labels from the previous stage.

Methods In-domain [0]0)))
SRCC PLCC SRCC PLCC
(V-a): (V) w/o difficult-sample selection 0.857 0.866 0.669 0.714
_ (V-b): (V) wio label refinement ¢ 0858 0862 0657 0702
V) 0.860 0.868 0.722 0.765

weak-to-strong strategy enhances model capacity through
progressive self-teaching. Notably, substantial gains are
achieved on challenging benchmarks where existing mod-
els struggle: after three iterations, relative SRCC im-
provements of 30.59%, 20.55%, and 8.27% are obtained
on LIVE-YT-HFR, Waterloo-IVC-4K, and KVQ, respec-
tively. As shown in Table 4, we conduct ablation stud-
ies on Stage 2 training. Without our designed iterative
training strategy, no performance improvement is observed
on in-domain datasets, and clear degradation appears on
OOD datasets—especially when difficult samples are se-
lected without pseudo-label refinement. These results indi-
cate that the performance gains originate from our iterative
strategy rather than using larger training data.

Comparison with SOTAs. We compare our Stage 3 stu-
dent model with state-of-the-art baselines. Our model sur-
passes all competitors, including the five teacher models
and two recent LMM-based approaches, VQA? [16] and
VQAThinker [2]. Notably, VQA? is trained on over 157k
labeled samples, while VQAThinker leverages reinforce-
ment learning with advanced LMM backbones. In contrast,
our weak-to-strong learning strategy achieves state-of-the-
art performance without any human-labeled data, under-
scoring its effectiveness and practical value.

Time Complexity. We report the runtime of both our
teacher and student models, with inference averaged over
1080p videos of 240 frames, as shown in Table 3. Despite
involving a full three-stage pipeline—including pseudo-
label generation and student training—our method remains
computationally competitive: compared with traditional
subjective quality assessment, our pseudo-label generation
process requires notably less time and human effort, while
producing more reproducible and stable quality scores and
offering better scalability. Given these advantages and the
strong performance achieved by our student models, the
overall computational cost of our pipeline is well justified.

5. Discussion

Developing generalized VQA models remains a fundamen-
tal challenge due to the vast diversity of real-world distor-
tions and the strong influence of video content. Supervised
learning on human-labeled data cannot feasibly cover this
space, highlighting the urgent need for unsupervised and
weakly supervised paradigms. In this work, we demon-
strate that it is possible to learn from weak VQA models and
even surpass their performance. Building on this insight,
we propose a framework that integrates diverse homoge-
neous and heterogeneous VQA teachers through a learning-
to-rank formulation, and further enhances generalization
via an iterative W2S training strategy, where progressively
stronger students are recycled as new teachers. This de-
sign enables cumulative transfer of knowledge beyond any
single teacher and drives the model’s self-evolution toward
increasingly generalized quality assessment.

Looking forward, this paradigm suggests a pathway to-
ward scalable VQA foundation models. The community
can leverage a broad spectrum of supervision sources, lever-
aging expert-domain VQA models (e.g., VMAF for video
compression), utilizing powerful LMMs with carefully de-
signed prompt engineering, and employing text-to-video
generation algorithms to synthesize videos of varying qual-
ity through specified prompts, while simultaneously explor-
ing more effective weak-label ensemble mechanisms to bet-
ter unify these diverse supervisory signals. By unifying
these heterogeneous signals, future research may move to-
ward constructing foundation models for VQA that general-
ize across content domains, distortion types, and application
scenarios—ultimately serving as universal quality assessors
for both natural and generative videos.

6. Conclusion

This paper introduces a weak-to-strong (W2S) paradigm
for video quality assessment that leverages multiple weak
teachers and iterative self-teaching to train stronger students
without relying on human annotations. Through the inte-
gration of homogeneous and heterogeneous teachers under
a ranking-based formulation, and the use of iterative W2S
training, our approach consistently surpasses the teacher
models across ten benchmarks, with particularly strong
gains on challenging out-of-distribution benchmarks. The
results highlight the potential of W2S as a scalable and ef-
fective alternative to traditional annotation-dependent train-
ing pipelines.
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