
Seeing Beyond 8bits: Subjective and Objective Quality Assessment of HDR-UGC
Videos

Shreshth Saini1* Bowen Chen1 Yilin Wang2 Neil Birkbeck2

Balu Adsumilli2 Alan C. Bovik1

1Laboratory for Image and Video Engineering (LIVE), The University of Texas at Austin
2Google Inc., Mountain View, CA, USA

Figure 1. Overview of our dataset and performance evaluation. Top: Example comparisons between HDR and SDR frames, illustrating
differences in brightness range, color depth, and visual detail across diverse scenes. Bottom-left: The distribution of video categories in the
HDR-UGC-44K dataset, covering human-centered content, nature & outdoor scenes, and various other real-world scenarios. Bottom-right:
Performance comparison between our proposed HDR-Q model and baseline methods on three datasets, where HDR-Q achieves significant
improvements in PLCC.

Abstract

High Dynamic Range (HDR) user-generated (UGC) videos
are rapidly proliferating across social platforms, yet most
perceptual video quality assessment (VQA) systems re-
main tailored to Standard Dynamic Range (SDR). HDR’s
higher bit depth, wide color gamut, and elevated luminance
range expose distortions such as near-black crushing, high-
light clipping, banding, and exposure flicker that amplify
UGC artifacts and challenge SDR models. To catalyze
progress, we curate HDR-UGC-44K, a large-scale subjec-

tive dataset of ∼44K videos from 6.5K sources with >1.5M
crowd ratings, spanning diverse scenes, capture conditions,
and compression settings. We further introduce HDR-Q,
the first Multimodal Large Language Model (MLLM) for
HDR-UGC VQA. We propose (i) a novel HDR-aware vi-
sion encoder to produce HDR-sensitive embeddings, and
(ii) HDR-Aware Policy Optimization (HAPO), an RL fine-
tuning framework that anchors reasoning to HDR cues.
HAPO augments GRPO via an HDR–SDR contrastive KL
that encourages token reliance on HDR inputs and a gaus-
sian weighted regression reward for fine-grained MOS cal-



ibration. Across HDR-UGC-44K and public HDR-VQA
benchmarks, HDR-Q delivers state-of-the-art performance.
Project page: https://shreshthsaini.github.
io/Beynod8Bits.

1. Introduction
The digital media ecosystem has been transformed by the
explosive growth of user-generated content (UGC) on plat-
forms such as YouTube, TikTok, and Instagram [1, 39, 42].
In parallel, High Dynamic Range (HDR) video has become
mainstream, offering higher bit depth, wider color gamut,
and extended luminance range compared to Standard Dy-
namic Range (SDR) [8, 49, 50, 53]. These characteris-
tics enhance perceptual realism but also accentuate distor-
tions that are less visible in SDR such as near-black crush-
ing, highlight clipping, banding, and exposure flicker of-
ten compounded by compression or capture artifacts com-
mon in UGC (Fig. 2). As a result, evaluating the percep-
tual quality of HDR-UGC content remains an open and un-
derexplored challenge. Existing Video Quality Assessment
(VQA) models struggle in this regime. Methods trained
on professionally generated HDR datasets [8, 53] or SDR-
UGC videos [31, 76] fail to generalize to the heterogeneous
capture conditions, device variations, and uncontrolled dis-
tortions of real-world HDR-UGC. Moreover, current HDR
subjective datasets are small and limited in scope, focusing
primarily on synthetic distortions or curated professional
content [17, 58]. This lack of large-scale, real-world HDR-
UGC annotations represents a major obstacle to developing
models that align with human perceptual judgments.
Meanwhile, multimodal large language models (MLLMs)
have emerged as powerful reasoning systems that unify
perception and language, showing promise for explainable
image and video quality assessment [27, 66–69, 72, 73].
However, their direct application to HDR-UGC VQA faces
key obstacles: (i) standard visual encoders are pre-trained
on SDR data and fail to capture HDR-specific cues; (ii)
obtaining accurate, continuous MOS predictions remains
challenging within the next-token prediction paradigm, as
discrete-level or regression-head approaches [14, 66, 69,
73, 80] lack fine-grained calibration; (iii) without explicit
incentives, policies often neglect HDR inputs and rely on
textual priors, a form of modality neglect [10, 59, 78].
To address these challenges, we introduce HDR-UGC-44K,
the first large-scale, crowdsourced subjective HDR-UGC
quality dataset containing ∼44K videos from 6,861 diverse
sources with over 1.5M human ratings. This dataset pro-
vides the necessary foundation for training and evaluating
models that reflect real-world HDR perceptual phenomena.
Building upon it, we propose HDR-Q, the first multimodal
large language model specifically designed for HDR-UGC
quality assessment. HDR-Q integrates two novel compo-

nents: (i) an HDR-aware vision encoder that learns HDR-
sensitive representations while maintaining semantic align-
ment, and (ii) HDR-Aware Policy Optimization (HAPO),
a reinforcement learning framework that enforces HDR
grounding through an HDR–SDR contrastive KL term, sta-
bilizes entropy, and refines token-level credit assignment
via entropy-weighted advantages. A Gaussian regression
reward further enables fine-grained MOS calibration, while
group-level self-rewarding improves reasoning consistency.
Our contributions are:
• We introduce HDR-UGC-44K, the largest subjective

HDR-UGC quality dataset.
• We propose HDR-Q, a novel MLLM-based VQA model

that combines new HDR-aware vision encoder with our
novel HAPO policy, an RL finetuning paradigm tailored
for perceptual reasoning under HDR conditions.

• Extensive experiments on HDR-UGC-44K and public
HDR benchmarks demonstrate that HDR-Q achieves
state-of-the-art MOS prediction and generates concise,
HDR-grounded rationales, establishing a new direction
for HDR-aware VQA research.

2. Related Work
2.1. HDR-VQA: Datasets & Models
Early VQA datasets such as CVD2014 [41], LIVE-
VQA [52], LIVE-VQC [55], LSVQ [70], MDVQA [76],
and Maxwell [64] enabled both handcrafted [15, 25, 36–
38, 47] and deep VQA models [20, 26, 33, 60–62], but re-
main SDR-oriented and unsuitable for HDR due to funda-
mental differences in luminance and tone-mapping. HDR-
specific subjective datasets [4, 5, 7, 43, 46] addressed this
gap, though many are outdated or restricted. Recent re-
leases such as LIVE-HDR [53] (310 annotated videos) and
SFV+HDR [58] (2,000 clips, 300 rated) provide more reli-
able benchmarks for modern HDR algorithms. Correspond-
ingly, HDR-VQA models have emerged: full-reference
metrics HDR-VQM [40], HDR-BVQM [2], and PU21 [35]
use brightness-aware or perceptually uniform transforms
but rely on references and struggle with diverse HDR dis-
tortions. Blind methods such as HDR-ChipQA [18] and
HIDRO-VQA [49] extend ChipQA and CONTRIQUE [33]
through nonlinear luminance mappings or large-scale unla-
beled HDR data. Nonetheless, existing datasets and models
still fail to capture the heterogeneous degradations of HDR
UGC, motivating new data and modeling strategies.

2.2. MLLM-Based Perceptual Quality Assessment
MLLMs have recently been explored for IQA/VQA. Bench-
marks such as Q-Bench [65] revealed large gaps be-
tween MLLMs and human judgments, spurring instruc-
tion tuning (Q-Instruct [67]) and descriptive distortion rea-
soning (DepictQA, DepictQA-Wild [71, 72]). Compar-
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Figure 2. Typical challenges in HDR-UGC videos, including HDR-specific issues (e.g., highlight clipping, color blooming, dark grain)
and UGC/compression-related artifacts (e.g., color distortion, blocking, ringing, blurring).

ative and ranking-based methods (Compare2Score [80],
VisualQuality-R1 [69]) further improved human alignment,
while Q-Align [66], DeQA-Score [73], and Q-Insight [27]
targeted interpretability, regression fidelity, and joint degra-
dation reasoning. Video extensions include Q-Bench-
Video [77] and MVQA-68K [44], which provide large-
scale, multi-dimensional annotations and textual rationales
for training video-aware MLLM quality evaluators.

Figure 3. Pipeline of HDR-UGC-44K construction.

3. Dataset: HDR-UGC-44K
Existing HDR VQA datasets [9, 17, 50, 53, 58] are lim-
ited in scale, diversity, or dynamic range, and primarily fo-
cus on professionally produced content. In contrast, real-
world HDR user-generated videos (HDR-UGC) exhibit a
far wider range of luminance, motion, and compression
characteristics, often captured under uncontrolled condi-
tions. To bridge this gap, we introduce HDR-UGC-44K,
the largest and most diverse HDR VQA dataset to date, ex-
plicitly designed for real-world HDR-UGC quality assess-
ment.

3.1. Data Collection and Processing
We collected 6,861 unique HDR source videos from two
complementary sources: (1) a dedicated crowdsourcing
campaign where users contributed HDR clips captured on
consumer devices (iPhone, Pixel, Galaxy, etc.) under re-
search consents, contributing 2,253 videos, and (2) pub-

lic HDR videos from Vimeo licensed under Creative Com-
mons, contributing 4,608 videos. This combination en-
sures coverage across human-centric, natural, and low-light
scenes with rich intra and inter-device variability.
Each source video was verified for HDR metadata (PQ
transfer, 10-bit HEVC, BT.2020 gamut) and filtered to
remove duplicates, static frames, and unsuitable con-
tent. Clips were trimmed to a maximum of 10 sec-
onds and transcoded under a bitrate ladder simulating real-
world streaming conditions [3, 19] at multiple resolutions
(1080p–360p) and bitrates (0.2–5 Mbps), see Appendix D.
All versions retained full HDR signaling, producing a total
of ∼44,276 processed video clips, an equal mix of land-
scape and portrait orientations was maintained where possi-
ble. Fig. 1 visualizes the dataset composition and example
content diversity.

3.2. Subjective Quality Study
We conducted a large-scale subjective study on Amazon
Mechanical Turk (AMT), marking the first HDR large-scale
crowdsourced VQA study at this scale. To ensure display
fidelity, only workers with verified HDR-capable devices
and browsers were admitted. Our Human Intelligence Task
(HIT) design incorporated several quality control measures.
Each HIT began with instructions and a qualification quiz
checking for HDR display capability, and understanding of
the task. Participants first completed a training and cali-
bration phase with representative examples and then rated
batches of clips using a continuous 0–100 likert-scale fol-
lowing ITU-R BT.500-14 [23] guidelines. To ensure relia-
bility, we embedded hidden quality control videos (repeats
and golden-set videos with known quality ranges estab-
lished in pilot studies). Strict participant screening and re-
jection criteria were applied based on consistency checks on
control videos, display bit depth, internet speed, task com-



Figure 4. Overview of HDR-Q with HAPO. Left: HAPO compares rollouts under HDR inputs (text + SDR + HDR tokens) versus
an HDR-deprived pathway (text + SDR only), maximizing their KL divergence to enforce HDR grounding and applying dual-entropy
regularization to prevent reward hacking. Group-wise rewards include MOS/attribute accuracy, reasoning quality, and self-rewarding.
Right: a LoRA-tuned LLM decodes the HDR-aware reasoning; visual inputs originate from both a standard encoder and our HDR-aware
adapter.

pletion times, and reported viewing conditions. Golden-
set and repeat videos were embedded to assess intra and
inter-subject consistency. Over 1.5M valid ratings were col-
lected after rigorous quality control. Each video received on
average ∼35 independent ratings. This large-scale design
captures genuine perceptual variability under realistic HDR
viewing conditions.

3.3. MOS Aggregation
To aggregate the subjective ratings into reliable MOS, we
employed the Subjective Reliability (SUREAL) method
[28]. SUREAL provides a Maximum Likelihood Estimate
(MLE) of the true video quality (ψj) by modeling individ-
ual subject ratings (Sij) while accounting for subject bias
(∆i) and inconsistency (νi). The model is given by:

  S_{ij} = \psi _j + \Delta _i + \nu _i X, \quad X \sim \mathcal {N}(0, 1)            (1)

Parameters were estimated to maximize the log-likelihood.
The resulting MOS values exhibit strong inter-subject cor-
relation (median SRCC 0.90), confirming study reliability.
HDR-UGC-44K spans diverse content categories (human,
indoor, outdoor, night, motion-intensive), varying bright-
ness distributions, and wide MOS coverage (10–95). Key
statistics, including spatial/temporal complexity and com-
parisons with existing datasets, is provided in the Appendix
D. HDR-UGC-44K provides an essential foundation for
modern HDR-aware training perceptual models such as
HDR-Q.

4. Preliminaries
Large-scale multimodal reinforcement learning requires
stable optimization without the high variance of critic-based
methods such as PPO [51]. Group Relative Policy Opti-
mization (GRPO) [54] achieves this by normalizing rewards

within a sampled response group, eliminating the need for
a learned value network while preserving sample efficiency.
GRPO [54] has become a key component of modern LLM
and MLLM post-training pipelines [11, 74], particularly
when direct reward modeling is infeasible.
Formulation. Given a multimodal dataset D = {(q, I, a)}
with input prompt q, multimodal input I , and target answer
a, we sample K candidate completions {oi}Ki=1 from the
previous policy πθold . Each completion receives a scalar
reward Ri, and its normalized group-relative advantage is
computed as:

  \begin {aligned} \hat {A}_i &= \frac {R_i - \mu _R}{\sigma _R + \epsilon }, \quad \mu _R = \frac {1}{K}\sum _{j=1}^{K} R_j, \\ \sigma _R &= \sqrt {\frac {1}{K}\sum _{j=1}^{K}(R_j - \mu _R)^2 }. \end {aligned} \label {eq:grpoadv} 
 
 

 


















 

(2)

The clipped surrogate objective becomes:

  \begin {aligned} \mathcal {J}_{\mathrm {GRPO}}(\theta ) &= \mathbb {E}_{(q,I)\sim \mathcal {D},\,o_i\sim \pi _{\theta _{\mathrm {old}}}} \frac {1}{K}\sum _{i=1}^{K}\frac {1}{|o_i|}\sum _{t} \\ &\quad \Big [ \min \!\big (\rho _{i,t}\hat A_i,\, \mathrm {clip}(\rho _{i,t},1-\epsilon ,1+\epsilon )\hat A_i\big ) \\ &\qquad -\beta \,D_{\mathrm {KL}}(\pi _\theta \|\pi _{\mathrm {ref}}) \Big ]. \end {aligned} \label {eq:grpo_obj}   
















       


 




(3)
where ρi,t = πθ(oi,t|q, I, oi,<t)/πθold(oi,t|q, I, oi,<t)

denotes the token-level importance ratio, and πref is a
frozen reference policy that anchors stability.
Limitations. Despite its stability, vanilla GRPO [54]
lacks explicit mechanisms to ensure that the learned pol-
icy grounds its behavior in perceptual cues from the input
modality [59]. In perception-heavy tasks such as HDR-



UGC VQA, this leads to modality neglect [59, 78], where
the policy achieves high textual coherence yet ignores HDR
visual information. It also treats all output tokens equally,
disregarding token-level uncertainty and reasoning structure
issues critical in multimodal reasoning tasks. These limita-
tions motivate our proposed HDR-Aware Policy Optimiza-
tion (HAPO) (Sec. 5.2), which extends GRPO [54] with
HDR–SDR contrastive grounding, dual-entropy regulariza-
tion, and entropy-weighted advantage shaping.

5. Method: HDR-Q
We introduce HDR-Q, a multimodal large language model
(MLLM) designed for perceptual quality assessment of
HDR user-generated videos. The framework couples an
HDR-aware vision encoder with a reinforcement learning
(RL) objective, HDR-Aware Policy Optimization (HAPO),
that explicitly enforces HDR grounding, stabilizes learning
against reward hacking, and improves reasoning fidelity.
As illustrated in Fig. 4, HDR-Q integrates both percep-
tual and reasoning pathways: (i) the HDR-aware encoder
yields HDR-sensitive embeddings that capture luminance
extremes and color-volume fidelity, while (ii) HAPO fine-
tunes the policy to rely on these cues through contrastive,
entropy-regularized RL.

Figure 5. HDR-aware vision encoder finetuning. We adapt
SigLIP-2 [57] using HDR–SDR frame–caption pairs with captions
generated by Qwen2.5-VL-72B, promoting perceptually aligned
HDR embeddings.

5.1. HDR-Aware Vision Encoder
Let v = {xt}Tt=1 denote a 10-bit HDR video in PQ
(BT.2020). We preserve the HDR signal at full preci-
sion avoiding tone compression to retain near-black struc-
ture, highlight dynamics, and wide-gamut color relation-
ships. For contrastive supervision, an SDR counterpart
vSDR = {TM(xt)}Tt=1 is obtained via a deterministic
tone-mapping operator TM(·) (PQ→ γ mapping, quanti-
zation, and BT.709 contraction).
We adapt a pretrained SigLIP-2 encoder [57] Eψ on HDR
frame–caption pairs (xt, ct), where captions are generated
by Qwen2.5-VL-72B [6]. The goal is to yield embeddings
that remain semantically aligned yet intrinsically sensitive
to HDR variations.

Dual-Domain Supervision. A key challenge is that
generic captions ct are equally valid for xt and xSDRt , po-
tentially causing collapse where HDR and SDR embed-
dings overlap. To avoid this, we introduce dual-domain su-
pervision. For each HDR frame xt, we generate xSDRt and
enforce contrastive separation: the HDR embedding must
remain closer to its caption than the SDR embedding:

  \begin {aligned} \mathcal {L}_{\text {contrast}} &= \max \!\Big ( 0,\; \delta - D\!\big (\mathcal {E}_{\psi }(x_t),\,\mathcal {E}_{\psi }(c_t)\big ) \\ &\qquad \quad +\, D\!\big (\mathcal {E}_{\psi }(x^{SDR}_t),\,\mathcal {E}_{\psi }(c_t)\big ) \Big ). \end {aligned}  

 








 




(4)

whereD(·, ·) denotes cosine distance and δ is a margin. The
full encoder loss combines alignment and HDR discrimina-
tion:

  \mathcal {L}_{\mathrm {enc}} = \mathcal {L}_{\mathrm {Sigmoid}}(x_t,c_t) + \lambda _{\mathrm {ctr}}\mathcal {L}_{\mathrm {contrast}}       (5)

ensuring that the learned embeddings remain semantically
faithful while being perceptually attuned to HDR contrast
and luminance cues (see Fig. 5).

5.2. HDR-Aware Policy Optimization (HAPO)
While GRPO [54] stabilizes multimodal RL, it offers no
guarantee that the policy exploits visual cues rather than
textual priors. HAPO extends GRPO [54] with three
HDR-specific components that explicitly enforce modality
grounding (See Appendix E):

(i) HDR–SDR Contrastive KL. To prevent modality ne-
glect [78], we contrast rollouts with and without HDR to-
kens:

  \small \mathcal {K}_{\text {HDR}}(\theta ) = D_{\text {KL}}\!\big (\pi _\theta ^{HDR}\,\|\,\pi _\theta ^{SDR}\big ) \label {eq:klhdr}  







(6)

where πHDRθ and πSDRθ are policies with and without
HDR input. Maximizing KHDR ensures that removing
HDR tokens significantly perturbs the decoding distribu-
tion, thereby incentivizing the model to exploit HDR-
specific information rather than collapsing into SDR-only
reasoning.

(ii) Dual-Entropy Regularization. A well-known pitfall
in contrastive KL maximization is entropy inflation, the pol-
icy can trivially satisfy the objective by producing overly
uncertain outputs [45, 75]. To prevent this, we introduce
policy entropy regularization on both HDR and SDR path-
ways:

  \begin {aligned} \mathcal {H}_{\text {dual}}(\theta ) &= \mathbb {E}_{o\sim \pi _{\theta _{old}}} \frac {1}{K}\!\sum _{i,t} \Big [ \eta _1\,\mathcal {H}\!\left (\pi _\theta ^{HDR}(o_{i,t})\right ) \\ &\qquad \qquad \qquad +\, \eta _2\,\mathcal {H}\!\left (\pi _\theta ^{SDR}(o_{i,t})\right ) \Big ]. \end {aligned}  















 







(7)



where H denotes token-level entropy, i.e. H(πθ) = log πθ,
and η1 and η2 are hyperparameters. This prevents collapse
while preserving sharp, HDR-grounded distributions.

(iii) High-Entropy Weighting (HEW). GRPO assigns
the same normalized advantage Âi to all tokens of a com-
pletion oi, regardless of their informativeness. However,
recent work [12] demonstrates that reinforcement learning
benefits from focusing policy gradients of tokens promot-
ing exploration, and thus improving reasoning, while to-
kens following fixed reasoning path provide little signal.
In HDR-UGC VQA, high-entropy tokens typically occur
when the model must identify or calibrate HDR-specific
distortions (e.g., banding in gradients, highlight clipping,
near-black crushing). By amplifying the learning signal at
these tokens, HEW directs policy optimization toward the
most informative reasoning steps, yielding stronger HDR
grounding and more precise MOS predictions. We then
rescale the group-normalized advantage Âi into a token-
specific advantage:

  \begin {aligned} w_{i,t} &= \mathrm {clip}\!\Bigg ( 1+\lambda _{\mathrm {HEW}} \frac {H_{i,t}}{\tfrac {1}{|o_i|}\sum _{t'=1}^{|o_i|} H_{i,t'}}, \, w_{\min },\, w_{\max } \Bigg ), \\ \tilde {A}_{i,t} &= w_{i,t}\cdot \hat A_i . \end {aligned} \label {eq:hew}  


 








 




   
(8)

where Hi,t is per-token entropy.

Full HAPO Objective. Combining these terms yields:

  \begin {aligned} \mathcal {J}_{\text {HAPO}}(\theta ) = \mathbb {E}_{o\sim \pi _{\theta _{\text {old}}}}\Bigg [ \frac {1}{K}\sum _{i,t} \min \!\Big ( \rho _{i,t}\tilde {A}_{i,t},\, \\ \quad \mathrm {clip}(\rho _{i,t},1-\epsilon ,1+\epsilon )\tilde {A}_{i,t} \Big ) \Bigg ] \\ \quad -\beta \,D_{\text {KL}}\!\left (\pi _\theta ^{HDR}\,\|\,\pi _{\text {ref}}\right ) +\gamma \,\mathcal {K}_{\text {HDR}}(\theta ) -\mathcal {H}_{\text {dual}}(\theta ). \end {aligned}  













     










(9)

This enforces HDR-aware reasoning while maintaining sta-
ble optimization.

Mutual Information Perspective. Our HDR–SDR con-
trastive KL can be interpreted as enforcing an information-
theoretic dependency between HDR inputs and model out-
puts. Let v denote the HDR video, vSDR its SDR tone-
mapped counterpart, and o the output sequence. By apply-
ing variational mutual information bounds [24, 32], we ob-
tain Ev,vSDR [KHDR(θ)] as:

  \begin {aligned} \mathbb {E}_{v,v^{SDR}}\, \mathbb {E}_{o\sim \pi _\theta (\cdot \,|\,v,v^{SDR})} \Bigg [ \log \frac { \pi _\theta (o\,|\,v,v^{SDR}) }{ \pi _\theta (o\,|\,v^{SDR}) } \Bigg ] \\ \;\;\ge \; I_\theta \!\left (o;\,v,v^{SDR}\,\middle |\,v^{SDR}\right ) -\kappa _\theta . \end {aligned} \label {eq:info_bound}   




  
 





 

 

(10)

where Iθ(o; v, vSDR|vSDR) is the conditional mutual infor-
mation under πθ, and κθ captures mismatch due to condi-

Table 1. Performance on HDR-UGC-44K. Best results in blue
bold, second best are underlined

.
Model SRCC(\delimiter "3222378 ) PLCC(\delimiter "3222378 ) RMSE(\delimiter "3223379 ) KRCC(\delimiter "3222378 )

DL models
BRISQUE [36] 0.4096 0.4689 11.7019 0.2797
CONTRIQUE [33] 0.6245 0.6054 15.0224 0.4464
RE-IQA [48] 0.5698 0.5441 17.9049 0.4038
VBLIINDS [47] 0.4440 0.4397 11.7234 0.3044
CONVIQT [34] 0.7987 0.8099 8.4807 0.6095
FastVQA [60] 0.4909 0.4193 26.1325 0.3398
FasterVQA [61] 0.4808 0.3224 29.6357 0.3367
DOVER [62] 0.5094 0.5037 16.7176 0.3548
COVER [20] 0.6645 0.6645 16.8597 0.4870
HDRMAX [53] 0.6054 0.6070 10.1400 0.4277
HDRChipQA [18] 0.7180 0.7290 8.2987 0.5282
HIDROVQA [49] 0.8508 0.8784 6.0875 0.6694

MLLM base model
Qwen2.5-VL(7B) [6] 0.3089 0.3228 27.8899 0.2432
GLM-4.1V-Thinking(9B) [21] 0.2641 0.3944 23.8883 0.2924
Ovis2.5(9B) [30] 0.3423 0.3860 26.7570 0.2823
OmniLong-Qwen2.5-VL(7B) [56] 0.3472 0.3595 25.7616 0.2677

MLLM VQA model
Q-Align [66] 0.4615 0.3673 20.3411 0.3257
Q-Insight [27] 0.5170 0.5621 20.7832 0.4138
Q-Instruct [27] 0.5035 0.4712 19.6567 0.3496
DeQA [73] 0.5064 0.4642 19.5772 0.3586
Visual-Quality-Q1 [69] 0.3909 0.3617 23.6462 0.2809

HDR-Q (SDR) 0.8914 0.8895 7.4240 0.7052
HDR-Q (full) 0.9206 0.9118 5.1594 0.7218

tioning on vSDR. This result shows that maximizing equa-
tion 6 provably increases HDR informativeness, ensuring
the policy relies on HDR-specific cues rather than collaps-
ing to SDR-only reasoning.

5.3. Rewards and Training Pipeline
HAPO jointly optimizes three reward signals: format
(Rfmt), regression accuracy (Rsc) [27, 69, 72], and self-
consistency (Rself) [79] combined as

  \mathcal {R}_i=w_{\text {fmt}}R_{\text {fmt}}+ w_{\text {sc}}R_{\text {sc}}+ w_{\text {self}}R_{\text {self}}.        (11)

A Gaussian-weighted score reward stabilizes fine-grained
MOS prediction, while the self-reward consolidates within-
group consensus.

Two-Stage RL Training. Our training follows a two-
stage RL-based paradigm [10, 13], both optimized with the
same objective but serving distinct purposes:
• Stage 1 (Modality Alignment): aligns HDR tokens and

projection layers via short HAPO runs.
• Stage 2 (Full-RFT): applies complete HAPO optimiza-

tion on the HDR-UGC corpus, balancing distortion diver-
sity and reasoning quality.

Overall, HDR-Q unifies perceptual sensitivity and reason-
ing stability, the HDR encoder injects physical luminance
awareness, contrastive KL enforces grounding, entropy reg-
ularization curbs uncertainty, and HEW refines token-level
learning yielding accurate, interpretable HDR-aware qual-
ity judgments.



You are an expert HDR video quality assessor. Analyze the video content and technical quality.
You must provide step-by-step .... Rate the overall quality of the video in 0-100 range, ... output
the final answer with only score in <answer></answer>.

Question

Ovis 2.5

   HAPO (ours)

<think> The image shows an indoor scene ... Overall, the details are well preserved, the colors look natural. ...
However, further checking is necessary. ... The brightness of the image appears uneven: the trees on the left
seem clearly underexposed, while the right side appears overexposed due to strong light. The plant colors
lean toward a grayish green, suggesting poor color reproduction. The purple flowers also show color blooming,
making the hues look unnatural.Therefore, the final score is 95.</think>
<answer>95</answer>

<think>The video shows a lush indoor botanical space... highlights in the mist roll off smoothly without harsh
clipping, ... the hues remain stable without notable chroma shifts. Some fine detail is softened in the mistier
regions, but this aligns with the natural ambience. Motion through the foliage likely feels gentle, with no
obvious signs of jitter or smear. Overall, the scene benefits from balanced luminance, strong color
reproduction, and clean gradients, giving the video a polished HDR appearance.</think>
 <answer>{“82”}</answer>

Figure 6. Given the same HDR video, OVIS 2.5 produces multiple
incorrect judgments. In contrast, our HAPO-enhanced HDR-Q
provides HDR-grounded reasoning. (Best viewed zoomed in)

6. Experiments
6.1. Experimental Setup

Datasets. We evaluate HDR-Q on the curated HDR-
UGC-44K benchmark and test generalization on two
public HDR-VQA datasets: LIVE-HDR [53] and
SFV+HDR [58]. HDR-UGC-44K is split by source
identity into 70%/20%/10% train/val/test to avoid overlap.
Metrics. Following VQA convention [31, 34, 49, 50], we
report Spearman’s Rank (SRCC), Pearson’s Linear (PLCC),
and Kendall’s Rank (KRCC) correlations (\delimiter "3222378 higher is bet-
ter), and RMSE (\delimiter "3223379 lower is better) against MOS.
Baselines. We compare four category of methods. (i) NR-
VQA: BRISQUE [36], VBLIINDS [47], FastVQA [63],
FasterVQA [61], DOVER [62], CONVIQT [34],
COVER [20]; (ii) HDR-VQA: HDRMAX [16], HDR-
ChipQA [18], HIDRO-VQA [49]; (iii) MLLM/VLM-
VQA: Q-Align [66], Q-Instruct [67], Q-Insight [27],
DeQA [73], Visual-Quality-R1 [69]; (iv) Base MLLMs:
Qwen2.5-VL [6], GLM-4.1V-Thinking [21], Ovis2.5 [30],
OmniLong-Qwen2.5-VL [56]. Where applicable, methods
are re-trained on HDR-UGC-44K using authors’ protocols;
others are evaluated in their released form.
Implementation details. HDR-Q is built on Ovis2.5 [30]
with rank-4 LoRA adapters [22]. Frames are ingested at
native 10-bit PQ (no linear downscaling). Each clip is uni-
formly sampled into T = 8 frames; visual tokens from
Eψ(xt) and SDR tokens from Eψ(xSDR

t ) feed the language
decoder via learned projections. In HAPO, group size K =
8; clip range ϵ = 0.1 (clip-higher); reference KL weight
β = 0.02; HDR–SDR contrastive KL weight γ = 0.5; pol-
icy entropy η1, η2 = 0.01, 0.05; HEW modulation λHEW =
0.3 withwmin = 0.5, wmax = 2.0. In gaussian score reward
Rsc we use σ = 3 and α = 1; weights (wfmt, wsc, wself)

tuned on validation. We use AdamW [29], lr 1×10−5, batch
size of 4. We use four NVIDIA H200 GPUs for training.

6.2. Main Results

Overall performance on HDR-UGC-44K. Table 1 re-
ports quantitative results on HDR-UGC-44K. HDR-Q
consistently outperforms all SDR, HDR, and MLLM-
based baselines across correlation metrics, with substantial
gains in RMSE. Against HDR-ChipQA [18] and HIDRO-
VQA [49], HDR-Q achieves higher SRCC/PLCC with
lower RMSE, indicating the benefits of HDR-aware embed-
dings plus HAPO grounding. Against FastVQA [63] and
DOVER [62], HDR-Q remains robust despite diverse UGC
capture pipelines. Relative to all MLLM and VLM models,
HDR-Q’s gains stem from HDR-aware encoder finetuning
on 10-bit PQ without linear SDR scaling, and HDR–SDR
contrastive KL (prevents modality neglect). To test robust-
ness, we evaluate zero-shot transfer on LIVE-HDR [53] and
SFV+HDR [58] (Table 2). HDR-Q retains high correlation
and low error without retraining evidence that its HDR-
aware encoder and HAPO grounding produce representa-
tions that generalize across UGC and PGC HDR domains.
HDR-Q generates concise, HDR-aware reasoning (Fig. 6),
detecting “natural indoor scene,” “possible hues from
chroma shifts,” or “jitter” and linking them to perceptual
judgments. Fig. 7 shows that HAPO stabilizes CoT length
while HEW concentrates gradients on informative tokens
yielding efficient and interpretable reasoning.

((a)) CoT Length ((b)) Token Entropy

Figure 7. Analysis of Chain-of-Thought (CoT) Length and Token
Entropy over training iterations. (a) shows the decrease in CoT
length, while (b) shows the corresponding increase in token en-
tropy.

6.3. Ablation Studies

Table 3 quantifies the contribution of each component. Re-
moving HDR finetuning drops SRCC markedly, confirm-
ing that 10-bit cues are essential. Omitting HDR–SDR KL
causes modality neglect, while disabling entropy regular-
ization yields unstable, verbose reasoning. HEW improves
token-level credit assignment, and self-rewarding enhances
stability on noisy samples.



Table 2. Cross-dataset performance Comparison on LIVE-HDR [53] and SFV+HDR [58] Datasets.

Model LIVE-HDR SFV+HDR
SROCC(\delimiter "3222378 ) PLCC(\delimiter "3222378 ) RMSE(\delimiter "3223379 ) KRCC(\delimiter "3222378 ) SROCC(\delimiter "3222378 ) PLCC(\delimiter "3222378 ) RMSE(\delimiter "3223379 ) KRCC(\delimiter "3222378 )

DL models
BRISQUE [36] 0.7251 0.7139 12.6404 0.3424 0.4664 0.4186 0.3811 0.3165
CONTRIQUE [33] 0.8170 0.7875 11.2514 0.5876 0.5901 0.5959 0.3368 0.4204
RE-IQA [48] 0.7196 0.6883 15.1653 0.5197 0.5822 0.5998 0.3072 0.4145
VBLIINDS [47] 0.7483 0.7193 12.7794 0.2541 0.3335 0.2713 0.3988 0.2300
CONVIQT [34] 0.7922 0.8001 11.9681 0.6041 0.5736 0.6017 0.3412 0.4170
FastVQA [60] 0.5182 0.5727 18.8379 0.3822 0.7130 0.7295 0.7467 0.5193
FasterVQA [63] 0.3385 0.4114 22.1425 0.2282 0.6948 0.6889 0.3081 0.5089
DOVER [62] 0.6303 0.6832 17.0005 0.4692 0.6001 0.6154 0.5750 0.4270
COVER [20] 0.5022 0.5013 21.3297 0.3731 0.6613 0.7048 0.6831 0.4705
HDRMAX [53] 0.6308 0.5088 15.4146 0.4509 0.5371 0.5463 0.3495 0.3821
HDRChipQA [18] 0.8250 0.8344 9.8038 0.4501 0.6296 0.6508 0.3271 0.4440
HIDROVQA [49] 0.8793 0.8678 8.8743 0.6919 0.7003 0.7320 0.2735 0.5156

MLLM base model
Qwen2.5-VL(7B) [6] 0.3099 0.3630 30.2082 0.2411 0.2925 0.2696 0.7480 0.2270
GLM-4.1V-Thinking(9B) [21] 0.4513 0.5517 26.3800 0.3464 0.5971 0.6066 0.4591 0.4484
Ovis2.5(9B) [30] 0.2948 0.3124 29.7789 0.2154 0.5909 0.5317 0.7016 0.4528
OmniLong-Qwen2.5-VL(7B) [56] 0.2403 0.2223 29.7394 0.1853 0.2363 0.2212 0.7403 0.1823

MLLM VQA model
Q-Align [66] 0.3346 0.3604 19.8287 0.2313 0.6968 0.6709 0.5097 0.4991
Q-Insight [27] 0.3675 0.3825 25.0578 0.2820 0.6266 0.4685 0.6636 0.4747
Q-Instruct [67] 0.4083 0.4340 23.1015 0.2839 0.5830 0.5501 1.0250 0.3975
DeQA [73] 0.3321 0.3809 19.3193 0.2298 0.6850 0.6721 0.4452 0.4845
Visual-Quality-Q1 [69] 0.4824 0.5394 20.8971 0.3564 0.5955 0.5577 0.5878 0.4416

HDR-Q (SDR) 0.8542 0.8445 12.4121 0.6681 0.6971 0.7019 0.3075 0.4885
HDR-Q (full) 0.9081 0.8978 7.6031 0.7363 0.7251 0.7502 0.2514 0.5261

Table 3. Component ablation on HDR-UGC-44K. ✓=enabled, ✗=disabled. CoT len: CoT length and Tok. H: mean token entropy.

Variant HDR-Enc. HAPO HDR–SDR KL Dual Ent. HEW Self-R. PLCC SRCC RMSE KRCC CoT len Tok. H

GRPO baseline ✗ ✗ ✗ ✗ ✗ ✗ 0.79 0.81 10.73 0.56 168 0.20
GRPO + HDR-Enc. ✓ ✗ ✗ ✗ ✗ ✗ 0.81 0.83 8.96 0.61 161 0.24
HAPO w/o HDR–SDR KL ✓ ✓ ✗ ✓ ✓ ✓ 0.84 0.86 7.10 0.64 142 0.29
HAPO w/o Dual Ent. ✓ ✓ ✓ ✗ ✓ ✓ 0.89 0.91 5.82 0.71 148 0.26
HAPO w/o HEW ✓ ✓ ✓ ✓ ✗ ✓ 0.87 0.88 6.11 0.68 155 0.27
HAPO w/o Self-Reward ✓ ✓ ✓ ✓ ✓ ✗ 0.90 0.92 5.22 0.71 140 0.31
HDR-Q (Full) ✓ ✓ ✓ ✓ ✓ ✓ 0.91 0.92 5.15 0.72 137 0.33

Reasoning dynamics. Fig. 7 shows that HAPO reduces
unnecessary CoT length over time while maintaining or im-
proving accuracy, suggesting better use of visual evidence
rather than increase in boilerplate rationales.

6.4. Complexity and Throughput
HAPO only adds an additional SDR-path forward pass only
during training. Inference cost equals a single HDR path
decode, maintaining competitive throughput on NVIDIA
H200 GPUs.

7. Conclusion
We tackled the critical challenge of perceptual quality as-
sessment for the fast-growing domain of HDR-UGC videos.
We introduced HDR-UGC-44K, the largest crowdsourced
subjective dataset for real-world HDR content, spanning di-
verse scenes, devices, and compression settings. We further
proposed HDR-Q, the first MLLM for HDR VQA, com-

bining our novel HDR-aware vision encoder with HDR-
Aware Policy Optimization (HAPO), a reinforcement learn-
ing framework that enforces HDR–SDR perceptual ground-
ing and stabilizes reasoning via dual-entropy regularization
and entropy-weighted credit assignment. HAPO enables
accurate, interpretable, and HDR-sensitive quality reason-
ing. HDR-Q achieves state-of-the-art alignment with hu-
man opinion scores across HDR-UGC-44K, LIVE-HDR,
and SFV+HDR. By releasing the dataset, we hope to cat-
alyze future research in HDR-aware perception, evaluation,
and generative model alignment.
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