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Beyond distortions: a benchmark 
for subjective evaluation of image 
rendering quality
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Traditional Image Quality Assessment (IQA) has primarily aimed to quantify perceptual quality in terms 
of technical degradations such as noise, blur, or compression artifacts. However, in image rendering, 
the key factor influencing perceived quality is not the presence of degradations but the manner in 
which color processing algorithms are applied, as they directly shape the overall aesthetic appearance 
of the image. To date, the quantitative evaluation of how rendering methods affect image quality 
has been insufficiently addressed. In this work, we introduce Image Rendering Quality Assessment 
(IRQA) as a new problem setting within IQA and present REPID, a benchmark designed for its study. 
REPID contains 30,000 edited images and preference annotations collected from 13,648 voters, 
resulting in an over 2.5 million unique votes. Based on REPID, we investigate content-dependent 
render preferences and the influence of rendering parameters, and further explore applications such 
as aesthetic preference prediction (including personalization), render ranking, and benchmarking of 
aesthetic evaluation methods. We further perform an extensive experimental comparison of traditional 
IQA metrics, handcrafted features, deep learning approaches, and foundation-model embeddings. 
On the REPID benchmark, IRQA-specific models achieve up to 40% better precision than conventional 
distortion-oriented IQA methods.
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Image Quality Assessment refers to the task of automatically evaluating the quality of images in a way that aligns 
with human perception. Accurate IQA is critical for the development and optimization of computer vision and 
image processing algorithms, as it provides an objective signal that guides models toward producing results 
that are visually pleasing or perceptually faithful2. Whether in image compression, enhancement, restoration, 
or generation, IQA metrics are expected to help ensure that algorithmic outputs meet human expectations of 
quality, as well as to measure the performance of the algorithms themselves.

Traditional IQA research has focused primarily on assessing the degradation of perceived image quality 
introduced by the presence of distortions such as noise, blur, or compression artifacts. Over time, however, the 
field recognized that perceived image quality extends beyond simple degradations: viewers judge an image not 
only by the absence of artifacts, but also by how convincingly it conveys realism and visual appeal. This shift 
in perspective motivated the creation of modern subjective IQA datasets, such as UHD-IQA3, which capture 
human judgments on more holistic attributes, including composition, resolution, and color harmony, without 
requiring a pristine reference. However, even in subjective IQA datasets3, participants are typically asked to 
rate the overall quality of individual images, not to compare different stylistic renditions of the same scene. As 
a result, such datasets capture judgments about technical fidelity or perceptual realism rather than aesthetics of 
rendering, and are not suited for modeling user preferences between alternative rendering interpretations, which 
could be captured much more easily if datasets such as UHD-IQA contained pairwise evaluation results.

Image Rendering Quality Assessment introduces a qualitatively different challenge. Aesthetics of rendering is 
not characterized by degradations, but by aesthetic attributes such as color usage, texture, and artistic expression. 
Importantly, while image degradations are known to be of lesser quality than the original image, multiple 
renderings can be equally valid and pleasing, making rendering preference inherently subjective and context-
dependent. Unlike quality degradations, which tend to have a broadly agreed-upon negative impact, rendering 
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variation often reflects personal, cultural, or situational preferences. Finally, because there is no objectively 
correct answer for the most pleasant rendering, it is impossible to guarantee whether users select their responses 
attentively, making the annotation process vulnerable to careless behavior4.

Despite growing interest in modeling visual aesthetics and render, the field lacks robust datasets that reflect 
the subjective nature of style perception. Existing IQA datasets are not suitable for learning or evaluating models 
that aim to predict human render judgments, as they are designed for scenarios with clear perceptual rankings, 
see Fig. 1. This absence of IRQA data hinders progress in developing algorithms that can interpret and predict 
nuanced aesthetic preferences.

To address this gap, we introduce the Rendering Evaluation of Photographic Image Dataset (REPID), a new 
benchmark specifically designed to allow learning subjective judgments of image rendering. REPID is constructed 
by augmenting the MIT-Adobe FiveK dataset5 with pairwise human preference scores obtained through 
a crowdsourced evaluation platform. Each pair of image renderings was evaluated by at least 25 evaluators, 
with a total of 13, 648 unique evaluators participating overall. These annotations enable the development of 
IRQA models that go beyond degradation-focused assessments and instead capture the more nuanced, human-
centered perception of rendering.

The dataset includes both the complex, photographer-specific rendering variations originally present in the 
MIT-Adobe FiveK dataset, as well as simpler rendering modifications such as subtle adjustments in contrast. 
This diversity allows REPID to reflect a broader and more realistic range of aesthetic choices. To the best of our 
knowledge, this is the first dataset of its kind, making it possible to conduct experiments on subjective rendering 
perception that were previously impractical or infeasible.

The paper is structured as follows: Section  2 gives a preview of the related work, in Section  3 the new 
Rendering Evaluation of Photographic Image Dataset is described, in Section 4 the analysis of users’ preferences 
is performed, Section  5 describes some new models for IRQA and their quality, in Section  6 the results are 
presented, and Section 7 concludes the paper.

Related work
The section on related work is organized into two key subsections, aligning with the paper’s core contributions. 
First, existing research on the development of standardized benchmark databases for IQA is comprehensively 
reviewed. Second, the state-of-the-art methods for no-reference (NR) IQA are critically analyzed. This dual-
pronged approach enables a systematic examination of both (1) the foundational datasets essential for reliable 
evaluation and (2) the most advanced techniques driving progress in NR-IQA.

Fig. 1.  Limitations of the existing IQA methods: while LIQE1 assigns nearly identical quality scores 
with standard deviations from the mean value 3.5% across evaluations, subjective evaluation reveals 
clear differences. Our work addresses this gap by introducing a new benchmark Rendering Evaluation of 
Photographic Image Dataset (REPID).
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Benchmark IQA datasets
In recent years, numerous IQA datasets have been introduced. Benchmarks such as LIVE6, VCL@FER7, NITS-
IQA8, and CSIQ9 comprised limited sets of images with diverse distortion types, annotated using controlled 
laboratory studies. Subsequent efforts such as TID201310 and MDID11 expanded dataset sizes but remained 
insufficient for training data-hungry deep learning models due to their inherent scale limitations. A key 
bottleneck is the labor-intensive and costly subjective scoring process, which hinders the creation of large-scale 
datasets. As a result, only a few sizable datasets such as PDAP-HDDS12 exist. Moreover, synthetically marked-
up datasets also exist, e.g., KADIS-700k13 with markups obtained by a model trained on KADID-10k13, but 
unfortunately their utility is compromised for certain evaluation tasks.

Recent studies14,15 demonstrate that, with proper experimental design, crowdsourced annotations can 
achieve a reliability comparable to laboratory settings. Moreover, in prior work4, the reliability and stability 
of using crowdsourcing for stylistic and rendering evaluation was investigated, demonstrating its effectiveness 
as a viable data collection method. Crowdsourcing is becoming increasingly important and relying on it has 
enabled the creation of large-scale, diverse IQA datasets such as KonIQ-10k16 and UHD-IQA3, which address 
the scalability limitations of traditional approaches. Unlike earlier benchmarks constrained by small sample 
sizes or missing subjective labels, these datasets leverage crowdsourcing to balance scale and annotation quality, 
making them more suitable for modern data-driven IQA methods.

The aforementioned works primarily address objective IQA, focusing on technical distortions such as noise 
or compression artifacts. In contrast, a separate line of research targets image aesthetics evaluation, which 
evaluates subjective preferences and perceptual appeal. Prominent datasets in this domain include AVA17, AVA-
PD18, and EVA19. Unlike technical IQA benchmarks, these datasets evaluate aesthetics by comparing entirely 
different scenes, where users select the most visually pleasing image within a broad theme, e.g., “flying bird”. 
Finally, recent work PARA20 also investigates image aesthetics. However, its annotation methodology does not 
involve direct comparisons between multiple renderings of the same scene, which limits its ability to capture 
user preferences specific to image post-processing, while chosen annotation methodology limits achievable 
precision21. This makes it difficult to assess the contribution of stylization or rendering to overall image quality.

Recently, a growing research trend has emerged to evaluate the quality of AI-generated images, addressing 
unique challenges such as perceptual realism, semantic consistency, and technical artifacts. Datasets like 
HPDv222, AGIQA-3k23, AIGIQA-20k24, and PKU-I2IQA25 have been developed to assess these aspects. These 
datasets typically employ a structured methodology: multiple images are generated for each prompt, and then 
their quality, authenticity, and prompt alignment are rigorously validated using mean opinion scores. This 
approach provides a standardized framework to assess the rapidly evolving capabilities of generative AI models.

Several tone-mapped image quality datasets have as well been introduced26,27, in which multiple tone mapping 
operators  (TMOs) are applied to high dynamic range  (HDR) images to produce low dynamic range  (LDR) 
outputs of varying perceptual quality (we use the term HDR in the traditional sense of a high-range image 
destined for reduction to SDR — Standard Dynamic Range — rather than the newer display technology that 
presents actual HDR to the viewer). While TMOs do not introduce degradations in the traditional sense, making 
these datasets somewhat aligned with the subjective nature of our work, they differ fundamentally in scope 
and application. Specifically, the input and output images in such datasets belong to different dynamic ranges, 
making the transformations more technical than stylistic. Moreover, these datasets do not address or address 
minimally the broader and more common use cases involving stylistic and rendering variation within the same 
dynamic range, such as color grading, contrast adjustments, or photographic render emulation, which are the 
core of IRQA and the focus of this work.

The UHD-IQA Benchmark Database3 contains 6073 ultra-high-definition  (4K) images collected from 
Pixabay and curated to exclude synthetic or heavily retouched content. Image quality was assessed in a single-
stimulus protocol, where 10 expert raters composed of photographers and graphic artists judged each image twice 
on a continuous scale from bad (1%) to excellent (100%), yielding around 20 ratings per image. The resulting 
mean opinion scores provide ground-truth annotations, with high inter-round consistency measured by the 
Spearman Rank Order Correlation Coefficient (SRCC), reported at approximately 0.93. Along with perceptual 
quality ratings, the dataset includes metadata such as image dimensions, popularity indicators, and machine-
generated tags, making it one of the largest and most comprehensive publicly available benchmarks for no-
reference image quality assessment in the UHD domain. However, the dataset contains only a single rendering 
per image, limiting its usefulness for evaluating different renderings of the same scene; moreover, the absence of 
pairwise comparisons further limits its ability to capture fine-grained perceptual differences.

Overall, none of the aforementioned works explicitly addresses IRQA. While existing approaches focus on 
quantifying technical distortions — such as noise, blur, or compression artifacts — that degrade generic image 
quality, they largely overlook the perceptual impact of artistic render, see Table 1. The goal of this paper is exactly 
to fill this niche.

Benchmark NR-IQA methods
For IQA tasks, numerous methodological approaches exist. The field of IQA is dominated by two primary 
approaches: full-reference and no-reference methods. Full-reference techniques require a complete, high-fidelity 
reference image for comparison to quantify perceptual degradation. Conversely, no-reference methods operate 
without any reference image, directly estimating the quality score based solely on the features of the test image. 
In our work, since we propose a dataset without reference images (i.e., “gold standard” for comparison exists), 
traditional full-reference metrics like SSIM28, PSNR, or LPIPS29 cannot be directly applied. Consequently, our 
analysis focuses exclusively on NR-IQA methods.

NR-IQA approaches can be broadly categorized into two paradigms:
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•	 Statistical methods, that employ handcrafted heuristics to detect specific artifacts (e.g., noise, blur, compres-
sion artifacts) based on measurable image statistics. These methods typically rely on domain knowledge about 
common distortion types and their observable effects on image properties.

•	 Deep learning (DL) methods, that utilize data-driven feature extraction to automatically learn complex qual-
ity-relevant patterns. Unlike statistical approaches, DL models can adapt to image content and capture more 
sophisticated quality attributes through hierarchical feature learning. This enables them to handle diverse 
distortion types and content variations more effectively.

One of the most widely used statistical approaches for NR-IQA is BRISQUE30. This method extracts a set of 
handcrafted features based on natural scene statistics and employs a Support Vector Regressor (SVR)31 to predict 
the final quality score. More recently, PIQUE32 has adopted a similar paradigm, leveraging perceptually relevant 
features in conjunction with a statistical learning framework to estimate image quality.

BLIINDS-II33 similarly operates within the natural scene statistic (NSS) paradigm but shifts feature extraction 
to the frequency domain, constructing a generalized statistical model of local discrete cosine transform (DCT) 
coefficients. The parameters of this model are used within a Bayesian inference framework to predict perceptual 
quality scores, requiring only minimal training. Evaluated on the LIVE IQA database, BLIINDS-II achieves 
correlation with human visual judgements at a level competitive with the full-reference SSIM index.

SSEQ34 departs from both spatial and DCT-domain modelling by extracting local spatial and spectral entropy 
features, deploying a two-stage SVM-based framework that first classifies the distortion type before estimating 
quality. The resulting index is capable of assessing image quality across multiple distortion categories and has 
been shown to outperform several leading NR-IQA methods, including BIQI, DIIVINE, and BLIINDS-II, as 
well as the full-reference SSIM, while maintaining comparatively low computational complexity.

NIQE35 represents a distinct class of NR-IQA method in that it operates entirely without exposure to distorted 
images or human opinion scores, relying solely on measurable deviations from the statistical regularities of 
natural images. Quality is expressed as a distance metric between multivariate Gaussian models fitted to NSS 
features extracted from the test image and from a corpus of pristine natural images.

With the emergence of large-scale IQA datasets, DL-based methods have gained significant traction. Early 
works such as OG-IQA36, DeepBIQ37, MUSIQ38, PaQ-2-PiQ39, CONTRIQUE40, Re-IQA41, and ARNIQA42 
explore various deep learning paradigms, including patch-based learning, contrastive representation learning, 
and transformer-based architectures, to improve the accuracy and generalizability of IQA models.

A blind NR-IQA method for HDR content was proposed by Wan et al.43, combining multi-scale Retinex-
based perception features with deep features extracted from a pretrained VGG16 network, and using SVR for 
final quality prediction.

Furthermore, a growing number of recent approaches incorporates vision-language models for image quality 
assessment. For instance, CLIP-IQA44 estimates image quality by computing the cosine similarity between 
visual embeddings and text prompts such as “This photo is good” and “This photo is bad.” Building upon this 
idea, LIQE1 improves the framework by fine-tuning both visual and textual encoders and introducing a multi-
task optimization strategy, which enhances robustness, particularly due to its use of large-scale training data. 
Subsequently, QualiCLIP45 was designed to be more sensitive to varying levels of image distortion. Most recently, 
LAR-IQA46 demonstrated that incorporating KANs47 can further boost model performance.

More recently, RAM-VQA48 has extended the vision-language paradigm to the video domain, proposing a 
Restoration-Assisted Multi-modality framework that leverages video restoration as a proxy task to explicitly model 
distortion-sensitive features, which are subsequently fused with multi-modal quality representations to improve 
predictive robustness. A separate line of work addresses the specific challenges posed by omnidirectional video, 
where the scarcity of annotated training samples presents a fundamental obstacle to learning adequate distortion 
representations. DS-MAE49 tackles this by adapting the masked autoencoder paradigm to the omnidirectional 
video quality assessment (OVQA) problem. Rather than masking arbitrary patches as in standard MAE, DS-
MAE replaces distorted regions with their undistorted counterparts and trains the autoencoder to reconstruct the 
original distortions, directly imbuing the learned representations with sensitivity to perceptual degradations. A 

Dataset # Scenes
# Edited
Images IQA Task # Voters Method

LIVE6 29 779 Distortion 29 SS

CSIQ9 30 866 Distortion 25 N/A

VCL@FER7 23 552 Distortion 118 SS

TID201310 25 3,000 Distortion 971 PC

PDAP-HDDS12 250 12,000 Distortion 38 ACR

KonIQ-10k16 10,073 0 Distortion, Content 1,459 ACR

KADID-10k13 81 10,125 Distortion 2,209 ACR

UHD-IQA3 6073 6073 Content 10 SS

REPID 5000 30,000 IRQA 13,648 PC

Table 1.  Dataset summary for most relevant IQA datasets compared to our IRQA dataset. In this table in the 
method column ACR stands for 5-point Absolute Category Rating, SS for Single Stimulus, and PC for pairwise 
comparison.
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knowledge replay module is additionally employed to mitigate catastrophic forgetting of content representations 
during training. The resulting OVQA model, OmniVQA, is evaluated on three public OVQA benchmarks and 
achieves competitive performance against existing methods.

Complementing these task-specific approaches, a recent survey on LMM evaluation50 provides a structured 
overview of the field, organising evaluation along two main axes: multimodal understanding, divided into 
general and specialised capabilities, and multimodal generation, organised by output modality across image, 
video, audio, and 3D content. Notably, low-level visual quality assessment — encompassing IQA and related 
perceptual tasks — is explicitly situated within the specialised capabilities axis, contextualising the rapid 
proliferation of LMM-based quality assessment methods and clarifying the broader evaluation landscape within 
which they operate.

Taking a further step toward unification, X-QA51 proposes a versatile multimedia quality assessment 
framework for visual communications that consolidates the evaluation of images, videos, and 3D models within 
a single large multimodal model, enabling simultaneous cross-modal quality prediction while harnessing shared 
perceptual knowledge across media types.

Overall, none of the aforementioned works explicitly addresses IRQA. While existing approaches span a 
broad spectrum — from handcrafted natural scene statistics and entropy-based features to deep learning models 
and vision-language frameworks — they are uniformly designed to quantify technical distortions such as 
noise, blur, compression artifacts, and perceptual degradations of generic photographic content. The aesthetic 
and perceptual dimensions specific to rendered images, including the tonal, chromatic, and stylistic qualities 
examined in this work, remain largely unaddressed by the existing literature.

Proposed REPID
The MIT-Adobe FiveK dataset5 is a widely-used, high-resolution image dataset designed for research in 
computational photography and image enhancement. It comprises 5000 RAW photographs captured by DSLR 
cameras under diverse lighting and scene conditions. Each image has been independently rendered by five 
professional photo renderers, labeled Expert A through E, yielding five stylistically distinct reference renders 
per image. The dataset includes both the original RAW files and their corresponding JPEG renderings, making 
it suitable for tasks such as supervised learning of image-to-image translation, automatic photo retouching, 
tone and exposure correction, white balance adjustment, render-specific enhancement, etc. Its diversity in 
photographic content, expert renderers, and high-resolution format with up to 5616 × 3744 pixels makes it a 
valuable resource for training and evaluating deep learning models in both paired and unpaired settings.

The distribution of labels for these images that is available within the MIT-Adobe FiveK dataset is shown 
in Fig. 2, together with another distribution obtained by means of querying the BLIP52. In order to validate the 
overall quality of BLIP results we randomly selected 100 images from the dataset and marked them up. The 
average accuracy for all categories equals 0.96, while F1-score equals 0.86. More detailed analysis of category 
markup can be seen in the Supplementary material. The variety of the dataset is sufficient to draw general 
conclusions.

For the selection of renderings, we considered two alternative strategies that fit in research budget: (1) 
collecting DMOS annotations for all scenes in the MIT-Adobe FiveK dataset under a limited set of rendering 
variations, or (2) annotating a dense grid of rendering parameters for a restricted subset of scenes. We 
ultimately adopted the first strategy, focusing on the most probable visually pleasing renderings — namely, the 
photographer-provided renderings available in the MIT-Adobe FiveK dataset. This choice allows us to leverage 
expert-curated outputs while maintaining broad scene coverage. In addition, we provide supplementary analysis 
on a subset of 19 scenes rendered using 36 rendering configurations, see section 8.5. Furthermore, we outline 
guidelines for future work exploring a wider range of rendering strategies, see Section 8.4.

Each of the MIT-Adobe FiveK images is rendered in six different renders: five photographers, i.e. renderers 

and one neutral style from Adobe Photoshop auto settings, which yields 
( 6

2
)

= 15 possible unique style 

pair combinations per image. To perform subjective quality assessment, these pairs were uploaded to the 
crowdsourcing platform Yandex.Tasks. The Yandex.Tasks interface displayed six image pairs per page. For each 
pair, the participants, i.e., evaluators were asked: “Which image is preferable?”. Images were presented against 
a 50% gray background, following widely used recommendations21 and standard to minimize bias in color 
perception by using a neutral background. To further ensure unbiased assessment, no additional controls or 
information were placed between the image pairs. Each image pair was also spaced adequately to simplify the 
visual comparison. An example of such an image pair can be seen in Fig. 3.

The evaluators could select one of the following options for each image pair: “The left image is preferable”, 
“The right image is preferable” and “Both images are equally preferable”. To identify unreliable evaluators, each 
page included an additional pair of identical images as a control question. If such outlier votes were detected, 
the corresponding votes were excluded from the pool. Essentially, the whole voting process was similar to the 
one in4.

The dataset consists of 5000 unique scenes captured by professional photographers. For each scene, five 
rendered versions were produced by photography students, along with one automatically generated version using 
Adobe Photoshop’s auto-mode. For REPID, each pair of scene versions was assessed by 25 participants, who 
provided one of three possible responses: a preference for one image, a preference for the other, or abstention. 
The choice of 25 evaluators per pair is grounded in prior work4, which showed that for crowdsourced pairwise 
aesthetic evaluation of image rendering styles, the correct rate — defined as the agreement between results 
obtained by a given number of participants and those obtained by all participants, simulated via bootstrapping 
— reaches approximately 0.85 at 25 voters per pair, while increasing to 100 or 400 voters yields only marginal 
improvements to approximately 0.91 and 0.95, respectively. This diminishing return confirms that 25 evaluators 
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Fig. 3.  An example of a pair of aesthetic renderings for the same scene as shown in Yandex.Tasks.

 

Fig. 2.  The distribution of categories for the selected MIT-Adobe FiveK dataset images based on the 
information provided within the dataset and BLIP; one image can have multiple categories.
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provide a practical trade-off between annotation cost and reliability. An illustration of the dataset is shown in 
Fig. 4.

Overall, 13,648 people annotated the dataset, completing 2.5 million tasks, including those in the test 
procedure. The evaluators were recruited through the Yandex.Tasks crowdsourcing platform without imposing 
constraints on professional background, nationality, or education level. This deliberate design choice ensures 
that the collected preferences reflect a broad and demographically diverse population rather than a narrow 
expert cohort, which is appropriate given that rendering preferences are inherently subjective and vary across 
individuals. The large total number of unique evaluators further mitigates the risk of systematic bias from any 
single demographic group. In particular, the distribution of votes follows a power law: the most active 20% of 
users generated 60% of the data, while the top 30% generated 70%. While this has no direct and immediate 
consequence on the quality of the dataset, it is still interesting to mention. For a detailed view, see Fig. 5a.

The distribution of votes is shown in Fig. 5d. It can be seen that vote “Both images are equally preferable” 
reminds of the exponential distribution. Introduction of the third option leads to the shift in produced 
distributions, see Fig. 5b. Due to even numbers being more probable here, the probability of total number of 
votes that determines quality (“The left image is preferable” and “The right image is preferable”) is more probable 
to be odd, since subtracting an even number from 25 results in an odd number. Therefore, the distribution 
becomes jagged and may lead to worse results when used as ground truth to the models. To deal with this issue 
and smooth the distribution, see Fig. 5c, we processed scores using Equation 1:

	 DMOS = L − R + B mod 2,� (1)

where L, R, B are the numbers of votes for left, right, and both images, respectively. It was further normalized to 
bring it to the range (0, 1) using Equation 2, which will be interpreted in our experiments as the probability that 
the left rendering is better than the right.

	
P MOS = DMOS

2 (L + R + B) + 1
2 = 2L + B + B mod 2

2 (L + R + B) .� (2)

To assess the reliability and potential ceiling of model performance, we estimated the maximum achievable 
accuracy through bootstrapping. At each iteration, votes were randomly drawn from the original annotation 
pool to construct a new dataset, subsequently binarized into preferred render labels. The agreement between 
the resampled dataset and the original annotations was then computed as accuracy and Spearman correlation. 
Repeating this process 1000 times produced the histogram shown in Fig. 6. The distribution is centered at a 
mean accuracy of 0.896 with a confidence interval of 0.004, and a mean Spearman correlation of 0.919 with 
a confidence interval of 0.005. These results indicate that even a model capable of perfectly reproducing the 
preferences of all 25 evaluators would not be expected to exceed this performance level. This values therefore 
represent a practical upper bound for predictive performance on the IRQA task.

Possible tasks
Our dataset enables a wide range of research directions related to aesthetic perception and photographic render 
evaluation. Below, we outline several potential tasks: 

Fig. 4.  Illustration of the proposed REPID dataset. For each scene in MIT-Adobe FiveK there are 6 different 
renders: 5 styles from renderers and 1 for Adobe neutral style. For each pair in scene there is a total of 25 votes 
subdivided between left image, right image, and equal.
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1.	 Analysis of Human Aesthetic Biases: Investigate how render preferences vary across different image categories 
(e.g., landscapes, portraits, food), color distributions, and compositional patterns.

2.	 Rendering Preference Prediction: Train a model to predict which of two retouched versions of an image users 
would prefer, given only the image content and/or render features.

3.	 Style Ranking: Predict a ranking of user preferences for multiple renders applied to the same original image, 
instead of just pairwise preference prediction.

4.	 Personalized Rendering Preference Prediction: Leverage evaluator identifiers to train models that predict the 
preferred render of a specific user. This task allows studying personalization and modeling individual aes-
thetic profiles.

5.	 Style Generation: Explore generative models capable of producing new renderings that maximize predicted 
user preference.

Fig. 6.  Histograms of maximum a accuracy and b Spearman correlation estimation across 1000 resampled 
datasets. The distribution illustrates the upper bound of performance achievable by a model that perfectly 
replicates the voting behavior of 25 human evaluators.

 

Fig. 5.  Analysis of REPID: a Distribution of annotation workload. b The vote difference distribution. Vote 
difference is obtained by subtracting votes for left and right image, while votes that claim images look the 
same are not used. The distribution looks inconsistent due to distribution of votes for “Both images are equally 
preferable”. c PMOS distribution. PMOS is calculated via Equation 2 that smooths the final distribution. d The 
distribution of votes per each image pair in experiment. Votes for “Both images are equally preferable” are not 
distributed similar to other types. Instead, this category gives bias, making processing more complex.
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6.	 Aesthetics Evaluation Benchmarking: Use the dataset to evaluate and benchmark aesthetics evaluation models, 
render evaluation methods, and fine-tuned foundation models (e.g., CLIP). This is closely aligned with the 
current work presented in this paper.

Our dataset consists of 5000 images spanning a diverse set of vernacular subjects. No explicit selection criteria 
were provided for image collection. Each image was rendered by five knowledgeable photography students, i.e., 
renderers using Adobe Lightroom in 2011, though no information is available regarding their relative skill levels 
or aesthetic preferences.

These characteristics naturally lead to two complementary areas of inquiry: (1) understanding viewer 
preferences and the factors that drive them, and (2) analyzing the original rendering process and its influence 
on perceived quality.

In the following sections, we focus on four key tasks: viewer preference analysis, rendering preference prediction, 
personalized rendering preference prediction, and rendering evaluation benchmarking.

Analysis of preferences
The obtained data gives us an opportunity to analyze preferences of evaluators for different categories of scenes 
and different renders, see Fig. 7.

A strong positive correlation was observed between the mean number of parameters changed by the renderer 
(i.e., Expert in FiveK terminology) and their win probability. Renderer E, who applied the highest mean number 
of alterations (9.81 ± 1.79), achieved the highest win probability (57.9%).

However, this relationship is significantly moderated by the efficiency and quality of the edits. Notably, 
renderer D demonstrated a highly efficient strategy, securing a strong win probability (52.1%) with the lowest 
mean number of changes (6.22 ± 1.52). Furthermore, comparing renderers B and D reveals that a relatively 
small difference in the number of changes (from 6.58 to 6.22) corresponded to a substantial jump in performance 
(from 43.7 to 52.1%). This discrepancy underscores that the nature and precision of parameter modifications 
are more critical to success than the mere volume of edits.

The low and similar standard deviations across all renderers indicate that the application of each strategy was 
consistent and reproducible.

For our dataset we calculated the importance of settings for different categories to verify that the preferred 
render depends on content, see Fig. 8. We selected the most promising settings based on the advice of professional 
photographer Michael Freeman and trained a linear regression for each setting. Note that the Parametric 
group represents an alternative formulation of brightness and contrast adjustments implemented via Curves. 
Vibrance can be interpreted as a constrained version of Saturation, designed to preserve perceptual balance. 
Tint corresponds to the color axis orthogonal to color Temperature. Additionally, Shadows and Highlight 
Recovery act as local TMOs, selectively modifying brightness and contrast at the extremities of the tonal range. 
Consequently, the fundamental rendering dimensions can be reduced to Brightness (Exposure), Contrast, Color 
Temperature, and Saturation. As a measure of importance we used accuracy with PMOS.

For better visibility, we calculated maximum and minimum value among all categories and subtracted 
minimum and divided by maximum. From the obtained charts we can clearly see that different scene types are 
described with preferred setting types differently.

Fig. 7.  Analysis of used settings impact of photographers (A,B,C,D,E) to perceived quality. Gray line represent 
SD, blue dot is the mean and the blue region displays 0.25 to 0.75 quantile. Pearson correlation is 0.77.
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Rendering preferences prediction
There are numerous existing methods addressing the IQA task. However, none of them were specifically designed 
for IRQA. In this section, we analyze state-of-the-art IQA models and train new models tailored for IRQA on 
the proposed REPID.

We’ve selected several of the most promising NR-IQA methods representing both deep learning–based and 
statistical approaches. Since NR-IQA models operate on a single image at a time, and our dataset is first computed 
quality scores for each image independently and then trained a linear regression model on these scores.

For evaluation, we allocated approximately 25% of the images to the test set. The test set comprised n = 1, 283 
scenes, resulting in N = 1, 283 × 15 = 19, 245 image pairs. Some images caused invalid preprocessing issues, 
thus we filtered out 250 image pairs, resulting in 18, 995 image pairs.

We adopt the following notation: the PMOS value for an image pair i and j within scene s is denoted as ps
ij

, with the corresponding predicted score given by p̂s
ij . The aggregated pairwise score obtained via the Bradley–

Terry procedure53 is denoted as qs
i , with its predicted counterpart q̂s

i .
We then evaluated performance using the following metrics:

•	 Accuracy: 

	

1
N

∑
s,i,j,i̸=j

1ps
ij

>0.5(p̂s
ij > 0.5) + 1ps

ij
≤0.5(p̂s

ij ≤ 0.5)� (3)

•	 Top-1 accuracy: 

	

1
n

∑
s

1argmax
i

(qs
i

)(argmax
i

(q̂s
i ))� (4)

•	 Spearman correlation: 

	

1
n

∑
s

ρ[Ri[qs
i ], Ri[q̂s

i ]],� (5)

 where Ri[·] is ranking operation for list of scores for i index.

Fig. 8.  Radar charts of main settings importance in Adobe Lightroom for different content groups. There is a 
visible difference which can show that preferred render depends on content. Blue line is mean value and blue 
area is 0.25 and 0.75 quartile.
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•	 Kendall correlation: 

	

1
n

∑
s

τ [Ri[qs
i ], Ri[q̂s

i ]]� (6)

Aesthetic preference prediction
In the first block in Table  2 there are results for evaluating total variation  (TV) and pretrained models: 
BRISQUE30, PIQE32, ARNIQA42 CLIP IQA44, LARIQA46 and LIQE1. It can be seen that simple TV performs 
comparable with foundation-based models like LIQE. This means that current IQA models are not applicable to 
an IRQA task without finetuning these data.

For the MIT-Adobe FiveK dataset, metadata describing the applied rendering settings (e.g., saturation, 
contrast, color temperature) is available. This allows for score prediction based solely on these settings. 
Additionally, we extracted several handcrafted features directly from the images, including standard deviation, 
lightness, saturation, hue, as well as u and v components from the UV color space. All features were normalized 
to the [0, 1] range. Moreover, due to similarity of the TV method to standard deviation (SD), we used linear 
regression for SD only. The results for this experiment are shown in the second block of Table 2. It is worth 
noting that this simple combination of image settings and handcrafted features outperforms all conventional 
IQA metrics. Even using only SD as a feature yields a better result than most existing IQA methods.

Finally, we trained several models specifically for the score prediction task. Because we work with image pairs, 
we explored two strategies: the Siamese approach (“modelsiam”), i.e., forwarding both images independently 
through the base model and combining the outputs with a linear regression, and ConCat approach (“modelcc
”), i.e., concatenating the two images along the channel dimension (resulting in a tensor with a depth dimension 
equal to 6), and directly predicting the score. It is worth noting that for the CLIP model we freeze the vision 
transformer (ViT) weights training linear regression only. The results are shown in the third block of Table 2. Our 
experiments reveal a consistent advantage of ConCat approach over the Siamese one across most architectures, 
with ConvNeXtV2 as a notable exception. The next paragraph provides a brief discussion of the possible reasons 
underlying this phenomenon.

Model Accuracy ↑ Spearman ↑ Kendall ↑ Top 1 accuracy ↑

Pretrained

TV 0.73 0.56 0.47 0.50

BRISQUE 0.64 0.35 0.29 0.35

PIQE 0.58 0.20 0.17 0.27

ARNIQA 0.65 0.39 0.32 0.38

CLIP IQA 0.68 0.45 0.38 0.43

LARIQA 0.63 0.33 0.27 0.32

LIQE 0.73 0.56 0.48 0.48

Feature based

Linear Regression 0.76 0.62 0.53 0.52

Random Forest 0.74 0.60 0.51 0.50

SD Linear Regression 0.71 0.49 0.42 0.44

mage based

Resnet152cc 0.81 0.74 0.64 0.57

Resnet50cc 0.81 0.74 0.64 0.57

MobileNetV3(L)cc 0.81 0.75 0.65 0.58

MobileNetV2cc 0.80 0.73 0.62 0.56

ConvNeXtV2cc 0.82 0.78 0.68 0.61

Resnet152siam 0.79 0.71 0.61 0.53

Resnet50siam 0.79 0.70 0.60 0.52

MobileNetV3(L)siam 0.79 0.71 0.61 0.55

MobileNetV2siam 0.78 0.68 0.58 0.53

ConvNeXtV2siam 0.83 0.79 0.69 0.61

CLIP ViT-B/32siam 0.78 0.69 0.58 0.53

Image Feature based

Resnet152cc 0.80 0.74 0.64 0.57

MobileNetV3(L)cc 0.81 0.75 0.64 0.56

Resnet152siam 0.79 0.71 0.61 0.54

MobileNetV3(L)siam 0.80 0.72 0.61 0.55

Table 2.  Evaluated metrics for different methods over the pairwise comparison task. The best-performing 
models for each metric in block is highlighted in bold. The best-performing and second-best models for each 
metric are highlighted in bold and italic and italic, respectively.
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The superiority of CC stems from early fusion: by processing a 6-channel tensor, the model captures low-level 
cross-image differences from the first convolutional layer. The Siamese paradigm, by contrast, enforces a late-
fusion bottleneck where comparison is deferred to the embedding level — a constraint that disproportionately 
affects lower-capacity architectures such as MobileNetV2, whose embeddings lack the capacity to encode both 
per-image content and pairwise difference signals simultaneously. As for exception, ConvNeXtV2 incorporates 
Global Response Normalization (GRN), which performs channel-wise normalization over the global feature 
map. Under CC, the 6-channel input deviates from the 3-channel distribution the model was pretrained on, 
and we hypothesize that GRN introduces adverse gradient dynamics during fine-tuning by normalizing over a 
channel space it was not originally optimized for. The Siamese variant preserves the expected input distribution, 
allowing GRN to operate within its trained regime. Combined with ConvNeXtV2’s high representational 
capacity — which makes late-fusion embeddings sufficiently rich for comparison without early fusion — this 
explains its systematic deviation from the general trend.

We further enhanced these models by incorporating metadata and the handcrafted features from the 
previous experiment; this extended setup is presented in the fourth block of Table 2. For the CLIP model we 
used pretrained CLIP VIT-B/32 to generate the embeddings. Using these embeddings and the extracted features, 
we trained a linear regression model, where we concatenated CLIP embedding and extracted features. Note: this 
model has a significant downside, as it implies that the best render for a given scene consists of min-max slider 
values.

Despite the additional information, models with additional information yield even worse results than the 
image-based only approaches. Possible reasons for this performance degradation include the fact that the 
relationship between slider parameters and perceived image quality is complex and highly non-linear, making 
it difficult to capture with a linear formulation. Furthermore, different combinations of slider values may lead 
to visually similar renderings, introducing ambiguity and reducing the identifiability of optimal parameter 
configurations. A promising direction for further investigation is the use of large language models and vision–
language models, which could better capture high-level semantic context and provide more expressive, non-
linear mappings between scene content, editing parameters, and perceived quality. Such models may also enable 
reasoning about editing intent and user preference in a more structured manner, potentially overcoming the 
limitations of purely parametric regression approaches.

A range of illustration demonstrating quality evaluation for diverse rendering can be found in Supplementary 
Materials. Detailed technical information on training and testing procedures is available in project GitHub 
repository.

The rejection curve (see Fig. 9) shows that accuracy is not an optimal metric for IRQA, as it implicitly assumes 
binary labels. In our case, pairwise PMOS values are concentrated near 0.5, for example 36% of all answers are 
falling in range 0.4...0.6. As a result, accuracy increases almost linearly as uncertain samples are rejected.

Fig. 9.  This rejection curve shows the dependence of accuracy on the certainty of the PMOS ps
ij . Data points 

are aligned by the proportion of rejected samples, which is also indicated by the tick labels on the x-axis.
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Personalized IRQA
In the previous section, we analyzed the aggregated preferences of all voters. In this experiment, we focus on 
analyzing and predicting particular voters. We observed significant variability between voters, with the mean 
standard deviation between individual votes and the aggregated PMOS reaching 0.41 ± 0.045. Given that 
the maximum possible standard deviation is 0.5 for our data, these results indicate that individual preferences 
often diverge sharply from the average, complicating the task of personalized modeling. To he first individual 
voter provided 8,  540 votes, covering 2338 scenes in which he/she voted on any available pair of renders at 
least once. Given the relatively small size of this subset, we restricted our evaluation to simple models based 
on handcrafted image features and CLIP embeddings. The results are reported in Table 3. It can be seen that 
individual prediction performs worse than similar methods in Table 2 except for top-1 accuracy. This may be 
the result of a well-known issue, where individuals are confident about the best and the worst examples and are 
indifferent to anything in between54,55.

The second most promising voter marked up 6, 170 tasks, covering 1, 962 scenes. The results for models 
predicting him can be found in Table 4.

The results for these two evaluators differ substantially. This discrepancy can likely be explained by their 
voting behavior: the first evaluator selected “Both images are equally preferable” in 41% of cases, whereas the 
second did so in 79% of cases, indicating a significantly higher tendency toward indifference. The overall mean 
standard deviation between the aggregated votes and an individual evaluator is 0.41. These findings suggest that 
sensitivity to rendering differences varies considerably across individuals.

Given that training machine learning models requires large-scale annotated data, relying on a single annotator 
is impractical for datasets comprising tens of thousands of samples. To address this, we suggest the use of active 
learning strategies. One promising approach is to prioritize samples based on inter-annotator disagreement—for 
example, by measuring the standard deviation of votes across evaluators for each scene – and selectively sending 

Model Accuracy ↑ Spearman ↑ Kendall ↑ Top 1 accuracy ↑

Pretrained

TV 0.52 0.01 0.01 0.50

BRISQUE 0.49 − 0.04 − 0.04 0.46

PIQE 0.48 0.00 0.01 0.47

ARNIQA 0.51 − 0.03 − 0.03 0.44

CLIP IQA 0.52 − 0.05 − 0.06 0.42

LARIQA 0.49 − 0.04 − 0.04 0.47

LIQE 0.48 − 0.08 − 0.08 0.43

Trained

SD Linear Regression 0.87 0.78 0.77 0.86

Linear Regression 0.87 0.76 0.71 0.87

Random Forest 0.87 0.75 0.70 0.86

CLIP ViT-B/32siam 0.88 0.53 0.52 0.87

Table 4.  Evaluated metrics for different methods obtained on the pairwise comparison task for the 
personalized IRQA for the “second” most active voter. Pretrained block was used without training on labels 
from voter, trained one consists of models that were trained on votes. The best-performing model for each 
metric is highlighted in bold.

 

Model Accuracy ↑ Spearman ↑ Kendall ↑ Top 1 accuracy ↑

Pretrained

TV 0.67 0.35 0.35 0.58

BRISQUE 0.68 0.36 0.36 0.58

PIQE 0.67 0.34 0.33 0.57

ARNIQA 0.66 0.32 0.31 0.56

CLIP IQA 0.66 0.32 0.31 0.56

LARIQA 0.66 0.32 0.31 0.56

LIQE 0.68 0.36 0.35 0.57

Trained

SD Linear Regression 0.67 0.36 0.36 0.58

Linear Regression 0.71 0.43 0.39 0.59

Random Forest 0.70 0.38 0.35 0.56

CLIP ViT-B/32siam 0.70 0.26 0.24 0.29

Table 3.  Evaluated metrics for different methods obtained on the pairwise comparison task for the 
personalized IRQA for the “first” most active voter. Pretrained block was used without training on labels from 
voter, trained one consists of models that were trained on votes.The best-performing model for each metric is 
highlighted in bold.
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only “non-trivial” (i.e., high-uncertainty) samples for annotation. This strategy can significantly reduce labeling 
effort while preserving informative training data.

Comparison of distortion-based IQA on an IRQA task
A final experiment was conducted to compare IQA tasks for distortions with IRQA. The key idea was to evaluate 
a set IQA models and benchmark datasets, and then cross-validate their performance with REPID and our 
proposed Image Rendering Quality Assessment Model (IRQAM).

For this comparison, we selected MobileNetV3(L)cc as the representative implementation of IRQAM, since 
it demonstrated the strongest performance across most metrics on the REPID benchmark.

Because our model operates on image pairs, we adapted existing IQA datasets by using distorted–reference 
pairs as inputs. As the evaluation metric, we computed the Spearman correlation between predicted scores and 
subjective ratings for all images associated with the same reference, and then averaged these correlations across 
reference scenes. The results of this experiment are summarized in Table 5.

It can be observed that all existing models, with the exception of IRQAM, achieve relatively low correlations 
on the REPID benchmark. At the same time, IRQAM exhibits comparatively weaker performance on distortion-
oriented IQA tasks, while providing substantially higher correlation for IRQA. These results indicate that IRQA 
is fundamentally different from traditional distortion-based IQA and that each task benefits from models 
specifically trained to address its unique objectives.

Discussion
As demonstrated in the previous sections, the REPID introduces a novel and challenging problem setting within 
the field of IQA: namely, IRQA. Existing IQA methods exhibit substantially lower performance on REPID 
compared to their results on traditional IQA datasets, as well as relative to the maximum achievable accuracy. 
Even models trained specifically for the REPID task reach only 0.83 accuracy, whereas the empirically found 
practical upper bound appears to be about 0.89. This gap suggests that predicting the quality of rendering 
remains a difficult problem, likely due to the subjective and fine-grained nature of aesthetics judgments.

One factor contributing to the difficulty of the task is the prevalence of image pairs with preference scores 
near 0.5, indicating ambiguous or subtle differences between renders. These “hard” pairs reduce the separability 
of classes and limit the performance of both classical and deep learning–based methods.

Although metadata describing the applied rendering parameters (e.g., saturation, contrast, color temperature) 
have information useful for prediction to some extent, its use alone does not yield state-of-the-art performance. 
Moreover, simply concatenating this metadata with deep learning embeddings does not significantly improve 
the results. A promising future direction may involve explicitly modeling the effect of each retouching parameter 
— potentially through submodules that approximate the transformations applied by Adobe Lightroom — and 
integrating these parameter-conditioned transformations into the network. Such an approach, however, would 
require partial reverse engineering of Adobe’s rendering pipeline or learning differentiable approximations of 
these adjustments.

An important advantage of REPID is its potential for extensibility. The dataset can be expanded by collecting 
additional votes, which would reduce noise and improve the stability of PMOS. In particular, increasing the 
number of evaluators per image would help mitigate the impact of individual biases and provide a more robust 
representation of collective aesthetic preference. Such expansions would make REPID even more valuable as a 
benchmark for fine-grained aesthetic prediction.

Despite its advantages, REPID has several limitations. The current version contains only six rendering styles, 
which represent a limited portion of the possible parameter space. This excludes many extreme or intentionally 
poor combinations of parameters (e.g., overly saturated or severely underexposed images) that could help 
models learn a wider range of aesthetic judgments. Future versions of the dataset could incorporate a richer and 
more diverse set of retouching styles to broaden its coverage and challenge models to generalize across a wider 
aesthetic spectrum.

It is worth noting that, for markup processing, we implemented a procedure similar to those used in well-
established works15 on vote collection. While this methodology is widely accepted in the scientific community, 
there remains potential for improvement in vote aggregation by explicitly accounting for the reliability and 
quality of annotations provided by individual users.

Dataset

model

TV BRISQUE PIQE ARNIQA CLIP-IQA LIQE LARIQA IRQAM

VCLFER 0.14 0.90 0.79 0.90 0.56 0.90 0.66 0.72

LIVE 0.30 0.96 0.85 0.91 0.73 0.92 0.72 0.79

CSIQ 0.27 0.55 0.54 0.89 0.87 0.93 0.61 0.56

TID2013 0.02 0.39 0.36 0.75 0.61 0.74 0.38 -0.25

KADID-10k 0.12 0.35 0.25 0.93 0.56 0.79 0.49 0.41

PDAP-HDDS 0.16 0.41 0.32 0.64 0.42 0.62 0.46 0.46

REPID 0.61 0.34 0.07 0.43 0.53 0.49 0.29 0.79

Table 5.  Spearman correlation for different models on different datasets. IRQAM is the best model, trained on 
REPID. The best-performing model for each dataset is highlighted in bold.
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Beyond its immediate utility for benchmarking, REPID opens opportunities for several research directions. It 
can serve as a benchmark for developing models capable of learning subtle perceptual differences, as well as for 
studying human aesthetic biases across image categories and renders. Furthermore, the availability of evaluator 
identifiers allows investigation of personalization and user-specific preference modeling — an area of growing 
importance in content curation, recommendation systems, and generative AI. Finally, the dataset provides a 
bridge between traditional IQA research and the broader study of image aesthetics, motivating the development 
of models that move beyond distortion-based quality prediction toward understanding visual appeal.

Conclusions
In this work, we introduced the REPID—a novel benchmark for studying aesthetic preferences prediction and 
render evaluation through the IRQA task. REPID provides pairwise preference annotations for 5000 images, 
each rendered into multiple styles, making it uniquely suited for fine-grained analysis of human aesthetic 
judgments. Through extensive experiments, we demonstrated that existing IQA methods perform poorly on 
the IRQA task compared to their results on standard quality-assessment datasets, highlighting the need for new 
approaches that explicitly model aesthetic factors. Even purpose-trained models achieved only 0.83 accuracy, 
leaving a substantial gap from the achievable upper bound of 0.89.

We further explored the predictive power of image metadata and handcrafted features, finding that they 
offer useful but limited information, and we showed that integrating them with deep learning models does not 
trivially improve performance. These findings emphasize the complexity of aesthetic perception and suggest that 
future models may need to incorporate parameter-aware or differentiable post-processing modules to better 
capture the underlying retouch transformations.

REPID not only provides a challenging benchmark, but also opens several promising research directions, 
including personalized preference prediction, render ranking, and generative modeling of preferred styles. 
As a dataset, REPID can be extended with additional votes and new renders, improving the robustness of 
mean opinion scores and expanding the diversity of aesthetic scenarios. We hope that REPID will foster the 
development of next-generation aesthetic prediction models and serve as a common ground for comparing 
approaches at the intersection of IQA, computational aesthetics, and human-AI co-creation.

Future work will include generating new renders that cover parameter field more broadly in order to obtain 
more generalized model that can be used as loss for automatically creating the most preferable styles. Moreover, 
generating parameter-conditioned transformations and integrating them into the network might reduce the gap 
with respect to the maximum achievable performance.

Data availability
The dataset is available at https://huggingface.co/datasets/vsevolodpl/REPID.
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