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Abstract. Traditional Image Aesthetic Assessment (IAA) methods mainly
rely on regressing absolute Mean Opinion Scores (MOS). However, such
a paradigm overlooks the inherently dynamic nature of human aesthetic
perception, which relies on subconscious comparison against implicit
visual references. Consequently, the lack of causal reasoning regarding
aesthetic differences prevents models from learning generalizable aes-
thetic principles, thus limiting their generalization across diverse scenar-
ios. In this work, we rethink the TAA task and propose Relative Edit-
induced Difference Aesthetic learning (RED-Aes), a novel framework
that leverages controllable image editing models to simulate the human
aesthetic reasoning process. Instead of fitting absolute score distribu-
tions, RED-Aes explicitly learns the visual factors that drive aesthetic
changes. To support this paradigm, we construct the RED-20k dataset,
which comprises editing-based image pairs, quantitative aesthetic differ-
ences, and Chain-of-Thought (CoT) reasoning. Furthermore, we intro-
duce a three-stage training strategy guided by a relative ranking consis-
tency reward, optimizing the model solely via relative supervision. Ex-
tensive experiments demonstrate that RED-Aes achieves state-of-the-art
performance on multiple public benchmarks, exhibiting superior gener-
alization capabilities.
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1 Introduction

Image Aesthetic Assessment (IAA) aims to quantify the aesthetic appeal of im-
ages. It underpins a growing range of real-world applications. In computational
photography, on-device aesthetic models power best-shot selection and intelli-
gent photo curation on modern smartphones [36]. Similarly, in the era of Al-
generated content (AIGC), aesthetic scores serve as training-data filters [31] and
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Fig. 1: Relative Difference Learning for Aesthetics. (a) Human aesthetic reasoning
process: Illustration of how humans rely on implicit comparison to judge aesthetics.
(b) Edit-based image pairs in RED-20k: An example of source-edit pairs where edit
operations induce quantifiable aesthetic shifts. (¢) CoT with causal reasoning: The
model produces detailed textual explanations covering visual analysis and aesthetic
reasoning to justify the predicted score.

reward signals for aligning text-to-image generative models . Although re-
cent works leverage Vision-Language Models (VLMs) for aesthetic assess-
ment 7 existing methods typically rely on crowdsourced Mean Opin-
ion Scores (MOS) as supervision to regress absolute scores on limited datasets.

This paradigm overlooks a critical aspect of human aesthetic cognition. In
practice, a human annotator rarely assigns an absolute score directly but in-
stead relies on a reference anchor. This anchor is either an explicitly provided
sample or an implicitly recalled image of similar content which allows
the annotator to reason about differences to arrive at a score. While recent
VLM-based approaches assess aesthetics from multiple dimensions ,
the causal link between reasoning and scores remains weak. Forcing models to
fit score distributions without comparative knowledge constrains generalization.
Human aesthetic judgment is thus a dynamic comparative process involving
causal reasoning about aesthetic differences rather than an instantaneous abso-
lute measurement, as illustrated in Fig. [Tfa).

This insight has been validated in the Image Quality Assessment (IQA) do-
main where RankIQA constructs quality ranking pairs by applying synthetic
distortions of varying severity to source images to improve generalization. How-
ever, aesthetics is a high-level attribute dependent on content and semantics that
cannot be manipulated through simple pixel-level operations. With the advance-
ment of controllable image editing models , this idea can now be trans-
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ferred to IAA. Targeted edits such as composition adjustments, color harmony
enhancements, or lighting modifications create source-edit pairs (Fig. [[(b)). The
aesthetic differences within these pairs encode explicit causal relationships where
specific modifications directly induce quantifiable aesthetic shifts. This mecha-
nism provides far stronger supervision than statistical correlations derived solely
from absolute scores.

Building on this insight, we propose Relative Edit-induced Difference Aes-
thetic learning (RED-Aes), a framework that simulates how humans establish
aesthetic concepts through comparison. RED-Aes explicitly learns relative aes-
thetic differences between source images and their edited counterparts to ac-
quire generalizable principles that transfer across visual domains. To support
this paradigm, we construct the RED-20k dataset through a fully automated
data engine that leverages VLM reasoning models and controllable editing mod-
els to generate edited variants for each source image and obtain pairwise aesthetic
difference scores with chain-of-thought (CoT) reasoning,.

We design a three-stage training strategy. The first stage injects aesthetic
difference knowledge via supervised fine-tuning (SFT) on source-edit pairs to
endow the model with rich and attributable aesthetic representations. The sec-
ond stage performs a lightweight score calibration. To fully leverage the aesthetic
knowledge acquired from pre-training, the third stage employs Group Relative
Policy Optimization (GRPO) [34] combined with a novel Relative Ranking Con-
sistency Reward. This approach drives the model to produce predictions that
are ordinally consistent within each source-edit group. This reinforcement learn-
ing stage enables the model to apply the causal aesthetic knowledge (Fig. c))
acquired during pre-training more reliably, achieving superior generalization.

Our contributions are as follows:

— We construct RED-20k, an editing-based dataset of image pairs with quanti-
tative aesthetic differences and CoT reasoning supported by a scalable data
engine with multi-model ensemble and consensus-based quality control.

— We propose RED-Aes, a novel TAA framework that shifts from absolute
score regression to relative edit-induced difference learning using a three-
stage pipeline that progresses from comparative SFT to score calibration
and GRPO-based reinforcement learning to optimize the model solely via
relative supervision.

— Extensive experiments demonstrate state-of-the-art performance on five pub-
lic benchmarks where our method outperforms both specialist and generalist
models by significant margins.

2 Related Work

2.1 Image Aesthetic Assessment

Existing IAA datasets map single images to absolute aesthetic scores. AVA [28|
provides approximately 250k crowdsourced ratings; TAD66K [13] offers theme-
aware annotations; AADB [18] and PARA [44] enrich the space with multi-
attribute labels and personalized preferences. On the modeling side, TAA has
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evolved from hand-crafted features [8,27] to deep learning. NIMA [36] popular-
ized CNN-based MOS regression, followed by TANet [13], MUSIQ [17], and Aes-
Mamba [9] that improved architectures while retaining the same objective. More
recently, VL.Ms have been applied to TAA. Q-Align [41] and Q-Instruct [40] lever-
age instruction tuning for visual scoring; AesExpert |15] generates expert-style
descriptions; UNIAA [48] and ArtiMuse [7] combine scoring with fine-grained
textual analysis. Despite these advances, the fundamental paradigm remains un-
changed: mapping individual images to absolute scores via supervised training
on limited datasets.

2.2 Controllable Image Editing

The rapid development of diffusion-based generative models has enabled pre-
cise controllable image editing, serving as the foundation of our data engine.
InstructPix2Pix [5]| pioneered instruction-guided editing by training a condi-
tional diffusion model on synthetic paired data. Qwen-Image-Edit [39] is a 20B-
parameter Multi-Modal Diffusion Transformer with outstanding semantic under-
standing capabilities. FLUX.1 Kontext |21] achieves high-fidelity editing through
flow matching in latent space. LongCat-Image [37] is a 6B-parameter bilingual
diffusion model trained with reward-model-guided reinforcement learning. See-
dream [33] and Nano-Banana [10] are powerful closed-source models that deliver
high-quality editing with robust performance. Using multiple architecturally dis-
tinct models ensures that aesthetic variations in our dataset reflect genuine visual
changes rather than artifacts of any single pipeline.

2.3 Post-Training with Reinforcement Learning

DeepSeek-R1 [11] introduced a post-training paradigm combining supervised
fine-tuning with reinforcement learning via GRPO [34], eliciting superior logi-
cal reasoning capabilities with significantly reduced computational costs. This
paradigm has been rapidly adopted in VLM-based image assessment tasks. Q-
Insight |23] applies GRPO for joint score regression and degradation perception.
VisualQuality-R1 [42] trains an NR-IQA model with GRPO-based learning to
rank under the Thurstone model. Aes-R1 [24] uses reinforcement learning to en-
courage more detailed aesthetic critiques. While these methods demonstrate the
effectiveness of RL for assessment, they typically optimize for individual response
quality or absolute score accuracy. In contrast, our approach employs GRPO
with a Relative Ranking Consistency Reward that optimizes ordinal consistency
within groups of aesthetically related images, directly enforcing comparative rea-
soning over causal aesthetic differences.

3 Methods

Our approach comprises two core components: (i) the RED-20k dataset, con-
structed through a fully automated pipeline leveraging VLMs and controllable
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Fig.2: Overview of the data construction pipeline. (1) Absolute Score Data
Construction, utilizing multi-expert scoring combined with score aggregation strategies
to obtain absolute scores; (2) Relative Score Data Construction, utilizing diverse editing
models to generate source-edited pairs, filtering via VIEScores, and employing VLM
judges for consistency verification; and (3) RL Training Data Construction, which scales
up to group-wise samples by generating multiple instructions and applying random
editors to create comprehensive preference datasets for reinforcement learning.

editing models to produce relative aesthetic score differences with causal reason-
ing (Sec. , and (ii) RED-Aes, a three-stage learning framework progressing
from comparative learning to anchor calibration and GRPO-based optimization
(Sec. . The detailed prompts used for VLMs throughout the data construc-
tion and training pipeline are provided in the supplementary material.

3.1 RED-20k: An Edit-based Aesthetic Difference Dataset

Source Data Collection. The dataset construction pipeline is illustrated in
Fig. 2l We collect 500k images from properly licensed sources including Open-
Images , DIV2K , UHD-IQA , Unsplash Lite [38], and proprietary in-
house data, spanning diverse quality levels and content categories. Three VLMs
(Qwen3-VL-235B, Qwen2.5-VL-72B, and GPT-5) independently score each im-
age, and a multi-expert voting protocol produces a consensus score s; for each
image I;, yielding a source pool O = {(I;, s;)}"_,, where n is the number of
source images. These scores serve only as anchors for computing relative dif-
ferences and generating editing instructions. The multi-expert scoring strategy
utilizes MAD-based robust z-scores to detect outliers and adaptively selects a
fusion method that employs weighted averaging under high consensus. Further
details are provided in the supplementary material.
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Pre-training Data. The construction proceeds in three steps. For each source
image I with score s from O, Qwen3-VL-235B first analyzes its aesthetic defi-
ciencies and generates a targeted editing instruction e. We apply e to I using five
editing models M = {my,...,m5} (Qwen-Image-Edit, FLUX2, Longcat-Image,
Nano-Banana, and Seedream-4.5), producing five edited variants {V;}5_,, where
ij = m; (Ia 6).

Second, we employ the VIEScore [20] to verify edit quality. Two VLMs
(Qwen2.5-VL-72B and GPT-5) compute VIEScores, and we apply a strict thresh-
old of 7.5 on a [0,10] scale. A source image is retained only when at least four of
five models produce successful edits:

V=A_ls, {Vj*}]ES}v S| = 4, (1)

where § C {1,...,5} denotes the subset passing the quality threshold, V* is the
edited variant produced by model m; that satisfies VIEScore > 7.5, and V is the
retained valid source-edit record.

Finally, three judgment models J = {J1, Ja2, J3} (Qwen3-VL-235B, Qwen2.5-
VL-72B, and GPT-5) independently assess every source-edit pair in V, predicting
the direction and magnitude of aesthetic change with CoT reasoning:

(6jk:7 Tjk) = Jk(I7 ‘/j*a 8)7 .7 S Sa k € {17273}7 (2)

where ;5 denotes the aesthetic score difference (edited minus source) predicted
by judge Jj, for variant V*, and T}y, is the corresponding CoT reasoning trace.
A pair is retained only when all three judges unanimously agree on improved
aesthetics. The final §; is computed via the voting protocol over {d;};_,. This
strict consensus filters out noisy or ambiguous pairs. Among all valid variants,
we randomly select one to form the final pre-training set P, where each sample
is a tuple (/, s, V*, 6, T, e). Here V* is uniformly sampled from {V;"} cs and
6, T are the corresponding annotations.

RL Training Data. We uniformly sample 1k images from O. For each source
image I, Qwen3-VL-235B generates seven diverse editing instructions {e?}7_,,
each sampled from a predefined pool of 16 edit categories (e.g., style transfer,
object removal, color grading). One editing model is randomly selected from M
per instruction. The same multi-judge consensus is applied, retaining pairs only
when all judges agree on the aesthetic change direction. The final RL group is:

G={L, )} u{(V% s+6} ,cr> (3)

where V¢ is the edited variant, ¢¢ the consensus difference, and R C {1,...,7}
the valid subset. Each group contains eight images (one source and seven vari-
ants) forming a comparison graph for GRPO.

Human Alignment Validation. We verify the reliability of labels produced
by the VLMs. We conduct a human alignment study on 500 randomly sampled
RED-20k pairs, with five evaluators including professional designers and lay
users. The absolute aesthetic scores achieve an SRCC of 0.6843 against human
annotations, while the relative source-edit differences, which serve as the core
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Fig.3: The RED-Aes training pipeline. Stage 1 injects aesthetic knowledge
through two SFT targets: PT-O1 compares source-edit pairs to predict aesthetic dif-
ferences with CoT reasoning, while PT-O2 predicts the aesthetic impact of editing
instructions without observing the edited image. Stage 2 aligns the model to output
absolute aesthetic scores using only 200 anchor samples from the source pool. Stage 3
optimizes the policy through a relative ranking consistency reward that enforces ordi-
nal agreement with ground-truth rankings.

supervision signal in our framework, reach a higher SRCC of 0.7379, confirming
that relative comparison is more reliably aligned with human perception than
absolute scoring.

3.2 RED-Aes: A Three-Stage Learning Framework

Stage 1: Edit-Causal Pre-training. The first stage injects aesthetic knowl-
edge via supervised fine-tuning on RED-20k. As shown in Fig. [3] we focus on
two optimization targets, contrastive comparison and edit-causal reasoning.
Contrastive Comparison (PT-01). Given a source-edit pair (I, V'), the model
compares their aesthetic qualities, generates CoT reasoning describing the visual
differences, and predicts the aesthetic difference §.
Edit-Causal Reasoning (PT-02). Given only the source image I and the
editing instruction e (without the edited image), the model predicts the aesthetic
difference ¢ that would result from the edit. This forces the model to internalize
the causal relationship between visual modifications and aesthetic changes.
PT-01 develops relative judgment from visual evidence, while PT-O2 extends
this to causal prediction from textual instructions. Given the pre-training set P,
we minimize:

4)

where py is the model distribution, X = (I,V*) for PT-O1 and X = (I, e) for
PT-02. Both objectives are mixed and trained jointly for 3 epochs.

Lspr = —E1,5,v+,51,e)~p [logpo(0,T | X)],
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Stage 2: Cold-Start Calibration. After pre-training, the model possesses
rich aesthetic knowledge through relative comparisons but cannot yet produce
absolute scores. This stage bridges the gap via format alignment on 200 samples
uniformly sampled from the source pool, each annotated with a standardized
absolute score and CoT reasoning. It serves as a lightweight calibration preparing
for reinforcement learning. We use the same hyperparameters as Stage 1 and
train for 1 epoch.

Stage 3: Reinforcement Learning. The final stage employs GRPO [34] with
a novel reward operating entirely on relative supervision (Fig. . Consider a
batch of B images from the same group G. For each image I, the policy mp
samples K outputs with predicted score .§’lf. Let 67, denote the ground-truth
score difference between I, and I.. Each image serves as a comparison anchor.
We compute the mean prediction 5. = (1/K) 2521 8% for every other image I,

and define the relative-ranking reward RF for the k-th output of image I, as:

B

RE==1e 30 65— 50 b ), (5)

c=1,c#b
where ¢(dpred, Ogt; T) = tanh(|dgt|) - 0(dpred - 0gt/7) is a soft Kendall concordance
function, o(-) the sigmoid, and 7 a temperature. The tanh term serves as a
gap-aware weight emphasizing pairs with large aesthetic differences while sup-
pressing near-ties, and the sigmoid measures soft agreement between predicted
and ground-truth ordinal directions.
The advantage is computed relative to group statistics:

¢ RE—memn({RE}S))
Std({Rllf }5:1) ,

and the policy is updated by maximizing the following GRPO objective:

(6)

K
1 : k Ak 2k pAk
£GRPO = EqN'D, {Olg}kK:1N77901d ? Z mln(rb Ab7 Tb Ab) — 5 DKL (7T.9 ||7Tref) s
k=1

(7)
where D is the RL training distribution, ¢ is the input prompt, 0’5 is the k-th
sampled response for image I, mg,,, is the old policy used for importance sam-
pling, 7F = clip(rf, 1—¢, 1+€), ¥ = mp(of | q) / mo,4(0F | q) is the importance
sampling ratio, € is the clipping range, and g controls the strength of the KL di-
vergence penalty against the reference policy 7. This optimization encourages
the model to produce scores that are ordinally consistent within each source-edit
group, without requiring any absolute score supervision during the RL stage. In
our implementation, we use B =8, K =6, and 7 = 0.1.

4 Experiments

We begin by demonstrating the zero-shot generalization of our model on five
benchmarks where it outperforms both supervised aesthetic methods and gen-
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Table 1: Computational cost of RED-20k construction.

Stage GPU Hours (H200) API Calls
Absolute Score Data Construction 695 500k
Relative Score Data Construction 1,100 500k
Pairwise Aesthetic Judging 410 295k
RL Training Data Construction 15 1.5k

7B SFT Training 12 —

7B RL Training 560 —

eralist VLMs without accessing target training data. We subsequently conduct
ablation studies to validate that source-consistent comparative learning effec-
tively decouples aesthetic assessment from semantic biases. We also verify the
synergy between content-oriented and quality-oriented editing instructions while
determining the optimal ensemble trade-off for our data engine. We further con-
firm that our edit-causal learning objective and Relative Consistency Reward
substantially surpass standard contrastive objectives and reasoning-based base-
lines. We finally investigate the impact of reinforcement learning group size and
show that a contrastive context involving one source image against seven edited
variants is essential for learning fine-grained rankings.

4.1 Experiment Settings

Datasets and Metrics. We evaluate our method on five public benchmarks in-
cluding TADG66K [13], AVA [28], FLICKR-AES |30], PARA [44], and AADB [1§].
All experiments operate under a cross-domain setting where the model is trained
exclusively on our proposed dataset. We normalize the ground-truth Mean Opin-
ion Scores from their original ranges of 1-10 for TAD66K and AVA or 1-5 for
others to the [0, 1] interval. We utilize Pearson Linear Correlation Coefficient
(PLCC) [4] to measure prediction accuracy and Spearman Rank-Order Correla-
tion Coeflicient (SRCC) |32] to assess monotonicity.

Evaluation Settings. We report results on all five datasets for main compar-
isons and conduct ablation studies on the larger TAD66K, AVA, and FLICKR-
AES benchmarks to ensure statistical robustness. All models function in a zero-
shot manner without fine-tuning on target datasets. We run open-source models
using recommended inference settings for baselines that lack public results. The
prompts used for all evaluated models are provided in the supplementary mate-
rial to ensure reproducibility.

Implementation Details. We implement the RED-Aes using Qwen2.5-VL-
7B [3], Qwen2.5-VL-3B [3|, and Qwen3-VL-2B [2] backbones with frozen vision
encoders and a fine-tuned language component. The training pipeline utilizes
the AdamW optimizer with 57 = 0.9 and 2 = 0.999 plus weight decay 0.01
and resizes images to 448 x 448. We first conduct supervised fine-tuning on our
synthesized dataset for 3 epochs with a batch size of 16 and a learning rate of
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Table 2: Quantitative evaluation on multiple public benchmarks. T Results are repro-
duced by us using the official open-source models as the original papers did not report
performance on these specific datasets.

TAD66K AVA FLICKR PARA AADB |
Model

PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC  SRCC | PLCC  SRCC

Average

Vanilla VLM

Qwen2.5-VL-7B |3] 0.2282  0.2242 0.3518 0.3684 0.5179 0.5696 0.5966 0.6252 0.4480 0.5076 | 0.4285 0.4589
Qwen2.5-VL-32B |3 0.2300 0.2715 0.3893 0.4170 0.5800 0.6527 0.7176 0.7118 0.5060 0.5138 | 0.4846 0.5134
Qwen3-VL-8B |2] 0.2642  0.2464 0.4663 0.4599 0.6258 0.6190 0.6050 0.6127 0.6934 0.6460 | 0.5309 0.5168
Qwen3-VL-32B 2| 0.3042  0.2816 0.5057 0.4955 0.6651 0.6545 0.7176 0.7118 0.7147 0.6782 | 0.5815 0.5643
Seed1.5-VL-thinking |12| 0.2908 0.2974 0.4533 0.4871 0.5837 0.6374 0.6134 0.6364 0.5279 0.5577 | 0.4938 0.5232
GPT-40 |16 0.2686 0.2979  0.4687 0.4939 0.5469 0.5507 0.6916 0.6719 0.5209 0.5314 | 0.4993  0.5092
GPT-5 |35] 0.2973  0.3347 0.4852 0.5447 0.6218 0.6260 0.7433 0.7352 0.6001 0.5989 | 0.5495 0.5679
Multi-Expert Voting 0.4925 0.5031 0.6654 0.6743 0.7175 0.7219 0.8397 0.7957 0.7124 0.6765 | 0.6855 0.6743
Deep-Learning Based

NIMA [36] 0.3885 0.3654 0.6120 0.6361 0.5130 0.4796 0.5868 0.5709 0.3886 0.3904 | 0.4978 0.4885
VLM Based

ArtiMuse-8B |7 0.2320 0.2300 0.3850 0.3970  0.3340 0.3490 0.6057f 0.56241 0.48361 0.5130f | 0.4081  0.4103
Aes-R1-7B |24] 0.4513 0.4248 0.6702 0.6619 0.7243 0.6973 0.7842 0.7666 0.5386 0.5423 | 0.6337 0.6186
UniPercept-8B |6} 0.3460 0.3360 0.5770 0.5890 0.6810 0.6880 0.70061 0.58691 0.4285F 0.4237f | 0.5466 0.5247
RED-Aes-7B (Ours) 0.5406 0.5322 0.7713 0.7700 0.7524 0.7252 0.8846 0.8591 0.7722 0.7746 |0.7442 0.7322
RED-Aes-3B (Ours) 0.5275 0.5297 0.7518 0.7514 0.7292 0.7089 0.8547 0.8413 0.7365 0.7509 | 0.7199 0.7164
RED-Aes-2B (Ours) 0.4784 04778 0.7235 0.7148 0.7565 0.7401 0.8616 0.8360 0.7426 0.7523 | 0.7125 0.7042

le-5. We subsequently execute a format alignment stage for 1 epoch using 200
samples to standardize scalar output. We finally employ reinforcement learning
via GRPO to optimize ranking consistency by constructing training groups of 8
images and generating 6 sampled outputs per prompt.

Computational Cost. During dataset construction, the open-source Qwen-
series models are deployed on H200 GPUs for local inference, while GPT-5 is
accessed via API calls. These large-scale models are used exclusively for offline
dataset construction. Tab. [I| details the computational cost of each construction
stage and model training, including GPU hours for locally deployed models and
the number of API calls. Furthermore, the RL stage operates on only 1k source
images and their corresponding edited variants, and the entire annotation and
editing pipeline is sample-independent and highly parallelizable.

4.2 Comparison with State-of-the-Art

We evaluate our method on five benchmarks including TAD66K, AVA, FLICKR,
PARA, and AADB under a rigorous zero-shot cross-dataset setting. Our model is
trained exclusively on the proposed dataset. As shown in Tab.[2| our model based
on Qwen2.5-VL-7B achieves state-of-the-art performance with an average PLCC
of 0.7442 and SRCC of 0.7322. It substantially surpasses UniPercept [6] and
GPT-5, which represent the leading generalist aesthetic models. Furthermore, it
outperforms Aes-R1 which serves as the strongest specialist model trained di-
rectly on in-domain data. This performance is particularly notable considering
that our approach generalizes from synthesized comparative pairs, whereas base-
lines rely heavily on fitting target-domain absolute scores. Remarkably, even our
lightweight variant based on Qwen3-VL-2B outperforms all baselines to demon-
strate exceptional efficiency. We also compare against a zero-shot multi-expert
voting baseline that directly ensembles scores from the three VLMs used in our
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Table 3: Ablation Study on Dataset Quality and Training Consistency. We progres-
sively evaluate the contribution of our collected dataset (Rows 1-2) and the impact of
the group-wise consistent training strategy (Rows 3-4) across three benchmarks.

‘ AVA FLICKR TADG66K ‘ Average
‘ PLCC SRCC PLCC SRCC PLCC SRCC ‘ PLCC SRCC
Aes-R1 w/ AesCoT-15k ‘ 0.6702 0.6619 0.7243 0.6973 0.4513 0.4248 ‘ 0.6153 0.5947

Configuration

Aes-R1 w/ RED-20k 0.7506 0.7381 0.7270 0.6983 0.5107 0.5032|0.6628 0.6465
Ours (Shuffled Batch) |0.7564 0.7423 0.7281 0.7038 0.5184 0.5134‘0.6676 0.6532

Ours (Consistent Batch)|0.7713 0.7700 0.7524 0.7252 0.5406 0.5322|0.6881 0.6758

data construction (Qwen3-VL-235B, Qwen2.5-VL-72B, and GPT-5). This en-
semble achieves an average SRCC of only 0.6743 with prohibitive deployment
cost, falling below even our 2B model, confirming the effectiveness of our training
paradigm in distilling aesthetic reasoning capabilities into compact models.

We attribute these gains to the comparative supervision provided by our rig-
orously constructed dataset. First, the relative-score pre-training stage injects
comparative reasoning capabilities that allow the model to learn universal aes-
thetic gradients rather than overfitting to absolute scalar values. Second, the
reinforcement learning stage utilizes our relative ranking consistency reward to
enforce ordinal relationships among images. This design aligns with the inher-
ently comparative nature of human perception. The consistent improvements
observed across Qwen2.5-VL and Qwen3-VL backbones further validate that
our method is architecture-agnostic and generalizes effectively across different
VLM families.

4.3 Efficacy of Dataset and Group-wise Consistency

To disentangle the contributions of our dataset from our training paradigm, we
conduct a progressive ablation study as presented in Tab. [3]

Dataset Superiority. We first validate the quality of our collected dataset by
replicating the training pipeline of the Aes-R1 baseline but substituting their
original data with our proposed dataset. As indicated in the comparison be-
tween the first two rows, merely transitioning to our dataset yields a substantial
performance gain where the average SRCC increases from 0.5947 to 0.6465. This
significant margin confirms that our dataset provides supervision signals of su-
perior quality and robustness compared to prior benchmarks.

Importance of Consistent Context. Next, we investigate the impact of
group-wise consistency. We compare our strategy against a baseline that shuffles
images within the batch while preserving the pairing between each image and its
original editing instruction, thereby forcing comparisons between unrelated con-
tent. Results demonstrate that the shuffled setting underperforms our consistent
approach with an average SRCC of 0.6532 versus 0.6758. We attribute this gap
to content-dependent biases, as comparing disparate images leads the model to
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Table 4: Ablation study on editing instruction types. We report PLCC and SRCC
across three benchmarks. “Cont.” and “Qual.” denote content-oriented and quality-
oriented editing instructions, respectively. “PT” refers to Pre-training and “RL” to
Reinforcement Learning. “Mixed” implies using both instruction types.

‘ AVA FLICKR TAD66K ‘ Average
| PLCC SRCC PLCC SRCC PLCC SRCC|PLCC SRCC

Cont. Only PT & RL |0.7050 0.6939 0.7234 0.6987 0.5144 0.5020 | 0.6476 0.6315
Qual. Only PT & RL |0.7152 0.7130 0.7221 0.6944 0.5238 0.5188|0.6537 0.6421
Mixed PT + Qual. RL| 0.7426 0.7379 0.7450 0.7047 0.5317 0.5202|0.6731 0.6543

Mixed PT & RL ‘0.7713 0.7700 0.7524 0.7252 0.5406 0.5322‘0.6881 0.6758

Method Setting

learn spurious correlations such as category preferences instead of genuine aes-
thetic improvements. By contrast, our strategy isolates aesthetic changes from
the content so that the model focuses purely on the relative quality of edits.

4.4 TImpact of Edit Types

We categorize editing instructions into content-oriented tasks (e.g., inpainting)
and quality-oriented tasks (e.g., color enhancements). Tab. [4] presents the eval-
uation of models trained on various combinations of these types.

Synergy between Content and Quality. We observe that neither content-
only nor quality-only training yields optimal performance. The full model in-
tegrates both types during pre-training and reinforcement learning stages and
consistently outperforms the ablated variants. For instance, it increases the av-
erage SRCC from 0.6421 in the quality-only setting to 0.6758. This confirms
that robust assessment benefits from understanding both low-level perceptual
attributes and high-level semantic composition.

Necessity of Diverse RL Supervision. We further compare the full model
against the variant using mixed pre-training with quality-only reinforcement
learning. Excluding content edits from the alignment stage leads to a distinct
performance drop across all datasets. Specifically, the SRCC on AVA falls from
0.7700 to 0.7379. These results demonstrate that reinforcing ranking consistency
across diverse edit types is crucial for generalization.

4.5 Impact of Ensemble Size

Number of Editing Models (Ng). We conducted a pilot study on 5k raw
images to determine the optimal configuration. We first investigated editing di-
versity by varying Ng from 1 to 7. Tab. [5] shows that increasing Ng to 5 yields
substantial PLCC and SRCC gains and effectively captures diverse aesthetic
causality. A further increase to 7 offers only marginal improvements. This indi-
cates that five editing models sufficiently cover the variation space.

Number of Judgment Models (N;). We subsequently analyzed the consen-
sus mechanism with Ng fixed at 5. Transitioning from 1 to 3 judgment models
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Table 5: Ablation study on the ensemble size of editing and judgment models. We
denote Ng as the number of editing models and Vs as the number of aesthetic judgment
models. The chosen setting (5+ 3) achieves the best trade-off between performance and
computational cost.

Number Setting‘ AVA FLICKR TADG66K ‘ Average
Ng Ny ‘PLCC SRCC PLCC SRCC PLCC SRCC‘PLCC SRCC

1 0.6940 0.6834 0.6327 0.6106 0.4917 0.4876 | 0.6061 0.5939
1 0.7379 0.7165 0.6800 0.6477 0.5159 0.4969 | 0.6446 0.6204
1 0.7442 0.7309 0.7055 0.6667 0.5224 0.5029 [ 0.6574 0.6335
1 0.7459 0.7346 0.7089 0.6630 0.5214 0.5073 |0.6587 0.6350
3
5

0.7713 0.7700 0.7524 0.7252 0.5406 0.5322 | 0.6881 0.6758
0.7735 0.7722 0.7531 0.7234 0.5383 0.5330|0.6883 0.6762

Ot Ot | g Ut Ww

significantly enhances performance by filtering label noise. Increasing N; to 5
yields negligible average gains and even slight degradation on generalization
benchmarks. The configuration with 5 editing and 5 judgment models imposes a
higher computational burden without meaningful benefits. We therefore adopted
the strategy of 5 editing and 3 judgment models as the optimal trade-off.

4.6 Component Analysis

Effectiveness of Pre-training. We first examine pre-training objectives by
training the model on the full dataset with supervised fine-tuning (SFT). Our
dataset provides absolute aesthetic scores for all images, derived from expert
ratings and relative comparisons, enabling standard SFT on the entire data.
As shown in Phase 1 of Tab. [6] the SFT only baseline achieves an average
SRCC of only 0.5577. Adding our contrastive objective (PT-O1) raises SRCC to
0.5809. Further incorporating edit causal learning (PT-0O2) boosts it to 0.6218.
This improvement validates that combining static representation learning with
dynamic causal modeling outperforms vanilla SFT.

Superiority of Our RL. In Phase 2, we evaluate RL strategies starting from a
cold-start base. This base is constructed by first pre-training the model on the full
dataset with PT-O1 & PT-02 to learn comparative aesthetic knowledge, followed
by a cold-start supervised fine-tuning (SFT) on only 200 samples with absolute
score annotations to enable calibrated absolute score output (see Sec. 4.1). Due
to limited data, its SRCC drops to 0.5907, which is expected and provides a
controlled starting point for RL comparison. On this base, Aes-R1 improves
SRCC to 0.6465. Our RL method further pushes it to 0.6758, surpassing both
Aes-R1 and the fully-supervised Phase 1 model (0.6218). This demonstrates that
our relative-aesthetic reward aligns better with human preferences than general-
purpose reasoning RL.
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Table 6: Component ablation study. We evaluate the incremental effectiveness of pre-
training objectives (Phase 1) and reinforcement learning strategies (Phase 2) on three
aesthetic benchmarks.

AVA FLICKR TAD66K ‘ Average
PLCC SRCC PLCC SRCC PLCC SRCC‘PLCC SRCC

Phase 1: Pre-training Strategies (Full SF'T)

SFT only 0.6612 0.6332 0.6618 0.6390 0.4344 0.4009
SFT w/ PT-O1 0.6849 0.6685 0.6878 0.6456 0.4550 0.4287
SFT w/ PT-O1 & PT-02 0.7398 0.7129 0.7159 0.6733 0.4906 0.4791

Phase 2: RL Strategies (Few-shot Cold Start)

Cold Start Base 0.7023 0.6790 0.6911 0.6510 0.4719 0.4421
Cold Start w/ Aes-R1 0.7506 0.7381 0.7270 0.6983 0.5107 0.5032
Cold Start w/ Our RL 0.7713 0.7700 0.7524 0.7252 0.5406 0.5322

Method Setting

0.5858 0.5577
0.6092 0.5809
0.6488 0.6218

0.6218 0.5907
0.6628 0.6465
0.6881 0.6758

Table 7: Ablation on the Group Size (Batch Size) in RL. In our framework, a
“batch” consists of 1 source image and B —1 edited variants. We study how the number
of edited candidates per image affects the optimization. B = 8 (1 source + 7 edits)
provides the most effective contrastive context.

AVA FLICKR TAD66K Average
PLCC SRCC PLCC SRCC PLCC SRCC|PLCC SRCC

4 (1+3) 0.7579 0.7483 0.7325 0.7110 0.5205 0.5160 | 0.6703 0.6584
6 (1+45) 0.7676 0.7599 0.7434 0.7240 0.5347 0.5246 | 0.6819 0.6695
8 (1+47) 0.7713 0.7700 0.7524 0.7252 0.5406 0.5322|0.6881 0.6758
10 (149) 0.7701 0.7688 0.7576 0.7257 0.5361 0.5267 | 0.6879 0.6737

Batch Size (B)

4.7 Impact of RL Group Size

Effect of Contrastive Diversity. We investigate the impact of the group size
B (comprising one source image and B — 1 edited variants) on the optimiza-
tion process. As shown in Tab. [7] a small group size (B = 4) yields suboptimal
performance, achieving an average SRCC of only 0.6584, because the model
observes limited aesthetic variations, restricting its ability to distinguish subtle
improvements from noise. Increasing B to 8 brings significant gains, boosting the
average SRCC to 0.6758. This richer contrastive context enables the model to
compare the source against a diverse set of superior and inferior variants, facil-
itating the learning of fine-grained ranking signals. However, further expanding
the size to B = 10 leads to performance saturation and a slight decline in the
average SRCC. This suggests that 7 edited variants are sufficient to estimate
the local aesthetic gradient, while adding excessive candidates may introduce
redundancy or increase optimization difficulty. We therefore adopt B = 8 as the
default setting.
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details and the dramatic nature of the clouds, lending a
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s clear and in focus, with natural lighting. Composition
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sl @

Close-up of a golden retriever, showcasing its expressive
face and warm, golden fur. Composition is centered on
the dog. Lighting is natural ... However, the background is
out of focus, which creates a sense of visual clutter. The
image does not exhibit a high level of sharpness or clarity,
particularly in the fur and details around the mouth.
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severely blurs edges ... making the subject fail to pop
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chromatic green wash ... The artificial saturation and loss
of definition create a visually dull and synthetic effect.
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Stark, silhouetted tree against a vast, overcast sky. The
choice of monochrome is masterful, stripping away color
distractions to emphasize texture .. Deep blacks cut sharply
through atmospheric mid-tones, creating a high-contrast
aesthetic reminiscent of classic fine-art photography. The
lone bird introduces a poetic dynamic element — a

fleeting moment of ife in a frozen landscape. (2]

Composition is severely unbalanced, subject pushed to the
left with unresolved dead space. The golden tones are
pushed to a garish level of saturation, washing out natural
hues and flattening contrast into @ muddy orange tint. The
lighting lacks dimension, resulting in loss of texture in the
fur — it appears mudled rather than crisp. Shallow depth
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of field feels accidental rather than artistic. (D

Fig. 4: Qualitative comparison of RED-Aes against baselines. Each column displays
the input images with Ground Truth score, and the predicted scores from each model,
along with the CoT reasoning.

4.8 Case Study

As illustrated in Fig. [ both generic VLMs and absolute-score baselines struggle
to decouple semantic content from aesthetic quality. In the second row, GPT-5
and Aes-R1 assign inflated scores of 8.22 and 3.70 to a heavily blurred image
(GT 1.72), failing to penalize degradation. RED-Aes predicts 3.11 by explicitly
critiquing the “excessive soft focus” and “synthetic effect”. In the fourth row,
despite severe artifacts (GT 2.17), Aes-R1 and GPT-5 still predict 8.05 and
8.75, misled by semantic content such as the dog’s “expressive face”. RED-Aes
correctly identifies the “garish saturation” and “muddled texture,” yielding 3.17.
These results confirm that our relative edit-induced learning effectively diagnoses
the specific visual factors that influence aesthetic scores.

5 Conclusion

We propose RED-Aes, a framework that shifts IAA from absolute score regres-
sion to relative edit-induced difference learning. By constructing source-edit pairs
via controllable editing models, our approach enables the model to learn causal
factors underlying aesthetic perception. The accompanying RED-20k dataset
provides the first resource of editing-based aesthetic pairs with quantitative dif-
ferences and CoT reasoning, built through a fully automated pipeline without
human annotation. To progressively build aesthetic reasoning capabilities, we
employ a three-stage training strategy comprising edit-causal pre-training, for-
mat alignment, and GRPO with a relative ranking consistency reward. Experi-
ments on five benchmarks under zero-shot cross-domain evaluation demonstrate
state-of-the-art performance, with even a lightweight 2B variant surpassing all
existing baselines.
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