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Abstract

Vision-language models (VLMs) are in-
creasingly adopted as judges for subjective
assessment, yet absolute scoring remains brittle
due to inconsistent scales and inherent prefer-
ence biases. To bridge this gap, we propose
S?AD (Semantic-Anchored Scale-Agnostic
Distillation), a novel easy-to-hard framework
that operationalizes subjective assessment
as comparative analysis, conceptualizing the
judge’s evolution from mimesis to metamor-
phosis. In Stage 1 (Mimesis), we introduce
Dynamic Soft Positioning (DSP) to train the
judge to compare a query against retrieved
reference images, establishing a relative
evaluation space that ensures consistent order-
ing under heterogeneous scales. In Stage 2
(Metamorphosis), this comparative capability
is internalized via Language Buttons—discrete
semantic levels serving as a retrieval-free
internal reference. Optimized with Group
Relative Policy Optimization (GRPO), S?AD
achieves efficient, scale-steerable inference that
adapts to diverse grading standards. Our frame-
work reaches state-of-the-art performance
across multiple benchmarks, validating the
effectiveness of internalized comparative priors
for robust, rank-invariant, and scale-steerable
evaluation. The code is available at: https:
//github.com/SpatialVision-Research/
SSAD_ACL2026_Findings.

1 Introduction

Subjective assessment is a fundamental capability
of multimodal models: we routinely ask a model to
judge whether an image is beautiful, high-quality,
safe, or appropriate, and to output a score aligned
with human preferences (Chen et al., 2024; Lee
et al., 2024). Yet subjective scoring is inherently
context-sensitive: the meaning of an absolute num-
ber is often underdetermined without a reference
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scale—humans rarely score in isolation, but place
a target by comparing it against exemplars on an
implicit ruler, seeing what is good to know what is
bad. This suggests that the essence of subjective
assessment is not pointwise regression, but compar-
ative placement on a contextual ruler (Bradley and
Terry, 1952; Plackett, 1975; Luce, 2012; Burges
et al., 2005; Parikh and Grauman, 2011). This moti-
vates a central question: can we train multimodal
judges to perform subjective assessment as com-
parative placement on a contextual ruler that is
both rank-invariant and scale-steerable, rather
than as isolated regression?

A growing line of work improves subjective
evaluation with reinforcement learning and pref-
erence modeling (Christiano et al., 2023; Ouyang
et al., 2022; Rafailov et al., 2024). In image quality
assessment (IQA), VisualQuality-R1 optimizes a
vision-language judge with GRPO and Thurstone-
style comparisons (Wu et al., 2025; Thurstone,
1927). Q-Insight extends this direction by com-
bining scalar prediction with auxiliary degradation-
understanding objectives (Li et al., 2025). In aes-
thetics assessment, Aes-R1 proposes a tailored RL
algorithm and integrates absolute scoring with rel-
ative ranking signals (Liu et al., 2025). Despite
strong empirical progress, many approaches still
inject comparison indirectly: scalar scores are con-
verted into pairwise/listwise rewards, and models
can succeed by behaving like high-capacity regres-
sors that fit dataset-specific mappings, rather than
learning an explicit “ruler placement” strategy.

We propose S?AD, a two-stage framework that
operationalizes subjective assessment as compar-
ative analysis, organized around the progression
from Mimesis to Metamorphosis. The overall
framework is shown in Figure 1. In Stage 1 (Mime-
sis), the model learns by imitation, mirroring how
humans are trained with exemplars. Concretely,
for each query image, we retrieve a small refer-
ence set to establish a contextual ruler. We intro-
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Text Prompt

You are an aesthetic critic.
Given a target image and
several reference images with
scores, assess the aesthetic
quality of the target image

Poor: 1.72 Poor: 2.44

Text Prompt

You are an aesthetic critic. Fair: 2.71 Fair: 4.72
Assign the target image a

semantic level and a precise Good: 3.22 Good: 5.44

aesthetic score based on the

provided Standard Table. . . . Very Good: 3.61

Very Good: 6.22

Excellent: 4.38 Excellent: 7.76

Table2

THOUGHT

Tablel

[ THOUGHT ] [ LEVEL ] Very Good

The image has a balanced composition with the The image showcases a charming architectural .'E. ¢
building as the main subject, ...... The color is detail ...... The composition is well-balanced, .... E
warm ... The lighting is natural ...... The color palette is warm and inviting, with the E 1
Comparing this image to the reference example beige tones of the building complementing the
3 it has a similar composition and color palette. blue sky. ....... The image captures the essence of - ,’ ‘\
However, the background of the target is not as the building's historical and aesthetic value, E «d-- . Sel >
expansive and vibrant as the reference 1. ...... making it visually appealing. r Judge
GT: 3.56 Pred: 3.50 | SCORE |GT: 3.56 Pred: 3.55 4.38 Basedon ,
Rubric

Reference 3: 3.48 Sttlgel.' Mimesis

[—|1'n?rn'rl -r’rn-n'rr-rlT-.l]—]

Stage2 : Metamorphosis

Figure 1: S2AD overview. Stage 1 (Mimesis) trains a retrieval-augmented teacher to comparatively place a query
image on a contextual ruler defined by scored reference images; Stage 2 (Metamorphosis) distills this comparative
logic into retrieval-free Language Buttons with a Standard Table of level-to-score anchors, enabling rubric-aware
and scale-steerable scoring without reference images at inference time.

duce Dynamic Soft Positioning (DSP) to train the
teacher to place the query into the correct inter-
val induced by these references. To prevent the
judge from overfitting to a fixed numeric conven-
tion, we employ Dynamic Rescale to transform
ground-truth scores into arbitrary, instance-specific
scales. This forces the model to learn the logic of
relative placement rather than memorizing absolute
values, ensuring its comparative behavior remains
robust across varying evaluation standards.

In Stage 2 (Metamorphosis), the judge transi-
tions from relying on external exemplars to carry-
ing an internalized ruler. After learning an ordi-
nal sense of quality through mimesis, the model
employs Language Buttons—discrete semantic
levels (e.g., Poor to Excellent)—to represent its
internalized subjective priors. Reusing Dynamic
Rescale, the model further decouples qualitative
intuition from any fixed numeric range, and instan-
tiates its judgments via a Standard Table (level-to-
score anchors) that serves as an internal reference.
Importantly, to align the student’s score logic with
the teacher’s, we distill the teacher’s comparison
behavior onto a shared virtual ruler via a Fidelity
Reward. This ensures the student preserves the
learned placement strategy without external ref-
erences at test time, enabling efficient and scale-
agnostic inference.

Beyond accuracy and efficiency, S>AD yields a
practical byproduct: scale-steerability. Because
Language Buttons decouple qualitative ranking
from numeric conventions, the model can transfer

across benchmarks by anchoring the same button
levels to the target dataset’s scoring convention.
This is achieved via a minimal non-test numeric
anchoring step, instantiating the button levels un-
der the dataset’s numeric scale without updating
parameters. To establish the overall effectiveness
of the framework, we evaluate S>AD on aesthetic
assessment as a representative subjective domain
and further demonstrate transfer to other subjective
evaluation settings, indicating that S?AD is not tied
to a single task.

In summary, our contributions are threefold.

* Scale-aware explicit comparative training.
We introduce a reference-conditioned training
paradigm and optimize DSP with Dynamic
Rescale to supervise comparative placement
on a contextual ruler, rather than pointwise
regression.

* Retrieval-free internalization via language
buttons. We compress reference-based judg-
ing into semantic priors by introducing Lan-
guage Buttons and distilling the teacher’s com-
parison behavior, enabling efficient inference
without reference images.

* Context steerability. By grounding scoring
in a controllable ruler, our framework supports
coherent, rubric-aligned shifts of the output
distribution under different scoring styles.

12958



2 Related Work

Supervised MLLM judges for subjective visual
assessment. Vision—language models (VLMs)
and multimodal LL.Ms are increasingly explored as
scalable judges for subjective evaluation, support-
ing rubric-based scoring and critique-style assess-
ment in multimodal settings (Lee et al., 2024; Chen
etal., 2024). A common early paradigm trains such
judges primarily via supervised fine-tuning (SFT),
prompting the model to produce scores under a
fixed rubric (Lee et al., 2024; Cao et al., 2025). In
the aesthetics domain, Cao et al. (2025) exempli-
fies this supervised line by fine-tuning an MLLM-
based evaluator on expert-curated supervision for
fine-grained aesthetic assessment. In quality assess-
ment domain, recent MLLM-based IQA works fur-
ther extend this supervised line in complementary
directions: DepictQA moves beyond pure scalar
prediction by enabling descriptive and comparative,
language-based image quality assessment, while
DeQA-Score focuses on accurate continuous score
regression through score-distribution modeling and
a Thurstone-style fidelity loss (You et al., 2024,
2025). While these approaches improve within-
scale score accuracy or qualitative richness, neither
line of work explicitly investigates rubric-shift ro-
bustness under heterogeneous numeric conventions,
which is a central focus of our method.

Preference learning and reinforcement learning
for subjective judges. Beyond supervised judge
training, a parallel line of work leverages relative
supervision through preference learning and rein-
forcement learning (RL), often improving ranking
consistency and alignment with human taste. Re-
ward modeling is a representative approach: Im-
ageReward learns a text-to-image human prefer-
ence reward model from expert comparisons and
further uses it to optimize diffusion models, while
HPS v2 provides a learned preference score trained
on large-scale human pairwise choices as an au-
tomatic evaluation signal (Xu et al., 2023; Wu
et al., 2023). Recently, efficient RL recipes such
as Group Relative Policy Optimization (GRPO)
have been developed and popularized in LLM post-
training (Shao et al., 2024; Guo et al., 2025), and
have begun to be adopted to train vision-language
evaluators for image quality assessment (IQA) (Wu
et al., 2025; Li et al., 2025). However, relative sig-
nals in prior RL setups are often used as a means
to refine scalar predictors, instead of learning a
context-aware placement rule from comparisons.

As a result, models may generalize poorly when
the numeric convention changes. In contrast, our
Stage 1 explicitly casts subjective assessment as
comparative analysis under a reference set.

Aesthetics/IQA datasets. Progress in subjective
visual evaluation is driven by diverse datasets with
heterogeneous annotation protocols and scoring
ranges. For aesthetics, widely used benchmarks
include AVA (1-10 ratings) (Murray et al., 2012),
AADRB (ratings with attribute annotations) (Kong
et al., 2016), and datasets with dense annotations
such as TAD66K (He et al., 2022); personalized
benchmarks with rich attributes such as PARA fur-
ther highlight preference-dependent scoring (Yang
et al., 2022). Complementary aspect-focused
benchmarks such as CADB emphasize composition
assessment beyond holistic scores (Zhang et al.,
2021). For image quality assessment (IQA), com-
mon testbeds include realistic smartphone photog-
raphy datasets such as SPAQ and controlled dis-
tortion datasets such as KADID-10k (Fang et al.,
2020; Lin et al., 2019). These dataset properties
motivate studying scale-aware comparative super-
vision and controllable judging behavior across
heterogeneous score conventions.

3 Methodology

In this section, we present SZAD, a two-stage
framework that operationalizes subjective assess-
ment through a progression from mimesis to meta-
morphosis. As illustrated in Figure 2, the model
evolves from explicit, reference-conditioned com-
parison to retrieval-free internalized judgment.

3.1 Problem Formulation

Given an input image Z and an optional textual
prompt P, our goal is to predict a scalar aesthetic
score $ € [Smins Smaz] (€.g., [1,5]). Since ab-
solute aesthetic annotations can be subjective and
exhibit non-trivial noise, we complement pointwise
supervision with relative signals derived from com-
parisons, which often provide a more informative
training signal for calibrating intervals and order-
ing. Motivated by this, we encourage the scorer to
be consistent in its relative placement when com-
pared against a small, context-aware anchor set.

Let fo(Z,P) denote a VLM parameterized by 6
that outputs a score §. For each query (Z,, P) with
ground-truth score s}, we dynamically construct
an anchor set

M={(Z;, )}

J=1
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Figure 2: Architecture of the proposed S?AD framework. In Stage 1, the teacher model learns to position a query
image relative to retrieved references. In Stage 2, the student model internalizes this capability via Language Buttons

and distillation, enabling retrieval-free inference.

where N = 4. We optimize 6 such that the pre-
dicted score 8, = fy(Zy, P) is consistent with s
in terms of its relative position with respect to the
anchor scores {s}}.

Dynamic Rescale. To model heterogeneous scale
conventions and prevent the scorer from overfitting
to a fixed numeric ruler, we apply an instance-wise
affine transformation to the score space:

S=as+b (1)

where a (scale) and b (shift) are sampled per in-
stance. We apply the same (a,b) to the query
and anchor scores within M, yielding transformed
scores 5 and {37} that define the instance-specific
ruler. All comparison-based objectives in both
Stage 1 and Stage 2 are computed in this trans-
formed space, ensuring that learned comparative
behavior remains informative under scale shifts.

3.2 Stage 1 (Mimesis): Retrieval-Augmented
Explicit Comparative Training

As shown in Figure 2 (left), stage 1 (Mimesis)
establishes a reference-conditioned training envi-
ronment by leveraging an expert photo database
categorized into aesthetic groups. By retrieving
in-context reference samples that span different
quality levels, we construct an explicit contextual
ruler to supervise the teacher VLM. This allows
the model to learn relative placement logic via Dy-
namic Soft Positioning (DSP) rather than fitting
absolute numeric mappings.

Hybrid Multimodal Retrieval. We adopt hybrid
retrieval (a weighted fusion of visual and textual
similarity) and a score-bin coverage stratified sam-
pling scheme to select /N =4 reference images span-

ning different quality ranges as comparative an-
chors (details in Appendix A.1.1).

Comparison in the rescaled space. Following
Eq. 1, we compute Stage 1 objectives on the trans-
formed scores: the query has ground-truth s; and
anchors have {3} }jvzl We denote the teacher pre-

diction on this instance-specific ruler as 5.

Dynamic Soft Positioning. To supervise where
the query should land on the ruler, we adopt Dy-
namic Soft Positioning (DSP), which maps a score
to a soft position relative to M:

N
p(BEM)=14> o(B(55-3) @
j=1
, B
=— 3)

where o (+) is the sigmoid function, 5’ controls the
sharpness and 3 is a hyperparameter. We then
measure the placement error between the prediction
and the ground truth:

Lpsp = |p(5¢, M) — p(35, M) “4)

q )
Finally, we convert it to a bounded reward:
Rrank = eXp(_)\['DSP) (5)

where A is a scaling hyperparameter.

Interval consistency. While R ,nx supervises the
global relative position, we additionally encourage
local interval calibration between the two nearest
reference scores that bracket the query. Let the ref-
erence scores in M be sorted as §>("1) <--- < §E*N).
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Denote by 5; and 5. the immediate left/right neigh-
bors that bracket the ground-truth s in this ordered
list. We define a normalized interval coordinate
5—8f

k(§, M) = = L

* Sk
ST‘_SZ +6

(6)
Then the interval discrepancy is
Rin = exp (= e, 240 = w55 M| ) )

where 7 is a scaling hyperparameter. Finally, we
combine the two signals into the Stage 1 reward:

RStagel = %Rrank + %RrankRint 3)

We combine Rk and Ry in a coarse-to-fine
manner. Intuitively, Ranx captures the global or-
dering of the query relative to the ruler, while R,
refines the /ocal calibration within the bracketing
interval. The multiplicative term R ank Rine acts as
a soft gate: interval-level rewards are emphasized
only when the model has already placed the query
at an approximately correct global position.

Optimization. We optimize the Stage 1 teacher
with GRPO using the reward Rggge 1 computed on
the retrieval-augmented ruler.

3.3 Stage 2: Metamorphosis — Retrieval-Free
Internalization with Language Levels

As shown in Figure 2 (right), stage 2 freezes the
Stage-1 trained teacher and optimizes a retrieval-
free student (initialized from the teacher model)
to score a query image alone at test time; the stu-
dent internalizes the comparative logic via a fixed
Language-Button prompt and distillation rewards
that align its placement behavior with the teacher.

Standard prompt with five semantic levels. We
introduce a lightweight standard prompt that de-
fines five discrete Language Buttons (Poor / Fair
/ Good / Very Good / Excellent). The standard
table is constructed by partitioning the training-
score distribution into five percentile-aligned seg-
ments, and assigning each level an approximate
target computed from the corresponding segment.
Details, templates, and numeric values are provided
in Appendix A.2.1.

Fidelity Reward via Bhattacharyya Coefficient.
To encourage distributional consistency between
the student prediction and the teacher signal, we in-
troduce a Fidelity Reward that aligns their pairwise

comparison profiles with respect to the same ref-
erence set. Given a teacher score §t and a student-
predicted score Ss, We compute the probability that
each score exceeds a reference score $* using a
temperature-controlled sigmoid:

P7’f-—a<5t;5 ) Pfé—o(SS;S) 9)

where 7 controls comparison sharpness. We then
measure the affinity between the teacher and stu-
dent Bernoulli distributions for each reference via
the Bhattacharyya Coefficient, and average over all
references:

K

Rp = % 3 <\/P7’EP§ /- Ph - P§)>

k=1 (10)
This reward encourages the student to match the
teacher not only in absolute score magnitude, but
also in how the score is positioned relative to mul-
tiple references, yielding a calibrated and scale-
aware distillation signal.

Virtual DSP for retrieval-free placement. To
complement Fidelity, we reuse the DSP compu-
tation from Stage 1 to provide direct rank-aware
supervision. We substitute the visual ruler M with
uniform anchors U, obtained by sampling scalar
points across the valid score range (e.g., [1, 5] for
PARA). The student’s relative positioning is su-
pervised by matching its placement on U to the
ground-truth placement:

Lipsp = |p(35,U) = p(3*,U0)| (A1)

This discrepancy is converted into Rrank using Eq.
5. In practice, these uniform anchors are mapped
into the current rescaled range to maintain consis-
tency with our Dynamic Rescale strategy. Details
of how to select uniform anchors are provided in
Appendix A.2.3.

We optimize the student with GRPO under a
multi-objective reward:

Riotal = w1 Rf + waRrank + w3 Rievel- (12)

Here Rieve 1s a lightweight semantic consistency
reward that encourages the predicted level to match
the ground-truth level ¢* induced by the percentile-

aligned table:
Rievel = L[ = 7). (13)

Auxiliary stabilizers such as output-format con-
straints and range guards are used in practice.
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4 Experiments Setup

4.1 Implementation Details

Benchmarks and Metrics. We employ PARA
(Yang et al., 2022) as the in-domain training data
set of our method. To evaluate the effectiveness and
generalization, we conduct extensive testing on six
additional benchmarks spanning aesthetic assess-
ment and image quality assessment (IQA). For out-
of-distribution (OOD) aesthetic evaluation, we test
on AVA (Murray et al., 2012), TAD66K (He et al.,
2022), CADB (Zhang et al., 2021), and AADB
(Kong et al., 2016). To further examine cross-task
generalization beyond aesthetics, we report results
on two widely used IQA datasets: KADID-10k
(Lin et al., 2019) and SPAQ (Fang et al., 2020).
We report Spearman’s rank correlation coefficient
(SRCC) and Pearson’s linear correlation coefficient
(PLCC) between predicted scores and ground-truth
scores: SRCC measures ranking consistency and is
the primary metric under rubric/scale shifts, while
PLCC reflects linear alignment under a given nu-
meric convention.

Baselines. We compare S2AD against four cate-
gories of models: (i) open-source VLMs, includ-
ing Qwen2.5-VL (7B/72B) (Bai et al., 2025), In-
ternVL3 (8B/38B) (Zhu et al., 2025), and LLaVA-
OneVision (Li et al., 2024); (ii) Task-specialized
scorers, such as ArtiMuse (Cao et al., 2025) for
aesthetics, and Q-Insight (Li et al., 2025) and
VisualQuality-R1 (Wu et al., 2025) for IQA; (iii)
Closed-source reference, represented by GPT-4o0
(OpenAl et al., 2024) and (iv) Traditional super-
vised model, Charm (Behrad et al., 2025), a classi-
cal supervised aesthetic predictor trained on PARA,
included as a non-VLM reference point.

Training Details. We use Qwen2.5-VL-7B (Bai
et al., 2025) as the backbone. Stage 1 fine-tunes
the pretrained backbone to obtain a reference-
conditioned judge. Stage 2 then continues train-
ing from the Stage 1 checkpoint to internalize the
comparative ruler into language buttons. In both
stages, we fine-tune all model parameters. All ex-
periments are conducted on 8 X A100 GPUs (80GB
each) with a global batch size of 32 and a learning
rate of 2e—6, and we train for one epoch per stage.
For GRPO, the group size is G=8 in Stage 1 and
G=12 in Stage 2. (details in Appendix B).

4.2 Evaluation protocol

We explicitly specify the inference-time context
used by each stage.

Stage 1. Although Stage 1 can be paired with re-
trieval, we adopt a deployment-oriented evaluation
that avoids per-query retrieval at test time. For each
target dataset, we sample once a fixed N =4 images
from the training split, such that their ground-truth
scores span low-to-high. Every test image is then
evaluated under the same four-image context.

Stage 2. Stage 2 is retrieval-free by design, but
transferring to a new dataset requires aligning nu-
meric outputs to the target dataset’s score conven-
tion. We therefore provide a minimal amount of
scale information using a small non-test calibration
split. Concretely, for each target dataset, we sample
a calibration set C of size M =200 from the non-
test split (training/validation). We ask the model
to assign each image = € C to one of five seman-
tic levels (Poor / Fair / Good / Very Good
/ Excellent), and compute each level’s numeric
anchor as the mean ground-truth score of images
assigned to that level:

a; = Ezec,i(z):l[SGT(x)]' (14)
The resulting anchor table {a; }7_, is fixed and used
for scoring all test images. This step uses no test
images or test labels and does not update model
parameters; it only calibrates the numeric scale
required for cross-dataset evaluation.

5 Results and Analysis

5.1 Main Results on Aesthetic Assessment

As shown in Table 1, S?AD consistently achieves
state-of-the-art performance across all OOD bench-
marks. Stage 1 demonstrates superior OOD ro-
bustness by leveraging explicit exemplars, while
Stage 2 maintains high competitive correlations
on PARA (in-domain) without any retrieval over-
head. Notably, both stages significantly outper-
form proprietary models like GPT-40, validating
the effectiveness of our comparative training. Al-
though Charm, as a classical non-VLM supervised
baseline trained directly on PARA human ratings,
achieves higher in-domain correlation on PARA,
it falls behind S2AD on every OOD benchmark.
This suggests that our comparative training strategy
transfers better across datasets than conventional
dataset-specific supervised fitting.
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In-domain Out-of-distribution
Method Average
PARA AVA CADB TAD66K AADB

SRCC

Qwen2.5VL-7B (Bai et al., 2025) 0.6702 0.3518 0.5442 02242  0.5474 0.4676
Qwen2.5VL-72B (Bai et al., 2025) 0.6978 0.4179 0.5859 02397 0.5614 0.5005
InternVL3-8B (Zhu et al., 2025) 0.6874 0.3667 0.5272  0.2037  0.5949 0.4760
InternVL3-38B (Zhu et al., 2025) 0.7070 0.3950 0.5343 0.2263  0.5713 0.4868
LLaVA-OneV-8B (Li et al., 2024) 0.7225 0.4188 0.5103 0.2391  0.4137 0.4609
Q-Insight (Li et al., 2025) 0.7683 0.4022 0.4954 0.2008  0.5832 0.4900
Artimuse (Cao et al., 2025) 0.5565 0.4260 0.2955 0.2401  0.3600 0.3756
Visualquality-r1 (Wu et al., 2025) 0.6863 0.4148 0.4724 0.1876  0.5086 0.4539
GPT-40 (OpenAl et al., 2024) 0.6784 0.5013 0.5380 0.2515  0.5317 0.5002
Charm' (Behrad et al., 2025) 0.9050 0.4210 0.6024 0.2802  0.6297 0.5677
QOurs (Stage 1) 0.8396 0.5226 0.6037 0.3229  0.6828 0.5943
Ours (Stage 2) 0.8805 0.4884 0.6122 0.2899  0.6811 0.5904
PLCC

Qwen2.5VL-7B (Bai et al., 2025) 0.7528 0.3684 0.5319 0.2282  0.4933 0.4749
Qwen2.5VL-72B (Bai et al., 2025) 0.7329 0.3992 0.5271  0.2413  0.5134 0.4828
InternVL3-8B (Zhu et al., 2025) 0.7767 0.2669 0.5242  0.1941  0.5587 0.4641
InternVL3-38B (Zhu et al., 2025) 0.7616 0.3551 0.5160 0.2317 0.5123 0.4753
LLaVA-OneV-8B (Li et al., 2024) 0.7578 0.4069 0.4388 0.2337  0.3961 0.4467
Q-Insight (Li et al., 2025) 0.8273 0.3925 0.4539 0.2173  0.4909 0.4764
Artimuse (Cao et al., 2025) 0.6681 0.4252 03087 0.2357 0.3423 0.3960
Visualquality-r1 (Wu et al., 2025) 0.7877 0.4197 0.4598 0.2068  0.4832 0.4714
GPT-40 (OpenAl et al., 2024) 0.7382 0.4283 0.5172 02394  0.5239 0.4894
Charm' (Behrad et al., 2025) 0.9380 0.4141 0.6056 0.2849  0.6301 0.5746
Ours (Stage 1) 0.8941 0.5232 0.6059 03501 0.6680 | 0.6082
Ours (Stage 2) 0.9146 | 0.5071 0.6129 0.3103  0.6824 | 0.6055

Table 1: Main results on in-domain and out-of-distribution aesthetic datasets. Our models are trained on PARA only,
The top two results are highlighted in bold and italic underline. Charm? is traditional supervised aesthetic predictor

trained on PARA.

Fairness check. To rule out that our gains stem
from extra scale information or reference access,
we apply the same protocols to some baseline
judges. (1) RAG fairness: we provide the same
retrieved reference context to baseline judges (With
RAG) and compare against their original inference
(No-RAG). (2) Rubric calibration fairness: we
apply the same non-test numeric anchoring to base-
line judges (With rubric calibration) and compare
against their original predictions (No-Table). As
shown in Table 2 (Details in Appendix C.1), these
protocols do not yield consistent improvements for
baselines and often degrade correlation, whereas
S2AD benefits from both, indicating that non-test
anchoring and reference access are not free perfor-
mance boosters; they become effective when the
judge has learned a transferable comparative ruler.

5.2 Rubric/Table Shift Robustness

A key challenge in subjective assessment is
rubric/table shift: the same semantic quality can
correspond to different numeric targets under dif-
ferent scoring conventions. A reliable judge should
preserve rubric-invariant ranking while allowing
rubric-dependent calibration according to the
specified table.

Protocol. We conduct a controlled stress test on
a subset of 500 randomly selected images from the
AVA dataset . We consider several anchor tables
that differ in range and location (Default, Wide-
Range, Compressed, High-Shift), and report SRCC
under each setting.

Rank stability under rubric shifts. As shown in
Figure 3, S?AD maintains nearly unchanged SRCC
across different anchor tables, indicating that the
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Figure 3: Rubric/table shift robustness. Left: SRCC across different rubric tables. Right: the corresponding
anchor tables used in prompts, illustrating how numeric conventions differ in range and location.

Method PARA CADB
SRCC PLCC SRCC PLCC
ARAG (With RAG — No-RAG)
Qwen2.5VL-7B -0.0062  +0.0209 -0.1531 -0.1214
Q-Insight -0.0369 -0.0007 +0.0138 +0.0269
ArtiMuse -0.0231 -0.0946 +0.0136 +0.0010
Ours +0.0327 +0.0338 +0.0483 +0.0552
ACalib (With rubric calibration — No-Table)
Qwen2.5VL-7B -0.1562  -0.1054 -0.2190 -0.2691
Q-Insight -0.0184 -0.0303 -0.0446 -0.0062
ArtiMuse -0.0535  -0.1321 -0.0324  -0.0925
Ours +0.0190 +0.0126 +0.0171 +0.0310

Table 2: Fairness check. We report performance deltas
for (i) adding retrieved references (ARAG) and (ii) ap-
plying non-test rubric calibration(ACalib).

learned preference ordering is largely independent
of the specific numeric convention. In contrast,
several baselines exhibit substantially larger SRCC
volatility under the same prompt-only table shift,
suggesting that their ranking behavior is more en-
tangled with a particular rubric. Additional statis-
tics on mean/std shifts and distributional analyses
are provided in Appendix C.2.

5.3 Effect of Context, Anchoring, and
Training Ablations

In this section, we analyze how inference-time con-
text, evaluation-time anchoring, and training vari-
ants affect performance.

Necessity of the contextual ruler. As shown in
Table 3, removing the retrieved reference pack dur-
ing Stage 1 inference (Stage 1 w/o RAG) consis-
tently degrades performance (avg. SRCC: 0.5943
— 0.5268), indicating that the teacher benefits from
explicit anchors for comparative placement.

Efficacy of internalization. Table 3 also shows
that disabling the non-test numeric anchoring in
Stage 2 (Stage 2 w/o Table) causes only a mild
drop, while maintaining strong correlation (avg.
SRCC: 0.5796). This suggests that Language But-
tons capture most of the internalized comparative
logic, while anchoring mainly refines the dataset-
specific numeric mapping.

Two-stage synergy. As further shown in Table 3,
training Stage 2 directly from the backbone without
the Stage 1 teacher and Fidelity (Stage 2-only w/o
Fidelity) leads to a large degradation (avg. SRCC:
0.5218), supporting that metamorphosis depends
on both Stage 1 imitation priors and Fidelity-based
behavioral distillation.

Sensitivity to reference count (/V). As described
in Section 3.2 and Appendix A.1.1, Stage 1 con-
structs a contextual ruler via score-bin coverage,
sampling one reference per bin with N=2DB by con-
struction. We further ablate N € {2,4,6,8} on
four OOD benchmarks, with results shown in Ta-
ble 4. N=2 consistently underperforms, suggest-
ing that too few references provide insufficient
ruler coverage. N=4 and N=6 achieve compet-
itive results across datasets, while increasing to
N =8 provides no further gain. We therefore adopt
N=DB=4, which offers strong performance while
keeping VRAM overhead manageable.

5.4 Generalization to IQA

To test generalization beyond aesthetics, we eval-
uate zero-shot transfer to two IQA benchmarks,
KADID-10k and SPAQ (Table 5). Despite the do-
main shift (aesthetics — distortion-aware quality),
S2AD consistently improves over the general VLM
baseline, suggesting the learned scale-aware com-
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In-domain

Out-of-distribution

Method PARA AVA CADB TAD66K AADB | Average
SRCC

Stage 1(w/o RAG) 0.8069 0.4501 0.5554 0.2453 0.5762 |  0.5268
Stage 1 0.8396 0.5226 0.6037 0.3229 0.6828 |  0.5943
Stage 2(w/o Table) 0.8615 0.4764 0.5951 0.2820 0.6828 |  0.5796
Stage 2-only(w/o Fidelity) | 0.8043 0.4351 0.5602 0.2410 0.5684 | 0.5218
Stage 2 0.8805 0.4884 0.6122 0.2899 0.6811 | 0.5904
PLCC

Stage 1(w/o RAG) 0.8603 0.4604 0.5507 0.2612 0.5450 |  0.5355
Stage 1 0.8941 0.5232 0.6059 0.3501 0.6680 | 0.6082
Stage 2(w/o Table) 0.9020 0.4806 0.5819 0.2861 0.6681 0.5837
Stage 2-only(w/o Fidelity) | 0.8387 0.4340 0.5536 0.2552 0.4930 | 0.5149
Stage 2 0.9146 0.5071 0.6129 0.3103 0.6824 |  0.6055

Table 3: Ablation studies on context, anchoring, and training pipeline. The best results are highlighted in bold.

Dataset N=2 N=4 N=6 N=8
SRCC

AADB 0.658 0.683 0.663 0.678

AVA 0.504 0.523 0.499 0.497

CADB 0.591 0.604 0.612 0.610

TAD66K 0.300 0.323 0.336 0.317
PLCC

AADB 0.632 0.668 0.652 0.661

AVA 0.513 0.523 0.496 0.502

CADB 0.579 0.606 0.620 0.607

TADG66K 0.322 0.350 0.353 0.335

Table 4: Stage 1 SRCC and PLCC under varying refer-
ence counts N. Best results per dataset are in bold.

KADID SPAQ
Method

SRCC PLCC SRCC PLCC
Q—InsightT 0.7331 0.6709 0.9034 0.9056
Visualquality—rlT 0.7110 0.6760 0.9011 0.9017
Qwen2.5VL-7B  0.5601 0.5575 0.8595 0.8564
Qurs (Stage 1) 0.6731 0.6620 0.8800 0.8849
QOurs (Stage 2) 0.6482 0.6784 0.8859 0.8816

Table 5: Results on IQA datasets. The best results are
highlighted in bold. T indicates that the model was
trained on the KADID and SPAQ datasets.

parative ruler transfers to broader subjective assess-
ment. Note that methods marked with T are trained
on the target IQA dataset.

6 Conclusion

We presented S2AD, a two-stage framework that re-
frames subjective assessment as comparative place-
ment on a contextual ruler, rather than pointwise
regression. The framework evolves from explicit
visual comparisons to internalized semantic an-
chors, enabling efficient, rank-invariant, and scale-

steerable evaluation without needing reference im-
ages at inference. Across multiple aesthetics bench-
marks and transfer experiments on IQA datasets,
S2AD achieves strong correlation with human la-
bels and exhibits robustness under rubric/table
shifts. In future work, we plan to extend S?AD
to broader subjective settings (e.g., safety, appro-
priateness, multi-attribute rubrics), explore richer
internal anchor structures beyond discrete levels.

Limitations

Scope of Subjective Attributes. While our
framework demonstrates state-of-the-art results in
aesthetic assessment and competitive performance
on image quality assessment (IQA), subjective eval-
uation is an expansive field that encompasses di-
verse dimensions such as image safety, humor, and
emotional resonance. Our current study primarily
focuses on holistic quality and aesthetic priors. Ex-
tending the “Metamorphosis” framework to these
highly specialized or multi-dimensional subjective
domains remains an open area for investigation.

Granularity of internalized anchors. We oper-
ationalize Stage 2 (Metamorphosis) using five dis-
crete semantic levels as “Language Buttons” to rep-
resent the internalized ruler. Although this config-
uration yields strong performance and aligns with
standard human grading scales, certain extremely
fine-grained evaluation tasks might benefit from a
higher density of semantic anchors or a continuous
latent representation. We leave the optimization
of anchor density for specific niche applications to
future studies.

Training-time retrieval bias. Stage 1 relies on
retrieved reference images to construct the con-
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textual ruler, so its behavior can be affected by
biases in the retrieval pipeline, such as similarity
mismatches. In this work, we partially mitigate
this risk through score-bin coverage sampling, hy-
brid visual-text retrieval, and randomized top-K
selection, which improve ruler diversity. More sys-
tematic mitigation remains future work, such as
stronger diversity-aware retrieval.
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A Details of S2AD

A.1 Stage 1 (Mimesis)

A.1.1 Hybrid Retrieval and Score-Bin
Coverage Sampling

This appendix details how we construct the refer-
ence pack M for Stage 1 via hybrid retrieval and
score-bin coverage, as referenced in Section 3.2.

Hybrid multimodal similarity. For each image,
we extract a CLIP image embedding v € R? and
a CLIP text embedding t € R? computed from a
short VLM-generated caption. All embeddings are
{o-normalized, so inner product equals cosine sim-
ilarity. Given a query image 7, with embeddings
(vg,tq) and a candidate image 7. with (v, t.), we
compute a hybrid similarity:

Sim(Zy, Z.) = Ap(vg, ve) + Aetg, te)  (15)
where A\, and \; control the relative importance of
visual and textual cues.

Score-bin coverage sampling (N=4). To en-
sure the reference pack spans diverse quality
ranges, we stratify candidates by their ground-truth
aesthetic score into B bins (uniform bins over
the training score range; in practice B=4 with
[1,2),[2,3),[3,4),[4,5)). For each bin b, we re-
strict the candidate pool to images whose scores
fall into that bin and rank them by Sim(Z,,Z.).
To avoid repeatedly selecting near-duplicate an-
chors, we perform randomized top-K sampling:
we take the top- K candidates within each bin and
uniformly sample one as the anchor for that bin.
The final reference pack M contains one anchor
per bin, yielding N =4 references per query.
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Table 6: Structured prompt used in Stage 1 (reference-
conditioned).

Prompt Text

You are an expert aesthetic critic capable of
adapting to arbitrary scoring scales based on con-
text. Given a target image and several reference
images with scores, assess the aesthetic quality
of the target image relative to the references and
output a scalar score on the current scale.

Current scale: range [Min, Max| (Worst —
Best).

Reference examples:

(1) Reference Image 1 with Score 1
(2) Reference Image 2 with Score 2
(3) Reference Image 3 with Score 3
(4) Reference Image 4 with Score 4

Target: Target Image

First output the thinking process in
<think>...</think> tags, explicitly ana-
lyzing composition, color/tone, lighting, depth
of field, and content/semantics, and comparing
the target image with the references. Then
output the final score with only one number in
<answer>...</answer> tags.

Required output format:
<think> ... </think>
<answer> NUMBER </answer>

A.1.2 Stage 1 Prompt Template

Table 6 shows the structured text prompt used in
Stage 1. At training time, the query is augmented
with a reference pack of N=4 images and their
(rescaled) scores, which define the instance-specific
ruler; the model is required to produce a rationale
in <think> and a single scalar score in <answer>.

A.2 Stage 2 (Metamorphosis)
A.2.1 Standard Table Construction

As described in Section 3.3, we build a Standard Ta-
ble for five semantic levels (Poor / Fair / Good /
Very Good / Excellent) from the training-score
distribution. We compute percentile cut points at
p € {20,40, 60, 80,100} and form five contiguous
intervals:

Bi =[Qo, Q20), B2 = [Q20, Qu0),
B3 = [Qa0, Q60), Ba = [Qs0, @s0), (16)
Bs = [Qs0, Q100]

where (), denotes the p-th percentile of training
scores (with Qg being the minimum). For numer-
ical stability, we optionally allow a small upper
slack on Q1099 when defining the boundary set.

Anchor values. We assign each level an anchor
(an “around” value) as the midpoint of its interval:
for B; = [ﬁz, uz-], we set a; = (& + ’U,z)/2

Example. On PARA (raw score range [1, 5]), one
instantiation is

b =~ [1.00, 2.44, 2.98, 3.45, 3.76, 5.00] (17)
which yields midpoint anchors
a=[1.72,2.71, 3.22, 3.61, 4.38] (18)

corresponding to (Poor / Fair / Good / Very
Good / Excellent), respectively. Stage 2 operates
in the rescaled space s = as + b, so we apply the
same affine transform to a before inserting the table
into the prompt.

A.2.2 Stage 2 Prompt Template

Table 7 shows the structured prompt used in
Stage 2, where visual references are removed. In-
stead, the model is provided with an anchor-only
Standard Table (five semantic levels with “around”
values) and is asked to (i) output a discrete level in
<level> and (ii) output a scalar score in <answer>,
with intermediate rationale in <think>.

A.2.3 Virtual DSP rank reward R ank-

To compute the Stage 2 DSP-style rank reward
without visual references, we substitute M with
uniform anchors U sampled across the valid score
range (mapped into the current rescaled conven-
tion). In implementation, we use 11 evenly spaced
base anchors over [1, 5]:

Upase = {1.0,1.4,1.8,2.2,2.6,3.0,

3.4,3.8,4.2,4.6,5.0} (19)

and map them via the same affine transform to
obtain anchors in the current rescaled ruler.

A.3 Dynamic Rescale Sampling

We apply instance-wise affine transforms s = as +
b. In our implementation, a and b are sampled from
discrete sets to provide stable training signals while
covering a wide range of scale and shift patterns:

a€{0.1,02,...,1.0} U {2,3,...,10},
be{-10,-9,...,9,10}
(20)
The same (a, b) is applied to both query and refer-
ence scores within the same instance.
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Table 7: Structured prompt used in Stage 2 (anchor-only
variant shown).

Prompt Text

You are an expert aesthetic critic. Your task is
to assign the target image a semantic level and
a precise aesthetic score based on the provided
Standard Table.

(1) First, output the semantic level in <level>
</level> tags.

(2) Then, provide a detailed rationale in <think>
</think> tags.

(3) Finally, output the score in <answer>
</answer> tags.

Input: Target Image
Evaluate based on the standard table below:

Standard Table:

- <Poor>: around Anchor_Poor

- <Fair>: around Anchor_Fair

- <Good>: around Anchor_Good

- <Very Good>: around Anchor_VeryGood
- <Excellent>: around Anchor_Excellent

Required output format:

<level> Poor/Fair/Good/Very
Good/Excellent </level>
<think> ... </think>

<answer> NUMBER </answer>

B Implementation Details

We use Qwen2.5VL-7B as the backbone. Stage 1
fine-tunes the pretrained backbone to obtain a
reference-conditioned judge. Stage 2 then con-
tinues training from the Stage 1 checkpoint. We
perform full parameter fine-tuning in both stages.

B.1 Model and Infrastructure

* Hardware: All experiments are conducted on
a cluster of 8 x A100 (80GB) GPUs.

* Optimization: We use a global batch size of
32 and a learning rate of 2 x 1075, training
for one epoch per stage.

» Dataset: We use a subset of the PARA train-
ing set for model training, which consists of
18,980 images.

B.2 Stage-specific Training Protocols

We optimize the vision-language judge using
Group Relative Policy Optimization (GRPO).

* Group Size: We set the group size to G = 8
for Stage 1 (Mimesis) and G = 12 for Stage 2
(Metamorphosis). The group size in Stage 1
is smaller than that in Stage 2 due to computa-
tional resource constraints: Stage 1 involves
multi-image reasoning with a reference pack,
which requires significantly more VRAM per
generation than the retrieval-free inference
used in Stage 2.

* Stage 1 Retrieval: For the hybrid multimodal
retrieval (Appendix A.1), we employ visual
and textual similarity weights (A\,, \;) =
(0.4,0.6). We apply randomized top-K sam-
pling with K = 10 to select N = 4 reference
images, ensuring each anchor represents one
distinct score bin.

* Stage 2 Optimization: In the internal-
ization stage (Appendix A.2), the multi-
objective reward weights in Eq. (12) are set to
(w1, wa, ws) = (1.0,1.0,0.5). For the virtual
DSP rank reward, we define m = 11 uniform
anchors spanning the rescaled score range.

C Expanded Experimental Results
C.1 Fairness Check — Full Results

This section provides the full results underlying
the fairness check reported in Table 2 of the main
text. We evaluate two protocols on representative
datasets (PARA and CADB) and report both SRCC
and PLCC. (i) RAG fairness: we provide base-
lines with the same fixed reference pack used by
our Stage 1 evaluation (With RAG) and compare it
against the baseline’s original inference without ref-
erences (No-RAG); the absolute results are shown
in Table 8. (ii) Rubric calibration fairness: we ap-
ply the same non-test anchor-table calibration used
by our Stage 2 transfer (With Table) and compare
it against the baseline’s original scoring prompt
without an anchor table (No-Table); the absolute
results are shown in Table 9.

C.2 Additional Statistics for Rubric/Table
Shift Robustness

This section complements the rubric/table-shift ro-
bustness study in the main paper by reporting ad-
ditional distributional statistics of the predicted
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Method PARA CADB
SRCC PLCC SRCC PLCC
Qwen2.5VL-7B-RAG 0.664 0.774 0391 0411
Qwen2.5VL-7B 0.670 0.753 0.544 0.532
Q-Insight-RAG 0.731 0.827 0.509 0.481
Q-Insight 0.768 0.827 0.495 0454
Artimuse-RAG 0.533 0.573 0309 0.310
Artimuse 0.556 0.668 0.295 0.309
Stage 1 0.840 0.894 0.604 0.606
Stage 1 (w/o RAG) 0.807 0.860 0.555 0.551

Table 8: Fairness check (RAG access) — full results
on PARA and CADB. We report SRCC/PLCC when
provided with the same fixed reference pack at infer-
ence time (With RAG) versus its original reference-free
setting (No-RAG).

Method PARA CADB
SRCC PLCC SRCC PLCC
Qwen2.5VL-7B-Table 0.514 0.647 0.325 0.263
Qwen2.5VL-7B 0.670 0.753 0.544 0.532
Q-Insight-Table 0.750 0.797 0.451 0.448
Q-Insight 0.768 0.827 0.495 0.454
Artimuse-Table 0.503 0.536 0.263 0.217
Artimuse 0.556 0.668 0.295 0.309
Stage 2 0.881 0915 0.612 0.613
Stage 2 (w/o Table) 0.862 0.902 0.595 0.582
Table 9: Fairness check (non-test rubric calibra-

tion) — full results on PARA and CADB. We report
SRCC/PLCC with our non-test anchor-table calibra-
tion (With Table) versus the original setting without an
anchor table (No-Table); this calibration uses no test
images/labels and updates no parameters.

scores under controlled changes of the anchor table.
Our goal is to verify not only that a judge preserves
ranking under rubric shifts, but also that it exhibits
a coherent and predictable change in its numeric
outputs when the scoring convention is modified.

Controlled anchor tables. We construct four an-
chor tables (Table 10) to simulate common rubric
variations: (i) a default table, (ii) a wider-range
table (stretching the numeric span), (iii) a com-
pressed table (shrinking the numeric span), and (iv)
a high-shift table (overall upward shift). All tables
share the same five semantic levels (Poor / Fair
/ Good / Very Good / Excellent) but differ in
their numeric anchors, thus isolating rubric/table
shift from other confounders.

Distribution Poor Fair Good Very Good Excellent
Default 377 4.10 4.89 5.85 7.52
Wide_Range 1.00 3.00 5.00 7.00 9.00
Compressed 4.00 4.50 5.00 5.50 6.00
High_Shift 6.00 7.00 8.00 9.00 10.00

Table 10: Anchor tables (rubrics) used in the controlled
rubric/table-shift robustness test.

Rubric SRCC Mean Std
Qwen2.5VL-7B

Default 0.215 4.13 1.78
Wide-Range 0.362 5.01 2.32
Compressed 0.255 4.13 1.98
High_Shift 0.251 6.01 3.52
Q-Insight

Default 0.063 2.82 2.23
Wide-Range 0.203 4.45 2.56
Compressed 0.106 3.44 2.26
High_Shift 0.166 5.49 3.67
Artimuse

Default 0.323 4.34 1.02
Wide-Range 0.342 3.90 2.15
Compressed 0.292 4.51 0.73
High_Shift 0.275 6.15 1.72
Ours

Default 0.481 5.04 0.65
Wide-Range 0.463 5.40 1.80
Compressed 0.468 5.05 0.44
High_Shift 0.470 8.15 0.83

Table 11: Additional statistics under rubric/table shifts:
SRCC and prediction distribution (mean/std) for each
judge across different anchor tables.

Metrics beyond SRCC. For each judge and each
anchor table, we report: (1) SRCC, measuring
whether relative ordering is preserved, and (2) the
mean and standard deviation of predicted scores
over the evaluation set, characterizing how the
score distribution responds to the rubric. These
statistics are summarized in Table 11.

Interpretation. A robust rubric-aware judge
should ideally maintain similar SRCC across an-
chor tables (ranking stability), while its predic-
tion distribution (mean/std) should change consis-
tently with the table’s intended shift (e.g., wider
tables inducing larger dispersion, upward-shifted
tables increasing the mean). As shown in Ta-
ble 11, our method best matches this desideratum:
it keeps ranking behavior stable while adjusting
the scale/location of numeric outputs in accordance
with the anchor table, indicating that it has learned
to decouple comparative placement from dataset-
specific numeric conventions.
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C.3 Variance Across Runs

To assess robustness, we run Stage 2 evaluation
five times (temperature =0.8, top_p =0.8) and re-
port mean =+ std in Table 12. The small standard
deviations confirm that our results are stable.

Dataset SRCC PLCC

AADB 0.682 4 0.0053 0.682 £ 0.0056
AVA 0.480 4 0.0037 0.505 4 0.0048
CADB 0.608 & 0.0067 0.618 £ 0.0062
TAD66K 0.289 4+ 0.0016 0.308 4 0.0043

Table 12: Stage 2 variance across 5 runs.
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