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Abstract

Reward models play an essential role in align-
ing visual generative models, yet most exist-
ing visual reward models use a single scalar
score or rely on fixed criteria that cannot adapt
to different instructions. This limits both in-
terpretability and task sensitivity, especially
for text-to-image generation and instruction-
based image editing, where different inputs
require different evaluation dimensions. We
propose RubricRM, a pairwise generative re-
ward modeling framework that first produces
an input-specific rubric with evaluation di-
mensions, weights, and scoring criteria, and
then applies the rubric to score candidate im-
ages. We train dedicated RubricRM models
for text-to-image generation and image edit-
ing using a two-stage training pipeline: su-
pervised fine-tuning teaches the model the
rubric-based scoring paradigm, while GRPO
further improves scoring through fine-grained
dimension-level rewards. Experiments on mul-
tiple generation and editing benchmarks show
that RubricRM outperforms existing special-
ized reward models and remains competitive
with strong proprietary MLLM judges despite
using smaller backbones. Our models, data,
and code are available at https://github.
com/zijiankan/RubricRM.

1 Introduction

Reward models are essential for the post-training
alignment of visual generative models, as they con-
vert human preferences into learnable reward sig-
nals (Ouyang et al., 2022; Black et al., 2024; Fan
et al., 2023; Wallace et al., 2024).

Existing reward models fall into several cate-
gories. CLIP-based metrics (Hessel et al., 2021)
offer efficient image-text alignment signals yet ex-
hibit limited sensitivity to fine-grained composi-
tional semantics. Models such as ImageReward
(Xu et al., 2023), HPS v2 (Wu et al., 2023b,a),
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HPS v3 (Ma et al., 2025), PickScore (Kirstain et al.,
2023), and EditReward (Wu et al., 2025) are trained
on large-scale preference data but produce scalar
scores that offer little interpretability. Recent gen-
erative reward models employ multimodal large
language models to generate evaluation rationales
(Ku et al., 2024; Wang et al., 2025b). Yet these
approaches typically adopt predefined and fixed
evaluation dimensions, whereas different instruc-
tions naturally demand distinct assessment criteria.
For example, realistic prompts prioritize physical
plausibility, whereas creative prompts value nov-
elty, highlighting the need for adaptive evaluation
rubrics.

To address this limitation, we introduce au-
tomated rubric generation for evaluating text-to-
image generation and image editing. Our central
idea is to use a rubric as an intermediate evaluation
protocol between the instruction and the prefer-
ence decision. The rubric specifies what aspects
should be evaluated, how much each aspect matters,
and how each score level should be interpreted, al-
lowing the evaluation criteria to adapt to the input
while keeping the scoring process inspectable.

Based on this concept, we propose Rubric-based
Reward Model (RubricRM), a generative reward
modeling framework for text-to-image generation
and image editing. Given an instruction and two
candidate outputs, RubricRM constructs an input-
specific rubric covering task intent, atomic evalua-
tion dimensions, dimension weights, and scoring
criteria. It then scores both candidates along each
dimension and aggregates the weighted dimension
scores to derive the final preference.

RubricRM is trained via a two-stage pipeline
that targets two capabilities: learning the rubric-
based scoring pattern and refining scoring accuracy.
In the supervised fine-tuning stage, the model imi-
tates teacher-synthesized rubric trajectories to learn
how to decompose an instruction into intent, di-
mensions, weights, and graded criteria. In the sub-
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Figure 1: Inference and training pipeline of RubricRM. (A) RubricRM supports both text-to-image and image-
editing preference selection. At inference time, the model first dynamically generates a rubric conditioned on the
input, including scoring criteria and corresponding weights, and then scores each image along each dimension
based on the rubric, all within a single inference pass. (B) Training is conducted in two stages. The model is first
supervised fine-tuned on synthesized rubric data to learn the paradigm of rubric generation followed by scoring, and
is then further optimized with GRPO using dimension-level rewards.

sequent reinforcement learning stage, dimension-
level rewards align the model’s predicted score dif-
ferences with reference score differences on each
rubric dimension and apply stronger penalties when
the preference direction is reversed.

In summary, our key contributions are as fol-
lows:

* We introduce a dynamic rubric-based reward
modeling paradigm for text-to-image gener-
ation and image editing and develop special-

Learning dynamic rubrics requires broad data ized models for both tasks.

coverage, since a narrow training distribution can
bias the learned rubrics and impair generalization.
To this end, we collect multiple open-source prefer-
ence datasets and analyze instruction types in text-
to-image generation and image editing. We design
prompt and editing-instruction classification crite-
ria to support taxonomy annotation, balanced sam-
pling, and the identification of underrepresented
categories. For these categories, we synthesize sup-
plementary prompts, generate candidate images,

* We construct rubric trajectories from pref-
erence data and train RubricRM with a
two-stage procedure that combines rubric-
trajectory SFT with dimension-level GRPO.

* We obtain strong results on multiple re-
ward benchmarks, outperforming specialized
reward-model baselines across generation and
editing tasks.

and collect expert preference annotations. We then
synthesize rubric trajectories for each preference
sample, yielding 31.8K text-to-image and 30.7K
image-editing training samples.

We train RubricRM on Qwen3.5-4B and
Qwen3.5-9B backbone models (Qwen Team,
2026). For text-to-image generation, RubricRM-
Gen-9B attains accuracies of 72.00, 74.12, and
84.45 on MMRB2, GenAl-Bench, and GenAl-
Bench-Verified, respectively. For image edit-
ing, RubricRM-Edit-9B reaches 75.40, 46.40,
and 85.64 on MMRB2, EditReward-ERB, and
EditScore-ERB, outperforming existing reward-
model baselines across both tasks.

2 Related Work

Text-to-image generation evaluation. Text-to-
image evaluation has moved from global align-
ment metrics to preference-aligned reward mod-
eling. CLIPScore (Hessel et al., 2021) measures
image-text similarity with CLIP (Radford et al.,
2021), but it is unreliable for compositional se-
mantics (Huang et al., 2023; Jiang et al., 2024).
Preference-trained models such as ImageReward
(Xuetal., 2023), HPS v2 (Wu et al., 2023b,a), HPS
v3 (Ma et al., 2025), and PickScore (Kirstain et al.,
2023) improve human alignment, but their standard
interface is still a scalar reward, which provides
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limited evidence for the decision. VisionReward
(Xu et al., 2026) introduces multi-dimensional scor-
ing, but the dimensions and weights are predefined
rather than generated from the instruction.

Recent generative reward models use MLLMs
to produce evaluative reasoning: UnifiedReward
(Wang et al., 2025a) supports multiple multimodal
reward tasks, and UnifiedReward-Think (Wang
et al., 2025b) adds explicit reasoning while rely-
ing on fixed scoring criteria. UnifiedReward-Flex
(Wang et al., 2026a) further introduces personal-
ized, context-adaptive assessment for vision gener-
ation, but it does not explicitly specify the detailed
requirements of each scoring criterion or assign
weights to the criteria.

Image editing evaluation. Instruction-guided
image editing (Brooks et al., 2023) sharpens the
need for adaptive criteria: an edit must satisfy
the instruction without corrupting irrelevant con-
tent. EditReward (Wu et al., 2025) learns from
over 200K editing preference pairs, but remains
a discriminative scalar reward model. EditScore
(Luo et al., 2026) builds high-fidelity generative
reward models and uses them for online RL in
image editing, but it does not define instruction-
specific rubrics with explicit weights and scoring
levels. RubricRM targets this layer between free-
form rationale and scalar preference, where the
model must decide which aspects of edit execution,
source preservation, and visual quality should be
emphasized for each instruction.

Rubric-based evaluation. Rubrics have recently
emerged as a mechanism for making evaluation
criteria explicit. AutoRubric (Rao and Callison-
Burch, 2026) generates task-adapted rubrics,
RubricHub (Li et al., 2026) constructs large-scale
rubric resources, and OpenRubrics (Liu et al.,
2025) studies scalable synthetic rubric generation
for reward modeling and alignment. In multimodal
settings, AutoRubric-R1V (Jia et al., 2025) uses
rubric-based process rewards for multimodal rea-
soning RL, while Proxy-GRM (Qiu et al., 2026)
learns transferable rubrics for vision-language re-
sponse preference judgment through proxy-guided
critique. AutoRubric-T2I (Kao et al., 2026) learns
a compact, globally shared set of weighted natural-
language rules from preference data; an external
frozen VLM scores each image against these rules,
whose scores are aggregated for text-to-image
evaluation and downstream generation-model RL.
Auto-Rubric as Reward (Tian et al., 2026) in-

stead uses frozen VLMs to generate and verify
prompt-conditioned binary criteria, then makes a
holistic rubric-conditioned preference decision for
text-to-image generation and image editing. Un-
like these approaches, RubricRM trains a stan-
dalone, self-contained generative reward model
that produces input-specific dimensions, normal-
ized weights, graded scoring criteria, and explicit
per-dimension scores for both candidates in a sin-
gle end-to-end inference pass.

3 RubricRM

This section first defines the rubric-based visual
reward modeling task, then describes the rubric
trajectory data, and finally presents the two-stage
training procedure.

3.1 Task Definition

We formally define the task of rubric-based visual
reward modeling as follows. For text-to-image gen-
eration, the input consists of a text prompt ¢ and
two candidate images I4, Ip. For image editing,
q additionally includes a source image Iy and an
editing instruction. The goal is to predict a pref-
erence label y € {A, B} indicating which image
better satisfies the given instruction.

RubricRM produces a structured rubric together
with dimension-level assessments for both candi-
dates in a single forward pass. Formally, given ¢
and the two candidate images, the model outputs a
rubric

R = {(di,wi, L)}, (1

and, for each image I}, with k € {A, B}, a set of
dimension scores {sf N . Here N is the number
of atomic evaluation dimensions, d; is the descrip-
tion of the i-th dimension, w; € [0, 1] is its relative
weight with Zfi L w; = 1, and £; gives the specific
scoring criteria for this dimension. Each s¥ € [0, 4]
is determined by referencing d; and £;. The rubric
thus serves as an interpretable blueprint that speci-
fies what to evaluate, how important each aspect
is, and what each score level means.

The overall score for image i, is then computed
as the weighted sum

N
S(Ik) :Zwi-sf (2)

i=1
The final preference decision is made by com-
paring S(14) and S(Ip), with the higher-scoring
image being selected as the preferred one. Com-
plete running cases for text-to-image generation
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and image editing are provided in Appendices D.1
and D.2.

3.2 Rubric Trajectory Data

Classification-Driven Balanced Sampling.
RubricRM relies on dynamically generated scoring
criteria, so the training data should cover diverse
instruction types and visual scenarios. To improve
coverage, we design a classification-driven
balanced sampling strategy.

Specifically, we analyze the subtasks in text-
to-image generation and image editing, and de-
velop a set of prompt classification criteria from
multiple dimensions. We then employ DeepSeek-
V3.2 for automatic category annotation. Since the
same image may belong to different categories
when viewed from different dimensions (e.g., a
portrait photo falls under “portrait” from the ob-
ject perspective, but may be classified as “close-up”
from the photographic style perspective), the model
is allowed to return multiple labels for each text
prompt or editing instruction. This classification
strategy serves three purposes: guiding balanced
sampling from open-source data, identifying under-
represented categories for targeted supplementary
synthesis, and facilitating the split of SFT and RL
data.

During data splitting, most text-to-image sam-
ples carry multiple labels and cannot be assigned to
a single category. We therefore represent each sam-
ple as a set of labels and adopt multi-label stratified
sampling to balance coverage across second-level
labels. Table 1 summarizes the training data. Ap-
pendix A.1 gives additional details on the RL split
construction.

Text-to-Image Preference Data. The text-to-
image data comprise open-source datasets and our
additionally annotated data. Each sample con-
sists of a generation prompt, two candidate im-
ages, and a preference label. The open-source data
are sourced from HPD v3 (Ma et al., 2025), OIP!,
and EvalMuse-40K (Han et al., 2026). We ob-
served that some categories are underrepresented
in the open-source data. Following the prompt
synthesis procedure of Wang et al. (2026b), we
use DeepSeek-V3.2 to synthesize supplementary
prompts for these categories and manually screen
the generated prompts for quality. We then ren-

"https://huggingface.co/
datasets/data-is-better-together/
open-image-preferences-vi-binarized

Table 1: Training data statistics for rubric learning. P/S
denotes primary/secondary labels.

Metric Text-to-Image Image Editing
#Pairs 31,835 30,695
SFT/RL 16,835/15,000  15,695/15,000
Taxonomy (P/S) 6/42 12/30
Avg. tags 33 1.4
Multi-tag (%) 94.9 31.8

Avg. dim. 39 32

A/B (%) 51.6/48.4 55.7/44.3

der the retained prompts with ten image genera-
tion models, including GPT-Image, Gemini-3.1-
Pro, Seedream-5.0, and Wan-2.6. Three human
experts rate each image on a 10-point scale, and we
retain only pairs whose score difference exceeds 5
points with unanimous preference agreement. The
final text-to-image training set contains 31,835 sam-
ples.

Image Editing Preference Data. The image edit-
ing data are built upon EditReward-Data (Wu et al.,
2025). Each sample contains a source image, an
editing instruction, two candidate edited results,
and a preference label. Since EditReward-Data
already provides relatively balanced instruction
coverage, we do not synthesize additional editing
prompts. The final image editing training set com-
prises 30,695 samples.

Distribution Analysis. Classification results
show that in text-to-image generation, portraits and
realistic photographic styles account for a relatively
high proportion, whereas categories such as text
rendering (6.45%), logical reasoning (8.98%), and
world knowledge (15.83%) are less prevalent. Our
balanced sampling strategy is designed to retain
coverage of these long-tail categories. In image
editing, object and attribute editing are the most
common, while reasoning-based editing (8.70%),
text editing (11.17%), and style editing (10.18%)
appear less frequently. Figure 2 visualizes primary-
category coverage for both tasks, and Tables 67
list the complete second-level taxonomy coverage.

Rubric Trajectory Synthesis. Training Rubri-
cRM requires jointly learning rubric generation
and dimension-level scoring, yet preference labels
alone are insufficient to provide these supervision
signals. Since manually authoring full rubrics with
scoring for large-scale data does not scale, we em-
ploy Gemini 3.1 Pro as the teacher model to syn-
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thesize training trajectories.

We use label-conditioned trajectory synthesis.
To prevent synthesized trajectory quality from be-
ing bottlenecked by the teacher model’s standalone
preference judgment, we provide the human pref-
erence label y; to the teacher together with the
prompt and candidate images. Thus, the teacher
model is not used as an independent preference
annotator; instead, it converts an existing human
preference label into a structured rubric trajec-
tory that supervises both criterion formulation and
dimension-level scoring. The label anchors the
trajectory to the human preference while still re-
quiring the teacher model to specify evaluation
dimensions, assign weights, define scoring criteria,
and provide dimension-level evidence.

Concretely, given the text prompt ¢;, the can-
didate images I J I jjB, and the preference label y;,
the teacher model is prompted to generate four
fields: task intent analysis, scoring dimensions with
weight assignments, graded scoring descriptors for
each dimension, and dimension-level assessments
with scores for both candidate images.

Trajectory Quality Control. We apply a two-
step quality control procedure after synthesis. First,
we conduct structured parsing and discard trajecto-
ries with missing dimensions, out-of-range scores,
weights that do not sum to 100%, or those from
which a final preference cannot be parsed. Sec-
ond, we verify that the weighted total scores of the
synthesized trajectory yield a preference direction
consistent with the label y;; if the teacher model’s
final preference 7; contradicts the label, the sample
is removed.

To characterize the synthesized rubrics, Ap-
pendix A.l further aggregates teacher-generated
evaluation dimensions into semantic groups for
text-to-image generation and image editing in Ta-
bles 8 and 9. Appendix B.2 examines rubric stabil-
ity, diversity, and instruction-type adaptation, while
Appendix B.3 reports a controlled analysis of sen-
sitivity to the teacher family.

3.3 Two-Stage Training

We train RubricRM on the Qwen3.5-4B and
Qwen3.5-9B backbone models for text-to-image
generation and image editing, respectively. Both
tasks follow the same training methodology: first,
supervised fine-tuning enables the model to acquire
the rubric-based scoring paradigm; then, reinforce-
ment learning with fine-grained dimension-level

rewards further refines the scoring accuracy.

3.3.1 Stage 1: Supervised Fine-Tuning
Let Dspr = {(z;, tj)}?is? denote the filtered SFT

dataset. Each input z; = (gj, I, I;) consists of
a text prompt ¢; and two candidate images, and
t; is the complete target trajectory synthesized by
the teacher model, which sequentially contains task
intent analysis, scoring dimensions with weights,
graded scoring descriptors for each dimension, and
dimension-level assessments with scores for both
candidate images.

The model is optimized using the following loss
function:

Tj
Lspr = — Z Zlog mo(tje | ), tj<t) (3)
j ot=1

The core objective of this stage is for the
model to learn the complete rubric-based judgment
pipeline: decomposing an instruction into intent,
selecting appropriate scoring dimensions and as-
signing weights, defining scoring criteria for each
dimension, and producing dimension-level analysis
leading to a final preference decision.

3.3.2 Stage 2: GRPO with Dimension-Level
Rewards

Motivation. The SFT stage teaches the model
a structured rubric-based evaluation pipeline, in-
cluding generating evaluation dimensions, assign-
ing weights, and producing dimension-level scores.
However, trajectory imitation alone does not di-
rectly optimize final preference accuracy, and the
model may still produce inaccurate dimension
scores when it applies a rubric to fine-grained can-
didate comparison. We therefore introduce GRPO
after SFT and use dimension-level rewards to opti-
mize scoring behavior conditioned on a rubric.

Directly rewarding only the final preference pro-
vides a sparse signal and may assign the same re-
ward to trajectories with substantially different scor-
ing quality. We instead define rewards at a finer,
dimension level, so that the model must not only
select the correct preference but also align its score
differences with the reference trajectory on each
dimension.

Fixed-Rubric Rollout. Dimension-level rewards
require the model-produced scoring dimensions to
correspond one-to-one with the reference trajectory.
During RL, we therefore fix the synthesized rubric
for each sample and roll out only the subsequent
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dimension-level analysis and scores. Concretely,
we split each teacher trajectory into a rubric part
R; and a scoring part J;. During training, R;
is treated as a given evaluation protocol, so roll-
outs for the same sample score under consistent
dimensions, weights, and criteria. The predicted
dimension scores can then be compared directly
against the reference scores, allowing GRPO to
focus on improving preference scoring accuracy
conditioned on a rubric. This fixed-rubric design
is used only during training. At inference time,
RubricRM still generates the rubric and scores the
candidates end to end. Further discussion of this
design is provided in Appendix A.2.

Dimension-Level Reward Design. When de-
signing the reward, we consider two factors: first,
whether the predicted score differences align in di-
rection with the reference on each dimension, i.e.,
which of A or B is better; second, the magnitude of
the score difference, as a large margin and a narrow
margin should be rewarded differently even if both
indicate the same preference. For each dimension
di, let (59" s29%) be the reference scores and

(2
(sitwred gBred) We first

i , be the rollout scores.
compute the two score gaps:

gt _ _Agt _Bgt
A7 =s; s;

) [ 4 4

“)
The magnitude factor compares these gaps, normal-
ized by the maximum possible gap difference:

‘Apred i Agt

b =1— &)

2(3max - Smin) ’
We further assign a direction factor ¢; according
to the signs of AY" and Afmd: ¢; = 1.0 when the
signs match, ¢; = 0.6 when exactly one gap is
zero, and ¢; = 0.1 when the two nonzero signs
are opposite. This ordering reflects the relative
severity of scoring errors: exact directional agree-
ment is left unpenalized, tie mismatches are par-
tially discounted, and complete reversals receive
the largest penalty. The final rollout reward is the
rubric-weighted aggregation:

N
R = Z w;b;pi. (6)
i=1

This reward prioritizes correct dimension-level
preference direction through ¢;, while b; further
differentiates rollouts that have the same direction
but different score-gap accuracy. Appendix A.4

Apred . SA,pred_SB,pred

gives concrete cases illustrating why the reward
distinguishes reversed dimension directions, tie
mismatches, and inaccurate score-difference mag-
nitudes.

Saturated Group Filtering. Not all rollout
groups provide reliable relative preference signals.
For each conditioned input, GRPO samples G
responses and converts their rewards into group-
relative advantages:

A; = M7 (7
OR + €

where pp and o are the reward mean and standard
deviation within the rollout group. This normal-
ization is useful when rollouts differ meaningfully,
but it becomes unreliable when all responses in a
group receive nearly identical continuous rewards.
In such low-spread groups, a tiny fluctuation in
one rollout’s reward can be amplified into a large
relative advantage, causing the policy to update on
noise rather than a meaningful scoring difference.
We therefore filter low-standard-deviation groups
by setting

0
Ai _ : OR < Oth, (8)
Ai, OR > ou.

We use oy, = 0.05 for rewards in [0, 1]. Because
the decision is made from the reward spread of the
current rollout group, the filtered groups change as
the policy evolves; this is a dynamic training-time
filter rather than an offline data removal step. Ap-
pendix A.3 gives the final GRPO objective, and Fig-
ure 3 reports the corresponding training-stability
curves.

4 Experiments

This section evaluates RubricRM on pairwise pref-
erence benchmarks for text-to-image generation
and image editing. We first describe the bench-
marks, baselines, and implementation details, then
compare RubricRM with specialized reward mod-
els and MLLM judges, and finally analyze the con-
tribution of the two-stage training pipeline.

4.1 Experimental Setup

Benchmarks For text-to-image generation, we
adopt the text-to-image subset of MMRB2 (Hu
et al., 2025), GenAl-Bench (Jiang et al., 2024),
and our filtered GenAl-Bench-Verified. MMRB2
contains 1,000 pairwise comparison samples for
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Table 2: Comparison on text-to-image generation bench-
marks. Bold and underlined scores denote the best and
second-best results among reward models, respectively.

GenAl-
Model MMRB2 G5 Bench-

Verified
Proprietary MLLMs
Claude Sonnet 4.6 70.8 65.8 75.3
GPT-5.4 67.5 64.2 74.2
Gemini 2.5 Pro 70.5 67.8 77.4
Gemini 3.1 Pro 74.4 73.9 84.8
Open-source MLLMs
Qwen3-VL-8B 61.2 63.3 72.5
Qwen3-VL-235B-A22B 66.6 61.5 69.7
Qwen3.5-9B 66.3 63.3 70.7
Qwen3.5-397B-A17B 72.7 66.2 77.0
Reward Models
HPSv2 55.0 68.8 78.1
PickScore 57.6 70.0 79.2
HPSv3 60.2 70.9 81.0
UnifiedReward-9B 57.9 69.2 72.8
UnifiedReward-Think-9B 65.5 72.8 81.7
UnifiedReward-Flex-8B 69.2 73.4 84.2
RubricRM-Gen-4B (Ours) 70.5 73.2 83.1
RubricRM-Gen-9B (Ours) 72.0 74.1 84.5

assessing fine-grained preference judgment on text-
to-image outputs. GenAl-Bench comprises approx-
imately 1,700 pairwise comparisons and has been
widely used in prior reward modeling work. We
remove tie and both-bad cases, retaining only sam-
ples with a clear preference. Additionally, we ob-
served that some samples in GenAl-Bench suffer
from image mismatches or incorrect preference
labels. To address this, we construct an expert-
verified subset, GenAl-Bench-Verified, by inviting
three expert annotators to re-label the candidate
pairs and keeping only those samples where all
three annotators agree and the consensus matches
the original label. This filtering process yields a
higher-confidence subset while maintaining com-
patibility with the original benchmark.

For image editing, we use the image editing
subset of MMRB2 (Hu et al., 2025), EditReward-
ERB (Wau et al., 2025), and EditScore-ERB (Luo
et al., 2026). Since both Wu et al. (2025) and Luo
et al. (2026) refer to their editing evaluation sets
as EditReward-Bench, we use EditReward-ERB
and EditScore-ERB to distinguish the two bench-
mark sources. MMRB2 also contains 1,000 test
instances. EditReward-ERB evaluates K-way pref-
erence prediction with K = 2, 3, 4 and also reports
an overall benchmark score, which we denote as
Avg in our table. EditScore-ERB contains 3,072

human-annotated preference pairs over 13 editing
subtasks grouped into Subject, Appearance, Scene,
and Advanced. It reports Prompt Following (PF),
Consistency (C), Overall Quality (O), and an ag-
gregate Avg score.

Baselines. We compare with general MLLM
baselines, including open-source models Qwen3-
VL-8B and Qwen3-VL-235B-A22B (Bai et al.,
2025), Qwen3.5-9B and Qwen3.5-397B-A17B
(Qwen Team, 2026), as well as proprietary mod-
els Claude Sonnet 4.6 (Anthropic, 2026), GPT-5.4
(OpenAl, 2026), Gemini 2.5 Pro (Comanici et al.,
2025), and Gemini 3.1 Pro (Google DeepMind,
2026). All MLLM judges are evaluated with chain-
of-thought pairwise comparison prompts. We also
compare with specialized reward models. Text-to-
image baselines include HPSv2 (Wu et al., 2023a),
PickScore (Kirstain et al., 2023), HPSv3 (Ma et al.,
2025), UnifiedReward-9B (Wang et al., 2025a),
UnifiedReward-Think-9B (Wang et al., 2025b), and
UnifiedReward-Flex-8B (Wang et al., 2026a). For
UnifiedReward and UnifiedReward-Think, we use
their newly released Qwen3.5-9B checkpoints. Im-
age editing baselines include EditReward-7B (Wu
et al., 2025) and EditScore-7B (Luo et al., 2026).

Implementation Details. We train separate
RubricRM models for generation and editing on
Qwen3.5-4B and Qwen3.5-9B backbones. The
SFT stage uses learning rate 5e—6 with cosine de-
cay and runs for 2 epochs. The GRPO stage uses
learning rate 5e—7, group size G = 8, and KL co-
efficient 8 = 0.05. SFT and RL use disjoint train-
ing splits, and the RL split contains approximately
15K samples per task. Training is performed on 8
NVIDIA H20 GPUs. The task-specific inference
prompt templates are shown in Appendices C.1
and C.2.

4.2 Experimental Results

Table 2 reports text-to-image results. RubricRM-
Gen-9B achieves the highest scores among reward-
model baselines on all three benchmarks, reaching
72.00 on MMRB2, 74.12 on GenAl-Bench, and
84.45 on GenAl-Bench-Verified. Compared with
UnifiedReward-Flex-8B, the strongest prior reward-
model baseline, RubricRM-Gen-9B improves by
2.80 points on MMRB2, 0.72 points on GenAl-
Bench, and 0.25 points on GenAl-Bench-Verified.
RubricRM-Gen-4B also performs competitively,
obtaining 70.50, 73.20, and 83.11, despite using
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Table 3: Comparison on image editing benchmarks. Avg denotes the benchmark-level average score. Bold and
underlined scores denote the best and second-best results among reward models, respectively.

EditReward-ERB

EditScore-ERB

Model MMRB2

K=2 K=3 K=4 Avg PF C (0] Avg
Proprietary MLLMs
Claude Sonnet 4.6 71.7 79.0 46.0 10.8 44.1 87.6 67.4 81.4 79.3
GPT-5.4 68.5 78.2 40.7 12.2 425 83.7 62.8 76.3 74.6
Gemini 2.5 Pro 71.3 80.5 38.0 12.2 422 81.4 65.5 77.4 752
Gemini 3.1 Pro 74.9 78.2 453 14.9 45.0 87.7 71.6 84.1 81.6
Open-source MLLMs
Qwen3-VL-8B 63.4 68.4 31.3 25.2 40.9 84.5 64.9 79.6 76.9
Qwen3-VL-235B-A22B 64.8 70.7 30.7 6.1 34.6 87.2 66.0 81.6 78.8
Qwen3.5-9B 64.4 752 333 7.4 374 79.5 60.6 74.6 72.0
Qwen3.5-397B-A17B 73.7 76.7 433 14.9 439 88.1 69.8 84.2 81.2
Reward Models
EditReward-7B 67.2 56.5 42.7 11.5 384 85.9 67.2 80.4 78.3
EditScore-7B 55.6 62.4 233 4.1 28.8 59.2 59.1 65.9 61.9
RubricRM-Edit-4B (Ours) 732 76.7 48.0 14.9 45.5 88.7 71.5 88.9 85.5
RubricRM-Edit-9B (Ours) 754 81.2 42.0 19.6 46.4 88.6 79.7 87.7 85.6

a smaller backbone than several general MLLM
baselines.

Table 3 reports image-editing results.
RubricRM-Edit-9B  achieves the  highest
reward-model scores on MMRB2 (75.40),
EditReward-ERB Avg (46.40), and EditScore-ERB
Avg (85.64). Among reward-model baselines, it
also leads EditReward-ERB at K=2 and K=4, while
RubricRM-Edit-4B obtains the highest K=3 score.
The fine-grained EditScore-ERB metrics further
support the motivation for dynamic rubrics. Image
editing requires balancing instruction following,
source-image consistency, and visual quality.
RubricRM obtains high scores across all three
aspects: RubricRM-Edit-4B achieves the highest
Prompt Following (88.67) and Overall Quality
(88.85), while RubricRM-Edit-9B achieves the
highest Consistency (79.66) and Avg score.
Appendix B.1 provides the full category-wise
results. This indicates that rubric-based scoring
helps the model compare edited images through
task-relevant criteria rather than relying on a single
undifferentiated quality score.

4.3 Ablation Study: Two-Stage Training

Tables 4 and 5 ablate the two stages of RubricRM
by comparing the base Qwen3.5 backbones, the
models after rubric-trajectory SFT, and the final
models after dimension-level GRPO. The compari-
son is reported separately for text-to-image genera-
tion and image editing.

Rubric-trajectory SFT accounts for most of the

Table 4: Text-to-image ablation of the two-stage training
pipeline. Green deltas denote changes relative to the
previous row within the same backbone.

Configuration MMRB2 GenAl-Bench  GenAl-Bench-Verified
Qwen3.5-4B 63.3 61.9 69.7
+SFT 70.1(16.8)  72.0 (110.1) 82.9 (113.1)
+RL 70.5 (10.4) 73.2(11.2) 83.1(10.2)
Qwen3.5-9B 66.9 63.4 72.5
+ SFT 70.3 (13.4) 73.0 (19.6) 83.2 (110.7)
+RL 72.0 (11.7) 74.1 (11.2) 84.5 (11.2)

Table 5: Image-editing ablation of the two-stage training
pipeline. Green deltas denote changes relative to the
previous row within the same backbone.

Configuration MMRB2 EditReward-ERB EditScore-ERB
Qwen3.5-4B 64.7 37.1 722
+ SFT 71.5 (16.8) 43.6 (16.5) 833 (T11.1)
+RL 732 (11.7) 45.5(11.9) 85.5(12.2)
Qwen3.5-9B 64.4 374 72.0
+ SFT 73.8 (19.4) 45.0 (17.6) 85.1 (113.1)
+RL 75.4 (11.6) 46.4 (T1.4) 85.6 (10.5)

improvement. On text-to-image benchmarks, SFT
improves the 4B backbone by 6.8 to 13.1 points and
the 9B backbone by 3.4 to 10.7 points. On image-
editing benchmarks, the corresponding gains are
6.5 to 11.1 points for 4B and 7.6 to 13.1 points
for 9B. These gains suggest that a substantial part
of the task lies in learning the rubric-based evalu-
ation protocol itself, including criterion selection,
weight assignment, and structured dimension-level
scoring.

Dimension-level GRPO yields smaller but con-
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sistent additional gains across all benchmarks. This
pattern is consistent with the role of the two stages:
SFT establishes the rubric-scoring format, whereas
GRPO calibrates its application by aligning pre-
dicted score gaps with the reference trajectory.
Additional ablation results are provided in Ap-
pendix B.1.

5 Conclusion

We introduce RubricRM, a generative reward
model that represents visual evaluation as dynamic
rubric generation followed by rubric-grounded scor-
ing. This formulation makes the scoring protocol
explicit: the model first determines what should
be evaluated, then applies those criteria through
weighted per-dimension scores. A two-stage train-
ing procedure separates these capabilities, using
SFT for rubric formulation and GRPO for scoring
alignment. Across generation and editing bench-
marks, RubricRM improves over prior specialized
reward models while preserving an inspectable
judgment trace.

Limitations

RubricRM has several limitations. First, rubric
trace synthesis relies on a proprietary teacher
model, so teacher biases may be inherited by the
student models. Second, the current framework
evaluates static images and does not address video
generation or temporal editing, where temporal
consistency would require additional dimensions
and scoring mechanisms. Future work will ex-
plore teacher-free rubric improvement, human-in-
the-loop rubric correction, and extensions to video
assessment.

Ethical Considerations

RubricRM learns evaluative signals from human
preference labels and teacher-synthesized rubric
trajectories. These supervision sources may re-
flect subjective or systematic biases that can affect
the learned rubrics and preference judgments. Al-
though the explicit dimensions, weights, and scores
improve inspectability, they should not be inter-
preted as objective standards or guaranteed causal
explanations of a decision. This is especially im-
portant when the reward model is used to optimize
downstream text-to-image generation models and
image editing models, where biased reward signals
may be amplified. We therefore recommend audit-
ing RubricRM on the target content distribution and

treating its rubric outputs as model judgments, not
authoritative assessments. Since visual preference
datasets may still contain people or sensitive con-
tent, users should adhere to the access conditions
of the underlying datasets and consider content-
specific audits before downstream deployment.
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A Method Details

This appendix provides additional methodologi-
cal details that support the training pipeline: data
coverage and taxonomy statistics, the advantage
filtering rule used for GRPO, and representative
dimension-level reward cases.

A.1 Training Data and Taxonomy Statistics

RL split construction. The RL split is selected
with stratified sampling over taxonomy annotations.
We start from a sampled split and iteratively swap
examples when a secondary label deviates from
the target coverage. This keeps the maximum

Table 6: Second-level coverage of the text-to-image
prompt taxonomy. Labels are multi-label; coverage is
measured over all text-to-image training examples.

Primary Secondary label Cov. (%)
Common Objects People 45.81
Style Realistic Photography 38.83
Composition & Other 26.34
Perspective

Common Objects Everyday Items 24.55
Common Objects Architecture & Interior 23.33
Common Objects Natural Scenery 15.53
Composition & Close-up & Macro 14.64
Perspective

Common Objects Fictional Characters & Creatures 11.93
Common Objects Animals 11.89
Style Ilustration & Hand-drawn 11.86
Common Objects Plants & Flowers 8.41
Style 3D Rendering 7.66
Logical Reasoning Spatial Relations 7.41
World Knowledge History & Culture 7.24
Common Objects Vehicles 7.03
Style Traditional Art 5.55
Composition & Panoramic & Wide-angle 5.46
Perspective

Style Abstract Art 5.06
Text Rendering English 4.29
Composition & Overhead & Low-angle 4.24
Perspective

Style Cyberpunk & Steampunk 4.12
Style Anime 4.04
Common Objects Food & Drinks 3.97
World Knowledge IP Characters & Brands 3.96
Logical Reasoning Counting 3.94
World Knowledge Geography & Landmarks 3.24
Style Minimalist & Flat 2.78
World Knowledge Famous People 248
Composition & Symmetrical 2.39
Perspective

Logical Reasoning Common Sense 1.62
Style Pixel Art 1.36
Text Rendering Logo 1.26
World Knowledge Professional Domains 1.11
Logical Reasoning Causal & Temporal 1.05
Text Rendering Multilingual & Symbols 0.90
Text Rendering Handwriting & Calligraphy 0.68
Logical Reasoning Linguistic Logic 0.64
Text Rendering Chinese 0.60
Logical Reasoning Scientific Reasoning 0.59
Style Pop Art 0.50
Style Ink Wash Painting 0.30

secondary-label coverage drift below 0.5 percent-
age points for both tasks, preserving low-frequency
categories while reducing overrepresentation of fre-
quent categories.

Primary-category coverage. For text-to-image
generation, the most frequent primary categories
are Common Objects (92.4%), Style (69.0%), and
Composition & Perspective (52.1%). Long-tail but
important categories remain represented: World
Knowledge covers 15.8%, Logical Reasoning cov-
ers 9.0%, and Text Rendering covers 6.5% of ex-
amples. For image editing, Object Editing cov-
ers 45.9%, Attribute Editing 25.7%, Background
Editing 18.2%, Text Editing 11.2%, Style Edit-
ing 10.2%, Reasoning-based Editing 8.7%, and In-
painting & Repair 6.5%. Figure 2 visualizes these
primary-category distributions for both tasks.
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Figure 2: Primary-category coverage of the rubric-learning data for text-to-image generation and image editing.

Table 7: Second-level coverage of the image-editing
instruction taxonomy. Labels are multi-label; coverage
is measured over all image-editing training examples.

Primary Secondary label Cov. (%)
Object Editing Add Object 21.01
Attribute Editing Color Change 14.30
Object Editing Remove Object 12.52
Background Editing Background Replacement 11.82
Text Editing Text Editing 11.17
Object Editing Replace Object 10.77
Style Editing Art Style Transfer 8.01
Attribute Editing Material & Texture 5.75
Attribute Editing Appearance & Shape 5.59
Reasoning-based Editing  Implicit Intent 4.68
Reasoning-based Editing  Complex Instruction 4.44
Background Editing Lighting & Environment 4.06
Inpainting & Repair Watermark & Occlusion Removal 3.65
Background Editing Season & Weather Change 3.05
Inpainting & Repair Blemish Removal 2.85
Object Editing Move & Rearrange 2.63
Pose & Action Editing Body Pose 221
Attribute Editing Size Adjustment 1.25
Style Editing Era Style 1.08
Attribute Editing Quantity Change 0.98
Style Editing Material Style 0.96
Face Editing Facial Attributes 0.95
Style Editing Tone & Filter 0.64
Pose & Action Editing Expression Change 0.56
Background Editing Background Removal 0.51
Viewpoint Change Viewpoint Change 0.30
Multi-image Composition Multi-image Composition 0.27
Quality Enhancement Denoise & Deblur 0.14
Quality Enhancement Super Resolution 0.12
Face Editing Age Change 0.11
Secondary labels and co-occurrence. The most

frequent text-to-image secondary labels are Peo-
ple (45.8%), Realistic Photography (38.8%), Other
Composition (26.3%), Everyday Items (24.6%),
and Architecture & Interior (23.3%). The
strongest primary-category co-occurrences are
Common Objects+Style (63.6%), Common Ob-
jects+Composition & Perspective (49.5%), and
Composition & Perspective+Style (37.3%). These
co-occurrences show that many prompts simulta-
neously specify subject matter, visual style, and
composition, motivating instruction-specific rubric
dimensions.

For image editing, the most frequent secondary

labels are Add Object (21.0%), Color Change
(14.3%), Remove Object (12.5%), Background
Replacement (11.8%), Text Editing (11.2%), Re-
place Object (10.8%), and Art Style Transfer
(8.0%). The strongest co-occurrences are At-
tribute Editing+Object Editing (6.6%), Object
Editing+Reasoning-based Editing (5.2%), Inpaint-
ing & Repair+Object Editing (4.5%), and Back-
ground Editing+Object Editing (3.4%). Tables 6
and 7 list the complete second-level taxonomy cov-
erage used to diagnose long-tail categories and con-
struct balanced training splits.

Rubric-dimension aggregation. To check
whether synthesized rubrics cover task-relevant
evaluation aspects, we parse teacher-generated
dimension titles and aggregate them into semantic
groups. Tables 8 and 9 show the resulting dimen-
sion shares and average teacher-assigned weights.
The aggregated dimensions align with the two task
settings: text-to-image rubrics emphasize subject
fidelity, visual quality, scene composition, style,
and prompt alignment, whereas image-editing
rubrics additionally emphasize source preservation
and edit integration.

A.2 Fixed-Rubric Rollout during GRPO

Our dimension-level reward compares the pre-
dicted and reference score gaps for each evalua-
tion dimension, which requires a one-to-one cor-
respondence between the rollout and reference di-
mensions. If each rollout generated its own di-
mensions and weights, different rollouts would
be evaluated under different criteria, making the
dimension-level rewards no longer directly com-
parable and introducing substantial training noise.
We therefore treat the teacher-generated rubric as a
training-time conditioning context and roll out only
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Table 8: Semantic aggregation of parsed text-to-image rubric dimensions. Dim. share is computed over parsed
teacher-generated rubric dimensions; avg. wt. is the average teacher-assigned dimension weight.

Semantic group

Rubric atom

Dim. share (%) Avg. wt.

Representative original dimension titles

Semantic Alignment  Prompt alignment 7.99 32.7 Content Accuracy; Semantic Accuracy; Semantic Alignment

Semantic Alignment  Text rendering 1.93 322 Text Accuracy; Text Rendering; Text Rendering Accuracy

Semantic Alignment  Reasoning & knowledge 1.78 29.7 Composition & Spatial Logic; Logical Consistency; Compositional Logic
Subject & Attributes  Subject fidelity 14.89 30.3 Subject Accuracy; Subject Representation; Character Accuracy

Subject & Attributes ~ Anatomy / pose 9.58 27.9 Anatomical Integrity; Anatomical Correctness; Anatomical Coherence
Subject & Attributes  Attribute fidelity 8.64 26.5 Color Palette; Attire Accuracy; Lighting & Color Palette

Scene & Composition Scene / background 11.81 24.3 Environmental Context; Setting & Atmosphere; Environment & Lighting
Scene & Composition Composition / perspective 7.25 25.6  Spatial Composition; Composition & Perspective; Composition & Framing
Scene & Composition Lighting / atmosphere 6.01 24.2 Lighting & Atmosphere; Atmosphere & Lighting; Lighting & Contrast
Style & Quality Visual quality 17.94 26.2 Image Quality & Coherence; Structural Coherence; Image Quality

Style & Quality Style adherence 9.25 26.8 Stylistic Execution; Artistic Style; Image Quality & Aesthetics

Style & Quality Realism 2.94 24.2 Image Quality & Realism; Visual Quality & Realism; Realism & Image Quality

Table 9: Semantic aggregation of parsed image-editing rubric dimensions. Dim. share is computed over parsed
teacher-generated rubric dimensions; avg. wt. is the average teacher-assigned dimension weight.

Semantic group

Rubric atom

Dim. share (%) Avg. wt.

Representative original dimension titles

Instruction Alignment; Instruction Compliance; Instruction Adherence
Object Removal; Object Addition; Object Replacement

Text Accuracy; Text Rendering Accuracy; Text Placement

Color Modification; Material Transformation; Color Transformation
Content Preservation; Image Preservation; Structural Preservation

Subject Preservation; Context Preservation; Foreground Preservation
Background Preservation; Inpainting Quality; Background Reconstruction
Realism & Integration; Visual Integration; Realism & Blending

Spatial Placement; Spatial Positioning; Placement Accuracy

Image Quality; Visual Quality; Editing Accuracy

Instruction & Edit  Instruction alignment 8.88 39.6
Instruction & Edit  Object edit 7.72 36.4
Instruction & Edit  Text editing 5.47 359
Instruction & Edit ~ Attribute edit 4.45 354
Preservation Source preservation 20.90 314
Preservation Subject preservation 5.78 335
Scene Integration ~ Background edit 10.85 30.9
Scene Integration  Visual integration 9.59 27.7
Scene Integration  Spatial placement 2.51 31.3
Quality & Realism Quality / artifacts 13.12 31.8
Quality & Realism Realism 6.43 26.2
Quality & Realism Style transfer 3.97 35.5
Quality & Realism Reasoning 0.32 384

Visual Realism; Image Quality & Realism; Image Realism
Stylistic Transformation; Stylistic Accuracy; Aesthetic Quality
Semantic Accuracy; Semantic Transformation; Semantic Preservation

the subsequent dimension-level assessments and
scores. This design provides a denser signal than
rewarding only the final binary preference. Impor-
tantly, the restriction applies only during GRPO:
rubric generation is learned from complete trajec-
tories during SFT, and at inference time no refer-
ence rubric is provided, and the model generates
an input-specific rubric and scores the candidates
end to end. Thus, GRPO should be understood as
calibrating rubric-conditioned scoring rather than
directly optimizing rubric generation.

A.3 GRPO Objective and Saturated-Group
Filtering

Section 3 defines the dimension-level reward,
group-relative advantage normalization, and
saturated-group filtering rule. Using the filtered
advantages A;, the final GRPO objective is

G
1
Jarpo(0) = Ez (0} Ie E (min(piAia
i=1

Chp(pl7 - €, 1+ 6)fll) - /BD%Z}_‘> ’
€)

where p; = m(o; | #)/mg,,(0; | &), and DY)
estimates the KL divergence between the response
o0; and a reference policy. The empirical training-
stability curves for saturated-group filtering are re-

ported in Figure 3.

A.4 Dimension-Level Reward Case Studies

Dimension-level rewards supervise more than the
final pairwise preference. The following training-
rollout cases illustrate the three behaviors encoded
by our reward: reversed dimension directions re-
ceive the strongest discount, tie mismatches receive
a partial discount, and score-difference magnitudes
are still rewarded when their directions are correct.
Table 10 reports the per-dimension terms and the
final weighted reward for each case.

Case 1: Correct final preference with a reversed
dimension. For the prompt “writer creates sto-
ries, Overhead shot,” both the reference and the
rollout select candidate B as the final preference.
However, Table 10 shows that the rollout reverses
the reference direction on Thematic Depiction: the
reference scores indicate A > B, whereas the pre-
dicted scores indicate A < B. A final-preference-
only reward would not expose this incorrect scoring
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Case  Rollout Dimension w; Reference A/B Predicted A/B b; oy T Total R
1 Camera Perspective 0.40 1/4 0/4 0.875 1.0 0.875
R Thematic Depiction 0.30 4/2 2/3 0.625 0.1 0.0625 0.6313
everse Structural Integrity 0.30 0/1 0/2 0.875 1.0 0.875
Prompt Adherence 0.40 2/1 3/1 0.875 1.0 0.875
1 Anatomical Correctness 0.40 0/0 0/0 1.0 1.0 1.0 0.950
2 Subject Separation 0.20 2/0 2/0 1.0 1.0 1.0
Tie Prompt Adherence 0.40 2/1 3/1 0.875 1.0 0.875
2 Anatomical Correctness 0.40 0/0 1/0 0.875 0.6 0.525 0.760
Subject Separation 0.20 2/0 2/0 1.0 10 1.0
3 Entity Accuracy 0.40 4/0 4/0 1.0 1.0 10
Marein Spatial Obstruction 0.30 4/0 1/0 0.625 1.0 0.625 0.8875
argin Relative Size 0.30 410 470 1.0 1.0 10

Table 10: Dimension-level reward cases illustrating a reversed dimension direction, a tie mismatch, and an
underestimated score-difference margin. Here r; = b;¢; denotes the per-dimension reward.

rationale.

Case 2: Tie mismatches receive a partial dis-
count. For the prompt “Person lying down with
legs up, next to a dog,” two rollouts both select
the correct final preference A. Rollout 1 in Ta-
ble 10 preserves the reference tie on Anatomical
Correctness, whereas Rollout 2 introduces an un-
supported A > B direction. This tie mismatch
applies Age = 0.6 and lowers the aggregate reward
from 0.950 to 0.760.

Case 3: Correct direction with an inaccurate
margin. For the prompt “a Speaker is partially
obstructed by a Snail, and the Speaker is larger
than the Snail,” the rollout selects the correct final
preference A and matches the direction on every
dimension. However, Table 10 shows that it un-
derestimates the reference margin on Spatial Ob-
struction, predicting 1/0 instead of the reference
4/0.

B Experiments

B.1 Supplementary Results

Detailed editing results. Table 11 expands the
image-editing results on EditScore-ERB by report-
ing Prompt Following, Consistency, and Overall
Quality for each task category. These detailed
scores support the aggregate trend in Table 3:
RubricRM remains competitive across subject, ap-
pearance, scene, and advanced editing categories
rather than improving only a single aspect.

Label-only supervision ablation. Table 12 com-
pares direct label supervision with rubric-based
SFT. This ablation uses the same backbones
and preference data, but replaces the teacher-
synthesized rubric trajectory with a direct pairwise

preference target. It therefore isolates whether the
improvement comes only from the training data
and preference labels, or also from the rubric-based
scoring paradigm.

The label-only models improve over the base
models, showing that the preference labels are
useful on their own. However, they remain con-
sistently below rubric-based SFT on most bench-
marks. For text-to-image generation, the gap is
especially clear: label-only SFT is lower than
rubric-based SFT by 3.3-5.1 points for the 4B back-
bone and 1.9-3.9 points for the 9B backbone. On
image editing, label-only SFT also falls behind
on MMRB? and EditReward-ERB, where instruc-
tion following and edit-specific criteria are central.
These results indicate that RubricRM’s gains are
not merely due to additional exposure to the same
training examples. They also come from the pro-
posed paradigm: the rubric trajectory teaches the
model to decompose an instruction into evaluation
criteria before making the pairwise judgment.

Saturated-group filtering analysis. Figure 3
provides an empirical view of the saturated-group
filtering mechanism described in Section 3. In our
GRPO stage, rewards are continuous dimension-
level scores and advantages are normalized within
each rollout group. When all rollouts for the same
input receive nearly identical rewards, the group
contains little reliable relative preference signal;
nevertheless, within-group normalization can am-
plify small numerical fluctuations into large policy-
gradient updates. This is reflected in the unfiltered
curves: the reward mean remains high in early
training but collapses sharply in the late stage, re-
sponse length grows abruptly, and entropy first
drifts upward before collapsing. These coupled
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Table 11: Detailed results on EditScore-ERB across four task categories and overall. PF = Prompt Following,
C = Consistency, O = Overall Quality. Scores are percentages. Bold and underlined scores denote the best and

second-best results among reward models, respectively.

Model Subject Appearance Scene Advanced Overall

PF C (0] PF C (¢] PF C (¢] PF C (¢] PF C (¢]
Proprietary MLLMs
Claude Sonnet 4.6 839 645 829 86.8 692  76.2 93.8 74.5 88.8 88.7 63.5 83.2 87.6 674 81.4
GPT-5.4 86.1 562  79.7 82.8 62.8 73.3 91.9 72.4 82.5 79.2 62.8 74.8 83.7 62.8 76.3
Gemini 2.5 Pro 81.6 613 71.5 75.9 69.8 75.9 826 724 80.1 85.7 62.3 79.7 81.4 655 77.4
Gemini 3.1 Pro 86.5 65.9 86.3 83.0 751 77.8 90.1 764 908 917 70.3 87.5 87.7 71.6 84.1
Open-source MLLMs
Qwen3-VL-8B 854  67.6 84.7 84.8 64.8 75.2 88.4  74.6 82.2 81.5 57.5 78.9 84.5 649  79.6
Qwen3-VL-235B-A22B 90.0 69.9 854 858 62.5 75.9 912 764 87.2 84.7 62.3 829 87.2 66.0 81.6
Qwen3.5-9B 79.8 55.7 74.1 79.3 61.3 714 875 72.4 84.0 778 58.3 758 795 60.6  74.6
Qwen3.5-397B-A17B 922 719 86.5 84.7 699 789 90.1 71.5 91.2 86.8 64.0 85.8 88.1 69.8 84.2
Reward Models
EditReward-7B 86.6  66.2 83.1 842 6538 76.5 962 755 89.2 832 653 79.9 85.9 67.2 80.4
EditScore-7B 59.0 585 740 573 612 663 744 735 78.9 53.6 503 529 59.2 59.1 65.9
RubricRM-Edit-4B (Ours) 9.7 718 915 864 833 875 90.7 804 90.1 887 705 8.0 887 775 889
RubricRM-Edit-9B (Ours) 90.6 783 907 8.0 840 8.2 930 859 908 877 736 84 8.6 797 8.7

Table 12: Label-only versus rubric-based SFT ablation. Scores are percentages; deltas in Label-only SFT rows are

relative to Rubric SFT within each backbone.

Backbone Supervision Text-to-Image Image Editing
GenAl- . .
GenAl- EditReward- EditScore-
MMRB2 Bomch Bench-  MMRB2 ERE ERB
Verified
Owen3.5-4B Rubric SFT 70.1 72.0 82.9 715 436 833
: Label-only SFT 65.1(15.0) 68.7(13.3) 77.8 (15.1) 69.2 (12.3) 39.4 (14.2) 85.4 (12.1)
Owen3.5-9B Rubric SFT 703 73.0 832 73.8 450 85.1
‘ Label-only SFT 66.4 (13.9) 711 (11.9) 80.9 (12.3) 69.2 (14.6) 40.8 (14.2) 83.9 (11.2)
changes indicate that low-discrimination rollout = Task Sameinst. Sametype Diff. type Weight diff.
groups can destabilize the policy update rather  Gep 0.763 0.597 0.563 0.102
than improve rubric application. After filtering  Edit 0.800 0.651 0.612 0.110

groups whose reward standard deviation falls below
the threshold, the reward mean fluctuates within
a narrow range, response length remains bounded,
and entropy evolves smoothly. The comparison
supports the role of saturated-group filtering as a
training-stability device for continuous dimension-
level GRPO.

B.2 Analysis of Generated Rubrics

We conduct a rubric-only analysis on MMRB2 to
examine whether the generated rubrics remain sta-
ble under stochastic decoding while adapting to dif-
ferent instructions. For each instance, we sample
five rubrics with temperature 0.7 and top-p = 0.9.
For each rubric pair, we first match evaluation di-
mensions by semantic similarity and then measure
dimension similarity and weight difference. Higher
dimension similarity indicates more similar eval-
uation criteria, whereas lower weight difference
indicates more consistent importance assigned to
the matched criteria.

Table 13: Stability and adaptation of generated rubrics
on MMRB?2. “Same inst.” denotes the same instruction
and “Diff. type” denotes different instruction types. The
three similarity columns report dimension similarity.

Stability. As shown in Table 13, repeated rubrics
for the same instruction have dimension similarities
of 0.763 for generation and 0.800 for editing, while
their weight differences remain small at 0.102 and
0.110, respectively. Thus, stochastic decoding does
not produce arbitrary evaluation criteria: both the
selected dimensions and their relative importance
remain largely consistent.

Diversity and adaptation. For each instruction,
we compare its rubrics with those produced for
other prompts of the same instruction type and for
prompts of different types. Similarity follows the
expected order for both tasks: same instruction
> same type > different type. Rubrics therefore
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response_length/mean
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Figure 3: Effect of saturated-group filtering on GRPO training stability. The columns show reward mean, entropy,
and response length from left to right; the top row is without filtering and the bottom row is with filtering. Without
filtering, late training shows reward-mean collapse, sharp response-length growth, and entropy drift followed by
collapse. Filtering low-standard-deviation groups keeps all three signals stable.

preserve shared evaluation patterns among related
instructions while varying across instruction types.
The higher same-type than different-type similarity
for generation (0.597 vs. 0.563) and editing (0.651
vs. 0.612) further indicates instruction-type adapta-
tion. Qualitative inspection likewise shows that the
selected evaluation dimensions change according
to task requirements.

B.3 Sensitivity to Teacher Choice

The teacher model in our pipeline is not an indepen-
dent preference annotator. Each image-pair pref-
erence label is inherited from the original human-
annotated data, and the teacher only converts that
fixed preference into a rubric trajectory. Teacher
bias can therefore affect dimension selection and
granularity, but it does not determine the underly-
ing preference label.

To quantify the remaining sensitivity, we con-
duct a controlled cross-teacher analysis on a fixed
MMRB?2 subset containing 200 generation and 200
editing comparisons. For every comparison, we
keep the input and human preference label fixed
and regenerate rubrics with three teacher families:
Gemini 3.1 Pro, Claude Sonnet 5, and GPT-5.6
Luna. For each teacher pair, we semantically match
the rubric dimensions and report whether at least
one dimension is shared, whether at least half of the
smaller dimension set is covered, and the average
overlap ratio.

. At least one At least half Average
Teacher pair

shared covered  overlap
Claude vs. Gemini 93.0% 58.5% 0.540
Claude vs. GPT 98.0% 80.0% 0.608
Gemini vs. GPT 83.5% 47.5% 0.453
Average 91.5% 62.0% 0.534

Table 14: Cross-teacher rubric overlap on a fixed
MMRB?2 subset. Inputs and human preference labels
are held constant across teacher families.

Across teacher pairs, 91.5% of comparisons
share at least one semantic dimension, 62.0% cover
at least half of the smaller rubric, and the average
overlap is 0.534. Because the generated rubrics
generally contain only three to four dimensions,
these results indicate substantial agreement across
teacher families. Complete agreement is neither ob-
served nor expected: image preference evaluation
is inherently subjective, and different valid criteria
can support the same human preference. Overall,
the teachers recover a shared evaluation core while
retaining reasonable differences in criterion selec-
tion and granularity.

C Prompt Templates

This appendix provides the inference prompt tem-
plates used by RubricRM. Sections C.1 and C.2
specify the required output structure, including task
analysis, dynamic dimension selection, dimension-
level scoring, weighted aggregation, and final pref-
erence selection.
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C.1 Text-to-Image Preference Evaluation

Text-to-Image Generati

# Role

You are an expert evaluator for text-to-image (T2I) generation, specializing in multi-dimensional image assessment. You are skilled at
identifying the most relevant evaluation dimensions, assigning appropriate weights, and delivering precise, logically grounded
comparisons.

# Workflow
1. Intent Mining: Analyze the prompt to identify its core objective, including required content, key attributes, stylistic constraints
compositional requirements, and any other critical conditions, while also taking into account general image evaluation principles.
2. Dimension Selection & Weighting: Select 3-5 evaluation dimensions that are most relevant to the task. All dimensions must be atomic:
each dimension should assess exactly one distinct aspect and must not combine multiple criteria into a single dimension. Assign weights
dynamically based on their importance. The total weight must sum to 100%.
3. Dimension-based Scoring: Evaluate each image on every selected dimension using the following 0-4 rubric. Scores must be assigned
relative to the specific dimension being evaluated.

Q: Failed: Does not satisfy the dimension; severe errors or breakdowns are present.

1: Poor: Satisfies the dimension only weakly; major deviations, omissions, or artifacts are present.

2: Fair: Partially satisfies the dimension; the intended quality is present, but notable issues remain.

3: Good: Satisfies the dimension well; only minor flaws are present.

4: Excellent: Fully satisfies the dimension; highly consistent and essentially free of noticeable flaws

# Output Format

## [Thinking Process]

- Task Analysis: Systematically analyze the prompt.

- Selected Dimensions & Weights: List the chosen dimensions and explain why each one is important, including the rationale for its
assigned weight.

## [Detailed Evaluation]

- [Dimension Name] ([Weightl%)
- Image A: [brief analysis] — Score: X/4
- Image B: [brief analysis] — Score: X/4

## [Final Conclusion]

- Weighted Total Score: For each image, show the weighted score calculation and provide the final result rounded to 2 decimal places

- Summary: Briefly summarize the key reasons behind the evaluation.

- Preference: You *xmust** output exactly one answer -- \boxed{{A}} or \boxed{{B}}. A definitive choice is required even when scores are
tied.

# Prompt
{prompt}

# Images
- Image A: <image>
- Image B: <image>
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C.2 Image-Editing Preference Evaluation

Image Editing

# Role

You are an expert evaluator for image editing, specializing in multi-dimensional assessment of edited images. You are skilled at
identifying the most relevant evaluation dimensions, assigning appropriate weights, and delivering precise, logically grounded
comparisons.

# Workflow
1. Intent Mining: Analyze the editing instruction and original image to identify its core objective, including required edits, key
attributes, stylistic constraints, content preservation requirements, and any other critical conditions, while also taking into account
general image evaluation principles.
2. Dimension Selection & Weighting: Select 3-5 evaluation dimensions that are most relevant to the task. All dimensions must be atomic:
each dimension should assess exactly one distinct aspect and must not combine multiple criteria into a single dimension. Assign weights
dynamically based on their importance. The total weight must sum to 100%.
3. Dimension-based Scoring: Evaluate each image on every selected dimension using the following ©-4 rubric. Scores must be assigned
relative to the specific dimension being evaluated.

Q: Failed: Does not satisfy the dimension; severe errors or breakdowns are present.

1: Poor: Satisfies the dimension only weakly; major deviations, omissions, or artifacts are present.

2: Fair: Partially satisfies the dimension; the intended quality is present, but notable issues remain.

3: Good: Satisfies the dimension well; only minor flaws are present.

4: Excellent: Fully satisfies the dimension; highly consistent and essentially free of noticeable flaws.

# Output Format

## [Thinking Process]

- Task Analysis: Systematically analyze the editing instruction.

- Selected Dimensions & Weights: List the chosen dimensions and explain why each one is important, including the rationale for its
assigned weight.

## [Detailed Evaluation]

- [Dimension Name] ([Weightl%)
- Image A: [brief analysis] — Score: X/4
- Image B: [brief analysis] — Score: X/4

## [Final Conclusion]

- Weighted Total Score: For each image, show the weighted score calculation and provide the final result rounded to 2 decimal places

- Summary: Briefly summarize the key reasons behind the evaluation.

- Preference: You *xmust** output exactly one answer -- \boxed{{A}} or \boxed{{B}}. A definitive choice is required even when scores are
tied.

# Editing Instruction
{prompt}

# Images
- Image A: <image>
- Image B: <image>
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D Running Cases

D.1 Text-to-Image Generation

Input Prompt

A cranberry bog flooded for harvest with visible red berries, featuring geese flying in V-shaped flocks during autumn.

Image A Image B

utput

## [Thinking Process]

- **Task Analysis*x: The prompt requires a specific agricultural scene: a flooded cranberry bog during harvest. Key elements include
visible red berries, geese flying in a V-shape, and an autumn setting. The goal is to capture the unique "harvest” look of cranberries (
which float when flooded) while maintaining naturalistic details and seasonal atmosphere.
- *xSelected Dimensions & Weightsxx:

1. *%Prompt Adherence (Content)** (30%): Evaluates the presence of all required elements: flooded bog, red berries, and geese in a V
-shape.

2. *xVisual Realism & Detailxx (30%): Assesses the quality of the rendering, specifically the texture of the berries and the
anatomical correctness of the geese.

3. **xComposition & Aesthetics*x (20%): Evaluates the layout, lighting, and how well the "autumn” atmosphere is conveyed.

4. xxLogical Consistencyx* (20%): Checks for AI artifacts, such as impossible geometry or illogical placement of objects (e.g.,
berries in the water vs. on the ground).

## [Detailed Evaluation]

- xxPrompt Adherence (Content)** (30%)

- Image A: Includes a flooded bog, visible red berries, and geese in a V-shape. The autumn setting is clear. — Score: 4/4

- Image B: Includes a flooded bog, red berries, and geese. However, the geese are not in a clear V-shape, and the "flooded” aspect is
rendered as strange horizontal stripes. — Score: 2/4

- xxVisual Realism & Detail*x (30%)

- Image A: The berries have a realistic texture and scale. The geese are silhouetted but clearly defined. The lighting is natural. —
Score: 4/4

- Image B: The berries look like a repetitive, low-resolution texture. The geese are poorly rendered, with distorted wings and
unnatural poses. — Score: 1/4

- xxComposition & Aesthetics** (20%)

- Image A: Excellent use of perspective and lighting. The sunset/autumn colors in the trees provide a beautiful contrast to the red
berries. — Score: 4/4

- Image B: The composition is very flat and repetitive. The horizontal banding of the bog is visually jarring and lacks depth. —
Score: 1/4

- *xLogical Consistency** (20%)

- Image A: The scene is logically consistent. The berries are floating on the surface as they would during a harvest. — Score: 4/4

- Image B: The image contains significant logical errors. The horizontal stripes of berries and water are illogical for a flooded bog.
Some geese appear to be floating or walking on the water surface in a physically impossible way. — Score: 0/4

## [Final Conclusion]
- xxWeighted Total Scorexx:
- Image A: (4 * 0.30) + (4 * 0.30) + (4 * 0.20) + (4 * 0.20) = **4.00%*
- Image B: (2 * 0.30) + (1 * 0.30) + (1 * 0.20) + (0 * 0.20) = **x1.10%x*
- *xSummary*x: Image A is a closer realization of the prompt. It captures the specific agricultural look of a cranberry harvest with
realistic details, autumn lighting, and logical composition. Image B is weaker in realism and logic, featuring repetitive textures,

distorted birds, and an illogical "striped” interpretation of a flooded bog.

- xxPreferencex*: \boxed{A}
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D.2 Image Editing

Editing Instruction

Create a colorful educational poster for a kindergarten classroom using the toy airplane image as the centerpiece. Add the title: "Let's
Learn About Airplanes!” at the top. On the left side, include a fun fact: "Airplanes travel high in the sky and can go really fast!” On
the right side, add a safety message: "Always fasten your seatbelt when flying!” At the bottom, write: "Can you name the colors of this
plane?” in bold letters.

Let’s Learn About
Airplanes! Let’s Learmn|About’

Alplanes!|
i ;

Airplanes travel > Always fasten
high in the sky and your seatbelt G
can go realy fast when flying!
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Black

0000
El‘:e'! §tq:4nn:qme i|!3.39|°|35..f this E!,,,egi) Can you name the colors of this plane?

Original Image Image A Image B

del Output

## [Thinking Process]
- xxTask Analysis*x: The user wants to transform a simple image of a toy airplane into a colorful educational poster for a kindergarten
classroom. The instruction includes several strict requirements:
1. **xStyle**: Colorful, educational poster for a kindergarten classroom.
2. xxCenterpiecexx: The original toy airplane image.
3. *xText & Placementxx:
* Top: "Let's Learn About Airplanes!”
* Left side: "Airplanes travel high in the sky and can go really fast!”
* Right side: "Always fasten your seatbelt when flying!"
*  Bottom: "Can you name the colors of this plane?” in bold letters.
- xxSelected Dimensions & Weights*x:
1. #**xText Accuracy & Placement (40%)*x: This is the most complex and specific part of the prompt. It evaluates whether all four text
elements are present, spelled correctly, and placed in the exact requested locations.
2. xxThematic Style & Aesthetics (30%)*x: Evaluates whether the overall design successfully captures the "colorful educational poster
for a kindergarten classroom” vibe.
3. =xxContent Preservation (30%)xx: Evaluates how well the original toy airplane is preserved as the centerpiece, without introducing
unwanted artifacts or altering its core identity.

## [Detailed Evaluation]
- x*xText Accuracy & Placement (40%)**

- Image A: All four text elements are present, spelled correctly, and placed exactly where requested (top, left, right, bottom). The
bottom text is also bold, as requested. — Score: 4/4

- Image B: All four text elements are present and spelled correctly. The text is placed in the correct locations. The bottom text is
bold. — Score: 4/4

- **Thematic Style & Aesthetics (30%)**
- Image A: The image features a bright, colorful, and playful design with clouds, a sunburst background, and kid-friendly graphics. It
perfectly captures the requested kindergarten classroom poster aesthetic. — Score: 4/4
- Image B: The image is colorful and features a sky background, but the overall aesthetic feels a bit more generic and less cohesive
as a kindergarten poster compared to Image A. — Score: 3/4

- x*xContent Preservation (30%)*x

- Image A: The original toy airplane is perfectly preserved in the center. The image also includes some nice, non-distracting
background elements (like a small cartoon plane and city skyline) that fit the theme. — Score: 4/4

- Image B: The original toy airplane is preserved, but the model added strange, incorrect text labels ("Black”) pointing to the
propeller and wings, which detracts from the original image's integrity. — Score: 2/4

## [Final Conclusion]
- xxWeighted Total Scorexx*:

- Image A: (4 * 0.40) + (4 * 0.30) + (4 * 0.30) = 1.60 + 1.20 + 1.20 = 4.00

- Image B: (4 * 0.40) + (3 * 0.30) + (2 * 0.30) = 1.60 + 0.90 + 0.60 = 3.10
- xxSummary*x: Both images successfully followed the strict text and placement instructions. However, Image A is vastly superior in its
overall aesthetic, creating a much more engaging and appropriate kindergarten poster. Furthermore, Image A perfectly preserves the
original toy airplane, whereas Image B introduces unwanted and incorrect text labels pointing to the plane.
- **Preference**: \boxed{A}
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