Visual Preference Optimization with Rubric Rewards

Ya-Qi Yu* ™, Fangyu Hong*, Xiangyang Qu*, Hao Wang",
Gaojie Wu, Qiaoyu Luo, Nuo Xu, Huixin Wang, Wuheng Xu,
Yongxin Liao, Zihao Chen, Haonan Li, Ziming Li, Dezhi Peng,
Minghui Liao, Jihao Wu, Haoyu Ren, Dandan Tu
* Core Contributors ' Project Leader
Huawei Technologies Co., Ltd.

Project page: https://github.com/yuyq96/rubrics

Abstract

The effectiveness of Direct Preference Opti-
mization (DPO) depends on data pairs that cap-
ture task-relevant quality differences. Existing
data pipelines often rely on off-policy perturba-
tions or coarse outcome-based signals, which
are not well suited to fine-grained visual rea-
soning. We propose rDPO, a rubric-based data
pipeline for DPO-based visual preference op-
timization. For each image-instruction pair,
we create a checklist-style rubric of essential
and additional criteria to score responses from
any possible policies. The instruction-rubric
pool is built offline and reused during the con-
struction of on-policy preference data. On pub-
lic reward modeling benchmarks, rubric-based
prompting massively improves a 30B-A3B
judge and brings it close to GPT-5.4. On public
downstream benchmarks, rubric-based filter-
ing raises the macro average to 82.69, whereas
outcome-based filtering drops it to 75.82 from
81.14. In scalability evaluation on a com-
prehensive benchmark, rDPO achieves 61.01,
markedly outperforming the style-constrained
baseline (52.36) and surpassing the 59.48 base
model. Together, these results show that visual
preference optimization benefits from combin-
ing on-policy data construction with instance-
specific criterion-level feedback.

1 Introduction

Direct Preference Optimization (DPO) has become
a common approach to aligning Vision-Language
Models (VLMs), improving quality and reducing
hallucinations (Rafailov et al., 2023; Wang et al.,
2025a; Yue et al., 2025; Yang et al., 2025a; Team,
2025). Its effectiveness, however, heavily relies on
the quality of the underlying preference data. Early
pipelines for constructing preference pairs fell into
two broad categories: response-oriented methods
that inject hallucinations or exploit “strong-weak”
model outputs (Zhou et al., 2024; Zhao et al., 2025;
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Pi et al., 2024; Deng et al., 2024b; Zhu et al., 2024;
Deng et al., 2024a; Wang et al., 2024b; Yu et al.,
2025b), and vision-oriented methods that perturb
visual inputs via diffusion noise or image edit-
ing (Zhou et al., 2024; Jiang et al., 2025; Wang
et al., 2024a; Xie et al., 2024; Luo et al., 2025; Xing
et al., 2025; Liu et al., 2025¢). While effective in
specific scenarios, these methods often yield off-
policy pairs, causing the constructed data to drift
from the target model’s actual response generation
patterns on individual inputs.

Recent work has moved toward on-policy and
self-improving pipelines. Methods like RLAIF-
V (Yu et al., 2025b) and MMPR (Wang et al.,
2024b) group model-generated responses by hal-
lucination count or final correctness, while OPA-
DPO (Yang et al., 2025b) and online DPO vari-
ants (Liu et al., 2025a; Yu et al., 2025a) repeatedly
sample the latest policy during training. Despite
reducing data drift, most existing pipelines still rely
on coarse-grained reward signals, overlooking cru-
cial nuances in grounding, completeness, and rea-
soning quality. To enrich supervision, many studies
use VLM-as-a-Judge and Reward Models (RMs)
to score candidate responses (Sun et al., 2024; Yu
et al., 2024a; Lu et al., 2024; Li et al., 2023; Liu
et al., 2025d; Zhang et al., 2025b). However, judge
quality becomes the primary bottleneck: propri-
etary models are cost-prohibitive at scale, while
open-source judge models (Lee et al., 2024; Wang
et al., 2025¢; Xiong et al., 2025b; Zhang et al.,
2025a; Zang et al., 2025; Wang et al., 2025b), con-
strained by fixed prompt templates, yield coarse
scores that lack the transparency and fine-grained
feedback needed to penalize hallucinations or rea-
soning errors. Rubric-based evaluation enhances
LLM alignment by breaking quality into explicit
criteria (Hashemi et al., 2024; Starace et al., 2025;
Gupta et al., 2025; Viswanathan et al., 2025; Zhou
et al., 2025), yet remains underexplored in multi-
modal settings. Concurrent work such as Omni-
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Figure 1: Overview of rDPO. The top lane constructs a model-agnostic instruction-rubric pool by mining challenging
seeds via model ensembles and drafting instance-specific rubrics with structured “essential” and “additional” criteria.
The bottom lane achieves on-policy data curation and optimization by sampling responses from a target policy,
scoring them via rubric-grounded judging, and mining preference pairs.

RRM (Kong et al., 2026) moves in this direction,
but it still relies on fixed combinations of prede-
fined evaluation criteria.

We propose rDPO, a rubric-guided data construc-
tion pipeline for DPO-based visual preference opti-
mization grounded in instance-specific rubrics, as
illustrated in Fig. 1. For each image-instruction
pair, we build an offline checklist-style rubric that
provides structured guidance for evaluating target-
policy responses. We then sample on-policy re-
sponses, score them with a moderately-sized 30B-
A3B open-source judge, and mine preference pairs
using criterion-level feedback. Because rubric con-
struction is decoupled from target-policy rollout
and scoring, the resulting instruction-rubric pool
can be reused across different target models. In this
work, we use the constructed preference pairs for
iterative DPO. Our evaluation is threefold: judge
quality on public reward modeling benchmarks, a
method-validation setting where rubric-based filter-
ing is compared with outcome-based filtering under
the same on-policy setup, and scaling validation on
a comprehensive benchmark.

The main contributions are as follows:

* We introduce a data-centric pipeline that gener-

ates and uses instance-specific multi-criteria
rubrics to access on-policy responses, and
mines preference data for visual DPO.

* Evaluations on public reward-modeling bench-
marks show that instance-specific rubrics im-
prove the judgment quality of a moderately-
sized 30B-A3B open-source judge without ad-
ditional model training.

* We construct 300K reusable instruction-rubric
pairs by decoupling offline rubric construction
from rollout, scoring, and preference-pair min-
ing for each target policy.

* In method validation, outcome-based filtering
reduces the macro average from 81.14 to 75.82,
while rDPO raises it to 82.69. In scaling valida-
tion, rDPO achieves 61.01, outperforming both
the style-constrained baseline (52.36) and the
base model (59.48).

2 Related Works

2.1 Multimodal Reward Models

Aligning VLMs with complex human intent has
motivated the curation of large-scale multimodal
preference datasets. Early efforts relied heavily on
human feedback to build datasets such as LLaVA-
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RLHF (Sun et al., 2024), RLHF-V (Yu et al.,
2024a), MM-RLHF (Zhang et al., 2025b), WildVi-
sion (Lu et al., 2024), and VisionArena (Chou et al.,
2025). To reduce annotation costs, Al feedback
mechanisms followed, as seen in VLFeedback (Li
et al., 2023), RLAIF-V (Yu et al., 2025b), MIA-
DPO (Liu et al., 2025d), and LLaVA-Critic (Xiong
et al.,, 2025b). In parallel, specialized visual
RMs have been developed as automated evaluators.
Early explorations like Prometheus-Vision (Lee
et al., 2024), SIMA (Wang et al., 2025¢), and
LLaVA-Critic (Xiong et al., 2025b) established the
foundation. Recent work has further refined RM
capabilities: CAREVL (Dai et al., 2025) distills
language reward knowledge into visual RMs, SVIP-
Reward (Gao et al., 2025) incorporates stepwise
visual programs, and comprehensive models like
MM-RLHF-Reward (Zhang et al., 2025b), IXC-
2.5-Reward (Zang et al., 2025), and Skywork-VL
Reward (Wang et al., 2025b) integrate diverse mul-
timodal preference corpora. Despite this progress,
existing RMs typically produce scalar scores or rely
on rigid prompting templates, and lack the trans-
parency and multi-dimensional granularity needed
to guide nuanced visual reasoning.

2.2 Rubric-based Rewards

Rubric-based frameworks are increasingly used
in both LLM evaluation and alignment. Task-
specific rubrics enable structured assessment of
complex, multidimensional tasks (Hashemi et al.,
2024; Starace et al., 2025; Arora et al., 2025;
Wang et al., 2025d; Akyiirek et al., 2025). In
post-training, frameworks such as Rubrics-as-
Rewards (Gunjal et al., 2025), Rubicon (Huang
et al., 2025), and CARMO (Gupta et al., 2025)
use rubrics to provide structured reward sig-
nals. To further increase rubric discriminabil-
ity, methods like RLCF (Viswanathan et al.,
2025), OpenRubrics (Liu et al., 2025b), and
Rubrichub (Li et al., 2026) employ contrastive gen-
eration. Dynamic refinement processes are intro-
duced by OnlineRubrics (Rezaei et al., 2025), Auto-
Rubric (Xie et al., 2025), and Rubric-ARM (Xu
et al., 2026) to mitigate reward over-optimization.
RuscaRL (Zhou et al., 2025) further introduces
rubrics for both reward modeling and hint-guided
rollout generation.

In the multimodal domain, rubrics are under-
explored. Recent evaluation benchmarks like
JudgeAnything (Pu et al, 2025) and Multi-
Crit (Xiong et al., 2025a) have introduced instance-

specific checklists for multi-criteria assessment,
highlighting the demand for structured evaluation.
For model alignment, the concurrent work Omni-
RRM (Kong et al., 2026) represents an early at-
tempt to provide fine-grained feedback. However,
it relies on fixed combinations of rubric templates
defined in advance.

3 Preliminaries

3.1 DPO

Consider a dataset D consisting of preference
triplets (z, yc, yr), where = denotes the input, y.
and y, represent the chosen and rejected responses,
respectively. Let my represent the policy model
parameterized by 6, initialized from a reference
model 7g. The DPO objective is formulated as:

Lppo(mg; m0) = —loga (Fg(x,ye) — To(w,yr))

(1
where o is the sigmoid function and the implicit
reward is defined as

fo(x,y) = B (logmp(y | x) —logmo(y | 2))-
(2)
Here, [ is the KL penalty coefficient.
The derivation (Rafailov et al., 2023) of the gra-
dient of the DPO loss with respect to 6 is:

Vo Lopo(mg; mo)

= —Lo(rfg(x,yy) — Fo(z,yc))

scaling by
reward margin

| Vologmo(ye | ) — Vg logme(yr | ) |-

increase
likelihood of y.

decrease
likelihood of y,

3

The gradient structure scales the updates based on
the reward margin, increasing the likelihood of ¥,
while penalizing y,.

3.2 MPO

To integrate preference learning with Supervised
Fine-Tuning (SFT), we opt for Mixed Preference
Optimization (MPO) (Wang et al., 2024b). This
formulation augments the DPO objective with an
auxiliary SFT loss:

Lnipo(mg; m0) = Lppo(me; mo) + Lspr(mg). (4)

The SFT term reinforces the chosen response .,
acting as a form of rejection sampling:

Lspr(mg) = —alogo (logme(ye | ), ()
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where « is a scaling coefficient. We exclude the
length normalization to ensure the magnitude con-
sistent with the DPO term.

The resulting gradient:

VoLspr(mg) = —a Vglogmg(ye | ), (6)

increase
likelihood of y.

increases the weight of the gradient on the chosen
response to prevent policy collapse.

3.3 Rubric

To enhance the self-improvement cycle, we sam-
ple on-policy responses y ~ 7o(-|z) and intro-
duce a rubric-based RM. Scoring against the target
model’s own outputs reduces the mismatch intro-
duced by static offline datasets.

Specifically, our framework employs Generative
RMs (GenRMs) that evaluate responses against a
structured, instance-specific checklist. For each in-
putz € X, we define a localized rubric encompass-
ing K distinct criteria (e.g., factual accuracy, rea-
soning steps, and instruction following), denoted
as a set:

C* ={cf,c5,...,c%} @)

Formally, the reward model 74 is defined as a
function that takes an input x € X, a generated
response y € ), and the corresponding rubric
C? € C to yield a multi-dimensional feedback
vector s € R®. Compared to traditional scalar
rewards, this formulation provides greater trans-
parency and interpretability. Furthermore, it en-
ables fine-grained data filtering and facilitates the
construction of nuanced preference pairs for subse-
quent optimization.

4 Methodology

Our pipeline for constructing preference data com-
prises three stages: (1) Seed Mining, which fil-
ters high-quality seed instructions from a broader
data pool; (2) Rubric Drafting, which generates
instance-specific rubrics for the selected seeds; and
(3) Preference Data Curation, which samples on-
policy responses and constructs preference pairs for
a specific target policy model. The first two stages
are model-agnostic: the resulting instruction-rubric
pool can be reused across different target models.
Algorithm 1 summarizes the full data construction
pipeline and the subsequent iterative DPO optimiza-
tion process for the target policy.

Algorithm 1 Rubric-guided preference data con-
struction and iterative DPO.

Require: Source pool D, with optional annotations a;
seed-mining ensemble &£; rubric drafters G and
aggregator A; initial policy mo; rubric-based RM
r; margin 0; rounds T’
Seed pool S, rubric pool P, preference pool D,
policy 71
: § + Balance({z € Dq:. | Disagree(&,z)})
P10
: forz € Sdo
Cyr + Gp(z,a}) foreach Gy, € G
C* A(m, {C’fn}m); P+ PU{(z,C")}
D+ 0
for (z,C") € P do
V. + Sample(mo(- | ); 32)
Q <+ {(yc,yr) € Y2 | Chosen(y.) A Rejected(y,)
A T¢(£7 Ye, Cx) - TKP('T, Yr, CI) > 6}
10: D <« D U TopDiverse(Q; 4, 2)
11: Partition D into {D1,...,Dr}
12: fort=1,...,7T do
13: Tt (—DPO(ﬂ'tfhpt)
14: return S, P, D, w1

Ensure:

ORI DR

4.1 Seed Mining

To curate a high-quality and challenging set of in-
structions, we employ a disagreement-based filter-
ing mechanism that operates in two steps:
Large-Scale Rollout. We first conduct a large-
scale parallel rollout to collect initial responses. To
capture diverse model behaviors during response
generation, we use an ensemble of moderately-
sized models spanning both dense and Mixture-of-
Experts (MoE) architectures: TextHawk2-7B (Yu
et al., 2024b), Qwen2.5-VL-7B (Bai et al., 2025),
InternVL3.5-30B-A3B (Wang et al., 2025a), and
Qwen3-VL-30B-A3B (Team, 2025).
Disagreement-based Filtering. We then apply a
reference-free, disagreement-based filtering strat-
egy. We retain only those instances where the en-
semble models fail to reach a consensus. Such
disagreement often identifies complex, ambiguous,
or edge cases that are highly informative for pref-
erence optimization. Finally, to maintain domain
balance, we apply uniform sampling across all orig-
inal data sources to construct the final seed set.

4.2 Rubric Drafting

To ensure that the evaluation criteria are mutually
exclusive and strictly verifiable by an RM, our con-
struction process adheres to four core principles:
(1) Atomic: Each criterion targets a single, indi-
visible key point or sub-query within the original
instruction. (2) Comprehensive: The criteria list
jointly covers all vital dimensions of the user query,
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so that no critical aspect of a complete response
is overlooked. (3) Precise: The evaluation aligns
strictly with the user query, avoiding redundant
checks or extraneous information. (4) Objective:
Assessments are grounded in observable facts, em-
pirical evidence, or reference answers, eliminating
variance from subjective interpretations.

We explicitly categorize the criteria into two dis-
tinct types: essential and additional. Essential
criteria capture the core information prioritized by
the query; satisfying these is a prerequisite for a
conceptually sound response. Additional crite-
ria encompass relevant image facts, supplementary
knowledge, or intermediate reasoning steps needed
to derive a complete and well-supported answer.

Each check item is structured as a triplet com-
prising a criterion, a reference, and a fixed-point
weight. The criterion dictates a concrete and ob-
servable assertion to be verified. The reference
serves as the ground truth, strictly derived from
image facts. The weight quantifies the item’s im-
portance across three discrete levels: I (Auxiliary)
for helpful but non-critical information; 2 (Impor-
tant) for content that significantly enhances the user
experience; and 3 (Key) for critical elements where
any omission or deviation constitutes a clear factual
or reasoning error in the response.

To generate rubrics following this schema, we
employ frontier reasoning models to generate
instance-specific checklists in JSON format (see
Appendix A). To account for varying annotation
quality across seed datasets, we adapt our genera-
tion strategy accordingly:

Expert-Grounded Generation. For clean datasets
with trustworthy human annotations, the rubric
generation is explicitly conditioned on the pro-
vided ground truths. This ensures that the resulting
rubrics are firmly anchored in expert knowledge
and factual accuracy.

Answer-Agnostic Generation. Conversely, for im-
perfect datasets characterized by noisy or missing
annotations, we deliberately exclude the original
answers from the prompt. This prevents the gen-
eration process from being misled by reference
responses that are inaccurate or incomplete.

Furthermore, relying on a single model for gener-
ation risks introducing systematic bias or persistent
perception errors. We independently prompt multi-
ple models and synthesize their candidate rubrics
into a unified checklist via a separate aggregation
prompt that combines the candidate check items.

4.3 Preference Data Curation

We sample multiple responses per instruction from
the target policy using the instruction-rubric pool.
This rollout yields a diverse candidate set for pref-
erence pair construction.

4.3.1 Reward Modeling

Scoring. To evaluate the generated candidates,
we employ rubric-grounded VLM-as-a-Judge via
zero-shot prompting. For each criterion specified
in the rubric, the judge assigns a discrete score
s € {0,0.5, 1}, corresponding to no credit, partial
credit, and full credit, respectively. The judge is
instructed to output the evaluation in JSON format
(see Appendix A).

Voting. To reduce the variance and hallucination of
VLM-as-a-Judge, we run the scoring process three
times independently and adopt the median score
for each criterion.

Aggregation. The criterion-level scores are aggre-
gated to compute the overall reward for a given
input x and response y. Assume each criterion
cy, is associated with a reference answer aj, and a
weight wy, the overall reward is:

7’¢>($7y7 CI) = Zw]f : S¢(.T,y, Cﬁ, ai)? (8)
k

where ¢ denotes the parameters of the judge.

4.3.2 Pair Mining

Once all candidate responses are scored, we con-
struct the final preference pairs by applying the
following filtering criteria. This guarantees that the
reward margin reflects a genuine and interpretable
difference in quality. The pairing process strictly
adheres to the following rules:

¢ Rule 1 (Chosen Qualification): The chosen
response Y. must receive at least partial credit
on every essential criterion, and at most one
essential criterion may receive partial credit.
Equivalently, no essential criterion may receive
a score of 0, at most one may receive 0.5, and
all remaining essential criteria must receive 1.
Furthermore, responses exhibiting repetition
loops or language mixing are discarded.

* Rule 2 (Rejected Qualification): The rejected
response ¥y, must exhibit definitive flaws. It
must either fail (s = 0) at least one essential
criterion or receive partial credit (s = 0.5) on
at least two essential criteria.

* Rule 3 (Margin Constraint): To ensure a
meaningful qualitative gap, the overall reward
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difference must satisfy a margin constraint:
r¢(2,Ye, C*) — 1o (2, yr, C*) > J, where 6 >
0 is an empirical margin hyperparameter to en-
sure a distinct quality gap.

* Rule 4 (Maximum Learning Capacity):
Among all valid pairs satisfying the above cri-
teria for a given instruction, we select the top
four pairs (y., y,) with the largest overall re-
ward margins between the chosen and rejected
responses for that instruction.

* Rule 5 (Diversity Control): To prevent the
policy model from overfitting, each unique re-
sponse is allowed to appear a maximum of
twice across all preference pairs included in
the final training dataset.

When to Use DPO Rather than GRPO? In this
work, we choose DPO for three practical reasons.
First, it improves efficiency: rollouts and rubric
judging can be highly parallelized, avoiding syn-
chronization bubbles and improving inference uti-
lization. Second, it simplifies auditing: review-
ers need only verify that the chosen response is
clearly better than the rejected one. Third, it pro-
vides greater control: quality and style preferences
remain explicit and fixed throughout training, re-
ducing exposure to reward hacking and unintended
length or style drift. Nevertheless, Group Relative
Policy Optimization (GRPO) (Shao et al., 2024)
can be attractive for directly incorporating fine-
grained rubric rewards into policy optimization,
provided that reward hacking and unintended pref-
erence drift can be adequately controlled.

5 Experiment

5.1 Results on Reward Modeling

Benchmarks. To validate the effectiveness of
the proposed rubrics in multimodal reward mod-
eling, we compare it against visual judges across
several preference benchmarks: Multimodal Re-
wardBench (MM-RB) (Yasunaga et al., 2025),
VL-RewardBench (VL-RB) (Li et al., 2025),
MLLM-as-a-Judge (MaalJ) (Chen et al., 2024a),
VisionArena-Battle (VA-B) (Chou et al., 2025),
and WildVision-Battle (WV-B) (Lu et al., 2024).
Across all benchmarks, we exclude tie samples
to focus on clear preferences. Furthermore, we
sub-sample 1,200 pairs from VA-B and WV-B, re-
spectively, to optimize evaluation efficiency.

Baselines. To ensure a rigorous evaluation, we
benchmark our approach against a wide range of
state-of-the-art models from three distinct cate-

gories: (1) Proprietary Frontier VLMs, such as
Claude 4.6 Opus (Anthropic, 2026), GPT-5.4 (Ope-
nAl, 2026), and the Gemini series (Gemini Team,
2025); (2) Open-source Generalist VLMs, specifi-
cally the Qwen3-VL series (Team, 2025); and (3)
Open-source Specialist RMs, including IXC-2.5-
Reward (Zang et al., 2025) and Skywork-VL Re-
ward (Wang et al., 2025b).

Potential Data Contamination. We mark results
as potentially contaminated when they show abnor-
mal benchmark-specific jumps inconsistent with
the model’s performance on other reward-modeling
benchmarks, together with unusually balanced re-
call across answer positions. Because the affected
benchmarks are widely used human-preference
sources and may overlap with training data, we
exclude macro averages containing these entries
while retaining the unaffected subset averages.

Table 1 shows that rubric prompting improves
both Qwen3-VL judges over their vanilla prompts,
whereas CoT prompting does not consistently help.
For Qwen3-VL-30B-A3B, rubric raises the overall
macro average from 71.73 to 74.83. For Qwen3-
VL-32B, it raises the macro average from 73.90 to
75.05. These results validate that instance-specific
rubrics consistently enhance zero-shot judge qual-
ity, lifting Qwen3-VL judges and bringing the A3B
model close to GPT-5.4 on the evaluation suite,
with macro averages of 74.83 and 74.91, respec-
tively, across the same benchmarks.

However, CoT prompting exhibits mixed effects.
It raises the macro average for the 32B judge from
73.90 to 74.45, but lowers that of the 30B-A3B
judge from 71.73 to 69.18. Our case analysis
suggests that free-form reasoning can overvalue
longer or more elaborate explanations despite fac-
tual errors, particularly for the smaller 30B-A3B
judge. Rubric prompting mitigates this failure
mode by constraining evaluation to an instance-
specific checklist.

An unexpected finding is the MaaJ decline, from
70.74 to 69.13 for the 30B-A3B judge and from
72.18 to 68.93 for the 32B judge. Our case analysis
finds pairs where neither response is correct, but
a rubric that does not explicitly prefer abstention
can favor a relevant yet incorrect answer over an
unusable response.

5.2 Results on Preference Optimization

Data Curation. We construct two downstream
preference datasets and study them in two comple-
mentary settings. The first is a method-validation
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Table 1: Comprehensive evaluation results across diverse preference benchmarks. Accuracy (%) is reported. +
Rubric denotes our proposed strategy. Macro presents a triplet: (Full Average / Average excluding MM-RB &

VL-RB / Average excluding VA-B & WV-B).

numbers indicate potential data contamination. If a model has

contaminated entries, the corresponding macro averages are ignored (-). The best performance in each section is

bolded, and the second best is underlined.

Model Evaluator

MM-RB VL-RB MaaJ VA-B

WV-B Macro (Full/-RB/-B)

Proprietary Frontier VLMs

Claude 4.6 Opus 82.23 7442  71.39 78.83 74.00 76.17/74.74 / 76.01
GPT-5.4 81.91 78.27 70.35 7425 69.75 74.91/71.45/76.84
Gemini 3.1 Pro 66.56 7625 73.33 - /7205/ -
Gemini 3.0 Flash 66.60 76.66 73.42 - /72237 -
Gemini 3.1 Flash-Lite 64.31 7433 67.00 - /68.55/ -
Open-source Generalist VLMs
Qwen3-VL-30B-A3B-Instruct ~ 75.82 65.52 70.74 74.08 72.50 71.73/72.44/70.69
+ CoT 72.49 60.22  70.20 72.17 70.83 69.18 /71.07 / 67.64
+ Rubric 82.06 73.54 69.13 7550 73.92 74.83 /72.85/74.91
Qwen3-VL-32B-Instruct 79.35 70.73 72,18 7542 71.83 73.90/73.14/74.09
+ CoT 81.19 72.15  71.83 7458 72.50 74.45/72.97 1 75.06
+ Rubric 83.02 72.49 6893 76.83 74.00 75.05/73.25/74.81
Open-source Specialist RMs
IXC-2.5-Reward 69.12 66.64  69.15 -/ - /68.30
Skywork-VL Reward 74.25 73.54 59.93 71.67 65.08 68.89 / 65.56 / 69.24

setting designed to isolate the effect of rubric-based
data curation. Here we use the training splits of
AI2D (Kembhavi et al., 2016), ChartQA (Masry
et al., 2022), and M3CoT (Chen et al., 2024b) as
seed sources, evaluate the resulting policies on
the corresponding test sets, and compare outcome-
based filtering against rubric-based filtering under
the same base policy and training recipe. The sec-
ond is a scaling-validation setting designed to test
the pipeline in a broader multi-task regime. Here
we use the seed pool described in Section 4.1 and
evaluate the resulting policy on our comprehen-
sive in-house benchmark under response style con-
straints. For each seed, we independently generate
one rubric draft with Gemini 3.0 Flash and one
with Qwen3-VL-235B, and use Gemini 3.0 Flash
to aggregate the two drafts. We sample 32 candi-
date responses per prompt from the target policy,
setting the temperature to 1.0. We then filter the
responses with the procedure in Section 4.3.2 to
construct preference pairs. Prompts that yield no
valid pairs are discarded.

Training Details. We select Qwen3-VL-30B-A3B-
Instruct as the initial policy. The training is driven
by Adam optimizer with a constant learning rate
of 1 x 1076, 5 = 0.5, and o = 0. We use a global

Table 2: Results for the method-validation setting. A
denotes absolute changes from the base model.

Policy AI2D ChartQA M3CoT Macro
Base model 84.10 82.32 77.00 81.14
+ Outcome-based  78.53 75.48 73.45 75.82
A —5.57 —6.84 —3.55  —5.32
+ Rubric-based 85.95 83.02 79.11 82.69
A +1.85 +0.70 +2.11 +1.55

batch size of 128 for the method-validation setting
and 512 for the scaling-validation setting. For the
latter, we further divide the constructed dataset into
three splits and apply iterative DPO.

Table 2 summarizes the method-validation set-
ting. Outcome-based filtering lowers performance
on all three tasks relative to the base model: AI2D
drops from 84.10 to 78.53, ChartQA from 82.32 to
75.48, and M3CoT from 77.00 to 73.45, reducing
the macro average from 81.14 to 75.82. In con-
trast, rubric-based filtering improves all three met-
rics over the base model, reaching 85.95 on AI2D,
83.02 on ChartQA, and 79.11 on M3CoT, with a
macro average of 82.69. These results suggest that
on-policy data alone is not sufficient in this setting,
and the gains depend on pairing those rollouts with
instance-specific criterion-level feedback.
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Table 3: Results for the scaling-validation setting on
the comprehensive benchmark. Prompting and rDPO
denotes the baseline and our model evaluated under the
response style constraints. A represents absolute gains
over the Prompting baseline.

Basic Advanced

Policy Avg.
Perc. Under. Know. Reas.
Base model 56.26  74.10 7194 5153 5948
+ Prompting  55.67  68.57 61.02 4286 52.36
+rDPO 62.82 77.00 7127 51.62 61.01
A +7.15 +843 +10.25 +8.76 +8.65

As shown in Table 3, the default baseline
achieves an average score of 59.48, though it tends
to produce overly verbose responses with exces-
sive Markdown formatting. Attempting to control
this verbosity via concise system prompts causes
the score to drop to 52.36. In contrast, by training
on conciseness-constrained on-policy data, rDPO
reaches a superior score of 61.01 and delivers an
8.65 point improvement over the baseline that uses
concise system prompts.

Compared with the original base model, rDPO
is slightly higher on average (61.01 vs. 59.48) and
improves perception and understanding, while the
knowledge dimension remains slightly lower than
the base model (71.27 vs. 71.94). Together with the
method-validation results, this supports the view
that on-policy data becomes more effective when
paired with rubric-guided criterion-level scoring.
In the scaling-validation setting, rDPO recovers
the drop introduced by prompt-only conciseness
enforcement and slightly improves average score
over the base model.

5.3 Ablation Study

Ablation Study of Policy Alignment. To in-
vestigate the necessity of on-policy data during
alignment, we analyze preference optimization un-
der severe distribution shifts using the MMPR
dataset (Wang et al., 2024b), which was origi-
nally gathered for the InternVL series (Wang et al.,
2025a). Using Qwen3-VL-30B-A3B-Instruct as
the base model, we evaluate the following three
training configurations:

* DPO (Off-Policy): Standard DPO on MMPR
with the base checkpoint as mg and KL penalty
coefficient 8 = 0.001, leaving the full distribu-
tional mismatch unresolved.

* MPO (Off-Policy): MPO training uses an SFT
scaling coefficient = 0.001, where the SFT
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Figure 2: Training dynamics and hyperparameter abla-
tion. (a) DPO loss and (b) reward accuracy for three
configurations on off-policy data. (c) Effect of varying
the KL penalty coefficient 3. (d) Effect of the SFT loss,
broken down by task domain.

term supervises chosen responses.

¢ SFT-to-DPO (On-Policy Approx.): A two-
stage progressive approach designed to simu-
late on-policy optimization. The model first un-
dergoes SFT on the chosen responses. The re-
sulting checkpoint then serves as the reference
model for subsequent DPO training, thereby
narrowing the distribution gap between the pol-
icy and the preference data.

Figs. 2a and 2b reveal distinct convergence be-
haviors. Standard DPO converges slowly due to
gradient instability caused by mismatched refer-
ence policy and off-policy data distributions. MPO
exhibits non-uniform loss decay—fast, then slow,
then fast again—reflecting continuous policy shifts.
Conversely, SFT-to-DPO is the most stable, achiev-
ing the lowest final loss and the highest reward
accuracy among the three training configurations.

Our analysis reveals that DPO is inherently sen-
sitive to distribution shift, which degrades the accu-
racy of the implicit reward. The “inflection point”
observed during MPO training likely indicates an
initial phase where the model first resolve format-
ting discrepancies before it can effectively learn
from preference signals. The SFT-to-DPO pipeline
avoids this bottleneck by ensuring the reference pol-
icy matches the data distribution, leading to more
stable gradient updates throughout training.

Ablation on the KL Penalty Coefficient. Con-
trary to previous literature, we empirically find that
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Table 4: Results for ablation studies. rDPO denotes
the full pipeline (baseline for the ablation). Subsequent
rows denote variants where specific alignment modules
are either removed or altered.

Basic Advanced

Settings Avg.
Perc. Under. Know. Reas.
rDPO 62.82 77.00 7127 51.62 61.01
- Iterative 63.02 7573 7127 48.62 59.27
- Qualification 60.76 7520 67.93 48.62 58.36
Rand. margin 6322 77.69 7127 50.74 60.76
Min. margin 62.03 7622 69.71 50.52 59.96
- Diversity 6195 7673  70.14 49.00 59.34

the KL penalty coefficient reaches an optimal trade-
off at 8 = 0.5 (Fig. 2¢). Maintaining a substantial
penalty anchors the policy to the reference distribu-
tion, mitigating policy collapse by preventing the
reduction of chosen-response likelihoods (Pal et al.,
2024) or overfitting to the implicit reward during
preference optimization (Park et al., 2024).
Ablation on the SFT Scaling Coefficient. Fig-
ure 2d compares the greatest performance gain of
DPO and MPO across different domains. We ob-
serve that the effect of the SFT loss depends on the
specific task. In most cases, MPO leads to worse
results. Although SFT loss improves training stabil-
ity, it may cause overfitting on low-complexity sam-
ples. However, MPO remains effective for tasks
where the base model has undesirable priors. A
typical example is counting, where giving the fi-
nal answer before counting step-by-step reduces
accuracy. In these cases, the SFT loss acts as a con-
straint that aligns the model with the high-quality
distribution obtained through rejection sampling.
Ablation on Iterative Optimization. We compare
the standard single-stage DPO with an iterative
paradigm (i.e., the full rDPO pipeline), in which the
preference dataset is partitioned into three sequen-
tial training splits. As shown in Table 4, iterative
DPO achieves better overall performance (61.01 vs.
59.27). In this setup, progressively updating the
reference model on partitioned data helps calibrate
the implicit reward, leading to improved overall
performance on the comprehensive benchmark.
Ablation on Essential Qualification. We compare
our approach against a baseline lacking the essen-
tial/additional criteria distinction (Rules 1 & 2).
As shown in Table 4, enforcing this qualification
rule improves average performance from 58.36 to
61.01. This pattern suggests that separating funda-

mental errors from additional criteria helps produce
cleaner preference pairs in our setup.

Ablation on Learning Capacity. We compare
models trained on datasets constructed using maxi-
mum, minimum, and random reward margins (Rule
3 & 4, all strictly bounded by § = 5 to prevent tie
samples). Table 4 shows that selecting pairs with
the maximum reward margin gives the best over-
all performance (61.01 vs. 59.96 vs. 60.76). In
this setting, larger reward margins appear to pro-
vide a more useful training signal than smaller or
randomly selected margins.

Ablation on Diversity Control. We evaluate the
impact of limiting response frequency (Rule 5).
Removing this constraint degrades the average per-
formance to 59.34, suggesting that reducing expo-
sure to repetitive response patterns enhances down-
stream performance.

6 Conclusion

We presented rDPO, a data-centric pipeline for
DPO-based visual preference optimization using
instance-specific rubrics. The pipeline separates
offline instruction-rubric pool construction from
rollout, scoring, and on-policy data curation. On
public RM benchmarks, rubric prompting improves
both Qwen3-VL judges over their vanilla prompts,
whereas CoT prompting does not consistently help.
It brings the moderately-sized 30B-A3B judge
close to GPT-5.4 on the reported suite (74.83 vs.
74.91). In the method-validation setting, under
the same on-policy rollout setup, outcome-based
filtering lowers the macro average from 81.14 to
75.82, while rubric-based filtering raises it to 82.69.
When evaluating scalability on our comprehensive
benchmark, rDPO achieves 61.01, markedly outper-
forming the style-constrained baseline (52.36) and
surpassing the 59.48 base model. Taken together,
these results suggest that effective visual prefer-
ence optimization requires not only on-policy data,
but also instance-specific criterion-level feedback.

7 Limitations

The current pipeline converts criterion-level rubric
scores into preference pairs. DPO then optimizes
only these pairs, leaving the graded criterion scores
outside its objective. This conversion may discard
fine-grained information about criterion satisfac-
tion. A natural extension is to investigate online
GRPO with rubric rewards and mechanisms that
control reward hacking and preference drift.
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A Prompt Templates for Rubric
Construction and Scoring

This appendix presents the complete system
prompts used across the stages of rubric gener-
ation, rubric aggregation, and reward modeling,
alongside the JSON schemas for their respective
outputs. Each prompt is delivered as the system
message to the reasoning model; the correspond-
ing user message supplies the image and question,
together with any stage-specific auxiliary inputs
(ground-truth annotations or candidate rubric lists).

A.1 Output JSON Schemas

Both rubric generation and response scoring pro-
duce structured JSON outputs, which facilitate reli-
able parsing and enable fine-grained programmatic
aggregation and filtering.

Rubric Schema. The checklist-style rubric is a
JSON object with two top-level arrays: essential
and additional, corresponding to the two criterion
categories defined in Section 4.2. Each element in
either array is a triplet:

e criterion: a concrete, observable assertion
that the judge can verify directly from the im-
age, question, and candidate response.

* reference: the ground-truth answer strictly
grounded in image facts or common knowl-
edge.

* weight: a three-level integer encoding the cri-
terion’s importance—1 (Auxiliary: supplemen-
tary information), 2 (Important: noticeably af-
fects the user experience), 3 (Key: critical ele-
ments where any omission or deviation consti-
tutes a definitive error).

{
"essential”: [
{
"criterion”: "string",
"reference”: "string"”,
"weight": 1 | 2 | 3
3
]7
"additional”: [
]
3

Scoring Schema. The scoring output is a JSON
array with one element per criterion, preserving the
same ordering as the input rubric. Each element
contains three fields:

* criterion: the assertion copied verbatim from
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the input rubric, serving as an explicit confir-
mation that the judge is addressing the correct
item.

* rationale: a brief (1-2 sentence) explanation
of the judgment, providing transparency and
enabling post-hoc error analysis.

e credit: a three-level score—0 (incorrect or
missing), 0.5 (partially correct with minor er-
rors), 1 (fully correct or semantically equiva-
lent). Critically, credit is a qualitative cor-
rectness grade independent of weight; the
weighted aggregation across all scored crite-
ria is performed externally (Eq. 8).

[
{
"criterion”: "string",
"rationale"”: "string",
"credit”": @ | 0.5 | 1
}
]

A.2 Rubric Generation

The generation prompt instructs the reasoning
model to construct an instance-specific checklist-
style rubric for a given image-question pair, follow-
ing the principles described in Section 4.2:
Expert-Grounded Generation. When trustworthy
ground-truth annotations are available, the prompt
includes a dual verification step: before finaliz-
ing the rubric, the model must confirm that the
provided ground-truth fully satisfies all essential
criteria, ensuring that no correct response would be
penalized by an erroneous check item.

System Prompt: Expert-Grounded Rubric Genera-
tion

You are a multimodal evaluation expert. Given the user
question and associated image, construct an instance-
specific Checklist-Style Rubric for evaluating the accu-
racy of model responses. The criteria in this Check-
list serve as the sole evaluation standard for the reward
model.

Construction Principles

» Atomic: Each check item targets exactly one key
point or atomic sub-question within the query.

» Comprehensive: The combined set of items covers
all critical dimensions of the user’s question.

* Precise: Exclude redundant checks and checks un-
related to the question.

* Objective: Ground assessments in image facts or
logical truths; avoid subjective uncertainty.

Field Definitions
Two categories of check items:

* essential: Core information prioritized by the

query. Satisfying these is a prerequisite for a con-
ceptually sound response regardless of its verbosity.

* additional: Relevant image facts, supplementary
knowledge, or intermediate steps required to derive
the answer. Optional, the list might be empty.

Fields per item:

e criterion: A concrete and observable assertion to
be verified.

¢ reference: Ground-truth fact derived from the im-
age and common knowledge.

e weight: A three-level integer quantifying the crite-
rion’s importance ranging from 1 (Auxiliary: sup-
plementary information) through 2 (Important: no-
ticeable impact on the user experience) to 3 (Key:
critical elements where any omission or deviation
constitutes a definitive error).

Think from a scoring perspective: do not double-count
and avoid over-decomposing key points.

Dual Verification

Before finalizing the Checklist, verify that the
provided reference answer satisfies all essential
items. Any unsatisfied item indicates a construction
error—the item is either incorrect or superfluous.

Output Format
{Structured JSON following the rubric schema in Ap-
pendix A.1.}

Answer-Agnostic Generation. For datasets with
noisy or absent annotations, the dual verification
step is omitted, preventing the model from anchor-
ing on a potentially unreliable reference answer.

System Prompt: Answer-Agnostic Rubric Generation

You are a multimodal evaluation expert. Given the user
question and associated image, construct an instance-
specific Checklist-Style Rubric for evaluating the accu-
racy of model responses. The criteria in this Check-
list serve as the sole evaluation standard for the reward
model.

Construction Principles

* Atomic: Each check item targets exactly one key
point or atomic sub-question within the query.

¢ Comprehensive: The combined set of items covers
all critical dimensions of the user’s question.

 Precise: Exclude redundant checks and checks un-
related to the question.

* Objective: Ground assessments in image facts or
logical truths; avoid subjective uncertainty.

Field Definitions
Two categories of check items:

¢ essential: Core information prioritized by the
query. Satisfying these is a prerequisite for a con-
ceptually sound response regardless of its verbosity.

» additional: Relevant image facts, supplementary
knowledge, or intermediate steps required to derive
the answer. Optional, the list might be empty.

Fields per item:

e criterion: A concrete and observable assertion to
be verified.

* reference: Ground-truth fact derived from the im-
age and common knowledge.

* weight: A three-level integer quantifying the crite-
rion’s importance ranging from 1 (Auxiliary: sup-
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plementary information) through 2 (Important: no-
ticeable impact on the user experience) to 3 (Key:
critical elements where any omission or deviation
constitutes a definitive error).
Think from a scoring perspective: do not double-count
and avoid over-decomposing key points.

Output Format
{Structured JSON following the rubric schema in Ap-
pendix A.1.}

A.3 Rubric Aggregation

Checklist for the same question; your task is to merge
them into a single unified rubric. Based on the construc-
tion principles, ensure that:
» All retained check items are necessary. Specifically:
— Retain only items that the majority of candidates
agree should be checked.
— Remove redundant or duplicate checks.
— Remove checks unrelated to the question.
* Do not over-decompose check items.
* All reference values are correct.

Output Format
{Structured JSON following the rubric schema in Ap-

After independent rubric generation by multi- pendix A.1.}
ple models (Section 4.2), an aggregation prompt
merges the candidate checklists into a single uni- A.4 Response Scoring

fied rubric. The model first applies the same four
construction principles as in rubric generation, then
executes the additional aggregation instructions be-
low to apply majority-vote filtering, deduplicate

The scoring prompt instructs the judge model to
evaluate a candidate response against the finalized
rubric, assigning a credit score to each criterion
independently on a three-point scale.

overlapping check items, and verify the correctness

of all references.

System Prompt: Rubric Aggregation

You are a multimodal evaluation expert. Given the user
question and associated image, construct an instance-
specific Checklist-Style Rubric for evaluating the accu-
racy of model responses. The criteria in this Check-
list serve as the sole evaluation standard for the reward
model.

Construction Principles

* Atomic: Each check item targets exactly one key
point or atomic sub-question within the query.

* Comprehensive: The combined set of items covers
all critical dimensions of the user’s question.

* Precise: Exclude redundant checks and checks un-
related to the question.

* Objective: Ground assessments in image facts or
logical truths; avoid subjective uncertainty.

Field Definitions
Two categories of check items:

* essential: Core information prioritized by the
query. Satisfying these is a prerequisite for a con-
ceptually sound response regardless of its verbosity.

* additional: Relevant image facts, supplementary
knowledge, or intermediate steps required to derive
the answer. Optional, the list might be empty.

Fields per item:

* criterion: A concrete and observable assertion to
be verified.

* reference: Ground-truth fact derived from the im-
age and common knowledge.

* weight: A three-level integer quantifying the crite-
rion’s importance ranging from 1 (Auxiliary: sup-
plementary information) through 2 (Important: no-
ticeable impact on the user experience) to 3 (Key:
critical elements where any omission or deviation
constitutes a definitive error).

Think from a scoring perspective: do not double-count
and avoid over-decomposing key points.

Checklist Aggregation
Do not construct the Checklist from scratch. Multiple
models have each independently generated a candidate

System Prompt: Response Scoring

You are a multimodal evaluation expert. Given the user
question, associated image, and a Checklist-Style Rubric,
evaluate the accuracy of the model response. Make sure
that the criteria in the Checklist are used as the sole
evaluation standard.

Checklist Fields
Two categories of check items:

* essential: Core information prioritized by the
query. Satisfying these is a prerequisite for a con-
ceptually sound response regardless of its verbosity.

e additional: Relevant image facts, supplementary
knowledge, or intermediate steps required to derive
the answer. Optional, the list might be empty.

Fields per item:

* criterion: A concrete and observable assertion to
be verified.

* reference: Ground-truth fact derived from the im-
age and common knowledge.

Scoring Fields
For each criterion, output:

e criterion: The assertion to be verified (copied
verbatim from input).

* rationale: Core reasoning for the judgment (1-2
sentences).

e credit: A three-level score ranging from @ (No
Credit: incorrect or missing) through 0.5 (Partial
Credit: partially correct with minor errors) to 1 (Full
Credit: fully correct or semantically equivalent).

Output Format
{Structured JSON following the scoring schema in Ap-
pendix A.1.}

B Rubric Quality and Human Audit
B.1 Human Audit Protocol

We conduct a category-stratified diagnostic audit of
the data-construction pipeline. Twelve multimodal
data and algorithm engineers participate, with each
auditor responsible for one or two data categories.
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Table 5: Criterion-level agreement accuracy (%) against
Gemini 3.0 Pro pseudo-references.

Decoding Single Median@3 Median@9 Mode@9
Qwen3-VL-30B-A3B-Instruct

T=10 90.77 91.48 - -
T=07,p=08k=20 9133 92.17 - -
Greedy 91.34 - - -
Qwen3-VL-32B-Instruct

T=1.0 92.45 93.34 93.47 93.87
T=07p=08k=20 9263 93.37 93.42 93.51
Greedy 92.83 - - -

Rather than correcting isolated erroneous instances,
the auditors identify recurring failure modes at-
tributable to the pipeline so that the corresponding
fixes can be applied consistently across other in-
stances and target policies. For example, observa-
tions of overlapping criteria motivated the Precise
principle, while cases in which detailed but incor-
rect responses were favored over concise correct
ones motivated the separation of essential and ad-
ditional criteria.

B.2 Criterion-Level Scoring Stability

We assess scorer stability on a sampled subset of
the scaling-training pool. For each rubric criterion,
Gemini 3.0 Pro scores the response three times, and
the median score is used as a pseudo-reference. We
then measure criterion-level agreement accuracy
between this pseudo-reference and scores produced
by Qwen3-VL-30B-A3B-Instruct or Qwen3-VL-
32B-Instruct.

Table 5 reports our three-pass setting and a nine-
pass stability check. Three-pass median aggrega-
tion improves agreement by 0.70-0.86 points. For
Qwen3-VL-32B, increasing to nine passes adds
only 0.12 and 0.05 points to the median results.
Nine-pass mode adds a further 0.40 and 0.09 points,
but triples the number of scoring calls relative to
our deployed setting. We therefore use three-pass
median by default.

B.3 Safeguards Against Noise

The pipeline addresses distinct sources of noise at
different stages. Multi-model rubric drafting and
aggregation target recurring construction errors,
while repeated scoring and median aggregation re-
duce sensitivity to stochastic judge outputs. During
pair mining, the qualification rules prevent strong
scores on additional criteria from compensating for
failures on essential criteria. The reward-margin
constraint further removes near-tied pairs, whose
ordering is particularly sensitive to scoring vari-

ance, and max-margin selection prioritizes clearer
comparisons. Diversity selection instead limits re-
peated use of highly similar responses.

C Scaling Evaluation

The comprehensive in-house benchmark is used
to assess scaling to a broader set of multilingual
multimodal tasks under response-style constraints.
This section documents the benchmark composi-
tion and response-style constraints underlying the
scaling-validation results in Table 3.

C.1 Benchmark

The comprehensive benchmark contains 3,197 ex-
amples spanning four broad categories and 21 sub-
categories, as reported in Table 6.

C.2 Style Constraints

The preference-optimization setting aims to im-
prove task accuracy subject to three additional
response-style constraints: (1) responses use con-
versational plain text without Markdown format-
ting; (2) the mean response length does not exceed
150 tokens; and (3) responses are direct and answer-
first, without reflective or meta-discursive passages.
Representative before-and-after examples are pro-
vided in the preference-optimization case study in
Section E.

D Case Study of Reward Modeling

The following cases are sampled from the scaling-
training data and illustrate how rubric scoring re-
solves response-level preferences at the criterion
level. Each checklist separates essential and addi-
tional criteria and reports the rationale and credit
assigned to both responses.

w

(" Count

X
.

Question: How many planes are visible?
Response A: Three planes are visible.

Response B: Three planes are visible. The one on top is an F-22 stealth
fighter, the one in the middle is a P-51 Mustang propeller plane, and the
one below is an F-16 fighter jet.

Checklist:

Type: Essential Weight: 3
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Table 6: Composition of the comprehensive in-house benchmark.

Category Subcategory Count Within cat. (%) Overall (%)
Fine-Grained Object & Attribute Recognition 162 322 5.1

Perception Scege & Event Recognition - 129 25.6 4.0
(N = 503) Optical Character & Symbol Recognition 105 20.9 33
- Imaging Modality & Photographic Attribute Perception 56 11.1 1.8
Image Aesthetics & Quality Assessment 51 10.1 1.6

Key Information Extraction (Cards & Receipts) 230 37.5 7.2

Comprehension Multimodal & Scene-Text Translation 120 19.5 3.8
(N = 614) Visual Semantic Classification (Entity/Topic/Intent) 120 19.5 3.8
- Visually-Rich Document & Multi-Image VQA 90 14.7 2.8
Key Information Extraction (Open-Domain Documents) 54 8.8 1.7

Consumer Product & Commerce Knowledge 115 25.6 3.6

Knowledge Culture, Tourism & Entertainment Knowledge 112 249 35
(N = 449) Natural Science Knowledge 107 23.8 33
- Humanities & Social Science Knowledge 69 15.4 22
Biomedical & Applied Technology Knowledge 46 10.2 1.4

Academic Mathematical Reasoning 425 26.1 13.3

) Real-World Quantitative Reasoning 340 20.8 10.6
Reasoning Commonsense & Causal Reasoning 309 18.9 9.7
(N =1,631) Abstract Visual Reasoning (Induction & Analogy) 243 14.9 7.6
Spatio-Temporal Reasoning 177 10.9 55

Deductive Reasoning & Multi-Step Planning 137 8.4 43

Total 3,197 — 100.0

Criterion: Accurately state the total number of plane visible in the
image.

Reference: 3

Rationale for A: The model response correctly identifies that there are
three planes visible in the image, which matches the reference. Credit:
1

Rationale for B: The model correctly states that there are three planes
visible in the image, which matches the reference. Credit: 1

Type: Additional
Criterion: Identify the aircraft model in the top-left.
Reference: F-22 Raptor

Weight: 1

Rationale for A: The model response does not provide any
identification of the aircraft models, so this criterion is not
addressed. Credit: 0

Rationale for B: The model identifies the top-left aircraft as an F-22
stealth fighter, which is correct and matches the reference. Credit: 1

Type: Additional
Criterion: Identify the aircraft model in the middle.
Reference: P-51 Mustang

Weight: 1

Rationale for A: The model response does not provide any
identification of the aircraft models, so this criterion is not

addressed. Credit: 0

Rationale for B: The model correctly identifies the middle aircraft as a
P-51 Mustang, which is accurate and aligns with the reference. Credit:
1

Type: Additional
Criterion: Identify the aircraft model at the bottom.
Reference: F-16 Fighting Falcon

Weight: 1

Rationale for A: The model response does not provide any
identification of the aircraft models, so this criterion is not

addressed. Credit: 0

Rationale for B: The model correctly identifies the bottom aircraft as an
F-16 fighter jet, which is accurate and matches the reference. Credit: 1

VQA
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Question: Is the door open?

Response A: Yes, the door is open. The image shows the white fence
gate in an open position, providing access to the courtyard behind.

Response B: Yes, the gate in the center of the image is open. The black
door on the right is closed.

Checklist:

Type: Essential Weight: 3
Criterion: Determine the status of the white fence gate in the picture.
Reference: The white fence gate in the picture is open.

Rationale for A: The model correctly identifies that the white fence
gate is open, which aligns with the reference. The gate is visibly ajar,
allowing access to the courtyard. Credit: 1

Rationale for B: The model correctly identifies that the white gate in
the center of the image is open, which matches the reference. Credit: 1

Type: Essential Weight: 3
Criterion: Determine the status of the black door on the building on the
right.

Reference: The black door in the picture is closed.

Rationale for A: The model fails to address the black door on the right,
which is closed. The response incorrectly implies the door is open,
which is not supported by the image. Credit: 0

Rationale for B: The model correctly states that the black door on the
right is closed, which is consistent with the reference. Credit: 1

Type: Additional Weight: 1
Criterion: Determine the status of the door on the white building on the
left.

Reference: The door on the left in the picture is closed.

Rationale for A: The model does not mention the door on the left
building, which is closed. While this is an additional criterion, the




model’s failure to address the primary open door (the gate) is the main
issue. Credit: 0

Rationale for B: The model does not address the status of the door on
the left building, which is an additional criterion. However, since the
question only asks about ’the door’ and the most prominent door is the
black one, the response is still considered accurate. Credit: 0.5

Molecular

Knowledge

=

Question: Which architect designed this historic house museum?

Response A: Bridgeman designed this historic house; he is a famous
British master architect whose works integrate classical styles.

Response B: This historic house is Blenheim Palace, designed by
English architect Sir John Vanbrugh. He incorporated Baroque styles to
make the palace appear grand and magnificent.

Checklist:

Type: Essential Weight: 3
Criterion: Accurately identify the name of the building in the picture.
Reference: Blenheim Palace, also frequently called the Churchill Manor.

Rationale for A: The model response does not identify the building as
Blenheim Palace, which is the correct name of the structure shown in
the image. Instead, it incorrectly refers to *Bridgeman,” which is not the
name of the building. Credit: 0

Rationale for B: The model correctly identifies the building as
Blenheim Palace, which aligns with the reference. Credit: 1

Type: Essential Weight: 3
Criterion: Accurately state the name of the primary architect who
designed the building.

Reference: Sir John Vanbrugh.

Rationale for A: The model response incorrectly identifies the architect
as "Bridgeman,” which is factually incorrect. The actual primary
architect of Blenheim Palace is Sir John Vanbrugh. The response fails to
provide the correct name. Credit: 0

Rationale for B: The model correctly states that Sir John Vanbrugh was
the primary architect, matching the reference. Credit: 1

Type: Additional

Criterion: Mention another architect who made significant
contributions to the design of the building.

Reference: Nicholas Hawksmoor.

Weight: 1

Rationale for A: The model response does not mention Nicholas
Hawksmoor, who was a significant contributor to the design of Blenheim
Palace. This information is missing from the response. Credit: 0
Rationale for B: The model does not mention Nicholas Hawksmoor,
who is noted in the reference as a significant contributor, so this criterion
is not met. Credit: 0

Type: Additional
Criterion: Mention the architectural style of the building.
Reference: English Baroque style.

Weight: 1

Rationale for A: The model response does not mention the architectural
style of the building, which is English Baroque. This information is
absent from the response. Credit: 0

Rationale for B: The model correctly identifies the architectural style as
Baroque, which is consistent with the reference. Credit: 1

J

Question: What is the molecular formula of allicin?

Response A: The structure you provided is allicin, and its molecular
formula is C's F10.S2. It contains two sulfur atoms and two allyl
groups, which is why it’s also known as diallyl disulfide. It is the
primary source of garlic’s pungent flavor.

Response B: Based on the image you provided, the chemical formula of
allicin (chemical name: diallyl thiosulfinate) is: Cs H19O S2.

Checklist:

Type: Essential Weight: 3
Criterion: Correctly answer the text-based question and identify the
molecular formula of Allicin.

Reference: Cs H190OS2

Rationale for A: The model incorrectly identifies the molecular formula
as Cg H10S2, which is inaccurate. The correct molecular formula for
allicin is C'¢ H19O S5. Additionally, the model misidentifies the
compound in the image as allicin, which is incorrect. Credit: 0
Rationale for B: The model correctly identifies the molecular formula
of allicin as Cg H10 OS2, which matches the reference. Credit: 1

Type: Additional Weight: 2
Criterion: Clearly state that the molecule in the image is not the same
substance as the Allicin mentioned in the question, and provide the
correct molecular formula for the molecule in the image.

Reference: The molecular structure in the image is different from that
of allicin; its molecular formula is C5 Hg O Ss.

Rationale for A: The model fails to recognize that the molecule in the
image is not allicin. It incorrectly states that the provided structure is
allicin and does not provide the correct molecular formula for the actual
molecule shown (Cs HgOS3). Credit: 0

Rationale for B: The model fails to acknowledge that the molecule in
the provided image is structurally different from allicin and does not
provide the correct molecular formula (Cs Hg O .S2) for the structure
shown. Credit: 0

Type: Additional Weight: 1
Criterion: Provide the chemical names for Allicin and the molecule in
the image respectively.

Reference: The chemical name of Allicin is diallyl thiosulfinate. The
chemical name of the molecule in the image is S-allyl
ethenesulfinothioate (or S-allyl vinyl thiosulfinate).

Rationale for A: The model does not provide the chemical name for
allicin or the molecule in the image. It incorrectly identifies the image as
allicin and calls it diallyl disulfide, which is a different

compound. Credit: 0

Rationale for B: The model provides the correct chemical name for
allicin (C'¢ H19O.S2) but does not provide the name for the molecule
in the image. Credit: 0.5

Type: Additional Weight: 1
Criterion: Briefly explain the core structural difference between Allicin
and the molecule in the image.

Reference: Allicin’s structure consists of two allyl groups attached to
the central thiosulfinate group (—S(O).S—), whereas the molecule in
the image consists of one allyl group and one vinyl group attached to
that same central structure.

Rationale for A: The model does not explain any structural differences
because it incorrectly assumes the image shows allicin. It fails to
recognize the structural difference between allicin (two allyl groups) and
the molecule in the image (one allyl and one vinyl group). Credit: 0
Rationale for B: The model does not explain the structural difference
between allicin and the molecule in the image. Credit: 0
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Question: If Romero picks a marble at random, what is the probability
that it is not red?

Response A: There are a total of 2 + 1 + 5 + 3 = 11 marbles, among
which there are 2 + 1 = 3 red ones. There are 11 - 3 = 8 non-red marbles.
Therefore, the probability of it being non-red is 8/11.

Response B: The total number of marblesis2+ 1 +5+3=11. The
non-red ones are green, and there are | + 3 = 4. Therefore, the
probability of it being non-red is 4/11.

Checklist:

Type: Essential Weight: 3
Criterion: Accurately provide the probability of randomly picking a
non-red marble.

Reference: 4/11

Rationale for A: The model incorrectly calculates the number of red
marbles as 3 (2 + 1) instead of 7 (2 + 5), leading to an incorrect count of
non-red marbles (8 instead of 4) and a final probability of 8/11 instead
of the correct 4/11. Credit: 0

Rationale for B: The model correctly calculates the probability of
picking a non-red marble as 4/11, which matches the reference

value. Credit: 1

Type: Additional Weight: 1
Criterion: Correctly calculate the total number of all marbles.
Reference: According to the table, the total number of marbles is
2+1+5+3=11

Rationale for A: The model correctly calculates the total number of
marbles as 11 (2 + 1 + 5 + 3), which matches the reference. Credit: 1
Rationale for B: The model correctly sums the values in the table (2 + 1
+ 5 + 3) to find the total number of marbles as 11, which is

accurate. Credit: 1

Type: Additional Weight: 1
Criterion: Correctly calculate the total number of non-red (i.e., green)
marbles.

Reference: According to the table, non-red marbles are the green
marbles, and the countis 1 4+ 3 = 4.

Rationale for A: The model incorrectly identifies non-red marbles as 8,
but the correct count is 4 (1 green big + 3 green small). The model’s
error stems from misidentifying the red marbles. Credit: 0

Rationale for B: The model correctly identifies the green marbles as the
non-red ones and sums their counts (1 + 3) to get 4, which is

accurate. Credit: 1

Checklist:

Type: Essential Weight: 3
Criterion: Based on the chart, clearly identify the most popular dating
app and its market share.

Reference: According to the chart, the most popular dating app is
Tinder, with a market share of 48%.

Rationale for A: The model correctly identifies Tinder as the most
popular app with 48% market share, which is directly supported by the
chart data. Credit: 1

Rationale for B: The model correctly identifies Tinder as the most
popular app with a 48% share, which is the largest segment in the pie
chart. Credit: 1

Type: Additional Weight: 1
Criterion: Point out that the geographical scope of the chart data may
not match the user’s question and provide a reason.

Reference: The user’s question concerns Mexico, but there is a Spanish
flag icon in the toolbar on the right side of the chart, which may indicate
the data pertains to Spain rather than Mexico.

Rationale for A: The model fails to address the discrepancy between
the question about Mexico and the Spanish flag icon in the chart, which
suggests the data might be for Spain, not Mexico. Credit: 0
Rationale for B: The model correctly observes the Spanish flag icon
and correctly infers that the data is likely for Spain, not Mexico, which
is a key point of discrepancy. Credit: 1

Type: Additional Weight: 1
Criterion: List the other dating apps in the chart and their shares in
descending order of market share.

Reference: The other apps in the chart and their market shares are:
Bumble (29%), Badoo (9%), Happn (8%), and Grindr (6%).

Rationale for A: The model lists Bumble (29%) and Badoo (9%),
which are correct, but omits the other apps (Happn, Grindr) and does not
present them in descending order. Credit: 0

Rationale for B: The model does not list the other apps or their market
shares, which is a missing piece of information from the

checklist. Credit: 0

TQA

ChartQA

Question: Which is the most popular dating app in Mexico in 2021?

Response A: In 2021, the most popular dating app in Mexico was Tinder,
accounting for 48% of the market. It was followed by Bumble (29%)
and Badoo (9%).

Response B: Based on the pie chart provided, the app with the largest
share is Tinder at 48%.

However, please note that the flag icon on the right side of the image is
the flag of Spain, which suggests this data is for Spain, not Mexico.
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Question: Which label refers to the neutron?

Response A: In the image, C is a positively charged particle, which is a
proton. X is a neutral particle, uncharged, and is emitted from the
nuclear reaction. Neutrons are uncharged and are common products of
nuclear reactions. Therefore, X refers to the neutron.

Response B: The image shows the process of nuclear fusion, with atomic
nuclei at the center surrounded by positively charged particles (protons)
and neutral particles. Label U points to an uncharged particle, which fits
the characteristics of a neutron.

Checklist:

Type: Essential
Criterion: Correctly select the letter refers to the neutron.
Reference: U

Weight: 3

Rationale for A: The model incorrectly identifies label X as the neutron.
According to the checklist, the correct label for the neutron is U. The
model’s answer is factually incorrect. Credit: 0

Rationale for B: The model correctly identifies that label U refers to the
neutron, which is the uncharged particle shown in the image. Credit: 1

Type: Additional Weight: 2
Criterion: Explain why label U represents a neutron based on the
image information.




Reference: In the image, spheres with a "+" sign are protons, and the
uncharged purple spheres are neutrons. Label U points to a single,
uncharged purple sphere, therefore representing a neutron.

Rationale for A: The model does not address this criterion. It fails to
explain why U represents a neutron, instead providing a flawed
explanation for X. This criterion is completely missed. Credit: 0
Rationale for B: The model correctly explains that U points to an
uncharged particle, which is the defining characteristic of a neutron,
consistent with the image’s depiction. Credit: 1

Type: Additional Weight: 1
Criterion: Identify the physical process shown in the figure.
Reference: The image shows a nuclear fusion reaction. Specifically, a
deuterium nucleus (C) and a tritium nucleus (F) fuse to produce a

helium nucleus (X) and a neutron (U), while releasing energy (R).

Rationale for A: The model does not identify the physical process
shown in the figure. This criterion is not addressed at all. Credit: 0
Rationale for B: The model correctly identifies the process as nuclear
fusion, which is the correct interpretation of the image showing nuclei
combining and releasing energy. Credit: 1

Type: Additional Weight: 1
Criterion: Explain why the other options are incorrect by identifying
the particles represented by labels X, F, and C.

Reference: The other options are incorrect. C represents a deuterium
nucleus (1 proton, 1 neutron), F represents a tritium nucleus (1 proton, 2
neutrons), and X represents a helium nucleus (2 protons, 2 neutrons).
They are all atomic nuclei composed of multiple particles, rather than a
single neutron.

Rationale for A: The model incorrectly identifies X as the neutron, so it
cannot provide a correct explanation for why the other labels are
incorrect. It fails to identify C and F correctly, and its explanation for X
is wrong. This criterion is not addressed correctly. Credit: 0
Rationale for B: The model does not address the other labels (X, F, C)
or explain why they are incorrect, which is a significant omission from
the checklist. Credit: 0

E Preference Optimization Cases

The following cases are sampled from the compre-
hensive in-house benchmark and compare outputs
before and after rDPO.

Misleading

Ar mssi wrs
Viieakl ieanes

Question: Based on the information on the cover, which series does this
book likely belong to?

Before: Based on the information on the cover, this book may belong to
the "FREEDOM" series.

After: Based on the information in the picture, this is likely not a book,
but a makeup product—a blush.

It belongs to the "FREEDOM" series, and the brand is Professional
Formula. The packaging says "BE FREE TO MAKE UP," emphasizing
the concept of makeup freedom. The shade of this blush is "BLUSH," a
warm nude pink.

Fine-Grained Perception

Question: Is there a cobblestone road surface?

Before: There’s no cobblestone path in the picture; the ground is dirt and
grass, with green mats nearby. It looks like an outdoor children’s play
area.

After: Yes, there is a cobblestone path on the right side of the picture.

This path extends from the lower right corner of the image into the
distance, with grassy areas and some tourists strolling along it.

Knowledge

Question: Which movie is this from?

Before: This is a scene from the movie “The Wolf of Wall Street”, in
which Leonardo DiCaprio plays the protagonist, Jordan Belfort.

After: This is a scene from the film “Catch Me If You Can”, starring
Leonardo DiCaprio. Directed by Steven Spielberg and released in 2002,
the film is an adaptation of Frank Abagnale’s autobiography.

Count

Question: If the number of bottles doubles, how many bottles will you
see?

Before: There were originally 4 bottles; doubling that number results in
8.

Count the bottles in the picture: 3 on the left, 2 on the right, for a total of
5.

Therefore, if the number of bottles is doubled, you will see 10 bottles.

After: In the image, the following bottles are present:
- 3 small bottles on the left

- 1 bottle with blue cap in the middle

- 2 bottles on the right (one tall, one short)

- 1 bottle behind the fruit basket, partially visible
That’s 7.

So if bottle count becomes 2 times, then 7 * 2 = 14.
Therefore, you would see 14 bottles.

58036




OCR

= ‘> A. : 7 > b . 3
Question: ¢ NE KPR EGIETE T 15

What does the blue sign at the very bottom say?

Before: [T 5 & V) AEAL A BREE” -

The sign says: "Do not trample on the flowers."

After: I FEIPEEMT LEE: HEPERMA

The blue sign at the bottom says: "Please care for the flowers, grass, and
trees."

This bus is Route 16 from Guilin, Guangxi. The body displays "Gui
C-03323D" and belongs to the Guilin Bus Group. It has a "Pure Electric,
0 Emissions" label, indicating it is an environmentally friendly model.
Based on the route and the license plate, it can be determined that this is
part of the Guilin city bus system.

Cuisine

Implicit Reasoning

Question: ﬁ&lﬂ*?&ﬁ"]iﬁi%

Help me remember my parking space number.

Before: IF M, HRAZENIS£006- FUEEREERX 515
M, Fth 2 FETER -

Sure, your parking space number is 006. Remember to look for this
number next time you park, and I will help you remember it as well.

After: JFRY, BERIFEALSZ007 - SFTH 1006 FAL, EASFET
RO, CEREN . HATRREAIETE, 5
& DEXLL FIHT kM o

Sure, your parking space number is 007. There is a space 006 next to it;
you are parked within the green marked area, and the location is very
clear. The exit direction is on the pillar to the right, which says "EXIT"
with an arrow.

Question: AN T

Has this crawfish been deveined (back-cut)?

Before: HIXEL/PNAR, SMFLLTE, DKW, HSERAN. 1
HENE R EE, XS N ERSCE B R ATF RS, ROZIT
ETEEEN) . A LIS R SRR, BT AR RGR
TFH - BRI RO AR FT LA AR S5 51 M -

Looking at this plate of crawfish, the shells are bright red and the size is
plump, which looks very tempting. however, from the image, there are
no obvious cut marks on the backs of these crawfish; they appear to be
intact. Some shops might process them beforehand, so it’s possible they
were intentionally not cut along the back. You can ask the waiter when
you are ready to eat.

After: WELTRE, X NRIFRIIRE RITIF# - FTLLEEIRS
ANEFRTEEE YT, Bl T BRI AR, X R R
WHYEEE T, T EARFEA -

FOh, ENEEIERATR, IR, BEREET TRV
EFRE T TIEL IR - JXRMINEIEE 2 a3 N AT T
GbFE, FHEAT IR REAESER . B LART LUK, X NI ES
FEET -

From the image, the backs of these crawfish are open. You can see that
the backs of many crawfish have been cut, exposing the vein and the
meat inside. This is a common processing method before cooking to
make it easier to season and eat. Additionally, their color is very bright
red and the sauce is rich, appearing to have been stir-fried or cooked
with spicy seasoning. This preparation method usually involves
deveining the crawfish before the subsequent cooking steps. Therefore,
it can be determined that these crawfish have been back-cut.

Common Sense Reasoning

Question: SRR T AR 42

Which city is this bus from?

Before: IXFHAZCHEZT FMIMAY - 5 AN T AL EE
HP RS, FRREECIT X, XRNIMNMFEMAG. L5
RGNS OB BR/NF v, G55 & GIEE0HH, WY
HWATHTRERA LS -

This bus is from Liuzhou, Guangxi. The bus body features the "Liuzhou
Public Transport Group" logo, and the license plate starts with "Gui C,"
which is the plate code for Liuzhou. The front of the bus shows that
Route 16 has arrived at the "Xixiaozhu" station, and the body says "Pure
Electric, 0 Emissions," indicating it is a local new energy bus.

After: XA R TREM 168, & 5 B oREC03323D”,
BT HMASZER - 5 FHARBIOHERC MR, SIRIR
TR NERBEFIZERE AT LAY, XA AT R SL -
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