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Abstract

While RLVR is effective for deterministically
verifiable tasks, many vision-language tasks
are only partially verifiable, demanding multi-
criterion supervision. To bridge this gap, we
propose Reinforcement Learning with Robust
Rubric Rewards (RLR3), extending RL with
criterion-level rewards. To ensure faithful
scoring, RLR3 routes each criterion to one of
two execution paths: an LLM-as-an-extractor
paired with a verifier, or an LLM-as-a-Judge
for fuzzy criteria. We also introduce a minimal
exposure strategy that masks verifier targets
from extractors and source images from the
GenRM. Furthermore, RLR3 employs decou-
pled normalization to mitigate score saturation
and hierarchical aggregation to prioritize es-
sential criteria. Evaluated on Qwen3-VL-30B-
A3B across 15 benchmarks, RLR3 consistently
outperforms RLVR, yielding a 4.7-point im-
provement over the base model and exceed-
ing the official instruct-to-thinking model gap.
Controlled audits show that deterministic veri-
fier and minimal exposure strategy reduce ex-
ploitable false positives.

1 Introduction

Reinforcement Learning with Verifiable Rewards
(RLVR) is a practical post-training approach that
uses deterministic verifiers to provide unambigu-
ous signals (Guo et al., 2025). It has been effective
in math and code, where exact verifiers determine
correctness (Shao et al., 2024; Team, 2025a; GLM,
2025), and has recently been extended to vision-
language tasks such as OCR, counting, and ground-
ing (Shen et al., 2025; Wang et al., 2025a; Team,
2026). However, this paradigm assumes the target
is verifiable at the task level (Hong et al., 2025).

Many tasks are partially verifiable: a final an-
swer may be checked exactly, whereas perceptual
facts, reasoning steps, and instruction compliance
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cannot always be verified deterministically. A sin-
gle task-level signal collapses these distinctions
into coarse supervision. This motivates instance-
specific rubrics, which turn ambiguous response
quality assessment into concrete and explicit eval-
uation criteria (Gunjal et al., 2025; Viswanathan
et al., 2025; Huang et al., 2025; Yu et al., 2026; Pu
et al., 2025; Xiong et al., 2025).

In online RL, rubric criteria must be scored ac-
curately, as systematic execution errors create ex-
ploitable incentives for the policy. An intuitive
optimization is to match each criterion with an ap-
propriate execution path: verifiable criteria can be
handled by prediction extraction followed by deter-
ministic checking, while the others can be handled
by semantic judgment.

We propose Reinforcement Learning with Ro-
bust Rubric Rewards (RLR3), extending RL train-
ing with robust criterion-level rewards. As shown
in Figure 1, RLR3 routes each rubric criterion to a
text-only LLM extractor followed by a determin-
istic verifier, falling back to an LLM-as-a-Judge
only when deterministic checking is unavailable.
To prevent potential shortcutting, verifier targets
are hidden from the extractor, and source images
are masked from both paths. Furthermore, RLR3

remaps saturated scores within rollout groups, pri-
oritizes critical over supplementary criteria via hi-
erarchical aggregation, and trains the Generative
Reward Model (GenRM) using RLVR.

By making verifiability a criterion-level property,
RLR3 supports both fully and partially verifiable
tasks in a single GRPO loop. Evaluated on Qwen3-
VL-30B-A3B, RLR3 improves the macro average
over RLVR across 3 open-source training mixtures:
76.4 to 77.7 on ViRL, 76.4 to 78.1 on OpenMMR,
and 77.4 to 78.2 on DeepVision. Reward model
audits further show that deterministic verification
and minimal exposure reduce false positives on
failure responses without harming scoring accuracy,
while the RLVR-trained GenRM reaches 95.0%
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Figure 1: Overview of RLR3. Instance-specific rubrics turn response quality assessment into concrete criteria and
criterion-level rewards. Verifiable criteria are routed to a text-only LLM-as-an-extractor followed by deterministic
verification, while fuzzy criteria are routed to a text-only LLM-as-a-Judge.

criterion-level accuracy on the held-out test set.
Our contributions are summarized as follows:

• We identify multi-criteria rubric-based RL as a
natural fit for partially verifiable tasks.

• We propose RLR3, a robust criterion-level re-
ward framework that routes verifiable criteria to
LLM extraction plus deterministic verifier and
fuzzy criteria to LLM judgment, both under a
minimal exposure strategy.

• We improve signal resolution and reliability
through decoupled normalization and hierarchi-
cal aggregation for multi-criteria.

• We validate RLR3 through policy optimization
comparisons with RLVR, GenRM reliability
evaluation, and failure-mode audits.

• An experiment with a shared initialization for
the policy, rubric generator, and GenRM sug-
gests a unified, co-evolving framework.

2 Related Works

RLVR. RLVR uses deterministic verifiers to pro-
vide precise rewards (Guo et al., 2025). While ini-
tially applied to math and code via exact matches
or unit tests (Shao et al., 2024; Team, 2025a; GLM,
2025), this paradigm has expanded to multimodal
tasks such as OCR, counting, and grounding (Shen
et al., 2025; Wang et al., 2025a; Team, 2026). De-
spite its transparency, the applicability of RLVR
fundamentally depends on the availability of verifi-
able ground truth (Hong et al., 2025).
Rubrics. Rubric-based evaluation improves in-
terpretability and granularity by decomposing re-
sponse quality into explicit criteria. In NLP, ex-
pert rubrics are used to evaluate complex capabil-
ities such as open-ended generation and profes-
sional reasoning (Hashemi et al., 2024; Starace
et al., 2025; Arora et al., 2025; Wang et al., 2025b;

Akyürek et al., 2025), and have been extended
to post-training (Gunjal et al., 2025; Viswanathan
et al., 2025; Huang et al., 2025; Zhou et al., 2025;
Xu et al., 2026). Recent work has explored rubric
generation through direct synthesis or pairwise elic-
itation (Liu et al., 2025; Rezaei et al., 2025; Xie
et al., 2025; Li et al., 2026). In multimodal settings,
rubrics support both evaluation (Pu et al., 2025;
Xiong et al., 2025) and alignment (Kong et al.,
2026; Yu et al., 2026). RLR3 complements these
directions by focusing on criterion-level reward ex-
ecution during online RL, with distinct execution
paths for verifiable and fuzzy criteria.

3 Preliminaries

We optimize the policy with Group Relative Pol-
icy Optimization (GRPO) (Shao et al., 2024; Yu
et al., 2025) under a strict on-policy setting without
a KL penalty. For each input x, the current policy
πθ samples a group of G responses {y1, . . . , yG}.
Each sampled response yi is assigned a scalar re-
ward r̃i. If a response exceeds the maximum length,
its reward is set to 0. We maximize the following
objective:

J (θ) = E

[∑G
i=1

∑|yi|
t=1

πθ(yi,t|x,yi,<t)
sg(πθ(yi,t|x,yi,<t))

Âi

∑G
i=1 |yi|

]
,

(1)
where sg(·) denotes the stop-gradient operator and
Âi = (r̃i −mean({r̃j}Gj=1))/ std({r̃j}Gj=1) is the
group-relative advantage. Section 4 defines how
the scalar reward r̃i is constructed, including the
rubric, its criterion execution paths, and the aggre-
gation procedure.
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4 Methodology

To ensure accurate and robust rewards, RLR3 fol-
lows three principles. First, it prioritizes verifia-
bility to limit opportunities for exploitation (Sec-
tion 4.1). Second, it restricts evidence exposure to
prevent unintended shortcuts (Section 4.2). Third,
it preserves criterion-level distinctions during ag-
gregation (Section 4.3).

4.1 Rubric Generation

For an input x, we define the instance-specific
rubric as Cx = {cx1 , . . . , cxK}, where each crite-
rion is represented as cxk = ⟨dxk, txk, wx

k , Vk, z
x
k ⟩.

In this quintuplet, dxk is the criterion description,
txk ∈ {ESSENTIAL, ADDITIONAL} is the criterion
type, wx

k is a non-negative weight, Vk is the veri-
fier tag, and zxk is the associated reference object.
Specifically, the verifier tag determines the execu-
tion path of each criterion:

• Verifiable criteria (Vk ̸= ∅) are used when
the relevant content can be extracted from the
response and checked deterministically against
ground-truth targets. In this case, zxk stores
the target arguments passed to the correspond-
ing verifier function, for example when the re-
sponse must provide an option letter or a spe-
cific time string.

• Fuzzy criteria (Vk = ∅) are used when judg-
ment needs semantic understanding and can-
not be reduced to deterministic matching. In
this case, zxk stores the textual reference used
by the LLM-as-a-Judge, for example whether
the response conveys the same meaning as the
reference using different wording or follows a
specific instruction.

Verifier library. We use a compact verifier library
that covers common value types, including plain
text, expressions, times, lists, bounding boxes, and
points. During rubric generation, the rubric gen-
erator is given only the verifier tags allowed for
the current task, together with the intended use,
input schema, and examples for each verifier. For
example, OCR tasks expose the text verifier, while
grounding tasks expose the bounding-box or point
verifier. This restriction prevents verifier misuse.
It also rules out cases in which a complex seman-
tic criterion is recast as a Boolean judgment and
checked with the expression verifier. For example,
“the response correctly states that the man is wear-
ing a red hat and standing to the left of the bicycle.”
This design ensures that verifiers check only values

extracted from a response, rather than judgments
produced by the extractor.

Proprietary rubric generators. First, we use a
two-stage multi-teacher aggregation pipeline to im-
prove zero-shot rubric generation: Gemini-3.0-Pro
and Gemini-3.0-Flash each draft candidate crite-
ria independently. Gemini-3.0-Pro then aggregates
the drafts into the final rubrics. Appendix A.1 de-
scribes the rubric schema. Appendices B.1 and B.2
detail the generation pipeline.

Open-source rubric generators. We also study
an open-source approach in which a fine-tuned
model produces finalized rubrics in one pass, re-
placing both drafting and aggregation. In our
main open-source setting, the rubric generator, pol-
icy, and reward model are all initialized from the
same open-source checkpoint, i.e., Qwen3-VL-
30B-A3B-Instruct.

4.2 Criterion Execution

We introduce distinct execution paths for verifiable
and fuzzy criteria. Both paths follow a minimal-
exposure principle. For verifiable criteria, if the tar-
get arguments zxk were visible, the extractor might
copy the required values from them instead of ex-
tracting them from the response. We therefore with-
hold zxk from the extractor on the verifiable path.
Another failure mode could arise if the source im-
age were visible. The judge might infer the task
even when the response does not state it. To avoid
this shortcut, both execution paths adopt an LLM
sharing the same parameters ϕ.

4.2.1 Verifiable: LLM-as-an-Extractor

Let x = (xt, xi), where the input is decomposed
into a text prompt xt and a source image xi. For
verifiable criteria, the extractor generates criterion-
level reasoning and an extracted value (ηk, âk) =
E(xt, y, dxk, Vk;ϕ), where E(·;ϕ) uses the shared
LLM parameters ϕ. The deterministic verifier then
computes sk = Vk(âk, z

x
k ). For a time verifier,

zxk includes the time string and string format. Ap-
pendix C summarizes the verifier specifications
used in our implementation.

Under minimal exposure, the extractor only sees
the text prompt xt, the response y, the criterion
description dxk , and the verifier tag Vk. Hence, it
must identify the value from the response y rather
than copying it from zxk .
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4.2.2 Fuzzy: LLM-as-a-Judge
For fuzzy criteria in the reference-grounded set-
ting, the judge excludes the source image and pre-
dicts criterion-level reasoning alongside a discrete
score, formulated as (ηk, sk) = J(xt, y, dxk, z

x
k ;ϕ).

Following the scoring scheme in rDPO (Yu et al.,
2026), sk ∈ {0, 0.5, 1} maps to no, partial, and full
credit, respectively.

4.2.3 Structured Outputs
These paths together produce a single JSON object
containing a global reasoning field and a list of cri-
terion records. Appendix A.2 lists the full schema,
which makes reward execution easy to review and
simplifies the interface between rubric generation,
execution, and RL training.

4.3 Reward Aggregation
4.3.1 Decoupled Normalization
For an input x and a response group {yi}Gi=1, let
sk,i denote the raw score assigned to response yi un-
der criterion cxk . Verifier scores may span different,
often narrow ranges, causing direct aggregation to
lose fine-grained information.

We therefore apply criterion-level score normal-
ization before aggregation. Naive min–max nor-
malization can, however, inflate a uniformly poor
group by mapping its best response to full credit.
We use a threshold τ to constrain the normaliza-
tion, preserving absolute failure information while
improving relative resolution. Given a threshold τ ,
let sk,min = mini sk,i and sk,max = maxi sk,i. We
define the group-wise lower bound ℓk and upper
bound uk as:

ℓk =

{
0, sk,min < τ,

0.5, sk,min ≥ τ,
uk =

{
1, sk,max > τ,

0.5, sk,max ≤ τ.

(2)

We then define

s̃k,i =





uk, sk,min = sk,max > τ,

ℓk, sk,min = sk,max ≤ τ,
(sk,i−sk,min)(uk−ℓk)

sk,max−sk,min
+ ℓk, otherwise.

(3)

4.3.2 Hierarchical Aggregation
The base content reward is computed as r =∑K

k=1w
x
k s̃k. This weighted sum captures fine-

grained differences across responses, but by itself
it treats all gains as mutually compensatory. As
a result, strong performance on additional criteria
could offset failures on essential ones, even though
the rubric is meant to prioritize the latter. We there-
fore gate the base reward by criterion type, so that

additional criteria refine the score only after the es-
sential criteria are satisfied. We adopt a consistent
scoring convention, treating scores below 0.5 as
failures and scores in [0.5, 1) as partial satisfaction.
The corresponding content mask is defined by:

mc =





0, |{k : txk = ESS., s̃k < 0.5}| ≥ 1,

0, |{k : txk = ESS., 0.5 ≤ s̃k < 1}| ≥ 2,

1, otherwise.
(4)

Some response-level violations, such as repeti-
tion loops or language mixing, are also handled as
hard format constraints. We define a binary format
mask mf ∈ {0, 1}, which is set to 0 when any such
violation is triggered and to 1 otherwise. The final
reward is r̃ = mc ·mf · r.

4.4 GenRM RL

Reward robustness depends not only on rubric de-
sign, but also on reliable rubric execution. Since
moderately-sized LLMs often struggle with com-
plex instructions and multi-field structured outputs,
we train the GenRM with RLVR before using it in
policy optimization.

We prepare the GenRM data by sampling can-
didate responses and scoring them using multiple
frontier models that independently execute the tar-
get rubric. For each criterion, we retain the me-
dian score across teachers. For verifiable criteria,
we additionally extract the output value from a
teacher whose score matches this median. This
multi-teacher ensemble effectively mitigates single-
model execution noise.

Training adopts two verifiable rewards:
• Format reward, which is 1 if the output is a

valid JSON object and all required fields have
the expected types, otherwise 0.

• Content reward, which is the average accuracy
over criteria. For verifiable criteria, we match
the extracted values. For fuzzy criteria, we
match the predicted credit.

4.5 Policy RL

The preceding components together define a fine-
grained reward used to train the policy via GRPO.
For each input x, we sample a group of responses
{yi}Gi=1, score them using the rubrics, and normal-
ize the final rewards r̃i within the group. Conse-
quently, both fully and partially verifiable tasks are
optimized within a unified GRPO loop, eliminat-
ing the need to split RLR3 into separate RLVR and
general RL stages.
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Table 1: Statistics of the training corpora after preprocessing. “Raw” denotes the original training split, “De-
dup.” denotes the de-duplicated split, and “Filtered” denotes the subsets retained by the “Any” and “Essential”
filtering rules. The “Essential” filtering rule is adopted for policy training. “MCQ Ratio” reports the fraction of
multiple-choice questions. “Initial Reward” is the average rubric score of base-model rollouts on all of the converted
instances and on the filtered subset.

Dataset # Raw # De-dup. # Filtered MCQ Ratio Initial Reward

Any Essential De-dup. Converted Filtered Converted Filtered

ViRL 38,870 38,870 16,444 9,551 31.8% 8.8% 13.7% 0.8156 0.4249
OpenMMR 74,971 74,145 36,627 26,070 22.1% 6.5% 8.4% 0.7397 0.3556
DeepVision 103,484 92,491 63,549 55,550 48.4% 13.2% 15.2% 0.4713 0.3147

RLVR as a special case. When every criterion is
verifiable, the reward is obtained solely by aggre-
gating verifier scores. In the single-criterion case,
we have r̃ = V (E(y), zx), where E denotes a rule-
based extractor and V verifies the extracted value
against zx. In this case, RLR3 reduces to RLVR.

5 Experiments

5.1 Experimental Setup

Data. We use the training splits of three open-
source corpora as shared training sources for
both methods: ViRL (Wang et al., 2025a), Open-
MMR (Zhang et al., 2025), and DeepVision (Sun
et al., 2026). We further convert a subset of
multiple-choice questions into open-ended ques-
tions when a VLM judges that the question remains
well-posed without the answer options and still
admits a unique correct answer. We remove du-
plicates at the image-question level and pair each
remaining instance with an instance-specific rubric
containing both verifiable and fuzzy criteria, fol-
lowing Section 4.1. We then perform filtering by
sampling 8 rollouts from the base model and re-
taining only examples on which at least one rollout
receives no credit on any criterion or on an essential
criterion, depending on the target subset. Table 1
summarizes the resulting training data.
Training. For policy initialization, we adopt
Qwen3-VL-30B-A3B-Instruct (Team, 2025b) as
the base model. Models are trained using Adam
with a constant learning rate of 1× 10−6, a weight
decay of 0.01, β1 = 0.9, and β2 = 0.999. The
maximum prompt and response lengths are 2K and
6K tokens, respectively. For DeepVision, we in-
crease them to 4K and 12K. Training uses a global
batch size of 128 and 8 rollouts for 1,000 steps. All
reported results use the checkpoint at 1,000 training
steps. Appendix F summarizes the computational
cost of rubric execution during policy training.

Benchmarks. We evaluate models on official test
or testmini splits of 15 public benchmarks across
math, general VQA, counting, and document VQA:
We-Math (Qiao et al., 2025), DynaMath (Zou
et al., 2025), MathVision (Wang et al., 2024a),
MathVerse (Zhang et al., 2024), MathVista (Lu
et al., 2023), MMMU-Pro (Yue et al., 2025), Real-
WorldQA (xAI, 2024), MMStar (Chen et al., 2024),
SimpleVQA (Cheng et al., 2025), CountBenchQA
(Beyer et al., 2024), InfoVQA (Mathew et al.,
2022), DocVQA (Mathew et al., 2020), ChartQA
(Masry et al., 2022), and CharXiv (DQ/RQ) (Wang
et al., 2024b). We prompt the model to think step-
by-step and enclose the final answer in a boxed
span. Evaluation employs rule-based matching for
structured outputs (e.g., letters, numbers, and ex-
pressions) and GPT-4o-mini as a judge for open-
ended outputs.

5.2 Main Results

We compare RLVR and RLR3 across the three train-
ing mixes, as reported in Table 2.

RLR3 improves average performance over
RLVR. Specifically, on the macro average, RLR3

improves over RLVR from 76.4 to 77.7 on ViRL,
from 76.4 to 78.1 on OpenMMR, and from 77.4 to
78.2 on DeepVision. At the benchmark level, RLR3

attains higher scores than RLVR on most bench-
marks across the three training mixes. Representa-
tive gains appear on We-Math, MathVision, Math-
Verse, MMMU-Pro, and CountBenchQA, with es-
pecially large margins on OpenMMR We-Math
(67.3 → 74.3), DeepVision MathVerse (73.9 →
79.6), and ViRL CountBenchQA (87.3 → 93.2).
On the benchmarks where RLR3 does not improve
over RLVR, the gaps are usually small.

RLR3 achieves larger RL gains than the offi-
cial Thinking variant. Our evaluated base model
reaches a macro average of 73.5, compared with
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Table 2: Performance comparison on visual benchmarks. In the RLR3 columns, green highlights improvement
over RLVR and red highlights degradation. “Official” and “GPT-5 mini” denotes results from the Qwen3-VL
technical report. “Base” denotes our own evaluation of the instruct checkpoint.

Base ViRL OpenMMR DeepVision Official GPT-5 mini
Benchmark instruct RLVR RLR3 RLVR RLR3 RLVR RLR3 thinking instruct high minimal

We-Math 56.8 68.3 70.4 67.3 74.3 72.9 73.6 70.0 56.9 70.2 51.4
DynaMath 74.8 74.1 78.4 78.7 78.0 80.0 76.4 80.1 73.4 81.4 71.3
MathVision 63.1 61.4 63.4 63.1 66.1 65.5 68.8 65.7 60.2 71.9 46.6
MathVerse (mini) 71.7 72.1 76.6 75.5 76.9 73.9 79.6 79.6 70.2 78.8 36.5
MathVista (mini) 79.8 82.3 83.7 83.5 83.9 83.0 82.8 81.9 80.1 79.1 59.6

MMMU-Pro 64.2 64.5 66.8 64.1 66.6 66.8 67.4 63.0 60.4 67.3 53.7
RealWorldQA 74.4 77.9 76.7 76.7 77.6 76.6 75.6 77.4 73.7 79.0 73.3
MMStar 74.1 75.7 76.9 77.8 76.9 77.1 76.6 75.5 72.1 74.1 61.3
SimpleVQA 49.9 54.0 53.4 52.9 54.6 52.1 52.4 54.3 52.7 56.8 50.3

CountBenchQA 88.7 87.3 93.2 89.7 90.3 88.3 92.6 90.0 89.8 91.0 84.1

InfoVQA 86.7 89.1 89.3 87.3 90.2 90.2 89.5 85.6 81.8 77.6 72.8
DocVQA 94.5 95.1 95.1 94.3 95.2 94.9 95.0 95.5 95.0 90.5 90.6
ChartQA 88.6 90.6 91.1 90.6 90.6 91.0 90.3 89.4 86.8 57.5 57.8
CharXiv (DQ) 81.7 90.5 89.8 85.3 87.5 88.2 91.3 86.9 85.5 89.4 78.6
CharXiv (RQ) 53.4 62.4 61.4 58.4 62.7 61.2 61.8 56.6 48.9 68.6 48.9

Macro Average 73.5 76.4 77.7 76.4 78.1 77.4 78.2 76.8 72.5 75.5 62.5

72.5 for the officially reported instruct results, a
small gap of 1.0 point. Our best RLR3 model
improves from 73.5 to 78.2, a gain of 4.7 points,
which is larger than the officially reported 4.3-point
gain from the instruct model to the thinking model.

The OpenMMR results highlight a limitation:
while RLR3 still outperforms RLVR on the macro
average, its margin is smaller than on ViRL and
DeepVision. This is likely because OpenMMR fea-
tures complex visual puzzles, where an automatic
rubric generator relying solely on outcome-level
ground truth offers limited supervision. Conse-
quently, a promising future direction is the syn-
thetic construction of visual puzzles with both out-
come labels and fine-grained perceptual annota-
tions to enable more informative rubric execution.

5.3 Open-Source Rubric Generator

We evaluate whether an open-source model can
replace the costly proprietary pipeline at rubric-
generation time. We report results on the ViRL
training mix, with the generator preparation details
provided in Appendix E.

Open-source rubric generator can approach
proprietary-pipeline performance. In Table 3,
the Instruct generator achieves a macro average

Table 3: Comparison of open-source rubric generator
with ViRL training mix. We report macro-average
performance across 15 benchmarks.

Method Rubric Generator Avg.

RLVR – 76.4
RLR3 Gemini-3.0-Pro/Flash 77.7
RLR3 Qwen3-VL-30B-A3B-Instruct 77.2
RLR3 Qwen3-VL-30B-A3B-Thinking 75.8

of 77.2, outperforming RLVR by 0.8 points while
remaining only 0.5 points below the proprietary
pipeline. This gain over RLVR is particularly no-
table because the rubric generator and policy origi-
nate from the same model initialization: effective
rubric supervision does not necessarily require a
generator built on a stronger base model than the
policy. The proprietary pipeline, however, operates
with a substantially larger inference-time compute
budget, including the reasoning tokens consumed
across multiple independent drafting and aggrega-
tion calls. This motivates the Thinking variant as
a way to introduce greater deliberation within the
open-source generator. Nevertheless, the Think-
ing variant reaches only 75.8, falling behind both
RLVR and the Instruct variant. We hypothesize
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Table 4: Policy-level ablations on ViRL39K. We report
macro-average performance across 15 benchmarks after
1,000 policy-training steps. ∆ is measured relative to
the full RLR3 configuration.

Variant Avg. ∆

Full RLR3 77.7 –
w/o Hierarchical Gating 76.6 −1.1
w/o Criterion Weight 77.3 −0.4
w/o Decoupled Normalization 76.7 −1.0

that supervised imitation of substantially rewritten
reasoning trajectories introduces a mismatch with
the model’s native reasoning behavior. Training the
Thinking generator with RL, using finalized rubric
quality as direct feedback, offers a more promis-
ing route to surpassing the Instruct generator and
approaching the proprietary pipeline.

Shared initialization points toward a unified
RLR3 implementation. These results also high-
light a broader structural opportunity. In this set-
ting, the rubric generator, policy, and GenRM are
all initialized from the same Qwen3-VL-30B-A3B-
Instruct checkpoint, demonstrating that the three
roles can be instantiated from a common initializa-
tion without giving up most of the gains provided
by the proprietary rubric pipeline. This common
foundation offers an early glimpse of a fully unified
RLR3 implementation, in which the three compo-
nents could remain parameter-tied throughout train-
ing and specialize through role-specific prompts
and optimization objectives. Joint optimization
could further enable the three roles to co-evolve:
better rubrics would provide sharper supervision, a
stronger GenRM would translate that supervision
into more reliable rewards, and an improved pol-
icy would produce harder and more informative
responses for refining both components.

5.4 Policy-Level Ablations

Hierarchical aggregation preserves rubric prior-
ities. Table 4 shows that removing any policy-level
component reduces the macro average. Remov-
ing hierarchical gating produces the largest drop,
demonstrating the importance of preventing gains
on additional criteria from compensating for fail-
ures on essential requirements. Criterion weights
complement this hard constraint by encoding finer-
grained differences in criterion importance. Using
uniform weights reduces the average by 0.4 points.

Decoupled normalization improves reward

resolution. Removing it decreases the average by
1.0 point, showing that policy training benefits from
preserving distinctions among saturated criterion
scores. This effect may become more pronounced
on perception-dominated tasks, where non-binary
criteria constitute a larger share of the reward and
exhibit more heterogeneous score ranges.

5.5 Long-Term Training Stability
To study the long-term stability and scaling behav-
ior of both methods, we plot their performance
curves over training in Figure 2.

RLR3 remains strong over a broader range
of checkpoints than RLVR. Across many bench-
marks, RLVR improves in the early stage of train-
ing and then plateaus or degrades, whereas RLR3

usually maintains or further improves its perfor-
mance over a longer portion of the trajectory. The
best performance of RLR3 is also higher than that
of RLVR on most benchmarks. This suggests that
finer-grained and more robust reward modeling can
stablize RL training and make it easier to scale.

This trajectory-level behavior also suggests a
promising future direction. These gains are not yet
fully consolidated into a single final model. Future
work could explore On-Policy Distillation (OPD)
to better transfer the strengths of multiple experts
into one stronger policy.

5.6 GenRM Reliability
We construct the GenRM training and validation
dataset by sampling policy inference results, scor-
ing responses with multiple frontier models, and
using majority-voted criterion-level labels. The
dataset is balanced between perfect and imperfect
responses and carefully split to ensure no input
overlap between splits. Table 5 summarizes the re-
sulting dataset. For evaluation, we verify GenRM’s
JSON outputs against the dataset labels, focusing
on schema validity, criterion-slot matching, and
function-calling integrity. Argument accuracy is
assessed using verifiers rather than exact matching.

We compare the base model and two fine-tuned
variants. Table 6 shows that the base model follows
the coarse schema reasonably well, but remains
unreliable once the output must be executable and
correctly scored. Its schema and criterion-slot ac-
curacies are 98.6% and 98.7%, while execution
accuracy drops to 82.0% and credit accuracy to
77.0%. SFT solves most instruction-following er-
rors, reaching 100.0% accuracy on all three for-
mat metrics. Compared with this baseline, the
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(a) WeMath (b) DynaMath (c) MathVision (d) MathVerse (e) MathVista

(f) MMMU-Pro (g) RealWorldQA (h) MMStar (i) SimpleVQA (j) CountBenchQA

(k) InfoVQA (l) DocVQA (m) ChartQA (n) CharXiv (DQ) (o) CharXiv (RQ)

Figure 2: Training trajectories across benchmarks. Each subplot reports benchmark performance over training
checkpoints for RLVR and RLR3, with the dashed gray line showing the base model.

Table 5: Statistics of the RM data. OpenMMR denotes the portion that does not overlap with ViRL.

Split # Inst. Source Mix # Criteria Verifier Usage

ViRL OpenMMR DeepVision Total Per inst. Inst. Criteria

Train 18,251 4,631 (25.4%) 4,701 (25.8%) 8,919 (48.9%) 58,224 3.19 15,575 (85.3%) 35,572 (61.1%)
Test 1,000 274 (27.4%) 248 (24.8%) 478 (47.8%) 3,148 3.15 855 (85.5%) 1,910 (60.7%)

RLVR version maintains perfect format accuracy
while consistently boosting execution-critical con-
tent fields: argument accuracy rises from 96.1% to
96.3%, and credit accuracy improves from 91.4%
to 93.1%. These gains elevate overall accuracies
at the criterion level (94.3% to 95.0%) and sam-
ple level (85.5% to 87.3%). This suggests that
RLVR enables the GenRM to reason over rubrics
and allocate credit effectively, rather than mimick-
ing teacher patterns.

5.7 GenRM Ablations

We evaluate GenRM with a controlled audit set that
probes reward-execution robustness using syntheti-
cally constructed abnormal responses. The audit set
is built from the 1,000 examples in the GenRM test
set: we retain their regular responses and construct
1,000 abnormal responses across four categories—
no-final-answer, irrelevant, wrong-but-plausible,
and adversarial attack—with 250 responses per
category. Appendix B.4 describes the details of
model-based construction and adversarial genera-

tion. In Table 7, the reward accuracy is reported on
regular samples, while False-Positive Rates (FPRs)
are reported on the abnormal samples.

In this audit, regular-response accuracy stays
close across settings, ranging from 94.9% to 95.3%.
The main differences appear on abnormal re-
sponses. Among the abnormal categories, no-final-
answer and adversarial attack are the most chal-
lenging. No-final-answer responses can contain an
analysis trajectory in which the correct answer may
appear multiple times, but still omit the final selec-
tion. Adversarial attack responses are produced by
targeted probing of GenRM vulnerabilities.

Access to image increases the risk of self-
answering. Compared with the default setting,
VLM-as-a-Judge has higher FPRs on no-final-
answer responses (14.1% vs. 11.5%) and wrong-
but-plausible responses (6.6% vs. 5.6%). We hy-
pothesize that visual access makes the model more
likely to infer the answer directly from the image
and fill the extracted arguments with it, even when
the response itself is incomplete or incorrect.
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Table 6: Reliability of GenRM. “Execution” denotes whether the GenRM selects the correct path and verifier.
“Arguments” and “Credit” are measured on verifiable and fuzzy criteria, respectively.

GenRM Format Accuracy (%) Content Accuracy (%) Overall Accuracy (%)

Schema Criterion Execution Arguments Credit Criterion-Level Sample-Level

Base Model 98.6 98.7 82.0 91.5 77.0 71.7 51.9
SFT 100.0 100.0 100.0 96.1 91.4 94.3 85.5
RLVR 100.0 100.0 100.0 96.3 93.1 95.0 87.3

Table 7: Potential failure modes of GenRM. Self-answering is evaluated under the VLM-as-a-Judge setting, and
target leakage is evaluated under the unlimited exposure setting. Each entry reports Average (Arguments / Credit).
Absolute degradations larger than 2% are underlined.

Settings Accuracy (%) ↑ False-Positive Rate (%) ↓
Regular No Final Irrelevant Plausible Adversarial

Default 95.0 (96.3 / 93.1) 11.5 (10.5 / 13.9) 1.5 (1.1 / 2.3) 5.6 (3.2 / 8.7) 18.0 (21.4 / 13.7)

VLM-as-a-Judge 94.9 (96.3 / 92.7) 14.1 (13.5 / 15.4) 2.1 (1.3 / 3.2) 6.6 (4.7 / 9.0) 18.7 (22.0 / 14.3)
Unlimited Exp. 94.6 (95.7 / 93.0) 15.7 (15.9 / 15.4) 1.9 (1.9 / 1.9) 7.5 (5.7 / 9.8) 22.4 (27.6 / 15.5)

w/o Verifier 95.3 15.1 1.9 7.1 21.2

Target leakage increases the risk of shortcut-
ting. Compared with the default setting, unlimited
exposure shows higher FPRs on no-final-answer
responses (15.7% vs. 11.5%), wrong-but-plausible
responses (7.5% vs. 5.6%), and adversarial re-
sponses (22.4% vs. 18.0%). This suggests that ex-
posing target values creates a shortcut for GenRM
to copy or anchor on the reference answer instead
of extracting the predicted value from the response.

Deterministic verification reduces exploitable
false positives. Removing verifiers maintains
similar accuracy on regular responses (95.3%)
but increases FPRs on no-final-answer (15.1%
vs. 11.5%) and adversarial responses (21.2% vs.
18.0%). Although these absolute gaps are mod-
est, they are critical in online RL training, where
exploitable false positives trigger self-reinforcing
reward hacking—allowing adversarial responses to
gain undeserved credit without generating correct
answers. Representative bad cases are provided in
Appendix G.1.

6 Conclusion

We presented RLR3, a framework for online RL
with rubric-based rewards. By treating verifiability
as a criterion-level property, RLR3 routes verifiable
and fuzzy criteria through distinct execution paths
and combines minimal exposure, decoupled nor-
malization, hierarchical aggregation, and an RLVR-
trained GenRM to produce fine-grained rewards for

GRPO training. Across three open-source training
mixtures, RLR3 consistently improves the macro
average over RLVR. An open-source rubric gen-
erator initialized from the same checkpoint as the
policy and GenRM also outperforms RLVR while
approaching the performance of the proprietary
rubric pipeline. Policy-level ablations demonstrate
the necessity of decoupled normalization, hierarchi-
cal gating, and criterion weighting for preserving
reward resolution and rubric priorities. Controlled
GenRM audits demonstrate that deterministic veri-
fication and minimal exposure reduce exploitable
false positives during reward execution. Together,
these results highlight the potential for a unified
RLR3 implementation, in which rubric generation,
reward modeling, and policy optimization could
share a common model foundation and co-evolve
through joint optimization.

7 Limitations

RLR3 depends on the coverage and specificity of
its generated rubrics. An omitted criterion leaves
downstream execution without a corresponding su-
pervision signal, while an offline rubric pool cannot
capture new failure modes that emerge as the pol-
icy evolves. Contrastive generation could refine
criteria around difficult near-miss responses, and
an online or co-evolving generator could update the
rubric pool to track changes in the policy’s error
distribution throughout training.
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A JSON Schema

Both rubric generation and response scoring use
JSON schema to facilitate reliable parsing.

A.1 Rubric Schema
Following the design in Section 4.1, we format
the rubric as a JSON object with two top-level
arrays: essential and additional, corresponding to
the criterion type. Each element in either array is a
triplet:

• criterion: A concrete, verifiable assertion
that the judge can verify directly from the im-
age, question, and candidate response.

• reference: Either a ground truth derived from
the image and common knowledge, or a scoring
tool.

• weight: A three-level integer quantifying the
criterion’s importance, ranging from 1 (Aux-
iliary: supplementary information) through 2
(Important: noticeable impact on the user expe-
rience) to 3 (Key: critical elements where any
omission or deviation constitutes a definitive
error).

{
"essential ": [

{
"criterion ": "string",
"reference ": "string",
"weight ": 1 | 2 | 3

}
]
"additional ": [...]

}

A.2 Scoring Schema
Following the design in Section 4.2, we format the
scoring output as a JSON object with a reasoning
trajectory and two top-level arrays, mirroring the
input rubric. Each element contains three fields:

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

• rationale:
– When reference is a ground truth: Rea-

soning for the judgment (1-2 sentences).
– When reference is a scoring tool: Expla-

nation of how the predicted value is identi-
fied from the response (1-2 sentences).

• credit:
– When reference is a ground truth: A

three-level score, ranging from 0 (No
Credit: incorrect or missing) throught 0.5
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(Partial Credit: partially correct, incom-
plete, or with minor errors) to 1 (Full Credit:
fully correct or semantically equivalent).

– When reference is a scoring tool: The
tool call string.

{
"thought ": "string",
"essential ": [

{
"criterion ": "string",
"rationale ": "string",
"credit ": 0 | 0.5 | 1 | "<name >

_verify(predict =...)"
}

]
"additional ": [...]

}

B System Prompt

B.1 Rubric Generation Prompt
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 4.1.

Expert-Grounded Generation. When trustwor-
thy ground-truth annotations are available, the
prompt includes a dual verification step: before fi-
nalizing 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. Otherwise,
the dual verification is removed.

System Prompt: Rubric Generation

You are a multimodal evaluation expert. Given the user
question, the associated image, and the provided refer-
ence answer, construct an instance-specific Checklist-
Style Rubric for evaluating the accuracy of model re-
sponses. The criteria in this Checklist 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 highlighted by the
query. These are prerequisites for a sound response,
regardless of verbosity.

• additional: Relevant image facts, supplementary

knowledge, or intermediate steps involved in deriv-
ing the answer. Optional; the list may be empty.

Fields per item:
• criterion: A concrete, verifiable assertion.
• reference: Either a ground truth derived from the

image and common knowledge, or a scoring tool.
• 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).

Place the ground truth in the reference field; it is
strictly prohibited to include the ground truth within the
criterion field.

Specifically, for the following scenarios, we use determin-
istic tools for scoring. To facilitate tool calling, format
the reference field using Python syntax according to
the following specifications:
{Specifications of the available verifiers, see Appendix C}

Note: 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 un-
satisfied 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.}

B.2 Rubric Aggregation Prompt
After independent rubric generation by multiple
models, an aggregation prompt merges the candi-
date checklists into a single unified rubric. The
model first applies the same four construction prin-
ciples as in rubric generation, then executes the
additional aggregation instructions below to ap-
ply majority-vote filtering, deduplicate overlapping
check items, and verify the correctness of all refer-
ences.

System Prompt: Rubric Aggregation

[... Rubric principles and fields identical to rubric gener-
ation omitted ...]

Checklist Aggregation
Do not construct the Checklist from scratch. Multiple
models have each independently generated a candidate
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 specifications identical to rubric gen-
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eration omitted ...]

B.3 Response Scoring Prompt

The scoring prompt instructs the judge model to
evaluate a candidate response against the finalized
rubric, assigning a credit score or calling the spe-
cific verify function for each criterion.

System Prompt: Response Scoring

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

Checklist Fields
Two categories of check items:

• essential: Core information highlighted by the
query. These are prerequisites for a sound response,
regardless of verbosity.

• additional: Relevant image facts, supplementary
knowledge, or intermediate steps involved in deriv-
ing the answer. Optional; the list may be empty.

Fields per item:
• criterion: A concrete, verifiable assertion.
• reference: Either a ground truth derived from the

image and common knowledge, or a scoring tool.
• 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).

Scoring Fields
For each criterion, output:

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

• rationale:
– When reference is a ground truth: Reasoning

for the judgment (1-2 sentences).
– When reference is a scoring tool: Explanation

of how the predicted value is identified from the
response (1-2 sentences).

• credit:
– When reference is a ground truth: A three-

level score, ranging from 0 (No Credit: incorrect
or missing) throught 0.5 (Partial Credit: partially
correct, incomplete, or with minor errors) to 1
(Full Credit: fully correct or semantically equiv-
alent).

– When reference is a scoring tool: The tool call
string.

When reference is a scoring tool, call the corresponding
tool for scoring. Its format (with credit as a tool call
string) is as follows:
{Specifications of the available verifiers, see Appendix C}

Note: When reference is a scoring tool, credit should
contain the tool call rather than a numeric score; simply
extract the prediction result without judging correctness.

Output Format
{Structured JSON following the scoring schema in Ap-
pendix A.2.}

B.4 Failure-Mode Audit Prompt
We construct the failure-mode audit set from the
GenRM test set, preserving the original inputs and
their rubrics. The regular split uses the original
test set responses. In addition, we construct 1,000
abnormal responses across four categories, with
250 responses per category: no-final-answer, irrel-
evant, wrong-but-plausible, and adversarial. The
no-final-answer category includes responses that
may contain relevant analysis but omit the final
answer. The irrelevant category contains fluent re-
sponses that are off-topic with respect to the ques-
tion. The wrong-but-plausible category contains
responses that follow the task format but alter at
least one important answer element. The adversar-
ial category contains responses designed to elicit
undeserved credit.

For the first three categories, we use an LLM
generator conditioned on the question, the origi-
nal response, and the instance-specific checklist.
The concrete system prompts differ by failure cat-
egory, but share the same overall structure: gen-
erate a plausible abnormal response, then provide
criterion-level annotations for the response. For
verifiable criteria, these annotations are converted
into verifier arguments. For fuzzy criteria, the gen-
erator provides the criterion-level credit directly.

Shared Prompt Structure: Abnormal Response Con-
struction

You are helping construct test data for a reward model.
Rewrite the original model response so that it exhibits
the specified abnormal behavior while still looking like a
natural model output.

Inputs
Question: {question}
Original response: {original response}
Checklist: {criteria and references}
Failure type: {specific instruction}

Common Requirements
• First write the rewritten response for the assigned

failure type.
• Then evaluate the rewritten response against every

checklist criterion as a strict human grader.
• For each criterion, record the exact value stated by

the response; if the response does not address the
criterion or does not state a specific value, use an
empty value.

• Assign a credit in {0, 0.5, 1} with a brief rationale.
Partial correctness is allowed, and an abnormal re-
sponse does not need to fail every criterion.

Output Format
Return the rewritten response inside
<response>...</response> tags. Re-
turn the criterion-level annotations inside
<extractions>...</extractions> tags as a
JSON dictionary, with one entry per checklist criterion
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and fields extracted_value, credit, and rationale.

Category-Specific Instructions: Abnormal Responses

No-final-answer. The response should look like an at-
tempt to solve the task, but it should dodge the requested
final answer. For example, for a calculation question, it
may discuss the setup or method without arriving at the
final value; for an identification question, it may discuss
related visual or conceptual cues without naming the tar-
get; for a verification question, it may explain general
principles without confirming or denying the claim. For
numerical questions, the response should not place a final
answer in a boxed span.

Irrelevant. The response should be fluent and authori-
tative, but off-topic with respect to the actual question.
For example, for a geometry question, it may discuss
unrelated algebra concepts; for an image-detail question,
it may give general background knowledge; for a com-
putation question, it may describe definitions or history
rather than solving the instance.

Wrong-but-plausible. The response should give at least
one confidently wrong answer while preserving a reason-
able surface form. Other criteria may be correct, wrong,
or omitted. For numerical answers, the response should
provide a plausible but incorrect value; for text answers,
it should state a plausible but incorrect entity, option, re-
lation, or property. The reasoning should appear coherent
but contain a subtle error leading to the wrong answer.

For adversarial responses, we first run a red-team
search to identify attack patterns that can elicit un-
deserved credit without providing the true answer.
The final adversarial audit uses one of the three
discovered patterns, including authoritative circum-
locution, symbolic-equivalence bluffing, and plau-
sible reasoning with an incorrect final selection.

Attack-Specific Instructions: Adversarial Responses

Authoritative circumlocution. Replace the exact an-
swer with domain-specific jargon, a fabricated technical
term, or an elaborate description that sounds authoritative.
For example, a letter label may be described by its visual
position rather than stated directly; a property such as
fragility may be replaced with a technical-sounding cir-
cumlocution; an option answer may be described as “the
option matching the relevant diagnostic pattern” rather
than named.

Symbolic-equivalence bluff. Present an over-
complicated symbolic or mathematical construction and
claim that simplification yields the desired result, with-
out explicitly giving the correct final value. For example,
the response may introduce sums, integrals, auxiliary
variables, or closed-form expressions, then assert that
cancellation or reduction confirms the expected solution.

Incorrect final selection. Give reasoning that appears
mostly sound, but select an incorrect final answer. For
example, the response may derive multiple candidate
roots and choose an extraneous one, analyze a loop or
boundary condition but make the wrong final selection,
or correctly discuss visual evidence but pick the wrong
option.

We apply an additional quality-control stage be-
fore using the generated responses. Two indepen-
dent LLM judges review each candidate response
and check whether the criterion-level annotation
is consistent with the response and whether the re-
sponse matches the intended failure mode. We also
apply lightweight deterministic checks to remove
cases where the generated response accidentally
include the target answer. Candidates with incon-
sistent annotations or invalid failure-mode behavior
are filtered out before evaluation. After filtering,
we sample a balanced audit set with exactly 250
examples per abnormal category, using at most one
abnormal response from each held-out input.

C Verifier Specifications

As shown in Table 9, the verifier library provides
a small set of deterministic scoring functions for
criteria whose target values can be specified explic-
itly. Each verifier is used through a two-stage in-
terface. During rubric generation, the reference
field stores the verifier name and the target-side
arguments, such as text_verify(target=...).
During response scoring, the reward model does
not see the hidden target arguments; it only ex-
tracts the prediction from the candidate response
and emits the corresponding predict call, such
as text_verify(predict=...). Representative
verifier calls are shown in Table 8.

Generation-time constraints. The rubric gener-
ator is only allowed to use verifiers exposed for
the current task type. Text and list verifiers are re-
served for optical or directly extractive text, while
point and bounding-box verifiers are reserved for
grounding targets with normalized image coordi-
nates. Expression verification is limited to raw
values directly present in, or unambiguously ex-
tracted from, the response, such as option letters,
formulas, and numeric expressions. It must not be
used to encode a semantic judgment as a Boolean
target. Across all verifiers, the target answer is
placed in the reference field and omitted from
the criterion text.

Scoring-time constraints. When a criterion uses
a verifier, the scoring model must emit a tool call
rather than a numeric credit. Its role is to extract the
response-side prediction only; it should not create
a verifier call for criteria whose reference is ordi-
nary ground truth, and it should not skip a verifier
call when the rubric specifies one. If no prediction
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Table 8: Representative verifier calls. The rubric-side call is generated when constructing the checklist; the
scoring-side call is emitted after extracting the candidate response’s prediction.

Verifier Rubric-side reference Scoring-side credit

text_verify
text_verify(target=’Export Volume’,
ignore_space=True, ignore_case=True)

text_verify(predict=’Export Volume’)

expr_verify expr_verify(target=r’\frac{4}{6}’) expr_verify(predict=’2/3’)

time_verify
time_verify(target=’18:15’,
tformat=’%H:%M’)

time_verify(predict=’18:15’,
pformat=’%H:%M’)

list_verify
list_verify(target=[’M-30’,
’M-31’, ’M-31UK’])

list_verify(predict=[’M-30’, ’M-31’])

bbox_verify
bbox_verify(
target=[[531,118,892,435]])

bbox_verify(
predict=[[529,119,890,433]])

point_verify point_verify(target=[[591,234]]) point_verify(predict=[[589,236]])

is present, the model supplies empty string or list
for verifiers, such as predict=” or predict=[].
For coordinate-based verifiers, formatting irregu-
larities in the response are preserved in the emitted
prediction so that the verifier, rather than the ex-
tractor, handles parsing failures.

D Rubric Quality

Motivation for an offline rubric pool. We gen-
erate and finalize the rubric pool before policy op-
timization, and keep it fixed throughout training.
This makes the reward specification directly in-
spectable, allows the same rubrics to be reused
across controlled policy runs, and isolates the exe-
cution and aggregation mechanisms studied in this
work from changes in the rubric generator. It also
removes the additional non-stationarity that would
arise from updating the rubric generator and policy
simultaneously.
Sensitivity to the rubric generator. Table 3 shows
how generator choice affects downstream policy
performance. Replacing the proprietary drafting-
and-aggregation pipeline with the Qwen3-VL-30B-
A3B-Instruct generator changes the policy macro
average from 77.7 to 77.2, while the Thinking
generator obtains 75.8. The small gap between
the proprietary pipeline and the Instruct generator
shows that effective rubric supervision can be ob-
tained from a moderately-sized open-source model,
whereas the lower Thinking result highlights the
importance of matching the generator-training ob-
jective to its native reasoning behavior.
Rubric structure and noise mitigation. The
GenRM training split contains an average of 3.19
criteria per instance; 61.1% of its criteria are
verifier-backed, and 85.3% of instances contain
at least one verifier-backed criterion (Table 5). The
resulting rubrics combine deterministic outcome

checks with fuzzy criteria that capture intermedi-
ate reasoning, perceptual evidence, and instance-
specific instructions. The proprietary pipeline re-
duces construction noise through independent draft-
ing, second-stage aggregation, task-specific verifier
constraints, and dual verification when trustworthy
reference annotations are available. During pol-
icy training, essential criteria anchor the reward,
while additional criteria refine distinctions among
otherwise plausible responses. A criterion that as-
signs the same score to every rollout provides no
within-group ranking signal, while hierarchical ag-
gregation limits the influence of additional criteria
when essential requirements are violated.

E Open-Source Rubric Generator

We replace the two-stage proprietary model draft-
ing and aggregation pipeline with a fine-tuned
open-source generator that directly produces fi-
nalized rubrics. We study Qwen3-VL-30B-A3B-
Instruct and Qwen3-VL-30B-A3B-Thinking. Both
generators undergo rubric-format SFT on 10% of
ViRL39K, using finalized rubrics produced by the
Gemini drafting-and-aggregation pipeline as tar-
gets. For the Thinking variant, we first sample
reasoning trajectories from the model and then sub-
stantially rewrite them to align with the finalized
target rubrics and output format. The fine-tuned
generators subsequently construct rubrics for the
full ViRL39K training set. All other policy and
GenRM settings are kept unchanged.

F Computational Cost

Rubric generation is performed once before pol-
icy optimization and is therefore outside the re-
peated policy-training iterations. During policy
training, rubric execution uses the Qwen3-VL-30B-
A3B GenRM with batched inference over the sam-
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pled responses. The GenRM produces approxi-
mately 250 output tokens per response on average,
with the maximum generation length set between
500 and 1,000 tokens across training configura-
tions. Measured against the complete iteration
time—including policy rollout generation, reward
computation, and policy optimization—GenRM in-
ference accounts for less than 10% of each training
iteration. The remaining computation is dominated
by policy rollout generation and optimization.

G Case Study

G.1 Failure-Mode Audit Examples
Example 1: The response provides a detailed dis-
cussion of the thermodynamic process and uses
approximate descriptions without ever naming the
correct answer “Boiler”, acting as a “blind” rea-
soner. The LLM extracts no answer, so the verifier
correctly returns 0. The LLM judge, however, is
misled by the functional similarity and erroneously
awards full credit.

Figure 3: The diagram illustrates the components of a
coal-fired power plant.

Question & Ground Truth

Q: Which component uses coal and water to
make steam?
A: Boiler

Model Response

When examining the mechanics of a coal-fired
power plant, the process begins with the funda-
mental inputs of fuel and a working fluid. · · ·
coal is prepared and introduced into a com-
bustion chamber where it is burned to release
thermal energy. · · · the core event where the
chemical energy of the coal is directly applied
to the water to induce this phase change oc-
curs within the main heat exchange vessel of

the system. · · · identifying the exact label of
the vessel depends on the specific schematic
or terminology being referenced in a given
context.

Scoring Results

LLM-as-an-Extractor + Verifier:
text_verify(predict='')→ 0
Rationale: The model describes the process in
detail but does not explicitly name the com-
ponent (e.g., boiler, steam generator, or com-
bustion chamber) that uses coal and water to
make steam.

LLM-as-a-Judge:
Credit → 1
Rationale: The model describes the compo-
nent as the ‘main heat exchange vessel’ and
explains its function but does not explicitly
use the term ‘boiler’. However, the descrip-
tion matches the function of a boiler.

Example 2: The response employs the
symbolic-equivalence bluff strategy. It embeds
the raw data inside an elaborate mathematical
framework, claiming derivation without explicitly
stating "book about Asia". The LLM extracts no an-
swer, so the verifier correctly returns 0. The LLM
judge, however, is deceived by the mathematical
veneer and the embedded price data, incorrectly
awarding full credit despite the answer never being
explicitly stated.

Figure 4: The table lists books and their prices.

Question & Ground Truth

Q: Which book is the least expensive?
A: book about Asia

Model Response (Symbolic Bluff)

To determine the least expensive book, we
must construct a cost minimization frame-
work over the discrete set of available liter-
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ature B = {b1, b2, . . . , bn}. Let the price
function P (bi) be defined for each book bi
in the catalog. We initialize the optimiza-
tion problem by defining the total cost func-
tional J as a weighted sum involving the
individual prices and a selection vector x⃗:
J(x⃗) =

∑n
i=1 (P (bi) · xi + · · · ). Substi-

tuting the specific market values provided
(P (bart) = 25, P (bAsia) = 10, P (bfish) =
21, . . . ), the expression expands into a high-
dimensional manifold: · · · While this expres-
sion appears computationally intensive due to
· · · The symbolic equivalence confirms that
the optimal index k∗ corresponds to the book
encoded by the minimal eigenvalue of the
price matrix. Therefore, the derivation con-
firms the identity of the least expensive book
as dictated by the reduced model.

Scoring Results

LLM-as-an-Extractor + Deterministic Veri-
fier:
text_verify(predict='')→ 0
Rationale: The model mentions the books and
their prices but does not explicitly state which
book is the least expensive in the final answer.

LLM-as-a-Judge:
Credit → 1
Rationale: The model mentions ‘P(bAsia)=10’
and later refers to the book as ‘the book en-
coded by the minimal eigenvalue of the price
matrix’, but does not explicitly state ‘book
about Asia’ as the least expensive. However,
it identifies ‘Asia’ as the book with the lowest
price of 10, which matches the reference.
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Table 9: Verifier interfaces. These signatures are provided in the dedicated verifier-specification blocks of the rubric-
generation and response-scoring prompts. The model then instantiates the corresponding call in the reference
field during rubric generation or in the credit field during response scoring.

text_verify

Rubric signature

text_verify(target: str = None,
candidates: List[str] = None,
use_latex: bool = False,
ignore_space: bool = False,
ignore_punc: bool = False,
ignore_case: bool = False,
ignore_st: bool = False)

Scoring signature text_verify(predict: str)
Return float in [0, 1], computed as normalized text similarity; with candidates, returns the maximum

candidate score.
Usage OCR-style text or LaTeX transcription. Not used for semantic judgments or non-extractive

visual QA.

expr_verify

Rubric signature expr_verify(target: str)
Scoring signature expr_verify(predict: str)
Return float in {0, 1}; returns 1 iff the parsed target and prediction are mathematically equivalent.
Usage Option letters, numeric expressions, and LaTeX expressions. Units and task context remain in

the criterion, not in the target string.

time_verify

Rubric signature time_verify(target: str, tformat: str)
Scoring signature time_verify(predict: str, pformat: str)
Return float in {0, 1}; returns 1 iff the parsed date or time objects are equal.
Usage Dates and times expressed with Python-style datetime formats. The prediction format is copied

from the response. Weekday names are not used as verifier targets.

list_verify

Rubric signature list_verify(target: List[str] = None,
candidates: List[List[str]] = None)

Scoring signature list_verify(predict: List[str])
Return float in [0, 1], computed by Hungarian matching over pairwise text-similarity scores; with

candidates, returns the maximum candidate-list score.
Usage Extractive text lists, such as OCR key fields. Each candidate list should represent one complete

valid answer set.

bbox_verify

Rubric signature bbox_verify(target: List[List[int]])
Scoring signature bbox_verify(predict: List[List[int]])
Return float in [0, 1], computed by Hungarian matching over pairwise IoU scores and normalized by

the larger number of boxes.
Usage Single- or multi-object bounding-box grounding. Each box is [x1, y1, x2, y2] with

coordinates normalized to 0–1000.

point_verify

Rubric signature point_verify(target: List[List[int]])
Scoring signature point_verify(predict: List[List[int]])
Return float in [0, 1], computed by Hungarian matching over pairwise point distances and converting

the matched distance into a normalized proximity score.
Usage Single- or multi-object point grounding. Each point is [x, y] with coordinates normalized to

0–1000.
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