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Abstract

Rubric-based reinforcement learning extends
RL beyond tasks with exact answers or rule-
based verifiers by scoring responses against
instance-specific criteria. However, this makes
reward computation expensive: training re-
quires repeated rubric judging, often with pro-
prietary APIs or local generative LLM judges
with 7B parameters or more. We study whether
smaller language models can serve as efficient
and reliable rubric-based judges. To make this
question measurable, we construct PointRubric
and RaR-Science-Static, two pointwise rubric-
based evaluation datasets with instance-specific
criteria and itemwise satisfaction labels. We
compare three ways of extracting criterion-
level judgments from small models: Generative
verdicts, Yes/No Logprob scoring, and Probe
judges. Across both datasets, the Qwen3-1.7B
Probe judge achieves the strongest criterion-
level agreement among these methods, outper-
forming Generative and Logprob judges. Used
as a GRPO reward model, it trains a policy
from 0.232 to 0.643 on RaR-Science rubric
score, compared with 0.594 for an 8B Genera-
tive judge baseline, while the baseline requires
10.7 x more reward-judge time. Task and do-
main transfer experiments further suggest that
Probe judges preserve criterion-level reward
structure across settings.

1 Introduction

Recent progress in reinforcement learning with ver-
ifiable rewards (RLVR) has shown that outcome
rewards from rule-based verifiers can effectively
elicit reasoning abilities in large language models
(LLMs) on verifiable tasks such as math and cod-
ing (Le et al., 2022; Liu et al., 2023a; Shao et al.,
2024; Wen et al., 2025; Guo et al., 2025). However,
many increasingly important agentic applications
go beyond this narrow notion of verifiability. In
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long-form generation tasks such as Deep Research,
quality can depend on content coverage, factual-
ity, source use, and task-specific constraints, which
are hard to capture with simple automatic checkers
(Citron, 2024; Arora et al., 2025; OpenAl, 2025a;
Shao et al., 2026). Rubric-based reinforcement
learning offers a promising alternative for such
settings: rubrics evaluate multiple aspects of gen-
eration quality through instance-specific criteria
while still producing scalar rewards for optimiza-
tion (Ouyang et al., 2022; Gunjal et al., 2026).

A key component of rubric-based RL is obtain-
ing the rubric reward, where an LLM judge eval-
uates responses against explicit rubric criteria and
aggregates these judgments into rewards for RL
training (Zheng et al., 2023; Kim et al., 2024b). Ex-
isting rubric-based RL approaches mainly rely on
proprietary model APIs or large generative judges
to maintain judgment quality (OpenAl, 2024; Gun-
jal et al., 2026; Shao et al., 2026). This makes
reward computation expensive at scale because
each RL step may require scoring long responses
against multiple criteria. Proprietary judges also
make exact reproduction harder because access de-
pends on a fixed model snapshot from the provider.
These limitations raise a central question: Can
much smaller language models serve as effective
rubric judges for rubric-based RL?

To answer this question, we need evaluation
data that matches the reward computation used
in rubric-based RL: explicit criteria, multiple re-
sponses under the same rubric, labels for each
response—criterion pair, and a weighted scoring
rule. Existing resources provide important pieces
of this setup, but not the full structure required
for this evaluation setting. Preference and reward-
model datasets focus on pairwise comparisons or
scalar reward modeling (Ouyang et al., 2022; Lam-
bert et al., 2025; Zhu et al., 2025). Fine-grained
and rubric-evaluation benchmarks provide skills,
criteria, or judge-evaluation targets, but typically
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Figure 1: Rubric scoring setup. A rubric specifies criteria and weights for a candidate response. Pointwise scoring
yields criterion-level labels, while pairwise scoring yields a relative winner. Criterion scores can then be aggregated
into a scalar reward for evaluation or reinforcement learning.

lack weighted rubric rewards or response—criterion
satisfaction labels for fixed candidate responses (Ye
et al., 2024; Liu et al., 2026; Zhou et al., 2026; Pan
et al., 2026; Wen et al., 2026). Domain-specific
rubric datasets provide structured rubrics and scor-
ing rules, but not controlled static response banks
with labels for every response—criterion pair (Arora
et al., 2025; Gunjal et al., 2026). We therefore de-
rive PointRubric, a controlled pointwise benchmark
from OpenRubrics, and construct RaR-Science-
Static, a fixed response bank of similar format
based on RaR-Science, for evaluating the same
judge methods under the rubric-based RL format.

We compare three rubric-judging methods on
PointRubric and RaR-Science-Static using Qwen3
models from 0.6B to 8B parameters (Yang et al.,
2025): Generative verdicts, Yes/No Logprob scor-
ing, and hidden-state Probes. For each Probe, the
language-model backbone is frozen and only a
lightweight linear classifier is trained on GPT-40
criterion labels. Across both static settings, Probe
judges substantially outperform Generative and
Logprob judges, suggesting that even 1.7B-scale
models contain useful evaluative signals in their
hidden representations that Generative and Log-
prob scoring do not recover as reliably (Gisserot-
Boukhlef et al., 2026; Li et al., 2026).

We then use the Qwen3-1.7B Probe judge as
the reward model for GRPO in a controlled RaR-
Science science setup (Shao et al., 2024; Gunjal
et al., 2026). This Probe reward improves the
policy’s rubric score from 0.232 to 0.643, outper-
forming an 8B Generative judge reward baseline,
which reaches 0.594, while the 8B baseline requires

10.7x more reward-judge time at the comparison

checkpoint. Additional transfer experiments on

GPQA-Diamond and cross-domain rubric splits

show that the Probe signal is not limited to the

static training setting (Rein et al., 2024).

Our contributions are as follows:

* We construct two pointwise rubric-evaluation
datasets for studying small rubric judges:
PointRubric, adapted from OpenRubrics, and
RaR-Science-Static, built from RaR-Science to
match the rubric format in downstream RL.

* We compare Generative, Logprob, and Probe
judges on PointRubric and RaR-Science-Static.
Probe judges perform best, showing that small
models encode useful criterion-level evaluative
signals that are more reliably exposed through
hidden states than through generation.

* We use the Qwen3-1.7B Probe judge as the
GRPO reward model on RaR-Science, training
a policy from 0.232 to 0.643 on RaR-Science
rubric score, compared with 0.594 for an 8B
Generative judge reward baseline; the 8B Genera-
tive baseline requires 10.7x as much cumulative
reward-judge time.

2 Rubric Judging Task and Dataset

A key component of rubric-based RL is rubric judg-
ing: determining whether a model response satis-
fies a given rubric criterion. We first define the task
of pointwise rubric judging, where the judge evalu-
ates one response against one rubric item at a time
(§2.1). We then present the dataset design, review
why existing datasets are not directly suitable for
this setting, and describe how we adapt existing re-



Resource

Rubric criteria Multiple responses

Per-criterion labels Weighted rubric scores

FLASK (Ye et al., 2024)

HealthBench (Arora et al., 2025)
IF-RewardBench (Wen et al., 2026)
JudgeLM-100K (Zhu et al., 2025)

OpenRubrics (Liu et al., 2026)

RaR-Science / RaR-Medicine (Gunjal et al., 2026)
RewardBench (Lambert et al., 2025)
RubricBench (Zhou et al., 2026)

RubricEval (Pan et al., 2026)

v

PointRubric (ours)
RaR-Science-Static (ours)

N N N NN NENEN

NN O N N N N NP
NN X X X AOX X X NX

NN AX X X X X N X X

Table 1: Data requirements for pointwise rubric-based judge evaluation. PointRubric and RaR-Science-Static
provide explicit rubric criteria, multiple responses per prompt, per-criterion labels, and weighted rubric scores.

sources into pointwise rubric-judging benchmarks
(§2.2-§2.4).

2.1 Our Task: Pointwise Rubric Judging

Preference-based alignment methods (Ouyang
et al., 2022; Zheng et al., 2023; Lambert et al.,
2025) typically learn reward signals from pairwise
response comparisons: given a prompt and two can-
didate responses, a human annotator, reward model,
or LLM judge predicts which response better sat-
isfies the user’s intent. This formulation is useful
for learning relative preferences, but it collapses
all evaluation criteria into a single comparison. As
a result, it does not reveal which aspects of a re-
sponse are correct or incorrect.

Rubric-based RL instead specifies an explicit
rubric C(q) = {(¢;, wj)}?;ql, where each ¢; is a
natural-language criterion and wj is its aggrega-
tion weight. We therefore study pointwise rubric
judging: given a prompt ¢, a candidate response
y, and one rubric item c;, the judge takes (g, y, ¢;)
as input and predicts whether response y satisfies
criterion ¢;j. The judge may return either a binary
satisfaction label or a soft satisfaction score. These
item-level outputs are then aggregated with the
rubric weights to produce the scalar rubric score
used for evaluation or RL.

Pointwise rubric judging can still induce pair-
wise preferences by comparing the aggregated
scores of two responses under the same prompt
and rubric. However, unlike pairwise judging, it
preserves the rubric structure: it identifies which
criteria are satisfied or violated and supports direct
scalar reward computation. Appendix A.l gives
additional formal details and examples.

2.2 Dataset Design Overview

Existing rubric and reward-model datasets provide
useful supervision for judging model outputs. How-

ever, they are not directly designed for pointwise
rubric judging, where the judge must determine
whether a single response satisfies a single rubric
criterion and support reward computation from
these item-level decisions.

As shown in Table 1, our setting requires four
components: explicit rubric criteria as judge tar-
gets, multiple responses under the same prompt
and rubric, per-criterion satisfaction labels, and
a weighted scoring rule for aggregating criterion-
level judgments into scalar rewards. Existing re-
sources cover parts of this design, but usually lack
criterion-level labels, controlled response banks, or
the weighted aggregation structure used in rubric-
based RL. We therefore use two evaluation set-
tings: PointRubric, a new pointwise benchmark de-
rived from OpenRubrics, and RaR-Science-Static,
a fixed response bank built from RaR-Science for
static judge evaluation.

2.3 PointRubric Construction

PointRubric evaluates criterion-level rubric judg-
ing. It is derived from OpenRubrics, which pro-
vides general-domain prompts and detailed natural-
language rubrics. Since the original supervision
is pairwise and does not label criterion-level satis-
faction, we add new candidate responses and per-
criterion labels to convert OpenRubrics into a con-
trolled pointwise benchmark.

Rubric standardization. We sample 3,000
OpenRubrics questions with explicit hard-rule con-
straints. We rewrite each one into six criteria: two
hard criteria for mandatory constraints and four
soft criteria for response quality. This fixed format
gives all prompts the same criterion and weight
structure while preserving the distinction between
required constraints and softer quality dimensions.
A manual audit found that 47 of 50 sampled trans-



formations preserved the original rubric’s core in-
tent; further results and examples are provided in
Appendix A.3.

Response roles. For each prompt, we generate
four candidate responses under the same rubric: a
full-score response, a low-score response, a rubric-
guided partial response, and an unguided response.
These roles are not treated as four ordinal qual-
ity bins. Instead, the full-score and low-score re-
sponses provide fixed anchors, while the partial
and unguided responses introduce broader interme-
diate variation under the same prompt and rubric.
In the final benchmark, full-score responses all re-
ceive score 10, low-score responses all fall in the
0-3 score range, and the partial and unguided re-
sponses cover broader score distributions. We then
use GPT-40 (OpenAl, 2024) as the operational ref-
erence judge to assign a binary satisfaction label to
every response—criterion pair.

Final benchmark. After filtering and validation,
PointRubric contains 1,042 questions, 4,168 re-
sponses, and 25,008 response—criterion labels. For
evaluation, we use a question-level split of 417
training questions, 104 development questions, and
521 held-out questions, so all responses to the
same prompt remain within a single split. Ap-
pendices A.2—A.6 give construction details; Ap-
pendix F gives a concrete example for PointRubric.

2.4 RaR-Science-Static

RaR-Science-Static complements PointRubric by
testing the same pointwise judge methods in the
downstream science-domain rubric format. It
is built from RaR-Science, which uses instance-
specific rubrics with variable numbers of criteria
and absolute criterion weights (Gunjal et al., 2026).
Unlike the RL experiments in §5, RaR-Science-
Static is used only for static judge evaluation.

Response bank and split. RaR-Science-Static
contains 1,500 randomly sampled science ques-
tions. Each question keeps the original RaR-
Science reference answer and receives one addi-
tional candidate response generated by greedy de-
coding from Qwen3-4B (Yang et al., 2025), giv-
ing 3,000 candidate responses evaluated under the
same rubric. The rubrics contain between 6 and 11
criteria, with an average of 7.52 criteria per ques-
tion. For evaluation, we use a fixed split of 1,000
training questions, 200 development questions, and
300 test questions.

Reference labels and aggregation. We apply
the same pointwise labeling protocol used for
PointRubric: GPT-40 assigns a binary satisfaction
label to each response—criterion pair. Scalar scores
use the original RaR-Science criterion weights after
converting pitfall criteria into the same satisfaction-
label interface. Specifically, pitfall criteria with
negative raw weights are treated as avoidance cri-
teria, and scalar scores are aggregated with ab-
solute weights so that higher satisfaction always
corresponds to better rubric compliance. Appen-
dices A.7 and A.8 give the response-bank construc-
tion and aggregation details; Appendix F also con-
tains a concrete example of RaR-Science-Static.

2.5 Reference Labels and Human Audit

Both data settings use GPT-40 as the operational
reference judge for per-criterion labels. We treat
these labels as an operational reference target
rather than as human ground truth. The purpose
of the benchmark is to test whether smaller lo-
cal judges can approximate an expensive rubric-
grading pipeline, so the human audit is a reliability
check on this target rather than a replacement for
larger human evaluation.

We manually audit 100 sampled responses from
the held-out PointRubric split, covering 600 deci-
sions and 50 paired response comparisons. The
audit achieves 90.9% weighted criterion agree-
ment with GPT-4o0 and 96.0% pairwise preference
agreement. Disagreements are concentrated in
softer qualitative criteria, such as completeness,
specificity, and clarity, rather than hard factual or
constraint-following criteria. Appendix A.9 gives
the audit protocol and additional examples.

3 Rubric-Judge Methods

We now describe how each small language model
is used as a rubric judge. All methods receive
the same item-level input (¢, y, c;): a prompt, a
candidate response, and one rubric criterion. Each
method predicts whether the response satisfies
the criterion, either as a binary verdict or as a
satisfaction probability. The resulting criterion-
level outputs are aggregated with the same rubric
weights. We compare three scoring methods: Gen-
erative, Logprob, and Probe. We also use SFT as a
post-training test, then apply the same three meth-
ods to the SFT backbone. Table 2 summarizes the
method matrix. Complete prompt templates used
throughout the study are provided in Appendix E.



Method LM tuned? Head? Output RL use
Generative X % Binary verdict Baseline
Logprob X % Satisfaction probability -
Probe X v Satisfaction probability Main
SFT Generative v X Binary verdict -
SFT Logprob v % Satisfaction probability -
SFT Probe v V' Satisfaction probability -

Table 2: Rubric-judge method matrix. All methods use
the same item-level input (¢, y, ¢;) and the same rubric-
weight aggregation rule. SFT changes the backbone
state, while Generative, Logprob, and Probe define the
criterion-level readout.

3.1 Scoring Methods

We compare three ways to extract criterion-level
satisfaction signals from the same language-model
backbone: generating a verdict, scoring fixed ver-
balizers, and probing hidden states.

Generative Judges. Generative judges prompt
the language model to produce a binary satisfac-
tion verdict for one criterion. Parsed verdicts are
aggregated with the rubric weights. Outputs that
cannot be parsed into the required binary format
are treated as invalid predictions.

Logprob Judges. Logprob judges replace ver-
dict generation with forced-choice scoring. Given
the same item-level input, the model is asked to
score the next-token probabilities of the fixed ver-
balizers “Yes” and “No” under the criterion prompt
and compute their log-probability margin:

A] = IOgP(YeS | Q7yacj) - IOgP(NO | Qayacj)'

Binary static metrics threshold this margin at
0. Scalar rubric aggregation uses the soft score
pi(q,y) = o(A;). This method avoids parsing
generated text. Appendix B.1 gives the verbalizers
and scoring details.

Probe Judges. Probe judges test whether hid-
den states encode the rubric judgment even when
the model may not express it reliably through
generated text (Li et al., 2026). We render the
same single-criterion prompt, keep all language-
model parameters frozen, and extract the final non-
padding-token hidden state h(q,y, ¢;) at layer £.
Only a lightweight linear classifier head is trained,
using binary cross-entropy to predict the GPT-40
criterion label from this representation. Layer se-
lection and the binary threshold use the develop-
ment split. Scalar rubric scores and RL rewards
use the unthresholded satisfaction probability. Ap-

pendix B.2 gives the training and calibration de-
tails.

3.2 Post-training with Supervised Fine-tuning

Supervised fine-tuning (SFT) is our post-training
test: it asks whether training a backbone to predict
rubric verdicts makes it a better rubric judge. Each
training example contains a prompt, a candidate re-
sponse, the complete rubric, and the corresponding
vector of GPT-40 Yes/No verdicts, following stan-
dard supervised instruction tuning (Ouyang et al.,
2022). After SFT, we evaluate the resulting back-
bone with the same item-level Generative, Log-
prob, and Probe methods used for the base model.
Therefore, SFT Generative, SFT Logprob, and SFT
Probe differ from the corresponding base rows only
in the backbone parameters, not in the scoring pro-
cedure. Appendix B.3 gives the SFT data format
and evaluation setup.

4 Static Rubric-Judge Evaluation

Q1: Can 1.7B models serve as criterion-level
rubric judges, and which readout works best?

Before using a rubric judge as an RL reward model,
we first evaluate whether small LMs can approxi-
mate criterion-level judgments on fixed response
banks. Specifically, each judge receives a question,
candidate response, and rubric criterion, and pre-
dicts whether the response satisfies that criterion.
We compare three readouts from the same Qwen3
backbones: Generative verdicts, Yes/No Logprob
scoring, and hidden-state Probes. All methods are
evaluated against GPT-40 (OpenAl, 2024) criterion
labels as the operational reference.

4.1 Experiment Setup

We evaluate Qwen3 judge backbones at four scales:
0.6B, 1.7B, 4B, and 8B parameters (Yang et al.,
2025). For each backbone, we compare Genera-
tive, Logprob, and Probe judges, using both base
and SFT models when applicable. All methods
are evaluated on the same held-out question splits,
and trained or calibrated components use only the
corresponding training and development data. Ap-
pendix B.4 defines the static criterion-satisfaction
target and explains how binary verdicts, probabili-
ties, and scalar rubric scores are computed.

We report one primary metric for each data
setting. On PointRubric, the headline metric is
weighted criterion accuracy, matching its hard/soft
criterion weighting. On RaR-Science-Static, the



PointRubric RaR-Science-Static
Base model SFT model Base model SFT model
Model Generative Logprob Probe Generative Logprob Probe Generative Logprob Probe Generative Logprob Probe
Qwen3-0.6B 0.370 0.582  0.802 0.560 0.604  0.820 0413 0433 0.793 0.607 0.605  0.796
Qwen3-1.7B 0.518 0.766  0.875 0.902 0.713  0.845 0.443 0.449  0.835 0.708 0.520 0.828
Qwen3-4B 0.790 0.893 0913 0.808 0.892  0.906 0.496 0.738  0.851 0.673 0.794  0.845
Qwen3-8B 0.888 0.907 0914 0.846 0.895 0912 0.609 0.756  0.864 0.642 0.754  0.861

Table 3: Static evaluator results on held-out splits. PointRubric values are weighted criterion accuracy with four
candidate responses per question; RaR-Science values are criterion-level macro-F1 against GPT-40 labels with two
candidate responses per question. Bold marks the best method for each model size within each benchmark.

headline metric is criterion-level macro-F1, since
the downstream rubric setting has variable rubric
lengths, weights, and label balance. Complemen-
tary metrics are reported in Appendix B.7.

4.2 Static Judge Results

Table 3 compares three ways of extracting criterion-
level judgments from the same Qwen3 backbones.

PointRubric shows that small models can per-
form pointwise rubric judging when the bench-
mark format is controlled. Base generative
judge improves with scale, from 0.370 weighted
criterion accuracy at 0.6B to 0.888 at 8B. SFT is
especially effective for the 1.7B generative judge,
which reaches 0.902, showing that a small model
can learn the explicit Yes/No criterion-verdict for-
mat in this controlled setting.

On RaR-Science-Static, the readout method
matters more than model size alone. For the
same 1.7B base backbone, Generative and Logprob
reach only 0.443 and 0.449 macro-F1, while Probe
reaches 0.835. This suggests that useful rubric-
satisfaction information is present in the model’s
hidden states but is not recovered reliably by Gen-
erative or Logprob scoring. An item-level com-
parison supports this interpretation: among 4,518
held-out criterion decisions, 33.0% are correct only
under Probe, whereas 7.8% are correct only under
Generative. Appendix B.6 reports the complete
error decomposition and representative examples
of both error directions.

Probe is the strongest readout on RaR-Science-
Static across all model sizes. The 1.7B Probe
reaches 0.835 macro-F1, compared with 0.864 for
the 8B Probe, while remaining substantially smaller
than the 8B Generative judge baseline used later in
RL. This makes Qwen3-1.7B Probe the natural can-
didate for the RL reward experiments: it is much
smaller than the 8B Generative judge baseline

while retaining strong criterion-level agreement on
the downstream rubric format. Under response-
generator shift, the unchanged 1.7B Probe reaches
0.741 macro-F1 on an extended 1,200-response
bank with Mistral-7B-Instruct-v0.3 and OLMo-
2-1124-7B-Instruct responses (Jiang et al., 2023;
Team OLMo et al., 2025), versus 0.394 for Gen-
erative and 0.424 for Logprob. Appendix A.7 re-
ports the protocol and complementary metrics; Ap-
pendix B.8 gives confidence intervals for Table 3.

Comparison with a pairwise rubric reward
model. Rubric-RM is designed to predict prefer-
ences between response pairs rather than criterion-
level scores for individual responses (Liu et al.,
2026). We therefore evaluate it as a static com-
patibility baseline on GPT-40 non-tied pairs, using
the scalar scores from our pointwise judges to in-
duce comparable pairwise rankings. The Qwen3-
1.7B Probe reaches pairwise accuracies of 0.924
on PointRubric and 0.888 on RaR-Science-Static.
Across Rubric-RM-4B and Rubric-RM-8B, the
best corresponding accuracies are 0.322 and 0.487
when parse failures are counted as incorrect, or
0.575 and 0.670 when evaluation is restricted to
parseable outputs. These results show that Rubric-
RM captures useful pairwise signal when its out-
puts are parseable, but its pairwise interface and
frequent formatting failures prevent it from serving
as a direct criterion-level reward in our RL pipeline.
Appendix B.5 reports the per-model results, parse
rates, and evaluation conventions.

4.3 Selecting the Probe Configuration for RL

Table 4 studies the data efficiency and readout de-
sign of Qwen3-1.7B Probes on RaR-Science-Static.
The linear last-token probe is already strong with
limited supervision, reaching 0.805 macro-F1 with
100 training questions and 0.834 with 1,000 train-
ing questions. The architecture variants provide
only modest gains: MLP heads and last-4-layer



Ablation Probe setting # Train q. Macro-F1

Linear, last token 50 0.767

Linear, last token 100 0.805

Data Linear, last token 250 0.818
Linear, last token 500 0.828

Linear, last token 1000 0.834

Linear, last token 1000 0.834

MLP-32, last token 1000 0.834

Design ~ MLP-64, last token 1000 0.840
Linear, mean pooling 1000 0.761

Linear, last-4-layer mean 1000 0.839

Table 4: Qwen3-1.7B Probe ablations on RaR-Science-
Static. Data rows vary the number of training questions
for the linear last-token probe. Design rows use 1,000
training questions and compare alternative heads and
pooling strategies.

averaging are close to the linear last-token probe,
while mean pooling is substantially worse. We use
the same linear last-token design for the main RL
reward, fitted separately on 450 training and 50 de-
velopment responses as described in Appendix B.2.
It is simpler, nearly matches the strongest ablations,
directly produces criterion-level probabilities, and
avoids generated-verdict parsing. The full layer
sweep in Appendix B.9 shows that layer selection
lies on a broad late-layer plateau rather than a sin-
gle isolated optimum. This configuration gives
a compact reward judge, so Section 5 evaluates
whether it remains useful inside the RL loop as an
online reward model.

5 Probe-Based Rubric Rewards for RL

Section 4 selects Qwen3-1.7B Probe as a compact
criterion-level judge. We now test whether this
judge remains useful when used inside the RL loop,
whether the learned signal transfers beyond the
exact training setting, and how its quality-efficiency
tradeoff compares with a larger generative judge.

5.1 Matched RL Protocol and Results

Q2: Can the selected probe judge be used as
an RL reward model?

We test whether the selected Qwen3-1.7B Probe
can serve as the reward model for rubric-based RL.
All controlled runs train the same Qwen3-4B-Base
actor with GRPO (Shao et al., 2024) on the same
RaR-Science training set. The actor, optimizer,
schedule, response budget, aggregation rule, and
final GPT-40 evaluator are fixed; only the reward
judge changes. Full configuration details are given

Reward model Method  RaR-Science score Score gain
Base actor, no RL — 0.232 -
Qwen3-0.6B Probe 0.562 +0.330
Qwen3-1.7B Probe 0.643 +0.411
Qwen3-4B Probe 0.588 +0.356
Qwen3-8B Probe 0.506 +0.274
Qwen3-8B Generative 0.594 +0.362

Table 5: Matched Reward-model Comparison on RaR-
Science. All non-base rows train the same Qwen3-4B-
Base actor with the same GRPO configuration and are
evaluated by the same GPT-40 rubric evaluator. The
only experimental variable is the reward judge.

Policy GPQA-Diamond acc. A
Base actor 0.335 + 0.023 -
Probe-reward policy 0.388 + 0.037 +0.053

Table 6: Policy transfer to GPQA-Diamond. Accu-
racy is averaged over four evaluation runs on the 198-
question GPQA-Diamond split, where in each run, the
answer options are shown in a different order. The
probe-reward policy is trained on RaR-Science using
the Qwen3-1.7B Probe reward.

in Appendix C.1, and development checks are sum-
marized in Appendix C.6.

The Qwen3-1.7B Probe reward produces the
strongest trained policy. Table 5 reports the con-
trolled reward-model comparison. Starting from
the same base actor, the Qwen3-1.7B Probe reward
improves the final RaR-Science rubric score from
0.232 to 0.643. Under the same training and eval-
uation protocol, the larger Qwen3-8B Generative
reward reaches 0.594. Thus, the compact Probe re-
ward trains a higher-scoring policy than the larger
Generative judge in this matched RL setting. Ap-
pendix C.2 reports bootstrap confidence intervals,
and Appendix C.3 gives representative policy im-
provements and failure cases.

Downstream reward utility does not exactly fol-
low static judge accuracy. Although the 4B
and 8B Probes achieve slightly higher fixed-bank
macro-F1 in Table 3, the 1.7B Probe produces the
strongest externally evaluated policy after GRPO.
On-policy reward diagnostics suggest a possible
explanation: the larger Probes assign more satu-
rated rewards to actor rollouts, reducing the within-
group reward variation available to GRPO. We
therefore select the reward judge by downstream
policy improvement under the controlled RL pro-
tocol. Appendix C.3 reports the corresponding
reward-distribution and saturation statistics.



Train Eval Macro-F1 Score MAE Pearson
Science  Science 0.754 0.187 0.720
Science  Medicine 0.718 0.091 0.789
Medicine Medicine 0.782 0.140 0.620
Medicine Science 0.702 0.240 0.580

Table 7: Static judge transfer across rubric domains.
Probes are trained on source-domain criterion labels
and evaluated against GPT-40 criterion labels on the
target domain without target-domain fitting.

A blind human audit supports the main pol-
icy comparison. The probe-reward policy is pre-
ferred over the base actor on 72 out of 100 exam-
ples, while GPT-4o0 rubric preference favors the
probe policy on 80 out of the same 100 pairs. After
excluding human Tie/Unsure labels and GPT-40
exact ties, human and GPT-40 preferences agree
on 69 of 72 cases (95.8%). Among the 13 human
ties, GPT-40 also assigns similar scores: 7 have an
absolute score gap at most 0.05, and 11 have a gap
below 0.20. These checks support the operational
GPT-4o0 target rather than replacing a larger human
evaluation. Appendix C.5 gives the audit protocol,
tie analysis, and reference-judge validation.

5.2 Transfer Results

Q3: Does the learned signal transfer beyond
the RaR-Science training setting?

We evaluate transfer in two ways: whether the pol-
icy trained with the probe reward improves outside
the RaR-Science rubric format, and whether the
Qwen3-1.7B Probe’s criterion-satisfaction signal
transfers from science rubrics to medical rubrics
without target-domain fitting. The evaluation pro-
tocols are defined in Appendix D.

Table 6 compares the base Qwen3-4B actor with
the policy trained using the Qwen3-1.7B Probe
reward. On 198 GPQA-Diamond questions (Rein
et al., 2024) across four answer-order runs, the
probe-reward policy improves accuracy from 0.335
to 0.388, suggesting that the policy improvement
can generalize beyond the RaR-Science rubric-
scoring format.

Table 7 evaluates whether the probe’s criterion-
satisfaction signal transfers across domains. A
Qwen3-1.7B linear probe trained on RaR-Science
criterion labels reaches 0.718 macro-F1 on RaR-
Medicine without Medicine labels for fitting. This
is below the Medicine-trained in-domain probe,
but shows that the RaR-Science-trained probe

retains meaningful criterion-level agreement un-
der a different rubric distribution.

5.3 Efficiency-Quality Results

Q4: What is the efficiency-quality tradeoff
compared with a Generative judge?

Table 8 compares the two reward judges in the
matched RL comparison: Qwen3-1.7B Probe and
Qwen3-8B Generative. The actor, training data,
GRPO configuration, response budget, rubric ag-
gregation rule, and external GPT-40 evaluator are
fixed; only the reward judge changes. The RL re-
ward Probe is trained once on 500 GPT-40-labeled
responses (3,766 criterion labels; approximately
$2.43). The frozen Probe can then be reused for
subsequent RL runs in the same rubric setting with-
out further GPT-4o0 calls or recalibration. At reward
time, the Probe requires substantially less judging
computation. By the comparison checkpoint, Gen-
erative requires 89,912.1 seconds of cumulative
judge time versus 8,389.9 seconds for Probe, a
10.7x ratio. On validation, Generative takes 492.0
seconds versus Probe’s 31.1 seconds (15.8x).

The efficiency result should be read with pol-
icy quality. Probe reaches a higher RaR-Science
score, 0.643 versus 0.594, while using 2.33 judge-
hours instead of 24.98 judge-hours. The wall-clock
reduction is smaller because reward calls are par-
allelized and actor rollout, reference-model scor-
ing, optimization, and checkpointing remain in the
loop. The key result is not only lower judge cost:
the Probe reward produces the stronger policy
while requiring substantially less reward-judge
computation. Appendix C.4 gives the timing defi-
nitions and training-only calculation.

6 Related Work

Rubric-based RL. Reinforcement learning with
verifiable rewards works well when correctness
can be checked by rule-based verifiers (Le et al.,
2022; Shao et al., 2024; Wen et al., 2025; Guo
et al., 2025). Open-ended tasks require broader
feedback, motivating rubric-style evaluation, rubric
resources, and rubric-based RL (Arora et al., 2025;
Liu et al., 2026; Gunjal et al., 2026; Shao et al.,
2026). RaR-Science is closest to our downstream
setting because it uses instance-specific science
rubrics as scalar rewards for policy optimization
(Gunjal et al., 2026). Our work keeps the reward
formulation fixed and studies the judge that applies



Reward judge Cumulative judge time  Validation judge time RL elapsed time RaR-Science score
Qwen3-1.7B Probe 2.33h 31.1s 8h 51m 47s 0.643
Qwen3-8B Generative 24.98h 492.0s 11h 11m 56s 0.594
Generative / Probe ratio 10.7 x 15.8 % 1.26x -

Table 8: Efficiency-quality comparison for the Qwen3-1.7B Probe judge and the generative baseline. Judge time is
measured through the same checkpoint used in Table 5. Policy quality for both runs is measured by GPT-40. The
Generative judge requires 10.7 x as much cumulative judge time while producing a lower-scoring policy.

the rubric, replacing repeated calls to a large judge
with a smaller criterion-level evaluator.

LLM-as-a-judge and small evaluators. LILM-
as-a-judge methods use language models to score,
compare, or critique open-ended responses (Zheng
et al., 2023; Liu et al., 2023b; Ma et al., 2025;
Gu et al., 2026). Trained open judges extend this
idea by fine-tuning models for evaluation (Wang
et al., 2024; Li et al., 2024; Kim et al., 2024b; Zhu
et al., 2025). Examples of related rubric-oriented
evaluators include LLM-Rubric, which studies
calibrated multidimensional evaluation (Hashemi
et al., 2024), and works such as FLAMe and
Prometheus, which train open autoraters for rubric-
or instruction-conditioned evaluation (Vu et al.,
2024; Kim et al., 2024a). Recent evaluator bench-
marks study reward-model and judge reliability
across evaluation formats (Lambert et al., 2025;
Zhao et al., 2025; Wen et al., 2026). Work on
compact evaluators and hidden-state judges further
suggests that smaller models can contain useful
evaluative signals even when generation is weak
(Liu et al., 2023c; Alexandru et al., 2025; Li et al.,
2026; Gisserot-Boukhlef et al., 2026). Our work
differs by keeping the language-model backbone
frozen, training only a lightweight criterion clas-
sifier, and using its satisfaction probabilities as re-
peated rewards for rubric-based RL.

7 Conclusion

We study whether small LMs can serve as criterion-
level rubric judges for rubric-based RL. We de-
rive PointRubric from OpenRubrics and construct
RaR-Science-Static from RaR-Science to test the
evaluation capabilities of small judges. Across
both datasets, Probe judges perform best, show-
ing that 1.7B-scale models encode useful rubric-
satisfaction signals in hidden states. When used as
an RL reward model, the Qwen3-1.7B Probe judge
trains a policy that outperforms an 8B Generative
judge reward baseline while using far less judge
time. Transfer experiments evaluate both policy

transfer and judge transfer: the Probe-reward pol-
icy improves GPQA-Diamond accuracy, while a
RaR-Science-trained Probe retains criterion-level
agreement on RaR-Medicine. Overall, small Probe
judges provide an effective and efficient reward
model for rubric-based RL.

Limitations

Our supervised target is GPT-40 criterion scoring,
not direct human ground truth. This matches the
operational goal of the paper: approximating the
expensive rubric judge used in the studied rubric-
RL pipeline. Human preference comparisons and
independent rescoring in Appendix C support the
validity of this target in our setting, but broader
human evaluation would be needed to characterize
agreement across tasks and domains.

Our strongest evidence is on RaR-Science ques-
tions, with additional checks on GPQA-Diamond
and RaR-Medicine. These results show useful
transfer beyond the calibration setting, but do not
imply domain-invariant rubric judgment. New
domains, especially dialogue, long-form instruc-
tion following, or safety-critical expert settings,
may require additional calibration and validation.
Similarly, the RL experiments control the actor,
reward aggregation, and training configuration,
but cover one policy family and one rubric-RL
setup; we therefore treat the human audit and
independent-reference checks as setting-specific
evidence against reward overoptimization.

Finally, the efficiency results are measurements
of our implementation and hardware. We report
cumulative judge time, validation reward time, and
elapsed RL time from matched runs. The judge-
time advantage is larger than the wall-clock ad-
vantage because reward calls are parallelized and
other RL costs remain in the loop, so the reported
ratios should be interpreted as empirical measure-
ments for this setup rather than universal serving
constants.



Ethical considerations

This work reuses two public research datasets,
OpenRubrics and RaR-Science (Liu et al., 2026;
Gunjal et al.,, 2026). We use these resources
for research on rubric judging and cite the orig-
inal papers. PointRubric is derived from Open-
Rubrics, and RaR-Science-Static is derived from
RaR-Science by adding a fixed response bank and
reference labels for static judge evaluation. We
do not claim ownership of the original prompts,
rubrics, or reference answers. Any released version
of our derived data should retain the original source
attribution and follow the usage terms provided by
the original dataset authors.

The datasets contain model prompts, rubrics, ref-
erence answers, and model responses. We do not
collect or add private user data, demographic at-
tributes, or personal identifiers. During construc-
tion and validation, we manually inspected sam-
pled examples and generated responses for obvious
personally identifying information and unsafe or
offensive content. We did not intentionally retain
any newly introduced personal identifiers. Because
PointRubric and RaR-Science-Static are derived
from public research datasets and model-generated
responses, residual unsafe, biased, sensitive, or
offensive content may still be inherited from the
source artifacts or produced by models. We there-
fore treat the derived artifacts as research-only eval-
uator resources, and our benchmark should not be
treated as a guarantee that a judge is safe for de-
ployment.

We conduct two small human audits: one au-
dit of PointRubric reference labels and one blind
pairwise audit of the main RL comparison. Anno-
tators are asked only to evaluate model responses
against provided rubrics or to compare two model
responses. The annotators were members of the
research team, so no external recruitment or pay-
ment was involved. The tasks do not ask annota-
tors to disclose personal information, and we store
and report only aggregate agreement or preference
statistics. The audits are used as reliability checks
for the operational GPT-4o reference target, not
as standalone human preference datasets or as a
replacement for broader human evaluation.
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A PointRubric Construction and Rubric
Scoring

A.1 Pointwise and Pairwise Rubric Scoring

Let g denote a prompt, y a candidate response, and
C(q) = {¢j }Tz‘ll the rubric for ¢. Each criterion ¢;
is associated with a nonnegative weight w;, with
> ; w; > 0 for every rubric. In settings with hard
and soft criteria, w; is obtained by mapping the
criterion type to a fixed weight; in settings with
absolute rubric weights, w; is given directly by
the rubric. A pointwise rubric label is a criterion-
satisfaction judgment

zj(q,y) € {0, 1},

where z;(q,y) = 1 means that response y satisfies
criterion ¢; for prompt g. A probabilistic judge
instead returns p;(q,y) € [0, 1], interpreted as the
probability that c; is satisfied.

The normalized rubric score for a response is

i wizi(4,y)

Z;‘n:(ﬁ w;

or, for probabilistic judges,

R(q,y) =

- > wipi(a,y)
R(q,y) = Mg :
Zj:l wj

This aggregation preserves the rubric structure
while producing the scalar reward required for re-
inforcement learning.

A pairwise preference between two responses
Yo and yp to the same prompt can be induced from
pointwise rubric scores:

Yo =q U = R(q,ya) > R(q, ),

with ties defined when the two normalized scores
are equal. Pairwise labels are therefore recoverable
from pointwise rubric labels when the same rubric
is applied to both responses. The reverse is not
true: a pairwise preference does not identify which
criteria were satisfied or violated. Pointwise labels
are therefore richer for rubric-based RL because
they preserve the criterion-level reward structure
used to compute rewards, analyze criterion-level
errors, and train reward readouts without collapsing
the rubric to a single preference label.

For example, suppose a rubric contains one crite-
rion requiring the final answer and another requir-
ing supporting reasoning. A response may satisfy

Stage Count Criterion
Candidates 3,000 Two sampled construction
passes

Unique questions
Full-score answer
Low-score answer
Intermediate answer

2,902 Before filtering

2,432 Answer 1 score = 10

1,566 Also answer 2 score < 3

1,061 Also some answer score in
2,8]

1,045 Deduplicated by question ID

1,042 Canonical benchmark used in
all experiments

Unique after filters
Frozen PointRubric

Table A.1: PointRubric construction stages. Counts are
computed over completed construction artifacts. The
final row gives the frozen benchmark artifact used for
all experiments.

the final answer criterion while failing the reason-
ing criterion. Pointwise labels retain this distinc-
tion, whereas a pairwise label only states whether
that response is preferred to another response under
the aggregate score.

A.2 PointRubric Construction Details

Table A.1 summarizes the construction procedure.
We sample question records from OpenRubrics
(Liu et al., 2026) whose original rubrics contain
explicit hard requirements, then refine each rubric
into a fixed six-criterion format with two hard cri-
teria and four soft criteria. We use GPT-40 for
rubric refinement and reference grading. The fi-
nal benchmark is obtained by retaining questions
whose generated response set spans full-score, low-
score, and intermediate rubric outcomes.

A.3 Rubric-Transformation Audit

We manually audited 50 transformations sampled
uniformly from the construction data with seed
42. For each example, we compared the orig-
inal question and OpenRubrics Hard Rules and
Principles with the standardized two-hard/four-soft
rubric, without reference to generated responses
or criterion labels. The audit assessed whether
the transformation preserved the core rubric intent,
avoided unsupported requirements, and produced
a reasonable hard/soft decomposition. Because
the transformation compresses rubrics into a fixed
structure, preservation was evaluated at the level of
substantive intent rather than one-to-one retention
of every original Principle.

Of the 50 transformations, 47 preserved the core
rubric intent, all 50 avoided unsupported additions,
and 49 produced a reasonable hard/soft decomposi-
tion. The three intent-preservation failures involved



requirements omitted during compression rather
than newly introduced requirements.

Representative transformations. In a faithful
Python/Celery example, the original hard rules re-
quire activating a Python 3.8 environment and pro-
viding the exact Celery 5.2.7 installation command
with Redis support. The standardized rubric retains
both requirements as hard criteria and consolidates
the original compatibility, troubleshooting, and ver-
ification Principles into four soft criteria without
changing the core grading intent.

In an imperfect browser-game example, the orig-
inal rubric explicitly requires the core interactive
mechanics of a Rocket League—style implementa-
tion. The standardized rubric retains the browser
implementation, dependency, structure, usability,
and code-correctness requirements, but does not
retain an explicit criterion for those mechanics. We
therefore mark this transformation as not preserv-
ing the complete rubric intent. These examples
illustrate both the intended compression and its
principal failure mode.

A.4 PointRubric Response Roles

Table A.2 describes the four responses associated
with each question. The responses should not be
interpreted as four ordinal quality levels. Instead,
PointRubric fixes one full-score response and one
low-score response, then includes two additional
comparison responses whose observed scores vary.

A.5 PointRubric Evaluation Protocol and
Metrics

For judge methods that require training or calibra-
tion, we use a fixed question-level split so that
responses to the same question never appear in
both calibration and held-out evaluation. Frozen
or zero-shot judges can be evaluated on the full
benchmark.

The primary PointRubric metric is weighted cri-
terion accuracy, using weight 3 for hard criteria and
weight 1 for soft criteria. Complementary static
metrics include parse success, unweighted crite-
rion accuracy, macro-F1, balanced accuracy, MCC,
scalar-score error, score correlation, and induced
pairwise ordering accuracy.

A.6 Reference Judge and Construction
Prompts

We use GPT-40 (OpenAl, 2024) as the construc-
tion and reference judge for PointRubric. During

benchmark construction, GPT-5 (OpenAl, 2025b)
frequently refused or failed to produce responses
with the designated quality level, especially de-
liberately low-scoring or partially compliant an-
swers. Since PointRubric requires controlled varia-
tion across responses to the same prompt, we used
GPT-4o for rubric refinement, designated-quality
response generation, and criterion-level grading.
For consistency, all subsequent PointRubric judge
comparisons use the same GPT-4o reference la-
bels. The rubric-refinement, answer-generation,
and grading prompts are provided for reproducibil-
ity in Appendix E.

A.7 RaR-Science-Static Response Bank and
Splits

RaR-Science-Static is the fixed response bank used
for static judge evaluation under the RaR-Science
rubric format. It contains 1,500 science questions
sampled from RaR-Science (Gunjal et al., 2026).
Each question is paired with two candidate re-
sponses: the original dataset reference answer and
a greedy Qwen3-4B response (Yang et al., 2025).
The resulting bank contains 3,000 candidate re-
sponses. The rubrics are instance-specific; in RaR-
Science-Static, they contain between 6 and 11 cri-
teria, with an average of 7.52 criteria per question.
For trained or calibrated static methods, we use a
fixed question-level split: 1,000 training questions,
200 development questions, and 300 held-out ques-
tions. The held-out split contains 600 candidate
responses. Splitting is performed by question, so
no responses to the same question appear in both
calibration and evaluation. Generative and Logprob
judges do not require fitting, but they are evaluated
on the same held-out questions for comparability.

Extended held-out response bank. To test
response-generator shift, we extend the 300-
question held-out bank with greedy responses from
Mistral-7B-Instruct-v0.3 and OLMo-2-1124-7B-
Instruct (Jiang et al., 2023; Team OLMo et al.,
2025). Together with the original reference answer
and greedy Qwen3-4B response, this gives four
responses per question and 1,200 response-level
examples. All added responses are labeled by GPT-
40 using the same criterion-level protocol. The
training and development data, Probe parameters,
layer, and threshold remain unchanged.

The extended bank is more difficult than the orig-
inal two-response bank, but the readout ranking
remains unchanged. The unchanged Probe retains



ID Role Rubric visible

Generator in final artifact

Retention status

1 Full-score response Yes GPT-40 (1,042) Required to receive total score
10.

2 Low-score response Yes GPT-40 (1,042) Required to receive total score at
most 3.

3 Partial-compliance response  Yes

4 Unguided response No

GPT-40 (764), GPT-4.1-nano
(OpenAl, 2025c¢) (278)
GPT-4.1-nano (1,042)

Additional comparison response;
broad observed score range.
Additional comparison response;
natural score variation without
rubric access.

Table A.2: Response roles in PointRubric. Counts reflect the final benchmark artifact.

ID Mean 0-3 46 79 10

1 10.00 0 0 0 1,042
2 0.89 1,042 0 0 0
3 6.39 89 461 367 125
4 8.47 44 117 395 486

Table A.3: Observed GPT-40 rubric-score distribution
by response ID in the final PointRubric benchmark.
Scores range from 0 to 10 under hard-rule weight 3
and soft-rule weight 1.

Split Questions  Responses  Criterion labels
Train 417 1,668 10,008
Development 104 416 2,496
Held-out 521 2,084 12,504
Total 1,042 4,168 25,008

Table A.4: Question-level PointRubric split used for
calibrated or trained judge methods, after validating all
criterion labels.

stronger criterion agreement, scalar-score correla-
tion, and score accuracy on responses from the
additional model families.

A.8 RaR-Science-Static Reference Labels and
Aggregation

We use GPT-40 (OpenAl, 2024) as the operational
reference judge for RaR-Science-Static. The refer-
ence judge assigns one Yes/No verdict per rubric
criterion for each candidate response. The final
reference-scoring run parses successfully for all
3,000 candidate responses.

For scalar-score metrics, RaR-Science-Static
uses the original RaR-Science rubric weights af-
ter converting all criteria into a satisfaction-label
interface. Some RaR-Science criteria are pitfall
criteria with negative raw weights. We interpret
these as avoidance criteria: satisfying the criterion
means that the response avoids the pitfall. We there-
fore aggregate with absolute weights so that higher

Judge Macro-F1 Agreement Pearson MAE Parse rate
Generative 0.394 0.523  0.130 0.471 0.950
Logprob 0.424 0.538  0.404 0.405 1.000
Probe 0.741 0.746  0.683 0.224 1.000
Table A.5: Qwen3-1.7B judge results on the ex-

tended RaR-Science-Static held-out bank. Agreement
is criterion-level agreement; Pearson and MAE are com-
puted over weighted scalar rubric scores.

criterion satisfaction always corresponds to better
rubric compliance:

Bla.y) = > lwjl pi(a.y)
’ > lwj]

For binary methods, p;(q,y) is replaced by
2i(q,y). The same aggregation rule is used for
Generative, Logprob, and Probe judges on RaR-
Science-Static.

A.9 Reference-Label Validation

We validate the GPT-40 reference labels with a
blinded human audit on the held-out PointRubric
split used in our static evaluator experiments. The
audit samples 50 question-level groups, and for
each group selects two candidate responses from
the four available responses such that the two can-
didates have different GPT-40 rubric scores. The
resulting 100 responses are shuffled before annota-
tion. For each response, the annotator labels every
rubric criterion as satisfied or not satisfied without
seeing the GPT-40 labels or scores.

The audit covers 600 response—criterion deci-
sions. We compute criterion-level agreement be-
tween the human annotator and GPT-4o labels, and
additionally report a weighted agreement that uses
the rubric criterion weights when aggregating deci-
sions. Human labels agree with GPT-40 on 90.9%
of weighted criterion decisions. Agreement is high-
est for hard factual or constraint-following criteria,



Audit statistic Value Training detail ~Setting
Sampled responses 100 Backbone Frozen language model
Sampled response pairs 50 Representation Final non-padding-token hidden state
Response—criterion decisions 600 Head Linear; MLP only in ablations
Weighted criterion agreement with GPT-40 90.9% Optimization  Full-batch AdamW, 200 epochs; learning
Pairwise preference agreement with GPT-40 96.0% rate 0.01; weight decay 0.01
Objective Binary cross-entropy with positive-class
Table A.6: Human audit of GPT-4o reference labels on . weighting
. . . Selection Head checkpoint by development loss; layer
the held-out PointRubric split. and threshold by development macro-F1
Seed Split seed 42; head seed 42 plus layer index

and lower for softer criteria involving complete-
ness, clarity, specificity, and overall explanation
quality. Table A.6 summarizes the audit size and
agreement results.

We also evaluate whether the human audit pre-
serves the response ordering induced by the rubric
score. For each of the 50 sampled response pairs,
we aggregate the human criterion labels with the
same rubric weights and compare the preferred
response with the GPT-4o-preferred response. Hu-
man and GPT-4o preferences agree on 96.0% of
pairs, further supporting the reliability of the oper-
ational reference target.

B Static Evaluation Details

B.1 Generative and Logprob Judge Details

Generative judging. The Generative judge re-
ceives one criterion at a time and produces a single
Yes/No verdict. Verdicts are then recombined into
a full criterion vector for the candidate response.
This reduces the output-format burden for each
completion but requires one generation per crite-
rion.

Forced-choice Logprob scoring. The Logprob
judge receives the question, candidate response,
and one canonicalized criterion. The prompt asks
whether the response satisfies the criterion and ends
before the answer token. We score the next-token
probabilities of the fixed verbalizers ““ Yes” and “
No” and compute their log-probability margin:

Aj = 1OgP( Yes | Q7yvcj)_10gp( No ‘ q, y7cj)'

We set the soft satisfaction score to p;(q,y) =
o(Aj). Binary metrics threshold the margin at 0,
equivalently p;(q,y) > 0.5. Scalar rubric aggrega-
tion uses the soft satisfaction score.

B.2 Probe Training and Calibration

Canonical criterion rendering. Probe prompts
use a single criterion at a time. Ordinary criteria are
rendered as satisfaction criteria. Pitfall criteria are

Table B.1: Probe fitting and selection settings.

rendered as avoidance criteria, so a positive label
always means that the response complies with the
rubric.

Representation extraction. For each rendered
prompt, we run the frozen judge model with hidden
states enabled and extract the representation at the
final non-padding token. For layer ¢, this gives
he(q,y, c;). We evaluate last-token, mean-pooled,
and last-few-token pooled representations in the
ablation table.

Feature standardization. For each layer, train-
ing features are used to compute a mean vector
and standard deviation vector. Training, develop-
ment, and held-out features are standardized with
these training-set statistics. Held-out features are
never used to choose normalization statistics, lay-
ers, thresholds, or classifier checkpoints.

Probe heads. We train linear and MLP binary
classifiers with binary cross-entropy. The classifier
predicts the GPT-4o criterion label from the frozen
representation. For MLP probes, only the small
probe head is trained; the language model remains
frozen.

Layer and threshold selection. For each candi-
date layer, we train the probe on the training split
and evaluate on the development split. The thresh-
old is selected on development data to maximize
macro-F1, and the layer is selected by the same de-
velopment metric. The held-out split is evaluated
only after these choices are fixed.

Supervision cost and reuse. Static evaluation
and RL use separate supervision banks. The main
RaR-Science-Static Probe uses 2,400 responses
(18,032 criterion labels; approximately $11.62),
whereas the RL reward Probe uses 450 training and
50 development responses (3,766 labels; approx-
imately $2.43). Once fitted, either frozen Probe



can be reused in the same rubric setting without
further teacher calls or recalibration. The complete
GPT-40 reference-labeling run used 4.11 million to-
kens and cost $14.53 at the API pricing used during
construction.

The data-size ablation indicates that smaller su-
pervision sets remain viable: 500 training questions
achieve 0.828 macro-F1, compared with 0.834 for
1,000 questions, while 100 questions achieve 0.805.
The science-to-medicine transfer result suggests
useful agreement under a moderate rubric shift
without refitting, but substantial changes in do-
main or rubric format may require new supervision.
Across the studied training sizes, the corresponding
reference-labeling cost ranges from approximately
$2.91 to $11.62. These estimates use the API pric-
ing at the time of dataset construction.

Probability rewards. At evaluation time, the
probe outputs a criterion probability. Scalar scores
use these probabilities rather than only thresholded
verdicts unless otherwise specified. In the RL ex-
periments, these probabilities provide the reward
signal while preserving the same explicit rubric
aggregation used by generative judges.

B.3 Supervised Fine-tuning Details

SFT uses the same train, development, and held-
out question splits as the corresponding static eval-
uation setting. The model is fine-tuned only on
the training split, with development loss used for
checkpoint selection. Held-out questions are used
only for final reporting. After SFT, the resulting
backbone is evaluated with the same Generative,
Logprob, and Probe methods used for the base
backbone.

In both data settings, SFT trains the model to
output the complete rubric verdict vector for a can-
didate response. Each example contains the ques-
tion, candidate response, all rubric criteria, and
the corresponding GPT-40 Yes/No verdicts. RaR-
Science-Static examples use responses and verdicts
from the fixed response bank. For SFT Probe, the
Probe is trained on hidden states extracted from
the SFT backbone using the same Probe-training
protocol as for the base backbone.

B.4 Static Evaluation Targets

For both PointRubric and RaR-Science, the static
target is criterion satisfaction. Each example is
a tuple (¢, y,c;), where ¢ is the question, y is a

Value

Qwen3-0.6B, Qwen3-1.7B,
Qwen3-4B, Qwen3-8B (Yang
et al., 2025)

Supervised verdict prediction
LoRA (Hu et al., 2022)

All target modules

Metric

Backbones

Training objective
Fine-tuning method
LoRA target modules

Chat template Qwen

Precision bf16

Optimizer AdamW (Loshchilov and Hut-
ter, 2019)

Scheduler Cosine decay

Warmup ratio 0.03

Epochs 3

Checkpoint selection Lowest development loss

Checkpoint limit 3

PointRubric training exam- Question-level training split
ples

PointRubric maximum length 4096 tokens

PointRubric learning rate 2x 107"

PointRubric eval/save fre- 200 steps

quency
PointRubric batch/accumula- 0.6B: batch 2, accumulation
tion 16; larger models: batch 1, ac-

cumulation 32

RaR-Science-Static training
examples
RaR-Science-Static
mum length
RaR-Science-Static learning
rate
RaR-Science-Static eval/save
frequency
RaR-Science-Static batch/ac- 0.6B: batch 2, accumulation
cumulation 16; larger models: batch 1, ac-
cumulation 16

Question-level training split
maxi- 8192 tokens
1x107*

50 steps

Table B.2: SFT configuration for the post-training judge
experiments.

candidate response, and c; is one rubric criterion.
The operational reference label is

z;(¢,y) € {0, 1},

where z;f(q, y) = 1 means that GPT-40 (OpenAl,
2024) judges response y to satisfy criterion c¢; for
question q.

A judge method may return either a binary ver-
dict 2;(q,y) € {0,1} or a probability p;(q,y) €
[0, 1]. Binary metrics are computed from 2;(q, ),
using a thresholded probability when the method
is probabilistic. Scalar rubric scores are com-
puted by aggregating criterion predictions with the
rubric weights, so the scalar score is derived from
criterion-level judgments rather than predicted di-
rectly.

B.5 Rubric-RM Pairwise Comparison

Rubric-RM directly predicts the preferred response
from a pair conditioned on the rubric (Liu et al.,



Dataset Method Parse Full set Parseable
PointRubric Rubric-RM-4B 0.627 0.322 0.513
PointRubric Rubric-RM-8B 0.396 0.228 0.575
PointRubric Qwen3-1.7B Probe 1.000 0.924 0.924
RaR-Science-Static Rubric-RM-4B 0.727 0.487 0.670
RaR-Science-Static Rubric-RM-8B 0.401 0.210 0.523
RaR-Science-Static Qwen3-1.7B Probe 1.000 0.888 0.888

Table B.3: Static pairwise comparison on GPT-40 non-
tied pairs. Full-set accuracy counts parse failures as
incorrect; parseable accuracy excludes them.

2026). By contrast, our pointwise judges score each
response independently, after which their scalar
scores induce a pairwise ordering. We compare
the methods on all pairs for which the GPT-40
reference scores are non-tied. Because Rubric-
RM sometimes fails to produce a parseable pref-
erence under this adaptation, we report its parse
rate, accuracy over the complete evaluation set with
parse failures counted as incorrect, and accuracy
restricted to parseable outputs.

For PointRubric, the Probe produces 287 exact
score ties; its reported accuracy assigns half credit
to these ties. The RaR-Science-Static Probe pro-
duces no ties. Rubric-RM’s parseable-only results
show that it captures useful pairwise signal when its
output conforms to the requested format, but parse
failures substantially reduce full-set accuracy.

This comparison is not a direct online-RL effi-
ciency comparison. With a rollout group of size k,
a pairwise reward model requires up to k(k — 1) /2
comparisons, whereas the pointwise interface re-
quires k response scores and additionally exposes
criterion-level satisfaction. At our group size of
four, this corresponds to six pairwise comparisons
rather than four pointwise response evaluations.

B.6 Static Readout Error Analysis

We compare the Qwen3-1.7B Generative and Probe
predictions on the same 4,518 RaR-Science-Static
held-out criterion decisions. The paired decomposi-
tion separates errors recovered by the Probe, errors
introduced by the Probe, and criteria that remain
difficult for both readouts.

The Generative readout’s errors are dominated
by false positives, indicating a tendency to accept
criteria that the GPT-40 reference marks as unsat-
isfied. The Probe removes many of these false
positives, although its remaining errors are more
balanced between false positives and false nega-
tives. The 7.8% reverse outcome also shows that

Analysis Outcome Share
Paired Generative wrong, Probe correct 33.0%
Paired Generative correct, Probe wrong  7.8%
Paired Both wrong 7.9%
Paired Both correct 51.3%
Error Generative false positive 33.7%
Error Generative false negative 4.2%
Error Probe false positive 6.7%
Error Probe false negative 9.0%

Table B.4: Paired Qwen3-1.7B readout errors on the
RaR-Science-Static held-out split. Shares are computed
over 4,518 criterion decisions.

the Probe does not uniformly dominate generation
at the individual-decision level.

Representative Generative false positive. For
the question asking for the principal energy-
liberating process in stars, the candidate answers
only, “Conversion of hydrogen into helium via nu-
clear fusion.” One criterion additionally requires
explaining that fusion releases energy by convert-
ing mass into energy. GPT-4o0 and Probe mark
this criterion unsatisfied, while Generative marks
it satisfied. This example illustrates the Generative
readout’s tendency to accept criteria whose central
topic is mentioned but whose specific requirement
is omitted.

Representative Probe false negative. For the
bound-state problem with V(z) = —ad(z), the
candidate explicitly gives a wavefunction that de-
cays exponentially on both sides of x = 0. GPT-40
and Generative therefore mark the wavefunction-
form criterion satisfied, while Probe marks it unsat-
isfied. This case shows that Probe can miss require-
ments that are directly supported by the response.

B.7 Static Metrics

Parse success. For generative judges, sample-
level parse success is the fraction of candidate re-
sponses for which the judge output can be parsed
into a complete criterion verdict vector. Criterion-
level parse success is the fraction of individual
criterion verdicts successfully recovered. Logprob
and probe methods are defined without generative
verdict parsing and therefore produce scores for
every rendered criterion.

Criterion accuracy. Criterion accuracy is the
Hamming accuracy over criterion labels:

Acc = % Z 1{2;(q,y) = Z;‘F(% y)}-

(9:9,9)



Layer Dev Macro-F1 Held-out Acc. Held-out Macro-F1  Held-out Bal. Acc. Held-out MCC
1 0.726 0.759 0.738 0.733 0.480
2 0.742 0.774 0.750 0.743 0.508
3 0.751 0.781 0.754 0.745 0.523
4 0.752 0.787 0.769 0.764 0.540
5 0.755 0.778 0.751 0.742 0.517
6 0.752 0.791 0.771 0.763 0.548
7 0.758 0.791 0.779 0.780 0.558
8 0.768 0.794 0.774 0.766 0.554
9 0.765 0.787 0.774 0.775 0.548

10 0.778 0.804 0.790 0.788 0.581
11 0.784 0.810 0.800 0.802 0.600
12 0.790 0.819 0.805 0.800 0.611
13 0.805 0.827 0.812 0.805 0.627
14 0.799 0.830 0.818 0.814 0.636
15 0.814 0.831 0.814 0.806 0.635
16 0.836 0.845 0.833 0.829 0.667
17 0.836 0.849 0.839 0.837 0.678
18 0.832 0.853 0.841 0.835 0.684
19 0.827 0.847 0.835 0.829 0.672
20 0.824 0.843 0.835 0.838 0.670
21 0.828 0.845 0.835 0.836 0.671
22 0.827 0.843 0.834 0.833 0.667
23 0.823 0.848 0.837 0.835 0.675
24 0.821 0.847 0.837 0.837 0.675
25 0.819 0.843 0.834 0.835 0.668
26 0.818 0.844 0.835 0.835 0.670
27 0.816 0.839 0.828 0.825 0.656
28 0.817 0.843 0.833 0.832 0.665

Table B.5: Qwen3-1.7B Probe layer sweep on RaR-Science-Static. Layer selection is based on development

macro-F1; the selected layer is bolded.

Weighted criterion accuracy. Weighted crite-
rion accuracy weights each criterion match by the
rubric weight:

> (aw) Wi l{Zi(a,y) = 25 (¢, y)}

WAcc =
Z(‘MJJ) Wqj

For PointRubric, wy; follows the fixed hard/soft
weights. For RaR-Science-Static, wq; = |wgjl,
since criteria and weights are question-specific.

Macro-F1. Macro-F1 is computed over the two
criterion labels, Yes and No. Let F}Y*S be the F1
score treating satisfied criteria as the positive class,
and let FY° be the F1 score treating unsatisfied
criteria as the positive class. Then

1 .
MacroF1 = 3 (FY + F°).

We use macro-F1 as the headline RaR-Science
static metric because the distribution of satisfied

and unsatisfied criteria varies across questions and
candidate types.

Balanced accuracy and MCC. Balanced accu-
racy averages the recall of the Yes and No classes,
making it less sensitive to class imbalance than or-
dinary accuracy. Matthews correlation coefficient
(MCC) is computed from the binary confusion ma-
trix and summarizes criterion-level agreement on a
scale from —1 to 1.

Scalar-score error. For each candidate response,
we compare the judge’s aggregated score ﬁ(q, Y)
with the GPT-40 aggregated score R*(q,y). Mean
absolute error is

1 D *
MAE = - > [R(0,y) = R*(¢9)].
(a:)

We also report RMSE when useful.



Base model SFT model
Model Generative Logprob Probe Generative Logprob Probe
Qwen3-0.6B  0.370[0.349, 0.390] 0.582 [0.568, 0.596] 0.802 [0.791, 0.811] 0.560 [0.537, 0.584] 0.604 [0.591, 0.618] 0.820 [0.810, 0.830]
Qwen3-1.7B  0.518 [0.493, 0.541] 0.766 [0.757, 0.776] 0.875[0.867, 0.883] 0.902 [0.894, 0.909] 0.713 [0.705, 0.722] 0.845 [0.836, 0.854]
Qwen3-4B  0.790[0.768, 0.811] 0.893 [0.886, 0.899] 0.913[0.906, 0.919] 0.808 [0.788, 0.827] 0.892 [0.885, 0.899] 0.906 [0.899, 0.912]
Qwen3-8B  0.888 [0.876, 0.899] 0.907 [0.900, 0.914] 0.914 [0.907, 0.921] 0.846 [0.828, 0.862] 0.895 [0.889, 0.902] 0.912 [0.906, 0.918]
Table B.6: PointRubric static results with 95% bootstrap confidence intervals. Values are weighted criterion
accuracy.
Base model SFT model
Model Generative Logprob Probe Generative Logprob Probe
Qwen3-0.6B 0.413[0.398,0.427] 0.433[0.414, 0.451] 0.793[0.775, 0.811] 0.607 [0.512, 0.695] 0.605 [0.583, 0.626] 0.796 [0.778, 0.813]
Qwen3-1.7B  0.443 [0.426, 0.459] 0.449[0.431, 0.467] 0.835[0.819,0.851] 0.708 [0.661, 0.753] 0.520 [0.497, 0.544] 0.828 [0.813, 0.843]
Qwen3-4B  0.496[0.475,0.518] 0.738 [0.716, 0.760] 0.851 [0.836, 0.865] 0.673 [0.637, 0.707] 0.794 [0.776, 0.812] 0.845 [0.829, 0.859]
Qwen3-8B  0.609 [0.587, 0.632] 0.756 [0.736, 0.775] 0.864 [0.850, 0.878] 0.642 [0.598, 0.684] 0.754 [0.735,0.774] 0.861 [0.847, 0.874]

Table B.7: RaR-Science-Static results with 95% bootstrap confidence intervals. Values are criterion-level macro-F1.

Group Setting Macro-F1 [95% CI]

0.767 [0.747, 0.785

Data size 50

Data size 100 0.805 [0.787, 0.820
Data size 250 0.818 [0.801, 0.834
Data size 500

Data size 1000 0.834 [0.818, 0.849

]
]
]
0.828 [0.811, 0.843]
]
]

Probe design Linear, last token
Probe design MLP-32, last token 0.834 [0.818, 0.850]
Probe design MLP-64, last token 0.840 [0.824, 0.855]
Probe design Linear, mean pooled 0.761 [0.739, 0.782]
Probe design Linear, last-4-layer mean 0.839 [0.823, 0.854]

0.834 [0.818, 0.849

Table B.8: Qwen3-1.7B probe ablations on RaR-
Science-Static with 95% bootstrap confidence intervals.

Score correlation. Pearson correlation measures
linear agreement between predicted and reference
scalar scores:
D 5 * %
L LB R)(R; - R

S(Ri — R)2\ /S, (R — R*)?

Spearman correlation is the same correlation com-
puted over average ranks rather than raw scores.

Pairwise ordering. When two candidate re-
sponses are available for the same question, we
compare the ordering induced by the judge’s scalar
scores with the ordering induced by GPT-40 scores.
A pair is correct if both judges prefer the same
response, or if both assign a tie.

B.8 Bootstrap Confidence Intervals

We compute 95% bootstrap confidence intervals
by resampling questions with replacement. For
PointRubric, each resampled question contributes
its four candidate responses; for RaR-Science, each

resampled question contributes its two candidate
responses. Tables B.6 and B.7 report intervals for
the main static judge results, and Table B.8 reports
intervals for the probe ablations.

B.9 Probe Layer Selection

The follow-up all-layer sweep selects layer 16 and
obtains 0.833 held-out macro-F1, closely matching
0.834-0.835 for the other Probe fits. The similar
performance of nearby middle-to-late layers indi-
cates a broad plateau rather than dependence on
one favorable layer.

C Rubric RL Details

Table 5 contains the main controlled RL compar-
ison. The tables below provide implementation
details, efficiency measurement details, and sup-
porting validation evidence for that comparison.

C.1 RL Reward Configuration

The controlled RL comparisons keep the actor, data,
rollout, optimizer, reward aggregation, checkpoint,
and final evaluator fixed; the reward judge is the
only experimental variable. Table C.1 gives the
shared configuration used for the matched rows in
Table 5.

The generative-judge RL baseline uses the ex-
plicit per-criterion protocol. Each criterion is
scored by a Qwen3-8B judge generation, parsed
into a Yes/No verdict, and aggregated with absolute
rubric weights. This is the generated reward used
in the main comparison.

The probe reward uses a frozen judge model
and a calibrated linear classifier. Each criterion
is rendered in the same canonical format used for



Metric Value

Actor Qwen3-4B-Base (Yang et al., 2025)
Task RaR-Science (Gunjal et al., 2026)
Train prompts 1,600

Seed 42

RL algorithm GRPO (Shao et al., 2024)
Framework VERL (Sheng et al., 2025)

Reward variable
Responses / prompt
Sampling

Max prompt length
Max response length
Train batch size

PPO mini-batch size
PPO micro-batch size
PPO epochs / update
Optimizer

Learning rate
Weight decay
Gradient clipping
Actor KL coefficient
Reward KL

Training epochs
Save frequency
Comparison checkpoint
Validation during RL
Final evaluation
Final judge

Reward aggregation

Judge model only

4

Temperature 1, top-p 1
1024

1536

8

8

1 per GPU

1

AdamW (Loshchilov and Hutter,
2019)

1x107°

0.01

1

0.02

None

5

200 steps

Step 800

50 prompts every 50 steps
100 reserved prompts
GPT-40 (OpenAl, 2024)
Absolute rubric weights

Table C.1: Shared RL configuration for the controlled
RaR-Science reward-model comparison.

Reward judge Score 95% CI

None 0.232 [0.170, 0.301]
Qwen3-0.6B Probe 0.562 [0.490, 0.631]
Qwen3-1.7B Probe 0.643 [0.573, 0.708]
Qwen3-4B Probe 0.588 [0.514, 0.659]
Qwen3-8B Probe 0.506 [0.432,0.575]
Qwen3-8B Generative 0.594 [0.523, 0.662]

Table C.2: Final RaR-Science RL scores with 95% boot-
strap confidence intervals.

static evaluation, scored as a criterion-satisfaction
probability, and aggregated with the same absolute-
weight rubric rule. The judge model and probe are
fixed during RL; only the policy actor is updated.

C.2 RL Score Confidence Intervals

We compute 95% bootstrap confidence intervals for
final RL evaluation by resampling the 100 reserved
RaR-Science evaluation prompts with replacement.
Table C.2 reports the resulting intervals for the
controlled reward-model comparison.

C.3 On-Policy Reward Dynamics and
Qualitative Cases

We examine eight saved step-800 rollout groups
for each reward judge, with four candidates per
group. We call a group fully saturated when every
candidate receives a reward above 0.95. Table C.4
shows that the 8B Probe is nearly constant within
every sampled group, whereas the selected 1.7B
Probe and the 8B Generative judge retain more
within-group variation.

The saturated 8B-Probe rewards provide little
ranking signal within a GRPO group, despite the
model’s strong fixed-bank accuracy. The 1.7B
Probe preserves more variation and produces the
strongest externally evaluated policy in the con-
trolled comparison. This diagnostic motivates se-
lecting the reward judge by downstream policy
quality rather than fixed-bank accuracy alone.

Table C.5 summarizes representative responses
from the reserved RaR-Science evaluation set.
Scores are assigned by the external GPT-40 evalua-
tor, not by the reward model used for training.

These cases illustrate both improvement and fail-
ure modes; they do not establish general robustness
to adversarial formatting or reward-seeking behav-
ior.

C.4 Efficiency Measurement

The efficiency comparison in Section 5.3 is com-
puted from the training traces and validation reward
metadata of the matched Qwen3-1.7B probe and
Qwen3-8B generative-judge RL runs. The gener-
ative judge therefore has 4.7 x as many backbone
parameters as the probe judge. For each run, the
training traces record per-step reward-judge time
and a cumulative judge-time counter. The cumula-
tive counter includes reward scoring during training
and the scheduled validation passes up to the com-
parison checkpoint. The corresponding per-step
training reward totals alone are 8,045.9 seconds
for the probe reward and 84,662.4 seconds for the
Generative reward, giving a 10.5 x ratio. Including
scheduled validation reward scoring yields 8,389.9
seconds and 89,912.1 seconds, respectively, giving
the 10.7 x ratio reported in Table 8.

The validation latency calculation uses the re-
ward metadata from the comparison checkpoint.
Both reward models score the same 50 responses,
covering 385 total rubric criteria. The probe reward
records 31.1 seconds of total judge time (0.6216
seconds per response and 0.0807 seconds per crite-



Panel Measurement Result Notes
Preference counts Human preference on 100 blind A/B  Base 6; Probe 72; Tie 13; Unsure Probe policy preferred
pairs 9 on 72% of examples.

Preference counts
100 pairs

GPT-40 rubric preference on the same

Base 9; Probe 80; Tie 11 Same candidate pairs
and rubric scoring pro-

tocol.

Human-tie analysis Human-tie subset

Human-tie analysis

Small GPT-40 score gaps among human

13 / 13 human ties Tie labels are analyzed
separately from prefer-
ences.

7 /13 have |A| < 0.05; 11 /13 Most human ties are

ties have |A| < 0.20 also near-ties under the
rubric judge.
Preference agreement =~ Human and GPT-40 preferences after ex- 69 / 72 agreement Counts: 3 base/base,
cluding human Tie/Unsure labels and 2 base/Probe, 1
GPT-40 exact ties Probe/base, 66
Probe/Probe.

Reference-judge check
erence bank

Reference-judge check
ment

Reference-judge check

GPT-5 rescoring on a matched static ref-

Criterion-level GPT-40/GPT-5 agree-

Scalar-score GPT-40/GPT-5 agreement

99 /100 parsed samples Independent reference

rescoring uses the

same  criterion-level
target.
Macro-F1 0.853; item agreement Agreement is mea-
0.853 sured over parsed

criterion labels.
Scores use the same
rubric aggregation.

Pearson 0.843; Spearman 0.841;
MAE 0.125; mean bias -0.004

Table C.3: Human audit and reference-judge validation for the main RL comparison.

Reward judge Mean Group SD All > 0.95 Case External score Observation

Qwen3-1.7B Probe 0911 0.032 12.5% Gas partial pres- Base 0.000; 1.7B The base response repeats definitions;
Qwen3-8B Probe 1.000 0.0005 100% sures Probe 1.000 the Probe-reward policy solves both
Qwen3-8B Generative 0.706 0.102 12.5% parts.

Table C.4: Step-800 on-policy reward statistics. Group
SD is the mean within-group reward standard deviation;
the final column is the share of rollout groups in which
all four rewards exceed 0.95.

rion). The generated reward records 492.0 seconds
of total judge time (9.8410 seconds per response
and 1.2780 seconds per criterion). Both runs have
sample-level parse success 1.0 on this validation
pass. This parse success does not remove the struc-
tural difference between the reward computations:
the Generative reward obtains criterion labels by
decoding and parsing Yes/No verdicts, while the
probe reward obtains criterion probabilities from a
frozen hidden-state classifier.

The elapsed training times in Table 8 come from
the progress traces at the comparison checkpoint.
Their ratio is smaller than the cumulative judge-
time ratio for two reasons. First, the judge-time
counter is an aggregate over reward calls, and those
calls can run concurrently. Second, actor rollout,
reference-model scoring, optimization, synchro-
nization, and checkpointing remain in the critical
path for both runs. The elapsed time still decreases

Chemical poten- 1.7B Probe 0.833; The Probe-reward policy covers the en-

tial 8B Generative semble relation and sign convention;
—0.042 the Generative-reward policy misses
most criteria.
Azeotropism 1.7B Probe 0.167; The Probe-reward policy gives an in-
8B Generative correct mathematical condition, illus-
0.792 trating a substantive failure.
8B Probe arti- 8B Probe 0.000 The response contains repeated

fact assistant-prefix artifacts despite the
saturated internal reward pattern.

Table C.5: Representative policy outputs from the con-
trolled and diagnostic RL runs. Judge names identify
the reward used to train the policy.

from 11h 11m 56s to 8h 51m 47s through the com-
parison checkpoint, a 2h 20m 09s reduction. We
therefore use cumulative judge time as the primary
efficiency metric for the reward model and report
elapsed training time as the full-pipeline runtime
effect.

C.5 Human Audit and Reference-Judge
Validation

The human audit evaluates whether the main RL
improvement is visible beyond the GPT-4o0 rubric
score. We compare Qwen3-4B-Base against the
Qwen3-1.7B probe-reward policy on 100 reserved
RaR-Science examples. The audit is model-name



blind with randomized A/B order. For each exam-
ple, the annotator sees the question, reference an-
swer, rubric titles, and the two candidate responses,
then marks pairwise preference and optional arti-
fact notes.

The audit favors the probe-reward policy on 72
examples, the base actor on 6, with 13 ties and 9
unsure labels. Among the 13 human ties, 7 have
an absolute GPT-40 score gap at most 0.05 and 11
have a gap below 0.20 (Table C.3), indicating that
many human ties are also near-ties under the rubric
judge. When human Tie/Unsure labels and GPT-
40 exact ties are excluded, the human preference
and GPT-4o rubric preference agree on 69 of 72
examples (Table C.3). These results are used as
supporting validation evidence for the operational
GPT-4o target, not as supervised labels for training
the reward model.

Table C.3 also reports a reference-judge check
using GPT-5 (OpenAl, 2025b) on a matched static
reference bank.

C.6 Additional RL Configuration Checks

During development, we ran additional RL checks
that varied KL coefficient, maximum response
length, checkpoint choice, and probe calibration
size. These runs were used to choose a stable
matched comparison protocol. We do not report
them as competing results because they vary train-
ing conditions rather than isolating the reward
judge. The main paper therefore reports only the
controlled comparison in Table 5, where actor, data,
GRPO configuration, checkpoint, response length,
reward aggregation, and GPT-40 evaluation are
fixed across reward models.

D Generalization Evaluation Details

D.1 GPQA-Diamond Evaluation

The GPQA-Diamond evaluation uses the GPQA-
Diamond split with 198 questions (Rein et al.,
2024). Each example is converted into a four-
choice prompt. The answer choices are permuted
across four runs, and the model is asked to place the
final answer letter inside \boxed{}. Accuracy is
computed against the permuted gold answer. When
the boxed-answer parser fails, GPT-40 (OpenAl,
2024) is used only as a fallback verifier for the fi-
nal choice. Table 6 gives the mean and standard
deviation across the four answer-order runs.

D.2 Cross-Domain Probe Transfer

For cross-domain transfer, a Qwen3-1.7B linear
probe (Yang et al., 2025) is fit on source-domain
criterion labels and evaluated on target-domain
examples without updating the probe on target-
domain labels. Each source domain uses 350 train-
ing questions and 50 development questions for
layer and threshold selection. Evaluation uses 100
target-domain questions scored by GPT-40 (Ope-
nAl, 2024) under the same pointwise criterion-
satisfaction target used in the static experiments.
The metrics in Table 7 compare the probe predic-
tions with GPT-40 criterion labels and aggregated
rubric scores.

E Prompts for Reproducibility

This appendix lists the prompt templates used for
response construction and criterion-level rubric
scoring. Bracketed fields are replaced with the cor-
responding dataset values. For local Qwen judges,
the user prompt is wrapped with the model chat
template before inference. The reference rubric-
scoring prompt is used for GPT-4o0 labels; gener-
ative, logprob, and probe judges use the itemwise
criterion prompts.

Generative Criterion Scoring

You are evaluating whether an AI response satisfies a
specific rubric criterion.

[Question]
{question}

[Criterion to Evaluate]
Title: {title}
Description: {description}

[AI Responsel
{response}

Evaluate whether the AI response satisfies this criterion.
Output exactly one final line and no explanation:

- 1 if the criterion is satisfied

- 0 if the criterion is NOT satisfied

Your entire response must be exactly one of:
\boxed{{03}}
\boxed{{1}}




Reference Rubric Scoring

You are an impartial rubric grader

Instruction:
{question}

Candidate Response:
{response}

Rubric Rules ({num_rules} total):
{rubric_rules}

Task:
For each rubric rule, decide whether the response
satisfies it.

Output format requirement:
- Return exactly {num_rules} lines.
- Each line must follow:
Rule i: <short justification>. Verdict: Yes/No
- Use i = 1..{num_rules} in order.
- Verdict must be exactly “Yes™ or “No™.

Do not output JSON, markdown, extra headings, or any text
outside those rule lines.

Forced-choice Logprob Scoring

You are an impartial rubric grader

Instruction:
{question}

Candidate Response:
{response}

Rubric Criterion:
{criterion}

Question:
Does the candidate response satisfy this criterion?

Answer with exactly one word: Yes or No.

Answer:

Probe Representation Scoring

You are an impartial rubric grader

Instruction:
{question}

Candidate Response:
{response}

Rubric Criterion:
{criterion}

Question:
Does the candidate response satisfy this criterion?

Answer:

RaR-Science Candidate Response Genera-

tion

{question}

PointRubric Full-Score Response Genera-

tion

You are a highly knowledgeable and versatile AI assistant.
Your goal is to provide accurate, well-structured,
and helpful answers.

For the following question, follow these requirements:

1. First, think step-by-step and provide your internal
reasoning.

2. Then, provide a clear and concise final answer.

3. Your answer must satisfy each criterion in the rubric.

Question: {instruction}
Rubric: {rubric}

--- YOUR ANSWER ---

### Reasoning:

[Your step-by-step reasoning here]

### Final Answer:
[Your final answer here]

PointRubric Partial-Compliance Response

Generation

You are a selective and inconsistent AI assistant. Your
goal is to provide a response that follows around
half of the rubric rules while deliberately ignoring

others.

For the following question, first decide which criteria to
obey and which to disobey. Then provide a final
answer that clearly satisfies the chosen criteria
while noticeably failing the others.

Question: {instruction}

Rubric: {rubric}

--= YOUR ANSWER ---

### Rules you decide to obey:

[List what rules you obeyed and what you disobeyed]

### Reasoning:
[Your reasoning here]

### Final Answer:
[Your final answer herel

PointRubric Low-Score Response Genera-

tion

You are a deceptive and subtle AI assistant. Your goal is
to provide an answer that appears authoritative but
is irrelevant to the actual question and fails the
rubric.

Question: {instruction}
Rubric: {rubric}

--- YOUR ANSWER ---

### Reasoning:

[Your flawed reasoning herel]

### Final Answer:
[Your final answer herel]

PointRubric Unguided Response Generation

Question: {instruction}
Your Answer:




PointRubric Rubric Standardization

You are a precise and analytical editor. Refine and
reorganize the given rubric into a standardized JSON
format.

Input:
Question ID: {question_id}
Original Rubric:

{rubric}

Rules:

1. Rules marked "[Hard Rule]™ must be type ~"hard"™.
Rules marked ~[Principle]” must be type ~"soft"™.

2.

3. Output exactly 6 rules: 2 hard and 4 soft.

4. Merge or split rules as needed while preserving the
original intent.

5. Each refined rule should be clear, objective, and
concise.

Output only a JSON array:
L

{
"question_id": "{question_id}",
"rule_id": "1",
"type": "hard" or "soft”,
"rubric”: "..."

3

F Dataset Examples

The examples below show the pointwise labels
used in the two data settings. We choose responses
that are useful but imperfect, so the examples show
how the rubric separates high-quality partial com-
pliance from full satisfaction.

PointRubric example. Prompt. How do I check
if a new install of a version is different from the
current one, booting from SBOM?

Candidate response. To determine if a new in-
stallation version is different from the current one
by comparing SBOMs, obtain the SBOM for the
current installed version, generate the SBOM for
the new installation, and compare the component
lists. Focus on package names, versions, check-
sums, added or removed packages, dependency
changes, and licensing changes. The response also
recommends tools such as Syft, CycloneDX, and
ORT, and suggests automating the comparison in a
deployment pipeline.

GPT-4o0 score. 9/ 10.

Verdicts. Yes, Yes, Yes, No, Yes, Yes.

RaR-Science example. Prompt. An ideal gas
at NTP has a most probable velocity @ = 4.20 x
10* cm/sec and a mean free path of 7.90 x 10~% cm.
Calculate the mean time between collision.
Candidate response. The response uses 7 =
A/u and substitutes the given mean free path
and most probable velocity: 7 = (7.90 x
1078)/(4.20 x 10*) ~ 1.88 x 10712 seconds. The
response is clear and numerically consistent, but

Item Criterion summary Verdict

Hard 1 Outlines a methodical comparison process using an  Yes

SBOM.

Hard 2 Uses the SBOM as part of the comparison procedure.  Yes

Soft 3 Provides multiple approaches with concrete examples  Yes
or commands.

Soft 4 Uses clear labeled organization and identifies limita-  No
tions.

Soft 5 Recommends appropriate specialized tools or tech-  Yes
niques.

Soft 6 Explains how to interpret differences and verify as-  Yes
sumptions.

Table F.1: Criterion-level labels for the PointRubric
example.

Item Criterion summary Verdict

Formula Applies 7 = A /v for mean time between colli- ~ Yes
sions.

Velocity Converts most probable velocity to average ve-  No

locity using 2/+/7.

Substitutes the given numerical values accu-  Yes

rately.

Units Keeps velocity and length units consistent and  Yes
reports seconds.

Substitution

Derivation Presents a clear derivation from relation to final ~ Yes
value.

Precision Uses appropriate significant figures in the final ~ Yes
answer.

Assumptions Does not introduce extraneous non-ideal effects.  Yes

Table E.2: Criterion-level labels for the RaR-Science
example.

it does not convert the most probable velocity to
the average velocity before applying the mean-
collision-time formula.

GPT-40 score. 0.773.

Verdicts. Yes, No, Yes, Yes, Yes, Yes, Yes.
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