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Rubric-Grounded Reinforcement Learning:
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Abstract
We argue that decomposing reward into
weighted, verifiable criteria and using an LLM
judge to score them provides a partial-credit
optimization signal: instead of a binary outcome
or a single holistic score, each response is
graded along multiple task-specific criteria.
We formalize rubric-grounded reinforcement
learning (RL): a framework in which the policy
is optimized against a structured, multi-criterion
reward produced by a frozen LLM judge that
conditions on auxiliary grounding the policy
never sees. We instantiate the framework by
deriving rubrics from an Office of Scientific and
Technical Information (OSTI)-derived corpus
of roughly 100,000 scientific and technical
documents and training Llama-3.1-8B-Instruct
with Group Relative Policy Optimization
(GRPO). With GRPO-based training, the model
achieves 71.7% normalized reward on held-out
rubric evaluation. The GRPO-tuned policy
also improves over the base model on four
reasoning benchmarks not derived from the
training corpus—GSM8K, MATH, GPQA Main,
and GPQA Diamond. These results provide
evidence that structured, document-grounded re-
wards can improve held-out rubric performance
and induce transferable reasoning behaviors
beyond the corpus used to construct the training
environment.

1. Introduction
Reward design is the binding constraint in reinforcement
learning of large language models (LLMs). Standard align-
ment objectives often compress multi-faceted quality into
one scalar signal—a learned preference reward, a pair-

1Anonymous Institution, Anonymous City, Anonymous Re-
gion, Anonymous Country. Correspondence to: Anonymous Au-
thor <anon.email@domain.com>.
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on Machine Learning (ICML). Do not distribute.

wise comparison, or a binary verifier, and optimize the
policy against that signal. This works when the target
behavior can be summarized by one latent utility, but it
under-specifies the optimization target whenever quality is
naturally decomposable: a strong technical answer must
state the right conclusion, use precise terminology, respect
methodological caveats, and connect evidence; a strong
code review must catch correctness bugs, flag style is-
sues, and surface design concerns. This discarded structure
could otherwise provide partial-credit learning signals.

We study a general principle: decompose reward into
weighted, verifiable criteria, use an LLM judge to score
them, and optimize the policy with Group Relative Policy
Optimization (GRPO) (Shao et al., 2024). We call this
rubric-grounded reinforcement learning. The framework is
domain-agnostic: any task whose quality is plausibly writ-
ten as a checklist of weighted criteria (technical Q&A, clin-
ical summarization, legal drafting, pedagogical assessment,
structured code review) admits a rubric-grounded reward.

To validate the principle, we instantiate it on a concrete
and scalable data source: an OSTI-derived collection of
roughly 100,000 scientific and technical documents 1. Each
document is converted offline into question–rubric pairs,
where the rubric decomposes evaluation into weighted cri-
teria with required elements, scoring guides, and verifica-
tion cues. During training the policy answers each question
without the source passage; a frozen judge scores each re-
sponse with the passage and rubric. This information asym-
metry encourages the policy to learn response patterns that
satisfy grounded criteria, rather than relying on access to
the source passage at rollout time.

Central claim. The empirical claim is that rubric-
grounded GRPO can improve a Llama-3.1-8B-Instruct
model on held-out rubric tasks and yield gains on exter-
nal reasoning benchmarks. We support this with held-out
rubric evaluation, in-domain comparison to the supervised
warm-start, four reasoning benchmarks against the base
model, and training/held-out reward dynamics.

Contributions.
1https://www.osti.gov/
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1. A general framework, rubric-grounded RL, that uses
weighted criterion-level judge scores as a partial-credit
reinforcement learning signal (§3).

2. A reward-to-RL mechanism that converts passage-
grounded criterion scores into group-relative GRPO ad-
vantages while preserving partial-credit structure (§3.1–
§3.3).

3. A scalable instantiation, document-derived rubrics,
that produces RL training data without per-criterion hu-
man annotation (§3.4).

4. An empirical evaluation showing that a rubric-
grounded GRPO policy improves held-out rubric reward
and yields gains on reasoning benchmarks not derived
from the training corpus relative to the base instruction
model (§4–§5.5).

Figure 1 summarizes the framework end to end.

2. Background and Related Work
Reward modeling for LLM alignment. Reinforcement
Learning from Human Feedback (RLHF) (Christiano et al.,
2017; Ouyang et al., 2022; Stiennon et al., 2020) trains
a scalar reward model on human pairwise preferences
and optimizes the policy with PPO (Schulman et al.,
2017). DPO (Rafailov et al., 2023) and related preference-
optimization methods sidestep explicit reward modeling
but still operate on pairwise comparisons. Reinforcement
Learning from AI Feedback (RLAIF) (Bai et al., 2022;
Lee et al., 2023) replaces human preferences with model-
generated ones, retaining the scalar form. Our framework
departs from this scalar lineage: the reward is an explic-
itly weighted vector of criterion scores, not a single learned
utility, and is tied to evaluation criteria specified at task-
construction time rather than inferred from preferences.

LLM-as-judge and rubric-based evaluation. LLM-as-
judge methods have become a standard evaluation de-
vice (Zheng et al., 2023), with recent work emphasizing
structured or rubric-based grading (Kim et al., 2024a;b; Ye
et al., 2024; Lee et al., 2024). Most of this literature uses
judges for evaluation only. We use a rubric-conditioned
judge inside the optimization loop, which makes the judge
reliability and rubric design first-class methodological con-
cerns rather than evaluation details.

Rubrics as reinforcement-learning rewards. Recent
work is closest to ours in using rubrics as RL reward sig-
nals: Rubrics as Rewards extends Reinforcement Learning
with Verifiable Rewards (RLVR) beyond automatically ver-
ifiable domains with rubric-based feedback (Gunjal et al.,
2025), Rubric Anchors studies large-scale rubric construc-
tion and rubric-based RL for open-ended tasks (Huang

et al., 2025), and Rubric-Scaffolded RL uses checklist
rubrics both as rollout scaffolds and reward references
(Zhou et al., 2025). Our setting differs in three ways:
rubrics are synthesized from scientific documents, the pol-
icy never sees the source passage during rollout, and rubric
synthesis is decoupled from the cheaper judge used repeat-
edly during RL.

Process and step-level rewards. Process reward mod-
els (PRMs) provide dense per-step supervision (Lightman
et al., 2023; Wang et al., 2024; Uesato et al., 2022) and have
produced strong reasoning gains, but they typically require
human-annotated step labels or oracle verifiers and are usu-
ally scoped to math. Rubric-grounded rewards generalize
the dense-supervision idea beyond per-step labels: criteria
can be at any granularity (an entire limitation discussion, a
specific terminological requirement, a verification cue) and
require only a written rubric, not labeled trajectories.

Group-relative policy optimization. GRPO (Shao et al.,
2024) replaces the learned value baseline with a group-
relative one computed from multiple rollouts per prompt,
which is a natural fit for judge-scored responses. De-
coupled Clip and Dynamic sAmpling Policy Optimization
(DAPO) (Yu et al., 2025) and Group Sequence Policy Op-
timization (GSPO) (Zheng et al., 2025) refine the sampling
and importance-sampling machinery. We use GRPO as the
optimizer; the contribution lies in the structure of the re-
ward, not the optimizer.

3. Method
We present rubric-grounded RL in domain-agnostic terms;
then instantiate it with OSTI-derived documents. A task in-
stance is a tuple (x, g,R) where x is the input shown to the
policy, g is auxiliary grounding (a passage, a reference so-
lution, a code repository, a clinical chart) shown only to the
judge, and R is a structured rubric. The policy πθ(y | x)
produces a response y without access to g, while a frozen
judge J scores y againstR using g as grounding.

Definition 1 (Rubric). A rubric R = {c1, . . . , cM} is a
collection of criteria, each cj = (wj , ηj , Ej , κj , νj) with
non-negative weight wj ∈ R≥0, natural-language descrip-
tion ηj , required elements Ej , expected keywords κj , and
verification method νj . The total weight is W =

∑
j wj .

The policy and judge deliberately see different informa-
tion: the policy answers from x alone, while the judge
sees (x, g,y,R). This separates what the policy must
learn to produce from what the judge may verify. The
same template applies whenever quality can be written as
weighted, locally checkable criteria: technical question an-
swering grounded in source documents, clinical reasoning
grounded in patient charts, code review grounded in a diff
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Figure 1. Rubric-Grounded Reinforcement Learning pipeline. Offline, a corpus of scientific and technical documents is used to
synthesize training tuples consisting of a question, grounding passage, and weighted rubric. Online, the policy model receives only the
question and generates multiple candidate responses. A frozen LLM judge evaluates each response using the hidden grounding passage
and rubric, producing criterion-level scores that are aggregated into normalized rewards. These structured rewards provide the GRPO
training signal, enabling the policy to learn from passage-grounded verification without accessing the passage at inference time.

and tests, legal drafting grounded in statutes and precedent,
or pedagogical feedback grounded in a marking scheme.
The following subsections define the reward, show how it
enters GRPO, explain why the resulting scalar is more in-
formative than a flat holistic score, and describe the OSTI-
derived document instantiation.

3.1. Reward Construction

Multi-Criterion Judge Reward Given (x, g,R) and a
sampled response y ∼ πθ(· | x), the judge produces a
vector of per-criterion scores

{sj}Mj=1 = J (x, g,y,R), sj ∈ [0, wj ], (1)

where sj is the awarded weight on criterion cj . The aggre-
gate raw reward is rraw =

∑
j sj .

Normalization To compare rubrics with different total
weights, we normalize:

r(x,y) =
1

W

M∑
j=1

sj ∈ [0, 1]. (2)

Parsed rewards are clipped to [0, 1] in implementation to
handle schema or numerical edge cases.

Judge Prompt Architecture The judge prompt contains
a strict-evaluator system instruction, the grounding g (trun-
cated to fit context), the policy input x, the response y, the

rubric serialized as a numbered list with each criterion’s
weight, description, required elements, scoring guide, key-
words, and verification method, and a structured-output
specification requiring JSON with per-criterion scores, to-
tal, max, and a brief justification. The judge is decoded
at low temperature (τJ = 0.1) to reduce reward variance.
Full prompt templates are in Appendix D.

Rubric synthesis and reward judging are decoupled. The
rubrics can be created offline with a stronger or more ex-
pensive model, while online RL uses a cheaper judge re-
peatedly for reward computation. This separation is im-
portant because rubric construction is paid once, whereas
judging is paid at every GRPO step.

Each GRPO step requires B × G judge calls, which dom-
inate wall-clock time. We deploy Nworkers parallel judge
actors, each holding an independent client to a vLLM-
style inference endpoint; workers process micro-batches
of size Bjudge in parallel. This separates policy train-
ing (GPU-bound, autoregressive) from judge evaluation
(latency-bound, remote).

3.2. Rubric-Grounded Policy Optimization

The optimizer receives only a scalar reward, but that
scalar is produced by a structured measurement process:
the judge scores each sampled answer against the same
passage-grounded rubric and then aggregates criterion

3
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scores. This section describes how that structured reward is
converted into GRPO updates in the reported experiments.
Implementation variants that were supported but not used
in the main run are deferred to Appendix C.

Training Objective For policy πθ and frozen reference
πref ,

max
θ

E
x∼D,y∼πθ(·|x)

[r(x,y)]− β E
x
[KL(πθ ∥πref)], (3)

with r from (2).

Group-relative rubric credit. For each prompt xi, we
sample G responses {y(g)

i }Gg=1 ∼ πgen(· | xi). Each re-
sponse is judged against the same grounding gi and rubric
Ri, producing rewards {R(g)

i }. Thus, the update compares
answer strategies under a fixed assessment context rather
than comparing raw scores across unrelated questions. The
leave-one-out (LOO) baseline and group standard deviation
are

b
(g)
i = 1

G−1

∑
g′ ̸=g

R
(g′)
i , (4)

σi = std
(
{R(g′)

i }Gg′=1

)
, (5)

yielding the normalized advantage

A
(g)
i =


R

(g)
i − b

(g)
i

σi + δ
σi > 0,

0 otherwise.
(6)

The advantage is broadcast to every response token.

Information-asymmetric update. The asymmetry from
§3 enters the update through R

(g)
i : rewards are computed

by a judge that sees (xi, gi,y
(g)
i ,Ri), but gradients up-

date a policy that generated y
(g)
i from xi alone. The pol-

icy cannot retrieve the passage at inference time, but it is
trained toward responses that satisfy passage-grounded cri-
teria during learning. The result is a training-time supervi-
sion signal closer to an examiner with an answer key than
to a retrieval-augmented generator.

Clipped surrogate, KL, and stabilizers. With per-token
ratio rt = exp(log πθ − log πgen), the clipped surrogate is

ℓclipt = −min
(
rt At, clip(rt, 1− ϵclip, 1+ ϵclip)At

)
, (7)

and the per-token KL uses the k3 approximation (Schul-
man, 2020):

K̂Lt = eut − 1− ut, ut = log πref − log πθ. (8)

Inputs are clamped to [−20, 20] for numerical stability.

Total loss. Combining the clipped policy term and KL
penalty gives the token-averaged training loss

L(θ) = 1∑
i,g Tig

∑
i,g,t

m
(ig)
t

[
ℓclipt + β K̂Lt

]
, (9)

where m
(ig)
t masks padding and prompt tokens. The com-

plete algorithm is given in Algorithm 1 (Appendix A).
In addition to KL regularization, the implementation uses
low-temperature judging, schema-constrained parsing, re-
ward clipping, and conservative zero reward on parse fail-
ures. These choices are not separate contributions; they are
safeguards that make the structured reward usable inside an
online RL loop.

3.3. Mechanism: Structured Credit Assignment

The central object is not the final scalar reward but the
structured measurement that produces it. For a rubric
with positive-weight criteria w1, . . . , wM and total weight
W =

∑
j wj , define normalized criterion scores

zj(x, g,y) =
sj(x, g,y,R)

wj
∈ [0, 1], αj =

wj

W
.

(10)
The reward used by GRPO is the projection

r(x,y) =

M∑
j=1

αjzj(x, g,y) = α⊤z(x, g,y). (11)

Thus rubric-grounded RL is scalar RL over a reward that is
first factorized into interpretable criterion coordinates. The
mechanism below spells out what this factorization buys.

Resolution: more ways to be partly right. Let each cri-
terion score zj take values on a finite grid Zj . A binary
verifier exposes at most two reward levels. A holistic judge
exposes one scalar axis. A rubric exposes the product space

ZR = Z1 × · · · × ZM (12)

before projection by (11). Even when different criterion
vectors collide after weighting, the judge has evaluated the
response through a higher-resolution measurement. When
weighted sums do not collide, this yields up to

∏
j |Zj | at-

tainable scalar reward levels rather than two.

This is the mathematical version of partial credit: an an-
swer can move from z = (0, 0, 0) to (1, 0, 0) without satis-
fying all criteria. Early in RL, when most generations are
imperfect, such intermediate rewards produce useful order-
ing among bad, partial, and nearly complete answers.

Localization: criterion failures affect the scalar ad-
vantage. The optimizer does not receive separate per-
criterion gradients; it receives the scalar α⊤z. However,

4
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the scalar advantage changes in proportion to the weighted
criterion differences between sampled responses:

r(ya)− r(yb) =

M∑
j=1

αj

[
zj(ya)− zj(yb)

]
. (13)

A missing required element in criterion j changes the scalar
reward by exactly its weighted contribution αj∆zj . The lo-
calization therefore lives in the measurement, not in a new
optimizer: GRPO still updates on a scalar advantage, but
that advantage is assembled from explicit axes of quality
rather than from a single free-form preference judgment.

Privileged grounding: a training-time verifier The re-
ward in (11) depends on g, but the policy does not condition
on g:

y ∼ πθ(· | x), r = J (x, g,y,R). (14)

This is a learning-with-privileged-information setup:
grounding is available to the verifier at training time, not to
the policy at rollout or evaluation time. Consequently, the
reward can penalize unsupported claims and missing facts
without converting the policy into a retrieval-augmented
system. Successful behavior must therefore come from the
policy’s learned parameters rather than from copying the
hidden passage.

Noise attenuation by effective criteria. Suppose crite-
rion scores are observed with independent zero-mean judge
noise: z̃j = zj + ξj , E[ξj ] = 0, Var(ξj) = τ2. The aggre-
gate reward noise is

Var(α⊤ξ) = τ2
∑
j

α2
j =

τ2

Meff
,

Meff =
1∑
j α

2
j

=
W 2∑
j w

2
j

.

(15)

For equally weighted criteria, Meff = M : independent
criterion noise is averaged across the rubric. This is not
a guarantee of judge correctness, systematic or correlated
judge errors do not average away, but it explains why de-
composed scoring is preferable to a single holistic call
when criterion errors are at least partly independent.

Behavioral transfer hypothesis. The expected transfer
is behavioral rather than factual: criteria such as precision,
constraint satisfaction, stepwise justification, grounded ter-
minology, and calibrated uncertainty may benefit external
tasks that reward similar behaviors. This motivates evalu-
ating on disjoint reasoning benchmarks (§5).

3.4. Instantiation: Document-Derived Rubrics

We instantiate the framework with rubrics derived from
an OSTI-derived corpus of roughly 100,000 scientific and

technical documents. This corpus is a convenient source
because the documents are abundant, naturally grounded
(each rubric points to a specific passage), and require no
per-criterion human annotation.

Document-to-rubric pipeline. The pipeline operates in
three LLM-prompted stages:

Stage 1: Semantic analysis. For each document d, an
LLM produces a structured representation s(d) capturing
genre, primary contribution, central concepts, technical
depth, and dominant reasoning mode. This representation
conditions downstream synthesis.

Stage 2: Joint question–rubric synthesis. Conditioned
on (s(d), d), the LLM produces Kd tuples {(qk, pk,Rk)}
subject to four constraints: questions and rubrics must be
self-contained without the source; questions must target
deep understanding rather than surface recall; rubrics must
include all five components from Definition 1; and weights
must reflect the criterion’s contribution to overall quality.

Stage 3: Rubric enrichment. A post-processing step
augments criteria with structured cues, expected terminol-
ogy, core concepts, and verification patterns to improve
inter-rater consistency.

Quality assurance. Generated tuples pass structural
checks before inclusion: minimum criteria per rubric, min-
imum total weight, non-empty question, all criterion fields
present, non-negative weights. Examples failing any check
are discarded. Corpus-level statistics (criteria-per-example,
weight distributions, length histograms) are tracked for re-
porting.

Scalable generation. Documents are dispatched with
bounded asynchronous concurrency; outputs are written in-
crementally and a content-hash index supports idempotent
resume. Full data-pipeline configuration is in Appendix E.

4. Experimental Setup
4.1. Dataset

We construct a rubric-grounded dataset of approximately
100K document-grounded questions from OSTI scientific
and technical documents. Each question is paired with a
grounding passage and a structured rubric containing 5–10
weighted criteria. We partition the dataset into 70% train-
ing, 15% validation, and 15% test splits. The training split
is used for RL reward computation, the validation split for
model selection and hyperparameter tuning, and the test
split for held-out evaluation.
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4.2. Model and Infrastructure

The policy is Llama-3.1-8B-Instruct (Dubey et al., 2024)
with πref initialized from the same checkpoint. Question-
rubric dataset generation uses GPT-OSS-120B. Judge in-
ference is served by a GPT-OSS-20B endpoint. Training is
distributed with separate generation and judge-evaluation
workers; the implementation is built on NeMo-RL 2.

4.3. Hyperparameters

For the main GRPO run, each optimization step uses B =
64 prompts and samples G = 32 generations per prompt,
yielding an effective batch size of 2048. We restrict rollouts
to a single turn, and enable both the leave-one-out baseline
and reward normalization. The loss uses clipping parame-
ter ϵclip = 0.2, advantage stabilizer δ = 10−8, KL coeffi-
cient β = 0.01, and the k3 KL approximation. We optimize
with AdamW at learning rate η = 3×10−7, weight decay
0.01, and maximum gradient norm 1.0, using 13 warmup
steps followed by a constant learning-rate schedule. The
judge is run with Nworkers = 32, temperature τJ = 0.1,
a token budget of 16,000, a maximum passage length of
50,000 characters, and worker batch size 4. Variants not en-
abled in the main configuration are reported in Appendix C.

4.4. Comparison Models

We compare the trained policy against its initialization and,
for in-domain rubric evaluation only, the supervised warm-
start:

• Base: Llama-3.1-8B-Instruct, no further training.

• SFT: supervised warm-start on question–answer data
from the same document-derived corpus.

• Ours: the same model after one rubric-grounded GRPO
run.

4.5. Evaluation Benchmarks

We report (i) held-out rubric reward on a random split of the
synthesized tuples (in-domain), and (ii) standard accuracy
on four reasoning benchmarks not derived from the training
corpus: GSM8K (Cobbe et al., 2021), MATH (Hendrycks
et al., 2021), GPQA Main, and GPQA Diamond (Rein
et al., 2023). Using benchmarks not derived from the
corpus is what makes them a transfer test rather than a
recall test. Base and Ours are evaluated with the same
prompt template, decoding parameters, and scoring script.
We report single-sample accuracy. GSM8K and MATH
use exact-match final-answer scoring after answer extrac-
tion; GPQA Main and GPQA Diamond use the standard
multiple-choice accuracy protocol. The reported GRPO
checkpoint is selected by held-out rubric reward.

2https://github.com/NVIDIA/NeMo-RL

5. Results and Analysis
5.1. In-Domain Judge Measurements

Table 1. In-domain held-out rubric evaluation. All rows are
evaluated on the same held-out question–rubric test split using
generated model responses scored by the same LLM judge, GPT-
OSS-20B. The table compares the base model, an SFT-tuned
baseline, and our GRPO-tuned model under a consistent passage-
grounded rubric-reward protocol.

Method Held-out Rubric Reward

Base 26.1%
SFT tuned 41.8%
Ours (GRPO) 71.7%

Table 1 reports an in-domain held-out rubric evaluation
under a consistent evaluation protocol. For each model,
we generate responses to the same held-out questions and
score them with the same LLM judge, GPT-OSS-20B, us-
ing the corresponding held-out rubrics and grounding pas-
sages. Thus, the base model, the SFT-tuned model, and the
GRPO-tuned model are compared directly under the same
passage-grounded rubric-reward protocol.

The SFT model is instruction-tuned on question–answer
pairs derived from the OSTI dataset; however, its re-
ported performance is computed exclusively on the held-
out question–rubric test split. The results show that su-
pervised fine-tuning improves substantially over the base
model, increasing held-out rubric reward from 26.1% to
41.8%. GRPO further improves the policy from the same
base initialization, achieving a held-out rubric reward of
71.7%.

Figure 2 provides a complementary in-domain compari-
son under the same passage-grounded rubric-judge proto-
col. The GRPO-tuned Llama-3.1-8B policy improves from
the base model’s roughly 2.6/10 judge score to roughly
7.1/10, approaching the displayed GPT-OSS-120B score
and surpassing several larger comparison models under the
same evaluation protocol.

5.2. Out-of-Distribution Transfer

Table 2 shows transfer to disjoint benchmarks. The GRPO-
tuned policy improves on all four benchmarks. The GPQA
gains (+8.71 Main, +8.08 Diamond) are larger than the
gains on the math benchmarks, suggesting that rubric-
grounded training may be especially helpful for scientific
reasoning tasks where answers must coordinate facts, as-
sumptions, and evidence. Since none of these bench-
marks is derived from the training corpus, the result is
more consistent with transferable reasoning improvement
than direct document recall. The smaller GSM8K and
MATH gains are also informative: our generated questions
are mostly technical question-answering tasks, not deliber-
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Table 2. Transfer to reasoning benchmarks. Numbers are accuracy for the base model and the best GRPO checkpoint selected by
held-out rubric reward. None of these benchmarks is derived from the training corpus.

Method GSM8K MATH GPQA Main GPQA Diamond Avg. ∆

Base 84.53 50.06 25.22 24.24 –
Ours 85.44 52.88 33.93 32.32 +5.13

Figure 2. Rubric-judge benchmark comparison. In a passage-grounded rubric-judged evaluation, the RL-tuned 8B policy substantially
improves over the base 8B instruction model and approaches the displayed GPT-OSS-120B score under the same rubric-judge protocol.

ately constructed quantitative-problem or code-generation
tasks. This likely makes the learned reward geometry bet-
ter aligned with GPQA than with benchmarks that require
explicit calculation routines.

5.3. Training Dynamics

Validation reward tracks training reward throughout the run
(Figure 3); zero-reward judge outcomes decrease monoton-
ically. The validation–training gap stays bounded, which
argues against improvements being confined to sampled
training prompts.

5.4. Judge Interface Safeguards

The reward signal comes from an LLM, so a reasonable
first question is whether the policy learned to answer well
or to game the judge. We do not yet have independent
human-agreement or cross-judge reliability measurements,
so we avoid treating judge reliability as a settled empirical
result. Instead, the current implementation uses four inter-
face safeguards.

Low-temperature judging. The judge is queried at τJ =

Figure 3. Reward dynamics. Training and validation rewards
increase over the GRPO run while zero-reward judge outcomes
decrease. The held-out trajectory supports checkpoint selection
by held-out reward and argues against improvements being con-
fined to sampled training prompts.

0.1 to reduce stochastic variation in reward assignments.

Structured parsing. The judge must return schema-
conforming criterion scores, a total score, and a maximum
possible score. Invalid outputs are assigned conservative

7
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zero reward rather than repaired optimistically.

Document-grounded scoring. The judge sees the source
passage and rubric, while the policy sees only the ques-
tion. This makes the judge a document-grounded verifier
and prevents the policy from using retrieval context at eval-
uation time.

Held-out validation. The same judge interface is applied
to held-out rubric examples during training. The validation
trajectory in Figure 3 therefore serves as the main check
that reward increases are not confined to the sampled train-
ing prompts.

5.5. Analysis: What Generalizes?

The largest external gains are on GPQA Main and GPQA
Diamond. This is the most natural transfer target for
the training signal: the reward asks the policy to satisfy
document-grounded scientific rubrics, and GPQA also re-
quires careful use of scientific concepts under uncertainty.

GSM8K and MATH improve, but by less than GPQA.
This suggests that the rubric reward is not merely teach-
ing benchmark-specific shortcuts; rather, it appears to im-
prove general problem-solving behaviors that are most vis-
ible when the downstream task resembles technical assess-
ment. A direct test of the reward-design hypothesis would
generate document-grounded quantitative tasks and include
rubric criteria for equation setup, calculation, units, numer-
ical consistency, and final-answer verification. The analo-
gous code setting would synthesize implementation or de-
bugging tasks from technical documents and score criteria
such as API use, algorithmic correctness, edge cases, and
test behavior.

6. Discussion
Rubric-grounded RL is not specific to documents or to sci-
entific question answering. The framework requires only a
checkable rubric and an instance-level grounding the judge
can use; many practical alignment problems already have
these (clinical guidelines, code-style guides, legal frame-
works, marking schemes). The key methodological move is
exposing the structure of evaluation to the optimizer rather
than collapsing it to a scalar.

The framework moves the alignment problem partly into
the judge. Noisy or inconsistent criterion scores be-
come noisy advantages, especially when the sampled re-
sponses for a prompt have nearly identical rewards. Low-
temperature decoding, structured output, parser conser-
vatism, reward clipping, and held-out evaluation are there-
fore part of the method rather than incidental implemen-
tation details. Rubric grounding is most useful when (i)
quality decomposes naturally into checkable criteria, (ii)

per-instance grounding is cheap to provide, and (iii) scalar
preference data is hard or expensive to collect. It is not
the right tool when the target behavior is genuinely holis-
tic, when criteria are difficult to specify without domain
experts, or when the cost of grouped judge calls dominates
other training cost considerations.

The present data-generation pipeline mostly produces gen-
eral document-grounded technical questions. A natural
next step is to sample documents selectively for latent
math, data-analysis, or programming content and instruct
the rubric generator to create tasks whose scoring criteria
explicitly reward quantitative setup, symbolic or numerical
calculation, unit checks, code correctness, and executable
tests. This would test whether the same rubric-grounded
RL recipe can move beyond general scientific reasoning
gains and produce larger improvements on math and code
benchmarks.

7. Limitations
The empirical study is at one model scale (8B), one corpus
family (OSTI-derived scientific and technical documents),
one judge family, and one GRPO training run. The rubric
pipeline can inherit biases of the synthesizer LLM and of
the OSTI-derived source corpus. Single-turn answering is
the only setting evaluated; extending to multi-turn inter-
active tasks is straightforward in the framework but not
validated here. We do not report confidence intervals or
variance across random seeds; the external benchmark im-
provements should therefore be interpreted as single-run
evidence rather than a stable estimate of expected gain. Be-
cause the same judge family is used during training and
validation, held-out rubric reward does not by itself rule
out judge-specific reward hacking. Independent human-
agreement or cross-judge reliability measurements remain
important directions for future evaluation.

8. Conclusion
We formalized rubric-grounded RL: reinforcement learn-
ing from weighted, judge-scored criteria grounded in
instance-specific evidence unavailable to the policy at roll-
out time. Instantiated on rubrics derived from roughly
100,000 OSTI-derived scientific and technical documents,
the framework produced an 8B policy that improves held-
out rubric reward and yields gains on four reasoning bench-
marks not derived from the training corpus. The current ev-
idence is narrower than a full ablation study: it shows that
one reported rubric-grounded GRPO run improves over
the base model under our evaluation protocol, not that ev-
ery component has been causally isolated. Even with that
caveat, the result suggests a promising post-training recipe
for domains where quality is naturally rubric-shaped.
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Algorithm 1 Rubric-Grounded GRPO

Require: Policy πθ, reference πref , judge J , dataset D,
group size G, clip ϵclip, stabilizer δ, KL coefficient β,
learning rate η, max gradient norm γ

1: Initialize πgen ← πθ

2: for epoch = 1, . . . , E do
3: for batch {(xi, pi,Ri)}Bi=1 ∼ D do
4: Synchronize πgen ← πθ

5: for i = 1, . . . , B do
6: Sample {y(g)

i }Gg=1 ∼ πgen(· | xi); record
log πgen.

7: end for
8: for i = 1, . . . , B; g = 1, . . . , G (parallel) do
9: R

(g)
i ← J (xi, pi,y

(g)
i ,Ri)/Wi

10: end for
11: for i = 1, . . . , B; g = 1, . . . , G do
12: b

(g)
i ← 1

G−1

∑
g′ ̸=g R

(g′)
i ; σi ← std(Ri)

13: A
(g)
i ← (R

(g)
i − b

(g)
i )/(σi + δ) if σi > 0, else

0
14: end for
15: Compute log πθ, log πref via forward passes
16: for each response token (i, g, t) do
17: rt ← exp(log πθ − log πgen)
18: ℓt ← −min(rtAt, clip(rt, 1−ϵclip, 1+ϵclip)At)

19: K̂Lt ← exp(log πref− log πθ)−1−(log πref−
log πθ)

20: end for
21: L ← mean(ℓt + βK̂Lt)
22: θ ← θ − η clip grad(∇θL, γ)
23: end for
24: end for

A. Full Algorithm

B. Estimator Notes
LOO baseline. For i.i.d. rewards R1, . . . , RG with mean
µ and variance σ2, the leave-one-out baseline b(g) =

1
G−1

∑
g′ ̸=g Rg′ satisfies E[b(g)] = µ, Cov(Rg, b

(g)) = 0,
and Var(b(g)) = σ2/(G− 1).

k3 KL approximation. The approximation K̂L = eu −
1−u is nonnegative by convexity (eu ≥ 1+u), equals zero
iff u = 0, and has Taylor expansion K̂L = u2/2 +O(u3).

Judge-noise heuristic. Let the normalized reward be r =∑
j wjsj/W , where W =

∑
j wj . If criterion score noise

is zero-mean, independent, and has common variance τ2,
then the aggregate noise variance is

Var(r) = τ2
∑

j w
2
j

W 2
=

τ2

Meff
, Meff =

W 2∑
j w

2
j

. (16)
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Thus equally weighted criteria reduce independent crite-
rion noise by a factor of M , and uneven weights reduce
it by the effective number of criteria Meff . This motivates
multi-criterion rubrics but is not used as a formal reliability
guarantee in the main paper.

C. Variants Supported but Not Used in the
Main Run

Importance sampling. For multi-step updates per roll-
out, token-level IS uses wt = exp(log πθ − log πgen).
Sequence-level IS (GSPO) uses the geometric mean of per-
token ratios. Truncated variants (TIS, ICEPOP, Seq-Mask-
TIS) cap or mask weights outside a configured band.

Dual clipping. For At < 0, ℓt ← max(ℓclipt ,−cAt) with
c > 1 (typically 3).

Dynamic sampling (DAPO). Filter prompts with σi = 0
and re-sample until the batch contains the required number
of informative prompts.

Reward shaping. A length penalty discourages near-
truncation responses; a truncation penalty multiplies re-
ward by αstop ∈ [0, 1) when the response lacks a stop to-
ken. Both are disabled in main runs.

D. Judge Prompt Template
SYSTEM: You are a strict, objective
academic evaluator. Score the RESPONSE
against each evaluation criterion using
the provided scoring guide, required
elements, and expected keywords. Return
ONLY a valid JSON object.

USER:
SOURCE PASSAGE: [g, truncated]
QUESTION: [x]
RESPONSE: [y]
CRITERIA (total weight W):

1. name, w_1, eta_1,
required E_1, guide, kappa_1, nu_1

...
Return:
{ "scores": {"c_1": s_1, ...},

"total": <sum>, "max_total": <W>,
"reasoning": "<brief>" }

E. Data Schema and Pipeline Configuration
{

"question": <string>,
"passage": <string>,

"criteria": [
{ "id": <string>, "weight": <float>,

"name": <string>,
"description": <string>,
"required_elements": [<string>],
"scoring_guide": <string>,
"verification_method": <string>,
"expected_keywords": [<string>],
"expected_concepts": [<string>] },

...
],
"question_rationale": <string>,
"document_analysis": {
"genre": <string>, "contribution": <string>,
"concepts": [<string>], "depth": <string>,
"reasoning_mode": <string>

},
"doc_hash": <string>

}
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