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ABSTRACT

We introduce a self-evolving training framework for language models that requires
no human annotation, external reward model, or stronger teacher. A rubric gener-
ator produces instance-specific natural language criteria for each question; a small
frozen judge scores policy responses against them. Factoring evaluation this way
redirects reward signal quality from judge capability to rubric content, making ef-
fective training signal possible from a frozen judge as small as 0.6B. The rubric
generator is trained via GRPO with a binary discriminative reward: 1 if its criteria
cause the frozen judge to correctly rank a preference pair, O otherwise. Preference
pairs are constructed entirely from the policy’s own outputs; in co-evolving train-
ing, the rubric generator and policy are updated in alternation, with a replay buffer
that pairs current responses against earlier ones. On twelve benchmarks span-
ning reasoning, code, knowledge, and instruction following, co-evolving training
outperforms GPT-4.1-prompted rubrics (69.5 vs. 66.7 avg) and sequential train-
ing (68.4—68.7 avg), with a 0.6B judge achieving 70.0 avg. The learned rubric
transfers to Qwen3-14B without retraining (75.8 avg). Trained rubrics encode
solutions as verifiable criteria, reducing evaluation to verification and explaining
why self-evolution remains effective with judges far smaller than the policy.

1 INTRODUCTION

Training language models with reinforcement learning requires reward signals that reflect response
quality. Current approaches depend on external supervision: human preference annotations (Chris-
tiano et al., 2017} |Ouyang et al., 2022}, proprietary model APIs as judges (Zheng et al.| [2023), or
pretrained scalar reward models. Each introduces a dependency that limits scalability: human an-
notation is expensive, API access is costly and non-reproducible, and scalar reward models encode
opaque criteria that cannot be inspected or adapted. A self-evolving system that derives reward
signal entirely from its own components would remove these dependencies.

We propose factoring evaluation into two trained components: a rubric generator that produces
instance-specific natural language criteria for each question, and a small frozen judge that scores
responses against them (Figure [T). This factorization redirects reward signal quality from judge
capability to rubric content: a judge that cannot reliably evaluate open-ended responses may still
assign accurate scores when given concrete, targeted criteria. The rubric generator is trained via
GRPO (Shao et al., [2024) with a binary discriminative reward — 1 if its criteria cause the frozen
judge to correctly rank a preference pair, O otherwise. Freezing the judge ensures that reward im-
provements reflect better rubrics rather than a co-adapted evaluator. All preference pairs are con-
structed from the policy’s own outputs using three methods: replay buffer pairing (current vs. earlier
responses), inferred question pairing, and rubric-conditioned pairing.

The rubric generator and policy can be trained sequentially or co-evolved with alternating updates.
Co-evolving training enables the replay buffer signal, which pairs current responses against earlier
ones and exploits the implicit preference that later responses are better. As the policy improves,
it produces more varied responses that sharpen rubric training; as the rubric generator improves, it
provides more discriminative reward signal for the policy.

*Equal contribution.
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Figure 1: Self-evolving training loop. The rubric generator p, produces instance-specific evaluation
criteria. A small frozen judge J scores policy responses against these criteria, providing the reward
signal for both policy and rubric training. Preference pairs are constructed from the policy’s own
outputs. No human annotation or external model is required.

On twelve benchmarks spanning reasoning, code, knowledge, and instruction following, co-evolving
training outperforms GPT-4.1-prompted rubrics (69.5 vs. 66.7 avg) and sequential training (68.4—
68.7 avg). The learned rubric transfers to Qwen3-14B without retraining (75.8 avg). Smaller judges
produce stronger downstream policies: a 0.6B judge achieves 70.0 avg, outperforming judges of
4-32B (66.7-67.5 avg). Trained rubrics encode solutions as verifiable criteria, reducing evaluation
to verification and explaining why self-evolution remains effective with judges far smaller than the
policy. Our core contributions include the following:

1. A factored evaluation architecture that separates rubric generation from judging, redirecting re-
ward signal quality from judge capability to rubric content, enabling a frozen judge as small as
0.6B to provide effective training signal.

2. A training objective for rubric generators: binary discriminative reward from a frozen judge
optimized via GRPO, stable enough for the rubric generator and policy to co-evolve in alternation
without reward drift.

3. Three methods for constructing preference pairs from the policy’s own outputs, including a replay
buffer that drives the co-evolving regime’s advantage and enables self-evolution with no external
supervision.

2 METHOD

2.1 ARCHITECTURE

Figure 1| illustrates the training loop. Standard reward models learn a function R(q,a) € R that
directly maps question-response pairs to scores. The evaluation criteria are implicit in model weights
and cannot be inspected.

We factor evaluation into two components with an explicit interface between them. A rubric gen-
erator ps; maps questions to natural language criteria:

= pe(q) (1)

A judge J scores responses against rubrics:

s=J(g,ra)€0,1] )
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The rubric r is an intermediate representation expressed in natural language. It specifies what the
evaluation measures for question ¢. This factorization is what makes self-evolving training tractable:
a judge that cannot reliably evaluate open-ended responses may still assign accurate scores when
given concrete, targeted criteria, shifting the burden of quality from judge capability to rubric con-
tent.

This factorization provides three properties. First, interpretability: the rubric externalizes evalua-
tion criteria in readable form. For any score, practitioners can inspect exactly what criteria were
applied. Second, instance-specificity: each question receives tailored criteria, unlike fixed evalua-
tion prompts. Third, modularity: the rubric generator and judge can be developed independently.
A rubric generator trained with one judge can in principle be deployed with another; Section [3.3]
examines how transfer fidelity varies across model families.

A policy 7y generates responses a ~ my(-|¢). The policy and rubric generator are trained; the judge
is frozen.

2.2  TRAINING OBJECTIVE

What makes a rubric good? There are no ground-truth criteria for a question. A rubric is good if it
discriminates: when the judge applies it, preferred responses score higher.

Given a question ¢ with a preference pair (a™,a™) where a™ is preferred, we sample a rubric
r ~ pe(-lg) from the generator. The judge scores both responses: s = J(g,r,a™) and

s~ = J(q,r,a™). The rubric receives reward:
1 if st > s~
R(r: + 7)) — 3
(rig,a”,a”) {0 otherwise )
This binary discriminative reward captures a single property: whether the rubric causes the judge to
rank the preferred response higher. The rubric generator is trained via GRPO (Shao et al., [2024) to
maximize expected reward:

Embric(d’) = 7]Eq,(a+,a*),r~p¢ [A(Q7 T) log Pe (T‘Q)] “)
where advantages A(q, r) are computed from rewards within each group of rubrics sampled for the

same question. Since rubrics are discrete natural language, gradients flow through the generator’s
sampling distribution, not through the rubric text itself.

The objective directly optimizes for the property we care about: producing criteria that discriminate.
A rubric that causes the judge to score all responses similarly receives zero reward. A rubric that
enables discrimination receives reward 1. The judge is frozen throughout training, providing a fixed
evaluator against which rubric quality is measured.

2.3 JOINT TRAINING

Both the rubric generator and policy model are trained using GRPO (Shao et al., 2024), a variant of
policy gradient that computes advantages from group-relative rewards. The policy’s GRPO loss is:

£policy(0) = _Eq,a~7re [A(Q7 CL) log 7o (a’|q)] (&)
where advantages A(g, a) are derived from judge scores J(g, py(¢), a) normalized within each
group of 8 responses to the same question. This group normalization removes the need for a learned
value function and ensures that only relative quality within a prompt group matters.

Training alternates between two phases: update 7y for K steps with py fixed, then update pg for
K steps using preference pairs from my. The frequency K controls coupling strength (ablated in
Section 3.4).

Why freeze the judge? The judge .J is frozen throughout training. This is motivated by the
need for a stable reward signal. If the judge were co-trained, apparent improvements in rubric
discriminability could reflect the judge learning to agree with the rubric generator rather than the
rubrics becoming genuinely more discriminative. The frozen judge provides an invariant measure
of rubric quality. The limitation is that the rubric generator can only learn to produce criteria that
the frozen judge can interpret and apply; rubrics requiring judgment capabilities beyond the frozen
judge’s capacity will not be rewarded.
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2.4 CONSTRUCTING PREFERENCE PAIRS

The rubric generator requires preference pairs, but obtaining them from human annotation would
reintroduce the external supervision dependency we aim to eliminate. We instead construct prefer-
ence pairs from the policy’s own outputs.

Replay buffer. We store rollouts with training timestamps and pair current responses with earlier
responses to the same question, using the implicit preference that later responses are better. This
assumption is the method’s central inductive bias. It is not verified with training curves in the
present work, and alternative explanations for the replay buffer’s effectiveness, such as increased
preference pair diversity, cannot be ruled out. The step gap between paired responses controls signal
quality.

Inferred question. Given response a™ to question ¢, we infer what question it appears to answer
(¢) and generate a~ ~ my(-|¢). This provides signal about whether responses address the intended
question.

Rubric-conditioned. We generate a™ conditioned on question and rubric, ™~ on question alone.
This provides signal about rubric utility: the generator learns to produce criteria that improve re-
sponses when provided to the policy.

3 EXPERIMENTS

Experiments are structured around three questions: Does training rubric generators improve over
prompting, and does joint training improve over sequential training? Do learned rubrics generalize
across models and judges? What design choices affect rubric and downstream quality?

3.1 SETUP

Data. Prompts are drawn from the Tulu 3 preference mixture (Lambert et al., 2024), comprising
approximately 271K prompts across general-purpose chat (UltraFeedback, WildChat), instruction
following with IFEval-style constraints, mathematical reasoning, coding, scientific literature under-
standing, and persona-driven synthetic instructions. We filter duplicate prompts from the dataset.
Responses are generated on-policy during training as described in Section 2]

Models. Qwen3-8B (Yang et al., 2025) is used as both policy and rubric generator in a parameter-
sharing configuration, where a single model handles both roles via different prompts. This con-
figuration minimizes memory requirements; a two-model configuration is ablated in Section [3.4]
Qwen3-1.7B serves as the default judge. A key claim is that learned rubrics enable small local
judges to provide effective reward signal; using a 1.7B judge tests this directly.

Training. GRPO is used with learning rate 10—, KL coefficient 0.001, and 8 response samples per
question. The alternating frequency K = 50 controls how many steps each component trains before
switching; this is ablated in Section The replay buffer step gap [20, 100] controls the temporal
distance between paired responses; this is also ablated in Section Other implementation details
are in Appendix [A]

Baselines. Two prompted baselines isolate the effect of training. GPT-4.1 prompted: rubrics gen-
erated by prompting GPT-4.1, scored by the same Qwen3-1.7B judge as our method. Qwen3-8B
prompted: the same architecture as our rubric generator, generating rubrics via prompting without
training.

Evaluation. We evaluate along two axes. First, downstream policy quality: policies trained with
learned rubrics are evaluated on twelve benchmarks spanning mathematical reasoning (GSM8K,
MATH), code generation (HumanEval+, MBPP+), general reasoning (BBH, GPQA, Zebralogic,
AGI-Eval), knowledge (MMLU, PopQA), instruction following (IFEval), and open-ended genera-
tion (AlpacaEval v3). Second, rubric quality: we measure the discriminative accuracy of learned
rubrics using RewardBench 2 (Malik et al.| [2025) and JudgeBench, which test whether rubric-based
evaluation correctly ranks preferred over dispreferred responses across diverse domains.
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3.2 MAIN COMPARISONS

Prompted baselines. The rubric generator receives no training signal. GPT-4.1 prompted repre-
sents a strong upper bound for prompting; Qwen3-8B prompted matches our architecture without
training.

Sequential training. The rubric generator is trained first with the policy frozen, learning from
preference pairs constructed via inferred question and rubric-conditioned methods (replay buffer
requires a changing policy). After rubric training converges, the policy is trained with the rubric
generator frozen. This isolates the value of rubric training from the value of joint adaptation.

Co-evolving training. The rubric generator and policy are trained jointly with alternating updates.
This enables co-adaptation: as the policy improves, it generates more varied responses that provide
richer preference signal; as the rubric generator improves, it provides sharper reward signal. All
three preference signal methods including replay buffer can be used.

Table 1: Main comparison of training approaches on downstream policy quality (OLMo3-Adapt
benchmarks). HE+ = HumanEval+. All scores are percentages. Rubric discriminative accuracy on
held-out benchmarks is reported in Appendix [B]

Method GSM8K MATH HE+ MBPP+ BBH MMLU IFEval PopQA GPQA Zebra AGI-E AlpacaE Avg
GPT-4.1 (prompted) 95.7 942 587 65.1 71.7 84.8 344 30.7 54.9 81.9 829 45.5 66.7
Qwen3-8B (prompted) 95.5 946 737 584 66.8 834 353 31.7 56.9 84.3 83.9 45.9 67.5
Sequential (IQ) 95.1 947  65.1 69.0 74.3 86.0 30.7 313 56.0 832 832 52.1 68.4
Sequential (Rubric) 96.1 942  70.0 69.2 70.1 85.5 327 30.8 56.9 829 83.8 52.0 68.7
Co-evolving (ours) 95.4 94.5 86.3 68.5 68.8 89.6 38.1 30.5 53.8 82.7 85.5 40.2 69.5

Co-evolving training achieves the highest downstream average (69.5), outperforming both prompted
baselines (66.7 for GPT-4.1, 67.5 for Qwen3-8B) and sequential training (68.4 for IQ, 68.7 for
Rubric). The gain is concentrated on code generation (HE+ 86.3 vs. 58.7-73.7 for baselines) and
general knowledge (MMLU 89.6 vs. 83.4-86.0). Sequential training improves over prompting on
some benchmarks (BBH, AlpacaEval) but not others, suggesting that rubric training alone provides
partial benefit. The full co-evolving setting, which enables the replay buffer preference signal, yields
the strongest overall result. We also measure rubric quality on held-out benchmarks (Appendix [B),
but these metrics do not predict downstream policy quality. This follows from the training objective:
rubrics are optimized for discriminative utility on the policy’s own output distribution, not for gen-
eralization to arbitrary held-out pairs, consistent with broader findings that held-out reward model
quality does not reliably predict downstream RL outcomes (Ivison et al.,|2024;|Lambert et al.,[2024)).

3.3 GENERALIZATION

A rubric generator has practical value only if it generalizes beyond the training distribution. If
learned rubrics work only for the co-trained policy, the generator must be retrained for every new
model. If learned rubrics work only with the training judge, the modularity claim fails. We test
generalization across policy models and across judges.

3.3.1 CROSS-MODEL TRANSFER

The rubric generator is trained jointly with a Qwen3-8B policy. We test whether the learned rubric
transfers to training a different policy model by using the rubric generator (frozen from the main
experiment) to train a Qwen3-14B policy from scratch. If the learned rubric provides effective
reward signal for a model not seen during rubric training, it has learned general evaluation criteria
rather than Qwen3-8B-specific ones.

The Qwen3-14B policy trained with the learned rubric achieves 75.8 avg across downstream bench-
marks, outperforming the Qwen3-8B policy trained with the same rubric (69.5 avg). Gains appear
broadly: GSMS8K (96.4 vs. 95.4), MATH (95.5 vs. 94.5), HE+ (89.6 vs. 86.3), GPQA (58.0 vs.
53.8), and Zebralogic (87.5 vs. 82.7). This comparison is confounded by base model capability:
Qwen3-14B is a stronger model that may benefit more from any reward signal. Isolating the rubric’s
contribution would require a Qwen3-14B baseline with prompted rubrics, which we do not run due
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to compute constraints. The result is nonetheless consistent with the rubric providing general rather
than model-specific reward signal.

Table 2: Cross-model transfer. The rubric generator (frozen from the main Qwen3-8B experiment)

is used to train a Qwen3-14B policy. Downstream quality measures whether the rubric provides

effective reward signal for a model not seen during rubric training. All scores are percentages.
Downstream Policy Quality (OLMo3-Adapt)

Configuration GSMS8K MATH HE+ MBPP+ BBH MMLU IFEval PopQA GPQA Zebra AGI-E AlpacaE Avg
Qwen3-8B + learned rubric (main) 95.4 94.5 86.3 68.5 68.8 89.6 38.1 30.5 53.8 82.7 85.5 40.2 69.5
Qwen3-14B + learned rubric 96.4 95.5 89.6 69.0 69.0 87.7 32.0 - 58.0 87.5 84.3 65.1 75.8

3.3.2 CROSS-JUDGE EVALUATION

The rubric generator and judge are designed to be modular: the generator produces criteria, the
judge applies them. This modularity is valuable only if rubrics transfer across judges. We test this
by training the rubric generator with Qwen3-1.7B and evaluating RewardBench 2 accuracy with
judges from different model families at inference time.

Table 3: Cross-judge evaluation. RewardBench 2 (RB2) and JudgeBench (JB) accuracy with differ-

ent inference-time judges. The rubric generator was trained with Qwen3-1.7B.

RewardBench2
Factuality Precise [IF Math Safety Focus Ties Avg

JudgeBench

Inference Judge  Rubric Knowledge Reasoning Math Coding Overall Avg

Qwen3-1.7B Prompted 27.8 26.5 38.1 25.0 302 9.7 262 27.3 224 16.1 11.9 223 19.4
(training judge) ~ Trained 293 30.2 37.0 39.1 319 339 33.6 383 20.4 429 50.0 354 379
Qwen3-8B Prompted 37.4 33.6 515 499 455 203 397 48.1 32.7 482 59.5 45.1 47.1
Trained 38.8 34.1 489 427 571 447 444 54.5 63.3 69.6 524 59.1 60.0

Llama-3.1-8B Prompted 30.3 29.4 36.1 31.2 39.1 153 302 474 36.7 55.4 452 454 462
. Trained 28.7 30.4 262 404 433 526 369 52.0 34.7 50.0 38.1 45.1 43.7
Mistral-7B Pron}pled 27.8 229 28.6 38.5 285 342 30.1 312 17.4 28.6 14.3 249 22.8
Trained 24.6 28.8 30.0 36.0 250 33.0 296 36.4 19.4 339 26.2 30.0 29.0

Trained rubrics transfer well to the same model family: Qwen3-8B with trained rubrics (44.4 RB2
avg, 60.0 JB avg) substantially outperforms prompted rubrics (39.7, 47.1) when the inference judge
is Qwen3-8B. Transfer to Llama-3.1-8B is mixed: trained rubrics improve RB2 average (36.9 vs.
30.2) but slightly reduce JB average (43.7 vs. 46.2). For Mistral-7B, trained rubrics provide modest
JB gains (29.0 vs. 22.8) but slightly lower RB2 (29.6 vs. 30.1). The strongest gains appear when the
inference judge matches or exceeds the training judge’s model family, suggesting that learned rubrics
partially encode conventions specific to the Qwen model family. Users deploying learned rubrics
with out-of-family judges should expect reduced transfer and may benefit from brief fine-tuning of
the judge on rubric-formatted inputs.

3.4 ABLATIONS

3.4.1 ALTERNATING FREQUENCY

In co-evolving training, the alternating frequency K controls how many steps each component trains
before switching. This choice involves a tradeoff. Frequent switching (K small) tightly couples the
models, allowing each to adapt to the other’s changes, but may introduce noise if neither converges
before switching. Infrequent switching (K large) allows each component to converge but causes dis-
tribution shift at transitions: the rubric generator observes responses from a policy that has changed
substantially since the last rubric update. We test K € {2,10,20, 50,100} using the co-evolving
training setting with replay buffer preference signal. All other hyperparameters remain constant
across conditions.

K = 50 achieves the best downstream average (69.5), with K = 10 second (68.1). Both rubric
quality and downstream performance degrade at the extremes: K = 2 provides insufficient conver-
gence per phase (68.6 avg), while K = 100 allows too much distribution shift between phases (66.7
avg). On rubric quality, K = 50 and K = 100 achieve similar RB2 averages (33.6 and 33.8), but
K = 50 leads in JudgeBench (37.9 vs. 35.2), suggesting the intermediate frequency better balances
coupling strength with per-phase stability.
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Table 4: Effect of alternating frequency K in co-evolving training. All scores are percentages.

RewardBench2 JudgeBench
K Factuality Precise IF Math  Safety Focus Ties Avg | Knowledge Reasoning Math Coding Overall Avg
2 29.8 30.0 406 338 31.0 253 318 19.5 15.3 32.1 333 220 251
10 30.8 23.6 435 367 31.0 345 333 25.3 36.7 21.4 26.2 28.0 274
20 29.0 25.0 265 337 349 133 271 24.0 21.4 41.1 40.5 28.0 318
50 (main) 29.3 30.2 37.0  39.1 319 339 336 38.3 20.4 42.9 50.0 354 379
100 29.5 32.7 395 378 313 322 338 27.3 36.7 26.8 50.0 32.6 35.2
Downstream Policy Quality (OLMo3-Adapt)
K GSM8K MATH HE+ MBPP+ BBH MMLU IFEval PopQA GPQA Zebra AGI-E AlpacaE Avg
2 95.8 94.5 82.4 68.5 66.3 85.3 38.6 33.6 52.0 81.2 83.1 423 68.6
10 96.4 94.9 78.0 67.2 62.0 85.1 38.6 31.7 525 83.4 83.2 43.9 68.1
20 95.7 95.0 62.0 66.3 59.4 84.3 38.6 31.2 52.9 82.1 81.8 41.7 65.9
50 (main) 95.4 94.5 86.3 68.5 68.8 89.6 38.1 30.5 53.8 82.7 85.5 40.2 69.5
100 95.5 94.6 68.5 63.0 59.2 83.5 38.8 30.5 533 85.3 80.9 47.2 66.7

3.4.2 MODEL CONFIGURATION

Single-model configuration shares parameters between policy and rubric generator, reducing mem-
ory but potentially introducing self-evaluation bias: the model may favor criteria that its own re-
sponses naturally satisfy. Two-model configuration uses separate parameters, eliminating this bias
at the cost of doubled memory. We compare these configurations in the co-evolving setting with
replay buffer. The single-model configuration uses one Qwen3-8B model for both roles; the two-
model configuration uses separate Qwen3-8B instances. The two-model configuration is evaluated
at step 950 (the closest policy checkpoint available) rather than step 1000 due to the different training
schedule under parameter separation.

Table 5: Single-model versus two-model configuration. All scores are percentages.

RewardBench2 JudgeBench
Configuration Factuality Precise [F Math Safety Focus Ties Avg | Knowledge Reasoning Math Coding Overall Avg
Single-model 29.3 30.2 37.0 391 319 339 336 38.3 20.4 429 50.0 354 379
Two-model 294 29.9 377 403 319 342 339 26.6 35.7 339 38.1 317 336

Downstream Policy Quality (OLMo3-Adapt)
Configuration GSM8K MATH HE+ MBPP+ BBH MMLU IFEval PopQA GPQA Zebra AGI-E AlpacaE Avg

Single-model 95.4 945 863 68.5 68.8 89.6 38.1 30.5 53.8 82.7 85.5 40.2 69.5
Two-model 95.5 944 717 66.8 65.3 84.0 39.0 31.5 53.8 84.5 82.6 47.7 68.1

Single-model achieves a higher downstream average (69.5 vs. 68.1), with the gap driven by code
generation (HE+ 86.3 vs. 71.7) and MMLU (89.6 vs. 84.0). Rubric quality metrics are comparable
(33.6 vs. 33.9 RB2 avg). The single-model advantage may reflect implicit regularization from shared
parameters rather than self-evaluation bias, since the two-model configuration was evaluated at step
950 due to its different training schedule.

3.4.3 PREFERENCE SIGNAL SOURCE

The three methods for constructing preference pairs capture different aspects of quality: replay
buffer captures general improvement over training, inferred question captures question-addressing,
and rubric-conditioned captures rubric utility. These signals could be redundant, with one method
dominating, or complementary, with each contributing unique information. We test each signal alone
and in combination using the co-evolving training setting. Replay buffer requires a changing policy
and is only applicable in co-evolving; inferred question and rubric-conditioned methods can be used
in both sequential and co-evolving settings. The combined configurations mix signals equally during
training.

Replay buffer dominates on downstream policy quality (69.5 avg), outperforming inferred question
(67.7) and rubric-conditioned (67.0) by clear margins. The advantage is largest on code generation
(HE+ 86.3 vs. 74.9-75.4) and reasoning (BBH 68.8 vs. 56.4-65.0). Combining signals does not
help: Combined (IQ+RC) averages 67.3 and Combined (all 3) averages 68.2, both below replay
buffer alone. On rubric quality, replay buffer also leads in JudgeBench (37.9 avg vs. 26.8-30.2),
though IQ+RC achieves the highest JB average (41.2) among all configurations. This suggests the
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Table 6: Comparison of preference signal sources. All scores are percentages.

RewardBench2 JudgeBench
Method Factuality Precise IF Math Safety Focus Ties Avg | Knowledge Reasoning Math Coding Overall Avg
Inferred question 338 26.6 313 368 305 219 30.1 279 28.6 26.8 23.8 274 268
Rubric-conditioned 28.3 24.7 437 372 302 247 315 17.5 37.8 32.1 333 274 302
Replay buffer (main) 29.3 30.2 370 391 319 339 336 383 20.4 429 50.0 354 379
Combined (IQ + RC) 28.1 25.2 353 37.9 324 188 296 33.8 36.7 39.3 54.8 380 412
Combined (all 3) 31.6 29.1 342 362 28.0 248 3006 22.1 21.4 25.0 19.0 220 219
Downstream Policy Quality (OLMo3-Adapt)
Method GSM8K MATH HE+ MBPP+ BBH MMLU IFEval PopQA GPQA Zebra AGI-E AlpacaE Avg
Inferred question 95.8 94.4 749 62.5 65.0 84.1 379 31.1 55.4 82.5 82.6 46.6 67.7
Rubric-conditioned 95.7 93.8 75.4 60.8 56.4 84.3 40.7 31.9 55.4 81.9 82.5 454 67.0
Replay buffer (main) 95.4 94.5 86.3 68.5 68.8 89.6 38.1 30.5 53.8 82.7 85.5 40.2 69.5
Combined (IQ + RC) 95.5 94.4 72.0 63.9 59.3 83.4 38.6 31.3 55.4 82.5 82.9 48.1 67.3
Combined (all 3) 95.3 94.3 79.1 64.5 66.4 84.5 379 31.2 56.5 82.7 82.8 435 68.2

temporal improvement signal captured by replay buffer provides the strongest rubric training signal,
and mixing it with weaker signals dilutes rather than complements.

3.4.4 JUDGE SIZE

Larger judges provide more accurate evaluation but increase compute cost. We ablate judge size
from 0.6B to 32B parameters, testing whether the rubric generator can learn effectively with judges
of varying capacity. All experiments use Qwen3 models of the indicated size as the frozen judge,
with Qwen3-8B as the policy and rubric generator in single-model configuration. The co-evolving
training setting with replay buffer preference signal is used.

Table 7: Effect of judge model size. All judges use Qwen3 models of the indicated size. The 1.7B
judge is the main configuration. All scores are percentages.

RewardBench2 JudgeBench
Judge Factuality =~ Precise IF Math Safety Focus Ties Avg ‘ Knowledge Reasoning Math Coding Overall Avg
0.6B 273 21.2 29.2 18.4 31.1 248 253 33.1 29.6 32.1 40.5 329 338
1.7B (main) 29.3 30.2 370 39.1 319 339 336 38.3 20.4 429 50.0 354 379
4B 34.9 352 41.0  40.0 382 25.1 357 46.1 46.9 48.2 57.1 48.0  49.6
8B 36.3 29.8 50.3 445 39.8 287 382 44.2 40.8 50.0 54.8 454 475
14B 371 32.7 428 458 425 324 389 435 51.0 62.5 57.1 503 535
32B 31.1 24.1 329 338 339 43 267 47.4 54.1 55.4 40.5 49.7 494
Downstream Policy Quality (OLMo3-Adapt)
Judge GSM8K MATH HE+ MBPP+ BBH MMLU IFEval PopQA GPQA Zebra AGI-E AlpacaE Avg
0.6B 95.6 94.3 88.8 69.0 73.8 84.9 39.2 29.4 54.2 83.6 82.1 45.2 70.0
1.7B (main) 95.4 94.5 86.3 68.5 68.8 89.6 38.1 30.5 538 82.7 85.5 40.2 69.5
4B 95.8 94.1 77.4 57.6 63.5 82.1 36.8 33.4 57.4 84.3 84.9 42.7 67.5
8B 95.5 933 745 56.3 69.2 78.2 37.2 33.5 53.6 84.8 83.6 419 66.8
14B 95.2 944 718 58.1 70.3 73.9 39.0 35.5 58.7 84.8 83.6 349 66.7
32B 95.6 942  79.6 56.2 70.7 78.3 39.0 34.7 58.7 84.6 84.2 322 67.3

Rubric quality and downstream policy quality exhibit opposite trends with judge size. Rubric quality
increases with judge size up to 14B (25.3 — 38.9 RB2 avg), as larger judges more reliably apply
rubric criteria. However, downstream policy quality decreases with judge size: the 0.6B judge
produces the best policy (70.0 avg) and the 14B judge the worst (66.7 avg). The gap is especially
large on HumanEval+ (88.8 for 0.6B vs. 71.8 for 14B) and BBH (73.8 vs. 70.3).

The 32B judge is anomalous: its rubric quality drops sharply below the 14B judge (26.7 vs. 38.9
RB2 avg), driven by a near-complete collapse on the Ties subcategory (4.3 vs. 32.4 for 14B). This
suggests a qualitative failure mode rather than a continuation of the monotonic trend. One likely
explanation is that Qwen3-32B defaults to extended thinking tokens that interact poorly with the
structured scoring format, collapsing score diversity. Despite this rubric quality collapse, the 32B
judge’s downstream policy quality (67.3) is comparable to the 4-14B range (66.7-67.5), consistent
with the pattern that large judges bypass rubric content and evaluate using internal capabilities.

The primary candidate explanation is rubric dependency: small judges lack the capability to evaluate
open-ended responses independently and must rely on rubric criteria, creating a tight feedback loop
where better rubrics directly improve the reward signal. Large judges can evaluate using internal
knowledge, reducing dependence on rubric content and weakening this pathway. The trained rubrics
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in Appendix [C] illustrate the mechanism: the generator learns to pre-solve problems and embed
solutions as verifiable criteria, a pattern we call solution-embedded rubrics. This reduces evaluation
to verification, a task within reach of even a 0.6B judge. A plausible confound is that the effect
operates partly through score statistics: small judges may produce higher-variance scores that create
more diverse rewards within each GRPO group, improving exploration, while large judges compress
the reward distribution. Disentangling these mechanisms requires controlled experiments that vary
rubric content while holding score statistics constant, which we leave to future work.

3.4.5 REPLAY BUFFER AGE GAP

In co-evolving training with replay buffer, preference pairs are constructed by pairing current re-
sponses with earlier responses to the same question. The age gap [gmin, gmax] Specifies that rejected
responses are sampled uniformly from policy checkpoints gmin t0 gmax Steps in the past. This con-
trols the temporal distance between compared responses.

Small gaps pair similar responses from nearby training steps, which may provide noisy signal be-
cause quality differences are minimal. Large gaps pair responses from substantially different policy
versions, providing clearer quality differences but risking distribution shift: if the policy has changed
dramatically, the earlier responses may not represent realistic negative examples for the current pol-
icy. We test three gap ranges: [5, 20], [20, 100] (main), and [100, 300].

Table 8: Effect of replay buffer age gap. The [20, 100] gap is the main configuration. All scores are
percentages.

RewardBench2 JudgeBench
Age Gap Factuality Precise IF Math  Safety Focus Ties Avg | Knowledge Reasoning Math Coding Overall Avg
[5,20] 30.1 24.5 454 349 369 342 343 20.8 25.5 25.0 214 229 232
[20,100] (main) 29.3 30.2 37.0 39.1 319 339 336 38.3 20.4 429 50.0 354 379
[100, 300] 28.6 30.1 446 410 345 332 353 17.5 19.4 232 40.5 217 252
Downstream Policy Quality (OLMo3-Adapt)
Age Gap GSM8K MATH HE+ MBPP+ BBH MMLU IFEval PopQA GPQA Zebra AGI-E AlpacaE Avg
[5,20] 95.1 94.7 82.8 68.7 59.7 84.4 39.7 30.0 51.8 83.1 81.4 46.0 68.1
[20,100] (main) 95.4 94.5 86.3 68.5 68.8 89.6 38.1 30.5 53.8 82.7 85.5 40.2 69.5
[100, 300] 96.1 94.4 76.6 65.2 577 85.3 39.2 32.2 50.9 84.3 83.7 43.0 67.4

The [20, 100] gap achieves the best downstream average (69.5), outperforming both shorter ([5, 20]:
68.1) and longer ([100, 300]: 67.4) gaps. Shorter gaps yield noisy preferences that provide weaker
rubric training signal (JB avg 23.2 vs. 37.9). Longer gaps provide clearer quality contrasts (slightly
higher RB2 avg at 35.3) but the distribution shift between old and current responses reduces down-
stream effectiveness. The moderate [20, 100] gap balances signal clarity with distributional rele-
vance.

4 RELATED WORK

Reward Models. RLHF trains reward models on human preferences to produce scalar scores
(Christiano et al., 2017; |Ouyang et al., 2022). Direct preference optimization removes explicit re-
ward modeling (Rafailov et al.}[2023)). Iterative methods update preferences as policies improve (Xu
et al.,|2024). These approaches encode evaluation criteria implicitly in model weights. Our rubric
generator produces explicit natural language criteria.

LLM-as-a-Judge. Language models evaluate responses when prompted (Zheng et al., 2023;
Dubois et al.| [2023). Constitutional Al uses self-critique (Bai et al., [2022)). RLAIF substitutes Al-
generated preferences (Lee et al.l [2024). These methods use fixed evaluation prompts. Our rubric
generator learns from preference signal which criteria best discriminate response quality.

Rubric-Based Evaluation. Prometheus trains evaluators on rubric-annotated data but obtains
rubrics through prompting (Kim et al.l [2023). JudgeLM fine-tunes judges with predefined rubrics
(Zhu et al.,|2023). These treat rubrics as given input. We train rubric generators with a discriminative
objective.
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Concurrent Rubric-Based RL. Concurrent work applies rubrics to RL training. RaR uses
prompted rubrics as fixed structured rewards beyond verifiable domains (Gunjal et al., [2025). RRD
recursively refines prompted rubrics with whitened-uniform weighting (Shen et al., [2026). RLCER
trains a single model as both policy and rubric generator end-to-end but requires verifiable correct-
ness labels (Sheng et al., [2026). Rubric-ARM alternates training a rubric generator and pairwise
judge on offline preference pairs (Xu et al., [2026). Across these concurrent efforts, the recurring
tension is between rubric quality and training stability. We resolve it differently: a frozen judge
provides stable reward signal while a replay buffer supplies on-policy preference pairs, enabling
co-evolution without external labels or verifiers.

Related Approaches. RLAC trains a critic to identify failure points for external verification |Wu
et al.| (2025), reducing verification cost for tasks with automated validators. Our method generates
complete evaluation criteria for any task, including those without ground-truth verifiers. WIMHF ex-
tracts interpretable features from preference datasets using sparse autoencoders Movva et al.|(2025),
revealing dataset-level patterns post-hoc. Our rubric generator produces instance-specific criteria at
inference time. Self-play (Silver et al.|2017) and self-instruct (Wang et al.,|2023)) improve policies
or data while keeping evaluation fixed. We jointly train the rubric generator with the policy.

5 CONCLUSION

The core challenge in self-evolving language model training is circular: improving a model requires
evaluating it, but reliable evaluation requires either external supervision or a capable judge. We
resolve this circularity through factored evaluation: separating rubric generation from judging redi-
rects evaluation quality from judge capability to rubric content, and training the rubric generator
with a binary discriminative reward ensures that content is optimized for discrimination rather than
surface plausibility. The result is that an 8B model can improve itself using only its own outputs and
a 0.6B frozen judge.

The mechanism is solution-embedded rubrics: the generator learns to pre-solve problems and en-
code solutions as verifiable criteria, reducing evaluation to verification. This explains two findings
simultaneously: why small judges produce stronger downstream policies than large ones (verifica-
tion is within reach of a 0.6B model; open-ended evaluation is not), and why co-evolving training
with a replay buffer outperforms sequential training (the policy and rubric generator provide each
other with progressively harder targets, sharpening both).

These results reframe reward signal quality in RL for language models. Quality has typically been
treated as a property of the judge; the factored architecture shows it is at least partly a property of
what the judge is asked to evaluate. A weak judge given precise criteria can outperform a strong
judge given vague ones. Whether this principle extends beyond tasks with deterministic answers
— to open-ended generation, where rubrics must specify qualitative properties rather than encode
solutions — is the boundary condition that the solution-embedded rubric framing makes precise
enough to investigate.
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A IMPLEMENTATION DETAILS

A.1 MODEL CONFIGURATION

* Policy/Rubric Generator: Qwen3-8B (8.2B parameters)

* Rubric Judge: Qwen3-1.7B (default; ablated from 0.6B to 32B)

* Parameter Sharing: Single-model mode (policy and rubric generator share weights)
* Alternating Frequency: K = 50 steps per training phase

A.2 TRAINING HYPERPARAMETERS

Parameter Value

Unique prompts per step 64

Samples per prompt 8

Effective batch size 512 responses/step
Per-device batch size 1

Gradient accumulation steps 1

Table 9: Batch configuration. With 64 training GPUs, each GPU processes 8 packed sequences per
step.

Batch Configuration.

Parameter Value

Learning rate 1x107°

LR scheduler Constant

Warmup steps 0

Optimizer AdamW (fused)

KL coefficient (3)  0.001

PPO clip range (¢) 0.2

KL estimator KL3

Table 10: Optimization hyperparameters.

Optimization.

Parameter Value
Response length (max) 16,384 tokens
Prompt length (max) 2,048 tokens
Pack length 18,500 tokens
Temperature (policy) 1.0
Temperature (question inference) 0.3
Temperature (rubric judge) 0.0 (greedy)

Table 11: Generation parameters. Long response length supports chain-of-thought reasoning.

Generation.

A.3 ASYNC TRAINING AND ACTIVE SAMPLING

Asynchronous Pipeline. We use async_steps= 4, meaning 4 batches (256 prompts total) are
in-flight at any time. The trainer processes batch ¢ while the generator produces batches ¢ + 1
through ¢ + 4. This overlaps generation and training to maximize GPU utilization. The policy
used for generation can be up to 4 steps behind the current training policy, following the Cleanba
paradigm (Huang et al., 2023).
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Active Sampling. GRPO requires reward variance within each prompt group to compute mean-
ingful advantages. When all 8 samples for a prompt receive identical scores (zero variance), that
batch provides no learning signal. With active_sampling enabled, such zero-variance batches
are filtered and the generator continues sampling until obtaining 64 prompts with non-zero reward
variance. This ensures every training step uses informative data.

A.4 HARDWARE CONFIGURATION
¢ Training: 8 nodes x 8 H100 GPUs = 64 GPUs
* DeepSpeed: ZeRO Stage 3 with gradient checkpointing
* vLLM Engines: 56 total (40 policy + 16 judge, shared in single-model mode)

* Tensor Parallelism: 1 (single GPU per engine)

A.5 REPLAY BUFFER CONFIGURATION
* Buffer size: 2,048 experiences
 Age gap: [20, 100] policy steps (default)

* Sampling: Uniform random within valid age range

The age gap ensures rejected samples come from a sufficiently different policy version (at least 20
steps old) while avoiding excessively stale samples (at most 100 steps old). Each experience stores
(step, question, answer), and step gap is logged for analysis.

A.6 CHECKPOINTING
» Save frequency: Every 25 steps (2 per alternating phase)
* Retention: All checkpoints kept (no deletion)

* Format: HuggingFace-compatible model weights

B RUBRIC QUALITY ON HELD-OUT BENCHMARKS

The training objective optimizes rubrics for discriminative accuracy on the policy’s own output
distribution. To test whether this transfers, we evaluate rubric quality on two held-out benchmarks:
RewardBench 2 (Malik et al., 2025)), which tests discriminative accuracy across diverse domains,
and JudgeBench, which tests judge accuracy on expert-annotated examples.

Training consistently improves rubric quality over prompting: co-evolving rubrics (33.6 RB2, 37.9
JB) substantially outperform Qwen3-8B prompted (26.2 RB2, 19.4 JB) and approach GPT-4.1
prompted (36.6 RB2, 41.8 JB). The gap is especially large on JudgeBench (37.9 vs. 19.4 for Qwen3-
8B), suggesting that training particularly improves performance on harder, expert-annotated exam-
ples.

These held-out metrics do not predict downstream policy quality: GPT-4.1 prompted rubrics achieve
the highest discriminative accuracy but produce the weakest policy (Table[I)). This is consistent with
the broader observation that reward model quality on held-out benchmarks correlates poorly with
downstream RL outcomes (Lambert et al., [2024; [Malik et al., 2025]).

Table 12: Rubric discriminative accuracy on held-out benchmarks. RB2 = RewardBench 2. JB =
JudgeBench. All rubric generators use Qwen3-1.7B as the judge. All scores are percentages.
RewardBench2 JudgeBench

Method Factuality Precise IF Math Safety Focus Ties Avg | Knowledge Reasoning Math Coding Overall Avg
GPT-4.1 (prompted) 321 326 344 391 350 463 36.6 41.6 50.0 30.4 452 42.6 418
Qwen3-8B (prompted) 27.8 26.5 38.1 25.0 30.2 97 262 27.3 22.4 16.1 11.9 22.3 19.4
Sequential (IQ) 273 30.0 321 237 286 260 28.0 24.7 255 232 333 257 267
Sequential (Rubric) 30.8 31.0 480 355 31,1 382 358 26.6 23.5 28.6 28.6 263 268
Co-evolving (ours) 29.3 30.2 370 39.1 319 339 336 38.3 20.4 429 50.0 354 379
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C RUBRIC EXAMPLES

Representative rubrics from trained (0.6B judge, step 1000) and prompted (Qwen3-8B) generators
illustrate qualitative differences.

Example 1: Math Problem

Question: Janet’s ducks lay 16 eggs per day. She eats three for breakfast every morning and bakes
muffins for her friends every day with four. She sells the remainder at the farmers’ market daily for
$2 per fresh duck egg. How much does she make every day at the farmers’” market?

Trained rubric: (1) Correct calculation: 16 - 3 - 4 =9 eggs remaining (0.4). (2) Correct multiplica-
tion: 9 eggs x $2 = $18 (0.4). (3) Shows work with intermediate steps (0.2).

Prompted rubric: (1) The response should correctly identify the number of eggs remaining after
consumption and baking (0.5). (2) The answer should provide the correct monetary value earned
from selling the eggs (0.5).

The trained rubric specifies the exact calculation steps and allocates weight to showing work, while
the prompted rubric uses generic phrasing about “correctly identify”” and “provide the correct value.”

Example 2: Code Generation
Question: Write a Python function to check if a number is prime.

Trained rubric: (1) Handles edge cases: 0, 1, 2 (0.25). (2) Implements correct primality test: checks
divisors up to sqrt(n) (0.5). (3) Correct return values: True for prime, False otherwise (0.15). (4) No
syntax errors, runs without modification (0.1).

Prompted rubric: (1) The function should correctly implement a prime number check (0.7). (2)
The code should handle edge cases appropriately (0.2). (3) The solution should be efficient and
well-structured (0.1).

The trained rubric specifies which edge cases and what algorithm, while the prompted rubric uses
vague terms like “correctly implement” and “appropriately.”
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