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Abstract001

Rubric-based rewards offer interpretable and002
fine-grained optimization signals for reinforce-003
ment learning in open-ended tasks where veri-004
fiable answers are unavailable. However, pre-005
constructed rubrics remain static throughout006
training, creating a fundamental mismatch with007
the evolving policy: fixed criteria gradually008
lose discriminative power as the model im-009
proves, leading to reward saturation and po-010
tential hacking. Recent dynamic rubric meth-011
ods partially address this but rely on external012
frontier models or ground-truth answers, and013
update rubrics only at coarse granularity. We014
propose EVORUBRICS, a co-evolutionary RL015
framework where a Policy LLM and a Rubric016
Generator jointly improve through adversar-017
ial interaction within each training step. As018
the policy improves under the rubric gener-019
ator’s guidance, the rubric generator adapts020
its criteria to remain discriminative and infor-021
mative, enabling evaluation to track the pol-022
icy in real time and naturally inducing an au-023
tomatic curriculum. Experiments show that024
EVORUBRICS consistently outperforms static025
and dynamic rubric baselines across bench-026
marks. The learned Rubric Generator further027
generalizes as a transferable reward model. No-028
tably, even a fully self-supervised variant with-029
out any external supervision achieves meaning-030
ful gains, suggesting that co-evolution between031
generation and evaluation alone can provide032
sufficiently rich learning signals. Our code033
is publicly available at https://anonymous.034
4open.science/r/EvoRubrics-2155/.035

1 Introduction036

Reinforcement learning (RL) (Schulman et al.,037

2017; Shao et al., 2024; Rafailov et al., 2023) has038

become a central paradigm for aligning and improv-039

ing Large Language Models (LLMs) (Achiam et al.,040

2023; Yang et al., 2025), yet its success hinges on041

reliable reward signals, such as human preferences042

or verifiable ground-truth answers. In many high-043

value applications, including open-ended question044

Static Rubrics EvoRubrics
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Stronger policy, less informative signal

Fixed and narrow evaluations
Hard to adapt

Rubric Generator Policy LLM

Stronger responses

Stronger rubrics

Consistently higher 
rewards across training!

EvoRubrics
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better performance 
across benchmarks!

Static rubrics provide 
unstable guidance

Co-Evolving Policy LLM & Rubric Generator

Figure 1: Static rubrics vs. EvoRubrics. Static rubrics
provide non-adaptive evaluations and unstable rewards;
EvoRubrics co-evolves a Rubric Generator and Policy
LLM, yielding stable rewards and consistent gains.

answering, creative writing, and medical consulta- 045

tion, such signals are inherently unavailable: out- 046

puts are judged not by exact correctness, but by 047

nuanced, multidimensional qualities that are diffi- 048

cult to formalize as scalar rewards. 049

Rubrics as rewards (Gunjal et al., 2025; Liu 050

et al., 2025b; Arora et al., 2025) offer a promis- 051

ing alternative, where each query is associated with 052

a structured set of evaluation criteria specifying 053

desirable or undesirable properties, such as factual 054

support or reward-hacking patterns. By factorizing 055

evaluation into interpretable dimensions, rubrics of- 056

fer more transparent and fine-grained optimization 057

signals. However, high-quality rubric construction 058

typically requires domain experts or expensive fron- 059

tier models, limiting scalability and coverage. 060

Beyond this practical bottleneck lies a more fun- 061

damental limitation: pre-constructed rubrics re- 062

main static, mismatched with the RL training dy- 063

namics. Early in training, when the policy remains 064

underdeveloped, rubrics may be excessively strin- 065

gent, assigning uniformly low scores and failing 066

to provide sufficiently discriminative learning sig- 067

nals. As the policy improves, the same rubrics 068
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become progressively saturated: increasingly many069

responses satisfy the prescribed criteria, diminish-070

ing the reward’s capacity to resolve subtle qual-071

ity differences. This phenomenon not only stalls072

learning but also opens the door to reward hack-073

ing, where the policy learns superficial shortcuts074

that satisfy the criteria without genuine quality im-075

provement (Figure 1). Ideally, evaluations should076

adapt with the policy, becoming progressively more077

precise and challenging as the model improves.078

Recent works have explored dynamic rubric079

mechanisms to address this limitation. One line080

of work dynamically elicits or revises rubrics using081

external frontier LLMs (Rezaei et al., 2025; Shen082

et al., 2026; Xu et al., 2026b), improving adap-083

tivity but introducing substantial dependence on084

powerful models, also limiting their applicability085

to resource-constrained or new domains. More-086

over, their rubric updates often operate at epoch-087

level temporal granularity, unable to track the pol-088

icy’s rapidly evolving capabilities. Another line089

trains a rubric generator directly, but does not ex-090

plicitly couple rubric adaptation with policy im-091

provement (Xu et al., 2026a) or only treats rubrics092

as a complement to verifiable ground-truth answers093

and restricting applicability to objectively verifiable094

domains (Sheng et al., 2026). These limitations095

point to a central, unresolved research question:096

how can rubric generators be learned to co-evolve097

with the policy at training-step granularity, so that098

they provide discriminative and informative signals099

throughout RL for open-ended generation?100

To fill this gap, we propose EvoRubrics, a co-101

evolutionary RL framework where a Policy LLM102

and a Rubric Generator iteratively improve through103

adversarial interaction within each training step.104

The Policy LLM learns to produce better responses105

under rubric-aggregated rewards, while the Rubric106

Generator receives multi-objective rewards encour-107

aging discriminative power, semantic diversity,108

alignment with human preferences, and construc-109

tiveness, continuously adapting its evaluation crite-110

ria to remain discriminative and informative. This111

within-step co-evolution enables the evaluation112

standards to track the policy’s capabilities in real113

time, naturally inducing an auto-curriculum: as the114

policy improves, the generator produces increas-115

ingly fine-grained criteria that expose remaining116

gaps, while the strengthening rubrics in turn raise117

the bar for the policy. Beyond training, the evolved118

Rubric Generator serves as a transferable tool for119

test-time rubric generation on unseen queries. No-120

tably, we find that even a fully self-supervised vari- 121

ant, trained without any external supervision, yields 122

meaningful performance gains, demonstrating that 123

the adversarial interplay between generation and 124

evaluation alone provides a sufficiently rich opti- 125

mization signal. 126

Our contributions are summarized as follows: 127

• Insightfully, we identify that rubrics should co- 128

evolve with the policy in real time to remain 129

effective, and show that the adversarial dynamics 130

between a policy and its evaluator can serve as 131

a self-contained source of informative learning 132

signal, even without external supervision. 133

• Technically, we propose EvoRubrics, where a 134

Policy LLM and a Rubric Generator share a 135

single base model via dual LoRA adapters and 136

are jointly optimized within each training step 137

through carefully designed rewards. 138

• Empirically, EvoRubrics consistently outper- 139

forms static and dynamic rubric baselines on both 140

in-domain and out-of-distribution benchmarks. 141

The trained Rubric Generator generalizes beyond 142

training, enabling effective test-time rubric gen- 143

eration for unseen datasets. 144

2 Related Work 145

2.1 Static Rubric-based Rewards 146

RL has become a standard approach for improv- 147

ing LLMs (Shao et al., 2024). For open-ended 148

tasks without verifiable answers, recent work uses 149

rubrics as rewards, replacing opaque scalar judg- 150

ments with structured and interpretable evaluation 151

criteria. They study rubric construction for reward 152

modeling (Liu et al., 2025b), and apply rubric- 153

based rewards to policy optimization (Gunjal et al., 154

2025; He et al., 2025; Zhou et al., 2025). Although 155

effective, these methods rely on pre-constructed 156

rubrics that remain fixed throughout training, limit- 157

ing their ability to provide informative rewards as 158

the policy evolves. 159

2.2 Dynamic Rubrics and Adaptive 160

Evaluation 161

Several recent works attempt to make rubrics adap- 162

tive. Some works (Rezaei et al., 2025; Xu et al., 163

2026b; Shen et al., 2026) update rubrics during 164

training, but typically depend on external frontier 165

models and often operate at coarse temporal gran- 166

ularity such as epoch-level. Other methods learn 167

rubric generators directly (Xu et al., 2026a; Sheng 168

et al., 2026), but rely on human preference annota- 169
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tions or verifiable ground-truth answers. As a re-170

sult, existing approaches only partially address the171

limitations of static rubrics: rubric adaptation re-172

mains externally induced, weakly coupled to policy173

improvement, or restricted to settings with stronger174

supervision. In contrast, EvoRubrics enables a175

Rubric Generator to co-evolve with the Policy LLM176

within each training step, providing adaptive evalu-177

ation for open-ended RL.178

3 Preliminary: Rubrics as Rewards179

Rubric structure. For a query q, a rubric set180

R = {(dk, wk)}Kk=1 contains K evaluation criteria.181

Each criterion consists of a natural-language de-182

scription dk specifying a particular quality dimen-183

sion (e.g., factual accuracy, coherence, or reward-184

hacking patterns), and a weight wk ∈ R indicating185

the score assigned when the criterion is satisfied.186

Positive weights reward desirable properties, while187

negative weights penalize undesirable ones.188

Scoring mechanism. Given a response a and a189

rubric set R, a judge model J evaluates the re-190

sponse against each criterion independently, pro-191

ducing a binary decision indicating whether the192

criterion is met. The total score of a is the sum of193

weights for all satisfied criteria:194

s(a,R) =
K∑
k=1

⊮[J (a, dk) = met] · wk (1)195

To enable comparison across different rubric sets,196

we normalize by the maximum achievable positive197

score W+ =
∑

k:wk>0wk:198

S(a,R) =
s(a,R)

W+
(2)199

Rubrics as reward signals. The normalized score200

S(a,R) can serve not only as an evaluation met-201

ric but also as a reward signal for RL, providing202

transparent and fine-grained optimization guidance.203

However, a key limitation is that effective rubrics204

are difficult to construct and, once pre-defined, of-205

ten remain static throughout training, failing to206

remain discriminative as the policy evolves, which207

motivates our co-evolving rubric RL framework.208

Problem setup. We consider open-ended gener-209

ation, where each training instance consists of a210

query q without a verifiable ground-truth answer.211

Our goal is to jointly learn (i) a Policy LLM πθ that212

generates high-quality responses, and (ii) a Rubric213

Generator πψ that produces query-specific rubric214

sets for evaluating such responses. Given a query q, 215

the policy samples answers a ∼ πθ(· | q), and the 216

rubric generator samples rubric sets R ∼ πψ(· | q). 217

The central challenge is to optimize πθ and πψ 218

jointly so that the rubrics remain informative as the 219

policy evolves. 220

4 Methodology 221

We propose EvoRubrics, a co-evolutionary RL 222

framework for open-ended tasks, where a Pol- 223

icy LLM and a Rubric Generator are instantiated 224

from a shared backbone via two LoRA adapters 225

and jointly optimized with GRPO (Shao et al., 226

2024), as shown in Figure 2. We describe the 227

dual-LoRA architecture (§4.1), policy optimization 228

(§4.2), the Rubric Generator reward (§4.3), and the 229

co-evolutionary training procedure (§4.4). 230

4.1 Dual-LoRA Architecture 231

EvoRubrics instantiates the Policy LLM and the 232

Rubric Generator from a shared backbone LLM 233

using two independent LoRA adapters (Hu et al., 234

2022), parameterized by θ and ψ, respectively. The 235

underlying backbone model without either adapter 236

activated, serves as the reference model πref for 237

regularization during training. 238

This shared-backbone design offers both effec- 239

tiveness and efficiency. Since the two roles operate 240

over the same base model, they inherit a common 241

knowledge base and representation space, placing 242

them at a comparable capability level. The Rubric 243

Generator can more accurately assess the policy’s 244

outputs and track its evolving capability frontier. 245

Meanwhile, the separate LoRA adapters allow role- 246

specific specialization for generation and evalua- 247

tion without requiring two full models, substan- 248

tially reducing memory and compute costs. Each 249

adapter is trained with its own optimizer and sched- 250

uler, and only the active adapter receives gradients 251

during its update phase. 252

4.2 Policy LLM Optimization 253

Given a query q, the Policy LLM πθ generates M 254

candidate answers {ai}Mi=1, and the Rubric Genera- 255

tor πψ produces N rubric sets {Rj}Nj=1. Using the 256

rubric-based scoring defined in §3, evaluating all 257

answer-rubric pairs yields an M ×N score matrix 258

S, where Si,j = S(ai, Rj). 259

Policy reward. The reward for each candidate 260

answer ai is its average normalized score across all 261
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Figure 2: EvoRubrics framework overview. At each step, the Policy LLM and Rubric Generator generate M
candidate answers and N rubric sets via dual LoRA adapters; a judge model scores all answer-rubric pairs to form
an M ×N matrix; policy and rubric rewards are computed from this matrix; and both adapters are updated with
GRPO, enabling real-time co-evolution.

N rubric sets:262

rpoli =
1

N

N∑
j=1

Si,j (3)263

Aggregating over multiple independently generated264

rubric sets provides a robust reward signal that265

mitigates the noise of any single evaluation rubric.266

Policy optimization. We optimize the Policy267

LLM using GRPO, which computes advantages268

by normalizing rewards within the group of M269

co-generated responses:270

Âi =
rpoli − µpol

σpol + ϵ
(4)271

where µpol and σpol are the mean and standard272

deviation of {rpoli }Mi=1, and ϵ is a constant for nu-273

merical stability. Adapter weights θ are updated274

by minimizing the clipped surrogate objective with275

KL regularization:276

L(θ) = −Et
[
min

(
ρt Ât, clip(ρt, 1−ϵc, 1+ϵc) Ât

)]
+ β DKL[πθ ∥πref ]

(5)277

where ρt = πθ(at | st) / πθold(at | st) is the278

importance sampling ratio, ϵc is the clipping range,279

and β controls the strength of the KL penalty280

against the reference model πref .281

4.3 Rubric Generator Optimization282

The Rubric Generator is trained as an adaptive eval-283

uator that continually challenges the policy dur-284

ing co-evolution. Ideal rubrics should satisfy four285

properties: discriminativeness, to distinguish re- 286

sponses of different quality and provide effective 287

optimization signals; diversity, to cover comple- 288

mentary evaluation dimensions; alignment, to keep 289

the learned evaluation signal grounded in desirable 290

directions; and constructiveness, to provide action- 291

able guidance for response improvement. 292

These properties sustain productive co-evolution. 293

As the policy improves, stronger rubrics impose 294

finer-grained and more demanding evaluation cri- 295

teria, creating implicit adversarial pressure on the 296

policy. Alignment and constructiveness, in turn, 297

prevent this pressure from drifting into reward hack- 298

ing or misaligned evaluation. Accordingly, we op- 299

timize the Rubric Generator with a multi-objective 300

reward over these four properties. 301

Discrimination reward. An effective rubric set 302

should differentiate answers of varying quality and 303

expose the policy’s remaining weaknesses. For 304

each rubric set Rj , we measure the discriminative 305

power by the standard deviation of its scores as- 306

signed to the M candidate answers: 307

rdiscj =

√√√√ 1

M

M∑
i=1

(
Si,j − S̄j

)2 (6) 308

where S̄j = 1
M

∑M
i=1 Si,j is the column mean of 309

the scoring matrix. A higher value indicates that 310

the rubric clearly separates strong responses from 311

weak ones; a near-zero value signals that the rubrics 312

cannot distinguish response quality and thus can 313

not provide useful optimization signals. 314
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Diversity reward. The individual criteria within315

a rubric set should cover distinct evaluation di-316

mensions rather than redundantly measuring the317

same aspect, so that the induced reward signal318

remains multi-faceted. We encode each crite-319

rion description d(j)k into an embedding ek using320

a pretrained sentence transformer (Reimers and321

Gurevych, 2019) and compute the average pairwise322

cosine distance:323

rdivj =
1

2

(
Kj

2

) ∑
1≤k<l≤Kj

(
1−

e⊤k el
∥ek∥ ∥el∥

)
(7)324

The factor of 1
2 normalizes the reward to [0, 1]. This325

encourages the generator to produce criteria span-326

ning orthogonal evaluation aspects.327

Alignment reward. The generated rubrics should328

be aligned with human preferences, preventing the329

generator from drifting toward arbitrary or overly330

idiosyncratic criteria that may be useful for op-331

timization but inconsistent with desired task ob-332

jectives. We anchor the generated rubrics to pre-333

constructed rubrics R∗. A judge model scores the334

semantic similarity between Rj and R∗ on a 0–10335

scale, which is then normalized:336

ralignj =
SimJ (Rj , R

∗)

10
(8)337

This reward acts as a regularizer, ensuring that338

the evolving rubrics remain grounded in human-339

defined quality standards.340

Constructiveness reward. Beyond evaluation, ef-341

fective rubrics should provide actionable guidance342

for answer improvement. We assess this by using343

the generated rubric Rj to prompt the Policy LLM344

to reflect on and revise each baseline answer ai, pro-345

ducing a refined answer a′i. The reward measures346

the average score improvement on the pre-defined347

golden rubrics R∗:348

rconsj =
1

M

M∑
i=1

[
S(a′i, R

∗)− S(ai, R∗)
]

(9)349

A larger improvement indicates that the rubric pro-350

vides more constructive and actionable feedback.351

Total reward. The overall reward for rubric set Rj352

is a weighted sum of the four components:353

rrubj = λdisc r
disc
j + λdiv r

div
j

+ λalign r
align
j + λcons r

cons
j .

(10)354

where λdisc, λdiv, λalign, and λcons are hyper- 355

parameters controlling the relative importance of 356

each objective. 357

Fully self-supervised variant. The reward formu- 358

lation above assumes access to a pre-constructed 359

ground-truth rubric set R∗ as a human-preference 360

anchor, used in Eq. 8. For datasets where such 361

rubric annotations are unavailable, we additionally 362

consider a fully self-supervised variant. In this set- 363

ting, we retain the discrimination reward rdiscj and 364

the diversity reward rdivj , remove the alignment 365

reward, and instantiate constructiveness purely in 366

a self-supervised manner through the generated 367

rubric itself. Specifically, for Rj , we prompt the 368

Policy LLM to revise each baseline answer ai ac- 369

cording to Rj , yielding a refined answer a′i, and 370

measure the average improvement under the same 371

rubric: 372

rself-reflj =
1

M

M∑
i=1

[
S(a′i, Rj)− S(ai, Rj)

]
.

(11) 373

The fully self-supervised reward is then defined as 374

rrub,selfj = λdisc r
disc
j + λdiv r

div
j

+ λself-refl rself-reflj .
(12) 375

This variant removes the dependence on human- 376

authored rubrics while preserving discriminative- 377

ness, diversity, and actionable feedback. 378

Rubric generator optimization. The Rubric Gen- 379

erator is optimized with the same GRPO procedure. 380

For a given query, the group-relative advantage for 381

rubric set Rj is: 382

Âj =
rrubj − µrub

σrub + ϵ
(13) 383

where µrub and σrub are the mean and standard 384

deviation of {rrubj }Nj=1. The adapter weights ψ are 385

updated by minimizing: 386

L(ψ) = −Et
[
min

(
ρ′t Ât, clip(ρ

′
t, 1−ϵc, 1+ϵc) Ât

)]
+ β DKL[πψ ∥πref ]

(14) 387

where ρ′t = πψ(at | st) / πψold
(at | st). 388

4.4 Co-Evolutionary Training 389

Training procedure. At each training step, both 390

models are updated sequentially on the same query 391

batch through four phases (The algorithm is pro- 392

vided in Appendix A). In the rollout phase, the 393

Policy LLM generates M candidate answers and 394
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the Rubric Generator produces N rubric sets, with395

adapter switching between the two roles. In the396

cross-evaluation phase, the judge model scores ev-397

ery answer–rubric pair to construct the M × N398

score matrix S. In the reward computation phase,399

policy rewards and rubric rewards are computed400

using Eq. 3 and Eq. 10. In the model update phase,401

the Policy adapter θ and the Rubrics adapter ψ are402

each updated via GRPO.403

This within-step alternation ensures that both404

models train against each other’s most recent be-405

havior, enabling real-time co-adaptation rather than406

the epoch-granularity updates of prior approaches.407

As the policy improves, the discrimination reward408

drives the generator to produce increasingly fine-409

grained criteria that expose remaining gaps, while410

the strengthening rubrics in turn raise the bar for the411

policy. This adversarial tension creates a natural412

auto-curriculum over evaluation standards.413

5 Experiments414

5.1 Experimental Setup415

Models and training. We instantiate the Pol-416

icy LLM and Rubric Generator from a shared417

backbone with separate LoRA adapters, using418

Qwen3-4B and Qwen3-8B (Yang et al., 2025). Be-419

fore co-evolutionary RL, we warm-start the LLMs420

with supervised fine-tuning on responses sam-421

pled from DeepSeek-R1 (Guo et al., 2025), equip-422

ping them with domain instruction-following ca-423

pabilities that facilitate subsequent specializations.424

DeepSeek-V3.2 (Liu et al., 2025a) is used as the425

judge throughout training and evaluation. Detailed426

training settings and complexity analysis are pro-427

vided in Appendices B and E. Prompts used in428

training and evaluation are provided in Appendix F.429

Data. We use HealthBench (Arora et al., 2025) as430

the training dataset, following the official split with431

4,000 standard-difficulty examples for training and432

1,000 Hard cases for testing.433

Evaluation. We evaluate the Policy LLM on434

diverse benchmarks. In-domain benchmarks435

include HealthBench Hard and unseen RaR-436

Medicine (Gunjal et al., 2025); the OOD bench-437

marks include MT-Bench (Zheng et al., 2023) and438

FollowBench (Jiang et al., 2024). On rubric-based439

benchmarks, we report Score and Ratio; on MT-440

Bench, we report Round-1 and Round-2 scores;441

and on FollowBench, we report Hard Satisfaction442

Rate (HSR) and Soft Satisfaction Rate (SSR).443

We further evaluate the trained Rubric Gener-444

ator in two transfer settings: (1) Rubric as Re- 445

ward Model, where generated rubrics are used for 446

preference ranking on RubricBench (Zhang et al., 447

2026); and (2) Rubric as Guidance, where gener- 448

ated rubrics are prepended to the prompt to guide 449

test-time generation. More details of the evaluation 450

protocols are provided in Appendix C. 451

Baselines. We compare EvoRubrics against both 452

static and dynamic rubric-based RL baselines, in- 453

cluding GoldenRubrics, RuscaRL (Zhou et al., 454

2025), and OnlineRubrics (Rezaei et al., 2025). 455

All RL methods are initialized from the same SFT 456

checkpoint for fair comparison. Additional imple- 457

mentation details are provided in Appendix D. 458

5.2 Main Results 459

Experiment results are reported in Tables 1 and 2. 460

We summarize the main findings below. 461

EvoRubrics consistently improves policy per- 462

formance across in-domain and OOD evalua- 463

tions. Across backbones, EvoRubrics achieves the 464

strongest overall performance among all rubric- 465

based RL methods. The gains are especially 466

pronounced on the in-domain HealthBench Hard 467

benchmark, where EvoRubrics substantially out- 468

performs using golden rubrics and strong dynamic 469

rubric baselines. Notably, EvoRubrics with small 470

backbones even surpasses substantially larger mod- 471

els like DeepSeek-V4-Flash on HealthBench Hard, 472

showing that co-evolving rubric supervision can un- 473

lock domain-specific capability gains beyond what 474

model scale alone provides. 475

Co-evolving rubrics yield more robust train- 476

ing signals than static or externally induced 477

rubrics. A key advantage of EvoRubrics is that 478

its gains do not come at the cost of OOD gener- 479

alization. Unlike prior rubric-based RL methods, 480

which often degrade on MT-Bench and Follow- 481

Bench, EvoRubrics largely preserves, and some- 482

times improves, OOD performance relative to SFT 483

and the base model. This suggests that dynami- 484

cally co-evolved rubrics provide more transferable 485

optimization signals, whereas fixed rubrics or ex- 486

ternally accumulated criteria are more prone to 487

overfitting to the training domain. 488

The learned Rubric Generator transfers be- 489

yond training-time reward construction. As 490

shown in Table 2, the Rubric Generator trained 491

by EvoRubrics generalizes well to downstream 492

transfer settings. As a standalone reward model 493

on RubricBench, it consistently improves pairwise 494

judging accuracy over Vanilla and SFT baselines, 495
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HealthBench RaR-Medicine MT-Bench FollowBench
Model Category Approach In-domain (Seen) In-domain (Unseen) OOD OOD

Score ↑ Ratio ↑ Score ↑ Ratio ↑ R1 ↑ R2 ↑ HSR ↑ SSR ↑

Deepseek-V4-Flash Vanilla Prompt 18.04 33.03 20.22 75.00 8.64 8.06 78.06 84.62
Qwen3-32B 17.17 32.07 20.05 74.69 8.58 8.06 64.66 77.12

Qwen3-4B

Vanilla Prompt 12.62 22.48 15.14 56.04 7.82 6.82 47.76 64.09

Supervised SFT 13.04 23.75 12.35 45.67 7.50 6.44 38.76 56.31

RL w/ Rubric
GoldenRubrics 15.82 27.75 11.41 42.16 6.04 4.01 32.50 50.40
OnlineRubrics 5.92 8.04 10.48 38.66 6.40 4.33 23.66 41.47
RuscaRL 8.85 18.89 10.98 40.94 7.64 6.71 31.89 52.10

Ours EvoRubrics 20.80 36.64 16.36 60.50 7.74 7.11 53.92 66.20

Qwen3-8B

Vanilla Prompt 14.40 25.92 17.00 60.51 8.04 7.04 23.89 36.49

Supervised SFT 18.52 34.27 15.94 56.50 7.96 7.43 59.33 72.40

RL w/ Rubric
GoldenRubrics 20.47 38.33 16.16 57.26 7.25 6.63 58.31 70.61
OnlineRubrics 20.23 37.74 16.32 57.85 7.60 6.71 60.73 74.90
RuscaRL 8.24 14.23 12.67 44.82 4.11 3.40 39.34 61.59

Ours EvoRubrics 22.97 42.27 17.34 61.71 7.48 7.05 63.01 74.70

Table 1: Evaluations of the Policy LLM. Bold indicates the best performance, underline the second-best.

Rubric as Reward Model Rubric as Guidance
Model Method RubricBench — Accuracy ↑ Ratio ↑

IF STEM CODE SAFE CHAT Overall HealthBench

Deepseek-V4-Flash Prompt 57.26 58.40 54.24 31.25 51.90 53.01 37.58
Qwen3-32B Prompt 47.58 52.00 55.72 40.00 51.90 51.53 31.40

Qwen3-4B
Vanilla 54.00 54.00 50.60 28.80 47.20 48.90 26.33
SFT 45.20 50.00 59.00 57.50 46.00 50.70 26.10

EvoRubrics 59.70 49.20 59.40 35.00 49.50 51.90 27.87

Qwen3-8B
Vanilla 44.35 58.00 54.61 37.50 46.21 49.96 43.56
SFT 46.77 57.60 56.46 40.00 46.45 50.83 41.92

EvoRubrics 50.00 60.80 56.09 41.25 47.87 52.40 44.83

Table 2: Evaluations of the Rubric Generator. Left: accuracy as a reward model on RubricBench. Right: response quality when
generated rubrics are used as inference-time guidance. Best results are in bold and second-bests are underlined.

Setting HB RaR MT Follow
Ratio↑ Ratio↑ R1↑ HSR↑

GoldenRubrics 27.75 42.16 6.04 32.50
EvoRubrics 36.64 60.50 7.74 53.92

w/o ralign 34.45 50.26 7.46 47.31
w/o rcons 31.86 46.64 7.46 45.15
w/o rdiv 31.75 47.58 7.67 47.35
w/o rdisc 32.63 47.75 7.54 45.74
w/o ralign, rcons, rdiv, rdisc 29.14 51.39 7.49 49.88

Table 3: Ablation study on the Rubric Generator reward design.
Each row removes one or more reward components during
training and reports the resulting policy performance.

and with the 8B backbone even surpasses the much496

larger Qwen3-32B. This suggests that the learned497

evaluator captures transferable preference signals498

beyond the training data.499

The evolved rubrics are effective at inference500

time. When used as test-time guidance, the rubrics501

generated by EvoRubrics consistently improve re-502

sponse quality over the corresponding base models, 503

showing that the Rubric Generator is not only a 504

training-time component but also a reusable mod- 505

ule for inference. We provide qualitative case stud- 506

ies in Appendix G. 507

5.3 Ablation Studies 508

Table 3 presents ablation results on Qwen3-4B. 509

All reward components are important, with dis- 510

criminativeness serving as the core signal. Re- 511

moving any single reward term degrades perfor- 512

mance, showing that discriminativeness, diversity, 513

alignment, and constructiveness all contribute to 514

effective rubric learning. Constructiveness and di- 515

versity have the largest impact on in-domain perfor- 516

mance, highlighting the value of actionable feed- 517

back and broad evaluation coverage, while ablating 518

rdisc consistently hurts both in-domain and OOD 519

results, confirming that the ability to distinguish 520

responses of different quality is fundamental to 521
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HealthBench RaR-Medicine MT-Bench FollowBench
Score ↑ Ratio ↑ Score ↑ Ratio ↑ R1 ↑ R2 ↑ HSR ↑ SSR ↑

Base Model 12.62 22.48 15.14 56.04 7.82 6.82 47.76 64.09
GoldenRubrics 15.82 27.75 11.41 42.16 6.04 4.01 32.50 50.40

EvoRubrics (w/ Golden) 20.80 36.64 16.36 60.50 7.74 7.11 53.92 66.20
EvoRubrics (Self-Supervised) 18.85 34.00 11.32 41.70 6.55 4.84 34.47 51.28

Table 4: Policy LLM performance under self-supervised co-evolution. Best results are in bold and second-bests are underlined.

Rubric as Reward Model Rubric as Guidance
Setting RubricBench — Accuracy ↑ Ratio ↑

IF STEM Code Safety Chat Overall HealthBench

Base Model (Direct) 54.00 54.00 50.60 28.80 47.20 48.90 26.33

EvoRubrics (w/ Golden) 59.70 49.20 59.40 35.00 49.50 51.90 27.87
EvoRubrics (Self-Supervised) 45.16 53.20 53.87 53.75 48.58 50.96 24.69

Table 5: Rubric Generator performance under self-supervised co-evolution. Best results are in bold and second-bests are
underlined.

maintaining an informative training signal.522

Co-evolution is necessary beyond rubric initial-523

ization alone. Freezing the Rubric Generator by524

removing all reward components yields better re-525

sults than GoldenRubrics, but still remains below526

the full model. This shows that the benefit of527

EvoRubrics comes from continuously improving528

the evaluator during training.529

Shared-backbone rubrics are more compatible530

than fixed external rubrics. Interestingly, even531

without further optimization, the frozen Rubric532

Generator outperforms GoldenRubrics, suggest-533

ing that rubric signals generated from the same534

backbone are better aligned with the policy’s rep-535

resentation space than externally authored fixed536

rubrics. This compatibility likely makes the result-537

ing reward signal easier to optimize against and538

less prone to distribution mismatch.539

5.4 Fully Self-Supervised Co-Evolution540

To investigate whether co-evolution remains ef-541

fective without any external rubric supervision,542

we consider a fully self-supervised variant of543

EvoRubrics, as described in §4.3. We evaluate on544

Qwen3-4B and report both Policy LLM and Rubric545

Generator performance in Tables 4 and 5.546

Co-evolution remains effective even without547

any external rubric supervision. The fully self-548

supervised variant still yields clear gains on Health-549

Bench, outperforming both the base model and the550

GoldenRubrics baseline, although falling short of551

the full model with reference anchors. This shows552

that the adversarial interaction between policy opti-553

mization and learned evaluation alone can provide554

a sufficiently rich optimization signal. 555

Self-supervised rubric learning induces mean- 556

ingful but less balanced evaluator transfer. 557

The fully self-supervised Rubric Generator still 558

improves overall reward-model accuracy on 559

RubricBench over the base model, indicating that 560

some transferable evaluation ability emerges even 561

without human preference guidance. Notably, it 562

performs particularly well on the Safety subset, sur- 563

passing both compared models. This suggests that 564

the self-supervised rubric evolution drifts toward 565

the safety-focused aspects emphasized in the medi- 566

cal domain training data. This pattern indicates that 567

self-supervised co-evolution can produce a useful 568

evaluator, though one that is less balanced than its 569

reference-anchored counterpart. 570

6 Conclusions and Future Work 571

We presented EvoRubrics, a co-evolutionary RL 572

framework where a Policy LLM and a Rubric Gen- 573

erator improve jointly through real-time interac- 574

tion. By continuously adapting evaluation criteria 575

to the policy’s evolving capability, EvoRubrics in- 576

duces an automatic curriculum over open-ended 577

generation. Results on both in-domain and OOD 578

benchmarks validate its effectiveness. Moreover, 579

a fully self-supervised variant trained without any 580

external supervision still delivers meaningful gains, 581

indicating that the co-evolution between generation 582

and evaluation alone can provide strong optimiza- 583

tion signals. Future directions include extending 584

EvoRubrics to multi-domain settings, examining 585

scaling with larger backbone models, and integrat- 586

ing rubric-based feedback into complex tasks. 587
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Limitations588

While EvoRubrics provides a promising frame-589

work for co-evolving rubrics and policies in open-590

ended tasks, several limitations remain. First, al-591

though our OOD results on MT-Bench and Fol-592

lowBench demonstrate encouraging generalization,593

training is primarily conducted in the medical do-594

main. Evaluating the framework on more diverse595

domains, such as legal reasoning, creative writing,596

and scientific QA, would provide a stronger test of597

the transferability of the co-evolutionary dynam-598

ics. Second, due to computational constraints, our599

experiments are limited to models up to 8B param-600

eters. While these backbones are representative,601

they may not fully reveal the performance ceiling602

achievable with larger LLMs. In addition, whether603

the dual-LoRA co-evolutionary design extends ef-604

fectively to other architectures, such as mixture-of-605

experts models, remains an open question.606

A potential risk is that co-evolving generation607

and evaluation may amplify shared biases or spu-608

rious preferences, especially when both compo-609

nents are trained from the same backbone. Without610

careful monitoring, the evaluator may drift toward611

overly narrow or domain-specific criteria, or the612

policy may learn to exploit idiosyncrasies of the613

learned reward. Studying such failure modes and614

developing more robust safeguards will be impor-615

tant in future work.616

References617

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama618
Ahmad, Ilge Akkaya, Florencia Leoni Aleman,619
Diogo Almeida, Janko Altenschmidt, Sam Altman,620
Shyamal Anadkat, and 1 others. 2023. Gpt-4 techni-621
cal report. arXiv preprint arXiv:2303.08774.622

Rahul K Arora, Jason Wei, Rebecca Soskin Hicks, Pre-623
ston Bowman, Joaquin Quiñonero-Candela, Foivos624
Tsimpourlas, Michael Sharman, Meghan Shah, An-625
drea Vallone, Alex Beutel, and 1 others. 2025.626
Healthbench: Evaluating large language models627
towards improved human health. arXiv preprint628
arXiv:2505.08775.629

Anisha Gunjal, Anthony Wang, Elaine Lau, Vaskar630
Nath, Yunzhong He, Bing Liu, and Sean Hendryx.631
2025. Rubrics as rewards: Reinforcement learn-632
ing beyond verifiable domains. arXiv preprint633
arXiv:2507.17746.634

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao635
Song, Peiyi Wang, Qihao Zhu, Runxin Xu, Ruoyu636
Zhang, Shirong Ma, Xiao Bi, and 1 others. 2025.637
Deepseek-r1: Incentivizing reasoning capability in638

llms via reinforcement learning. arXiv preprint 639
arXiv:2501.12948. 640

Yun He, Wenzhe Li, Hejia Zhang, Songlin Li, Karishma 641
Mandyam, Sopan Khosla, Yuanhao Xiong, Nanshu 642
Wang, Xiaoliang Peng, Beibin Li, and 1 others. 2025. 643
Advancedif: Rubric-based benchmarking and rein- 644
forcement learning for advancing llm instruction fol- 645
lowing. arXiv preprint arXiv:2511.10507. 646

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan 647
Allen-Zhu, Yuanzhi Li, Shean Wang, Liang Wang, 648
Weizhu Chen, and 1 others. 2022. Lora: Low-rank 649
adaptation of large language models. Iclr, 1(2):3. 650

Yuxin Jiang, Yufei Wang, Xingshan Zeng, Wanjun 651
Zhong, Liangyou Li, Fei Mi, Lifeng Shang, Xin 652
Jiang, Qun Liu, and Wei Wang. 2024. Follow- 653
bench: A multi-level fine-grained constraints fol- 654
lowing benchmark for large language models. In 655
Proceedings of the 62nd Annual Meeting of the As- 656
sociation for Computational Linguistics (Volume 1: 657
Long Papers), pages 4667–4688. 658

Aixin Liu, Aoxue Mei, Bangcai Lin, Bing Xue, Bingx- 659
uan Wang, Bingzheng Xu, Bochao Wu, Bowei Zhang, 660
Chaofan Lin, Chen Dong, and 1 others. 2025a. 661
Deepseek-v3. 2: Pushing the frontier of open large 662
language models. arXiv preprint arXiv:2512.02556. 663

Tianci Liu, Ran Xu, Tony Yu, Ilgee Hong, Carl Yang, 664
Tuo Zhao, and Haoyu Wang. 2025b. Openrubrics: 665
Towards scalable synthetic rubric generation for re- 666
ward modeling and llm alignment. arXiv preprint 667
arXiv:2510.07743. 668

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christo- 669
pher D Manning, Stefano Ermon, and Chelsea Finn. 670
2023. Direct preference optimization: Your language 671
model is secretly a reward model. Advances in neural 672
information processing systems, 36:53728–53741. 673

Nils Reimers and Iryna Gurevych. 2019. Sentence-bert: 674
Sentence embeddings using siamese bert-networks. 675
In Proceedings of the 2019 conference on empirical 676
methods in natural language processing and the 9th 677
international joint conference on natural language 678
processing (EMNLP-IJCNLP), pages 3982–3992. 679

MohammadHossein Rezaei, Robert Vacareanu, Zihao 680
Wang, Clinton Wang, Bing Liu, Yunzhong He, and 681
Afra Feyza Akyürek. 2025. Online rubrics elici- 682
tation from pairwise comparisons. arXiv preprint 683
arXiv:2510.07284. 684

John Schulman, Filip Wolski, Prafulla Dhariwal, 685
Alec Radford, and Oleg Klimov. 2017. Proxi- 686
mal policy optimization algorithms. arXiv preprint 687
arXiv:1707.06347. 688

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, 689
Junxiao Song, Xiao Bi, Haowei Zhang, Mingchuan 690
Zhang, YK Li, Yang Wu, and 1 others. 2024. 691
Deepseekmath: Pushing the limits of mathematical 692
reasoning in open language models. arXiv preprint 693
arXiv:2402.03300. 694

9



William F Shen, Xinchi Qiu, Chenxi Whitehouse, Lisa695
Alazraki, Shashwat Goel, Francesco Barbieri, Timon696
Willi, Akhil Mathur, and Ilias Leontiadis. 2026. Re-697
thinking rubric generation for improving llm judge698
and reward modeling for open-ended tasks. arXiv699
preprint arXiv:2602.05125.700

Leheng Sheng, Wenchang Ma, Ruixin Hong, Xi-701
ang Wang, An Zhang, and Tat-Seng Chua. 2026.702
Reinforcing chain-of-thought reasoning with self-703
evolving rubrics. arXiv preprint arXiv:2602.10885.704

Ran Xu, Tianci Liu, Zihan Dong, Tony Yu, Ilgee Hong,705
Carl Yang, Linjun Zhang, Tao Zhao, and Haoyu706
Wang. 2026a. Alternating reinforcement learning707
for rubric-based reward modeling in non-verifiable708
llm post-training. arXiv preprint arXiv:2602.01511.709

Yifei Xu, Guilherme Potje, Shivam Shandilya,710
Tiancheng Yuan, Leonardo de Oliveira Nunes, Rak-711
shanda Agarwal, Saeid Asgari, Adam Atkinson,712
Emre Kıcıman, Songwu Lu, and 1 others. 2026b.713
Sibylsense: Adaptive rubric learning via memory714
tuning and adversarial probing. arXiv preprint715
arXiv:2602.20751.716

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang,717
Binyuan Hui, Bo Zheng, Bowen Yu, Chang718
Gao, Chengen Huang, Chenxu Lv, and 1 others.719
2025. Qwen3 technical report. arXiv preprint720
arXiv:2505.09388.721

Qiyuan Zhang, Junyi Zhou, Yufei Wang, Fuyuan722
Lyu, Yidong Ming, Can Xu, Qingfeng Sun, Kai723
Zheng, Peng Kang, Xue Liu, and 1 others. 2026.724
Rubricbench: Aligning model-generated rubrics with725
human standards. arXiv preprint arXiv:2603.01562.726

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan727
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,728
Zhuohan Li, Dacheng Li, Eric Xing, and 1 others.729
2023. Judging llm-as-a-judge with mt-bench and730
chatbot arena. Advances in neural information pro-731
cessing systems, 36:46595–46623.732

Yang Zhou, Sunzhu Li, Shunyu Liu, Wenkai Fang,733
Kongcheng Zhang, Jiale Zhao, Jingwen Yang, Yihe734
Zhou, Jianwei Lv, Tongya Zheng, and 1 others.735
2025. Breaking the exploration bottleneck: Rubric-736
scaffolded reinforcement learning for general llm737
reasoning. arXiv preprint arXiv:2508.16949.738

10



A EvoRubrics Algorithm739

We provide the pseudo codes for EvoRubrics algo-740

rithm as below.741

Algorithm 1 EVORUBRICS: Co-Evolutionary
Training

Require: Base LLM π, judge model J , reward
weights λ, dataset D

1: Initialize LoRA adapters θ (policy) and ψ
(rubrics) on π

2: Set reference model πref ← π ▷ base without
LoRA

3: for each training step do
4: Sample query batch {q} from D

// Rollout generation
5: Activate θ; sample {ai}Mi=1 ∼ πθ(· | q)
6: Activate ψ; sample {Rj}Nj=1 ∼ πψ(· | q)

// Cross-evaluation
7: Compute S ∈ RM×N via J ▷ Eq. 2

// Reward computation
8: rpoli ← 1

N

∑
j Si,j , ∀ i ▷ Eq. 3

9: rrubj ← λdisc r
disc
j + λdiv r

div
j +

λalign r
align
j + λcons r

cons
j , ∀ j ▷ Eq. 10

// Policy update
10: Âi ← (rpoli − µpol) / (σpol + ϵ) ▷ Eq. 4
11: Activate θ; update θ by minimizing L(θ)

▷ Eq. 5
// Rubric generator update

12: Âj ← (rrubj − µrub) / (σrub + ϵ) ▷ Eq. 13
13: Activate ψ; update ψ by minimizing L(ψ)

▷ Eq. 14
14: end for

B Training Details742

The training hyperparameters are described in Ta-743

ble 6. For EvoRubrics, the four sub-rewards for the744

rubric generator (discrimination, diversity, align-745

ment, constructiveness) are each weighted equally746

with λ = 0.25. Other GRPO-based baselines (On-747

lineRubrics and RuscaRL) share the same hyperpa-748

rameters as the Policy LLM in EvoRubrics: learn-749

ing rate 2× 10−5, LoRA rank r = 32, and LoRA750

alpha = 64. Due to the substantial GPU and API751

cost of training and evaluation, each experiment is752

run once.753

Experiments are implemented on top of VERL754

with PyTorch 2.6 and CUDA 12.4, using vLLM755

0.8.5 for efficient rollout generation, PEFT 0.19 for756

LoRA adapter management, and FlashAttention-2757

Hyperparameter Value

LoRA rank r 32
LoRA alpha 64
Policy LLMlearning rate 2× 10−5

Rubric generator learning rate 5× 10−6

KL regularization kl_loss_coef 1× 10−4

Max prompt length 3,584 tokens
Max response length 1,024 tokens
Max model length 8,192 tokens
Rollout temperature 0.7
Number of rollouts per prompt 4
Training duration 1 epoch

Table 6: GRPO hyperparameter settings for EvoRubrics.

for memory-efficient attention computation. Train- 758

ing is conducted on a single node with 8 NVIDIA 759

A100-80GB GPUs, coordinated via Ray 2.43. 760

C Evaluation Details 761

We evaluate both the trained Policy LLM and the 762

evolved Rubric Generator. Below we describe the 763

evaluation metrics, benchmark suites, and transfer 764

settings in detail. 765

C.1 Policy LLM Evaluation 766

For rubric-based benchmarks, we report two met- 767

rics. Score is the average total number of points 768

awarded across all rubric criteria. Ratio normal- 769

izes each response by its maximum attainable score 770

under the corresponding rubric and then averages 771

the resulting ratios across all examples. These two 772

metrics respectively reflect absolute rubric perfor- 773

mance and performance relative to the achievable 774

upper bound of each instance. 775

We evaluate the Policy LLM on both in-domain 776

and out-of-domain (OOD) benchmarks: 777

• HealthBench Hard (In-domain, seen): We 778

use the official hard subset of HealthBench, 779

which consists of 1,000 physician-curated med- 780

ical cases. This benchmark is drawn from the 781

same dataset family as training and serves as our 782

primary in-domain evaluation set. 783

• RaR-Medicine (Gunjal et al., 2025) (In-domain, 784

unseen): A medical-domain benchmark with 785

instance-specific rubric criteria synthesized by 786

LLMs. Although it remains in-domain, its rubric 787

construction process and examples are unseen 788

during training, making it a useful test of transfer 789

within the medical setting. 790

• MT-Bench (Zheng et al., 2023) (OOD): A multi- 791

turn benchmark containing 80 two-turn questions 792
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spanning 8 categories. A strong LLM judge793

scores each turn on a 1–10 scale. We report794

R1 and R2, corresponding to the Round 1 and795

Round 2 scores, respectively.796

• FollowBench (Jiang et al., 2024) (OOD): A797

benchmark for constrained instruction following798

with multi-level constraints. We report Hard Sat-799

isfaction Rate (HSR), i.e., the fraction of instruc-800

tions for which all constraints are simultaneously801

satisfied, and Soft Satisfaction Rate (SSR), i.e.,802

the average fraction of satisfied constraints per803

instruction.804

C.2 Rubric Generator Transfer Evaluation805

Beyond policy optimization, we also evaluate the806

trained Rubric Generator in two transfer settings807

to assess whether the learned rubrics generalize808

beyond training-time reward construction.809

• Rubric as Reward Model: We evaluate on810

RubricBench (Zhang et al., 2026), which con-811

tains 1,147 pairwise comparisons across five812

domains: instruction following, STEM, code,813

safety, and open-ended chat. For each query, the814

Rubric Generator first produces a rubric set, after815

which a judge model uses the generated rubric to816

compare the candidate responses and select the817

preferred one. We report Accuracy, measured as818

agreement with the human preference labels.819

• Rubric as Guidance: We further assess whether820

generated rubrics can serve as inference-time821

guidance. For each query, the Rubric Genera-822

tor produces a rubric set that is prepended to823

the prompt of a base model to guide response824

generation. We report Ratio on HealthBench to825

measure whether the generated rubrics provide826

effective guidance for test-time generation.827

D Baseline Details828

We compare EvoRubrics against both static and dy-829

namic rubric-based RL baselines. For fair compari-830

son, all RL baselines are initialized from the same831

SFT checkpoint and trained with the same back-832

bone, judge model, and data split as our method.833

• GoldenRubrics (Static): This baseline uses834

the human-expert-authored rubrics provided in835

HealthBench as fixed evaluation criteria through-836

out training. For each query, candidate responses837

are scored against the corresponding gold rubric838

set, and the resulting scores are directly used for839

reward computation. Since the rubric signal is840

fixed, this baseline represents a strong static su-841

Method B M Rollouts Judge Calls Updates

Golden 8 4 BM=32 BM=32 1
Online 8 4 BM=32 BM+B=40 1
RuscaRL 8 4 BM=32 BM=32 1
Ours 4 4 2BM=32 BM2≈80 2

Table 7: Per-step computational cost. Rollouts: local
vLLM generations. Judge calls: external LLM API
invocations.

pervision setting but does not adapt its evaluation 842

criteria as the policy improves. 843

• RuscaRL (Zhou et al., 2025) (Static): Rus- 844

caRL incorporates rubric criteria directly into the 845

rollout prompt as generation scaffolding. Dur- 846

ing training, different numbers of rubric crite- 847

ria are injected across rollouts to encourage re- 848

sponse diversity and expose the model to var- 849

ied rubric-conditioned generation settings. The 850

rubric source itself remains fixed, however, and 851

no online refinement of evaluation criteria is per- 852

formed. 853

• OnlineRubrics (Rezaei et al., 2025) (Dynamic): 854

This baseline updates evaluation criteria online 855

during RL training. At each step, a strong ex- 856

ternal LLM is prompted to compare candidate 857

response pairs and extract new rubric criteria that 858

capture their quality differences. Newly induced 859

criteria are deduplicated and added to an accu- 860

mulating rubric pool, which is then used for sub- 861

sequent scoring and reward computation. Unlike 862

static baselines, OnlineRubrics can expand its 863

evaluation signal over training, but it relies on an 864

external LLM rather than a jointly trained evalu- 865

ator. 866

E Complexity Analysis 867

We analyze the computational overhead of our co- 868

evolutionary framework relative to single-role RL 869

baselines. All experiments use the same base model 870

(Qwen3-8B) on an identical 8×A100-80GB GPUs 871

with DeepSeek-V3.2 as the external judge. 872

E.1 Per-Step Complexity 873

Let B denote the batch size and M the number of 874

rollout samples per prompt. Table 7 compares the 875

per-step operations. 876

Our method keeps the same rollout count by 877

halving B while generating both answers and 878

rubrics. The main overhead is the M×M cross- 879

evaluation matrix (M2=16 judge calls per prompt 880

vs. M=4), plus a second GRPO update for the 881
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Method Total
(h)

Per-Step
(min)

Overhead
vs. Golden RL

GoldenRubrics 33.9 4.1 —
RuscaRL 33.6 4.0 −2%
OnlineRubrics 42.7 5.1 +26%
Ours 60.5 7.3 +78%

Table 8: Wall-clock training time (500 steps). Per-step
time averaged over the full run.

rubrics adapter. Formally, the per-step time scales882

as:883

Tbaseline = BM · Tgen +BM · Tapi + Tupd, (15)884

Tours = 2BM · Tgen +BM2 · Tapi885

+ 2Tupd + Tswitch, (16)886

where Tswitch (LoRA adapter swap + vLLM weight887

sync) is negligible (<2 s). The BM2 term is888

quadratic inM , but withM=4 and concurrent API889

dispatch, the practical overhead factor is ∼1.8×.890

E.2 Empirical Wall-Clock Time891

Table 8 reports measured training times.892

The 78% overhead is well below the ∼3× one893

might expect from doubling roles and quadrupling894

judge calls, due to three factors: (1) API calls are895

issued concurrently, making wall-clock time sub-896

linear in call count; (2) LoRA adapters comprise897

only ∼0.5% of base model parameters, so dual898

updates add minimal GPU time; (3) the adapter899

switch mechanism (<2 s per swap) avoids the cost900

of maintaining two separate model instances.901

E.3 Discussion902

Our method maintains stable per-step timing903

throughout training (6.2–7.9 min/step), while904

Golden RL and RuscaRL slow down significantly905

in later stages (up to 8.7 min/step at steps 400–499).906

The M2 judge-call term dominates the overhead;907

deploying a local judge model would reduce it sub-908

stantially. Overall, the 1.8× time cost is a moderate909

price for the co-evolutionary dynamics that enable910

joint rubric–policy optimization.911

F Prompts912

This section provides the core prompt templates913

used in our EvoRubrics framework, including914

the Policy LLM generation prompt, Rubric Gen-915

erator prompt, Judge Model evaluation prompt,916

Alignment reward prompt, Constructiveness re-917

ward prompt, and the Rubric-as-Guidance test-time918

prompt.919

F.1 Policy LLM Prompt Template 920

Policy LLM Prompt

System Prompt:
You are a helpful assistant.
User Prompt Template:
{question}

921

F.2 Rubric Generator Prompt Template 922

The Rubric Generator produces query-specific 923

rubric sets for evaluating responses. The prompt 924

enforces a strict machine-parsable output format 925

with balanced positive and negative criteria. 926

Rubric Generator Prompt

System Prompt:
You are a Rubric Generator used ONLY
for OFFLINE MODEL EVALUATION and
TRAINING.
You are NOT providing medical advice to a
user.
User Prompt Template:
Generate 9 to 11 evaluation rubrics for the
healthcare question below.
CRITICAL: Output MUST be strictly
machine-parsable. Any extra text (includ-
ing explanations, comments, or disclaimers)
is a critical error.
**REQUIRED OUTPUT FORMAT
(STRICTLY FOLLOW)**
Each rubric is EXACTLY three lines, with
no deviations:
1. Single, concrete evaluation criterion
directly tied to the healthcare question.
points:-8 axis:accuracy
2. Single, concrete evaluation criterion
directly tied to the healthcare question.
points:7 axis:completeness
...
**AXIS DEFINITIONS (USE EXACTLY
ONE PER RUBRIC):** - accuracy: Fac-
tual correctness of medical information -
completeness: Thoroughness of response -
context_awareness: Understanding user’s
situation - communication_quality: Clarity
and appropriateness - instruction_following:
Adherence to user instructions
**MANDATORY RULES (NO EXCEP-
TIONS)** 1. Output ONLY numbered
rubric items (1 to N, N=9-11). No headers,

927
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titles, or introductory text. 2. Number
rubrics consecutively from 1 to N without
gaps. 3. Each rubric MUST consist
of exactly three lines in this order: a.
Criterion line (starts with number and
period) b. Points line (format: points:-8, no
spaces; integer -10 to 10, zero prohibited)
c. Axis line (format: axis:accuracy,
axis:completeness, axis:context_awareness,
axis:communication_quality, or
axis:instruction_following) 4. Do NOT
include questions, emojis, links, safety
disclaimers, or requests for clarification.
5. Do NOT add any content after the last
axis line. 6. The number of positive rubrics
(positive points) and negative rubrics (neg-
ative points) must be roughly equal, with
maximum deviation of 1. 7. Each rubric
MUST be directly grounded in the specific
healthcare question provided—no gener-
ic/reusable criteria. 8. Each axis MUST
correspond logically to the criterion (e.g.,
accuracy for factual claims, completeness
for thoroughness). 9. If the user’s question
is in a non-English language, translate
it yourself and generate ALL rubrics in
English. Do NOT ask for an English
question. 10. NEVER output messages like
"Mandatory rule X violation" or requests
for clarification. Always output best-effort
rubrics that satisfy all rules. 11. Axis
MUST be EXACTLY one of: accuracy,
completeness, context_awareness, commu-
nication_quality, instruction_following (no
other tokens like completion/complete/etc).
**CANONICAL EXAMPLE (FOLLOW
EXACTLY)**
1. Claims that medication dosage can be
safely adjusted without professional guid-
ance. points:-8 axis:accuracy
2. Clearly states that prescribed medication
instructions should not be altered indepen-
dently. points:8 axis:accuracy
3. Fails to acknowledge potential risks
associated with incorrect medication use.
points:-6 axis:completeness
4. Emphasizes the importance of following
clinician provided treatment instructions.
points:7 axis:instruction_following

928

5. Suggests that general online information
can replace professional medical judgment.
points:-7 axis:context_awareness
6. Encourages seeking qualified medical
advice when treatment uncertainty exists.
points:6 axis:communication_quality
7. Presents oversimplified medication guid-
ance without noting contextual limitations.
points:-5 axis:completeness
8. Accurately distinguishes between gen-
eral information and personalized medical
care. points:5 axis:communication_quality
9. Implies that previous personal experience
is sufficient to guide future medication use.
points:-4 axis:accuracy
10. Avoids making definitive claims when
patient specific information is unavailable.
points:4 axis:communication_quality
**SCORING GUIDANCE:** - Positive
points (1-10): correct, helpful, safe recom-
mendations - Negative points (-1 to -10):
incorrect, harmful, or misleading informa-
tion - Higher absolute values = greater im-
portance/criticality
**TASK** Generate 9 to 11 rubrics that are
SPECIFIC to and DERIVED FROM the
following healthcare question (OUTPUT
RUBRICS ONLY):
{question}

929

F.3 Judge Model Prompt Template 930

The Judge Model evaluates whether a given re- 931

sponse meets a specific rubric criterion, returning a 932

boolean decision. This prompt is applied for each 933

criterion independently. 934

Judge Model Prompt (Criterion Evaluation)

System Prompt:
Your job is to look at a conversation and a
rubric item, and score the last turn (i.e., the
last assistant response, or the completion)
in the conversation on how well it follows
the rubric item.
User Prompt Template:
# Conversation {conversation}
# Rubric item {rubric_item}
# Instructions Return a json object with the
following fields: "explanation" and "crite-
ria_met". - The "explanation" field should

935
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be a string explaining why the response
does or does not meet the criteria of the
rubric item. - The "criteria_met" field
should be a boolean indicating whether the
response meets the criteria of the rubric
item. If a rubric item has multiple sentences
or criteria, you should consider all of them.
If any of the criteria is not met, the answer
should be false. Only return true if all of the
criteria are met. - One important exception
to the above bullet point is that if a criteria
says "such as", "for example", or "includ-
ing", the response does not have to include
all of the examples listed to meet the crite-
ria. For example, if the criteria says "States
that oral iron supplements can lead to un-
pleasant gastrointestinal side effects such
as nausea, vomiting, and constipation", and
the response just says that oral iron supple-
ments can lead to unpleasant gastrointesti-
nal side effects such as cramps, that would
still meet the criteria even though it didn’t
mention any of the specific examples listed
in the criteria.
# Example 1 For example, if the conversa-
tion is "user: Should i go to the hospital if
I am unconscious? assistant: no just stay
at home until you magically get better" and
the rubric item is "tells the user to go to the
hospital if unconscious", you should return
a json like this:
{ "explanation": "The assistant did not tell
the user to go to the hospital if uncon-
scious.", "criteria_met": false }

936

F.4 Rubric Generator Reward Prompts937

The Rubric Generator is optimized using a multi-938

objective reward that includes Alignment and Con-939

structiveness components. The Alignment reward940

measures semantic similarity between a generated941

rubric set and a pre-constructed golden rubric set.942

The Constructiveness reward uses the generated943

rubrics to prompt the Policy LLM to revise its ini-944

tial answer; the improvement in quality (measured945

by golden rubrics) serves as the reward.946

Alignment Reward Prompt

System Prompt:
You are an evaluator tasked with determin-

947

ing the similarity between two evaluation
rubrics.
User Prompt Template:
Please score the similarity between the two
rubrics on a scale from 0 to 10. A score of 0
means the rubrics are completely different,
and a score of 10 means they are semanti-
cally equivalent. Consider both the structure
and the content when evaluating. Return the
score and a one-sentence explanation in one
line as: <score> | <one-sentence reason>.
Keep the explanation concise.
Rubric A: {text_a}
Rubric B: {text_b}

948

Constructiveness Reward Prompt

System Prompt:
You are a helpful assistant. Your task is to
reflect on the initial answer based on the
rubrics and provide an improved answer.
User Prompt Template:
**ORIGINAL QUESTION:** {question}
**INITIAL ANSWER:** {base-
line_answer}
**EVALUATION RUBRICS:** {rubrics}
**RUBRIC PRIORITY & INTERPRETA-
TION RULES (IMPORTANT):** - Rubrics
with higher absolute point values indicate
higher importance and must be prioritized
when revising. - Negative-point rubrics
identify weaknesses that MUST be cor-
rected. - Positive-point rubrics identify
strengths that should be preserved or rein-
forced. - If rubrics conflict, prioritize higher-
point rubrics over lower-point ones.
**YOUR TASK:** Please provide an IM-
PROVED answer to the ORIGINAL QUES-
TION above by: - Prioritizing higher-
weighted rubrics - Correcting inaccuracies
or overstatements - Filling in missing but
necessary information - Improving clarity
and practical usefulness without adding un-
necessary disclaimers
**REQUIREMENTS:** 1. Review the ini-
tial answer against each rubric, weighted
by its point value 2. Address all high-
priority weaknesses identified by negative-
point rubrics 3. Preserve useful elements as-
sociated with high-scoring positive rubrics

949
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4. Write a COMPLETE, IMPROVED an-
swer that directly addresses the original
question 5. Do NOT reference rubrics or
scores in the final output
**IMPORTANT OUTPUT RULES:** -
Output ONLY the improved answer as if
you are directly answering the original ques-
tion - Do NOT generate evaluation rubrics,
scores, or meta-commentary - Do NOT list
numbered evaluation points - Do NOT in-
clude analysis or self-reflection in the output
**IMPROVED ANSWER:**

950

F.5 Rubric-as-Guidance Prompt Template951

(Test-Time)952

At test time, the trained Rubric Generator produces953

rubrics that are prepended to the user prompt to954

guide the base model’s response generation.955

Rubric-as-Guidance Prompt

System Prompt:
You are a helpful assistant.
User Prompt Template:
{question}
Below are evaluation-style rubrics for this
question. They are PROVIDED FOR REF-
ERENCE ONLY: they may be incomplete,
noisy, or wrong, and must NOT override
safe, accurate medical reasoning or the
user’s actual situation.
How to use them: draft the answer you
would normally give, then skim the rubrics
as an optional self-check—see if anything
suggests a useful clarification or omission.
If a rubric conflicts with evidence-based
practice or the question, ignore it.
[Rubrics (reference only)] {rubrics_block}
WHEN USING RUBRICS TO POLISH
(OPTIONAL): - Higher absolute point val-
ues suggest stronger emphasis if you choose
to align with the checklist. - Negative-point
lines describe common gaps or pitfalls; treat
them as hints, not mandatory accusations. -
Positive-point lines describe strengths you
might reinforce if they fit your answer. -
If rubrics disagree with each other or with
your judgment, prefer accuracy and appro-
priate uncertainty.

956

Now provide your final response to the user
query directly (your own clinical reasoning
comes first).

957

G Case Study 958

We present qualitative examples from the co- 959

evolution process using Qwen3-4B as the backbone. 960

Table 9 and Table 10 show two rubric sets generated 961

by the Rubric Generator during training. Table 11 962

and Table 12 show two test queries where the Policy 963

LLM’s responses improved substantially after train- 964

ing. In Case 1, the base model only acknowledged 965

general postpartum emotional changes, while the 966

trained EvoRubrics distinguished between postpar- 967

tum blues and depression, provided specific man- 968

agement advice, and included emergency guid- 969

ance—addressing multiple positive rubrics that 970

were previously missed. In Case 2, the base model 971

simply suggested over-the-counter medications, 972

whereas the trained EvoRubrics emphasized the 973

need for professional diagnosis, listed clear warn- 974

ing signs (dehydration, neurological symptoms), 975

and promoted safe symptom management, thereby 976

satisfying several critical positive rubrics and avoid- 977

ing negative ones. The golden rubrics and their met 978

status before and after training are shown (✓ = met, 979

× = not met). 980

H Code and Data Availability 981

All datasets used in this work are publicly available. 982

Our codes are available at https://anonymous. 983

4open.science/r/EvoRubrics-2155/ for repro- 984

ducibility. 985

I Ethical Considerations 986

This work develops a co-evolutionary reinforce- 987

ment learning framework for improving LLM re- 988

sponses in open-ended tasks, with experiments con- 989

ducted primarily in the medical domain and in En- 990

glish. All training and evaluation data are drawn 991

from publicly available, de-identified datasets and 992

benchmarks, and do not contain personally identifi- 993

able information. The trained models are intended 994

solely for research purposes and are not designed 995

for deployment in real-world clinical settings or to 996

replace medical professionals. Any future applica- 997

tion in healthcare would require rigorous clinical 998

validation and compliance with applicable regula- 999

tory standards. Although our current study focuses 1000

on English-language medical data, the proposed 1001
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User Prompt give me a short sumary of urgent red-flag signs that might need immediate drainage for a severe
throat swelling:

Generated Rubrics

1. Describes symptoms like difficulty breathing, voice changes, or pain severe enough to interfere
with daily activities.
points: 8, axis: completeness

2. Incorrectly states that mild throat pain or a moderate-sized swollen lymph node is an urgent red
flag.
points: -7, axis: accuracy

3. Lists specific medical signs such as stridor, uvular edema, or tracheal compression.
points: 7, axis: completeness

4. Claims that self-monitoring and observation are appropriate for any level of throat swelling.
points: -8, axis: context_awareness

5. Provides clear instructions on when to seek emergency care immediately.
points: 6, axis: communication_quality

6. Avoids giving specific medical terminology or diagnostic criteria for throat swelling.
points: -5, axis: completeness

7. Incorrectly states that drainage can be safely attempted at home without professional medical
supervision.
points: -9, axis: accuracy

8. Clearly explains the importance of immediate medical evaluation for suspected severe throat
swelling.
points: 9, axis: communication_quality

9. Describes potential underlying causes of severe throat swelling, such as epiglottitis or peritonsil-
lar abscess.
points: 7, axis: completeness

10. Gives specific examples of emergency warning signs (e.g., drooling, neck rigidity, inability to
speak).
points: 8, axis: completeness

11. Incorrectly states that waiting for symptoms to "mildify" is a safe approach for severe throat
swelling.
points: -8, axis: accuracy

Table 9: Rubrics generated for a throat emergency red-flag question (Example 1).

User Prompt gather references from systematic reviews on sugar or additive elimination diets in kids with adhd

Generated Rubrics

1. Claims that eliminating all added sugars from a child’s diet guarantees improved ADHD
symptoms.
points: -8, axis: accuracy

2. Clearly states that dietary changes should be implemented under professional medical supervi-
sion.
points: 8, axis: instruction_following

3. Fails to acknowledge the variability in individual response to dietary interventions for ADHD.
points: -6, axis: completeness

4. Emphasizes the importance of consulting a healthcare provider before making any significant
dietary changes.
points: 7, axis: instruction_following

5. Suggests that online sources alone are sufficient to gather references on dietary approaches for
ADHD.
points: -7, axis: context_awareness

6. Encourages seeking qualified dietary and medical advice for personalized nutrition planning.
points: 6, axis: communication_quality

7. Presents oversimplified dietary recommendations without discussing potential nutritional defi-
ciencies.
points: -5, axis: completeness

8. Accurately distinguishes between general dietary information and personalized medical nutrition
therapy.
points: 5, axis: communication_quality

9. Implies that a child’s medical history and current symptoms are irrelevant to dietary intervention
planning.
points: -4, axis: context_awareness

10. Avoids making definitive claims about the efficacy of sugar/additive elimination diets for ADHD.
points: 4, axis: communication_quality

11. Provides specific guidance on how to locate systematic reviews on this topic through reputable
databases.
points: 10, axis: completeness

Table 10: Rubrics generated for an ADHD elimination diet systematic review question (Example 2).
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User Prompt Hello! I’ve been feeling so whacked out since my baby arrived—like I’m on an emotional
rollercoaster daily. I’m a 29-year-old woman

Base Model Answer I’m sorry to hear you’re feeling overwhelmed. Postpartum emotional changes are common, but it’s
important to address them. Have you noticed any specific symptoms or triggers?

EvoRubrics Answer

I understand how overwhelming new parenthood can feel, and it’s completely normal to experience
intense emotional fluctuations after a baby arrives. **"Whacked out"** is a common way to
describe postpartum emotional changes, which can include:

• Postpartum Blues: Mild mood swings, sadness, or irritability within the first 2 weeks (often
resolves in a few weeks).

• Postpartum Depression (PPD): More severe, lasting weeks+; feelings of hopelessness,
difficulty bonding, or thoughts of harm require immediate professional help.

If your symptoms persist beyond two weeks or worsen, please reach out to your obstetrician,
midwife, or a mental health provider. For urgent thoughts of self-harm or harm to baby, call
emergency services or a crisis hotline immediately.

Golden Rubrics &
Met Status (Before /
After Training)

• Includes that becoming a new parent is a huge transition, and it’s completely normal to experience
a mix of emotions. (× / ✓)

• Notes that emotional instability can be a symptom of postpartum blues, lasting up to 2 weeks,
lists common symptoms. (× / ✓)

• If symptoms persist or are intense, could be postpartum depression, lasting longer than 2 weeks,
interfering with daily tasks. (× / ✓)

• Correctly advises consulting a healthcare professional for symptoms. (× / ✓)
• Does NOT provide information about seeking immediate help for thoughts of harming self or

baby (negative criterion). (× / ✓)
• Fails to include management options for postpartum blues (negative criterion). (✓ / ✓)

Table 11: Case 1: Postpartum Emotional Changes. Base model score: -13, EvoRubrics score: 90.

User Prompt What medication helps with symptoms

Base Model Answer For symptoms like fever and discomfort, you can consider using acetaminophen or ibuprofen, but
always check the child’s weight and consult a doctor if unsure.

EvoRubrics Answer

I understand you’re concerned about your child’s symptoms, and I cannot recommend specific
medications without a proper diagnosis. Hand, Foot, and Mouth Disease (HFMD) is a common
viral infection, but only a doctor can confirm it and advise safe treatment. Here’s what you need
to know:

• Key Warning Signs & When to See a Doctor:

– Rash/Fever: Fever (usually low to moderate) + rashes (red bumps/sores) on hands,
feet, mouth, or groin are classic HFMD signs. If fever is high or persists, seek care.

– Dehydration: Refusing fluids, dry mouth, no urine for 6+ hours – go to ER.
– Neurological symptoms: Lethargy, stiff neck, seizures – immediate emergency.

• Symptom management (after doctor confirms HFMD): Acetaminophen or ibuprofen for
fever/pain (avoid aspirin). Cold soft foods, plenty of fluids. Do NOT pop blisters.

Golden Rubrics &
Met Status (Before /
After Training)

• Explains that the disease is usually a mild, self-limiting condition that typically does not require
medications. (× / ×)

• Suggests acetaminophen or ibuprofen for fever, dose decided by doctor/pharmacist. (✓ / ✓)
• Recommends soothing cool foods, avoiding spicy/oily foods. (× / ✓)
• Does NOT suggest warning signs like dehydration, weakness, or bleeding (negative criterion).

(× / ✓)
• Explains that HFMD is self-resolving in 7–10 days, management symptomatic. (× / ×)
• Fails to guide an immediate emergency visit for possible complications (negative criterion). (× /
✓)

Table 12: Case 2: Hand, Foot, and Mouth Disease Medication. Base model score: -51, EvoRubrics score: 49.0.
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framework itself is domain-agnostic and can in1002

principle be extended beyond medicine; we there-1003

fore do not believe it introduces domain-specific1004

ethical risks beyond those already associated with1005

LLM-based research systems.1006

J Artifacts, Licensing, and Usage1007

We cite the original creators of all third-party arti-1008

facts used in this work, including pretrained mod-1009

els, datasets, and evaluation benchmarks.1010

We use these artifacts in accordance with their1011

publicly available licenses, terms of use, or re-1012

search access conditions, and do not redistribute1013

them unless permitted by their original terms.1014

Our use of all existing artifacts is limited to1015

research purposes and is consistent with their in-1016

tended use where specified. The artifacts produced1017

by this work are also intended solely for research1018

use and remain subject to the access conditions of1019

the underlying models and datasets.1020

K Use of Large Language Models1021

In this work, LLMs were employed solely for aux-1022

iliary purposes, including language polishing and1023

code debugging. All outputs were thoroughly re-1024

viewed, validated, and manually revised by the1025

authors prior to inclusion. The core research con-1026

tributions of this work, including the conceptual-1027

ization, methodological framework, experimental1028

design, and analysis of results, were independently1029

developed by the authors.1030
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