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Abstract001

Rubrics are essential for evaluating open-ended002
LLM responses, especially in safety-critical003
domains such as healthcare. However, creat-004
ing high-quality, domain-specific rubrics typi-005
cally requires significant human expertise and006
time, making rubric-based evaluation and train-007
ing difficult to scale. In this work, we intro-008
duce Health-SCORE, a generalizable and scal-009
able rubric-based evaluation framework that010
substantially reduces rubric development costs011
without sacrificing performance. We show that012
Health-SCORE provides two practical bene-013
fits beyond standalone evaluation: it can be014
used as a structured reward signal to guide re-015
inforcement learning with safety-aware super-016
vision, and it can be incorporated directly into017
prompts to improve response quality through018
in-context learning. Across open-ended health-019
care tasks, Health-SCORE achieves evaluation020
quality comparable to human-created rubrics021
while significantly lowering development ef-022
fort, making rubric-based evaluation and train-023
ing more scalable. 1024

1 Introduction025

The widespread adoption of large language models026

(LLMs) in safety-critical domains such as health-027

care has highlighted the importance of develop-028

ing trustworthy models. LLMs are known to pro-029

duce hallucinations, and even minor errors—such030

as misstated clinical details or misinterpretations031

of medical guidelines—can lead to severe patient032

harm (Ji et al., 2023). Early efforts to make LLMs033

clinically-grounded have largely relied on standard-034

ized, examination-style multiple-choice questions035

(MCQs), such as those used in the United States036

Medical Licensing Examination (USMLE) (Jin037

et al., 2019; Pal et al., 2022). However, MCQ-based038

evaluations reduce complex clinical reasoning to039

a single discrete answer and fail to capture key040

1Our code is available in the attachment.

competencies required in real-world clinical prac- 041

tice, including synthesizing clinical notes, reason- 042

ing through differential diagnoses, and recommend- 043

ing appropriate treatment plans (Van Der Vleuten 044

and Schuwirth, 2005). Moreover, although mod- 045

ern LLMs now achieve near-expert performance on 046

USMLE-style benchmarks, substantial gaps in real- 047

world clinical capability remain (Van Der Vleuten 048

and Schuwirth, 2005). More recent evaluation 049

approaches have shifted toward open-ended re- 050

sponse evaluation, in which multiple solutions may 051

be valid (Arora et al., 2025; Wang et al., 2025). 052

Rubric-based evaluations offer greater represen- 053

tational power by enabling more diverse and nu- 054

anced assessments through a structured framework 055

of diverse criteria. These criteria can span multi- 056

ple dimensions relevant to real-world clinical prac- 057

tice, such as clinical safety, relevance, and com- 058

pleteness. A rubric typically consists of a set of 059

evaluation criteria, explicit descriptions of pass/fail 060

or performance-level conditions for each criterion, 061

and an associated scoring scheme. 062

Rubric-based evaluation frameworks can vary 063

widely in both the dimensions they assess and the 064

granularity at which evaluation is performed. Fig- 065

ure 1 illustrates different categories of rubrics along 066

this spectrum. At one end are generalized rubrics, 067

such as Anthropic’s HHH framework, which define 068

broad and universal criteria for response “good- 069

ness” (Bai et al., 2022a). These rubrics are sim- 070

ple, general, and relatively easy to scale, making 071

them well-suited for high-level alignment. How- 072

ever, their coarse design limits their representa- 073

tional power, often causing them to be less applica- 074

ble to context-specific errors and failure modes. 075

At the opposite end of the spectrum are instance- 076

level rubrics, (e.g. PaperBench (Starace et al., 077

2025) and HealthBench (Arora et al., 2025)), which 078

provide multiple detailed, context-specific evalu- 079

ation criteria for each individual example. These 080

rubrics enable highly granular and precise assess- 081
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Figure 1: Specificity vs. cost tradeoff. Both Instance-
level and Health-SCORE rubrics exhibit high specificity,
but Health-SCORE is far less costly to develop.

ments, capturing subtle reasoning errors and fine-082

grained misalignments. However, they are difficult083

to scale due to their high development cost and lim-084

ited transferability across domains and examples.085

Moreover, because instance-level rubrics are tightly086

coupled to examples, they cannot be used during087

inference as in-context learning setting, limiting088

their potential (Min et al., 2022).089

A third class lies between these extremes, balanc-090

ing specificity, generalizability, and development091

cost. This category includes domain-specific cri-092

teria that are sufficiently detailed to capture subtle093

model errors, yet broad enough to remain practical094

for large-scale, real-world deployment. Moreover,095

because these rubrics generalize across examples,096

they can also be used at inference time as in-context097

learning signals to improve model response qual-098

ity. In this study, we introduce Health-SCORE099

(Healthcare Scalable COmprehensive Rubric Eval-100

uation), a generalized rubric framework designed101

for healthcare applications that integrates the scala-102

bility and generalizability of coarse-grained rubrics103

with the precision of instance-level approaches. In104

summary, our main contributions are:105

1. We introduce Health-SCORE, a scalable and106

generalizable rubric-based evaluation frame-107

work for open-ended medical LLM evaluation,108

reducing rubric development cost.109

2. We propose an adaptive rubric selection mech-110

anism that identifies relevant rubrics for each111

individual prompt, enabling on-the-fly person-112

alized criterion selection.113

3. Through extensive in-domain and out-of-114

distribution experiments, we demonstrate that 115

using Health-SCORE as a reward signal dur- 116

ing RL training leads to improved model 117

performance and greater training stability 118

when evaluated against independent, human- 119

authored instance-level rubrics, establishing 120

Health-SCORE as an effective surrogate for 121

expert supervision. 122

4. We show that Health-SCORE can also serve 123

as an effective in-context learning solution to 124

guide LLMs toward higher-quality responses 125

at inference time without additional training. 126

2 Related Works 127

Although earlier work primarily focused on us- 128

ing USMLE-style questions to evaluate healthcare- 129

oriented language models (Singhal et al., 2025; 130

Liu et al., 2024), recent studies have increasingly 131

shifted toward open-ended evaluation paradigms. 132

For example, MultiMedQA demonstrated that mod- 133

els such as Med-PaLM (Tu et al., 2024) achieve 134

strong performance on MCQs but still exhibit sub- 135

stantial gaps on free-response tasks. Beyond ques- 136

tion answering, several studies have examined 137

model performance in simulated clinical interac- 138

tions. Frameworks such as CRAFT-MD (Johri 139

et al., 2025), AMIE (Tu et al., 2024), and Agent- 140

Clinic (Schmidgall et al., 2024) focus on model- 141

ing doctor–patient dialogue and clinical reason- 142

ing. CRAFT-MD, for instance, evaluates LLM re- 143

sponses in conversational scenarios by measuring 144

diagnostic accuracy (Johri et al., 2025). However, 145

these approaches have shown that model accuracy 146

can degrade significantly on sufficiently complex 147

tasks (Schmidgall et al., 2024). 148

Rubric-based evaluation frameworks have also 149

been explored extensively outside the healthcare 150

domain. For example, Constitutional AI (Bai et al., 151

2022b) introduced 16 guiding “Constitutional Prin- 152

ciples” aimed at improving model alignment by 153

emphasizing helpfulness, honesty, and harmless- 154

ness. However, the high-level nature of these princi- 155

ples limits their ability to capture subtle or context- 156

dependent errors. Building on this idea, Rubicon 157

(Biyani et al., 2024) proposed a method for auto- 158

matically generating domain-specific rubrics that 159

are both informative and discriminative, particu- 160

larly for evaluating multi-turn technical problem- 161

solving dialogues. A key limitation of Rubicon is 162

its reliance on an initial set of manually labeled 163
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Figure 2: Health-SCORE rubric creation process: First, original rubrics are clustered using high-dimensional
embeddings. Then the clusters are refined and a Health-SCORE rubric is proposed for each cluster, reducing
redundancy while preserving core evaluative dimensions.

conversations, which restricts scalability and gener-164

alization. FLASK (Ye et al., 2023) further reframes165

evaluation as the assessment of a model’s underly-166

ing skills. Its dataset comprises 1,740 diverse in-167

structions spanning STEM reasoning, factual ques-168

tion answering, and safety, with each task mapped169

to 12 fundamental skills such as logical reasoning,170

commonsense understanding, and problem-solving.171

However, FLASK depends on reference answers172

rather than flexible, rubric-based criteria, which173

limits its applicability in open-ended or inference-174

time evaluation settings. More granular, instance-175

level evaluation frameworks have also emerged in176

recent work. Prometheus-v1 (Kim et al., 2023)177

and Prometheus-v2 (Kim et al., 2024) introduce178

datasets of approximately 20,000 instructions span-179

ning tasks such as question answering, summariza-180

tion, reasoning, and dialogue, paired with around181

1,000 fine-grained rubrics. These rubrics define de-182

tailed, example-specific evaluation criteria, improv-183

ing assessment precision while retaining partial184

generalizability across instances. Similarly, Paper-185

Bench (Starace et al., 2025) evaluates LLM agents186

on their ability to reproduce findings from aca-187

demic papers, providing 8,316 hierarchical rubric188

items derived from 20 AI research studies. Al-189

though highly precise and context-sensitive, this190

approach is labor-intensive and difficult to scale.191

Within the healthcare domain, OpenAI’s Health-192

Bench represents one of the most comprehensive193

benchmarks to date. It comprises over 5,000 multi-194

turn medical conversations between clinicians and195

LLMs, evaluated using more than 48,000 physician-196

authored criteria. Developed with input from 262197

doctors across 60 countries and 26 medical special-198

ties, HealthBench captures the complexity, nuance, 199

and safety-critical aspects of real-world clinical 200

interactions. Unlike traditional exam-style bench- 201

marks, it emphasizes open-ended reasoning, un- 202

certainty management, contextual understanding, 203

and communication quality, marking a significant 204

step toward trustworthy and clinically aligned AI 205

systems (Arora et al., 2025). Related rubric-based 206

healthcare benchmarks have also emerged in other 207

languages. For example, CSEDB provides an eval- 208

uation framework for clinical safety and effective- 209

ness, consisting of 2,069 open-ended synthetic clin- 210

ical scenarios and questions spanning 26 medical 211

departments. It includes instance-level rubric cri- 212

teria that assess multiple dimensions of safety and 213

effectiveness in LLM-generated responses (Wang 214

et al., 2025). Several recent works have explored 215

using rubrics as reward signal for RL, enabling 216

more structured and interpretable optimization of 217

model behavior (Gunjal et al., 2025; Huang et al.; 218

Zhou et al., 2025; Chen et al., 2025). 219

3 Methods 220

3.1 Health-SCORE Rubric Creation Process 221

We use the set of rubrics from HealthBench to 222

develop the initial criteria for Health-SCORE. In 223

HealthBench, each conversation is organized into 224

seven high-level themes: expertise-tailored com- 225

munication, response depth, emergency referrals, 226

health data tasks, global health, context seeking, 227

and responding under uncertainty. health data tasks 228

is the most complex, as it require models to in- 229

terpret and reason over structured numerical and 230

categorical clinical data (e.g., laboratory panels, 231
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Figure 3: Health-SCORE rubric Selection Process: Given a user query, an LLM-based selector scores each Health-
SCORE rubric for contextual relevance. Rubrics whose scores exceed a threshold are selected. Then the adaptive
Health-SCORE rubrics will be added to the system prompt and used as training rewards during RL post-training.

medication lists, and comorbidity tables), and to232

generate structured or semi-structured clinical out-233

puts such as medical notes or lab summaries (Arora234

et al., 2025). We adopt this theme and follow235

a structured, multi-step methodology to develop236

the initial set of criteria for Health-SCORE. First,237

each rubric was embedded using OpenAI’s text-238

embedding-3, producing high-dimensional seman-239

tic representations of the rubric. These embeddings240

enabled the grouping of rubrics with similar eval-241

uative criteria despite differences in phrasing. For242

instance, as illustrated in Figure 2, Rubrics 1 and 3243

both assess whether responses contain fabrications.244

Rubric 1 verifies patient details, whereas Rubric245

3 evaluates fabricated laboratory results; however,246

both target the same underlying failure mode: mak-247

ing unsupported assumptions or introducing infor-248

mation not explicitly stated in the prompt. We ap-249

plied clustering to rubric embeddings to obtain an250

initial set of clusters. While some rubrics formed in-251

dividual clusters due to their high specificity, others252

naturally grouped together based on shared evalua-253

tive intent. We then conducted a quality assurance254

step involving manual inspection and refinement255

of the clusters to reduce noise and remove outliers,256

ensuring coherence within each group. Following257

refinement, we derived a final set of 29 Health-258

SCORE criteria provided in Appendix F.259

3.2 Adaptive Criteria Selection Mechanism260

Medical conversations can span a wide range of261

topics and tasks, such as clinical recommendations,262

searching for medical guidelines, or summarizing263

clinical documentation. As such, Health-SCORE 264

aims to include a broad set of evaluation criteria 265

designed to cover this diversity. However, since 266

each conversation typically centers around a spe- 267

cific task, applying the full set of rubrics indiscrim- 268

inately to every conversation can introduce noise. 269

To address this challenge, an essential component 270

of our framework is an automated adaptive selec- 271

tion mechanism that identifies the subset of con- 272

textually relevant criteria. For instance, a rubric 273

criterion related to the formatting of a SOAP note 274

should only be applied when the prompt explicitly 275

requests generating structured clinical documen- 276

tation. To implement this, we adopt an LLM-as- 277

a-judge approach that assigns each rubric item a 278

relevance score on a five-point scale, based on its 279

semantic and contextual alignment with the task 280

(Zheng et al., 2023). Rubrics receiving higher rele- 281

vance scores are then selectively retained, ensuring 282

that only the appropriate criteria contribute to the 283

final evaluation. Figure 3 illustrates this adaptive 284

Health-SCORE selection process. Similar adap- 285

tive evaluation strategies have been shown to be 286

beneficial in prior work (Mallinar et al., 2025). 287

3.3 Health-SCORE for In-Context Learning 288

Using rubrics can be especially useful for in- 289

context learning with health-focused LLMs be- 290

cause they give the model a clear “target” for what 291

a good response should look like. When prompts 292

include explicit criteria that emphasize accuracy, 293

completeness, and safety, the rubric acts like a 294

lightweight policy the model can follow in real 295
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time, improving the quality and consistency of its296

outputs. In this way, rubrics also function as an297

evaluation checklist, encouraging the model to ver-298

ify each requirement as it generates the response.299

We will demonstrate the applicability of Health-300

SCORE for in-context learning by using an adap-301

tive selection mechanism that identifies the most302

relevant Health-SCORE criteria for each prompt303

and inserts them directly into the context. We show304

that this approach improves the quality of off-the-305

shelf models and also makes training more sample-306

efficient and stable by guiding the learned policy307

in the right direction.308

3.4 Health-SCORE Rubrics as RL Rewards309

We adopt a reinforcement learning (RL) formula-310

tion for our post-training pipeline. The objective311

is to optimize a policy model to generate outputs312

aligned with a custom reward function over a set of313

n prompts D = {x(i)1:Ti
}ni=1. This setup is similar314

to prior work in RL–based alignment and post-315

training (Shao et al., 2024). Our approach is based316

on the Group Relative Policy Optimization (GRPO)317

framework and consists of three main steps:318

In the first step, for a given user prompt x(i)1:Ti
∈319

D, multiple candidate outputs are sampled from the320

current policy model {y(j)}Oj=1 ∼ πθ(· | xi). Each321

output y(j)1:Tj
consists of intermediate thinking to-322

kens y(j)1:CoT and the final response y
(j)
r = y

(j)
CoT :Tj

.323

{y(j)}Oj=1 ∼ πθ(· | xi)

y(j) = {<think> y(j)1:CoT </think> y
(j)
CoT :Tj

}
324

The sampling process uses temperature-325

controlled decoding to promote diversity among326

the CoT tokens. This is essential for estimating327

relative response quality and effectively guiding328

policy updates. In the second step, for each group329

of generated outputs, we compute a sequence-level330

reward that reflects the relative quality of each331

response candidate. This reward is derived from a332

comparative evaluation using a heuristic scoring333

function R({y(j)r }Gj=1). In the final step , the policy334

model parameters are updated using a variant of335

policy gradient optimization that incorporates336

the group-relative rewards. GRPO extends PPO337

by adjusting the advantage estimates r̂c(x, y)338

based on within-group comparisons, thereby339

encouraging the model to shift probability mass340

toward higher-ranked outputs while avoiding large,341

destabilizing updates with reference model πref . 342

This is achieved by maximizing objective L(θ): 343

LGRPO(θ) = Ex∼D Ey∼πθ(·|x)

[
r̂c(x, y) log πθ(y|x)

]
− β Ex∼D

[
KL(πθ(·|x) ∥πref(·|x))

] 344

Different from the reinforcement learning with 345

verifiable rewards (RLVR) setting (Guo et al., 346

2025), where the outcome reward can be easily 347

computed from hard-coded rule-based functions 348

(e.g. string matching for math answers). Rubric- 349

based RL requires more sophisticated reward sys- 350

tem to get the sequence-level reward. For each 351

prompt, the adaptive selection mechanism first 352

identifies the relevant set of rubrics; then an LLM 353

judges the model’s response against each selected 354

rubric to determine whether it satisfies the criteria. 355

If a positive rubric is satisfied, it receives a posi- 356

tive point (+1). If a negative rubric is satisfied, it 357

receives a negative point (-1). If the rubric is not 358

satisfied, it receives no points (0). The points across 359

all selected rubrics are then summed and normal- 360

ized to produce a sequence-level reward, which is 361

used to update the policy model. 362

Figure 4: Training using Heath-SCORE as the learning
objective and evaluation using human-authored rubrics
as the gold standard.

4 Experimental Setup 363

4.1 Evaluation Methodology 364

In this study, we aim to evaluate whether Health- 365

SCORE can (1) act as a reward signal for improving 366

model training and (2) support in-context learning, 367

rather than serving solely as a standalone evalua- 368

tion framework. To this end, we have designed 3 369

sets of separate experiments (described in Section 370
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5) to assess Health-SCORE from these perspec-371

tives. Section 5.1 examines the benefits of using372

Health-SCORE as a reward for training. Section373

5.2 examines the benefits of Health-SCORE in In-374

Context learning and section 5.3 demonstrates the375

benefit of Health-SCORE on training efficiency376

and stability. Furthermore, in order to measure377

generalizability of Health-SCORE, we run exper-378

iments on both in-domain and out-of-distribution379

(OOD) data. For in-domain evaluation, we mea-380

sure performance on held-out conversations from381

HealthBench–HealthData. These examples match382

the training split in task categories, data source,383

and physician-authored rubric construction proto-384

col, but are disjoint at the conversation level. We385

test generalization using two OOD settings:386

• OOD-Difficulty: HealthBench-Hard, which387

remains in the same healthcare domain as388

HealthBench–HealthData but contains sub-389

stantially more challenging instances that re-390

quire deeper reasoning, involve greater ambi-391

guity, and exhibit stricter failure modes.392

• OOD-Dataset: CSEDB (Wang et al., 2025),393

which differs from HealthBench not only in394

data source but also in task formulation and395

rubric ontology. Its rubrics emphasize re-396

sponse safety and effectiveness, rather than397

the HealthBench evaluation axes.398

4.2 Evaluation Rubrics399

Figure 4 shows our evaluation pipeline. We eval-400

uate all models using human-authored, instance-401

level rubrics from HealthBench and CSEDB, rather402

than Health-SCORE itself. This design choice403

avoids circular evaluation and enables a direct as-404

sessment of whether models trained or guided by405

Health-SCORE better align with independent ex-406

pert judgment. In this framework, Health-SCORE407

functions as a scalable surrogate supervision signal,408

while human-authored rubrics serve as the gold409

standard for evaluation. Following HealthBench410

(Arora et al., 2025), we use GPT-4.1 as the judge411

to apply these expert-crafted rubrics. All reported412

scores are normalized to the range [0.0,1.0]. Exper-413

iment details are available in Appendix D.414

4.3 Baselines415

To measure the effect of each part of the design, we416

will evaluate our method against these baselines417

(The statistics are available in Appendix C):418

Figure 5: In-domain and out-of-domain (OOD) evalua-
tion when models are trained with different rubric types.
Dotted/dashed lines correspond to lower/upper bounds.

Single-Axis Single-Axis Instruction only rubrics 419

use a single-axis, generic rubric designed to apply 420

across domains: "You are a helpful assistant. 421

Please generate a response that follows 422

user instructions." This rubric focuses on 423

instruction-following, without domain-specific con- 424

straints or multi-dimensional axes. It is lightweight 425

and easy to scale, but lacks task-specific guidance. 426

Multi-Axes Non-Adaptive Multi-Axis rubrics 427

are a set of fixed, multi-axis evaluation criteria cov- 428

ering five axes from HealthBench: communication 429

quality, instruction following, accuracy, context 430

awareness, and completeness. This baseline im- 431

proves relevance compared to Single-Axis, but is 432

non-adaptive with limited representational power. 433
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Figure 6: In domain and out of domain evaluation when models are prompted with different rubric types.

LLM-Generated Inspired by Gunjal et al.434

(2025); Zhou et al. (2025), rubrics are generated by435

LLM and specific to each prompt. Given each user436

prompt, we first asked GPT-4.1 to generate a list of437

appropriate rubrics in natural language, and then438

apply those rubrics as reward functions.439

Instance-Specific HealthBench Instance-specific440

rubrics are the physician-authored criteria provided441

in HealthBench, designed specifically for each con-442

versation instance. They yield the most precise and443

contextually relevant reward signals, but require444

substantial effort and domain knowledge, making445

them costly, hard to scale, with limited use for in-446

context learning.447

5 Results448

We evaluate the effectiveness of Health-SCORE449

from three complementary perspectives: (i) its450

value as a reward signal during reinforcement learn-451

ing, (ii) its effect on training dynamics when in-452

cluded directly in prompts, and (iii) its utility as453

test-time guidance via in-context learning without454

additional fine-tuning. First, we show that mod-455

els trained with Adaptive Health-SCORE achieve456

stronger alignment with physician-authored evalu-457

ation criteria, outperforming baselines in both in-458

domain and out-of-domain settings. Second, we459

analyze training dynamics and find that incorporat-460

ing Health-SCORE into prompts during learning461

improves sample efficiency and stabilizes policy462

optimization by steering exploration toward human-463

relevant criteria. Finally, we demonstrate that using464

Adaptive Health-SCORE purely at inference time465

also yields consistent performance gains. Together,466

these results establish Adaptive Health-SCORE as467

a unified mechanism for scalable evaluation, effi-468

cient training, and effective test-time improvement469

of healthcare LLMs. 470

5.1 Health-SCORE as RL Reward Signal 471

Figure 5 illustrates performance differences among 472

models trained with various rubric-based reward 473

formulations. All models are evaluated using 474

HealthBench instance-specific rubrics in accor- 475

dance with the HealthBench evaluation protocol. 476

Overall, Health-SCORE consistently outperforms 477

alternative reward formulations across evaluation 478

setups and model sizes. In the in-domain set- 479

ting, Health-SCORE achieves the highest scores, 480

surpassing the Single-Axis, Multi-Axis, and Gen- 481

erated Rubrics baselines, while attaining perfor- 482

mance comparable to training directly with Health- 483

Bench instance-specific rubrics. This result in- 484

dicates that adaptively selecting relevant evalua- 485

tion criteria provides a more effective training sig- 486

nal than either fixed or automatically generated 487

rubrics. Importantly, these performance gains ex- 488

tend to out-of-domain evaluations. Health-SCORE 489

demonstrates substantial improvements even in the 490

most challenging setting, HealthBench-Hard, par- 491

ticularly for the larger model, suggesting increased 492

robustness under distribution shift. Similar trends 493

are observed on CSEDB, where Health-SCORE 494

achieves the best performance for both model sizes. 495

These results collectively demonstrate that poli- 496

cies trained with adaptive reward signals generalize 497

more effectively across domains and datasets. 498

5.2 In-Context Learning: Better Generation 499

In addition to improving training, Health-SCORE 500

can also be used on models at inference time to gen- 501

erate higher-quality responses, when directly used 502

in the prompts. This addresses one of the key limi- 503

tations of predefined instance-based training such 504

as in HealthBench. Figure 6 illustrates the perfor- 505
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mance gain obtained by using Health-SCORE even506

on frontier models such as GPT-5, o3, and GPT-507

4.1, which were not trained with Health-SCORE,508

in both in-domain and out-of-domain settings. This509

result is consistent with prior findings showing that510

rubric-based prompting can substantially enhance511

model performance by making evaluation criteria512

explicit at generation time (Wang et al., 2025).513

Figure 7: Left: Health-SCORE speeds up RL training
convergence, leading to higher δ early in training. Right:
Health-SCORE improves KL stability during training.

5.3 Training Efficiency Improvement514

In addition to overall performance gains, we an-515

alyze how incorporating Health-SCORE rubrics516

directly into the prompts influences the learning517

dynamics during training. As shown in Figure 7,518

models trained with Health-SCORE prompting con-519

sistently achieve higher evaluation scores earlier520

in training, suggesting that Health-SCORE guides521

the policy toward desirable behaviors and reduces522

wasteful exploration. This is further supported by523

the training stability analysis in Figure 7. Health-524

SCORE prompting results in less volatile PPO KL525

divergence compared to training without rubric con-526

ditioning, indicating smoother, less noisy, and more527

controlled policy updates.These results suggest that528

Health-SCORE is beneficial not only as a reinforce-529

ment learning reward signal but also as an explicit530

conditioning mechanism during generation. By531

shaping the exploration space, Health-SCORE en-532

ables faster and more stable convergence without533

compromising final performance.534

5.4 Ablation: Adaptive Selection Mechanism535

To assess the contribution of the different com-536

ponents of Health-SCORE, we conduct ablation537

studies focusing on the impact of the adaptive se-538

lection mechanism. Table 1 reports the results of539

these experiments. As shown, the adaptive selec-540

tion mechanism consistently improves evaluation541

scores across all settings and models. This holds542

Setup Model Non-Adaptive Adaptive

HealthBench:
Health data

Qwen3-8B 0.051 0.345
Qwen3-32B 0.279 0.416

GPT-4.1 0.328 0.445
o3 0.391 0.509

GPT-5 0.486 0.597

HealthBench:
Hard (OOD)

Qwen3-8B 0.000 0.102
Qwen3-32B 0.073 0.196

GPT-4.1 0.136 0.198
o3 0.291 0.368

GPT-5 0.397 0.429

CSEDB (OOD)

Qwen3-8B 0.263 0.418
Qwen3-32B 0.393 0.476

GPT-4.1 0.244 0.388
o3 0.445 0.615

GPT-5 0.491 0.568

Table 1: Selection mechanism ablation study.

both when the mechanism is applied during train- 543

ing (as in HealthBench:HealthData) and when it 544

is used only at inference time through In-context 545

learning. The effect is particularly stronger for 546

weaker models, such as Qwen3-8B. In these cases, 547

indiscriminately including all rubric criteria can 548

dilute the learning/guidance signal by introducing 549

too many constraints, some of which may not be 550

relevant to the specific conversation. Adaptive se- 551

lection mitigates this issue by focusing on the most 552

pertinent criteria, leading to more effective guid- 553

ance and improved performance. 554

6 Conclusion 555

Rubric-based evaluation is essential for assess- 556

ing open-ended LLM outputs in safety-critical do- 557

mains such as healthcare. However, designing high- 558

quality rubrics is time-consuming and resource- 559

intensive, which limits the scalability of rubric- 560

based evaluation in real-world settings. In this 561

work, we introduce Health-SCORE, a scalable and 562

generalizable framework that reduces rubric de- 563

velopment effort while maintaining strong evalua- 564

tion performance. Through extensive experiments, 565

we show that Health-SCORE serves as an effec- 566

tive alternative to human-authored rubrics, both as 567

an inference-time guidance mechanism and as a 568

structured reward signal for reinforcement learning. 569

Models trained or guided using Health-SCORE 570

achieve improved performance and training effi- 571

ciency when evaluated against expert instance-level 572

criteria. These results highlight Health-SCORE’s 573

potential as a practical and scalable solution for 574

evaluating and optimizing healthcare LLMs. 575
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7 Limitations576

Our work makes several assumptions and has limi-577

tations that should be considered when interpreting578

the results.579

Health-SCORE relies on LLMs for multiple580

stages of the pipeline, including rubric embedding,581

relevance-based selection, and rubric satisfaction582

judgment during reward computation. While LLM-583

as-a-judge approaches have been shown to corre-584

late well with human judgments in prior work, auto-585

mated evaluation may still exhibit biases or incon-586

sistencies, particularly in safety-critical domains587

such as healthcare. Although our final evaluation is588

conducted using human expert–authored, instance-589

level rubrics, we do not fully eliminate reliance590

on automated judges during training. Future work591

could incorporate human-in-the-loop validation or592

multi-judge consensus mechanisms to further im-593

prove robustness.594

Our approach assumes that human-authored595

rubrics encode reusable, higher-level evaluation596

criteria that can be meaningfully abstracted across597

instances. The clustering-based Health-SCORE598

rubric construction process, while effective in prac-599

tice, involves heuristic choices (e.g., cluster granu-600

larity) as well as a manual refinement and outlier-601

detection step to refine clusters and remove case-602

specific or noisy rubric items. These design deci-603

sions may introduce subjectivity and limit perfect604

reproducibility. We try to minimize this by validat-605

ing the resulting Health-SCORE rubrics through606

downstream performance and axis-level analysis,607

but alternative abstraction strategies may yield dif-608

ferent Health-SCORE rubric representations.609

In our reward formulation, all selected rubric610

items contribute equally, and rubric satisfaction is611

treated as a discrete outcome. This simplifies re-612

ward computation and stabilizes training but does613

not capture differences in criterion severity or im-614

portance that may be reflected in human evaluation.615

More expressive reward formulations that incorpo-616

rate graded satisfaction or learned rubric weights617

are a promising direction for future work.618

We focus our experiments on the health data619

tasks subset of HealthBench, motivated by its com-620

plexity and relevance to structured clinical rea-621

soning. Although we evaluate generalization on622

HealthBench-Hard and CSEDB, our findings may623

not imply universal applicability across all health-624

care tasks or non-medical domains. Extending625

Health-SCORE to broader task families and vali-626

dating them under substantially different evaluation 627

ontologies remain important future directions. 628
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A Potential Risks785

Our work introduces adaptive Health-SCORE to en-786

able scalable rubric-based evaluation and training787

of large language models, particularly for health-788

care tasks. A primary risk is overgeneralization,789

where abstracted rubrics may be applied beyond790

contexts that require instance-specific or domain-791

expert judgment, potentially leading to misplaced792

trust in model outputs. Because Health-SCORE793

are derived from existing human-authored criteria,794

they may also propagate or amplify implicit biases795

present in the original benchmarks, which could796

disproportionately affect underrepresented popula-797

tions if deployed without auditing. Additionally,798

when used as reward functions for reinforcement799

learning, rubric-based supervision may incentivize800

models to optimize for measured criteria while ne-801

glecting unmeasured but clinically relevant factors.802

We emphasize that Health-SCORE are intended803

to complement rather than replace human evalu-804

ation, and our experiments explicitly rely on in-805

dependent, expert-authored instance-level rubrics806

for final assessment. To mitigate these risks, we807

recommend human-in-the-loop oversight, periodic808

bias audits of abstracted criteria, careful scoping of809

applicability, and efficiency-aware implementation810

to limit unnecessary computational and environ-811

mental costs.812

B Rubric statistics813

Table 2 summarizes the structural properties of814

different types of rubric used in our experiments.815

We report three statistics, each averaged over all816

conversations in the evaluation set.817

Number of rubrics denotes the average count818

of individual rubric criteria applied to a single819

conversation. For non-adaptive methods, such820

as Single-axis, Multi-axes, Health-SCORE (Non-821

adaptive), this value is fixed by design and identical822

across examples. For adaptive methods, such as823

LLM-Generated, Instance-specific, Health-SCORE824

(Adaptive), the number varies per prompt and is825

computed by counting only the rubric items se-826

lected or generated for that conversation, then av-827

eraging across the dataset. Number of tokens mea-828

sures the average length of all rubric text for each829

conversation. Adaptive indicates whether the rubric830

set varies across conversations.831

C Per-Axis Performance Analysis 832

In addition to overall benchmark scores, we also 833

examine model performance at the level of individ- 834

ual HealthBench evaluation axes. Figure 8 demon- 835

straces that Health-SCORE improves model per- 836

formance along most expert-defined rubric dimen- 837

sions, including Accuracy, Instruction Following, 838

and Completeness. Notably, gains are not uniform 839

across all axes. Communication Quality exhibits 840

similar performance across methods. This axis- 841

level analysis provides further evidence that Health- 842

SCORE retains the structure of human evaluation 843

criteria and that adaptive rubric selection enables 844

more targeted improvements than either fixed task- 845

level rubrics or generic instruction-following objec- 846

tives. 847

Figure 8: Qwen3-32B performance on Healthbench
Healthdata task. Bars show mean scores for three eval-
uation strategies: Off-the-shelf Baseline (blue), Multi-
Axes (orange), and Health-SCORE (green). Dimensions
include Accuracy (n=129), Context Awareness (n=145),
Instruction Following (n=177), Completeness (n=142),
and Communication Quality (n=47).

Figure 9: GPT-5 performance on Healthbench Health-
data task. Bars show mean scores for three evaluation
strategies: Off-the-shelf Baseline (blue), Multi-Axes
(orange), and Health-SCORE (green). Dimensions in-
clude Accuracy (n=129), Context Awareness (n=145),
Instruction Following (n=177), Completeness (n=142),
and Communication Quality (n=47).
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Rubric Method Number of rubrics Number of tokens Adaptive?
Single-axis 1 15 No
Multi-axes 5 158 No
LLM-Generated 7.8 242.5 Yes
Instance specific 10.5 452.7 Yes
Health-SCORE (Non adaptive) 29 1117 No
Health-SCORE (Adaptive) 11.5 431.4 Yes

Table 2: Rubrics and tokens statistics for different methods. Numbers are averaged over conversations.

D Implementation details848

To implement the GRPO algorithm policy update,849

we construct prompts by placing the rubric con-850

tent in the system message, followed by the task-851

specific user prompt, at each training step. For852

each prompt, eight rollouts are generated. To853

make optimization with large models feasible, we854

micro-batch the rollouts together with the reference855

model’s log-probabilities. The reference model856

provides log-probs for KL computation and helps857

stabilize updates. We apply an adaptive KL con-858

troller with a low-variance KL penalty (klcoef =859

1e-4) and a target KL of 0.001 to keep the fine-860

tuned policy close to the reference. Finally, the861

GRPO estimator uses the judge-provided rewards862

and reference log-probs to compute advantages and863

perform mini-batch policy updates over multiple864

epochs. To speed up reward computation, we in-865

voke the judge asynchronously with a concurrency866

throttle, allowing many <prompt, response, rubric>867

triplets to be evaluated in parallel without overload-868

ing the judge.869

Following the HealthBench setup, we ensure870

that each rubric is applied to the final decision,871

following the last </think> token, rather than any872

intermediate chain-of-thought content. Rewards873

are computed with conversation context in mind:874

model input is a list (system + user messages) and875

the judge receives rubric text alongside the full876

prompt and final response, enabling it to assess877

system-prompt steerability and multi-turn consis-878

tency. This enforces global constraints (tone, per-879

sona, forbidden content) rather than treating each880

model turn as an independent checklist.881

Model comparisons are conducted using the882

same evaluation protocol and metrics across all883

baselines. Where reinforcement learning is in-884

volved, each configuration is trained once due to885

computational constraints; however, uncertainty886

in evaluation is captured through bootstrap resam-887

pling of test examples rather than repeated training888

runs. Bootstrap standard deviation is computed 889

by resampling with replacement 1000 times, com- 890

puting the mean for each resample, then taking 891

standard deviation of those bootstrap means. 892

All post-training experiments were conducted 893

on a single node equipped with 8 NVIDIA A100 894

GPUs. The total GPU usage for training and evalu- 895

ation was approximately 30 GPU-hours. 896

E AI Assistant within This Work 897

To ensure linguistic precision and clarity, ChatGPT 898

5.2 was employed for grammar correction, prose re- 899

finement, and the generation of visualization code. 900

ChatGPT was not used to generate experimental re- 901

sults, perform data analysis, or introduce new tech- 902

nical claims. All reported numbers and statements 903

were verified by the authors against the underlying 904

experiments and sources. 905

F Health-SCORE criteria List 906

The following list includes the list of all the Health- 907

SCORE criteria included in Health-SCORE: 908
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G Adaptive Selection Mechanism909

We used the following prompt for the adaptive910

criteria-seleciton mechanism.911
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