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Abstract001

LLM-as-a-Judge, which uses LLMs to evaluate002
responses to open-ended questions, has seen003
significant growth in recent years. It has been004
adopted as a scalable alternative to manual hu-005
man evaluation, such as crowdsourcing, which006
is often time-consuming and costly. However,007
the discrepancy between LLM-generated evalu-008
ations and human evaluations remains a critical009
problem in this field. To bridge this gap, we010
propose Multi-Aspect Panels of LLM Evalua-011
tors (MAPLE), a framework that orchestrates012
evaluations across multiple criteria using mul-013
tiple LLMs. MAPLE integrates criterion-wise014
pairwise evaluations from multiple LLMs by015
estimating the importance of criteria and the016
reliability of individual evaluators. We conduct017
experiments with both open-source and closed-018
source models. Our results demonstrate that019
MAPLE achieves superior alignment with hu-020
man evaluations compared to baselines, high-021
lighting the importance of employing multi-022
agent and multi-criteria evaluation strategies.023

1 Introduction024

Preference-based post-training methods such as025

Reinforcement Learning from Human Feed-026

back (RLHF) (Stiennon et al., 2020; Ouyang027

et al., 2022) and Direct Preference Optimization028

(DPO) (Rafailov et al., 2023; Song et al., 2024;029

Zeng et al., 2024) have been central to aligning030

Large Language Models (LLMs) with human pref-031

erences. However, these methods depend on large032

datasets annotated with human preferences, and033

human labeling itself is inherently costly and slow.034

Given this limitation, recent work has explored the035

use of LLMs as scalable evaluators to score open-036

ended outputs or generate preference labels (Ding037

et al., 2023; Zheng et al., 2023; Chen et al., 2024;038

Liu et al., 2023). This line of work is commonly039

referred to as LLM-as-a-Judge. Prior studies have040

also reported that LLM evaluations can be compet-041

itive with crowdworker annotations (Gilardi et al.,042

2023). Despite this promise, evaluations produced 043

by LLMs often do not align with human labels, 044

with prior work pointing to factors such as system- 045

atic biases and sensitivity to the chosen evaluator 046

model and task (Ye et al., 2025; Chen et al., 2024; 047

Wang et al., 2024; Li et al., 2024). 048

To improve human alignment, prior studies have 049

explored two directions: aggregating evaluations 050

from multiple LLM agents (Qian et al., 2025; Chan 051

et al., 2024) and decomposing evaluation into mul- 052

tiple explicit criteria (Lu et al., 2024; Jordán et al., 053

2026). While both directions improve human align- 054

ment, these approaches still have limitations. In 055

many settings, multi-agent methods lack clear eval- 056

uation criteria and assume all models are equally re- 057

liable, which can hurt accuracy and make it unclear 058

which aspects contribute to the final evaluation, es- 059

pecially when low-quality models are involved. On 060

the other hand, multi-criteria methods often use 061

only one LLM, so their results depend heavily on 062

that model and its biases. 063

Therefore, we combine both methods in a single 064

framework. We propose Multi-Aspect Panels of 065

LLM Evaluators (MAPLE), a framework that takes 066

a holistic rubric and target items as input. MAPLE 067

breaks the rubric down into concrete evaluation 068

criteria and collects criterion-wise pairwise com- 069

parisons from multiple LLM evaluators using the 070

Analytic Hierarchy Process (AHP), a structured 071

decision-making method. These comparisons are 072

then aggregated using a reliability-aware statistical 073

model that extends Crowd-BT (Chen et al., 2013) 074

based on the Bradley–Terry model (Bradley and 075

Terry, 1952). 076

We evaluate MAPLE on an essay scoring task 077

and show that it achieves higher agreement with 078

human scores than baselines that rely solely on 079

multi-agent aggregation or multi-criteria prompt- 080

ing. MAPLE further distinguishes reliable from un- 081

reliable evaluators and remains robust even when 082

biased or low-performing LLMs are included, pro- 083
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viding a practical way to obtain more human-084

aligned and stable evaluations without prior knowl-085

edge of which single LLM is the best evaluator.086

Our contributions are summarized as follows:087

• We propose MAPLE, an LLM-as-a-Judge088

framework that combines multi-agent aggre-089

gation and multi-criteria evaluation.090

• Through experiments on an essay scoring091

task, we show that MAPLE achieves higher092

agreement with human scores than baselines093

that rely on either multi-agent aggregation or094

multi-criteria prompting alone.095

• Our results indicate that MAPLE attains096

strong average performance over individ-097

ual evaluators and remains robust to low-098

performing or biased LLMs.099

2 Related Work100

Chan et al. (2024) proposed ChatEval, a frame-101

work for opinion integration that assigns distinct102

roles to multiple LLMs and engages them in discus-103

sion. They explored various discussion strategies,104

showing that diverse roles improve alignment with105

human evaluations. Conversely, Qian et al. (2025)106

argued that debate-based methods are inefficient.107

They introduced CollabEval for collaborative opin-108

ion integration among multiple agents, and showed109

that it maintains robust performance even when110

individual models struggle.111

Jordán et al. (2026) proposed MAGIC, a frame-112

work that uses criteria-specific prompts with an113

orchestrator integrating results across criteria. In114

essay scoring, the authors emphasized the impor-115

tance of multi-criteria assessment. Additionally, Lu116

et al. (2024) introduced a method for multi-criteria117

pairwise comparisons using the Analytic Hierarchy118

Process (AHP). By comparing against criterion-119

free pairwise comparisons, they demonstrated the120

effectiveness of multi-criteria decision-making.121

In summary, existing LLM-as-a-Judge research122

improves alignment either by aggregating multiple123

judges or by using explicit evaluation criteria, but124

these two approaches are rarely combined in a sin-125

gle framework. Multi-agent methods often leave126

evaluation criteria implicit and may overweight un-127

reliable judges, while multi-criteria methods are128

frequently run with a single judge and thus remain129

sensitive to evaluator choice. MAPLE addresses130

this gap by jointly aggregating criterion-wise com-131

parisons from a multi-model panel with reliability-132

aware statistical modeling.133

3 Preliminaries 134

3.1 Analytic Hierarchy Process 135

The Analytic Hierarchy Process (AHP), proposed 136

by Saaty (1987, 2004), is a decision-making frame- 137

work that evaluates multiple candidates based on 138

multiple criteria. AHP ranks candidates by inte- 139

grating pairwise comparison results under multiple 140

criteria, while also comparing criteria to estimate 141

their relative importance. 142

In this study, we adopt this pairwise comparison 143

process. However, for the aggregation step, we em- 144

ploy an extension of Crowd-BT, which is described 145

in the following section. 146

3.2 Crowd-BT 147

The Bradley-Terry model (1952) estimates the 148

scores of candidates based on the results of pair- 149

wise comparisons. The model assumes that each 150

candidate oi possesses a latent score wi. The prob- 151

ability that candidate oi is judged superior to can- 152

didate oj is defined as 153

P (oi ≻ oj) =
ewi

ewi + ewj
. (1) 154

The parameter wi is estimated via Maximum Like- 155

lihood Estimation (MLE) using the pairwise com- 156

parison data. 157

Crowd-BT (Chen et al., 2013) is an extension 158

of the Bradley-Terry model designed to aggregate 159

opinions from multiple annotators. When aggre- 160

gating multiple opinions, a naive approach is to 161

determine the outcome of each pairwise compari- 162

son by majority vote. However, since annotators 163

vary in their ability and diligence, assigning equal 164

weight to all participants is suboptimal. To address 165

this, Crowd-BT introduces a reliability parameter 166

ηk for each participant k. The probability that par- 167

ticipant k judges candidate oi as superior to oj is 168

defined as 169

P (oi ≻k oj) = ηk
ewi

ewi + ewj
+ (1− ηk)

ewj

ewi + ewj
.

(2) 170

The parameters wi and ηk are estimated from the 171

comparison results of all participants using opti- 172

mization techniques such as gradient descent. 173

In this study, we extend Crowd-BT to a multi- 174

criteria setting to facilitate the aggregation of com- 175

parisons within the AHP framework. 176

4 Proposed Framework: MAPLE 177

Our proposed framework, MAPLE, accepts a pre- 178

defined holistic rubric and the target texts as input, 179
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outputting scores for each target. The framework180

comprises three distinct steps: Criteria Generation,181

Comparison, and Aggregation.182

Step 1: Criteria Generation A single LLM spe-183

cialized in criteria generation formulates evalua-184

tion criteria based on the provided holistic rubric185

and background information regarding the target186

texts. The Generator produces 4–6 analytic crite-187

ria with level descriptors; details are provided in188

Appendix C.189

Step 2: Comparison (AHP) We compare tar-190

get texts and criteria using an AHP-like method191

with the criteria from Step 1. Multiple LLMs per-192

form pairwise comparisons in two settings: (1)193

comparing all text pairs under each criterion, and194

(2) comparing all criterion pairs to assess relative195

importance. Ties are not permitted; models must196

strictly choose the superior option.197

Step 3: Aggregation We integrate the compari-198

son results collected in Step 2 using an extension of199

the Crowd-BT method. We introduce the following200

parameters: the weight wc of each criterion c; the201

score θi,c of target oi under criterion c; and the reli-202

ability ηk of LLM k. We model the probability that203

LLM k judges criterion c as superior to criterion c′204

as205

P (c ≻k c′) = ηk
ewc

ewc + ewc′
+ (1− ηk)

ewc′

ewc + ewc′
,

(3)206

and the probability that LLM k judges target oi as207

superior to target oj under criterion c as208

P (oi ≻k oj |c) = ηk
eθi,c

eθi,c + eθj,c
+ (1− ηk)

eθj,c

eθi,c + eθj,c
.

(4)209

Let yc,c′,k represent the result of the comparison210

between criteria (yc,c′,k = 1 if LLM k judges c to211

be more important than c′, and 0 otherwise), and212

let yi,j,k,c represent the result of the comparison213

between targets (yi,j,k,c = 1 if LLM k judges oi to214

be better than oj under criterion c, and 0 otherwise).215

The loss function L(η, θ,w) is defined as216

L(η, θ,w) = −
∑
k

[
∑
i,j,c

{yi,j,k,c logP (oi ≻k oj |c)

+ (1− yi,j,k,c) logP (oj ≻k oi|c)}

+
∑
c,c′

{yc,c′,k logP (c ≻k c′)

+ (1− yc,c′,k) logP (c′ ≻k c)}] .
(5)

217

We estimate the parameters w, θ, and η by min- 218

imizing this loss function. The final score is de- 219

termined by calculating the weighted sum of the 220

target scores θi,c under each criterion, based on the 221

criterion weights wc. We apply the softmax to the 222

weights so that they are positive and sum to one. 223

The final score si for target oi is calculated as 224

si =
∑
c

ewc∑
c′ e

wc′
· θi,c . (6) 225

5 Experiments 226

We investigate the following research questions 227

(RQs) through experiments: 228

RQ1: Can MAPLE correctly distinguish between 229

reliable and unreliable models? 230

RQ2: Can MAPLE accurately score responses to 231

open-ended questions? 232

RQ3: Is MAPLE robust against LLMs that ex- 233

hibit strong bias or possess inferior capabilities? 234

To address RQ1, we use synthetic data to exam- 235

ine the aggregation behavior in Step 3. For RQ2, 236

we compare the proposed framework with multi- 237

ple baselines. For RQ3, we evaluate performance 238

when highly biased or low-performing models are 239

introduced as Evaluators. 240

5.1 RQ1 : Can MAPLE correctly distinguish 241

between reliable and unreliable models? 242

We evaluate whether MAPLE can accurately dis- 243

tinguish between reliable and unreliable models 244

and effectively integrate their predictions during 245

the aggregation step using synthetic data. 246

5.1.1 Settings 247

Datasets We generate a synthetic dataset consist- 248

ing of 50 target items and 5 grading criteria. Each 249

criterion is assigned a distinct score from 1 to 5, 250

and under each criterion, each target item is as- 251

signed a distinct score from 1 to 50, ensuring a 252

strict ranking without ties. Based on these scores, 253

we define the ground-truth pairwise comparisons 254

for criteria and, under each criterion, for items. 255

Models We employ models with artificially con- 256

trolled accuracy rates. Here, “accuracy” means that 257

a model outputs the reverse of the ground-truth 258

pairwise comparison at a rate of 1− accuracy. For 259

example, a model with 70% accuracy outputs the 260

opposite result for a random 30% of the data. We 261

conduct the experiment under the three settings: 262
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Consistency (CI)

Acc. Range Reliability Criteria Targets

60% – 100% 1.00 1.00 0.997
10% – 100% 1.00 1.00 0.998
0% – 90% 0.00 0.00 0.544

Table 1: Results of Experiments for RQ1. We report
the Concordance Index (CI) for the estimated reliabil-
ity weights, criterion scores, and final integrated target
scores across three different accuracy settings.

• 5 models with accuracies from 60% to 100%263

in 10% increments.264

• 10 models with accuracies from 10% to 100%265

in 10% increments.266

• 10 models with accuracies from 0% to 90% in267

10% increments.268

Metrics We evaluate the results based on the fol-269

lowing three aspects:270

• Consistency between the estimated reliability271

values and the actual accuracy rates.272

• Consistency between the magnitude of true273

criterion scores and estimated criterion scores.274

• Consistency between the magnitude of inte-275

grated target scores.276

Ranking consistency is measured using the Concor-277

dance Index (CI) defined as278

CI(f, g) =

∑
i,j I(f(xi) > f(xj))I(g(xi) > g(xj))∑

i,j I(g(xi) > g(xj))
,

(7)279

where x denotes the dataset, f represents the280

method being evaluated, g represents the ground281

truth, and I is the indicator function, which equals282

1 if the input condition is true and 0 otherwise.283

Hyperparameters We minimize eq. (5) using284

gradient descent with 5,000 epochs and a learning285

rate of 0.01, which are used for all experiments.286

5.1.2 Results287

Table 1 presents the results of Experiments for288

RQ1. For model accuracies of 60%–100% and289

10%–100%, MAPLE correctly predicts the rank290

order of model reliability and criterion weights.291

Furthermore, Table 2 shows that the estimated relia-292

bility values closely match ground-truth accuracies,293

indicating that MAPLE can distinguish reliable294

from unreliable models.295

Model Acc. 60%–100% 10%–100% 0%–90%

1.0 (100%) 1.000 1.000 –
0.9 (90%) 0.909 0.908 0.092
0.8 (80%) 0.810 0.809 0.191
0.7 (70%) 0.711 0.710 0.291
0.6 (60%) 0.605 0.604 0.396
0.5 (50%) – 0.502 0.498
0.4 (40%) – 0.398 0.603
0.3 (30%) – 0.292 0.708
0.2 (20%) – 0.191 0.809
0.1 (10%) – 0.092 0.908
0.0 (0%) – – 1.000

Table 2: Comparison of final η values by model accu-
racy across three experimental settings. Cells with "–"
indicate the model is not included in that setting.

In the 0%–90% setting, performance drops sub- 296

stantially, and the method fails to accurately esti- 297

mate model reliability or criterion weights. This 298

occurs because the aggregation is effectively driven 299

by majority voting among evaluators. Without 300

ground truth, judges that agree with the majority 301

are given higher weight, while those that disagree 302

are given lower weight. If malicious models form 303

the majority, the resulting consensus becomes mis- 304

leading and leads to poor performance. In prac- 305

tice, such a scenario is unlikely in LLM-as-a-Judge 306

settings, and we therefore regard this as a minor 307

limitation. 308

5.2 RQ2 : Can MAPLE accurately score 309

responses to open-ended questions? 310

We evaluate the performance of MAPLE on an 311

essay scoring task to demonstrate its effectiveness. 312

5.2.1 Settings 313

Dataset We use the ASAP 2.0 dataset (Crossley 314

et al., 2025). This dataset contains essays across 315

seven themes (prompts), written by US students in 316

grades 6 through 10. Each entry includes the essay, 317

student information, and a score (ranging from 1 318

to 6) assigned by experts based on a specific rubric 319

(see Appendix A). For evaluation, we randomly 320

sample 50 essays per theme. We repeat this sam- 321

pling and evaluation process 10 times and report 322

the average performance. 323

Models MAPLE uses LLMs in two roles: a 324

Generator for criterion creation and an Evalua- 325

tor for assessment. We use GPT-5.2 Pro as the 326

Generator. Evaluators include both open- and 327

closed-source models. The open-source models 328
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are Llama-3-8B-instruct (Grattafiori et al., 2024),329

Ministral-8B (Mistral AI Team, 2024), Qwen-2.5-330

7B-instruct (Yang et al., 2024), Llama-3.3-70B-331

instruct (Grattafiori et al., 2024), and Qwen-3-332

32B (Yang et al., 2025), while the closed-source333

models are GPT-5.1, GPT-4o-mini, Gemini-2.5-334

flash, Gemini-2.5-flash-lite, and Claude-3.5-haiku.335

Prompts are provided in Appendix C.336

Baselines We compare our proposed method337

against the two multi-model methods and the two338

single-model methods:339

• Multi-model baselines340

– Crowd-BT: Multiple Evaluator LLMs341

perform holistic pairwise comparisons of342

essays (without specific criteria), and the343

results are aggregated using Crowd-BT.344

– Majority Vote: Pairwise outcomes are345

determined by majority voting across all346

criteria and evaluators, then aggregated347

using the Bradley–Terry model.348

• Single-model baselines349

– Pairwise (single model): A single Eval-350

uator LLM performs holistic pairwise351

comparisons of essays (without specific352

criteria), and the results are aggregated353

using the Bradley-Terry model.354

– Proposed framework (single model):355

The proposed MAPLE framework is ex-356

ecuted using a single evaluator LLM.357

Metrics We compare performance with the base-358

lines using the Concordance Index (eq. (7)).359

Hyperparameters For aggregation, we use the360

same hyperparameters as in Experiments for RQ1.361

Regarding LLM generation parameters, the de-362

tailed settings are provided in Appendix B.363

5.2.2 Results364

Comparison with multi-model baselines Table365

3 presents the comparison results between MAPLE,366

Crowd-BT, and Majority Vote. MAPLE outper-367

forms both Crowd-BT and Majority Vote across all368

themes. The superiority of MAPLE over Crowd-369

BT suggests the distinct advantage of multi-criteria370

evaluation. Furthermore, outperforming Majority371

Vote indicates that, given the variability in LLM372

capabilities, weighing opinions based on individual373

reliability yields better prediction accuracy than374

treating all models equally.375

Figure 1: Performance comparison between the pro-
posed framework (using all models) and individual mod-
els. Values represent the average Concordance Index
across all themes and iterations. The proposed frame-
work outperforms all single-model configurations.

Comparison with single-model baselines Fig- 376

ure 1 shows the average performance (CI) of each 377

LLM when running MAPLE as a single model, 378

while Figure 2 displays the average performance 379

(CI) of individual LLMs (Standard BT). Both fig- 380

ures represent the average performance (CI) across 381

all themes and sampling iterations. Additionally, 382

Figure 3 breaks down the single-model MAPLE 383

performance (CI) averaged by theme. Furthermore, 384

Figure 4 presents a histogram illustrating the rank 385

of the full-model MAPLE performance relative to 386

single-model performance. Specifically, we rank 387

the full-model score against single-model scores 388

for each theme and sampling iteration to show the 389

distribution of rankings. 390

Figures 1 and 2 reveal that the average perfor- 391

mance (CI) of the proposed method (using all mod- 392

els) exceeds that of single-model pairwise compar- 393

isons or single-model MAPLE runs. On the other 394

hand, Figure 3 shows that for certain themes, in- 395

dividual models often outperform the full-model 396

ensemble. This observation is corroborated by Fig- 397

ure 4, which shows that the full-model performance 398

rarely ranks first and most frequently ranks second, 399

third, or fourth. As discussed in Experiments for 400

RQ1, this occurs because the aggregation funda- 401
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Prompt MAPLE (Ours) Crowd-BT Majority Vote

A Cowboy Who Rode the Waves 0.794 ± 0.061 0.768 ± 0.054 0.765 ± 0.062
Car-free cities 0.832 ± 0.059 0.792 ± 0.063 0.790 ± 0.062
The electoral college 0.880 ± 0.032 0.870 ± 0.032 0.847 ± 0.037
Driverless cars 0.833 ± 0.049 0.832 ± 0.073 0.807 ± 0.074
Exploring Venus 0.840 ± 0.050 0.829 ± 0.040 0.823 ± 0.034
Facial action coding system 0.876 ± 0.026 0.853 ± 0.040 0.850 ± 0.041
The Face on Mars 0.810 ± 0.047 0.807 ± 0.048 0.790 ± 0.051

Table 3: Performance comparison of the proposed framework (MAPLE) and the baselines. MAPLE outperforms
the baselines across all themes.

Figure 2: Performance comparison between the pro-
posed framework and pairwise (single model). Val-
ues represent the average Concordance Index across all
themes and iterations. The proposed framework using
all models outperforms all single-model configurations.

mentally favors a majority-vote mechanism, mean-402

ing it rarely surpasses the absolute best model in403

the pool.404

The fact that the proposed method yields the405

best performance on average, despite occasionally406

falling behind single models in specific instances,407

stems from the fact that LLM capabilities are not408

absolute but vary by task. As seen in Figure 3,409

the top-performing model differs depending on the410

theme. This highlights that even within the narrow411

task of essay scoring, the optimal model cannot be412

determined without empirical testing.413

In scenarios where the best model cannot be414

identified in advance, employing MAPLE ensures415

consistently high-ranking performance. This stabil-416

ity constitutes a key advantage of our framework. 417

5.3 RQ3 : Is MAPLE robust against LLMs 418

that exhibit strong bias or possess inferior 419

capabilities? 420

We assess MAPLE’s robustness to biased or low- 421

capability LLMs. LLMs exhibit inherent biases 422

such as position bias (Chen et al., 2024), with sus- 423

ceptibility varying across models (Ye et al., 2025), 424

creating a risk of biased evaluators. Moreover, as 425

shown in Experiments for RQ2, task proficiency is 426

difficult to determine in advance, potentially lead- 427

ing to the selection of low-performing evaluators. 428

We therefore test whether MAPLE maintains ro- 429

bust performance under such adverse conditions. 430

5.3.1 Settings 431

We examine how the performance of MAPLE 432

changes when the following models are introduced 433

as Evaluators into the experimental setup for RQ2: 434

• Random Predictor: A model that predicts 435

the outcome of each comparison at random. 436

• Position-1-Biased Model: A model that con- 437

sistently predicts the option presented first 438

(Position 1) in the prompt as superior. 439

• Position-2-Biased Model: A model that con- 440

sistently predicts the option presented second 441

(Position 2) in the prompt as superior. 442

We investigate performance degradation by adding 443

1–5 instances of a biased model to the evaluator 444

ensemble used for RQ2. Framework performance 445

is measured using the average Concordance Index 446

(eq. (7)) across all themes and iterations under iden- 447

tical conditions. 448

5.3.2 Results 449

Figure 5 presents the results of Experiments for 450

RQ3. The framework remains robust with negligi- 451

ble degradation when up to four adversarial mod- 452

els are added. While adding five Random Predic- 453
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Figure 3: Performance comparison between the proposed framework (using all models) and individual models by
theme. In some themes, some single models outperform the framework, and model performance varies by theme.

Figure 4: Histogram showing the rank of MAPLE using
all models relative to single models. Aggregated across
themes and iterations. MAPLE consistently ranks high,
most frequently occupying the 2nd, 3rd, or 4th positions.

tors does not affect performance, introducing five454

position-biased models causes a decline, with five455

Position-2-Biased Models leading to a pronounced456

drop.457

As discussed in Section 5.1, MAPLE’s aggrega-458

tion step can degrade when biased evaluators form459

a majority, as it inherently relies on majority agree-460

ment among evaluators. The original pool already461

includes a Position-2-biased model, Ministral-8B,462

as shown in Figure 6. Consequently, injecting ad-463

ditional Position-2-biased models shifts the major-464

ity more strongly than injecting Position-1-biased465

Figure 5: Results of Experiments for RQ3. MAPLE
remains robust with negligible performance loss when
up to four adversarial models are added, but declines
when five Position-1– or Position-2–biased models are
introduced.

models, resulting in a larger performance drop. 466

6 Ablation Study 467

We confirm that MAPLE improves alignment with 468

human scores on an essay scoring task. We conduct 469

an ablation study to clarify which components in 470

the aggregation step (Step 3) are responsible for 471

this gain. Concretely, we analyze the contributions 472

of (i) learning model reliability ηk, (ii) learning 473

criterion weights wc, and (iii) modeling criterion- 474

specific latent scores θi,c. 475
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Figure 6: Proportion of instances where each model
selects Position 1 in Experiments for RQ2. The data
show that Ministral-8B has a strong bias toward Position
2.

6.1 Settings476

We follow the same evaluation protocol as Sec-477

tion 5.2: for each of the seven prompts, we ran-478

domly sample 50 essays and repeat this process 10479

times, resulting in 70 prompt-resampling runs in480

total. For all ablations, we reuse the same pair-481

wise comparison outcomes collected in Step 2482

(essay comparisons under criteria and criterion-483

importance comparisons). Thus, the variants differ484

only in how Step 3 fits and uses the parameters485

in eqs. (3) to (6), and no additional LLM queries486

are required. We evaluate each variant using CI487

(eq. (7)).488

We compare the following variants:489

• MAPLE (Full) learns evaluator reliability,490

criterion weights, and criterion-wise latent491

scores, and computes final scores (eq. (6)).492

• Fixed-Reliability removes reliability learn-493

ing by fixing ηk = 1 for all evaluators and494

learning only wc and θi,c.495

• Fixed-Criterion Weights removes criterion-496

weight learning by fixing wc = 0 for all cri-497

teria, which yields uniform weights after the498

softmax in eq. (6), while learning ηk and θi,c.499

• Collapsed-Criteria removes explicit multi-500

criteria modeling by collapsing the crite-501

rion index, such that all essay comparisons502

Variant CI ↑ Top-1 ↑

MAPLE (Full) 0.814±0.059 50/70
Fixed-Reliability 0.789±0.058 2/70
Fixed-Criterion Weights 0.800 ±0.061 11/70
Collapsed-Criteria 0.793 ±0.064 3/70

Table 4: Ablation results under the same setting as
Section 5.2. We report mean±std CI over 70 prompt-
resampling runs (7 prompts × 10 resamplings). Top-1
counts runs where a variant achieves the highest CI (ties
excluded).

are treated as belonging to a single pseudo- 503

criterion. As a result, the model learns only 504

evaluator reliability ηk and a single latent 505

score per essay, equivalent to Crowd-BT. 506

6.2 Results 507

Table 4 reports results over 70 runs. Full MAPLE 508

attains the highest mean CI (0.814) and ranks first 509

in 50 out of 70 runs (71.4%), indicating both strong 510

average performance and stability. When averaged 511

over 10 resamplings, Full MAPLE also shows the 512

highest mean CI across all seven prompts (Ap- 513

pendix D). 514

Compared to MAPLE (Full), Fixed-Reliability 515

reduces the mean CI from 0.814 to 0.789, indicat- 516

ing that learning evaluator reliability ηk plays a cen- 517

tral role in performance gains. Furthermore, Fixed- 518

Criterion Weights achieves a lower mean CI (0.800) 519

than MAPLE (Full), suggesting that learning cri- 520

terion importance wc provides additional benefits 521

beyond reliability learning, although its impact is 522

smaller than that of ηk. Collapsed-Criteria attains 523

a mean CI of 0.793, highlighting the importance of 524

explicitly modeling criterion-specific latent scores 525

θi,c. Notably, Fixed-Criterion Weights still outper- 526

forms Collapsed-Criteria (0.800 vs. 0.793), indicat- 527

ing that maintaining criterion-specific representa- 528

tions is beneficial even when criterion weights are 529

fixed to be uniform. 530

7 Conclusion 531

We propose MAPLE, a framework that evaluates 532

outputs using multiple LLMs across multiple cri- 533

teria. MAPLE demonstrates robust, stable perfor- 534

mance regardless of the evaluators used. Our re- 535

sults further show that MAPLE achieves higher 536

performance than methods that either (i) aggregate 537

multiple LLMs without explicit criteria or (ii) use 538

a single LLM for multi-criteria evaluation. 539
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Limitations540

This study focuses on essay scoring as a represen-541

tative open-ended evaluation task to assess the pro-542

posed framework. While MAPLE is designed to543

be task-agnostic, we leave validation on additional544

domains and datasets for future work.545

In addition, MAPLE relies on multi-criteria pair-546

wise comparisons, which increases the number547

of required evaluations as the number of criteria548

grows. This reflects a trade-off between evaluation549

granularity and cost, and motivates future work on550

more efficient comparison or sampling strategies.551

Ethical Considerations552

We conduct experiments using the publicly avail-553

able ASAP 2.0 dataset (Crossley et al., 2025). Our554

use of ASAP 2.0 follows its license (CC BY-NC-555

SA 4.0) and is limited to research purposes consis-556

tent with the dataset’s stated potential uses, such as557

automated essay scoring research and analyses of558

student writing. We therefore do not redistribute559

the raw essays and do not release any derived text560

from the essays. We report only aggregated exper-561

imental results. In the same spirit, any artifacts562

produced by our pipeline, including generated eval-563

uation criteria and pairwise comparison labels, are564

used solely for research and analysis. These arti-565

facts are not deployed for operational grading or566

other high-stakes decision-making. We also follow567

the usage conditions of the evaluator models. Open-568

source LLMs are used under their respective model569

licenses, and closed-source models are accessed570

only through official APIs in accordance with the571

providers’ terms of service. We do not collect any572

new data from human participants. We rely on the573

dataset creators’ documentation regarding data col-574

lection, consent, and permitted research use, and575

we use the dataset solely for research purposes in576

accordance with its terms. Although the dataset577

includes student demographics, we use only the578

essay text and grade information in this study. We579

do not use, process, or transmit any demographic or580

other explicit student metadata. We note that free-581

form essays may contain self-disclosed identifying582

information. To mitigate this risk, we (i) limit the583

information sent to any model API to only the es-584

say text and the task prompt, (ii) do not attempt re-585

identification, (iii) do not reproduce any raw essays586

in the paper or release any new text derived from587

the dataset, and (iv) report only aggregate results.588

LLM-based evaluation methods may be misused in589

high-stakes educational settings without sufficient 590

validation, potentially resulting in unfair or biased 591

assessments. In addition, evaluator models may 592

exhibit systematic biases or sensitivity to prompt 593

design. Our work is intended for research purposes 594

only, and we caution against deploying such meth- 595

ods as standalone decision-makers without human 596

oversight and task-specific validation. 597
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step (Step 1) to derive analytic evaluation criteria, 749

and it is shared across all themes used in our exper- 750
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settings and output-validation policy. Appendix C752

lists the exact prompt templates used in Steps 1–2.753

Appendix D reports additional experimental results754

and breakdowns omitted from the main text due to755

space constraints.756

A Rubric (ASAP 2.0)757

Explanation The text below is the holistic rating758

form used for expert essay scoring in ASAP 2.0 on759

a 1–6 scale. The same holistic rubric is used for760

scoring across all themes evaluated in this paper. In761

our pipeline, the holistic rubric is given only to the762

criterion-generation model in Step 1, which uses763

it to generate independent evaluation criteria. The764

evaluator models in Step 2 do not see the holis-765

tic rubric and instead receive only the generated766

criterion text to perform pairwise comparisons.767

Holistic Rating Form After reading each essay768

and completing the analytical rating form, assign769

a holistic score based on the rubric below. For the770

following evaluations you will need to use a grad-771

ing scale between 1 (minimum) and 6 (maximum).772

As with the analytical rating form, the distance be-773

tween each grade (e.g., 1–2, 3–4, 4–5) should be774

considered equal.775

SCORE OF 6: An essay in this category demon-776

strates clear and consistent mastery, although it777

may have a few minor errors. A typical essay ef-778

fectively and insightfully develops a point of view779

on the issue and demonstrates outstanding critical780

thinking; the essay uses clearly appropriate exam-781

ples, reasons, and other evidence taken from the782

source text(s) to support its position; the essay is783

well organized and clearly focused, demonstrating784

clear coherence and smooth progression of ideas;785

the essay exhibits skillful use of language, using786

a varied, accurate, and apt vocabulary and demon-787

strates meaningful variety in sentence structure; the788

essay is free of most errors in grammar, usage, and789

mechanics.790

SCORE OF 5: An essay in this category demon-791

strates reasonably consistent mastery, although it792

will have occasional errors or lapses in quality. A793

typical essay effectively develops a point of view794

on the issue and demonstrates strong critical think-795

ing; the essay generally using appropriate exam-796

ples, reasons, and other evidence taken from the797

source text(s) to support its position; the essay is798

well organized and focused, demonstrating coher-799

ence and progression of ideas; the essay exhibits800

facility in the use of language, using appropriate801

vocabulary demonstrates variety in sentence struc- 802

ture; the essay is generally free of most errors in 803

grammar, usage, and mechanics. 804

SCORE OF 4: An essay in this category demon- 805

strates adequate mastery, although it will have 806

lapses in quality. A typical essay develops a point 807

of view on the issue and demonstrates competent 808

critical thinking; the essay using adequate exam- 809

ples, reasons, and other evidence taken from the 810

source text(s) to support its position; the essay is 811

generally organized and focused, demonstrating 812

some coherence and progression of ideas exhibits 813

adequate; the essay may demonstrate inconsistent 814

facility in the use of language, using generally ap- 815

propriate vocabulary demonstrates some variety in 816

sentence structure; the essay may have some errors 817

in grammar, usage, and mechanics. 818

SCORE OF 3: An essay in this category demon- 819

strates developing mastery, and is marked by ONE 820

OR MORE of the following weaknesses: devel- 821

ops a point of view on the issue, demonstrating 822

some critical thinking, but may do so inconsistently 823

or use inadequate examples, reasons, or other ev- 824

idence taken from the source texts to support its 825

position; the essay is limited in its organization 826

or focus, or may demonstrate some lapses in co- 827

herence or progression of ideas displays; the essay 828

may demonstrate facility in the use of language, but 829

sometimes uses weak vocabulary or inappropriate 830

word choice and/or lacks variety or demonstrates 831

problems in sentence structure; the essay may con- 832

tain an accumulation of errors in grammar, usage, 833

and mechanics. 834

SCORE OF 2: An essay in this category demon- 835

strates little mastery, and is flawed by ONE OR 836

MORE of the following weaknesses: develops a 837

point of view on the issue that is vague or seri- 838

ously limited, and demonstrates weak critical think- 839

ing; the essay provides inappropriate or insufficient 840

examples, reasons, or other evidence taken from 841

the source text to support its position; the essay is 842

poorly organized and/or focused, or demonstrates 843

serious problems with coherence or progression of 844

ideas; the essay displays very little facility in the 845

use of language, using very limited vocabulary or 846

incorrect word choice and/or demonstrates frequent 847

problems in sentence structure; the essay contains 848

errors in grammar, usage, and mechanics so serious 849

that meaning is somewhat obscured. 850

SCORE OF 1: An essay in this category demon- 851

strates very little or no mastery, and is severely 852

flawed by ONE OR MORE of the following weak- 853
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nesses: develops no viable point of view on the854

issue, or provides little or no evidence to support855

its position; the essay is disorganized or unfocused,856

resulting in a disjointed or incoherent essay; the857

essay displays fundamental errors in vocabulary858

and/or demonstrates severe flaws in sentence struc-859

ture; the essay contains pervasive errors in gram-860

mar, usage, or mechanics that persistently interfere861

with meaning.862

B LLM Settings863

For all LLM calls in Steps 1–2, we set the tem-864

perature to 0.2 whenever the API supports this pa-865

rameter. For GPT-5.1, we additionally set reason-866

ing_effort to none. All prompts enforce a strict867

JSON-only output schema (e.g., a single key ”win-868

ner” or ”priority_criterion”). If a model response869

does not conform to the required format (e.g., in-870

valid JSON or extra text outside the JSON object),871

we re-query the same model with the same inputs872

until a valid response is obtained; only the first873

valid response is used for aggregation.874

C Prompts875

Analytic-criterion generation (Step 1). Figure 7876

shows the prompt used to generate a small set of in-877

dependent analytic criteria from the holistic rubric878

and the assignment prompt. The generator outputs879

4–6 criteria, each with (i) a definition, (ii) a short880

checklist, and (iii) six level descriptors aligned to881

the 1–6 scale. We use the generator output to instan-882

tiate the criterion strings inserted into the evaluator883

prompt in Figure 8.884

ROLE & GOAL
You are an experienced secondary-level
writing assessment designer and
rater-trainer. From the inputs below,
produce a clear set of **independent
analytic scoring criteria**. Each
criterion must include **six score levels
(1–6)** with concise, task-specific
descriptors and a short **“what to look
for”** checklist. Do not invent weights or
an aggregation method; the output is
intended for criterion-only scoring.

INPUTS
- HOLISTIC_RUBRIC:

{{PASTE THE FULL HOLISTIC RUBRIC TEXT
HERE}}

- TASK_PROMPT:
{{PASTE THE ASSIGNMENT / ESSAY PROMPT
HERE}}

- STUDENT_CONTEXT:

885

{{GRADE LEVEL, COURSE, LANGUAGE PROFILE,
ACCOMMODATIONS, ANY LOCAL CONSTRAINTS}}

- OPTIONAL_TASK_CONSTRAINTS (optional):
{{E.G., REQUIRED USE OF SOURCES, CITATION
RULES, LENGTH/TIME EXPECTATIONS,
PROHIBITED ELEMENTS, ETC.}}

DESIGN REQUIREMENTS
1) Propose **4–6 independent criteria**
that are appropriate to the TASK_PROMPT
and faithful to the HOLISTIC_RUBRIC. Do
**not** assume default criterion names;
derive them from the inputs.
2) For **each criterion**, create:

• A 1–3 sentence **definition**
tailored to the task.
• A **“What to look for”** checklist
(3–7 observable indicators).
• **Six level descriptors (1–6)**, each
1–2 lines, expressed in behaviorally
observable terms and reflecting equal
steps of quality from the holistic
rubric’s intent.
• **Common pitfalls** (2–5 brief items)
the rater should watch for on this
criterion.

3) Write criterion language that is
specific to the TASK_PROMPT and
STUDENT_CONTEXT, but avoid copying the
holistic rubric verbatim. Do not include
concrete examples of content that would
bias raters toward a specific answer.
4) Provide **scoring notes for borderline
cases** on each criterion (how to decide
between adjacent levels) without proposing
any cross-criterion integration.
5) Include **edge-case and fairness
guidance** applicable to the task and
context (e.g., off-prompt responses,
excessive quotation, fabricated or
unverifiable evidence, minimal length,
language mismatch, plagiarism indicators,
accessibility and ELL considerations).
Keep this generic and policy-neutral; do
not guess intent.

OUTPUT FORMAT (produce all sections in
this order)
A) **Rubric Overview (for humans)**

• 1 concise paragraph explaining how
the analytic criteria operationalize
the holistic rubric for this specific
task and context.

B) **Criteria (rater-usable detail)**
For each criterion, present:
- **Name**
- **Definition**
- **What to look for** (bullet list)
- **Score Descriptors (1–6)** (six
bullets, 1 is lowest, 6 is highest)
- **Common pitfalls** (bullet list)
- **Borderline decision notes** (1–3
bullets)

C) **Edge Cases & Fairness**
- Edge-case handling (bullet list)
- Fairness/Accessibility notes (bullet
list)

886
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D) **Copy-paste rubric block
(“RUBRIC_SPEC”)**

Provide a **self-contained,
machine-readable JSON** between triple
backticks that a grader prompt can
ingest. Use exactly this schema (no
extra fields, no weights):
```json
{

"rubric_title": "string",
"task_prompt": "string",
"student_context": "string",
"criteria": [
{

"name": "string",
"definition": "string",
"what_to_look_for": ["string",
"..."],
"levels": {
"1": "string",
"2": "string",
"3": "string",
"4": "string",
"5": "string",
"6": "string"

},
"pitfalls": ["string", "..."],
"borderline_notes": ["string",
"..."]

}
],
"guardrails": {

"edge_cases": ["string", "..."],
"fairness_notes": ["string", "..."]

}
}

887

Figure 7: The prompt used for generating analytic scor-
ing criteria.

Criterion-wise pairwise essay comparison888

(Step 2). Figure 8 shows the template used to889

collect criterion-wise pairwise evaluations. For890

each essay pair and each criterion, we ask an891

evaluator LLM to output a forced-choice decision892

("Essay 1" vs. "Essay 2"), with ties disallowed.893

We require a single JSON object to make the out-894

puts machine-parsable and to minimize ambiguity895

across heterogeneous model APIs. The instruction896

explicitly restricts the evaluation to the provided897

criterion to reduce unintended holistic spillover.898

You are a decisive and analytical writing
judge. Your task is to compare two essays,
written in response to the same prompt,
based on a single, detailed evaluation
criterion. You must determine which essay
better fulfills this criterion.

**CRITICAL JUDGMENT INSTRUCTION:**

899

Your judgment MUST be based
**exclusively** on the single criterion
provided. You MUST ignore all other
aspects of the essays (such as grammar,
vocabulary, or overall persuasiveness)
**unless** they are directly relevant to
the specified criterion. Do not let
strengths or weaknesses in other areas
influence your decision.

**OUTPUT FORMAT:**
Your entire output MUST be a single, valid
JSON object. The JSON object must contain
a single key named "winner". The value for
this key must be one of these two exact
strings: "Essay 1" or "Essay 2".

Do not include any explanations or
introductory text outside of the JSON
object.

**Required Output Format Example:**
{

"winner": "Essay 1"
}

---

**ESSAY PROMPT:**
<Assignment prompt is written here>

---

**CRITERION:**
<The criterion is written here>

---

**ESSAY 1:**
<The first essay is written here>

---

**ESSAY 2:**
<The second essay is written here>

900

Figure 8: The full prompt template used for pairwise
comparison of essays based on a single criterion.

Pairwise criterion-importance comparison 901

(Step 2). Figure 10 shows the template used to 902

collect pairwise comparisons between criteria, 903

which are used to estimate criterion weights wc 904

in Step 3. The prompt defines “more important” 905

in terms of assignment alignment, discriminative 906

power, observability, non-redundancy, and fairness 907

for the target writer group. As with essay com- 908

parisons, we enforce a strict forced-choice JSON 909

output to obtain consistent pairwise labels yc,c′,k 910

across evaluators. 911
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Figure 9: Performance comparison between the proposed framework and pairwise (single model), by theme. While
individual models may outperform the proposed framework on specific themes, no single model consistently
surpasses it across all themes, highlighting the benefit of reliability-aware aggregation under evaluator uncertainty.

Variant MAPLE (Full) Fixed-Reliability Collapsed-Criteria Fixed-Criterion Weights

A Cowboy Who Rode the Waves 0.752 ± 0.073 0.736 ± 0.062 0.731 ± 0.065 0.740 ± 0.058
Car-free cities 0.803 ± 0.057 0.781 ± 0.061 0.776 ± 0.061 0.782 ± 0.061
The electoral college 0.859 ± 0.038 0.824 ± 0.037 0.829 ± 0.049 0.842 ± 0.041
Driverless cars 0.814 ± 0.047 0.799 ± 0.058 0.801 ± 0.073 0.804 ± 0.073
Exploring Venus 0.817 ± 0.051 0.785 ± 0.048 0.806 ± 0.038 0.812 ± 0.038
Facial action coding system 0.854 ± 0.027 0.823 ± 0.039 0.836 ± 0.049 0.843 ± 0.041
The Face on Mars 0.798 ± 0.047 0.774 ± 0.056 0.769 ± 0.050 0.777 ± 0.047

Table 5: Ablation study results broken down by theme. We compare the full MAPLE framework against Fixed-
Reliability, Fixed-Criterion Weights, and Collapsed-Criteria variants. MAPLE (Full) consistently outperforms all
ablated variants across every theme.

ROLE:
You are an assessment designer. Decide
which of two rubric criteria should be
weighted as more important when grading a
set of essays responding to the same
assignment.

INPUTS:

Assignment Prompt (verbatim):
{{ASSIGNMENT_PROMPT}}

Criterion A:

Name: {{CRITERION_A_NAME}}

Description: {{CRITERION_A_DESCRIPTION}}

Criterion B:

Name: {{CRITERION_B_NAME}}

912

Description: {{CRITERION_B_DESCRIPTION}}

Writer Group: {{WRITER_GROUP}}

POLICY:

Use only the provided inputs; do not
import outside standards or knowledge.

Define “more important” as the criterion
that, relative to the other, best
satisfies these lenses:

Core-Demand Alignment — directness to the
assignment’s explicit requirements and
command verbs.

Discriminative Power — ability to separate
stronger vs. weaker essays for this writer
group.

913
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Observability and Reliability — ease of
seeing and scoring it consistently in
typical responses.

Non-Redundancy — unique value not already
covered by the other criterion.

Fairness and Developmental Fit —
appropriate challenge for the specified
group.

Internally score each criterion 0–2 on
each lens and sum the scores (0–10). Do
not output scores or reasoning.

DECISION RULES (ties are not allowed):

Choose the criterion with the higher
total.

If totals are equal, compare the criteria
in this priority order and choose the one
that is stronger on the first lens that
differs:

Core-Demand Alignment

Observability and Reliability

Discriminative Power

Non-Redundancy

Fairness and Developmental Fit

If still equal, choose the criterion more
tightly tied to the assignment’s command
verbs (e.g., evaluate, explain, argue,
analyze, use evidence).

If still indistinguishable, choose
Criterion A.

Never return a tie.

OUTPUT (result only):
Return exactly one of the following JSON
objects and nothing else:
{ "priority_criterion": "Criterion A" }
{ "priority_criterion": "Criterion B" }

CONSTRAINTS:

No preamble, no explanation, no reasoning,
no additional fields, no extra whitespace
or lines.

Do not quote or wrap the JSON; print it
raw.

914

Figure 10: The prompt used for determining the priority
weighting between two criteria.

D Results915

This section provides supplementary breakdowns916

for Experiments for RQ2 (Section 5.2) and the abla-917

tion study (Section 6). We report per-theme results 918

and additional visualizations to illustrate variability 919

across prompts and evaluators. All scores are mea- 920

sured by Concordance Index (CI) and are averaged 921

over 10 resampling runs per theme unless noted 922

otherwise. 923

E Computational Resources 924

Our experiments are inference-only. The total 925

budget is dominated by LLM inference in Steps 926

1–2, while the Step-3 aggregation (optimization 927

of the extended Crowd-BT model) runs on CPU 928

and typically completes within a few minutes per 929

run. For open-source models, parameter sizes are 930

as indicated by their model names. For closed- 931

source models accessed via official APIs, param- 932

eter counts and serving infrastructure are not dis- 933

closed by the providers; we therefore report API 934

usage as a proxy for compute. In Experiments for 935

RQ2, for each run with N essays, C criteria, and K 936

evaluator models, Step 2 issues K
(
C
(
N
2

)
+
(
C
2

))
937

LLM requests for essay comparisons and criterion- 938

importance comparisons (excluding occasional re- 939

tries for invalid JSON responses). 940
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