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Abstract

LLM-as-a-Judge, which uses LLMs to evaluate
responses to open-ended questions, has seen
significant growth in recent years. It has been
adopted as a scalable alternative to manual hu-
man evaluation, such as crowdsourcing, which
is often time-consuming and costly. However,
the discrepancy between LLM-generated evalu-
ations and human evaluations remains a critical
problem in this field. To bridge this gap, we
propose Multi-Aspect Panels of LLM Evalua-
tors (MAPLE), a framework that orchestrates
evaluations across multiple criteria using mul-
tiple LLMs. MAPLE integrates criterion-wise
pairwise evaluations from multiple LLMs by
estimating the importance of criteria and the
reliability of individual evaluators. We conduct
experiments with both open-source and closed-
source models. Our results demonstrate that
MAPLE achieves superior alignment with hu-
man evaluations compared to baselines, high-
lighting the importance of employing multi-
agent and multi-criteria evaluation strategies.

1 Introduction

Preference-based post-training methods such as
Reinforcement Learning from Human Feed-
back (RLHF) (Stiennon et al., 2020; Ouyang
et al., 2022) and Direct Preference Optimization
(DPO) (Rafailov et al., 2023; Song et al., 2024;
Zeng et al., 2024) have been central to aligning
Large Language Models (LLMs) with human pref-
erences. However, these methods depend on large
datasets annotated with human preferences, and
human labeling itself is inherently costly and slow.
Given this limitation, recent work has explored the
use of LLMs as scalable evaluators to score open-
ended outputs or generate preference labels (Ding
et al., 2023; Zheng et al., 2023; Chen et al., 2024;
Liu et al., 2023). This line of work is commonly
referred to as LLLM-as-a-Judge. Prior studies have
also reported that LLM evaluations can be compet-
itive with crowdworker annotations (Gilardi et al.,

2023). Despite this promise, evaluations produced
by LLMs often do not align with human labels,
with prior work pointing to factors such as system-
atic biases and sensitivity to the chosen evaluator
model and task (Ye et al., 2025; Chen et al., 2024;
Wang et al., 2024; Li et al., 2024).

To improve human alignment, prior studies have
explored two directions: aggregating evaluations
from multiple LLM agents (Qian et al., 2025; Chan
et al., 2024) and decomposing evaluation into mul-
tiple explicit criteria (Lu et al., 2024; Jordan et al.,
2026). While both directions improve human align-
ment, these approaches still have limitations. In
many settings, multi-agent methods lack clear eval-
uation criteria and assume all models are equally re-
liable, which can hurt accuracy and make it unclear
which aspects contribute to the final evaluation, es-
pecially when low-quality models are involved. On
the other hand, multi-criteria methods often use
only one LLM, so their results depend heavily on
that model and its biases.

Therefore, we combine both methods in a single
framework. We propose Multi-Aspect Panels of
LLM Evaluators (MAPLE), a framework that takes
a holistic rubric and target items as input. MAPLE
breaks the rubric down into concrete evaluation
criteria and collects criterion-wise pairwise com-
parisons from multiple LLM evaluators using the
Analytic Hierarchy Process (AHP), a structured
decision-making method. These comparisons are
then aggregated using a reliability-aware statistical
model that extends Crowd-BT (Chen et al., 2013)
based on the Bradley—Terry model (Bradley and
Terry, 1952).

We evaluate MAPLE on an essay scoring task
and show that it achieves higher agreement with
human scores than baselines that rely solely on
multi-agent aggregation or multi-criteria prompt-
ing. MAPLE further distinguishes reliable from un-
reliable evaluators and remains robust even when
biased or low-performing LLMs are included, pro-



viding a practical way to obtain more human-

aligned and stable evaluations without prior knowl-

edge of which single LLM is the best evaluator.
Our contributions are summarized as follows:

* We propose MAPLE, an LLM-as-a-Judge
framework that combines multi-agent aggre-
gation and multi-criteria evaluation.

* Through experiments on an essay scoring
task, we show that MAPLE achieves higher
agreement with human scores than baselines
that rely on either multi-agent aggregation or
multi-criteria prompting alone.

e Qur results indicate that MAPLE attains
strong average performance over individ-
ual evaluators and remains robust to low-
performing or biased LLMs.

2 Related Work

Chan et al. (2024) proposed ChatEval, a frame-
work for opinion integration that assigns distinct
roles to multiple LLMs and engages them in discus-
sion. They explored various discussion strategies,
showing that diverse roles improve alignment with
human evaluations. Conversely, Qian et al. (2025)
argued that debate-based methods are inefficient.
They introduced CollabEval for collaborative opin-
ion integration among multiple agents, and showed
that it maintains robust performance even when
individual models struggle.

Jordén et al. (2026) proposed MAGIC, a frame-
work that uses criteria-specific prompts with an
orchestrator integrating results across criteria. In
essay scoring, the authors emphasized the impor-
tance of multi-criteria assessment. Additionally, Lu
et al. (2024) introduced a method for multi-criteria
pairwise comparisons using the Analytic Hierarchy
Process (AHP). By comparing against criterion-
free pairwise comparisons, they demonstrated the
effectiveness of multi-criteria decision-making.

In summary, existing LLM-as-a-Judge research
improves alignment either by aggregating multiple
judges or by using explicit evaluation criteria, but
these two approaches are rarely combined in a sin-
gle framework. Multi-agent methods often leave
evaluation criteria implicit and may overweight un-
reliable judges, while multi-criteria methods are
frequently run with a single judge and thus remain
sensitive to evaluator choice. MAPLE addresses
this gap by jointly aggregating criterion-wise com-
parisons from a multi-model panel with reliability-
aware statistical modeling.

3 Preliminaries

3.1 Analytic Hierarchy Process

The Analytic Hierarchy Process (AHP), proposed
by Saaty (1987, 2004), is a decision-making frame-
work that evaluates multiple candidates based on
multiple criteria. AHP ranks candidates by inte-
grating pairwise comparison results under multiple
criteria, while also comparing criteria to estimate
their relative importance.

In this study, we adopt this pairwise comparison
process. However, for the aggregation step, we em-
ploy an extension of Crowd-BT, which is described
in the following section.

3.2 Crowd-BT

The Bradley-Terry model (1952) estimates the
scores of candidates based on the results of pair-
wise comparisons. The model assumes that each
candidate o; possesses a latent score w;. The prob-
ability that candidate o; is judged superior to can-
didate o; is defined as
e

P(Oi>-0j):m. (1)
The parameter w; is estimated via Maximum Like-
lihood Estimation (MLE) using the pairwise com-
parison data.

Crowd-BT (Chen et al., 2013) is an extension
of the Bradley-Terry model designed to aggregate
opinions from multiple annotators. When aggre-
gating multiple opinions, a naive approach is to
determine the outcome of each pairwise compari-
son by majority vote. However, since annotators
vary in their ability and diligence, assigning equal
weight to all participants is suboptimal. To address
this, Crowd-BT introduces a reliability parameter
7y, for each participant k. The probability that par-
ticipant k judges candidate o; as superior to o; is
defined as

evi evi
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The parameters w; and 71y, are estimated from the
comparison results of all participants using opti-
mization techniques such as gradient descent.

In this study, we extend Crowd-BT to a multi-
criteria setting to facilitate the aggregation of com-
parisons within the AHP framework.

P(o;j =1 05) = i

4 Proposed Framework: MAPLE

Our proposed framework, MAPLE, accepts a pre-
defined holistic rubric and the target texts as input,



outputting scores for each target. The framework
comprises three distinct steps: Criteria Generation,
Comparison, and Aggregation.

Step 1: Criteria Generation A single LLM spe-
cialized in criteria generation formulates evalua-
tion criteria based on the provided holistic rubric
and background information regarding the target
texts. The Generator produces 4—6 analytic crite-
ria with level descriptors; details are provided in
Appendix C.

Step 2: Comparison (AHP) We compare tar-
get texts and criteria using an AHP-like method
with the criteria from Step 1. Multiple LLMs per-
form pairwise comparisons in two settings: (1)
comparing all text pairs under each criterion, and
(2) comparing all criterion pairs to assess relative
importance. Ties are not permitted; models must
strictly choose the superior option.

Step 3: Aggregation We integrate the compari-
son results collected in Step 2 using an extension of
the Crowd-BT method. We introduce the following
parameters: the weight w,. of each criterion c; the
score 0; . of target o; under criterion c; and the reli-
ability i, of LLM k. We model the probability that
LLM £k judges criterion ¢ as superior to criterion ¢/
as
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and the probability that LLM k judges target o; as
superior to target o; under criterion c as
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Let y. ~ 1 represent the result of the comparison
between criteria (Y, s = 1 if LLM k judges c to
be more important than ¢/, and 0 otherwise), and
let y; j k. represent the result of the comparison
between targets (y; j k.. = 1 if LLM k judges o; to
be better than o; under criterion ¢, and 0 otherwise).
The loss function L(n, 0, w) is defined as

L(n,6,w) = => > {vijelog Po; =k ojlc)

k  i,J,c
+ (1 = yijk,e)log P(oj = oilc) }
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+ (1 — yc7cl7k> lOg P(CI >‘k C)}] .
(5)

We estimate the parameters w, 6, and 7 by min-
imizing this loss function. The final score is de-
termined by calculating the weighted sum of the
target scores 0; . under each criterion, based on the
criterion weights w.. We apply the softmax to the
weights so that they are positive and sum to one.
The final score s; for target o; is calculated as

eWe
Sizgw'ei,c- (6)

5 Experiments

We investigate the following research questions
(RQs) through experiments:

RQ1: Can MAPLE correctly distinguish between
reliable and unreliable models?

RQ2: Can MAPLE accurately score responses to
open-ended questions?

RQ3: Is MAPLE robust against LLMs that ex-
hibit strong bias or possess inferior capabilities?

To address RQ1, we use synthetic data to exam-
ine the aggregation behavior in Step 3. For RQ2,
we compare the proposed framework with multi-
ple baselines. For RQ3, we evaluate performance
when highly biased or low-performing models are
introduced as Evaluators.

5.1 RQ1: Can MAPLE correctly distinguish
between reliable and unreliable models?

We evaluate whether MAPLE can accurately dis-
tinguish between reliable and unreliable models
and effectively integrate their predictions during
the aggregation step using synthetic data.

5.1.1 Settings

Datasets We generate a synthetic dataset consist-
ing of 50 target items and 5 grading criteria. Each
criterion is assigned a distinct score from 1 to 5,
and under each criterion, each target item is as-
signed a distinct score from 1 to 50, ensuring a
strict ranking without ties. Based on these scores,
we define the ground-truth pairwise comparisons
for criteria and, under each criterion, for items.

Models We employ models with artificially con-
trolled accuracy rates. Here, “accuracy” means that
a model outputs the reverse of the ground-truth
pairwise comparison at a rate of 1 — accuracy. For
example, a model with 70% accuracy outputs the
opposite result for a random 30% of the data. We
conduct the experiment under the three settings:



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%
in 10% increments.

¢ 10 models with accuracies from 10% to 100%
in 10% increments.

¢ 10 models with accuracies from 0% to 90% in
10% increments.

Metrics We evaluate the results based on the fol-
lowing three aspects:

» Consistency between the estimated reliability
values and the actual accuracy rates.

» Consistency between the magnitude of true
criterion scores and estimated criterion scores.

* Consistency between the magnitude of inte-
grated target scores.

Ranking consistency is measured using the Concor-
dance Index (CI) defined as

iy W (i) > f(x)))U(g (i) > g(;))
CI(f,g9) = Zi,j I(g(x;) > g(x;)) (7;

where x denotes the dataset, f represents the
method being evaluated, g represents the ground
truth, and I is the indicator function, which equals
1 if the input condition is true and O otherwise.

Hyperparameters We minimize eq. (5) using
gradient descent with 5,000 epochs and a learning
rate of 0.01, which are used for all experiments.

5.1.2 Results

Table 1 presents the results of Experiments for
RQI1. For model accuracies of 60%—-100% and
10%-100%, MAPLE correctly predicts the rank
order of model reliability and criterion weights.
Furthermore, Table 2 shows that the estimated relia-
bility values closely match ground-truth accuracies,
indicating that MAPLE can distinguish reliable
from unreliable models.

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
04 (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
00 (0%) - - 1.000

Table 2: Comparison of final n 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-
stantially, and the method fails to accurately esti-
mate model reliability or criterion weights. This
occurs because the aggregation is effectively driven
by majority voting among evaluators. Without
ground truth, judges that agree with the majority
are given higher weight, while those that disagree
are given lower weight. If malicious models form
the majority, the resulting consensus becomes mis-
leading and leads to poor performance. In prac-
tice, such a scenario is unlikely in LLM-as-a-Judge
settings, and we therefore regard this as a minor
limitation.

5.2 RQ2: Can MAPLE accurately score
responses to open-ended questions?

We evaluate the performance of MAPLE on an
essay scoring task to demonstrate its effectiveness.

5.2.1 Settings

Dataset We use the ASAP 2.0 dataset (Crossley
et al., 2025). This dataset contains essays across
seven themes (prompts), written by US students in
grades 6 through 10. Each entry includes the essay,
student information, and a score (ranging from 1
to 6) assigned by experts based on a specific rubric
(see Appendix A). For evaluation, we randomly
sample 50 essays per theme. We repeat this sam-
pling and evaluation process 10 times and report
the average performance.

Models MAPLE uses LLMs in two roles: a
Generator for criterion creation and an Evalua-
tor for assessment. We use GPT-5.2 Pro as the
Generator. Evaluators include both open- and
closed-source models. The open-source models



are Llama-3-8B-instruct (Grattafiori et al., 2024),
Ministral-8B (Mistral Al Team, 2024), Qwen-2.5-
7B-instruct (Yang et al., 2024), Llama-3.3-70B-
instruct (Grattafiori et al., 2024), and Qwen-3-
32B (Yang et al., 2025), while the closed-source
models are GPT-5.1, GPT-40-mini, Gemini-2.5-
flash, Gemini-2.5-flash-lite, and Claude-3.5-haiku.
Prompts are provided in Appendix C.

Baselines We compare our proposed method
against the two multi-model methods and the two
single-model methods:

¢ Multi-model baselines

— Crowd-BT: Multiple Evaluator LLMs
perform holistic pairwise comparisons of
essays (without specific criteria), and the
results are aggregated using Crowd-BT.

— Majority Vote: Pairwise outcomes are
determined by majority voting across all
criteria and evaluators, then aggregated
using the Bradley—Terry model.

¢ Single-model baselines

— Pairwise (single model): A single Eval-
uator LLM performs holistic pairwise
comparisons of essays (without specific
criteria), and the results are aggregated
using the Bradley-Terry model.

— Proposed framework (single model):
The proposed MAPLE framework is ex-
ecuted using a single evaluator LLM.

Metrics We compare performance with the base-
lines using the Concordance Index (eq. (7)).

Hyperparameters For aggregation, we use the
same hyperparameters as in Experiments for RQI.
Regarding LLM generation parameters, the de-
tailed settings are provided in Appendix B.

5.2.2 Results

Comparison with multi-model baselines Table
3 presents the comparison results between MAPLE,
Crowd-BT, and Majority Vote. MAPLE outper-
forms both Crowd-BT and Majority Vote across all
themes. The superiority of MAPLE over Crowd-
BT suggests the distinct advantage of multi-criteria
evaluation. Furthermore, outperforming Majority
Vote indicates that, given the variability in LLM
capabilities, weighing opinions based on individual
reliability yields better prediction accuracy than
treating all models equally.

Proposed Framework
Gemini 2.5 Flash
Gemini 2.5 Flash Lite
Claude 3.5 Haiku
GPT-5.1

GPT-40 Mini

Llama3 8B

Qwen2.5 7B
Minisitral 8B
Llama3.3 80B
Qwen3 32B

0.6 0.8
Average Score

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-
ure 1 shows the average performance (CI) of each
LLM when running MAPLE as a single model,
while Figure 2 displays the average performance
(CD of individual LLMs (Standard BT). Both fig-
ures represent the average performance (CI) across
all themes and sampling iterations. Additionally,
Figure 3 breaks down the single-model MAPLE
performance (CI) averaged by theme. Furthermore,
Figure 4 presents a histogram illustrating the rank
of the full-model MAPLE performance relative to
single-model performance. Specifically, we rank
the full-model score against single-model scores
for each theme and sampling iteration to show the
distribution of rankings.

Figures 1 and 2 reveal that the average perfor-
mance (CI) of the proposed method (using all mod-
els) exceeds that of single-model pairwise compar-
isons or single-model MAPLE runs. On the other
hand, Figure 3 shows that for certain themes, in-
dividual models often outperform the full-model
ensemble. This observation is corroborated by Fig-
ure 4, which shows that the full-model performance
rarely ranks first and most frequently ranks second,
third, or fourth. As discussed in Experiments for
RQI, this occurs because the aggregation funda-



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.

Proposed Framework
Gemini 2.5 Flash
Gemini 2.5 Flash Lite
Claude 3.5 Haiku
GPT-5.1

GPT-40 Mini

Llama3 8B

Qwen2.5 7B
Minisitral 8B
Llama3.3 80B
Qwen3 32B

06 07 08 09
Average Score

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-
ing it rarely surpasses the absolute best model in
the pool.

The fact that the proposed method yields the
best performance on average, despite occasionally
falling behind single models in specific instances,
stems from the fact that LLM capabilities are not
absolute but vary by task. As seen in Figure 3,
the top-performing model differs depending on the
theme. This highlights that even within the narrow
task of essay scoring, the optimal model cannot be
determined without empirical testing.

In scenarios where the best model cannot be
identified in advance, employing MAPLE ensures
consistently high-ranking performance. This stabil-

ity constitutes a key advantage of our framework.

5.3 RQ3: Is MAPLE robust against LLMs
that exhibit strong bias or possess inferior
capabilities?

We assess MAPLE’s robustness to biased or low-

capability LLMs. LLMs exhibit inherent biases

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

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

creating a risk of biased evaluators. Moreover, as

shown in Experiments for RQ2, task proficiency is
difficult to determine in advance, potentially lead-
ing to the selection of low-performing evaluators.

We therefore test whether MAPLE maintains ro-

bust performance under such adverse conditions.

5.3.1 Settings

We examine how the performance of MAPLE
changes when the following models are introduced
as Evaluators into the experimental setup for RQ2:

* Random Predictor: A model that predicts
the outcome of each comparison at random.

* Position-1-Biased Model: A model that con-
sistently predicts the option presented first
(Position 1) in the prompt as superior.

* Position-2-Biased Model: A model that con-
sistently predicts the option presented second
(Position 2) in the prompt as superior.

We investigate performance degradation by adding
1-5 instances of a biased model to the evaluator
ensemble used for RQ2. Framework performance
is measured using the average Concordance Index
(eq. (7)) across all themes and iterations under iden-
tical conditions.

5.3.2 Results

Figure 5 presents the results of Experiments for
RQ3. The framework remains robust with negligi-
ble degradation when up to four adversarial mod-
els are added. While adding five Random Predic-
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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.
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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 five
position-biased models causes a decline, with five
Position-2-Biased Models leading to a pronounced
drop.

As discussed in Section 5.1, MAPLE’s aggrega-
tion step can degrade when biased evaluators form
a majority, as it inherently relies on majority agree-
ment among evaluators. The original pool already
includes a Position-2-biased model, Ministral-8B,
as shown in Figure 6. Consequently, injecting ad-
ditional Position-2-biased models shifts the major-
ity more strongly than injecting Position-1-biased
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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.

6 Ablation Study

We confirm that MAPLE improves alignment with
human scores on an essay scoring task. We conduct
an ablation study to clarify which components in
the aggregation step (Step 3) are responsible for
this gain. Concretely, we analyze the contributions
of (i) learning model reliability 7y, (ii) learning
criterion weights w., and (iii) modeling criterion-
specific latent scores 0; .



Llama3 8B
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Llama3.3 70B 4114%
Qwen3 32B 52.0%
Gemini 2.5 Flash 38.4%
Claude 3.5 Haiku 50.7%
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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 Settings

We follow the same evaluation protocol as Sec-
tion 5.2: for each of the seven prompts, we ran-
domly sample 50 essays and repeat this process 10
times, resulting in 70 prompt-resampling runs in
total. For all ablations, we reuse the same pair-
wise comparison outcomes collected in Step 2
(essay comparisons under criteria and criterion-
importance comparisons). Thus, the variants differ
only in how Step 3 fits and uses the parameters
in egs. (3) to (6), and no additional LLM queries
are required. We evaluate each variant using CI
(eq. (7).

We compare the following variants:

e MAPLE (Full) learns evaluator reliability,
criterion weights, and criterion-wise latent
scores, and computes final scores (eq. (6)).

* Fixed-Reliability removes reliability learn-
ing by fixing 1, = 1 for all evaluators and
learning only w,. and 0; ...

* Fixed-Criterion Weights removes criterion-
weight learning by fixing w, = 0 for all cri-
teria, which yields uniform weights after the
softmax in eq. (6), while learning 7;, and 6; ..

* Collapsed-Criteria removes explicit multi-
criteria modeling by collapsing the crite-
rion index, such that all essay comparisons

Variant CIt Top-1 1
MAPLE (Full) 0.814+0.059 50/70
Fixed-Reliability 0.78940.058 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 x 10 resamplings). Top-1
counts runs where a variant achieves the highest CI (ties
excluded).

are treated as belonging to a single pseudo-
criterion. As a result, the model learns only
evaluator reliability 7, and a single latent
score per essay, equivalent to Crowd-BT.

6.2 Results

Table 4 reports results over 70 runs. Full MAPLE
attains the highest mean CI (0.814) and ranks first
in 50 out of 70 runs (71.4%), indicating both strong
average performance and stability. When averaged
over 10 resamplings, Full MAPLE also shows the
highest mean CI across all seven prompts (Ap-
pendix D).

Compared to MAPLE (Full), Fixed-Reliability
reduces the mean CI from 0.814 to 0.789, indicat-
ing that learning evaluator reliability ny plays a cen-
tral role in performance gains. Furthermore, Fixed-
Criterion Weights achieves a lower mean CI (0.800)
than MAPLE (Full), suggesting that learning cri-
terion importance w, provides additional benefits
beyond reliability learning, although its impact is
smaller than that of 7. Collapsed-Criteria attains
a mean CI of 0.793, highlighting the importance of
explicitly modeling criterion-specific latent scores
0;.c. Notably, Fixed-Criterion Weights still outper-
forms Collapsed-Ceriteria (0.800 vs. 0.793), indicat-
ing that maintaining criterion-specific representa-
tions is beneficial even when criterion weights are
fixed to be uniform.

7 Conclusion

We propose MAPLE, a framework that evaluates
outputs using multiple LLMs across multiple cri-
teria. MAPLE demonstrates robust, stable perfor-
mance regardless of the evaluators used. Our re-
sults further show that MAPLE achieves higher
performance than methods that either (i) aggregate
multiple LLMs without explicit criteria or (ii) use
a single LLM for multi-criteria evaluation.



Limitations

This study focuses on essay scoring as a represen-
tative open-ended evaluation task to assess the pro-
posed framework. While MAPLE is designed to
be task-agnostic, we leave validation on additional
domains and datasets for future work.

In addition, MAPLE relies on multi-criteria pair-
wise comparisons, which increases the number
of required evaluations as the number of criteria
grows. This reflects a trade-off between evaluation
granularity and cost, and motivates future work on
more efficient comparison or sampling strategies.

Ethical Considerations

We conduct experiments using the publicly avail-
able ASAP 2.0 dataset (Crossley et al., 2025). Our
use of ASAP 2.0 follows its license (CC BY-NC-
SA 4.0) and is limited to research purposes consis-
tent with the dataset’s stated potential uses, such as
automated essay scoring research and analyses of
student writing. We therefore do not redistribute
the raw essays and do not release any derived text
from the essays. We report only aggregated exper-
imental results. In the same spirit, any artifacts
produced by our pipeline, including generated eval-
uation criteria and pairwise comparison labels, are
used solely for research and analysis. These arti-
facts are not deployed for operational grading or
other high-stakes decision-making. We also follow
the usage conditions of the evaluator models. Open-
source LLMs are used under their respective model
licenses, and closed-source models are accessed
only through official APIs in accordance with the
providers’ terms of service. We do not collect any
new data from human participants. We rely on the
dataset creators’ documentation regarding data col-
lection, consent, and permitted research use, and
we use the dataset solely for research purposes in
accordance with its terms. Although the dataset
includes student demographics, we use only the
essay text and grade information in this study. We
do not use, process, or transmit any demographic or
other explicit student metadata. We note that free-
form essays may contain self-disclosed identifying
information. To mitigate this risk, we (i) limit the
information sent to any model API to only the es-
say text and the task prompt, (ii) do not attempt re-
identification, (iii) do not reproduce any raw essays
in the paper or release any new text derived from
the dataset, and (iv) report only aggregate results.
LLM-based evaluation methods may be misused in

high-stakes educational settings without sufficient
validation, potentially resulting in unfair or biased
assessments. In addition, evaluator models may
exhibit systematic biases or sensitivity to prompt
design. Our work is intended for research purposes
only, and we caution against deploying such meth-
ods as standalone decision-makers without human
oversight and task-specific validation.
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Appendix

This appendix provides supplementary material for
transparency and reproducibility of MAPLE. Ap-
pendix A reproduces the holistic rating form used
to score essays in ASAP 2.0. In our pipeline, this
rubric is provided only to the criterion-generation
step (Step 1) to derive analytic evaluation criteria,
and it is shared across all themes used in our exper-
iments. Appendix B documents the LLM inference
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