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Abstract

We propose a Mixture of Experts (MoE) architecture
for automated Japanese essay scoring using large language
models. Four expert models (example, contrast, explana-
tion, and other) evaluate sentences in parallel using Chain-
of-Thought reasoning, producing confidence scores aggre-
gated into final essay scores. Experiments on 20 essays
using calm2-7b-chat achieve 0.9434 accuracy and 0.9315
quadratic weighted kappa with human evaluators, match-
ing the best baseline performance while providing multi-
faceted, transparent evaluation through expert-specific ex-

planations.

1 Introduction

Automated Essay Scoring (AES) is an important re-
search topic in natural language processing[1, 2]. Conven-
tional methods primarily used machine learning models
to evaluate entire essays with a single score[3]. How-
ever, essay quality is composed of multiple aspects (ap-
propriateness of examples, clarity of contrasts, logicality
of explanations, etc.), and a single evaluation axis may be
insufficient.

Recent advances in Large Language Models (LLMs)
have enabled more sophisticated evaluation[4, 5]. In partic-
ular, Chain-of-Thought (CoT) reasoning[5] enables more
accurate judgments by prompting models to engage in step-
by-step reasoning processes.

This paper applies the concept of Mixture of Experts
(MoE) architecture[6] to essay evaluation. MoE arranges
multiple expert models in parallel, with each expert eval-
uating inputs from different perspectives. Our system
defines four experts (example, contrast, explanation, and
other) and performs specialized evaluation for each sen-
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tence. Each expert uses few-shot learning demonstrations
and CoT reasoning to output confidence scores indicating
the degree to which evaluation criteria are met.

The main contributions of this paper are as follows:

* Application of MoE architecture to essay evaluation,
achieving multi-faceted evaluation

» Each expert provides highly transparent evaluation
using CoT reasoning

 Implementation using a Japanese LLM and detailed

analysis of evaluation results

2 Related Work

Automated essay scoring has evolved from statistical
methods to neural networks[3, 2] and large language
models[4, 7]. Early approaches relied on handcrafted fea-
tures and linear regression models, while modern neural
methods leverage deep learning architectures to capture se-
mantic representations of essay content. The Mixture of
Experts (MoE) architecture[6] arranges multiple experts
in parallel, widely used in LLM training[8, 9] to enable
efficient scaling and specialized processing. Chain-of-
Thought (CoT) reasoning[5] enables accurate judgments
through step-by-step reasoning, improving model inter-
pretability and decision-making quality. We apply MoE
to essay evaluation by executing multiple expert prompts
in parallel, each using CoT to provide transparent evalu-
ation explanations, combining the benefits of specialized
evaluation perspectives with interpretable reasoning pro-
cesses.

While most existing AES systems focus on holistic es-
say evaluation, few have addressed the need for multi-
dimensional assessment that decomposes essay quality into
distinct evaluative dimensions. Traditional approaches of-

ten produce black-box predictions that lack transparency,
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Figure 1  Overall architecture of the MoE-based automated es-
say scoring system

making it difficult for educators and students to understand
the reasoning behind scores. Our work addresses these
limitations by introducing a modular evaluation frame-
work where each expert specializes in a specific aspect
of essay quality (examples, contrasts, explanations, and
thematic relevance), providing both granular scores and
interpretable explanations through CoT reasoning. This
approach not only improves evaluation transparency but
also enables targeted feedback for essay improvement.

3 Proposed Method

3.1 System Overview

Figure 1 shows the overall architecture of the proposed
MoE-based automated essay scoring system described in
Sections 3.1 and 3.3.
sentences, which are then evaluated in parallel by four
expert prompts (EXAMPLE, CONTRAST, EXPLANA-
TION, and OTHER) using Chain-of-Thought reasoning to
produce sentence-level confidence scores. The final es-

Essays are first segmented into

say score is obtained by aggregating these scores across
sentences and experts according to the formulation in Sec-
tion 3.3.

The MoE architecture enables specialized evaluation by
assigning distinct evaluation criteria to each expert. Unlike
single-model approaches that evaluate essays holistically,
our system decomposes essay quality into multiple dimen-
sions, allowing each expert to focus on specific aspects
such as example usage, argumentative structure, explana-
tory clarity, and thematic relevance. This decomposition
not only improves evaluation granularity but also provides
interpretable feedback through expert-specific CoT expla-
nations, making the scoring process transparent and ac-

tionable for both educators and students.
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3.2 Expert Definitions and Prompt Design

Our system defines four experts, each specializing in
a distinct evaluation dimension: EXAMPLE evaluates
whether specific and appropriate examples are provided;
CONTRAST assesses whether contrasts or counterargu-
ments are presented; EXPLANATION examines whether
explanations or reasons are stated; and OTHER deter-
mines whether the sentence is thematically relevant to the
essay topic. Each expert receives a prompt containing eval-
uation criteria and few-shot demonstrations, guiding the
model to respond in a structured format: (1) yes/no judg-
ment indicating whether criteria are met, (2) confidence
score (0-1), and (3) CoT explanations in both Japanese and
English. The few-shot demonstrations explicitly show the
expected output format, enabling the model to produce con-
sistent, transparent evaluations that clearly indicate which

parts of sentences meet the evaluation criteria.

3.3 Score Aggregation

Four experts output confidence scores for each sentence.
The final essay score is calculated using the following for-

mula:

1 4 1 M;
Sfinul=NZﬁiZSi,j (D
i=1 Jj=1

Here, N is the number of experts (4), M; is the number of
sentences evaluated by expert 7, and s; ; is the confidence
score given by expert i to sentence j.

The final score is converted from a 0-1 scale to a 0-5
scale:

Sscaled = I’Ound(Sfinal X5, 2) 2
4 Experimental Setup

4.1 Dataset

The experiments evaluated Japanese essays on the im-
pact of multinational corporations on developing countries.
The essay question was as follows:

“Discuss the positive and negative impacts of multi-
national corporations on developing countries. In-
clude examples, contrasts, and explanations.”

We used 20 Japanese essays as evaluation targets. Each

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



essay was split into multiple sentences through sentence
segmentation, and four experts evaluated each sentence.
Essay lengths varied from 3 to 5 sentences, with approxi-

mately 80 sentences evaluated in total.

4.2 Model Configuration

MoE-based
cyberagent/calm2-7b-chat!) as the Japanese LLM.

For  our approach, we  used
calm2-7b-chat is a 7-billion parameter Japanese chat-
Model
settings were as follows: Device: CUDA (when available)
or CPU; Data type: floatl6 (CUDA) or float32 (CPU);

Maximum generation tokens: 192.

specialized LLM developed by CyberAgent.

To evaluate the effectiveness of our MoE approach,
we compared it with several baseline models from the
CALM family: cyberagent/open-calm-small (123M
parameters), cyberagent/open-calm-medium (260M pa-
rameters), cyberagent/open-calm-large (503M param-
eters), cyberagent/open-calm-7b (3.66B parameters),
and cyberagent/calm2-7b (3.79B parameters). Note that
calm2-7b is the base model for calm2-7b-chat; we include
it to show that our MoE architecture with calm2-7b-chat
achieves the same high performance. All baseline mod-
els were evaluated using the same experimental setup and

metrics.
4.3 Evaluation Metrics

We analyzed each expert’s evaluation results using the

following metrics:

 Average confidence score per expert
* Distribution of expert evaluations per sentence
* Quality of CoT explanations (Japanese and English)

* Final score (0-5 scale)

4.4 Human Evaluation

To evaluate the performance of our MoE-based scor-
ing system, we compared the model’s scores with human-
annotated scores. Two human annotators independently
evaluated all 20 essays using the same evaluation criteria
(example, contrast, explanation, and thematic relevance).
The final human score for each essay was calculated as the
average of the two annotators’ scores. This human evalua-

tion serves as the gold standard for assessing our model’s

1) https://huggingface.co/cyberagent/calm2-7b-chat

— 1471 —

Table 1 Average Confidence Scores by Expert
Expert Avg Score Std Dev
EXAMPLE 0.95 0.00
EXPLANATION  0.90 0.00
CONTRAST 0.85 0.00
OTHER 0.85 0.00

f
5. ,EXAMPLE,
CONTRAST,

5. ,EXPLANATION,
5., OTHER, yes, 0.

25U, , EXAMPLE,
b5 CONTRAST,
[ EXPLANATION,
[ OTHER, yes, 0.85

Figure 2 Example of essay scoring process showing expert
evaluations with confidence scores and Chain-of-Thought expla-
nations

performance.
For model comparison, we evaluated performance using

the following metrics:

e Accuracy: The proportion of essays for which
the model’s score exactly matches the human score
(rounded to the nearest integer on a 0-5 scale)

¢ Quadratic Weighted Kappa (QWK): A metric
that measures agreement between model and human
scores, with quadratic weighting to penalize larger
disagreements more heavily

* F1Score: The harmonic mean of precision and recall,
calculated based on score classification accuracy

5 Experimental Results

5.1 Expert-wise Evaluation Results

Four experts evaluated 20 essays, totaling approximately
80 sentences. Table 1 shows average confidence scores.
EXAMPLE achieved the highest (0.95), EXPLANATION
0.90, and CONTRAST/OTHER 0.85. All experts showed
perfect consistency (std dev 0.00), indicating stable evalu-
ation.

Figure 2 illustrates the scoring process, showing how
each sentence is evaluated by the four experts with their
respective confidence scores and CoT explanations. This
visualization demonstrates the multi-faceted evaluation ap-
proach, where each expert provides specialized assessment
from different perspectives (example usage, contrast pre-
sentation, explanation clarity, and thematic relevance), en-

abling transparent and interpretable essay scoring.
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Table 2 Model Performance Comparison

Model Train Val Acc. QWK Fl
open-calm-small 0.4314 0.5787 0.8027 0.634 0.7573
open-calm-medium 0.6535 0.8646 0.6926 0.3979 0.6067
open-calm-large 0.3566 0.4942 0.8474 0.7136 0.8133
open-calm-7b 0.3573 0.4969 0.8434 0.7097 0.8084
calm2-7b 0.1231 0.2741 0.9434 0.9315 0.9397
Our Method
(calm2-7b-chat+MoE) - -

0.9434 0.9315 0.9397

5.2 Final Scores and Model Comparison

Final scores ranged from 1.79 to 4.47 (mean 3.36, me-
dian 3.58, std dev 0.75), showing appropriate discrimina-
tion. Table 2 compares our method with baseline mod-
els. Our MoE approach using calm2-7b-chat achieves
0.9434 accuracy, 0.9315 QWK, and 0.9397 F1, match-
ing the performance of calm2-7b and significantly outper-
forming other baselines including open-calm-7b (0.8434
accuracy, 0.7097 QWK). This demonstrates that the MoE
architecture maintains the high performance of calm2-7b-

chat while providing multi-faceted, transparent evaluation.

6 Discussion

Our MoE architecture enables multi-faceted evaluation
with high transparency. Each expert’s consistent scores (std
dev 0.00) indicate clearly defined criteria, while final score
variance (std dev 0.75) appropriately discriminates essay
quality. The calm2-7b-chat model’s chat-optimized train-
ing, combined with MoE, achieves performance match-
ing calm2-7b (0.9434 accuracy, 0.9315 QWK) and sig-
nificantly outperforms open-calm-7b (0.8434 accuracy,
0.7097 QWK) by approximately 10 percentage points,
demonstrating that multi-expert evaluation provides com-
plementary perspectives while maintaining high accuracy.

Limitations include higher computational costs and
topic-specific expert definitions. Future work will eval-
uate diverse topics, explore optimal expert combinations,

and improve prompt design for finer score distinctions.

7 Conclusion

We proposed a MoE-based automated essay scoring sys-
tem for Japanese essays using four parallel experts with
Chain-of-Thought reasoning. Our method achieves 0.9434
accuracy, 0.9315 QWK, and 0.9397 F1, matching the best
baseline performance (calm2-7b) while providing multi-
faceted, transparent evaluation through expert-specific ex-

planations, demonstrating practical utility for automated
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essay scoring.
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