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Abstract

Automated Essay Scoring (AES) plays a crucial role in educational assessment,
yet building reliable systems often requires large amounts of prompt- and trait-
specific labeled data. As a result, many studies rely heavily on a single public
dataset, ASAP++, which limits their generalizability. In this paper, we explore
diverse zero-shot AES approaches that are both prompt-agnostic and multi-trait,
thereby reducing reliance on labeled data. Our study examines large language
models (LLMs), BERT-like fine-tuned models, and simple feature-based methods.
Furthermore, we propose two novel zero-shot frameworks: CAnUSe (Compara-
tive Assessment and subsequent Uncertainty-aware Self-training) and EASY (Es-
say Assessment with Simple Yardsticks). CAnUSe combines LLM-based pairwise
comparisons with uncertainty-aware self-training using a BERT-like single-essay
scoring model, while EASY employs only three intuitive features-essay length,
vocabulary diversity, and grammar quality. Evaluation on three benchmark data-
sets-ASAP++, Ellipse, and TOEFL11-shows that our frameworks achieve state-
of-the-art performance, demonstrating strong generalizability across datasets.
Remarkably, despite operating in a zero-shot setting, our models approach the
performance of fully supervised models trained with approximately 10K labeled
samples. Further analysis provides practical insights for building real-world AES
systems.
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1 Introduction

Automated Essay Scoring (AES) aims to evaluate and score essays automatically
using technologies such as machine learning (ML) and natural language process-
ing (NLP) (Almusharraf and Alotaibi 2023) techniques. In modern education, AES
has become a crucial tool for efficiently and consistently assessing large volumes
of student writing (Reilly et al. 2014; Cavalcanti et al. 2021). Unlike human evalu-
ation, AES systems are not constrained by time and can provide immediate feed-
back, thereby supporting students’ continuous learning (Ifenthaler 2022).

Over the years, researchers have explored various AES approaches (Ramesh
and Sanampudi 2022). Feature-engineering methods extract diverse syntactic and
lexical features to train ML models (Phandi et al. 2015; Li and Ng 2024). In con-
trast, deep learning approaches aim to automatically learn more complex patterns
from essays and prompts (Dong et al. 2017; Yang et al. 2020; Wang et al. 2022; Li
and Gao 2025; Cai et al. 2025). Recently, hybrid models that combine deep learn-
ing and feature engineering have become predominant (Tay et al. 2018; Li et al.
2020; Chen et al. 2025). While these methods have shown strong performance, they
require large amounts of labeled data for training.

Typically, AES datasets consist of prompts, essays, and corresponding scores.
In multi-trait settings, they include an overall score as well as trait-specific scores,
such as content, organization, and conventions (Mathias and Bhattacharyya 2018).
Since essays are often lengthy and evaluated across multiple traits, annotating such
data is labor-intensive and time-consuming, thereby increasing the cost and com-
plexity of dataset creation. Moreover, the diverse writing styles of novice learners
demand strict adherence to well-defined rubrics during annotation (Ramesh and
Sanampudi 2022).

These challenges have motivated researchers to explore data-efficient approaches
to reduce annotation effort (Tao et al. 2022; He and Li 2024). Cross-prompt meth-
ods, in particular, have been widely studied in multi-trait settings (Ridley et al.
2021; Han et al. 2025). These methods aim to generalize to unseen prompts by
leveraging existing annotated essay data, thereby reducing the need to construct
new datasets whenever a new prompt is introduced. However, most current cross-
prompt studies still assume that the training and test data come from the same
distribution (e.g., many studies rely solely on the ASAP++ dataset) and require
large amounts of labeled data for the source prompts (Mathias and Bhattacharyya
2018; Li et al. 2020; Do et al. 2023; Li and Ng 2024). Similarly, multi-trait settings
often assume that both source and target prompts share the same set of traits. These
constraints limit their applicability in real-world settings.

Recently, large language models (LLMs) have been explored as a promising
means of zero-shot AES (Zhao et al. 2023; Askarbekuly and Ani¢i¢ 2024). How-
ever, prior studies have mainly applied LLMs with a focus on prompting strategies,
and the broader potential of LLMs for AES has not been fully explored (Mizumoto
and Eguchi 2023; Lee et al. 2024; Stahl et al. 2024). Moreover, these LLM-based
methods generally require large model sizes (over 8B parameters), raising concerns
about their feasibility for real-time evaluation. Thus, these issues underscore the
need for further improvement.
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In this paper, we explore diverse zero-shot AES approaches, such as LLM-based
methods, BERT-like fine-tuned models (Devlin et al. 2019), and simple feature-
based methods. We further propose two novel frameworks: CAnUSe (Comparative
Assessment and subsequent Uncertainty-aware Self-training) and EASY (Essay
Assessment with Simple Yardsticks). In CAnUSe, LLMs first perform pairwise
comparative assessment to generate pseudo-scores for unrated essays. The pseudo-
labels are filtered using uncertainty metrics, and a BERT-like single-essay scor-
ing model is subsequently fine-tuned through self-training on the high-confidence
samples to improve inference efficiency and prediction performance with a smaller
model. In contrast, EASY employs only three straightforward features: essay
length, vocabulary diversity, and grammar quality.

We conduct extensive experiments on three public AES datasets: ASAP++,
Ellipse, and TOEFL11 (Mathias and Bhattacharyya 2018; Blanchard et al. 2013;
Crossley et al. 2023). The results show that CAnUSe achieves state-of-the-art per-
formance across datasets, performing comparably to supervised baselines trained
on approximately 10K labeled samples. Moreover, EASY demonstrates surpris-
ingly strong performance despite its simplicity, even outperforming fully super-
vised feature-based methods. Additionally, our study analyzes key performance
factors of the proposed frameworks to provide practical insights for developing
real-world AES systems.

To sum up, our contributions are as follows:

o We explore diverse zero-shot AES approaches, covering LLM-based methods,
BERT-like fine-tuned models, and simple feature-based methods, to examine
their potential and limitations.

e We propose two novel zero-shot AES frameworks, CAnUSe and EASY.
CAnUSe combines LLM-based comparative assessment with uncertainty-
based self-training, while EASY employs only three straightforward features.
Despite using no labels, CAnUSe achieves competitive performance compared
to strong supervised baselines while offering better inference efficiency than
LLM-based baselines. EASY, in turn, outperforms fully supervised feature-
based methods while using fewer and simpler features.

o We conduct extensive experiments on three benchmark datasets-ASAP++, El-
lipse, and TOEFL11-demonstrating the robustness and generalizability of our
frameworks across diverse AES benchmarks. Further analysis provides practi-
cal insights for building real-world AES systems.

2 Related work

AES has been actively studied in the educational domain, but the number of publicly
available datasets remains limited. Many studies have relied heavily on ASAP++
(Mathias and Bhattacharyya 2018), which restricts the evaluation of a models’
generalization ability. Although other AES datasets like Ellipse and TOEFLI11
have been introduced (Blanchard et al. 2013; Crossley et al. 2023), a standardized
evaluation framework is still lacking. Early AES approaches mainly focused on
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prompt-specific models, which suffer from poor performance on unseen prompts
(Taghipour and Ng 2016; Uto 2021; Xie et al. 2022). To address this, cross-prompt
methods have been proposed, often combining traditional linguistic features with
deep learning (Li et al. 2020; Ridley et al. 2021). However, most existing cross-
prompt studies have been confined to a single dataset, such as ASAP++, and have
not been sufficiently explored on diverse AES datasets that vary in domains such as
student populations and scoring rubrics (Ridley et al. 2021; Do et al. 2023; Li and
Ng 2024). As a result, their true generalizability across datasets remains uncertain.

Recently, LLMs have been explored as a promising direction for AES. However,
most existing studies rely on simple prompting strategies based on rubric descrip-
tions or five-point Likert scales (Lee et al. 2024; Stahl et al. 2024). Concurrently,
Shibata and Miyamura (2025) applied LLM-driven comparative assessment, fol-
lowed by fine-tuning RankNet (Burges et al. 2005) to learn pairwise preferences,
focusing on overall scoring. In this work, we demonstrate broader generalizability
by covering the multi-trait setting and introduce two zero-shot frameworks-one
LLM-based and the other feature-based-along with a detailed analysis for practical
AES.

3 Proposed frameworks
3.1 CAnUSe: overall framework

Figure 1 illustrates our framework, CAnUSe, which takes a set of unrated essays
(Xy) as input and proceeds in two stages: (1) Comparative Assessment using an
LLM, and (2) selection of high-confidence samples with an Uncertainty metric,
followed by Self-training of a single-essay scoring (SES) model. These steps are
detailed in the following sections.

3.1.1 Pairwise comparative assessment with LLMs

The first stage is the Zero-shot AES module. To assess essay z;, we randomly
select M essays from the unlabeled set X, without replacement. Let the selected
essay set for z; be C;. The LLM performs a comparative assessment between x;
and the essays in C;. Given an essay prompt and two essays, the LLM is asked to
determine which essay is better written in terms of a specific trait. For more pre-
cise comparison, a rubric for the trait is provided. Ultimately, the win rate of z; is
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Fig. 1 Overall framework of CAnUSe
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#### Instruction: Which of these two essays is better written "overall"?
Just pick one. Consider the following rubrics in your evaluation:
<Rubric for Evaluating Overall Quality>

- Good: The essay presents its ideas clearly and stays focused on its
purpose. The structure is logical, the tone is consistent, and the
writing reads smoothly overall.

- Poor: The essay is unclear or unfocused, with weak structure or
inconsistent tone. The writing feels disjointed and fails to effectively
deliver its message.

### Answer format: A or B.

#it# Prompt: Write a letter to your local newspaper in which you state
your opinion on the effects computers have on people. Persuade the
readers to agree with you.\n

#it# Essay A: {essay _a}

#it# Essay B: {essay b}

### Answer: Essay

Fig.2 LLM prompt for comparative assessment of the overall trait in ASAP++. The essay prompt has
been shortened for clarity. In Answer, Essay is used as a prefix token, which allows the LLM to gener-
ate either the A or B token as the next token

considered its relative score. This stage results in a set of pseudo-rated essays, X,.
An LLM prompt example is shown in Fig. 2, and more examples are provided in
Appendix A.

Let LLM(a, b) denote a binary comparison function, where LLM (a,b) = 1 if
essay a is judged to be better written than essay b, and LLM (a,b) = 0 otherwise.
To mitigate positional bias in LLM-based comparisons, each pair of essays is eval-
uated twice by swapping their input order. Given the comparative set C; for essay
x;, we compute its win rate as follows:

301 %:C (LLM (z;,2;) + (1 — LLM (25, ;)) ) 0

LLMs, pretrained on vast corpora, are known for their ability to perform well on
various NLP tasks without task-specific fine-tuning. However, existing methods
in the AES domain have typically relied on simpler prompting, such as five-scale
Likert scoring, and thus failed to fully leverage LLMs’ pretrained knowledge. In
contrast, our comparative assessment prompts LLMs to compare essay pairs and
aggregates the results to compute relative scores. Liusie et al. (2024) explored
LLMs’ comparative assessment in general domains.

3.1.2 Single-essay scoring module

Our comparative assessment requires multiple essay pairs for evaluating a single
essay, which entails substantial computation. To address this limitation, we pro-
pose using pseudo-rated essays obtained from zero-shot comparative assessment as
training data for a single-essay scoring (SES) model. This enables the final model
to perform single-essay rather than pairwise scoring, offering fast inference with
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a lightweight model. To select reliable training data from pseudo-rated essays, we
utilize an uncertainty metric for an LLM, defined as:

_ﬁ S (e wg) + b, 2:)) = (la(ag, 2:) + (@i, ;)| )

(zi,x;)€C;

where lq(x;,x;) and ly(z;,2;) denote the logits for tokens A and B, respec-
tively, given the essay pair (2, ;). The first term (Io (24, 2;) + ly(z;,z;)) rep-
resents the score indicating how likely x; is to beat x;, and the second term

(la(fvj, ) + Iy (i, zy)) represents the opposite. The absolute difference between
these terms reflects the degree to which the LLM is confident in preferring one
essay over the other, while also capturing the consistency of its judgment when the
order of the same essay pair is swapped. We negate the confidence score to repre-
sent it as an uncertainty measure.

We train the SES model using only the p% least uncertain samples. To maintain
score distribution, we sort the predictions by pseudo-scores into B bins and sample
the p% samples from each bin, which we call Label Balancing. Additionally, to
mitigate the impact of noisy pseudo-labels, we use a bagging method, training four
models with randomly shuffled training and validation splits. We adopt DualBERT
(Cho et al. 2024) as our SES model, as it has shown strong predictive performance
in multi-trait settings.

We further explore few-shot settings to maximize the practical use of our frame-
works, where we fine-tune DualBERT (Cho et al. 2024) on a mixture of a small
amount of labeled data and pseudo-labeled data.

3.2 EASY:simple feature-based zero-shot AES

Apart from the aforementioned framework, we also propose Essay Assessment
with Simple Yardsticks (EASY), which employs simple features and can be applied
in zero-shot settings. In essay scoring, a common assumption is that longer essays
with more diverse vocabulary tend to be of higher quality. However, this relation-
ship may not be strictly linear, as essay length and vocabulary diversity do not
necessarily guarantee essay quality. Accordingly, we define the following formula:

Score; =log(1 + ne) - log(1 +n,) 3)

where n, is the essay length (i.e., number of words) and n,, is the vocabulary size
used in the essay.

Another assumption is that high-quality essays contain fewer grammatical errors.
We estimate the degree of grammatical error using grammarly/coedit-x1, a
pretrained T5-based LLM, which outputs a grammatically corrected version of the
input text. The model is applied to each essay on a sentence-by-sentence basis. To
split an essay into multiple sentences, we use the Python spaCy library. For each
sentence, we compute the word error rate (WER) using the Python library jiwer.
The overall grammar score of an essay is defined as follows:
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Scoreqg = |—;| Z g(l - WER(si,éi))

s; €S

_J oz, ifz>09
g(a) = 0, otherwise

4

where S = {s;}7* is an essay with n, sentences, s; is an original sentence, and §;
is the version corrected by coedit-x1.

Finally, we combine Score; and Scores using a weighting hyperparameter o
that reflects prior knowledge, as in Score;-(a+ (1 — a) - Scores). For instance, «

can be set lower for the trait conventions than for content, since grammar plays a
more critical role in conventions. To reduce the effect of outliers, we clip final test
scores at the 5th and 95th percentiles.

4 Experimental
4.1 Datasets

To evaluate the generalizability of our frameworks, we conduct experiments on a
range of AES datasets from diverse sources. Specifically, we use three AES bench-
marks: ASAP++, Ellipse, and TOEFL11. Dataset statistics are presented in Table 1.

ASAP++: The ASAP++ dataset is a widely used benchmark that is an enriched
version of the ASAP corpus released through a Kaggle competition (Mathias and
Bhattacharyya 2018). It comprises 12,978 English essays written by U.S. students
in grades 7-10 across eight prompts. ASAP++ includes trait-level annotations (e.g.,
content, organization, word choice, conventions) for eight prompts, enabling more
fine-grained analysis in AES. In total, 11 traits, including the overall score, are
annotated.

Ellipse: The English Language Learner Insight, Proficiency and Skills Evalua-
tion (Ellipse) corpus is a publicly available dataset consisting of 6,482 essays writ-
ten by English Language Learners (ELLs) in grades 8—12 (Crossley et al. 2023).
The essays span 44 prompts and are annotated with both an overall score and six
trait scores: cohesion, syntax, vocabulary, phraseology, grammar, and conventions.
Ellipse includes a diverse student population with information on gender, race/
ethnicity, grade level, and economic status.

Table 1 Statistics of the datasets ASAP++ TOEFLI11 Ellipse

# Essays 13k 12.1k 6.5k

# Prompts 8 8 44

# Traits 11 1 7

Category P,S,N P P
P, S, an(Ii N denote cessay Language Native ELL Native+ELL
categories: persuasive, source- Ave, Length 251 348 428
dependent, and narrative,
respectively Avg. Essays/Prompt 1623 1513 147
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TOEFL11: The TOEFL11 corpus is a publicly available dataset of English
essays written by non-native speakers from 11 different first-language (L1) back-
grounds (Blanchard et al. 2013). It contains 12,100 essays written in response to
TOEFL iBT independent writing prompts, balanced across eight topics and scored
by human raters on a discrete three-level scale (low, medium, high), with only
overall scores annotated.

For evaluation, we use the quadratic weighted kappa (QWK) (Cohen 1968), a
metric commonly used in AES. Since TOEFL11, unlike ASAP++ and Ellipse, pro-
vides categorical labels-low, medium, and high-we scale the predicted scores to the
range [1, 5] and map them into Low, Medium, and High categories using thresholds
at 2.25 and 3.75, in line with prior work and consistent with the official TOEFLI11
setting (Blanchard et al. 2013; Lee et al. 2024; Shibata and Miyamura 2025).

4.2 Implementation details

We conduct experiments using four instruction-tuned LLMs: Phi-3 (3.8B), Mistral
(7B), Llama-3.1 (8B), and Qwen2.5 (7B).! To examine the effect of model size, we
additionally evaluate larger variants, including Llama-3.1 (70B), Qwen2.5 mod-
els ranging from 3B to 72B, and Phi-3 (14B). NVIDIA H100 GPUs were used
for all experiments. In the LLM comparative assessment, we used a symmetric
set consisting of 16 randomly selected essays. For the SES module, we employed
DualBERT and followed the same hyperparameter settings (Cho et al. 2024). We
use half of the training data as validation data. Fine-tuning was performed using
AdamW with a learning rate of 2e—5 and an epsilon of 1e—8 (Loshchilov and Hut-
ter 2019); the dropout rate was set to 0.1 (Srivastava et al. 2014), the batch size to
16, and early stopping was applied with a patience of 10 within 100 epochs. We
selected the top 10% of the least uncertain samples, according to the uncertainty
metric, to self-train the SES model. In EASY, the spaCy library was used with
the en core web sm model for sentence splitting. In zero-shot settings, the
weighting hyperparameter o was determined based on suggestions from Claude.’
More details of the hyperparameter « are provided in Sect. 6.3. For ASAP++, we
follow prior work and conduct experiments using a five-fold test split, while for
TOEFL11 and Ellipse we evaluate on their official test sets. When fine-tuning the
SES module, we split the data into training and validation sets at a 5:5 ratio-using
only pseudo-labeled data in the zero-shot setting and a combination of pseudo-
labeled and labeled data in the few-shot setting. In line with the existing literature,
we conduct single-task learning on each prompt in ASAP++, and multi-task learn-
ing on TOEFLI11 and Ellipse by combining prompts within each dataset (Jiang
et al. 2023; Cho et al. 2024; Eltanbouly et al. 2025).

"The corresponding model IDs on https://huggingface.co/models are microsoft/Phi-3-mini-4k-instruct
mistralai/Mistral-7B-Instruct-v0.3, meta-llama/Llama-3.1-8B-Instruct, and Qwen/Qwen2.5-7B-Instruct,
respectively.

2https://claude.ai/chats.
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4.3 Methods for comparison

LLM-based Scoring is categorized into two approaches: comparative assessment
(LLM-comp) and absolute scoring (LLM-abs). LLM-comp follows the previ-
ously described pairwise comparison framework. In contrast, LLM-abs leverages
rubric-guided prompting for absolute assessment. Specifically, we utilize the offi-
cial scoring rubrics when available (e.g., TOEFL11 and Ellipse), with scores rang-
ing from 1 to 5. When no official rubric is provided (e.g., ASAP++), we construct
a simple rubric using ChatGPT.? For prediction, the model generates token logits
corresponding to scores 1 through 5, from which we select the two tokens with the
highest logits. The final score is then computed as a weighted sum based on their
softmax-normalized probabilities. Examples of instruction prompts are provided in
Appendix A.

Lee et al. (2024) and Shibata and Miyamura (2025) investigated LLM-based
approaches on the ASAP++ and TOEFL datasets, with their evaluations limited
to overall scoring. Vanilla-CoT (Lee et al. 2024) is an LLM-abs variant that uses
Chain-of-Thought prompting (Wei et al. 2022) to justify scores. MTS (Multi-Trait
Specification) (Lee et al. 2024) creates trait-level rubrics, scores each trait sepa-
rately, and aggregates them into the final score, aiming for greater reliability. LCES
(LLM-based Comparative Essay Scoring) (Shibata and Miyamura 2025) also starts
with comparative assessment, similar to our framework. Unlike ours, however, it
leverages RankNet (Burges et al. 2005) in the second stage to learn pairwise prefer-
ences from the LLM outputs and compute final scores for test essays.

Fine-tuned Models: As baselines, we apply several fine-tuned models, includ-
ing BERT (Devlin et al. 2019), BigBird (Zaheer et al. 2020), and DualBERT
(Cho et al. 2024). BERT is a transformer-based pretrained model that has been
widely adopted for various classification tasks. BigBird is an extended variant of
RoBERTa (Liu 2019) with a maximum input length of 4096 tokens (compared to
512 tokens in BERT and RoBERTa), which makes it potentially suitable for AES
due to the relatively long nature of essay data. DualBERT is a hierarchical archi-
tecture that processes essays at both the sentence and document levels, enabling
it to better capture semantic and structural information (Cho et al. 2024). Dual-
BERT has demonstrated strong performance on the ASAP++ dataset, particularly
in multi-trait essay scoring settings.

SoTA Baselines: To provide an upper bound for AES performance, we report
results from state-of-the-art (SoTA) supervised models fine-tuned on full train-
ing data (/0K labeled essays). We categorize them into two groups. (1) Cross-
prompt models aim to generalize to unseen prompts using essays from seen
prompts. MOOSE (Chen et al. 2025) demonstrated SoTA performance in cross-
prompt settings of the ASAP++ dataset; it leverages multi-chunk BERT and lin-
guistic features. In contrast, Li and Ng (2024) employ an extensive collection of
1,535 engineered features with simple correlation-based filtering and fine-tune a
two-layer neural network on these features (hereafter referred to as 1.5K.feats.
ft). (2) Prompt-specific SoOTA Models: ArTS+RMTS (Chu et al. 2024; Do et al.

3 https://chatgpt.com/.
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2024) and SaMRL (Do et al. 2024) are extensions of ArTS, a T5-based model
(Raffel et al. 2020); ArTS+RMTS leverages rubric-guided rationales from LLMs,
while SaMRL applies multi-reward reinforcement learning to boost performance.
All prior studies on these SoTA baselines were evaluated only on the ASAP++
dataset; we use their reported results for comparison.

5 Results
5.1 Zero-shot setting

Tables 2 and 3 present QWK results on ASAP++, TOEFL11, and Ellipse, respectively.

LLM-abs-Z vs. LLM-comp-Z: Overall, LLMs perform better in comparative
assessment (LLM-comp-Z) than in absolute assessment (LLM-abs-Z). Pairwise
comparison is often easier for LLMs than assigning a score on a 5-point scale, as
it reduces the decision space from five score tokens (1-5) to a binary choice (A vs.
B).

EASY-Z: Despite relying on only three simple and intuitive features, EASY-
Z achieves surprisingly competitive performance. On ASAP++, EASY-Z outper-
forms 1.5K.Feats.ft-which uses 1,535 engineered features and 10K labeled essays
for training-by about 1%. On TOEFL11, EASY-Z also surpasses LLM-comp-Z,
demonstrating its strong performance despite its simplicity.

CAnUSe-Z: CAnUSe-Z is trained on high-confidence pseudo-labeled sam-
ples extracted from LLM-comp-Z using an uncertainty metric. Across datas-
ets, CAnUSe-Z consistently outperforms LLM-comp-Z, implying that (i) the
uncertainty metric effectively distinguishes reliable predictions and (ii) training
on a subset of high-confidence pseudo-labels is effective. A detailed analysis of
uncertainty is presented in Sect. 6.2. Remarkably, without using any true labels,
CAnUSe-Z achieves performance competitive with fully supervised SoTA mod-
els. On ASAP++, CAnUSe with Phi-3 reaches over 81.7% of the performance of
ArTS+RMTS and SaMRL. On TOEFL11, CAnUSe with Llama-3.1 retains 94.3%
of the performance of DualBERT, approaching the performance of BERT and Big-
Bird trained on 10K labeled essays. On Ellipse, CAnUSe with Llama-3.1 retains
90.6% of the performance of DualBERT, surpassing BERT and BigBird trained on
4K labeled essays.

Table 4 compares our frameworks, CAnUSe and EASY, with the concurrent
LLM comparison-based essay scoring approach (LCES) and several LLM-based
baselines in the overall scoring setting, following the setup used in prior work
(Lee et al. 2024; Shibata and Miyamura 2025). On ASAP++, LCES shows stron-
ger performance than CAnUSe, whereas on TOEFL11, CAnUSe outperforms
LCES, achieving the best performance across most prompts. The primary distinc-
tion between our framework and LCES lies in the way pseudo-labels are utilized.
LCES applies chain-of-thought prompting and further trains a scorer model to learn
pairwise preferences from pseudo-labeled essay pairs, whereas CAnUSe applies
simple prompting and directly trains on high-confidence pseudo-labeled samples
identified through an uncertainty metric. Section 6.1 analyzes the performance dif-
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35 Page 12 of 32 H. Choi et al.

ferences between LCES and CAnUSe. We expect that combining the strengths of
LCES with our uncertainty-based selection strategy could yield further improve-
ments, which we leave for future work.

Additionally, EASY-Z shows strong performance, outperforming two LLM-
based methods: Vanilla-CoT and MTS. This result suggests that even a few simple
and intuitive features can provide a strong inductive bias for essay scoring.

5.2 Few-shot setting

Tables 5 and 6 present QWK results on ASAP++, TOEFL11, and Ellipse in few-
shot settings, where the suffix of each method denotes the number of labeled exam-
ples used. Figure 3 shows the performance curves with respect to the number of
labels for the overall trait. In this experiment, we use Llama-3.1 as the base LLM
because it showed consistently high performance across datasets in Sect. 5.1.

LLM-based Methods: Interestingly, LLM-comp performs worse in the 5-shot
setting than in the zero-shot setting across all datasets (see Fig. 3). We speculate
that the long context in LLM-comp makes it harder for the model to identify the
comparison target. In contrast, LLM-abs improves in both 5-shot and 20-shot set-
tings on ASAP-++, with greater gains at 20-shot, while on TOEFL11 and Ellipse
it improves in both but achieves its best performance at 5-shot. We conjecture
that a small number of examples provides a useful reference point for absolute
assessment, whereas excessive examples can again degrade performance in certain
datasets.

CAnUSe: CAnUSe benefits from additional labels, achieving further improve-
ments with 20 labeled examples on ASAP++ and Ellipse. CAnUSe operates
by using LLM-comp to generate pseudo-labels from unlabeled data and apply-
ing uncertainty-aware self-training to train DualBERT as its scoring component.
While DualBERT tends to overfit in low-resource settings when trained alone, it
demonstrates strong generalization when integrated into the CAnUSe framework
(DualBERT-20 vs. CAnUSe-20), which provides sufficient pseudo-labels to sup-
port learning deeper features. As a result, CAnUSe consistently improves upon
DualBERT across all datasets.

EASY: EASY-20 uses 20 labeled examples to tune the hyperparameter « in
Sect. 3.2, while EASY-Z relies on prior knowledge for o without using labeled
examples. As shown in Fig. 3, EASY improves with 20 examples on ASAP++, but
decreases on TOEFL11 and Ellipse. This result reflects that EASY mainly captures
surface-level features, which are sensitive to limited supervision. As a result, few-
shot examples may also lead to suboptimal tuning.

6 Analysis
6.1 Understanding the performance gap: CAnUSe vs. LCES

In this section, we analyze the factors contributing to the performance differ-
ences between CAnUSe and LCES. In particular, we focus on how differences
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Table 3 Average QWK scores (X 100) across prompts per trait on TOEFL11 and Ellipse

Dataset TOEFL11 Ellipse

Method Ovrl(SD)) Ovil Coh Syn Voc  Phr Grm  Cnv Avg.t(SDJ)
Zero-shot Models

microsoft/Phi-3-mini-4k-instruct

LLM-abs-Z 414 (-) 228 231 156 123 93 158 162 16.4(-)
LLM-comp-Z  45.7 (-) 447  41.0 395 383 365 369 38.0 393(-)
CAnUSe-Z 63.1 (x1.1) 615 559 576 613 595 524 54.5 57.5(0.7)
meta-llama/Llama-3.1-8B-Instruct

LLM-abs-Z 39.5(-) 141 244 163 128 79 137 16.1 15.0(-)
LLM-comp-Z  57.4(-) 526 505 493  49.1 484 469 504 49.6(-)
CAnUSe-Z 68.1(£0.3) 600 573 582 57.8 587 542 594 579 (+0.3)
Zero-shot Feature-based Model

EASY-Z 57.5(-) 492 403 440 383 444 454 439 436(-)
Supervised Models (fine-tuned on 10K labels in TOEFL11 and 4K labels in Ellipse)

BERT-base 72.8 (+0.6) 60.5 47.6 558 486 52.8 57.0 522 53.5(%14)
BigBird-base 729 (#1.2) 620 499 552 494 554 582 548 55.0(x0.9)
DualBERT 722(£2.0) 71.7 588 61.8 63.0 645 644 634 63.9(£0.9)

Ovrl, Coh, Syn, Voc, Phr, Grm, and Cnv denote the traits overall, cohesion, syntax, vocabulary,
phraseology, grammar, and conventions, respectively

Table 4 QWK scores (% 100) for the overall trait on each essay prompt in ASAP++ and TOEFL11 using
zero-shot methods

Dataset Method Pl P2 P3 P4 PS5 P6 P7 P8 Avg.
Zero-shot Feature-based Model

EASY-Z (ours) 49.1 569 548 641 645 577  58. 41.0 558
meta-llama/Llama-3.1-8B-Instruct

ASAP++ Vanilla-CoT 129 23 243 550 30.1 341 0.6 42 194

MTS 51.6 483 284 46.1 479 378 328 199 39.1

LCES 669 599 662 651 71.0 707 727 636 67.0

CAnUSe-Z (ours) 54.8 622 565 727 685 521 550 42.0 58.0
Zero-shot Feature-based Model
EASY-Z (ours) 49.5 620 64.6 636 489 53.7 520 659 575
meta-llama/Llama-3.1-8B-Instruct

TOEFL11 Vanilla-CoT -36 148 03 2.1 1.9 -23 29 63 2.1
MTS 36.8 408 407 31.1 351 285 335 379 356
LCES 59.7 570 727 697 652 550 558 71.7 633

CAnUSe-Z (ours) 66.8 594 77.6 758 672 660 60.1 717 68.1

P1-P8 denotes Prompts 1 through 8. Bold and underlined text indicate the best and second-best
performances, respectively

in LLM-based comparative assessments and dataset characteristics affect the final
performance.
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6.1.1 Effect of LLM judgment quality in comparative assessment

Since both CAnUSe and LCES rely on LLM-based comparative assessments as
their primary supervision signal, the quality of the initial LLM judgments is criti-
cal to final performance, as noise in the pseudo-labels can propagate to subsequent
models.

One source of performance difference between LCES and CAnUSe lies in their
prompting strategies (Shibata and Miyamura 2025). CAnUSe uses concise one- or
two-line criteria to define good and poor essays, whereas LCES employs detailed
official rubric guidelines, which are substantially longer-often exceeding 200-300
words. In addition, LCES incorporates chain-of-thought (CoT) prompting, further
differentiating its comparative assessment setup from ours.

Table 7 reports the mean absolute error (MAE) of the LLM-based compara-
tive assessments and the final QWK obtained by training second-stage models
(RankNet for LCES and DualBERT for CAnUSe). Given an essay pair (x;, x;), the
LLM outputs one of three comparison judgments for x;: win (1), tie (0.5), or lose
(0). Let ¢;; and ¢;; denote the LLM’s judgment and the ground-truth label, respec-
tively. We evaluate the accuracy of the LLM’s judgments using MAE, computed
as MAE = + >_(i.j) [€ij — cijl, where N is the number of essay pairs. Following

Shibata and Miyamura (2025), we set N = 5000.

The results in Table 7 highlight the performance gap between CAnUSe and
LCES. On ASAP++, LCES achieves lower MAE in the LLM comparison stage and
correspondingly higher QWK in the final performance. In contrast, on TOEFL11,
CAnUSe benefits from more accurate LLM judgments. Figure 4 further supports
this observation by showing a clear association between MAE of LLM-based com-
parisons and final performance on ASAP++.

In Appendix C, we further analyze the effect of different prompting strategies
used in LLM-based comparative assessment.

6.1.2 Effect of score range and distribution

The second key difference between CAnUSe and LCES lies in their learning
approaches after the LLM-based comparative assessment stage: RankNet for LCES
and DualBERT for CAnUSe. In CAnUSe, cach essay is assigned a pseudo score
based on its win rate in the comparative assessment stage. Since the win rate is
inherently a relative, zero-sum measure-where each comparison produces both a
winner and a loser-the resulting pseudo scores reflect relative ranking, leading to a
more balanced score distribution.

Moreover, our training setup samples pseudo-labels in a balanced manner (see
Sect. 3.1.2), further encouraging the model to produce balanced score distribu-
tions at inference time. In contrast, LCES employs RankNet trained on randomly
sampled essay pairs to learn relative preference relations. Given a random split
where the training and test sets share the same label distribution, such random pair
sampling implicitly preserves this assumption; consequently, the model tends to
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Table 6 Average QWK scores (x100) across prompts per trait on TOEFL11 and Ellipse for few-shot
methods

Dataset TOEFL11 Ellipse

Method Ovrl (SD))  Ovrl Coh Syn Voc Phr Grm  Cnv  Avg.f(SDJ))
No Fine-tuning Methods: In-context Learning and Feature-based Methods.

LLM-comp-5  38.4(-) 43.9 388 392 395 380 354 320 38.1()
LLM-abs-5 57.9(-) 47.7 418 436 434 424 418 418 432(-)
LLM-abs-20 499 () 40.3 32.1 373 333 414 388 345 36.8(-)
EASY-20 59.2(-) 42.7 33.1 421 392 439 401 387 40.0(-)

Fine-tuning Methods
CAnUSe-20 67.8 (+0.8) 63.0 578 583 604 604 542 603 592

(£0.7)
DualBERT-20  14.1 (£16.0) 27.3 25.9 35.0 35.6 33.1 36.6 279 31.6
(£9.8)
%~ CAnUSe ©- EASY —@- LLM-abs —A— LLM-comp —)— DualBERT
o ASAP++ s TOEFL11 Ellipse
' * +* *///—t
0.6 O osq o o "
‘ . 051 @
0.5 o
; 0.44 o4
54 0.4
0.3 0.3 ‘
0.3
0.24 0.2

Number of Labels (K-shot)
Fig. 3 Few-shot performance on ASAP++, TOEFL11, and Ellipse for the overall trait as a function of

the number of labeled examples

Table 7 LLM comparative assessment quality (MAE, x 100) and final performance (QWK, x 100), aver-
aged across prompts

ASAP++ TOEFL11

LCES? CAnUSe LCES* CAnUSe
QWK 64.6 58.0 60.8 68.1
MAE 24.5 26.5 24.5 23.2

“Denotes our reimplementation of LCES, as no code is provided in Shibata and Miyamura (2025), with
minor differences due to inherent training randomness

reproduce the training data’s distributional bias during inference, yielding score
distributions similar to those of the test set.

For a fair comparison, we re-implemented LCES using the same LLM outputs
as CAnUSe, thereby controlling for differences in first-stage supervision. Table 8
reports the comparison between CAnUSe and the re-implemented LCES under this
setting. When the LLM signals are identical, LCES performance on ASAP++ sub-
stantially degrades compared to its original results (see Table 4), suggesting that
LCES is sensitive to the quality of LLM-generated supervision. We further report
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Fig. 4 Relationship between LLM LLM-to-Final Performance Relationship
comparison quality (MAE) and final * % CAnUSe
performance (QWK) obtained from 0.70 | A A A LCES (ourimpl)
the subsequent models: each point cor- ' A A *
responds to a prompt on ASAP++ 0654 A
] *
& 0.60 A p
M 0.55 Lo Yk
= * A
o
0.50 1
0.45 A
*
0.'21 04'24 0.'27 0.'30 04'33
MAE | (LLM)

Table 8 QWK scores and entropies (x 100) of predicted score distributions for each prompt on ASAP++
and TOEFL11

Dataset Method Pl P2 P3 P4 P5 P6 P7 P8 Avg.
ASAP++  LCES w. our LLM 60.8 441 556 646 593 576 593 570 573
< Entropy 79.3 773 70.1 788 688 623 884 90.6 79.6
CAnUSe 54.8 622 565 727 685 52.1 550 420 58.0
— Entropy 92.2 878 84.6 91.1 914 89.0 959 94.6 90.8

Score Range (bins) 2-12 -6 03 03 03 04 030 0-60 -
1n © @ @ @ G @ (6

True Entropy 72.7 64.1 84.1 950 849 8.6 829 701 770
TOEFL11 LCES w. our LLM 62.4 634 703 599 613 542 53.0 659 613
— Entropy 81.2 845 902 732 787 82.1 803 874 822
CAnUSe 66.8 594 776 758 672 660 601 717 68.1
— Entropy 95.4 882 973 919 893 839 919 952 916

Score Range (bins) 1-5 (5) — {low, medium, high} (3)
True Entropy 81.2 824 918 839 852 840 83.1 890 85.1

LCES w. our LLM denotes the re-implemented LCES trained using the same LLM outputs as CAnUSe

the entropy of the predicted score distributions for analysis. Overall, CAnUSe con-
sistently exhibits higher entropy than LCES, indicating that it produces more bal-
anced score predictions for each prompt. In contrast, LCES tends to concentrate
predictions within a narrower range of scores. Notably, on ASAP++, the prompts
where LCES outperforms CAnUSe generally have wider official rubric score
ranges, i.e., a larger number of score bins (e.g., prompts P1, P7, and P8).

Figure 5 (left) shows two representative cases on ASAP++, P2 and P8, where
CAnUSe respectively outperforms and underperforms LCES. Although the
ground-truth score distributions for both prompts are heavily concentrated around
the middle score range, P2 has only six score bins, whereas P8 has 61. In both
cases, CAnUSe produces more balanced predictions across score bins, while LCES
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True score I CAnUSe LCES w. our LLM
Prompt 2 Prompt 8 Correlation Analysis
r=0.771 P8,
159 (p=0.03) ®
. 10 A
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2 p 707
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Fig. 5 (Left) Two representative examples of predicted score distributions on ASAP++ prompts.
(Right) Relationship between score range—weighted distributional differences and QWK performance
differences between CAnUSe and LCES

Table 9 Average QWK scores (x 100) across traits on ASAP++, TOEFL11, and Ellipse for different un-
certainty sampling strategies

Dataset ASAP++ TOEFLI11 Ellipse

p%least uncertain 10 30 50 10 30 50 10 30 50

LLM-comp w/ bal 64.6 59.8 56.0 72.2 61.4 60.7 63.5 59.2 55.6
+ CAnUSe-Z 545 56.1 55.8 68.1 67.4 67.3 579 579 57.6

LLM-comp w/o bal 72.5 64.8 59.4 85.0 75.6 67.6 64.6 58.5 55.5
+ CAnUSe-Z 45.7 50.4 52.1 57.9 59.2 61.5 39.1 46.7 51.5
“bal.” denotes label-balanced sampling during self-training. Bold text indicates the larger score between

the w/bal. and w/o bal. settings

yields predictions similar to the ground-truth distribution by concentrating in the
mid-score region. This behavior stems from LCES’s implicit assumption that the
training and test distributions are the same. While this assumption can be advanta-
geous when the two distributions are similar, it becomes a weakness under distribu-
tion shift.

Accordingly, LCES appears to perform better in settings with many score bins
and a skewed true score distribution. Figure 5 (right) supports this tendency by
showing a strong correlation between s - (e. — ¢;) and p; — p., where s denotes
the number of score bins, e, and e; denote the entropies of the predicted score
distributions of CAnUSe and LCES, respectively, and p. and p; denote their QWK
performances.

This analysis explains why CAnUSe outperforms LCES on TOEFLI11 in most
cases. In TOEFLI11, all prompts have a score range of 1-5, and the scores are fur-
ther mapped into three categories (low, medium, high) through post-processing.
In this setting, performance is less influenced by learned distributional bias and
instead depends more on instance-level inference.
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BN QWK —&— Positional Consistency
Prompt 1 Prompt 2 Prompt 3 Prompt 4

Prompt 5 Prompt 6 Prompt 7 Prompt §

Uncertainty

Fig. 6 QWK performance by uncertainty levels on ASAP++ for the overall trait across Prompts 1-8.
QWK scores and positional consistency are normalized for clarity

Table 10 Average positional ASAP++ TOEFLI11 Ellipse
consistency (x 100) for LLM- LLM-comp-Z 3.8 729 70.6
comp-Z and LLM-comp-5

LLM-comp-5 49.7 34.1 34.4

6.2 Effect of uncertainty estimation

Uncertainty-based sampling for high-confidence labels is the main factor driving
the performance gains of CAnUSe over LLM-comp. This section examines the
role of uncertainty estimation using Llama-3.1 as the base LLM. Table 9 reports
the average QWK results across traits on ASAP++, TOEFLI11, and Ellipse when
selecting the p% least uncertain samples from the outputs of LLM-comp, and Fig. 6
illustrates performance trends with respect to uncertainty on ASAP++. Overall, the
uncertainty metric aligns well with prediction reliability: low-uncertainty samples
yield higher performance, while high-uncertainty samples yield lower performance.

Label balancing and sampling ratio: Table 9 also presents the results of sam-
pling strategies with and without balancing label distributions. Interestingly, for
low-uncertainty sample sets, QWK scores are generally higher when sampling
without balancing than with balancing across datasets. However, in CAnUSe,
which is fine-tuned on these samples, QWK scores are consistently higher under
the balancing strategy across all datasets. This result suggests that label distribution
in pseudo-labeled samples plays an important role in effective self-training. Addi-
tionally, in LLM-comp w/ bal., p = 10, which uses fewer pseudo-labels, yields
performance comparable to p = 50 across all datasets, indicating the effectiveness
of the uncertainty metric.

Positional consistency: We further measure positional consistency for each
uncertainty bin in Fig. 6. Positional consistency refers to the proportion of cases in
LLM-comp where swapping the input order of two essays leads to a corresponding
reversal in the output (i.e., from A to B or B to A). As shown in Fig. 6, positional
consistency aligns closely with uncertainty and QWK. This result implies that
positional consistency can serve as an early indicator of LLM-comp performance
in zero-shot settings, where no labels are available for validation. This property
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Y Optimal < Dev-20 A Prior

ASAP++ Ellipse Shared Trait Analysis
- L Eh -== ovrl —— OVI-ASAP++
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0.60 1 — Ovrl-Ellipse
~=- Cnv-ASAP++
--- CnvElipse

QWK

Fig. 7 QWK performance of EASY on ASAP++ and Ellipse for all traits, and on shared traits across
datasets (including TOEFL11), as a function of the hyperparameter v

of LLM-comp also explains why LLM-comp-5 in Sect. 5.2 performs worse than
LLM-comp-Z. Table 10 reports the average positional consistency for LLM-comp-
Z and LLM-comp-5.

6.3 Effect of o in EASY

EASY has a single hyperparameter, o, which controls the relative weight of Score;
and Scores. Figure 7 shows performance curves with respect to « for all traits
on ASAP++, Ellipse, and TOEFL11. The optimal « is denoted by a star, the «
selected using 20 validation examples by a diamond, and the « based on prior
knowledge by a triangle. As shown in Fig. 7, on ASAP++, a few validation exam-
ples helped identify a better a than prior knowledge, whereas this was mostly not
the case on Ellipse. Indeed, a small number of examples may lead to overfitted
hyperparameters.

The optimal « varies substantially across datasets: on ASAP++, most values
range between 0.5 and 0.9, while on Ellipse they fall between 0.2 and 0.6. Although
the datasets share the same traits, the optimal hyperparameters can differ due to
distinct scoring rubrics. This result suggests that while EASY can provide a useful
inductive bias, it has limitations in adapting to dataset-specific characteristics.

Additionally, the interpretation of a in EASY is consistent with its intended
meaning: lower « indicates that grammar-related aspects carry more weight, align-
ing with traits such as grammar or conventions, whereas higher « indicates that
content aspects are more important, corresponding to traits such as content or over-
all. For instance, on ASAP++, the optimal « values for overall and content traits
are 0.9 and 0.8, respectively, while conventions is 0.5. Similarly, on Ellipse, the
optimal « values for grammar and conventions are 0.2 and 0.3, which are lower
than that of the overall trait (0.4).

6.4 Effect of LLM size
Figure 8 shows QWK scores for the overall trait on ASAP++ as a function of LLM

size. In general, larger LLMs are expected to exhibit stronger inference ability.
However, in LLM-comp, increased model size does not consistently lead to better
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Fig. 8 QWK scores for the overall trait on ASAP++ as a function of LLM size. Due to the substantial
computational overhead of large models, we used 100 samples per prompt in this experiment

performance, whereas in LLM-abs-5, larger models typically yield improvements.
Moreover, large LLM-abs-5 models often outperform LLM-comp-Z.

We hypothesize that comparative assessment reduces the difficulty of absolute
assessment, which requires aligning an essay with appropriate rubrics, by reformu-
lating it into a binary classification task (choosing A or B). Consequently, smaller
LLMs may already be sufficiently pretrained to handle comparative assessment
effectively.

Computational cost: The most computationally expensive component of
CAnUSe is the LLM-based comparative assessment stage. To evaluate N essays,
this stage requires O(N x M) LLM calls, where M denotes the number of com-
parisons per essay. This cost is higher than that of LLM-based absolute assessment,
which scales as O(N). In our experiments, evaluating 100 essays took an average of
3.52 min using approximately 30 GB of VRAM on a single H100 GPU with a batch
size of 16, 16 x2 comparisons per essay (via pairwise swapping), and an average
input length of approximately 800 tokens. The computation time increases linearly
with the number of input tokens; for example, for 100 essays, each additional 100
tokens increases the runtime by about 0.44 min.

Importantly, this comparative assessment is performed only once during train-
ing. Afterward, CAnUSe trains a single-essay scoring model, enabling real-time
essay scoring with O(N) complexity; with a batch size of 16, it can evaluate 100
essays in under one second using approximately 4 GB of VRAM.

7 Key insights for zero-shot and few-shot AES
In this section, we summarize the key empirical insights derived from our experi-
ments on zero-shot and few-shot AES.

Insight 1: In LLM-based zero-shot AES, comparative assessment (LLM-comp)
is generally more accurate than absolute assessment (LLM-abs) (Sect. 5.1). In a
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zero-shot setting, absolute assessment is difficult without concrete examples and
requires aligning essays with score-specific rubrics, whereas comparative assess-
ment simplifies the task to a binary choice of which essay is better. However, in
practical settings where absolute scores are required, comparative assessment
should be incorporated into improved frameworks.

Insight 2: When few labeled examples are provided, LLM-comp can paradoxi-
cally suffer from performance degradation (Sect. 5.2). We speculate that the added
examples and the resulting longer input context can obscure the comparison target
in LLM-comp. In contrast, LLM-abs generally benefits from few-shot supervision,
as the examples serve as concrete references for evaluation, leading to improved
performance.

Insight 3: In zero-shot settings, the size of LLMs has a limited impact on perfor-
mance for both comparative and absolute assessment. However, in few-shot abso-
lute assessment, larger models exhibit clear performance gains (Sect. 6.4). This
suggests that LLM-abs can effectively leverage increased model capacity when
few-shot examples are provided, as these examples serve as concrete references
for evaluation.

Insight 4: Uncertainty estimation for LLM predictions is effective for extracting
reliable pseudo-labels (Sect. 6.2). In CAnUSe, the win-rate of each essay derived
from LLM-comp is treated as the target score, and low-uncertainty samples are
used to self-train a single-essay scoring model, DualBERT, resulting in faster infer-
ence and improved accuracy compared to LLM-comp, as well as better generaliza-
tion than DualBERT trained alone.

Insight 5: In comparative assessment, positional consistency shows a strong
correlation with uncertainty (Sect. 6.2). This metric, ranging from 0 to 1, reflects
the stability of LLM predictions with respect to input order. Positional consistency
can serve as a simple yet informative diagnostic for assessing LLM reliability in
unlabeled zero-shot settings.

Insight 6: Even simple surface-level features-such as essay length, vocabulary
diversity, and grammar quality-can be fairly effective in zero-shot AES (Sect. 5.1).
When properly combined, these features can achieve performance comparable to
complex feature-based models, highlighting the practical value of lightweight and
interpretable approaches.

8 Conclusion

Building large-scale essay datasets with reliable annotations remains challenging
in real-world educational settings, underscoring the need for zero-shot AES meth-
ods. However, prior LLM-based approaches have been limited, often relying solely
on prompting strategies, focusing only on overall scoring, and depending heavily
on the ASAP++ dataset.

In this paper, we explored various zero-shot AES methods in a multi-trait set-
ting and proposed two new frameworks: CAnUSe and EASY. CAnUSe performs
comparative assessment with an LLM to generate pseudo-labels and then leverages
an uncertainty metric to select high-confidence samples for training a scorer model.
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EASY, in contrast, relies only on three simple features-essay length, vocabulary
size, and grammar score-yet provides a strong inductive bias.

Experiments on ASAP++, TOEFLI11, and Ellipse show that CAnUSe achieves
state-of-the-art zero-shot results, approaching the performance of fully supervised
models. EASY, despite using no labeled data and only three features, demonstrates
competitive results and in some cases even surpasses LLM-based methods.

Nonetheless, CAnUSe has limitations: it requires considerable computation dur-
ing the comparative assessment stage to obtain pseudo-labels and relies on a large
number of unlabeled samples. For future work, we plan to reduce inference costs
by adopting Elo-style matching for comparisons and decreasing reliance on unla-
beled data by integrating comparative and absolute assessment strategies.

Appendix A: prompt examples

Figures 9 and 10 present prompt examples for the overall trait in LLM-comp and
LLM-abs across datasets, respectively. Full prompt examples for all traits are avail-
able at https://github.com/hongking9/exploring_zero shot aes. Figure 11 presents

examples of few-shot prompting in the 3-shot setting (Fig. 10).

<ASAP++>

<TOEFL11>

<Ellipse>

### Instruction: Which of these two
essays is better written "overall"? Just
pick one. Consider the following rubrics
in your evaluation:

<Rubric for Evaluating Overall Quality>

- Good: The essay presents its ideas
clearly and stays focused on its purpose.
The structure is logical, the tone is
consistent, and the writing reads smoothly
overall.

- Poor: The essay is unclear or
unfocused, with weak structure or
inconsistent tone. The writing feels
disjointed and fails to effectively deliver
its message.

### Answer format: A or B.
### Prompt: {essay_prompt}
{few_shot_examples}

#it# Essay A: {essay_a}
### Essay B: {essay_b}
##H# Answer: Essay

### Instruction: Which of these two
essays is better written "holistic"? Just
pick one. Consider the following rubrics
in your evaluation:

<Rubric for Evaluating Holistic>

- Good: The essay effectively
addresses the topic with clear
organization, detailed support, logical
flow, and consistent language use,
showing a strong grasp of vocabulary,
syntax, and coherence despite minor
errors.

- Poor: The essay is poorly organized,
underdeveloped, or off-topic, with
minimal support or clarity, and marked
by frequent language errors that hinder
communication and understanding.

##t# Answer format: A or B.
##t# Prompt: {essay_prompt}
{few_shot_examples}

### Essay A: {essay_a}
#it# Essay B: {essay_b}
##t# Answer: Essay

### Instruction: Which of these two
essays is better written "overall"? Just
pick one. Consider the following rubrics
in your evaluation:

<Rubric for Evaluating Overall Quality>

- Good: The essay demonstrates strong
command of language with varied
sentence structures, precise vocabulary,
and well-organized ideas; grammar and
usage are mostly accurate, with only
minor errors that do not hinder
understanding.

- Poor: The essay shows limited or
inconsistent control of language, frequent
grammatical errors, weak organization,
and vocabulary that often fails to convey
meaning, resulting in communication
breakdowns.

### Answer format: A or B.
### Prompt: {essay prompt}
{few_shot_examples}

##H# Essay A: {essay_a}
#it# Essay B: {essay_b}
### Answer: Essay

Fig. 9 Prompt examples for the overall trait in LLM-comp across datasets
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<ASAP++>

<TOEFLI11>

##t# Instruction: You are an English teacher. Evaluate the following
essay based on the rubric provided below and assign an overall score
from 1to 5.
<Rubric for Evaluating Overall Quality>

- 5 (Excellent): The essay is exceptionally clear, well-structured,
and highly engaging throughout.

- 4 (Good): The essay is mostly clear and focused, with a logical
structure and consistent tone.

- 3 (Fair): The essay has a generally clear purpose but shows some
issues in organization or clarity.

- 2 (Poor): The essay is often unclear or disorganized, with
noticeable problems in tone and flow.

- 1 (Very Poor): The essay lacks clarity and structure, making the
message difficult to understand.
##t# Answer format: score (score range = [1, 2, 3, 4, 5]). Do not
include explanations or comments.
##H# Prompt: {essay_prompt}
{few_shot_examples}

### Essay: {essay}
### Answer:

<Ellipse>

#### Instruction: You are an English teacher. Evaluate the following
essay based on the rubric provided below and assign an overall score
from1to 5.

<Rubric for Evaluating Overall Quality>

- 5: Native-like facility in the use of language with syntactic
variety, appropriate word choice and phrases; well-controlled text
organization; precise use of grammar and conventions; rare language
inaccuracies that do not impede communication.

- 4: Facility in the use of language with syntactic variety and range
of words and phrases; controlled organization; accuracy in grammar
and conventions; occasional language inaccuracies that rarely
impede communication.

- 3: Facility limited to the use of common structures and generic
vocabulary; organization generally controlled although connection
sometimes absent or unsuccessful; errors in grammar and syntax and
usage. Communication is impeded by language inaccuracies in some
cases.

- 2: Inconsistent facility in sentence formation, word choice, and
mechanics; organization partially developed but may be missing or
unsuccessful. Communication impeded in many instances by
language inaccuracies.

- 1: A limited range of familiar words or phrases loosely strung
together; frequent errors in grammar (including syntax) and usage.
Communication impeded in most cases by language inaccuracies.
### Answer format: score (score range = [1, 2, 3, 4, 5]). Do not
include explanations or comments.

#it# Prompt: {essay_prompt}
{few_shot_examples}

#it# Essay: {essay}
### Answer:

##t# Instruction: You are an English teacher. Evaluate the following
essay based on the rubric provided below and assign an overall score
from 1to 5.
<Rubric for Evaluating Overall Quality>

- 5: An essay at this level largely accomplishes all of the following:

- effectively addresses the topic and task

. is well organized and well developed, using clearly appropriate
explanations, exemplifications, and/or details

- displays unity, progression, and coherence

- displays consistent facility in the use of language, demonstrating
syntactic variety, appropriate word choice, and idiomaticity, though
it may have minor lexical or grammatical errors

- 4: An essay at this level largely accomplishes all of the following:

- addresses the topic and task well, though some points may not be
fully elaborated

- is generally well organized and well developed, using
appropriate and sufficient explanations, exemplifications, and/or
details

- displays unity, progression, and coherence, though it may
contain occasional redundancy, digression, or unclear connections

- displays facility in the use of language, demonstrating syntactic
variety and range of vocabulary, though it will probably have
occasional noticeable minor errors in structure, word form, or use of
idiomatic language that do not interfere with meaning

- 3: An essay at this level is marked by one or more of the
following:

- addresses the topic and task using somewhat developed
explanations, exemplifications, and/or details

- displays unity, progression, and coherence, though connection of
ideas may be occasionally obscured

. may demonstrate inconsistent facility in sentence formation and
word choice that may result in lack of clarity and occasionally
obscure meaning

- may display accurate but limited range of syntactic structures
and vocabulary

- 2: An essay at this level may reveal one or more of the following
weaknesses:

- limited development in response to the topic and task

- inadequate organization or connection of ideas

- inappropriate or insufficient exemplifications, explanations, or
details to support or illustrate generalizations in response to the task

- a noticeably inappropriate choice of words or word forms

- an accumulation of errors in sentence structure and/or usage

- 1: An essay at this level is seriously flawed by one or more of the
following weaknesses:

- serious disorganization or underdevelopment

- little or no detail, or irrelevant specifics, or questionable
responsiveness to the task

- serious and frequent errors in sentence structure or usage
##t# Answer format: score (score range = [1, 2, 3, 4, 5]). Do not
include explanations or comments.
#it# Prompt: {essay_prompt}
{few_shot_examples}

#it# Essay: {essay}
### Answer:

Fig. 10 Prompt examples for the overall trait in LLM-abs across datasets
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Fig. 11 Examples of few-shot prompt- <LLM-comp> <LLM-abs>
ing in the 3-shot setting ### Essay A: {essay_al} #it# Essay: {essay 1}
#it# Essay B: {essay bl} ### Answer: 3.

#it# Answer: Tie.
### Essay: {essay 2}

#it# Essay A: {essay a2} ### Answer: 2.
##t Essay B: {essay b2}
### Answer: Essay A. ### Essay: {essay 3}

### Answer: 5.

#i# Essay A: {essay a3}
#it# Essay B: {essay b3}
### Answer: Essay B.

Appendix B: zero-shot performance of Qwen2.5 and Mistral

Tables 11 and 12 present QWK results on ASAP++, TOEFLI11, and Ellipse for
Qwen2.5 and Mistral.

Appendix C: effect of prompting variations in comparative
assessment

For prompting, LCES employs official rubric guidelines originally designed for
absolute scoring, such as Likert-type scales Shibata and Miyamura (2025). Fig-
ure 12 shows an example of the prompt used in LCES. These official rubric guide-
lines often exceed 200-300 words, with some prompts reaching over 1,000 words;
we therefore also evaluate a shortened version of approximately 100 words per
prompt, as long contexts may hinder LLM performance.

Using meta-1lama/Llama-3.1-8B-Instruct, we evaluate three vari-
ants of the prompting scheme used in LCES: Prompt Style 1 (PS-1; full rubric
guidelines (RGs) with chain-of-thought (CoT)), which corresponds to the origi-
nal setting Shibata and Miyamura (2025), Prompt Style 2 (PS-2; full RGs without
CoT), and Prompt Style 3 (PS-3; shortened RGs with CoT). We refer to the prompt-
ing scheme used in CAnUSe as Good/Poor-based prompting (PS-4), which does
not include CoT; examples are shown in Fig. 9.

As shown in Table 13, we do not observe significant performance differences
among the LCES prompt variants (PS-1, PS-2, and PS-3), suggesting that the pres-
ence of CoT and the length of rubric guidelines have limited impact on performance
in this setting. In contrast, PS-4 exhibits slightly different behavior: CAnUSe’s
Good/Poor-based prompting performs slightly better on TOEFL11 but slightly
worse than the LCES-style prompting variants (PS-1-3) on ASAP++. These results
suggest that the style of the prompting template plays a more dominant role than
the presence of CoT or the length of rubric guidelines.
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# Instruction:

Read the following two essays and evaluate them based on rubric
guidelines. Then, indicate which essay is better overall. If both essays
are judged to be of the same score, evaluate them as “tie”

# Prompt: Write a letter to your local newspaper in which you state
your opinion on the effects computers have on people. Persuade the
readers to agree with you.

# Rubric Guidelines:

Score Point 1: An undeveloped response ...

Score Point 2: An under-developed response ...

# Essay 1: {essay 1}

# Essay 2: {essay 2}

Provide your reasoning and final decision.
Reasoning: (Your reasoning here)

Decision: (Either "Essay 1", "Essay 2", or "tie")

Fig. 12 An example of the prompt used in Shibata and Miyamura (2025)

Table 13 MAE/ (x100) results for different prompting strategies in LLM-based comparative assessment

Dataset Method Pl P2 P3 P4 P5 P6 P7 P8 Avg

ASAP++  PS-1: Full RGs with CoT 22.7 253 235 19.1 20.6 222 28.5 342 245
PS-2: Full RGs without CoT 25.1 259 248 204 222 23.1 272 255 243
PS-3: Shortened RGs with CoT  23.7 25.0 23.7 18.8 21.2 22.1 299 344 248

PS-4: Good/Poor-based (our 293 26.6 26.1 209 255 254 30.1 282 265
setting)

TOEFL11 PS-1: Full RGs with CoT 243 25.6 24.1 237 25.0 234 243 259 245
PS-2: Full RGs without CoT 232 254 234 229 247 23.1 247 256 24.
PS-3: Shortened RGs with CoT  23.2 25.7 23.8 22.0 25.7 23.0 234 245 239

PS-4: Good/Poor-based (our 22.6 242 23.1 225 237 229 225 240 232
setting)

MAE is computed as described in Sect. 6.1.1
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