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Abstract—Automated Essay Scoring (AES) research has pre-
dominantly focused on holistic scoring, yet rubric-based trait
scoring provides richer diagnostic feedback for both students
and instructors. While encoder-based models such as BERT have
achieved competitive trait scoring performance, they are limited
to score prediction and cannot generate the explanatory feed-
back that makes rubric-based assessment educationally useful.
Large Language Models (LLMs), by contrast, naturally support
both scoring and feedback generation within a single unified
framework. However, most existing work on fine-tuned LLM-
based rubric scoring relies on either large annotated corpora or
synthetic data augmentation to achieve competitive performance,
limiting practical adoption in settings where neither is readily
available. This paper investigates whether a small, carefully
balanced dataset of real essays can enable a fine-tuned LLM
to achieve competitive rubric-based trait scoring. We fine-tune
Qwen2.5-7B-Instruct using QLoRA on progressively augmented
subsets of DREsSNew (371, 478, and 736 essays), targeting under-
represented score bands at each stage, and propose a score-token
weighted loss function that concentrates the training signal on
score-bearing tokens. Data augmentation drives the majority of
the performance improvement: expanding from 371 to 736 essays
yields gains of +0.042 QWK on Content, +0.021 on Organization,
+0.041 on Language, 0.024 on Total. Score-token weighting
provides a further modest but consistent improvement, most
notably on Content (+0.025). Our best configuration achieves
per-trait QWK of 0.631 (Content), 0.612 (Organization), 0.625
(Language), and 0.669 (Total) on the DREsSNew test set using
only 736 real essays — remaining competitive with models trained
on datasets over 65 times larger while preserving the generative
capability needed for downstream feedback generation.

Index Terms—Text Mining, Data Augmentation, Educational
Data Mining, Automated Essay Scoring, QLoRA

I. INTRODUCTION

Automated Essay Scoring (AES) has been an active area
of natural language processing research for decades, with
applications ranging from large-scale standardised testing to
classroom writing instruction. Traditional AES systems based
on handcrafted features or encoder-only models such as BERT
have achieved competitive scoring performance on both holis-
tic and trait-based tasks [1], [2], but they are fundamentally
constrained to score prediction and cannot generate the diag-
nostic, rubric-aligned feedback that makes writing assessment
educationally meaningful. This limitation has motivated a
shift toward Large Language Models (LLMs), which can
naturally unify scoring and feedback generation within a single
framework by predicting structured scores and producing
explanatory text in a single generation.

Recent work has demonstrated the potential of LLM-based
AES across several directions. Rubric-aware chain-of-thought
(CoT) prompting has improved scoring transparency by de-
composing assessment into explicit reasoning traces before
aggregating a final score [3]. Fine-tuning open-weight LLMs
with multi-task LoRA on trait-specific rubrics has shown
strong results on IELTS writing assessment. For instance,
supervised fine-tuning of LLaMA-3-8B on 5,088 expert-
annotated essays across four IELTS traits (Task Response,
Coherence and Cohesion, Lexical Resource, and Grammatical
Range) achieves per-trait QWK scores ranging from 0.705 to
0.748 [4]. Comparative analyses of prompting versus fine-
tuning have further shown that even a compact fine-tuned
model substantially outperforms zero-shot or few-shot prompt-
ing of much larger models, including GPT-4 on per-trait
scoring tasks [1], [5].

However, across these studies, strong performance has con-
sistently been tied to dataset scale. The IELTS fine-tuning
work draws on a private dataset of over 5,000 expert-annotated
essays, of which 3,000 are used for supervised fine-tuning [4],
with additional stages for reward modelling and Reinforce-
ment Learning from Human Feedback (RLHF), a setup that
presupposes access to large human preference datasets and
multi-stage training infrastructure. The state-of-the-art rubric-
based scoring system on DREsSNew combines 2,279 real
classroom essays with over 40,000 synthetically generated
samples [1], and even data-efficiency-focused comparative
studies use full benchmark datasets [5]. None of these works
directly investigate how far a compact model can be pushed
with an order of magnitude less data through training-data
curation and loss design alone.

This paper addresses that gap directly. We fine-tune
Qwen2.5-7B-Instruct [6] using Quantized Low-Rank Adapta-
tion (QLoRA) [7] on the DREsSNew benchmark [1], a real-
classroom dataset of English as a Foreign Language(EFL)
argumentative essays scored by expert instructors on three
rubric dimensions. Rather than relying on scale or synthetic
augmentation, we investigate two targeted interventions: a
score-distribution-aware data augmentation strategy that pro-
gressively expands the training set from 371 to 736 real essays
by targeting underrepresented score bands, and a score-token
weighted loss function that concentrates the training signal
on the three numeric score tokens embedded within each
structured JSON output.
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The main contributions of this paper are:

1) A score-distribution-aware augmentation strategy
that targets underrepresented score bands using each
trait’s own median bucket count as a data-driven thresh-
old.

2) A score-token weighted loss function for generative
LLM fine-tuning that upweights the loss contribution
of score-bearing tokens relative to surrounding output
structure.

II. RELATED WORK
A. Evolution of Automated Essay Scoring

Automated Essay Scoring (AES) has progressed from early
statistical systems such as Project Essay Grade (PEG) [8] to
neural architectures based on LSTMs and CNNs that capture
richer semantic and contextual signal [2], [9]. Encoder-based
transformer models such as BERT subsequently achieved
competitive holistic and trait-level scoring performance [2],
but remain limited to score prediction and cannot generate
the diagnostic feedback that makes rubric-based assessment
educationally useful. This limitation, together with the emer-
gence of instruction-tuned Large Language Models (LLMs)
such as the LLaMA and Qwen families, has driven a shift
toward LLM-based AES, which unifies scoring and feedback
generation within a single generative framework.

B. Rubric-Aligned Fine-Tuning for Explainable Scoring

Recent work has combined structured reasoning with fine-
tuning to make LLM-based essay scoring more transparent. Xu
et al. [3] proposed QwenScore+, a framework that integrates
rubric-aware chain-of-thought (CoT) reasoning with a two-
stage optimization pipeline built on the Qwen model family.
Rather than relying solely on zero-shot prompt engineering,
their approach applies supervised fine-tuning (SFT) on a spe-
cialized dataset of 5,088 expert-annotated essays to decompose
evaluations into trait-specific dimensions, before leveraging
Proximal Policy Optimization (PPO) to align the generated
textual feedback with human expert preferences. By structur-
ing the pipeline into explicit multi-trait pathways, QwenScore+
achieves strong human-machine agreement, with QWK scores
across localized trait dimensions reaching 0.78-0.84. While
this architecture substantially improves scoring traceability and
feedback quality over holistic prediction, it highlights a distinct
data-efficiency gap: it depends on thousands of fully annotated
expert examples and a resource-intensive multi-stage training
pipeline to achieve robust calibration.

C. Multi-Adapter Fine-Tuning of LLMs for Trait-Level Scor-
ing and Feedback

Xu et al. [4] fine-tuned LLaMA-3-8B using a multi-task
LoRA (M-LoRA) architecture on a private dataset of 5,088
expert-annotated IELTS essays. A separate lightweight adapter
is trained for each of four core IELTS traits (Task Response,
Coherence and Cohesion, Lexical Resource, and Grammatical
Range) while the underlying LLaMA-3 backbone remains

frozen, mitigating catastrophic forgetting across traits. A sub-
sequent PPO-based RLHF stage refines the personalization and
quality of the generated textual feedback. While this work
demonstrates robust multi-dimensional scoring and feedback
generation, it does not examine how performance scales under
a constrained training budget, nor the interaction between
dataset size and loss-weighting strength across trait-specific
adapters.

D. Structured Reasoning and Multi-Agent Frameworks

A parallel line of work improves interpretability and ro-
bustness through multi-agent decomposition rather than single-
model fine-tuning. AutoSCORE [10] separates rubric-relevant
component extraction from final scoring across two dedicated
agents, forcing the reasoning path through human-aligned in-
termediate states and particularly benefiting smaller language
models with limited reasoning capacity. Multi-Agent Rubric-
guided Essay Scorer (MARES) [11] and the Roundtable Essay
Scoring (RES) framework [12] instead simulate a ‘“‘society
of agents” that engage in dialectical reasoning or debate
to reach a consensus score. Comparative analysis of single-
versus multi-agent architectures [13] suggests that multi-
agent systems are particularly effective at flagging critically
weak essays through specialized veto logic, while single-agent
models remain a more cost-effective choice for mid-range
assessment. Complementary work has focused on special-
ized evaluator models rather than general-purpose LLMs: the
Prometheus family [14], [15] induces fine-grained evaluation
capability through large synthetic instruction-response cor-
pora, and LCES [16] formulates AES as a zero-shot pairwise
comparison task to provide an accurate open-source alternative
to proprietary APIs. These approaches improve interpretability
and robustness but, like the fine-tuning frameworks above, are
developed and evaluated at a scale far beyond the low-resource
setting this paper targets.

E. Large Language Models as Alternatives to Human Evalu-
ators

A critical question underlying all of the above is whether
LLMs can serve as viable alternatives to human experts for
text evaluation at all. Chiang and Lee [17] were among the
first to propose “LLM evaluation” as a reproducible, faster,
and cheaper alternative to human assessment, showing that
models such as InstructGPT and ChatGPT can achieve high
consistency with expert human ratings on tasks like open-
ended story generation. This potential is further supported
by G-EVAL [18], which uses chain-of-thought prompting
together with token probabilities to achieve stronger align-
ment with human judgments on Natural Language Generation
(NLG) evaluation tasks, and by Tang et al. [19], who found
that well-crafted prompt engineering allows GPT-4 to reach
scoring accuracies that approach human-rater baselines on
multi-dimensional writing assessment.

However, other studies highlight significant divergences
between model behavior and human grading practice. Mathew
et al. [20] argue that LLMs do not grade essays like humans:



models tend to overrate short, underdeveloped essays while
over-penalizing minor grammatical errors in longer, more
sophisticated writing. Yancey et al. [21] similarly found that a
traditional machine learning baseline (XGBoost) outperformed
GPT-3.5 and GPT-4 in rating short L2 essays on the Common
European Framework of Reference (CEFR) scale, suggesting
that LLMs lack the precision of feature-driven approaches for
high-stakes quality prediction. A further concern is a “genera-
tive bias,” in which LLM-based evaluators may prefer outputs
generated by other LLMs over high-quality human-written
text. To bridge this gap, specialized open-source evaluators
such as Prometheus and Prometheus 2 [14], [15] have been
developed to mirror human and GPT-4 judgments more closely
across both direct assessment and pairwise ranking formats
by training on massive collections of fine-grained rubrics and
reference materials, rather than relying on a general-purpose
LLM’s evaluation ability out of the box.

F. Prompting vs. Fine-Tuning vs. Frozen Embeddings

Hallag and Ogul [5] systematically compared prompting,
fine-tuning, and frozen representation learning on the Feed-
back Prize-ELL dataset (3,911 essays scored across six ana-
Iytic traits). A fine-tuned LLaMA-3.2-1B model achieved the
highest per-trait QWK (0.655), while frozen embeddings from
the same model used to train a traditional Support Vector
Regression (SVR) model yielded a comparable QWK of 0.639,
suggesting that scoring-relevant information is already well
encoded in intermediate representations without task-specific
weight updates. In contrast, zero- and few-shot prompting of
substantially larger LLMs, including Phi-4:14B and GPT-4
Turbo, trailed well behind (QWK < 0.41), frequently suffering
from structured-output sensitivity and parser failures. The
strong performance of frozen LLM embeddings paired with
SVR in prior work [S] — achieving QWK 0.639 without any
weight updates — suggests that scoring-relevant information is
already encoded in LLM representations without task-specific
training. The relative failure of zero- and few-shot prompting
despite the same underlying model knowledge suggests that
the bottleneck is not understanding essay quality, but express-
ing that understanding as precise, consistently-formatted rubric
scores. Fine-tuning addresses exactly this gap, rather than
teaching the model what good writing is, it teaches the model
to reliably translate its implicit quality assessment into the
structured output format required for rubric-based scoring.

G. Standardized Benchmarks and Generative Data Bottle-
necks

Yoo et al. [1] introduced the DREsS benchmark to directly
address training-set scale and score imbalance in AES. DREsS
totals 48.9K samples across three sub-datasets: DRESSyew
(2,279 real-classroom EFL essays), DREsSgy (6,515 samples
unified from existing sources), and DREsScasg (40,185 syn-
thetic essays generated via their Corruption-based Augmenta-
tion strategy for Essays (CASE), which introduces sentence-
level errors into well-written essays to mimic authentic learner

mistakes). Training purely on DREsSne, compresses perfor-
mance to a total QWK of 0.471 (BERT) and 0.466 (Llama
3.1 8B); CASE augmentation raises these to 0.685 and 0.691,
respectively. Crucially, even when GPT-40 is given explicit
EFL student personas, it fails to generate essays that match
their intended rubric scores, yielding only 0.225 average
QWK for generative augmentation [1], compared to 0.661
for corpus-specific corruption-based synthesis (CASE). This
highlights that generating effective synthetic training data for
EFL essay scoring is not as straightforward as prompting a
general-purpose model, it requires corpus-specific strategies
that deliberately replicate learner error patterns, underscoring a
persistent data-efficiency gap that our work directly addresses.

H. Advanced Training Objectives for Multi-Trait Optimization

Beyond data scale, recent work has targeted the training
objective itself. Scoring-aware Multi-reward Reinforcement
Learning (SaMRL) [22] integrates Quadratic Weighted Kappa
(QWK) directly into training through a bidirectional reward
signal combined with an Mean Squared Error (MSE) penalty,
better capturing the ordinal nature of human ratings than
standard cross-entropy or unweighted MSE losses. Trait-Aware
Policy Optimization (TAPO) [23] extends this further with
trait-level credit assignment, providing localized feedback to
specific tokens within a generated score sequence and over-
coming the purely sequence-level scalar rewards of standard
Group Relative Policy Optimization (GRPO). These advances
in fine-grained, token-level supervision motivate our investi-
gation of a score-token weighted loss as a lightweight, data-
efficient alternative to full RL-based objectives.

L. Gap

Across these studies, performance gains are consis-
tently tied to dataset scale, requiring over 5,000 expert-
annotated essays for multi-trait IELTS architectures [4] or a
40,000+ synthetic expansion to stabilize baseline performance
on DREsSnew [1]. Structured multi-agent and specialized-
evaluator approaches [10], [12], [14], [16] improve inter-
pretability but do not target data efficiency, while advanced
RL-based objectives such as SaMRL and TAPO [22], [23]
operate primarily at sequence- or token-level reward design
in large-scale settings. None of these works directly investi-
gates how far a compact model can be pushed on an order
of magnitude less data (fewer than 1,000 primary samples)
through targeted training-data curation and localized score-
token weighted loss design alone. This leaves a distinct
operational gap regarding data efficiency and objective op-
timization, which our score-band-aware median augmentation
strategy and score-token weighted loss are explicitly intended
to address.

III. METHODOLOGY

A. Task Formulation

Given a student essay e and its associated writing prompt p,
the goal is to predict three rubric-based trait scores 4., ¥o, Ui €
{1.0,1.5,...,5.0} for Content, Organization, and Language



respectively, along with a derived total score §; = y.+Yo+14; €
[3.0,15.0].

B. Evaluation Metric: Quadratic Weighted Kappa

We use Quadratic Weighted Kappa (QWK) as the primary
evaluation metric, following [1]. QWK measures the agree-
ment between predicted scores ¢ and human-assigned scores
vy, accounting for the ordinal nature of the scoring scale. Unlike
simple accuracy, QWK penalises disagreements proportionally
to their distance — a prediction that is two score levels away
from the true score incurs a much larger penalty than one
that is off by only half a point. This makes QWK particularly
appropriate for essay scoring, where partial credit matters and
a prediction of 1.0 for a true score of 5.0 is far worse than a
prediction of 4.5.

Formally, QWK is defined as:

> i Wi Oij

2 wijBij
where O;; is the observed count of essays where the true
score is ¢ and the predicted score is j, F;; is the expected
count under the assumption of independent ratings, and w;; =
(%ijl);z is the quadratic weight penalising disagreements by
their squared distance. A QWK of 1.0 indicates perfect agree-
ment; 0.0 indicates agreement no better than chance; negative
values indicate systematic disagreement. Values above 0.6 are
conventionally interpreted as substantial agreement [2], [24].
Since the scoring scale uses 0.5-point increments, QWK is
computed by scaling all scores by a factor of 2 (mapping
the range [1.0,5.0] to integer values [2,10]) before applying
the standard Cohen’s kappa with quadratic weights [25]. This
preserves the quadratic penalisation structure while ensuring
compatibility with integer-based QWK implementations. All
QWK scores reported in this paper are computed using this
scaling approach via scikit-learn’s cohen_kappa_score
function [26].

k=1

D

C. Base Model and Fine-Tuning Framework

We fine-tune Qwen2.5-7B-Instruct [6] using Quantized
Low-Rank Adaptation (QLoRA) [7]. The model is loaded
in 4-bit NF4 precision with bfloatl6 computation, reducing
GPU memory from approximately 14 GB to 5 GB. Low-rank
adapters (LoRA) [27] are injected into all attention and feed-
forward projection matrices with rank r=8 and scaling factor
a=16. We chose a low rank for two reasons. First, prior work
shows that weight updates during downstream adaptation ex-
hibit a low intrinsic rank, so small r values are often sufficient
to match full fine-tuning performance [27]. Second, Wang et
al. [28] find that for LLaMA 2-7B, a similarly-sized model,
r=8 already captures a mean of 92.9% of gradient information
across layers (min. 85.1%), with further increases to r=128
yielding only marginal gains (99.3%), suggesting higher ranks
offer diminishing returns at this scale. This choice also suited
our hardware, as all experiments run on a single NVIDIA RTX
5090 (32 GB VRAM), where a low-rank configuration keeps
memory and storage overhead manageable.

The model is trained in a one-pass configuration: given
a system prompt containing the full scoring rubric and a
user message containing the essay and its associated writing
prompt, the model generates a structured JSON response
containing three trait scores, a derived total score, and holistic
feedback in a single generation. This unified one-pass format
is chosen over a decomposed three-adapter approach based
on preliminary experiments on DS-371, in which the one-
pass model achieved substantially higher total QWK (0.721
vs. 0.614 on a separate 130-essay balanced test set), with the
most notable advantage on Language (0.634 vs. 0.449). These
results should be interpreted with caution given the small test
size and its balanced score distribution, which differs from
the naturally left-skewed DREsSNew test set used throughout
this paper [1]. Nonetheless, the consistent Language advantage
motivates our architectural choice. A representative prompt
and output example are provided in Appendix A. Training
hyperparameters: learning rate 2 x 10~* with cosine decay,
effective batch size 8 (per-device batch 1, gradient accumu-
lation 8), 3 epochs, maximum sequence length 2,048 tokens.
Gradient checkpointing is enabled to reduce VRAM usage.
The best checkpoint is selected based on minimum validation
loss. Qwen2.5-7B-Instruct was selected for several reasons.
First, it is a fully open-weight model that runs on a single
consumer GPU without API dependency, consistent with our
practical deployment motivation. Second, at the 7B parameter
scale, Qwen2.5 demonstrated strong instruction-following ca-
pability at the time of our experiments [6], which is critical
for producing well-formed structured JSON output reliably
across all test essays. Third, the Qwen model family has
been independently validated for rubric-based essay scoring
tasks [3], providing a degree of prior evidence for its suitability
for this domain. Finally, Qwen2.5 is fully compatible with 4-
bit QLoRA fine-tuning without custom modifications, enabling
straightforward reproducibility of our pipeline.

D. Score-Token Weighted Loss

Standard cross-entropy loss assigns equal weight to every
output token, including JSON structural tokens (braces, key
names, punctuation) that the base model already produces
reliably without fine-tuning. Since QWK depends exclusively
on three numeric score values embedded within the JSON
output, we propose concentrating the training signal on those
tokens.

We define a per-token weighted cross-entropy loss:

= Zi w; -4
Do Wi
where /; is the cross-entropy loss at token position i, w; = A
for score-bearing tokens and w; = 1 otherwise, and prompt
tokens are masked with w; = 0 following standard instruction
fine-tuning practice.

Score-bearing positions are identified by anchoring
the search to each score’s specific JSON key (e.g.
"content_score") before locating the value token imme-
diately following, rather than searching for the bare numeric

2



value. This key-anchored approach correctly handles the com-
mon case where two or more traits share the same score value.
We test multiple weight multipliers: A € {4, 6,8} on DS-478
and A € {3,6} on DS-736, with A=0 (unweighted) as the
baseline for both.

1V. EXPERIMENTS AND RESULTS
A. Score-Distribution-Aware Data Augmentation

All fine-tuned models use essays drawn from DREsS-
New [1], a real-classroom dataset of argumentative essays
written by EFL undergraduate students at a South Korean
university during timed 40-minute in-class writing tests. Each
essay is scored by a single expert instructor on three rubric
dimensions — Content, Organization, and Language — on a
scale of 1.0 to 5.0 in 0.5-point increments. A fixed held-out test
set of 456 essays is used for all evaluations. According to [1]
real-classroom essay datasets are naturally left-skewed because
instructors are often hesitant to give very low scores leading to
a systematic underrepresentation of the lowest score range. A
model trained on such imbalanced data learns a biased scoring
function that performs well on common mid-range scores but
poorly at the extremes. Three progressively augmented training
sets are constructed as described below; Figure 1 illustrates
their score distributions per trait.

DS-371 is the initial training set of 371 essays drawn from
DREsSNew, manually curated to achieve an approximately
bell-shaped score distribution across all three traits, with most
essays concentrated in the mid-range scores (2.5-4.0) and
fewer at the extremes. Score distributions show near-zero
skewness (Content: —0.09, Organization: —0.22, Language:
+0.02) with means of 3.25, 3.30, and 3.16 respectively. De-
spite this overall balance, extreme score bands remain severely
thin: Content and Organization each have fewer than 10 essays
at score 1.0, and Language has no essays at score 1.0 and
only 6 at score 5.0. The distribution shows that the model has
insufficient signal to learn reliable scoring behaviour.

DS-478 augments DS-371 with 107 additional essays drawn
from the remaining DREsSNew pool not used in training
or testing. Augmentation targets score bands falling below
each trait’s own median bucket count — computed directly
from DS-371 — . Content-1.0 increases from 9 to 18 essays,
Organization-1.0 from 8 to 16, and Language-1.0 from O to
5. Despite targeting the median threshold, Language extremes
remain severely constrained by pool availability — Language-
5.0 reaches only 11 essays after exhausting the available
DREsSNew pool at that score level, falling short of the median
target. The resulting DS-478 distribution retains a roughly
bell-shaped form but is more spread out than DS-371, with
improved coverage at the low extremes.

DS-736 further augments DS-478 with 258 real essays
sourced from the broader DREsS dataset [1], which incor-
porates essays from ASAP [29], ASAP++ [30], and ICNALE-
EE [31] with scores standardised to the same 1.0-5.0 rubric
scale by the original dataset authors. Essays sourced from
ASAP and ASAP++ were cleaned to remove corpus-specific
anonymisation placeholders (e.g. @PERSON1, @CAPS1) and

assigned unique ID prefixes to avoid collision with DREsS-
New identifiers. The resulting DS-736 distribution exhibits a
two-tailed shape with elevated counts at both low and high
extremes. Extreme-score coverage improves substantially over
DS-478: Content-1.0 increases to 151 essays, Language-1.0
to 81, and Language-5.0 to 51. Table I summarises the three
training sets.

TABLE I
TRAINING DATASET SUMMARY.

Dataset n CMean O Mean L Mean Min Bucket
DS-371 371 3.25 3.30 3.16 6
DS-478 478 3.25 3.30 3.18 5
DS-736 736 2.89 2.98 2.88 51

Score Distribution Across Training Datasets
(per trait)

DS-371 (n=371)

DS-736 (n=736)
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Fig. 1. Score distributions per trait across the three training sets. DS-736
shows substantially improved extreme-score coverage compared to DS-371
and DS-478.

B. Stratified Train/Validation Splitting

To prevent the split from removing rare extreme-score
examples from training, we use a stratified split based on total
score (rounded to the nearest 0.5). Score bands with fewer than
14 examples (derived as [2/ min(val_size, 1 —val_size)] with
val_size=0.15) are retained entirely in training. This yields
approximately 626 training and 110 validation essays for DS-
736.

C. Main Results

Table II presents per-trait and total QWK for all configura-
tions on the 456-essay DREsSNew test set.

Zero-shot prompting of frontier models, tested without
any task-specific training data, yields poor trait-level per-
formance despite full rubric provision: Qwen3-32B achieves
0.225 total QWK and DeepSeek achieves 0.221. Five-shot
prompting improves results — DeepSeek improves to 0.310
— but all frontier configurations remain far below fine-tuned



performance, consistent with prior findings that task-specific
fine-tuning substantially outperforms zero-shot and few-shot
prompting for rubric-based trait scoring, regardless of frontier
model size [1], [5].

Our baseline (DS-371, unweighted) already substantially
outperforms all frontier baselines with 0.641 total QWK using
only 371 real essays. Our best configuration (DS-736, A=3)
achieves 0.631 (Content), 0.612 (Organization), and 0.625
(Language), with a total QWK of 0.669, representing im-
provements of +0.067, +0.024, +0.034, and +0.028 over the
DS-371 baseline on Content, Organization, Language, and
Total respectively. Notably, our best configuration matches or
exceeds both CASE-augmented baselines on Language and
Content reported in Yoo et al. [1] — achieving Language 0.625
compared to 0.607 (BERT + CASE) and 0.589 (Llama 3.1 8B
+ CASE), and Content 0.631 matching Llama 3.1 8B + CASE
(0.631) and approaching BERT + CASE (0.642) — despite
using real essays only and no synthetic augmentation. The
result suggests that targeted real-data augmentation at extreme
score bands, combined with mild score-token weighting, can
match or exceed the scoring performance of systems trained
on much more extensive synthetic corpora.

D. Effect of Dataset Size

Expanding from DS-371 to DS-736 without score-token
weighting yields consistent gains: +0.042 on Content, +0.021
on Organization, and +0.041 on Language. Language benefits
most, consistent with its having the most severe extreme-
score underrepresentation in DS-371 — Language=1.0 had
zero training examples in DS-371, increasing to 81 in DS-
736.

These results confirm that targeted score-band augmentation
is the primary driver of improvement. Notably, the unweighted
DS-736 model (0.665 total) already outperforms all DS-478
configurations regardless of weighting multiplier.

E. Effect of Score-Token Weighted Loss

On DS-478, increasing A\ from O to 8 improves total QWK
from 0.633 to 0.656 (+0.023). On DS-736, A=3 outperforms
both the unweighted baseline and more aggressive weighting.
Increasing to A=6 degrades performance across all traits rel-
ative to A\=3, suggesting that once data scarcity is addressed,
only mild loss emphasis is beneficial. This interaction between
data quality and loss weighting is a notable observation: the
two interventions are complementary rather than substitutable.

FE. Comparison with Published Baselines

Without synthetic augmentation, our model matches or
exceeds DREsSNew-only baselines reported in Yoo et al. [1]
on all three traits: Content 0.631 vs. 0.414 (BERT) and 0.413
(Llama 3.1 8B); Organization 0.612 vs. 0.311 (BERT) and
0.375 (Llama 3.1 8B); Language 0.625 vs. 0.487 (BERT) and
0.426 (Llama 3.1 8B). Against full DREsS + CASE models
trained on 48,900+ essays, our model matches Content (0.631
vs. 0.631 for Llama + CASE) and exceeds Language (0.625
vs. 0.589), with the remaining gap on Organization (0.612 vs.
0.771).

V. DISCUSSION
A. Data Augmentation as the Primary Lever

Our results consistently show that targeted score-band aug-
mentation drives the majority of performance improvement,
with score-token weighted loss providing a complementary
but secondary refinement. The gains from DS-371 to DS-
736 reflect the model learning from score ranges it previously
had no exposure to — particularly Language=1.0, absent from
DS-371 entirely. These results reveal that data augmentation
and score-token weighting are complementary rather than sub-
stitutable interventions: weighting provides meaningful gains
when data is thin (DS-478, A\=8: +0.023 total), but its benefit
diminishes and eventually reverses as data coverage improves
(DS-736, A=3 is optimal, \=6 actively hurts). The practical im-
plication : prioritising real essay collection at underrepresented
score bands is more valuable than tuning the loss function,
though mild weighting remains a useful refinement once data
coverage is adequate.

B. Why Mild Weighting Outperforms Aggressive Weighting on
Richer Data

A high weight multiplier forces the model to focus so
heavily on the score tokens that it neglects the quality of the
surrounding text. On a small or highly imbalanced dataset, this
focus is helpful because it boosts a weak signal. However, on
a richer dataset, this same concentration distorts the model’s
learning process and hurts its ability to generalize. This is con-
sistent with broader observations in the imbalanced learning
literature, where oversampling and loss reweighting are most
effective when imbalance is severe and can become harmful
beyond the point where imbalance has been substantially
corrected [32].

C. The Organisation Gap

The most notable limitation relative to the DREsS state
of the art is the gap on Organization (0.612 vs. 0.771 for
Llama 3.1 8B + CASE). This is consistent with the CASE
augmentation strategy, which generates structurally diverse
synthetic essays across a range of quality levels, providing
richer supervision for Organization-specific patterns than is
achievable from a small set of real essays alone. Several di-
rections may help close this gap without synthetic generation:
targeted collection of real essays specifically selected to cover
diverse organizational structures across the full score range;
augmentation strategies that treat Organization score as the
primary selection criterion independently of other traits; or
rubric-aware prompt engineering that provides stronger ex-
plicit supervision on structural features during fine-tuning. In-
vestigating these directions, alongside the potential of targeted
synthetic augmentation for Organization patterns specifically,
remains an avenue for future work.

D. Post-Hoc Calibration

Table III reports the effect of three post-hoc calibration
methods — Isotonic Regression, Quantile Mapping, and Beta
Calibration — fitted and evaluated directly on the 456-essay



TABLE 11
PER-TRAIT QWK ON THE DRESSNEW TEST SET (456 ESSAYS).

Model Training Data Content Org Lang Total
DRESsS Paper Baselines [1]
BERT DREsSNew (~1,368) 0.414 0311 0487 0471
Llama 3.1 8B DREsSNew (~1,368) 0.413 0.375 0426 0.466
BERT + CASE Full DREsS (48,900+) 0.642 0.750  0.607  0.685
Llama 3.1 8B + CASE Full DREsS (48,900+) 0.631 0.771  0.589  0.691
GPT-40 zero-shot None 0.310 0322 0.231 0.304
GPT-40 5-shot None — — — 0.428
Frontier Model Baselines (This Work)
Qwen3-32B zero-shot + rubric  None 0.155 0.324 0.189  0.225
Qwen3-32B 5-shot None 0.252 0.342 0298 0.225
DeepSeek zero-shot + rubric None 0.193 0267 0.192 0.221
DeepSeek 5-shot None 0.249 0.361 0.275 0310
Fine-Tuned Models — This Work
Qwen2.5-7B, DS-371, A\=0 371 essays 0.564 0.588 0.591 0.641
Qwen2.5-7B, DS-478, A=0 478 essays 0.611 0.641 0.532  0.633
Qwen2.5-7B, DS-478, \=4 478 essays 0.617 0.603  0.567 0.639
Qwen2.5-7B, DS-478, A\=6 478 essays 0.600 0.612 0.594 0.638
Qwen2.5-7B, DS-478, A=8 478 essays 0.627 0.619 0595 0.656
Qwen2.5-7B, DS-736, A=0 736 essays 0.606 0.609 0.632  0.665
Qwen2.5-7B, DS-736, A=6 736 essays 0.622 0.595 0.601 0.649
Qwen2.5-7B, DS-736, \=3 736 essays 0.631 0.612 0.625 0.669
test set, representing an optimistic upper bound on achievable TABLE IIT

calibration gain. Even under this best-case scenario, all three
methods degrade performance across all traits relative to the
uncalibrated baseline, with Beta Calibration producing the
largest drops (Content: —0.234, Organization: —0.126). Since
calibration fails to improve results even when fitted on the test
set itself, it is unlikely to provide any benefit under realistic
cross-validated conditions. The failure of post-hoc calibration
is not indicative of a model deficiency, but rather suggests
that score-band augmentation has already addressed the sys-
tematic prediction bias that calibration methods are designed
to correct. The Wasserstein distance, which measures the
average displacement in score points needed to transform the
predicted score distribution into the human score distribution,
ranges from 0.138 (Content) to 0.177 (Organization) across
all three traits, all well below half a scoring increment (0.25
points). This confirms that by ensuring adequate representation
of all score levels during training, the augmented model’s
predicted score distribution already aligns closely with the true
distribution, leaving little systematic bias for post-hoc methods
to correct, and attempting to apply them actively degrades
performance.

E. Implications for Practice

Our findings demonstrate that a 7B parameter model fine-
tuned on fewer than 750 real essays can achieve rubric-based
trait scoring competitive with systems trained on tens of thou-
sands of examples, running entirely on a single consumer GPU
without API dependency. Furthermore, the use of an LLM
preserves the generative capability needed for downstream
feedback generation — distinguishing this approach from
encoder-only AES systems that achieve competitive scoring
but cannot produce explanatory text.

PosT-HoC CALIBRATION RESULTS ON BEST MODEL (DS-736, A=3).
CALIBRATION FITTED AND EVALUATED ON THE 456-ESSAY TEST SET,
REPRESENTING AN UPPER BOUND ON ACHIEVABLE CALIBRATION GAIN.

Calibration Content Org Lang Total
None (baseline) 0.631 0.612 0.625 0.669
Isotonic Regression 0.542 0.560 0.575 0.610
Quantile Mapping 0.604 0.609 0.581 0.647
Beta Calibration 0.397 0486 0.597 0.556

*Calibration was fitted and evaluated

on the test set, providing an upper bound
on calibration gain. Degradation under
this optimistic setting suggests
calibration is unlikely to help under
realistic cross-validated conditions.

F. Limitations

All experiments use a single model family (Qwen2.5) and
a single dataset (DREsSNew); whether findings generalise
to other architectures, languages, or domains requires fur-
ther investigation. The optimal weight multiplier (A=3) was
determined empirically and may require retuning for other
datasets. The LoRA rank (r=8) was likewise fixed based on
theoretical and empirical evidence from prior work rather than
an ablation on our own dataset [27], [28]; whether a larger rank
would improve scoring consistency on such a small training set
remains an open question we did not test directly. We also did
not investigate how variations in system prompt wording affect
the stability of the model’s structured JSON score generation;
prompt sensitivity is a known factor in LLM output reliability
and represents an important direction for future work. Finally,
each configuration was trained and evaluated once. Given the
stochastic nature of both LLM training and inference, results
should ideally be averaged over multiple runs, and small



differences between configurations should be interpreted with
caution.

VI. CONCLUSION

This paper investigated whether targeted data curation and
loss design can substantially reduce annotation requirements
for rubric-based automated essay scoring with large language
models. Fine-tuning Qwen2.5-7B-Instruct using QLoRA on
progressively augmented subsets of DREsSNew — expanding
from 371 to 736 real essays through score-distribution-aware
augmentation — we demonstrated that careful coverage of
underrepresented score bands is the primary driver of per-trait
scoring improvement. A complementary score-token weighted
loss function provided further modest refinement, with A=3
on DS-736 achieving the best overall configuration: per-trait
QWK of 0.631 (Content), 0.612 (Organization), and 0.625
(Language).

These results, achieved using 736 real essays and no
synthetic data, match or exceed models trained on datasets
over 65 times larger on two of three traits, and substantially
outperform frontier models under both zero-shot and five-
shot prompting. A key finding is that score-token weighting
and data augmentation are complementary: weighting provides
meaningful gains when data is thin but becomes less necessary
as data coverage improves.

Future work should investigate strategies to close the Orga-
nization gap, including targeted real-data collection for struc-
turally diverse essays and rubric-aware prompt engineering,
explore reinforcement learning from human feedback (RLHF)
as a complementary alignment stage for all three traits, extend
evaluation to additional model families and domains, and
activate the generative capability of the fine-tuned model for
full formative feedback generation.
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APPENDIX
A. System Prompt

The system prompt comprises four components: a persona
definition, full rubric with behavioural anchors at all nine score
levels (1.0-5.0 in 0.5 increments), critical scoring rules, and
step-by-step task instructions.

You are an expert University Writing Examiner.

Your task is to evaluate a student’s essay across

three dimensions: Content, Organization, and
Language.

sentence structures, academic tone

1.0 - Severe errors throughout, meaning is often
unclear

[CRITICAL SCORING RULES]

- Use 0.5 increments only.

— Never default to round numbers.

CONTENT: Must directly address the university
prompt; clear stance with two developed
reasons —-> 4.0 or above; vague stance -> 2.0
or below.

ORGANIZATION: Clear intro/body/conclusion with
smooth transitions -> 4.0 or above; missing
structure -> 2.0 or below.

LANGUAGE: Grammar errors never impede
understanding -> 4.0 or above; errors
frequently impede understanding -> 2.0 or
below.

[TASK]

1. Read the essay against all three rubric
dimensions.

Reason through each dimension step by step.
Assign a score using 0.5 increments.

Sum three scores for final mark (3.0-15.0).
Write holistic feedback referencing all
three dimensions.

o w N

B. Model Output Example

Listine 2. Model JISON output (student ID 420)

"student_id": "420",

"section_scores": {

"content_score": 2.5,
"organization_score": 2.5,
"language_score": 3.0

} ’

"final_mark": 8.0,

"general_feedback": {
"holistic_feedback": "The essay presents a
clear stance that attendance should be
optional, but the argument is ....... "

}

[SCORING RUBRIC - BEHAVIORAL ANCHORS]

CONTENT :

5.0 - Fully developed argument, multiple
well-supported reasons, insightful analysis

4.5 - Strong argument with well-supported reasons;
minor gaps in depth or insight

1.0 - No clear argument, irrelevant or missing
content

ORGANIZATION:

5.0 - Clear intro/body/conclusion, smooth
transitions, logical flow throughout

1.0 - No recognisable structure

LANGUAGE :

5.0 - Accurate grammar, wide vocabulary, varied

The output demonstrates trait-specific scoring at 0.5-point
granularity, correct total derivation (2.5 + 2.5 + 3.0 = 8.0), and
rubric-aligned feedback referencing specific textual evidence
— all in a single generation pass.






