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Abstract—Automated Essay Scoring (AES) systems are often
accurate but difficult to explain in a way that teachers and
students can understand. This paper presents a two-stage AES
pipeline that combines strong score prediction with short natural-
language justifications. First, a DeBERTaV3 encoder is fine-tuned
for holistic score prediction using a regression-style scorer. The
continuous outputs are then converted into the final discrete
score bands using a fixed set of validation-derived cut points,
keeping the inference stage deterministic. Second, to make
outputs interpretable, we use a UnifiedQA (T5-based) model to
generate concise justifications as answers to structured, rubric-
like questions (e.g., strengths, needed improvements, prompt rel-
evance), conditioned on the essay and prompt. This design keeps
the scoring model unchanged while adding an explanation layer
that supports qualitative inspection and reporting. Experiments
on ASAP2 AES benchmark and evaluation using Quadratic
Weighted Kappa (QWK) show strong agreement with human
scores, achieving 0.8329 QWK on validation and 0.8151 QWK
on the held-out test set, along with low mean absolute error.

Index Terms—Automated Essay Scoring (AES), DeBERTaV3,
UnifiedQA, natural language justification, interpretable scoring,
Quadratic Weighted Kappa (QWK)

I. INTRODUCTION
Automated Essay Scoring (AES) seeks to approximate

human holistic judgments of writing quality at scale, enabling
faster turnaround in educational assessment and supporting
large-volume grading pipelines. However, contemporary AES
deployment is constrained by two recurring requirements:
(i) high agreement with human raters on an ordinal scoring
scale, and (ii) transparent, user-facing explanations that help
instructors and learners interpret a score as actionable feedback
rather than an opaque decision [1], [2].
Neural AES has shifted from feature-engineering pipelines

to end-to-end transformer encoders that better capture
discourse-level semantics and long-range dependencies. Re-
cent surveys emphasize that transformer-based scoring dom-
inates current practice, particularly for prompt-conditioned
holistic scoring and cross-prompt generalization settings [2].
In this family, DeBERTa-style encoders strengthen contextual
representations through disentangled attention, and DeBER-
TaV3 further improves pretraining by combining ELECTRA-
style objectives with gradient-disentangled embedding sharing,
motivating its use as a strong backbone for regression-style
AES scoring [3], [4]. Parallel to this, recent conference work
continues to report strong AES performance with transformer
variants that explicitly incorporate prompt/context information
during scoring [5], [6].

Accuracy alone is insufficient for educational acceptance.
Stakeholders increasingly expect explanations that commu-
nicate why a score was produced (e.g., prompt relevance,
strengths, and concrete improvements). The literature high-
lights that producing feedback aligned with score rationale
remains a central limitation of deep learning AES: many
models achieve high agreement yet provide limited inter-
pretability and weak feedback grounding [2]. At the same time,
large language models (LLMs) are being explored for scoring
and feedback, but empirical evidence shows reliability and
consistency can vary by model and over time, raising concerns
for stable assessment use [7], [8].
This work adopts a separation-of-concerns design: scoring

is performed by a prompt-aware DeBERTaV3-small regressor,
while explanation is handled by a distinct post-hoc generation
module. The scoring model predicts a continuous value that is
deterministically mapped to the required discrete ordinal score
{1, . . . , 6} using fixed cut-points learned on validation data
and frozen thereafter. Interpretability is added through Uni-
fiedQA (T5-based), which generates short, structured justifi-
cations by answering rubric-like questions (e.g., two strengths,
two improvements, and a binary prompt-relevance judgment)
conditioned on the prompt and essay, without influencing the
scorer [9], [10]. Experiments on an ASAP-style benchmark
for source-based writing quality show strong agreement with
human scores, achieving QWK = 0.8329 on validation and
QWK = 0.8151 on the held-out test set, with low MAE.

A. Contributions
• A prompt-aware DeBERTaV3-small regression scorer for
holistic AES on a six-level ordinal scale, motivated by
recent transformer AES trends [4], [2].

• A deterministic discrete scoring layer using fixed cut-
points learned on validation data, enabling stable, repro-
ducible score mapping during evaluation and deployment.

• A post-hoc interpretability layer using UnifiedQA to
generate short, structured natural-language justifications
aligned to prompt and essay content, explicitly separated
from the scoring path [9], [10].

• Empirical evaluation with QWK/MAE/Accuracy and
confusion-matrix analysis demonstrating strong ordinal
agreement and boundary-sensitive error behavior on val-
idation and test splits.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work on AES and interpretability.
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Section III describes the proposed methodology. Section IV
details the experimental setup and evaluation protocol. Sec-
tion V presents results and analysis. Section VI concludes with
implications and directions for future research.

II. RELATED WORK

AES research has evolved from feature-engineered pipelines
to neural scoring models and, more recently, to Transformer-
based systems that learn task-conditioned representations di-
rectly from essay text. Contemporary reviews emphasize that
progress in holistic scoring has been accompanied by renewed
attention to (i) prompt-aware modeling, (ii) generalization
beyond seen prompts and datasets, and (iii) transparency and
feedback quality needed for educational use [2], [11].

A. Neural and Transformer Encoders for Holistic AES

Early neural AES systems established that end-to-end text
encoders can learn essay-to-score mappings without extensive
manual feature design, typically using regression objectives
for holistic scoring [12]. Transformer encoders later became
dominant due to stronger contextual modeling and transfer
capabilities [2], [11]. Within this family, DeBERTa-style archi-
tectures improve representation quality by disentangling con-
tent and positional information in attention, and DeBERTaV3
further refines pretraining via ELECTRA-style objectives and
gradient-disentangled embedding sharing [3], [4]. Recent con-
ference studies continue to report Transformer-based scoring
variants that explicitly model context and prompt information
to improve AES performance [5], [6].
Beyond encoder strength, several strands of work incorpo-

rate structured linguistic signals to improve scoring behavior.
For example, discourse-oriented external knowledge and dis-
course features have been used to complement Transformer
representations and improve scoring agreement on standard
benchmarks [13]. In parallel, multi-trait scoring has been
explored as a way to align automated scoring with rubric
dimensions; autoregressive score generation with encoder–
decoder models (e.g., T5-style decoding of trait scores) offers
a unified approach to predict multiple trait scores within a
single model [14].

B. Prompt Generalization, Dataset Limitations, and Trait Su-
pervision

A persistent limitation in AES evaluation is over-reliance
on a small number of benchmarks and prompts. Recent
work highlights that strong in-domain performance does not
necessarily imply robust cross-prompt generalization, and it
questions whether increasingly complex neural architectures
are always required for cross-prompt AES [15]. To broaden

C. Interpretability, Rationale Alignment, and LLM-Based
Scoring/Feedback
Interpretability remains a central adoption barrier for deep

AES models: high agreement with human scores does not
guarantee that a model relies on rubric-consistent evidence or
provides actionable feedback [2]. Recent diagnostic work stud-
ies rationale alignment by applying linguistically-informed
counterfactual interventions and comparing how AES encoders
and LLMs respond; findings suggest that BERT-like models
often emphasize sentence-level cues, while LLMs show sensi-
tivity to broader rubric-relevant properties such as organization
and conventions [17].
LLMs have also been used for direct essay scoring via

prompting. A recent zero-shot framework decomposes holistic
proficiency into traits and prompts LLMs to score each trait
before aggregating to an overall score, reporting strong gains
over naive prompting on benchmarks [18]. At the same time,
empirical work in educational settings reports that ChatGPT-
style scoring can diverge from expert human ratings and
exhibit instability across time, motivating designs that separate
stable discriminative scoring from post-hoc explanation gen-
eration [7], [8]. Fairness has also become a visible concern:
recent comparative studies assess subgroup behavior and bias
patterns across AES algorithm families, arguing that accuracy
alone is insufficient for equitable assessment [19].

D. QA-Style Justification Generation
A practical approach to generate concise, structured justifi-

cations is to cast feedback generation as question answering or
instruction-following. UnifiedQA demonstrates strong cross-
format QA generalization with a single text-to-text model,
and T5 provides the underlying text-to-text paradigm that
enables consistent prompting for short outputs [9], [10]. This
motivates post-hoc justification designs in AES where the
scorer produces the numeric decision and a separate QA-
style generator produces brief rationale statements aligned
with predefined questions.

III. METHODOLOGY

This work addresses holistic Automated Essay Scoring
(AES) with two outputs per essay: (i) a discrete ordinal
score on a six-level scale {1, . . . , 6} and (ii) a short natural-
language justification suitable for user-facing feedback. The
proposed system is a two-module pipeline with an explicit
separation between scoring and explanation. A prompt-aware
DeBERTaV3-small regressor produces a continuous score
estimate, which is deterministically mapped to the discrete
score set using fixed cut-points learned on validation data. A
separate UnifiedQA module generates brief post-hoc feedback
statements conditioned on the prompt–essay context; it does
not influence the scoring decision [4], [5], [6], [9], [10].

A. Architecture and Data Flow
evaluation beyond ASAP-only settings and enable trait-level Let D = {(Pi, Ei, yi)}N , where Pi is the prompt/rubric
analysis, new annotated corpora have been introduced with
both holistic and trait-specific scores; ICLE++ is a represen-
tative example designed to facilitate evaluation of generaliz-
ability, multi-trait scoring, and cross-prompt scoring [16].

text, Ei is the student essay, and yi ∈ {1, . . . , 6} is the human
holistic score. Fig. 1 summarizes the end-to-end flow: prompt-
aware input construction, continuous scoring, deterministic
discrete mapping, and post-hoc justification generation.
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Fig. 1: Proposed AES pipeline. The score predictor is a prompt-aware DeBERTaV3-small regressor producing a continuous
score, followed by deterministic discrete mapping using fixed validation-learned cut-points. UnifiedQA is used only for post-
hoc interpretability.

B. Prompt-Aware Score Prediction

a) Input construction.: Each instance is formed as a
single prompt-aware sequence:

Xi = [PROMPT] Pi [ESSAY] Ei. (1)

b) DeBERTaV3-small regressor.: A DeBERTaV3-small
encoder [4] produces a pooled representation hi, which is
passed to a one-dimensional regression head:

ŷ i

1, si < c1,
2, c1 ≤ si < c2,

=
3, c2 ≤ si < c3,
4, c3 ≤ si < c4,
5, c4 ≤ si < c5,

6, si ≥ c5.

(5)

ri = gθ(Xi) ∈ R. (2)

To align the regressor output with the 1–6 score space, we
apply a constant shift:

si = ri + 1.0. (3)

C. Discrete Score Mapping via Fixed Cut-Points

Continuous predictions si are converted to discrete labels
yˆi∈ {1, . . . , 6} using fixed cut-points learned on validation
data and frozen thereafter:

c1 = 1.6069442348049219,
c2 = 2.5339883438733097,
c3 = 3.323994310899762,
c4 = 4.249251710005174,
c5 = 5.279343944917446. (4)

D. Post-hoc Justification Generation

A separate text-to-text model generates short natural-
language justifications after scoring. We use UnifiedQA
(allenai/unifiedqa-t5-base) [9], built on T5 [10]. Given the
prompt–essay context (and optionally the predicted score
as additional context), UnifiedQA answers structured rubric-
style questions, producing concise feedback statements. This
module is not used to refine or modify the score predictor.

a) Justification prompts.: For each (Pi, Ei), we issue
rubric-style prompts such as:

• “Give two strengths of the essay in short phrases.”
• “Give two improvements in short phrases.”
• “Is the essay relevant to the prompt? Answer yes or no.”

Optionally, the predicted discrete score can be appended
as context (e.g., “Predicted score: yˆi”) to encourage score-
consistent phrasing, while maintaining a strict separation be-
tween scoring and explanation.
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Σ

N

TABLE I: Evaluation splits used in this study.

Split Size (N ) Use
Validation 2472 Model selection + cut-point learning
Test 2475 Final evaluation

TABLE II: Training hyperparameters and selection criteria for

TABLE III: Hardware and software environment.

Item Value
OS / Platform Windows 10

(10.0.26100)
Python 3.10.19
GPU NVIDIA GeForce GTX

the DeBERTaV3-small scoring model. GPU VRAM
1080 Ti
11.0 GB

System RAM 31.73 GB
PyTorch 2.2.2+cu118
CUDA (Torch) 11.8
cuDNN 8700
Transformers 4.41.2
Datasets 4.5.0
Scikit-learn 1.7.2
NumPy 1.26.4
Mixed precision FP16 enabled; BF16 dis-

abled

IV. EXPERIMENTAL SETUP
A. Dataset and Evaluation Splits
Experiments are conducted on the ASAP 2.0 corpus, a large-

scale dataset of source-based argumentative essays for AES
research [21]. We use the associated public competition release
[22], [23]. Performance is reported on a fixed validation split
(Nval = 2472) and a held-out test split (Ntest = 2475). Gold
labels are discrete integers y ∈ {1, . . . , 6}.

B. Implementation, Training, and Reproducibility Details
All experiments were implemented in Python using the

HuggingFace transformers training stack and executed
on a single GPU. To ensure reproducibility, we report the
complete optimizer and training configuration, random seed,

we only report the checkpoint identity and treat justification
outputs as qualitative artifacts (Sec. III-D), not as a scored
component of the evaluation.

C. Evaluation Metrics
We evaluate discrete predictions on validation and test using

Quadratic Weighted Kappa (QWK), Mean Absolute Error
(MAE), Accuracy, and the 6× 6 confusion matrix.

a) Quadratic Weighted Kappa (QWK).: QWK measures
agreement on an ordinal scale while penalizing larger disagree-
ments more strongly [24], [25]. Let K = 6 and define

(i− j)2
wij = (K − 1)2

, i, j ∈ {1, . . . , K}. (6)

With observed confusion matrix O ∈ RK×K and expected
matrix E computed from the marginals of O,

mixed-precision setting, library versions, and the exact best-
model checkpoint used for final evaluation. Discrete predic-
tions are produced by applying the fixed score boundaries

QWK = 1 −
K
i=1
K
i=1

K
j=1
K
j=1

wijOij

wijEij
. (7)

learned on the validation set (Sec. III-C), which are then frozen
for all reported results.

b) Mean Absolute Error (MAE).:
N

1) Scorer Training Configuration: The DeBERTaV3-small
scorer is fine-tuned as a regression model (problem_type
= regression). Training uses AdamW (adamw_torch)
with a linear learning-rate schedule and no warmup. Model
selection is performed using validation QWK (higher is better).
The best validation QWK achieved during training is 0.8211,

MAE =
1 |y
N i

i=1

c) Accuracy.:

Acc =
1 Σ

I [y

— ŷ i|. (8)

= ŷ ] . (9)
and the best checkpoint is checkpoint-19784, which is
used to produce the reported test results.
Loss function. The training logs did not store an explicit loss
identifier. The scorer is trained under a regression objective
consistent with problem_type = regression.
2) Compute Environment and Software Versions: All runs

were executed on Windows with CUDA-enabled PyTorch.
Mixed precision (FP16) was enabled; BF16 was disabled.
Table III summarizes the compute environment and key library
versions.
3) UnifiedQA Configuration for Justifications: The justi-

fication generator uses allenai/unifiedqa-t5-base.
Decoding settings were not stored in the run report; therefore,

N i i

i=1

V. RESULTS AND DISCUSSION

A. Overall Discrete Holistic Scoring Performance
Table IV reports performance after converting continu-

ous predictions to discrete holistic scores using the fixed
score boundaries defined in Sec. III-C. The proposed system
achieves strong agreement with human scores on both splits,
with QWK of 0.8329 on validation and 0.8151 on the held-out
test set. The MAE values (0.3483 and 0.3786) indicate low
average deviation from reference scores, while exact-match
accuracy remains competitive for a six-level ordinal scale.

Σ
Σ
Σ
Σ

Parameter Value
Optimizer adamw_torch
Learning rate 1 × 10−5

LR scheduler Linear
Warmup steps / ratio 0 / 0.0
Train batch size (per device) 4
Eval batch size (per device) 8
Gradient accumulation steps 1
Epochs 4
Weight decay 0.01
Gradient clipping ( ∇ max) 1.0
Random seed 42
Selection metric QWK (↑)
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TABLE IV: Discrete holistic scoring performance (score range
1–6). Higher is better for QWK and Accuracy; lower is better
for MAE.

Split QWK ↑ MAE ↓ Accuracy ↑
Validation (n = 2472) 0.8329 0.3483 0.6679
Test (n = 2475) 0.8151 0.3786 0.6372

TABLE V: Baseline comparison using test-set QWK.

Model Test QWK ↑
LSTM-AES 0.68
BERT-AES 0.74
RoBERTa-AES 0.75
DeBERTaV3-small + fixed score boundaries 0.8151

B. Comparison with Baseline Models
Table V contextualizes the proposed method against com-

mon neural AES baselines. The LSTM model represents early
neural sequence scoring [12]. BERT and RoBERTa represent
Transformer encoder fine-tuning for essay-to-score regression
[26], [27]. UnifiedQA is not used for scoring and is applied
only as a post-hoc interpretability layer (Sec. III-D).
The proposed prompt-conditioned DeBERTaV3-small re-

gressor with fixed score boundaries achieves the best reported
test QWK (0.8151). Relative to the strongest encoder-only
baseline (RoBERTa, 0.75), the absolute gain is +0.0651
QWK, indicating improved ordinal agreement under the same
evaluation protocol.

C. Confusion Matrix and Ordinal Error Structure
Table VI shows the test-set confusion matrix (rows: true

scores; columns: predicted scores). Misclassifications are dom-
inated by adjacent-level confusions, which is expected in
ordinal scoring. The largest error mass appears near the middle
of the scale, especially between 3↔2 and 3↔4, and between
4↔5, consistent with boundary-sensitive ambiguity in mid-
range essays.

D. Interpretability Outputs (Post-hoc Justifications)
The justification module is assessed qualitatively as an in-

terpretability layer rather than a scoring component. Following
the protocol in Sec. IV, we generate post-hoc rationales for
a balanced subset of 1642 validation essays (821 correct and
821 incorrect predictions). These outputs provide a compact
inspection interface for prompt relevance and feedback con-
sistency and can be displayed alongside the predicted discrete
score without modifying the scoring path.

VI. CONCLUSION AND FUTURE WORK

This paper presented a two-module AES pipeline that
outputs (i) a discrete holistic score on a 1–6 ordinal scale
and (ii) a short natural-language justification. The scoring
module fine-tunes DeBERTaV3-small as a prompt-conditioned
regressor by encoding the prompt and essay as a single
sequence. Discrete scores are produced by applying fixed score
boundaries learned on validation data and then frozen for
evaluation. On the held-out test set (n = 2475), the system
achieved QWK = 0.8151, MAE = 0.3786, and Accuracy

= 0.6372, and it improved over the baseline transformer
scoring results reported in the earlier draft. Error analysis
via the confusion matrix showed that most disagreements
occur between adjacent score levels, indicating that ordinal
structure is largely preserved while ambiguity concentrates
near neighboring score boundaries.
To support interpretability without altering the scoring path,

a separate UnifiedQA-based justification module generated
brief prompt-aligned statements (strengths, improvements, and
relevance). This separation keeps the numeric scorer stable
while providing an inspection and feedback surface that can
be reviewed by instructors or used to accompany predictions
in user-facing settings.
Several directions follow from current AES trends and

the observed error structure. First, boundary-sensitive errors
motivate learning strategies that explicitly optimize ordinal
consistency and robustness near class transitions, including
score-aware training objectives and boundary-focused data
augmentation. Second, extending the pipeline to cross-prompt
and low-resource settings requires prompt-invariant modeling
and stronger generalization controls, as emphasized by recent
work on scoring-invariance and cross-prompt trait scoring
[28]. Third, fairness and stability analyses should be incor-
porated as standard reporting: prior studies show that AES
systems can exhibit subgroup sensitivity and variability that
must be audited under realistic educational constraints [19],
[20]. Fourth, hybrid systems that combine a discriminative
scorer with trait-based or rubric-driven LLM scoring remain a
promising direction for improving transparency and aligning
model outputs with human grading constructs [18]. Finally,
justification quality should be evaluated with human-centered
protocols that measure actionability, consistency, and equity
of feedback across learner groups and genres, consistent with
recent empirical investigations of LLM-based writing feedback
[29].
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