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Abstract

Going beyond the prediction of numerical
scores, recent research in automated essay scor-
ing has increasingly emphasized the generation
of high-quality feedback that provides justifica-
tion and actionable guidance. To mitigate the
high cost of expert annotation, prior work has
commonly relied on LLM-generated feedback
to train essay assessment models. However,
such feedback is often incorporated without
explicit quality validation, resulting in the prop-
agation of noise in downstream applications. To
address this limitation, we propose FeedEval,
an LLM-based framework for evaluating LLM-
generated essay feedback along three ped-
agogically grounded dimensions: specificity,
helpfulness, and validity. FeedEval employs
dimension-specialized LLM evaluators trained
on datasets curated in this study to assess multi-
ple feedback candidates and select high-quality
feedback for downstream use. Experiments
on the ASAP++ benchmark show that FeedE-
val closely aligns with human expert judg-
ments and that essay scoring models trained
with FeedEval-filtered high-quality feedback
achieve superior scoring performance. Further-
more, revision experiments using small LLMs
show that the high-quality feedback identi-
fied by FeedEval leads to more effective es-
say revisions. We release our code and curated
datasets at: https://github.com/BBeeChu/
FeedEval.git.

1 Introduction

Automated essay assessment has evolved from
feature-engineered approaches to pre-trained and
large language models (LLMs) (Ramesh and
Sanampudi, 2022; Li and Ng, 2024; Misgna et al.,
2024). While early work focused primarily on essay
scoring, recent studies have explored joint mod-
eling of scoring and feedback generation to pro-
vide pedagogically meaningful guidance beyond
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numerical scores. Developing essay feedback gen-
eration models typically requires pedagogically
grounded feedback annotated by domain experts,
which is costly and impractical in real-world set-
tings (Macina et al., 2025; Li and Ng, 2024). To
address this limitation, recent approaches increas-
ingly rely on LLM-driven synthetic data generation
for essay feedback (Li et al., 2023; Do et al., 2025).

In essay scoring with feedback generation, the
quality of feedback labels is crucial for training
models to predict scores accurately and generate
pedagogically useful feedback. However, prior ap-
proaches use LLM-generated feedback as labels
without explicit quality validation. As shown in
Figure 1 (Feedback 2), using LLM-generated feed-
back without quality evaluation can introduce low-
quality outputs that do not refer to the content of
the essay, deviate from the scoring rubric, or pro-
vide limited actionable guidance, ultimately de-
grading downstream applications such as model
training. To address this issue, we propose FeedE-
val (Feedback Evaluation), an LLM-based frame-
work for evaluating the pedagogical quality of mul-
tiple LLM-generated essay feedback candidates
and identifying high-quality feedback.

Through FeedEval, we fine-tune LLMs to as-
sess feedback quality along three pedagogically
grounded dimensions — specificity (Hattie and
Timperley, 2007; Shute, 2008), helpfulness (Steiss
et al., 2024), and validity (Black and Wiliam, 2009).
This design yields evaluations that closely align
with human teachers’ judgments of feedback qual-
ity, which we refer to as pedagogically aligned
evaluation and confirm through multiple experi-
ments involving experts in the educational domain.

As shown in Figure 1 (Feedback 1), FeedE-
val filters high-quality feedback closely tailored
to both the essay content and the scoring rubric,
which can further serve as reliable supervision
for downstream tasks, including essay evaluation
model training. Specifically, we construct or adapt
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Figure 1: FeedEval evaluates the quality of multiple feedback candidates for the same essay by assessing how well
they reference the essay, align with the rubric, and provide actionable revision suggestions.

dimension-relevant datasets to train the LLM eval-
uators for each dimension. Then, we prompt an
LLM to generate multiple feedback candidates for
each essay via temperature sampling and evaluate
them using the dimension-specific LLM evaluators.
Based on the resulting scores, FeedEval selects
high-quality feedback from multiple candidates.

We conduct our experiments on the ASAP++
dataset of student essays with human-annotated
multi-trait scores. We first validate the alignment
of FeedEval with educational experts in judging the
quality of LLM-generated essay feedback. We then
evaluate the effectiveness of FeedEval by compar-
ing the essay scoring accuracy of LLMs trained on
high- and low-quality feedback filtered by FeedE-
val. In addition, we examine the pedagogical use-
fulness of the high-quality feedback through essay
revision experiments and human evaluations. Our
extensive experiments show that FeedEval achieves
close alignment with human expert judgments, that
training with FeedEval-filtered high-quality feed-
back leads to more accurate essay scoring, and that
the resulting feedback is more pedagogically help-
ful than its low-quality counterpart.

To summarize, our main contributions are as fol-
lows: (1) we propose FeedEval, an LLM-based
framework that evaluates essay feedback along
three pedagogical dimensions—specificity, help-
fulness, and validity—and release SpecEval, the
first dataset for training essay specificity evaluation
models, (2) we demonstrate that FeedEval exhibits
close agreement with expert judgments in essay
feedback evaluation via human expert evaluations,
and (3) through extensive experiments, we show
that FeedEval-filtered high-quality feedback leads
to more accurate essay scoring and is pedagogically
more meaningful than low-quality feedback.

2 Related Work
2.1 LLM-based Essay Assessment

Recent research on automated essay assessment has
increasingly focused on leveraging LLMs, includ-
ing conventional language models (e.g., BERT), for
essay scoring and feedback generation (Yang et al.,
2020; Wang et al., 2022; Do et al., 2023, 2024; Lee
et al., 2024; Li and Ng, 2025). However, jointly
generating essay scores and feedback typically re-
quires expert-written, pedagogically grounded feed-
back, which is costly and impractical in real-world
settings (Li and Ng, 2024). To address this limita-
tion, recent approaches use LLMs to generate essay
feedback or rationales (Chu et al., 2025b; Do et al.,
2025; Li et al., 2023), and leverage them together
with human-annotated scores as supervision for
training essay assessment models.

Despite these advances, most existing methods
implicitly assume that LLM-generated feedback is
pedagogically reliable and do not explicitly assess
its quality. As a result, low-quality feedback (e.g.,
overly generic or misleading feedback) may be in-
cluded in the training data, potentially degrading
model performance. In contrast, our work system-
atically evaluates the pedagogical quality of LLM-
generated feedback and filters high-quality feed-
back, which can be used to develop more reliable
LLM-based essay assessment models.

2.2 [Evaluation of LLM-generated Feedback

Evaluating the quality of educational feedback is
a longstanding challenge in the learning sciences
area (Stahl et al., 2024; Meyer et al., 2024; Be-
hzad et al., 2024a). Prior work emphasizes that
effective feedback should be grounded in students’
work, rubric-aligned, and provide actionable guid-
ance (Hattie and Timperley, 2007; Shute, 2008;
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Figure 2: Overview of the proposed FeedEval frame-
work. FeedEval consists of three evaluators, each trained
on a dataset corresponding to a specific evaluation di-
mension. Given multiple feedback candidates generated
by an LLM, FeedEval evaluates their quality along three
dimensions and selects the highest-quality feedback.

Black and Wiliam, 2009; Steiss et al., 2024). How-
ever, these criteria are inherently open-ended and
context-dependent, requiring expert pedagogical
judgment, which makes high-quality feedback an-
notation costly, labor-intensive, and hard to scale
(Macina et al., 2025; Li and Ng, 2024). As a re-
sult, reference-based metrics such as BLEU (Pap-
ineni et al., 2002) and BERTScore (Zhang et al.,
2019) are ill-suited for evaluating the quality of
LLM-generated feedback, while LLM-as-a-judge
approaches show limited agreement with human
experts and raise pedagogical validity concerns (Li
etal., 2025; Liang et al., 2024; Maurya et al., 2025).
To address this gap, we propose FeedEval, a
feedback evaluation framework tailored to essay as-
sessment. FeedEval provides a scalable, pedagogy-
aware proxy for evaluating and filtering LLM-
generated feedback, and is validated through direct
comparisons with expert teachers’ judgments.

3 FeedEval Framework

We propose a new framework, FeedEval, for evalu-
ating LLM-generated essay feedback across multi-
ple traits and filtering high-quality feedback from
multiple candidates. Figure 2 illustrates FeedEval
in detail. Its components are explained below.

3.1 Evaluation Dimensions

Extant literature on educational feedback under-
scores several multifaceted components essential
for instructional efficacy. Specifically, effective

feedback must facilitate feed-up by clarifying learn-
ing objectives, feed-back through precise diagnos-
tic assessments of current performance, and feed-
forward by offering strategic pathways for improve-
ment (Hattie and Timperley, 2007). Furthermore,
integrating the five quality dimensions established
in prior research (Scarlatos et al., 2024; Steiss et al.,
2024; Black and Wiliam, 2009), feedback should
(1) maintain non-revelatory guidance to preserve
cognitive challenge (revealing), (2) ensure factual
accuracy for reliable support (correctness), (3) pro-
vide diagnostic precision in evaluating learner lev-
els (diagnosticity), (4) offer actionable scaffolding
for revision (guidance), and (5) employ an encour-
aging tone to foster motivation (encouragement).

Synthesizing these theoretical foundations, this
study evaluates LLM-generated essay feedback
across three pedagogically grounded dimensions:

* Specificity: Feedback includes explicit references
to relevant parts of the student’s essay.

» Helpfulness: Feedback provides actionable guid-
ance that supports the student’s improvement.

* Validity: Feedback accurately diagnoses the qual-
ity of the student’s essay based on the rubric score
descriptions.

Regarding the feedback dimensions proposed in
Hattie and Timperley 2007, we explicitly omit the
feed-up component. In essay scoring, learning tar-
gets are inherently defined by the scoring rubrics
and remain invariant across samples; thus, reiterat-
ing these objectives offers marginal instructional
value while potentially inflating feedback length
and compromising the efficiency of LLM genera-
tion. Instead, our framework concentrates on feed-
back—operationalized through specificity and va-
lidity—and feed-forward, captured by helpfulness,
to provide targeted diagnostic and improvement-
oriented signals. Furthermore, we refine the five
feedback quality dimensions established in prior
work (Scarlatos et al., 2024; Steiss et al., 2024;
Black and Wiliam, 2009) by excluding the reveal-
ing aspect, as essay tasks lack a singular, predefined
correct answer. The remaining four attributes are
systematically mapped onto our evaluation criteria:
correctness and diagnosticity correspond to speci-
ficity and validity, respectively, while guidance and
encouragement are integrated into helpfulness, as
both are essential for scaffolding the learner’s itera-
tive refinement process.
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Algorithm 1 FeedEval-based Feedback Selection
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3.2 Evaluation Pipeline

We employ dimension-specific LLM evaluators
trained to assess each feedback dimension. As
shown in Algorithm 1, FeedEval evaluates multiple
feedback candidates across traits and selects the
highest-quality one per trait. For each dimension,
scores are normalized across feedback candidates
using a softmax function. The following sections
describe how each evaluator is constructed.

3.2.1 Specificity Evaluator

The specificity evaluator measures how faithfully
and widely feedback references a student’s essay.
Given that no existing dataset explicitly targets the
specificity of essay feedback, we construct a new
41K dataset (SpecEval') using GPT-4o, leveraging
its strong capabilities in document comparison and
fine-grained textual alignment (Chu et al., 2025a).
For each essay, we generate three feedback vari-
ants using different prompt designs (see Appendix
A.1), resulting in three essay—feedback pairs. Given
each pair, the LLM extracts essay segments directly
quoted in the feedback. We then compute two met-
rics: (1) the proportion of feedback sentences that
reference the essay (faithfulness) and (2) the pro-
portion of essay sentences referenced by the feed-
back (coverage). Specificity is defined as the F1
score of these two metrics. Using these scores, we
construct a chosen—rejected pairwise dataset by
ranking feedback candidates for the same essay.
To build the specificity evaluator for selecting the

"'We release the dataset for future research.

superior feedback from a pair, we train an LLM-
based reward model on the SpecEval dataset us-
ing a binary ranking loss following Ouyang et al.
(2022):

N
Liank = *% ;1()@;0(7'9(61: f7.+) —roles, fi ) — m)
€]
where 7y (e, f) is the scalar score for an essay
e and feedback f, f* and f~ denote the chosen
and rejected feedback, respectively, m enforces a
margin between them (Macina et al., 2025), and o
denotes the sigmoid function.

3.3 Helpfulness Evaluator

The helpfulness evaluator assesses how well an
LLM-generated feedback provides actionable re-
vision points—that is, concrete suggestions that a
student can directly apply to improve an essay.

To capture this notion, we construct a 14K pair-
wise dataset by adapting prior feedback datasets
(Han et al., 2024; Seo et al., 2025) and human-
written feedback samples from the ASAP++
dataset to our task setting. Specifically, we refor-
mat these datasets into chosen—rejected pairs based
on whether the feedback offers clear, actionable
guidance for revision, and use them to train the
helpfulness evaluator (see Appendix B.1 for details
of the datasets and reformatting strategy). Follow-
ing the same training strategy as the specificity
evaluator, we train an LLM-based reward model
using a binary ranking loss (Ouyang et al., 2022).

3.4 Validity Evaluator

The validity evaluator assesses whether feedback
accurately diagnoses a student’s essay with respect
to the rubric score descriptions. We formulate va-
lidity evaluation as a natural language inference
(NLI) task, assuming that high-validity feedback
should be readily inferable from the rubric score de-
scriptions corresponding to an essay’s score. More
specifically, we treat the rubric score descriptions
as the premise and the feedback as the hypoth-
esis. To train the validity evaluator, we use the
Prometheus dataset?, designed to train LLMs that
align closely with human judgments for evaluating
open-ended responses based on rubric guidelines.
The dataset is a synthetic dataset generated by GPT-
4 including open-ended responses, scoring rubrics,

2ht’cps: //huggingface.co/datasets/
prometheus-eval/Feedback-Collection
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scores, and corresponding feedback. We reformu-
late this dataset into a validity-focused NLI task
by pairing rubric score descriptions with feedback:
for each response, the rubric score descriptions cor-
responding to the evaluated score is treated as the
premise and the feedback as the hypothesis, labeled
as entailment, while pairing the same feedback with
rubric descriptions from a randomly selected dif-
ferent score level is labeled as contradiction. This
process yields a 99K paired NLI-style dataset, en-
abling the model to learn whether feedback accu-
rately reflects the rubric-defined level of an essay.
We train an LLM using the loss:

N
LNLI = f% Zl log pe (yi | rubrict™, feedbackfyp)
- @)
where py(y | rubric’™, feedback™P) denotes
the probability of generating the NLI label y €
{entailment, contradiction}, conditioned on the
rubric?™® and the feedback™P. The probability
of generating entailment is used as the initial score
prior to normalization.

4 Experimental Setup

We conduct extensive experiments to examine (1)
the alignment between FeedEval instantiated with
different LLMs and human experts in evaluating
the quality of essay feedback, (2) the impact of
FeedEval-assessed feedback quality on training
LLMs for essay scoring, and (3) the effectiveness
of FeedEval-assessed feedback quality in guiding
essay revision by small LLMs. Our study is guided
by the following three research questions:

¢ RQ1. How well does FeedEval, instantiated
with different LLMs, align with human expert
judgments when evaluating essay feedback
across specificity, helpfulness, and validity?

* RQ2. How does feedback quality assessed by
FeedEval influence the training of LLMs for
essay scoring?

* RQ3. How does feedback quality assessed
by FeedEval affect essay revision by small
LLMs?

4.1 Datasets

To evaluate FeedEval’s ability to assess essay feed-
back quality, we use the ASAP++ dataset (Mathias
and Bhattacharyya, 2018), an enhanced version of
the ASAP dataset (Ben et al., 2012), that provides

human-annotated multi-trait scores for English es-
says across six prompts. As shown in Table 1, dif-
ferent prompts are evaluated using different writing
traits. We exclude the original ASAP dataset be-
cause it reports only aggregated scores from two
annotators, making it difficult to align scores with
explicit rubric descriptions.

| Dataset |Prompt|# Essays | Traits |

1783 | Over, Cont, WC, Org, SF, Conv
1800 | Over, Cont, WC, Org, SF, Conv
1726 Over, Cont, PA, Nar, Lang
Over, Cont, PA, Nar, Lang
1805 Over, Cont, PA, Nar, Lang
1800 Over, Cont, PA, Nar, Lang

ASAP++
QNN BN =
3
~
(%)

Table 1: Prompt-trait composition of the ASAP++
dataset. Traits include Overall (Over), Content (Cont),
Word Choice (WC), Organization (Org), Sentence Flu-
ency (SF), Conventions (Conv), Prompt Adherence
(PA), Narrativity (Nar), and Language (Lang).

4.2 Human Expert Alignment of FeedEval

We evaluate the alignment between FeedEval and
educational experts in judging feedback quality
across three dimensions. FeedEval is instantiated
with 3B-scale LLM backbones (approximately
3-4B parameters) and fine-tuned on dimension-
specific datasets to analyze expert alignment. For
comparison, we also include GPT-5.1 and Gemini-
2.5-Pro using LLM-as-a-judge prompting, repre-
senting widely adopted LLM-based evaluation ap-
proaches (Li et al., 2025; Zheng et al., 2023). We
employ four prompting strategies: zero-shot, zero-
shot with Chain-of-Thought (CoT), few-shot, and
few-shot with CoT. Detailed prompt templates are
provided in Appendix A.2.

Alignment is assessed via pairwise compar-
isons constructed from GPT-5.1-generated feed-
back?. Following prior work (Li et al., 2023; Do
et al., 2025; Chu et al., 2025b), we design three
prompting settings that vary the inclusion of essays,
prompts, excerpts, human-annotated scores, and
rubric descriptions (see Appendix A.1). Three edu-
cational experts selected the better feedback per di-
mension, and alignment is measured by whether the
feedback with the higher FeedEval score matches
expert preferences*. We report accuracy and F1
scores for the resulting pairwise rankings.

3A different model version is used for evaluation to avoid
overlap with GPT-40, which was used to construct the speci-
ficity dataset (SpecEval).

“Human evaluation details are provided in Appendix C.1.
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4.3 Feedback Quality Evaluation

To examine the feedback quality evaluated by
FeedEval, we prompt GPT-5.1 to generate eight
feedback candidates per essay and trait using tem-
perature sampling (temperature = 0.7). We then
select feedback with the highest or lowest average
FeedEval scores across specificity, helpfulness, and
validity, referred to as high- and low-quality feed-
back, respectively. The Overall trait is excluded
due to the absence of rubric descriptions. To fur-
ther assess FeedEval’s filtering effectiveness, we
compare these results with feedback filtered by
GPT-5.1, which selects feedback of the highest-
or lowest-quality from the candidate set without
relying on FeedEval scores. We adopt few-shot
prompting with CoT as it demonstrates the highest
alignment with human experts among the evaluated
proprietary LLM configurations (see Table 2).

4.4 Impact of Feedback Quality on Essay
Scoring

Since high-quality LLM-generated rationales effec-
tively supervise smaller LLMs’ reasoning (Kang
et al., 2023), we train 8B-scale LLMs to jointly
generate multi-trait scores and feedback’. Outputs
follow a structured JSON format, where each trait
contains a score and feedback (e.g., {content:
{score:3.0, feedback:...}, word choice:
{score:2.0, feedback:...},...}), while feed-
back for the Overall trait is set to “NAN”. This de-
sign supports generating long outputs and enables
score prediction followed by feedback generation.
Scoring performance is evaluated using quadratic
weighted kappa (QWK) (Cohen, 1968) with 5-fold
cross-validation, comparing models trained with
high- and low-quality feedback labels.

4.5 Impact of Feedback Quality on Essay
Revision

We investigate the impact of feedback quality on
essay revision through two approaches. First, fol-
lowing prior work (Nair et al., 2024; Dinucu-Jianu
et al., 2025), we use small-sized LLMs as student
simulators to revise human-written essays guided
by feedback of varying quality, and measure revi-
sion gains using a fine-tuned essay scoring model.
This design is motivated by evidence that small
LLMs struggle to produce high-quality text com-
pared to larger models (Song et al., 2025; Eldan
and Li, 2023), making them a reasonable proxy

SImplementation details are provided in Appendix D.

for learners who benefit from feedback. Although
validation with real students is ultimately neces-
sary, this controlled setting enables scalable and
reproducible evaluation of feedback effectiveness
without the ethical and privacy constraints associ-
ated with studies involving human learners (Macina
et al., 2025). Second, we conduct human evalua-
tions in which domain experts compare feedback
identified as high- or low-quality by FeedEval to
assess its pedagogical usefulness.

5 Experimental Results

5.1 Human Expert Alignment of FeedEval
(RQ1)
5.1.1 Alignment Across Different LLMs

| Model | Specificity | Helpfulness | Validity |

‘ | Ace.  F1 | Ace. F1 | Ace. F1 |
GPT (zero-shot) 0.729 0.833 | 0.584 0.697 | 0.640 0.445
GPT (zero-shot+CoT) 0.735 0.831 | 0.590 0.699 | 0.656 0.457
GPT (few-shot) 0.742 0.847 | 0.599 0.706 | 0.661 0.462
GPT (few-shot+CoT) 0.751 0.859 | 0.615 0.720 | 0.682 0.479
Gemini (zero-shot) 0.757 0.845 | 0.556 0.622 | 0.613 0.417
Gemini (zero-shot+CoT) 0.761 0.859 | 0.567 0.639 | 0.624 0.428
Gemini (few-shot) 0.769 0.856 | 0.571 0.643 | 0.638 0.439

Gemini (few-shot+CoT) 0.783 0.869 | 0.597 0.659 | 0.653 0.458

Llama3-3B-Inst. (3B-scale) | 0.820 0.880 | 0.864 0.912 | 0.835 0.709
Qwen2-3B-Inst. (3B-scale) | 0.807 0.870 | 0.755 0.824 | 0.833 0.703
Phi-3-Mini (3B-scale) 0.811 0.860 | 0.871 0.920 | 0.820 0.700
Gemma3-Inst. (3B-scale) 0.832 0.893 | 0.853 0.895 | 0.822 0.702

Table 2: Human alignment of FeedEval across three
feedback dimensions (pairwise Acc./F1). All 3B-scale
models are fine-tuned. GPT and Gemini refer to GPT-5.1
and Gemini-2.5-Pro respectively. The best performances
are shown in bold, and the second-best are underlined.

Table 2 reports the alignment between FeedE-
val and human experts across the three feed-
back quality dimensions for different LLM back-
bones. 3B-scale models trained on dimension-
specific datasets achieve the strong alignment,
consistently attaining accuracies above 75% and
F1 scores above 70% across the three dimen-
sions. These fine-tuned models outperform larger
frozen models, including GPT-5.1 and Gemini-2.5-
Pro, highlighting the effectiveness of dimension-
specific fine-tuning for feedback quality evalua-
tion. Among the frozen proprietary models, GPT-
5.1—when configured with few-shot prompting
and CoT—demonstrates the highest overall align-
ment with human expert annotations.

Based on its consistent strong performance
across all of the dimensions, we adopt Llama3-3B-
Instruct as the final FeedEval backbone. Cohen’s
Kappa of the backbone shows substantial agree-
ment for helpfulness (0.62) and moderate agree-
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ment for speciﬁcity6 (0.52) and validity (0.59).

To investigate potential model-dependency and
biases stemming from the exclusive use of the
GPT family (GPT-40 for SpecEval construction
and GPT-5.1 for essay feedback generation), we ad-
ditionally construct an alternative SpecEval dataset
using Llama3-70B. We subsequently train evalua-
tors to compare its alignment with expert annota-
tions as well as with the evaluators trained on GPT-
4o-based SpecEval. As a result, we observe that the
evaluator trained on the Llama3-70B-synthesized
data demonstrate comparable human-LLM agree-
ment in terms of accuracy and F1 score to its GPT-
4o0-based counterpart. Furthermore, the evaluators
trained on the GPT-40-generated and Llama3-70B-
generated SpecEval datasets achieve high agree-
ment scores (exceeding 0.8 in both metrics). These
results suggest that both models capture consistent
pedagogical characteristics of essay feedback, im-
plying that the choice of generator LLM does not
significantly bias the resulting evaluator’s perfor-
mance. Detailed results are shown in Appendix E.

5.1.2 Impact of Feedback-related Knowledge

‘ Knowledge Configuration ‘ Accuracy/F1-score ‘

‘ Task-related Feedback-related  Specificity =~ Helpfulness Validity ‘
X X 0.404/0.489 0.262/0.000 0.513/0.282
v X 0.644/0.748 0.656/0.768 0.671/0.417
v v 0.820/0.880 0.864/0.912 0.835/0.709

Table 3: Alignment of Llama-based fine-tuned models
with expert judgments across knowledge configuration.

Given our goal of enabling LLMs to evaluate feed-
back quality, we examine the role of feedback-
specific knowledge in aligning LLM judgments
with those of human experts. To this end, we
compare three settings: no fine-tuning, fine-tuning
on generic task-oriented data, and fine-tuning on
feedback-specific data constructed in this study. For
the generic task-oriented fine-tuning, we train speci-
ficity and helpfulness evaluators using a human-
preference reward dataset’, and train the validity
evaluator on the MNLI dataset®, formulated as an
NLI task. As shown in Table 3, while the generic
task-oriented fine-tuning improves alignment,

5The GPT-40-based specificity computation used for
SpecEval dataset construction shows high human alignment
(accuracy: 89.2%, F1: 92.0%, Cohen’s Kappa: 0.72); however,
we use the fine-tuned 3B model for efficiency.

7Anthropic RLHF (Bai et al, 2022), https:
//huggingface.co/datasets/Anthropic/hh-rlhf.

SMNLI (Williams et al., 2018), https://huggingface.
co/datasets/nyu-mll/multi_nli.

fine-tuning with our curated datasets yields fur-
ther gains, demonstrating the importance of
feedback-specific knowledge for reliable LL.M-
based feedback assessment.

5.1.3 Analysis of LLM-generated Feedback

| Score Rubric | Specificity — Helpfulness  Validity |
v v 56.68 40.71 63.72
v X 222 9.48 27.31
X v 41.10 49.81 8.97

Table 4: Proportion (%) of feedback-generation meth-
ods that achieve the highest score per dimension for
each essay. The best results are shown in bold, and the
second-best are underlined.

We analyze feedback quality across three
prompting strategies specified in Section 4.2 by
measuring how often each method achieves the
highest FeedEval score per essay across speci-
ficity, helpfulness, and validity. As shown in Table
4, prompting with both human-annotated scores
and rubric score descriptions most consistently
yields high-quality feedback, particularly for speci-
ficity and validity, underscoring the importance of
score—rubric integration. Rubric-only prompting
achieves the best performance for helpfulness and
the second-best for specificity, highlighting the cru-
cial role of rubric information. Accordingly, we
adopt the score—rubric prompting strategy to gener-
ate feedback candidates in subsequent experiments.

5.2 Impact of Feedback Quality on Essay
Scoring (RQ2)

5.2.1 Essay Scoring Performance

Table 5 reports the essay scoring performance of
Llama3-8B-Instruct and Qwen3-8B under differ-
ent label configurations’. The results show that
models trained on high-quality feedback filtered by
FeedEval consistently outperform those trained on
low-quality feedback across all traits. In contrast,
models trained on high-quality feedback filtered by
GPT-5.1 do not yield consistent performance gains
over their low-quality counterparts, highlighting
FeedEval’s superior ability to assess and filter
pedagogically helpful feedback and the effective-
ness of high-quality feedback filtered by FeedE-
val as supervision for essay scoring. Moreover,
models trained on FeedEval-selected high-quality
feedback consistently outperform those trained on

°Additional experiments on another dataset to examine

the generalizability of FeedEval’s impact on essay feedback
quality evaluation are provided in the Appendix G.
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Traits (Prediction Order: <) ‘

\
Feedback Quality ‘
\

‘ LLM ‘ A t ‘ Over Cont PA Lang Nar Org Conv wC SF Avg? (SD))
\ | ScoreOnly | X 0476 0546 0585 0540 0580 0580 0482 0491 0476 | 0.528 (+0.040) |
Score + Feedback | LW Quality (GPTS5.1) | 0445 0560  0.603 0579 0611 0550 0561 0568 0542 | 0.558(0.032)
High Quality (GPT-5.1) | 0438 0592 0601 0585 0606 0545 0548 0575 0555 | 0.561 (+0.038)
| Llama3-8B-Inst. | Improvement (High Quality - Low Quality) | -1.57% [#571% -033% +1.04% -0.82% -091% -2.32% 123% +240% | 052% |
Score + Feedback | LW Quality (FeedEval) | 0449 0576 0605 0575 0602 0570 0556 0563 0558 | 0.562(0.035)
High Quality (FeedEval) | 0451  0.601  0.612 0587  0.617 0575 0598 0598  0.579 | 0.580 (:0.037)
| | Improvement (High Quality - Low Quality) | +045% +4.34% +1.16% +2.09% +249% +0.88% [+71.55% +622% +3.76% | +3.22% |
| | ScorcOnly | X | 0712 0693 0696 0677 0710 0676 0674 0681  0.684 | 0.689(+0.022) |
Score + Feedback | 0% Quality (GPT5.1) | 0649 0.692 0701  0.667 0701 0669 0682 0669 0675 | 0.678 (+0.026)
High Quality (GPT-5.1) | 0.657 ~ 0.686  0.697  0.675 0699 0664  0.685 0682  0.686 | 0.681 (&0.035)
| Qwen3-8B | Improvement (High Quality - Low Quality) | +1.23% -087% -0.57% 120% -029% -0.15% +0.44% +194% +1.63% | +043% |
Score + Feedback | LW Quality (FeedEval) | 0.657 0682 0697 0673 0694 0671 0656 0674 0684 | 0.676(0.023)
High Quality (FeedEval) | 0.661 ~ 0.699 0709  0.683 0719  0.673  0.694  0.688  0.698 | 0.692 (:0.020)
\ | Improvement (High Quality - Low Quality) | +0.61% +2.49% +1.72% +1.49% +3.60% +0.30% [+5.79% +2.08% +2.05% | +1.58% |

Table 5: Average essay scoring performance across all prompts for each trait on the ASAP++ dataset. Traits are
predicted from right to left («—). We report five-fold averaged results with standard deviations (SD). The best
performances are shown in bold, and the second-best are underlined for each LLM backbone.

GPT-5.1-selected high-quality feedback, further
underscoring FeedEval’s stronger capability in
identifying high-quality feedback.

Compared to the score-only configuration, incor-
porating high-quality feedback slightly degrades
performance on the Overall trait. This is because
the dataset does not provide rubric score descrip-
tions for this trait, leading us to replace its feedback
with “NAN,” which could hinder accurate scoring.
For the Organization trait, the performance gap be-
tween high- and low-quality feedback is marginal,
likely because its rubric descriptions are broadly
defined compared to other traits, which limits the
feedback’s ability to capture structural features and
leads to minimal semantic differences across feed-
back quality levels, as illustrated by the case study
provided in Appendix J.4. Consequently, such un-
clear feedback might have slightly degraded the
scoring performance of Qwen3-8B on the Orga-
nization trait relative to the score-only setting.

Overall, the results underscore the importance
of well-defined, trait-specific feedback for accurate
essay scoring and demonstrate the effectiveness of
FeedEval for distinguishing essay feedback quality.
Given its strong performance, we adopt Qwen3-8B
as the backbone for subsequent experiments.'?

5.2.2 Impact of FeedEval Dimension

Figure 3 summarizes the essay scoring perfor-
mance of Qwen3-8B trained with high-quality
feedback selected using different combinations of
FeedEval dimensions. For one- and two-dimension

0Generating feedback before predicting scores consistently
degraded performance compared to predicting scores first, as
shown in the Appendix H.

[ One-dimension [ Two-dimension @z Three-dimension

QWK Score
=3
EN

0.64

Cont PA

Lang  Nar Org Conv WC SF

Figure 3: Average essay scoring performance across
traits on ASAP++ for Qwen3-8B trained with high-
quality feedback labels filtered by FeedEval using one,
two, or all three dimensions.

settings, we average results across all possible sin-
gle or pairwise combinations (see Appendix I for
individual performance results). Overall, perfor-
mance improves as more FeedEval dimensions are
incorporated. Using all three dimensions yields
the best results across all traits, while gains for
the Overall and Organization traits remain marginal.
This is likely due to the absence of feedback super-
vision for the Overall trait, as well as the difficulty
of capturing structural features for the Organization
trait, which is exacerbated by broad rubric descrip-
tions with limited distinctions across score levels.

5.3 Impact of Feedback Quality on Essay
Revision (R3)

5.3.1 Essay Improvement after Revision

To evaluate essay revisions by small-sized LLMs,
we use the Qwen3-8B essay scoring model trained
with score-only labels (Avg. QWK = 0.689; Ta-
ble 5). Figure 4 shows the average scores im-
proved when Llama3-1B-Instruct and Qwen2-1.5B-
Instruct revise essays using high- or low-quality
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Figure 4: Average essay score improvement across traits
on ASAP++ after revisions guided by feedback of high-
and low-quality identified by FeedEval and GPT-5.1.

feedback identified by FeedEval and GPT-5.1.

From these results, we first observe that high-
quality feedback filtered by FeedEval consistently
yields larger revision gains, while improvements
for the Organization trait remain marginal due to
the lack of detailed rubric descriptions during feed-
back generation, as discussed in section 5.2. Fur-
thermore, the revision gains from the high-quality
feedback filtered by GPT-5.1 are not consistently
larger than those from low-quality feedback, indi-
cating limited capability of GPT-5.1 in distinguish-
ing feedback quality. In addition, feedback identi-
fied as high-quality by FeedEval leads to greater re-
vision gains than GPT-5.1-selected feedback. Over-
all, these results demonstrate that FeedEval reli-
ably identifies pedagogically high-quality feed-
back that enables more effective essay revisions.
Specific cases of essay feedback and revised essays
are analyzed in Appendix J.5.

5.3.2 Human Evaluation of Feedback and
Essay Reivison

| Quality of Feedback (1-5) | Quality of

‘ Feedback | DI | D2 | D3 | Revised Essay (%)
High-quality | 3.62 4.67 3.02 70.3
Low-quality 1.53 1.30 2.05 29.7

Table 6: Human evaluation comparing feedback quality
and revised essay quality.

Table 6 reports human evaluations of both feed-
back quality and essay revision. Three educational
experts evaluated high- or low-quality feedback fil-
tered by FeedEval for 300 essays (100 per expert),
rating feedback on a 5-point Likert scale across
three pedagogically grounded feedback quality di-

mensions proposed by Steiss et al. (2024): faith-
fulness to essay (D1), usefulness for revision (D2),
and rubric alignment (D3)!". The evaluation re-
sults show that the high-quality feedback consis-
tently received higher scores compared to the low-
quality feedback. The same experts also conducted
pairwise comparisons of 300 essays revised by a
small-sized LLM (Qwen2-1.5B-Instruct) using the
two types of feedback, preferring essays revised
with high-quality feedback significantly more often.
These results corroborate the automatic evalua-
tion in section 5.3.1 and confirm that FeedEval
effectively filters high-quality feedback, leading
to improved downstream essay revision.

6 Conclusion

In this paper, we introduce FeedEval, a novel LLM-
based framework for evaluating the pedagogical
quality of LLM-generated essay feedback along
three dimensions: specificity, helpfulness, and va-
lidity. We validate FeedEval’s alignment with hu-
man expert judgments and demonstrate how its
evaluation scores can be used to filter high-quality
feedback. Experiments on the ASAP++ dataset
show that FeedEval closely matches expert evalua-
tions and that models trained on FeedEval-filtered
high-quality feedback achieve more accurate es-
say scoring than those trained on low-quality feed-
back. Moreover, essay revision experiments using
small LLMs, together with human evaluations, con-
firm that the selected high-quality feedback is ped-
agogically more meaningful and effective. Finally,
FeedEval consistently outperforms GPT-5.1 in dis-
tinguishing feedback quality, underscoring its ef-
fectiveness as a pedagogically aligned feedback
evaluation framework and its potential to advance
LLM-based automated essay assessment.

Limitations

In this study, we identify two primary limitations.
First, the essay scoring performance of the LLMs
used in our experiments may be influenced by the
generation order of scores and feedback, reflecting
the autoregressive nature of these models. Specifi-
cally, we observe that constructing labels to gener-
ate scores before feedback leads to better scoring
performance than generating feedback first. This
limitation, however, is not unique to our approach
and is shared by many recent LLM-based mod-
els that jointly generate predictions and rationales.

"Details of each dimension are addressed in Appendix K
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Second, our study focuses exclusively on English
essay writing. To evaluate the generalizability of
FeedEval to broader language education settings,
future work should examine its applicability to es-
says written in other languages.

Ethical Statement

Our work used publicly available essay scoring
benchmark datasets, including ASAP++, and did
not pose any ethical concerns during experimenta-
tion. For human evaluation, we followed a well-
established evaluation protocol in the literature,
preventing possible ethical issues in the annota-
tion process. Annotators were compensated at a
rate approximately 30% higher than the average
U.S. minimum wage.

Scientific Artifacts

The dataset (SpecEval) used to train the specificity
evaluator was generated using GPT-40 via Ope-
nAl’s paid API services. See Appendix 3.2.1 for
details.
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A Prompt Templates

A.1 Prompt Design for Feedback Generation

We employ GPT-5.1 to generate essay feedback us-
ing multiple sources of information. For each essay,
we provide the essay text, the associated prompt,
and an excerpt when available. To introduce vari-
ation in the generated feedback, we additionally
define three feedback-generation settings based on
how human-assigned scores and rubric descriptions
are incorporated.

A.1.1 Score+Rubric

In this setting, human-assigned scores and their
corresponding rubric descriptions are explicitly
included in the prompt. The prompt template is
shown in Figure 5.

A.1.2 Score Only

This setting includes only the human-assigned
score in the prompt, without providing the corre-
sponding rubric description. The prompt template
is shown in Figure 6.

A.1.3 Rubric Only

This setting includes rubric descriptions covering
all score ranges for each trait, without providing
human-assigned scores. The LLM evaluates the
essay without knowing human-annotated scores.
The prompt template is shown in Figure 7.

A.2 Prompt Design for Feedback Filtering by
GPT-5.1

Figure 8 illustrates the prompt template used for
filtering essay feedback quality via an LL.M-as-a-
judge framework, employing GPT-5.1 and Gemini-
2.5-Pro. We leverage these LLMs through four
distinct prompting strategies: zero-shot, zero-shot
with CoT, few-shot, and few-shot with CoT. The
colored segments are conditionally included based
on the strategy: the black text serves as the base
zero-shot prompt, while three author-provided se-
lection examples are appended for the few-shot
setting. The instruction “Think step by step” is in-
cluded for CoT-based filtering. When filtering feed-
back based on a specific pedagogical dimension,
the corresponding definition is inserted between
the [Condition] and (end of [Condition]) markers.
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You are a member of the English essay writing test evaluation committee. Please, evaluate the given essay using
following information.

[Prompt]
{prompt text}
(end of [Prompt])

[Excerpt]
{excerpt text}
(end of [Excerpt])

[Essay]
{essay text}
(end of [Essay])

[Scores]
Narrativity: 3
Language: 2
()

(end of [Scores])

[Rubric descriptions]

[Trait]

Narrativity

(end of [Trait])

The following is a rubric description in terms of the “Narrativity” trait.
Score 3: The response is interesting. Appropriate use of transition and . ..
[Trait]

Language

(...)

(end of [Rubric descriptions])

Refer to the provided [Prompt], [Excerpt], [Scores], and [Rubric descriptions] to evaluate the given essay.
Your task is to analyze the reason why the essay got certain scores for each trait based on the analysis of the essay.

[Note]

I have made an effort to remove personally identifying information from the essays using the Named Entity Recognizer
(NER). The relevant entities are identified in the text and then replaced with a string such as ‘@PERSON’, ‘@ORGA-
NIZATION’, ‘@LOCATION’, ‘@DATE’, ‘@TIME’, ‘@MONEY’, ‘@PERCENT’, ‘@CAPS’ (any capitalized word)
and ‘@NUM’ (any digits). Please do not penalize the essay because of the anonymizations.

(end of [Note])

Q. Identify specific excerpts from the [Essay] that illustrate the strengths or weaknesses highlighted in the [Rubric
descriptions] for each trait. Quote or summarize the relevant parts of the essay. Based on this analysis, rationalize the
[Rubric descriptions] for each trait. If the [Rubric descriptions] for a given trait indicates that the writing is strong,
provide only positive feedback. If it identifies weaknesses, provide a detailed analysis of the issue and suggest specific
ways to improve it. Keep your response for each trait within three sentences, and do not include any specific scores in
your analysis. Provide your answer in the following format:

{“trait 1’: “evaluation for trait 17, “trait 2”’: “evaluation for trait 2”, ...}

Figure 5: Prompt template for feedback generation using both human-annotated scores and score descriptions of the
rubric.
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You are a member of the English essay writing test evaluation committee. Please, evaluate the given essay using
following information.

[Prompt]
{prompt text}
(end of [Prompt])

[Excerpt]
{excerpt text}
(end of [Excerpt])

[Essay]
{essay text}
(end of [Essay])

Refer to the provided [Prompt] and [Excerpt] to evaluate the given essay. The following shows the scores of each trait
provided by a human scorer.

[Scores]
Narrativity: 3
Language: 2
(...)

(end of [Scores])

Your task is to analyze the reason why the essay got certain scores for each trait.

[Note]

I have made an effort to remove personally identifying information from the essays using the Named Entity Recognizer
(NER). The relevant entities are identified in the text and then replaced with a string such as ‘@PERSON’, ‘@ORGA-
NIZATION’, ‘@LOCATION’, ‘@DATE’, ‘@TIME’, ‘@MONEY’, ‘@PERCENT’, ‘@CAPS’ (any capitalized word)
and ‘@NUM’ (any digits). Please do not penalize the essay because of the anonymizations.

(end of [Note])

Q. Identify specific excerpts from the [Essay] that illustrate the strengths or weaknesses for each trait. Quote or
summarize the relevant parts of the essay. Based on your analysis, rationalize the score for each trait. If the writing is
strong enough, provide only positive feedback. If there are some weaknesses, provide a detailed analysis of the issue
and suggest specific ways to improve it. Keep your response for each trait within three sentences, and do not include any
specific scores in your analysis. Provide your answer in the following format:

{“trait 1°: “evaluation for trait 1, “trait 2”’: “evaluation for trait 2”, ...}

Figure 6: Prompt template for feedback generation using human-annotated scores.
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You are a member of the English essay writing test evaluation committee. Please, evaluate the given essay using
following information.

[Prompt]
{prompt text}
(end of [Prompt])

[Excerpt]
{excerpt text}
(end of [Excerpt])

[Rubric guidelines]

[Trait]

Narrativity

(end of [Trait])

[Trait Rubric]

Score 0: The response is irrelevant/incorrect/incomplete.

Score 1: The response is very uninteresting and disjointed and ...
(...)

(end of [Trait Rubric])

[Trait]

Language

(...)

(end of [Rubric guidelines])

Refer to the provided [Prompt] and [Excerpt] to evaluate the given essay.

[Essay]
{essay text}
(end of [Essay])

[Note]

I have made an effort to remove personally identifying information from the essays using the Named Entity Recognizer
(NER). The relevant entities are identified in the text and then replaced with a string such as ‘@PERSON’, ‘@ORGA-
NIZATION’, ‘@LOCATION’, ‘@DATE’, ‘@TIME’, ‘@MONEY’, ‘@PERCENT’, ‘@CAPS’ (any capitalized word)
and ‘@NUM’ (any digits). Please do not penalize the essay because of the anonymizations.

(end of [Note])

Q. Identify specific excerpts from the [Essay] that illustrate the strengths or weaknesses highlighted in the [Rubric
guidelines] for each trait. Quote or summarize the relevant parts of the essay. Based on your analysis, rationalize your
analysis for each trait. If the writing is strong enough, provide only positive feedback. If there are some weaknesses,
provide a detailed analysis of the issue and suggest specific ways to improve it. Keep your response for each trait within
three sentences, and do not include any specific scores in your analysis. Provide your answer in the following format:

{“trait 1’: “evaluation for trait 1, “trait 2”’: “evaluation for trait 2”, ...}

Figure 7: Prompt template for feedback generation using the rubric guidelines.
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On the other hand, when filtering feedback based
on all three dimensions together, all the definitions
are integrated into the template.

B Dataset Details

B.1 Datasets for Helpfulness Evaluator

The following three sources serve as the primary
basis for building chosen-rejected pairs of the
datasets for training the helpfulness evaluator:

« RECIPE4U (Han et al., 2024): A dataset col-
lected from university-level English learners
who iteratively revised their essays based on
LLM-generated feedback. In our setting, feed-
back that students accepted and used for revi-
sion is labeled as chosen, whereas feedback
that was not adopted is labeled as rejected.

e FEAT (Seo et al., 2025): A dataset in
which students read English passages and
wrote open-ended responses to comprehen-
sion questions. Human annotators ranked
feedback—generated by both humans and
LLMs—based on its accuracy and helpfulness
in improving the student’s answer, and we use
these rankings to construct chosen—rejected
pairs.

* ASAP++ (Mathias and Bhattacharyya,
2018): We use 45 human-written feedback
instances from the ASAP++ dataset. Inspired
by Behzad et al. (2024b), we prompt GPT-
5.1 to generate revised versions of the human-
written feedback, treating the revised feedback
as the chosen example and the original human-
written feedback as the rejected example.

B.2 Details of ASAP++ Dataset

Table 7 summarizes the ASAP++ dataset, including
essay characteristics, evaluated traits, and score
ranges for each prompt.

C Human Evaluation Details

We conducted various human evaluations with
three teacher annotators holding master’s degrees
in English education.

C.1 Pairwise Comparison of Essay Feedback
Quality across Specificity, Helpfulness,
and Validity

Figure 9 illustrates the definitions and descrip-
tive criteria for the three feedback evaluation

dimensions. Prior to the main annotation, the
three teacher annotators completed two training
rounds with 10 practice pairs per round to estab-
lish a shared mental model of the evaluation cri-
teria. Subsequently, we measured inter-rater re-
liability using Fleiss’ Kappa on a subset of 30
pairs, observing agreement above 0.85, which
indicates very high consistency. After verifying
the consistency, the annotators labeled 150 pairs
per dimension—specificity, validity, and helpful-
ness—resulting in a total of 450 annotated pairs
across all dimensions.

C.2 Human-evaluation of Essay Feedback
Filtered by FeedEval

Initially, the three teacher annotators completed
two training sessions, each consisting of 10 prac-
tice essay feedback samples, to establish a shared
understanding of the feedback evaluation criteria.
Inter-rater reliability was then assessed using the
intra-class correlation coefficient (ICC) on 30 es-
say feedback samples, indicating good agreement
(D1=0.78, D2=0.72, D3=0.75).

C.3 Human-evaluation of Essay Revised by
Small LLMs

The three teacher annotators were asked to select
the better revised essay from each pair of revision
outcomes. They again completed two training ses-
sions with 10 essay pairs per session to calibrate
their judgments, achieving high inter-rater consis-
tency with a Fleiss’ Kappa of 0.81 on 30 essay
pairs.

D Implementation Details

Details of the configurations for training essay as-
sessment LLMs and implementing essay revision
LLMs are provided below:

D.1 FeedEval LLMs

We fine-tune Llama3-3B-Instruct!?, Qwen2-3B-
Instruct'3, Phi-3-Mini-Instruct'4, and Gemma3-
Instruct!> models with DeepSpeed Stage-2 (Rasley
et al., 2020) on eight NVIDIA A100 (80GB) GPUs.

Zhttps://huggingface.co/meta-1lama/Llama-3.
2-3B-Instruct
13https://huggingface.co/Qwen/QwenZ.
5-3B-Instruct
14https://huggingface.co/microsoft/Phi—3.
5-mini-instruct
Bhttps://huggingface.co/google/gemma-3-4b-it
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You are an expert in filtering feedback data from multiple candidates based on specified conditions. Read the following
conditions and select the feedback that best satisfies them.

[Condition]

1. The feedback {should/should not} quote parts of the essay that are relevant to evaluating the given traits (Specificity).
2. The feedback {should/should not} include actionable revision suggestions for improving the essay (Helpfulness).
3. The feedback {should/should not} align with the score descriptions in the rubric (Validity).

(end of [Condition])

[Examples]
Three examples of essays, scores, feedback candidates, and selected feedback
(end of [Examples])

[Essay]
{essay text}
(end of [Essay])

[Scores]
Narrativity: 3
Language: 2
(...)

(end of [Scores])

[Rubric descriptions]

[Trait]

Narrativity

(end of [Trait])

The following is a rubric description in terms of the “Narrativity” trait.
Score 3: The response is interesting. Appropriate use of transition and . ..
[Trait]

Language

(...)

(end of [Rubric descriptions])

[Feedback Candidates]

“feedback 1”: “The essay is...”
“feedback 2”: “The essay is...”
“feedback 3”: “The essay is...”
“feedback 4”: “The essay is ...”
“feedback 5”: “The essay is...”
“feedback 6”: “The essay is...”
“feedback 7”: “The essay is ...”
“feedback 8”: “The essay is...”

(end of [Feedback Candidates])

Think step by step.
Pick only one feedback without additional explanation:
ex) feedback 3

Figure 8: Prompt template for filtering essay feedback by using LLM-as-a-judge.
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| Prompt | #of Essays | Average Length |  Essay Type | Grade Level | Traits | Score Range

| | | | | | | Overall | Trait |
P1 1,783 350 Argumentative 8 Over, Cont, WC, Org, SF, Conv 2-12 1-6
P2 1,800 350 Argumentative 10 Over, Cont, WC, Org, SF, Conv 1-6 1-6
P3 1,726 150 Source-Dependent 10 Over, Cont, PA, Nar, Lan 0-3 0-3
P4 1,772 150 Source-Dependent 10 Over, Cont, PA, Nar, Lan 0-3 0-3
P5 1,805 150 Source-Dependent 8 Over, Cont, PA, Nar, Lan 0-4 0-4
P6 1,800 150 Source-Dependent 10 Over, Cont, PA, Nar, Lan 0-4 0-4

Table 7: Statistics of the ASAP++ dataset. Traits include Overall (Over), Content (Cont), Word Choice (WC),
Organization (Org), Sentence Fluency (SF), Conventions (Conv), Prompt Adherence (PA), Narrativity (Nar), and

Language (Lang).

Specificity: Evaluates how concretely the feedback
reflects the content of the essay.

- To what extent is the essay content explicitly
referenced in the feedback?

- Is the essay content referenced evenly across the
sentences of the feedback?

- Does the feedback refer to multiple parts of the
essay in a balanced manner?

Helpfulness: Evaluates the extent to which the
feedback supports improvement of the learner’s
essay.

- Does the feedback identify aspects of the essay that
need improvement?

- Does the feedback provide sufficient information to
help the student improve the essay?

Validity: Evaluates how well the feedback reflects the
level of the essay score based on the rubric criteria.
- To what extent does the feedback reflect the rubric
criteria corresponding to the essay score?

- How accurately does the feedback use expressions
from the rubric criteria corresponding to the essay
score?

Figure 9: Definitions and detailed descriptions of feed-
back evaluation dimensions.

Training is conducted for 5 epochs (100 steps) us-
ing AdamW with a batch size of 4, an initial learn-
ing rate of le-5. The margin hyperparameter for
training the evaluator of specificity and helpful-
ness is set to 0.5. All other hyperparameters follow
default settings.

D.2 Essay Assessment LL.Ms

We fine-tune Llama3-8B-Instruct'® and Qwen3-
8B!7 models using LoRA (Hu et al., 2022) with
DeepSpeed Stage-2 (Rasley et al., 2020) on eight
NVIDIA A100 (80GB) GPUs. Training is con-
ducted for 5 epochs (100 steps) using AdamW with
a batch size of 4, an initial learning rate of le-4,
a weight decay of 0.05, and early stopping with
a patience of 2. All other hyperparameters follow
default settings.

D.3 Essay Revision LLMs

For essay revision, we prompt Llama3-1B-
Instruct!® and Qwen2-1.5B-Instruct'® models to
revise essays based on provided feedback. We set
the temperature to 0.7 and generate up to 1,000
new tokens.

E Specificity Evaluator Trained on
Llama-generated SpecEval Dataset

We generate a new SpecEval dataset using Llama3-
70B ?°. Then we train Llama3-3B-Instruct on
the SpecEval and compare its agreement with ex-
pert annotations as well as with the Llama3-3B-
Instruct trained on GPT-40-generated SpecEval.
As shown in Table 8, the evaluators trained on the

https://huggingface.co/meta-1lama/Llama-3.
1-8B-Instruct
"https://huggingface.
Bhttps://huggingface.
2-1B-Instruct
Yhttps://huggingface.
5B-Instruct
2Oht’cps://huggingface.
Meta-Llama-3-70B

co/Qwen/Qwen3-8B
co/meta-1lama/Llama-3.

co/Qwen/Qwen2.5-1.

co/meta-1lama/
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LLaMA-synthesized data demonstrated compara-
ble human—LLM agreement in terms of accuracy
and F1 score to its GPT-40-based counterpart. Fur-
thermore, both evaluators achieved high agreement
scores exceeding 0.8 in both metrics.

| Model | GPT vs. Human | Llama vs. Human | GPT vs. Llama |

\ | Ace. F1 | Acc. F1 | Acc. F1 |
Llama3-3B-Inst. | 0.820 0.880 0.800 0.864 0.824  0.884
Qwen2-3B-Inst. | 0.807 0.870 0.778 0.858 0.812  0.879

Phi-3-Mini 0.811 0.860 0.793 0.852 0.826  0.863
Gemma3-Inst. | 0.832 0.893 0.827 0.881 0.840  0.902

Table 8: Agreement of specificity evaluators trained on
SpecEval datasets synthesized by Llama3-70B (Llama)
or GPT-40 (GPT), compared with human experts and
between the two evaluators. All 3B-scale models are
fine-tuned. The best results are in bold, and the second-
best are underlined.

F Analysis of Potential Conflicts Between
Evaluation Dimensions

| Dimension | Specificity —Helpfulness Validity |
Specificity - 0.597 0.535
Helpfulness 0.597 - 0.511
Validity 0.535 0.511 -

Table 9: Pearson Correlation Coefficients Among Eval-
uation Dimensions

To evaluate potential conflicts among the three eval-
uation dimensions—specificity, helpfulness, and
validity—the Pearson correlation coefficients be-
tween the scores generated by each dimension-
specific evaluation model (Llama3-3B-Instruct)
were analyzed. As presented in Table 9, the results
indicate moderate positive correlations across all
pairs (0.40 < r < 0.60). This suggests that the di-
mension scores exhibit some linear association and
are not in opposing directions, while still capturing
distinguishable aspects.

G Impact of FeedEval on ASAP-SAS
Dataset

G.1 ASAP-SAS Dataset

To examine generalizability, we additionally uti-
lize the ASAP-SAS dataset (Barbara et al., 2012)*!
, which contains open-ended student responses
across multiple subjects. Since no publicly avail-
able dataset other than the ASAP++ provides multi-
trait essay scores directly linked to scoring rubrics,

2https://www.kaggle.com/competitions/asap-sas

we adopt ASAP-SAS as a practical alternative, de-
spite it offering only overall quality labels. We
select five prompts related to essay writing, and
use this dataset as a complementary benchmark to
evaluate the generalizability of FeedEval in essay
assessment settings.

| Dataset | Prompt | #Essays | Score Range |

2214
1952
2398
2398
2397

ASAP-SAS

O 003k~ W

Table 10: Statistics of the ASAP-SAS dataset.

G.2 Essay Scoring Performance

Table 11 reports essay scoring performance of mod-
els trained on the ASAP-SAS dataset to jointly
generate scores and feedback. Consistent with
ASAP++, models trained on high-quality feedback
filtered by FeedEval outperform those trained on
low-quality feedback across all prompts. In con-
trast, feedback labeled as high-quality by GPT-5.1
does not consistently yield better performance than
its low-quality counterparts. Moreover, models
trained with FeedEval-selected high-quality feed-
back consistently surpass those trained with GPT-
5.1-selected feedback. These results demonstrate
that FeedEval’s feedback quality assessment gener-
alizes beyond ASAP++ to other essay datasets.

G.3 Essay Improvement after Revision

[ GPT-5.1-low B0 GPT-5.1-high 1 FeedEval-low I FeedEval-high
Llama3-1B-Inst.

g0 il il

Qwen2-1.5B-Inst.

| B

Figure 10: Average essay score improvement across
prompts on ASAP-SAS after revisions guided by feed-
back of high- and low-quality identified by FeedEval
and GPT-5.1.
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Figure 10 shows average prompt-level score im-
provements when Llama3-1B-Instruct and Qwen2-
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Prompt ‘ ‘

| LLM | Assessment |  Feedback Quality | 3 4 7 8 9 | Avgt(SD)) |

\ |  ScoreOnly | X | 0556 0551 0534 0527  0.634 | 0.560 (+0.037) |
o+ stk | Lo Qo (GFLS) | 0580 002 0 05 b Lo

‘ Llama3-8B-Inst. ‘ Improvement (High Quality - Low Quality) = +8.83% -0.83% | +8.23% -0.36% +2.01% ‘ +3.41% ‘
Score + Feedback | oW Quality (FeedEval) | 0.617  0.604 0521 0563 0704 | 0.602 (0.030)
High Quality (FeedEval) | 0.661  0.610  0.551  0.595  0.729 | 0.629 (:0.035)

| | Improvement (High Quality - Low Quality) [#7.13% +0.99% [¥576% +#5:68% +3.55% | +455% |

\ |  ScoreOnly | X | 0570 0585 0483 0542 0.691 | 0.574 (+0.027) |
S+ Pk | Low Qs GFESD | 0365 0o pass 057 b [oameneny

| Qwen3-8B | Improvement (High Quality - Low Quality) +2.65% -0.69% [#551% +223% -1.17% | +142% |
Score + Feedback | oW Quality (FeedEval) | 0582 0577 0491 0553 0706 | 0.582(0.035)
High Quality (FeedEval) | 0.606  0.617  0.521  0.563  0.726 | 0.607 (-0.030)

| | Improvement (High Quality - Low Quality) +4.12% [#6.93% "#6111% | +1.81% +2.83% |  +426% |

Table 11: Average essay scoring performance for each prompt on the ASAP-SAS dataset. We report five-fold
averaged results with standard deviations (SD). The best performances are shown in bold, and the second-best are

underlined for each LLM backbone.

1.5B-Instruct revise essays using high- or low-
quality feedback identified by FeedEval and GPT-
5.1. Feedback filtered as high-quality by FeedE-
val consistently yields larger revision gains across
traits, whereas GPT-5.1-filtered feedback does not
show consistent improvements over its low-quality
counterpart, indicating limited discriminative abil-
ity. Moreover, FeedEval-selected high-quality feed-
back leads to greater gains than GPT-5.1-selected
feedback. Overall, these results demonstrate that
FeedEval reliably identifies high-quality feedback
that enables more effective essay revisions on
ASAP-SAS, supporting its generalizability.

H Essay Assessment Performance with
Reversely Constructed Labels

Table 12 reports the essay scoring performance
of Llama3-8B-Instruct and Qwen3-8B trained on
high- and low-quality feedback datasets filtered by
FeedEval, where models are trained to generate
feedback before predicting scores. While training
on high-quality feedback still yields consistent im-
provements over low-quality feedback across traits,
overall scoring performance is lower than that of
models trained to predict scores first, indicating that
the order of score and feedback generation affects
assessment accuracy (Do et al., 2025). This sug-
gests that LLMs benefit more from post-thinking
mechanisms than from pre-thinking mechanisms
in essay scoring tasks (Chen et al., 2025).

I Essay Scoring Performance under
Different FeedEval Dimension
Configurations

Table 13 reports the essay scoring performance
of Qwen3-8B trained on high-quality feedback fil-
tered by FeedEval under different dimension con-
figurations. For multi-dimensional configuration,
feedback is selected based on the average FeedEval
score computed over the corresponding subset of
dimensions.

J Additional Experiments

J.1 Essay Scoring Performance averaged
across the traits for each prompt

Table 14 reports the essay scoring performance
of Llama3-8B-Instruct and Qwen3-8B trained on
different feedback quality, averaged across traits
for each prompt. Models trained with high-quality
feedback filtered by FeedEval consistently out-
perform those trained with low-quality feedback
across all prompts, demonstrating the effective-
ness of high-quality feedback as supervision for
essay scoring. In contrast, models trained on feed-
back filtered as high-quality by GPT-5.1 do not
yield consistent performance gains over their low-
quality counterparts. Moreover, models trained
on FeedEval-selected high-quality feedback con-
sistently outperform those trained on GPT-5.1-
selected high-quality feedback, highlighting FeedE-
val’s superior ability to assess and filter pedagogi-
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Traits (Prediction Order: <)

‘ LLM ‘ A t ‘ Feedback Quality ‘ Over Cont PA Lang Nar Org Conv wC SF ‘ Avgt (SD)) ‘
Score+Feedback Low Quality 0.455 0.504  0.561 0.534 0579 0453 0.443 0496  0.502 | 0.503 (+0.042)
Llama3-8B-Inst. High Quality 0.464 0.508 0.590 0.538 0.600 0.470 0.461 0.530 0.527 | 0.521 (£0.032)

‘ | Improvement (High Quality - Low Quality) | +1.98% +0.79% [#5.17% | +0.75% +3.63% +3.15% +4.06% [+6:85% +4.98% | +3.56% ‘
Score+Feedback Low Quality 0.637 0.607 0.613 0614  0.624  0.664  0.691 0.646  0.684 | 0.642 (+0.024)
Qwen3-8B High Quality 0.648 0.626 0.618 0.662 0.626 0.679 0.695 0.650 0.698 | 0.656 (+0.026)

‘ | Improvement (High Quality - Low Quality) | +1.73% +3.13% +0.82% [ #7:82% | +0.32% +226% +0.58% +0.62% +2.05% | +2.11% ‘

Table 12: Average essay scoring performance across all prompts for each trait on the ASAP++ dataset. Traits are
predicted from right to left (<—). We report five-fold averaged results with standard deviations (SD).

Traits (Prediction Order: <)

‘ # of Dimensions ‘ Dimension ‘ Over Cont PA Lang Nar Org Conv WC SF ‘ Avg? (SD)) ‘
Specificity 0.657 0.689 0.700 0.678 0.712 0.669 0.688 0.672 0.681 | 0.683 (£0.021)
Helpfulness 0.652 0.686 0.701 0.683 0.717 0.668 0.681 0.671 0.685 | 0.683 (£0.024)
Validity 0.661 0.685 0.703 0.672 0.707 0.673 0.683 0.684 0.682 | 0.683 (£0.025)
Specificity+Helpfulness 0.654 0.691 0.698 0.673 0.709 0.675 0.686 0.681 0.685 | 0.684 (£0.020)
Specificity+Validity 0.662 0.692 0.701 0.678 0.708 0.672 0.691 0.683 0.696 | 0.687 (£0.025)
Helpfulness+Validity 0.664 0.69 0.706 0.677 0.71 0.67 0.697 0.685 0.703 | 0.689 (+£0.029)
‘ Three ‘ Specificity+Helpfulness+Validity ‘ 0.661 0.699 0.709 0.683 0.719 0.673 0.694 0.688 0.698 ‘ 0.692 (+0.020) ‘

Table 13: Average essay scoring performance on the ASAP++ dataset using high-quality feedback filtered by
different FeedEval dimension configurations, averaged across all prompts for each trait. Traits are predicted from
right to left («—). We report five-fold averaged results with standard deviations (SD). The best performances are

shown in bold, and the second-best are underlined.

cally useful feedback.

J.2 Alignment of FeedEval Across Model
Scales

To further examine FeedEval’s alignment with hu-
man experts in judging essay feedback quality,
we compare Llama3-Instruct models of different
parameter sizes fine-tuned on dimension-specific
datasets. As shown in Table 15, alignment with hu-
man experts improves as model size increases. Ul-
timately, we adopt the Llama3-3B-Instruct model
as the backbone for FeedEval, as it offers a reason-
able balance between strong alignment with human
experts and computational efficiency.

J.3  Error Analysis

We analyze error cases in which essay scoring
LLMs fail to generate outputs in the expected score-
feedback JSON format when trained with feedback
of varying quality. Such errors are commonly ob-
served when LLMs are required to generate text in
a predefined structured format (Wang et al., 2025;
Do etal., 2024). Aggregating errors across all folds,
we observe that on the ASAP++ dataset, Llama3-
8B-Instruct exhibits a total error rate of 1.6% across
five folds, whereas Qwen3-8B shows a substan-
tially lower error rate of 0.3%. In contrast, no for-
matting errors are observed for any model on the
ASAP-SAS dataset. Since the primary focus of

this study is essay scoring performance rather than
error-rate reduction, we exclude these error cases
when computing QWK scores.

J.4 Case Study of FeedEval-filtered Feedback

Table 16 compares high- and low-quality feedback
from three FeedEval dimensions. Text highlighted
in yellow indicates excerpts that directly reference
specific parts of the essay (specificity). Text high-
lighted in blue represents actionable revision sug-
gestions (helpfulness). Text highlighted in green
marks content aligned with the rubric description
(validity). Overall, the high-quality feedback cov-
ers a broader range of elements related to speci-
ficity, helpfulness, and validity than the low-quality
feedback.

J.5 Case Study of Revised Essays

Table 17 presents revised essays produced by
Qwen2-1.5B-Instruct based on feedback of differ-
ent quality for the same original human-written es-
say, along with the corresponding scores assigned
by an automated scoring model (Qwen3-8B). In
the essays, revisions corresponding to each trait
are highlighted using the same color assigned to
that trait. For the Organization trait, no substantial
differences are observed between high- and low-
quality feedback, and the resulting revised essays
receive identical scores for this trait.
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‘ Prompt ‘

| LLM | Assessment |  Feedback Quality | 1 2 3 4 5 6 |  Avg |
| |  ScoreOnly | X | 0430 0519  0.600  0.659  0.567  0.514 | 0.548 (0.042) |
Score + Feedback | oW Quality (GPT-5.1) | 0455 0526 0555 0675 0531 0585 | 0555(0.041)
High Quality (GPT-5.1) | 0443 0517 0567  0.668  0.544  0.584 | 0.554 (0.043)
| Llama3-8B-Inst. | Improvement (High Quality - Low Quality) -2.64% -1.71% +2.16% -1.04% +245% -0.17% | -0.12% |
Score + Feedback | 10w Quality (FeedEval) | 0479 0537 0553 0674 0540 0564 | 0558 (0.047)
High Quality (FeedEval) | 0.492  0.544  0.588  0.689  0.547  0.587 | 0.575 (0.040)
| | Improvement (High Quality - Low Quality) +2.71% +1.30% [#633% +2.23% +1.30% +4.08% | +299% |
| |  ScoreOnly | X | 0.687  0.662 0.695 0747  0.671  0.685 | 0.690 (0.025) |
Score + Feedback | oW Quality (GPT-5.1) | 0618 0648 0695 0756 0663 0702 | 0.680(0.029)
High Quality (GPT-5.1) | 0.631  0.645 0701  0.753  0.671  0.689 | 0.682(0.034)
‘ Qwen3-8B ‘ Improvement (High Quality - Low Quality) +2.10% -0.46% +0.86% -0.40% +1.21% -1.85% ‘ +0.20% ‘
Score + Feedback | 10 Quality (FeedEval) | 0.638 0647 0701 0752 0667  0.687 | 0.682(0.027)
core + Feed®ac | High Quality (FeedEval) | 0.639  0.665 0705  0.765  0.675  0.711 | 0.693 (0.021)
| | Improvement (High Quality - Low Quality) +0.16% +2.78% +0.57% +1.73% +1.20% +349% | +1.66% |

Table 14: Average essay scoring performance across all traits for each prompt on the ASAP++ dataset. We report
five-fold averaged results with standard deviations (SD). The best performances are shown in bold, and the second-

best are underlined for each LLM backbone.

| Model | Specificity | Helpfulness | Validity | For the Word Choice trait, issues explicitly iden-
\ | Ace.  F1 | Ace. F1 | Ace. F1 | tified in each feedback are appropriately revised in
Llama3-Inst. (1B) | 0.793 0.857 | 0.751 0.838 | 0.682 0.564 the Corresponding essays. However’ aSpeCtS men-
Llama3-Inst. (3B) | 0.820 0.880 | 0.864 0912 | 0.835 0.709 . . : . o

Llama3-Inst. (8B) | 0.829 0.897 | 0.881 0926 | 0858 0722 |  tonedin the high-quality feedback but omitted in

Table 15: Human alignment of FeedEval using Llama3-
Instruct across different parameter scales (pairwise
Acc./F1). The best performances are shown in bold,
and the second-best are underlined.

In contrast, for the remaining four traits, differ-
ences in feedback quality are clearly reflected in
the revised essays and are further manifested in
score differences. First, for the Sentence Fluency
trait, both high- and low-quality feedback refer to
the same portions of the original essay when ex-
plaining the issues, and the opening sections of the
revised essays produced under both feedback con-
ditions are very similar. However, although both
feedback types identify areas for improvement, the
high-quality feedback offers more concrete and ac-
tionable guidance than the low-quality feedback.
This difference is reflected in the revisions: while
not all revised segments can be explicitly high-
lighted, the essay revised using high-quality feed-
back exhibits clearer improvements in the Sentence
Fluency trait, including more varied sentence struc-
tures, and consequently receives a higher score for
the corresponding trait. In contrast, the essay re-
vised using low-quality feedback contains repeated
expressions that convey meanings similar to those
in preceding sentences (H).

the low-quality feedback remain unaddressed in
the revised essay guided by low-quality feedback,
as shown in (*).

Next, for the Conventions trait, the high-quality
feedback explicitly references specific contents of
the essay, whereas the low-quality feedback lacks
such specificity. As a result, the essay revised using
high-quality feedback exhibits more varied sen-
tence structures by rephrasing parts of the initial es-
say that contained grammatical errors and punctua-
tion mistakes. In contrast, although revisions based
on low-quality feedback reduce some conventions-
related errors, they primarily involve deleting prob-
lematic sentences without introducing newly re-
formulated content, resulting in relatively limited
sentence variation. Not all revised segments can be
explicitly highlighted.

Finally, for the Content trait, the high-quality
feedback provides more concrete and actionable
guidance on how to improve the essay than the low-
quality feedback. Consequently, the essay revised
with high-quality feedback presents more explicit
and well-supported evidence to substantiate the
author’s main arguments.
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[ Trait [ Sentence Fluency (Score: 3/6), Word Choice (Score: 3/6), Conventions (Score: 3/6), Organization (Score: 4/6), Content (Score: 3/6) [

In the @ LOCATIONT1 we have the technology of a computer. Some say that the computers are good for the society. I disagree, I believe
that it is bad for a few reasons. Some of the reasons are obesity, cramps, more sexual harrassment and even cyber bullying. First if people
don’t get off the computers and go out to exercise then it will cause obesity. Think of it this way, if you watch a kid that didn’t have to go to
school his entire life and he started off at @ NUMI1 pounds. The only thing the kid will want to do is play on the computer and he will gain
weight. Next, tip-top-tip-top, that’s all you hear when a kid is on the computer, @ CAPS1 teens come home from school and go straight to
the computer and don’t get off about on a school night. These are the kids that are @ CAPS1 likely to get bad cramps. they get the cramps
form typing to fast, hard and too long. They also can get the cramps from just sitting down for to long then trying to get up but can’t because
it hurts to much to decide to move anywhere. There’s also a lot more of sexual harassment that is going on some kids goin to a chat room to
talk to their friends about some great news, but when they get out of the chat room they are all mad and pissed off. The reason is because
Essay someone was making fun of them and they didn’t like it. This happens maybe close to @ PERCENT! of the time that teens and even parents
go into chat rooms online. This is the third reason on why computers have an huge effect on people. The last reason that computers have a
huge effect on people is because of cyberbullying. cyberbullying is when someone bullies you but just online instead. Have you realized that
children became poor or sick because they dont want to be hurt or killed over something very stupid? Well, I have and it’s not nice, and now
the god thing is if a kid goes to school online he/she @ MONTHI get cyberbullied because he’s not smart enough or if he/she don’t have the
money to go to school. The cyberbullying normally occures in a chat room online. There is where all of the family will either become broke
with no money or food. They @ MONTHI even lose their kid or the house that they live in because someone wanted to act all big and bad to
be popular in school. In conclusion, these are only a few ways that computers effects people. The obesity, cramps, sexual harrassment and
cyberbullying are not a joke and it’s not fun to get done to you. Now it’s your turn to tell us what you think about the computers. Do you
think computers are good and benefits society or is it bad a rot little kids brains to make their lives horrible for them to live with?

Sentence Fluency: The essay contains sentences such as ‘First if people don’t get off the computers and go out to exercise then it will
cause obesity,” which lacks fluidity and clearer punctuation. Many sentences feature repetitive patterns and awkward constructions like
“The obesity, cramps, sexual harassment and cyberbullying are not a joke and it’s not fun to get done to you.” Improvement can be made by
varying sentence structures and adding transitional elements for smoother flow.

‘Word Choice: Word choices such as ‘it’s not nice’ and ‘act all big and bad’ lack specificity and precision, making the language seem
mundane. Expressions like ‘very stupid” and ‘rot little kids brains’ do not effectively convey the intended seriousness of the issues. Enhancing
the vocabulary with more precise and varied language would make the argument more compelling.

Conventions: The essay exhibits issues with conventions, notably in the lack of proper capitalization, punctuation, and spelling errors, such
as ‘sexual harrassment,” ‘occures,’” and ‘dont.” There are frequent grammatical errors that disrupt readability and comprehension. To enhance
conventions, careful proofreading and editing should focus on correcting spelling, capitalization, punctuation, and grammatical errors.
Organization: The essay has a basic organizational structure with an introduction, body, and conclusion but does not fully function as a
cohesive letter to the editor. Ideas are somewhat scattered throughout the paragraphs, affecting the clear flow of arguments. Refining the
format to more clearly differentiate and develop each argument in separate, well-connected paragraphs and ensuring it adheres to the letter
format will enhance organization.

Content: The essay attempts to cover main ideas such as obesity and cyberbullying but does so in a simplistic and unstructured manner.
Details provided, like ‘someone wanted to act all big and bad to be popular in school,’ lack depth and sometimes drift off-topic. Expanding
on each issue with more thoughtful and specific examples would provide a deeper exploration of the problems discussed.

High-quality
Feedback

Sentence Fluency: The sentence fluency score reflects a mix of clear and awkward sentences throughout the essay such as ‘The obesity,
cramps, sexual harassment and cyberbullying are not a joke and it’s not fun to get done to you.” While the writer attempts to use a
conversational style, many sentences are fragmented or run-on, making it difficult to follow the argument smoothly. The lack of variety in
sentence structure further limits the fluid reading experience.

Word Choice: The word choice in the essay is basic and repetitive, which does not effectively convey a sophisticated understanding of the
topic. There are attempts to use descriptive language, but the expression like ‘rot little kids brains’ is often imprecise or informal, detracting
from the persuasive impact. Additionally, some words and phrases are used inaccurately, weakening the overall argument.

Conventions: The essay contains several grammatical errors, such as incorrect verb forms, punctuation mistakes, and capitalization issues,

Low-quality which disrupt the readability. These errors suggest a lack of careful proofreading and editing. While some sentences are free of errors, the

Feedback frequency of mistakes throughout the essay impacts the clarity and professionalism of the writing. To enhance conventions, the writer should
focus on correcting spelling, capitalization, and grammatical errors.
Organization: The organization of the essay shows a logical progression of ideas with a clear introduction, body, and conclusion. The writer
presents several reasons supporting their opinion against the use of computers, although transitions between ideas could be smoother. Despite
some structural weaknesses, the overall organization helps convey the writer’s main points effectively.
Content: The content of the essay includes several arguments against the use of computers, such as obesity and cyberbullying, but lacks
depth and supporting evidence. The points are presented without substantial elaboration or examples that would strengthen the argument.
Consequently, the essay provides a basic exploration of the topic without fully persuading the reader.
Sentence Fluency (Score 3): The writing tends to be mechanical rather than fluid. Occasional awkward constructions may force the reader
to slow down or reread. The writing is characterized by
-some passages that invite fluid oral reading; however, others do not.
-some variety in sentence structure, length, and beginnings, although the writer falls into repetitive sentence patterns.
Word Choice (Score 3): Language lacks precision and variety, or may be inappropriate to audience and purpose in places. The writer does
not employ a variety of words, producing a sort of ‘generic’ paper filled with familiar words and phrases. The writing is characterized by
-words that work, but that rarely capture the reader’s interest.
-expression that seems mundane and general; slang, if used, does not seem purposeful and is not effective.
-attempts at colorful language that seem overdone or forced.
Conventions (Score 3): The writing demonstrates limited control of standard writing conventions (e.g., punctuation, spelling, capitalization,

Rubric grammar and usage). Errors begin to impede readability. The writing is characterized by
Description -some control over basic conventions; the text may be too simple or too short to reveal mastery.

-end-of-sentence punctuation that is usually correct; however, internal punctuation contains frequent errors.

-spelling errors that distract the reader; misspelling of common words occurs.

-errors in grammar and usage that do not block meaning but do distract the reader.

Organization (Score 4): The essay shows satisfactory organization. It contains a basic introduction, body and conclusion.

Content (Score 3): The reader can understand the main ideas, although they may be overly broad or simplistic, and the results may not be
effective. Supporting detail is often limited, insubstantial, overly general, or occasionally slightly off-topic. The writing is characterized by
-an easily identifiable purpose and main idea(s).

-predictable or overly-obvious main ideas; or points that echo observations heard elsewhere; or a close retelling of another work.

-support that is attempted, but developmental details are often limited, uneven, somewhat off-topic, predictable, or too general (e.g., a list of
underdeveloped points).

Table 16: Case study illustrating an essay, high- and low-quality feedback for the Sentence Fluency, Word Choice,
Conventions, Organization, and Content traits filtered by FeedEval, and the rubric descriptions corresponding to
human-annotated scores. Due to space constraints, we present only the portions of the rubric descriptions that align
with the feedback.
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Initial
Trait Scores

Sentence Fluency (Score: 1/6), Word Choice (Score: 1/6), Conventions (Score: 1/6), Organization (Score: 1/6), Content (Score: 1/6)

Topic Prompt

More and more people use computers, but not everyone agrees that this benefits society. Those who support advances in technology believe
that computers have a positive effect on people. They teach hand-eye coordination, give people the ability to learn about faraway places and
people, and even allow people to talk online with other people. Others have different ideas. Some experts are concerned that people are
spending too much time on their computers and less time exercising, enjoying nature, and interacting with family and friends. 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.

Initial
Human-written Essay

More and more people use computers, they love computers for place that are far or the news. Computers are good for everyone in this world.
Know one can live with out computers. There’s others dat don’t like computer for nothing. I know that there’s family or friends that be
having computers they write each others like in myspace u could have friend from everywhere or family’s. But computers are spending to
many times on their computers.

High-quality
Feedback

Sentence Fluency: The essay lacks fluidity and coherence, with sentences such as ‘Computers are good for everyone in this world. Know
one can live with out computers.’ that are choppy and disconnected. The structure is awkward, making it difficult to follow the argument. To
improve, the writer should work on creating smooth transitions between ideas and constructing more complex and varied sentences.
Word Choice: The essay’s word choice is limited and imprecise, with phrases like ‘Computers are good for everyone’ lacking depth and
specificity. Misused words such as ‘Know one’ instead of ‘No one’ further obscure clarity. Improvement can be achieved by using precise
vocabulary and ensuring correct word usage to convey ideas more effectively.

Conventions: Numerous grammatical errors such as ‘Know one can live with out computers.” and ‘There’s others dat don’t like computer’
impair readability. The frequent spelling errors (‘dat’) and punctuation issues indicate a lack of control over conventions. Thorough
proofreading and editing to correct these errors would improve readability.

Organization: The essay lacks a clear organizational structure, evidenced by the mix of different ideas in sentences like ‘“There’s others dat
don’t like computer for nothing.” The lack of clear paragraphs and transitions leads to a disjointed reading experience. Establishing a clear
introduction, body, and conclusion and organizing related ideas into paragraphs would improve coherence.

Content: The content is underdeveloped with vague ideas, lacking depth and specificity in addressing the essay prompt. Statements like
‘Computers are good for everyone in this world’ are too broad and unsupported by examples or discussion. To enhance content, focus on
presenting a clear opinion with well-developed arguments supported by concrete details and examples.

Revised Essay
with
High-quality
Feedback

More and more people use computers, but not everyone agrees that this benefits society. Those who support advances in technology
believe that computers have a positive effect on people. They teach hand-eye coordination, give people the ability to learn about faraway
places and people, and even allow people to talk online with other people. Others have different ideas. Some experts are concerned that
people are spending too much time on their computers and less time exercising, enjoying nature, and interacting with family and friends.
However, I strongly disagree with this viewpoint. I firmly believe that computers can be a powerful tool that has a profound impact on
people’s lives. Computers have numerous benefits. They have made it possible for people to access vast amounts of information, allowing
them to learn about various subjects and cultures. The internet has also enabled people to connect with others across the globe, fostering
global understanding and collaboration. Furthermore, computers have greatly improved communication skills, enabling people to express
themselves more effectively and engage in meaningful conversations. In addition, computers have the power to enhance creativity and
productivity. They offer a wide range of tools and software that can be used for creative pursuits, such as writing, art, and music. Moreover,
computers have improved access to healthcare, education, and employment opportunities, which have greatly benefited society as a whole. I
firmly believe that computers are a valuable resource that can bring people together and improve their lives in numerous ways. While there
are valid concerns about the negative effects of excessive computer use, I firmly disagree that this outweighs the benefits. By harnessing the
power of technology, we can create a brighter, more connected, and more prosperous world for everyone.

(Sentence Fluency: 4/6, Word Choice: 4/6, Conventions: 4/6, Organization: 4/6, Content: 4/6)

Low-quality
Feedback

Sentence Fluency: The essay is difficult to follow, with awkward constructions such as ‘Computers are spending to many times on their
computers.” The sentences lack flow and structure, making the text jarring and irregular. To improve, the writer should focus on enhancing
the fluidity of sentence structures.

Word Choice: The essay employs vague and imprecise language, lacking specificity and reducing clarity for the readers. The limited
vocabulary limits clarity and weakens the impact of the essay. For improvement, the writer should use precise and varied vocabulary to better
convey the intended message.

Conventions: There are numerous grammatical errors and incorrect convention usage, as seen in the inconsistency with punctuation and
capitalization. These errors distract from the readability. Focus on proofreading to correct the grammatical mistakes and incorrect punctuation
to improve clarity.

Organization: The essay lacks a clear organizational structure, with ideas not clearly separated or presented in a logical sequence. It is
written as a single fragmented paragraph without identifying distinct ideas or paragraph boundaries. The absence of clear introduction, body,
and conclusion and overall coherence hinders the reader’s ability to follow the argument.

Content: The essay presents a limited and underdeveloped exploration of the topic, with vague and general statements such as ‘Computers
are good for everyone in this world.” The main ideas are not clearly articulated and underdeveloped, limiting the essay’s persuasiveness.

Revised Essay
with
Low-quality
Feedback

More and more people use computers, (x) and computers are good for everyone in this world. Those who support advances in technology

believe that computers have a positive effect on people. They teach hand-eye coordination, give people the ability to learn about faraway
places and people, and allow people to talk online with other people. However, others have different ideas. Some experts are concerned that
people are spending too much time on their computers and less time exercising, enjoying nature, and interacting with family and friends.
(M) The widespread use of computers has led to a loss of face-to-face interactions and social skills, which are essential for building strong
relationships and understanding each other. While computers can be a valuable tool for learning and communication, they can also have
negative consequences. The constant exposure to screens and the lack of physical activity can lead to a sedentary lifestyle, which can have
serious health risks. Furthermore, excessive computer use can cause social isolation and decreased social skills, as people spend more time
interacting with computers than with others. Despite these concerns, the benefits of technology extend beyond just the individual. Computers
have the power to bring people together and facilitate global communication, allowing people to connect with others across the world. They
have also enabled people to access a vast amount of information and knowledge, which can be a valuable resource for learning and personal
growth.

(Sentence Fluency: 3/6, Word Choice: 3/6, Conventions: 3/6, Organization: 4/6, Content: 3/6)

Table 17: Case study illustrating essays revised using high- and low-quality feedback filtered by FeedEval across the
Sentence Fluency, Word Choice, Conventions, Organization, and Content traits, along with scores assigned by an
automated essay scoring model.
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J.6 Essay Improvement after Revision using
Feedback Provided by Trained Models

To evaluate the pedagogical effectiveness of es-
say feedback generated by models trained on high-
and low-quality feedback filtered by FeedEval and
GPT-5.1, we conduct essay revision experiments
using small-sized LLMs (Llama3-1B-Instruct and
Qwen2-1.5B-Instruct) together with a fine-tuned
essay scoring model (Qwen3-8B). All experimen-
tal settings are identical to those in section 5.3.1,
except for the source of feedback used for revision.

Specifically, in this experiment, the small LLMs
revise essays using feedback generated by Qwen3-
8B models trained on LLM-generated feedback fil-
tered by either FeedEval or GPT-5.1. These trained
models are the same ones analyzed in section 5.2.1,
which are trained to jointly generate essay scores
and feedback. The feedback is provided in a struc-
tured format with trait scores, as described in sec-
tion 4.4. In contrast, in section 5.3.1, the small
LLMs directly receive LLM-generated feedback
filtered by FeedEval or GPT-5.1 without involving
any intermediate model training. Figure 11 presents
the results.

Overall, revisions guided by feedback generated
by the model trained on FeedEval-filtered high-
quality feedback exhibit trends consistent with
those observed in section 5.3.1, yielding larger
revision gains than feedback guided by the same
model trained on low-quality feedback. By compar-
ison, feedback provided by the model trained on
GPT-5.1-selected high-quality feedback does not
consistently yield larger revision gains than its low-
quality counterpart. Across traits, feedback pro-
duced by the model trained on FeedEval-selected
high-quality feedback results in greater revision
gains than feedback generated by the model trained
on GPT-5.1-selected high- or low-quality data.

In summary, consistent with the findings from es-
say scoring experiments, when FeedEval-selected
high-quality feedback is used as a structured super-
vision signal together with scores, it serves as an
effective training signal for essay feedback genera-
tion and leads to more meaningful essay revisions.

K Additional Materials
K.1 Dataset Statistic

We present a comprehensive statistical analysis of
the datasets curated to train dimension-specific
evaluator LLMs in Table 18. We further report
statistics of FeedEval-identified high- and low-
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Figure 11: Average essay score improvement across
traits on ASAP++ after revisions guided by models
trained on feedback labels of high- and low-quality iden-
tified by FeedEval and GPT-5.1.

quality essay feedback on the ASAP++ dataset in
Table 19.

K.2 Materials for Training Essay Evaluation
Models

Table 20 and 21 demonstrates the inputs (user
prompt) and outputs (assistant prompt) for training
essay evaluation models.

K.3 Feedback Rating Dimensions used in
Human Evaluation

In section 5.3.2, human experts rated the high- and
low-quality essay feedback filtered by FeedEval
using the following three dimensions in a 5-likert
scale. The dimensions are adopted from Steiss et al.
(2024).

* Faithfulness to essay (D1): Does the feed-
back adequately and accurately reflect the con-
tent of the essay?

 Usefulness for revision (D2): Does the feed-
back sufficiently address areas for improve-
ment?

* Rubric alignment (D3): Is the feedback
grounded in the rubric?
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Chosen Feedback | Rejected Feedback

# of
Dataset Task-type . Word Count Word Count
Feedback Pair (Min-Max) (Min-Max)
Specificity (SpecEval) | Rewarding 41730 51.93 (16 - 129) 49.76 (13 - 129)
Helpfulness Rewarding 14158 160.08 (7 - 741) 100.77 (1 - 968)
Validity NLI 99952 104.58 (1 -273) 104.58 (1 -273)

Table 18: Statistics of the dimension-specific training datasets, including the training task type, number of feedback
pairs, and average word counts of chosen and rejected feedback. For the validity dataset, the chosen and rejected
feedback correspond to feedback labeled as entailment and contradiction, respectively.

(Min-Max) (Min-Max) (Min-Max) (Min-Max) (Min-Max)

High-quality | 256.09 (115 - 455) | 0.574 (0.0 - 1.000) | 0.423 (0.0-0.999) | 0.202 (0.084 - 0.405) | 0.400 (0.207 - 0.786)
Low-quality | 271.61 (158 - 394) | 0.029 (0.0 - 0.354) | 0.048 (0.0 - 0.405) | 0.189 (0.084 - 0.404) | 0.089 (0.030 - 0.195)

‘ Dataset ‘ Word Count ‘ Specificity Score | Helpfulness Score Validity Score ‘ Avg. Score ‘

Table 19: Statistics of the FeedEval-identified high- and low-quality essay feedback datasets, including average
word counts, FeedEval scores for specificity, helpfulness, and validity, as well as the average score across the three
dimensions.

<Ibegin_of_textl><Istart_header_idl>system<lend_header_idI>

You are an essay evaluator. You will receive an essay and you will need to evaluate the essay of
prompt 1, focusing on the following traits: [‘sentence fluency’, ‘word choice’, ‘conventions’, ‘organiza-
tion’, ‘content’]. Score the essay in JSON format, using the trait names as keys, without any additional
text.<leot_idl><Istart_header_idl>user<lend_header_idl>

Essay: Dear @CAPS1 @CAPS2, I believe that using computers will benefit us in many ways like talking
and becoming friends will others through websites like facebook and mysace. Using computers can help us
find coordibates, locations, and able ourselfs to millions of information. Also computers will benefit us by
helping with jobs as in planning a house plan and typing a @ NUMI1 page report for one of our jobs in less
than writing it. Now lets go into the wonder world of technology. Using a computer will help us in life by
talking or making friends on line. Many people have myspace, facebooks, aim, these all benefit us by having
conversations with one another. Many people believe computers are bad but how can you make friends if
you can never talk to them? I am very fortunate for having a computer that can help with not only school
work but my social life and how I make friends. Computers help us with finding our locations, coordibates
and millions of information online. If we didn’t go on the internet a lot we wouldn’t know how to go onto
websites that @ MONTHI help us with locations and coordinates like @ LOCATION1. Would you rather use
a computer or be in @ LOCATION3. When your supposed to be vacationing in @ LOCATION?2. Million of
information is found on the internet. You can as almost every question and a computer will have it. Would
you rather easily draw up a house plan on the computers or take @ NUM1 hours doing one by hand with ugly
erazer marks all over it, you are garrenteed that to find a job with a drawing like that. Also when appling
for a job many workers must write very long papers like a @ NUM3 word essay on why this job fits you
the most, and many people I know don’t like writing @ NUM3 words non-stopp for hours when it could
take them I hav an a computer. That is why computers we needed a lot now adays. I hope this essay has
impacted your descion on computers because they are great machines to work with. The other day I showed
my mom how to use a computer and she said it was the greatest invention sense sliced bread! Now go out
and buy a computer to help you chat online with friends, find locations and millions of information on one
click of the button and help your self with getting a job with neat, prepared, printed work that your boss will
love.<leot_idl> <Istart_header_idl>assistant<lend_header_idl>

Input (Score Only)

{ ‘sentence fluency’: 3.0, ‘word choice’: 4.0, ‘conventions’: 4.0, ‘organization’: 4.0, ‘content’: 4.0, ‘overall’:

Output (Score Only) | g 1 o idi> <lstart_header_idi>assistant<lend_header_idi>

Table 20: An example of an input and its corresponding output used to train essay evaluation models to generate
multi-trait scores only.
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<Ibegin_of_text|><Istart_header_idl>system<lend_header_idl>

You are an essay evaluator. You will receive an essay and you will need to evaluate the essay of prompt 1,
focusing on the following traits: [ ‘sentence fluency’, ‘word choice’, ‘conventions’, ‘organization’, ‘content’].
Output only the literal evaluation in JSON format, using the trait names as keys, without any additional
text.<leot_idl><Istart_header_idl>user<lend_header_idl>

Essay: Dear @ CAPS1 @CAPS2, I believe that using computers will benefit us in many ways like talking
and becoming friends will others through websites like facebook and mysace. Using computers can help us
find coordibates, locations, and able ourselfs to millions of information. Also computers will benefit us by
helping with jobs as in planning a house plan and typing a @ NUM1 page report for one of our jobs in less
than writing it. Now lets go into the wonder world of technology. Using a computer will help us in life by
talking or making friends on line. Many people have myspace, facebooks, aim, these all benefit us by having
conversations with one another. Many people believe computers are bad but how can you make friends if
you can never talk to them? I am very fortunate for having a computer that can help with not only school
work but my social life and how I make friends. Computers help us with finding our locations, coordibates
and millions of information online. If we didn’t go on the internet a lot we wouldn’t know how to go onto
websites that @ MONTHI help us with locations and coordinates like @ LOCATION1. Would you rather use
a computer or be in @LOCATION3. When your supposed to be vacationing in @ LOCATION2. Million of
information is found on the internet. You can as almost every question and a computer will have it. Would
you rather easily draw up a house plan on the computers or take @ NUM1 hours doing one by hand with ugly
erazer marks all over it, you are garrenteed that to find a job with a drawing like that. Also when appling
for a job many workers must write very long papers like a @ NUM3 word essay on why this job fits you
the most, and many people I know don’t like writing @ NUM3 words non-stopp for hours when it could
take them I hav an a computer. That is why computers we needed a lot now adays. I hope this essay has
impacted your descion on computers because they are great machines to work with. The other day I showed
my mom how to use a computer and she said it was the greatest invention sense sliced bread! Now go out
and buy a computer to help you chat online with friends, find locations and millions of information on one
click of the button and help your self with getting a job with neat, prepared, printed work that your boss will
love.<leot_idl><Istart_header_idl>assistant<lend_header_idl>

Input (Score + Feedback)

5. <

{ ‘sentence fluency’: {‘score’: 3.0, ‘rationale’: “Quotations such as ‘I believe that using computers will
benefit us in many ways like talking and becoming friends will others through websites like facebook and
mysace.” and ‘Computers help us with finding our locations, coordibates and millions of information online.’
demonstrate a lack of fluidity, as grammatical errors and awkward phrasing disrupt the reading. Sentences
often lack variation in structure and length, contributing to a mechanical feeling rather than a natural flow.
To improve, the writer should focus on varying sentence structures and ensuring grammatical accuracy to
maintain a smoother rhythm and flow.”}, ‘word choice’: { ‘score’: 4.0, ‘rationale’: “Expressions like ‘wonder
world of technology’ and ‘greatest invention sense sliced bread” attempt a conversational tone but come across
as clichéd and vague. The repeated use of phrases like ‘millions of information’ lacks precision. More precise
and varied language choices would enhance the essay’s impact, making it more engaging and specific.”},
‘conventions’: { ‘score’: 4.0, ‘rationale’: “The text contains multiple spelling and grammatical errors such as
‘coordibates,” ‘garrenteed,” and ‘appling,” which detract from readability. Capitalization errors like ‘facebook’
and ‘mysace’ also occur. Careful proofreading for spelling, punctuation, and grammar, along with adherence
to capitalization norms, would significantly improve clarity.”}, ‘organization’: { ‘score’: 4.0, ‘rationale’: “The
essay follows a basic structure with introductory, body, and concluding elements, as demonstrated in ‘T hope
this essay has impacted your descion on computers.” However, the transitions between ideas can be abrupt,
and the overall organization could better support the clarity of the argument. Strengthening organization could
involve developing clearer paragraph divisions and ensuring each paragraph supports a singular, coherent
idea.’}, ‘content’: {‘score’: 4.0, ‘rationale’: “The content covers favorable aspects of computer use but lacks
depth, as seen in the repetitive mention of ‘talking and becoming friends’” without substantial exploration of
other potential benefits or drawbacks. Main ideas are present but require further development and detail to
engage the reader fully. Enhancing content could involve a more balanced exploration of topics with specific
examples and evidence to support claims, addressing different viewpoints for a more rounded perspective.”},
‘overall’: {‘score’: 9, ‘rationale’: “nan”} } <leot_idl> <lIstart_header_idI>assistant<lend_header_idI>

Output (Score + Feedback)

Table 21: An example of an input and its corresponding output used to train essay evaluation models to jointly
generate multi-trait scores and corresponding feedback.
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