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ABSTRACT

Evaluating the performance of Large Language Models (LLMs)

is a critical yet challenging task, particularly when aim-
ing to avoid subjective assessments. This paper proposes
a framework for leveraging subjective metrics derived from
the class textual materials across different semesters to as-
sess LLM outputs across various tasks. By utilizing well-
defined benchmarks, factual datasets, and structured eval-
uation pipelines, the approach ensures consistent, repro-
ducible, and bias-minimized measurements. The framework
emphasizes automation and transparency in scoring, reduc-
ing reliance on human interpretation while ensuring align-
ment with real-world applications. This method addresses
the limitations of subjective evaluation methods, providing a
scalable solution for performance assessment in educational,
scientific, and other high-stakes domains.
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1. INTRODUCTION

With the advancement of Large Language Models (LLMs),
their applications in fields such as text generation, auto-
mated evaluation, and educational feedback have become in-
creasingly widespread [6]). Particularly in higher education,
LLMs are gradually being utilized to assist in grading, pro-
vide feedback, and enhance the student learning experience
[13]. However, how to effectively evaluate the performance
of LLMs in these tasks remains an open question. Current
evaluation methods mostly rely on benchmark tests, such as
GLUE and SuperGLUE [20], or accuracy assessments based
on human annotations. Yet, these methods may have certain
limitations in educational contexts, such as failing to cap-
ture the reasonableness, relevance, and practicality of LLM
feedback.

In the field of computer science education, graduate-level
courses often involve complex design-oriented projects, such
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as Object-Oriented Design and Development (OODD). The
learning objectives of such courses not only include master-
ing technical knowledge but also emphasize critical thinking,
teamwork, and iterative development based on feedback [22].

In these courses, one workable and efficient way is to let
students peer-review each other’s project reports [10]. This
peer review mechanism can provide valuable feedback and
help students understand evaluation criteria and improve
project design [7]. If LLMs can accurately simulate or en-
hance this review process, their potential for application in
educational scenarios will significantly increase. Therefore,
this study proposes a method that utilizes peer review data
from an OODD graduate course as a benchmark to evaluate
the review outcomes generated by different LLMs, aiming
to explore the most suitable model for this task.

Existing research has explored the capabilities of LLMs in
automated grading and feedback generation. For example,
D. Bhatnagar [3] investigated the performance of GPT-3 in
providing feedback on programming assignments and found
that it was effective in detecting errors and offering gen-
eral suggestions but lacked a deep understanding of task-
specific contexts. Additionally, Reference[5] observed that
feedback generated by LLMs often lacks consistency, po-
tentially providing contradictory suggestions under differ-
ent circumstances. Therefore, relying solely on traditional
evaluation methods may not sufficiently measure the perfor-
mance of LLMs in educational scenarios.

Traditional evaluation methods for LLMs typically rely on
standard datasets and automated metrics, such as BLEU,
ROUGE, and BERTScore [20]. While these methods of-
fer certain advantages in assessing text generation quality,
their effectiveness is limited when applied to complex tasks
involving human interaction, such as educational feedback
generation [25]. For instance, evaluation methods based on
automated metrics fail to comprehensively capture the rea-
sonableness and practical impact of feedback [4]. In educa-
tional settings, feedback not only needs to accurately iden-
tify issues but should also be constructive and provide spe-
cific suggestions for improvement[9].

The primary goal of this study is to propose and validate
an LLM evaluation framework based on peer review data,

specifically focusing on the following aspects:

(1) Constructing a benchmark dataset. The original data
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was collected from a graduate-level OODD course on Exper-
tiza [10] for multiple semesters and tagged by the students
who participated in this class. Table 1 shows some examples
of tagged data.

(2) Finetuning LLM(s) to setup the metrics from the tagged
data.

(3) Evaluate the performance of the metrics from the fine-
tuned LLM(s).

This framework aims to systematically assess the capabilities
of LLMs in generating educational feedback and identify the
most effective model for enhancing peer review processes in
higher education.

The remainder of this paper is organized as follows. Section
2 reviews existing LLM evaluation methods and discusses
relevant research on LLMs in educational feedback tasks.
Section 3 introduces the methodology of this study, includ-
ing dataset construction, definition of evaluation metrics,
and experimental setup. Section 4 details the experimen-
tal design and presents a comparative analysis of feedback
generated by different LLMs. Section 5 discusses the exper-
imental results, analyzing the effectiveness and applicability
of LLM-generated feedback. Section 6 addresses the lim-
itations of the study and outlines potential directions for
future research. Section 7 summarizes the findings and pro-
vides recommendations for optimizing LLMs in educational
assessment.

2. RELATED WORK
2.1 Overview of Evaluation Methods for Large

Language Models

The evaluation of Large Language Models (LLMs) primar-
ily involves automated metrics, benchmark dataset assess-
ments, and human evaluations. Traditional automated eval-
uation metrics, such as BLEU [23], ROUGE[16], and ME-
TEOR [2], are widely used in natural language processing
tasks. However, these metrics typically rely on surface-level
similarity to reference texts and fail to adequately measure
the logicality, coherence, and reasonableness of generated
text [5]. In recent years, deep learning-based evaluation
methods such as BERTScore [29] and MoverScore [30] have
partially addressed this problem. However, they still face
limitations when directly applied to educational scenarios
[12].

Human evaluation remains an indispensable part of LLM as-
sessment. For example, OpenAl adopted a method based on
Reinforcement Learning from Human Feedback (RLHF))[17]
in the development of GPT series models to improve the
quality and acceptability of generated text. However, hu-
man evaluation often suffers from subjectivity, high costs,
and difficulty in scaling up, which prompts researchers to
explore more objective and reproducible LLM evaluation
methods.

2.2 Rationality analysis of peer evaluation in
design projects

In the field of computer science education, peer review has

been widely used for course evaluation and student feedback
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generation. The advantage of peer evaluation is that it can
promote students’ critical thinking, increase the diversity of
feedback, and reduce the workload of teachers. In addition,
research has shown that effective peer evaluation can help
students better understand evaluation criteria and enhance
their self-directed learning abilities[18].

In graduate courses, especially those involving complex project
design (such as object-oriented design and development),
peer evaluation is commonly used to assess the quality of
project reports and provide improvement suggestions [27].
However, research has found that students may have scoring
biases, lack effective feedback, and inconsistent understand-
ing of standards when conducting peer evaluations. There-
fore, how to improve the rationality and effectiveness of peer
evaluation has become an important issue in educational re-
search.

Recent research has explored automatic feedback generation
based on LLM to assist or replace manual peer evaluation.
For example, Kulkarni et al. developed an automated eval-
uation system that combines machine learning and natural
language processing techniques to provide targeted feedback
to students[15] . Other studies focus on how to use LLM to
generate feedback that meets educational quality standards,
such as providing specific recommendations, avoiding am-
biguous evaluations, and using constructive language[21].

2.3 The Application of LLM in Educational

Evaluation
The application of LLM in the field of education is becom-
ing increasingly widespread, covering multiple aspects such
as automatic grading, intelligent tutoring, and paper gen-
eration detection [28]. For example, GPT-4 developed by
OpenAl has been used to generate academic writing feed-
back and compared with traditional scoring systems [14]. In
addition, the Google research team proposed an intelligent
education system based on PaLM 2, which can generate de-
tailed feedback on student responses and predict possible
misunderstandings[1].

In peer evaluation environments, LLM is mainly used to au-
tomatically generate feedback and assist teachers and stu-
dents in improving the quality of evaluations [11]. Research
has shown that using feedback generated by LLM can sig-
nificantly improve the objectivity of evaluations and reduce
grading bias among students [19]. However, there are still
consistency issues with the feedback generated by existing
LLMs, such as generating comments with different styles or
content for the same input [26].

To address these issues, this study proposes an LLM evalu-
ation framework based on peer evaluation data of graduate
design projects, which measures the rationality, operability,
and consistency of LLM generated feedback by annotating
key tags. This method not only helps to screen the most
suitable LLM for the task, but also provides data support
for future LLM evaluation research.

2.4 Model fine-tuning method DPO
Direct Preference Optimization (DPO)[24] is a model fine-
tuning method that focuses on directly learning from user



Table 1: Some examples of the peer review data

Question from the review rubric Feedback Tag prompt Tag value
Are there any missing attributes for the admin? No Contains explanation? -1
Are there any missing attributes for a user? credit card number was not asked for at any point Contains explanation? 1

Are there any missing attributes for the admin? No Positive Tone? -1
Are there any missing attributes for the admin? Good job, I see them all. Positive Tone? 1

preferences rather than relying on indirect reward signals.

Human preferences are assumed to follow the Bradley-Terry Tagging Data

model, where the probability of preferring one response over

another depends on the difference in their rewards: ine-tring

exp(R(w,yﬂ) (1)
exp(R(z,y1)) + exp(R(z, y2))
where R(z,y) is an unknown reward function, and y; is pre-
ferred over ya.

P(y1 = ya|x) =

By introducing a KL divergence constraint, the reward func-
tion is implicitly defined as the log-probability difference be-
tween the learned policy (mg) and a reference policy (7ref):

(2)

o (yl|z)

R(z,y) = Blog et (Wl7)

-+ const

where [ is a hyperparameter controlling how much the learned

policy can deviate from the reference model.

The problem of maximizing preference likelihood is reformu-
lated as minimizing the following loss:
®3)

where y,, and y; denote the preferred and dispreferred re-
sponses respectively, and o is the sigmoid function.

By collecting user feedback through comparative choices,
DPO adjusts the model’s behavior to better align with user
expectations. This approach is particularly effective in ap-
plications like recommendation systems and natural lan-
guage processing, where understanding user satisfaction is
crucial. DPO enhances user experience by optimizing model
outputs based on explicit preference data, ultimately im-
proving engagement and trust.

3. METHOD

This study aims to finetune LLMs to evaluate the perfor-
mance of different LLLMs in automatically generating educa-
tional feedback through a peer evaluation dataset of grad-
uate design projects. The research methods mainly include
dataset construction, definition of evaluation tags, , and
evaluation methods. This section briefly introduces the data
processing flow, LLM evaluation methods, and quantitative
tags used to analyze model performance.

Lpro =

T T
—Ezyw.m) {loga (,B log o(m]x)

Tref (Y2])

70 (Yu|7)
Tret (Yu|)

— Blog

3.1 Research Flow Diagram

In the object-oriented programming course, a large-scale
model is fine-tuned using 11 tags to finetune LLMs, to eval-
uate the quality of LLM-generated contents. The process is
shown in Figure 1.

From the perspective of the evaluation method, in the inde-
pendent evaluation, the retriever evaluation can measure the
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Figure 1: Research Flow Diagram

model’s accuracy in retrieving information related to course
projects based on these tags. For example, the “Relevant”
indicator reflects the relevance between the retrieval and the
project. The generation/synthesis evaluation focuses on the
rationality and relevance of the evaluation content generated
by the model based on these tags. In the end-to-end eval-
uation, when there are labels, the performance of tags like
“Suggests Actions” can be compared to the accuracy in the
evaluation; when there are no labels, tags such as "Uses Posi-
tive Tone” reflect the fidelity and relevance of the evaluation.
Regarding the key tags, “Answer Relevance” corresponds to
“Relevant”, and “Answer Fidelity” can be judged by tags
like "Includes Explanation” and “Consistent with Scoring”.
In terms of key capabilities, the performance of the model in
tags such as “Helpful” and “Localized” can reflect its infor-
mation integration ability and noise robustness. Finally, a
comprehensive comparison is conducted across models based
on the evaluation tags to assess the overall quality of their
performance.

3.2 Dataset Construction

3.2.1 Dataset Construction

The dataset for this study is sourced from a graduate-level
course for multiple semesters from Expertiza [10]. This data
includes project reports submitted by students from multiple
semesters and corresponding peer review comments. These
review comments are written by students in the course, aim-
ing to provide evaluation and improvement suggestions for
the project and feedback on various aspects such as tech-
nology, structure, and code quality. The raw data is stored
in an SQL database, and the anonymized retrieved data in-
cluding:



1. Project report submitted by students (original PDF /text

format).

2. Question from the rubric to help the students do peer-
reviewing.

3. Peer review comments (structured text, including rat-
ings and written feedback).

4. Tags, including the name and the value, to show if the
comments fit the tag.

5. Credibility score of the tags.

3.2.2 Data preprocessing

In the object-oriented programming course, we fine-tune a
large-language model using 11 tags (namely, Contains Praise,
Identifies Problems, Offers Solutions, Uses Positive Tone,
Mitigates Criticism, Localized, Helpful, Includes Explana-
tion, Suggests Actions, Relevant, and Consistent with Scor-
ing) to generate a teaching assistant model. The specific
meanings of the 11 tags are shown in Table 2

Table 2: Evaluation Criteria

Tag Evaluation Description

Num- Dimension

ber

M1 Contains Acknowledges

Praise strengths  of  the
project.

M2 Identifies Points out shortcom-

Problems ings.

M3 Offers  Solu- Provides suggestions

tions for improvement.

M4 Uses Positive Avoids negative lan-

Tone guage.
M5 Mitigates Lessens impact via
Criticism tactful expression.

M6 Localized Specific to the
project.

M7 Helpful Substantial as-
sistance  for  the
reviewer.

M8 Includes Ex- Explains reasons be-

planation hind evaluation.

M9 Suggests Ac- Advises specific ac-

tions tions.

M10 Relevant Relates to project
content.

M11 Consistent Aligns with provided

with Scoring score.

To ensure the quality and consistency of the data, the fol-
lowing preprocessing steps were carried out in this study.
First, A threshold (> 0.35) of the credibility score [8] of the
tags has been applied to keep the quality of the tagged data.
Then, due to the limitations of fine-tuning different LLMs,
a trade-off between cost and time was made by setting 50
positive and 50 negative samples for each tag.

3.3 Dataset segmentation
The dataset was preprocessed and annotated with 11 key
tags (see Section 3.2 for details). To ensure the fairness of
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the evaluation, we divide the data in the following way:

(1) Train Set (60%)

Used for fine-tuning some LLMs (such as Mistral-7B that
supports LoRA training). Provide high-quality peer review
samples for LLM to conduct supervised learning.

(2) Validation Set (20%)

As a tuning dataset for LLM feedback generation, it is used
to adjust hyperparameters such as temperature, Top-k, Top-
p- Ensure that the feedback generated by the model is se-
mantically consistent with human feedback.

(3) Test Set (20%)

Mainly used for the final evaluation of feedback generated
by LLM. Do not participate in fine-tuning to ensure the in-
dependence of the test set. All data is randomly divided
in chronological order (across semesters) and ensures that
data from different semesters are evenly distributed in the
training, validation, and testing sets.

3.4 LLMs Finetuning

Fine-tuning large language models (LLMs) for generating
evaluation metrics involves adapting pre-trained models to
assess specific dimensions of feedback quality effectively. This
process typically leverages domain-specific datasets, such as
annotated peer review comments, to refine the model’s abil-
ity to classify and quantify key evaluation criteria. Tech-
niques like Low-Rank Adaptation (LoRA) and supervised
fine-tuning allow LLMs to learn from structured human eval-
uations, ensuring alignment with predefined metrics, such as
problem identification, solution suggestions, and tone anal-
ysis. Additionally, RLHF can further optimize the model’s
scoring consistency by iteratively refining its ability to dis-
tinguish between constructive and ineffective feedback. Fine-
tuned LLMs can thus generate reliable, standardized evalu-
ation metrics that support automated assessment processes,
minimizing human bias while improving scalability and ob-
jectivity in educational and research applications.

4. IMPLEMENTATION

This study selects some mainstream LLMs for experimenta-
tion, including GPT-40, Deepseek and Llama3. These mod-
els demonstrate exceptional performance in text generation
and understanding tasks, making them suitable candidates
for automatic review tasks and effectively meeting the re-
quirements of various application scenarios.

4.1 Metrics with LLLMs Based on the Tagging
Data

To ensure the fairness of the experiments, we established a
uniform prompt structure for the evaluating LLMs:



Prompt for Finetune LLMs

prompt = (
f"Review_Comment: \"{review_commentl}\"\n"
"Classify the following tags as json {tagsl}:\n"
"You should generate the tag value
as \"{value}\", which -1 means negative
and 1 means positive.\n"
"Answer in JSON format as the {
\"most_rel_tag\":
{tag}, \"tag_value":{value}}."

\. J

After completing the fine-tuning process with DPO, the LLMs
designated for evaluation are fully prepared and optimized
to function as objective assessment metrics for analyzing
outputs generated by various applications, including chat-
bots and other language models. These fine-tuned models
have been trained to apply predefined evaluation tagging
metrics. By leveraging domain-specific datasets and rein-
forcement learning techniques, the models are capable of
providing structured, quantifiable evaluations that minimize
human bias while maintaining reliability. Their deployment
enables automated, scalable evaluation of text-based Al out-
puts, facilitating improvements in generative model perfor-
mance and refining their responses based on well-defined
quality standards. This approach enhances transparency
and standardization in assessing Al-generated content across
different applications and domains.

4.2 Metrics with LLLMs Based on Giving Def-
inition

To assess the effectiveness of the evaluation metrics pro-
duced by fine-tuned LLMs, we implement a traditional ver-
ification approach by manually examining whether the gen-
erated content aligns with the predefined evaluation crite-
ria. This process involves explicitly defining the desired
metrics within the evaluator LLM, ensuring that it applies
them consistently when analyzing generated text. By sys-
tematically comparing the model’s assessments with human-
labeled data or established benchmarks, we can determine
the accuracy and reliability of its evaluations. This method
allows for direct validation of the fine-tuned model’s ability
to detect key attributes, such as coherence, problem identifi-
cation, and constructive feedback mentioned in the previous
sections. Additionally, it provides insights into potential
discrepancies or areas for further optimization, enabling it-
erative refinements to improve the model’s performance in
automated evaluation tasks.

4.3 Validate the Effectiveness of the Metrics

From Section 3.3, the test data has been segmented. To sys-
tematically compare the three evaluation methods—direct
use of an LLM, fine-tuned LLM evaluation, and the metric
definition approach—we follow a structured process. First,
we apply the direct LLM evaluation by prompting a general-
purpose LLM (without fine-tuning) to assess generated text
based on predefined evaluation criteria. The model’s raw
responses are then collected and analyzed for consistency
and accuracy. Next, we employ the fine-tuned LLM ap-
proach, where an LLM specifically trained on labeled peer
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review data evaluates the same text. This allows us to mea-
sure improvements in metric alignment, scoring consistency,
and adaptability to domain-specific nuances. Finally, we
use the metric definition method, in which we explicitly en-
code evaluation criteria into the LLM’s system instructions
or prompt structure, ensuring it applies structured metrics
consistently. To compare these methods, we analyze key per-
formance indicators such as agreement with human-labeled
references, inter-method consistency, and robustness across
different text inputs. Quantitative measures, including cor-
relation scores and classification accuracy, along with quali-
tative insights from human evaluation, help determine which
approach offers the most reliable and scalable assessment
framework for evaluating Al-generated content.

S. RESULTS

5.1 Comparison Among Metrics with Test Set
We have set up and fine-tuned multiple LLMs to conduct a
comprehensive evaluation. GPT-40 is based on the online
API using gpt-40-2024-08-06 from OpenAl, providing ac-
cess to its advanced capabilities in real-time, while DeepSeek
(DeepSeek-r1-7b) and Llama 3 (Llama3-7b) are running lo-
cally, allowing for controlled experimentation and customiza-
tion. Table 3 shows the accuracy of the test data.

Table 3: The comparison of accuracy for 3 methods on 3
mainstream LLMs.

LLM Methods
Metric definitions Direct (no definition) Fine-tuned
GPT-40 75.34% 75.24% 79.82%
Deepseek 71.23% 69.20% 76.86%
Llama3 71.14% 68.75% 76.20%

From the result in Table 3, when evaluating the accuracy of
different LLM-based metrics, it becomes evident that fine-
tuned models outperform both the direct-use approach and
the metric definition method in assessing the quality of gen-
erated text. Fine-tuned LLMs are specifically trained on an-
notated datasets, allowing them to develop a more nuanced
understanding of evaluation criteria and consistently apply
them across different text inputs. In contrast, the direct-
use approach, where an unmodified LLM is prompted to
assess quality, often produces inconsistent or overly generic
evaluations, as it lacks targeted training for the specific task.
Meanwhile, the metric definition method, which involves ex-
plicitly encoding evaluation criteria into prompts or system
instructions, offers improved structure and alignment but
still falls short in capturing contextual nuances and adapt-
ing to diverse text variations. By systematically comparing
these methods, we observe that fine-tuned LLMs provide
the most accurate assessments relevant to the given con-
text, making them the superior choice for automated text
evaluation tasks.

5.2 Evaluating the LLM-based Metrics with

the Generated Contents
To evaluate the effectiveness of the metrics derived from fine-
tuned LLMs, we designed a structured task to assess the
quality of feedback generated for given assignments. In this
process, the fine-tuned models analyze student submissions
and assign evaluation tags based on predefined criteria, such



as clarity, constructiveness, and relevance. To ensure accu-
racy and reliability, a human instructor manually reviews
the assigned tags, verifying whether they correctly reflect
the feedback content. Any discrepancies between the model-
generated tags and the instructor’s judgment are recorded
and analyzed to identify potential weaknesses in the LLM’s
evaluation process.

Table 4 shows some examples of the evaluation from both
finetune LLMs and human instructors in this class. LLM
generates the contents, feeding the data described in Section
3.3, and evaluated by human instructors and the finetuned
LLMs.

Table 4: Examples of tagging on students feedback for the
submission with real data.

Finetuned LLM-based metrics Human Instructors

Examples Tags

GPT-40 DeepSeek Llama3 Instructor 1 Instructor 2
#1 Explanation? 1 1 -1 1 1
#2 Localized? -1 -1 -1 -1 -1
#3 Helpful? 1 1 1 1 1

A total of 110 structured feedback examples—similar in for-
mat to those presented in Table 4 were assessed to compare
the accuracy of human evaluations and fine-tuned LLM-
based metrics. These feedback samples were systematically
categorized based on 11 evaluation tags, with each tag con-
taining five positive and five negative examples, ensuring a
balanced dataset for analysis. The evaluation process in-
volved two parallel assessments: one conducted by human
instructors, who manually reviewed each feedback instance
and assigned appropriate tags, and another by the fine-tuned
LLM, which automatically classified the feedback according
to the predefined criteria. The results from both methods
were then compared to measure alignment, consistency, and
potential discrepancies.

Table 5: Evaluation comparing between finetuned LLMs and
human instructors. There are 10 cases for each tag (M1 to
M11).

Finetuned LLM-based metrics

Human Instructors

Tags GPT-40 DeepSeek Llama3 Instructor 1 Instructor 2
M1 9 8 6 10 10
M2 9 9 8 10 10
M3 8 8 8 9 9
M4 7 8 8 10 10
M5 8 8 6 10 9
M6 7 6 6 10 9
M7 9 6 6 10 9
M8 7 6 6 10 10
M9 10 7 7 10 10
M10 10 7 8 10 10
M1l 7 8 6 9 9

Table 5 shows that fine-tuned LLM-based metrics can achieve
performance levels comparable to human instructors in eval-
uating feedback quality. By systematically analyzing the
alignment between model-generated assessments and instruc-
tor judgments, we observe a high degree of agreement across
key evaluation criteria, such as problem identification, so-
lution suggestion, and constructive tone. The fine-tuned
models, trained on annotated peer review data, consistently
apply predefined metrics, reducing subjectivity and vari-
ability often present in human evaluations. Additionally,
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statistical analysis shows that the model’s tagging accu-
racy closely matches human-labeled benchmarks, with min-
imal discrepancies in cases requiring nuanced interpreta-
tion. These findings suggest that with proper fine-tuning
and domain-specific adaptation, LLM-based evaluation met-
rics can serve as reliable, scalable alternatives to human as-
sessment, offering efficiency and objectivity while maintain-
ing human-level performance.

6. CONCLUSIONS

This study proposes an objective evaluation framework based
on peer evaluation data from graduate design projects to
measure the performance of different large language mod-
els (LLMs) in automatically generating educational feedback
tasks. We selected mainstream LLMs and conducted a com-
prehensive analysis of their generated feedback. We evalu-
ated them based on 11 key tags, such as whether construc-
tive suggestions were provided, whether a positive tone was
used, and whether they were consistent with ratings. The
experimental results show that the finetuned LLM-based
metrics perform the best overall, outperforming other mod-
els in multiple dimensions such as feedback accuracy, rele-
vance, localization, and rating consistency.

However, despite advancements in using LLMs for auto-
mated evaluation, several limitations persist in this field.
First, fine-tuned models may inherit biases from training
data, leading to skewed assessments that reflect the sub-
jective tendencies of human annotators rather than objec-
tive evaluation standards. Additionally, LLMs often strug-
gle with interpretability, making it difficult to understand
how they arrive at specific assessment scores, which reduces
trust in their decision-making process. Scalability is another
challenge, as fine-tuning requires large annotated datasets
and significant computational resources, limiting accessibil-
ity for smaller research groups or institutions. Further-
more, LLM-based metrics may lack adaptability across do-
mains, as a model fine-tuned for one type of evaluation (e.g.,
academic writing feedback) may not generalize well to an-
other (e.g., creative writing assessment). Finally, there re-
mains a gap between LLM-generated evaluations and human
judgment, particularly in cases requiring deep contextual
understanding, critical reasoning, or domain-specific exper-
tise. Addressing these limitations will require improved fine-
tuning methodologies, more transparent evaluation frame-
works, and hybrid approaches that integrate LLM assess-
ments with human oversight.
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