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Abstract
Providing high-quality feedback on student assignments is crucial for student success, but it is heavily limited by time
and budgetary constraints. In this work, we introduce Synthetic Educational Feedback Loops (SEFL), a synthetic
data framework designed to generate data that resembles immediate, on-demand feedback at scale without relying
on extensive, real-world student assignments and teacher feedback. To obtain this type of data, two large language
models (LLMs) operate in a teacher-student role to simulate assignment completion and formative feedback, generat-
ing 19.8K synthetic pairs of student work and corresponding critiques and actionable improvements from a teacher.
With this data, we fine-tune smaller, more computationally efficient LLMs on these synthetic pairs, enabling them to
replicate key features of high-quality, goal-oriented feedback. Through comprehensive evaluations with three LLM
judges and three human experts, across a subset of 900 outputs, we demonstrate that SEFL-tuned models outperform
both their untuned counterparts and an existing baseline in terms of feedback quality. The potential for societal
impact is reinforced by extensive qualitative comments and ratings from human stakeholders — both students and
higher education instructors. SEFL has the potential to transform feedback processes for higher education and beyond.
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Fine-tuning on Synthetic Data

1. Introduction

Synthetic

Constructive feedback is a cornerstone of higher o e < ( i ?
education, promoting critical thinking and foster- Assisnmen; Design nd descriv..

ing deeper understanding (Hattie, 2008; Costello . e ...

and Crane, 2013). In higher education settings, : O ; recain, s o T
however, providing consistent, high-quality feed- ' [

back is complicated by privacy, consent, and trans- ) ‘ly
parency considerations in data collection (Fischer R
et al., 2020; Suresh et al., 2022; Demszky and & O Q00
Hill, 2023; Wang and Demszky, 2024; Wang etal., [ > 2«@3
2024b; Lindsay et al., 2024), in addition to beinga  N:ozzcccooooooooooooiTTEE R
labor-intensive task. Advances in language technol Figure 1: SEFL Synthetic Data Generation

ogy offer opportunities to automate and augment
higher education feedback processes, addressing
these limitations.

In particular, LLMs have shown progress in edu-
cation (Wang et al., 2024c), including automated
grading (Ke and Ng, 2019; Ramesh and Sanam-
pudi, 2022; Stahl et al., 2024) and personalized
tutoring (Yun et al., 2024; Liu et al., 2024c; Rooein
and Hovy, 2024; Ross and Andreas, 2024; Kwon
et al., 2024; Zhang et al., 2024, 2025; Wang et al.,
2024a). Yet, automating teacher-student assign-
ment feedback with LLMs remains an open ques-
tion. We seek to answer: RQ. How can synthetic
teacher-student interactions generated by LLMs be
leveraged to enable scalable and effective educa-
tional student assessment feedback?

Here, we introduce Synthetic Educational

Setup. We use a two-agent framework (Wu et al.,
2023) with LLMs acting as a Student and Teacher.
The Teacher creates assignments from Fineweb-
Edu (Lozhkov et al., 2024), a dataset curated using
LLMs to judge the educational value of web pages.
Overall, the Student responds with explicit errors
(via prompting), and finally, the Teacher addresses
each mistake. This synthetic interaction data is
then used to fine-tune multiple LLMs, whose per-
formance is measured through human ratings and
evaluations by LLMs-as-judges.

Feedback Loops (SEFL), a framework that gen-
erates synthetic teacher-student interactions using
LLM agents. In this framework, two LLMs, one

10324

Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 10324—10340
11-16 May 2026. ©ELRA Language Resources Association (ELRA), 2026



acting as the teacher and the other as the student,
simulate formative feedback workflows (Conole and
Oliver, 2006; Nicol, 2007). This synthetic data from
the agents is then used to fine-tune smaller au-
toregressive language models, resulting in better
feedback models that enable the development of
scalable educational feedback systems. These
systems can operate efficiently on the modest com-
putational infrastructure available in higher educa-
tion institutions, without requiring access to privacy-
sensitive data.

We show that: (i) Empirically, SEFL-tuned mod-
els outperform their non-tuned versions in win rate
evaluations by three LLM judges and three hu-
man experts in giving assessment feedback. (ii)
Through empirical and qualitative analysis of ex-
pert annotator comments, we find that larger mod-
els tend to provide more actionable, goal-oriented,
and user-friendly feedback. They are also more
consistent and better at supporting student auton-
omy. (iii) We observe strong agreement among
human evaluators regarding feedback quality. (iv)
We compare our approach to an existing baseline
(Book2Dial; Wang et al., 2024a) and show that
SEFL-tuned models provide better feedback ac-
cording to all LLM judges.

Contributions. We contribute the following:

» SEFL: An agentic framework that simulates
teacher-student feedback loops with paired
language model agents.

+ 19,841 synthetic assignment—feedback pairs
generated by SEFL to fine-tune smaller lan-
guage models.

» A comprehensive set of human and LLM evalu-
ations that outline the strengths and limitations
of SEFL with extensive qualitative analysis of
the feedback provided by human experts.

+ Open-sourcing of all models, code, and data.’

2. Related Work

NLP & Education. Large language models are
now supporting a broad spectrum of educational
tasks. In automated grading, they score short
answers, essays, and even programming assign-
ments with accuracy that approaches expert in-
structors, which eases faculty workload and re-
leases time for mentoring (Ke and Ng, 2019;
Ramesh and Sanampudi, 2022; Stahl et al., 2024).
For personalized tutoring, conversational agents
powered by these models adapt explanations, hints,

"Resources and Supplementary Material such as
full prompts and example outputs can be found at
https://github.com/jjzha/sefl and https://
tinyurl.com/3zdu847k (HuggingFace).

and examples to each learner’s background knowl-
edge and preferred style, producing measurable
gains in engagement and achievement (Yun et al.,
2024; Liu et al., 2024c; Rooein and Hovy, 2024;
Ross and Andreas, 2024; Kwon et al., 2024; Zhang
et al., 2024). Research on peer learning shows that
the same technology can mediate small-group dis-
cussions, suggest prompts, and highlight diverse
viewpoints, leading to richer collaboration (Bauer
et al., 2023). In mathematics, aligning word prob-
lems and proofs to grade-level objectives has been
automated, yielding encouraging results and reduc-
ing the manual effort required to curate question
banks (Botelho et al., 2023). Critical thinking cur-
ricula also benefit; LLMs can challenge students
to justify claims, detect fallacies, and refine argu-
ments in real-time (Guerraoui et al., 2023). The
models have also begun to assist scholars: studies
report successful use for screening literature, sum-
marizing drafts, and aligning reviewer comments
with revision plans (Liang et al., 2024; Sonkar et al.,
2024). Complementing these functions are ana-
Iytics tools that track learning trajectories and sur-
face early warnings when a student slips behind
(Schwarz et al., 2018; Aslan et al., 2019; Alrajhi
et al., 2021).

Despite this growing body of work, prior studies
have rarely targeted the systematic generation of
feedback on open-ended student submissions and
assignments. In this study, we address this gap by
using LLMs to generate extensive comment sets
that teachers can accept as is or adapt. Decades
of scholarship define effective feedback as goal-
oriented, actionable, timely, user-friendly, and con-
sistent while fostering self-evaluation (Carless et al.,
2011; Wiggins, 2012). Feedback that is long and
verbose can confuse learners. Therefore, concise
wording is usually preferable, and comments that
arrive soon after the original effort drive steady im-
provement (Wiggins, 2012). By producing immedi-
ate responses and tailoring suggestions to rubric
criteria, LLM-based systems stand well-positioned
to satisfy these guidelines while operating at the
classroom and institution scale.

Synthetic Data Frameworks. Recent research
shows how collaborative agentic LLMs can syn-
thesize large-scale interactional datasets for ed-
ucational tasks. For example, CAMEL (Li et al.,
2023) employs cooperative role-based dialogues to
achieve shared objectives, whereas SimSeek (Kim
et al., 2022) utilizes agent-based conversations
to construct comprehensive information-seeking
datasets. In education, SocraticLM (Liu et al.,
2024b) simulates Socratic tutoring through multi-
turn dialogue, and Book2Dial (Wang et al., 2024a)
generates teacher-student conversations from text-
books. In contrast, SEFL focuses on concise
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teacher-student feedback loops rather than ex-
tended instructional dialogues. While Nair et al.
(2024) explore iterative revisions, SEFL generates
diverse feedback pairs from assignment-answer-
feedback tuples, enabling fine-tuning of smaller,
cost-effective models for large-scale use.

3. SEFL: Synthetic Educational
Feedback Loops

3.1.

We employ a two-agent framework (Wu et al.,
2023) to simulate a student-teacher feedback loop,
as seen in higher education. Both the teacher
and student roles are simulated by two sepa-
rate Llama-3.1-70B models for a two-turn con-
versation.? The models are tasked to gener-
ate assignment—answer—feedback tuples. First,
the student-agent requests an assignment using
Fineweb-Edu (Lozhkov et al., 2024) texts (Figure 1),
which is known for its educational content based
on LLM judgments. Second, the teacher-agent
creates an assignment that can be of any domain,
e.g., STEM, social sciences, puzzles, and so forth.
Then, the student-agent (1)) submits assignments
containing several explicit errors, and the teacher-
agent ((2)) provides feedback. In (3 and (4), we
obtain an assignment-feedback pair. We deliber-
ately avoided imposing strict rules on the types of
errors that could be generated. We hypothesize
that allowing the LLM to introduce errors naturally
results in a more diverse and realistic set of mis-
takes than if we had a fixed checklist. We inves-
tigate both Qwen2.5-72B and Llama-3.1-70B
for interactions. For a control check, we generate
5,000 interaction tuples with each model, and vali-
date the output as an initial step to investigate the
quality of initial feedback.

We show in Table 1 the results of this experiment.
Out of 5,000 generated examples, Llama-3.1-
70B generates 2,513 valid examples (i.e., valid
JsSON format and each feedback point refers to
an error) compared to Qwen2.5-72B with 454
valid examples. For a further check, we use
BERTScore (Zhang et al., 2020) as a proxy to see
whether each error-feedback pair of the valid gener-
ations relates to each other.® We show that, regard-
less of L1ama-3.1-70B generating more valid ex-
amples, the BERTScore (0.877) remains in a simi-
lar range to Qwen2.5-72B (0.919); in both cases,
this indicates a high level of similarity. As a final
qualitative check, we experimented with several
prompts and consolidated them into a single, final

Synthetic Data Generation

’Note that if we mention a model, it is always the
post-trained version (i.e., —-Instruct).

SWe only calculate it of the samples where both error
and feedback have the same number of generations.

Valid (/ 5,000) BERTScore
Llama-3.1-70B 2,513 0.877
Qwen?2.5-72B 454 0.919

Table 1: Generation Capabilities. First, We show
the number of valid examples, measured by correct
JsoN format and whether each feedback refers to
an error. Llama—-3.1-70B generates more valid
examples. Second, we measure BERTScore as
a proxy for relatedness between error—feedback
pairs of the valid generations.

prompt, which is included in the supplementary ma-
terial. Finally, we use L1ama-3.1-70B-generated
data as the basis for all subsequent model fine-
tuning, as it generated more valid examples. We
spot-checked several prompts and consolidated
the final full prompt in Figure 6 (Section A).

Data statistics. After generating 5,000 examples,
we continue to create example pairs, resulting in
19,841 teacher-student feedback pairs. In Table 3,
we present the final dataset statistics. We under-
line that the generation lengths for each agent are
intentionally kept concise (<170 subword tokens),
based on the hypothesis that overly lengthy feed-
back may be counterproductive. This is in line with
observations from Ferguson (2011), who finds that
students tend to favor brief comments. We argue
that balancing supportive and critical feedback is
crucial, as LLMs often produce verbose responses
by default, which can influence the preferences of
both humans and LMs (Saito et al., 2023).

Task Errors. Once all data was generated, we
took a random subsample of 226 instances with
428 explicit errors. We investigated what category
of intentional errors the student agent generates.
In total, we identified seven error types from the 428
errors and show the proportion in Table 2. Most
errors are of type “Omission and/or incompleteness”
(surmounted for 50% of the errors):

1. Omission and/or incompleteness: This in-
cludes missing details, lacking examples or
evidence, not exploring a topic deeply enough,
or failing to address all parts of the assignment.

2. Stylistic and/or formatting issues: Prob-
lems with grammar, spelling, punctuation, tone
(e.g., too informal), word count, and incorrect
formatting (like improper citations).

3. Factual inaccuracy: This includes incorrect
dates, numbers, names, scientific facts, histor-
ical events, or misquoting a source text.

4. Logical flaws and/or weak argumentation:
These are errors in reasoning. They include
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making incorrect assumptions, oversimplify-
ing complex topics, drawing faulty conclusions,
or failing to construct a coherent and well-
supported argument.

5. Technical and/or procedural errors: This
category is for mistakes in technical execution,
such as incorrect mathematical calculations,
flawed experimental design, or errors in code.

6. Structural and organizational problems:
These errors relate to the overall structure and
flow of the response, such as a lack of clear
transitions between paragraphs, poor organi-
zation, or a missing introduction/conclusion.

7. Task misinterpretation: Student agent mis-
understands the core requirement of the task,
such as writing a story instead of an essay or
failing to use a requested framework.

4. Methodology

4.1. Fine-Tuning Large Language Models

We divide the data into 17,856 training examples
and 1,985 validation examples. To test the feed-
back quality of our approach across model scales,
we fine-tune five open-weight models, namely
Qwen2.5-0.5B, Llama—-3.2-1B, Llama-3.2-
3B, Llama-3.1-8B, and Qwen2.5-14B on this
synthetic dataset. The compute we train the mod-
els on is AMD Radeon Instinct MI250X GPUs, and
it took a total of 467 GPU hours.

Training Objective. To fine-tune the LLMs, for
each prompt z and target sequence y = (y1, .., y7)
we minimize the token-level cross-entropy

T
Lsrr(0) = _th 10%?6(2/1& \ y<t7x>: (1)

t=1

where m; masks out the prompt tokens and acti-
vates the loss on reference tokens only.

Optimization Details. All models train for three
epochs with a global batch size of 16 and con-
text lengths of 131K for Qwen2.5 and 128K for
the Llama variants. We use AdamW with g, = 0.9,
B2 = 0.999 (Loshchilov and Hutter, 2019), e = 1078,
weight decay 0.1, and gradient clipping at norm 1.0.
The learning rate peaks at 2 x 10~° after a linear
warm-up covering the first five percent of steps and
then follows a linear decay.

4.2. Multi-faceted Evaluation

4.2.1. Human Evaluation

After fine-tuning the language models with the
assignment-feedback pairs and testing the perfor-
mance of SEFL, we conduct a human evaluation on
a total of 450 instances with three annotators, fol-
lowing a similar approach to SoctraticLM (Liu et al.,
2024b), which annotated around 1,000 dialogues
with 10 annotators. We randomly sample the sub-
set of instances from the validation set. For each
item, both the original instruction tuned model (A)
and the model further fine-tuned with SEFL (B) pro-
duce feedback. Three human experts compared
pairs of feedback responses produced for the same
assignment and answer. For each item they read
the original prompt, the student submission, and
the two candidate feedback drafts from the non-
tuned and SEFL-tuned model. Then, they select
the feedback from model A or B that is better based
on four base criteria:

» Accuracy: The generated feedback text fo-
cuses on concrete strengths and weaknesses
in the student’s work, avoiding superficial re-
marks.

+ Actionability: Suggestions are clear, specific,
and realistic for a student to apply.

+ Conciseness: Wording is brief and focused,
with little repetition.

» Tone: Language stays constructive and pro-
fessional while recognizing good elements.

Raters were reminded to value efficiency over
length, to prefer targeted advice over general princi-
ples, and to ignore formatting tricks. They recorded
their choice as A or B and could leave an optional
free-text comment. With this, we calculate the win
rate (i.e., the percentage of choosing one feedback
text over the other). This has become a de facto
standard to evaluate long-form text against each
other (e.g., Rafailov et al., 2023).

Each row took at most ten minutes, and the guide-
lines stressed taking regular breaks to sustain atten-
tion. We deliberately remove the A = B tie option
because a forced choice provides more informative
labels and reduces hesitation. At the same time, a
separate checkbox still allows raters to mark assign-
ment — answer — feedback tuples as unrelated
or nonsensical. This happened around 12% of the
time, especially in the smaller, less capable models.
The full annotation guidelines are reported in the
supplementary material (Table 7; Section B).

Annotator Demographics. Our raters are aged
20-40 and from Europe. One identifies as female
and the other two identify as male. One female and
one male have a background in Computer Science,
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Error Category Count %  Example Error Explanation from Student Agent

Omission and/or Incompleteness 214 50.0%  “Failure to provide specific examples and evidence to support claims”.

Stylistic and/or Formatting Issues 67 15.7%  “Incorrect spelling of the word ’protection’ in the last sentence of the answer”.

Factual Inaccuracy 59 13.8%  “Incorrectly claimed Ibn al-Haytham was born in Egypt instead of Basra, Irag”.

Logical Flaws and/or Weak Argumen- 53 12.4%  “The statement about DSP chips having limitations is an oversimplification, as they

tation are still widely used for various applications”.

Technical and/or Procedural Errors 16 3.7%  “Incorrect calculation of the target waiting time, should be a 30% reduction from 10
minutes”.

Structural and/or Organizational Prob- 12 2.8%  “Lack of clear structure and organization in the comparative analysis”.

lems

Task Misinterpretation 7 1.6%  “The writing deploys facts that were not mentioned in the letter, like United States’
interest in containing the spread of communism”.

Total 428 100.0% —

Table 2: Statistics of Explicit Error Types. We show the explicit error types. We show that omission
and incompleteness are proportionally the most used intentional errors the student agent generates.

Feature Value
Instances 19,841
Assignment Length 78.6
Length (Student Agent) 168.1

# Errors Points 2.5
Length # Errors 20.7
Length (Teacher Agent) 120.5
# Feedback Points 25
Length # Feedback 34.6

Table 3: Generation Statistics. We show the
dataset statistics in averages, where length is mea-
sured in whitespace-separated tokens.

and one male has a background in Engineering Ed-
ucation. All have extensive experience in teaching
and supervision, or being taught and supervised;
they all work in higher education (at various levels,
such as research assistant and assistant profes-
sors) with near-native English proficiency.

4.2.2. LLM-as-a-Judge

We also evaluate the fine-tuned models’ output us-
ing a LLM-as-a-judge framework, a method gaining
traction for evaluating free text output (Liu et al.,
2023; Zheng et al., 2024; Chen et al., 2023; Verga
et al., 2024; Térnberg, 2023; Naismith et al., 2023;
Gilardi et al., 2023; Kocmi and Federmann, 2023;
Huang et al., 2024; Gu et al., 2024; Falk et al.,
2025). The three LLMs rate the same 450 ran-
dom instances, namely GPT-40 (Hurst et al., 2024),
Claude3.5-Sonnet, and DeepSeek-V3 (Liu et al.,
2024a). For the LLM-as-a-judge experiments us-
ing closed-source models, we used the respective
APIls, and the total cost was approximately 10 USD.

For every example, the judge model receives the
assignment prompt together with the two candidate
feedback drafts. It is asked to decide which draft is
better on the same four base criteria as the human
annotators. The instruction forbids numeric grades

Win Rate [0, 100]

0581 94 85 97 s
50
18{ 97
25
()
_ 3
[ ©
B 38 90 0o =
s £
=
=25
88{ 90
=50
1481 94 77 81 -7
-100
H1 H2 H3 n

)2
Humans (H) / LLM-as-a-Judge (J)

Figure 2: Win Rate Results. We show the win
rate of our SEFL-tuned models. A win rate >50%
indicates that SEFL-tuned models are better in giv-
ing feedback than their vanilla counterpart; in red
everything <50% shows the opposite. We show
results of 3 human annotators (H#) and 4 LLM
judges: gpt-4o (J1), claude-3.5-sonnet (J2),
and deepseek-v3 (J3).

or explanations and requires the judge to output
exactly one character, A or B, producing a clean
pairwise preference label.

5. Results

In Figure 2, we show the win rates of models fine-
tuned with SEFL vs. their non-tuned version, eval-
uated by both humans and LLM-based judges. A
value above 50% indicates that the SEFL-tuned
models are preferred over their original versions.
We show an example of the feedback in Figure 4,
where we depict the abridged prompt and feedback
by a tuned and non-tuned model.

Human Assessment. Overall, human rater eval-
uations in Figure 2 (H#) show that the SEFL-tuned
models often achieve high win rates, surpassing
90% in several cases compared to the smaller mod-
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Pairwise Cohen's Kappa
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Figure 3: Pairwise Cohen’s k. We show the pair-
wise Cohen’s k between each LLM judge and an-
notator.

els. The human annotators differed in their views
on the 8B model’s output quality; however, they
generally converged on the observation that the
fine-tuned 14B model produces superior feedback
compared to its original version. By contrast, mod-
els not fine-tuned with SEFL had lower win rates,
suggesting that SEFL provides an edge in generat-
ing more coherent and context-relevant feedback.
In addition, we asked annotators whether the syn-
thetic assignment—answer—feedback sequences
were consistent. In over 75% of cases, they con-
firmed the alignment between assignment, student
response, and the feedback given, showing posi-
tive contextual relevance.

LLM-as-a-Judge Evaluation. For the LLM-as-
a-judge evaluations (J#) in the same figure, we
observe several differences in win rates depend-
ing on the model and scale. The results largely
mirror the human assessment trend up to the 3B
scale. The results from the three LLM judges (J1:
GPT-40, J2: Claude-3.5-Sonnet, J3: Deepseek-
v3) reveal that SEFL-tuned models show varying
levels of performance relative to their vanilla coun-
terparts.* For instance, Qwen2.5-0. 5B achieved
the highest win rates across all three judges, indi-
cating a consistent preference for the fine-tuned
version. As the parameter size increases, the differ-
ence in win rate decreases (e.g., 58% on average
for 8B). The full judge prompt will be released in
the supplementary material.

“Models are picked based on their performance on
RewardBench (Lambert et al., 2024), JudgeBench (Tan
et al., 2024), and JudgeArena (AtlaAl, 2025).

Human and Model Agreements. In Figure 3,
we present the pairwise Cohen’s k values (Cohen,
1960) computed between each LLM judge and the
human rater, to observe whether humans and LLM
judges agree on which model gives better feedback.
The agreement among humans was moderate to
substantial: H1 and H3 reached x = 0.63, H1 and
H2 0.48, and H2 and H3 0.48 (Landis and Koch,
1977). Among the models, Claude aligns most
closely with both the other judges and the humans;
Deepseek follows, and GPT-40 shows the weakest
match. Across all model and human pairs, the
numbers range from 0.17 to 0.58, which shows the
subjectivity of feedback evaluation. This suggests
that human experts generally agree on the quality
of feedback, but for LLM judges, this may vary.
Overall, we see an opportunity for improvements
in terms of agreement between LLMs and humans
regarding feedback quality.

6. Discussion

6.1. Human Qualitative Insights

In addition to the win rates in Figure 2, our hu-
man annotators provided rich qualitative feedback
on the model outputs, which we show in Table 4.
Generally, on the critical side, they noted that if a
student’s answer is too short or incomplete, nei-
ther model explicitly flags the missing details. More
specifically, gwen2 . 5-0. 5B was praised for clarity
and concision, whereas L1ama-3.2-3B tended to
repeat assignment details without offering action-
able guidance. Annotators observed that 1.1ama-
3.2-1B often gave more specific and constructive
feedback but occasionally sounded harsh, while
Llama-3.1-8B sometimes overlooked key as-
pects. Overall, although owen2.5-14B achieved
high win rates (94, 77, 81 across three annotators),
these insights suggest that even top-performing
models could improve in error detection, tone re-
finement, and contextual sensitivity.

To further quantify, in Figure 5, we plot for each
model the net balance of optional rater comments in
five qualitative categories: Actionability (AC), Goal
Orientation (GO), User Friendliness (UF), Consis-
tency (CO), and Student Autonomy (AY) (Carless
et al., 2011; Wiggins, 2012). Squares denote the
base models and circles the SEFL-tuned variants.
Horizontal whiskers provide 95% confidence inter-
vals for the net balance using the bootstrap method.
We compute these intervals on the proportion of
positive remarks and then transform them to the
net scale via b = n (2p — 1), where n is the total
number of comments and p the positive proportion.
Annotators added comments only when a response
stood out, so the plot reveals both the direction and
the strength of impressions. We show several ex-
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Qualitative feedback comparison: SEFL-tuned vs. Base (Qwen2.5-0.5B)

| Prompt |

reach.

Assignment (abridged). Summarize the lasting social, environmental, and economic fallout of the Bhopal disaster. Explain (i)
health effects on survivors, (ii) ongoing economic losses and compensation, and (iii) groundwater contamination and its ecological

Student answer (abridged). Mentions immediate deaths and chronic iliness, links health to income loss, notes stigma in the local
workforce, points out toxic wells but supplies no data, and omits policy or clean-up discussion.

—

SEFLtuned feedback |

[ Base model feedback }

1. Recognises how the answer connects the three impact
areas.

2. Requests figures on cancer incidence and water toxicity.

3. Links polluted wells to widening wealth gaps and gender
effects.

5. Encourages reflection on data-driven safety advocacy.

4. Suggests mobile clinics and community water monitoring.

1. Lists illnesses but echoes wording from the
prompt.

2. Calls for better regulation yet cites no agencies.

3. Adds an unrelated section on industrial automa-
tion.

4. Repeats points in the conclusion and shifts
tone.

5. Offers no actionable advice for revision.

Figure 4: Qualitative Example of Feedback. Excerpt that shows how SEFL improves specificity and
actionability. Full conversation will be added as supplementary material.

Model H1 sample H2 sample H3 sample

0.5B “The feedback repeats the assignment ~ “A is concise but misses important de-  “Comments do not reflect missing parts
rather than pointing out issues.” tail.” of the answer.”

0.5B-SEFL “Feedback spots deliberate errors and ~ “A’is concise and clear, suggestions align ~ “Advice notes that the discuss part is
offers clear fixes.” with the rubric.” missing and proposes adding it.”

1B “Feedback echoes what the answer al- ~ “More precise.” “Comments ignore omitted sections.”
ready states.”

1B-SEFL “The note opens with strengths and  “Hints link directly to rubric points.” “Advice adds two practical examples to
gives concrete next steps.” guide revision.”

3B “Both models are good, A sounds nicer.”  “Both are good here.” “Feedback covers content but wording

feels harsh.”

3B-SEFL “Feedback keeps an encouraging tone  “Structure and tone feel balanced.” “Comments cover content, style, and
while giving actionable points.” structure in one cohesive note.”

7B “Feedback addresses surface errorsbut ~ “Detailed but drifts off the prompt.” “Overlooks the rubric item about evi-
misses deeper reasoning.” dence.”

7B-SEFL “Points out reasoning gaps and pro-  “Stays focused on the prompt and re-  “Directly cites the missing evidence sec-
poses specific fixes.” mains concise.” tion.”

14B “Feedback is thorough but wording is  “Long sentences reduce clarity.” “Some comments repeat earlier points.”
opaque.”

14B-SEFL “Clear and student-friendly while retain-  “Uses short sentences and connects ad-  “Groups comments by theme, which

ing depth.”

vice to the rubric.”

avoids repetition.”

Table 4: Several Examples of Human Feedback. We select several human annotator remarks that
illustrate how SEFL tuning improves feedback quality compared with the original models.

amples of annotations in Table 5. The annotators
also had the option to reject nonsensical feedback,
which occurred around 12% of the time, primarily
with the smaller-sized models.

The two smallest models, Qwen2.5-0.5B and
Llama-3.2-1B, receive more negative than posi-
tive remarks on Consistency and Goal Orientation,
matching earlier findings that they sometimes drift
from the student answer or overlook core require-
ments. L1ama-3.1-8B shows the only clearly pos-
itive balance in Actionability and User Friendliness,
yet its interval for Consistency still lies below zero.
Qwen?2 .5-14B gains more favorable notes on tone
and clarity than the smaller models, but still shows

a negative alignment gap. Regarding Student Au-
tonomy, there are mostly neutral comments. We
show an example of the full output feedback of
Qwen2.5-0.5B in Figure 8 (Section C).

6.2. LLM-as-a-Judge

We used LLM judges to rate the feedback gener-
ated by SEFL-tuned models against their untuned
counterparts. This provides a scalable method for
measuring feedback quality, thereby reducing the
need for extensive human annotation. We let the
LLM judges rate the same examples as the humans
annotated. As shown in Figure 2, 3 out of 3 LLM
judges consistently favored SEFL-tuned Qwen2 . 5-
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Figure 5: Optional Rater Comments by Category. AC = Actionability, GO = Goal-orientation, UF =
User-friendliness, CO = Consistency, AY = Autonomy. Annotators were not required to leave a comment;
they did so mainly when a response stood out (usually for a problem). We also show the 95% Wilson
interval for the net balance; if it is not visible, it denotes zero comments. We show that SEFL-tuned models
are getting more frequent positive (absolute) comments.

Aspect Base Model SEFL-tuned Model Preferred

Consistency “Feedback from model A fails to address key as-  “Not an answer but A properly identified it!” SEFL
pects of the answer, such as suddenly changing
the name of the main character.”

Goal orientation “In many cases, answers are shorter than re-  “Finally, B finds that the answer is incomplete.” SEFL
quired. Not reflected in feedback.”

Tone “Model B: Harsh tone.” “Both models are good, but model A is nicer in SEFL

tone and actionability.”
User friendliness “Model B is best, but is way too elaborate.” “B is more clear and concise.” SEFL
Actionability “Model A also provides partial solution.” “Model B is not accurate and provides an answer ~ Base

instead of feedback.”

Table 5: Representative Rater Comments. We illustrate both strengths and weaknesses of SEFL-tuned
models versus their base counterparts, based on the fine-grained criteria depicted in Section 6.1. The

final column shows which draft the rater chose.

Method/Dataset J1 J2 J3
Book2Dial 43 37 27
SEFL 57 63 73

Table 6: SEFL versus Book2Dial. We show
the win rate between SEFL and Book2Dial with
Qwen?2.5-14B as the backbone model, evaluated
by 3 LLM judges with criteria indicated in Sec-
tion 4.2. In bold, we indicate the winning system.
The 3 LLM judges are gpt—-40 (J1), claude-3.5-
sonnet (J2), and deepseek-v3 (J3).

0.5B, Llama-3.2-1B,and Llama-3.2-3B. We
see it as a practical first step for large-scale feed-
back comparisons in educational contexts. We rec-
ommend supplementing LLM-based assessments
with targeted human evaluations for more granular
insights, possibly aligning more with instructional
objectives or even fine-tuning LLMs with rubrics for
better judgment of long-form text (Kim et al., 2024).

6.3. Comparison to Prior Work

The work that is most closely related to ours is
Book2Dial (Wang et al., 2024a). It is a framework
that turns textbooks into synthetic conversations be-
tween a student model and a teacher model. The
student only sees high-level cues, such as section
titles or key concepts, while the teacher has full ac-
cess to the source passage, prompting a question-
and-answer exchange that remains aligned with
the book content. Instead, we focus on any assign-
ment, not limited to textbooks.

To compare the two methods, we further fine-
tune Qwen2 . 5-14B with the Book2Dial data in the
same way as our SEFL-tuned version. We utilize
the existing Book2Dial data, which consists of 889
dialogues, and preprocess the data to ensure that
each conversation is one-turn, resulting in 5,300
conversation pairs. We then run the fine-tuned
model over the same samples evaluated in Subsec-
tion 4.2 and assess them with the same 3 judges
and evaluation criteria.® Table 6 shows that 3 out of

SAt the time of writing, we ran out of funding for the
human annotators and thus compare here only with LLM-
as-a-Judge.
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3 judges prefer SEFL, yielding an average win rate
of 64%. The results confirm that SEFL produces
higher quality feedback than the textbook-based
dialogues in Book2Dial.

7. Conclusion

We introduced SEFL, a framework that simulates
teacher—student interactions via two-agent LLMs
to generate synthetic data for fine-tuning smaller
models. In this work, we aimed to explore how
synthetic teacher-student interactions generated
by LLMs can be leveraged for scalable feedback.
We address this by demonstrating that these in-
teractions, when generated through SEFL, can be
used as high-quality fine-tuning data to enhance
the feedback capabilities of smaller, more efficient
language models. This approach yields concise,
context-sensitive feedback that often surpasses
original instruction-tuned models under both LLM-
as-a-judge and human evaluations. Yet, human in-
sights remain indispensable for capturing nuances
such as clarity and tone. SEFL provides a promis-
ing avenue for immediate, personalized feedback
at scale, extending beyond the educational domain.

Limitations

We acknowledge that SEFL relies on short-form,
synthetically generated assignments and errors,
which are not real student submissions, and this
could have implications. Although this approach
helps create large datasets, it risks producing feed-
back unaligned with authentic classroom contexts.
Our evaluation also utilizes LLM-based judges,
which introduces potential biases related to each
judge’s training data and objectives. Lastly, while
we focused on short-answer tasks, longer or more
domain-specific assignments may require special-
ized or more diverse synthetic data, which we leave
to future work.

Ethical Statement

The use of synthetic data provides an opportunity to
train automated feedback systems without the con-
straints of privacy and consent that come from re-
purposing actual student assignments and teacher
feedback as training data. However, it also raises
questions about transparency and potential mis-
use (Lindsay et al., 2024). For instance, malicious
actors could manipulate synthetic data to dissemi-
nate misleading or biased feedback, undermining
trust in educational tools. Users may also mistake
synthetic feedback for real, expert guidance. More-
over, automated feedback systems risk reinforc-
ing biases if the underlying models are trained on
skewed data. We believe educators and institutions

should remain aware of these risks and incorporate
human oversight to ensure that such systems com-
plement, rather than replace, genuine pedagogical
engagement with real teachers.
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Appendix
A. Prompts

In Figure 6, we show the prompts that we give to
the agent models. Additionally, in Figure 7, we
show the LLM-as-a-judge that we give to the judge
models.

B. Human Evaluation Guidelines

In Table 7, we show the annotation guidelines for
the human raters to rate the model feedback. The
annotators were also instructed that the data will
be made publicly available.

C. Feedback Example
In Figure 8, we show an example of the feedback

of Qwen2.5-0. 5B tuned on SEFL and out-of-the-
box.
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[ Prompts for Agent-based Educational Feedback Loop ]
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HHHHHHHEHHEHHHH A

### Student System Prompt ###

HHHHHHHEHHEHEHH A

You are a diligent student who solves all assignments efficiently. Your key traits are:

1. Direct and Concise Answers: Answer questions directly and concisely; use appropriate academic
language.

2. Show Your Work: Demonstrate your problem-solving process; provide step-by-step solutions when
necessary.

3. Encourage Learning: Focus on assisting with academic tasks; promote understanding through your
answers.

4. Intentional Mistakes: Make some obvious mistakes that the teacher can give feedback on; ensure

mistakes are explicit and noticeable.

5. Response Format: When responding to the teacher’s assignment, give your answer and make
explicit errors in your answer in valid JSON Lines (JSONL) format without any additional text,
using the structure: {'answer’: "Your answer here’, ’error_1’: 'Description of the first mistake’, ’
error_2’: 'Description of the second mistake’}. Do not write anything else.

S
### Teacher System Prompt ###
HHEHHHHEHHEHEHEHHEH

You are a skilled teacher specializing in creating concise, effective assignments and providing
constructive, targeted feedback. Your key responsibilities are:

1. Assignment Creation: Create short, clear assignments across various subjects; provide brief,
focused instructions.

2. Feedback Provision: Offer constructive feedback on completed work; explain concepts succinctly
when needed; do not give grades, only feedback for each mistake.

3. Encouragement and Adaptation: Encourage critical thinking and creativity; adapt to different
learning styles and levels.

4. Response Format: When creating an assignment, give your answer in valid JSON format using {’
assignment’: "Your assignment text here’, task’: 'Specific task instructions here’}; when providing
feedback on a student’s reply, respond in valid JSONL format with {’answer’: "Your global
feedback here’, 'feedback_1’: 'Feedback on the first mistake’, 'feedback 2’: 'Feedback on the
second mistake’}. Do not write anything else. Your goal is to facilitate learning through well-
designed tasks and helpful guidance.

HHHHHHHHHHHH RS
### Initial User Prompt ###
HHHEHIEHE A

{Fineweb-Edu Text Example}

\n\n

Create a short and concise one-question higher education level assignment given the text, be creative.
Give your answer in valid jsonl format: {assignment: <text>, task_1: <text>, task_2: <text>, ...}.
Do not write anything else.

Figure 6: Prompt for Generating Synthetic Teacher— Student Feedback Loops. We show the prompt
we use for the agentic setting.
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[ Prompt LLM-as-a-judge ]

HHHEHEHE A
### Judge Prompt ###
HIHHEHEHEHHEHEHHE

A wND =

You are tasked with evaluating assignment feedback provided by two different models (Model A and
Model B). As an objective evaluator, follow these steps:
1. Analysis Criteria:
7 - Accuracy: Does the feedback directly address specific strengths and weaknesses without
unnecessary elaboration?
8 - Actionability: Are suggestions clear, specific, and implementable without being overly prescriptive?
9 - Conciseness: Is the feedback brief and focused while remaining meaningful?
10 - Tone: Does the feedback maintain efficiency while being constructive?
11 2. Evaluation Process:
12 - First, review the original assignment task carefully
13 - Then examine both Model A’s and Model B’s feedback responses
14 - Compare them against the above criteria
15 - Prioritize focused, efficient feedback over exhaustive detail
16 3. Scoring Rules:
17 - Responses should not include numerical grades
18 - Feedback must be concise and directly related to the student’s work
19 - Each point should be essential and identify specific aspects of the response
20 - Avoid unnecessary categorization and theoretical benefits
21 4. Output Format:
22 - Respond with a single character: 'A’ or 'B’
23 - Choose the model that provides more targeted, efficient feedback
24 - Do not provide any additional explanation or commentary
25 - Your response must contain exactly one character.
26
27 Assignment Prompt:
28 {prompt}
29
30 Model A feedback:
31 {model_a_feedback}
32
33 Model B feedback:
34 {model_b_feedback}
35
36 Which is better? Please respond with a single character: A or B."

]

Figure 7: Prompt for LLM-as-a-Judge. We show the prompt that we use for each LLM-as-a-Judge.
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Section

Details

Overview

Your task is to evaluate pairs of feedback responses (Model A and Model B) given to student assignments. You
will select which model provides better feedback according to specific criteria.
Key Principles:

Focus on efficiency and specificity.
Value concise, meaningful feedback over lengthy explanations.
Prioritize direct, actionable suggestions.

Consider both content and delivery.

Remember to take breaks; | suggest spending a maximum of 10 minutes per row.

Sheet Information

In the table, pick the one you got assigned. You will see 7 columns and need to fill in columns C and F:

Appendix_assignment: What the large language model saw when generating an assignment with a
possible answer.

Assignment: What the model generated as an assignment and answered.
Model A: Feedback generated by Model A.
Model B: Feedback generated by Model B.

Which is better? The most important part is to evaluate both feedback responses and determine which
one is better, based on the assignment and answer.

Comments: Leave comments if needed.

Evaluation Criteria

Accuracy: Does the feedback address specific strengths and weaknesses? Are comments relevant to the student
work? Is the critique substantive rather than superficial?

Actionability: Are suggestions clear and specific? Can students easily understand what to improve? Are
recommendations implementable?

Conciseness: Is the feedback brief while remaining meaningful? Does it avoid unnecessary elaboration? Is there
minimal redundancy?

Tone: Is the feedback constructive while being efficient? Does it balance recognition with criticism? Is the language
professional?

Format

Preferred Feedback Style:

Shows good understanding of the concept.
Uses specific examples from the text to support arguments.

Addresses the main question directly.

Less Preferred Feedback Style:

Generalized or vague feedback.
Overly verbose or structured responses.

Focuses on theoretical completeness rather than practical advice.

Scoring and Pitfalls

Scoring:

1.

2.

3.

4.

Read the original assignment carefully.
Review both feedback responses.
Evaluate against the criteria.

Select the model that better aligns with the criteria as “A” or “B.”

Pitfalls:

Avoid preferring longer feedback just because it’s lengthy.
Do not choose feedback that only lists general principles.

Avoid letting formatting alone affect your choice.

Table 7: Human Annotation Guidelines for Evaluating Assignment Feedback.

10339




[ Feedback Example; Qwen2.5-0.5B-Instruct ]
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[Fineweb-Edu Text Truncated]

#it# ASSIGNMENT: ###

Consider the Bhopal disaster as a case study. What are the key social, environmental, and economic impacts of the disaster that still
persist today, and how do they relate to each other?

Identify and explain the short-term and long-term health effects on humans, especially the survivors and their descendants

Discuss the economic consequences for the victims and their families, including the lack of adequate compensation and
rehabilitation

Analyze the environmental degradation caused by the disaster, particularly the contamination of groundwater, and its ongoing effects
on the ecosystem and human health

### STUDENT ANSWER: ###

The key social, environmental, and economic impacts of the Bhopal disaster that still persist today are closely interconnected. The
disaster had an immediate impact on human health, with thousands of people killed or injured, and long-term effects including
cancers, mental and physical retardation, and sterility. These health effects have had significant social consequences,
including the stigmatization of survivors and their families, and economic consequences, such as the loss of livelihoods and
inadequate compensation. [Truncated..]

#i## Feedback SEFL-tuned model ###

Overall, your analysis effectively highlights the interconnectedness of the social, environmental, and economic impacts of the Bhopal
disaster. However, there are areas for improvement.

To strengthen your argument, consider providing specific data and statistics to illustrate the long-term health effects of the Bhopal
disaster. For example, you could mention the increased risk of cancer, neurological damage, and reproductive problems in the
survivors.

In addition to discussing the long-term health effects, explore the role of environmental pollution in exacerbating existing social and
economic inequalities. How does the contaminated water supply affect the daily lives of the survivors and their families? What
measures can be taken to address these disparities?

To take your analysis to the next level, consider proposing concrete solutions to address the environmental degradation caused by
the disaster. This could involve promoting sustainable development practices, providing access to clean water and sanitation,
or establishing community-led initiatives to rebuild and rehabilitate the affected areas.

### Feedback non-tuned model ###

*»*Short-Term Health Effects:«

- »+Survivors and Their Descendants:«» Survivors often experience chronic illnesses such as cancer, respiratory problems, and
neurological disorders. The long-term psychological impacts, including depression, anxiety, and post-traumatic stress
disorder (PTSD), continue to affect survivors and their families.

- »+xPublic Awareness and Education:x* The disaster sparked widespread public awareness about the risks associated with
industrial accidents, contributing to increased scrutiny and regulation of hazardous industries. However, some survivors
continue to face discrimination and stigma due to the traumatic experiences.

[Truncated]

*xConclusion:x»

The Bhopal disaster has left a lasting impact on society, economy, and the environment. It highlights the need for robust regulatory
frameworks, technological advancements, and sustained attention to environmental protection to ensure that the lessons
learned from this tragedy are applied effectively to prevent future disasters. The ongoing challenges include addressing the
environmental legacy, improving access to clean water and air, and ensuring equitable distribution of resources to combat the
socio—-economic disparities that persist.

This response provides a comprehensive analysis of the social, environmental, and economic impacts of the Bhopal disaster,
drawing on the key points discussed in the assignment and offering insights into the broader context of environmental justice
and sustainable development.

Figure 8: Feedback Example. We show a feedback example of the SEFL-tuned and non-tuned Qwen?2 .

0.5B model.
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