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Abstract

Large language models can generate feedback
on free-form student writing, but there is still
limited evidence on whether such feedback
is mathematically correct, pedagogically use-
ful, and aligned with expert judgement across
varied undergraduate proof-writing tasks. We
evaluate LLM-generated feedback on 65 un-
dergraduate proof-writing exercises using Hat-
tie and Timperley’s feedback framework and a
grade-agreement metric, comparing two mod-
els (GPT-4.1, GPT-5) under two workflow con-
figurations graded by two independent LLM
evaluators. GPT-5 produces higher-quality
feedback across all dimensions. A mark-
scheme-augmented workflow improves grade
correlation with human experts for both mod-
els, and precomputed mark schemes allow in-
structors to audit the system before deployment.
While the present work cannot supply evidence
of benefit in downstream learning tasks, as no
controlled trials suitable to show such were
run, we do show automated detection and ex-
planation of errors on a wide variety of typical
undergraduate-level proof tasks that is aligned
with expert judgement on the mathematical
issues. However, providing meaningful self-
regulation support and controlled studies with
students remain to be done. These results show
that feedback theory provides a useful lens for
evaluating automated mathematical feedback.

1 Introduction

Proof writing is a core skill in mathematics, yet
students entering university typically have little
experience with it (Moore, 2016). Frequent, de-
tailed formative feedback is important in the ac-
quisition of this skill, but producing it at scale is
labour-intensive and inconsistent across graders.
Unlike most high-school mathematics tasks, un-
dergraduate proof exercises require assessing the
validity, relevance, and level-appropriateness of
open-ended arguments. A student may give a cor-
rect solution that is unexpected to the grader; an
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incorrect argument may still deserve substantial
credit if it contains the main ideas; a small com-
putational error may invalidate the solution if the
subsequent argument depends on it; and a mathe-
matically correct proof may still be poor if it relies
on machinery outside the course, takes large unnec-
essary detours, or is poorly written. Recently, large
language models (LLMs) have achieved strong per-
formance on mathematical reasoning benchmarks
(OpenAl, 2024) and have been trialled as tutors
(Jurenka et al., 2024; Miller and DiCerbo, 2024). It
has also been shown that at least at a high compu-
tational budget, they can be used to grade complex
proofs (Ma et al., 2025). Educational applications,
however, must produce not only grades but peda-
gogical feedback while operating under tight bud-
get and latency constraints. To our knowledge,
LLM-generated feedback quality for free-form un-
dergraduate proof exercises has not been previously
studied.

We evaluate LLM-generated feedback on 65 un-
dergraduate proof-writing exercises along four di-
mensions derived from the Hattie—Timperley feed-
back framework (Hattie and Timperley, 2007): cor-
rectness, task-level clarity, process-level guidance,
and self-regulation support. We compare two mod-
els (GPT-4.1, GPT-5) under two workflow con-
figurations (a direct baseline and a mark-scheme-
augmented pipeline), graded by two independent
LLM evaluators, and use grade agreement with hu-
man experts as a complementary screening metric.
Code, prompts, and data are available at https:
//github.com/agohr/11lm_proof_feedback.

Contributions.

1. We operationalise the Hattie—Timperley
framework by deriving a rubric for automated
evaluation of LLM-generated mathematical
feedback.

2. We show that evaluation using this frame-
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work reveals quality differences invisible to
grade agreement alone. For instance, grade
agreement shows no advantage for GPT-5 over
GPT-4.1, despite GPT-5 scoring substantially
higher on all feedback dimensions.

3. We stress test our tutoring system in several
ways: we show that LLMs can effectively find
errors in exemplary solutions of our exercises,
we analyse the behaviour of our workflows
for questions designed to trick the models,
we show that both graders prefer the GPT-5
output despite self-serving bias (Panickssery
et al., 2024).

Related work. Intelligent tutoring systems have
provided automated mathematical feedback for
decades, from Andes (Gertner and VanLehn, 2000)
to proof-assistant-based systems like Waterproof
(Wemmenhove et al., 2022) and LeanTutor (Patel
et al., 2026), but these cannot process natural free-
form writing. LLM-based systems can (Miller and
DiCerbo, 2024; Jurenka et al., 2024), but exhibit
failure modes such as sycophancy and hallucina-
tion. LLM-as-judge approaches are widely used
in the LLM capabilities literature (Zheng et al.,
2023); we adopt a cross-grader design to control
for self-preference bias (Panickssery et al., 2024).

Feedback theory. Hattie and Timperley (2007)
proposed a model distinguishing four feedback lev-
els: task (FT), process (FP), self-regulation (FR),
and self (FS). Task-level feedback identifies what
was correct or incorrect; process-level feedback
addresses strategies and reasoning; self-regulation
feedback prompts metacognitive monitoring and
planning; self-level feedback (“you are smart”) is
generally ineffective. We operationalise this frame-
work as a grading scheme for LLM-generated feed-
back.

2 Methods

Dataset. We develop a synthetic dataset consist-
ing of 65 question—solution pairs from a first-year
transition-to-proof course covering number sys-
tems, vector geometry, and calculus. Solutions
were authored by experienced students familiar
with the course and include deliberate errors. The
solution authors were the student co-authors in
their second or third year who had taken the course.
Given a workload of 21 to 22 problems per student
they had to work quickly, and were encouraged
to write down partial arguments where they could

not finish a solution, and, where natural, to include
plausible errors that would be useful test cases. The
dataset is therefore controlled and error-rich, but
not claimed to represent the full distribution of real
student submissions, which we expect will in any
case not be uniform across deployments. Three ex-
pert markers (two of the authors, one mathematics
PhD student) independently graded each item on
a 0-5 rubric; grades were reconciled by manual
review by one of the authors, who is a lecturer of
the course.

Feedback Generation. We compare two
feedback-generation models and two workflow
configurations, yielding four conditions:

* Models: GPT-4.1 and GPT-5.

* Workflows:

— Baseline-concise: the model receives the
question and student answer with a 200-
word limit and generates feedback di-
rectly.

— MS-w-example: a multi-step pipeline
that first specialises a generic mark
scheme to the question, then generates
feedback informed by the specialised
mark scheme. This workflow was se-
lected based on its strong performance in
grade-agreement pre-evaluations.

GPT-5 and GPT-4.1 were selected for this ex-
periment because they represent modern reasoning
and non-reasoning language models, respectively.
Baseline-concise represents a simple workflow that
just asks the model to provide short feedback.!

Hattie-Timperley Evaluation. Each feedback
item is scored on four dimensions, operationalised
as rubrics with detailed level descriptors (0-5):

1. Correctness (D1): Mathematical accuracy of
the feedback content.

2. Task-level clarity (D2/FT): Whether the feed-
back specifically identifies what was correct
or incorrect, with reference to the exercise’s
goals.

3. Process-level guidance (D3/FP): Whether
the feedback engages with the student’s rea-
soning strategies and suggests alternatives.

'We found in early experiments that directly asking the

models for feedback tended to result in feedback that in our
judgment was clearly too long.
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Assignment Specialise mark scheme Generic
question (markscheme) mark scheme
Y
Student Generate feedback Feedback
submission (11m_feedback) SEUEE
Y

Infer grade for evaluation
(regraded)

Grade
(evaluation only)

Figure 1: High-level view of the MS-w-example workflow. The mark-scheme step is precomputable because it
depends on the assignment and generic rubric, but not on any student submission. In deployment, the system returns

only feedback; the grade node is used for evaluation.

Role Model/settings

GPT-4.1; GPT-5 with medium
reasoning. Defaults otherwise.
GPT-5.4 and GPT-4.1 as indepen-
dent graders.

GPT-4.1-nano infers a grade from
question and feedback only.
Earlier grade-correlation sweeps
used GPT-40 workflows and GPT-
40 grading.

Feedback generation

HT feedback evalua-
tion
Grade screening

Workflow
selection

pre-

Table 1: Compact model-role summary. Reasoning
models do not expose a temperature parameter; non-
reasoning calls used temperature zero. We note that
OpenAl models do not behave deterministically even at
temperature zero.

4. Self-regulation support (D4/FR): Whether
the feedback prompts self-monitoring, iden-
tifies next steps, and attributes outcomes to
controllable factors.

We distinguish two roles: feedback generation
(the model producing feedback for students) and
meta-evaluation (the model scoring that feedback).
Two LLM meta-evaluators, GPT-5.4 and GPT-4.1,
independently score all 4 x 65 = 260 feedback
instances on all four dimensions. For instance,
GPT-5, which acts as a feedback-generation model
in one experimental condition, is thus evaluated
by GPT-5.4 in its meta-evaluator role. Each meta-
evaluator first produces a brief chain-of-thought jus-
tification and then assigns an integer score, yielding
paired scores that support cross-grader reliability
analysis. The justifications were retained for hu-
man inspection and are part of our code and data
repository.

Grade Screening. As a complementary met-
ric, we regrade each feedback instance using a
lightweight model (GPT-4.1-nano) that infers a 0-5

grade from the question and feedback alone (stu-
dent solution hidden), and compute Kendall 7 with
human grades. The use of a lightweight grader
is motivated here by two points. First, feedback
should be as unambiguous as possible. Second, a
mathematically capable grader could correctly set
a grade based on feedback that is completely in-
competent but leaks enough information about the
original submission.

Manually Checking a Sample To check whether
GPT-5.4 was grading the model feedback items
too generously, we manually graded all 65
question/answer/feedback triples from the MS-w-
example workflow with GPT-4.1 as the feedback-
generation model. On this sample, LLM ratings
were on average more critical than human ratings
across all four HT categories, except for the GPT-
4.1 meta-rating on feedback correctness, which was
slightly more optimistic than the corresponding hu-
man grade.

Qualitative tasks. We additionally ran two qual-
itative checks. First, we asked a solve-then-
comment workflow to proofread all 65 exemplary
solutions and the workflow indeed found several er-
rors which we confirmed, with no hallucinations.”
Second, we constructed five stress-test problems
designed to expose mathematical or contextual fail-
ures, including overpowered methods, surprising
elementary arguments, advanced material, and mul-
tilingual input.

Examples of Feedback generated. We illustrate
our feedback generation system with a stress-test
example, using the ms-w-example workflow and
GPT-5 as the underlying language model. Table 2

“There were false positives, but these were due to the
model missing course-specific context.
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shows one of our stress tests on which the workflow
generates correct and useful feedback. The main
difficulty in this example is that when given the
problem, the models we tested themselves tend to
suggest solutions that have the same shortcomings
as the student solution, and will only find elemen-
tary arguments if specifically instructed to do so.

3 Results

Grade correlation. Table 3 shows Kendall 7 be-
tween regraded and human grades. The ms-w-
example workflow with GPT-4.1 achieves 7 =
0.561, substantially exceeding the human inter-
grader baseline from our two independent grad-
ings of the dataset (7 = 0.387). The same work-
flow consistently outperforms the baseline_concise
workflow across both models.

When developing the workflows, we optimised
for grade correlation under GPT-40 workflows
with GPT-40 grading. The data we collected
on the influence of model and grader choice on
grade correlations are included in the GitHub
repository at https://github.com/agohr/11lm_
proof_feedback.

GPT-5 feedback is substantially better under
the HT rubric. Table 4 presents mean HT scores
across all four conditions, averaged over both
graders. GPT-5 outscores GPT-4.1 on every di-
mension, most dramatically on correctness (D1:
4.40-4.78 vs. 3.48-4.54) and process guidance
(D3: 4.14-4.46 vs. 3.29-3.57). Obviously, the
conclusions that can be drawn from this are weaker
than conclusions from observed learning outcomes
would be.

Self-regulation is hard to grade. Across all con-
ditions and graders, self-regulation support clusters
around low values. Indeed, under the GPT-5.4
grader, most items receive a score of exactly 3. We
attribute this mainly to the fact that LLMs have dif-
ficulty separating this feedback dimension from the
others; when manually producing meta-feedback,
we found that we faced the same problem.

Cross-grader agreement and bias. Both graders
rate GPT-5 feedback substantially higher than GPT-
4.1 feedback across all dimensions. The consis-
tency of the GPT-5 advantage across graders lends
some support to the validity of the evaluation, as un-
der self-serving bias (Panickssery et al., 2024) each
model is expected to rate its own outputs higher.

Qualitative evaluation. We also evaluated our
system qualitatively on the two additional tasks
defined above.

The first involved proofreading the exemplary
solutions to our exercises. We used a solve-then-
comment workflow in which the model (0o4-mini)
first generated a solution to each problem and then
evaluated the proposed exemplary solution. Except
where the model was unaware of course-specific
notation, conventions, or disallowed tools, the feed-
back was uniformly useful, surfacing several cleri-
cal and minor technical errors.

The second was a stress test: five problems that
are mathematically accessible but constructed to
challenge current LLMs. Performance differed sub-
stantially between non-reasoning and reasoning
models. While even GPT-5 failed on 3/5 items, tar-
geted hints substantially improved its performance.
This suggests that lightweight teacher interventions
can meaningfully improve model performance at
considerably less effort than writing full question-
specific rubrics. Full details are included in the
code and data repository.

4 Discussion

Our results support three main findings relevant to
automated feedback evaluation and design.

Precomputation of parts of a workflow can help
prevent failures. In our stress tests, we were
able to trace failure cases to errors in the model-
generated mark schemes. Since this stage of feed-
back generation does not depend on student submis-
sions, it is natural to precompute it at the beginning
of a course. Instructors can thus audit system per-
formance on course content before deployment and
intervene with suitable hints.

Grade correlation is an insufficient but useful
metric for workflow evaluation. On its own, cor-
relation of grades derived from feedback generated
by our system is insufficient to select a good work-
flow for a given application. Our work shows that
at least for our undergraduate exercise setting, it
fails to show any advantage of the use of reasoning
models, when several other metrics we consider, as
well as our stress testing, do show such advantage.
We still regard grade correlation as a useful screen-
ing tool for the development of mathematics tutor-
ing applications, however, as it allows the reuse of
graded proof datasets such as (Frieder et al., 2023;
Ma et al., 2025).
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Question

Show that there are infinitely many numbers that are divisible by 6 and that can be written as the sum of
two prime numbers. (Early undergraduate elementary number theory course.)

Student answer

By Dirichlet’s theorem on primes in arithmetic progressions, there are infinitely many primes both of the
form 6k + 1 and 6k + 5. Let S5 and .S7 denote two such infinite sets. Then p + ¢ with p € S5 and ¢ € S7
is always divisible by 6, and there are infinitely many such pairs; this yields the desired result.

Generated feed-
back

What you did well: You correctly identified the relevant residue classes (primes > 3 are = 1 or 5 (mod 6),
and 1 + 5 =0 (mod 6)), and the overall pairing strategy is appropriate.

Main issues: (i) You invoke Dirichlet’s theorem without proof. For this course and problem, relying on such
a deep result is not acceptable; an elementary argument is expected. (ii) Even if Dirichlet were allowed,
“there are infinitely many such pairs” does not by itself rule out repeated sums—you need infinitely many
distinct multiples of 6.

How to fix: Replace Dirichlet with an elementary Euclid-style argument: assume finitely many primes = 5
(mod 6), form N = 6[r; — 1, show 2 { N and 3 1 N, and deduce N has a new prime factor ¢ = 5
(mod 6). Then fix r = 7 (=1 (mod 6)) and note the sums g + 7 are distinct and divisible by 6.
Notation: S5 and S7 do not match the stated sets of primes of the form 6k + 1 and 6k + 5; there is no
residue class “7” mod 6.

Table 2: Stress-test example: GPT-5 with the ms-w-example workflow. The student invokes Dirichlet’s theorem.
Their argument is mathematically correct, but uses far heavier machinery than the course level allows, and introduces
an ambiguous notation (S5, S7) mismatched with the stated residue classes. The feedback correctly flags all problems

and sketches a possible elementary fix via a Euclid-like argument.

Model Workflow T n
GPT-4.1 Baseline +0.306 65
GPT-4.1 MS-w-example +0.561 65
GPT-5 Baseline +0.136 65
GPT-5 MS-w-example +0.296 65
Human inter-grader +0.387 65

Table 3: Grade correlation: Kendall 7 between grades
regraded by GPT-4.1-nano from feedback alone and
reconciled human grades. Human baseline shown for
reference.

Metacognitive feedback is still a gap. In our
test cases, our system generally produces correct
and task-level relevant feedback but qualitatively,
we see that it often fails or does not attempt to di-
agnose why a certain mistake was made. This is
also visible to some extent in the self-regulation
scores produced by our evaluation, although that
part of the evaluation probably suffered from diffi-
culties our meta-grader had in distinguishing this
dimension from the others.

We expect that closing this gap would require
longer interaction histories and more agentic model
scaffolds.

Limitations

Our dataset consists of 65 controlled, author-
written items from a single institution and course.
This allows useful comparisons to be drawn be-
tween configurations, but the frequency and va-
riety of errors in authentic student work may be

Model Workflow D1 D2 D3 D4
Corr. Task Proc. Self-R.

GPT-5.4 grader

GPT-4.1 Baseline 3.62 342 329 3.02
GPT-4.1 MS-w-ex. 348 3.71 340 2.88
GPT-5 Baseline 440 4.14 4.14 3.05
GPT-5 MS-w-ex. 4.63 429 425 3.06
GPT-4.1 grader

GPT-4.1 Baseline 437 3.69 357 278
GPT-4.1 MS-w-ex. 454 3.89 346 232
GPT-5 Baseline 477 4.09 428 3.62
GPT-5 MS-w-ex. 478 425 446 3.51

Table 4: Mean HT scores (0-5) by condition and grader.
D1-D4 correspond to correctness, task clarity, process
guidance, and self-regulation.

different. The HT evaluation is itself performed
by LLMs, and only the GPT-4.1/MS-w-example
feedback ratings were cross-checked by the au-
thors. We evaluate only two feedback-generation
models and two workflows in the main experiment,
although our supplementary code and data contain
grade-correlation and stress-testing data for addi-
tional combinations. Finally, we do not measure
learning outcomes or student uptake of the feed-
back, which would be the gold-standard test for
pedagogical effectiveness. While we deployed our
tutoring system in several real courses using the
lambda feedback platform at Imperial College, and
received informal feedback on its use from students,
no data from these deployments was used in this
paper for ethics reasons. We leave this as future
work.
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