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Preface

I began this thesis hoping to find a project that I found genuinely interesting, that could contribute to a

research community, and that would still let me build something concrete before returning to software
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model side and the interface that supervisors could actually use became important.

Many people contributed to this work along the way.

I am deeply grateful to my supervisors, Gosia Migut and Tom Viering, for giving me the freedom to scope

the project as a paired model-and-interface study, for their kindness and support in brainstorming and

thinking through ideas with me, and for the time they invested in reading imperfect drafts. I also thank

Stephanie Tan for kindly taking the time to be part of my thesis committee.

The two user studies in this work would not exist without the professors, PhD candidates, and

postdoctoral researchers who evaluated the feedback comments and the interface. Their qualitative

comments on the thesis-feedback task and the interface were among the most helpful parts of the

studies.

I am grateful to Sowmya, who listened patiently and was a steady source of emotional support throughout

this work.

I am also grateful to Smrithi, Pratik, and my nephew Kian, for being my family and my home away from

India over these years. I am thankful for the peace, the food, and the sense of comfort I find with them.

I thank my family, without whom I would not have had the opportunity to pursue a master’s at TU

Delft, for their support and prayers throughout. I also thank my friends for standing alongside me

during this thesis.

This thesis was supported computationally by the DelftBlue high-performance computing cluster, which

made it possible to train and serve open-weight 27B and 70B-parameter models inside institutionally

controlled infrastructure without depending on external commercial APIs for any step that touched

student-derived material. That choice was important to me, and the work would have looked quite

different without it.

Ayush Thomas Kuruvilla
Delft, June 2026
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Glossary

Acronyms
CSE3000 TU Delft Computer Science and Engineering bachelor Research Project, the supervision

context for which the thesis-feedback system was designed.

DSAIT Data Science and Artificial Intelligence Technology, the master’s programme under which this

thesis was carried out.

GDPR General Data Protection Regulation (EU Regulation 2016/679).

JSON JavaScript Object Notation, the structured output format used by the generation pipelines.

LLM Large Language Model.

LoRA Low-Rank Adaptation, a parameter-efficient supervised fine-tuning method.

NLP Natural Language Processing.

PDF Portable Document Format.

RAG Retrieval-Augmented Generation.

RQ Research Question.

SFT Supervised Fine-Tuning.

SUS System Usability Scale [1].

UI User Interface.

Key Terms
Span-anchored feedback A feedback comment that is attached to a specific span of text from the thesis

draft, paired with surrounding section context. Used as the supervised training format and as the

unit of human and automatic evaluation throughout the thesis.

Held-out evaluation pool The five annotated thesis documents reserved before any fine-tuning and

reused across the LLM-as-a-judge benchmark, the blind feedback-quality study, and qualitative

inspection.

Generation strategy The broader test-time configuration that determines what context the model sees

and how multi-step orchestration is structured. The three strategies compared are whole-document
prompting, section-aware two-stage generation, and agentic review.

Prompt family The set of prompt variants used in this thesis that share the same task instruction,

rubric-derived priorities, exclusion rules, and structured output schema, and that differ only in

how they supply context.

LLM-as-a-judge An automatic evaluation pipeline in which one LLM scores another LLM’s output

against an explicit rubric, used here for strategy-level comparison.

Supervisor suitability An evaluation dimension distinct from descriptive feedback quality, capturing

whether a comment would be appropriate for a supervisor to send to a student as written or after

only minor editing.
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Notation
𝑠 Anchor span from the thesis draft.

𝑐 Surrounding section context, including section headings and neighboring text.

𝑦 Feedback comment associated with the span.

(𝑠, 𝑐, 𝑦) One supervised training example.

𝑝 Course-guideline prompt.



Introduction 1

Writing a thesis is a central part of higher education. The student must take technical or scholarly work

and turn it into a coherent written report whose argument, methodology, evidence, and conclusion

can stand independent scrutiny. Supervisor feedback shapes that process: it points the student toward

unsupported claims, unjustified methodological choices, or conclusions that do not follow from the

evidence, and it does so across multiple levels at once, from local writing-level corrections to broader

structural and argumentative critique [2, 3, 4, 5, 6, 7]. Useful feedback goes beyond surface correction.

It tells the student what to change, why the change matters for the argument, and how the revision

should look [3, 8, 9, 10].

Providing this feedback is time-consuming. Drafts are long, and each comment requires careful reading

and a deliberate choice of what to comment on. This effort becomes more difficult to sustain when

many drafts must be reviewed in a short period. The supervision context for this work is the TU

Delft CSE3000 bachelor research project, which enrols close to four hundred students per year and

requires supervisors to provide detailed written feedback on student drafts within a ten-week project

window [11]. Supervisors carry this workload alongside their teaching, research, and departmental

responsibilities. Studies of academic workloads have consistently reported that these demands compete

for limited faculty time [12, 13, 14, 15]. This creates a practical motivation for automated assistance that

prepares reviewable draft comments while leaving supervisory judgment intact.

Supervision context and source corpus

TU Delft CSE3000 Research Project: a 10-week bachelor research project in computer science

with approximately 400 students per year under distributed supervision [11].

Source corpus for this work: 1,140 span-feedback pairs recovered from 55 supervisor-annotated

thesis drafts. Five additional drafts are held out before fine-tuning and reused for both LLM-as-

judge and blind human evaluation.

Large language models make automated first-pass feedback more plausible than earlier rule-based

approaches. They can read long passages, recognise patterns of academic writing, and draft comments

that resemble supervisor feedback [16, 17]. The same capability can also produce critique that is incorrect,

too generic to guide revision, or focused on the wrong issue [18, 19]. Recent work on AI-generated

writing feedback [20, 21, 22, 23, 24, 25, 26, 27] and on AI-supported scholarly review [28, 29, 30, 31,

32] reports both outcomes at once: useful local critique alongside shallow, mis-prioritised, or weakly

grounded comments. A recent systematic review of AI-based automated written feedback similarly

finds that current systems address surface-level issues well but deal weakly with deeper, contextual

revision [33, 34, 35]. In thesis supervision, the supervisor remains responsible for the feedback that

reaches the student. An incorrect comment can therefore create additional review risk, which is why

this work treats the supervisor, not the model, as the decision-maker on what feedback the student

receives.

This thesis studies how open-weight large language models can produce reviewable draft feedback

for computer-science bachelor theses inside a supervisor-controlled workflow. The feedback is treated

as span-anchored: every generated comment is attached to a specific passage of the thesis, so that a

human reader can see the exact text the comment refers to and can judge its relevance, correctness, and

specificity. Anchoring a comment to a visible referent has both an empirical and a formal motivation:

writers act on comments more reliably when the comment names the problem location and a possible

fix [36, 37], and the W3C Web Annotation Model formalises annotation as a body–target pair with

a selector pointing into a text segment [38]. Span anchoring serves three roles in this work. As a
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training signal, it matches the format of the supervisor comments in the source corpus, which are

already attached to passages. As an evaluation unit, it lets raters score each comment in context against

its anchor. As an interaction unit, it allows a supervisor-facing PDF interface to display generated

comments as editable suggestions that the supervisor can accept, revise, or dismiss before export.

Example: a span-anchored thesis-feedback item

Anchor span: “important”
Surrounding context: “In machine learning, learning curves are an important metric that plots
performance versus training set size. They inform decisions about data acquisition, model selection, and
hyperparameter tuning.”
Supervisor-style feedback: “Subjective: everything can be called important. Instead, explain why you
think this is important and what depends on it.”
The model is trained to produce one such comment per anchor, grounded in the surrounding

section context. The feedback above is from the CSE3000 source corpus and illustrates the form

of comment the model learns to imitate.

The work is conducted within a number of practical constraints. Thesis drafts and supervisor comments

contain personal educational data, which makes external commercial APIs less suitable for both training

and inference and brings the work under UNESCO guidance on generative AI in education [39], the EU

AI Act’s transparency and human-oversight requirements for high-risk educational uses [40], and GDPR

principles of data minimisation [41]. This regime motivates the use of open-weight models that can

be fine-tuned and served on institutional infrastructure rather than queried through retention-bound

external APIs, in line with arguments that closed proprietary models obscure training data, model

changes, and evaluation artefacts and so make scientific audit harder [42]. Theses are long documents,

which means that a model may need to process tens of thousands of tokens at once; long-context

studies show that simply increasing the context window does not guarantee the relevant information is

used [43, 44], and recent comparisons of retrieval-augmented generation and long-context prompting

indicate that they trade off depending on task structure and budget [45, 46, 47]. Good thesis feedback is

also multidimensional: a comment can be relevant but incorrect, specific but unhelpful, or accurate

but inappropriate to send to a student. Preset criteria cannot fully represent this kind of qualitative

judgment [48], which is why the peer-feedback and peer-review literature scores feedback along several

axes in parallel rather than against a single reference comment [49, 8, 50, 51].

The investigation is organised around four research questions:

RQ1: To what extent can fine-tuned span-anchored feedback match or improve on human supervisor

feedback under blind human rating, across relevance, change clarity, correctness, actionability,

specificity, and supervisor suitability?

RQ2: How do base and fine-tuned open-weight models compare across whole-document, section-aware

two-stage, and agentic review strategies for long thesis-feedback generation?

RQ3: How usable is a supervisor-facing interface that presents generated comments as editable,

span-anchored draft annotations inside a PDF review workflow?

RQ4: Which feedback-quality and workflow risks persist when LLM comments are used as reviewable

draft feedback under supervisor control?

The thesis is organised in two parts. Chapter 2 contains the scientific paper, which presents the problem,

the methodology, the evaluation, and the main results. Chapter 3 provides supplemental materials:

a more thorough literature review, background on the underlying concepts, the dataset construction

pipeline, implementation details for the models and the supervisor-facing interface, the pilot evaluation

that shaped the deployed configuration, the user-study methodology including the human-research-

ethics procedure, additional analyses of the LLM-as-a-judge benchmark, and a discussion of how the

work relates to the surrounding research field. The appendices preserve the study instruments, the full

prompt templates, the CSE3000 source guidelines, the interface screenshots, and the additional judge

tables.
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Teaching Machines to Critique Computer Science Theses:
Span-Anchored Feedback with Open-Weight Models and

Supervisor-in-the-Loop Review

Ayush Thomas Kuruvilla
Delft University of Technology

Abstract

To produce reviewable draft feedback on long
computer-science thesis drafts under supervisor
control, we present a controlled three-way com-
parison of LLM generation strategies on open-
weight backbones, paired with a supervisor-
facing PDF review interface. We compare base
and LoRA-fine-tuned Llama 3.3 70B and Qwen
3.5 27B across whole-document, section-aware
two-stage, and agentic review strategies, evalu-
ated through an LLM-as-judge benchmark over
all twelve configurations, a blind human rating
study, and an interface usability study. Whole-
document generation obtains the highest judge-
macro score. Fine-tuning helps in only one
of six matched base-versus-fine-tuned compar-
isons, indicating that supervised adaptation on
a small span-anchored corpus shifts response
distribution without expanding critique abil-
ity. In the blind study, the deployed section-
aware generation is rated significantly higher
than held-out supervisor feedback on change
clarity (p = .027) and specificity (p = .018),
while correctness shows no significant differ-
ence (p = .516). On the comments scored by
both, three independent LLM judges rate the
system above the human raters on every dimen-
sion (mean bias 0.41 points), most strongly on
supervisor suitability. The PDF review inter-
face reaches a mean System Usability Scale
(SUS) of 77.5. The results support using open-
weight LLMs to produce reviewable draft feed-
back on long technical theses under supervisor
inspection, editing, and export control.

1 Introduction

Writing a thesis requires students to produce a
long, self-directed piece of technical writing that
develops and supports a research contribution. It
is where students learn to frame a research prob-
lem, defend methodological choices, and connect
evidence to claims, and supervisor feedback is a
central channel through which that argument is
shaped [1, 2, 3]. Written supervisor feedback on

drafts ranges from local writing-level comments
on wording and clarity to broader critique of or-
ganization, argument, and subject-matter coverage
[3, 2].

We study this problem in the setting of a large
university thesis course, where detailed feedback
must be provided repeatedly and under time pres-
sure. The Delft University of Technology (TU
Delft) CSE3000 Research Project is a 10-week
bachelor course in computer science with nearly
400 students per academic year under distributed
supervision [4]. Each supervisor is expected to give
detailed written feedback on student drafts over
the course of the project, in addition to teaching,
research, and service responsibilities that already
constrain faculty time [5]. Under that load, automa-
tion that prepares a reviewable first pass over a
long draft could help supervisors focus on higher-
level structural and methodological critique, while
leaving them responsible for selection and revision.
The goal is not to replace supervisors, but to pro-
duce reviewable draft comments that a supervisor
can inspect, edit, and approve before any feedback
is returned to students.

Prior work points to three properties that make
automating thesis feedback difficult. First, feed-
back quality is multidimensional: useful comments
differ not only in what they address, but also in how
localized, specific, justified, accurate, actionable,
and helpful they are [6, 7, 8, 9, 10]. A comment
can therefore be specific but wrong, accurate but
unhelpful, or relevant but too vague to act on. This
makes single-reference evaluation a weak proxy
for usefulness [11]: a held-out supervisor comment
can serve as a reference example of useful feed-
back, but not as the only valid answer. Different
reviewers can reasonably prioritize different prob-
lems in the same passage.

Second, modern large language models (LLMs)
can draft plausible comments over arbitrary text,
yet recent work on AI-generated writing feedback
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Figure 1: End-to-end pipeline. Five annotated theses are held out before fine-tuning. Evaluation combines blind
human ratings, judge-based comparison, and interface usability testing.

and scholarly review reports that the resulting cri-
tique is frequently relevant but shallow, misprior-
itized, or weakly grounded [12, 13, 14, 11, 15].
Most of this evidence comes from closed-source
models, and the writing-feedback subset typically
targets shorter texts or bounded writing tasks.
Open-weight models for long-document thesis
feedback under supervisor control remain underex-
plored. Prior work on AI-generated writing feed-
back also shows that feedback usefulness depends
not only on the generated text, but also on whether
users can inspect, adapt, and integrate that feedback
into an actual revision workflow [12, 16, 17].

Third, drafts and supervisor comments are per-
sonal educational data. UNESCO guidance on gen-
erative AI in education emphasizes privacy and in-
stitutional validation [18], the EU AI Act imposes
transparency and human-oversight requirements on
high-risk educational uses [19], and General Data
Protection Regulation (GDPR) principles such as
data minimization apply to draft-assistance tools
by default [20]. These privacy, transparency, and
human-oversight requirements make closed pro-
prietary interfaces difficult to justify and motivate
locally deployable open-weight models, where in-
stitutions can retain control over data handling and
adaptation.

A final design issue is context selection. Thesis
drafts are long, so a feedback system must decide
how much of the document to show the model when
generating each comment. Larger context windows
reduce truncation but do not guarantee that the rele-
vant evidence is used [21, 22]; retrieval-augmented

generation and other context-selection methods can
narrow the input around a target passage [23, 24].
Whole-document generation, section-aware two-
stage generation, and agentic review (Section 3.4)
occupy different points on this local-grounding-
versus-global-context trade-off.

Figure 1 gives an overview of the entire pipeline.
To address these gaps, we study span-anchored
draft feedback with base and fine-tuned open-
weight LLMs, meaning models whose trained pa-
rameters can be downloaded and run locally. We
also test the resulting workflow through a PDF re-
view interface developed for supervisors.

This setup leads to four research questions.

RQ1: To what extent can fine-tuned span-
anchored feedback match or improve on
supervisor comments under blind human
rating?

RQ2: How do base and fine-tuned open-weight
models compare across whole-document,
section-aware two-stage, and agentic review
strategies on long thesis drafts?

RQ3: How usable is a supervisor-facing PDF re-
view interface, as measured by the System
Usability Scale (SUS)?

RQ4: Which feedback-quality and workflow risks
persist when LLM comments are used under
supervisor control?

To our knowledge, this is the first work to
combine these elements into a single workflow
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for LLM-generated thesis feedback. Specifically,
we contribute: (i) a controlled three-way com-
parison of whole-document, section-aware two-
stage, and agentic generation strategies on the
same fine-tuned open-weight backbones, isolating
the context-scope trade-off that earlier work as-
sembles across baselines from different systems;
(ii) a reproducible on-premise pipeline for fine-
tuning and serving open-weight 27B–70B mod-
els on supervisor-annotated thesis data using 4-bit-
quantised LoRA on a single A100, with anonymisa-
tion and JSON-validated span-anchored inference;
(iii) a supervisor-facing PDF review interface with
backbone-agnostic model routing via LiteLLM, so
the same workflow can adopt newer open-weight
or commercial models without re-engineering; and
(iv) a dual evaluation pairing an LLM-as-judge
benchmark across all twelve system configurations
with a blind human rating study on the deployed
system, including explicit judge–human calibra-
tion.

The remainder of the paper is organized as fol-
lows. Section 2 reviews related work. Section 3
defines the task, data pipeline, fine-tuning setup,
and generation strategies. Section 4 describes the
supervisor-facing PDF review interface. Section 5
presents the evaluation design, and Section 6 re-
ports the results. Section 7 discusses the findings
and deployment implications, Section 8 covers lim-
itations and ethics, and Section 9 concludes.

2 Related Work

Educational-feedback research treats feedback as
useful when it changes how learners revise and
think, not just when it points out errors [1, 25, 26].
In thesis supervision specifically, feedback also
carries disciplinary norms, and what supervisors
emphasize varies widely between individuals and
programs [3, 2, 27]. That variation is the reason
thesis feedback cannot be evaluated against a sin-
gle gold-standard comment: several different com-
ments can be useful for the same passage.

Existing work on AI-generated feedback consis-
tently evaluates along several axes at once, such
as correctness, specificity, revision usefulness, and
user preference [12, 13, 28, 29, 14, 30, 15, 31].
This literature establishes useful evaluation dimen-
sions, but it less often studies long technical drafts,
open-weight local models, or supervisor-controlled
review workflows.

Scholarly-review research is the closest related

literature: it also generates critique over long aca-
demic documents [32, 33, 34, 35, 36]. At scale,
useful critique overlaps only partly across human
reviewers, which is why this literature evaluates by
utility rather than by agreement with one reviewer
[11]. Thesis feedback still differs from peer review
in ways that shape our design: it is formative, not
editorial; course-specific, not venue-specific; and
usually attached to passages in a draft instead of
written as a standalone report.

Anchoring a comment to a visible passage has
both an empirical and a formal motivation. Em-
pirically, writers act on comments more reliably
when the comment names the problem location
and a possible fix, and justified comments cor-
relate with better learning outcomes [6, 7]. For
LLM-generated feedback, anchoring also provides
a guardrail against unsupported critique by tying
each comment to visible evidence [37, 38]. For-
mally, the Web Annotation model defines an anno-
tation as a body–target pair with a selector pointing
into a text segment [39]; our span-anchored outputs
follow this body–target structure, with the anchor
span as target and the generated comment as body.

Anchoring does not resolve the long-document
problem. The model must still balance a local pas-
sage against enough of the surrounding draft to
judge contribution and consistency. Long-context
prompting passes the whole draft to the model but
suffers from recall loss on information placed in
the middle of the input [21] and effective context
windows smaller than advertised [22]; retrieval-
based methods instead condition generation on
selected passages [23], trading global coverage
for tighter local grounding, with hybrid schemes
combining both [24]. This evidence comes from
knowledge-intensive question answering and syn-
thetic long-context probes, where a single correct
answer can be retrieved or localized; thesis feed-
back has no such reference and may require either
local or global context per comment, motivating an
empirical comparison of whole-document, section-
aware two-stage, and agentic generation.

Evaluating generated feedback introduces a sep-
arate challenge. Sadler [40] argues that preset crite-
ria cannot fully represent qualitative assessment
judgment, and the peer-feedback literature con-
firms this empirically: there is no settled single
definition of quality [6, 7, 8, 41, 9, 42]. We there-
fore evaluate feedback along multiple dimensions,
not against a reference comment. The rubric com-
bines dimensions common in writing-feedback and
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review-utility work: whether a comment is relevant
to the passage, clear about the required change,
correct and grounded in the text, actionable for
revision, specific, and suitable for supervisor use.
Our dimension set is closest to Sadallah et al. [10],
who operationalize review-comment utility through
actionability, grounding, verifiability, and helpful-
ness.

3 Methodology

This section defines the span-anchored feedback
task, describes how training examples were recov-
ered from CSE3000 supervisor-annotated PDFs,
gives the LoRA fine-tuning setup, and specifies the
three generation strategies that the rest of the paper
compares.

3.1 Task Formulation and Output Format
We define span-anchored thesis-feedback genera-
tion as the task of producing one feedback com-
ment for a highlighted thesis passage. Given an
anchor span s from a thesis, surrounding section
context c, and a course-guideline prompt p, the
model generates one feedback item y: a concise,
revision-oriented comment grounded in the high-
lighted text. A well-formed feedback output ad-
dresses the selected passage and, in the structured
output schema, returns the anchor text as a verba-
tim copy of the excerpt. An example of the task
input and output format is provided in Appendix C.

Verbatim copying is enforced because LLMs are
known to fabricate plausible-looking content that
does not exist in the input, including bibliographic
references and source quotations [43, 44, 45]. We
adopt the verbatim-quoting principle of Menick
et al. [46], who enforce it through reinforcement
learning on quote-verified answers; here we apply
it via fine-tuning on span-anchored supervisor data
and a prompt-level format constraint that requires
an exact-substring match against the provided ex-
cerpt. This rules out paraphrased or fabricated an-
chors.

In our setup, each anchor span connects three
stages of the workflow. It defines what the model
comments on, what raters use as evidence, and
where the generated suggestion appears in the PDF
interface. This anchor-centric design implements
prior work on localized, justified feedback [6, 7].

3.2 Training Examples and Held-Out Split
The course data consist of CSE3000 student the-
sis drafts with supervisor feedback stored in anno-

tated PDFs, in three forms: comments attached to
highlighted text, sticky notes, and, in some cases,
separate text-file feedback linked to the draft. The
preprocessing pipeline first anonymized the PDFs
by removing personally identifiable student and su-
pervisor information, then recovered examples of
the form (s, c, y), where s is the highlighted thesis
span, c is the surrounding section context, and y
is the corresponding supervisor comment. Thesis
main text was extracted using layout-aware PDF
parsing [47, 48] to preserve section hierarchy and
paragraph boundaries. Highlighted comments were
then aligned automatically by mapping each high-
light’s geometry to the extracted text. Sticky notes
and text-file feedback lack explicit text targets and
were aligned manually by exact-quote selection
against the extracted section text.

Five documents were randomly selected and
held out as a test set before filtering. The remain-
ing documents formed the training pool. During
preprocessing, feedback items shorter than five
words were removed when they did not provide
enough information to function as interpretable
standalone comments in context. After filtering,
the fine-tuning split contained 1,140 span–feedback
examples from 55 documents. The held-out test set
was used for both model comparison and human
evaluation.

3.3 Prompt Design and Fine-Tuning
Each generation strategy uses the same core instruc-
tion prompt. The prompt asks the model to prior-
itize thesis-writing issues related to the research
objective, methodology, argumentation, results in-
terpretation, and scholarly support; follow exclu-
sion rules for low-value comments such as place-
holders, TODO-style drafting notes, and minor proof-
reading; and return an exact copied text span with
one concise, actionable suggestion. Per-strategy
prompt structure and post-filters are detailed in Ap-
pendix A.

We use Llama 3.3 70B Instruct and Qwen 3.5
27B as open-weight backbones. Both run on local
university infrastructure, support long-context in-
puts, and are adapted in our setup with low-rank
adaptation (LoRA) [49, 50, 51]; in pilot runs they
were the two models that most reliably followed
the structured output schema and copied anchor
spans verbatim. Local open-weight deployment
also enables auditing and keeps student data un-
der institutional control [52, 18, 20]. Both back-
bones are fine-tuned with response-only supervised
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LoRA fine-tuning under 4-bit quantization (rank 16,
α = 32, dropout 0) for one epoch at a maximum
sequence length of 8,192 tokens, with learning rate
5 × 10−5 and effective batch size 32; full hyper-
parameters are reported in Appendix B. Because
fine-tuning gains depend on model size, data, and
task [53, 54], we evaluate both base and fine-tuned
variants.

3.4 Generation Strategies
We compare three test-time strategies for the
same feedback task: whole-document generation,
section-aware two-stage generation, and agentic
review. They differ in how much of the thesis
the model sees, how the prompt is structured, and
whether generation is split into multiple steps.

Whole-document generation. The full parsed
thesis is passed to one long-context prompt. This
global-context baseline tests whether direct access
to the whole draft helps the model reason about
contribution, method, and consistency. Relevant
local evidence can still be missed inside a long in-
put, especially when the effective context is smaller
than the advertised window [21, 22].

Section-aware two-stage generation. This strat-
egy narrows the input before generation by sepa-
rating passage selection from feedback writing. A
first call selects a candidate sentence from a section
window; a second call writes feedback using that
sentence and its surrounding context. This avoids
asking one prompt to both identify where feedback
is needed and generate the feedback, while fol-
lowing context-selection approaches that condition
generation on selected evidence [23, 24]. This is
the method used in the blind human study, since it
was the deployed system at the time and produces
one local comment per inspected span.

Agentic review. The agentic pipeline uses role-
specific prompts for clarity, structure, methodology,
results, and consistency. Candidate comments are
checked for support, optionally revised, and dedu-
plicated before output. This strategy tests whether
role specialization and self-checking change cov-
erage and actionability relative to a single prompt,
following multi-agent work that decomposes com-
plex tasks into specialized roles and verification
steps [55, 56, 57].

4 Supervisor Review Interface

The prototype is a React/TypeScript frontend over
a FastAPI backend. A supervisor can upload a
thesis PDF, request generated feedback per section,
edit or remove individual comments, and export
the annotated PDF. Figure 2 shows the resulting
workflow: generated comments enter as editable
draft annotations beside the PDF and remain under
supervisor control until export.

5 Evaluation Design and Analysis

The evaluation pairs a blind human rating study on
held-out theses with an LLM-as-judge benchmark
across all twelve system configurations, and an
interface usability study; together these target the
four research questions while letting human and
automatic measurements calibrate each other.

5.1 RQ1/RQ4: Blind Feedback-Quality Study
The first study measures generated-feedback qual-
ity (RQ1) and adoption risks noticed by raters
(RQ4). It uses five held-out theses. Participants
were supervisors, postdoctoral researchers, and
PhD candidates recruited from TU Delft and adja-
cent institutions, representing expert or near-expert
users familiar with academic draft review. Partici-
pants saw the thesis PDF, one candidate feedback
comment at a time, and the excerpt to which the
comment was anchored. They could inspect the
surrounding document context before rating the
comment. Source labels were hidden, so partici-
pants did not know whether a comment came from
a human supervisor or the LLM. Each completed
participant rated 15 comments across three PDFs:
six human comments from the held-out thesis test
set and nine LLM comments from the fine-tuned
Llama 3.3 70B section-aware pipeline.

Participants rated each comment on the six di-
mensions in Table 1. The same rubric was used for
blind human ratings and the LLM-as-judge bench-
mark. Relevance, change clarity, correctness, ac-
tionability, and specificity used a symmetric five-
point agreement scale from strongly disagree (−2)
to strongly agree (+2), with neutral at 0. This
coding keeps positive and negative judgments com-
parable across dimensions. Supervisor suitability
instead used a four-point use-decision scale: not
suitable (−2), suitable after major revision (−1),
suitable after minor editing (+1), and suitable as-is
(+2). This scale captures the practical question
of whether a supervisor could send the comment
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Figure 2: Supervisor-facing thesis-feedback interface. Generated suggestions are shown beside the thesis PDF, so
supervisors can inspect the anchor text before revising, removing, or exporting a comment. Model output enters the
workflow as editable draft feedback for supervisor review.

to a student as written, after editing, or not at all.
The completed dataset contains 22 raters and 330
comment-level ratings (132 human-comment and
198 LLM-comment).

5.2 RQ2: LLM-as-Judge Strategy
Comparison

The judge-based benchmark compares generation
strategies (RQ2) across twelve system configura-
tions on the five held-out theses, spanning base and
fine-tuned Llama and Qwen variants under each
of the three strategies. The benchmark includes
all combinations of model backbone, fine-tuning
status, and generation strategy, allowing us to com-
pare both individual factors and complete system
configurations.

Three local Ollama judges score each candidate
comment: Mistral Small, DeepSeek-R1 32B Qwen
Distill, and Gemma 4 31B. All three use the same
six-dimension rubric from the blind study, yield-
ing 1,491 successful item-level judgments across
the two judge runs. Because the judges differ in
scoring severity, we report judge-macro means:
approach-level means are first computed separately
for each judge and then averaged across judges.

5.3 RQ3/RQ4: Interface Usability Study
The interface study measures usability (RQ3) and
the workflow risks supervisors notice in use (RQ4).
Participants completed a task-based session that

involved uploading a thesis PDF, reviewing LLM-
generated comments, editing or removing individ-
ual comments, and exporting the annotated PDF.
They then answered the ten-item System Usability
Scale (SUS) in Qualtrics [58]. We report SUS on its
standard 0–100 scale, against the common bench-
marks of 68 (average) and 80 (good to excellent)
[59]. The interface study includes 21 completed
SUS responses. The interface-study pool overlaps
almost entirely with the 22 blind-study raters, with
one participant present in the blind study who did
not complete the interface session.

5.4 Analysis Plan
For the blind study, we report participant-weighted
means and bootstrap raters’ LLM–human differ-
ences over participants, with comment scores
nested within raters. Paired Wilcoxon signed-rank
tests are run on the same participant-level con-
trasts; we use Wilcoxon instead of a paired t-test
because the rubric is ordinal on a [−2, 2] five-point
scale and the participant-level contrasts are not con-
strained to be Gaussian. For SUS, we compute the
per-participant 0–100 score and bootstrap the mean
over respondents; bootstrap intervals are reported
instead of a parametric normal approximation be-
cause the SUS distribution is bounded and typically
skewed at the upper end. Open-ended comments
from both studies are coded thematically and used
to explain the numeric pattern, not to score it.
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Table 1: Rubric used for both blind human ratings and the LLM-as-judge benchmark, adapted from prior work on
writing feedback, review utility, and thesis-style scholarly review [12, 15, 14, 10, 29, 36].

Dimension Operational definition

Relevance The feedback directly addresses the shown excerpt and stays on-topic.
Change clarity The feedback makes it clear whether the student should keep, revise, remove, or otherwise

change the text.
Correctness The feedback is factually and contextually justified by the visible excerpt and does not

introduce unsupported claims.
Usefulness / actionabil-
ity

The feedback gives concrete guidance that could help the student improve the text instead of
only pointing out a problem.

Specificity The feedback is grounded in specific words, phrases, claims, or parts of the excerpt instead
of remaining overly general.

Supervisor suitability The feedback would be suitable for a thesis supervisor to send to a student as written, or after
only minor editing.

For the LLM-as-judge benchmark, systems pro-
duced different numbers of feedback comments, so
individual comment scores were not treated as in-
dependent evidence for strategy-level significance.
Instead, we first averaged the six rubric scores
within each judged comment, then averaged com-
ments within each thesis–judge–model block for
each strategy. Statistical comparisons were made
on paired thesis-level differences, using Wilcoxon
signed-rank tests and bootstrap confidence inter-
vals over the five held-out theses. This treats the
thesis, not the generated comment, as the main unit
of inference.

6 Results

Results are organised by research question: strategy
ranking from the LLM-as-judge benchmark, blind
human ratings of the deployed system against held-
out supervisor comments, and System Usability
Scale ratings for the supervisor-facing interface.

6.1 RQ2: Inference Strategy Comparison
Figure 3 reports judge-macro means for the two
fine-tuned models only, where a block is one thesis–
judge–model cell of averaged comment scores
and a model is one of the four base or fine-
tuned Llama 3.3 and Qwen 3.5 variants. Whole-
document prompting obtains the highest overall
score (1.34), followed by agentic review (1.32) and
section-aware two-stage generation (1.28). Whole-
document prompting leads on relevance, correct-
ness, and supervisor suitability; agentic review
leads on actionability; and section-aware gener-
ation remains strongest on change clarity and speci-
ficity but trails on correctness and actionability.

Across all base and fine-tuned model variants,
whole-document prompting has the highest thesis-
balanced judge-macro score, followed by section-

aware generation and agentic review. However,
thesis-level pairwise tests do not show a statis-
tically significant strategy effect at the conven-
tional p < .05 threshold. The same conclusion
holds when the comparison is restricted to the two
fine-tuned models: pairwise comparisons between
whole-document prompting, section-aware genera-
tion, and agentic review are all non-significant. The
strategy comparison is therefore best interpreted as
descriptive evidence of a context-scope trade-off
rather than conclusive evidence that one strategy is
reliably superior.

Figure 4 addresses the fine-tuning question di-
rectly by comparing base and fine-tuned variants
within each model family and inference strategy.
Fine-tuning does not produce a uniform gain in
judge score: in several settings the base model
remains competitive or higher, indicating that fine-
tuning changes the generated-feedback profile but
does not consistently improve judge-macro scores.

The matched thesis-level tests support this inter-
pretation. None of the six base–fine-tuned com-
parisons within a fixed model family and genera-
tion strategy reaches statistical significance. When
the matched comparisons are pooled across model
family and generation strategy, the fine-tuned vari-
ants score slightly lower on average than their
base counterparts, but this trend is not significant
(∆ = −0.09, p = .062). Thus, the judge bench-
mark does not provide evidence that fine-tuning re-
liably improves overall judge-macro performance
on the held-out theses.

6.2 RQ1/RQ4: Blind Feedback Quality
The blind study compares generated-comment qual-
ity with held-out supervisor comments and records
remaining risks (RQ1, RQ4). Figure 5 visualizes
participant-weighted ratings for human comments
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Figure 3: LLM-as-judge strategy comparison for the two fine-tuned generators (fine-tuned Llama and fine-tuned
Qwen). Scores use the [−2, 2] rubric scale (higher is better) and are macro-averaged over judge, thesis, and model
blocks. The left panel shows overall score with 95% bootstrap confidence intervals; the right panel breaks each
approach down by rubric dimension.

and the deployed section-aware Llama system on
the six dimensions defined in Table 1; Appendix
Table 3 reports full means, bootstrap confidence
intervals, and paired Wilcoxon signed-rank tests.

Across 22 raters, LLM feedback was rated
higher than human feedback on five of six dimen-
sions, but only specificity (+0.47, p = .018) and
change clarity (+0.40, p = .027) reached signif-
icance. Correctness was effectively tied (−0.04,
p = .516); relevance, actionability, and supervisor
suitability were positive on average but inconclu-
sive.

Figure 6 reports the inter-rater agreement be-
tween the LLM judges and the human raters on the
subset of LLM comments that can be matched di-
rectly between the human study and judged outputs.
On this matched subset the judges are more gener-
ous than the humans on every dimension (mean
bias +0.41, mean absolute error (MAE) 0.53),
most strongly on supervisor suitability (+0.85),
so judge-based strategy comparisons should be in-
terpreted as relative system diagnostics, not as a
replacement for human acceptability judgments.
Open-ended remarks collected alongside the rat-
ings are analyzed thematically and used to interpret
these patterns in Section 7.

6.3 RQ3/RQ4: Interface Usability
The interface received a mean SUS score of 77.5
(median 85.0, standard deviation (SD) 16.58), with
a bootstrap 95% confidence interval of [70.0, 83.9]
over the 21 respondents who completed every SUS
item. Using standard SUS interpretation, this
places the interface in the above-average usabil-
ity band [59].

Figure 7 shows the reverse-coded item means,
where higher values are better for all ten items. Par-
ticipants scored the interface especially high on not
needing technical support (Q4 = 4.71) and learn-
ing it quickly (Q7 = 4.33). The weakest item is
intended frequency of use (Q1 = 3.10), suggesting
that the interface is usable even if routine adop-
tion remains uncertain. Open-ended comments on
interface use are analyzed thematically and trans-
lated into the deployment requirements reported in
Section 7.

7 Discussion

7.1 Principal findings
Prior work on LLM-generated thesis and paper
feedback does not characterise how much of a
long draft the model should see, and does not re-
port results for open-weight models in this setting.
We tested three approaches spanning the local-
versus-global context choice (whole-document,
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Figure 4: Base versus fine-tuned judge-macro overall scores within each model family and inference strategy, on the
[−2, 2] rubric scale (higher is better). Error bars show 95% bootstrap intervals over matched judge–thesis blocks.
The annotated values above each strategy show fine-tuned minus base score.

section-aware two-stage, and agentic review) on
two open-weight backbones, and the main finding
is a context-scope trade-off (Figure 3): each ap-
proach won on the dimensions its context shape
favoured. The trade-off is therefore a structural
property of span-anchored draft feedback, not of
any one system. Under blind rating against held-
out supervisor comments, the deployed system im-
proved significantly on the local dimensions (speci-
ficity, change clarity) and was tied on correctness,
meaning open-weight LLMs can produce useful
local draft feedback on long technical theses but
do not yet substitute for global supervisory judg-
ment. Fine-tuning on the span-anchored corpus
was numerically higher in only one of six matched
comparisons (Qwen 3.5 under agentic review); in
the other five the base model scored at or above
its fine-tuned counterpart (Figure 4), and the super-
vised pool primarily shifted the response distribu-
tion without expanding underlying critique ability,
an outcome consistent with prior fine-tuning analy-
ses on small narrow-target corpora [53, 54]. Finally,
on the comments scored by both, the three inde-
pendent LLM judges rated the system above the
blind human raters on every dimension (mean bias
+0.41, MAE 0.53) and most strongly on supervisor
suitability (+0.85). The judges are therefore sys-
tematically more generous than humans, with the
gap largest on the deployment-relevant dimension.

7.2 Relation to prior work on automated
review and AI writing feedback

Most LLM-as-reviewer work targets conference
papers with closed proprietary models: Kang et al.
[32] benchmark acceptance prediction and aspect
scoring, Liu and Shah [33] generate GPT-4 reviews
that handle simple checks but lose accuracy where
a global view is needed, and Liang et al. [11] find
GPT-4 reviews partially overlap human reviewers
yet are rated helpful by authors. Zhou et al. [34]
caution that single-judge LLM evaluation is not
reliable enough for deployment claims, and Sun
et al. [36] review master’s theses on a small sample
without a supervisor-facing workflow. Our work
differs on three axes that matter for deployment.
The artefact is a long bachelor thesis inside live
supervision, so we score actionability and super-
visor suitability rather than predictors of accep-
tance. The backbones are open-weight and run
on-premise, where these studies depend on closed
APIs that cannot meet the privacy and oversight
constraints of student data. And our evaluation is
dual: a blind comparison against held-out super-
visor comments, where the LLM scores higher on
local dimensions (specificity, change clarity) but
not correctness, matching Liang et al. [11]; and a
multi-judge calibration in which the optimism we
measured (mean bias +0.41, rising to +0.85 on
supervisor suitability) persisted across three inde-
pendent judges, extending Zhou et al. [34]’s single-
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Figure 5: Participant-weighted blind-study ratings for human and LLM feedback across six evaluation dimensions.
Scores use the [−2, 2] rubric scale (higher is better). The left panel shows source means with 95% bootstrap
confidence intervals; the right panel shows paired participant-level differences (∆ LLM−human). Exact numerical
results and paired Wilcoxon signed-rank tests are reported in Appendix Table 3.

judge concern to the judging task itself.
The AI writing-feedback literature provides the

vocabulary for our rubric. Studies of AI feed-
back on short texts evaluate outputs along several
dimensions at once, such as correctness, speci-
ficity, actionability, and helpfulness [12, 14, 30,
15, 31, 29, 28]; Sadallah et al. [10] is closest
to our six-dimension rubric, formalising review-
comment utility along similar axes. We extend this
multi-dimension approach to a setting the litera-
ture does not cover: full thesis drafts of fifteen to
forty pages, open-weight backbones, and a three-
way strategy comparison sharing one backbone,
prompt format, and rubric. The long-context litera-
ture [21, 22, 23, 24] characterises the same context-
selection trade-offs we observed, but on knowledge-
intensive question answering and synthetic long-
context probes where one correct answer can be
localised. Thesis feedback has no such reference,
motivating our empirical test of three strategies
inside the same backbone and rubric.

7.3 Practical implications and beneficiaries
Our interface ratings and open-ended responses
converge on a small set of requirements for course-
level deployment. Raters consistently flagged a
missing why as the marker separating supervisor-
grade feedback from locally accurate but shallow
comments, the property educational-feedback work
associates with revision uptake [6, 7], and our
rubric does not yet score it. Supervisors valued
inspecting, editing, and removing each comment

before export, and exported PDFs need to visu-
ally distinguish LLM-authored from supervisor-
authored annotations. Generation should also be
conditioned on existing supervisor comments so
it does not duplicate critique already in the draft.
We treat personalisation as a data-quality problem,
since high-level feedback is often given verbally
and never written into the PDF, leaving supervisor
corpora only a partial signal. Across all of these,
the supervisor stays the decision-maker rather than
the calibrator [40].

We see three groups of beneficiaries. For institu-
tions under data-protection and high-risk-AI obli-
gations [18, 19, 20], we show a fully on-premise
pipeline, from anonymising supervisor-annotated
PDFs to 4-bit-quantised LoRA fine-tuning on a
single A100 and JSON-validated span-anchored in-
ference, that runs on institutional hardware without
sending student drafts to a closed API. For super-
visors, our React/FastAPI interface routes mod-
els through LiteLLM and is backbone-agnostic, so
the workflow can adopt newer models without re-
engineering. For researchers, we test a controlled
three-way strategy comparison on one backbone
family with multi-judge calibration against blind
human ratings.

8 Limitations and Ethics

The study uses a single TU Delft course, five held-
out theses, and 22 blind raters drawn from super-
visors, postdoctoral researchers, and PhD candi-
dates. The ratings reflect informed expert judg-
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Figure 6: Interrater agreement between LLM judges and human raters for LLM comments that were rated by
humans and matched to judged outputs. Each row compares the human mean rating with the corresponding judge
mean on the same [−2, 2] rubric scale (higher is better); the right-side value is judge minus human.

ment but not the broader population of users (stu-
dents, supervisors from other disciplines, external
examiners), and we did not measure learning gains
or supervisor workload reduction. Only the de-
ployed section-aware Llama route appears in the
blind study; the remaining strategies were com-
pared through the LLM-as-judge benchmark, an au-
tomatic proxy whose calibration diverges most on
supervisor suitability (on the matched comments,
judges scored LLM suitability 0.85 above blind
raters).

The rubric does not score revision rationale,
which raters identified as the main reason locally
accurate feedback could still appear shallow; fu-
ture evaluations should score it separately and test
whether students revise better with the feedback
than without. The evaluation is also text-only: fig-
ures, tables, equations, and code listings were not
analyzed, and the training data themselves capture
only written PDF comments, while substantive su-
pervisor feedback is often delivered in meetings.
The model is therefore trained on a partial signal
of supervisor judgment, which constrains both cur-
rent performance and any supervisor-personalized
extension.

Thesis excerpts and feedback were anonymized,
and participants in the human studies provided in-
formed consent before taking part. Participants
were recruited by email invitation, targeted at the
CSE department and at supervisors of the course;
participation was unpaid and based on interest.
Course deployment would require provenance on
every LLM-authored annotation, retention rules,
student opt-out, and supervisor sign-off before ex-
port, in line with GDPR and AI Act obligations
for high-risk educational use [18, 20, 19]. The
risk that LLM-generated feedback is polished but
unsupported is partly mitigated by keeping LLM
annotations editable, rejectable, and visibly marked
in the developed interface.

9 Conclusion

This research investigated whether fine-tuned open-
weight LLMs can produce reviewable draft feed-
back on long bachelor-thesis drafts under super-
visor control. Under blind rating, the deployed
section-aware Llama 3.3 70B route was rated
above held-out supervisor comments on specificity
(+0.47, p = .018) and change clarity (+0.40,
p = .027), with no statistically significant dif-
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Figure 7: System Usability Scale results for the interface study after reverse-coding the negatively phrased items,
so higher values are better for all items. The dashed vertical line marks the neutral midpoint of 3 on the 1–5 item
scale. Overall SUS is 77.5 with a 95% bootstrap confidence interval of [70.0, 83.9] over the 21 respondents who
completed every SUS item.

ference on correctness (−0.04). The LLM-as-
judge benchmark ranked whole-document gener-
ation first across all three judges, and the PDF re-
view interface reached a mean SUS of 77.5 across
21 respondents [59]. Within this course setting
and held-out thesis pool, the results support a nar-
rower claim: open-weight LLMs can produce use-
ful first-pass draft feedback for supervisor review
on long technical theses. In this study, the system
was strongest on local, span-level issues and did
not replace higher-level supervisory critique of ar-
gument, method, or contribution. More broadly,
the pattern reported here, a controlled three-way
comparison of generation strategies on the same
fine-tuned open-weight backbone paired with blind
human rating and judge–human calibration, gives
institutions a reusable template for evaluating LLM
feedback systems on long technical writing under
data-protection constraints.

Future work. Several near-term directions fol-
low from these results. The most important is
to develop and evaluate a complementary higher-
level generation mode so that the system covers
contribution-, methodology-, and argument-level
critique alongside its current local strengths. Be-
cause fine-tuning helped in only one of six matched
comparisons, a parallel direction is to improve the
supervised data itself by collecting more, longer,

and rationale-rich supervisor comments, so that
adaptation becomes a more consistent contributor
instead of a stylistic shift; the rubric should also add
an explicit revision-rationale dimension and the su-
pervised targets should include the why alongside
the actionable suggestion. A further direction is
to test whether students revise drafts better with
the generated feedback than without it, since the
present study measures perceived comment qual-
ity, not learning outcomes. Finally, the calibra-
tion gap concentrated on supervisor suitability sug-
gests training or selecting LLM judges against hu-
man suitability ratings, not only against the multi-
dimension rubric, before any judge benchmark is
used as a deployment-readiness signal.
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A Prompt Design Details

All prompt variants share a common skeleton. The
system message instructs the model to act as a
thesis-feedback reviewer, ignore placeholders and
TODO-style drafting notes, prioritise high-impact
academic-writing issues over minor proofreading,
and return concise, actionable feedback anchored
to exact thesis text. The user message contains
the course-guideline prompt, the surrounding sec-
tion context, and (for whole-document or agentic
modes) the parsed thesis text. All variants return
structured JSON: a verbatim anchor span and a
one-sentence comment.

Whole-document generation. The entire parsed
thesis is passed to a single review prompt that re-
quests supervisor-style critique across the complete
document. A post-filter removes items whose an-
chor sentence is not an exact substring of the source,
items whose anchor matches a placeholder pattern,
and items that duplicate an already-accepted entry.

Section-aware two-stage generation. The
parsed thesis is split into top-level sections; each
section is partitioned into sliding windows of at
most W characters with O characters of overlap.
A Stage 1 selector prompt asks for at most one
exact-quoted candidate sentence per window; the
candidate is validated for exact occurrence in the
section text, against a truncation heuristic, and

2 Scientific Article 18



against a global deduplication set. A Stage 2 gen-
erator prompt then writes one concise, actionable
comment for that candidate, conditioned on the
entire section text and the selected sentence. A
post-filter rejects comments that are too short, too
vague, or match a list of generic feedback prefixes.

Agentic review. A coordinator assigns work
to five role-specific reviewers (clarity, structure,
methodology, results, and consistency), prioritising
sections by heading-keyword priority and pending-
role coverage. Each reviewer proposes a candi-
date span and comment for its role. A determinis-
tic check enforces exact span match, placeholder
avoidance, and duplicate-anchor rejection. A se-
mantic verifier returns ACCEPT, REFINE, or RE-
JECT; REFINE triggers up to Rmax refinement at-
tempts. A final deduplication step removes near-
identical accepted comments. The loop terminates
when the agenda is empty, when a patience counter
elapses without new accepts, or when the iteration
budget is reached.

Full prompt strings and the exact post-filter reg-
ular expressions are included in the supplemental
thesis materials.

B Fine-Tuning Configuration

Both backbones use the same supervised LoRA
configuration; only the chat template differs be-
tween Llama and Qwen. Settings are summarised
in Table 2.

Table 2: Supervised LoRA fine-tuning configuration.

Hyperparameter Value

Quantisation 4-bit (Unsloth NF4-style)
Compute dtype bfloat16 on compute capabil-

ity ≥ 8.0, float16 otherwise
LoRA rank r 16
LoRA α 32
LoRA dropout 0.0
Loss target assistant response only
Max sequence length 8,192 tokens
Per-device train batch
size

1

Gradient-accumulation
steps

32 (effective batch size 32)

Learning rate 5× 10−5

Number of epochs 1.0
Optimiser AdamW (TRL default)
Random seed 42
Hardware DelftBlue, single NVIDIA

A100 80 GB

One epoch over the 1,140-record corpus com-
pletes in approximately ten wall-clock hours under
this configuration. The single-epoch budget was

chosen because additional epochs in pilot runs in-
creased the risk of memorising supervisor-style
register without improving span-anchored genera-
tion, and the held-out judge benchmark confirmed
that further optimisation on this corpus did not
change the dominant strategy-level finding. The
LoRA rank (r = 16), scaling (α = 32), and learn-
ing rate (5 × 10−5) follow common defaults re-
ported in the Hugging Face TRL examples for 4-bit-
quantised LoRA fine-tuning of 7B–70B instruction-
tuned models, and were retained because pilot
runs on the development split did not show a clear
gain from a sweep within the typical ranges (rank
∈ {8, 16, 32}, α ∈ {16, 32, 64}). Dropout was
held at zero because LoRA at this rank already
constrains the adaptation space; adding dropout
under-fit on the development split.

C Example of Span-Anchored Feedback
Generation

D Detailed Blind-Study Scores

E Detailed LLM-Judge Tables

F Assets, Licenses, Compute, and LLM
Usage

Code and data availability. Anonymised
supervisor-annotated data, fine-tuning splits,
and analysis artefacts are released on OSF at
https://osf.io/d7fra/ (anonymous view-only
link: https://osf.io/d7fra/?view_only=
3c84e234d6644ad2820fa8e8139818ee). The
fine-tuning and evaluation pipeline is available at
https://gitlab.ewi.tudelft.nl/dsait5000/
tom-viering/msc-thesis-akuruvilla/
thesis-feedback-ft, and the supervisor-facing
PDF review interface at https://github.com/
Ayushkuruvilla/thesis_interface.

Open-weight backbones. The fine-tuned gener-
ators use Llama 3.3 70B Instruct [49] under the
Llama 3.3 Community License Agreement and
Qwen 3.5 27B Instruct [50] under the Apache 2.0
license. Both checkpoints were obtained from the
official Hugging Face repositories with checkpoint
identifiers and SHA digests recorded alongside the
LoRA adapter manifests. Use of both models in
this work is consistent with the licenses’ permitted
academic-research uses, and no model weights are
redistributed by this paper.

Judge models. The LLM-as-judge benchmark
uses three locally hosted Ollama models: Mistral
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Anchor span s
important

Section context c
In machine learning, learning curves are an important metric that plots performance versus training set size. They inform
decisions about data acquisition, model selection, and hyperparameter tuning. Despite their importance, recent research
suggests that our understanding of learning curve behavior remains limited. In this work, we investigate learning curves
from a classification perspective to better understand their structural properties.

Course-guideline prompt p
Provide one concise feedback comment for the highlighted passage. Focus on whether the wording is precise, justified, and
useful for revision. Ground the feedback in the highlighted span and surrounding passage.

Feedback output y
Subjective, everything can be important. Instead: explain why you think its important.

Figure 8: Example of span-anchored thesis-feedback generation, adapted from an annotated thesis passage. This is
the prompt format used in fine-tuning. The model receives a highlighted span, surrounding section context, and
a standardized course-guideline prompt, and produces one concise revision-oriented comment grounded in the
selected passage.

Table 3: Participant-weighted blind-study scores on a [−2, 2] scale. Each of the 22 completed raters scored six
human comments and nine LLM comments across the held-out study documents. Confidence intervals are bootstrap
intervals over participant means. Wilcoxon tests are exact paired tests over participant-level LLM–human contrasts.

Dimension Human mean [95% CI] LLM mean [95% CI] ∆ LLM–human [95% CI] Wilcoxon p

Relevance 1.14 [0.89, 1.37] 1.39 [1.18, 1.59] +0.25 [-0.01, 0.53] .117
Change clarity 0.90 [0.62, 1.17] 1.30 [1.11, 1.49] +0.40 [0.11, 0.71] .027
Correctness 0.91 [0.63, 1.18] 0.87 [0.60, 1.13] -0.04 [-0.33, 0.28] .516
Actionability 0.67 [0.38, 0.93] 0.85 [0.59, 1.12] +0.19 [-0.14, 0.51] .429
Specificity 0.83 [0.48, 1.15] 1.30 [1.10, 1.50] +0.47 [0.15, 0.81] .018
Supervisor suitability 0.98 [0.67, 1.26] 1.15 [0.87, 1.40] +0.17 [-0.19, 0.56] .500

Small (Apache 2.0), DeepSeek-R1 32B Qwen Dis-
till (the DeepSeek-R1 license; the Qwen 2.5 base
from which it was distilled is Apache 2.0), and
Gemma 4 31B (the Gemma Terms of Use). All
three are used only for inference inside the institu-
tional cluster and are not redistributed.

Other assets. LoRA fine-tuning uses peft and
trl (Apache 2.0). PDF parsing uses PyMuPDF
(AGPL-3.0) and Docling (MIT). The interface uses
React (MIT), FastAPI (MIT), and LiteLLM (MIT).
Statistical analysis uses NumPy, SciPy, and scikit-
learn (all BSD-3-Clause).

Compute envelope. Each LoRA fine-tune runs
on one NVIDIA A100 80 GB on the institutional
DelftBlue cluster and completes one epoch over
the 1,140-record corpus in approximately ten wall-
clock hours; two reported fine-tunes (Llama 3.3
70B, Qwen 3.5 27B) therefore account for approxi-
mately 20 GPU-hours. Inference for the deployed
section-aware route processes one thesis in a few
minutes on the same hardware. The 12-system
LLM-as-judge benchmark over five held-out the-
ses yielded 1,491 successful item-level judgments
across the three judges and two judge runs, with

each judge call costing single-digit seconds on the
same partition; the total benchmark consumed on
the order of 40–60 GPU-hours. Pilot runs that
did not enter the reported results (alternative back-
bones evaluated and discarded, a single-call section
pipeline variant, and decoding-temperature pilots)
add an estimated further 60–80 GPU-hours, so the
full research project consumed roughly 150 ± 50
A100 80 GB GPU-hours.

Declaration of LLM usage. LLMs are a core,
non-standard component of the methods reported
here: Llama 3.3 70B Instruct and Qwen 3.5 27B are
the systems under study; Mistral Small, DeepSeek-
R1 32B Qwen Distill, and Gemma 4 31B are used
as evaluation judges. All model identities, fine-
tuning settings, and prompt-design details are re-
ported in Sections 3 and 5 and Appendices A and
B.

Separately, in line with TU Delft’s publishing
policies,1 the author acknowledges the use of AI
tools, including ChatGPT, to support the writing

1TU Delft publishing policies: https://www.tudelft.
nl/library/actuele-themas/open-publishing/about/
policies
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Table 4: Per-judge approach ranking by average score across the six rubric dimensions. The ranking is stable even
though the judges differ in absolute severity.

Judge Approach Rank Overall mean

DeepSeek-R1 32B Qwen Distill Whole-document generation 1 1.56
DeepSeek-R1 32B Qwen Distill Agentic review 2 1.49
DeepSeek-R1 32B Qwen Distill Section-aware two-stage 3 1.41
Gemma 4 31B Whole-document generation 1 1.67
Gemma 4 31B Agentic review 2 1.50
Gemma 4 31B Section-aware two-stage 3 1.48
Mistral Small Whole-document generation 1 1.20
Mistral Small Agentic review 2 1.14
Mistral Small Section-aware two-stage 3 1.10

and preparation of this work. These tools were used
for language refinement, drafting assistance, LATEX
editing support, and code-related assistance during
experimentation and analysis. AI tools were used
as assistive tools only; the research design, imple-
mentation choices, experiments, interpretation of
results, and final submitted text remain the author’s
own responsibility. All AI-assisted text and code
suggestions were reviewed, edited, and checked
against the implemented experiments and recorded
results before inclusion, and no experimental result,
table value, citation, or conclusion was accepted
solely on the basis of AI-generated output.
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This chapter provides additional detail on the work presented in the scientific paper. It opens with an

extended literature survey across six neighbouring strands (Section 3.1) and the governance constraints

that shape the system design (Section 3.2). The remaining sections document the dataset construction

pipeline (Section 3.3), the implementation of the models, inference strategies, and supervisor-facing

interface (Section 3.4), the pilot evaluation that shaped the deployed configuration (Section 3.5), the

two user studies and their human-research-ethics procedure (Section 3.6), an extended analysis of

the LLM-as-a-judge benchmark (Section 3.7), and a final discussion of how the work relates to the

surrounding research and deployment context (Section 3.8).

3.1. Related Work

3.1.1. Educational Feedback and Writing Pedagogy
Research on educational feedback characterises useful feedback in terms of its effect on learning. Hattie

and Timperley [2] describe feedback as information that reduces the gap between current performance

and a desired standard, and identify three useful question-types for the learner: where am I going, how

am I going, and where to next. Shute [3] reviews formative-feedback design and identifies properties

associated with learning gains: feedback that is specific to the task, that is timed appropriately, and

that supports rather than threatens the learner. Nicol and Macfarlane-Dick [4] place feedback inside

self-regulated learning and argue that feedback should help students develop their own internal

capacity to self-evaluate. The dimensions used in the evaluation rubric for this work (relevance, change

clarity, correctness, actionability, specificity, and supervisor suitability) trace back to this literature: each

captures an aspect of what makes feedback usable for revision.

Thesis feedback specifically has been studied in the doctoral and master’s setting. Kumar and Stracke [6]

document supervisor comments across content, organisation, and disciplinary content, with substantial

variation in what supervisors choose to emphasise. Bitchener, Basturkmen, and East [5] analyse written

supervisor feedback on doctoral writing and report variation in language, uncertainty, and scholarly

standards. Carter and Kumar [7] situate feedback inside the broader supervisory relationship. The

shared finding is that several different comments can be useful for the same passage and that exact

agreement with a single gold-standard comment is a poor evaluation target. The blind feedback-quality

study described in Section 3.6.1 is designed against this background: human comments are evaluated

as one possible response to a passage rather than as the canonical answer.

3.1.2. AI-Generated Feedback for Educational Writing
A growing body of work compares LLM-generated feedback against peer, instructor, or human-authored

feedback. Dai et al. [20] compare ChatGPT against human teachers on student assignments and find

that the model’s feedback is rated highly on readability and detail but is less personal. Escalante,

Pack, and Barrett [22] study AI versus human tutors in a writing classroom and find that students

improve under both, with no significant difference in student preference. Work on essay feedback in

higher education [24] and on university writing more broadly [25] reports that AI-generated feedback is

consistently strong on local correction and weaker on the kind of guidance that requires understanding

the student’s broader argument.

A second strand evaluates the alignment of model feedback with rubric criteria. Seßler et al. [23] study

adaptive AI feedback and decompose feedback quality into multiple dimensions. Banihashem et al. [26]

compare AI to peer feedback sources and emphasise multidimensional quality. Story- and essay-feedback

studies likewise separate correctness, specificity, and revision orientation [21, 27]. The shared finding
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across this literature is that fluency is not a sufficient evaluation criterion and that useful evaluation

needs to disaggregate quality into properties such as accuracy, specificity, and revision-orientation. The

same disaggregated approach is adopted here.

3.1.3. Scholarly and Academic Review with LLMs
Scholarly review provides an adjacent literature for critique generation on long technical documents.

Kang et al. [52] introduced PeerRead as a benchmark for review analysis and prediction; the benchmark

scopes evaluation to acceptance prediction and aspect scoring rather than open-ended comment

generation, which limits its direct transfer to a setting where the comment text itself is the artefact of

interest. Liu and Shah [29] extend the line to LLM-generated paper reviews and find that the model is

competitive on simple verification tasks but loses fidelity on tasks that require global understanding of

the paper. Zhou, Chen, and Yu [30] examine the reliability of model-generated reviews and report that

single-judge reliability is insufficient for deployment claims, motivating multi-judge or human-calibrated

evaluation. Afzal et al. [31] introduce literature-aware critique that conditions the model on retrieved

related work; the design improves grounding when the relevant context is external to the document,

but transfers less directly to a single-thesis setting where most of the relevant context is internal. Sun

et al. [32] examine LLM-supported review of master’s theses and report local-strength patterns similar

to those reproduced here, but evaluate on a smaller pool and without a workflow study. Liang et al. [28]

compare GPT-4-generated reviews to human reviews on Nature-family and ICLR papers and report

that the model’s points overlap only partially with human reviewers, while more than half of surveyed

authors rated the AI feedback as helpful. Their finding that useful critique varies even across human

reviewers supports an evaluation strategy based on utility rather than on agreement with a single

ground-truth reviewer.

Thesis supervision differs from scholarly review in audience and purpose. A reviewer’s comments

inform an editorial decision; a supervisor’s comments help the student revise toward a graded final

draft. Supervisor feedback is also part of an ongoing relationship rather than a one-shot review. The

interface described in Section 3.4.4 is designed against this difference: it shows LLM comments for

inspection and revision.

3.1.4. Long-Context Generation and Retrieval-Augmented Strategies
Generating useful comments for a long thesis depends on how the model is exposed to the document.

Long-context decoder-only models can in principle consume tens of thousands of tokens in one prompt,

but their ability to use that context degrades with position and length. Liu et al. [43] demonstrated the

lost-in-the-middle phenomenon: model performance on retrieval-style tasks drops substantially when

the relevant evidence is in the middle of a long input. The result is a structural property of decoder-only

attention rather than a defect of any particular model, and it transfers to thesis feedback: a model given

the whole thesis as a single prompt is more likely to surface comments anchored at the start or end of

the document than in the middle. Hsieh et al. [44] introduced the RULER benchmark and reported that

the effective length of long-context models, defined as the longest input on which the model maintains

a chosen accuracy threshold, is consistently shorter than the advertised window. The implication for

whole-document prompting on a long thesis is that the strategy may approach the model’s effective

usable context length even when the input fits in the nominal context.

Retrieval-augmented generation [45] treats context selection as a separate step that chooses passages

to include in the model’s prompt. The framework was developed for open-domain settings where

the relevant context is spread across a large external corpus; its limitation in the present setting is

that the relevant context is internal to the document, so dense retrieval contributes less than in the

open-domain case. Li et al. [46] compare retrieval against long-context prompting on long-document

QA and reasoning, and report a contingent answer: retrieval helps when the answer depends on a small,

locally identifiable region; long-context prompting helps when the answer depends on aggregating

distributed evidence. Long-context retrieval extensions [53] push the boundary on input length but do

not directly address the lost-in-middle bias. Self-reflective retrieval [47] introduces a generation-time

decision about whether to retrieve, which is more expressive but adds a second source of error that

has to be controlled. Thesis feedback combines both regimes: a comment about an unsupported

claim depends on a local span, while a comment about whether a contribution is consistent with the

methodology depends on distributed evidence. The strategy comparison in the scientific paper tests
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three points along this trade-off rather than committing to a single regime.

3.1.5. Span-Anchored Annotation and Grounded Critique
Annotation systems that attach comments to spans of text have a long history in document-review

tooling. The Web Annotation Data Model formalises annotations as relationships between a body and a

target, with selectors that identify a text segment in the source [38]. In educational and review settings,

span anchoring has been associated with better learner uptake. Nelson and Schunn [36] report that

comments which include problem location, solutions, and summaries are associated with revision.

Gielen et al. [37] report that justified peer comments are linked to better learning outcomes. Span

anchoring constrains generation to visible evidence, which reduces inspection effort and gives raters a

concrete object to score. The same rationale motivates the span-anchored task formulation used here.

3.1.6. Human-in-the-Loop Writing and Feedback Systems
Recent systems work studies how generated feedback enters and is used in writer workflows. Zhang

et al. [54] show how visual organisation can help writers interpret and synthesise feedback; the setting

is short-form writing rather than long-document supervision, so the visualisation patterns transfer only

partially to a thesis-length artefact. Sölch, Dietrich, and Krusche [55] study how automated feedback

enters submission workflows but treat the model output as a fixed artefact, omitting the editing layer

that supervisor-controlled deployment requires. Zyska et al. [56] treat peer feedback and system support

as an interaction rather than a standalone prediction problem, which aligns with the present design but

is evaluated on essay-length material rather than on long technical writing. The shared insight across

this literature is that the practical value of generated feedback depends on whether comments can be

inspected, edited, accepted, rejected, and exported within a real review workflow. The supervisor-facing

interface described in Section 3.4.4 is built on the same insight and adds an explicit editing layer for the

long-document supervision setting: it surfaces generated comments as editable PDF annotations rather

than as a fixed output.

3.2. Educational AI Governance

3.2.1. Operational Implications
Three sources of guidance constrain a system that processes student-derived material in an educational

setting. The UNESCO guidance on generative AI in education [39] emphasises privacy, validation by

qualified educators, transparency to learners, and institutional governance of model adaptation. The

European AI Act [40] and its implementation guidance [57] treat AI used in educational assessment as a

high-risk category and impose obligations around risk management, data governance, transparency,

automatic logging, and human oversight. The General Data Protection Regulation [41] applies to

thesis drafts and supervisor comments because both contain personal data, and its principles of data

minimisation and privacy by design [58] constrain what the dataset may contain and how the system

may log its activity.

Together, the three frames point toward the same operational picture for a deployment in a course like

CSE3000. Processing must remain on infrastructure the institution governs. Model adaptation must use

anonymised data. The supervisor must remain the final author of any feedback that reaches a student.

The workflow must keep AI-authored and supervisor-authored annotations distinguishable. The

choice of open-weight models and the choice to host both fine-tuning and inference on the institutional

DelftBlue cluster follow directly from these requirements. So does the interface design pattern in which

generated comments enter as editable suggestions rather than as fixed outputs. So, finally, does the

residual-risk taxonomy reported in the discussion of the scientific paper.

3.3. Dataset Construction

3.3.1. Annotation Sources
Supervisor feedback in the source corpus arrived in five forms.
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• Highlight with comment. A PDF highlight annotation whose quadrilateral vertices delineate a text

rectangle, with a comment payload attached. The geometric shape indicates what the comment is

about.

• Sticky note. A PDF text annotation placed at a single page coordinate without an explicit text target.

The reader infers the target from the placement, but the inference is unreliable in two-column

layouts and on pages with figures.

• Free-form marking. A non-text drawing annotation (rectangle, polygon, or ink) around a passage.

Visually unambiguous but geometrically ambiguous: the bounding box of a freehand circle

around a paragraph rarely coincides with the paragraph’s text rectangle.

• Text-file feedback. A separate plain-text file accompanying a draft, containing supervisor comments

without span anchors. A subset contained quoted excerpts that could be aligned by exact-string

match.

Highlights and the quoted parts of text-file feedback are recoverable automatically. Sticky notes,

free-form markings, page-level notes, and the unquoted parts of text-file feedback require manual

alignment to recover the intended target.

3.3.2. Extraction and Alignment Pipeline
The pipeline runs in two stages. The first extracts the thesis main text into a structured representation

that preserves section heading hierarchy, paragraph boundaries, and placeholders for tables and figures.

Heading detection uses font-size thresholds, bold-weight detection, and numbered-heading regular

expressions. Paragraph reflow merges line-broken sentences within a paragraph and inserts explicit

paragraph breaks between paragraphs. Tables and figures are replaced by explicit placeholders rather

than extracted as text, because their textual rendering varies substantially between PDF producers and

supervisor comments rarely refer to their content directly.

The second stage links each annotation to a span in the structured representation. Highlights are aligned

automatically with PyMuPDF: for each highlight, the extractor iterates over the annotation’s quadrilateral

list, calls the page text-recovery routine on each rectangle, and joins the recovered fragments into the

anchor span. Three normalisation steps handle predictable failure modes. Hyphenated line breaks

are merged with the regular expression (\w)-\n(\w) so that an anchor spanning a hyphenated word

matches the same anchor when the PDF is re-rendered in the interface. Unicode normalisation collapses

curly versus straight quotation marks, en-dash versus hyphen, and non-breaking versus regular spaces

to canonical forms; the same normalisation is applied at the interface side so that the two ends of the

pipeline produce identical anchor strings. Whitespace is collapsed to single spaces and trimmed at the

edges.

For sticky notes, free-form markings, and the unquoted parts of text-file feedback, alignment is manual.

A reviewer opened each unanchored annotation alongside the corresponding extracted section text

and recorded the intended target span by exact-quote selection. The reviewer was instructed to prefer

the smallest anchor span that captures the passage the comment is plausibly about, to choose the span

that the comment text references most directly when the placement is ambiguous, and to discard the

annotation entirely when neither rule resolves the ambiguity. Discards are recorded with a reason

code so that the audit pass can verify consistent application of the rule. The manual alignment was

performed by a single reviewer, which is a documented limitation of the corpus: an inter-rater pass over

a sample of borderline alignments would produce inter-reviewer agreement statistics that the current

pipeline cannot, and is recorded as a follow-up item rather than a current property of the data.

3.3.3. Anonymisation
Bachelor thesis drafts and supervisor comments contain personally identifiable information. The

anonymisation protocol has three components, all applied before any model training or evaluation.

Cover-page exclusion. Front pages contain student names, registration numbers, supervisor names,

and submission dates. Front pages were either deleted from the working PDF or blacked out with

a full-page rectangle annotation that the extractor treats as empty; the choice between deletion and

redaction is recorded per document.
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In-text name detection. An NLP-based name-detection pass was run over the extracted thesis text

and over the supervisor comments. Detected names were replaced with role-stable placeholders

([STUDENT], [SUPERVISOR], [THIRD_PARTY]) so that the surrounding sentence remained syntactically

coherent. The same placeholder vocabulary is used in the prompts so that the model does not learn to

treat placeholders as anomalies.

Comment-specific scrubbing. Comments that became uninterpretable after scrubbing, because they

were primarily addressed to the student by name, were dropped rather than retained as fragmentary

placeholders.

The protocol does not promise re-identification resistance against an adversary with access to TU Delft

cohort records. It promises that the dataset, used within institutional boundaries, contains no direct

identifiers and no obviously identifying contextual phrases.

3.3.4. Statistics and Audit
Two audits were carried out. The first was a rule-based pass over an early 846-record snapshot used to

surface preprocessing issues. The second was a refined pass over the final 1,140-record corpus used for

fine-tuning. Tables 3.1 and 3.2 summarise both audits.

Table 3.1: Comparison of the two dataset audits.

Statistic Initial audit Refined audit

Total records 846 1,140

Records with section context 839 1,138

Mean feedback length (words) 18.84 19.10

Median feedback length (words) 13 13

Feedback with < 5 words 147 136

Question-heavy feedback 266 329

Table 3.2: Top feedback categories in the refined audit. Categories are produced by a rule-based classifier intended for

distributional summary.

Category Count Share

other 551 48.3%

question_probe 164 14.4%

positive_accept 101 8.9%

logic_interpretation 95 8.3%

revision_instruction 75 6.6%

methodology 68 6.0%

evidence_citation 50 4.4%

english_or_formatting 28 2.5%

structure_organization 8 0.7%

The most consequential property of the refined distribution is the dominance of short clarification-style

and probing-style comments. Long methodological critiques are scarce. A model trained on this corpus

will learn to produce comments of the same shape, and the qualitative finding that the deployed system

produces locally specific comments with limited explicit rationale is partly a consequence of the training

distribution rather than of the model itself.

This matters for interpreting fine-tuning. Instruction-tuning studies show that small supervised

datasets can strongly teach response format and style when the examples are carefully curated, while

low-quality or mismatched examples can also reduce downstream performance [59, 60]. The present

corpus is high value because it is authentic supervisor feedback, but it is not a balanced sample of all

supervisory judgment. It over-represents short written annotations that were recoverable from PDFs

and under-represents longer oral, meeting-based, or document-level critique. Fine-tuning on this data

should therefore be expected to teach the model the local span-comment genre more reliably than it

teaches higher-level thesis review.
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Five thesis documents were reserved as the held-out evaluation pool before any filtering or training

run. The selected identifiers are preserved in the analysis artefacts so that any re-run produces directly

comparable results. The pool was selected by drawing five identifiers from the document index

uniformly at random under a fixed seed.

3.4. Implementation

3.4.1. Models and Fine-Tuning
Two open-weight backbones are used. Llama 3.3 70B Instruct is the deployed model in the supervisor-

facing interface and in the blind feedback-quality study. Qwen 3.5 27B Instruct is the principal

alternative backbone in the LLM-as-a-judge benchmark. Both are obtained from their official Hugging

Face checkpoints, with the exact checkpoint names and SHA digests recorded alongside the LoRA

adapter manifests so that any later resolution to a different revision can be detected.

Adapters are produced with LoRA over Unsloth’s 4-bit-quantised loader and TRL’s SFTTrainer. The

adapter configuration is shared between the Llama and Qwen routes; only the chat-template selector

differs. Adapters are applied to the attention 𝑞/𝑘/𝑣/𝑜 projections, the feed-forward gate/up/down

projections, the input embeddings, and the language-model head. The loss is computed on the assistant

response only, with the chat template applied with add_generation_prompt=False so that the assistant

message is preserved as the supervision target. Table 3.3 reports the full hyperparameter set.

Table 3.3: Supervised fine-tuning configuration. The Qwen route uses identical values; only the chat-template selector differs.

Hyperparameter Value

Quantisation 4-bit (Unsloth NF4-style)

Compute dtype bfloat16 on compute capability≥ 8.0, float16 otherwise

LoRA rank 𝑟 16

LoRA 𝛼 32

LoRA dropout 0.0

Loss target assistant response only

Max sequence length 8,192 tokens

Per-device train batch size 1

Gradient-accumulation steps 32 (effective batch size 32)

Learning rate 5 × 10
−5

Number of epochs 1.0

Optimiser AdamW (TRL default)

Save interval every 5 optimiser steps (resume-aware)

Random seed 42

Hardware DelftBlue GPU partition

The single-epoch budget reflects two considerations. The supervised pool is small enough that additional

epochs increased the risk of memorising supervisor-style register without improving span-anchored

generation, and the held-out judge benchmark confirmed that further optimisation on this corpus would

not change the dominant strategy-level finding. Dropout is held at zero because LoRA at this rank

already constrains the adaptation space; adding dropout under-fit on the development split.

Compute envelope. Each fine-tune was executed on the DelftBlue GPU partition on a single NVIDIA

A100 80 GB. One epoch over the 1,140-record corpus completed in ten wall-clock hours under the

configuration in Table 3.3, with the resume-aware checkpointing every five optimiser steps adding

negligible overhead while allowing recovery from node failures without re-running the entire epoch.

Inference for the deployed section-aware route processes a single thesis in a few minutes on the same

hardware once the backbone is resident.

3.4.2. Inference and Decoding
All three generation strategies share a deterministic decoding configuration: temperature 0, top-𝑝
0.8, top-𝑘 20, repetition penalty 1.05, and the Ollama JSON-format constraint. The context window
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requested at inference is 16,384 tokens. Per-call num_predict budgets are 120 tokens for the selector and

the generator stages in the section-aware route, larger for whole-document and agentic calls. The HTTP

timeout is 1,800 seconds for the section-aware runner and 600 seconds for the docling-based runner and

the agentic pipeline. Ollama’s keep_alive value is set to ten minutes, which keeps the model resident

across consecutive calls so that per-call overhead is dominated by token generation rather than by model

loading.

These settings affect reproducibility. Lowering the context window forces aggressive chunking and

changes the per-window evidence the model sees. Raising the temperature increases the rate of anchor

mismatches, since deterministic decoding is what allows the post-filter to enforce the exact-quote rule

reliably. Reducing the timeout makes long-context calls fail at irregular boundaries inside a thesis.

3.4.3. Generation Strategies
Strategy axis. The three generation strategies test different ways of exposing a long thesis to the

model. A bachelor thesis in the CSE3000 corpus is between fifteen and forty single-column pages plus

figures, tables, and references; after parsing, the longest held-out drafts produce prompts in the tens of

thousands of tokens. The long-context and context-selection literature reviewed in Section 3.1.4 therefore

leads to a practical design question: should feedback be generated from the whole document, from

selected local evidence, or from a structured multi-step review process? Whole-document generation

tests direct long-context prompting. Section-aware two-stage generation narrows the evidence to a local

section window and explicit anchor. Agentic review adds role-specialised critique and verification

on top of section-level evidence. The deployed supervisor-facing route is the section-aware two-stage

pipeline because it produces exact anchor spans that can be re-attached to the PDF and returns one

local suggestion per window, matching the interface’s accept, edit, and dismiss operations.

Whole-document generation. The PDF is converted with a Docling-based pipeline

(section_and_full_review_docling.py) into an XML-tagged representation that preserves

section and subsection boundaries. Cleaned text is passed verbatim to a single chat completion under a

constrained JSON schema. This strategy gives the model maximal access to thesis-level context and is

therefore best suited to comments about contribution, methodology, and consistency across sections. Its

risk is the one identified in long-context studies: fitting the input inside the nominal context window

does not guarantee that the model will use the relevant middle sections reliably. A post-filter removes

items whose anchor sentence is not an exact substring of the excerpt, items whose anchor matches a

placeholder pattern, and items that duplicate an already-accepted entry.

Section-aware two-stage generation. The PDF is converted to a structured text stream with heading

detection and paragraph reflow (section_review_pdf_dir_two_stage.py). The result is split into

top-level sections; each section is partitioned into sliding windows of at most 𝑊 characters with 𝑂
characters of overlap. For each window, a Stage 1 selector returns at most one exact-quoted candidate

sentence; the candidate is validated for exact occurrence in the section text, against a truncation heuristic,

and against a global deduplication set. Stage 2 then issues a generator call for that candidate using

the entire section text plus the selected sentence. This separation avoids asking one prompt to both

decide where feedback is needed and write the feedback, and it makes the anchor sentence an explicit

intermediate artefact. A post-filter rejects comments that are too short, too vague, or match a list of

generic feedback prefixes.

Agentic review. The agentic pipeline tests whether decomposition and verification improve coverage

and actionability compared with a single prompt. The design follows multi-agent LLM work in which a

task is split into specialised roles with coordination, debate, or verification steps [61, 62, 63, 64]; it is

also related to critique-specific work that trains or organises models around feedback from multiple

critics [65]. In this implementation, the agentic_review module uses one backbone for all stages

and decomposes review into five role-specific reviewers: clarity, structure, methodology, results, and

consistency. A deterministic coordinator scores sections by heading-keyword priority and pending-role

coverage, then dispatches at most 𝐵 tasks per iteration. Each reviewer proposes a candidate span and

comment for its assigned role. The candidate first passes deterministic checks for exact span match,

placeholder avoidance, and duplicate anchors. It then passes through a semantic verifier that returns
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accept, refine, or reject; a refine verdict triggers up to 𝑅max refinement attempts, while a reject verdict is

recorded as failure-mode evidence. A final deduplicator removes near-identical accepted comments.

The loop terminates when the agenda is empty, when a patience counter elapses without new accepts,

or when the iteration budget is reached. In the benchmark, this strategy is expected to trade additional

inference cost for broader issue coverage and stronger actionability, because role prompts can direct

model behaviour toward methodology, results, and consistency issues that a generic prompt may not

prioritise.

Methodological contribution of the strategy comparison. Whole-document, section-aware, and

agentic strategies are usually studied in separate papers and on different tasks. Evaluating all three

within the same backbone family, prompt format, held-out pool, and calibrated multi-judge benchmark

isolates the strategy axis more cleanly than a comparison assembled from independent baselines. If

each strategy had used a different backbone family, the result would have confounded generation

strategy with model capability. If the benchmark had relied on a single judge, the ranking would have

inherited the idiosyncrasies of one evaluator. The contribution of this comparison is therefore not that

any individual component is new in isolation, but that the components are held fixed tightly enough for

the strategy-level result to be interpretable.

3.4.4. Supervisor-Facing Interface
The interface is a React/TypeScript frontend with a FastAPI backend. LiteLLM provides a model-routing

layer so that the same frontend can call either institutionally hosted open-weight endpoints or a

closed-source API behind the same registry. The frontend separates document handling, manual

annotations, AI-generated feedback, and study-specific rating flows so that the same substrate supports

both supervisor use and the embedded blind study.

The design follows a mixed-initiative pattern rather than a fully automated review pattern. Mixed-

initiative interface work argues that automated services should be easy to invoke, easy to terminate, and

easy for users to refine when the system’s inference is uncertain [66]. Human-AI interaction guidelines

similarly emphasise showing system status, supporting efficient correction, and making clear when

users remain responsible for the outcome [67]; human-centred AI work frames reliable systems as ones

that preserve meaningful human control rather than replacing it with opaque autonomy [68]. These

principles map directly onto the interface: generated comments are not inserted into the final PDF

automatically, but enter as draft suggestions that can be inspected against the anchor span, edited,

accepted, rejected, and exported only after supervisor action.

The supervisor workflow has four operations.

1. Upload and view a thesis PDF. The PDF is rendered in the browser with the original annotations

preserved.

2. Request generated suggestions. The frontend extracts sections from the rendered PDF, sends the

selected section context to the backend model route, and receives generated comments as draft

annotations.

3. Edit, accept, or dismiss annotations. The interface presents AI suggestions as a list beside the

document. Each comment can be inspected against its anchor span on the rendered PDF, edited in

place, accepted into the supervisor’s own annotation layer, or dismissed.

4. Export the reviewed PDF. The export contains the supervisor’s accepted and edited comments.

Screenshots of the interface are present in Appendix C. The study backend stores participant responses

under an opaque participant identifier and keeps the rating flow separate from model inference. The

schema, environment-driven storage configuration, and export scripts are committed in the repository.

Code availability. Both repositories are available for inspection and reuse. The model-side

code (data conversion, fine-tuning, inference pipelines for the three generation strategies, and the

LLM-as-a-judge runner) is hosted at https://gitlab.ewi.tudelft.nl/dsait5000/tom-viering/
msc-thesis-akuruvilla/thesis-feedback-ft. The supervisor-facing interface (React frontend,

FastAPI backend, study flow, and PDF annotation handling) is hosted at https://github.com/
Ayushkuruvilla/thesis_interface. Each repository contains a README that maps the experiments

https://gitlab.ewi.tudelft.nl/dsait5000/tom-viering/msc-thesis-akuruvilla/thesis-feedback-ft
https://gitlab.ewi.tudelft.nl/dsait5000/tom-viering/msc-thesis-akuruvilla/thesis-feedback-ft
https://github.com/Ayushkuruvilla/thesis_interface
https://github.com/Ayushkuruvilla/thesis_interface
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reported in the scientific paper to specific scripts, the prompts in their source form, and the configuration

files used for the runs.

3.5. Pilot Evaluation and Iteration

The deployed configuration is the result of a sequence of pilot runs that shaped both the model side and

the interface. Two pilot decisions are worth recording because they constrained the evaluation that

followed.

Schema-conformance pilots motivated dropping two backbones. GPT-OSS 20B and Qwen 2.5 70B

were prepared for inclusion in the strategy comparison but produced inconsistent behaviour under

the structured JSON output schema required for span-anchored generation. The most common failure

modes were chat-template inconsistency between checkpoint releases, free-form prefixes preceding

the JSON payload, and occasional truncation of the closing brace under tight num_predict budgets.

Including them would have introduced model-specific reliability dimensions into a benchmark designed

to separate strategy from backbone. They were therefore dropped from the central comparison and

recorded as exploratory negative results.

Single-call section pipelines were dropped in favour of the two-stage formulation. An earlier

section-level pipeline issued one call per window in which the model both selected the anchor sentence

and produced the comment in a single response. The output anchor frequently failed an exact-substring

check against the section text, which broke the interface’s PDF re-attachment. Splitting the pipeline

into a separate selector call followed by a separate generator call solved the problem at the cost of one

additional call per window. The deployed two-stage pipeline is the result of that decision.

Together, these pilot decisions converge on the deployed configuration: a section-aware two-stage

pipeline on a Llama 3.3 70B fine-tune, with the dropped backbones and the dropped single-call section

pipeline retained as exploratory negative results that bound what the strategy comparison can be

expected to show. Each decision narrowed the experimental scope toward a comparison whose result is

interpretable rather than confounded by reliability or anchoring artefacts of the discarded variants.

3.6. User Evaluation

3.6.1. Blind Feedback-Quality Study
Participants were recruited from the population of thesis supervisors, postdoctoral researchers, and

PhD candidates at TU Delft and adjacent institutions through email invitation. Recruitment continued

until twenty-two participants had completed the full protocol. Participation was voluntary and unpaid;

participants could stop at any point without giving a reason.

The study presented each participant with three of the five held-out theses, in randomised order. Each

thesis was shown together with five candidate feedback comments: two human comments drawn

from the held-out annotations and three AI comments generated by the deployed section-aware Llama

route. Source labels were hidden, so participants did not know which comments were human-authored

and which were model-generated. For each comment, the interface displayed the anchor span and

the surrounding section context; participants could open the underlying PDF to inspect the broader

document. Each comment was rated on the six dimensions of the rubric. The first five (relevance, change

clarity, correctness, actionability, specificity) used a symmetric five-point agreement scale encoded as

−2, −1, 0, +1, +2. Supervisor suitability used a four-point ordered scale: not suitable (−2), suitable after

major revision (−1), suitable after minor editing (+1), suitable as-is (+2).

The data export contained twenty-two completed raters and 330 comment-level ratings, including 132

human-comment ratings and 198 AI-comment ratings. No rows were excluded from the quantitative

analysis. The full rubric wording shown to participants is reproduced in Appendix A.
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3.6.2. Interface Usability Study
The interface usability study used the standard System Usability Scale [1]. Participants completed a

task-based interaction with the supervisor-facing pipeline that included PDF inspection, AI-feedback

review, editing, and export, then answered the standard ten-item SUS instrument in Qualtrics. The task

instructions and the SUS items are reproduced in Appendix A.

The SUS export contained twenty-one consented, finished responses with all ten items completed.

The thesis reports these twenty-one complete SUS responses as the headline usability analysis. A

task-completion sensitivity check retains the nineteen responses that explicitly marked all tasks complete;

this subset does not change the interpretation. SUS is reported on the standard 0–100 scale.

3.6.3. Human Research Ethics
Both studies involve human participants and were therefore designed under the Human Research Ethics

policy of TU Delft. An application was submitted to the Human Research Ethics Committee (HREC)

before participant recruitment began, and approval was obtained for the protocol described above. The

application documented the study design, the rubric, the consent flow, the data-storage location, the

data-retention period, and the participant-withdrawal procedure.

The protocol minimises participant risk. No personally identifiable information is collected from

participants beyond the consent record, which links a participant identifier to a consent timestamp

and is stored separately from the rating data. Participants are informed of the study’s purpose at the

start of the consent flow and are given the option to withdraw at any time without giving a reason.

Withdrawals delete all data associated with the participant identifier. All study data are stored on TU

Delft infrastructure; no participant data are transferred to external services.

The held-out thesis material shown to participants was anonymised before the study under the protocol

described in Section 3.3.3. Original visible annotations were removed from the PDFs shown in the blind

study so that participants would not infer the source of a comment from the presence of an existing

supervisor annotation.

3.7. Extended Analysis of the LLM-as-a-Judge Benchmark

3.7.1. Per-Judge Agreement
The three judges (Mistral Small, DeepSeek-R1 32B Qwen Distill, and Gemma 4 31B) place the strategies

in the same order despite differing in absolute severity. Mistral Small is the strictest. Across the 1,491

successful item-level judgments, its grand mean of 1.15 across the six rubric dimensions lies 0.42 and

0.47 points below the means produced by DeepSeek-R1 (1.49) and Gemma 4 (1.55) respectively. All three

judges nonetheless rank whole-document prompting first, agentic review second, and section-aware

two-stage generation third on overall macro score, and the rank does not flip on any rubric dimension.

The judge-macro means used for strategy comparison reflect a stable ordering rather than an artefact of

one generous evaluator.

A second reliability diagnostic concerns failure rates inside the judge run. Across the two judge runs,

twelve item-level judgments failed schema validation and were excluded from score means but retained

as coverage failures. All twelve failures were produced by Gemma 4 31B; none came from Mistral Small

or DeepSeek-R1.

3.7.2. Base versus Fine-Tuned Per-System Effects
Aggregating systems into three strategy families is appropriate for an overall comparison but hides a

pattern that emerges when base and fine-tuned variants are separated within each backbone. Table 3.4

reports paired base–finetuned macro scores per backbone and strategy.

Three observations follow. First, fine-tuning on the span-anchored corpus does not uniformly improve

automatic scores: in five of the six paired comparisons the fine-tuned variant scores lower than its base.

Second, the family ordering is preserved across base and fine-tuned tiers (Qwen 3.5 scores above Llama

3.3 in every paired comparison), suggesting that backbone capability dominates the effect of supervised

adaptation on this benchmark. Third, the deployed section-aware Llama route used in the blind study is
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Table 3.4: Per-backbone judge-macro overall scores for base and fine-tuned variants, with Δ = finetuned − base on the [−2,+2]
scale.

Strategy Family Base Fine-tuned Δ

Whole-document Llama 3.3 1.42 1.17 −0.25

Whole-document Qwen 3.5 1.63 1.59 −0.03

Section-aware two-stage Llama 3.3 1.39 1.27 −0.12

Section-aware two-stage Qwen 3.5 1.52 1.28 −0.25

Agentic review Llama 3.3 1.23 1.11 −0.12

Agentic review Qwen 3.5 1.45 1.58 +0.13

therefore not the highest-scoring system on the judge benchmark; it was deployed because it produces

inspectable spans, returns comments under the JSON schema required for interface integration, and is

the route on which the workflow study was actually conducted.

The data audit gives a plausible explanation for the non-uniform fine-tuning effect. The base models

already contain broad academic-writing and reasoning capabilities from pretraining and instruction

tuning. The local fine-tuning corpus mainly teaches a narrower output distribution: short span-anchored

comments, many of them phrased as clarification questions or concise revision prompts. This can

improve interface compatibility and stylistic similarity to the source annotations while reducing the

model’s tendency to produce broader critique. The base–fine-tuned result should therefore be read as a

data-fit result, not as evidence that supervised fine-tuning is intrinsically unhelpful for thesis feedback.

3.7.3. Error Patterns in the Deployed Route
The qualitative comments from the blind study converge on three recurring failure modes for the

deployed section-aware Llama system, all consistent with the dimension-level numbers.

Local-but-shallow critique. Comments correctly identify a surface problem in the highlighted span

without explaining why the change matters for the thesis argument. This is consistent with the gap

between high specificity (+0.47) and weaker correctness (−0.04) in the same data.

Missed global concern. Span anchoring concentrates the model’s evidence on the highlighted excerpt

and its immediate section context, which makes the system structurally less able to comment on

contribution clarity, methodological coherence, or relationships between sections.

Near-duplicate feedback across sections. The two-stage pipeline deduplicates within a single thesis

using exact anchor matching, but it cannot detect that two distinct anchor sentences in different sections

raise the same conceptual issue.

A fourth pattern is less a failure than a property of the dataset. Sixty per cent of the supervised target

comments are shorter than twenty words; only 6.6% are at least fifty words. The model has learned to

produce concise rather than explanatory comments. Together with the missing rationale dimension

surfaced by raters, this suggests a concrete data-improvement target: training examples that include the

why component alongside the actionable suggestion may reduce local-but-shallow feedback.

3.8. Reflections and Broader Implications

3.8.1. Position in the Broader Field
This thesis tests candidate comments, rather than final feedback decisions, as the unit of automation.

The model produces a span-anchored draft comment that is tied to visible evidence in the document.

The supervisor then inspects, edits, accepts, or rejects that comment before export. This positions the

contribution less as a claim that LLMs can “review theses” and more as a workflow pattern for making

generated critique reviewable by a qualified human reader.

The results also clarify a tension that matters beyond this specific course setting. Span anchoring
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supports grounding, specificity, and inspection, but it can bias the system toward local comments and

away from contribution-level, methodological, or cross-section critique. Whole-document and agentic

strategies address the same problem from different directions, yet the benchmark shows that broader

context and stronger orchestration do not remove the need for human judgment. Grounding and global

assessment are therefore complementary requirements rather than a single solved capability.

The evaluation design reflects that position. The LLM-as-a-judge benchmark is useful for comparing

many system configurations under the same rubric, but the blind human study and judge–human

calibration are needed to test whether automatic scores track human acceptability. The largest calibration

gap is supervisor suitability, the dimension most directly tied to deployment. For this reason, the thesis

treats automatic judges as scalable diagnostics and human ratings as the stronger evidence for whether

generated comments belong in a supervisory workflow.

3.8.2. Implications for Stakeholders
The workflow affects several distinct groups, and the same design choice can have different implications

for each group.

Supervisors. Supervisors are the primary user and the population from which both human-study

pools were drawn. The interface is most relevant for supervisors whose marginal cost of writing the

first draft of a comment is high, either because they are time-constrained, because they are seeing many

drafts in a short window, or because they want to ensure consistent coverage of standard issues across

all students. It is less relevant for supervisors whose comments are already highly individualised

and explanatory, because the editing cost of a locally specific suggestion with limited rationale can

exceed the cost of writing a comment from scratch. A responsible deployment is therefore opt-in at the

supervisor level rather than mandated at the course level.

Students. Students do not interact with the system directly. They receive its output indirectly, through

the supervisor’s annotated PDF. What matters to them is whether the comments they receive, after

the supervisor’s review, help them understand what to revise and why. A comment that says “revise

this sentence” is less useful than one that says “revise this sentence because the claim it makes is not

supported by the evidence in the previous paragraph”. The current system provides limited rationale

partly because the training distribution contains many short comments. The transparency obligation is

also stronger for students than for any other group: they cannot calibrate their reading of a comment

unless they know whether it originated with the supervisor or with the model.

Course coordinators. Course coordinators operate between individual supervisors and institutional

policy. The most important risk from this perspective is uneven adoption. CSE3000 enrols close to four

hundred students per year [11]. Because this thesis does not measure supervisor workload reduction,

course-level use should be framed as a review-support workflow rather than as an efficiency guarantee.

Any deployment would need explicit usage guidance, audit checks that confirm the supervisor interacted

with the suggestions, and visible distinction between AI-authored and supervisor-authored annotations

in the exported feedback.

Institutions. The institution sets the data-protection, retention, and AI-governance rules within which

the course operates. The system was designed inside the constraints that the TU Delft institutional

governance imposes: open-weight models, institutional hosting on DelftBlue, anonymisation before

training, consent-based human evaluation. These constraints were preconditions for the project to be

approved at all. The same design pattern could be evaluated in other courses or supervision contexts at

the same institution under similar data-protection assumptions. Portability to a different institution is a

separate question that depends on that institution’s own rules.

3.8.3. Risks and Conditions for Responsible Deployment
Three risks deserve to be named explicitly. The first is over-reliance: a fluent comment can sound

authoritative without being correct, and a supervisor who treats AI suggestions as a checklist can

produce shallower feedback than one who writes from scratch. The interface reduces this risk by

requiring acceptance before export, but it cannot ensure that every accepted suggestion has been
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carefully checked. The second is inequity: supervisors who adopt the system inconsistently can produce

uneven feedback quality across students, which is a substantive concern in a course that enrols several

hundred students per year. The third is opacity to students: a student who receives AI-influenced

feedback without knowing it cannot calibrate how much weight to put on each comment.

These risks define the conditions under which the contribution is defensible. Generated comments

must enter the workflow as editable suggestions and must require a supervisor accept action before

any export. Provenance must be preserved in export so that students can see which annotations are

AI-authored and which are supervisor-authored. The current prototype marks AI suggestions during

review, but a production version should preserve that provenance more explicitly in every exported

annotation, including highlights whose anchor geometry is resolved successfully. Adoption must

be opt-in at the supervisor level. Audit data must be retained without retaining student-identifying

material. The rationale dimension that the blind-study raters surfaced, and that the current rubric

does not score, should be added in any future iteration. Each of these is a precondition for course-level

deployment rather than an optional feature, and together they point at the conditions under which

open-weight LLMs can take a useful but bounded role in thesis supervision.
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Study Instruments and Rubrics A

This appendix preserves the human-study instruments used by the thesis. The first study evaluates

individual feedback comments under blind conditions. The second study evaluates the usability of the

supervisor-facing interface. They are kept together here because both are human-centered, but they

answer different empirical questions.

A.1. Blind Feedback-Quality Study Rubric

Participants rated each feedback item without knowing whether it was written by a human supervisor

or generated by the fine-tuned model. The first five dimensions used a five-point agreement scale from

strongly disagree to strongly agree, encoded as −2, −1, 0, +1, and +2.

Dimension Wording shown to participants

Relevant and on-topic This feedback directly addresses the given excerpt and stays

focused on its content. It does not introduce unrelated comments.

Clear about whether

change is needed

This feedback makes it clear what the student should do, such

as whether the text should be kept, revised, or removed. The

recommended action is understandable.

Correct The feedback is factually and contextually accurate. Its claims

are supported by the excerpt and do not introduce incorrect or

unjustified points.

Useful / actionable This feedback provides guidance that would help a student make

a concrete improvement to the text. It goes beyond identifying an

issue and supports revision.

Specific This feedback refers to specific words, phrases, claims, or parts of

the excerpt. It is grounded in the actual text and not overly general.

A.2. Supervisor Suitability Scale

Supervisor suitability used a separate ordered scale because the question was not only whether the

comment was locally good, but whether it would be appropriate for a thesis supervisor to provide.

Value Label

−2 Not suitable

−1 Suitable after major revision

+1 Suitable after minor editing

+2 Suitable as-is

A.3. SUS Interface-Usability Instrument

The second user study evaluated the main supervisor-facing thesis pipeline with the System Usability

Scale. Participants rated each item from strongly disagree (1) to strongly agree (5).
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1. I think that I would like to use this system frequently.

2. I found the system unnecessarily complex.

3. I thought the system was easy to use.

4. I think that I would need the support of a technical person to be able to use this system.

5. I found the various functions in this system were well integrated.

6. I thought there was too much inconsistency in this system.

7. I would imagine that most people would learn to use this system very quickly.

8. I found the system very cumbersome to use.

9. I felt very confident using the system.

10. I needed to learn a lot of things before I could get going with this system.



Prompt Templates B

B.1. Prompt Provenance

The main review prompt used in this thesis was derived from the writing expectations given to students

in the TU Delft CSE3000 bachelor thesis course. Two local source documents were used as the main

basis:

1. the CSE3000 research paper template;

2. the CSE3000 research-paper checklist.

These materials emphasize clear research purpose, justified claims, reproducible methodology, inter-

pretable results, sound argumentation, responsible research, strong paragraph structure, and correct

use of references, tables, and figures. The prompt translates these expectations into operational model

instructions for span-anchored review.

B.2. Main Review Prompt

You are a professor reviewing a Bachelor Thesis excerpt for TU Delft
CSE3000-style academic writing quality.

Important exclusion rule:
Some excerpts may contain placeholders, drafting notes, author reminders,
revision instructions, or self-declared missing content rather than actual
thesis prose. These are NOT part of the thesis content and must be ignored
completely.

Treat any text like the following as non-reviewable placeholder text:
- lines starting with or containing: "TODO", "TO DO", "TBD", "FIXME",
"NOTE TO SELF"

- author reminders such as "to be added", "to be written",
"still needs to be added", "still needs to be written", "pending",
"unfinished", "draft", "placeholder"

- bullet points or notes that explicitly describe what the author plans to
write later

- checklist items, reminders, or comments to the author
- text that only states something is missing or will be completed later

Never produce feedback on such placeholder text.
Never select such text as the "sentence".
Never tell the student to add, complete, summarize, acknowledge, write, or
expand something when the excerpt already explicitly says that this content is
still to be written or added later.

If a sentence is a placeholder, reminder, drafting note, checklist item, or
revision instruction, skip it and look for real writing issues elsewhere.
If the excerpt consists only of placeholders or drafting notes, return [].
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Your task is to identify the most important issues in the excerpt based only
on the provided text.

Judge the text using the following academic writing expectations:
- clear research purpose, contribution, or line of argument
- justified claims and interpretations
- clear and motivated methodology
- clearly reported results
- well-structured and source-grounded argumentation
- conclusions linked back to the research question or objective
- responsible research, ethics, and reproducibility where relevant
- well-structured paragraphs and topic sentences
- objective and academically precise style
- correct use of references, figures, and tables

Focus on high-impact issues such as:
- unclear or missing research question, motivation, contribution, or conclusion
- weak argumentation or reasoning gaps
- unsupported, vague, or overstated claims
- missing explanation of why a method was chosen
- methodology or experimental setup that is too unclear to understand or
reproduce

- results or interpretations that are incomplete, unclear, or unsupported
- conclusions that do not clearly follow from earlier material
- weak paragraph structure or poor flow
- missing critical engagement with prior work or sources
- unclear responsible research, ethics, or reproducibility discussion
- ambiguous references to figures, tables, sections, prior work, or
terminology

- tables or figures that are not interpretable on their own, not properly
referred to, or insufficiently explained

- imprecise, non-objective, ambiguous, or academically weak language

Return ONLY JSON.
Return a JSON array with at most {NUM} items.

Each item must contain:
- "sentence": the exact problematic text span copied verbatim from the thesis
excerpt

- "actionable_feedback": one concise, specific, and actionable improvement
suggestion

B.3. Role of the Prompt in the Thesis

This prompt is important because it operationalizes the target review behavior used throughout the

thesis. It links course-level academic-writing guidelines to the model-level generation task and provides

the conceptual basis for both prompting and evaluation.



Interface Screenshots C

This appendix documents the implemented interface artifact. The main thesis text discusses the interface

as a workflow for supervisor-controlled feedback; these screenshots preserve the concrete visual state of

the website used for the studies and demonstration.

C.1. Landing Page

Figure C.1: Interface landing page showing the two implemented paths: the thesis feedback pipeline and the blind

feedback-quality study interface.

C.2. Supervisor Pipeline

C.3. Blind Feedback-Quality Study
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Figure C.2: Supervisor-facing PDF pipeline with document view, annotation cards, AI-feedback controls, and export affordance.

Figure C.3: Blind feedback-quality study page showing a held-out thesis document and feedback cards to be rated without source

labels.
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Figure C.4: Rating modal for the blind feedback-quality study. The modal presents the rubric criteria on a -2 to +2 Likert scale

while keeping the feedback source hidden.



Guideline Basis for Prompt Design D

D.1. CSE3000 Writing Expectations

The prompt and evaluation framing used in this thesis were derived from the written guidance provided

to students in the CSE3000 bachelor thesis course. The two main source documents were the course

research paper template and the associated checklist.

The checklist emphasizes the following expectations for a strong research paper:

• an abstract that includes motivation, main question, method, and conclusions;

• an introduction with background, motivation, a clear research question or objective, and article

structure;

• a methodology that is clear, justified, and reproducible;

• results that are fully reported and supported by figures or tables where needed;

• argumentation that is clear, structured, critical, and grounded in trustworthy sources;

• responsible research and reproducibility;

• conclusions clearly linked back to the research question;

• correct use of references, quotations, paraphrases, and bibliography;

• well-structured paragraphs and topic sentences;

• objective, clear, and grammatically sound style;

• interpretable tables, figures, and overall layout.

D.2. Why These Guidelines Matter for the Thesis

These guidelines are not included merely as background material. They define the normative writing

standard that the review prompt attempts to approximate. In other words, the LLM is not being asked

to produce generic writing comments, but to produce feedback consistent with the expectations of the

CSE3000 thesis-writing context.

D.3. Connection to the Evaluation Framework

The link between the guidelines and the evaluation framework is direct. The prompt uses the checklist-

derived expectations to determine what kinds of issues should be surfaced, while the blind human study

and the LLM-as-a-judge pipeline evaluate whether the resulting feedback is relevant, clear, correct,

actionable, and specific. The guidelines therefore anchor both generation and evaluation in the same

academic-writing standard.



Additional LLM-as-a-Judge Results E

This appendix preserves judge-benchmark artefacts that supplement the strategy comparison in the

scientific article and the per-system diagnostics in Section 3.7 with the per-judge rankings, the top

individual systems, and the failure breakdown.

E.1. Per-Judge Approach Rankings

The judges differ in absolute severity but place the three strategies in the same order. Table E.1 reports

the per-judge ranking with the corresponding overall macro score on the [−2,+2] scale.

Judge model Approach Rank Overall mean

DeepSeek-R1 32B Qwen Distill Whole-document prompting 1 1.56

DeepSeek-R1 32B Qwen Distill Agentic review 2 1.49

DeepSeek-R1 32B Qwen Distill Section-aware two-stage 3 1.41

Gemma 4 31B Whole-document prompting 1 1.67

Gemma 4 31B Agentic review 2 1.50

Gemma 4 31B Section-aware two-stage 3 1.48

Mistral Small Whole-document prompting 1 1.20

Mistral Small Agentic review 2 1.14

Mistral Small Section-aware two-stage 3 1.10

Table E.1: Per-judge approach ranking by overall macro score across the six rubric dimensions. Mistral Small is substantially

stricter than DeepSeek and Gemma in absolute terms, but the ranking is identical across judges.

E.2. Top Individual Systems

Table E.2 lists the six highest-scoring systems across all backbones and strategies. The table is dominated

by Qwen 3.5 variants and spans all three strategy families. The qwen25-* system identifiers used

throughout this appendix are retained from the original storage paths and all denote the Qwen 3.5 27B

backbone.

System Strategy Tier Overall mean

full_context_all/base/qwen25-27-base Whole-document prompting base 1.63

full_context_all/finetuned/qwen25-27-finetunedWhole-document prompting finetuned 1.59

agentic_review_dir_v3_qwen27 Agentic review finetuned 1.58

ollama_chunking_base/qwen25-70-base Section-aware two-stage base 1.52

agentic_review_dir_v3_qwen25-27-base Agentic review base 1.45

full_context_all/base/llama33-base Whole-document prompting base 1.42

Table E.2: Top individual systems by judge-macro overall score. The qwen25-70-base system is mapped into the Qwen 3.5 27B

base bucket during canonicalization.

E.3. Fine-Tuning Effect Heatmap
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Figure E.1 visualizes the per-dimension difference between fine-tuned and base variants for each

backbone and strategy. Cells coloured negative indicate that fine-tuning reduced the judge’s average

score on that dimension.

Figure E.1: Heatmap of fine-tuned minus base judge-macro scores per rubric dimension, by backbone and strategy. Cells are

score differences on the underlying [−2,+2] rubric scale: a positive (good) value means fine-tuning raised the judge score on that

dimension, a negative (bad) value means it lowered it, and zero means no change. Most cells are negative or near zero; the largest

positive cells are in the Qwen 3.5 agentic row.

Figure E.2: Fine-tuned per-system judge-macro scores by approach and rubric dimension. Scores are on the [−2,+2] rubric scale,

where higher is better (+2 is the best possible score, −2 the worst, and 0 neutral). The Qwen 3.5 fine-tuned agentic configuration is

the strongest fine-tuned cell on actionability and supervisor suitability.

E.4. Coverage and Failure Breakdown

The two judge runs together produce 1,491 successful item-level judgments and 12 invalid-score failures

after canonicalization. Mistral Small and DeepSeek-R1 32B each judge their full item pools without

invalid-score failures; all 12 failures originate from Gemma 4 31B. The canonicalization step that

produced the analysis pool excluded 267 duplicate-system records on the success side and 6 on the

failure side, and remapped 21 items from qwen25-70-base into the qwen25-27-base bucket so that base

and fine-tuned variants align under a single backbone label. These counts are preserved in the analysis

artefacts together with the run identifiers judge_run_9715946 and judge_run_9719554.

E.5. Held-Out Document Identifiers

Five thesis documents were reserved as the held-out evaluation pool before any model adaptation or

filtering. Their stable identifiers are retained in the analysis artefacts, and the same pool is reused across

the judge benchmark, the blind feedback-quality study, and qualitative inspection. Re-running any of

the strategies on the same held-out set therefore produces results directly comparable to those reported
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Figure E.3: Per-strategy comparison between base and fine-tuned variants for each backbone, showing where fine-tuning shifts

the per-dimension scores up or down. The vertical axis is the [−2,+2] rubric scale, where higher is better (+2 best, −2 worst, 0

neutral), so a line moving upward indicates an improvement and a line moving downward a degradation.

in this thesis.



Generative AI Usage F

Generative AI tools were used as limited support tools during the thesis process. They were not

used as authoritative sources and did not replace the author’s responsibility for the research design,

implementation, analysis, or conclusions.

• Writing and structure. Generative AI was used to suggest alternative paragraph structures,

improve flow between sections, shorten text for the ACL-format paper, and rephrase draft

sentences for clarity. Suggested text was edited, rewritten, or rejected by the author.

• LaTeX and formatting. Generative AI was used for LaTeX troubleshooting, build-log inspection,

and organisation of compilation artefacts.
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