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Abstract. Generative AI models are revolutionizing writing and
editing support systems, yet their integration into real-world work-
flows presents open challenges. This paper outlines my doctoral re-
search on leveraging generative AI for innovative writing and edit-
ing support, summarizing related works, research questions, contri-
butions to date, and future directions.

1 Problem Description and Challenges
The integration of generative AI into writing and editing workflows
presents a complex and multifaceted problem. While large language
models (LLMs) have demonstrated impressive capabilities in gen-
erating fluent and contextually appropriate text, their deployment in
real-world writing support systems raises a number of unresolved
questions, both technical and human-centred.

The core of the problem is the tension between the creative po-
tential of generative models and the need for control, reliability, and
user alignment. Writing is not merely a matter of producing gram-
matically correct sentences; it involves purpose, structure, audience
awareness, and often domain-specific constraints. For AI systems to
be genuinely useful in supporting writing, they must do more than
generate plausible text; they must understand and respond to the in-
tent of the writer, provide meaningful feedback and adapt to different
genres, styles and levels of expertise.

One of the key challenges lies in evaluation. Unlike tasks such
as translation or classification, where performance can be measured
against a clear ground truth, writing and editing involve open-ended
goals and subjective judgments. Traditional automatic metrics (such
as BLEU or ROUGE) are poorly suited to capturing the quality of AI-
generated suggestions in writing contexts. Human evaluation, while
more nuanced, is expensive, subjective, and difficult to scale. This
creates a bottleneck for both system development and user trust.

Another challenge is transparency. LLMs often produce outputs
that are fluent but opaque in their reasoning. Users may find it diffi-
cult to understand why a particular suggestion was made or whether
it can be trusted. This is particularly problematic in high-stakes do-
mains such as education. The lack of interpretability also limits the
ability of users to learn from the system or to engage in a productive
dialogue with it.

Controllability is a further concern. While LLMs can generate a
wide range of outputs, guiding them to produce text that aligns with
specific goals or constraints remains difficult. Prompt engineering of-
fers some leverage, but it is often brittle and unintuitive. Fine-tuning
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can improve alignment, but it requires computational resources, ac-
cess to large, high-quality datasets and may reduce generalisation.
Striking the right balance between flexibility and control is an ongo-
ing research problem.

Personalisation adds another layer of complexity. Effective writ-
ing support often depends on understanding the user’s background,
preferences, and evolving needs. Current LLMs are largely stateless
and impersonal, offering the same suggestions to all users regardless
of context. Incorporating user modelling into generative systems is a
significant open challenge.

Finally, there are broader social and ethical concerns. The use of
AI in writing raises questions about authorship, creativity, and the
role of human judgment. There is a risk that over-reliance on AI tools
could deskill writers and editors or reinforce existing biases in train-
ing data. Ensuring that generative systems support rather than replace
human creativity requires careful design.

Overall, while generative AI holds great promise for writing and
editing support, its effective integration depends on addressing a
range of challenges: from evaluation and transparency to control, per-
sonalization, and ethics. These challenges are technical but also con-
ceptual and social, requiring interdisciplinary approaches that com-
bine insights from natural language processing, human-computer in-
teraction and education.

Research Questions

• How can generative AI be effectively integrated into writing and
editing workflows to provide support?

• What are the most effective ways to evaluate the quality and use-
fulness of AI-generated suggestions in the context of writing and
editing?

• How can user control and transparency be balanced with the cre-
ative potential of generative models?

• What are the main limitations and risks of current generative AI
systems in writing support, and how can they be mitigated?

2 Related Work

Dale and Viethen [1] note that automated writing assistance has ex-
isted for decades, traditionally focusing on spelling, grammar, and
style checks, but “recent advances in deep learning” have substan-
tially expanded its capabilities. Modern LLM-powered writing assis-
tants go beyond error correction to support idea generation and con-
tent structuring. For example, qualitative studies report that writers
(including students) often use ChatGPT as a “brainstorming” partner
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and for organizing arguments and structure, while also relying on it
for local editing (syntax, diction, grammar) [10]. In educational set-
tings, Evmenova et al. [4] found that ChatGPT-generated feedback
on student essays partially aligned with teachers’ identified needs,
though it failed to account for student-specific factors (such as grade
level or disability). Similarly, McGuire et al. [8] studied co-creative
writing interfaces and showed that users achieve greater creativity
when they co-create with AI (rather than merely post-edit AI drafts)
– emphasizing the importance of keeping the user in a central, ideat-
ing role. At the system level, Lee et al. [7] propose the WritingPath
framework, which explicitly uses user-provided outlines to guide
LLM generation so that the output stays on topic and follows the in-
tended structure. They demonstrate that this outline-driven approach
significantly improves text quality, as judged by both automated and
human evaluators [7]. These works illustrate a trend toward hybrid
writing tools that combine LLM-driven content generation with ex-
plicit user control (e.g., planning, outlining, revision prompts) to sup-
port coherent, goal-directed writing.

Evaluating Open-Ended Generation Evaluating freeform AI-
generated text remains challenging. Traditional overlap metrics like
BLEU or ROUGE were designed for tasks with clear references and
tend to correlate poorly with human judgments of open-ended writ-
ing [9]. Recent surveys note that such task-agnostic scores (even se-
mantic variants like BERTScore) often have “weak correlation with
human” assessment for fluency, coherence, or creativity [9]. As a
result, researchers have explored more human-aligned and multi-
dimensional evaluation methods. One approach is rubric-based eval-
uation, where models or annotators score output on several quality di-
mensions. For instance, Hashemi et al. [5] introduce LLM-RUBRIC,
which prompts an LLM with each rubric question and combines
multiple responses to predict human ratings. In human–AI dialogue
tasks, LLM-RUBRIC achieved an RMS error <0.5 in predicting user
satisfaction, roughly doubling the accuracy of an uncalibrated base-
line. Likewise, Ni’mah et al. [9] propose a metric "preference check-
list" to assess how well automatic metrics reflect human preferences
across several writing tasks.

Despite these advances, human evaluation remains the gold stan-
dard. As Hashemi et al. [5] point out, human judges typically con-
sider multiple criteria holistically, but such manual evaluation is “ex-
pensive, time-consuming, and not without its own quality and relia-
bility issues”. More recently, some studies have tried using LLMs
themselves as evaluators to reduce cost, but aligning LLM-based
ratings with expert human judgments is an open problem. In prac-
tice, researchers often perform human–AI comparisons or side-by-
side assessments: for example, expert writers consistently outper-
form LLMs on creative writing measures, and human judges report
that AI-generated text tends to be repetitive or formulaic [8]. Such
findings underscore that while AI text is improving, direct compar-
isons against human benchmarks are still essential for robust evalua-
tion.

Alignment, Interpretability, and Feedback Challenges A key
challenge is ensuring AI output aligns with user goals and remains
transparent. LLMs can produce fluent text, but their suggestions may
not match the writer’s intent or constraints. Evmenova et al. [4] ob-
served that ChatGPT’s writing feedback did not consider student-
specific needs (e.g., developmental level, learning disabilities). This
highlights the difficulty of alignment: models trained on large generic
corpora may overlook individual context or objectives. Efforts like
WritingPath address this by encoding user intentions (desired topics,
structure, keywords) into the prompt, but perfect alignment is elusive

[7]. In human–AI co-writing, the issue manifests as a choice between
passive editing versus active co-creation. McGuire et al. [8] show that
treating the AI as a passive editor (simply revising its output) can de-
grade human creativity, whereas framing the user as a collaborator
restores creative efficacy.

Interpretability is also limited: LLMs are effectively black boxes,
making it hard to justify or control their edits. Some work adds inter-
mediate reasoning steps or explicit planning to improve transparency.
For example, “chain-of-thought” prompts or outline generation can
expose reasoning paths in the text generation process [7]. In educa-
tional feedback, systems sometimes generate explanations or identify
argumentation elements to make AI suggestions more inspectable
(see below). Finally, in terms of feedback, studies of learners using
AI point out concerns about losing one’s own voice or learning op-
portunities. Wang [10] reports that students using ChatGPT grappled
with “balancing AI to enhance writing and maintaining their authen-
tic voice,” as well as fearing that reliance on AI might short-circuit
their learning. These observations reinforce the need for AI tools that
not only generate text but also provide interpretable feedback and
preserve user agency.

Structured Reasoning and Argumentation Frameworks Given
the difficulty of evaluating free text, researchers have borrowed from
structured reasoning and argumentation theory. One line of work ex-
plicitly integrates planning structures into generation. WritingPath
[7] uses detailed outlines to anchor the LLM, and their results show
that planning-based generation significantly improves text consis-
tency and quality. Beyond outlines, formal argumentation models
(e.g. Toulmin’s scheme) are used to analyze and assess generated or
student-written text. For instance, several recent systems break down
an essay into argument components (claim, data, warrant, backing,
qualifier, rebuttal) and use AI to identify and score each part. Jho
and Ha [6] developed a web-based system that interfaces with Chat-
GPT to extract these six Toulmin elements from student essays, score
them, and compare the AI’s extraction against human annotations us-
ing NLP metrics (ROUGE, cosine similarity). Similarly, other studies
employ cognitive diagnostic or rubric-based models to evaluate argu-
mentation: Zhai et al. [12] trained classifiers on claim/evidence/war-
rant dimensions, and Wilson et al. [11] optimized a rubric-guided en-
semble to score argumentative essays. These structured approaches
allow more fine-grained judgment of reasoning quality and coher-
ence than simple text overlap. In summary, incorporating explicit
reasoning frameworks has proven a promising direction for guiding
generation and for assessing complex, open-ended text.

3 Contributions to Date
My doctoral research has focused on the role of generative AI in
writing and editing support systems, with particular attention to how
large language models (LLMs) can be used not only to generate text
but also to evaluate and structure it. This work has developed along
three interconnected strands: the generation of educational content,
the evaluation of open-ended text, and the exploration of argumenta-
tion as a framework for understanding and enhancing LLM reason-
ing.

One of the first areas I investigated was the use of LLMs to gen-
erate English grammar exercises, specifically multiple-choice cloze
(MCC) items. These exercises are widely used in language learning
but are traditionally time-consuming to create (requiring both lin-
guistic expertise and pedagogical sensitivity). In collaboration with
colleagues, I explored whether LLMs could be used to automate this
process in a way that preserved both grammatical correctness and



contextual relevance. The resulting system was based on a fine-tuned
version of LLaMA 3, trained on a carefully curated dataset covering
19 grammar topics. Particular attention was paid to the generation of
distractors (incorrect but plausible alternatives), which are essential
for maintaining the pedagogical value of MCC items. To evaluate the
quality of the generated exercises, we developed a set of rule-based
metrics that assessed structural compliance and lexical diversity, and
we complemented these with a human evaluation conducted by a lin-
guist with experience in language teaching. The results, presented at
CLiC-it 2024 [2], showed that the model was able to produce ex-
ercises that were not only grammatically sound but also varied and
appropriate for classroom use. Approximately 79% of the generated
items were judged suitable for learners, and the automatic structural
compliance metric showed strong agreement with human judgments.
This work suggested that LLMs can be adapted to support educa-
tional content creation in a way that balances automation with peda-
gogical quality.

A second line of research has examined the use of LLMs as eval-
uators of open-ended text, particularly in tasks such as summariza-
tion. Traditional evaluation metrics like ROUGE and BLEU are lim-
ited in their ability to capture the semantic and structural qualities of
a good summary. Human evaluation, while more nuanced, is costly
and difficult to scale. To address this, I contributed to a study that pro-
posed a rubric-based evaluation framework designed to guide LLMs
in assessing summaries along five editorial dimensions (coherence,
consistency, fluency, relevance, and ordering). The rubric was imple-
mented in a few-shot prompting setup and tested on a purpose-built
dataset of Italian news summaries (each designed to isolate specific
evaluation criteria). The results showed that LLMs could approxi-
mate human judgments to a moderate degree, particularly for more
concrete criteria like relevance. However, the models also exhibited
systematic biases (such as a tendency to overestimate fluency and co-
herence). These findings suggest that while LLMs can serve as scal-
able evaluators, their outputs need to be interpreted with care, and
further work is needed to improve their alignment with human edi-
torial standards. The study also highlighted the importance of rubric
design and the challenges of interpreting abstract or hierarchical cri-
teria (which are often difficult for models to apply consistently). This
work was accepted at the LUHME workshop hosted at ECAI 2025.

The third field of study I worked on was argument mining as a way
to study and potentially enhance the reasoning capabilities of LLMs.
Argument mining involves identifying argumentative structures in
text (such as claims, premises, and their relationships) and has tradi-
tionally been approached through rule-based or supervised learning
methods. With the advent of LLMs, new possibilities have emerged
for tackling these tasks. In this context, I have examined how LLMs
perform on a range of argument mining tasks, including argument
detection, classification, relation identification, and evaluation. This
work has involved both a survey of existing approaches and empiri-
cal experiments using models such as BART, LLaMA 2, GPT-4, and
many more. One focus has been on the comparison between different
post training techniques used to improve model performance on AM
tasks. Another has been on the integration of discourse structure and
symbolic reasoning into LLM-based pipelines. For example, some of
the systems I studied used graph-based representations of discourse
to guide the generation of argumentative structures, while others in-
corporated formal argumentation frameworks to evaluate the strength
of competing claims. These experiments suggest that LLMs can ben-
efit from structured guidance when performing complex reasoning
tasks, and that argument mining provides a useful lens for evaluat-
ing their capabilities in this area. This work will be published as a

chapter in a Humane AI book.
Taken together, these three lines of work contribute to a broader

understanding of how generative AI can support writing and edit-
ing. They show that LLMs can be used not only to generate text but
also to evaluate and structure it in ways that are sensitive to both lin-
guistic form and communicative function. They also point to the im-
portance of combining generative capabilities with structured eval-
uation frameworks (whether in the form of rubrics, argumentation
schemes, or pedagogical constraints). While many challenges remain
(particularly in areas such as personalization, transparency, and do-
main adaptation), these initial results provide a foundation for fur-
ther exploration of hybrid human-AI workflows in writing support
systems.

4 Future Work

Looking ahead, I plan to explore how the reasoning capabilities of
large language models can be improved through the integration of
argumentative data and structured reasoning frameworks. While cur-
rent LLMs are capable of producing fluent and contextually appropri-
ate text, their reasoning processes often remain opaque and shallow.
One promising direction is to train models using Direct Reasoning
Optimization (DRO) [3], where each learning step is guided not only
by token-level likelihoods but also by explicit argumentative struc-
tures. This would involve exposing models to rich argumentative cor-
pora, where reasoning is made explicit through premises, inference
rules, and rebuttals. By interleaving DRO with lightweight argumen-
tation models, it may be possible to generate and vet candidate rea-
soning traces. This could help models learn to propose, evaluate, and
refine their own chains of thought, producing explanations that are
not only fluent but also auditable. While challenges such as sandbag-
ging (where models game the evaluation criteria) remain, incorporat-
ing an external argumentative model to verify reasoning traces may
help mitigate these risks.

Another area of future work concerns the evaluation of open-
ended text. Current approaches often rely on pointwise scoring,
which can be noisy and difficult to calibrate. I plan to investigate
two complementary strategies to address this. The first is a two-stage
explanation-plus-scoring pipeline. Rather than asking a single model
to both identify flaws and assign a numerical score, these functions
would be decoupled. In the first stage, a powerful LLM would gen-
erate a detailed natural language explanation of the flaws of the gen-
erated text based on a structured rubric (identifying which criteria
are met or violated and why). In the second stage, a lightweight
ML model (regression or classification network, or gradient-boosted
trees) would map the explanation, along with the source and candi-
date text, to a final score. This approach could improve both inter-
pretability and consistency (especially if trained on a diverse set of
expert-annotated examples). The second strategy involves reframing
evaluation as a series of pairwise comparisons. Instead of assigning
absolute scores, the model would compare a candidate summary to a
set of generated reference summaries (each representing a different
quality level with respect to a given criterion) and determine which
it most closely resembles. This relative judgment approach mirrors
how human evaluators often reason and may reduce calibration is-
sues. By aggregating multiple such comparisons across criteria and
references, it would be possible to derive a more robust overall as-
sessment. Of course, this approach introduces trade-offs in terms of
computational cost and latency.

In the domain of grammar exercise generation, I am currently ex-
ploring the integration of linguistic level calibration into the genera-



tion process. In collaboration with Claudia Roberta Combei, we are
investigating how to annotate and model learner proficiency levels so
that the generator can produce exercises tailored to specific linguis-
tic competencies. This would allow for more targeted and pedagog-
ically informed content generation. We are also considering alterna-
tive evaluation strategies that rely on LLMs to assess the appropri-
ateness of generated items.

Across these directions, a common theme is the need for systems
that are not only generative but also reflective, able to reason about
their own outputs, explain their decisions, and adapt to user needs.
Achieving this will require advances in model post-training, evalu-
ation design, and human-AI interaction. I am particularly interested
in hybrid workflows that combine the strengths of LLMs with struc-
tured reasoning tools and human oversight. These workflows could
support more transparent, controllable, and trustworthy writing as-
sistance.

5 Open Questions

Despite the progress made so far, several open questions remain,
some of which are fundamental and may not have straightforward so-
lutions. One of the most pressing challenges concerns the integration
of reasoning into generative models in a way that is both effective
and verifiable. While approaches such as DRO offer a promising di-
rection, it is still unclear whether models trained in this way will gen-
eralize beyond narrow benchmarks or whether they will simply learn
to mimic reasoning patterns without genuine understanding. The idea
of combining DRO with the argumentation frameworks is appealing,
but the practicalities of aligning these symbolic structures with the
internal representations of LLMs remain largely unexplored. Even if
such integration is technically feasible, it is not obvious that it will
lead to more trustworthy or controllable outputs in real-world writing
tasks.

A particularly difficult open question concerns how to evaluate
whether improvements in a model’s argumentative reasoning capa-
bilities actually translate into better writing assistance. While it is
possible to design benchmarks that test a model’s ability to identify
claims, generate counterarguments, or follow logical structures, it is
much harder to determine whether these skills lead to more helpful,
trustworthy, or pedagogically effective support for writers. There is
currently no standard methodology for measuring the downstream
impact of argumentative reasoning on writing quality, user satisfac-
tion, or learning outcomes. One possible approach is to conduct con-
trolled user studies comparing writing sessions with and without ac-
cess to argument-aware models (but such studies are time-consuming
and difficult to generalize). Another option is to develop proxy tasks
(such as explanation generation or revision suggestion) where the in-
fluence of reasoning can be more directly observed. However, even
in these cases, it remains unclear how to disentangle the effects of
reasoning from other factors (such as fluency or style). This is an
area where I have some hypotheses and experimental ideas, but no
definitive answers yet. Progress will likely require a combination of
qualitative and quantitative methods, as well as collaboration with
editors, writers and domain experts.

In the context of grammar exercise generation, the idea of calibrat-
ing outputs to linguistic proficiency levels is intuitively valuable, but
operationalizing this remains difficult. Defining and annotating lin-
guistic levels is itself a subjective and resource-intensive task. More-
over, it is not yet clear how well LLMs can internalize such distinc-
tions or whether they will default to generating exercises that are flu-
ent but pedagogically misaligned. We are currently exploring ways to

evaluate this using LLM-based assessment pipelines, but these too,
raise questions about reliability and bias.

More broadly, there is an open question about how to balance au-
tomation with human oversight in writing support systems. While hy-
brid workflows that combine LLMs with structured reasoning tools
and human feedback seem promising, they also introduce complexity
and potential friction. It is not yet clear how much structure is helpful
before it becomes burdensome, or how to design interfaces that make
reasoning processes transparent without overwhelming the user with
a wall of text.

In all of these areas, I have proposed directions that I believe are
worth exploring, but I do not yet know whether they will succeed.
Some may turn out to be dead ends, while others may require re-
thinking core assumptions about how generative models should be
post-trained, evaluated, and deployed. What is clear is that the path
forward will require not only technical innovation but also careful
empirical study and sustained interdisciplinary dialogue.
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