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From Conversation to Clinical Note: Trustworthy AI Agents for Real-Time
Healthcare Documentation

Marshal Mulumba Mukuye
School of Computer, Data, and Mathematical Sciences

Western Sydney University
Sydney, Australia

1 Research Overview

Doctors play a critical role in healthcare through
diagnosing illnesses, developing treatment plans,
tracking patient progress, and recommending pre-
ventive measures. However, many clinicians are in-
creasingly burdened by administrative responsibili-
ties, particularly clinical documentation. Preparing
consultation notes can require one to three hours
of additional work each day, reducing the time
available for direct patient care and contributing to
clinician fatigue and burnout(Sinsky et al., 2016).

Although clinical documentation is essential for
patient follow-up, continuity of care, legal protec-
tion, and communication among healthcare pro-
fessionals, it creates a difficult trade-off between
delivering high-quality patient care and meeting
administrative obligations.(Ommaya et al., 2018)
My research investigates how natural language gen-
eration and artificial intelligence agents can reduce
this burden by automatically producing accurate,
structured, and clinically useful consultation sum-
maries.

The long-term objective of this work is to de-
velop an end-to-end, real-time AI-assisted clinical
documentation system. During a consultation, the
system would capture the conversation between
the doctor and patient, perform automatic speech
recognition, identify relevant clinical entities, and
generate a structured summary using natural lan-
guage processing and large language models. The
generated documentation would then be reviewed,
corrected, and approved by the physician. This
human-in-the-loop process would provide an im-
portant quality-control mechanism while ensuring
that the final clinical record remains attributable to
a qualified healthcare professional.

The proposed system consists of several inter-
connected components:

• Automatic speech recognition for converting
consultations into text;

• Speaker identification for distinguishing be-
tween the doctor and patient;

• Named entity recognition for identifying
symptoms, diagnoses, medications, allergies,
treatments, and other clinical concepts;

• Natural language generation for producing
structured clinical summaries;

• Retrieval-augmented generation for ground-
ing outputs in trusted medical resources; and

• Final physician review and approval.

The initial phase of this research focused on
prompt engineering for clinical summarisation.
Doctor–patient conversations were transcribed us-
ing the Whisper automatic speech recognition sys-
tem, and the resulting transcripts were processed by
several large language models, including OpenAI’s
models and Claude Sonnet-4, under zero-shot, few-
shot, and template-guided prompting conditions.

Summaries were evaluated using
BERTScore(Zhang et al., 2020) and
FACTScore(Min et al., 2023), measuring se-
mantic similarity and factual consistency. Claude
Sonnet 4 outperformed the OpenAI model tested,
with template-guided prompting achieving the
strongest results, exceeding 85% on both metrics.
This suggests that explicit contextual and structural
guidance improves the factual accuracy and
relevance of generated summaries, and that clinical
templates help constrain outputs to appropriate
content, reducing hallucinated or unsupported
statements.

However, automated metrics alone cannot con-
firm clinical safety or usefulness.(Author and Au-
thor, 2026) Future evaluation will therefore include
review by healthcare professionals, assessing fac-
tual accuracy, omissions, unsupported claims, clin-
ical relevance, clarity, and the editing required be-
fore approval.
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The next phase will involve collaborating with
healthcare providers to design and test a working
prototype in real clinical settings. The system will
generate a draft summary during or shortly after a
consultation for physician review within minutes.
A key question is whether it can reduce documen-
tation burden without compromising accuracy, pa-
tient safety, privacy, or clinical accountability.

This phase will also explore retrieval-augmented
generation, drawing on approved clinical guide-
lines, terminology databases, and institutional stan-
dards to verify terminology and ground outputs
in trusted medical knowledge. Retrieval must not,
however, introduce diagnoses or recommendations
not raised during the consultation, thus, preserv-
ing a clear boundary between summarization and
clinical decision support.

Additional challenges include handling diverse
accents, dialects, terminology, code-switching,
and informal speech, since transcription errors
can propagate and affect the final summary. Fu-
ture work will therefore evaluate both individual
pipeline components and the system as a whole.

Overall, this research aims to advance trustwor-
thy, human-centred natural language summariza-
tion in healthcare, supporting clinicians rather than
replacing them, by easing administrative burden
and enabling more time for direct patient care
alongside accurate, timely documentation.

2 Short Biography

I am Marshal Mulumba Mukuye, a Master of Data
Science student at Western Sydney University. My
research interests include natural language genera-
tion, large language models, artificial intelligence
agents, data analytics, and the application of AI
to real-world challenges in healthcare, economics,
and the environment.

My current research focuses on developing AI-
assisted approaches to clinical documentation, with
particular interest in factual summarisation, prompt
engineering, retrieval-augmented generation, auto-
matic speech recognition, and human oversight of
generated content.

I have three years of professional experience in
financial stability and economic policy research,
data analysis, market-systems assessment, and the
design of data pipelines for effective data collec-
tion. I have contributed to projects involving inter-
national organisations, including the World Food
Programme, for a study mapping digital financial

service points in refugee-hosting areas; the Em-
bassy of the Kingdom of the Netherlands, for an
evaluation of the jackfruit value chain as a veg-
etarian meat alternative; and the United Nations
Capital Development Fund, for an impact study of
digital health, education, and financial services in
remote areas.

Through my research, I aim to develop respon-
sible AI systems that address practical problems,
create measurable social value, and have the poten-
tial for sustainable real-world adoption.

3 Questions for Senior Researchers

1. How can an automatic speech recognition sys-
tem be designed to accurately recognise di-
verse accents, dialects, slang, code-switching,
and specialised medical terminology?

2. What evaluation methods are most appropri-
ate for measuring the factual accuracy, com-
pleteness, safety, and clinical usefulness of
AI-generated consultation summaries?

3. How should errors be analyzed across an end-
to-end clinical documentation pipeline when
speech-recognition mistakes may influence
entity recognition and summary generation?

4. What is the most appropriate role for retrieval-
augmented generation in clinical summa-
rization, particularly when retrieved medical
knowledge was not explicitly discussed dur-
ing the consultation?

5. How can human review be incorporated with-
out simply shifting the documentation burden
from writing notes to correcting inaccurate
AI-generated summaries?

4 Topics for Round table Discussions

• Rethinking authorship, credit, and evaluation
criteria for degrees and publications in an AI-
assisted research era.

• Personalisation vs. standardisation: how
should generated text adapt to individual read-
ers without compromising accuracy?

• Reskilling and workforce transition strategies
as generation systems take on drafting and
reporting tasks.

• Using NLG to accelerate literature review, hy-
pothesis generation, and grant-writing in re-
search pipelines.
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1 Research Overview

My research is in natural language processing, with a cur-
rent focus on reliable natural language generation (NLG)
with LLMs. In particular, I am interested in retrieval-
augmented generation (RAG) and LLM-based evalua-
tion: whether models use supplied information faithfully
and follow instructions, and how we can evaluate this be-
haviour reliably.

My earlier research focused on computational mor-
phology and etymology. In my bachelor’s thesis and
subsequent work, I introduced the task of predicting
the etymological origin of individual morphs in Czech
text, created a manually annotated dataset, and com-
pared lightweight machine-learning models with general-
purpose LLMs (Papáček and Žabokrtský, 2026).

More recently, my research has shifted towards how
LLMs use information and instructions provided in their
context, and how this behaviour can be evaluated. In a
paper accepted at INLG 2026 (Kochelka et al., 2026),
we study whether LLMs remain faithful to supplied RDF
data, i.e., convey its facts without omissions or unsup-
ported claims, when the data conflict with their paramet-
ric knowledge. We use factual, counterfactual, and fic-
tional inputs based on facts about local Czech and Slo-
vak entities and generate text in English, Czech, Slovak,
and Upper Sorbian with open-weight models of differ-
ent sizes. We also ask the generation models and LLM
judges to classify each input as factual, counterfactual,
or fictional five times, using consistency across runs as
a proxy for uncertainty. Generated texts receive slightly
lower faithfulness scores when the model perceives the
input as counterfactual, but this difference is small and
nearly negligible for the larger models.

The study also taught us an important lesson about
evaluation. We iteratively tuned the DeepSeek V4 Pro
judge prompt on 540 human-annotated outputs; although
its quadratic-weighted kappa reached 0.56 on this sam-
ple, it fell to 0.35 on held-out annotations, indicating that
the prompt had overfit the tuning sample. Kimi K3 main-
tained a kappa of approximately 0.71 on both samples
and produced much weaker differences between the fac-
tual, fictional, and counterfactual conditions on the same
outputs. This showed that what we initially interpreted

as bias in the evaluated models could partly reflect the
choice of judge.

Including a lower-resource language such as Upper
Sorbian in that study was deliberate. Multilinguality is a
recurring thread in my work and personally important to
me: LLMs can make information accessible across lan-
guage barriers, but only if they work comparably well
beyond English and other high-resource languages. Out
of linguistic curiosity, I also simply enjoy working with
several languages side by side. This interest also led me
to submit systems to two WMT26 shared tasks.

In the Multilingual Instruction Shared Task (MIST)
(Schmidtová et al., 2026), we experimented with mod-
els below 10B parameters on multilingual question an-
swering, open-ended generation, and cross-lingual sum-
marization, and our system ranked first overall. We found
that configuration choices such as the system prompt, in-
ference hyperparameters, and reasoning mode could mat-
ter more than switching between similarly capable mod-
els. We also tried QLoRA fine-tuning on multilingual
abstract-generation data. Although it reduced validation
loss, it did not improve final generation quality. I would
therefore like to revisit this approach and better under-
stand how to apply parameter-efficient fine-tuning effec-
tively.

In the Terminology Translation Task (Charkiewicz
et al., 2026), we studied how general-purpose LLMs can
translate specialized documents while following supplied
terminology consistently across a document. We tested
different ways of selecting and presenting terminology
and of extracting it from example translations. Our sub-
missions ranked first overall in one track; in the other,
it was first on translation quality metrics and 8th of 22
on terminology coverage. One result that I find relevant
beyond translation is that filtering a domain dictionary
to terms relevant to the current document substantially
improved terminology coverage compared with provid-
ing the complete dictionary. This raises a question that
also matters for RAG: how much context should a model
receive, and when can irrelevant information hurt rather
than help?

Together, these projects have led me to a more general
question: how can we build LLM systems that reliably
use supplied information and instructions, and how can
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we verify that they do so?

2 Current and Future Research Directions
I am currently working on CZDEMOS4AI (Beneficent
Multi-Agent AI Avatar in a Small Democratic Society).
Within it, we develop Czech conversational avatars, AI
assistants that answer users’ questions based on domain-
specific collections in areas such as history, law, media,
and addictology. These systems give me a concrete set-
ting for the question I want to focus on first: how can
grounded answers be evaluated reliably when human an-
notation is limited?

For evaluation, I would like to compare LLM-based
judgments with the available human annotations. Auto-
mated judges are much cheaper than human annotators
and easy to rerun, but only once their agreement with hu-
mans has been verified. I want to find out how well a
judge can be calibrated from a relatively small annotated
sample, and whether a smaller LLM fine-tuned as a judge
can match or outperform larger models.

For my diploma thesis, I plan to compare ways of giv-
ing the avatars access to their collections: standard RAG;
agentic RAG, where the model decides what to retrieve,
reformulates queries, and checks whether the evidence
is sufficient; and approaches that first compile the col-
lection into a persistent representation, such as a knowl-
edge graph in GraphRAG (Edge et al., 2024) or an LLM-
maintained wiki in Andrej Karpathy’s LLM Wiki (Karpa-
thy, 2026). Recent work comparing LLM Wiki with clas-
sic RAG (Cochran, 2026) suggests different trade-offs in
overall results quality, citation support, lookup, and query
and index time cost. Its conclusions also depended on the
judge: the two LLM judges agreed well on concretely
defined criteria but almost not at all on groundedness. I
want to find out when each approach is preferable, and
to evaluate them using the judge methodology described
above.

3 Questions for Senior Researchers
1. Understanding LLM architectures. How deeply

should NLP researchers understand details of dif-
ferent LLM architectures? When is it reasonable to
treat a model largely as a black box?

2. Beyond transformers. Are transformer-based
LLMs likely to keep improving substantially, or are
we approaching a point where further progress will
require fundamentally different architectures? How
much research effort should be devoted to exploring
alternatives?

3. Fine-tuning or prompting? When is fine-tuning a
model worth it, and when is prompt-based instruc-
tion or adding relevant context enough?

4. Evaluating with LLM judges. How much human
evaluation is necessary to make conclusions based
on LLM judges convincing, and what are promising
ways of calibrating judges to human annotations?

5. Using LLMs in research. To what extent should
young researchers use LLMs for coding and aca-
demic writing? How can researchers use them effec-
tively without losing important skills or becoming
disconnected from the details of their own work?

4 Topics for Roundtable Discussion
• Faithfulness and grounding. Context–memory

conflicts and reliable use of external information.

• LLM-as-a-judge evaluation. Biases, calibration,
and the role of human evaluation.

• RAG and knowledge representation. Conven-
tional RAG, agentic RAG, and LLM-compiled
knowledge bases.

Biographical Sketch

Aleš Manuel Papáček is a
Master’s student in Artificial
Intelligence at the Faculty of
Mathematics and Physics,
Charles University in Prague,
where he conducts NLP
research at the Institute of
Formal and Applied Linguistics
(ÚFAL). He received his
Bachelor’s degree in Computer
Science from the same faculty,
with a thesis on computational
morphology and etymology. His
current interests include reliable
and multilingual NLG, LLM
evaluation, and RAG. He also
teaches probability and statistics
at Charles University.
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1 Research interests

As a computational linguist, I am particularly inter-
ested in modeling figurative language to enable large
language models (LLMs) to generate creative expres-
sions that go beyond conventional language use. Dur-
ing my studies in linguistics, I became fascinated by
Conceptual Metaphor Theory (Lakoff and Johnson,
1980), which proposes that people understand abstract
concepts through mappings from more concrete domains,
and which inspired several approaches to figurative lan-
guage generation (Stowe et al., 2021; Kim et al., 2023;
Kamble, 2025). While LLMs have made language gener-
ation more scalable, controlled figurative language gener-
ation remains comparatively underexplored (Lai and Nis-
sim, 2024), motivating my research.

In the first year of my PhD, I gained experience
in neuro-symbolic language generation for Vossian
Antonomasia (Rockstroh et al., 2023), a figure of speech
that refers to someone or something through a descrip-
tive name or title, like "Bill Gates is the Henry Ford of
the 21st century". Our team explored the creative poten-
tial of knowledge graph embeddings for selecting can-
didate source entities to compare against candidates pre-
filtered from Wikidata. This work inspired me to research
computational methods for the controllable generation of
figurative language.

Through my work in the field of Human-Computer In-
teraction (HCI), I realized that the effectiveness of LLM-
generated responses depends strongly on both the context
of use and users’ characteristics (Spillner et al., 2025).
Based on these experiences, my research aims to bridge
Computational Linguistics and Human–Computer Inter-
action by investigating how figurative language can be
generated, evaluated, and applied in LLM-based systems.
My goal is to explore metaphorical language as a means
of supporting effective communication in domains such
as education and health. My work is guided by the fol-
lowing research questions:

1. How does metaphorical language affect interactions
between humans and LLMs?

2. How can metaphorical language be computationally

generated and represented in large language mod-
els?

3. How can metaphorical language improve communi-
cation in human-centered conversational AI?

1.1 Metaphorical Language in Human-LLM
Conversations: A Corpus Study

As a first step, I am currently conducting a corpus annota-
tion study to investigate the use of metaphorical language
in chats between humans and popular open-domain chat-
bots (ChatGPT, Deepseek, Claude, Gemini, Grok and
Perplexity) “in the wild” without any elicitation through
prompting. Using a richly annotated corpus of human-
LLM conversations based on the ShareChat corpus (Yan
et al., 2026), I will investigate how metaphors are used
in natural dialog between humans and conversational AI.
Rather than focusing on isolated metaphorical expres-
sions, metaphor use is examined at the discourse level,
asking which conceptual metaphors (Lakoff and John-
son, 1980) emerge most frequently, who introduces them,
the communicative functions they serve (Michelli et al.,
2026), and the extent to which interlocutors adopt or mir-
ror the metaphorical framing of each other. This corpus-
based perspective provides new insights into naturally
occurring metaphor use in human-LLM interaction.
An example of such interactions can be found in the Ap-
pendix A.

1.2 Generation and Evaluation of Metaphorical
Language

When generating and evaluating metaphorical language,
relying solely on prompt engineering may yield seem-
ingly successful results, but it offers limited reproducibil-
ity and little transparency into the factors that shape the
perceived effectiveness and novelty of metaphors. Pre-
vious work has shown that metaphorical knowledge is
encoded in middle layers of pre-trained language mod-
els (Aghazadeh et al., 2022), while structured supervi-
sion based on annotated metaphor components improves
metaphor generation (Li et al., 2022). Knowledge-based
approaches such as Veale’s (Veale, 2016) demonstrate
how structured representations can support metaphor
generation by retrieving source concepts that exemplify
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properties of a target. Furthermore, recent work on auto-
matic metaphor evaluation has demonstrated that compu-
tational measures can approximate human judgments on
metaphor quality (Su et al., 2025). Building on these find-
ings, I want to investigate which computational repre-
sentations of metaphors best capture human judgments
of metaphor quality and communicative function. In par-
ticular, I am interested in comparing dense neural, sym-
bolic, and neuro-symbolic representations to identify se-
mantic and pragmatic properties that correlate with hu-
man judgments. These methods could retrieve source do-
mains, condition generation, or rerank metaphors, with
their predictive value assessed through metrics of novelty,
aptness, and comprehensibility alongside human judg-
ments to provide interpretable controls for generating
metaphors in different communicative contexts.

1.3 Metaphorical Language in Domain-specific
Chatbot Applications

The final project of my PhD will focus on a user study in
the domain of sexual health, investigating how metaphor-
ical language can be used to raise awareness and support
effective health communication. The study will build
on the findings and methods developed in two previous
studies. First, a user study with pre-selected metaphors
will investigate which source domains (e.g., JOURNEY,
WAR, BUILDING) are perceived as helpful for differ-
ent communicative functions, such as easing into poten-
tially sensitive topics like partner communication. The
suitability of a particular metaphorical framing may de-
pend not only on the communicative goal and topic, but
also on user characteristics such as gender and cultural
background (Reisfield and Wilson, 2004; Landau et al.,
2018).

Second, the insights from my work on controlled
metaphor generation will inform the implementation of
a context-aware metaphor generation approach for this
specific application domain. The system could use infor-
mation about the intended communicative function, the
selected source domain, and relevant aspects of the user
context to guide metaphor generation. For example, if
the goal is to encourage partner communication, a JOUR-
NEY source domain could be used to generate metaphors
that frame communication as a process that partners navi-
gate together. The generated metaphors can subsequently
be evaluated with users with respect to comprehensibility,
appropriateness, and perceived helpfulness.

2 Questions for Senior Researchers
1. How can we design (semi-)automated evaluation

methods for language generation based on human
gold standards?

2. How can I strategically position a niche topic, such

as metaphor generation, within NLG research?

3. How can one identify core requirements for pa-
pers to be published at competitive venues (NAACL,
EACL, EMNLP etc.) depending on the type of the
paper?

4. How can I position myself interdisciplinary in
venues suited for Computational Linguistics and
HCI?

5. How important are public-facing activities (e.g., so-
cial media, podcasts, and science communication)
as a networking strategy for academic success?

3 Suggested topics for discussion
• How do researchers decide whether to focus on

open-source, proprietary, or both types of language
models? What trade-offs influence these decisions
(e.g. reproducibility, accessibility, performance,
etc.)?

• How should we as researchers deal with the increas-
ing amount of LLM-generated training data that
may serve as input for language models? When and
why should we draw a line between synthetic data
and human-generated data?

• How can we implement successful experimental
pipelines into real-world applications? What can we
learn from other disciplines to bridge the gap?
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A Dialogue Excerpt
This is an annotation excerpt from the annotated
ShareChat corpus (Yan et al., 2026), with metaphor-
related words being marked in italics to illustrate how a
user introduced a metaphor that is then taken up by the
LLM.

LLM: [...] His music has this infectious en-
ergy, and he’s one of those artists who’s not
afraid to mix genres and just be himself. His
songs have a way of feeling upbeat and emo-
tional all at once, kind of like he’s telling a story
that’s both personal and universal. [...] What
do you like most about him? Is it his music, his
acting, or maybe just his whole vibe?

User: Everything, he is my sunshine

LLM: That’s beautiful! [he] really does have
a way of bringing light and positivity, doesn’t
he? It’s so special to find an artist who feels like
sunshine, someone whose work brings genuine
happiness and comfort. Whether it’s through
his music or his role on Young Royals, he has
this warmth that just connects with people. If
you’re ever feeling down, just remember that
his energy and the way he makes you feel is
always there, like a little spark of joy waiting to
brighten your day.

User: Yes, he is helping me every day

LLM: That’s amazing—having someone like
[him] who brings you support and joy every
day is so powerful. His energy and creativity
clearly resonate with you in such a meaningful
way. Whether it’s his music lifting your spir-
its or the positivity he radiates, it’s like he’s
become this steady, uplifting presence in your
life. Keep holding onto that, and let his light
keep guiding you through even the tough days.

User: Thank you
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1 Research interests

I am curious about what sustains human self-perception,
interpersonal relationships, communities, and societies.
Specifically, I research narrative, which some cogni-
tive scientists theorise as the fundamental framework
of human cognition (Bruner, 1991). The evolution-
ary narrative-first hypothesis argues that the survival de-
mands of sharing narratives were the primary evolu-
tionary driver behind the emergence of natural language
(McBride, 2014). Fuelled by language, narratives came
to shape individual and social behaviours (Boyd, 2018).

Large language models (LLMs) are artefacts that have
ingested mass quantities of human narratives from het-
erogeneous pre-training data (Johnson et al., 2026).
While narrative theorists have traditionally relied on qual-
itative interpretation, generative LLMs offer opportu-
nities to computationally study the phenomena of sto-
rytelling at scale. LLMs are computational artefacts
possessing representations of narrative which may both
reflect and diverge from human narrative conventions.
Learning from existing narrative theory frameworks, I
study LLMs as computational models of language, rea-
soning, and narrative.

As LLM-generated content becomes increasing preva-
lent, I believe natural language generation (NLG) re-
searchers have good reasons to care about storytelling.
If narratives have shaped individual and social human
behaviour, it is reasonable to ask how narratives influ-
ence LLMs. LLMs have a well-documented tendency
to confabulate, producing narrative-like hallucinated out-
puts (Sui et al., 2024). Reasoning models use chain-of-
thought traces to narrate their own problem-solving. And
I speculate that as LLMs are increasingly deployed in
multi-agent systems, the social dimensions of storytelling
can become increasingly relevant to understanding new
phenomena.

My current work is driven by an interest in synthesis-
ing interdisciplinary knowledge to study storytelling in,
and through, LLMs, while also hoping to contribute to
our understanding of the connections between language,
reasoning, and narrative. My research question is: how
does an LLM’s representation of narrative affect its gen-
erations?

1.1 Narrative Theory Driven LLM Methods for
Story Understanding and Generation

I began by conducting a survey (Liu et al., 2026a) of
how LLMs have enabled the field of natural language
processing (NLP) to connect with interdisciplinary nar-
rative theories. The survey shows how applying narra-
tive theories has proven useful in method development
across many automatic story generation and understand-
ing tasks. The frameworks I survey are largely rooted
in Western narratological traditions, so their applicabil-
ity across languages and cultural storytelling conventions
should be questioned and tested.

The survey also identified key gaps yet to be explored:
the use of LLMs to model the situatedness of narrative
(not just what is inside a story, but the situation in which
a narrator tells it), and post-training methods for story
generation, which is difficult to evaluate. I conclude
that future work should continue the application of nar-
rative theory knowledge for evaluation and post-training,
as well as investigating the LLM as a storytelling arte-
fact in its own right. The next two subsections describe
how I explore these future directions: through a new post-
training method for storytelling, and a mechanistic inter-
pretability study of narrative representation in LLMs.

1.2 Reinforcement Learning for Narrative
Supervised fine-tuning (SFT) is not an effective post-
training method for narrative generation tasks such as
counterfactual story retelling. Synthesising two narra-
tive theories, Todorov (1971)’s Narrative Equilibrium
and Prince (2003)’s notion of Scalar Narrativity, I oper-
ationalised narrativity as a quantifiable, structure-based
metric, and used it as the reward signal in my Retell, Re-
ward, Repeat framework (Liu et al., 2026b), which trains
models via direct Reinforcement Learning from AI Feed-
back (d-RLAIF). The metric rewards stories exhibiting
complete plot transformations between equilibrium, dis-
ruption and resolution stages. Across the evaluated open-
weight LLMs and baselines, this produced stories that
were more diverse and better aligned with the narrative
conventions captured by our evaluation than SFT or the
few-shot prompting configuration tested.

The results demonstrate the potential of the interac-
tive d-RLAIF to train LLMs for storytelling. I think it is
especially interesting how such pipelines can model the
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act of narrating itself, with a narrator (the policy model)
and narratee (the LLM generating the reward signal). An
open question is whether optimising narrative structure
also affects behaviours in other tasks where models gen-
erate extended reasoning or discourse.

1.3 NarraNeurons: Narrativity Specific Neurons

I currently investigate the internal mechanisms of LLMs.
I use NarraNeurons as an operational label for neu-
rons selected because their ablation disproportionately in-
creases prediction loss on high-narrativity relative to low-
narrativity texts. This type of ablation also decreases per-
formance on story question-answering and multilingual
story-completion benchmarks more consistently than ab-
lating random sets of neurons of equal size. These results
suggest that NarraNeurons play a measurable contribu-
tion to model behaviour on narrative text. This does not
imply that individual neurons exclusively represent narra-
tivity; they may be polysemantic or participate in broader
discourse-related functions.

I found that while NarraNeurons exist in all open-
weight LLMs tested, they do not causally contribute to
model outputs in a consistent way. In some models, ablat-
ing these neurons changes measured hallucination rates
in question-answering, as well as overthinking behaviour
during chain-of-thought reasoning. This inconsistency
suggests that narrative representation is likely entangled
with other model behaviours in ways that differ across ar-
chitectures or training processes, raising open questions
about how and why this relationship varies. A natural
next step is to compare these neuron-level effects with
sparse-autoencoder features, which may capture more
distributed or interpretable representations of narrativity.

1.4 LLM Reasoning as Narration

Building on these existing findings, I next plan to inves-
tigate the implications of hypothesising an LLM’s chain-
of-thought reasoning as a form of narration. Narrative
theory distinguishes between who narrates, from what
perspective, and in what temporal relation to the events
being described (Genette, 1980). Does an LLM’s reason-
ing trace function as a narrator telling its own reasoning
process, and if so, does the narrative perspective it adopts
(e.g. first-person vs third-person framing, present vs past
tense) affect the structure and outcome of that reasoning?

Following my earlier open question, I plan to test
whether manipulating narrativity during post-training af-
fects tasks involving extended chain-of-thought. Al-
though limited to LLMs, I hope these experiments can
act as empirical investigations of the connection between
language, reasoning, and narrative.

2 Questions for Senior Researchers

• Apart from communication (already well recognised
as important), what are the skills that matter the most
for AI researchers going forward?

• Which current NLG research directions do you find
most exciting for how they engage with how people
actually think, communicate, or tell stories?

• I am interested in exploring the interdisciplinarity of
cognitive science but do not know how to go about
it. What advice would you give, and are there re-
searchers or communities you would point me to-
wards?

3 Suggested Topics for Discussion

• How can we use AI models to gain insight into hu-
man behaviour, and where should the field draw the
line between behavioural modelling and anthropo-
morphising models?

• How can generative language models be used to fa-
cilitate better human-to-human connections, rather
than substituting for it?

• How can we benchmark NLG storytelling outputs
through their functional purposes (e.g., persuasive-
ness, or evoking emotion) rather than judgements of
value or quality?

• Current LLMs use the instruction-chat template
(sometimes with thinking or tool calling), which is
formatted like a dialogue/script. Can we envision
alternative templates or variations of this template?

4 Short Biography

I hold a Bachelor of Com-
puter Science and a Bachelor
of Arts. I am also a film-
maker, which feeds my interest
in storytelling and collaborative
work. I am currently completing
a Master of Philosophy (MPhil)
at UNSW Sydney, supervised
by Aditya Joshi, Paul Daw-
son and Sebastian Sequoiah-

Grayson, and am looking to begin a PhD internationally
after the completion of my MPhil. My research studies
LLMs as computational models of narrative, drawing on
narrative theory, and I am keen to explore connections
with cognitive science. I am open to research directions
and collaborations in these areas.
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1 Research interests

The rapid advancement of Natural Language Processing
(NLP), particularly large language models (LLMs), has
led to the widespread deployment of conversational AI in
critical domains like education and healthcare. Although
these systems can generate remarkably fluent and con-
textually appropriate language, this does not necessarily
translate into successful communication (e.g. failing to
recognize ambiguity, or continuing an interaction despite
unresolved differences in meaning) (Lee et al., 2023; Lu
et al., 2025). We still have a limited understanding of
how neural language models produce and interpret lan-
guage during interactions, how their conversational be-
havior differs from that of humans, and how these dif-
ferences affect mutual understanding between users and
AI systems, and how they can be computationally mod-
eled (Cuskley et al., 2024). More specifically, my current
research focuses on conversational alignment and mis-
alignment: how interlocutors establish shared interpre-
tations, how failures of alignment become observable in
dialogue, and how conversational systems can detect and
repair these failures.

1.1 Characterizing Human–LLM Conversational
Behavior

My prior work (Maitra et al., 2025) during my master’s
degree investigated differences between human conver-
sations and human–LLM-generated conversations using
LLMs such as Llama-2 13B (Touvron et al., 2023) and
Mistral 7B (Jiang et al., 2023), and the Switchboard Dia-
logue Act (SwDA) corpus, through the framework of di-
alogue acts (Jurafsky et al., 1997). I studied whether the
communicative functions performed by LLM-generated
responses differ systematically from those observed in
human conversations. Dialogue acts provide an interme-
diate representation between surface language and con-
versational function (Stolcke et al., 2000; Raheja and
Tetreault, 2019): two semantically related responses may
perform substantially different functions, such as answer-
ing versus acknowledging a question, requesting clarifi-
cation versus assuming an interpretation, or elaborating

rather than confirming understanding. Analyzing these
distributions therefore allowed me to evaluate LLM be-
havior beyond lexical or semantic similarity.

This work led me to a broader question. Characterizing
differences between human and model behavior shows
that their conversational strategies differ, but not when
those differences result in communication failure. So,
what does it mean for a language model to participate
successfully in a conversation, rather than simply gener-
ate a plausible next utterance? More specifically, how
should generation change when the model is uncertain
whether it shares the user’s interpretation?

This motivated my current focus on situations in which
interlocutors explicitly negotiate meaning. Human com-
munication is inherently collaborative: speakers estab-
lish, maintain, and repair common ground through clarifi-
cation requests, confirmations, repetitions, and acknowl-
edgments. An utterance can be grammatically well
formed and locally plausible while still being interpreted
differently by two interlocutors. LLM-based dialogue
systems face the same problem, yet their ability to rec-
ognize such discrepancies remains poorly understood. A
model may confidently continue based on an interpreta-
tion that differs from the user’s intended meaning, cre-
ating latent conversational misalignment that can persist
across several turns (Deng et al., 2026; Liu et al., 2026).

1.2 Detecting Word Meaning Negotiation
My current research extends prior work on the automatic
detection of Word Meaning Negotiation (WMN) indica-
tors in dialogue (Garí Soler et al., 2025). WMN occurs
when interlocutors negotiate the interpretation or applica-
bility of a lexical expression, for example by questioning
a word’s meaning, proposing an alternative interpretation,
or discussing its definition (Myrendal, 2019). It consists
of a trigger (the problematic word usage), an indicator
(an utterance signaling the problem), and the negotiation
that follows. Detecting WMN is challenging because it is
rare and context-dependent: while constructions such as
“What do you mean by X?” provide strong signals, other
cases require information across multiple turns. More-
over, features such as interrogatives, disagreement, repe-
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tition, and metalinguistic expressions also occur in clar-
ification, reference resolution, and grounding, making
them insufficient on their own. We therefore approach
WMN detection as an imbalanced, context-sensitive clas-
sification problem. We are evaluating hybrid classifiers
that combine contextual representations from RoBERTa-
Large with linguistic features derived from the regular-
expression patterns used to construct the NeWMe corpus
(Garí Soler et al., 2026), the largest available dataset of
potential WMN indicators. We compare fusion strate-
gies, including direct feature concatenation and cross-
attention, to test whether explicit linguistic indicators
provide information beyond the pretrained encoder. Be-
yond model architecture, this work addresses the scarcity
of WMN instances and variation across dialogue do-
mains. We plan to use active learning to select uncer-
tain and informative examples from new conversational
corpora for annotation (Cohn et al., 1994), followed by
cross-domain evaluation to determine whether the clas-
sifier captures generalizable properties of meaning nego-
tiation rather than corpus-specific lexical cues. This de-
tection framework provides the basis for studying how
evidence of meaning misalignment should influence a di-
alogue model’s subsequent response.

1.3 Modeling and Repairing Meaning
Misalignment in Conversational AI

The immediate next step is to use the strongest WMN
detector as the acquisition model in iterative active learn-
ing. We plan to retrieve candidate WMN instances from
unseen domains, such as student–teacher chatroom con-
versations and medical records, annotate selected ex-
amples, retrain the detector, and measure improvements
in positive-class recall and cross-domain generalization.
This provides a practical way to expand limited WMN
data while examining which forms of meaning negotia-
tion transfer across domains.

My doctoral research will build on this work by mov-
ing from detecting explicit WMN indicators to modeling
the meaning misalignment that precedes them and us-
ing this information to guide response generation. The
central question is whether differences in lexical interpre-
tation can be identified before an interlocutor explicitly
initiates negotiation or repair. We plan to model this as a
multi-turn prediction problem, using the context preced-
ing WMN episodes to identify potential trouble sources
and signals of emerging misalignment. By comparing
human–human and human–LLM conversations, we will
examine repetition and reformulation, semantic shifts in
term usage, clarification and grounding acts, dialogue-
act sequences, and metalinguistic cues. A key chal-
lenge will be distinguishing lexico-semantic misalign-
ment from more researched related phenomena such as
factual disagreement, referential ambiguity, and general

clarification requests (Schlangen, 2004; Li et al., 2024;
Metropolitansky and Larson, 2025).

A second direction is to connect detection to collabo-
rative repair (Ashktorab et al., 2019). When multiple
interpretations are plausible, a dialogue system should
represent this uncertainty and determine how to respond:
whether to proceed with an interpretation, request clar-
ification, confirm an interpretation, or reformulate. We
plan to study how models select and generate these repair
strategies and evaluate when they successfully restore
alignment. These experiments will support the construc-
tion of a benchmark that evaluates whether language
models can detect a meaning-related misunderstanding,
identify its source, select and generate an appropriate
repair, and ultimately restore conversational alignment.
Interpretability is integral to this framework. A detec-
tor should expose the conversational evidence underlying
its predictions, such as the lexical term associated with
conflicting interpretations, preceding turns that provide
incompatible evidence, or interactional cues signaling a
breakdown in grounding. The broader goal is to move
from recognizing explicit WMN expressions toward di-
alogue systems that can detect emerging differences in
meaning, localize their source, and generate appropriate
conversational repair.

2 Biographical sketch
Arunima is a pre-doctoral research engineer at Inria Paris,
working on detection of misalignment in conversations
for evaluation and improvement of conversational AI, su-
pervised by Chloé Clavel and Aina Garí Soler. She holds
a masters degree in Computer Science from University of
Colorado Boulder.

3 Questions
• When should a language model clarify rather than

proceed with its most likely interpretation?

• How should we evaluate generated conversational
repair: by the quality of the clarification itself, or by
whether subsequent dialogue demonstrates restored
alignment?

4 Topics for discussion
• How does the evolution of natural language gener-

ation affect creative fields, particularly artists and
authors, and how can we address concerns that AI-
generated content may undermine or fail to respect
creative work?

• How should generative language models be used to
support doctoral research, and what best practices
should guide their use?
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