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Preface

The main objective of the workshop is to create a platform where young researchers can receive feedback
on their research ideas, meet like-minded participants, discuss current trends, and find collaborators
for future work. In the long term, this effort aims to create a welcoming network that attracts NLG
researchers who are not yet members of the SIGGEN community. Ideally, this effort will organically
grow the SIGGEN community from the ground up.

We take inspiration from the Young Researchers’ Roundtable on Spoken Dialogue Systems (YRRSDS):1

the workshop for young researchers working on dialogue systems. It has been running for over 20 years,
helped make the SIGDIAL community more welcoming, and created the space for many collaborations.

The inaugural Young Researchers in Natural Language Generation Workshop (YNLG) was held in
conjunction with the 18th International Natural Language Generation Conference (INLG) in Hanoi,
Vietnam from October 29 to November 2, 2025.

Young researchers submitted a 2-page position paper reporting on their past, present, and future work,
a short bio, and topic suggestions for discussions. The participants then presented their submissions
during a poster session, which enabled them to gather feedback from a wider audience. Each submission
was carefully reviewed by three senior researchers from our Program Committee. We extend our deep
gratitude to the Program Committee members for their insightful reviews; their contributions have been
invaluable in offering critical feedback to the participants at this pivotal stage in their careers.

YNLG accepted all 8 submissions received, with 4 opting for their work to be archival. Alongside the
oral sessions and roundtables, the program featured two outstanding keynote presentations. We would
like to express our gratitude and acknowledge our keynote speakers: David M. Howcroft (University of
Aberdeen) and Hadas Kotek (Apple) for their inspiring talks full of advice for young researchers. We
further encouraged follow-up discussions by hosting a panel discussion in the afternoon, including the
two keynote speakers as well as Guanyi Chen (Central China Normal University) and Saad Mahamood
(Shopware). Finally, the evening program included a dinner fostering casual interactions between
participants and organizers.

We extend our gratitude to the INLG organizers for making sure the conference ran seamlessly and was
enjoyed by all attendees.

On behalf of the YNLG 2025 Organizers,
Patrícia Schmidtová and Nils Feldhus

1https://sites.google.com/view/yrrsds2024/program
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1 Research Interests

As a computational linguist I have been working on a va-
riety of natural language processing (NLP) topics includ-
ing coreference resolution, dialogue processing, explain-
ability, and synthetic data generation. My earlier research
includes e.g. the topic of coreference resolution in Ab-
stract Meaning Representation which was based on my
Master’s thesis (Anikina et al., 2020). I have also par-
ticipated in multiple shared tasks on coreference resolu-
tion in dialogue (Anikina et al., 2021, 2022; Skachkova
et al., 2023), dialogical argument mining (Binder et al.,
2024), and multilingual claim normalization (Anikina
et al., 2025b).

My current research focuses mostly on efficient data
augmentation strategies and low-resource scenarios. For
instance, in my submission to the Student Research
Workshop at ACL (Anikina, 2023) I focused on the task
of adapting NLP models to dialogue processing in the
emergency response domain. Having a system for dia-
logue intent classification and slot tagging that is robust,
flexible, and data efficient is a challenging task, espe-
cially given that the emergency response domain must
cover a wide variety of scenarios (e.g. fires, floods, build-
ing collapse etc.) and the available annotations are typ-
ically very scarce. In this work I evaluated different ap-
proaches towards using adapters with Transformer mod-
els and applied different data augmentation techniques
in a low-resource setting, e.g. backtranslation and token
replacements as well as contextual augmentation with
speaker information, previous turns and dialogue sum-
mary.

Another recent work that has been recently accepted at
EMNLP (Anikina et al., 2025a) compares various gen-
eration strategies for producing synthetic data in low-
resource languages. Here we performed a system-
atic evaluation of demonstrations in different languages,
label-based summaries, and self-revision that can be used
for synthetic data generation, and evaluated the perfor-
mance of different prompting strategies across 11 typo-
logically diverse languages, including several extremely
low-resource ones such as Welsh and Azerbaijani. This
work shows that it is possible to achieve very good per-
formance when fine-tuning models on the synthetic data
but such data should be carefully selected and ideally re-

vised by language models.
Currently, I am doing a research internship in the Jet-

Brains AI Writing Assistance team, preparing a dataset
with synthetic data for training a commit completion
model. The goal of this project is to find an optimal way
of generating new good quality data for commit mes-
sages that describe the code changes. Synthetic data are
needed here since the existing messages collected from
the sources like GitHub are often noisy, ungrammatical
or they may not fully reflect all the relevant changes (e.g.
“fix the bug” is not a good commit message compared
to “fix the logic of error handling in ProjectClass”). Ide-
ally, good messages would be fluent, coherent with the
commit history and correct with respect to the code diff.
Together with the team I have been experimenting with
various models and approaches, including code diff sum-
marization, chain-of-thought prompting (Fu et al., 2022),
and different ways of selecting the demonstrations.

2 Data Generation and Low-resource
Scenarios

Modern Large language models (LLMs) such as Chat-
GPT, Llama, Qwen, Gemini, and many others demon-
strate impressive capabilities of producing natural lan-
guage text that is fluent and typically follows the user in-
struction encoded in a prompt. Such LLMs are often used
to generate new data for training smaller downstream
models in an efficient way, they can be used for both data
augmentation and generation (Dai et al., 2023; Piedboeuf
and Langlais, 2023; Cegin et al., 2025). LLM-generated
texts can be useful for a variety of tasks from intent recog-
nition (Cegin et al., 2024) and news classification (Pied-
boeuf and Langlais, 2023) to hate speech detection (Sen
et al., 2023) and sentiment analysis (Onan, 2023). In-
creasingly more complex tasks can be tackled by LLMs,
Pranida et al. (2025) compared the data that were gen-
erated by humans, with machine translation, and LLM-
generated texts for culturally nuanced commonsense rea-
soning in low-resource languages and found that LLM-
generated data were more beneficial for downstream clas-
sification than machine translation.

However, LLMs are mostly trained on the English data
and even though some multilingual versions exist, e.g.
Aya or Gemma 3, they do not cover many languages, es-
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pecially the low-resourced ones. Although some works
explore generation also for low-resource languages (Zo-
tova et al., 2021; Chung et al., 2025) the general trend
is to expect lower quality of the synthetic data for those
languages that were unseen (or barely seen) during train-
ing and more research needs to be done on finding the
optimal generation strategies for such languages, poten-
tially combining cross-lingual transfer, demonstration-
based prompting, and LLM revision, e.g. expanding on
the optimal strategies identified in (Anikina et al., 2025a).

Another interesting and underexplored venue of re-
search is the low-resource setting with respect to the task,
not necessarily the language. For instance, Ben Abacha
et al. (2023) work towards summarization of doctor-
patient conversations in a clinical setting. They found that
the generated summaries show high fluency score, but
still struggle with hallucinations and miss 33% important
medical facts. Although using synthetic data like auto-
matically generated summaries of doctor-patient conver-
sations is very attractive as it can reduce the documenta-
tion burden for medical professionals, there is still a large
room for improvement. Another low-resource domain
where synthetic data could be especially valuable is emer-
gency response. Privacy constraints and the wide variety
of possible scenarios make real data scarce, yet dialogue
between first responders still needs to be summarized and
classified. To enable this, LLMs must first be trained on
synthetic datasets that capture diverse emergency situa-
tions and incorporate the relevant terminology.

3 Questions and Discussion Topics

I would like to suggest the following discussion topics
and questions to senior researchers:

• Evaluation: What are the best was of evaluating the
quality of generated data? Often we do not have
the gold standard data that the generated data can be
compared to and have to resort to either reference-
free metrics or rely solely on the performance of a
downstream model that was trained on the generated
data. Nowadays researchers also use various LLMs
to score the responses, applying techniques like e.g.
LLM-as-a-Judge (Wang et al., 2024) but how reli-
able are these judgments? How can we estimate and
avoid potential bias?

• Controlled Generation: What are the best practices
in generating outputs conditioned on specific knowl-
edge or inputs? In many real life situations there are
some initial requirements and constraints on the data
that need to be respected during the generation. How
can we integrate such constraints and check that they
are followed in an efficient way?

• Synthetic Data Recycling: An increasing amount
of web content is now generated by language mod-
els. As new training datasets are collected for the
next generation of models, it is inevitable that some
of this synthetic content will be included. How prob-
lematic is this phenomenon, and what long-term
consequences might it have, e.g., could it reduce the
diversity and quality of model outputs? To what ex-
tent is recycling synthetic data a viable strategy, and
when should it be avoided?

Biographical Sketch

I hold an M.Sc. in Lan-
guage Science and Technol-
ogy from Saarland Univer-
sity. After graduation, I
joined the German Research
Center for Artificial Intelli-
gence (DFKI) as a PhD stu-

dent and researcher. Currently, I am on leave from my
PhD program to pursue an internship at JetBrains, where
I am part of the AI Writing Assistance team. My re-
search interests include efficient data augmentation, di-
alogue processing, multilingual and low-resource scenar-
ios.
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1 Research Overview
Neural Language Models have become central to Natu-
ral Language Generation (NLG) research and can pro-
duce fluent and coherent text (Badaro et al., 2023). How-
ever, when models generate text from complex, struc-
tured or long-form data such as tables or event logs,
they often hallucinate and introduce factual errors (Ja-
covi et al., 2025; Rebuffel et al., 2021). These halluci-
nations limit the practical deployment of large language
models (LLMs) in applications where factual accuracy is
critical. In my research, factual accuracy refers to the
faithfulness of the generated text to the given input data.
My PhD focuses on reducing hallucinations and improv-
ing factual accuracy in data-to-text generation, which I
address through two core approaches: (i) analysing how
input quality and structure improve factual accuracy, and
(ii) developing a manual error annotation protocol and ex-
tending it into an LLM-as-Judge framework. This work
aims to assess when automatic evaluation can comple-
ment human annotation and enable larger-scale evalua-
tion.

Past work: In my initial work (Sundararajan et al.,
2022), I fine-tuned a T5-base model (Raffel et al.,
2023) on the ToTTo dataset (Parikh et al., 2020) using
the published configuration and compared its outputs
with two GeM benchmark models (Gehrmann et al.,
2021), which at the time represented the top-performing
ToTTo baselines as ranked by PARENT, BLEURT,
and BLEU. Using a manual error annotation protocol
adapted from Thomson et al. (2023), extended to in-
clude DATE-DIMENSION and NON-ENGLISH error
categories, I analysed more than 3,000 outputs in the
politics domain and categorised errors into eight types
(WORD, NAME, NUMBER, DATE-DIMENSION,
CONTEXT, NOTCHECKABLE, NON-ENGLISH,
and OTHER).

• By capturing factual errors more effectively than
surface-level automatic metrics, this protocol re-
vealed systematic weaknesses such as verb mispre-
dictions, numeric swaps, and hallucinations around
dates and demonstrated limitations that BLEU (Pa-

pineni et al., 2002) and similar metrics fail to detect,
reflecting broader evaluation challenges discussed in
Gehrmann et al. (2022).

• The analysis also highlighted challenges when rea-
soning over complex tables, especially for tables
with more than 20 rows.

• The annotation protocol achieved substantial inter-
annotator agreement between two independent an-
notators (Cohen’s Kappa = 0.79) on a 10% subset
of the outputs, confirming the reliability of the cate-
gories (see Appendix A for the procedure).

Building on this, I investigated whether hallucinations
in neural table-to-text models can be traced back to prob-
lems in the tabular input in the ToTTo dataset (Sun-
dararajan et al., 2024). I manually annotated 1,837
outputs in the politics domain using a further-adapted
protocol that included an ADDITION category and ex-
cluded NON-ENGLISH. On a 6.5% overlapping subset
of the outputs (120 in total) annotated independently
by three annotators, the annotation achieved substantial
inter-annotator agreement (Fleiss’ Kappa = 0.622).

• This analysis identified several recurring input prob-
lems: non-atomic cell values, insufficient input,
longer table inputs, complex tables, and other pol-
itics domain-specific input problems.

• I then systematically corrected the non-standard tab-
ular inputs to a standard form (see Appendix B).
Across 210 samples, input correction reduced fac-
tual errors by 62% in T5-base and 57% in T5-large.

• I extended this to Llama2 models (Touvron et al.,
2023), correcting inputs decreased factual errors by
52% for Llama2–7B and 76% for Llama2–13B.

These results demonstrate that many hallucinations
arise from garbage-in, garbage-out effects: poorly struc-
tured inputs lead to more factual errors, while corrected
inputs substantially improve factual accuracy. This find-
ing is consistent with prior work, which shows that im-
proving inputs in NLG datasets leads to better outputs
(Dušek and Kasner, 2020).

4



Recent work: In this work (accepted at INLG 2025),
I investigated how different input structures influence
the factual accuracy of LLM-generated NBA game sum-
maries from play-by-play data. This is a challeng-
ing text generation task with over 450 rows and 13
columns because play-by-play data contains rich infor-
mation about plays, including entities (teams and play-
ers), events/actions (e.g., jump shot, layup, dunk, free
throw, rebound), outcomes (missed or made for any at-
tempt), and attributes (score, time, period, distance).
To empirically study the impact of input structuring on
model output, we experimented with three input data
formats: unstructured (control), row-based, and JSON,
and generated 180 summaries using Llama3.1-70B and
Qwen2.5-72B (Qwen et al., 2025).

We manually annotated factual errors using a further
adapted protocol that distinguishes WORD-OBJECTIVE
(fact-checkable) from WORD-SUBJECTIVE (opinion).
Error counts were normalised to ‘errors per 100 words’.

• A two-way repeated-measures ANOVA on input
structure (unstructured, row-based, JSON) revealed
significant main effects on error rates (p < 0.05).

• JSON inputs cut error rates by 69% for Llama3.1-
70B and 65% for Qwen2.5-72B versus unstruc-
tured text. Row-based inputs cut errors by 54%
for Llama3.1-70B and 51% for Qwen2.5-72B, and
switching from row-based to JSON cuts errors
by another 32% for Llama3.1-70B and 27% for
Qwen2.5-72B.

• Error-type analysis shows Llama3.1-70B produces
more numeric mistakes, whereas Qwen2.5-72B
makes more naming and subjective-wording errors.
Word objective errors are predominant among both
models.

These findings demonstrate that structured input repre-
sentations substantially improve factual accuracy in com-
plex, event-driven summarisation tasks such as sports re-
porting, although limitations remain in scaling manual
annotations and in generalizing to other domains.

Ongoing and future work: The recent study shows
that structured inputs improve factual accuracy but also
expose the limits of manual evaluation, which is costly
and difficult to scale. To address this, I am develop-
ing an LLM-as-Judge framework that operationalises my
human error annotation protocol into structured prompts
and directs judge LLMs to assess atomic factual claims
against play-by-play input logs. I will evaluate agree-
ment with human annotations using accuracy metrics and
determine when automatic judgments can reliably com-
plement manual ones. As part of this ongoing work,
I plan to extend the automatic evaluation framework to

other event-driven sports such as ice hockey to examine
its generalizability.

2 Biography
Barkavi Sundararajan is a final-year PhD student in Com-
puter Science at the University of Aberdeen. Her research
interests lie in reducing hallucinations and improving fac-
tual accuracy in data-to-text generation, with a particular
focus on developing reliable models and robust evalua-
tion methods for factuality. She is a part-time Data Sci-
entist intern at the UK Ministry of Justice, where she cod-
ifies free-text assessments from large-scale datasets into
structured data to support projects such as Safer Streets
UK. She plans to pursue a career as a research scien-
tist or applied scientist at the intersection of natural lan-
guage processing and high-stakes decision-making do-
mains (where factual accuracy is critical).

3 Questions for Senior Researchers
1. What role can knowledge graphs play in improving

factuality in neural NLG for long-form inputs, com-
pared with other approaches such as retrieval or in-
put restructuring?

2. How can one best approach the transition from a
PhD in NLG to Research Scientist or Applied Sci-
entist roles in industry labs?

3. As a PhD student, how can I identify NLG projects
that are both publishable on standard benchmarks
and meaningful for real-world, high-stakes applica-
tions?

4. Which research directions are most likely to advance
NLG in the coming years?

5. How can we design evaluation methods for NLG
that scale beyond small manual annotations while
still capturing factual accuracy and reducing re-
liance on surface-level metrics?

4 Topics for Roundtable Discussions with
Peers

1. The Role of Input Representation and Formatting in
Generation Quality

2. Generalizing Factuality Evaluation: Bridging
Closed Benchmarks and Real-World Complex
Domains (sports, finance, or healthcare)

3. Scaling Evaluation: Designing Protocols that re-
main reliable while Reducing Cost and Annotation
Effort

4. Navigating Career Paths from Academia: Opportu-
nities and Challenges

5



Acknowledgements
We thank the anonymous reviewers for their constructive
and detailed feedback, which helped clarify and improve
this paper. Due to space constraints, some of their ques-
tions could not be addressed in the main paper; I will dis-
cuss them during the workshop and have included further
clarifications and analyses in the appendices.

References
Gilbert Badaro, Mohammed Saeed, and Paolo Papotti.

2023. Transformers for tabular data representation:
A survey of models and applications. Transactions of
the Association for Computational Linguistics 11:227–
249. https://aclanthology.org/2023.tacl-1.14.
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Appendices
A Inter-Annotation Procedure for

Participants

1. Guidelines. For the ToTTo and NBA play-by-play
summaries annotations, I provided a detailed docu-
ment defining the error categories with examples.

2. Recruitment. I initially recruited four annotators
for the ToTTo task (Sundararajan et al., 2024); two
did not proceed beyond the pilot stage after a qual-
ity check. Two trained annotators and I completed
the final ToTTo annotations. For the NBA task, two
qualified annotators started; one of them withdrew
due to time constraints. The other annotator and
I completed the annotations for NBA game sum-
maries.

3. Clarification. Before the main task, I held short
clarification sessions (meetings and emails) to en-
sure a shared understanding of the guidelines.

4. Annotation. Annotators completed their assigned
samples independently and uploaded their annota-
tion files via a Microsoft form.

5. Compensation. For the NBA task, the external an-
notator received a minimum payment of C35.

B Input Data Corrections and Output Text
We followed a systematic procedure to apply man-
ual fixes identified in specific input problems in the
ToTTo politics-domain dataset, as detailed in Sundarara-
jan et al. (2024). A simple pseudocode is presented,
where the Algorithm 1 takes tabular data and title (meta-
data) from ToTTo as input parameters to execute six
functions to gather insights and make corrections to
each of the input problems. The first two functions,
DATASIZEMANAGEABLEFORLONGTABLE and IDEN-
TIFYLEADERNAMEORDER do not correct the tabular in-
put but provide insights on the input problems leading
to factual errors in the outputs. The other four func-
tions, CORRECTNONATOMICCELLS, UPDATEHEAD-
ERS, ADDRESSMISSINGVALUES, and REPLACESYM-
BOLS correct the input problems as presented in the pa-
per.

Function summaries.

DATASIZEMANAGEABLEFORLONG-
TABLE(tabularData)
checks size thresholds (default: ≤ 20 rows, ≤ 10
columns); returns a boolean.

IDENTIFYLEADERNAMEORDER(tabularData, title)
extracts the leader name from the title and
scans rows to record the name sequence; returns
(leaderNameFromTitle, recordedData).

CORRECTNONATOMICCELLS(tabularData)
splits multi-valued cells into atomic columns; returns
whether any corrections were made.

UPDATEHEADERS(tabularData)
fixes nested/misaligned headers; returns whether any cor-
rections were made.

ADDRESSMISSINGVALUES(tabularData)
fills missing cells from local context; returns whether any
corrections were made.

REPLACESYMBOLS(tabularData)
normalises domain-specific symbols and party abbrevia-
tions; returns whether any corrections were made.
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Algorithm 1 Manual Correction Procedure for ToTTo Tabular Input
function MAINCORRECTIONPROCEDURE(tabularData, title)

if not DATASIZEMANAGEABLEFORLONGTABLE(tabularData) then
return "Please simplify the tabular data with fewer records", null

end if
leaderName, recordedData← IDENTIFYLEADERNAMEORDER(tabularData, title)
correctionsMade← false
correctionsMade← CORRECTNONATOMICCELLS(tabularData) or correctionsMade
correctionsMade← UPDATEHEADERS(tabularData) or correctionsMade
correctionsMade← ADDRESSMISSINGVALUES(tabularData) or correctionsMade
correctionsMade← REPLACESYMBOLS(tabularData) or correctionsMade
if correctionsMade then

return tabularData, "Leader Data: " + recordedData ▷ "Returns corrected input"
else

return tabularData, "Leader Data: " + recordedData ▷ "Returns original input, if no issues"
end if

end function

Algorithm 2 Verify the number of rows and columns in Longer Tabular Input
function DATASIZEMANAGEABLEFORLONGTABLE(tabularData)

maxRows← 20 ▷ Maximum allowable number of rows for the chosen models
maxCols← 10 ▷ Maximum allowable number of columns for the chosen models
return (length(tabularData) ≤ maxRows) and (length(tabularData[0]) ≤ maxCols) ▷ Both conditions

must be true for returning true.
end function
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Algorithm 3 Identify Leader Name Order in Title and Rows
function IDENTIFYLEADERNAMEORDER(tabularData, title)

leaderNameFromTitle← ExtractLeaderNameFromTitle(title)
leaderNamesFromRows← [ ]
for each row in tabularData do

for each cell in current row do
if leader_name is found in cell then

Add leader_name to leaderNamesFromRows ▷ Preliminary step: Record leader’s names from
rows

end if
end for

end for
if leaderNameFromTitle is not None then ▷ Scenario 1: Leader’s name found in title

recordedData← [ ] ▷ Initialize empty list to store sequential order of leader names
Add leaderNameFromTitle to recordedData
for each leader_name in leaderNamesFromRows do

Add leader_name to recordedData
end for
return leaderNameFromTitle, recordedData ▷ for example, this returns "Leader b", ["Leader b",

"Leader a", "Leader b", "Leader c"]
else ▷ Scenario 2: Leader name not found in title

if length of leaderNamesFromRows > 0 then ▷ when leader’s name is found in at least one or more
rows

recordedData← "Leader name not in title"
for each leader_name in leaderNamesFromRows do

Add leader_name to recordedData
end for
return leaderNameFromTitle, recordedData ▷ for example, this returns None, ["Leader name not

in title", "Leader a", "Leader b", "Leader c"]
else ▷ Scenario 3: Leader name not found in title or rows

return leaderNameFromTitle, "Leader name not found"
end if

end if
end function

Algorithm 4 Correct Non-Atomic Cells
function CORRECTNONATOMICCELLS(tabularData)

correctionsMade← false
for all cell in tabularData do

if CellIsNonAtomic(cell) then
CorrectCell(cell) ▷ Separate multiple atomic values into individual columns
correctionsMade← true

end if
end for
return correctionsMade

end function

9



Algorithm 5 Update Column Headers to Atomic cells
function UPDATEHEADERS(tabularData)

correctionsMade← false
for all column in tabularData do

if HeaderIsIncorrect(column) then
UpdateHeader(column) ▷ Fix nested column and row headers
correctionsMade← true

end if
end for
return correctionsMade

end function

Algorithm 6 Address Missing cell Values
function ADDRESSMISSINGVALUES(tabularData)

correctionsMade← false
for all row in tabularData do

if RowHasMissingValues(row) then
FillCellValues(row) ▷ Pass the right missing cells from the table
correctionsMade← true

end if
end for
return correctionsMade

end function

Algorithm 7 Replace Politics Domain-Specific Symbols and Abbreviate Party Names with correct semantics
function REPLACESYMBOLS(tabularData)

correctionsMade← false
for all cell in tabularData do

if CellContainsDomainSpecificSymbols(cell) then
SubstituteSymbolWithEquivalent(cell) ▷ Pass the right semantic replacing symbols in the input

else if CellContainsPartyAbbreviations(cell) then
AbbreviatePartyNames(cell) ▷ Replace party name abbreviations
correctionsMade← true

end if
end for
return correctionsMade

end function
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1 Research Overview
My research focuses on improving textual inference in
large language models (LLMs) for natural language
generation (NLG). LLMs are increasingly used to gen-
erate reports, summaries, insights, and answer questions
about data. However, their outputs are often factually in-
accurate (Thomson et al., 2023; Islam et al., 2023), have
difficulties with inference operations (Creswell et al.,
2023; Wu et al., 2024) and produce shallow outputs as
most benchmarks do not require much inference (e.g.
WebNLG (Gardent et al., 2017)) and comprehensive con-
tent selection (Puduppully et al., 2019). This limits their
usefulness in contexts such as communicating complex
information and decision making, where people need
meaningful and reliable outputs.

I am particularly interested in data-to-text generation,
which requires both faithfulness to the provided data and
an intuition for what might be interesting and impor-
tant. For example, rather than stating superficially "The
tornado caused 12 fatalities in Missouri", deeper infer-
ence could be "Missouri had the highest number of fa-
talities, nearly a third of all deaths". Such tasks are
often under-specified, forcing both models and humans
to make implicit presuppositions, which can cause errors
when they differ. Beyond prompting LLMs, I want to in-
tegrate them with symbolic operations through code gen-
eration to make inferences over the data, ensuring that the
outputs are more faithful and interpretable.

My work is driven by the following research questions:

1. How can we use LLMs coding abilities to make
more faithful and deeper inferences about the data
using neuro-symbolic systems?

2. How do implicit presuppositions about the data in-
fluence both LLMs’ outputs and their evaluation?

3. How do human’s implicit presuppositions influence
which insights are perceived as meaningful and in-
teresting?

These questions are general across tasks and domains,
and I aim to explore them as such. Now I focus on table-
to-text generation across domains, choosing the science
reporting domain as an illustration.

The following sections outline my progress and plans
regarding the first research question (1.1), the presuppo-
sition questions (1.2), and my previous related work on
abductive reasoning (1.3).

1.1 Table-to-text generation

Table-to-text generation (Liu et al., 2018; Parikh et al.,
2020), a subtask of data-to-text generation, has been ad-
dressed by both rule-based (Gatt and Krahmer, 2018) and
neural methods (Nan et al., 2022; Zhao et al., 2023a). In-
spired by code generation LLMs and question-answering
approaches using SQL (Cheng et al., 2023; Kong et al.,
2024), I developed a LLMs pipeline that generates ideas
for insights, then generates SQL to symbolically re-
trieve relevant information and formulate the final insight.
However, this approach did not substantially surpass the
baseline, largely due to messy input tables. I will extend
it by creating knowledge bases enhanced with generated
presuppositions. Moreover, since current benchmarks in-
volve little inference, generated insights are often obvi-
ous (e.g., January comes before February) and lack di-
versity. I intend to use SPARQL for the retrieval and Pro-
log/Isabella for the inferences on the knowledge base to
generate deeper insights, building on “hard critique” in
natural language explanations (Quan et al., 2025, 2024).
This approach might require fine-tuning, as the setting is
less common than text-to-SQL.

For experiments, I used LogicNLG and LoTNLG
(Zhao et al., 2023b; Chen et al., 2020) benchmarks, which
are already known to LLMs, raising concerns of data
contamination (Oren et al., 2024; Xu et al., 2024). To
address this, I created FreshTab, a dynamic live bench-
mark accepted to INLG 2025. FreshTab collects table-
to-text datasets from Wikipedia using only tables added
after a specified knowledge cutoff date. It also includes
a basic domain distribution (sport, politics, culture, mix)
and supports non-English Wikipedias. Automatic met-
rics (e.g., TAPEX (Liu et al., 2022)) indicated that new
and more diverse data are more difficult for LLMs, while
human evaluation suggests that it is the trained metrics
that struggle more with memorization.
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1.2 Presuppositions

During my work on the table-to-text generation, I ob-
served that the task is often under-specified, especially
with real-world, messy data. Presuppositions about the
table structure are not always met (e.g., multiple different
units in one column, contain sub-tables, are "transposed",
or graphical). Preliminary observations suggest that addi-
tional presuppositions arise also from: (i) expertize (e.g.,
fresh breeze means exactly 29–38 km/h to meteorologists
but not to most people), (ii) cultural context (e.g., rating
scales - is lower better or worse?), (iii) temporal changes
(e.g., changes in rules of a sport game) and others.

The aim is to investigate such presuppositions in the
context of NLG and its evaluation, building on Han et al.
(2023)’s work in question answering. The presupposi-
tions would help in several ways: (i) understanding the
structure of messy input data, (ii) personalizing the gener-
ation based on users’ own presuppositions to make them
more interesting, and (iii) making the evaluation of faith-
fulness more rigorous by stating the presuppositions.

Firstly, I need to conduct a more thorough literature re-
view across additional relevant research directions. Then,
I will analyze existing data (e.g. tables with correspond-
ing insights from Wikipedia or news articles), along with
human studies, to evaluate how expertise and the com-
plexity of logical operations affect perceived interesting-
ness and relevance of insights. I also want to symboli-
cally evaluate the generated insights against the extracted
knowledge bases and presuppositions.

1.3 Previous work on abductive reasoning in NLG

During my master’s thesis, I investigated how language
models perform on abductive reasoning tasks using the
ART dataset (Bhagavatula et al., 2020). Although hu-
mans use abductive reasoning daily, it is used in auto-
mated planning and is effective at handling incomplete
information, it has been relatively underexplored. As ab-
ductive reasoning infers causes for observed effects based
on both explicit and presupposed knowledge, it highlights
the importance of implicit presuppositions in inference.

Building on my industry experience with the classical
NLG pipeline (Reiter and Dale, 1997), I studied the appli-
cability of prompting language models (Flan-T5, Falcon
Instruct) with abductive tasks for content selection and
discourse planning. Experiments showed some effective-
ness in content selection (mapping data and rules to out-
comes such as snow, rain, or clear weather), but discourse
planning proved to be more challenging (Onderková and
Nickles, 2023).

2 Short Biography

Kristýna Onderková is a first-year PhD student at Charles
University, supervised by Ondřej Dušek. Her research

focuses on improving textual inference and reasoning in
language models, particularly in data-to-text generation.
She works on neuro-symbolic approaches that combine
statistical models with symbolic operations to improve
content selection, factuality, interpretability, and control-
lability. She is interested in how language models can un-
cover meaningful insights from data. She plans to explore
how language models presuppose information about data,
aiming to make these presuppositions explicit to reduce
under-specification and improve inference.

She has an interdisciplinary background with a mas-
ter’s degree in both Computer Science and Physics. She
worked for four years in industry on data analytics, ma-
chine learning, and natural language processing, includ-
ing NLG for news reporting (e.g. weather, sports, elec-
tions) and LLM-based agent applications.

3 Questions for Senior Researchers
I respectfully ask the senior researchers for their insight
on the following questions:

• How can researchers select research ideas that are
likely to make substantial contributions and avoid
producing short-lived papers?

• How do you design NLG experiments to test hy-
potheses while identifying and controlling for con-
founding factors rigorously?

• How can experiments with language models be de-
signed to account for prompt variability and ensure
robust findings?

• How can reasoning in NLG outputs be effectively
evaluated, distinguishing genuine reasoning from
simple retrieval?

• What strategies help researchers keep up with new
publications and emerging methods?

4 Topics for Roundtable Discussions
I would like to propose the following discussion topics:

• Presuppositions: How do implicit presuppositions
in under-specified tasks affect model behavior and
evaluation, and would explicitly stating them im-
prove interpretability and reliability?

• Evaluation of usefulness: How can we ensure that
the metrics we use and the tasks we address corre-
spond to outcomes that are meaningful and relevant
to humans?

• AI-assisted research practices: In what ways can
artifical inteligence tools be effectively integrated
into research workflows, such as literature review,
coding, and writing assistance, while maintaining
scientific rigor and critical thinking?
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1 Research interests

General-purpose Large Language Models (LLMs) have
demonstrated exceptional performance in diverse NLP
tasks by leveraging massive datasets and computational
resources, followed by fine-tuning or prompt-tuning for
specific tasks Team et al. (2023); Dubey et al. (2024);
Team et al. (2024). While many leading models are
closed-source and heavily biased toward high-resource
languages, particularly English, open-source alternatives
have emerged with comparable performance. However,
low-resource languages continue to face challenges due
to limited pretraining data, high costs of creating linguis-
tically rich corpora, and inefficiencies in tokenization and
vocabulary. My main goal is to explore and find efficient
approaches to training LLMs for low-resource lan-
guages. My previous research includes work on data-to-
text generation, abstractive summarization, and linguistic
entrainment in dialogue generation.

1.1 Building LLMs for Low-Resource Languages

My current research focuses on developing novel meth-
ods for training language models in low-resource lan-
guage settings. I am particularly interested in designing
generalizable approaches for training LLMs with limited
data. One of my current works explores a modular train-
ing strategy that adapts multilingual models into mono-
lingual ones.

In this work, we hypothesize that full model tuning
is often unnecessary and propose a more modular ap-
proach. Specifically, our method involves first training
a language-specific tokenizer and creating corresponding
embeddings, followed by tuning only the non-embedding
parameters. We conduct a comprehensive analysis
across multiple scenarios, including multilingual-to-
monolingual transfer and adaptation from high-resource
to low-resource monolingual models. When applied to
multilingual models, our method significantly reduces
the number of tunable parameters and overall train-
ing time. Evaluation on natural language understand-
ing (NLU) tasks shows that our approach improves per-
formance when adapting mBERT to low-resource lan-
guages. Specifically, we use POS-tagging Nivre et al.

(2020), NER Rahimi et al. (2019), and mask-filling task
to evaluate our approach. We notice an increase of 1.5x
in the mask-filling scores for our modular approach over
full-tuning of the model, in the case of Scottish Gaelic
language. The scores stay almost stagnant on the other
two evaluation metrics. Additionally, we also experi-
ment with replacing the embeddings with custom Fast-
Text embeddings, however, the results stay similar to the
default configuration with mBERT embeddings. We per-
form similar experiments with Irish as well, which, unlike
Scottish Gaelic, is present in the pre-training languages
of mBERT. Consequently, using a randomly initialised
transformer, we plan to investigate if the inclusion of a
language in pretraining dataset helps with better initial-
isation of non-embedding representations for our mod-
ular training. We plan to further validate our method on
decoder-based as well. We choose paraphrasing and sum-
marization tasks to evaluate the models on their language
generation capability. Since there is no gold data avail-
able, we plan to create silver test data using the NMT sys-
tem and the available monolingual corpora. Specifically,
for each data instance in the monolingual corpus, we will
create its corresponding synthetic input using NMT sys-
tems and state-of-the-art English LLMs, depending on
the downstream task.

1.2 Parameter-efficient training with Artificial
Language Initialisation

In parallel, I am also working on parameter-efficient
training methods through artificial language-based pre-
training strategies. Prior studies Papadimitriou and Juraf-
sky (2020); Chiang and yi Lee (2022) demonstrate that
models pretrained on non-linguistic data can achieve per-
formance comparable to those trained on English sen-
tences. We adapt the best performing approach followed
by a parameter-efficient pretraining for language acquisi-
tion from limited data.

Our method initializes the model using token embed-
dings trained with a shallow model, followed by tun-
ing only the non-embedding parameters on non-linguistic
data to introduce structural biases. To initialize the model
with structural biases, we experiment with pretraining on
two artificial languages proposed by Papadimitriou and
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Jurafsky (2023): the nested parentheses language (NEST)
and the crossing parentheses language (CROSS). Subse-
quently, the model is frozen and further pretrained on
the 10M-token BabyLM corpus using LoRA adapters.
Experiments on small-scale dataset show that this ap-
proach leads to faster convergence while maintaining per-
formance comparable to classic full-model pretraining.

1.3 Future Research
For my future research, I plan to enhance these ap-
proaches with linguistically informed curriculum train-
ing. A slightly more ambitious goal of my research plan
is to develop multilingual language generation models
by swapping the embeddings using existing embedding
alignment approaches. Specifically, the non-embedding
model parameters are treated as a universal language rep-
resentation, while injecting language-specific informa-
tion using just the embeddings. Additionally, I plan to
experiment with Direct Preference Optimization (DPO)
Rafailov et al. (2024) and delexicalized pretraining to fur-
ther improve training efficiency in low-resource scenar-
ios.

2 Questions for Senior Researchers
• How to land an internship and how to prepare for the

interviews

• How should one usually decide whether a research
idea should be pursued further, or when it’s better to
move on?

• Where do you think NLG research is heading in the
next few years, and what areas seem most promis-
ing, especially in the era of LLMs?

3 Suggested topics for discussion
• Multilingual Text Generation: How important is the

role of tokenization and vocabulary extension? How
can we efficiently adapt the large vocabulary from a
multilingual model to a language-specific monolin-
gual model? How do we address catastrophic for-
getting while finetuning a multilingual model on a
lower-resource language?

• Data-efficient training of NLG systems: How reli-
able is training using synthetic data? How is the per-
formance comparable to the gold data? How do we
address problems for low-resource languages that
are linguistically distant from any higher resource
language? How can we evaluate NLG models for
languages with minimal resources?
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