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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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