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Abstract

Large language models (LLMs) show strong ca-
pabilities in natural language generation (NLG)
and have been applied to translate complex
structured data into human-readable insights.
While these models excel at surface-level flu-
ency, they remain unreliable as they produce
factually inaccurate outputs and struggle with
consistent logical inference beyond surface-
level patterns. Moreover, they often lack a clear
sense of relevance and produce shallow or un-
informative insights.

This proposal argues that a key source of these
limitations is task underspecification, which re-
quires models to make implicit assumptions
about missing context. We investigate how
such underspecification leads to unintentional
assumptions and how these affect faithfulness
and evaluation. We examine how models can
identify missing premises and surface multi-
ple plausible interpretations to make evaluation
more rigorous. We also explore how to improve
reasoning to enable deeper inferences, focusing
on code generation and qualitative reasoning.
Finally, we will evaluate how the underlying
assumptions and depth of inference influence
the perceived interestingness of the insights.

By shifting focus from surface-level generation
to assumption-aware deeper inferences, this
work aims to improve reliability, interpretabil-
ity, and user controllability in NLG.

1 Introduction

The advances of Transformer architecture (Vaswani
et al., 2017) and large-scale training of LLMs (Mi-
naee et al., 2024) have significantly expanded the
capabilities of NLG. LLMs have high potential
to translate complex structured data into human-
readable reports. Their strong instruction follow-
ing and in-context learning capabilities (Wei et al.,
2022a) have led to widespread use in answering
questions about data, generating summaries, re-
ports, code and insights.

Despite these advances, data-to-text generation
remains a challenging problem (Wiseman et al.,
2017; Osuji et al., 2024), as it requires (i) faith-
fulness to the input data, (ii) inferences over that
data, and (iii) domain-aware intuition for what is
relevant, important, or interesting. For example,
a surface-level summary might state: "Region A
recorded 12 incidents this year.", a deeper insight
would be "Despite accounting for nearly a third of
all incidents, region A decreased by 20% from last
year, while most other regions increased.

LLMs suffer from hallucinations (producing out-
puts unsupported or contradicting the input data)
(Obaid ul Islam et al., 2023) and factual inaccu-
racies (Thomson et al., 2023; Dusek et al., 2019).
They struggle with inference operations (Creswell
et al., 2023; Bubeck et al., 2023; Wu et al., 2024)
despite their fluency and surface-level coherence.
And they lack reliable relevance judgment (Sobo-
roff, 2025) often producing shallow or unhelpful
outputs. These limitations highlight that surface
generation and genuine data understanding remain
distinct capabilities.

1.1 Challenges
Underspecification Xu (2025) argues that hal-
lucinations are inevitable under the open world
assumption and should be understood as a manifes-
tation of a generalization problem. Moreover, tasks
are often not well defined (Zhou and Shbita, 2026),
leaving outputs open to multiple interpretations.
Underspecification is a fundamental issue gener-
ally in machine learning (D’Amour et al., 2022).

From a logical perspective, inference is invalid
without a complete set of premises (Copi et al.,
2016). When premises are missing, humans and
models supply them implicitly. These implicit as-
sumptions (presuppositions) may vary across users,
models, and contexts, causing errors in inference
and confounded faithfulness evaluations. A strik-
ing example of incorrect assumption is the emer-

1236



gence of the phrase vegetative electron microscopy,
which entered the scientific literature likely through
language models trained on corrupted texts.1 The
optical character recognition implicitly assumed
a single-column page layout, merging unrelated
text fragments into a nonexistent term.

We argue that increasing model capacity does
not resolve this issue; more capable models may
simply make more subtle but still unintentional as-
sumptions. Therefore, we want to treat the task
as inherently incomplete by design. Rather than
attempting to eliminate assumptions, the key chal-
lenge is to surface, represent, and reason about
them explicitly, similarly to what is done with en-
thymeme detection and reconstruction (finding un-
said premises of arguments; Stahl et al., 2023).

Deeper Inferences Another limitation of current
systems is their tendency to produce shallow or
uninteresting outputs that lack diversity. The mod-
els frequently overlook deeper insights (Berglund
et al., 2024). This raises the question of whether
current systems are truly performing inference, or
merely reproducing patterns based on latent knowl-
edge and prior assumptions learned during training
(Shojaee et al., 2025). Interestingness of an insight
also depends on the human assumptions and prior
knowledge, novel or surprising insights for one
user may be obvious or irrelevant to another.

Humans routinely operate in incomplete and un-
derspecified settings using approximate and rule-
of-thumb reasoning, which relies on heuristics, ab-
stractions, and mental models rather than precise
numerical computation. For this, it is important
to assess uncertainty (Xiong et al., 2024) and rel-
evance, at which the models were shown not to
perform well (Xiong et al., 2024; Soboroff, 2025).
One of the ways to formalize this is the research
area of qualitative reasoning (Kuipers, 1994).

Finally, insight generation often requires adopt-
ing an open-world perspective, where data is inter-
preted relative to real-world expectations, norms,
or prior knowledge. In such cases, factuality and
consistency with real-world knowledge becomes
important alongside strict faithfulness to the input
data alone (Xu, 2025).

Evaluation Evaluating correctness of generated
insights is challenging. Current approaches
rely largely on benchmark-driven evaluation with

1https://retractionwatch.com/2025/02/10/vege
tative-electron-microscopy-fingerprint-paper-mill/

poorly defined objectives and subjective interpre-
tations (Raji et al., 2021). Generally, benchmarks
contain label errors and ambiguities, which leads
to introduction of re-evaluated “platinum bench-
marks” (Vendrow et al., 2025). Most benchmarks
are satisfied with surface-level information and re-
quire minimal inference, e.g. WebNLG (Gardent
et al., 2017b; Cripwell et al., 2023) and LogicNLG
(Chen et al., 2020a). As a result, models are rarely
evaluated on deeper inference or comprehensive
content selection (Puduppully et al., 2019). Beltoft
and Galke (2025) also criticize the fact that cur-
rent AI systems and benchmarks overemphasize
quantitative, numerical reasoning at the expense of
qualitative understanding. This motivates the need
for better methods that account for assumptions
and evaluate inferences.

1.2 Goals
This thesis aims to improve insight generation from
structured data and address these limitations by
treating assumptions as an important part of data-
to-text generation and automated insight discovery.

• RQ1: To what extent do implicit assumptions
compromise the factual validity of generated
insights?

• RQ2: How can we use symbolic and quali-
tative reasoning to generate factual insights
with deeper inferences?

• RQ3: In what way do assumptions and depth
of inferences determine the perceived interest-
ingness of an insight?

Figure 1 illustrates the conceptual structure of
the proposed research agenda with examples and
thesis sections. This work focuses on data-to-text
generation, primarily table-to-text generation. We
may also explore dialogue or text summarization
in order to test how well our approach generalizes.
Our experiments will mainly use open models to
ensure reproducibility; closed models may be used
mainly for preliminary evaluation or comparison.

1.3 Outline
Section 2 reviews the theoretical foundations and
methodology. In section 3, we explore the first and
third research question, reviewing relevant litera-
ture and detailing published and ongoing work, and
the aims for future work. Section 4 covers the sec-
ond and third research question similarly. Finally,
section 5 summarizes our findings and objectives.
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Figure 1: Surfacing assumptions (RQ1) provides explicit premises to logically ground the generations.
RQ2 constructs deeper inferences, and both jointly support the evaluation of interestingness of insights (RQ3).

2 Background

Modern LLMs are based on the transformer ar-
chitecture (Vaswani et al., 2017), contemporary
models are fine-tuned to follow instructions and
aligned using reinforcement learning from human
feedback (Ouyang et al., 2022). Recently, reason-
ing models have been trained using reinforcement
learning to encourage the generation of intermedi-
ate chain-of-thought reasoning before producing
the final answer (Guo et al., 2025). This training
typically involves math and coding tasks, where the
accuracy can be automatically verified and used as
a reward signal (Guo et al., 2025).

Prompting strategies for these models include
zero-shot and few-shot prompting (Brown et al.,
2020), chain-of-thought (CoT) reasoning (Wei
et al., 2022b), and agentic methods (Wang et al.,
2024a). Prompt optimization techniques improve
consistency and performance (Khattab et al., 2023;
Pryzant et al., 2023; Wang et al., 2024b). For tasks
requiring structured output, constrained decoding
methods are particularly useful, as they enforce ad-
herence to a predefined schema (Geng et al., 2023).

2.1 Table-to-Text Generation

Table-to-text generation (Liu et al., 2018; Parikh
et al., 2020a) is a subtask of data-to-text generation
in which table summaries or textual insights are
produced from a structured table. It is regarded as
one of the most challenging NLG tasks (Wiseman
et al., 2017; Osuji et al., 2024) and has been studied

for decades (Barzilay and Lapata, 2005). Due to
LLMs limitations in faithfulness, high-stakes do-
mains still rely on rule and template based pipelines
(Reiter and Dale, 1997; Dale, 2023). While such
approaches offer strong control and reliability, they
are inflexible due to reliance on specific templates,
and difficult to scale as they are labor-intensive.

Neural end-to-end approaches (Gatt and Krah-
mer, 2018) excel in producing fluent text but strug-
gle with content planning, i.e., selecting informa-
tion to be communicated. End-to-end neural mod-
els (Wiseman et al., 2017) include table-aware
architectures (Xing and Wan, 2021), fine-tuned
neural language models (Nan et al., 2022; Zhao
et al., 2023a; Kantharaj et al., 2022), hybrid mod-
els (Andrejczuk et al., 2022) and LLMs (Kasner
and Dusek, 2024a). Most of these approaches lack
explicit intermediate meaning representations, mak-
ing them difficult to interpret and prone to halluci-
nations (Obaid ul Islam et al., 2023).

2.2 Structured Reasoning

Some hybrid methods incorporate symbolic con-
tent planning or explicit multi-step logical reason-
ing with neural generation, often through hand-
crafted logical forms (Chen et al., 2020a; Liu et al.,
2022a; Alonso and Agirre, 2024; Saha et al., 2023).
While these representations improve interpretabil-
ity and can be checked for validity, they are typi-
cally benchmark-specific and require task-specific
fine-tuning and extensive manual effort.
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Recent works explore the use of LLMs (Zhao
et al., 2023b; Pérez et al., 2025). Zhao et al. (2023b)
outperform prior methods with few-shot and chain-
of-thought prompting, without task-specific train-
ing. Others fine-tune models for tabular tasks, in-
cluding Li et al. (2023c) and Bian et al. (2024),
using a two-step approach to first highlight relevant
table regions before generating insights.

In tabular question answering (QA), code gen-
eration improves the accuracy of the answers by
executing generated SQL queries or Python code
on the data (Cheng et al., 2023; Jiang et al., 2023),
and generating synthetic data for table-aware fine-
tuning (Li et al., 2023d). Pérez et al. (2025) extend
this to table-to-text generation, employing SQL to
retrieve data and enhance output faithfulness.

However, insight generation requires inferring
relevance rather than completing a question. These
methods also improve accuracy but do not explic-
itly address interpretability or the generation of
genuinely interesting insights, which have primar-
ily been studied in the context of visual analytics
(Law et al., 2020; Brath and Hagerman, 2021).

2.3 Evaluation
Evaluation of generated insights involves multi-
ple dimensions, including faithfulness to the input
data, factuality regarding real-world knowledge
(Maynez et al., 2020), and diversity (Zhu et al.,
2018). Automatic comparisons to human-written
references are generally unsuitable, as there are
many valid insights in the data; even hybrid met-
rics like PARENT (Dhingra et al., 2019) do not
fully account for this. Reference-free metrics often
rely on pretrained models such as TAPAS (Herzig
et al., 2020a), TAPEX (Liu et al., 2022b), or natu-
ral language inference scores (Chen et al., 2020a).
However, these metrics exhibit biases and miss
deeper insights. As a result, NLG evaluation of-
ten relies on human evaluation (Sai et al., 2023;
van der Lee et al., 2021) or LLM-as-a-judge meth-
ods (Zheng et al., 2023; Gu et al., 2024).

Human evaluation remains the most reliable ap-
proach when following best practices (Howcroft
et al., 2020), though replicability remains challeng-
ing (Belz et al., 2021). The ReproHum project
(Belz et al., 2023), which we participated in (On-
derková et al., 2025), aims to improve it by es-
tablishing guidelines and recommendations. Hu-
man and LLM-based evaluations also enable richer
analysis, such as ranking outputs and error span
annotation (Thomson and Reiter, 2020).

Evaluation is commonly based on benchmarks
such as WebNLG (Gardent et al., 2017a) and DART
(Nan et al., 2021) for triples-to-text, LogicNLG
(Chen et al., 2020a) and LoTNLG (Zhao et al.,
2023b) datasets of Wikipedia tables based on Tab-
Fact (Chen et al., 2020b) and WikiTableQuestions
(Pasupat and Liang, 2015), ToTTo (Parikh et al.,
2020b), or databases in BIRD (Li et al., 2023a).
LLMs have been shown to memorize benchmarks
during pre-training or fine-tuning (Oren et al., 2024;
Xu et al., 2024; Sainz et al., 2023; Balloccu et al.,
2024), inflating performance. Benchmarks also
exhibit uneven performance across domains (Hu
et al., 2025; Diao et al., 2025; Zhu et al., 2025).

3 Presuppositions

This section focuses on how underspecified data
and tasks lead to unintentional assumptions dur-
ing data-to-text generation, affecting faithfulness,
factuality (RQ1), and inference quality including
interestingness of insights (RQ3). We study this
problem in both neural text generation systems and
neuro-symbolic approaches combining code gener-
ation with execution to improve accuracy.

We treat inference as an interaction between
data and assumptions, rather than a purely data-
driven process. In particular, we want to investi-
gate whether models can identify and reconstruct
missing premises (Stahl et al., 2023). Rather than
committing to a single interpretation, we want to
explore methods for surfacing multiple plausible
assumptions to mitigate premature closure (Inayat
et al., 2024), where an LLM-generated answer dis-
courages further human exploration.

Just as a photographer’s intention determines the
focus and exposure of a photograph, making as-
sumptions explicit, we aim to make systems more
controllable and give users greater agency. Explicit
premises also enable rigorous and interpretable
evaluation, as stated assumptions can be examined
and verified using formal or semi-formal verifica-
tion methods (Quan et al., 2025, 2024).

For RQ1, we propose “logical grounding” (LG)
of an insight as a function of its implicit assump-
tions A and misleading claims M :

LG = e−f(A,M), LG ∈ [0, 1]. (1)

Here, A quantifies the implicit assumptions and M
is the number of misleading claims. We define:

A =
∑

i∈IA
w(i), A ∈ [0,∞). (2)
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where IA is the set of missing atomic assumptions
that must be added for the inference to be logically
valid, given there are no previous contradictions.
w(i) measures the ambiguity of assumption i as
the number of its plausible interpretations. The
misleading claims M suggest that a property holds
uniquely, while it is not discriminative (e.g. “Alice
has two cookies” if Bob also has two). We aim
to estimate both the functional forms and behav-
ior of LLMs in under-specified conditions, using
(i) iterative assumption generation with symbolic
verification and (ii) systematic data corruption.

There are many aspects of interestingness, in-
cluding actionability, conciseness, coverage, diver-
sity, novelty, peculiarity, reliability, surprisingness,
and utility (Geng and Hamilton, 2006). For RQ3,
we focus on interestingness as a function of infor-
mation gain (Shannon, 1948) under the reader’s
assumptions, which is closest to novelty and sur-
prisingness. We will begin by analyzing human-
written data-to-text artifacts and then conduct a hu-
man evaluation.

3.1 Linguistic Foundations
Presuppositions are central in language understand-
ing, as humans routinely rely on shared assump-
tions and leave parts of meaning implicit. Lin-
guistic theory characterizes them as unstated back-
ground conditions that are necessary for an ut-
terance to be meaningful (Parrish et al., 2021).
They are often introduced by presupposition trig-
gers, including clause-embedding predicates (e.g,
know, think), implicatives (e.g., manage to, fail
to), change-of-state verbs, clefts, comparatives, as-
pectual verbs, temporal adverbs and numerical de-
terminers (Parrish et al., 2021). For example, the
determiner in “the sun” triggers the assumption that
it is only one (our) Sun, not just any star.

Presuppositions often project through negation
(e.g., “Chet didn’t finish law school” presupposes
he attended it), though their strength varies by con-
text (Parrish et al., 2021). While some triggers im-
pose hard constraints (e.g., “both apples” requires
exactly two), “soft” triggers, unlike entailment, al-
low presuppositions to be canceled or revised (e.g.,

“Chet didn’t finish law school. He attended med
school.” where the second sentence cancels the law
school presupposition) (Parrish et al., 2021).

In addition to semantically grounded presupposi-
tions tied to specific expressions, pragmatic presup-
positions arise from discourse context and shared
expectations between participants (Yu et al., 2023).

3.2 Presuppositions in Question Answering

Work in QA examined questions that are unanswer-
able, ambiguous or contain false presuppositions to
improve generations (Kim et al., 2021; Han et al.,
2023). For example, “Who won the Ethiopia-Italy
war?” is ambiguous since there were two wars,
“Who won the Nobel peace prize for DNA struc-
ture?” has a false presupposition (Han et al., 2023).

Kim et al. (2021) show that a many unanswer-
able questions can be explained by unverifiable
presuppositions, and that generating and verifying
presuppositions improves system responses. Han
et al. (2023) build on this idea using LLM prompt-
ing, demonstrating improved performance without
parameter updates by explicitly extracting presup-
positions and using them as as working memory.
More recent frameworks decompose claims into
presupposition-free subquestions and verify them
iteratively using LLMs (Dipta and Ferraro, 2025).
LLMs may also adopt false presuppositions (even
obviously so), particularly in politically sensitive
contexts, highlighting how they can subtly intro-
duce misleading information (Sieker et al., 2025).

3.3 Resources

Several datasets support the study of presupposi-
tions in LLMs. The NOPE corpus (Parrish et al.,
2021) evaluates a model’s ability to predict human
inferences across multiple presupposition triggers.
They show that older natural language inference
transformer-based models succeed in simple cases
but fail on more complex ones (Parrish et al., 2021).
The CREPE dataset (Yu et al., 2023) focuses on
detecting and correcting false presuppositions in
Reddit questions. The models asses if a sentence
contains a false presupposition and, if so, output
it alongside a corrected sentence. Francis et al.
(2024) introduced a task to explicitly generate pre-
suppositions for an input sentence. They release
two datasets: PGen containing premises and corre-
sponding lists of presuppositions to be generated,
and PECaN containing premise-hypothesis pairs
for classifying presuppositions.

3.4 Published Work

To address limitations in table-to-text generation
evaluation, we developed FreshTab (Onderková
et al., 2025), a dynamic benchmark for insight
generation, following prior work on dynamic
dataset construction (Kasner and Dusek, 2024b;
White et al., 2024). FreshTab collects tables from
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Figure 2: Comparison of faithfulness on old (LoTNLG)
and new datasets (FreshTab), viz Section 3.4.

Wikipedia using only articles created after a speci-
fied knowledge cutoff date to combat LLM mem-
orization. It supports non-English Wikipedias and
domain-sensitive evaluation through the Wikidata
ontology (Zhu et al., 2025). This work received the
Best Short Paper Award at INLG 2025, and its find-
ings motivate research questions in this proposal.

We compare the insights generated on the older
LoTNLG dataset (Zhao et al., 2023b) with those
on FreshTab, with the same domain distribution
and with a diverse domain distribution. Experi-
ments show LLMs behaving differently on the new
data, especially with diverse domains (Figure 2),
revealing model-domain weaknesses. We also gen-
erated insights in German, Russian, and French,
observing trends similar to English, although direct
comparison is not possible due to differing tables.

We conducted a human study to correlate auto-
matic metrics with human judgments and assess
both faithfulness and interestingness. We found
very weak correlations for trained entailment-
based metrics (Pearson correlation 0.12 for TAPAS
(Herzig et al., 2020b) and 0.11 for TAPEX (Liu
et al., 2022b)). LLM-based evaluation achieved
substantially higher correlation (0.53).

3.5 Ongoing Work

Making presuppositions explicit can support sev-
eral goals: understanding and processing messy
input data, personalizing generation to align with
readers’ needs, and enabling more rigorous eval-
uation of faithfulness by clarifying the conditions
under which an output is valid.

Structural assumptions During my work on
table-to-text generation from Wikipedia tables (On-
derková et al., 2025) (Section 3.4), I observed that

presuppositions about table structure are frequently
violated. A manual analysis revealed several recur-
ring issues: (i) inconsistent columns that mix multi-
ple units (e.g., kg, g, lbs) or value types (e.g., time,
meters, points); (ii) inconsistent rows whose seman-
tics differ substantially from the rest of the table,
such as aggregate rows of referee between players;
(iii) transposed tables, where attributes appear in
the first column and values populate subsequent
columns; (iv) tables containing nested sub-tables;
and (v) other structural irregularities, including pri-
marily visual tables lacking a consistent schema.

I conducted preliminary experiments prompting
LLMs to detect such problematic tables, with par-
tial success. I evaluated these cases using the SQuir-
reL pipeline (Section 4.4), where text-to-SQL exe-
cution proved less reliable for such difficult tables.
To address RQ1, I stress-test such structural presup-
positions by systematically corrupting clean tables
from the BIRD dataset (Li et al., 2023b), altering
the semantic structure and injecting inconsistencies.
This setup evaluates whether models can detect vio-
lations and generate explicit structural assumptions
before producing multiple plausible outputs.

Contextual assumptions Beyond structure-
related assumptions, I identified several content-
related presupposition issues: (i) domain expertise,
for example terms such as fresh breeze correspond
to specific wind speed ranges for meteorologists
but not for lay users; (ii) cultural context, such as
whether lower values on a rating scale indicate
better or worse performance; (iii) temporal assump-
tions, including changes in rules or conventions
over time; and (iv) other context-dependent
expectations. These presuppositions may differ
across annotators, posing challenges for evaluation
when they are not made explicit. Moreover, formal
or semi-formal logical verification requires all
relevant premises to be stated explicitly.

I am now exploring methods to systematically
identify missing assumptions in human-written
NLGs gold-references and quantify underspecifica-
tion. To this end, I use a neuro-symbolic pipeline
based on Prolog: (i) input data are encoded as facts
in a Prolog knowledge base; (ii) entities and logical
inferences are extracted from textual insights using
an LLM and translated into Prolog queries; and (iii)
the resulting queries are symbolically verified.

For example, the insight “Australia and Eng-
land have same number of wins.” can be expressed
as: “cell(R1, ’nation’, ’australia’), cell(R1, ’wins’,
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V1), cell(R2, ’nation’, ’england’), cell(R2, ’wins’,
V2), V1 = V2”. Prolog provides a flexible repre-
sentation for logical operations and table structure,
although the pipeline requires further refinement.
In a preliminary analysis of LogicNLG instances
flagged as containing presuppositions, a manual
inspection of 20 cases identified two with missing
assumptions and two with misleading claims.

As a complementary approach, I prompted LLM
to spot and generate the missing assumptions. This
approach now flags 29% of insights as missing as-
sumptions, which is too high and needs improving.
I plan to combine both methods and iteratively gen-
erate possible missing assumptions and verify them
in Prolog, until it finds a valid solution with fitting
atomic assumptions. This could improve bench-
mark labels to “platinum” (Vendrow et al., 2025),
supporting more automated analysis for RQ1.

3.6 Future Work

I plan to participate in the SciClaimEval shared task
(Ho et al., 2026) on verification of scientific claims
from articles against their tables and figures. I ex-
pect our work on verification of table data through
neuro-symbolic methods will be useful and the task
will provide new types of data to explore to make
our work more general. The task also contains a hi-
erarchy of contexts that are needed for the claim
disambiguation, which I hope will be helpful for
our work on presuppositions.

Interestingness To address RQ3, I model inter-
estingness as information gain relative to a reader’s
prior presuppositions. This is motivated by my
analysis of current model failures, which shows
a tendency to favor superficial insights. I hypothe-
size that perceived interestingness depends on the
reader’s prior knowledge. For example, an expert
who expects a typical number of yellow cards in
a football match may find insights about deviations
from this expectation interesting, whereas a non-
expert may not. Conversely, non-experts may find
simpler observations more interesting due to the
lack of such priors.

I will analyze existing data sources, including
Wikipedia tables and their corresponding articles.
With a way to identify assumptions, I will analyze
the human annotated data we had already collected
from human annotation for the FreshTab. Finally,
I will design and conduct a human evaluation to
quantify these relationships and assess how assump-
tions influence perceived interestingness.

4 Deeper Inference

Building on a clearer problem formulation, RQ2 in-
vestigates how models can generate deeper insights
with non-trivial inference over data. Prior work
focused on applying predefined logical operations
over structured inputs, primarily to improve control-
lability and diversity of generated insights (Chen
et al., 2020c; Zhao et al., 2023a,c). While spe-
cific formulations vary, these operations typically
include aggregation (e.g., computing sums or aver-
ages), comparison (contrasting values between en-
tities), and counting (determining how many items
meet a condition). We will build on these operators
while exploring complementary forms of inference,
especially qualitative reasoning through agentic
approaches, which may better support insight gen-
eration in underspecified settings.

To study RQ3, i.e., how depth of inferences in-
fluence perceived interestingness (PI), we define
inference complexity (IC) as:

IC =
∑

o∈O
g(o), IC ∈ R≥0, (3)

where O denotes the set of inference operations
and g(o) their respective contribution to complexity.
We hypothesize that both overly simple (directly
seen from data) and overly complex (too niche)
inferences reduce PI, suggesting a non-monotonic
relationship. Additionally, we hypothesize that dif-
ferent types of operations and their compositions
contribute differently to the perceived interesting-
ness. We will analyze existing data and conduct
a human evaluation to estimate the relationship
between logical structure and perception.

Finally, we model total PI as a function of infer-
ence complexity and user’s information gain (IG):

IG = DKL(Ppost ∥ Pprior), (4)

where Pprior and Ppost denote distributions over
interpretations of the data under the reader’s as-
sumptions before and after observing the insight.

4.1 Logical Reasoning
Logical reasoning provides formal frameworks for
deriving conclusions from premises, while deduc-
tion derives conclusions that are logically entailed
by given premises, induction generalizes rules from
observed instances, and abduction seeks the most
plausible explanation that accounts for available
(and also hypothetical) evidence and rules (Walton,
2014). Unlike deduction, induction and abduction
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Figure 3: Comparison of logical operation counts. Hu-
man choices = orange line, LLM choices = blue bars.

are forms of defeasible inference; even with valid
premises, the conclusion may not be deductively
valid (Walton, 2014). Abduction is especially rel-
evant for insight generation, as it is the only form
of reasoning among these that can introduce novel
explanatory hypotheses rather than recombining ex-
isting information (Bhagavatula et al., 2020). Prior
work shows abductive reasoning can extract latent
knowledge from LLMs (Jung et al., 2022), which
may help surface plausible assumptions. Abductive
formalisms are also used in automated planning to
infer prior events from goals (Shanahan, 2000).

4.2 Qualitative Reasoning
Qualitative reasoning (Forbus, 1997) is motivated
by human cognition, where people rely on coarse
abstractions, heuristics, and mental models rather
than precise numerical computation. This is use-
ful when exact measurements are unavailable, un-
necessary, or infeasible to obtain. For example,
predicting that water on a lit stove will eventually
boil and evaporate requires no knowledge of exact
temperatures or heat transfer rates (Iwasaki, 1997).

It is built on principles that preserve essential
behavioral properties rather than exact quantities:

• Discretization: continuous values represented
symbolically (increasing, decreasing, stable)

• Relevance: focused on relevant states or
thresholds (boiling and freezing point)

• Ambiguity: allows multiple outcomes

These properties make qualitative reasoning well
suited to incomplete, noisy, or underspecified set-
tings. In data-to-text generation, it naturally en-
gages with factuality by using knowledge of world.

4.3 Published Work
Abductive Reasoning Tasks My master’s thesis
studied the performance of language models on

abductive reasoning tasks (Onderková and Nickles,
2023). I evaluated then-prominent open models on
the ART dataset (Bhagavatula et al., 2020). Only
Flan-T5 (Chung et al., 2024) achieved an accuracy
above random choice, while few-shot prompting
did not yield improvements over zero-shot settings.

I further explored abductive reasoning for con-
tent selection and discourse planning by prompt-
ing Flan-T5 on synthetic weather data. While the
models are somewhat effective at selecting relevant
content (mapping data to outcomes such as snow,
rain or clear weather), discourse planning proved
a significant challenge. I might revisit abductive
inference with more capable contemporary LLMs.

Inference Operations In FreshTab (see Sec-
tion 3.4), we studied table-to-text insight gener-
ation using the same set of logical operations and
two-shot chain-of-thought prompting setup as Zhao
et al. (2023c). The model directly generates an in-
sight given a table and a specified logical operation.
According to an LLM judge, models adhered to the
selected logical operation in 81% cases.

I additionally introduced a more flexible setup
where the model, provided with descriptions of
available logical operations, selects which opera-
tion to apply for a given table. This allowed us
to analyze model preference for logical operations
relative to gold human annotations. LLMs strongly
favor simple (e.g., player A gets 2 points), surface-
level outputs, while more complex reasoning types
such as ordinal (e.g., player B has the second most
points) and comparative (e.g., player C has more
points than player A) operations are underused (Fig-
ure 3). Moreover, automatic metrics tend to be
much more reliable for simple surface-level gener-
ations than for inference operations such as ordinal
and comparative. Those findings inform our RQ2.

Content effect We participated in SemEval 2026
Task 11 on Disentangling Content and Formal Rea-
soning in Language Models (Valentino et al., 2026),
which studies syllogistic reasoning under plausible
and implausible (contradicting world knowledge)
premises. Our submission uses a neuro-symbolic
pipeline with a small LLM and a first-order logic
prover. Even a small Qwen 3 4B model (Yang et al.,
2025) shows a strong capability in translating natu-
ral language into first-order logic, especially when
prompted to produce LATEX representations.

I developed an alternative pipeline based on Aris-
totelian reasoning, highlighting differences from
modern first-order logic. To assess whether mod-
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Figure 4: Overview of the SQuirreL approach (with an illustrative example shown in orange).

els adhere to the specified logical framework or
instead default to learned patterns, I compare this
method with zero-shot approach. While the models
reliably recall Aristotelian rules, they often fail to
apply them for inference and default to first-order
logic. When rules are explicitly specified in the
prompt, the model is able to follow them. This
invites analysis of alternative logical frameworks.

4.4 Ongoing Work
Beyond the prompting-based methods evaluated
in Section 3.4, we developed SQuirreL, a neuro-
symbolic pipeline with SQL code execution to ex-
plore whether code generation can support deeper,
more reliable insight generation. The pipeline com-
prises four stages, see Figure 4: (1) insight idea
generation using an LLM over the table and a set
of logical operations, (2) SQL query generation for
data retrieval, (3) execution of the SQL query, and
(4) final insight generation grounded in the query
results. When the SQL execution fails, a reflection-
and-retry mechanism attempts to correct the query
or fall back to a simplified idea.

To identify failure points, we evaluated several
ablations: (i) removing reflection and retry to as-
sess its contribution, (ii) a setup without idea gen-
eration, (iii) replacing SQL execution with LLMs
retrieval, and (iv) a truncated-data setting where
only the first three rows of a table are provided to
test generalization and scalability to large tables.

While SQuirreL reduces incorrect insights com-
pared to prompting, it produces more misleading
insights, resulting in comparable overall quality to
direct prompting baselines. This is primarily due
to noisy real-world tables and limitations in text-to-
SQL generation. Performance degrades notably un-
der table truncation. However, preliminary human
evaluation suggests that SQuirreL produces fewer
trivial summaries and more genuinely insightful
and interesting outputs than the baseline.

To address RQ2, I am moving beyond SQL and
numerical calculation toward queries over knowl-

edge bases and logic programming languages like
Prolog or Isabelle, aligning with work on struc-
tured critique and formal verification of natural lan-
guage explanations (Quan et al., 2025, 2024). As
these formalisms are underrepresented in typical
training data, we anticipate a need for task-specific
fine-tuning, potentially via instruction-tuning CoT
demonstrations (Ranaldi and Freitas, 2024).

4.5 Future Work

I plan to explore the qualitative reasoning for NLG,
using “softer” CoT prompting for quasi-symbolic
abstractions (Ranaldi et al., 2025) and qualitative
reasoning over data or causal sketches. These for-
malisms should enable more human-like qualitative
reasoning, better suited for noisy and incomplete
environments. The qualitative reasoning seems suit-
able for using agentic frameworks such as multi-
agent debate (Smit et al., 2024) to improve infer-
ence depth and factuality.

As for RQ3, I will analyze insight complexity
by identifying the number of logical operations in
existing data, using both neural models and com-
plementary regex approaches. The most decisive
will be a well-planned human evaluation, for which
I will systematically craft insights using rule-based
methods and templates to comprehensively cover
various logical operations and their combinations.

5 Conclusion

This thesis proposal reframes data-to-text genera-
tion as an assumption-sensitive inference problem,
rather than a data-driven transformation task. By
intentionally surfacing tacit assumptions and ex-
ploring structured reasoning strategies, we aim to
move beyond surface-level insights toward deeper
inference. We presented completed and ongoing
work on presuppositions and logical inference, and
outlined a research agenda dedicated to improving
the reliability, interestingness, interpretability, and
controllability of insight generation.
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Limitations

This work focuses primarily on data-to-text genera-
tion, which may restrict the direct generalizability
of findings to other tasks. Most experiments rely on
open-weight language models, which currently lag
behind closed models in some capabilities. The
evaluation of deeper inference, presuppositions,
and interestingness is subjective and depends on
the user. Automatic evaluations have specific pref-
erences and biases that may not be generalizable
across diverse users and domains. The reasoning
patterns explored, while extending beyond stan-
dard logical operators, still represent a constrained
subset of possible strategies.
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