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Abstract

Data-to-Text Generation (D2T)—the task of transforming structured or semi-structured

data such as tables, graphs, and meaning representations into readable and faithful nat-

ural language—has advanced substantially with the advent of language modeling, par-

ticularly with Large Language Models (LLMs). Despite remarkable improvements in

language model-based D2T systems in terms of readability, maintaining faithfulness—

defined in terms of informativeness and factual consistency—remains a persistent chal-

lenge. This thesis presents a systematic exploration of faithfulness in language model-

based D2T, focusing on both its evaluation and enhancement, with particular attention

to influential factors such as source–reference divergence.

The thesis first introduces a structure-aware encoder-decoder framework, based on pre-

LLM architectures such as Long Short-Term Memory (LSTM), which encodes input data

according to its record-field hierarchy and enhances informativeness through selective

gating and hierarchical encoding. It then transitions to LLM-based D2T, conducting a

large-scale evaluation across multiple D2T benchmarks and LLM families. The study

identifies source-reference divergence—the semantic mismatch between input data and

reference text—as a primary factor influencing readability, informativeness, and overall

faithfulness. To address this issue, a divergence-weighted training approach is proposed,

employing an adaptive loss function that significantly improves model performance. Fo-

cusing specifically on factual consistency, the thesis presents a detailed evaluation of

widely used LLMs using both automatic and human assessments, with improvements

quantified through the Average Rate of Change. The findings demonstrate that source-

reference divergence is a major contributor to factual inconsistency. To mitigate this

effect, a divergence-aware selective generation framework is introduced, enabling models

to abstain from producing factually inconsistent outputs under conditions of high diver-

gence, thereby improving factual consistency without substantial coverage loss. Finally,

empirical and mathematical analyses of scaling behavior reveal that factual inconsis-

tency in D2T follows an exponential—rather than a power-law—scaling with respect to

model size, compute, and data volume, an observation validated through a statistical

framework, VaCScal.

Collectively, the findings of this research provide both conceptual and empirical insights

into faithfulness in language model-based D2T, laying a foundation for the development

of future models that are not only readable but also factually faithful.
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Chapter 1

Introduction

Data-to-Text Generation (D2T) [4–6] is a branch of text generation that focuses on

automatically transforming structured or semi-structured data—such as tables [2],

graphs [1, 7], or meaning representations [8]—into human-readable natural language

descriptions. Its applications span a wide range of domains, including weather forecast-

ing [9], automated journalism [10, 11], and dialogue systems [12], among others.

deathPlace birthPlace

selectedByNasa

Alan

Shepard

New HampshireCalifornia

1959

Alan Shepard, born in New

Hampshire, but died in

California, was hired by NASA

in 1959.

Graph

Text

D2T

Figure 1.1: An example of D2T from the DART dataset [1], illustrating the transfor-
mation of a graph into its corresponding natural language description.

Language models are fundamental to all forms of text generation, including D2T, owing

to their exceptional ability to produce coherent and contextually appropriate text [13–

15]. Over time, D2T has evolved in parallel with advancements in language model-

ing [16–18]. Early progress stemmed from statistical [19–22] and recurrent neural net-

work (RNN)-based language models [23, 24], which offered substantial improvements in

fluency and coherence while enabling faster development compared to traditional rule-

based D2T systems [25, 26] that were labor-intensive, time-consuming, and dependent on

extensive domain-specific engineering. A major shift occurred with the advent of large

language models (LLMs) [27–29], driven primarily by transformer architectures [30],

which have redefined the state of the art in D2T. LLM-based approaches demonstrate

remarkable fluency, coherence, and adaptability, often producing human-like narratives

directly from structured or semi-structured data sources [31–33].

1



Introduction 2

Despite their strong performance in readability—particularly in terms of fluency, clar-

ity, and coherence—language model-based D2T systems continue to struggle with a

fundamental challenge: preserving faithfulness to the source (input) data during gener-

ation [34, 35]. Several factors, including repetitive generation [36, 37], weak grounding

in training data [38, 39], decoding errors [40, 41], and inherent model biases [42, 43], can

lead to unfaithful outputs where generated statements are unsupported by or contradict

the input data [44, 45]. Faithfulness in D2T is commonly characterized along two di-

mensions: informativeness, which assesses whether the generated text captures salient

information from the input [46, 47], and factual consistency, which evaluates whether

generated content remains correct with respect to the source data [13, 48]. Failures in

either dimension may reduce the reliability and trustworthiness of D2T systems and

could be particularly concerning in applications where factual accuracy is important,

including domains such as healthcare and medical report generation [49–51].

Although considerable progress has been made in improving the fluency and generation

capabilities of language model-based D2T systems, the reliable evaluation and enhance-

ment of faithfulness in D2T remain open challenges [35, 52, 53]. Existing approaches

for D2T often rely on imperfect automatic evaluation metrics, make assumptions re-

garding source-reference alignment, or overlook factors such as the structural properties

of source data and source-reference divergence, i.e., discrepancies between source inputs

and their corresponding human-written references [39, 54]. Consequently, understanding

how these factors affect faithfulness in D2T systems remains an active research direction

and may contribute to the development of more reliable data-to-text generation systems.

Motivated by these challenges, this thesis investigates faithfulness in language model-

based D2T systems, with particular emphasis on large language models (LLMs), ad-

dressing both the evaluation and enhancement of faithful generation. Faithfulness is

viewed as the integration of two complementary dimensions: informativeness and factual

consistency. These dimensions are systematically studied using representative contem-

porary language models, particularly LLMs such as FLAN-T5 [55], Mamba [56], and

Qwen2.5 [33], across widely adopted D2T benchmarks including E2E [8], DART [1],

and WikiTableText [2], with particular attention to factors such as source structure and

source-reference divergence.

In the following sections of this chapter, we begin by presenting a brief description of

D2T (section 1.1). Since language models play a pivotal role in D2T, we then discuss,

in section 1.2, the underlying principles of language modeling, including its core objec-

tives, training and decoding strategies, and the prevalent paradigms of pre-training and

fine-tuning. Building upon this foundation, we illustrate how language modeling inte-

grates with D2T, leading to the emergence of probabilistic D2T approaches (section 1.3).
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Subsequently, in section 1.4, we outline the key performance criteria for evaluating D2T

systems, focusing on two essential qualities: readability—encompassing fluency, coher-

ence, and clarity—and faithfulness—comprising informativeness and factual consistency.

This is followed by a brief overview of the evolution of D2T with language models and

their performance advancements over time (section 1.5). Next, in section 1.6, we address

the challenge of ensuring faithfulness in language model-based D2T, emphasizing its sig-

nificance as a central research problem. Finally, the chapter concludes by outlining the

objectives of this thesis (section 1.7) and providing an overview of its overall structure

(section 1.8), thereby offering a clear roadmap for the subsequent chapters.

Table-to-TextGraph-to-Text MR-to-Text

subjtitle

ajayan

(director)

subjsubtitle

birthPlace

Adam

McQuaid

1986

Canada

birthYear

Adam McQuaid was born in Canada in

1986.

ajayan directed the film of sarvakalashala in 1987 .

filmography

year

1987

flim

sarvakalashala

The Dumpling Tree is an Italian

restaurant with high prices.

name = The Dumpling Tree,

eatType = restaurant,

food = Italian,

priceRange = high

Data-to-Text

Figure 1.2: Overview of D2T with three major types: graph-to-text (left), table-to-
text (middle), MR (meaning representation)-to-text (right).

1.1 Data-to-Text Generation (D2T)

D2T refers to the task of automatically transforming structured or semi-structured

data—such as tables, graphs, or meaning representations—into coherent and contextu-

ally appropriate natural language text [57–60]. Depending on the structure of the input

representation, D2T tasks are generally classified into three broad categories [35]: graph-

to-text, table-to-text, and MR-to-text (Figure 1.2). In graph-to-text generation [1, 7],

structured graph data or sets of knowledge triples are converted into fluent textual nar-

ratives, while table-to-text generation [2, 47, 61] produces natural language descriptions

from tabular data. MR-to-text generation [8, 62–64] focuses on verbalizing slot–value

pairs, commonly referred to as meaning representations (MRs). D2T has been applied

across a variety of domains, including weather forecasting [9], automated journalism [5],

and dialogue systems [65], and more recently in safety-critical contexts such as medical

report generation [66], where factual accuracy and reliability are of utmost importance.
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It is typically viewed as a form of conditional text generation, wherein the output text

is conditioned on structured input data—similar in spirit to related tasks such as image

captioning, machine translation, and summarization [14, 26, 52]. However, unlike these

tasks, where the input is predominantly unstructured or sequential text, D2T operates

on structured or semi-structured representations [35, 38]. This distinction introduces

unique challenges, particularly due to the phenomenon of source–reference divergence,

which arises when the reference text in a dataset exhibits factual or semantic discrep-

ancies relative to its corresponding source input [39, 54, 67–69]. An example of such

divergence is illustrated in Figure 1.3. Addressing these challenges requires specialized

alignment strategies, training objectives, and representation techniques to ensure that

models accurately interpret and faithfully verbalize the input data.

name (Super Mario World),

genres (platformer),

player perspective (side view)

dialog act (recommend)

If you're after a side scrolling

platformer, Super Mario World is a

fun game. Have you ever played it

before?

Source Reference

Figure 1.3: An example of source-reference divergence, taken from the WikiTable-
Text [2] dataset. The reference text includes two additional facts (bolded and under-
lined) - ‘scrolling performer’ and ‘fun game’ - that are absent in the corresponding

source data.

Although D2T has been applied across a wide range of domains, the experimental studies

presented in this thesis primarily rely on widely adopted benchmark datasets to enable

comparison with existing baselines and maintain consistency with established experimen-

tal settings in prior literature. Across different studies included in this thesis, experi-

ments are conducted using the following prevalent D2T datasets: E2E, ViGGO, DART,

WebNLG, WikiTableText, and WikiBio. These datasets collectively cover diverse in-

put representations, domains, and generation characteristics. Specifically, E2E [8] is

an MR-to-text dataset in the restaurant domain where structured slot–value pairs are

transformed into natural language descriptions. ViGGO [62] is another MR-to-text

dataset focusing on the video game domain and contains richer semantic structures with

more diverse dialogue acts. DART [1] and WebNLG [7] belong to the graph-to-text

category, where structured knowledge triples from multiple domains are verbalized into

coherent textual descriptions. In contrast, WikiTableText [2] and WikiBio [4] are table-

to-text datasets that generate descriptive text from tabular information extracted from

Wikipedia. Together, these datasets provide broad coverage across graph-to-text, table-

to-text, and MR-to-text D2T tasks. The findings presented in this work should therefore

be interpreted within the scope of these benchmark datasets, and no direct extrapolation

is made beyond them. Nevertheless, as is common in empirical research, the observations
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and insights obtained from these experiments may motivate follow-up investigations and

provide directions for extending the proposed ideas to broader domains and settings.

Most contemporary D2T systems are built upon a probabilistic framework, largely driven

by the advancements in language models, which form their fundamental core owing to

their remarkable generative capabilities [14, 70, 71]. In the following section, we discuss

the principles of language modeling in greater detail.

1.2 Language Modeling

Language modeling serves as the foundational computational framework for probabilistic

text generation tasks, including D2T [33, 72]. A typical language model operates through

three core components: the objective, training, and decoding (or inference) stages. Recent

advancements in language modeling have been propelled by the paradigms of pre-training

and fine-tuning, which have significantly improved the generalization and adaptability

of models across a wide range of generation tasks [73].

Objective. The objective of language modeling is to learn a probabilistic model Qϕ,

parameterized by ϕ, that assigns a likelihood to a sequence of tokens [20, 28, 74], thereby

capturing the underlying structure and semantics of language:

Qϕ : Pr(w1, w2, . . . , wT ;ϕ). (1.1)

Direct modeling of this joint probability (Equation 1.1) is intractable for long sequences;

hence, it is decomposed via the chain rule of probability:

Pr(w1, w2, . . . , wT ;ϕ) =
T∏
t=1

Pr(wt | w1, w2, . . . , wt−1;ϕ) (1.2)

= Pr(w1) Pr(w2 | w1;ϕ) . . .Pr(wT | w1, . . . , wT−1;ϕ). (1.3)

As shown in Equation 1.3, the autoregressive formulation serves as the foundation for

most language models [75, 76].

Training. Given a dataset D comprising a collection of texts (i.e., token sequences),
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D =
{
x(i)
}|D|

i=1
, where x(i) = w

(i)
1 w

(i)
2 . . . w

(i)
Ti
, (1.4)

the training objective in language modeling is to estimate the parameters ϕ by max-

imizing the likelihood of the observed sequences, typically using maximum likelihood

estimation (MLE) [77]:

ϕ∗ = argmax
ϕ

|D|∏
i=1

Pr(x(i);ϕ) = argmin
ϕ

L(ϕ). (1.5)

Where the loss L(ϕ) is commonly defined as the negative log-likelihood (NLL), or equiv-

alently, the cross-entropy loss [78]:

L(ϕ) = −
|D|∑
i=1

log Pr(x(i);ϕ) = −
|D|∑
i=1

Ti∑
t=1

log Pr
(
w

(i)
t | w

(i)
1 , . . . , w

(i)
t−1;ϕ

)
. (1.6)

Decoding. Decoding [79], or inference, enables a trained language model Qϕ∗ to de-

termine the next token (ŵt) given the preceding context:

ŵt = decoding
at t-th step

Qϕ∗(w1, w2, . . . , wt−1) (1.7)

= decoding
at t-th step

Pr (· | w1, w2, . . . , wt−1;ϕ
∗) . (1.8)

Common decoding strategies can broadly be categorized into deterministic and stochas-

tic approaches. Deterministic decoding methods primarily include greedy search and

beam search. Greedy search generates text by selecting the token with the highest

conditional probability at each decoding step, making it computationally efficient but

often leading to repetitive outputs or suboptimal local decisions. Beam search extends

this approach by maintaining multiple candidate sequences (beams) during generation

and selecting the sequence with the highest cumulative probability, thereby exploring

a larger search space and often improving generation quality. In contrast, stochastic

decoding methods introduce randomness into the generation process to enhance output

diversity. Common stochastic approaches include top-k sampling, pure sampling, and

nucleus (top-p) sampling. In top-k sampling, the model restricts the candidate token
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space to the top k most probable tokens and samples the next token from this reduced

distribution, preventing selection from low-probability tokens while still preserving di-

versity [40]. Pure sampling selects the next token directly from the entire conditional

probability distribution, allowing highly diverse outputs but potentially generating low-

quality or incoherent text. To mitigate this issue, nucleus (top-p) sampling dynamically

selects the smallest set of candidate tokens whose cumulative probability exceeds a

threshold p, balancing generation diversity and quality by filtering out unlikely token

candidates [79].

Pre-training Fine-tuning Paradigm. Language models achieve broad adaptabil-

ity through a two-stage paradigm of pre-training and fine-tuning [27, 73, 78]. In this

framework, pre-training focuses on learning general linguistic and semantic knowledge

from large unlabeled corpora via self-supervised objectives such as next-token prediction,

while fine-tuning adapts the model to specific downstream tasks using labeled data [80].

During pre-training, the model Qϕ is trained on an unlabeled dataset Dpt to minimize

the negative log-likelihood loss:

Lpt(ϕ) = −
∑

x∈Dpt

T∑
t=1

log Pr(wt | w1, . . . , wt−1;ϕ) (1.9)

Subsequently, fine-tuning [80] adapts these parameters to a specific task using a labeled

dataset Dft, optimizing the conditional likelihood of target output y given input x:

Lft(ϕ) = −
∑

(x,y)∈Dft

log Pr(y | x;ϕ). (1.10)

This two-stage framework allows efficient transfer of general language knowledge to task-

specific applications, significantly enhancing the model’s adaptability and performance

across diverse language generation tasks [73, 80].

Language Model Architectures. Most Language models are implemented using

one of two major architectural paradigms: encoder–decoder architecture [77, 81] and

decoder-only architecture [28, 76], as illustrated in Figure 1.4. The encoder–decoder ar-

chitecture consists of two components that operate jointly. The encoder first processes

the input sequence (e1, e2, . . . , em) and transforms it into a latent contextual representa-

tion that captures semantic and syntactic information from the input. The decoder then
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Encoder

Encoder-decoder model Decoder-only model

Decoder Decoder

Figure 1.4: Two of the most widely adopted architectures for language modeling
are the encoder–decoder architecture (left) and the decoder-only architecture (right).
The sequence e1, e2, . . . , em denotes the source input consisting of m tokens, while the
generated textual output is represented as w1, w2, . . . , wn, comprising n output tokens.

utilizes this encoded representation to generate the target sequence (w1, w2, . . . , wn) to-

ken by token, often through an attention mechanism that allows the model to selectively

focus on relevant parts of the input during generation. This architecture is particularly

suitable for sequence transformation tasks such as machine translation, summarization,

and D2T, where the output is conditioned on a separate input sequence. In contrast,

decoder-only architectures generate text in an autoregressive manner by predicting each

subsequent token (w1, w2, . . . , wn) based on previously observed context (e1, e2, . . . , em).

Rather than explicitly separating encoding and generation stages, these models rely on

self-attention mechanisms to learn contextual dependencies directly within the input

sequence. Owing to their simplicity and scalability, decoder-only models have become

the foundation of many contemporary large language models and are widely used for

text completion and instruction-following tasks.

From Language Models to Large Language Models (LLMs). LLMs extend the

paradigm of pre-trained language models by scaling both model parameters and training

corpora, often reaching billions of parameters [70, 82, 83]. They capture rich linguistic

and semantic dependencies across diverse contexts and support large context windows for

extended text generation [29, 32]. To efficiently adapt LLMs to specific tasks, parameter-

efficient fine-tuning methods such as LoRA [84, 85] and prefix-tuning [86] update only

a subset of parameters, while prompting-based techniques enable zero-shot and few-

shot adaptation through instruction or example conditioning [87]. These innovations

collectively make LLMs highly flexible and effective for natural language generation,

leading to their widespread adoption across a broad range of generative AI applications.
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1.3 From Probabilistic D2T to Language Model-based

D2T

As discussed earlier, recent approaches to D2T are predominantly probabilistic in nature

and leverage language models as their core generative framework [35]. Here, we establish

a brief formal connection between the probabilistic formulation and language model-

based implementations of D2T. A probabilistic formulation of D2T can be expressed as

a conditional mapping function:

fD2T : X × Y → [0, 1], (1.11)

where fD2T(x, y) represents a probability distribution over the joint space of inputs X

and outputs Y . Here, X denotes the space of structured or semi-structured data (such as

tables, graphs, or meaning representations), and Y denotes the space of corresponding

natural language texts. For a given input x ∈ X, the model assigns a probability to

each possible textual realization y ∈ Y , defined as

fD2T(x, y) = Pr(y | x) (1.12)

This conditional probability models the inherently stochastic nature of language gener-

ation, assigning higher probabilities to more fluent and faithful descriptions of the input

data. In practice, fD2T is parameterized by a probabilistic modelMθ, where θ denotes

the set of trainable parameters. The goal ofMθ is to approximate the true conditional

distribution Pr(y | x) (Equation 1.12) by maximizing the likelihood of generating text

y that is both semantically relevant and faithful to the input x.

Due to their exceptional generative ability, language models have become the domi-

nant choice for implementing Mθ in D2T [6, 18]. Typically, Mθ is instantiated as a

language model Qϕ, parameterized by ϕ, where ϕ ⊆ θ. This design reflects a common

paradigm in which a pre-trained language model serves as the core generative component

within a broader D2T architecture, possibly enhanced with additional modules—such

as copy mechanisms or parameter-efficient fine-tuning adapters (e.g., LoRA)—for im-

proved control and task adaptation. Under this formulation, the conditional probability

of generating a text y given an input x can be expressed as:
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Mθ(x) ≈ Qϕ(x) (1.13)

where this approximation assumes that the auxiliary/additional modules primarily guide

or adapt Qϕ without altering its fundamental generative objective (Equation 1.12).

Performance Criteria for D2T

Readability Faithfulness

Fluency

Clarity

Coherence

Informativeness

Factual

Consistency

Figure 1.5: Performance criteria for D2T, comprising two primary criteria—
readability and faithfulness—along with their respective dimensions: fluency, coherence,
and clarity for readability; informativeness and factual consistency for faithfulness.

1.4 Performance Measurement of D2T Systems: Readabil-

ity and Faithfulness

The performance of a D2T system is generally measured along two fundamental di-

mensions of quality: readability and faithfulness [35, 52]. Readability pertains to how

well the generated text aligns with human linguistic standards, encompassing three key

dimensions—fluency (the grammatical correctness and natural flow of the text) [88, 89],

coherence (the logical organization and smooth progression of ideas) [90], and clarity

(the precision and unambiguity with which ideas are expressed, minimizing confusion or

misinterpretation) [91]. A readable output should be both syntactically well-formed and

stylistically natural, ensuring that the generated text is easily comprehensible to human

readers.

However, readability alone does not guarantee the reliability of a D2T system. Another

crucial criterion, faithfulness, assesses the extent to which the generated text accurately
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reflects the information contained in the input data [13, 92]. Faithfulness is commonly

characterized by two dimensions: informativeness [38, 39] and factual consistency [34,

93]. These two dimensions of faithfulness in D2T capture the following objectives:

Informativeness measures whether the generated text from a D2T includes all

salient and relevant information from the input source data.

Factual Consistency assesses the extent to which the generated text from a D2T

remains consistent with the input source data, without introducing unsupported,

contradictory, or distorted information.

Informativeness is often task-dependent and subjective, as its evaluation typically re-

quires consideration of the user’s intent or reference texts to determine whether the

generated text conveys relevant information from the source data. In contrast, factual

consistency is more objective, as it concerns the factual correctness of the generated text

with respect to the given source data. In many D2T settings, evaluating the factual con-

sistency of generated text with respect to the reference text alone is often sufficient, as

the reference text generally conveys the same information as the input source data [53].

However, situations may arise in which the source and reference exhibit semantic or fac-

tual discrepancies, a phenomenon referred to as source-reference divergence [39, 48, 94].

Under these conditions, evaluating consistency with respect to both the source and the

reference becomes important for obtaining a more reliable assessment. Moreover, as

source data in D2T are typically structured or semi-structured, factual consistency can,

in principle, be assessed directly against the source data, provided that the source in-

formation can be appropriately verbalized/linearized [65], which is often challenging in

practice.

Factual consistency shares similarities with entailment in Natural Language Inference

(NLI) [95, 96], where the objective is to determine whether a claim/hypothesis is sup-

ported by a given premise. In D2T, the generated text can be viewed as the claim/hy-

pothesis and the source data as the premise. However, factual consistency in D2T differs

from traditional NLI in multiple ways. Unlike NLI, where both the premise and hypoth-

esis are textual, D2T source data are often structured or semi-structured (e.g., tables,

graphs, or meaning representations), making fact extraction and representation crucial.

Furthermore, using reference texts as premises may be unreliable in the presence of

source-reference divergence, where references differ from the source data. Despite these

differences, many studies have employed entailment-based measures to approximate fac-

tual consistency [35], either by assessing generated text with respect to reference texts

or by verbalizing/linearizing source data into text.
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It is worth noting that this thesis focuses on factual consistency in D2T with respect to

the input source data. In contrast, factuality [97, 98], which concerns the truthfulness of

generated text with respect to both the source data and broader real-world knowledge

(which may include additional information that supplements or supports the source

data), is beyond the scope of this thesis.

US Open1979 hardSurfaceChampionship

In 1979, the championship was the US open and the surface was

hard.

The US Open is a surface

hard event.

The surface of the

tournament was hard.

The US open championship

in 1979 was hard.

Informativeness (no)

Factual consistency (yes)

Informativeness (?)

Factual consistency (no)

Informativeness (no)

Factual consistency (no)

Source

Reference

Generation 1

Generation 2

Generation 3

Figure 1.6: Examples of generations exhibiting lack of informativeness and factual
consistency.

Figure 1.6 illustrates three examples of model generations that suffer from non-

informativeness, factual inconsistency, or both. The examples are drawn from a graph-

to-text dataset, specifically from DART [1]. The source data (a graph representing

information about the ‘US Open’) and the corresponding gold reference text are shown

alongside three erroneous generations (Generation 1, Generation 2, and Generation 3),

produced by models from the BART [31], FLAN-T5 [55], and OPT [99] families, respec-

tively. Generation 1 (BART) exhibits a lack of informativeness, as it omits a crucial

detail about the year 1979. However, it does not suffer from factual inconsistency, since

the generated text contains no unsupported or contradictory facts relative to the source

data. In contrast, Generation 2 (FLAN-T5) demonstrates factual inconsistency, mis-

interpreting the input by stating that the ‘championship is hard,’ whereas the source

data specifies that the surface is hard. Finally, Generation 3 (OPT) suffers from both

issues—it omits key information and introduces factual errors, resulting in a generation

that is neither informative nor factually consistent with the source data.

An effective D2T system must therefore strike a balance between readability and faith-

fulness—producing text that is not only linguistically fluent but also factually accurate

and true to the source data, thereby ensuring that the generated output is both natural

and trustworthy [35, 100].
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1.5 Evolution of D2T with Language Models and Their

Performance

The evolution of D2T has progressed in tandem with advancements in language mod-

eling. Early D2T systems were primarily rule-based [25], relying on manually designed,

domain-specific pipelines encompassing content selection, content planning, referring

expression generation, and surface realization. Although these systems offered inter-

pretability and precise control, they required extensive manual effort and lacked scala-

bility and generalization [22, 52, 101].

The advent of statistical language models marked an important transition toward au-

tomation in D2T [10, 22, 101, 102]. Statistical n-gram models [19, 20, 103] introduced

a probabilistic framework that unified various stages of the D2T pipeline under a sin-

gle data-driven paradigm. These models improved scalability and robustness but often

produced text that was disfluent, repetitive, or lacking in coherence [104–106].

A significant development occurred with the emergence of neural language models, par-

ticularly those based on recurrent neural networks (RNNs) [107] and Long Short-Term

Memory (LSTM) architectures [23]. These models enabled D2T systems to capture

long-range dependencies and generate more fluent text [4, 108, 109]. The introduction

of encoder–decoder architectures [77] further expanded these capabilities by support-

ing end-to-end training from structured inputs to natural language outputs [12, 110].

Despite these gains in readability, maintaining faithfulness and factual consistency re-

mained a persistent challenge [5].

The integration of attention mechanisms [63, 111–113] and the adoption of pre-training

and fine-tuning paradigms [73] gave rise to more powerful neural D2T systems [47,

61, 63, 108, 109, 114, 115], improving fluency, coherence, and contextual alignment.

The introduction of the Transformer architecture [30] represented another important

advancement, offering parallelized sequence modeling and improved handling of long-

range dependencies, which further enhanced both readability and overall performance.

A recent phase in the evolution of D2T is driven by LLMs [27, 28, 31, 76]. Built

upon transformer architectures and pre-trained on vast corpora using self-supervised

objectives [27, 74, 77, 78], LLMs have achieved strong performance in D2T [14, 34,

35], achieving high level of fluency, coherence, and stylistic naturalness. Through fine-

tuning and parameter-efficient adaptation [42, 116], these models often exhibit strong

generalization capabilities even with limited task-specific data.
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Nevertheless, despite their impressive readability and linguistic sophistication, LLM-

based D2T systems continue to struggle with factual faithfulness—particularly in main-

taining both the accuracy and completeness of the information conveyed [93, 100]. This

limitation underscores a key ongoing challenge in language model-based D2T systems.

1.6 Ensuring Faithfulness: A Key Challenge in Language

Model-based D2T

Although language model-based D2T systems—including LLMs—have achieved notable

improvements over earlier approaches, particularly in terms of readability, they continue

to face persistent challenges in maintaining faithfulness to the source data, especially

with respect to informativeness and factual consistency [34, 35, 117]. Faithfulness in

language model-based D2T is impeded by several factors, including exposure bias arising

from teacher-forced training, which causes error accumulation during free-form gener-

ation [92]; source–reference divergence in D2T datasets, where reference texts deviate

factually from the structured input, weakening data grounding [38]; stochastic decoding

strategies, which introduce variability and factual inaccuracies [118]; and pre-training

biases stemming from noisy or unbalanced data, which lead models to overgeneralize

or rely on prior world knowledge rather than the provided input [119, 120]. A lack of

faithfulness often manifests as hallucination [54, 121], where the model generates content

that is unsupported by—or even contradictory to—the source data, thereby undermin-

ing the reliability and factual integrity of the generated text. Such behavior may pose

risks in high-stakes domains such as healthcare, law, and autonomous decision-making,

where factual precision and accountability are paramount [49–51]. This overarching

challenge can be examined along two major directions. The first concerns the evaluation

of faithfulness in language model-based D2T systems. Although research on faithfulness

evaluation has grown substantially in recent years, several challenges remain, particu-

larly for LLM-based D2T systems. The second direction involves the enhancement of

faithfulness, which aims to mitigate the aforementioned sources of unfaithfulness—such

as weak data grounding and model biases—that contribute to inaccurate or misleading

text generation. Therefore, evaluating and enhancing faithfulness in language model-

based D2T systems is a critical step toward ensuring their trustworthiness.

1.7 Objectives and Contributions of the Thesis

The challenges outlined in section 1.6 underscore the critical need to improve faithful-

ness in language model-based D2T. In response, this thesis pursues two complementary
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objectives: (i) to systematically evaluate faithfulness and (ii) to develop methods for

enhancing faithfulness in language model-based D2T systems.

In pursuit of these objectives, the thesis makes several key contributions, focusing on

the two fundamental dimensions of faithfulness: factual consistency and informative-

ness. First, it presents a pre-LLM structure-aware encoding framework designed to

enhance the informativeness aspect of faithfulness by leveraging hierarchical representa-

tions of input data and incorporating selective attention gating to refine content selection

and representation. Second, it presents an empirical evaluation of state-of-the-art lan-

guage models across multiple D2T benchmarks, identifying source-reference divergence

as an important factor associated with model faithfulness and proposing a divergence-

weighted training strategy with an adaptive loss function to mitigate its effects. Third,

it provides a broad analysis of factual consistency in LLMs using both automatic and

human evaluations, culminating in the development of a divergence-aware selective gen-

eration framework that improves factual consistency under the evaluated benchmark

settings while retaining much of the informativeness of generated outputs. Finally, the

thesis presents empirical evidence, supported by a mathematical rationale, suggesting

that factual inconsistency in LLM-based D2T systems follows an exponential rather

than a power-law scaling trend under the evaluated D2T settings with respect to model

size, compute, and data volume, a finding further examined through a statistical frame-

work termed VaCScal. Collectively, these objectives and contributions define a unified

research agenda that bridges the diagnostic and corrective aspects of faithfulness in

language model-based D2T. Through detailed evaluation and enhancement strategies,

the thesis contributes toward the development of more reliable and trustworthy D2T

systems that may be useful in applications where factual accuracy is important.

1.8 Thesis Overview

The subsequent chapters of this thesis are organized to progressively explore the eval-

uation and enhancement of faithfulness in language model-based D2T, focusing on its

two core dimensions—informativeness and factual consistency.

Chapter 2 describes a structure-aware encoding framework designed to enhance informa-

tiveness in pre-LLM D2T architectures. It presents an encoder–decoder framework based

on LSTM networks that encodes input data according to its inherent record–field hier-

archy. The proposed model improves informativeness through selective content gating

and sequential–hierarchical encoding, thereby facilitating more effective content selection

and structured representation.
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Chapter 3 presents an extensive performance evaluation of state-of-the-art LLMs for

D2T. It examines models from five major LLM families—BART, T5, BLOOM, OPT,

and Pythia—across five widely used datasets: E2E, DART, ViGGO, WikiTableText,

and WebNLG, encompassing the three principal D2T paradigms of table-to-text, graph-

to-text, and MR-to-text generation. The chapter evaluates LLM performance in terms

of readability, informativeness, and faithfulness, and identifies source–reference diver-

gence—the semantic mismatch between input data and reference text—as a primary

factor undermining these dimensions. To mitigate this issue, it introduces a divergence-

weighted training strategy with an adaptive loss function, which improves performance

of LLM-based D2T systems across the evaluated datasets and metrics.

Chapter 4 reports the findings of a broad empirical study on factual consistency, a key

component of faithfulness in D2T. It systematically evaluates factual consistency across

multiple LLM families using both automatic and human assessments. To analyze the

relationship between model scaling and factual consistency, the chapter employs the

Average Rate of Change (AROC) as a robust quantitative indicator, offering insights

into how factual consistency evolves with model scale.

Chapter 5 discusses approaches for mitigating factual inconsistency in LLM-based D2T.

It introduces a divergence-aware selective generation framework that enables models

to selectively abstain from generating text when input–reference divergence exceeds a

defined threshold. This mechanism enhances factual consistency while maintaining sat-

isfactory levels of coverage and informativeness.

Chapter 6 presents an empirical and mathematical investigation into the scaling be-

havior of factual inconsistency in LLM-based D2T. The analysis suggests that factual

inconsistency follows an exponential, rather than a power-law, relationship with respect

to model size, computational capacity, and data volume. To validate this observation,

the chapter introduces a statistical validation framework, VaCScal, which provides sta-

tistical evidence supporting the exponential scaling trend and provides a mathematical

rationale for its emergence.

Finally, Chapter 7 concludes the thesis by summarizing the key findings from all preced-

ing chapters, discussing the major contributions of this research, and outlining potential

directions for future work aimed at improving the faithfulness, factual grounding, and

reliability of language model-based D2T systems.



Chapter 2

Enhancing Informativeness in

D2T through Structural Encoding

This chapter1 presents a pre-LLM, structure-aware LSTM-based encoder–decoder frame-

work for data-to-text generation (D2T) that aims to enhance faithfulness in terms of

informativeness. The proposed model encodes the input data according to its underlying

structure, with the goal of producing representations that are more suitable for D2T.

It further incorporates attention gates in the decoder to selectively attend to relevant

content, which is associated with improved quality and informativeness on the evaluated

benchmarks. This chapter presents the design of the proposed model and reports the

results of experiments conducted on the WikiBio and E2E datasets. The experimental

findings suggest that the proposed approach performs competitively and achieves im-

provements over the evaluated baseline and comparison systems under the considered

experimental settings.

2.1 Background

Owing to their end-to-end training and the fluency of the generated text [8, 77], en-

coder–decoder based architectures have been commonly used in D2T systems [47, 61].

However, in such frameworks, obtaining an informative encoding of the input data re-

mains a key challenge. Since the input data in many D2T tasks naturally exhibit a

record–field structure (as illustrated in Table 2.1), incorporating structural encoding

may provide a useful mechanism for representing this organization. Despite this, many

1The work presented in this chapter is based on our paper: Mahapatra, J. and Garain, U., 2021.
Exploring Structural Encoding for D2T. International Conference on Natural Language Generation (INLG),
Association for Computational Linguistics. [115]
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existing encoder–decoder models for D2T generation [61, 109] tend to emphasize atten-

tion mechanisms over the explicit structural encoding of record–field data.

Table 2.1: An example of D2T generation using a model trained on the E2E
restaurant-domain dataset.

Data (x)

Record 1 name: The Punter
Record 2 food: English
Record 3 price range: high

Text (y)

The Punter is a restaurant with high prices.

Selecting appropriate content from record–field structured input data—commonly re-

ferred to as content selection—is an important step in D2T. For instance, as shown in

Table 2.1, the name and price range fields of the data are considered relevant contents

with respect to the reference text y. Identifying such relevant information from encoded

representations, however, remains a challenging task.

To address this, we propose an encoder–decoder model for D2T in which the encoder

explicitly encodes input data according to its record–field structure. Furthermore, we

introduce structure-wise attention gates to facilitate the selection of contextually appro-

priate content from the encoded data. Since the records in a given input are typically

unordered (for example, in Table 2.1, no inherent order exists among the three records

in x), the robustness of the proposed encoder is evaluated by shuffling these records.

Comparative experiments against high-performing baseline systems on the WikiBio and

E2E datasets highlight the distinct advantages of our approach. Additionally, human

evaluation confirms that the proposed model achieves strong performance in terms of

both readability and informativeness of the generated text.

2.2 Related Works

The research presented in this chapter is aligned with the growing body of work on

data-driven D2T, where text is generated directly from structured data [4, 61, 101, 108].

Various types of data-driven text generation systems have been explored in the literature.

For instance, Belz [9] employed probabilistic context-free grammars for generating text

from structured data, while Chen and Mooney [10] introduced a strategic text generation

technique for sportscasting in a simulated soccer game environment.
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Among data-driven text generation approaches, Angeli et al. [101] was among the first

to propose a domain-independent model, demonstrating its application in weather fore-

casting. With the introduction of the recurrent neural network language model [107],

neural text generation methods have proliferated, finding success across a variety of

tasks, ranging from poem generation [122] to image captioning [46, 123, 124].

Following the development of the sequence-to-sequence (seq2seq) model [77] and the

introduction of various attention mechanisms [46, 112], encoder–decoder architectures

have become a dominant framework in neural text generation. For selective generation

tasks, where only specific portions of the input are relevant, Mei et al. [108] proposed

an encoder–decoder model with an attention mechanism. In concept-to-text generation,

where the goal is to produce natural language descriptions from complex conceptual

inputs, encoder–decoder-based models have also demonstrated high accuracy [4, 61, 63,

109]. Moreover, data-driven approaches based on this framework have achieved notable

success in dialogue systems [12, 110] and table-to-text generation tasks [2, 47].

2.3 Notations Used in This Work

We adopt a notation scheme that balances the formal definitions introduced in section 1.3

with the conventions commonly used in prominent D2T models [39, 101, 113]. The

objective of this work (T ) is to generate a text representation y = y1y2 . . . yw, where yi

denotes the i-th word in y, given an input data instance x.

T : ŷ ← argmax
y

p(y|x)

An input x consists of multiple records, denoted as {ri}ni=1. Each record rj contains a

field f j , defined by a field name nj and its corresponding value vj = vj1v
j
2 . . . v

j
w, where

vji represents the i-th word in vj .

2.4 Approach

We propose an LSTM-based [23] encoder–decoder model for the task T , where the

encoder structurally represents the input x. The decoder is implemented as a recurrent

neural network consisting of two key submodules: (i) attention gates, which enable

effective content selection, and (ii) a copy module, which allows the model to generate

rare or unseen words by directly copying them from the input.
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2.4.1 Structural Encoder

The design of the proposed encoder is motivated by the inherent structure of the input

data. We assume that each input instance consists of two structural levels: (i) fields,

representing the fine-grained structure, and (ii) records, representing the coarse-grained

structure. For example, as illustrated in Figure 2.1, the input data x contains two

records ({ri}2i=1), where each record comprises two field components (r1 = (f1
1 , f

1
2 ) and

r2 = (f2
1 , f

2
2 )).

fields
encoding

records
encoding en

co
di

ng
 

input

encoded
output

Figure 2.1: Structure of input data and bottom-up encoding.

The proposed encoder processes the input data based on its record–field structures

(Figure 2.1) using a bottom-up approach. Each structural component (record and field)

is encoded through two types of connections, as illustrated by the arrows in Figure 2.1:

• The horizontal dotted arrows represent horizontal connections, which capture

relationships among adjacent components.

• The dashed arrows represent hierarchical connections, which aggregate infor-

mation from similar components (either records or fields) and pass it to the next

stage.

Through this structural encoding process, the proposed encoder effectively captures and

encodes the hierarchical relationships inherent in the record and field structures of the

input data.

2.4.1.1 Field Encoding

In the field encoding stage of our structural encoder, all field words within a record

are jointly encoded into a single vector representation, which ultimately represents the
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record. The embeddings of each field’s value (words) and field’s name are obtained using

learnable embedding matrices, as defined below:

Zf [f
j
k ] = [En[n

j ];Ev[v
j
k]]

where E∗[w] denotes the embedding of w, and [; ] represents concatenation. Each E∗ is

a learnable parameter matrix of size (|v| × dE∗), where |v| is the vocabulary size. Note

that distinct embeddings are used for field values and field names. Here, Zf [f
j
k ] denotes

the encoding of the k-th word in the f j field together with its corresponding field name.

This Zf representation is then passed to the horizontal connections in the field encoding

stage.

Horizontal Connections in Field Encoding. In the field encoding stage, the hor-

izontal connections relate all field words (Zf [f
j
∗ ]) within a record (rj). Field words

(f j
∗ ) may appear either as a sequence or as a bag-of-words (i.e., orderless or non-

sequential). For instance, in Figure 2.1, the name field contains two words—“The”

and “Punter”—arranged in a sequence. In contrast, if the price range field contains

two words—“high” and “medium”—to indicate that a restaurant offers both high- and

medium-priced dishes, these words behave as a bag-of-words.

To accommodate both sequential and orderless characteristics, we construct the hori-

zontal connections of field encoding in a hybrid manner. For sequential data, we employ

Bi-LSTM networks [24], whereas for orderless bag-of-words data, we bypass the Bi-

LSTM network using skip-interconnections [125]. An illustration of these horizontal

connections is shown in Figure 2.2.

FFN FFNFFN FFN

Bi-LSTM

FFN : Feed-forward
network

Figure 2.2: Horizontal connections in field encoding (for fields within the j-th record).

The outputs from the Bi-LSTM and the skip-interconnections are merged using a feed-

forward network, as defined in Equation 2.1. These skip-interconnections are intended

to help handle orderless or non-sequential data, a point examined in the experimental

section 2.5.6.
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The Bi-LSTM output for the field in the j-th record is computed as:

hfj = BiLSTM(Zf [f
j
1 ], . . . , Zf [f

j
w])

Finally, an affine transformation is applied to the concatenation of [h
fj
k
; f j

k ]:

hfield
fj
k

= tanh(Wfa[hfj
k
; f j

k ] + bfa) (2.1)

where Wfa and bfa are learnable parameters. Thus, hfield
fj (and hfield

fj
k

for the k-th field)

represents the output of the horizontal connections in the field encoding stage.

Hierarchical Connections in Field Encoding. The hierarchical connections in

field encoding aim to aggregate all field-level information (hfield
fj
k

) within a record (rj) to

generate a detailed representation of the record from the perspective of its constituent

fields.

hmp
j = maxpool(hfield

fj )

In these hierarchical connections, we employ both a max-pooling operation and a

key–query-based self-attention mechanism [126]. The use of max-pooling is motivated

by the intuition that it effectively captures the most salient information of a record

from its field-level representations (hfield
fj
k

), similar to its role in convolutional neural

networks [127]. Empirically, we find that max-pooling provides a more robust summary

representation than using the final state of the underlying horizontal connections, as

it considers all intermediate states—an advantage particularly beneficial for long se-

quences.

For the self-attention mechanism applied at the field-encoding level, we use the field

representations (hfield
fj
∗

) as keys and the max-pooled record representation (hmp
j ) as the

query. Following our earlier intuition regarding hmp
j , the query vector in this attention

formulation encapsulates the overall essence of the record (rj). An illustration of these

hierarchical connections is shown in Figure 2.3.



Enhancing Informativeness in D2T through Structural Encoding 23

maxpooling attention layer

query

FFN

concatenation

keys

Figure 2.3: Hierarchical connections in field encoding (for fields within the j-th
record).

For attention scoring, we adopt the widely used concatenative attention mechanism [112]:

scorefji = vTf tanh(Wfb[h
mp
j ;hfield

fj
i

])

αf
ji = softmax(scorefji)

cfj =
m∑
i=1

αf
ji · h

field

fj
i

Here, scoref ∈ R denotes the attention score, αf represents the attention weight, and

cfj is the resulting attention (or context) vector for the record rj .

Finally, each record (rj) is represented through an affine transformation applied to the

concatenation of its max-pooled value (hmp
j ) and the corresponding context vector (cfj ):

Zr[j] = Wfc[h
mp
j ; cfj ] + bfc

Hence, Zr[j] constitutes the output of the field encoding for the j-th record. As illus-

trated in Figure 2.3, the hierarchical connections in field encoding are inherently order-

insensitive since both the self-attention and max-pooling operations are independent of

data order.

2.4.1.2 Record Encoding

The objective of record encoding is to generate a vector representation of the input

data x based on its underlying record structures. The record encoding process closely
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follows the same design principles as the field encoding. It comprises both horizontal

and hierarchical connections, functioning in an analogous manner to those in the field

encoding stage. The output of the horizontal connections in record encoding is denoted

as hrecordj for the j-th record. The final output of the record encoding stage is the

encoded representation of the input data, expressed as Zd[x].

2.4.2 Decoder

The decoder module comprises two key components: structure-wise (i.e., record and

field) attention gates and a copy module. A schematic overview of the proposed decoder

architecture is illustrated in Figure 2.4.

2.4.2.1 State Update

The initial decoder state (s0) is initialized using the output of the record encoding,

Zd[x]. To update the decoder state at the t-th time step (st), we employ a dual attention

mechanism [47, 61] that integrates attention over both record and field structures. The

attention operations are defined over the outputs of the horizontal connections from the

record and field encoders.

βr
tj = attention(st, rj) (2.2)

ϕr
t =

n∑
i=1

βr
ti · hrecordri (2.3)

Here, βr denotes the attention weights for the j-th record (rj) at decoding step t, and ϕr
t

represents the corresponding record-level context vector. A similar formulation is used

to compute the attention weights βf for the field-level encoding.

To integrate the dual attention mechanism, we modify the effective field attention

weights as γf = βf × βr. Consequently, the effective field-level context vector (ϕf
t )

is computed using γf .

Attention Gates. We introduce two attention gates—one for the record structure

and one for the field structure—to control how the decoder accesses the context vectors

ϕr
t and ϕf

t . These gates are defined using the current decoder state (st) and the encoded
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data representation (Zd[x]) as follows:

grt = σ(Wrgst +UrgZd[x] + brg)

gft = σ(Wfgst +UfgZd[x] + bfg)

where grt and gft denote the attention gates for the record and field contexts, respectively.

These gates play a crucial role in the model by regulating content selection from the

encoded input to the decoder. The gate values dynamically vary between ‘0’ (inhibit)

and ‘1’ (exhibit), determining the degree to which contextual information is incorporated

during decoding.

The gated context information is computed as:

ϕ̂r
t = grt ⊙ ϕr

t

ϕ̂f
t = gft ⊙ ϕf

t

Finally, the decoder state is updated using the gated record and field context vectors as

follows:

s̃t = tanh(Wd[st; ϕ̂
record
t ; ϕ̂field

t ])

FE FEFE FE

RE

dual attention field and record
context

gate

dashed line : output of 
hiearachical connections
dotted line : output of 
horizontal connections
RE : Record Encoding
FE : Field Encoding
gate: attention gate

copy
module

decoder at t-th
step

encoder

Figure 2.4: Proposed encoder–decoder model.
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2.4.3 Copy Module

To handle rare or unseen words, we adopt the conditional copy mechanism proposed

by Gülçehre et al. [36]. In our model, the binary copy-indicator variable (cpt) in the

conditional copy module is defined as follows:

p(cpt = 0 | s̃t, Zd[x]) = σ(Wcp[s̃t;Zd[x]])

Here, we combine the input encoding Zd[x] with the current decoder attention state

s̃t to make the copy indicator cpt sensitive to both the input context and the current

decoding state.

2.4.4 Loss Function

We employ the negative log-likelihood function as the training objective for our model:

loss = −
m∑
i=1

log(p(y
(i)
t | x(i), y

(i)
<t)).

Two important implementation details are worth noting: (i) we use a ⟨unk⟩ token when-

ever an out-of-vocabulary word appears in a field; and (ii) we do not share embeddings

between field names and field values.

2.5 Experiments

The experiments in this work are conducted on two widely used benchmark datasets for

D2T: the WikiBio dataset and the E2E dataset.

2.5.1 Baselines and Metrics

We compare the proposed model against three baseline systems:

1. Baseline 1: A vanilla seq2seq model based on the standard sequence-to-sequence

architecture [77] with a concatenative attention mechanism [112].
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2. Baseline 2: To analyze the role of attention mechanisms in our model, this

baseline is created by removing all attention components from the decoder of our

proposed system.

3. Baseline 3: A transformer-based encoder–decoder model [30], trained from

scratch for our experiments.

In addition to these three baselines, we also consider two D2T generation systems that

have achieved strong performance on both the WikiBio and E2E datasets according to

automatic evaluation metrics.

1. Liu et al. [61]: This model employs an encoder–decoder architecture with a

field-gating encoder that introduces structure-aware representations and a dual

attention-based decoder. Unlike our proposed encoder, which hierarchically en-

codes data based on record–field relationships, Liu et al. [61] encodes record and

field information in parallel using separate gating structures.

2. Nie et al. [113]: This model introduces an encoder–decoder framework with self-

attention mechanisms [30] for handling both sequential and non-sequential data.

In contrast to our approach—which incorporates both hierarchical and horizontal

connections—Nie et al. [113] primarily focuses on hierarchical self-attention.

To evaluate the quality of the generated text, we employ three widely used automatic

evaluation metrics: BLEU [88], ROUGE [90], and METEOR [89]2. Additionally, we

use the PARENT metric [39], which assesses text quality with a particular focus on

the informativeness aspect of faithfulness—especially the precision component of the

metric—by jointly considering both the input data and the reference text. In contrast,

BLEU, ROUGE, and METEOR evaluate generation quality solely against reference

texts. Dhingra et al. [39] further showed that PARENT shows a stronger correlation

with human judgments than other automatic evaluation metrics.

Since previous studies [8, 104–106] have shown that automatic evaluations alone are

insufficient for reliably assessing D2T generation quality, we also conduct human evalu-

ations on the outputs generated by our system.

2.5.2 Parameter Settings

The dimensions of both field word and field name embeddings are set to 200. Separate

embeddings are used for field names and field values (i.e., vocabulary words). The model

2For BLEU, ROUGE, and METEOR, we use the official implementation available at: https://

github.com/tuetschek/e2e-metrics

https://github.com/tuetschek/e2e-metrics
https://github.com/tuetschek/e2e-metrics
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is trained using the Adam optimization technique [128] with an initial learning rate of

0.0001, β1 = 0.9, and β2 = 0.999. All BiLSTM models have a depth of 2, and dropout is

fixed at 0.5 across all layers. Most hyperparameters are tuned on predefined validation

sets. During text generation, we employ beam search decoding with a beam size of

4. For Baseline 3, we use a standard Transformer architecture with a stack size of 6

layers in both the encoder and the decoder. For the WikiBio dataset, vocabulary (word

type) and field type sizes are selected following the settings of Lebret et al. [4]. In most

experiments, the batch size is fixed to either 32 or 64, and training continues for up to

120,000 steps. All experiments are conducted using an NVIDIA GeForce RTX 2080 Ti

graphics card.

Table 2.2: Overview of the WikiBio and E2E dataset statistics.

dataset instances total words tokens / sentence sentences / instance references / instance

WikiBio 728K 400K 26.1 1.0 1.0
E2E 50.5K 5.2K 14.3 1.5 8.1

Table 2.3: Results from WikiBio dataset.

model BLEU ROUGE-L METEOR PARENT

baseline 1 0.338 0.418 0.271 0.463
baseline 2 0.348 0.445 0.262 0.455
baseline 3 0.381 0.486 0.340 0.407
Liu et al. [61] 0.447 0.528 0.363 0.538
Nie et al. [113] 0.450 0.522 0.371 0.527
proposed method 0.465 0.566 0.397 0.540

2.5.3 WikiBio Dataset and Results

Lebret et al. [4] introduced the WikiBio dataset, which is constructed from biographical

articles on Wikipedia. Table 2.2 presents the statistics of the WikiBio dataset. As

shown in arg1Table 2.3, our model achieves higher scores than the evaluated baselines

and previously reported comparison systems across the considered automatic evaluation

metrics, including those measuring informativeness. Representative examples of texts

generated by the proposed system are provided in Table 2.4.

2.5.4 E2E Dataset and Results

Novikova et al. [8] introduced the E2E dataset, which focuses on the restaurant domain

(see Table 2.2). As shown in the comparison results in Table 2.5, our model consistently

outperforms the baselines and other reported systems across nearly all evaluation met-

rics. The only exception is the model by Liu et al. [61], which performs slightly better
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Table 2.4: A sample of generated texts from the proposed model on WikiBio dataset
(wrong words generation, missing information)

A Sample of Generated Texts on WikiBio Dataset

Instance 1

input

name [pietro micheletti], birthdate [19 october 1900], deathdate [25 march 2005],
birthplace [maciano di pennabilli, italy], deathplace [maciano di pennabilli, italy],
allegiance [italy italy], branch [italian army], serviceyears [1917–1925], rank [major],
battles [world war i, fiume’s war], laterwork [farmer manager],
award [”military cross”, ”ordine di vittorio veneto”, ”knight of the order of merit of the italian republic”],
articletitle [pietro micheletti]

reference pietro micheletti (19 october 1900 – 25 march 2005) was an italian military commander.
generated text pietro micheletti (october 19, 1900 – march 25, 2005) was a italian army manager.

Instance 2

input
name [jason buxton], nationality [canadian], occupation [film director, screenwriter],
knownfor [”blackbird”], articletitle [jason buxton]

reference jason buxton is a canadian film director and screenwriter.
generated text jason buxton is an canadian film director and screenwriter.

Instance 3

input

name [bert crossthwaite], fullname [herbert crossthwaite], birthdate [4 april 1887],
birthplace [preston, england], deathdate [20 may 1944], deathplace [birmingham, england],
position [goalkeeper], years [1906–1907, 1907–1909, 1909–1910, 1910–1914, 1914–1915],
clubs [blackpool, fulham, exeter city, birmingham, stoke],
caps [0, 1, 2, 49, 0], goals [0, 0, 0, 0, 0], articletitle [bert crossthwaite]

reference herbert crossthwaite (4 april 1887 – 20 may 1944) was an english footballer who played as a goalkeeper.
generated text herbert bert crossthwaite (4 april 1887 – 20 may 1944) was an english footballer who played as a goalkeeper.

(by approximately 1%) in terms of informativeness, as indicated by the PARENT met-

ric for the E2E dataset. Representative examples of the generated text are provided in

Table 2.6.

Table 2.5: Results on E2E dataset.

Model BLEU ROUGE-L METEOR PARENT

Baseline 1 0.517 0.520 0.344 0.569
Baseline 2 0.534 0.572 0.350 0.572
Baseline 3 0.568 0.594 0.425 0.642
Liu et al. [61] 0.653 0.614 0.428 0.726
Nie et al. [113] 0.662 0.612 0.399 0.663
Proposed Method 0.675 0.683 0.442 0.716

2.5.5 Analysis from Ablation Tests

To evaluate the effectiveness of the copy module, attention gates, and encoder in our

model, we conduct a component ablation study using BLEU and PARENT scores as

evaluation metrics.

Ablation of Copy Module. Table 2.7 presents the ablation results for the copy

module. The reported BLEU and PARENT scores clearly indicate that the copy module

plays a crucial role in improving the generated text, enhancing both informativeness and

fluency across both datasets.



Enhancing Informativeness in D2T through Structural Encoding 30

Table 2.6: A sample of generated texts from the proposed model on E2E dataset
(wrong words generation, missing information)

A Sample of Generated Texts on E2E Dataset

Instance 1

input
name [Giraffe], eatType [restaurant], food [French], area [city centre],
familyFriendly [yes], near [Raja Indian Cuisine]

reference 1
the giraffe is a restaurant - family-friendly serving french food in the city centre,
near the raja indian cuisine.

reference 2
giraffe, a family-friendly restaurant in the city centre serving french food,
is located near raja indian cuisine.

reference 3
giraffe is a restaurant located in the city centre near the raja indian cuisine.
it offers french cuisine with a family-friendly atmosphere.

reference 4
city centre-based restaurant near raja indian cuisine, giraffe is family-friendly
and serves french cuisine.

reference 5
giraffe is a restaurant that offers french food with a family-friendly atmosphere.
it is located in the city centre near the raja indian cuisine.

generated text
giraffe is a french restaurant in the riverside area near raja indian cuisine.

it is not family-friendly.

Instance 2

input name [Cocum], eatType [pub], near [The Sorrento]
reference 1 cocum is a pub by the sorrento.
generated text cocum is a pub near the ranch.

Instance 3

input name [Giraffe], eatType [pub], near [The Bakers]
reference 1 giraffe is a pub found near the bakers.
reference 2 a pub named giraffe is near the bakers.
generated text giraffe is a pub near the bakers.

Table 2.7: Ablation of copy module (based on BLEU and PARENT score).

WikiBio E2E

BLEU PARENT BLEU PARENT

with copy module 0.465 0.540 0.675 0.716
without copy module 0.424 0.527 0.619 0.682

Table 2.8: Ablation of attention gates (based on BLEU and PARENT score).

WikiBio E2E

BLEU PARENT BLEU PARENT

with attention gates 0.465 0.540 0.674 0.716
without attention gates 0.458 0.513 0.680 0.694

Ablation of Attention Gates. To evaluate the effectiveness of the attention gates,

we perform ablation tests by removing them from the model. As shown in Table 2.8, we

observe minimal to no improvement in BLEU scores. However, the inclusion of atten-

tion gates leads to a noticeable improvement in PARENT scores, indicating a noticeable

improvement in informativeness within faithfulness. Furthermore, qualitative analysis

reveals that the attention gates contribute to more informative and relevant text gen-

eration. Table 2.9 presents the results of this qualitative analysis. Although our model
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Table 2.9: A qualitative analysis for the role of attention gates in our model
(wrong word, word is not available in input) [E2E dataset contains several gold-

standard references for a single input data, but due to space constraint only one refer-
ence is given.].

WikiBio

input

name[myles wilder], birth-date[january 28, 1933], birth-place[new york city, new york],
death date[april 20, 2010 -lrb- age 77 -rrb-], death-place[temecula, california],
occupation[television writer and producer], spouse[bobbe wilder -lrb- survives him -rrb-],
article-title[myles wilder]

reference myles wilder -lrb- january 28, 1933 - april 20, 2010 -rrb- was a television comedy writer and producer.

without attention gates myles wilder -lrb- 28, 1933 april, -rrb- held a television comedy writer and.

with attention gates myles wilder -lrb- january 28, 1933 – april 20, 2010 -rrb- was an american television writer and producer.

E2E

input
name[Blue Spice], eatType[restaurant], food[English], area[riverside],
familyFriendly[yes], near[Rainbow Vegetarian Cafe]

one reference
there is a restaurant that provides food and is children friendly, near rainbow vegetarian
cafe and the riverside and is called blue spice.

without attention gates
there is a soup restaurant that provides food and good spice. friendly, near rainbow vegetarian

cafe and the riverside and blue.

with attention gates
near the rainbow vegetarian café in the riverside area is a restaurant called blue spice that serves english
food and is children friendly.

Table 2.10: Ablation of encoder connections (based on BLEU and PARENT score).

WikiBio E2E

BLEU PARENT BLEU PARENT

With all connections 0.465 0.540 0.675 0.716
Without horizontal connections 0.369 0.483 0.532 0.580
Without hierarchical connections 0.414 0.498 0.581 0.673

occasionally produces minor errors regardless of whether the attention gates are used,

the version with attention gates consistently generates text with fewer incorrectly in-

serted words, thereby confirming their positive impact on improving informativeness in

faithfulness.

Ablation of Encoder Connections. Through ablation tests, we analyze the effec-

tiveness of our encoder connections—specifically, the horizontal and hierarchical connec-

tions. Table 2.10 reports the results of these ablation experiments. The findings indicate

that the proposed model performs better when both connections are present, showing

clear improvements in informativeness within faithfulness as well as in fluency.

2.5.6 Analysis of Model with Shuffled Input

As discussed earlier, to enable our proposed encoder to handle both sequential and non-

sequential (orderless) data, we introduced skip-interconnections to effectively manage

these variations. More specifically, the horizontal connections are responsible for encod-

ing sequential data, while the hierarchical connections play a crucial role in encoding

non-sequential data. The skip-interconnections then integrate the outputs from both
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the horizontal and hierarchical connections, mitigating any model bias toward record or

field order.

In this section, we investigate the role of skip-interconnections by performing experi-

ments with randomly shuffled input records. The objective of this study is to depict the

robustness and effectiveness of the proposed encoder when dealing with shuffled data.

The evaluation is conducted using both intrinsic and extrinsic analyses.

Table 2.11: Ablation test of skip-interconnections with shuffling records in input data.

Model WikiBio E2E

BLEU PARENT BLEU PARENT

With skip-interconnection 0.421 ± 0.011 0.493 ± 0.017 0.637 ± 0.009 0.682 ± 0.013
Without skip-interconnection 0.413 ± 0.024 0.490 ± 0.044 0.628 ± 0.021 0.652 ± 0.036

Extrinsic Evaluation. In this experiment, we conduct an ablation study on the skip-

interconnections by randomly shuffling the records in the input data for both datasets.

For each dataset’s test set, the record shuffling is performed five times. Table 2.11

presents the effectiveness of the proposed encoder’s skip-interconnections, as reflected

by the low fluctuation (standard deviation) values observed in both the PARENT and

BLEU metrics.

without skip-interconnection (On WikiBio) with skip-interconnection (On WikiBio)

with skip-interconnection (On E2E)without skip-interconnection (On E2E)

Figure 2.5: t-SNE plots for encoder representations on shuffled input data (circled
and squared points represent two data different data instances).

Intrinsic Evaluation. To further examine the impact of skip-interconnections on our

model’s ability to handle shuffled input data, we visualize the encoded representations
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using t-SNE plots [129]. Two random data instances are sampled from each of the

two datasets (WikiBio and E2E), and each instance is shuffled into approximately 30

different arrangements. We then generate t-SNE plots of the encoded representations

of these shuffled inputs produced by our encoder. As shown in Figure 2.5, the well-

disentangled encoded representations of the shuffled data depict the effectiveness of the

skip-interconnections in preserving structural consistency.

2.5.7 Human Evaluation

For the human-based evaluation, four university graduate students from different aca-

demic backgrounds were selected as annotators. A sample of 150 generated texts

from the proposed model was chosen for each of the two datasets (E2E and WikiBio).

Along with each generated text, the corresponding input data and reference text were

also provided to the annotators. Each instance was evaluated by at least three hu-

man annotators. In this evaluation, we focus on two key qualities of the generated

texts—informativeness (representing the informativeness within faithfulness) and read-

ability (or fluency) [52]. informativeness assesses whether the generated text accurately

and completely conveys the relevant content from the input data, while readability mea-

sures the fluency, clarity, and overall linguistic quality of the generated output. Annota-

tors rated each text on a 5-point scale for both dimensions, where a score of 5 indicates

the highest quality. The results of the human evaluation are presented in Figure 2.6,

along with inter-annotator agreement measured using Krippendorff’s alpha coefficient3.

The evaluation shows that the texts generated for the WikiBio dataset achieved higher

scores in both readability and informativeness (within faithfulness) compared to those

from the E2E dataset. The instructions provided to the annotators for conducting the

human evaluation are presented in the text box below.

Instructions to Annotators

Participation in this annotation task is entirely voluntary. By proceeding with the

evaluation, you acknowledge that you have read and understood the instructions

and agree to participate in the study.

For each instance, you will be provided with the input data, a reference text, and

a generated text. Your task is to evaluate the generated text on the following two

dimensions:

—

3https://www.nltk.org/api/nltk.metrics.html

https://www.nltk.org/api/nltk.metrics.html
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• Informativeness: Assess whether the generated text accurately and com-

pletely conveys the information contained in the input data without intro-

ducing unsupported facts.

• Readability: Assess the fluency, grammatical correctness, coherence, and

overall clarity of the generated text.

Assign a score from 1 to 5 for each dimension, where 1 indicates very poor quality

and 5 indicates excellent quality. Evaluate each dimension independently. For

informativeness, focus primarily on the input data when determining whether the

generated text is factually accurate and complete. In addition to the numerical

rating, provide a brief justification for your assessment (in the comment box),

highlighting any important observations regarding informativeness and readabil-

ity.

Please make your judgments independently and rely on your own assessment. Do

not discuss the evaluation instances with other annotators or alter your ratings

based on others’ opinions.

Adequacy

Figure 2.6: Average human rating of texts generated from the proposed model (top
left:measures readability in E2E, top right: informativeness in E2E, bottom left:
readability in WikiBio, bottom right: informativeness in WikiBio). α denotes the

Krippendorff’s alpha coefficient.

2.6 Conclusion

In this chapter, we presented a structural encoder for an encoder–decoder-based, pre-

LLM D2T model that effectively encodes record–field structured input data. Exper-

iments on WikiBio and E2E suggest that the proposed encoder is effective for both



Enhancing Informativeness in D2T through Structural Encoding 35

the sequential and non-sequential data representations considered in this study. By in-

tegrating attention gates, the model is able to selectively extract and utilize relevant

content from the encoded representations. Evaluation on the WikiBio and E2E datasets

clearly shows that the proposed structural encoding–based pre-LLM model improves

the informativeness within faithfulness of generated texts, confirming its effectiveness in

producing accurate and high-quality data-driven narratives.



Chapter 3

Evaluating and Enhancing

Faithfulness in LLM-based D2T

In the previous chapter, we discussed structural encoding for record–field structured

input data using pre-LLM models based on an LSTM-based encoder–decoder architec-

ture. From this chapter onward, the focus shifts to LLM-based D2T. This chapter1

presents a broad empirical evaluation of Large Language Models (LLMs) for Data-to-

Text generation (D2T), with a particular focus on assessing and enhancing faithfulness,

with special attention to informativeness. It systematically examines twelve LLMs from

five major open-source families—BART, T5, BLOOM, OPT, and Llama 2—across five

widely used D2T datasets, evaluating their performance across three key dimensions:

readability, informativeness, and faithfulness. Through both automatic and human eval-

uations, the results suggest that, within the evaluated models and datasets, larger model

sizes are generally associated with improved readability and informativeness, although

corresponding improvements in faithfulness are not consistently observed. To address

this limitation, the chapter introduces a source-reference divergence-weighted training

strategy that adaptively reweights training instances based on their divergence, yield-

ing improvements across the evaluated dimensions in the reported experimental settings.

Overall, this work contributes empirical insights into LLM behavior in D2T and proposes

strategies that improve faithfulness under the evaluated experimental conditions.

1The work presented in this chapter is based on our paper: Mahapatra, J. and Garain, U., 2025. A Com-
prehensive Performance Evaluation of LLMs for Data-to-Text Generation and Divergence-Weighted Training.
ACM Transactions on Intelligent Systems and Technology, Association for Computing Machinery. [94]

36
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3.1 Background

The recent progress in D2T can be largely attributed to the advancements in LLMs,

which have demonstrated remarkable generative capabilities [75, 130]. While LLMs have

become widely adopted as foundational models for D2T [6, 18], the literature appears

to contain relatively few studies that systematically examine their performance across

multiple D2T datasets, model families, and evaluation dimensions. Such an evaluation

may help inform future research and development efforts in LLM-based D2T.

Table-to-Text

Graph-to-Text

birthPlace

Adam

McQuaid

1986

Canada

birthYear

Adam McQuaid was born in Canada in

1986.

ajayan directed the

film of sarvakalashala

in 1987 .

Data-to-

Text

subjtitle

ajayan

(director)

subjsubtitle

filmography

year

1987

flim

sarvakalashala

MR-to-Text

The Dumpling Tree is an Italian

restaurant with high prices.

name = The Dumpling Tree,

eatType = restaurant,

food = Italian,

priceRange = high

Figure 3.1: Three primary types of D2T: graph-to-text (left), table-to-text, and MR-
to-text.

The chapter presents a broad performance evaluation of LLMs for D2T, addressing

an underexplored aspect of existing research. To capture a diverse range of LLM be-

havior, the study includes twelve models from five widely adopted open-source families:

BART [31], T5 [75], OPT [99], BLOOM [72], and Llama 2 [130]. The evaluation spans all

three primary D2T paradigms, utilizing five popular datasets—E2E [8] and ViGGo [62]

(MR-to-text), WikiTableText [2] (table-to-text), and DART [1] and WebNLG [7] (graph-

to-text).

The study examines three fundamental qualities for assessing D2T performance: read-

ability (fluency and coherence), informativeness (effective information transformation),

and faithfulness (factual accuracy) [54]. Six commonly used automatic evaluation met-

rics are employed: Bleu [88] and Meteor [89] for readability; BertScore [131],

MoverScore [132], and Parent [39] for informativeness; and BartScore [133] for

faithfulness. These evaluations are further complemented by human assessments, which

are commonly regarded as an important reference for evaluating text quality.
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The chapter also discusses the robustness of LLM performance across different fine-

tuning and decoding strategies, and explores a critical phenomenon in D2T—source-

reference divergence, where input data semantically diverges from its reference text. To

mitigate the negative impact of such divergence, a source-reference divergence-weighted

training strategy is introduced. A schematic overview of the evaluation scope is illus-

trated in Figure 3.2.

Source-

reference

Divergence

Qualities

Readability

Metrics

BLEU METEOR BERTScore

MoverScore BARTScore

LLMs

BART T5 OPT

BLOOM Llama 2

D2T Datasets

E2E ViGGo WikiTableText

DART WebNLG

Informativeness Faithfulness

Performance 

Evaluation of LLMs for D2T

Coverage across Qualities

Source-

reference

divergence

PARENT

Source-

reference

Divergence-

weighted

Training

Human Evaluation

Figure 3.2: A schematic overview of our extensive performance evaluation of LLMs
for D2T, covering multiple LLM families, datasets, and metrics, with an additional

analysis considering source-reference divergence.

The empirical findings presented in this chapter reveal several important insights. It is

observed that increasing the model size (i.e., the number of parameters) of LLMs gen-

erally enhances readability and informativeness, with the Llama 2 family outperforming

all others across these dimensions. However, faithfulness, as measured by BartScore,

does not consistently improve with larger model size and, in some cases, even de-

clines—highlighting the need for caution when prioritizing factual accuracy. No single

LLM family demonstrates consistent superiority in faithfulness across all D2T datasets,

although human evaluations consistently favor larger models in terms of readability,

informativeness, and faithfulness. The evaluation indicates that the observed trends

remain largely consistent across the examined fine-tuning and decoding strategies. Ad-

ditionally, the results indicate that as source-reference divergence increases, performance

in all three key qualities—readability, informativeness, and faithfulness—declines across
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all model families, with model size offering limited mitigation. To address this limita-

tion, the proposed source-reference divergence-weighted training strategy improves LLM

performance in D2T across these evaluation dimensions.

The remainder of this chapter is organized as follows. Section 3.2 discusses the current

representative in evaluation benchmarks for LLMs, highlighting recent developments

and related research efforts in this area. Section 3.3 provides an overview of LLMs, D2T

tasks, and the concept of source-reference divergence. Section 3.4 describes the mod-

els, datasets, and experimental configurations used in the study. Section 3.5 presents

a detailed performance evaluation of LLMs on D2T tasks, encompassing the three key

qualities along with human evaluation results. Section 3.6 depicts the robustness of the

evaluation with respect to different fine-tuning and decoding strategies. Section 3.7 dis-

cusses the impact of varying levels of source-reference divergence on LLM performance.

Section 3.8 provides two case studies that illustrate the observed evaluation outcomes.

Section 3.9 details the proposed source-reference divergence-weighted training approach.

Finally, Section 3.10 concludes the chapter with a summary of the key findings and po-

tential directions for future research.

3.2 Related Work

Performance evaluation of LLMs has become increasingly critical as these models are

widely applied across various language generation tasks. To meet this need, several

benchmarks have been developed to assess diverse aspects of LLM behavior, including

reasoning ability, consistency, faithfulness, and hallucination. Among the earliest large-

scale evaluation frameworks, HELM (Holistic Evaluation of Language Models) [134]

introduced a unified platform for assessing LLMs across multiple scenarios, emphasizing

evaluation metrics such as accuracy, robustness, fairness, and efficiency. Subsequently,

MT-Bench [135] was proposed to evaluate multi-turn conversational capabilities in LLMs

using both human and GPT-based assessments, providing detailed insights into dialogue

coherence and reasoning. HaluEval [136] focuses specifically on hallucination detection

in LLM-generated text across different domains and tasks, thereby offering a benchmark

for measuring factual consistency. Similarly, TruthfulQA [97] evaluates whether mod-

els generate truthful responses to questions designed to elicit common misconceptions,

thus serving as a valuable measure of factual accuracy and hallucination resistance.

While these benchmarks have significantly advanced the evaluation of LLM reliability,

most focus primarily on question answering, summarization, or dialogue tasks. In con-

trast, structured-to-text generation—an equally important area within natural language

generation—has received comparatively limited attention in existing LLM evaluation
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frameworks. Recent efforts have begun to explore how LLMs perform when required to

generate coherent, faithful, and informative narratives directly from structured inputs.

Building upon this direction, the current study seeks to contribute toward addressing

this gap by presenting an extensive performance evaluation of LLMs on D2T tasks. The

work evaluates LLMs across multiple datasets and key evaluation dimensions—including

readability, informativeness, and faithfulness—to provide additional empirical insights

into how these models handle structured data transformation in comparison to conven-

tional natural language generation tasks.

3.3 Preliminaries

3.3.1 LLM

As discussed in Chapter 1, LLMs have substantially influenced recent developments in

language modeling. For brevity and reference, this section revisits key concepts and pro-

vides a few additional details relevant to the present discussion. LLMs fundamentally

differ from earlier predictive language modeling approaches [107] due to their massive

parameterization and extensive self-supervised pre-training on large-scale text corpora,

enabling them to capture rich linguistic, semantic, and contextual knowledge. These

characteristics are considered potential factors underlying the ability of LLMs to gener-

alize across diverse tasks and application domains, including D2T [93, 130]. Recent ad-

vancements in parameter-efficient fine-tuning techniques, such as LoRA and QLoRA [85],

have further increased the practical applicability of LLMs for text generation tasks by

reducing computational requirements in many settings. LLMs can be broadly catego-

rized into two major types, as illustrated in Figure 3.3: bidirectional and unidirectional

LLMs [14]. In bidirectional models, predictions leverage both left and right contextual

information, allowing for a thorough understanding of surrounding words. The primary

objective of a bidirectional LLM is to predict a masked token (wi) based on its masked

context, formally defined as:

wi ← argmax
w

Pr(w|w1 . . . wi−1wmaskwi+1 . . . wn︸ ︷︷ ︸
masked context

)

In contrast, unidirectional LLMs [99] operate in a left-to-right manner, generating text

sequentially by conditioning each prediction on the preceding context. The primary

objective of such models is to predict the next word (wn) given the prior sequence of to-

kens, thereby modeling the forward dependency structure essential for natural language
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Bi-directional LM Uni-directional LM

Figure 3.3: Bidirectional and unidirectional LLM architectures, with red lines indi-
cating attention mechanisms.

generation. This approach can be formally expressed as follows:

wn ← argmax
w

Pr(w|w1w2 . . . wn−1︸ ︷︷ ︸
prior context

)

LLMs are primarily built upon two fundamental architectural paradigms, as illustrated

in Figure 3.4: the encoder–decoder architecture [31] and the decoder-only architec-

ture [99]. In the encoder–decoder framework, the encoder is designed to process and

represent the input sequence, while the decoder autoregressively generates the corre-

sponding output text. This architectural distinction plays an important role in deter-

mining how contextual information is encoded and utilized during generation.

Encoder

Encoder-decoder model Decoder-only model

Decoder Decoder

Figure 3.4: Two popular LLM architectures: encoder-decoder and decoder-only.

3.3.2 D2T

For the sake of completeness, this section revisits some key details of D2T; for a more

broad discussion, readers are referred to Chapter 1. D2T [35] aims to transform semi-

structured data—commonly referred to as source data—into coherent natural language

text. Typically, a D2T model is trained on a dataset composed of source–reference pairs,

D = {(s, r)}∈D, where s denotes the semi-structured source input, and r = r1r2, . . . , r|r|
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represents the corresponding reference description, with each token ri belonging to the

vocabulary set V, i.e., ri ∈ V [39].

Any predictive D2T model (including LLM-based systems) generally involves three main

phases: modelling, training (or fine-tuning), and inference. During the modelling phase,

a predictive modelMθ—parameterized by θ—is defined to capture the mapping between

source data and target text, i.e., V∗ ∼Mθ(s). In the training or fine-tuning phase, the

model Mθ is optimized on the dataset D, typically using maximum likelihood estima-

tion [14, 35], as shown in Equation 3.1 [15, 16]:

θ∗ ← argmax
θ

∑
(s,r)∈D

L(Mθ(s), r) (3.1)

Here, L denotes the loss function, most commonly the cross-entropy loss. During infer-

ence, the trained modelMθ∗ generates an output text g—an approximation of r—from

the input s using a suitable decoding strategy [79], as defined in Equation 3.2:

g ← decoding
V∗

Mθ∗(s) (3.2)

3.3.3 Source-Reference Divergence

Several studies [39, 68] have identified issues related to information disparity between

source data (s) and corresponding reference data (r) across various D2T tasks. These

issues, referred to as source-reference divergence [39, 54], are illustrated in Figure 3.5.

The source-reference divergence often arises from data collection processes and the na-

ture of the tasks [7, 58]. Such divergence is common and difficult to avoid, especially in

D2T scenarios [39], making it important to evaluate model performance in its presence.

name (Super Mario World),

genres (platformer),

player perspective (side view)

dialog act (recommend)

If you're after a side scrolling

platformer, Super Mario World is a

fun game. Have you ever played it

before?

Source Reference

Figure 3.5: An example of source-reference divergence, taken from the WikiTable-
Text [2] dataset. The reference text includes two additional facts (bolded and under-
lined) - ‘scrolling performer’ and ‘fun game’ - that are absent in the corresponding

source data.
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3.4 Models, Datasets and Experimental Settings

This section outlines the models, D2T datasets, and experimental settings employed in

our study.
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Figure 3.6: Model sizes of the twelve LLMs from five families: BART (blue), T5
(orange), BLOOM (green), OPT (red), and Llama 2 (purple).

3.4.1 Models

We include twelve popular LLMs from five well-known families: BART, T5, BLOOM,

OPT, and Llama 2 (shown in Figure 3.6), all models are downloaded from Hugging

Face [137]. BART [31] is an encoder-decoder model pre-trained with text denoising

techniques, and we use BART-base (139M parameters) and BART-large (406M parame-

ters). T5 [75], also an encoder-decoder model, aims to unify multiple NLP tasks and is

pre-trained using span-corruption on the C4 dataset; we test with T5-base (223M param-

eters) and T5-large (738M parameters). BLOOM [72] is a decoder-only model trained

on the ROOT dataset; we use BLOOM-1B (1B parameters), BLOOM-2.7B (2.7B param-

eters), and BLOOM-6.7B (6.7B parameters). OPT [99], another decoder-based model

trained on the RoBERTa dataset, the Pile, and Reddit; we test with OPT-2.7B (2.7B

parameters), OPT-6.7B (6.7B parameters), and OPT-13B (13B parameters), whose per-

formance comparable to GPT-2 and GPT-3. Lastly, Llama 2 [130], the successor to

Llama, is trained through pre-training, fine-tuning, and reinforcement learning, and we

use Llama2-7B (7B parameters) and Llama2-13B (13B parameters). We selected twelve

LLMs from five model families for two main reasons. First, each family is trained on
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different pretraining data and exhibits variations, making them well-suited for a com-

prehensive evaluation. Second, relying on a single LLM is inadequate for model size

comparisons; thus, we chose families with at least two models each.

3.4.2 Datasets

We included five popular D2T datasets, each representing key task types: E2E and

ViGGO for MR-to-text, WikiTableText for table-to-text, and DART and WebNLG for

graph-to-text. Table 3.1 summarizes key statistics and characteristics of each datasets.

All datasets are downloaded from Tabgenie [138] and HuggingFace [137]. The E2E

dataset [8] consists of slot-value pairs from the restaurant domain, while the ViGGO

dataset [62] offers diverse dialogue acts from video games. WikiTableText [2] provides

table-to-text pairs derived from Wikipedia tables. DART [1] generates text from knowl-

edge graph triplets, and WebNLG [7] focuses on RDF-to-text generation from DBpedia

triplets, known for its diverse, crowdsourced outputs. These five datasets were chosen

for their diversity among themselves and collective representation of all three primary

types of D2T. As shown in Table 3.1, they exhibit significant differences in lexical rich-

ness, with E2E having the lowest and WikiTableText the highest ratio of unique to

total tokens. Additionally, they provide a balanced representation of open-domain and

closed-domain knowledge.

Table 3.1: Key statistics for the five D2T datasets used in this study.

dataset D2T types domain
dataset size source (linearized) reference

(# instances) average length unique tokens total tokens average length unique tokens total tokens

E2E mr-to-text closed 36,856 27.3 125 1M 20.8 4.5K 885K
ViGGo mr-to-text closed 6,900 29.9 618 206K 21.5 4.4K 148K

WikiTableText table-to-text open 13,318 35.2 29K 469K 13.9 24K 185K
DART graph-to-text open 70,524 34.8 44K 2.5M 19.3 45K 1.5M

WebNLG graph-to-text open 38,872 30.4 7K 1.2M 20.1 19K 905K

3.4.3 Experimental Settings

In our experiments, we fine-tuned all LLMs for D2T tasks using the QLoRA (Quan-

tized version of Low-Rank Adapter) technique [85], a parameter-efficient fine-tuning

approach with a learning rate of 1e−04. All models were quantized to 4-bit precision.

Both QLoRA and quantization configurations are detailed in code listing 1. Each LLM

was fine-tuned on all five datasets for 3 epochs, maintaining a consistent text length of

256 for both source data and generated text. For optimization, we employed the AdamW

optimizer [139], operating at torch.bfloat16 precision in QLoRA setups. Text gener-

ation utilized a beam-search decoding strategy with a beam size of 5. All experiments

were conducted on a local system equipped with an NVIDIA RTX A6000 (48 GB) GPU



Evaluating and Enhancing Faithfulness in LLM-based D2T 45

to ensure sufficient processing power. We assess the statistical significance of all results of

LLM performance using Welch’s t-test [140], comparing each LLM to the best performer

within its family. A significance level of p < 0.05 is applied, with each test based on a

sample size of 6. Input linearization and prompt structure are important components

of D2T, particularly in the context of LLM-based generation. The prompt design and

input linearization templates used in this work are described in detail in subsection 6.5.6.

Listing 1 QLoRA and model quantization configuration

from peft import LoraConfig

# QLoRA configuration, implemented through PEFT

qlora_config = LoraConfig(task_type=TaskType.SEQ_2_SEQ_LM|TaskType.CAUSAL_LM, r=16,

lora_alpha=16, lora_dropout=0.05)↪→

from transformers import BitsAndBytesConfig

# Quantitation configuration

bnb_config = BitsAndBytesConfig(load_in_4bit=True, bnb_4bit_use_double_quant=True,

bnb_4bit_quant_type="nf4", bnb_4bit_compute_dtype=torch.bfloat16)↪→

3.4.4 Potential Risks and Considerations of Data Contamination

A potential concern in LLM evaluation is data contamination, where benchmark datasets

may partially or fully overlap with the pretraining corpora of some models [141]. Since

the D2T datasets used in the experiments are publicly available, it cannot be entirely

ruled out that some samples may have been encountered during pretraining. However,

scientifically determining such contamination remains practically impossible because the

exact contents of LLM pretraining data are generally unavailable. Knowledge-cutoff

information alone cannot reliably establish contamination, as it only indicates a temporal

boundary and does not reveal the actual data used during training [142]. Nevertheless,

the impact of potential contamination is expected to be limited in the present study.

The analyses focus primarily on comparative trends, factual consistency (or faithfulness)

behavior, and model characteristics across multiple datasets and experimental settings,

rather than on isolated benchmark scores. In addition, D2T requires accurate grounding

between structured inputs and generated text, where memorization of surface patterns

alone does not necessarily imply faithful generation [35, 82]. Therefore, while possible

data overlap cannot be completely excluded, it is unlikely to substantially affect the

overall observations and conclusions.

3.5 Performance Evaluations

In this section, We evaluated LLM performance for D2T across three key metrics: read-

ability, informativeness, and faithfulness.
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3.5.1 Performance Evaluations on Readability

The readability of a D2T model, encompassing fluency and coherence [52], evaluates

grammatical correctness and content organization. We assess readability using Bleu

and Meteor.

Table 3.2: Readability evaluation of LLMs using Bleu. The best-performing models
are highlighted in bold. Higher values indicate better readability. All results are sta-

tistically significant at p < 0.05 (mentioned in subsection 3.4.3).

family model
size (number of

parameters in billion)
E2E ViGGo WikiTableText DART WebNLG

BART
BART-base 0.1 0.365 0.168 0.338 0.372 0.408
BART-large 0.4 0.381 0.181 0.367 0.444 0.520

T5
T5-base 0.2 0.380 0.158 0.365 0.404 0.449
T5-large 0.7 0.398 0.193 0.390 0.442 0.535

OPT
OPT-2.7B 2.7 0.350 0.262 0.421 0.441 0.521
OPT-6.7B 6.7 0.369 0.269 0.426 0.448 0.538
OPT-13B 13.0 0.347 0.269 0.412 0.463 0.549

BLOOM
BLOOM-1.1B 1.1 0.374 0.255 0.411 0.437 0.491
BLOOM-3B 3.0 0.380 0.260 0.396 0.446 0.520
BLOOM-7B 7.0 0.379 0.274 0.423 0.444 0.530

Llama 2
Llama2-7B 7.0 0.419 0.248 0.436 0.494 0.532
Llama2-13B 13.0 0.408 0.288 0.451 0.51 0.563

• Bleu. Bleu [88] assesses readability by measuring n-gram overlap between gener-

ated and reference texts through calculating the geometric mean of n-gram preci-

sion (Precisionn) and applying a brevity penalty (β) to handle length differences.

We can represent Bleu as the following equation:

Bleu = β · exp

(∑
n

log(wn · Precisionn)

)

where wn denotes the weight associated with the corresponding precision. We use

SacreBLEU (Bleu-4) [143] implementation to obtain our blue results. Despite

criticisms regarding its effectiveness in measuring informativeness and faithful-

ness [105], Bleu remains a valuable metric for evaluating readability and flu-

ency [35]. Therefore, we included Bleu in our assessment of readability.

• Meteor. Meteor [89], unlike Bleu, uses unigram matching and considers both

precision and recall. It stands out as a weighted version of the F1-score, represented

by the following equation:

MeteorF1-measure =
10 · Precison · Recall
Recall + 9Precison
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Where, Precision and Recall denote precision and recall based on unigram-based

matching. Unlike Bleu, Meteor incorporates synonym matching (using Word-

Net synsets) and word stemming (via Porter’s stemmer) to better capture textual

similarity. Thus, we believe that conjunction Meteor with Bleu for evaluating

readability offers a systematic assessment.

Table 3.3: Readability evaluation of LLMs using Meteor. The best-performing
models are highlighted in bold. Higher values indicate better readability. All results

are statistically significant at p < 0.05 (mentioned in subsection 3.4.3).

family model
size (number of

parameters in billion)
E2E ViGGo WikiTableText DART WebNLG

BART
BART-base 0.1 0.354 0.315 0.320 0.334 0.337
BART-large 0.4 0.358 0.265 0.337 0.375 0.397

T5
T5-base 0.2 0.358 0.247 0.334 0.359 0.374
T5-large 0.7 0.368 0.276 0.352 0.379 0.402

OPT
OPT-2.7B 2.7 0.355 0.307 0.366 0.382 0.403
OPT-6.7B 6.7 0.366 0.305 0.371 0.387 0.406
OPT-13B 13.0 0.355 0.308 0.361 0.391 0.411

BLOOM
BLOOM-1.1B 1.1 0.369 0.304 0.367 0.379 0.386
BLOOM-3B 3.0 0.371 0.305 0.356 0.386 0.403
BLOOM-7B 7.0 0.369 0.314 0.375 0.385 0.412

Llama 2
Llama2-7B 7.0 0.376 0.307 0.375 0.403 0.412
Llama2-13B 13.0 0.37 0.318 0.38 0.407 0.419

Takeaways from Bleu (Table 3.2) and Meteor (Table 3.3) Results. Our empir-

ical results on readability, as shown in Tables 3.2 and 3.3, reveal two key insights. First,

the size of LLMs within all five families plays a significant role in enhancing readabil-

ity across D2T tasks. Increasing model size consistently improves readability metrics,

as measured by both Bleu and Meteor (with only a few discrepancies observed in

LLM families like OPT by very small margin). These results suggest that, within the

evaluated models and datasets, readability generally increases with model size in D2T

tasks. In addition, among the evaluated models, Llama 2 achieves the highest readability

scores on both metrics. However, smaller models like BART and T5 remain competi-

tive, showing strong Bleu and Meteor results compared to larger models BLOOM and

OPT, specially for E2E, WebNLG and DART datasets. The lower number of training

instances in ViGGO and WikiTableText may explain their exclusion.

3.5.2 Performance Evaluations on Informativeness

Informativeness in D2T models refers to the content similarity or preservation between

the generated and reference texts, indicating how well the model conveys useful informa-

tion [35, 52]. We assess informativeness using BertScore, MoverScore and Parent

metrics.

• BertScore. BertScore [131] leverages BERT’s contextual representations to

assess text similarity, unlike n-gram-based models that struggle with capturing
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contextual nuances. BERT generates contextual word representations from its

hidden or output layers, and BertScore uses these representations, applying

cosine similarity to estimate text similarity. It calculates an F1-score based on

the contextual alignment between the generated text (g) and the reference text

(r). The main reason for choosing BertScore to evaluate informativeness is its

ability to assess the inherent (semantic) similarity between texts rather than just

their syntactic similarity. We believe that emphasizing semantic similarity offers

a more accurate representation of informativeness, setting it apart from aspects

such as fluency or readability.

Table 3.4: Informativeness evaluation of LLMs using BertScore. The best-
performing models are highlighted in bold. Higher values indicate better informa-

tiveness. All results are statistically significant at p < 0.05 (see subsection 3.4.3).

family model
size (number of

parameters in billion)
E2E ViGGo WikiTableText DART WebNLG

BART
BART-base 0.1 0.915 0.839 0.876 0.903 0.913
BART-large 0.4 0.916 0.843 0.879 0.919 0.933

T5
T5-base 0.2 0.916 0.828 0.882 0.913 0.921
T5-large 0.7 0.916 0.848 0.892 0.922 0.934

OPT
OPT-2.7B 2.7 0.908 0.879 0.896 0.919 0.927
OPT-6.7B 6.7 0.910 0.874 0.898 0.919 0.927
OPT-13B 13.0 0.908 0.879 0.897 0.920 0.928

BLOOM
BLOOM-1.1B 1.1 0.911 0.884 0.895 0.915 0.917
BLOOM-3B 3.0 0.912 0.883 0.887 0.916 0.925
BLOOM-7B 7.0 0.911 0.886 0.896 0.917 0.928

Llama 2
Llama2-7B 7.0 0.918 0.882 0.897 0.931 0.934
Llama2-13B 13.0 0.918 0.889 0.900 0.931 0.938

• MoverScore. Similar to BertScore, MoverScore [132] emphasizes contex-

tual similarity between texts. It measures semantic similarity using contextual

embeddings derived from all words in the text together with a power-law normaliza-

tion scheme. To compute the semantic distance between two texts, MoverScore

employs Word Mover’s Distance (WMD) over the underlying n-gram representa-

tions of the texts, as shown in Equation 3.3:

WMD(g, r) = min
F∈R|g|×|r|

∑
C ⊙ F (3.3)

where C and F denote the cost matrix and flow matrix, respectively. In WMD,

each entry of the cost matrix is computed using the contextual representations

of the n-grams obtained after applying the power-law transformation. The flow

matrix is determined by assigning weights to each n-gram based on inverse docu-

ment frequency (IDF). Unlike BertScore, MoverScore additionally incorpo-

rates structural and syntactic information through the word-mover distance for-

mulation. Therefore, using both MoverScore and BertScore provides a more

comprehensive evaluation of informativeness.
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Table 3.5: Informativeness evaluation of LLMs using Moverscore. The best-
performing models are highlighted in bold. Higher values indicate better informative-
ness. All results are statistically significant at p < 0.05 (mentioned in subsection 3.4.3).

family model
size (number of

parameters in billion)
E2E ViGGo WikiTableText DART WebNLG

BART
BART-base 0.1 0.656 0.597 0.654 0.650 0.657
BART-large 0.4 0.666 0.601 0.667 0.676 0.688

T5
T5-base 0.2 0.663 0.592 0.659 0.669 0.671
T5-large 0.7 0.665 0.608 0.670 0.684 0.687

OPT
OPT-2.7B 2.7 0.655 0.645 0.682 0.673 0..676
OPT-6.7B 6.7 0.659 0.639 0.687 0.673 0.678
OPT-13B 13.0 0.654 0.646 0.684 0.676 0.679

BLOOM
BLOOM-1.1B 1.1 0.658 0.649 0.676 0.669 0.663
BLOOM-3B 3.0 0.658 0.651 0.670 0.670 0.673
BLOOM-7B 7.0 0.658 0.655 0.678 0.671 0.679

Llama 2
Llama2-7B 7.0 0.671 0.651 0.686 0.691 0.689
Llama2-13B 13.0 0.668 0.66 0.69 0.692 0.691

• Parent. Unlike BertScore and MoverScore, Parent [39] evaluates informa-

tiveness by considering both the reference text and the source data. This enables

Parent to assess whether the generated text is not only similar to the reference

but also grounded in the source information, making it particularly useful in the

presence of source–reference divergence. Consequently, Parent has been shown to

correlate strongly with human judgments in D2T evaluation. The metric computes

an F1-score based on entailed precision and entailed recall using lexical entailment

techniques such as word overlap and co-occurrence. Let the lexical entailment of

an n-gram gi of the generated text g (i.e., gi ∈ n-gram(g)) with respect to the

source data s and the reference text r be denoted by En(gi, s) and En(gi, r), re-

spectively. Then, the entailed precision of the generated text with respect to both

the source data and the reference text is defined as:

PrecisionEn(g, s, r) ∝

∑
gi∈n-gram(g)

En(gi, r) + (1− En(gi, r))En(gi, s)

|gi ∈ n-gram(g)|

Similarly, the entailed recall of g with respect to both s and r is defined as:

RecallEn(g, s, r) = RecallEn(g, s)
λ · RecallEn(g, r)

1−λ

where λ denotes the weighting factor between the two recall components. Here,

RecallEn(g, r) is computed through lexical entailment with the reference text, while

RecallEn(g, s) is computed using longest common subsequence matching, since the

source data s is often semi-structured in D2T tasks. Finally, the Parent score is

calculated as the F1-measure of PrecisionEn and RecallEn .

Takeaways from BertScore (Table 3.4), MoverScore (Table 3.5) and Parent

(Table 3.6) Results. The results from both BertScore (Table 3.4) and Mover-

Score (Table 3.5) strongly indicate that increasing the model size of LLMs enhances
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Table 3.6: Informativeness evaluation of LLMs using Parent. The best-performing
models are highlighted in bold. Higher values indicate better informativeness. All

results are statistically significant at p < 0.05 (mentioned in subsection 3.4.3).

family model
size (number of

parameters in billion)
E2E ViGGo WikiTableText DART WebNLG

BART
BART-base 0.1 0.604 0.353 0.440 0.551 0.590
BART-large 0.4 0.592 0.355 0.462 0.597 0.621

T5
T5-base 0.2 0.590 0.344 0.472 0.577 0.592
T5-large 0.7 0.604 0.369 0.512 0.606 0.637

OPT
OPT-2.7B 2.7 0.528 0.395 0.510 0.557 0.589
OPT-6.7B 6.7 0.549 0.401 0.507 0.559 0.600
OPT-13B 13.0 0.529 0.399 0.499 0.565 0.612

BLOOM
BLOOM-1.1B 1.1 0.565 0.405 0.502 0.561 0.566
BLOOM-3B 3.0 0.569 0.400 0.476 0.556 0.585
BLOOM-7B 7.0 0.565 0.404 0.504 0.557 0.594

Llama 2
Llama2-7B 7.0 0.602 0.390 0.531 0.621 0.621
Llama2-13B 13.0 0.599 0.418 0.531 0.622 0.640

their informativeness, particularly when information alignment is calculated between ref-

erence and generated texts. Across all evaluated datasets, Llama 2 outperforms all other

LLM families in terms of informativeness as measured by these two metrics. However,

T5 and BART show competitive performance against BLOOM and OPT. Notably, T5

and BART achieve higher scores on the E2E, WebNLG, and DART datasets compared

to BLOOM and OPT. Analysis of the Parent scores (Table 3.6) suggests that, within

the evaluated model families and parameter ranges, larger model sizes were generally

associated with improvements in informativeness and readability, although some excep-

tions were observed for the BLOOM and OPT families. While Llama 2 consistently

performs well across all LLM families in Parent scores, T5 outperforms Llama 2 on the

E2E dataset, and DART also shows better results. Additionally, T5 and BART surpass

OPT and BLOOM on the E2E, WebNLG, and DART datasets. Overall, Table 3.6 illus-

trates that larger LLM families like OPT, BLOOM, and Llama 2 may struggle to capture

informativeness effectively when considering information alignment between source and

reference data. In contrast, smaller LLM families can achieve impressive results on

certain datasets.

3.5.3 Performance Evaluations on Faithfulness

Faithfulness is crucial in D2T models [34, 44], as it evaluates the factual accuracy of

generated text against the source data, focusing on the tendency to generate incorrect

and irrelevant facts. An example of unfaithful generation from the E2E dataset is shown

in Figure 3.7. We measure faithfulness using the BartScore metric.

• BartScore. BartScore[133] evaluates the faithfulness between two texts by

estimating the likelihood of text generation based on a sequence-to-sequence model

like BART. BART’s strong capability to capture faithfulness makes it a reliable
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name = "Strada"

eatType = "pub"

area = "city

centre"

There is a pub in the city centre

called the Strada.

Highly priced pub Strada is

located in the city centre.

Source

faithful reference

Unfaithful

generation

Figure 3.7: An illustration of unfaithful generation on the E2E dataset. The gener-
ated text contains the phrase “Highly price”, which is irrelevant with respect to the

information provided in the source data.

metric for identifying discrepancies between generated text and source content.

For this reason, we incorporated BartScore in our experiments to provide a

robust assessment of faithfulness in the generated outputs. The metric is based

on the principle that if two pieces of text are factually equivalent, the likelihood

of generating one from the other will be higher. Faithfulness in BartScore is

determined by the probability (equation3.4) of transforming from the source text

(s) to the generated text (g).

Faithfulness(s, g) = Pr(BART(s→ g)) (3.4)

BartScore has been reported to correlate more strongly with human judgments

than several earlier evaluation metrics.

Table 3.7: Faithfulness evaluation of LLMs using BartScore. The best-performing
models are highlighted in bold. Higher values indicate better faithfulness. All results

are statistically significant at p < 0.05 (mentioned in subsection 3.4.3).

family model
size (number of

parameters in billion)
E2E ViGGo WikiTableText DART WebNLG

BART
BART-base 0.1 0.086 0.065 0.068 0.066 0.119
BART-large 0.4 0.087 0.064 0.071 0.069 0.110

T5
T5-base 0.2 0.087 0.074 0.070 0.072 0.104
T5-large 0.7 0.093 0.063 0.077 0.070 0.101

OPT
OPT-2.7B 2.7 0.057 0.045 0.068 0.063 0.089
OPT-6.7B 6.7 0.053 0.046 0.066 0.062 0.087
OPT-13B 13.0 0.050 0.043 0.065 0.063 0.087

BLOOM
BLOOM-1.1B 1.1 0.089 0.042 0.057 0.064 0.090
BLOOM-3B 3.0 0.083 0.041 0.054 0.064 0.089
BLOOM-7B 7.0 0.086 0.040 0.056 0.063 0.088

Llama 2
Llama2-7B 7.0 0.094 0.05 0.062 0.073 0.106
Llama2-13B 13.0 0.089 0.048 0.061 0.074 0.105

Takeaways from BartScore (Table 3.7) Results. Our analysis of the empirical

results from Table 3.7 reveals that increasing model size does not necessarily enhance

the faithfulness of LLMs within a family for D2T tasks. In many cases, increasing the
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number of parameters may even degrade performance on faithfulness, particularly for

OPT, BLOOM, and Llama 2. T5 also experiences a loss of faithfulness as model size

increases on the ViGGo and DART datasets. Even when increasing model size leads to

slight improvements in faithfulness as measured by BartScore, these enhancements

are minimal. Therefore, the results indicate that larger LLMs may still exhibit reduced

faithfulness performance despite improvements in other generation qualities. Moreover,

no LLM family emerges as a clear winner for faithfulness based on BartScore. How-

ever, Llama 2 suggests better faithfulness on the E2E and DART datasets, while T5

excels in ViGGo and WikiTableText, and BART performs well in WebNLG.

3.5.4 Performance Evaluation through Human Assessment

Human evaluation remains a crucial component in assessing the performance of D2T

models, particularly LLMs [105, 106]. To complement the automatic evaluation, we con-

ducted a human study to analyze the perceived quality of LLM-generated texts across

multiple datasets. For the evaluation process, four graduate students from diverse aca-

demic backgrounds participated to reduce potential bias. Participation was voluntary,

and all necessary instructions and resources were provided. Prior to the main evaluation,

each annotator completed a short training phase consisting of five example input–output

pairs with gold-standard annotations supplied by the authors. This familiarized them

with the evaluation criteria and task objectives. Annotators were instructed to indepen-

dently assess each generated text along three key qualities: readability, informativeness,

and faithfulness. Ratings were recorded on a five-point Likert scale ranging from 1 (low-

est) to 5 (highest). During the main evaluation phase, each annotator rated 15 generated

outputs for every combination of LLM and dataset. The detailed instructions provided

to the annotators for conducting the evaluation are presented below.

Instructions for Human Evaluation

Participation in this annotation task is entirely voluntary. By proceeding with the

evaluation, you acknowledge that you have read and understood the instructions

and agree to participate in the study.

Please carefully read the provided input data (source), reference text, and gener-

ated output before assigning a score. Your task is to evaluate the overall quality

of the generated text by jointly considering the following three aspects:

• Readability. Determine whether the generated text is fluent, grammati-

cally correct, coherent, and naturally written.
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• Informativeness. Determine whether the generated text includes impor-

tant and relevant information from the provided input data and avoids sig-

nificant omissions.

• Faithfulness. Determine whether the generated text is supported by the

provided input data and reference text (while being mindful of possible

source–reference divergence) without introducing unsupported, contradic-

tory, or hallucinated information.

Do not assign separate scores for individual criteria. Instead, consider all three

aspects together and provide a single overall quality score using the following

five-point scale:

• Score 1 (Very Poor): The generated text has severe issues in multiple as-

pects. It may contain major factual consistency errors, significant omissions,

poor fluency, or incoherent language.

• Score 2 (Poor): The generated text has noticeable problems in one or

more aspects, such as factual inaccuracies, missing important information,

or readability issues.

• Score 3 (Moderate): The generated text is acceptable overall but contains

several limitations or deficiencies.

• Score 4 (Good): The generated text is generally satisfactory with only

minor issues affecting quality.

• Score 5 (Excellent): The generated text is fluent, informative, and fac-

tually consistent with the provided information.

Please base your judgment on the overall balance among these characteristics

rather than focusing excessively on any single aspect. Evaluate each sample inde-

pendently and avoid allowing previous evaluations to influence subsequent judg-

ments. In addition to the numerical rating, please provide a short explanatory

comment describing the main reasons behind your assigned judgment, including

notable factual inconsistencies, readability issues, lack of informativeness, or other

important observations that influenced the score.

Table 3.8 summarizes the human evaluation results across all LLMs and datasets. Over-

all, the trends observed in human assessments are broadly consistent with those found

in automatic metrics, particularly regarding readability and informativeness. However,

unlike the automatic metrics, the human evaluations revealed a slightly different trend
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Table 3.8: Human evaluation of LLMs on D2T tasks. The best-performing models
are highlighted in bold. The inter-annotator agreement, measured using Krippendorff’s

alpha (α), was 0.81, indicating moderate to high consistency among evaluators.

family model
size (number of

parameters in billion)
E2E ViGGo WikiTableText DART WebNLG

BART
BART-base 0.139 0.26 0.32 0.36 0.28 0.48
BART-large 0.406 0.42 0.45 0.40 0.44 0.58

T5
T5-base 0.223 0.44 0.38 0.52 0.48 0.55
T5-large 0.738 0.45 0.48 0.54 0.52 0.64

OPT
OPT-2.7B 2.7 0.32 0.28 0.45 0.40 0.48
OPT-6.7B 6.7 0.32 0.32 0.48 0.42 0.52
OPT-13B 13 0.44 0.42 0.45 0.48 0.52

BLOOM
BLOOM-1.1B 1.1 0.25 0.22 0.35 0.40 0.50
BLOOM-3B 3 0.32 0.30 0.36 0.38 0.55
BLOOM-7B 7 0.42 0.36 0.52 0.56 0.55

Llama 2
Llama2-7B 7 0.45 0.35 0.45 0.55 0.48
Llama2-13B 13 0.42 0.35 0.45 0.56 0.60

in faithfulness, where larger LLMs were often rated higher across all three evaluation

qualities. These findings suggest that, according to human judgment, overall generation

quality in D2T tasks is influenced by a balanced combination of readability, informa-

tiveness, and faithfulness—rather than faithfulness alone.

3.5.5 Discussion

From the empirical results (Table 3.2, 3.3, 3.4, 3.5, 3.6, and 3.7) obtained from six

automatic metrics across three key qualities—readability, informativeness, and faith-

fulness—we observe that increasing the number of parameters within an LLM family

generally enhances readability and informativeness, while it may adversely affect faith-

fulness in D2T tasks. Interestingly, our human evaluation (Table 3.8) reveals a more

balanced perspective: larger LLMs tend to receive higher ratings across all three quali-

ties, suggesting that their improved linguistic fluency and contextual understanding may

partially offset faithfulness detected by automatic metrics. This divergence highlights

that automatic metrics may over-penalize minor errors on faithfulness while underesti-

mating perceived quality from a human standpoint. Therefore, in applications where

faithfulness is of utmost importance—for example, in safety-critical settings such as med-

ical report generation [49]—a smaller, more controllable LLM within the same family

may be preferable. Conversely, in scenarios that prioritize readability, informativeness,

and faithfulness from an overall human perspective—such as creative or user-facing D2T

applications—using larger LLMs can be beneficial due to their enhanced linguistic ex-

pressiveness and coherence.
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3.6 Robustness of Performance Evaluation with Respect

to Fine-tuning and Decoding Strategies

In this section, we examine the robustness of our performance evaluation with respect

to different fine-tuning and decoding strategies. We aim to verify whether the ob-

served trends in LLM performance on D2T remain consistent across alternative model

fine-tuning and decoding methods. For this robustness analysis, we consider three rep-

resentative LLM families—T5, BLOOM, and Llama 2—encompassing six individual

models: T5-base, T5-large, BLOOM-3B, BLOOM-7B, Llama2-7B, and Llama2-13B. To

ensure coverage of different D2T paradigms, we include one dataset for each type: E2E

for MR-to-Text, WikiTableText for Table-to-Text, and DART for Graph-to-Text.

Model performance is evaluated along three key qualities of D2T: readability (mea-

sured by Bleu), informativeness (measured by Parent), and faithfulness (measured

by BartScore).

Listing 2 Prefix-Tuning configuration

from peft import PrefixTuningConfig

# Prefix-Tuning configuration, implemented through PEFT

pfx_config = PrefixTuningConfig(task_type=TaskType.SEQ_2_SEQ_LM|TaskType.CAUSAL_LM,

num_virtual_tokens=32)↪→

Fine-tuning Strategies. To assess robustness under different fine-tuning approaches,

we compare our primary QLoRA fine-tuning strategy with Prefix-Tuning [86]. Unlike

QLoRA, which introduces low-rank adapters into specific weight matrices of the LLM,

Prefix-Tuning prepends a sequence of trainable virtual tokens to the model’s input em-

beddings (code listing 2). These trainable vectors act as continuous prompts that guide

the model toward task-specific behavior without modifying the original model param-

eters. Let assume the input sequence be represented as X = [x1, x2, . . . , xn], where xi

denotes the embedding of the i-th token. Prefix-Tuning introduces a trainable prefix

sequence P = [p1, p2, . . . , pm], where m represents the prefix length and pi ∈ Rd denotes

the embedding of a virtual token. The modified input can therefore be expressed as

X ′ = [P ;X], where [; ] denotes sequence concatenation. Within the transformer archi-

tecture, these prefix representations are incorporated into the self-attention mechanism

by augmenting the key and value representations as K ′ = [KP ;K] and V ′ = [VP ;V ],

where KP and VP are learnable prefix-associated key and value vectors. Consequently,

the attention operation becomes Attention(Q,K ′, V ′) = softmax
(
QK′T
√
dk

)
V ′, allowing

the model to attend to both the original input and task-specific prefix information.
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Through this mechanism, Prefix-Tuning can effectively adapt model behavior while up-

dating only a small number of additional parameters, making it a computationally effi-

cient fine-tuning approach.

As shown in Table 3.9, Prefix-Tuning achieves performance comparable to QLoRA across

most metrics, with only marginal degradation observed in a few cases. We attribute these

minor differences to the fixed number of tunable parameters in Prefix-Tuning, which

may not optimally scale with model size across different LLM families. Nevertheless,

the overall consistency between both fine-tuning methods suggests that our evaluation

findings remain stable and robust across fine-tuning paradigms.

Table 3.9: Performance comparison between QLoRA and Prefix-Tuning fine-tuning
strategies across all LLMs and datasets, showing consistent results and robustness in

evaluation.

metric family model
size (number of

parameters in billion)
QLoRA Prefix-Tuning

E2E WikiTableText DART E2E WikiTableText DART

Bleu

T5
T5-base 0.2 0.380 0.365 0.404 0.377 0.351 0.411
T5-large 0.7 0.398 0.390 0.442 0.393 0.380 0.432

BLOOM
BLOOM-3B 3.0 0.380 0.396 0.446 0.389 0.375 0.452
BLOOM-7B 7.0 0.379 0.423 0.444 0.377 0.420 0.447

Llama 2
Llama2-7B 7.0 0.419 0.436 0.494 0.435 0.446 0.474
Llama2-13B 13.0 0.408 0.451 0.510 0.423 0.452 0.528

Parent

T5
T5-base 0.2 0.590 0.472 0.577 0.591 0.474 0.597
T5-large 0.7 0.604 0.512 0.606 0.624 0.492 0.573

BLOOM
BLOOM-3B 3.0 0.569 0.476 0.556 0.570 0.477 0.489
BLOOM-7B 7.0 0.565 0.504 0.557 0.563 0.449 0.534

Llama 2
Llama2-7B 7.0 0.602 0.531 0.621 0.578 0.439 0.641
Llama2-13B 13.0 0.599 0.531 0.622 0.559 0.532 0.533

BartScore

T5
T5-base 0.2 0.087 0.070 0.072 0.088 0.069 0.077
T5-large 0.7 0.093 0.077 0.070 0.095 0.069 0.078

BLOOM
BLOOM-3B 3.0 0.083 0.054 0.064 0.085 0.072 0.088
BLOOM-7B 7.0 0.086 0.056 0.063 0.087 0.067 0.067

Llama 2
Llama2-7B 7.0 0.094 0.062 0.073 0.093 0.081 0.078
Llama2-13B 13.0 0.089 0.061 0.074 0.079 0.068 0.078

Decoding Strategies. To examine robustness under different decoding strategies, we

compare the deterministic Beam Search decoding (used in our main experiments) with

the stochastic Nucleus Sampling [79] technique, also known as Top-p sampling. For Nu-

cleus Sampling, we set p = 0.95, meaning that tokens are sampled from the smallest pos-

sible set whose cumulative probability exceeds 0.95. As shown in Table 3.10, the results

from Nucleus Sampling are largely consistent with those obtained using Beam Search,

indicating that similar trends are observed across the evaluated decoding approaches.

A slight drop is observed in the faithfulness (measured via BartScore), which can be

attributed to the inherent stochasticity of sampling-based decoding. Apart from this

minor variation, both decoding methods produce highly similar results, providing ev-

idence that the observed evaluation trends are largely consistent across the examined

decoding strategies.
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Table 3.10: Performance comparison between Beam Search and Nucleus Sampling
decoding strategies across all LLMs and datasets, showing consistent results and ro-

bustness in evaluation.

metric family model
size (number of

parameters in billion)
beam search nucleus sampling

E2E WikiTableText DART E2E WikiTableText DART

Bleu

T5
T5-base 0.2 0.380 0.365 0.404 0.394 0.396 0.416
T5-large 0.7 0.398 0.390 0.442 0.423 0.426 0.439

BLOOM
BLOOM-3B 3.0 0.380 0.396 0.446 0.428 0.463 0.471
BLOOM-7B 7.0 0.379 0.423 0.444 0.419 0.492 0.479

Llama 2
Llama2-7B 7.0 0.419 0.436 0.494 0.471 0.454 0.463
Llama2-13B 13.0 0.408 0.451 0.51 0.485 0.495 0.548

Parent

T5
T5-base 0.2 0.590 0.472 0.577 0.611 0.477 0.587
T5-large 0.7 0.604 0.512 0.606 0.504 0.521 0.584

BLOOM
BLOOM-3B 3.0 0.569 0.476 0.556 0.571 0.429 0.522
BLOOM-7B 7.0 0.565 0.504 0.557 0.554 0.537 0.556

Llama 2
Llama2-7B 7.0 0.602 0.531 0.621 0.613 0.535 0.628
Llama2-13B 13.0 0.599 0.531 0.622 0.605 0.524 0.634

BartScore

T5
T5-base 0.2 0.087 0.070 0.072 0.086 0.063 0.079
T5-large 0.7 0.093 0.077 0.070 0.068 0.064 0.064

BLOOM
BLOOM-3B 3.0 0.083 0.054 0.064 0.086 0.050 0.063
BLOOM-7B 7.0 0.086 0.056 0.063 0.074 0.055 0.062

Llama 2
Llama2-7B 7.0 0.094 0.062 0.073 0.098 0.057 0.072
Llama2-13B 13.0 0.089 0.061 0.074 0.090 0.055 0.072

3.7 Performance Evaluation Amid Source-reference Diver-

gence

As discussed in Subsection 3.3.3, source-reference divergence is a common and unavoid-

able issue in D2T [39, 68]. So we here we evaluated how LLMs perform in D2T tasks

when source-reference divergence is present. Consistent with the robustness analysis

setup, we employ the same LLMs, D2T datasets, and evaluation metrics to examine the

characteristics of source–reference divergence. To provide a clearer illustration of the im-

pact of source–reference divergence, we categorize the test partition of each dataset into

three equally sized groups based on the average source–reference divergence scores: low

(instances with relatively low source–reference divergence), medium, and high (instances

with relatively high source–reference divergence). Each group contains approximately

one-third of the total test instances. We assess source-reference divergence (div(s, r))

based on the differences between the source text (s) and the reference text (r) at the

unigram level, as follows:

div(s, r) = 1−
∣∣unigram(s) ∩ unigram(r)

∣∣∣∣unigram(s) ∪ unigram(r)
∣∣

Where |x| denotes the cardinality and ‘unigram(x)’ represents the set of all unigrams

of the text x. We opt for unigram-based matching to calculate divergence rather

than higher-order n-gram matching because the source data S often consists of semi-

structured non-textual data, where higher-order grams may overlook significant portions

of information [48, 67].
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(1) (2) (3)

(4) (5) (6)

Figure 3.8: Analysis of performance of T5 in context of source-reference divergence
based on three datasets (E2E, WikiTableText and DART) in terms of Bleu, and
Parent, BartScore. First row represents performance of T5-base, and second row

represents performance of T5-large.

3.7.1 Results Amid Source-reference Divergence.

Figures 3.8, 3.9, and 3.10 illustrate the performance of T5, BLOOM, and Llama 2 across

three D2T datasets, specifically focusing on source-reference divergence. The results

highlight a significant influence of source-reference divergence on the performance of

LLMs across all three families. In the low divergence group, characterized by minimal

discrepancies between source and reference texts, all three LLM families consistently

achieve higher scores across the evaluated metrics (Bleu, Parent, and BartScore).

This indicates that when source-reference divergence is low, LLMs tend to excel in

terms of readability, informativeness, and faithfulness. Conversely, in the high source-

reference divergence group, where divergences are more pronounced, all LLMs exhibit

notably lower performance across all three qualities compared to the low and medium

groups. This underscores the substantial impact of source-reference divergence on LLM

performance, with higher levels of source-reference divergence leading to decreased scores

in readability, informativeness, and faithfulness. Another key finding from Figures 3.8,

3.9, and 3.10 is that changes in model size within each LLM family do not signifi-

cantly affect performance across the three qualities when considering source-reference

divergence. Thus, we conclude that the model size of LLMs within a family is largely

agnostic to their performance concerning source-reference divergence.
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(1)

(5)

(2) (3)

(4) (6)

Figure 3.9: Analysis of performance of BLOOM in context of source-reference di-
vergence based on three datasets (E2E, WikiTableText and DART) in terms of Bleu,
Parent and BartScore. First row represents performance of BLOOM-3B, and sec-

ond row represents performance of BLOOM-7B.

(1) (2) (3)

(4) (5) (6)

Figure 3.10: Analysis of performance of Llama 2 in context of source-reference di-
vergence based on three datasets (E2E, WikiTableText and DART) in terms of Bleu,
Parent and BartScore. First row represents performance of Llama2-7B, and second

row represents performance of Llama2-13B.
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3.8 Case Studies

We present two case studies (Table 3.11 and 3.12) conducted on the E2E and Wik-

iTableText datasets, each showcasing two samples and their corresponding generations

from four LLMs: T5-base, T5-large, Llama2-7B, and Llama2-13B. In the first case (Ta-

ble 3.11) study using the E2E dataset, one example illustrates how smaller LLMs like

T5-base may fail to accurately convey information. Another example highlights a source-

reference divergence phenomenon, where larger LLMs like Llama2-13B fail to capture the

divergence, while other LLMs successfully handle it. Table 3.11 illustrates examples in

which smaller LLMs exhibit lower informativeness, while larger LLMs sometimes strug-

gle under conditions of source-reference divergence. The second case study (Table 3.12)

on the WikiTableText dataset suggests how increasing LLM size enhances informative-

ness as a D2T model. Additionally, it reveals that smaller LLMs such as T5-base and

T5-large tend to prioritize faithfulness, while larger LLMs prioritize readability. Ta-

ble 3.12 reveals that smaller-sized LLMs prioritize faithfulness, rendering them more

suitable for applications requiring safety-critical considerations.

Table 3.11: Case study on the E2E dataset with four LLMs (T5-base, T5-large,
Llama2-7B, and Llama2-13B), highlighting errors by smaller models and larger models’

failure to detect source-reference divergence.

source reference LLM generated text remarks

name=The Vaults; eatType = pub;
food=French; priceRange=less than £20;
area=city centre; familyFriendly=yes

Near Raja Cuisine, in the city centre
is a pub offering French food. The
Vaults is cheap and family-friendly.

T5-base
The Vaults is a family-friendly
French pub in the city centre

with a price range of less than £20. All LLMs are successfully generated similar
texts, however T5-base transformed with

‘food=French’ into ‘French pub’, mistakenly.
T5-large

The Vaults is a family-friendly pub
in the city centre that

serves French food for less than £20.

Llama2-7B

The Vaults is a family-friendly
pub that serves French food.
It is located in the city centre

and has a price range of less than £20.

Llama2-13B
The Vaults is a family-friendly pub that
serves French food for less than £20.

It is located in the city centre.

name=The Waterman; eatType=restaurant;
priceRange=high; area=riverside;

familyFriendly=yes; near=Raja Indian Cuisine

The Waterman is a restaurant near to
Raja Indian Cuisine that is

child-friendly. It has a high price
range but is located in riverside.

T5-base

The Waterman is a high priced,
child friendly restaurant in
the riverside area near Raja

Indian Cuisine.

In this example, there is a discrepancy between
the source data and the reference. The source
data mentions familyFriendly=yes, while the

reference uses the term ‘child-friendly’.
Interestingly, all three LLMs, except Llama2-13B,
successfully identify this discrepancy. This case
highlights the possibility that larger LLMs may

overlook certain divergences in the data.

T5-large

The Waterman is a child friendly
restaurant in the riverside area

near Raja Indian Cuisine.
It has a high price range.

Llama2-7B

The Waterman is a high priced
restaurant in the riverside area

near Raja Indian Cuisine.
It is child friendly.

Llama2-13B
The Waterman is a high priced family
friendly restaurant in the riverside area

near Raja Indian Cuisine.
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Table 3.12: Case study on the WikiTableText dataset with four LLMs (T5-base,
T5-large, Llama2-7B, and Llama2-13B), showing how larger models improve informa-

tiveness, while smaller models generate faithful but less readable content.

source reference LLM generated text remarks

[[’subjtitle’, ’history of the jews in malaysia’],
[’subjsubtitle’, ’history’], [’year’, ’1881’],
[’males’, ’14’], [’females’, ’9’], [’boys’, ’5’],

[’girls’, ’4’], [’total’, ’32’]]

in 1988 , there were 32 the jews in
malaysia in which there were

14 males , 9 females , 5 boys and
4 girls .

T5-base in 1881, there were 32 jews in malaysia. All LLMs are experiencing issues with
informativeness as they struggle to generate
all the source content accurately. In this
example, larger LLMs show improved

informativeness, with Llama2-13B achieving
comparatively better results.

T5-large
in 1881, there were 14 males and

9 females in malaysia.

Llama2-7B
there were 14 males and 9 females
in the jews in malaysia in 1881 .

Llama2-13B
there were 14 males , 9 females ,
5 boys and 4 girls in the jews

in malaysia in 1881 .

[[’subjtitle’, ’bath rugby’], [’subjsubtitle’, ’current squad’],
[’player’, ’jack wilson’], [’position’, ’wing’],

[’union’, ’new zealand’]]

in bath rugby , wing jack wilson
was a member of new zealand union .

T5-base jack wilson was a wing in new zealand.
While T5-base and T5-large provide faithful
information, Llama2-7B and Llama2-13B
outperform them in terms of readability.

T5-large jack wilson was from union new zealand.

Llama2-7B jack wilson was from new zealand .

Llama2-13B jack wilson was from new zealand .

3.9 Source-Reference Divergence-Weighted Training

From the previous discussion (section 3.7), we have observed that source-reference di-

vergence plays an important role in determining the performance of LLMs on D2T

tasks. To explicitly incorporate this insight into the training process, we propose a

Source-Reference Divergence-Weighted Training strategy (Equation 3.5), which extends

the conventional Maximum Likelihood Estimation (MLE) loss (L) formulation (Equa-

tion 3.1) by introducing a source–reference divergence-weighted loss function (Lweighted)
for each training instance.

θ∗ ← argmax
θ

∑
(s,r)∈D

w(s, r) · L
(
Mθ(s), r

)︸ ︷︷ ︸
Lweighted

(
Mθ(s),r

) (3.5)

Here, s and r denote the source and reference text, respectively, and w(s, r) repre-

sents the weight assigned to each instance. We define the weight as the inverse of the

source–reference divergence:

w(s, r) = 1− div(s, r) (3.6)

where div(s, r) ∈ [0, 1] quantifies the semantic divergence between the source and refer-

ence.

Intuitively, this weighting mechanism functions as a form of regularization, encouraging

the model to place greater emphasis on instances with low divergence (i.e., semantically

well-aligned source-reference pairs), while reducing the influence of highly divergent

examples that may introduce unfaithfulness during training. Thus, the modified loss
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can be interpreted as:

Lweighted
(
Mθ(s), r

)
=

∑
(s,r)∈D

[
L(Mθ(s), r)− λ · div(s, r) · L(Mθ(s), r)

]
, (3.7)

where λ controls the regularization strength implicitly determined by w(s, r).

Table 3.13: Performance comparison between conventional and divergence-weighted
training across LLMs and D2T datasets. Divergence-weighted training yields consistent

improvements across metrics. The best results are shown in bold.

metric family model
size (number of

parameters in billion)
conventional training Weighted training

E2E WikiTableText DART E2E WikiTableText DART

Bleu

T5
T5-base 0.2 0.380 0.365 0.404 0.387 0.367 0.446
T5-large 0.7 0.398 0.390 0.442 0.418 0.388 0.462

BLOOM
BLOOM-3B 3.0 0.380 0.396 0.446 0.388 0.427 0.442
BLOOM-7B 7.0 0.379 0.423 0.444 0.411 0.438 0.469

Llama 2
Llama2-7B 7.0 0.419 0.436 0.494 0.451 0.449 0.439
Llama2-13B 13.0 0.408 0.451 0.510 0.448 0.516 0.528

Parent

T5
T5-base 0.2 0.590 0.472 0.577 0.602 0.470 0.582
T5-large 0.7 0.604 0.512 0.606 0.620 0.545 0.573

BLOOM
BLOOM-3B 3.0 0.569 0.476 0.556 0.572 0.463 0.582
BLOOM-7B 7.0 0.565 0.504 0.557 0.573 0.556 0.591

Llama 2
Llama2-7B 7.0 0.602 0.531 0.621 0.616 0.557 0.608
Llama2-13B 13.0 0.599 0.531 0.622 0.612 0.558 0.632

BartScore

T5
T5-base 0.2 0.087 0.070 0.072 0.088 0.075 0.081
T5-large 0.7 0.093 0.077 0.070 0.104 0.072 0.086

BLOOM
BLOOM-3B 3.0 0.083 0.054 0.064 0.085 0.061 0.076
BLOOM-7B 7.0 0.086 0.056 0.063 0.097 0.094 0.063

Llama 2
Llama2-7B 7.0 0.094 0.062 0.073 0.096 0.075 0.078
Llama2-13B 13.0 0.089 0.061 0.074 0.088 0.086 0.082

We adopt the same experimental setup as in the robustness analysis, employing the same

set of LLMs, D2T datasets, and evaluation metrics. Table 3.13 presents the comparison

between standard MLE training and divergence-weighted training. Across all three

evaluation metrics—Bleu, Parent, and BartScore—the proposed weighted training

consistently outperforms the conventional approach across multiple LLM families and

datasets. These results empirically substantiate the effectiveness of our divergence-

weighted method in enhancing D2T quality.

3.10 Conclusion

The chapter presents a broad evaluation of LLMs for D2T, encompassing twelve mod-

els from five popular LLM families, evaluated across multiple datasets and metrics.

The study integrates automatic and human evaluations, robustness analyses, and in-

troduces a source-reference divergence-weighted training strategy to provide a broad

understanding of LLM behavior in D2T tasks. The findings suggest that increasing

model size generally enhances readability and informativeness, with Llama 2 exhibiting

the strongest overall performance in these aspects. However, larger models do not con-

sistently improve faithfulness and may even lead to its degradation. Human evaluations

reveal a more nuanced trend—larger models often receive higher ratings across all three
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qualities, suggesting that their superior readability and contextual expressiveness can

compensate for minor unfaithfulness that is frequently over-penalized by automatic met-

rics. Robustness analyses further indicate that these trends remain stable across different

fine-tuning strategies (QLoRA vs. Prefix-Tuning) and decoding methods (Beam Search

vs. Nucleus Sampling), thereby supporting the consistency of the evaluation framework.

Moreover, experiments examining source-reference divergence suggest that model perfor-

mance degrades notably as divergence increases, with model size having a limited effect

in mitigating this challenge. To address this limitation, the proposed source-reference

divergence-weighted training strategy adaptively adjusts instance-level loss based on the

degree of divergence between source and reference data. This approach improves perfor-

mance across readability, informativeness, and faithfulness under the evaluated settings,

suggesting that it may serve as a useful regularization mechanism.



Chapter 4

Evaluating Factual Consistency in

LLM-Based D2T

Building upon the findings of the previous chapter, which examined the overall per-

formance of LLMs for data-to-text generation (D2T) and proposed the source-reference

divergence-weighted training strategy, this chapter1 presents a broad empirical evaluation

of faithfulness in terms of factual consistency. It describes an empirical investigation of

factual consistency across five representative LLM families (T5, BART, OPT, BLOOM,

and Llama 2) and five widely used D2T datasets (E2E, ViGGo, WikiTableText, DART,

and WebNLG). In this work, the primary goal is to evaluate faithfulness by quantifying

the factual alignment between generated text and its source data, thereby examining

associations between factual consistency and factors such as model scale, dataset di-

versity, and source-reference divergence. Overall, this chapter reports the findings of

a multi-dataset empirical study that provides additional empirical insights into factual

consistency in LLM-based D2T and informs future strategies for enhancing model faith-

fulness.

4.1 Overview

The rapid advancement of LLMs has influenced developments in D2T [6, 144]. LLMs

have often achieved higher scores than earlier D2T architectures on several evalu-

ated benchmarks on several evaluation dimensions, particularly in terms of readabil-

ity—capturing fluency and coherence—and informativeness—reflecting the extent to

1The work presented in this chapter is based on our paper: Mahapatra, J. and Garain, U., 2025. A
Comprehensive Study on Factual Consistency in LLMs for Data-to-Text Generation. Sādhanā, Springer. [117]

64
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which generated text preserves source information [35]. Despite these notable gains,

generating factually consistent text in D2T remains a persistent challenge for LLMs.

Factual consistency in D2T refers to the degree to which the generated text accurately

reflects the factual content of the input data [54]. Deficiencies in factual consistency may

reduce users’ confidence in D2T outputs, particularly in applications where factual accu-

racy is important, such as medical report generation [50] and financial reporting [138].

Accordingly, evaluating factual consistency is important for understanding the faith-

fulness of LLMs in various applications. However, despite the increasing adoption of

LLMs, relatively few studies have examined factual consistency across multiple datasets

and model families in a unified evaluation setting.

Table-to-TextGraph-to-Text

title kf tirana
eatType

Loch

Fyne

riverside

coffee

shop

area

The Loch Fyne is a

coffee shop at the

riverside.

Data-to-Text

subtitle
presidents

history

name lutfi nuri

from–to 1998–99

lutfi nuri was president

of kf tirana during

1998–99 .

MR-to-Text

Near Raja Cuisine, in

the city centre is a pub

offering French food.

The Vaults is cheap

and family-friendly.

name = The Vaults,

eatType = pub, food =

French, priceRange =

less than £20, area =

city centre,

familyFriendly = yes

graph text texttable

textMR

Figure 4.1: Three primary types of D2T: graph-to-text, meaning representation
(MR)-to-text, and table-to-text.

This chapter contributes toward addressing this gap by presenting a multi-dataset eval-

uation of the factual consistency of LLMs in D2T. The study encompasses three princi-

pal D2T task types—table-to-text, graph-to-text, and meaning representation (MR)-to-

text—as illustrated in Figure 4.1. It evaluates five widely used D2T datasets: E2E [3]

(MR-to-text), ViGGo [62] (MR-to-text), WikiTableText [2] (table-to-text), DART [1]

(graph-to-text), and WebNLG [7] (graph-to-text). To thoroughly analyze model behav-

ior, twelve LLMs of varying scales are examined, representing five widely used open-

source model families: BART [31], T5 [75], OPT [99], BLOOM [72], and Llama 2 [130].

To the best of our knowledge, few prior studies have evaluated factual consistency across

a similarly broad combination of D2T datasets and LLM families.
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Factual consistency is assessed through a combination of automatic metrics and hu-

man evaluations. Four widely used automatic factual consistency metrics are em-

ployed: SummaC-Conv, a natural language inference-based metric; NEOverlap, a

named-entity-based metric; AlignScore, an information alignment-based metric; and

QAFactEval, a question-answering-based metric. Additionally, to investigate how fac-

tual consistency evolves with increasing model size (in terms of the number of trainable

parameters), the average rate of change (AROC) is computed for each LLM family.

The empirical analysis presented in this chapter suggests three key findings regarding

the factual consistency of LLMs in D2T:

1. Model Performance: Llama 2 generally attains the highest factual consistency

among the evaluated LLM families. However, smaller models such as T5 and

BART exhibit competitive performance on larger and lexically less diverse datasets

(see section 4.5).

2. Impact of Model Scale: AROC-based analyses across multiple automatic met-

rics indicate that larger models within the evaluated LLM families are generally

associated with higher factual consistency scores (see section 4.5). These trends

are broadly consistent with the human evaluation results (see section 4.7).

3. Effect of Source-Reference Divergence: The results presented in section 4.6

suggest that source–reference divergence—a common phenomenon in D2T in which

the reference text semantically deviates from the source data [39, 54]—is associated

with reduced factual consistency in LLM-generated outputs.

4.2 Related Work

Factual consistency is a critical requirement for D2T systems [35, 52]. Early research

by Tian et al. [13] identified factual inconsistency—termed intrinsic hallucination—as

a fundamental challenge in D2T, while Xiao and Wang [121] further linked such in-

consistencies to predictive uncertainty in generation models. Later, Li et al. [54] em-

phasized that factual consistency remains a persistent limitation, often overshadowing

other dimensions such as readability and informativeness. Subsequent analyses [54, 93]

have attributed factual inconsistency to multiple factors, including model architecture,

model scale, and source-reference divergence. The advent of Transformer-based archi-

tectures [30, 111] has contributed to advances in D2T, leading to the emergence of

LLMs that have demonstrated strong generalization across a variety of domains and

languages [130]. Despite their strengths, several studies [34, 100, 116] report that LLMs,
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while often achieving higher readability and informativeness, continue to struggle with

maintaining factual consistency. Prior surveys [35, 54] highlight the prevalence of fac-

tual errors in LLM-generated D2T outputs, underscoring the need for more systematic

evaluation frameworks. However, existing efforts have generally been limited in scope,

focusing on a narrow range of models or datasets. To address this gap, the present study

conducts a large-scale, systematic evaluation of factual consistency across multiple LLM

families and D2T benchmarks, aiming to advance the understanding of faithfulness and

inform the development of more factually reliable D2T systems.

4.3 Preliminaries

Although most of these concepts have been discussed in detail in Chapter 1, they are

briefly revisited here for completeness. This section introduces the key foundational

concepts that support our study, including an overview of D2T, the definition of factual

consistency, and the concept of source-reference divergence. As the fundamentals of

D2T and LLMs have already been presented in Chapter 1, the discussion here is limited

to background information directly relevant to the evaluation framework employed in

this chapter.

4.3.1 D2T

D2T [35] aims to generate coherent natural language text r = r1r2 . . . r|r| from structured

or semi-structured input data s (e.g., tables, graphs, or meaning representations). A

D2T dataset typically consists of pairs D = {(s, r)}, where each source s is associated

with a reference text r drawn from the vocabulary V, i.e., ri ∈ V [16]. A model Mθ,

parameterized by θ, is trained on D to maximize the likelihood of producing r given s

as shown in Equation 4.1.

θ∗ = argmax
θ

∑
(s,r)∈D

L(Mθ(s), r) (4.1)

Here, L represents the empirical loss function, typically the cross-entropy loss. During

inference, the trained modelMθ∗ generates an output g from source data s by applying

a decoding strategy [54], as expressed in Equation 4.2.
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g ← decoding
V∗

Mθ∗(s) (4.2)

Advancement in transformer-based architectures and large-scale pretraining have made

LLMs the de facto predictive models for D2T, achieving notable improvements in flu-

ency and content preservation. However, as discussed earlier, these models still face

substantial challenges in maintaining factual consistency.

4.3.2 Factual Consistency in D2T

Factual consistency assesses whether the generated text (claim) accurately reflects the

factual information in the source or reference data (context). In D2T, this involves

verifying whether all facts present in the input data are correctly expressed in the gen-

erated text, and whether no extraneous or incorrect facts are introduced. A lack of

factual consistency, as illustrated in Figure 4.2, can lead to the inclusion of misleading

or unsupported claims, thereby undermining model reliability.

source

Bionico is a food found in

Guadalajara, Mexico. Sour

cream, chopped fruits,

condensed milk. granola, raisins

and shredded coconut are the

main ingredients in Bionico.

reference

Bionico is a Mexican dish that

comes in the moderate price

range. The main ingredients are

chopped fruits, sour cream,

condensed milk, granola,

shredded coconut, raisins.

generated text

M
AIN

 IN
G

RED
IEN

TS

CO
U
N

TRY

IN
G

RED
IEN

T REG
IO

N

Bionico

Mexico

GuadalajaraSour cream

Chopped Fruits, Sour Cream,

Condensed Milk, Granola,

Shredded Coconut, Raisins

Figure 4.2: Example of factual inconsistency from the DART (graph-to-text) dataset,
where the generated claim introduces incorrect information—‘that comes in the

moderate price range’—not found in the source data.

Evaluating factual consistency is important for determining a D2T model’s faithfulness.

Two major evaluation strategies exist: (i) human assessment, which provides direct but

expensive and subjective evaluations, and (ii) automatic metric-based evaluation, which

offers scalable and repeatable assessments. Studies [145, 146] have proposed automatic

factual consistency metrics (e.g., entailment-based and question-answering-based mod-

els) that exhibit strong correlations with human judgments, making them practical tools

for large-scale factual consistency evaluation.
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4.3.3 Source-Reference Divergence

As previously discussed in Chapter 3 (subsection 3.3.3), this section revisits the con-

cept of source-reference divergence for completeness. Source-reference divergence is a

well-documented phenomenon in D2T [13, 39, 54, 68], referring to a semantic or fac-

tual mismatch between the structured source data and its corresponding reference text.

An illustrative example is shown in Figure 4.3, where the reference text introduces an

additional fact—‘is reasonably priced’—that is not present in the source data.

name = The Vaults, eatType =

pub, familyFriendly = no, near =

Raja Indian Cuisine

source

pub, The Vaults, is reasonably

priced. Located near Raja

Indian Cuisine, it's not

considered family friendly.

reference

Figure 4.3: Illustration of source-reference divergence from the E2E [3] dataset. The
reference text introduces additional information—‘is reasonably priced’—not present

in the source data.

This divergence typically arises from two main factors. First, D2T reference texts often

include implicit or inferred information to improve naturalness and fluency, leading to

deviations from the explicit content of the source. Second, many D2T datasets are

constructed through heuristic pairing methods, where references and sources are not

always perfectly aligned [54]. Such mismatched pairings are difficult to eliminate and

are prevalent across benchmark datasets. Consequently, evaluating factual consistency

under conditions of source-reference divergence is critical for understanding how LLMs

handle imperfect or noisy supervision—an important consideration in the development

and evaluation of D2T systems.

4.4 Experimental Setup

This section describes the datasets, LLMs, and experimental settings used in our exper-

iments, along with statistical significance tests to ensure reproducibility.

Table 4.1: Summary of key statistics, D2T types, and domains for the five incorpo-
rated datasets. The table shows the average length (in tokens), unique tokens, and

total tokens for both sources (linearized to text) and references.

dataset D2T types domain
size source (linearized) reference

(# instances) type-token ratio (TTR) unique tokens total tokens type-token ratio (TTR) unique tokens total tokens

E2E mr-to-text closed 36,856 0.0001 125 1M 0.0057 4.5K 885K
ViGGo mr-to-text closed 6,900 0.0029 618 206K 0.0294 4.4K 148K

WikiTableText table-to-text open 13,318 0.0621 29K 469K 0.1302 24K 185K

DART graph-to-text open 70,524 0.0178 44K 2.5M 0.0328 45K 1.5M
WebNLG graph-to-text open 38,872 0.0057 7K 1.2M 0.0228 19K 905K
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4.4.1 Datasets

We use five well-known D2T datasets for three primary task types: DART and WebNLG

for graph-to-text, WikiTableText for table-to-text, and E2E and ViGGO for MR-to-text.

The key statistics for these datasets are in Table 4.1, all obtained from Kasner et al.

[138] and Transformers [137]. E2E [3] is a restaurant-domain MR-to-text dataset, and

ViGGO [65] focuses on dialogue MR-to-text in the video game domain. WikiTable-

Text [2] provides table-to-text pairs from Wikipedia with high lexical diversity (or lex-

ical richness) (as TTR is higher for both source and reference). DART [1] provides

text from knowledge graph triplets, while WebNLG [7] focuses on RDF-to-text from

DBPedia triplets. We acknowledge that the incorporated datasets may pose a potential

risk of data contamination in the LLM evaluation setup; however, this limitation has

been addressed by considering the nature of the D2T task and the adopted evaluation

paradigm, as discussed in subsection 3.4.4.
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Figure 4.4: All twelve LLMs across five widely used families (BART, T5, OPT,
BLOOM, and Llama2) arranged by their model sizes.

4.4.2 Models

We include twelve LLMs from five families—BART, T5, BLOOM, OPT, and Llama

2—downloaded from Hugging Face [137]. All these twelve LLMs are shown in figure 4.4,

along with their sizes. For the BART, T5, OPT, BLOOM, and Llama 2 families, we

select two models from BART and T5, three models from OPT and BLOOM, and

two models from Llama 2. BART [31] and T5 [75] are encoder-decoder models, with

BART pre-trained using text denoising and T5 with unified NLP tasks. BLOOM [72]

and OPT [99] are decoder-only models, trained on ROOT and Reddit/Pile/RoBERTa,



Evaluating Factual Consistency in LLM-Based D2T 71

respectively. Llama 2 [130] is trained with pre-training, fine-tuning, and reinforcement

learning. These LLM families were selected for their varied pretraining dataset and sizes,

enabling a broad evaluation of factual consistency across different D2T tasks.

4.4.3 Experimental Setting and Statistical Significant Testing Details

In our experiments, we fine-tuned all LLMs for D2T tasks using QLoRA (Quantized

Low-Rank Adapter) [85], a parameter-efficient fine-tuning method with a learning rate

of 1e−04 and 4-bit quantization. Each model was fine-tuned for three epochs on all

five datasets, with source and generated text lengths fixed at 256 tokens. We used

the AdamW optimizer [139] at torch.bfloat16 precision for QLoRA. Text generation

was performed through popular nucleus sampling decoding approach with nucleus size

(p = 0.95). All experiments were run on a local system with an NVIDIA RTX A6000

(48 GB) GPU. We assessed statistical significance using Welch’s t-test [140], comparing

each LLM to the best performer in its family, with a significance level of p < 0.05 and

a sample size of 6. Since input linearization and prompt design play a crucial role in

LLM-based D2T generation, the complete templates and prompting strategies adopted

in this work are provided in detail in subsection 6.5.6.

4.4.4 Average Rate of Change (AROC)

Increasing model size within an LLM family often affects factual consistency. This effect

can be quantified using the average rate of change (AROC), which estimates the change

in factual consistency between the smallest modelM1 and the largest modelM2 of the

family, based on their sizes m1 and m2. AROC is calculated within the range [m1,m2]

using equation 4.3.

AROC =
absolute change in factual consistency

absolute change in model size

=
f(M2)− f(M1)

m2 −m1
(4.3)

LLM families differ significantly in model size scales; for instance, T5 sizes are in mil-

lions, while Llama2 sizes are in billions, impacting factual consistency. Comparing LLM

families using AROC (equation 4.3) alone is therefore insufficient. Instead, we apply

AROC on a logarithmic scale (equation 4.4), capturing relative changes by converting

absolute differences into ratios (equation 4.5).
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Figure 4.5: AROC of the function f(·) (representing factual consistency) for the
model size interval [m1,m2] between two LLMs,M1 andM2.

AROC =
log(f(M2))− log(f(M1))

log(m2)− log(m1)
(4.4)

=
log(f(M2)/f(M1))

log(m2/m1)
(4.5)

A positive AROC value (equation 4.4 or equation 4.5) indicates a positive correlation

between model size increment and factual consistency, while the magnitude of the AROC

value reflects the strength of this correlation.

4.5 Evaluation of Factual Consistency: Results and Dis-

cussion

This section presents our extensive evaluation of factual consistency across five widely

used LLM families and five prominent D2T datasets, employing four widely used metrics:

SummaC-Conv, NEOverlap, AlignScore, and QAFactEval.

4.5.1 Results of Factual Consistency Evaluation Using SummaC-Conv

NLI (natural language inference) models are commonly used to assess factual consistency

due to their similarity to the task. However, a key limitation of NLI models is their

focus on sentence-level granularity, which is insufficient for evaluating factual consistency

that requires document-level analysis. SummaC-Conv [96] addresses this limitation

by providing document-level granularity. It segments both the context and claim into

sentences, computing NLI scores for each sentence pair. Additionally, SummaC-Conv
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Table 4.2: Factual consistency evaluated through SummaC-Conv. Boldface shows
best result per LLM family and dataset. All results statistically significant (see 4.4.3).

family model model size (billion) E2E WikiTableText ViGGo DART WebNLG

BART
BART-base 0.14 0.3805 0.3111 0.2330 0.3004 0.2894
BART-large 0.41 0.4110 0.3609 0.2498 0.3786 0.4173

T5
T5-base 0.22 0.3899 0.3625 0.2435 0.3582 0.3687
T5-large 0.75 0.4135 0.4082 0.2684 0.4264 0.4593

OPT
OPT-2.7B 2.70 0.3637 0.4120 0.2971 0.3926 0.4781
OPT-6.7B 6.70 0.3597 0.4060 0.3139 0.3937 0.4799
OPT-13B 13.00 0.3621 0.4092 0.3291 0.4137 0.4970

BLOOM
BLOOM-1.1B 1.10 0.3777 0.3871 0.2874 0.3850 0.3853
BLOOM-3B 3.00 0.3842 0.4136 0.3177 0.4119 0.4610
BLOOM-7B 7.00 0.3872 0.4184 0.3170 0.4144 0.4780

Llama 2
Llama2-7B 6.00 0.4569 0.4898 0.3622 0.5138 0.5739
Llama2-13B 13.00 0.4540 0.5009 0.3776 0.5201 0.5693
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Figure 4.6: AROC values for all LLM families across the five D2T datasets based
on SummaC-Conv scores. Higher positive AROC values reflect a stronger positive

correlation between increases in model size and factual consistency.

employs binning techniques and one-dimensional convolution to mitigate the impact of

outliers, effectively capturing the factual consistency between the claim and context.

SummaC-Conv is a commonly used metric for evaluating factual consistency.

Table 4.2 presents the factual consistency scores measured by SummaC-Conv across

the five LLM families and five D2T datasets. A higher SummaC-Conv value indicates

better factual consistency. Meanwhile, figure 4.6 displays the AROC values of SummaC-

Conv, derived from table 4.2, for all LLM families and datasets.
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Table 4.3: Factual consistency evaluated through NEOverlap. Boldface shows
best result per LLM family and dataset. All results statistically significant (see 4.4.3).

family model model size (billion) E2E WikiTableText ViGGo DART WebNLG

BART
BART-base 0.14 0.8305 0.5183 0.7077 0.5643 0.3725
BART-large 0.41 0.8368 0.5700 0.7892 0.6204 0.4761

T5
T5-base 0.22 0.8305 0.5556 0.7815 0.6164 0.4195
T5-large 0.75 0.8593 0.5982 0.8985 0.6813 0.5021

OPT
OPT-2.7B 2.70 0.8323 0.6267 0.8908 0.6181 0.5385
OPT-6.7B 6.70 0.8142 0.6058 0.9215 0.6358 0.5546
OPT-13B 13.00 0.8431 0.6075 0.9369 0.6499 0.5546

BLOOM
BLOOM-1.1B 1.10 0.8133 0.5858 0.8938 0.5973 0.4373
BLOOM-3B 3.00 0.8070 0.6050 0.9200 0.6326 0.4844
BLOOM-7B 7.00 0.8206 0.6208 0.9200 0.6310 0.5203

Llama 2
Llama2-7B 6.00 0.8674 0.6350 0.9462 0.7269 0.6368
Llama2-13B 13.00 0.8683 0.6675 0.9523 0.7158 0.6532
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Figure 4.7: AROC values for all LLM families across the five D2T datasets based on
NEOverlap scores. Higher positive AROC values reflect a stronger positive correlation

between increases in model size and factual consistency.

4.5.2 Results of Factual Consistency Evaluation Using NEOverlap

Named entities (NEs) are key indicators of factual knowledge in texts and are often

used to assess factual consistencies. NEOverlap measures factual consistency by com-

paring the overlap of NEs between the claim and the context. We utilized the metric

implementation from [96], focusing on specific NE types such as PERSON, LOCATION, and

ORGANIZATION. This metric returns a value of 1 if the generated text is factually con-

sistent with the reference in terms of NE overlap, and 0 if there is little or no factual

consistency. In the D2T context, the reference text is treated as the context, and the

generated text as the claim.
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Table 4.3 displays the factual consistency scores evaluated using NEOverlap across

the five LLM families and D2T datasets. Figure 4.7 presents the AROC values of

NEOverlap, derived from table 4.3, for all LLM families and datasets.

Table 4.4: Factual consistency evaluated through AlignScore. Boldface shows
best result per LLM family and dataset. All results statistically significant (see 4.4.3).

family model model size (billion) E2E WikiTableText ViGGo DART WebNLG

BART
BART-base 0.14 0.6825 0.3189 0.2579 0.4064 0.3869
BART-large 0.41 0.7663 0.4158 0.3538 0.6013 0.6551

T5
T5-base 0.22 0.7049 0.4045 0.3238 0.5755 0.5457
T5-large 0.75 0.7646 0.4513 0.4459 0.7050 0.7207

OPT
OPT-2.7B 2.70 0.6931 0.4897 0.5439 0.6326 0.7764
OPT-6.7B 6.70 0.6792 0.4835 0.6036 0.6374 0.7876
OPT-13B 13.00 0.6999 0.4810 0.6356 0.6714 0.8145

BLOOM
BLOOM-1.1B 1.10 0.7147 0.4887 0.4548 0.6175 0.6099
BLOOM-3B 3.00 0.7468 0.5326 0.5653 0.6723 0.7507
BLOOM-7B 7.00 0.7280 0.5296 0.5884 0.6848 0.7797

Llama 2
Llama2-7B 6.00 0.8106 0.5905 0.6798 0.8192 0.8768
Llama2-13B 13.00 0.8186 0.6144 0.7163 0.8191 0.8749
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Figure 4.8: AROC values for all LLM families across the five D2T datasets based on
AlignScore scores. Higher positive AROC values reflect a stronger positive correla-

tion between increases in model size and factual consistency.

4.5.3 Results of Factual Consistency Evaluation Using AlignScore

Unlike most factual consistency metrics, which typically focus on single tasks like se-

mantic similarity or NLI (natural language inference), AlignScore [146] is trained on

multiple tasks (fact verification, information retrieval, NLI, QA, paraphrasing, seman-

tic similarity, and summarization) in a unified manner. AlignScore assesses factual

consistency by analyzing the alignment of information between the claim and context,
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capturing various qualities, including factual consistency. A key feature of AlignScore

is its ability to handle longer contexts by splitting the context into chunks and aligning

each chunk with the claim’s sentences. A higher AlignScore reflects greater factual

consistency. In our experiment, AlignScore refers specifically to the AlignScore-

large variant, which utilizes the RoBERTa-large model for information alignment. Zha

et al. [146] shows that AlignScore has been reported to achieve stronger correlations

than several previously proposed measures, including LLM-based methods, in evaluating

factual accuracy.

Table 4.4 presents the factual consistency scores evaluated using AlignScore across all

LLM families and D2T datasets. Figure 4.8 shows the AROC values of AlignScore,

obtained from table 4.4, for all LLM families and datasets..

Table 4.5: Factual consistency evaluated through QAFactEval. Boldface shows
best result per LLM family and dataset. All results statistically significant (see 4.4.3).

family model model size (billion) E2E WikiTableText ViGGo DART WebNLG

BART
BART-base 0.14 3.4109 1.8008 1.3894 2.2541 2.1009
BART-large 0.41 3.7393 2.3559 1.9500 3.1206 3.3009

T5
T5-base 0.22 3.6086 2.1887 1.6307 2.7631 2.5079
T5-large 0.75 3.7393 2.6267 2.0971 3.4325 3.3865

OPT
OPT-2.7B 2.70 3.2732 2.5878 2.4776 3.1245 3.5771
OPT-6.7B 6.70 3.2930 2.6805 2.7332 3.1335 3.6794
OPT-13B 13.00 3.2768 2.6085 2.8302 3.2894 3.7640

BLOOM
BLOOM-1.1B 1.10 3.5579 2.2128 2.0289 3.0540 2.9072
BLOOM-3B 3.00 3.6179 2.4706 2.5181 3.2751 3.4617
BLOOM-7B 7.00 3.6245 2.5299 2.5265 3.3069 3.5181

Llama 2
Llama2-7B 6.00 4.1619 3.0296 2.9628 4.0208 4.1166
Llama2-13B 13.00 4.1874 3.0933 3.0950 4.0411 4.0892
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Figure 4.9: AROC values for all LLM families across the five D2T datasets based
on QAFactEval scores. Higher positive AROC values reflect a stronger positive

correlation between increases in model size and factual consistency.
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(a) (b) (C)

Figure 4.10: Impact of source-reference divergence on factual consistency (measured
through SummaC-Conv) at time of inference on three popular D2T datasets (DART,
E2E andWikiTableText). The three sub-figures (a, b and c) represent results from three
different families (T5, Llama2 and OPT), where the relatively smaller models (T5-base,
Llama2-7B, and OPT-2.7B) are represented using dotted lines, while the relatively larger
variants within each considered model family (T5-large, Llama2-13B, and OPT-13B) are

represented using solid lines.

(a) (b) (C)

Figure 4.11: Impact of source-reference divergence on factual consistency (measured
through NEOverlap) at time of inference on three popular D2T datasets (DART, E2E
and WikiTableText). The three sub-figures (a, b and c) represent results from three
different families (T5, Llama2 and OPT), where the relatively smaller models (T5-base,
Llama2-7B, and OPT-2.7B) are represented using dotted lines, while the relatively larger
variants within each considered model family (T5-large, Llama2-13B, and OPT-13B) are

represented using solid lines.

4.5.4 Results of Factual Consistency Evaluation Using QAFactEval

QAFactEval [145] is a factual consistency metric that utilizes question generation and

answering (QGA). It comprises four key components: 1) Answer Selection: Noun phrase

chunks are extracted as answers from the generated text; 2) Question Generation: The

BART-large model generates questions based on these answers; 3) Question Answering:

The Electra-large model answers the questions using the source text; 4) Answer Overlap

Determination: The overlap is assessed using the LERC metric, which provides a score

from 1 to 5. QAFactEval surpasses existing QGA-based metrics and complements

NLI-based evaluations, with higher scores indicating greater factual consistency, reaching

a maximum of 5.

Table 4.5 presents the factual consistency scores evaluated usingQAFactEval across all

LLM families and D2T datasets. Figure 4.9 illustrates the AROC values of QAFactE-

val, derived from table 4.5, for five LLM families across all D2T datasets.
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4.5.5 Discussion of Factual Consistency Results

From the factual consistency results across the four metrics—SummaC-Conv,

NEOverlap, AlignScore, and QAFactEval (Tables 4.2, 4.3, 4.4, and 4.5)—we

observe several key findings. The Llama2 family consistently outperforms other models

in factual consistency across all four metrics and nearly all D2T datasets. However,

smaller LLMs like T5-large and BART-large remain competitive, often outperforming

larger families such as BLOOM and OPT on datasets like E2E (where lexical richness,

as measured by TTR in table 4.1, is low, and dataset size is large) and DART (which

has a large number of instances, as shown in table 4.1). This indicates that smaller

LLM families can excel depending on dataset characteristics. Larger LLM families like

Llama2, BLOOM, and OPT tend to perform better on datasets such as WikiTableText

and ViGGo, likely due to their higher lexical richness (see table 4.1). Similarly, for the

WebNLG dataset, T5 and BART produce results similar to those of BLOOM and OPT,

likely because WebNLG is a large dataset with moderate lexical richness. Hence, while

larger LLMs often exhibit better factual consistency than smaller ones, the characteris-

tics of D2T datasets, particularly their size and lexical richness, are essential in shaping

this performance.

AROC values across all four metrics (figures 4.6, 4.7, 4.8, and 4.9) show that increasing

model size generally improves the factual consistency of LLM families across all D2T

datasets. The T5 and BLOOM families exhibit significant improvements in factual con-

sistency with larger models. In contrast, the Llama2 family shows less noticeable gains,

and in some cases, a decline in performance as model size increases. We hypothesize

that this may be due to the log-scale applied to the AROC values, where smaller LLM

families (like T5 and BART) show a higher relative improvement in factual consistency

compared to larger families (like Llama2). Overall, the AROC values across all four met-

rics suggest that, for most LLM families, larger model sizes are correlated with improved

factual consistency.
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(a) (b) (C)

Figure 4.12: Impact of source-reference divergence on factual consistency (measured
through AlignScore) at time of inference on three popular D2T datasets (DART, E2E
and WikiTableText). The three sub-figures (a, b and c) represent results from three
different families (T5, Llama2 and OPT), where the relatively smaller models (T5-base,
Llama2-7B, and OPT-2.7B) are represented using dotted lines, while the relatively larger
variants within each considered model family (T5-large, Llama2-13B, and OPT-13B) are

represented using solid lines.

(a) (b) (C)

Figure 4.13: Impact of source-reference divergence on factual consistency (measured
through QAFactEval) at time of inference on three popular D2T datasets (DART,
E2E andWikiTableText). The three sub-figures (a, b and c) represent results from three
different families (T5, Llama2 and OPT), where the relatively smaller models (T5-base,
Llama2-7B, and OPT-2.7B) are represented using dotted lines, while the relatively larger
variants within each considered model family (T5-large, Llama2-13B, and OPT-13B) are

represented using solid lines.

4.6 Impact of Source-reference Divergence on Factual

Consistency

This section investigates how source-reference divergence impacts the factual consistency

of LLMs in D2T tasks during the inference phase (i.e., at the time of text generation).

For this analysis, we focus on three LLM families (T5, OPT, and Llama 2) with six

specific models: T5-base, T5-large, OPT-2.7B, OPT-13B, Llama2-7B, and Llama2-13B.

We evaluate the factual consistency of these LLMs using the four automatic metrics:

SummaC-Conv, NEOverlap, AlignScore, and QAFactEval. To cover the three

main types of D2T tasks, we select one dataset for each: E2E for MR-to-Text, Wik-

iTableText for Table-to-Text, and DART for Graph-to-Text. To better illustrate the

effect of source-reference divergence, we divide the test/inference sets of each dataset

into five groups based on their average source-reference divergence: low, moderately

low, medium, moderately high, and high. The low group contains instances with min-

imal divergence, while the high group includes instances with significant divergence.
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Given that the source data (s) in D2T tasks is often semi-structured and non-textual,

traditional methods of calculating source-reference divergence, such as higher-order n-

gram matching or contextual representation, may fail to capture critical information.

Two common strategies for assessing source-reference divergence are unigram-based and

longest common subsequence (LCS)-based approaches [39]. We choose the LCS-based

approach over the unigram-based method because it often yields better performance

by flexibly matching n-grams and capturing skip context. Source-reference divergence

(div(s, r)) is then defined based on the differences between the source text (s) and the

reference text (r) at the unigram level, as follows:

div(s, r) = 1− 1

max(|s|, |r|)
LCS(s, r)

Where |x| denotes the cardinality, and LCS(x, y) represents the length of the longest

common subsequence between x and y (both x and y are segmented by whitespaces).

From the results shown in figures 4.10, 4.11, 4.12, and 4.13, we observe two important

details regarding factual consistency in the presence of source-reference divergence. First,

the factual consistency of all LLMs, regardless of model family or size, decreases with

an increase in source-reference divergence. However, in the E2E dataset, the decrease

in factual consistency with source-reference divergence is lower compared to the DART

and WikiTableText datasets. We believe this is due to the higher lexical richness of

the DART and WikiTableText datasets compared to the E2E dataset. Second, it is

evident that within each LLM family, larger models consistently outperform smaller

ones in terms of factual consistency. This suggests that increasing the model size of

LLMs makes them more agnostic to source-reference divergence. This finding indicates

that choosing larger model-sized LLMs is beneficial when source-reference divergence is

present in D2T tasks.

4.7 Human Evaluation

Text generation tasks like D2T require human evaluation due to the complexity of nat-

ural language, and human assessment is often regarded as the gold standard for factual

consistency [105, 106]. For our human evaluation of factual consistency, we selected

three LLM families (T5, OPT, and Llama 2), each with two models (T5-base, T5-large,

OPT-2.7B, OPT-13B, Llama2-7B, and Llama2-13B), and three D2T datasets: E2E, Wik-

iTableText, and DART. In the annotator selection process, three graduate students from

different academic disciplines were recruited to minimize potential bias. Participation
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was voluntary, and all necessary arrangements were provided. Before beginning the

annotation task, each annotator was given a set of five predefined input-output exam-

ples along with gold-standard labels (provided by the authors) to help them understand

the objectives of the task. Annotators were instructed to assess factual consistency by

identifying any incorrect or irrelevant information in the generated text with respect

to the given source data. To ensure independent judgments, annotators were explicitly

told not to discuss their evaluations with one another. For the main annotation phase,

each annotator evaluated a set of 20 generated texts for every combination of LLM and

dataset. Their responses were recorded as binary ‘yes’/‘no’ answers. Finally, the re-

sults were aggregated using a majority voting scheme and reported as percentages. The

inter-annotator agreement in our experiments, measured by Krippendorff’s alpha (α),

was 0.76, indicating moderate to high agreement. The detailed annotation guidelines

used for the human evaluation are presented below.

Annotation Guidelines

Participation in this annotation task is entirely voluntary. By proceeding with the

evaluation, you acknowledge that you have read and understood the instructions

and agree to participate in the study.

Please carefully read the provided input data (source), reference text, and gener-

ated output before assigning a score. Your task is to evaluate the factual consis-

tency of the generated text according to the following definition:

• Factual consistency. The degree to which the generated text is supported

by the source data and reference text, without introducing unsupported or

contradictory information.

Provide your score using the following five-point scale:

• Score 1 (Very Poor): The generated text contains substantial unsup-

ported, contradictory, or misleading information and exhibits very low fac-

tual consistency.

• Score 2 (Poor): The generated text contains several factual inconsistencies

or unsupported statements, resulting in low factual consistency.

• Score 3 (Moderate): The generated text is generally factually consistent

but contains some unsupported, inaccurate, or ambiguous information.

• Score 4 (Good): The generated text is largely factually consistent, with

only minor unsupported or inaccurate content.
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• Score 5 (Excellent): The generated text is fully or nearly fully supported

by the source data and reference text, with no significant factual inconsis-

tencies.

Evaluate each sample independently and do not allow previous evaluations to

influence subsequent judgments. Do not discuss the evaluation with other anno-

tators. In addition to assigning a numerical score, provide a brief justification for

your assessment, identifying any factual inconsistencies as (1) missing fact, (2)

fabricated fact, and/or (3) irrelevant fact.

Table 4.6: Human evaluation of factual consistency. A lower value indicates higher
factual consistency.

family model E2E DART WikiTableText

T5
T5-base 23% 32% 37%
T5-large 15% 22% 32%

OPT
OPT-2.7B 19% 25% 18%
OPT-13B 16% 22% 14%

Llama 2
Llama2-7B 12% 15% 21%
Llama2-13B 12% 17% 17%

Table 4.6 shows the human evaluation results for factual consistency. We can see that,

in human evaluation as well, the Llama 2 family performs better than OPT and T5.

Similar to the automatic metric results, we find that T5 performs similarly to the OPT

family on the DART and E2E datasets. However, OPT outperforms T5 on the Wik-

iTableText dataset. The broad agreement between human and automatic evaluations

provides additional evidence for the observed trends.

4.8 Conclusion

This chapter presents an extensive evaluation of the factual consistency of LLMs in

D2T tasks. Through extensive experimentation involving five representative LLM fam-

ilies and five widely used D2T datasets, the study employs four state-of-the-art au-

tomatic factual consistency metrics—SummaC-Conv, QAFactEval, AlignScore,

and NEOverlap—in conjunction with human evaluations to provide a multi-faceted

assessment of model performance. The findings of this study suggest three main obser-

vations. First, Llama 2 generally attains the highest factual consistency scores across

the evaluated datasets, while smaller models such as T5 and BART also exhibit com-

petitive performance, particularly on larger and lexically less diverse datasets. Second,

analysis using the average rate of change (AROC) metric indicates a generally positive
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association between model size and factual consistency within the evaluated model fam-

ilies. Third, the results suggest that source-reference divergence—where the reference

text deviates semantically from the source data—may be associated with lower factual

consistency in LLM-generated outputs. Collectively, these findings provide empirical

observations into the factors influencing factual consistency in D2T and provide empiri-

cal evidence that may inform future research aimed at developing approaches that may

improve faithfulness and consistency in D2T generation systems.



Chapter 5

Enhancing Factual Consistency in

LLM-Based D2T

Building on the insights gained from the previous chapter, which provided a broad

evaluation of factual consistency in LLM-based D2T, this chapter1 investigates a

method for improving faithfulness by mitigating factual inconsistencies associated with

source–reference divergence. Source–reference divergence, referring to semantic mis-

matches between the input data and its corresponding reference text, has been associated

with unfaithful or hallucinated content in LLM-generated outputs. To address this issue,

this chapter introduces a divergence-aware selective generation framework intended to

improve factual consistency in LLM-based D2T systems. The proposed approach explic-

itly models source–reference divergence using three complementary metrics—Unigram-

Level Divergence, Named Entity-Based Divergence, and Field-Aware Divergence—and

integrates these divergence signals into the generation process to promote selective and

faithful content realization. In this work, the goal is to enhance faithfulness in terms

of factual consistency by enabling LLMs to generate text that remains aligned with the

input data despite reference variations. Experimental results across the evaluated D2T

datasets and LLM architectures indicate that the proposed framework generally im-

proves factual consistency while largely maintaining fluency and informativeness. Over-

all, this chapter presents and discusses a divergence-aware strategy that improves factual

consistency under the evaluated experimental conditions.

1The work presented in this chapter is based on our paper: Mahapatra, J. and Garain, U., 2025.
Divergence-Aware Selective Data-to-Text Generation with LLMs for Factual Consistency. International Con-
ference on Pattern Recognition and Machine Intelligence (PReMI). [69]

84
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5.1 Background

The advent of LLMs such as T5 [55], OPT [99], and Qwen [33] has contributed to ad-

vances in D2T, leading to improvements in fluency, generalization, and informativeness

on a variety of evaluated benchmarks. However, maintaining factual consistency—the

degree to which generated text accurately reflects the information present in the input

data—remains a persistent challenge in LLM-based D2T systems [35, 39]. The occur-

rence of hallucinated content, i.e., information that is unsupported or incorrect with

respect to the source input, can critically undermine the reliability and trustworthiness

of generated text, particularly in high-stakes domains such as healthcare and finance [50].

ATTENDANCE SITE STADIUM

June 24

Rosenblatt

Stadium17,223

17,223 spectators filled the

seats of Rosenblatt Stadium.

Graph

Text

D2T

Figure 5.1: An illustration of graph-to-text generation, a representative form of Data-
to-Text (D2T) generation.

Among the multiple factors contributing to factual inconsistency, one critical source of

error is source–reference divergence—a semantic or structural mismatch between the

input data and its corresponding reference text within training corpora. Such diver-

gence commonly arises from loosely aligned annotations or inconsistencies in real-world

data, leading models to internalize spurious correlations and generate factually incor-

rect outputs. Despite its potential impact on faithfulness, this phenomenon has not been

systematically analyzed or quantified in prior D2T research.

This chapter addresses this gap by investigating the influence of source–reference di-

vergence in LLM-based D2T and by introducing a principled approach to mitigate its

effects. It presents a detailed analysis of divergence across three representative D2T

datasets—WikiTableText (table-to-text), ViGGo (MR-to-text), and WebNLG (graph-

to-text)—using three complementary measures: unigram-level divergence, named entity-

based divergence, and field-aware divergence. Building upon these insights, the chapter

proposes a divergence-aware selective generation framework, in which LLMs selectively

abstain from generation when divergence exceeds a specified threshold, thereby prior-

itizing factual consistency. Experiments conducted with three widely used LLM fam-

ilies—Qwen2.5 [33], FLAN-T5 [55], and OPT [99]—depict consistent improvements in

factual consistency, as measured by AlignScore, QAFactEval, SummaC-Conv, and
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UniEval-Fact, particularly under moderate coverage thresholds. These findings high-

light the significance of explicitly modeling source–reference divergence as a means to

enhance the faithfulness and factual consistency of LLM-based D2T systems.

5.2 Quantifying Source–Reference Divergence in Data-to-

Text Generation

A preliminary quantification of source–reference divergence in Data-to-Text (D2T) gen-

eration was discussed in Chapter 3 (subsection 3.3.3); however, in this chapter, the

concept is examined in greater detail. Data-to-Text generation involves transforming

structured or semi-structured data into coherent and contextually appropriate natural

language text [35]. Despite the substantial advancements enabled by LLMs such as

T5 [55], OPT [99], and Qwen [33], maintaining factual consistency between the gener-

ated output and the source data continues to pose a challenge [35, 39]. A major con-

tributing factor to this challenge is source–reference divergence—a semantic or structural

mismatch between the input data and its corresponding reference text used during train-

ing. Such divergence often arises from loosely aligned annotations or natural variability

present in real-world datasets [7, 58], causing models to internalize spurious correlations

and subsequently produce factually inconsistent or hallucinated outputs.

release year (2014),

specifier (terrible)

dialog act (request)

What's the most terrible game that

you played in the year 2014?

Source Reference

Figure 5.2: An illustration of source–reference divergence. The boldfaced segments
in the reference text indicate content that diverges substantially from the source data.

To systematically analyze this phenomenon, we quantify source–reference divergence

through three complementary measures—unigram-level, named entity-based, and field-

aware divergence—collectively denoted as fdiv. These measures capture distinct aspects

of semantic and structural divergence, providing a multifaceted understanding of how

closely the reference text aligns with its corresponding input.

Unigram-Level Divergence. This measure captures lexical divergence using uni-

gram overlap between the source x and reference y, computed via Jaccard similarity. A



Enhancing Factual Consistency in LLM-Based D2T 87

higher overlap indicates lower divergence:

Unigramdiv(x, y) = 1−
∣∣unigram(x) ∩ unigram(y)

∣∣∣∣unigram(x) ∪ unigram(y)
∣∣

where unigram(t) denotes the set of unigrams extracted from text t.

Named Entity-Based Divergence. This measure focuses on factual elements by

comparing named entities between the source and reference texts:

NEdiv(x, y) = 1−
∣∣NE(x) ∩NE(y)

∣∣∣∣NE(y)∣∣
Here, NE(x) and NE(y) denote the sets of named entities extracted from the source

and reference, respectively. Since named entities often encode factual information, this

measure highlights discrepancies most relevant to factual consistency.

Field-Aware Divergence. Designed for structured inputs such as tables, graphs,

or meaning representations (MRs), this measure assesses divergence at the field level,

considering each field’s contribution independently:

Fielddiv(x, y) = 1− 1

|Fx|
∑
f∈Fx

wf ·
|n-gram(f) ∩ n-gram(y)|

|n-gram(y)|

where Fx is the set of fields in the structured input x, n-gram(f) denotes the set of

n-grams extracted from the field value f , and wf is a smoothed weight controlling the

relative importance of each field.

These three formulations collectively provide a principled framework for quantifying

source–reference divergence in D2T tasks. By capturing lexical, factual, and structural

discrepancies, they enable an systematic analysis of how divergence affects faithful-

ness—particularly factual consistency—in LLM-based D2T.

5.3 Divergence-aware Selective Generation

Our approach—source-reference divergence-aware selective generation—is inspired by

selective classification [147], where a model abstains under uncertainty. Analogously,

here LLM refrains from generating when the input exhibits high source-reference diver-

gence with the generated text, based on the hypothesis that such cases are more prone to

factual inconsistency. This strategy enhances output reliability, especially in high-stakes

(safety-critical) domains. Formally, the selective generation process is defined as follows:
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Selective generation =

ŷ if ŷ ∼ Gθ∗(x) and fdiv(x, ŷ) ≤ Φ

abstain otherwise
(5.1)

Here, Φ is a divergence threshold used to decide whether to generate or abstain. It can

be set empirically based on divergence distributions in training data. While selective

generation may reduce coverage (i.e., fewer outputs), this trade-off is justified in safety-

critical domains like healthcare, where improved factual consistency is paramount.
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Figure 5.3: Distribution of source-reference divergence across the ViGGO, WikiTable-
Text, and WebNLG datasets using our three proposed measures: unigram-level diver-

gence, named entity-based divergence, and field-aware divergence.
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Table 5.1: Factual consistency scores for FLAN-T5 under divergence-aware selective
generation at varying coverage levels. Blue denotes favorable consistency gains; red

indicates aberrant behavior.

ViGGO WebNLG WikiTableText
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1.0 0.328 0.255 0.042 0.612 0.468 0.417 0.219 0.443 0.309 0.296 0.183 0.159
0.9 0.586 0.333 0.090 0.441 0.516 0.650 0.452 0.492 0.351 0.527 0.410 0.201
0.8 0.436 0.625 0.112 0.713 0.790 0.482 0.290 0.521 0.377 0.360 0.243 0.465
0.7 0.708 0.652 0.360 0.724 0.803 0.727 0.540 0.769 0.617 0.603 0.482 0.462

NEdiv

0.6 0.717 0.668 0.357 0.728 0.802 0.726 0.543 0.777 0.617 0.604 0.480 0.465

1.0 0.328 0.255 0.272 0.612 0.468 0.647 0.219 0.443 0.309 0.296 0.183 0.159
0.9 0.405 0.341 0.092 0.449 0.521 0.658 0.273 0.495 0.346 0.525 0.218 0.195
0.8 0.449 0.405 0.120 0.480 0.549 0.733 0.539 0.526 0.366 0.597 0.478 0.212
0.7 0.704 0.671 0.367 0.721 0.803 0.740 0.553 0.777 0.609 0.600 0.477 0.455

Unigramdiv

0.6 0.711 0.678 0.368 0.723 0.816 0.744 0.563 0.788 0.611 0.605 0.477 0.457

1.0 0.328 0.255 0.042 0.382 0.468 0.647 0.219 0.673 0.309 0.526 0.183 0.389
0.9 0.412 0.535 0.094 0.449 0.525 0.473 0.271 0.497 0.534 0.337 0.220 0.193
0.8 0.457 0.407 0.122 0.484 0.548 0.493 0.293 0.519 0.366 0.357 0.478 0.213
0.7 0.717 0.672 0.368 0.736 0.800 0.737 0.541 0.766 0.607 0.597 0.483 0.451

Fielddiv

0.6 0.734 0.687 0.373 0.745 0.802 0.741 0.548 0.771 0.610 0.594 0.483 0.452

5.4 Experimental Details

We evaluate our source-reference divergence-aware selective generation framework across

three LLM families—Qwen2.5 (1.5B), FLAN-T5 (248M), and OPT (790M)—fine-tuned

using Huggingface transformers and QLoRA [85] with a learning rate of 2e−4 and

3 training epochs. Factual consistency is assessed using four complementary met-

rics: AlignScore, QAFactEval, SummaC-Conv, and UniEval-Fact, capturing

diverse aspects of factual alignment. Evaluation spans three representative D2T bench-

marks—WikiTableText (table-to-text) [2], ViGGO (MR-to-text) [62], and WebNLG

(graph-to-text) [7]—ensuring coverage across key data formats in D2T. A possible lim-

itation of the experimental setup is the potential risk of data contamination arising

from the use of publicly available datasets in LLM evaluations. Nevertheless, consid-

ering the grounded nature of D2T tasks and the evaluation methodology adopted in

this work, the influence of such contamination is expected to be minimal, as discussed

in subsection 3.4.4. The effectiveness of LLM-based D2T systems can be influenced

by the adopted input linearization and prompt structure. Therefore, the correspond-

ing templates and prompting methodology used in this work are described in detail

in subsection 6.5.6.

5.5 Results 1: Existence of Source-Reference Divergence

in D2T

This result section depicts the presence of source-reference divergence in three widely

used D2T datasets: ViGGO, WikiTableText, and WebNLG. We apply our proposed



Enhancing Factual Consistency in LLM-Based D2T 90

divergence quantification methods—unigram-level divergence, named entity-based di-

vergence, and field-aware divergence—on the training partitions of these datasets. Fig-

ure 5.3 illustrates the distribution of divergence scores for each dataset under the three

approaches. The wide spread of these distributions suggests that source-reference diver-

gence is prevalent and non-trivial across all datasets. These findings provide empirical

support for the hypothesis that source-reference divergence is a meaningful phenomenon

in the evaluated D2T benchmarks, suggesting that accounting for it may be beneficial

during the training and evaluation of LLM-based generation systems.

Table 5.2: Factual consistency scores for OPT under divergence-aware selective gener-
ation at varying coverage levels. Blue denotes favorable consistency gains; red indicates

aberrant behavior.
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1.0 0.394 0.546 0.104 0.661 0.477 0.650 0.220 0.446 0.308 0.500 0.418 0.167
0.9 0.462 0.384 0.155 0.678 0.521 0.649 0.260 0.678 0.351 0.503 0.418 0.209
0.8 0.495 0.423 0.182 0.750 0.540 0.713 0.520 0.749 0.372 0.331 0.490 0.229
0.7 0.741 0.677 0.424 0.745 0.782 0.712 0.523 0.751 0.614 0.571 0.489 0.468

NEdiv

0.6 0.737 0.665 0.428 0.744 0.778 0.706 0.526 0.754 0.618 0.575 0.492 0.471

1.0 0.394 0.316 0.334 0.661 0.477 0.650 0.450 0.446 0.538 0.500 0.188 0.167
0.9 0.656 0.393 0.348 0.489 0.523 0.460 0.462 0.679 0.348 0.315 0.226 0.204
0.8 0.499 0.441 0.427 0.755 0.788 0.723 0.540 0.516 0.372 0.582 0.487 0.225
0.7 0.747 0.692 0.432 0.756 0.795 0.730 0.548 0.765 0.614 0.585 0.486 0.464

Unigramdiv

0.6 0.759 0.707 0.438 0.761 0.803 0.734 0.554 0.772 0.626 0.590 0.495 0.473

1.0 0.394 0.316 0.104 0.431 0.477 0.420 0.450 0.446 0.308 0.270 0.188 0.167
0.9 0.656 0.581 0.155 0.677 0.525 0.465 0.269 0.485 0.353 0.320 0.230 0.207
0.8 0.747 0.438 0.429 0.521 0.552 0.487 0.536 0.510 0.379 0.581 0.252 0.228
0.7 0.766 0.702 0.438 0.773 0.794 0.726 0.542 0.752 0.623 0.581 0.494 0.468

Fielddiv

0.6 0.794 0.725 0.455 0.789 0.801 0.731 0.547 0.757 0.626 0.590 0.499 0.469

Table 5.3: Factual consistency scores for Qwen2.5 under divergence-aware selective
generation at varying coverage levels. Blue denotes favorable consistency gains; red

indicates aberrant behavior.
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1.0 0.433 0.334 0.115 0.672 0.531 0.474 0.474 0.721 0.292 0.266 0.179 0.399
0.9 0.500 0.411 0.166 0.505 0.572 0.513 0.286 0.535 0.518 0.303 0.214 0.207
0.8 0.525 0.678 0.187 0.527 0.833 0.530 0.309 0.796 0.351 0.324 0.477 0.227
0.7 0.782 0.692 0.434 0.776 0.833 0.770 0.553 0.796 0.588 0.557 0.475 0.462

NEdiv

0.6 0.793 0.709 0.441 0.779 0.830 0.765 0.554 0.797 0.590 0.555 0.477 0.460

1.0 0.433 0.334 0.115 0.442 0.531 0.474 0.474 0.491 0.292 0.496 0.409 0.169
0.9 0.498 0.404 0.355 0.507 0.576 0.515 0.294 0.536 0.330 0.309 0.216 0.207
0.8 0.526 0.451 0.188 0.765 0.592 0.531 0.319 0.797 0.351 0.329 0.472 0.465
0.7 0.780 0.719 0.434 0.772 0.832 0.768 0.559 0.798 0.598 0.575 0.474 0.466

Unigramdiv

0.6 0.790 0.732 0.439 0.777 0.835 0.765 0.572 0.808 0.601 0.579 0.475 0.469

1.0 0.433 0.334 0.345 0.442 0.761 0.474 0.474 0.491 0.522 0.266 0.179 0.169
0.9 0.496 0.594 0.355 0.504 0.571 0.517 0.289 0.532 0.333 0.501 0.216 0.207
0.8 0.531 0.448 0.432 0.533 0.598 0.537 0.558 0.557 0.359 0.336 0.240 0.228
0.7 0.795 0.713 0.442 0.788 0.836 0.778 0.556 0.796 0.598 0.578 0.477 0.464

Fielddiv

0.6 0.809 0.735 0.451 0.794 0.838 0.777 0.559 0.796 0.594 0.580 0.474 0.458

5.6 Results 2: Factual Consistency vs. Coverage in

Divergence-aware Selective Generation

Table 5.1, Table 5.2, and Table 5.3 present the impact of divergence-aware selective gen-

eration on factual consistency across varying coverage thresholds for three LLMs: FLAN-

T5, OPT, and Qwen2.5. Evaluation is conducted using four widely adopted factual
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consistency metrics—AlignScore, QAFactEval, SummaC-Conv, and UniEval-

Fact—to provide a multi-perspective assessment of factual consistency. As the coverage

threshold is varied from 60% to 100%, the results suggest that selective generation is

often associated with higher factual consistency across the evaluated datasets and mod-

els. In particular, the 70–80% coverage range (highlighted in blue) frequently exhibits

comparatively high consistency scores, indicating that instances with lower levels of

source–reference divergence tend to yield more factually consistent outputs. The diver-

gence threshold Φ can be empirically estimated from the third quartile of the divergence

distribution in the training data. Although slight drops in consistency are observed at

higher coverage levels (90–100%, marked in red), such cases occur less frequently in the

reported experiments. Overall, these results show that divergence-aware selective gen-

eration represents a promising approach within the evaluated benchmark settings. This

also showing that

5.7 Conclusion

This chapter addresses an important challenge in LLM-based Data-to-Text genera-

tion—maintaining factual consistency in the presence of source–reference divergence.

To characterize this phenomenon quantitatively, three complementary measures are in-

troduced: unigram-level divergence, named entity-based divergence, and field-aware di-

vergence, each designed to quantify the degree of misalignment between structured input

data and their corresponding reference texts. Building upon these metrics, the chap-

ter presents a divergence-aware selective generation framework that enables LLMs to

selectively abstain from generating outputs when divergence levels are high, thereby pri-

oritizing factual consistency. Extensive experiments conducted on three representative

D2T benchmarks—ViGGO, WikiTableText, and WebNLG—using three LLM families—

Qwen2.5, FLAN-T5, and OPT—suggest that the proposed framework is associated with

higher factual consistency while maintaining relatively substantial coverage levels be-

tween 70% and 80% across the evaluated settings. The results suggest that the selective

abstention mechanism is associated with reductions in factual inconsistencies in gen-

erated outputs and may provide a useful direction for future research on improving

the reliability of D2T systems in domains where factual accuracy is important, such

as healthcare and finance. Overall, the findings presented in this chapter underscore

the potential value of explicitly modeling and managing source–reference divergence for

improving factual consistency in LLM-based D2T systems.



Chapter 6

Exponential Scaling Factual

Inconsistency of LLM in D2T

While the previous chapter focused on mitigating factual inconsistency through

divergence-aware selective generation, this chapter1 examines its scaling behavior with

respect to key model and data parameters. Specifically, it investigates how the degree of

factual inconsistency varies with respect to model size, computational capacity (FLOPs),

and fine-tuning data size. Unlike prior studies that primarily examine generalization

error using power law scaling, this chapter presents a detailed investigation into the

scaling dynamics of factual inconsistency using both power law and exponential formu-

lations. To enable a rigorous comparison, it introduces VaCScal, a three-stage statistical

validation framework comprising predictive performance estimation, goodness-of-fit as-

sessment, and comparative scaling analysis. Experiments conducted across six LLM

families and five D2T datasets suggest that factual inconsistency in the evaluated D2T

settings is often better characterized by exponential scaling than by power-law scaling

with respect to model size, compute, and fine-tuning data size. Overall, this chapter

reports findings that motivate reconsideration of whether power-law scaling is the most

appropriate characterization of factual inconsistency in the evaluated D2T settings.

6.1 Introduction

D2T [17, 35] involves converting semi-structured data (e.g., tables, graphs) into coherent

and contextually appropriate natural language text, with applications spanning dialogue

1The work presented in this chapter is based on our paper: Mahapatra, J., Roy, S. and Garain, U., 2025.
Exponential Scaling of Factual Inconsistency in Data-to-Text Generation with Fine-Tuned LLMs. Transactions
on Machine Learning Research (TMLR). [120]
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systems, automated journalism, and report generation. Large Language Models (LLMs)

have achieved strong performance in D2T tasks, particularly in terms of coherence and

informativeness [6]. However, factual inconsistency—where the generated text fails to

reflect the information present in the source data—remains a persistent challenge [54, 93],

often undermining the reliability and trustworthiness of LLM-based D2T systems (see

Figure 6.1). To develop dependable models, it is essential to understand how factual in-

consistency scales with key factors such as model size, computational capacity (FLOPs),

and the amount of fine-tuning data. Despite the importance of this issue, existing scal-

ing analyses in D2T have primarily concentrated on generalization errors or test per-

plexity—typically characterized under power law scaling [148, 149]—while the scaling

behavior of factual inconsistency has received comparatively limited attention. Bridging

this knowledge gap is important for improving our understanding of faithfulness and for

developing more faithful and trustworthy D2T systems.

John Buscema received the Eisner

Award for his work on Close to Ahm

Delta.

Factuallly inconsistent generation

(John Buscema, AWARD,

Eisner Award)

John Buscema won the Eisner

Award.

True reference

Source (triplet) data

LLM

Figure 6.1: An example from the DART [1] dataset illustrating a factually inconsistent
output generated by an LLM (Pythia-1.4B). The generated text contains unsupported
content—“his work on Close to Ahm Delta”—which is not grounded in the source data.

This chapter addresses this research gap by systematically examining how factual in-

consistency scales in LLM-based D2T. In contrast to prior work that focuses exclusively

on power law scaling [148–150], the study also investigates exponential scaling using a

statistical validation framework, VaCScal. The VaCScal framework consists of three

stages—(1) predictive performance estimation, (2) goodness-of-fit assessment, and (3)

comparative scaling analysis—allowing for a structured statistical comparison between

power law and exponential scaling behaviors. The experimental setup spans three ma-

jor LLM architectures (decoder-only, encoder–decoder, and state-space) and six LLM

families—BLOOM, FLAN-T5, Mamba, OPT, Pythia, and Qwen2.5—evaluated across

five D2T datasets: E2E, ViGGO, WebNLG, DART, and WikiTableText. Models are

fine-tuned using QLoRA [85] and Prefix-Tuning [86], with additional experiments em-

ploying full fine-tuning to update all model parameters. For robustness, the study fur-

ther reports results under both greedy and nucleus sampling decoding strategies. Fac-

tual inconsistency, defined as the inverse of factual consistency, is measured using four
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widely used automatic metrics—AlignScore, QAFactEval, SummaC-Conv, and

UniEval-Fact—supplemented by human evaluation. The findings, further examined

using VaCScal, suggest that factual inconsistency is well characterized by an exponen-

tial scaling pattern under the evaluated settings. Furthermore, a mathematical rationale

that offers a possible explanation for the emergence of exponential scaling behavior in

factual inconsistency under the considered D2T conditions is presented, providing addi-

tional insights into the scaling dynamics of factual inconsistency in LLM-based D2T.

6.2 Related Work

D2T and factual inconsistency. D2T [35] involves generating natural language from

structured inputs such as graphs [1, 7], tables [2], and meaning representations (slot-

value pairs) [8, 62]. These three representation forms constitute the main categories of

D2T: graph-to-text, table-to-text, and MR-to-text Recently, LLMs have become central

to D2T due to their large-scale pretraining [99], scalability [72], and compatibility with

efficient fine-tuning [85] and prompt-based learning [151]. These models often outper-

form traditional approaches in coherence and informativeness [116]. However, factual

inconsistency—where generated text fails to reflect input data properly—remains a per-

sistent challenge [145, 146], leading to hallucinations and reduced trustworthiness. Prior

work attributes this to misalignment between source data and references [39, 68], LLM

biases [100], and exposure bias [93]. While human evaluation is the gold standard, recent

automatic metrics [145, 146] have shown strong correlation with human judgments and

offer scalable alternatives.

Scaling in LLM. In LLMs, scaling describes how LLM performance varies with scal-

ing factors such as model size, compute, data, etc [55, 150, 152, 153]. Hestness et al.

[154] showed that deep language models follow power law scaling, which was extended

by Kaplan et al. [148] to include model size, dataset size, and compute. Subsequent

works have explored scaling across tasks [148, 155], paradigms such as sparse model-

ing [156], and parameter-efficient fine-tuning [152]. More recently, joint scaling—such as

additive and multiplicative formulations—has garnered increasing attention [149, 152].

Scaling plays a critical role in hyperparameter tuning [43], training cost estimation [157],

and model performance prediction [149]. A set of recent studies [158–160] has further

reinforced the theoretical foundations of scaling.
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6.3 Desiderata: Scaling Models

Moving beyond prior work on power law scaling [148, 150, 161], we examine two scaling

models for factual inconsistency in D2T with respect to LLM size: power law scaling

(modeled by a power law function) and exponential scaling (modeled by an exponential

function). The two scaling models are defined as follows:

Power Law Scaling Model : f(x) =

Axα +B x ≥ 0

0 otherwise
(6.1)

Exponential Scaling Model : f(x) =

Ceβx +D x ≥ 0

0 otherwise
(6.2)

Here, A and C are case-specific parameters, α is the power law exponent, β is the expo-

nential scaling rate, x represents the scaling factor (e.g., LLM size, compute (FLOPs),

etc.), and f(x) denotes the scaling objective (e.g., factual inconsistency). B and D rep-

resent the irreducible error or entropy of an LLM family [150]; in other studies, they

are interpreted as the performance threshold or capacity of a given LLM family [154].

Following the significant work by Zhang et al. [152], we estimate the parameters of

both models via maximum likelihood estimation on the factual inconsistency data D,
optimizing with the standard Huber loss (δ = 1) due to its robustness to outliers.

6.4 VaCScal: Statistical Validation Framework

Prior empirical studies on LLM scaling often assess predictive performance using held-

out loss alone. However, we find this insufficient for rigorously evaluating or comparing

multiple scaling models. To address this, we use VaCScal (Validation and Comparison

of Scaling law)—a structured three-stage framework comprising predictive performance

estimation, goodness-of-fit assessment, and comparative analysis. Each stage is detailed

below.

• Stage I: Predictive Performance Estimation. The first stage evaluates how

well the scaling models generalize in terms of their predictive ability on unseen

data. To achieve this, we assess the scaling models on held-out data using the

Huber loss (δ = 1). The Huber loss is known for its robustness to outliers, making

it well-suited for reliable estimation. Given the limited data availability, we employ

five-fold cross-validation to assess predictive performance.



Exponential Scaling Factual Inconsistency of LLM in D2T 96

Predictive Performance

Estimation

[Loss on held-out data]

T
R

U
E

Goodness-of-fit

Essessment

[F-test]

Comparative Analysis

[Vuong's Likelihood ratio test]

Stage I

Stage II

Stage III

FALSE
 

Infeasible scaling

model

T
R

U
E

 

Leaning

towards power

law scaling 

FALSE

Evidence for

exponential

scaling

loss value

Figure 6.2: All three stages of VaCScal, the statistical validation framework for scaling
models. Dashed ovals indicate outputs of each stage.

• Stage II: Goodness-of-fit Assessment. Predictive performance alone is not

sufficient to validate a scaling model; assessing its goodness-of-fit is also important

for evaluating its suitability. Therefore, in this stage, we assess the goodness-of-fit

of the scaling models using an F-test for regression [162, 163]. The test statistic

for the F-test is computed as follows:

Fstat =
SSRR − SSRE

dfR − dfE

/SSRE

dfE

Fstat ∼ F-distribution(x)

Here, SSRR and SSRE represent the sum of squared residuals for the reduced and

exact models, respectively. Similarly, dfR and dfE denote the degrees of freedom

for the reduced and exact models, respectively. We consider both of our scaling

models as exact models, while the reduced model is represented by a simple mean-

response model. Since the F-test applies only to linear regression models, we

use a log transformation to convert our scaling models into their linear forms.

We perform the F-test with a significance level of p < 0.05, which is commonly

considered a moderate threshold. If a scaling model fails to achieve a p-value below

0.05 in the goodness-of-fit assessment, we do not consider it feasible for modeling

scaling behavior.

• Stage III: Comparative analysis. In this final stage of validation, we compare

the two scaling models through hypothesis testing to determine which better ex-

plains the data. Since power law and exponential scaling models are not nested
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hypotheses, the standard likelihood-ratio test is not applicable. Instead, we employ

Vuong’s likelihood-ratio test [164] for comparison. The test statistic for Vuong’s

likelihood-ratio test is computed as follows:

Vstat =

√
n ·mean(d)√

Var(d)
(6.3)

Vstat ∼ normal(0, 1) (6.4)

Where n represents the sample size, and d denotes the n-sized sample of the

log-likelihood differences between the two scaling models. We conduct Vuong’s

likelihood ratio test at a stringent significance level of p < 0.005 to provide highly

compelling evidence for our conclusion.

Normality Assumptions Verification. In Stage II and III of our validation frame-

work, we incorporate the F-test and Vuong’s likelihood-ratio test. Both tests rely, di-

rectly or indirectly, on the assumption that the residuals of our scaling models follow

a normal distribution. Therefore, validating this assumption is essential. To assess the

normality of residuals for both scaling models, we employ the Shapiro–Wilk test [165]

(with p < 0.05) throughout all of our experiments.

6.5 Experimental Setup

This section presents the overall experimental setup, including details of the LLM fami-

lies, D2T datasets, and the evaluation metrics used to quantify factual inconsistency. It

also describes the fine-tuning and decoding strategies, training libraries, input linearisa-

tion methods, prompt structures, and other essential implementation details that ensure

the consistency and reproducibility of our experiments.

6.5.1 D2T Datasets

The experimental setup incorporates five widely used D2T datasets, covering three ma-

jor D2T task types: graph-to-text, table-to-text, and meaning representation (MR)-to-

text. Specifically, DART [1] and WebNLG [7] represent graph-to-text generation, Wik-

iTableText [2] represents table-to-text generation, and E2E [58] and ViGGO [65] corre-

spond to MR-to-text generation. Among these datasets, DART (constructed from di-

verse knowledge triples), WebNLG (derived from DBpedia), and WikiTableText (based

on Wikipedia tables) are open-domain corpora that capture broad and heterogeneous
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knowledge sources. In contrast, E2E (restaurant domain) and ViGGO (video game do-

main) are closed-domain datasets characterized by consistent, domain-specific semantic

structures. E2E [8, 58] is an MR-to-text dataset from the restaurant domain, consisting

of 36.8K instances with an average output length of 21 words. ViGGO [65] is another

MR-to-text dataset comprising approximately 6.9K instances spanning nine dialogue

acts in the video game domain, with an average output length of 14 words. Wik-

iTableText [2] is an open-domain table-to-text dataset containing around 13.3K pairs

derived from Wikipedia tables, while DART [1] consists of roughly 70.5K knowledge

graph triples with an average output length of 34 words. WebNLG [7], an RDF-to-

text dataset, includes approximately 38.8K samples with an average output length of 30

words. Together, DART and WebNLG serve as representative open-domain benchmarks

for evaluating graph-to-text generation. All datasets used in this study are sourced

from [138] and [137]. A detailed summary of dataset characteristics—including domain

type, D2T type, and token-level statistics for both source and reference texts—is pre-

sented in Table 6.1.

Table 6.1: Summary of key statistics, D2T types, and domains for the five datasets
used in this study. The table reports the average text length (in tokens), number of
unique tokens, and total tokens for both source data (linearized to text) and reference

outputs.

Dataset D2T Type Domain Type Dataset Size
Source Data Reference Text

Avg. Length Unique Tokens Total Tokens Avg. Length Unique Tokens Total Tokens

E2E MR-to-text Closed 36,856 27.3 125 1M 20.8 4.5K 885K
ViGGO MR-to-text Closed 6,900 29.9 618 206K 21.5 4.4K 148K

WikiTableText Table-to-text Open 13,318 35.2 29K 469K 13.9 24K 185K
DART Graph-to-text Open 70,524 34.8 44K 2.5M 19.3 45K 1.5M

WebNLG Graph-to-text Open 38,872 30.4 7K 1.2M 20.1 19K 905K

Although the publicly available datasets used in this work may introduce a potential pos-

sibility of data contamination in LLM evaluations, the impact of such effects is expected

to be limited due to the grounding-oriented nature of D2T tasks and the comparative

evaluation framework adopted in this study, as discussed in subsection 3.4.4.

6.5.2 LLM Families

We evaluate six prominent families of Large Language Models (LLMs), representing

three distinct architectural paradigms: decoder-only, encoder–decoder, and state-space

models. These include BLOOM [72], FLAN-T5 [55], OPT [99], Pythia [166], Mamba [56],

and Qwen2.5 [33]. All models and their variants are sourced from the Hugging Face

hub [137]. A summary of these LLM families, along with their architectural paradigms

and model scales, is provided in Table 6.2.
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Table 6.2: Overview of the six LLM families, their architectural paradigms, number
of models, and corresponding parameter sizes (M = million, B = billion).

Family Model Paradigm Model Count Parameter Sizes

BLOOM Decoder-only 5 560M, 1.1B, 1.7B, 3B, 7B
FLAN-T5 Encoder–decoder 5 77M, 248M, 783M, 2.85B, 11.3B
Mamba State-space model 5 130M, 370M, 790M, 1.4B, 2.8B
OPT Decoder-only 6 125M, 350M, 1.3B, 2.7B, 6.7B, 13B
Pythia Decoder-only 8 70M, 160M, 410M, 1B, 1.4B, 2.8B, 6.9B, 12B
Qwen2.5 Decoder-only 7 0.5B, 1.5B, 3B, 7B, 14B, 32B, 72B

Decoder-only Models. BLOOM [72] is a multilingual decoder-only language model

trained on the ROOT dataset, designed to support open-access research across multiple

languages. Five BLOOM variants are included in our experiments, ranging from 560M to

7B parameters. OPT [99] is another decoder-only model family, trained on a diverse cor-

pus combining Reddit, the Pile [167], and RoBERTa [168] pretraining datasets, following

the design of Brown et al. [76]. We evaluate six OPT models, spanning from 125M to 13B

parameters. Pythia [166] comprises eight GPT-style autoregressive models (70M–12B

parameters) trained on the Pile dataset using a consistent data ordering scheme and

optimized with flash attention for efficient training and inference. Qwen2.5 [33] is a

widely regarded decoder-only Transformer [30] model family. We include seven Qwen2.5

variants ranging from 0.5B to 72B parameters. Pretrained on over 18 trillion tokens

and post-trained with more than one million supervised examples, Qwen2.5 exhibits

strong reasoning, mathematical, and commonsense capabilities. Its exposure to struc-

tured data formats such as tables and JSON suggests strong potential for D2T tasks,

making it particularly valuable for analyzing scaling behavior in factual consistency.

Encoder–Decoder Models. FLAN-T5 [55] represents the encoder–decoder

paradigm, extending the original T5 architecture with instruction tuning and large-scale

task generalization. Unlike decoder-only architectures, FLAN-T5 processes prompts

through an encoder to enhance contextual understanding before decoding. We evaluate

five models from this family, ranging from 77M to 11.3B parameters.

State-Space Models. Mamba [56] represents a recent paradigm shift in sequence

modeling, employing state-space mechanisms as an efficient alternative to attention-

based architectures. State-space models capture long-range dependencies while main-

taining linear-time inference complexity. We evaluate five Mamba variants ranging from

130M to 2.8B parameters, providing insights into the scalability and consistency of non-

transformer architectures in D2T.
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6.5.3 Fine-tuning and Decoding Strategies

All Large Language Models (LLMs) are fine-tuned independently on each of the five D2T

datasets using two parameter-efficient fine-tuning techniques: QLoRA [85] (Quantized

Low-Rank Adapter) and Prefix-Tuning [86]. In the QLoRA configuration, a reduced

rank of r = 16 is applied primarily to the attention and feedforward modules of the

LLMs to balance computational efficiency and adaptation performance. For Prefix-

Tuning, a virtual prefix length of 32 tokens is used, consistent with prior findings that

highlight its effectiveness as a soft prompt-tuning approach. Prefix-Tuning is applied to

all evaluated LLM families except Mamba, where the state-space architecture exhibits

unstable initialization for virtual token embeddings. For both fine-tuning methods, the

learning rate for trainable parameters is fixed at 1.0×10−4. To further investigate scaling

effects, full fine-tuning—where all trainable parameters of the model are updated—is

also performed, using a learning rate of 5.0 × 10−5. This setup enables the analysis of

both efficient adaptation and complete model optimization under comparable training

conditions. Given the pivotal role of decoding strategies in D2T, two decoding paradigms

are explored: deterministic (greedy decoding) and stochastic (nucleus sampling). For

nucleus sampling, the nucleus size is set to 0.95, ensuring a balance between diversity

and factual accuracy. Unless otherwise specified, most results presented in this chapter

are based on outputs generated through greedy decoding, which facilitates consistent

and reproducible evaluation across all models and datasets.

6.5.4 Quantification of Factual Inconsistency

Factual inconsistency is defined as the inverse of factual consistency and is computed as

(1− z), where z denotes the factual consistency score ranging from 0 to 1. To quantify

factual inconsistency in LLM-based D2T, this study employs four widely used auto-

matic evaluation metrics, each suggesting strong correlation with human judgments.

AlignScore measures factual alignment between the generated text and the source

data through information alignment techniques [146]. QAFactEval assesses factual

consistency by generating and answering questions derived from the source and gener-

ated text [145]. SummaC-Conv evaluates factual consistency using natural language

inference (NLI)-based methods [96], while UniEval-Fact applies a unified, multi-task

evaluation framework trained across various factual consistency tasks [169]. In addition

to these automatic metrics, human evaluation is conducted to provide qualitative valida-

tion, where factual consistency is manually annotated by human experts to complement

and verify the automatic assessments.
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6.5.5 Training Settings and Libraries

All experiments are conducted using the SciPy library [170] to train both scaling mod-

els—power law and exponential—based on the observed factual inconsistency results.

For each fitted scaling model, the margin of error (MoE) is computed on the residual

deviation with a 95% confidence interval, providing an estimate of the uncertainty associ-

ated with model fitting. The same SciPy library is also utilized for all hypothesis testing

procedures, including the implementation of Vuong’s likelihood-ratio test in Python. For

fine-tuning and model quantization across all LLM families, the experiments employ the

transformers library [137] from Hugging Face. Fine-tuning and evaluation are per-

formed separately on each D2T dataset using their standard training and testing splits

to ensure fair and consistent comparisons. The experimental setup includes one NVIDIA

A6000 GPU (48 GB) and one NVIDIA A100 GPU (80 GB). The cumulative compu-

tational time across both devices is approximately 22.5 days. Throughout all training

and evaluation phases, no catastrophic failures or system instabilities were encountered,

suggesting the robustness of the experimental pipeline.

6.5.6 Input Linearisation and Prompt Structure

Input linearisation and prompt structure are essential components of D2T, influencing

both language model fine-tuning and inference.

Input Linearisation. Linearisation refers to the process of transforming semi-

structured input data into a sequential format suitable for LLM-based generation. As

discussed earlier, we consider three types of D2T tasks: MR-to-text (E2E and ViGGO),

table-to-text (WikiTableText), and graph-to-text (DART and WebNLG). For MR-to-

text and table-to-text generation, inputs are linearised as sequences of slot–value pairs

in the following format:

[(SlotName1, Value1), (SlotName2, Value2), ...,

(SlotNameN, ValueN)]

For graph-to-text generation, inputs are linearised as lists of relational triplets in the

following format:

[(EntityA1, Relation1, EntityB1), (EntityA2,

Relation2, EntityB2), ..., (EntityAN, RelationN,

EntityBN)]
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Prompt Structure. Prompt design plays an important role in both supervised fine-

tuning (and other post-training methods) and inference for D2T tasks. For our ex-

periments, we use the following unified prompt template for both supervised fine-

tuning [33, 99] and inference:

Instruction: Please generate a textual description

(‘Output’) from the provided structured data

(‘Input’).

Input: [linearised input data]

Output: [reference text]

6.6 Results

This section presents the plots and VaCScal results for factual inconsistency scaling

(measure using AlignScore and QAFactEval) in D2T with respect to two scaling

factor model size and compute (FLOPs), based on two scaling models—power law and

exponential. All results in this study are based on text generated using greedy decoding.

6.6.1 Scaling Behavior Based on Model Size of Fine-Tuned (QLoRA)

LLM Families

Here, we present the scaling behavior of factual inconsistency in D2T with respect

to model size for LLM families fine-tuned using QLoRA. Here, we present results for

four LLM families—FLAN-T5, Mamba, Pythia, and Qwen2.5. Results for the other

two families, BLOOM and OPT, are provided in paragraph* A.2. For results using

SummaC-conv and UniEval-fact as factual inconsistency metrics, please refer to

Appendix A.3.

6.6.1.1 Factual Inconsistency Measured via AlignScore

Figure 6.3 shows the fitted curves for the power law and exponential scaling models,

along with 95% confidence intervals derived from residual error. Anomalies are partic-

ularly observed in the E2E dataset for the Mamba family, where factual inconsistency

unexpectedly increases with model size. A possible hypothesis for this aberrant behav-

ior is discussed in Appendix A.8. In sporadic exceptional cases involving the E2E and

ViGGO datasets, both scaling models exhibit higher margins of error (MoE), although

the exponential model consistently shows lower MoE than the power law. Outside these
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Exponential scaling Margin of error (exponential scaling) Power law scaling Margin of error (power law scaling)
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Figure 6.3: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by AlignScore, plotted against model

size across different LLM families.

exceptions, exponential scaling generally yields much narrower MoEs, indicating more

stable and reliable fits in terms of uncertainty. Table 6.3 summarizes the outcomes of

the VaCScal framework. Exponential scaling consistently outperforms the power law

across all three validation stages: in Stage I, it achieves lower held-out loss; in Stage II,

it passes the F-test more frequently (✓); and in Stage III, Vuong’s test favors exponen-

tial scaling in most cases (highlighted in blue). In several scenarios, power law scaling

is found to be infeasible. Although in multiple cases for Qwen2.5 both scaling models

fail to pass the Stage II feasibility test of VaCScal (i.e., meeting the minimum p-value

for goodness-of-fit), exponential scaling still achieves lower or comparable held-out loss

(Stage I) in most scenarios. Despite a few exceptions (e.g., E2E), VaCScal results indi-

cate that exponential scaling more reliably models factual inconsistency—measured via

AlignScore—in D2T.
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Takeaway. Exponential scaling models better capture factual inconsistency (measured

via AlignScore) with respect to LLM model size in D2T, exhibiting lower error and

stronger statistical fit compared to power law scaling, despite a few outliers.

Table 6.3: Results from VaCScal corresponding to Figure 6.3. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

LLM family Scaling DART E2E ViGGO WebNLG WikiTableText

Exponential 4.15E-04/✓ 8.60E-04/✗ 1.14E-03/✓ 2.16E-03/✓ 2.56E-03/✓
FLAN-T5

Power Law 1.47E-04/✓ 3.11E-03/✗ 7.80E-01/✗ 6.16E-04/✓ 1.45E-04/✓

Exponential 2.14E-05/✓ 1.43E-04/✗ 4.40E+01/✓ 1.05E-04/✓ 3.09E-04/✗
Mamba

Power Law 3.77E+05/✗ 1.99E+03/✗ 1.08E+167/✗ 3.50E-04/✗ 1.42E+13/✗

Exponential 2.03E-03/✓ 1.71E+01/✓ 2.48E-03/✓ 2.30E-02/✓ 3.31E-03/✓
Pythia

Power Law 1.68E+11/✗ 1.24E-02/✓ 1.92E-02/✗ 8.71E+11/✗ 1.96E+04/✗

Qwen2.5
Exponential 4.93E-05/✓ 2.30E-04/✗ 3.98E-02/✗ 7.73E+01/✓ 3.41E-04/✗

Power Law 4.79E-01/✓ 2.00E-03/✗ 6.81E-04/✗ 2.71E-04/✗ 2.59E-03/✗

6.6.1.2 Factual Inconsistency Measured via QAFactEval

Figure 6.4 shows the fitted power law and exponential scaling curves, along with 95%

MoE, using QAFactEval as the inconsistency metric. Similar to AlignScore, no-

table anomalies are observed—especially for the E2E dataset, where all LLM families

(except Pythia) exhibit increasing inconsistency with model size. Aside from a few ex-

ceptions in E2E and ViGGO, where both scaling models show higher MoE, exponential

scaling generally yields narrower MoE than power law scaling, indicating more stable

fits with lower uncertainty. Table 6.4 summarizes the corresponding results under the

VaCScal framework. In most Stage I results, exponential models consistently achieve

lower or comparable held-out loss. For Stage II, they pass the F-test (✓) more reliably

than power law models, which often fail (✗). Overall, Stage III also favors exponential

scaling, with numerous significant Vuong test results (highlighted in blue). In two rare

cases—DART and WebNLG with the FLAN-T5 family—power law scaling outperforms

exponential models. We hypothesize that FLAN-T5, having been pre-trained on graph-

to-text formats, may exhibit divergence from exponential scaling in these cases due to

prior alignment with power law behavior. In Qwen2.5, apart from ViGGO, all other

datasets show significantly lower held-out loss (Stage I) for exponential scaling. Overall,

aside from these few rare exceptions, exponential scaling emerges as a more consistent

and statistically supported characterization of factual inconsistency in D2T under the

evaluated settings, when measured with QAFactEval.

Takeaway. Compared to power law scaling, exponential scaling more effectively cap-

tures the relationship between factual inconsistency (measured via QAFactEval) and
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model size in D2T across most LLM families, despite some anomalies (e.g., E2E,

ViGGO).

Exponential scaling Margin of error (exponential scaling) Power law scaling Margin of error (power law scaling)
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Figure 6.4: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by QAFactEval, plotted against model

size across different LLM families.

6.6.2 Scaling Behaviour Based on FLOPs of Fine-Tuned (QLoRA)

LLM Families

Estimating compute budget is central to LLM scaling research [55, 148], with several

early works linking generalization error to FLOPs (floating-point operations). This sec-

tion examines the scaling behavior of LLM factual inconsistency in D2T with respect

to FLOPs. We evaluate LLM families across five D2T datasets using two automatic

metrics—AlignScore and QAFactEval. Here, we present results for four LLM
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Table 6.4: Results from VaCScal corresponding to Figure 6.4. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

LLM Family Scaling DART E2E ViGGO WebNLG WikiTableText

Exponential 3.37E-03/✓ 6.59E-05/✗ 4.64E-03/✓ 2.46E-03/✓ 3.22E+00/✓
FLAN-T5

Power Law 1.22E+02/✓ 7.08E-04/✗ 1.30E-03/✓ 2.57E-03/✓ 4.57E-04/✓

Exponential 3.74E-04/✓ 3.75E-05/✗ 1.52E+01/✓ 4.38E-05/✓ 5.68E-05/✓
Mamba

Power Law 4.01E-05/✗ 2.17E-05/✗ 4.43E-04/✗ 2.63E+05/✗ 9.08E+20/✗

Exponential 3.97E-03/✓ 7.47E-02/✓ 3.65E-03/✓ 4.54E-02/✓ 3.24E-01/✓
Pythia

Power Law 1.04E+06/✗ 2.86E-02/✓ 2.09E+06/✓ 9.44E+14/✗ 1.73E-02/✗

Qwen2.5
Exponential 3.26E-04/✓ 7.24E-05/✓ 4.64E-04/✗ 2.06E-04/✗ 2.88E-04/✗

Power Law 1.06E-01/✓ 2.14E-03/✗ 3.63E-02/✓ 2.91E-04/✗ 6.27E+16/✗

families—FLAN-T5, Mamba, Pythia, and Qwen2.5. Results for the other two fami-

lies, BLOOM and OPT, are provided in Appendix A.2. FLOPs are computed using

calflops2, and all models are fine-tuned using QLoRA.
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Figure 6.5: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by AlignScore, plotted against FLOPs

across different LLM families.

2https://github.com/MrYxJ/calculate-flops.pytorch

https://github.com/MrYxJ/calculate-flops.pytorch
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Table 6.5: Results from VaCScal corresponding to Figure 6.5. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

LLM Family Scaling DART E2E ViGGO WebNLG WikiTableText

Exponential 1.52E-03/✓ 4.62E-04/✗ 3.28E-03/✗ 4.48E-04/✓ 3.88E-03/✓
FLAN-T5

Power Law 6.14E-05/✓ 6.15E-03/✗ 3.47E-01/✗ 2.36E-03/✓ 1.33E-04/✓

Exponential 1.62E-05/✓ 2.36E-04/✗ 8.04E+01/✓ 3.92E-04/✓ 4.56E-04/✗
Mamba

Power Law 4.51E+05/✗ 1.47E-03/✗ 5.07E+176/✗ 1.13E+00/✗ 4.44E+13/✗

Exponential 3.82E-03/✓ 3.22E+01/✓ 1.24E-03/✓ 4.92E-02/✓ 1.03E-03/✓
Pythia

Power Law 1.95E+11/✗ 2.56E-02/✓ 2.48E+03/✗ 1.77E+11/✗ 1.37E+03/✗

Qwen2.5
Exponential 9.97E-05/✓ 1.76E-04/✗ 3.71E-04/✗ 1.03E+02/✓ 5.53E-04/✗

Power Law 1.55E+03/✓ 1.49E-04/✗ 4.51E-03/✗ 2.18E-03/✗ 4.13E-04/✗

6.6.2.1 Factual Inconsistency Measured via AlignScore

Figure 6.5 illustrates how factual inconsistency—measured via AlignScore—scales

with FLOPs across LLM families under both power law and exponential models, along

with 95% confidence margins. As with the model size results, similar anomalies per-

sist in FLOP-based scaling—particularly in the E2E dataset (notably with the Mamba

family), where inconsistency increases with FLOPs. Similar to the model size-based find-

ings, Appendix A.8 provides a plausible explanation for this aberrant behavior. In Fig-

ure 6.5, E2E also exhibits higher MoE across both scaling models and most LLM fam-

ilies. Outside these exceptions, exponential scaling consistently yields narrower MoEs,

indicating more stable fits with lower residual uncertainty. Table 6.5 summarizes the

VaCScal evaluation for this FLOP-based analysis. In Stage I, exponential models con-

sistently achieve lower held-out loss. While Stage II includes a few infeasible cases

(e.g., E2E and ViGGO with Qwen2.5), exponential scaling is statistically preferred in

most model–dataset pairs, as indicated by the frequent blue marks showing significant

Vuong test outcomes in Stage III. Here, Qwen2.5 shows conclusions similar to its model

size–based scaling behavior for factual inconsistency measured via AlignScore. Over-

all, the VaCScal results indicate that exponential scaling provides a more robust and

reliable model for capturing how factual inconsistency in D2T decreases with increas-

ing compute—offering actionable insights for compute-budget planning with fine-tuned

LLMs.

Takeaway. Exponential scaling model better captures how factual inconsistency (via

AlignScore) decreases with FLOPs across LLM families, offering a more stable and

practical scaling model than power law scaling.
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Figure 6.6: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by QAFactEval, plotted against FLOPs

across different LLM families.

6.6.2.2 Factual Inconsistency Measured via QAFactEval

Figure 6.6 displays fitted power law and exponential scaling curves with 95% confi-

dence intervals (MoE), showing how factual inconsistency—measured using QAFactE-

val—varies with FLOPs. Again, certain anomalies persist; for instance, factual incon-

sistency increases with compute for the E2E dataset under the FLAN-T5 and Mamba

families. The E2E dataset (within FLAN-T5 and Mamba families) often exhibits large

MoEs, indicating high uncertainty. Nevertheless, exponential scaling consistently deliv-

ers narrower confidence bounds than power law fits, suggesting more reliable and stable

modeling. The associated VaCScal outcomes, summarized in Table 6.6, reinforce this

conclusion: most model–dataset pairs show a clear preference for exponential scaling,

as indicated by the frequent blue-highlighted Vuong test results, with only a few excep-

tions (in DART and WebNLG with FLAN-T5). While a few configurations—such as

E2E—are deemed infeasible in Stage II, the broader pattern of VaCScal results remains
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consistent with exponential scaling as a more suitable framework for characterizing how

factual inconsistency declines under the evaluated settings.

Table 6.6: Results from VaCScal corresponding to Figure 6.6. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

LLM Family Scaling DART E2E ViGGO WebNLG WikiTableText

Exponential 2.37E-03/✓ 6.81E-05/✗ 4.00E-03/✓ 2.34E-04/✓ 1.64E-04/✓
FLAN-T5

Power Law 2.24E+02/✓ 5.52E-06/✗ 3.73E-03/✓ 6.87E-03/✓ 3.64E-04/✓

Exponential 8.12E-05/✓ 1.76E-06/✗ 1.96E-04/✓ 3.72E-05/✓ 1.10E-03/✓
Mamba

Power Law 8.31E+08/✗ 2.60E-04/✗ 7.56E-04/✗ 7.46E+05/✗ 2.66E+21/✗

Exponential 2.81E-03/✓ 2.32E-02/✓ 9.32E-04/✓ 3.67E-01/✓ 7.35E+01/✓
Pythia

Power Law 5.64E+06/✗ 5.29E-02/✓ 9.25E+03/✓ 1.01E+15/✗ 4.59E-02/✗

Qwen2.5
Exponential 3.80E-04/✓ 7.23E-05/✓ 3.41E-04/✗ 1.91E-04/✗ 5.13E-04/✗

Power Law 6.40E-01/✓ 1.58E-02/✗ 1.33E-01/✓ 1.76E-04/✗ 4.90E-04/✗

Takeaway. Compared to power law scaling, the exponential model more effectively

captures the relationship between FLOPs and factual inconsistency (measured via

QAFactEval), exhibiting greater stability across LLM families.

6.7 Discussion

The findings presented in this chapter consistently suggest that exponential scaling pro-

vides a statistically grounded explanation of factual inconsistency in D2T compared to

power law scaling. This conclusion holds robustly across multiple evaluation metrics,

scaling factors, and experimental configurations. In the main results (section 6.6), expo-

nential scaling outperforms power law scaling in modeling factual inconsistency, as mea-

sured by AlignScore and QAFactEval, with respect to both model size and compu-

tational budget (FLOPs). This trend remains consistent when alternative factual consis-

tency metrics—such as SummaC-Conv and UniEval-Fact (Appendix A.3)—are em-

ployed, and when the results are validated against human annotations (Appendix A.1),

further supporting the consistency of the observed scaling behavior. Moreover, expo-

nential scaling continues to dominate when additional scaling factors are examined,

including the size of the fine-tuning dataset (Appendix A.6).

To verify that these findings are not contingent upon a specific fine-tuning or de-

coding approach, supplementary experiments are conducted using Prefix-Tuning (Ap-

pendix A.5) and nucleus sampling (Appendix A.4). Furthermore, to provide a thor-

ough understanding of scaling behavior in factual inconsistency, full fine-tuning experi-

ments—where all model parameters are updated—are also performed (Appendix A.7).
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Across all experimental conditions, exponential scaling consistently suggests strong per-

formance over power law scaling. While a few exceptions are observed, particularly in

the E2E and ViGGO datasets, these anomalies are limited in scope and do not un-

dermine the broader empirical trend. It is hypothesized that the atypical behavior of

these datasets arises from their low lexical diversity and closed-domain nature, which

increase susceptibility to overfitting in larger LLMs. In contrast, open-domain datasets

such as DART, WebNLG, and WikiTableText exhibit greater linguistic and semantic

diversity, mitigating such effects. A detailed analysis of these exceptions is provided in

Appendix A.8.

A key enabler of this analysis is the proposed VaCScal framework, which enables statis-

tically rigorous validation of scaling models beyond traditional indicators such as margin

of error (MoE) or held-out loss. While MoE provides an intuitive measure of uncertainty,

it does not assess a model’s statistical plausibility. In several instances, models exhibit-

ing low MoE were found to fail Stage II of VaCScal due to high p-values, suggesting that

visual fit alone is insufficient for establishing statistical validity. Stage III of VaCScal

offers a principled method for comparing competing scaling models, frequently providing

evidence favoring exponential scaling when both models satisfy Stage II feasibility crite-

ria. Additionally, Stage I analysis reveals that exponential scaling often achieves lower

held-out loss even in cases where neither model passes feasibility checks, highlighting its

robustness in practical applications.

In summary, the broad evaluation presented in this chapter—spanning multiple met-

rics, datasets, scaling factors, and validation strategies—provides empirical evidence

that exponential scaling offers a better fit than power-law scaling for modeling factual

inconsistency within the evaluated fine-tuned LLM-based D2T systems.

6.8 A Conjecture on the Exponential Scaling of Factual

Inconsistency in D2T

Building on the empirical evidence observed in our experiments and the presence of

source–reference divergence in D2T datasets [34, 39]—that is, discrepancies between the

structured input data and the corresponding reference text in the training corpus—we

formulate the following conjecture on the scaling behavior of factual inconsistency with

model size. We then provide a mathematical rationale for this conjecture under a set of

explicit assumptions.

Conjecture 6.1. Consider a D2T dataset exhibiting source–reference divergence. Under

the assumptions described in the following mathematical rationale, we conjecture that
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factual inconsistency in LLM-based D2T decreases exponentially with model size N ,

such that

Factual Inconsistency ∝ e−ξ(N), (6.5)

where ξ(N) is a model-dependent function that is linear or sub-linear in the model (LLM)

size N .

Mathematical Rationale for Conjecture 6.1. To provide a mathematical rationale for the

conjectured exponential scaling of factual inconsistency with LLM size, we consider the

role of source–reference divergence, defined as the discrepancy between the structured

input data and the corresponding reference texts used during training or fine-tuning.

Such divergence may arise from heuristic data collection procedures, annotation noise,

or the incorporation of information that is not explicitly grounded in the source data.

Under this setting, minimizing the conventional autoregressive training objective may

encourage the model to assign probability mass to outputs that deviate from the factual

content of the input. Consequently, standard perplexity, which is computed with respect

to the potentially divergent reference text, may not accurately reflect the model’s factual

consistency with the source.

To facilitate the analysis, we therefore introduce a relative perplexity measure R that

compares the likelihood assigned to a reference sequence against that assigned to the

model’s most likely output. Unlike conventional perplexity, which primarily measures

the likelihood of a given sequence, this relative measure captures the model’s preference

between a reference sequence and its most likely alternative. In particular, when the

reference sequence is constructed from information directly grounded in the input, R
provides a proxy for the extent to which the model prefers a potentially inconsistent

output over a source-grounded alternative.

Formally, given an input x, a reference sequence yref = yref1 yref2 . . . yrefL , and the model’s

most likely output sequence ymax = ymax
1 ymax

2 . . . ymax
L , we define R as the ratio between

their corresponding perplexities (Equation 6.6):

R(x, yref) = perplexity(yref)

perplexity(ymax)

∣∣∣∣
input=x

=


L∏
i=1

Pr(yrefi )

L∏
i=1

Pr(ymax
i )


− 1

L

∣∣∣∣∣∣∣∣∣∣
input=x

(6.6)
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By construction, the relative perplexity measure R takes values in the range [1,∞),

with R = 1 corresponding to the limiting case in which the model assigns maximal

likelihood to the reference relative to its generated alternative. Under the proposed

interpretation of R as a proxy for factual inconsistency, values close to unity indicate a

strong alignment between the model’s likelihood assignments and the reference, whereas

larger values of R suggest an increasing preference for outputs that deviate from the

reference. Consequently, R can be viewed as a relative measure of the discrepancy

between factual and model-preferred outputs, rather than an exact measure of factual

inconsistency itself. In practical settings, the effective range of R may be moderated by

calibration effects and the bounded variability of model logits.

To further analyze the behavior of the relative perplexity measure in Equation 6.6, we

consider its dependence on the underlying token probabilities produced by the model.

Since these probabilities are obtained by applying the softmax function to the corre-

sponding logits at inference time, the behavior of R can be examined through the prop-

erties of the associated logit values. Let zref and zmax denote the logits assigned to the

tokens in the reference sequence yref and the model’s most likely output sequence ymax,

respectively. Expressing R in terms of these logits provides a convenient framework

for analyzing how deviations between factual and model-preferred outputs influence the

proposed proxy measure of factual inconsistency.

R(x, yref) =


L∏
i=1

ez
ref
i∑

j e
zi,j

L∏
i=1

ez
max
i∑

j e
zi,j


− 1

L

∣∣∣∣∣∣∣∣∣∣
input=x

=
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i
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ref
i −zmax

i

)− 1
L

∣∣∣∣∣∣
input=x

(6.7)

The simplification in step (1) of Equation 6.7 follows from the fact that the softmax

normalization terms appearing in both the numerator and denominator are equal and

therefore cancel. It is important to note that zrefi and zmax
i do not represent the i-

th vocabulary logits; rather, they denote the logits assigned to the i-th tokens of the

sequences yref and ymax, respectively. Under this formulation, the relative perplexity

measure R depends on the aggregate differences between the logits associated with the

reference and those associated with the model’s most likely output. Consequently, the

behavior ofR can be analyzed through the statistical properties of these logit differences.

In settings where source-reference divergence is present, discrepancies between the logits
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assigned to reference tokens and model-preferred tokens may arise, motivating a closer

examination of their magnitude and scaling behavior. We therefore proceed to analyze

the properties of these logit deviations and their implications for the proposed proxy

measure of factual inconsistency.

Logits

Output embebbings ( )

Hidden state of LLM ( )

Previous token

Figure 6.7: A simplified systematic view of the logits output in a LLM.

For analytical convenience, let za = zrefi and zb = zmax
i , where a and b denote the vo-

cabulary indices corresponding to the i-th tokens in the reference and model-generated

sequences, respectively. To study the statistical behavior of these logits, we adopt a sim-

plified probabilistic model of logit generation. Specifically, at a given decoding step, the

logit vector is represented as z = Eh, where E ∈ R|V |×d denotes the output embedding

matrix and h ∈ Rd denotes the hidden representation of the model. Let d be the model

dimension. In accordance with standard mean-field assumptions in high-dimensional

neural network theory, we consider an idealized normalized regime in which the entries

of E and h are independent random variables with zero mean and variances σ2
E and σ2

h,

respectively; that is, Ei,j ∼ N (0, σ2
E) and hj ∼ N (0, σ2

h). While these assumptions do

not aim to characterize the exact behavior of trained LLMs, they provide a tractable

framework for examining how logit deviations may scale with model size. Under this

probabilistic model, the logit associated with the k-th vocabulary token is given by

Equation 6.8.

zk =

d∑
j=1

Ek,jhj (6.8)

Under the probabilistic assumptions introduced above, the variance of an individual

logit can be derived directly from the representation of zk in Equation 6.8 as follows:
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var[zk] = d · σ2
h · σ2

E (6.9)

= d · σ2 Assuming σ2 = σ2
h · σ2

E (6.10)

Prior work on neural scaling laws suggests that the model dimension d grows with

model size N according to a function ϕ, typically exhibiting linear or sub-linear behav-

ior [159, 173]. Motivated by this relationship, we examine how the magnitude of the

logit deviation |za − zb| may evolve as a function of model size. To characterize the

statistical behavior of this deviation under the proposed probabilistic model, we employ

Chebyshev’s inequality to bound the probability of large departures from its mean. This

provides a tractable mechanism for relating the distribution of logit differences to model

scaling and, consequently, to the behavior of the relative perplexity measure introduced

as a proxy for factual inconsistency.

Pr (|za − zb| ≥ ξ(N)) ≤ Var(za − zb)

ξ(N)2
(6.11)

In Equation 6.11, ξ(N) denotes a model-dependent function of the model size N that

characterizes the aggregate scale of logit deviations under the proposed probabilistic

framework and is assumed to exhibit linear or sub-linear growth. To evaluate the result-

ing probability bound, it is necessary to characterize the variance of the logit difference

|za − zb|. We therefore consider the variance of the difference between the two random

variables and employ the standard variance decomposition formula, which for indepen-

dent variables yields:

Var(za − zb) = Var(za) + Var(zb)− 2Cov(za, zb) (6.12)

Using the logit representation introduced above, the logits corresponding to the reference

and model-preferred tokens can be written as za = E⊤
a,:h and zb = E⊤

b,:h, where Ea,: and

Eb,: denote the rows of the output embedding matrix associated with vocabulary entries

a and b, respectively. This representation makes it possible to analyze the statistical

relationship between the two logits through the properties of the embedding matrix and

hidden representation. In particular, the covariance between za and zb can be expressed

in terms of the covariance structure of h and the geometric relationship between the

corresponding embedding vectors:
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Cov(za, zb) = E⊤
a,:Cov(h)Eb,: (6.13)

= σ2
h ·E⊤

a,:Eb,: (6.14)

An important observation is that the term E⊤
a,:Eb,: represents the inner product between

the embedding vectors associated with vocabulary entries a and b, and therefore serves

as a measure of their similarity. When the embeddings are normalized, this quantity is

bounded within the interval [−1, 1]. Substituting this relationship into Equation 6.14

yields Var(za − zb) = O(d · σ2), where σ2 = σ2
Eσ

2
h and the model dimension satisfies

d ∝ ϕ(N) for a linear or sub-linear function ϕ of the model size N . Under the proposed

probabilistic framework, reduced similarity between the embedding vectors contributes

to larger variance in the corresponding logit difference. Such situations may arise when

the tokens associated with the reference and the model-preferred output occupy distinct

regions of the representation space, as may occur in the presence of source-reference

divergence. Applying Chebyshev’s inequality from Equation 6.11 then yields the upper

bound Var(za−zb)/ξ(N)2, where ξ(N) denotes a model-dependent function of N . Since

Var(za − zb) scales with the model dimension, the resulting bound need not diminish

rapidly with increasing model size, implying that non-trivial deviations of the form |za−
zb| ≥ ξ(N) remain theoretically plausible under the stated assumptions. Consequently,

the existence of meaningful logit discrepancies between reference tokens and model-

preferred outputs is consistent with the proposed probabilistic model and provides a

theoretical basis for analyzing the scaling behavior of the relative perplexity measure

introduced as a proxy for factual inconsistency.

Recall that za = zrefi and zb = zmax
i . Under the probabilistic framework developed above,

the preceding analysis suggests that non-trivial deviations between the logits assigned to

reference tokens and model-preferred tokens may arise as a consequence of the variance

structure induced by the model. Motivated by this observation, we assume that the

typical magnitude of such deviations can be characterized by a model-dependent function

ξ(N), where N denotes the model size. Approximating the aggregate logit deviation in

Equation 6.7 by this characteristic quantity allows the relative perplexity expression to

be written in terms of ξ(N), yielding:

R(x, yref) =

(
L∏
i=1

eξ(N)

)− 1
L

∣∣∣∣∣∣
input=x

= e−ξ(N)
∣∣∣
input=x

(6.15)
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Taken together, the preceding analysis suggests that the relative perplexity measure R,
which is introduced as a proxy rather than an exact measure of factual inconsistency,

may exhibit an exponential dependence on the model size N under the assumptions of

the proposed probabilistic framework. In particular, if the aggregate logit deviations

governing R can be characterized by a model-dependent function ξ(N), then the result-

ing expression implies an exponential relationship between the proxy measure and model

scale. Motivated by this observation, we generalize the form obtained in Equation 6.15

and arrive at the following scaling relationship:

Factual Inconsistency ∝ e−ξ(N)
∣∣
input=x

(6.16)

where ξ(N) denotes a model-dependent function of the model size N , assumed to exhibit

linear or sub-linear growth. Thus, under the stated assumptions, this mathematical

rationale provides a probabilistic framework for the conjectured exponential scaling of

factual inconsistency with model size in LLM-based D2T, as formulated in section 6.8.

♢

6.9 Conclusion

This chapter presents an empirical analysis of the scaling behavior of factual inconsis-

tency in D2T with respect to model size, computational capacity (FLOPs), and fine-

tuning data size. While much of the existing scaling literature has focused on power-law

scaling, the experimental results obtained across multiple LLM families, datasets, and

evaluation metrics suggest that factual inconsistency may exhibit an exponential scaling

pattern under the evaluated settings. To facilitate a systematic comparison of these

scaling models, a three-stage statistical framework, VaCScal, is introduced, comprising

predictive performance estimation, goodness-of-fit evaluation, and model comparison.

Across the evaluated datasets and model families, the results generally indicate that

exponential scaling provides a closer fit to the observed data than power-law scaling

according to the considered evaluation criteria. In addition, a mathematical rationale is

presented to provide further insight into these empirical observations, suggesting that un-

der certain D2T conditions, particularly in the presence of source–reference divergence,

exponential scaling may arise as a plausible characterization of factual inconsistency

with increasing model size. Overall, the findings suggest that exponential scaling may

offer a useful perspective for understanding the scaling behavior of factual inconsistency

in fine-tuned LLM-based D2T systems within the scope of the evaluated settings.



Chapter 7

Conclusion and Future Directions

This thesis has undertaken a detailed investigation into the problem of faithfulness in

language model-based D2T, with a particular emphasis on LLMs. Faithfulness, as

conceptualized throughout this research, refers to the extent to which the generated

text accurately reflects the underlying source and reference information, while care-

fully accounting for potential source–reference divergence. In this thesis, faithfulness

is characterized through two central dimensions: informativeness and factual consis-

tency. The work systematically explores both the evaluation and enhancement of faith-

fulness, bridging pre-LLM encoder–decoder models and the latest LLM-based systems,

and contributes an integrated empirical perspective on several mechanisms, challenges,

and scaling behaviors associated with faithfulness in D2T generation.

The Chapter 2 introduced a structural encoder for pre-LLM, encoder–decoder-based

D2T models designed to effectively capture record–field structured data. By integrating

attention gates, the model selectively extracted and utilized relevant content from en-

coded representations. Extensive experiments on the WikiBio and E2E datasets demon-

strated that the proposed encoder robustly handled both sequential and non-sequential

data, improving informativeness-related aspects of faithfulness in the evaluated settings.

These findings suggest that explicit structural representations can play an important role

in supporting accurate and contextually coherent generation.

The Chapter 3 shifted focus toward the capabilities of LLMs in D2T generation, pro-

viding a broad evaluations to date across twelve models from five prominent LLM fami-

lies—BART, T5, BLOOM, OPT, and Llama 2—using multiple datasets and evaluation

metrics. The study combined automatic and human evaluations with robustness analy-

ses and introduced a source–reference divergence-weighted training strategy to improve

model grounding. Findings revealed that larger models generally improve readability

and informativeness, with Llama 2 often achieving strong performance across several
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evaluated metrics and datasets. However, increases in model size did not consistently

enhance faithfulness and, in some cases, resulted in degradation. Human evaluations

showed that while larger models tend to produce more expressive and coherent text, mi-

nor factual inconsistencies are often overlooked by human raters but over-penalized by

automatic metrics. Robustness analyses suggested that these observations hold across

fine-tuning (QLoRA vs. Prefix-Tuning) and decoding (Beam Search vs. Nucleus Sam-

pling) setups. The results further indicate that the divergence-weighted training method

was associated with improvements in faithfulness, informativeness, and readability across

the evaluated settings, suggesting its potential utility as a regularization mechanism for

promoting factual grounding.

The Chapter 4 advanced the analysis by providing an extensive evaluation of factual con-

sistency in LLM-based D2T generation. Five representative LLM families—T5, BART,

OPT, BLOOM, and Llama 2—were evaluated on five widely used D2T datasets (E2E,

ViGGo, WikiTableText, DART, and WebNLG) using four widely used factual consis-

tency metrics: SummaC-Conv, QAFactEval, AlignScore, and NEOverlap. Hu-

man evaluations further complemented the automatic metrics. Three key observations

emerged: (1) Llama 2 consistently exhibited the highest factual consistency; (2) smaller

models such as T5 and BART achieved strong performance on large, lexically less diverse

datasets; and (3) factual consistency generally declined as source–reference divergence

increased across the evaluated datasets. By introducing the Average Rate of Change

(AROC) metric, this study examined how factual consistency varied with model size

across the evaluated model families. These findings deepened understanding of how

LLM capacity, data characteristics, and divergence interact to influence faithfulness

in D2T generation, providing empirical evidence that may inform future improvement

strategies.

Chapter 5 investigated source–reference divergence, a phenomenon in D2T in which the

reference text semantically deviates from the source data. To characterize this phe-

nomenon quantitatively, three complementary measures were introduced: unigram-level

divergence, named entity-based divergence, and field-aware divergence. Building upon

these measures, the chapter presented a divergence-aware selective generation framework

designed to enable LLMs to abstain from generating outputs for instances exhibiting

high levels of divergence. Experiments conducted on the ViGGo, WikiTableText, and

WebNLG datasets using three LLM families—Qwen2.5, FLAN-T5, and OPT—suggested

that the proposed framework was often associated with higher factual consistency under

coverage settings of 70–80% in the evaluated settings while retaining a large proportion

of outputs. The findings further indicated that selective abstention was associated with

reductions in factual inconsistencies and ungrounded content. Overall, the results sug-

gest that explicitly modeling source–reference divergence may provide a useful approach



Conclusion and Future Directions 119

for studying and mitigating factual inconsistencies in LLM-based D2T systems and may

inform future research on improving faithfulness in settings where factual accuracy is

important.

Finally, Chapter 6 extended the investigation from empirical evaluation to the anal-

ysis of scaling behavior, examining how factual inconsistency—the inverse of factual

consistency—varies with model size, computational capacity (FLOPs), and fine-tuning

data size. While much of the existing scaling literature has focused on power-law scal-

ing, the empirical results obtained in this chapter suggest that factual inconsistency

may exhibit an exponential scaling pattern under the evaluated settings. To facilitate

a systematic comparison between alternative scaling models, the chapter introduced

a three-stage statistical framework, VaCScal, comprising predictive performance esti-

mation, goodness-of-fit evaluation, and comparative model analysis. Experiments con-

ducted across six LLM families and five D2T datasets generally indicated that exponen-

tial scaling provided a closer fit to the observed data than power-law scaling according

to the considered evaluation criteria and under a range of fine-tuning and decoding

configurations. In addition, a mathematical rationale was presented to provide further

insight into these empirical observations, suggesting that under certain D2T conditions

involving source–reference divergence, exponential scaling may arise as a plausible char-

acterization of factual inconsistency with increasing model size. Collectively, the findings

suggest that exponential scaling may offer a useful perspective for understanding the re-

lationship between model capacity and factual inconsistency in LLM-based D2T systems

within the scope of the evaluated settings.

7.1 Synthesis and Key Actionable Insights

The overall findings of this thesis suggest that faithfulness in language model-based D2T

is influenced by multiple interacting factors and cannot be explained solely by model

scale. The studies spanning both pre-LLM and LLM-based paradigms indicate that

improvements in fluency or increases in model size do not necessarily correspond to

improvements in factual consistency. Taken together, the findings provide the following

actionable insights for the design and evaluation of D2T systems:

• Preserve structured grounding: Explicit structural representations and con-

tent selection mechanisms may help maintain informativeness and support align-

ment between generated text and source data.

• Move beyond scale-centric design: While larger models were generally as-

sociated with improved readability and informativeness in the evaluated settings,
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improvements in faithfulness may require additional faithfulness-oriented mecha-

nisms.

• Identify and model divergence: Source–reference divergence was frequently

associated with lower faithfulness in the evaluated datasets, suggesting that it may

be useful to quantify and account for divergence during training and generation.

• Incorporate faithfulness-aware generation strategies: Divergence-sensitive

training and selective generation mechanisms were associated with improvements

in factual consistency while maintaining reasonable coverage and generation qual-

ity in the evaluated settings.

• Examine scaling behavior of factual inconsistency: The VaCScal framework

suggests that factual inconsistency may exhibit exponential scaling behavior under

the evaluated conditions, providing an additional perspective for analyzing the

relationship between model scale and factual consistency in D2T systems.

Collectively, these actionable insights provide a basis for studying and improving faith-

fulness in D2T systems through the analysis of grounding, source–reference divergence,

and faithfulness-aware training and generation strategies. While the findings are derived

from D2T tasks, some of the underlying principles may also be relevant to other forms

of conditional text generation.

7.2 Future Directions

Building on the findings and frameworks presented in this thesis, several promising di-

rections for future research emerge. These directions aim to deepen the understanding

of faithfulness in D2T generation, enhance model grounding, and extend the frame-

works developed herein to broader contexts of faithfulness and trustworthiness in Large

Language Models (LLMs).

• Divergence-aware reinforcement learning: Future research can extend the

proposed divergence-aware training paradigm into reinforcement learning from

human feedback (RLHF). Integrating divergence-awareness within RLHF would

allow models to dynamically reward factually grounded generations while penal-

izing unfaithful or hallucinated outputs. By coupling human preference signals

with divergence-sensitive rewards, such frameworks could foster adaptive learn-

ing that balances fluency, informativeness, and factual accuracy, particularly in

safety-critical applications such as medical or financial text generation.
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• Extending scaling analyses: The VaCScal framework, introduced in this thesis

for analyzing the scaling behavior of factual inconsistency, can be generalized to

other generative properties, such as coherence, diversity, controllability, and stylis-

tic variation. Investigating how these dimensions scale with model parameters,

compute, and data would contribute to a broader understanding of LLM scaling

behavior, offering deeper insights into the trade-offs between expressiveness and

reliability in large-scale generative models.

• Exploring other aspects of factual consistency in D2T generation: While

this thesis focused primarily on source–reference divergence as a key contributor

to factual inconsistency, future research should investigate additional factors af-

fecting factual consistency in D2T, such as input data sparsity, representational

noise, contextual under-specification, and biases in pre-training corpora. A deeper

understanding of these factors may help disentangle different sources of unfaithful-

ness and guide the development of more robust model architectures and training

strategies. Furthermore, stronger integration among the concepts of faithfulness,

trustworthiness, and factual consistency remains an important future direction in

D2T. In particular, a closer synthesis of the frameworks and insights developed

in Chapter 3 and Chapter 4 could provide a more unified foundation for building

reliable and trustworthy language model-based D2T systems.

• Exploring Source–Reference Divergence in Greater Detail: While this

thesis primarily focused on source–reference divergence in D2T using lexical and

semantic perspectives, future research can investigate richer and more compre-

hensive formulations of divergence. These may include contextual, structural,

discourse-level, or knowledge-based divergence measures that capture subtler forms

of mismatch between source data and generated text. Furthermore, the concept of

source–reference divergence can potentially be extended beyond D2T to broader

conditional and controllable text generation tasks, such as summarization, dia-

logue generation, machine translation, and controllable generation settings where

outputs are expected to satisfy specific attributes or constraints. Another promis-

ing direction is to predict source–reference divergence in real-world scenarios where

reference text is unavailable, particularly in open-ended generation settings. Devel-

oping methods to estimate divergence directly from input and generated outputs

could enable proactive detection of factual inconsistency and improve the reliability

of language generation systems.

• Factual consistency in different applications: Investigating factual con-

sistency across diverse real-world applications of D2T—such as clinical report
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generation, automated journalism, sports commentary, and dialogue summariza-

tion—will help assess the generalizability of current findings. Each application

domain has unique fidelity requirements and tolerance levels for factual devia-

tions, and understanding these domain-specific constraints is vital for developing

specialized LLM-based generation systems with improved factual consistency.

• Evaluating factuality in D2T: As discussed in section 1.4, an important direc-

tion for future research is the evaluation of factuality in D2T, where the truth-

fulness of generated text is assessed with respect to broader real-world knowledge

rather than being confined solely to the input source data. This notion of factu-

ality is particularly relevant to open-domain D2T tasks, where generated content

may draw upon world knowledge that is not explicitly represented in the struc-

tured input. Developing models and evaluation metrics that align D2T outputs

with verified real-world knowledge may further improve the factual grounding and

reliability of D2T-generated text.

• Factual consistency under prompting: This thesis primarily investigates fac-

tual consistency in D2T under supervised fine-tuning (SFT) settings with LLMs.

An important direction for future research is to examine how factual consistency

and factuality in D2T is influenced by prompting strategies, such as in-context

learning [76, 171] and chain-of-thought prompting [172]. Understanding the rela-

tionship between prompting techniques and factual consistency may help identify

prompting configurations that better preserve source-grounded information. Such

analyses could also provide insights into the mechanisms through which prompting

affects factual errors and hallucinations in D2T systems.

7.3 Concluding Remarks

In conclusion, this thesis provides a systematic exploration of faithfulness in Data-to-

Text generation, from structured encoder architectures in pre-LLM models to advanced

LLM-based frameworks for evaluation, enhancement, and analytical insights. It offers

practical solutions—such as divergence-weighted training and divergence-aware selective

generation—and introduces the VaCScal framework, which suggests that exponential

scaling may provide a useful characterization of factual inconsistency in D2T under the

evaluated settings. The collective contributions of this work contribute to both empirical

research and systematic understanding, may provide a basis for future research toward

building LLM-based D2T that are not only fluent and informative but also factually

grounded, and trustworthy in real-world applications.



Appendix A

Appendix: Exponential Scaling

Factual Inconsistency of LLM in

D2T

A.1 Scaling Behaviour Based on Model Size of Fine-Tuned

(QLoRA) LLM Families With Human Evaluation

Although automatic metrics for evaluating factual consistency have improved in recent

years, they still fall short compared to human-based evaluations. To further assess the

suitability of exponential scaling for modeling factual inconsistency in D2T, we con-

ducted a human evaluation involving five university student annotators from diverse

academic backgrounds. This voluntary task was performed on outputs generated by

four LLM families—FLAN-T5, Mamba, OPT, and Qwen2.5. Importantly, this evalu-

ation was limited to QLoRA-fine-tuned versions of these LLM families. Prior to the

annotation process, each annotator participated in a brief training session that included

five example instances, along with corresponding source data and reference texts. Fac-

tual inconsistency was assessed on a Likert scale ranging from 5 (completely inconsistent)

to 0 (fully consistent). In addition to assigning scores, annotators were required to jus-

tify inconsistencies using one or more of the following categories: (1) missing fact, (2)

fabricated fact, and (3) irrelevant fact. The detailed annotation guidelines used for the

human evaluation are similar to those described in section 4.7, except that the scoring

scale was inverted to measure factual inconsistency as the inverse of factual consistency.

A gold-labeled reference set was provided to guide the evaluation process (Table A.1).

Each annotator independently evaluated 30 generated outputs across five D2T datasets,

without consulting others or using external resources. Inter-annotator agreement was
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high, with a Fleiss’ kappa coefficient of 0.79, indicating substantial agreement among

annotators.

Table A.1: The five short sample given to each annotators for training before anno-
tation task.

source reference generated text
label (Likert Scale 0-

5, with reasons)

(‘MotorSport Vision’, ‘city’, ‘Fawkham’)
MotorSport Vision is located in

Fawkham .
Fawkham is in the UK.

5 (inconsistent:
irrelevant fact)

((‘subjtitle’, ‘kf tirana’),
(‘subjsubtitle’, ‘presidents history’),

(‘name’, ‘lutfi nuri’), (‘from–to’, ‘1998–99’))

lutfi nuri was president of kf
tirana during 1998–99 .

lutfi nuri president of kf
tirana who took office 1998–99 .

0 (consistent)

((‘subjtitle’, ’aachen’), (‘subjsubtitle’, ‘demographics’),
(‘year’, ’2015’), (‘population’, ’245,885’))

the population of aachen 245,885
in 2015 .

245,885 people in aachen
lived in 2015 .

0 (consistent)

((‘subjtitle’, ‘fc rubin kazan’),
(‘subjsubtitle’, ‘average attendance’),

(‘year’, ‘2011’), (‘reg . season’, ’16,380’))

the average attendance of fc rubin
kazanin 2011 were 16,380 .

fc rubin kazan got 16,380
attendences in 2011 .

1 (almost consistent:
missing ‘average’)

((‘name’, ‘Clowns’), (‘eatType’, ‘pub’),
(‘near’, ‘The Sorrento’))

Close to The Sorrento you can
find Clowns pub.

Clowns pub serves food for under £20
and is located near The Sorrento.

3 (inconsistent:
fabricated fact)
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Figure A.1: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency in D2T, based on Human evaluation, plotted against
model size for QLoRA fine-tuned FLAN-T5, Mamba, OPT, and Qwen2.5 LLM families.

Figure A.1 presents the fitted power law and exponential scaling curves, along with 95%

confidence intervals (MoE), based on human-annotated assessments of factual inconsis-

tency across varying model sizes (in terms of parameter count). Across all D2T datasets,
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exponential scaling consistently exhibits lower MoEs than power law scaling, indicating

lower uncertainty under human evaluation. The corresponding VaCScal results are

shown in Table A.2, where, in almost all datasets (except E2E), the LLM families fa-

vor exponential scaling. This is evidenced by the blue-highlighted cells denoting strong

statistical preference for exponential scaling in Stage III of the Vuong test. While some

exceptions are observed in the E2E dataset, even in these cases, exponential scaling

achieves lower held-out error in Stage I compared to power law scaling—indicating bet-

ter predictive performance under the evaluated settings. Although in two rare cases,

where power law scaling outperforms exponential scaling for the DART and WebNLG

datasets with FLAN-T5 models, exponential scaling remains competitive in Stages I

and II of the VaCScal framework. Except for these rare cases, all other consistent VaC-

Scal outcomes further support the suitability of exponential scaling for modeling the

relationship between model size and factual inconsistency in D2T.

Takeaway. In human evaluations across the FLAN-T5, Mamba, OPT, and Qwen2.5

LLM families, exponential scaling receives greater support as a model for the decrease of

factual inconsistency with increasing model size, offering a more stable characterization

than power-law scaling under the evaluated settings.

Table A.2: Results from VaCScal corresponding to Figure A.1. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

LLM Family Scaling DART E2E ViGGO WebNLG WikiTableText

FLAN-T5
Exponential 1.14E-04/✓ 4.31E-05/✗ 1.54E-03/✓ 2.48E-03/✓ 4.35E+00/✓

Power Law 1.54E-04/✓ 7.06E-04/✗ 8.62E-05/✓ 5.05E-04/✓ 6.02E-04/✓

Mamba
Exponential 3.28E-06/✓ 8.17E-05/✗ 1.69E-04/✓ 2.84E-04/✓ 6.68E-04/✗

Power Law 4.51E+05/✗ 1.47E-03/✗ 2.53E+176/✗ 5.66E-01/✗ 8.87E+13/✗

OPT
Exponential 1.25E-03/✓ 4.29E-04/✓ 4.13E-03/✓ 2.54E-04/✓ 2.84E-03/✓

Power Law 7.00E+01/✗ 1.26E+00/✗ 6.51E+02/✗ 1.58E+10/✗ 2.03E-03/✗

Qwen2.5
Exponential 4.51E-04/✓ 1.26E-04/✗ 4.05E+00/✓ 6.08E-05/✓ 7.98E-05/✓

Power Law 3.88E+00/✓ 6.44E-04/✗ 1.03E-04/✗ 9.36E-05/✗ 4.05E-01/✗
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A.2 Result: Scaling Behavior Based on Model Size and

FLOPs for Fine-Tuned (QLoRA) BLOOM and OPT

Families

Here, we present the scaling behavior of fine-tuned (QLoRA) BLOOM and OPT families

with respect to factual inconsistency, measured using AlignScore and QAFactEval.

Figure A.2 and Figure A.3 illustrate the fitted power law and exponential scaling models

for both families, based on model size and FLOPs, respectively. We find that scaling

trends based on model size and FLOPs are largely consistent with each other. Similar

to the other four LLM families, exponential scaling generally provides a better fit than

power law scaling, particularly for the OPT family, as indicated by narrower margins

of error (MoE). Although BLOOM exhibits relatively higher MoEs, exponential scaling

still consistently achieves lower MoEs compared to power law scaling. Despite the aber-

rant scaling behavior observed for the E2E and ViGGO datasets (Appendix A.8), the

corresponding VaCScal results in Table A.3 and Table A.4 provide evidence favoring

exponential scaling over power-law scaling across the three stages of VaCScal.

Table A.3: Results from VaCScal corresponding to Figure A.2. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

Metric LLM family Scaling DART E2E ViGGO WebNLG WikiTableText

Exponential 1.84E-04/✗ 6.29E+03/✗ 5.82E+03/✗ 2.51E-04/✓ 1.43E+03/✗
BLOOM

Power Law 6.92E-04/✗ 6.65E-04/✗ 3.30E-04/✗ 2.43E-02/✗ 1.55E-03/✗

Exponential 1.64E-04/✓ 1.15E-01/✗ 1.37E-03/✓ 3.66E-04/✓ 9.04E-04/✓
AlignScore

OPT
Power Law 2.96E-03/✗ 1.16E+82/✗ 3.72E+81/✗ 1.94E-03/✗ 1.10E+03/✓

Exponential 2.07E-04/✓ 7.81E-05/✗ 7.41E-04/✗ 4.81E-04/✓ 3.76E-04/✗
BLOOM

Power Law 1.00E-01/✗ 2.45E-03/✗ 8.86E-04/✗ 3.10E-02/✗ 4.43E+06/✗

Exponential 1.13E-04/✓ 5.28E-05/✗ 1.28E-03/✗ 3.63E-03/✓ 1.35E-04/✓
QAFactEval

OPT
Power Law 2.00E+01/✗ 9.51E-02/✗ 1.63E-02/✗ 5.69E+02/✓ 4.42E+00/✗

Table A.4: Results from VaCScal corresponding to Figure A.3. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

Metrics LLM Family Scaling DART E2E ViGGO WebNLG WikiTableText

Exponential 4.77E-03/✗ 1.35E+03/✗ 1.13E+03/✗ 3.60E-04/✓ 2.22E+02/✗
BLOOM

Power Law 1.64E-01/✗ 1.39E-02/✗ 2.83E+198/✗ 2.64E-04/✗ 1.35E-03/✗

Exponential 3.40E-04/✓ 1.83E-04/✗ 1.19E-03/✓ 1.16E-04/✓ 4.44E+02/✓
AlignScore

OPT
Power Law 9.22E+01/✗ 1.71E-04/✗ 5.96E-04/✗ 1.69E+08/✗ 6.29E+02/✓

Exponential 4.31E-04/✓ 1.33E-04/✗ 6.10E-04/✗ 6.60E-04/✓ 2.27E-04/✗
BLOOM

Power Law 4.75E-02/✗ 6.22E-05/✗ 4.54E-04/✗ 2.88E-02/✗ 1.54E-02/✗

Exponential 1.85E-04/✓ 2.00E-05/✗ 1.03E-03/✗ 2.97E-03/✓ 1.23E-04/✓
QAFactEval

OPT
Power Law 2.59E+01/✗ 1.71E-04/✗ 6.37E+04/✗ 1.30E+07/✓ 1.52E+00/✗

Takeaway: In D2T, exponential scaling demontrate the factual inconsistency (mea-

sured by AlignScore and QAFactEval) with increasing model size and FLOPs more
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Exponential scaling Margin of error (exponential scaling) Power law scaling Margin of error (power law scaling)
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Figure A.2: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by QAFactEval, plotted against model

size across different LLM families.

reliably than power law scaling across BLOOM and OPT families, except a few minor

exception.
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Exponential scaling Margin of error (exponential scaling) Power law scaling Margin of error (power law scaling)
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Figure A.3: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by AlignScore, plotted against FLOPs

across different LLM families.

A.3 Result: Scaling Behavior Based on Model Size of

Fine-Tuned (QLoRA) LLM Families

A.3.1 Factual Inconsistency Measured via SummaC-conv

Figure A.4 presents fitted power law and exponential scaling curves (with 95% confidence

intervals) for factual inconsistency measured via SummaC-conv, plotted against model

size across all six LLM families. Although some anomalies appear—particularly in the

E2E dataset with BLOOM—exponential scaling consistently yields lower MoE and lower

held-out loss. Table A.5 shows corresponding VaCScal results, where exponential models

pass statistical tests more frequently and are preferred by Vuong’s test in most settings.

These VaCScal results provide additional evidence for the consistency of the observed

exponential scaling trend in modeling factual inconsistency—measured via SummaC-

conv—with respect to LLM model size across families.
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Takeaway: Exponential scaling captures better the decline of factual inconsistency

(measured by SummaC-conv) with increasing model size more reliably than power law

scaling across LLM families, supported by tighter confidence margins and stronger sta-

tistical validation from VaCScal.

Table A.5: Results from VaCScal corresponding to Figure A.4. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

LLM Family Scaling DART E2E ViGGO WebNLG WikiTableText

Exponential 1.79E-04/✗ 2.39E+02/✗ 2.45E-04/✗ 5.40E-04/✗ 2.20E-05/✓
BLOOM

Power Law 2.72E-02/✗ 2.98E-02/✗ 2.11E-04/✗ 7.86E-03/✗ 9.19E-03/✗

Exponential 6.46E-04/✓ 9.07E-06/✗ 2.39E-04/✓ 2.83E-04/✓ 3.13E+00/✓
FLAN-T5

Power Law 2.12E-03/✓ 1.35E-05/✗ 2.43E+01/✗ 2.96E-04/✓ 4.74E-05/✓

Exponential 7.88E-05/✓ 1.76E-06/✗ 1.88E+01/✗ 1.52E-04/✓ 3.04E-04/✓
Mamba

Power Law 8.26E-06/✗ 1.00E-04/✗ 1.08E+168/✗ 1.14E-04/✗ 5.13E+11/✗

Exponential 1.92E-04/✓ 2.85E-01/✗ 6.21E-04/✗ 3.48E-05/✓ 4.75E-04/✓
OPT

Power Law 3.94E-01/✗ 8.17E+80/✗ 1.42E-04/✗ 6.67E+10/✗ 5.98E+04/✓

Exponential 1.38E-03/✓ 1.05E-03/✓ 8.16E-04/✓ 5.51E-03/✓ 4.07E-04/✓
Pythia

Power Law 5.21E-03/✗ 1.25E-02/✓ 3.14E-03/✗ 1.42E+09/✗ 7.34E-03/✗

Qwen2.5
Exponential 4.96E-04/✓ 1.15E-04/✓ 1.21E-03/✗ 2.12E-04/✓ 2.52E-04/✗

Power Law 1.38E-03/✓ 3.70E-03/✗ 3.08E-04/✗ 1.57E-02/✗ 7.73E-03/✗
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Exponential scaling Margin of error (exponential scaling) Power law scaling Margin of error (power law scaling)
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Figure A.4: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by SummaC-conv, plotted against model

size across different LLM families.
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A.3.2 Factual Inconsistency Measured via UniEval-fact

Figure A.5 shows the fitted power law and exponential scaling curves with 95% confi-

dence intervals (MoE) for factual inconsistency measured by UniEval-fact. As with

other metrics (AlignScore, QAFactEval, SummaC-conv), anomalies persist—most

notably in the E2E dataset and BLOOM family, which exhibit increasing inconsistency

or large MoEs. Despite these outliers, exponential scaling consistently yields substan-

tially lower MoEs across all cases compared to power law scaling, indicating reduced

uncertainty in estimation. The corresponding VaCScal results (Table A.6) further sup-

port this observation: exponential scaling achieves significantly lower held-out loss in

Stage I. In Stages II and III, exponential models suggest greater statistical feasibil-

ity (marked with ✓) and receive more support from Vuong’s test (highlighted in blue)

than their power law counterparts. Overall, the VaCScal results are consistent with

the observation that exponential scaling provides a better fit than power-law scaling for

characterizing how factual inconsistency varies with model size under the evaluated D2T

settings using UniEval-fact.

Takeaway. Exponential scaling more reliably models the relationship between model

size of LLMs and factual inconsistency in D2T tasks, as measured by UniEval-fact,

outperforming power law scaling despite a few dataset-specific anomalies.

Table A.6: Results from VaCScal corresponding to Figure A.5. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

LLM Family Scaling DART E2E ViGGO WebNLG WikiTableText

Exponential 3.07E-04/✓ 1.39E-04/✗ 6.31E-04/✗ 4.78E-06/✓ 3.45E-04/✓
BLOOM

Power Law 3.25E-02/✗ 8.95E-03/✗ 1.49E-04/✗ 1.06E-02/✗ 1.36E-04/✗

Exponential 2.15E-04/✓ 5.01E-05/✗ 8.94E-04/✓ 1.26E-03/✓ 7.04E-01/✓
FLAN-T5

Power Law 2.64E-04/✓ 4.26E+00/✗ 1.74E-03/✗ 1.74E-03/✓ 8.80E-05/✓

Exponential 4.89E-05/✓ 1.22E-04/✗ 1.98E+02/✓ 4.13E-05/✓ 2.92E-04/✓
Mamba

Power Law 3.56E+06/✗ 1.18E-04/✗ 4.22E+170/✗ 3.91E-04/✗ 1.09E-03/✗

Exponential 1.13E-03/✓ 8.96E-05/✗ 2.81E-03/✓ 5.28E-01/✓ 1.23E-04/✓
OPT

Power Law 3.08E+02/✗ 5.89E-02/✗ 6.76E-04/✓ 1.20E+87/✗ 3.69E+03/✓

Exponential 1.06E-02/✓ 1.06E-02/✓ 7.36E-04/✓ 6.82E-03/✓ 4.14E-02/✓
Pythia

Power Law 1.36E+05/✗ 2.06E+13/✓ 2.11E+03/✗ 4.45E+10/✗ 4.23E+00/✗

Qwen2.5
Exponential 4.51E-04/✓ 1.26E-04/✗ 4.05E+00/✓ 6.08E-05/✓ 7.98E-05/✓

Power Law 3.88E+00/✓ 6.44E-04/✗ 1.03E-04/✗ 9.36E-05/✗ 4.05E-01/✗
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Exponential scaling Margin of error (exponential scaling) Power law scaling Margin of error (power law scaling)
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Figure A.5: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by UniEval-fact, plotted against model

size across different LLM families.
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A.4 Results: Scaling Behavior Based on Model Size of

Fine-Tuned (QLoRA) LLM Families with Nucleus

Sampling

As discussed in section 6.7, all prior results were based on greedy decoding. However, de-

coding strategy significantly influences the factual inconsistency of LLM outputs. To ex-

amine whether the observed preference for exponential scaling remains consistent under

alternative decoding settings over power law scaling, we conduct additional experiments

using nucleus sampling (with a nucleus probability of 0.95)—a widely used stochas-

tic decoding method. For this setup, five LLM families (BLOOM, FLAN-T5, Mamba,

OPT, and Pythia) are fine-tuned on the five D2T datasets using QLoRA, and factual

inconsistency is assessed using AlignScore and QAFactEval.

Table A.7: Results from VaCScal corresponding to Figure A.6. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

LLM Family Scaling DART E2E ViGGO WebNLG WikiTableText

Exponential 2.99E-04/✓ 1.43E-03/✗ 1.62E-03/✓ 2.60E-04/✓ 2.03E-03/✗
BLOOM

Power Law 2.63E+02/✗ 2.82E-04/✗ 3.84E-01/✗ 2.68E-03/✗ 5.65E-01/✗

Exponential 2.59E-04/✓ 5.44E-04/✗ 7.12E-03/✓ 2.59E-04/✓ 9.13E-05/✓
FLAN-T5

Power Law 2.26E-03/✓ 5.46E-06/✗ 2.55E-01/✗ 4.34E+08/✗ 5.38E+14/✓

Exponential 1.01E-03/✓ 5.39E-05/✗ 1.39E-03/✓ 4.22E-04/✓ 1.97E-04/✓
Mamba

Power Law 3.88E+03/✗ 1.05E-03/✗ 6.78E+05/✗ 2.51E+02/✗ 5.08E+03/✗

Exponential 9.81E-04/✓ 8.72E-01/✗ 3.64E-04/✓ 2.68E-04/✓ 3.99E-03/✓
OPT

Power Law 9.50E+03/✗ 1.86E+79/✗ 2.37E+03/✗ 7.56E-03/✗ 1.51E-03/✗

Exponential 5.34E-03/✓ 3.06E-01/✓ 3.18E-03/✓ 5.82E-03/✓ 4.26E-03/✓
Pythia

Power Law 1.56E-02/✗ 1.97E-02/✓ 2.17E+03/✗ 8.13E+04/✗ 1.24E+04/✗

Figure A.6 and Figure A.7 show fitted power law and exponential scaling curves (with

95% confidence intervals) for factual inconsistency—measured by AlignScore and

QAFactEval—under nucleus sampling (p = 0.95). The trends largely mirror those

from greedy decoding: exponential scaling yields consistently lower MoEs, indicating

greater stability. Exceptions such as the E2E dataset and the BLOOM family persist,

with large uncertainties and irregular patterns. VaCScal results in Table A.7 and Ta-

ble A.8 reaffirm exponential scaling as the better-supported model across most dataset-

model combinations. These findings suggest that the observed conclusions remain largely

consistent under stochastic decoding, consistent with the results obtained using greedy

decoding across all our experiments.

Takeaway: Exponential scaling continues to receive greater support from the evalu-

ated statistical criteria for characterizing factual inconsistency in D2T—even under
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Figure A.6: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by AlignScore, plotted against model
size across different LLM families. Here we have considered nucleus sampling for text

generation.

stochastic decoding with nucleus sampling—providing additional evidence that the ob-

served trends remain consistent under the evaluated decoding settings across decoding

strategies.
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Exponential scaling Margin of error (exponential scaling) Power law scaling Margin of error (power law scaling)
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Figure A.7: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by QAFactEval, plotted against model
size across different LLM families. Here we have considered nucleus sampling for text

generation.
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Table A.8: Results from VaCScal corresponding to Figure A.7. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

LLM Family Scaling DART E2E ViGGO WebNLG WikiTableText

Exponential 5.01E-03/✓ 7.46E+01/✗ 4.92E-03/✗ 2.76E-03/✓ 1.49E-03/✗
BLOOM

Power Law 8.35E+00/✗ 5.92E-04/✗ 9.12E-03/✗ 2.51E-03/✗ 2.84E+05/✗

Exponential 2.80E-04/✓ 6.21E-05/✗ 8.37E-03/✗ 3.01E-04/✓ 3.11E-03/✓
FLAN-T5

Power Law 5.65E+05/✓ 1.12E-03/✗ 8.98E-02/✗ 5.46E-03/✗ 1.81E+07/✓

Exponential 3.32E-04/✓ 5.82E-05/✓ 9.18E+01/✓ 1.85E-04/✓ 3.01E-04/✓
Mamba

Power Law 2.23E+03/✗ 2.81E-06/✓ 7.28E-04/✗ 1.74E+01/✗ 1.37E-04/✗

Exponential 2.83E-03/✓ 1.58E-05/✓ 2.14E-03/✓ 1.13E-03/✓ 2.64E-02/✓
OPT

Power Law 2.31E+01/✗ 6.34E-01/✗ 1.02E+08/✗ 3.28E+05/✗ 1.24E+08/✗

Exponential 1.30E-03/✓ 2.67E-03/✓ 3.60E-03/✓ 7.31E-03/✓ 5.69E-04/✓
Pythia

Power Law 4.16E+08/✗ 4.99E+07/✓ 2.04E+02/✗ 2.90E-02/✗ 4.00E+10/✗
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A.5 Result: Scaling Behavior Based on Model Size of

Fine-Tuned (Prefix-Tuning) LLM Families

In this section, we report results from experiments where LLM families (BLOOM, FLAN-

T5, OPT, and Pythia) were fine-tuned using Prefix-Tuning, to examine whether the

observed conclusions remain consistent across different fine-tuning strategies. We com-

pare these results against the previously used QLoRA setup. Factual inconsistency

is evaluated using AlignScore and QAFactEval, as these metrics were sufficient

to assess whether the trends observed under QLoRA remained consistent. Note that

Prefix-Tuning was not applied to the Mamba family due to stability issues encountered

during fine-tuning.

A.5.1 Factual Inconsistency Measured via AlignScore and QAFactE-

val.

Here we present experimental results using Prefix-Tuning as an alternative fine-tuning

strategy to the previously employed QLoRA. This comparison aims to assess the robust-

ness of our findings across different fine-tuning approaches. We evaluate factual inconsis-

tency using two representative automatic metrics—AlignScore and QAFactEval—

which have consistently captured key trends and are sufficient to support our conclusions.

Note that the Mamba family was excluded from this setup due to instability encountered

during Prefix-Tuning.

Table A.9: Results from VaCScal corresponding to Figure A.8. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

LLM Family Scaling DART E2E ViGGO WebNLG WikiTableText

Exponential 2.14E-04/✓ 1.16E-02/✗ 4.73E+03/✗ 2.78E-05/✓ 3.00E+03/✓
BLOOM

Power Law 1.31E+05/✗ 6.16E-03/✗ 3.25E-03/✗ 1.08E-03/✗ 1.17E+203/✓

Exponential 1.09E-02/✗ 3.01E-02/✗ 5.14E-03/✗ 3.88E-02/✗ 3.08E-03/✗
FLAN-T5

Power Law 1.49E-01/✗ 8.41E-02/✗ 6.03E-04/✗ 8.07E-03/✗ 8.31E-04/✗

Exponential 7.88E-04/✓ 4.38E-03/✓ 5.62E-03/✗ 3.40E-03/✓ 6.92E-04/✓
OPT

Power Law 1.75E+09/✗ 4.50E+56/✓ 1.92E+01/✗ 1.82E+02/✓ 1.37E+03/✗

Exponential 2.49E-02/✗ 1.82E-02/✗ 6.60E-02/✗ 8.25E-03/✗ 2.65E-03/✓
Pythia

Power Law 4.80E-02/✗ 2.07E-02/✗ 1.84E-02/✗ 2.04E-02/✗ 9.44E-02/✓

Figure A.8 and Figure A.9 present the fitted power law and exponential scaling curves

with 95% confidence intervals (MoE) for factual inconsistency, measured using Align-

Score and QAFactEval, plotted against model size (in terms of parameter count).

For AlignScore, both the FLAN-T5 and Pythia families exhibit unusually large MoEs

under both scaling models; similarly, for QAFactEval, the Pythia family shows high
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Figure A.8: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by AlignScore, plotted against model
size across different LLM families. Here we consider Prefix-Tuning for fine-tuning all

LLM families.

uncertainty. We hypothesize that this arises from the uniform addition of 32 virtual

tokens during Prefix-Tuning across all models within a family. This fixed augmentation

likely benefits smaller models disproportionately, while offering diminishing returns for

larger ones, thereby limiting their improvement in factual consistency. Despite these

anomalies, exponential scaling generally results in tighter MoEs than power law scaling,

indicating more stable and confident fits. The corresponding VaCScal results, shown

in Table A.9 and Table A.10, reveal that although many model–dataset combinations

fail feasibility in Stage II, exponential scaling consistently achieves lower held-out loss

(Stage I) compared to power law scaling. Moreover, in the feasible cases examined,

exponential scaling generally provides a better fit than power-law scaling in capturing

the relationship between factual inconsistency and model size.



Appendix: Exponential Scaling Factual Inconsistency of LLM in D2T 139

Takeaway. Exponential scaling continues to receive greater support from the evaluated

statistical criteria than power-law scaling in modeling factual inconsistency under Prefix-

Tuning, despite some anomalies caused by uniformly applied virtual tokens—especially in

smaller models like FLAN-T5 and Pythia. Even when feasibility is limited, exponential

scaling consistently yields lower held-out loss and better fits in all valid cases.
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Figure A.9: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by QAFactEval, plotted against model
size across different LLM families. Here we consider Prefix-Tuning for fine-tuning all

LLM families.
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Table A.10: Results from VaCScal corresponding to Figure A.9. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

LLM Family Scaling DART E2E ViGGO WebNLG WikiTableText

Exponential 2.99E-04/✓ 1.17E-02/✗ 1.01E-03/✓ 9.22E-04/✓ 3.07E-03/✗
BLOOM

Power Law 6.86E-01/✗ 8.30E-02/✗ 1.05E-03/✓ 2.33E-01/✗ 7.28E-02/✓

Exponential 1.13E+00/✗ 1.77E-02/✗ 2.36E-04/✗ 1.42E-05/✓ 7.38E-04/✓
FLAN-T5

Power Law 9.30E+95/✗ 1.52E-01/✗ 1.11E-02/✗ 1.55E+02/✗ 7.74E-04/✗

Exponential 7.88E-04/✓ 4.38E-03/✓ 5.62E-03/✗ 3.40E-03/✓ 6.92E-04/✓
OPT

Power Law 1.75E+09/✗ 4.50E+56/✓ 1.92E+01/✗ 1.82E+02/✓ 1.37E+03/✗

Exponential 1.51E-02/✗ 2.06E-02/✗ 9.79E-05/✗ 2.04E-02/✗ 2.93E-03/✗
Pythia

Power Law 1.46E+51/✗ 3.66E-02/✗ 4.51E+07/✗ 2.80E-02/✗ 1.09E+50/✗
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A.6 Result: Scaling Behavior Based on Fine-tune Data

Size

Data size is a fundamental factor in understanding scaling behavior. To investigate

its effect on factual inconsistency in D2T tasks with LLMs, we analyze how varying the

amount of fine-tuning data influences factual inconsistency outcomes. Here, ”fine-tuning

data” refers to different proportions of the original training set—specifically 10%, 20%,

40%, 60%, and 100%—used during fine-tuning with the QLoRA technique. This exper-

iment is conducted on three representative D2T datasets: DART (graph-to-text), E2E

(MR-to-text), and WikiTableText (table-to-text), with factual inconsistency measured

using AlignScore and QAFactEval. We use the largest variants from each of the

five incorporated LLM families (BLOOM, FLAN-T5, Mamba, OPT, and Pythia). Fig-

ure A.10 and Figure A.11 show the fitted power law and exponential scaling curves along

with 95% confidence intervals (MoE), derived from residual-based estimation. Across

both metrics and all model families, the E2E dataset consistently exhibits aberrant

behavior—characterized by wide confidence bands and unstable scaling patterns—likely

due to its inherent characteristics, which we discuss in more detail in Appendix A.8.

DART also shows elevated MoEs, especially under AlignScore, whereas WikiTable-

Text suggests relatively stable scaling behavior, with low MoEs under both models. The

corresponding VaCScal results, presented in Table A.11 and Table A.12, support these

observations. For the E2E dataset, neither scaling model yields feasible fits, indicat-

ing unreliable scaling behavior. However, DART (particularly under QAFactEval)

and WikiTableText show stronger support for exponential scaling. A few exceptions

persist—for instance, the FLAN-T5 model on WikiTableText favors power law scaling,

as indicated by a red-marked cell. In summary, while no single scaling law appears to

provide consistent behavior across all evaluated settings with respect to fine-tuning data

size, the results broadly support exponential scaling as the model that more consistently

fits the observed relationship between factual inconsistency and data size across LLMs.

Takeaway. Exponential scaling generally provides a better fit than power-law scaling

according to the evaluated criteria for characterizing how factual inconsistency in D2T

tasks changes with increasing fine-tuning data size, despite some datasets (e.g., E2E)

exhibiting aberrant or unstable behavior.
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Figure A.10: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by AlignScore, plotted against fine-

tune data size across three datasets—DART, E2E and WikiTableText.

Table A.11: Results from VaCScal corresponding to Figure A.10. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

Dataset Scaling BLOOM FLAN-T5 Mamba OPT Pythia

Exponential 4.17E+00/✗ 2.00E-04/✗ 1.20E+02/✓ 2.95E-04/✗ 1.39E-03/✗
DART

Power Law 7.72E+144/✗ 1.24E-04/✗ 2.90E-03/✗ 3.16E-02/✗ 4.60E-03/✗

Exponential 1.20E-04/✓ 5.14E-06/✗ 4.61E-05/✗ 6.41E+01/✓ 1.56E-03/✗
E2E

Power Law 1.48E+00/✓ 2.49E-05/✗ 6.86E-04/✗ 4.24E-02/✓ 2.25E-03/✗

Exponential 7.02E-04/✗ 1.35E-03/✓ 1.64E-03/✓ 1.32E-04/✗ 1.80E-04/✓
WikiTableText

Power Law 1.89E-01/✗ 8.59E-05/✓ 6.68E+00/✗ 4.95E-03/✗ 3.10E-02/✗

Table A.12: Results from VaCScal corresponding to Figure A.11. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

Dataset Scaling BLOOM FLAN-T5 Mamba OPT Pythia

Exponential 5.83E-04/✗ 1.53E-05/✓ 7.41E+01/✓ 6.25E+00/✓ 1.52E+01/✗
DART

Power Law 1.74E+147/✗ 2.87E-03/✗ 6.66E+163/✗ 5.70E-04/✗ 1.23E-02/✗

Exponential 3.40E-05/✗ 3.38E+00/✗ 9.86E+00/✗ 1.54E+01/✗ 5.85E-04/✗
E2E

Power Law 2.00E+04/✗ 3.47E-05/✗ 4.59E+05/✗ 4.32E-04/✗ 6.65E-03/✗

Exponential 3.72E-04/✗ 4.82E-04/✓ 2.22E-03/✓ 4.03E-04/✗ 6.34E-04/✓
WikiTableText

Power Law 8.04E-04/✗ 3.13E-04/✓ 2.13E-04/✗ 6.41E-02/✗ 1.41E-02/✗
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Figure A.11: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency, measured by QAFactEval, plotted against fine-

tune data size across three datasets—DART, E2E and WikiTableText.
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A.7 Scaling Experiments with Full Fine-tuning

Unlike parameter-efficient fine-tuning methods such as QLoRA and prefix-tuning, full

fine-tuning updates all model parameters, offering greater flexibility at the cost of sub-

stantially higher computational demands. Due to resource constraints, we perform

full fine-tuning experiments on four LLM families—FLAN-T5, Mamba, Pythia, and

Qwen2.5—across three D2T datasets: DART, E2E, and WikiTableText. Within the

Qwen2.5 family, we consider only five models ranging from 0.5B to 14B parameters, as

full fine-tuning of Qwen2.5-32B and Qwen2.5-72B exceeds our computational resource

limits. We investigate scaling behavior with respect to both model size and computa-

tional budget (measured in FLOPs). For all outputs generated in these full fine-tuning

experiments, we employ greedy decoding.
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Figure A.12: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency in D2T, measured by AlignScore, plotted against
model size across full fine-tuned FLAN-T5, Mamba, Pythia and Qwen2.5 LLM families.
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A.7.1 Scaling Behavior Based on Model Size of Full Fine-Tuned LLM

Families

The scaling results based on all four automatic metrics—AlignScore, QAFactEval,

SummaC-conv, and UniEval-fact—across four LLM families (FLAN-T5, Mamba,

Pythia, and Qwen2.5) are shown in Figure A.12, Figure A.13, Figure A.14, and Fig-

ure A.15. These results (especially in DART and WikiTableText) consistently suggest

that exponential scaling outperforms power law scaling when model size is used as the

scaling factor, as evidenced by its lower margin of error (MoE), indicating more sta-

ble and reliable fits to factual inconsistency trends in D2T tasks. This observation is

further supported by the outputs of the VaCScal framework (Table A.13, Table A.14,

Table A.15, and Table A.16), which consistently favor exponential scaling over power

law scaling across all metrics. Similar to our findings with QLoRA, exponential scaling

under full fine-tuning also exhibits strong support in Stage III of VaCScal (highlighted

in blue), suggesting better empirical consistency. Compared to prefix-tuning, full fine-

tuning shows greater alignment with exponential scaling. Although full fine-tuning yields

fewer accepted fits in Stages II and III of VaCScal compared to QLoRA—exponential

scaling still achieves significantly lower predictive error (Stage I) than power law scaling,

further supporting its lower predictive error under the evaluated settings.

Table A.13: Results from VaCScal corresponding to Figure A.12, along with (✓/✗)
and blue/red highlights, indicate the outcomes of Stages I, II, and III of VaCScal.

Dataset Scaling FLAN-T5 Mamba Pythia Qwen2.5

DART
Exponential 3.63E-03/✗ 4.03E+01/✓ 2.28E-02/✗ 4.44E-04/✓

Power Law 3.61E+11/✗ 2.25E-04/✓ 3.08E+02/✗ 4.46E+17/✓

E2E
Exponential 6.22E-04/✗ 2.28E+01/✗ 6.29E-04/✓ 1.46E-05/✓

Power Law 1.26E-03/✗ 2.94E-04/✗ 3.64E+05/✗ 1.30E-05/✓

WikiTableText
Exponential 1.22E+00/✓ 2.61E-04/✗ 6.12E-03/✓ 9.80E-06/✗

Power Law 1.21E-02/✗ 5.18E+03/✗ 8.45E+09/✗ 2.43E+22/✗

Takeaway. In the full fine-tuning setting, across all four widely used automatic metrics

and LLM families (FLAN-T5, Mamba, Pythia, and Qwen2.5), exponential scaling sug-

gests better agreement with how factual inconsistency decreases with model size, offering

a more stable and practically reliable scaling model than power law scaling.
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Exponential scaling Margin of error (exponential scaling) Power law scaling Margin of error (power law scaling)
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Figure A.13: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency in D2T, measured by QAFactEval, plotted against
model size across full fine-tuned FLAN-T5, Mamba, Pythia and Qwen2.5 LLM families.

Table A.14: Results from VaCScal corresponding to Figure A.13. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

Dataset Scaling FLAN-T5 Mamba Pythia Qwen2.5

DART
Exponential 1.12E-03/✗ 1.05E-03/✗ 2.02E-02/✗ 5.48E-04/✓

Power Law 7.57E+19/✗ 1.48E-03/✗ 2.71E-02/✗ 3.05E-04/✓

E2E
Exponential 1.60E-05/✗ 6.69E-03/✗ 3.63E-04/✓ 1.38E-05/✗

Power Law 3.76E-04/✗ 3.23E+26/✗ 4.55E-02/✗ 2.49E-04/✗

WikiTableText
Exponential 9.30E-04/✓ 3.43E-04/✓ 2.46E-02/✓ 1.51E+01/✓

Power Law 1.68E-03/✗ 9.86E-06/✗ 5.40E+09/✗ 3.13E-05/✓
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Figure A.14: Fitted power law and exponential scaling models (with 95% confi-
dence intervals) for factual inconsistency in D2T, measured by SummaC-conv, plotted
against model size across full fine-tuned FLAN-T5, Mamba, Pythia and Qwen2.5 LLM

families.

Table A.15: Results from VaCScal corresponding to Figure A.14. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

Dataset Scaling FLAN-T5 Mamba Pythia Qwen2.5

DART
Exponential 1.19E-03/✓ 6.45E-04/✗ 5.15E-03/✗ 1.18E+02/✓

Power Law 1.23E-03/✗ 4.38E-04/✗ 1.38E+00/✗ 6.58E-05/✓

E2E
Exponential 2.03E-05/✗ 3.17E+01/✗ 1.08E-03/✓ 2.07E-04/✗

Power Law 2.76E-06/✗ 5.18E-04/✗ 9.26E+04/✗ 8.35E-03/✗

WikiTableText
Exponential 3.79E-05/✓ 1.34E-03/✓ 3.26E-03/✓ 3.17E+01/✓

Power Law 1.26E-02/✗ 8.00E+14/✗ 6.00E+06/✗ 1.03E-04/✗
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Figure A.15: Fitted power law and exponential scaling models (with 95% confi-
dence intervals) for factual inconsistency in D2T, measured by UniEval-fact, plotted
against model size across full fine-tuned FLAN-T5, Mamba, Pythia and Qwen2.5 LLM

families.

Table A.16: Results from VaCScal corresponding to Figure A.15. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

Dataset Scaling FLAN-T5 Mamba Pythia Qwen2.5

DART
Exponential 1.17E-03/✓ 2.49E+01/✓ 6.10E-02/✗ 2.45E-04/✓

Power Law 2.40E+19/✗ 3.64E-03/✓ 4.99E+89/✗ 2.03E-04/✓

E2E
Exponential 1.43E-04/✗ 9.19E-05/✗ 1.79E-03/✓ 1.06E-05/✓

Power Law 1.02E-03/✗ 1.36E-03/✗ 5.24E+136/✗ 3.18E-05/✓

WikiTableText
Exponential 1.28E-04/✓ 9.08E-04/✗ 3.63E-04/✓ 1.02E+01/✗

Power Law 1.32E-04/✓ 1.13E-03/✗ 1.38E-03/✓ 3.04E+134/✗
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A.7.2 Scaling Behavior Based on FLOPs of Full Fine-Tuned LLM Fam-

ilies

We present the scaling behavior of four LLM families—FLAN-T5, Mamba, Pythia, and

Qwen2.5—on three D2T datasets (DART, E2E, and WikiTableText) based on model

size, using two automatic factual consistency metrics: AlignScore and QAFactEval.

Our analysis reveals that the scaling behavior with respect to FLOPs under full fine-

tuning closely mirrors the trends observed with model size. As shown in Figure A.16

and Figure A.17, exponential scaling consistently outperforms power law scaling across

all four LLM families in terms of lower margin of error (MoE), indicating more stable

and reliable fits. The outcomes of the VaCScal framework (Table A.17 and Table A.18)

provide additional empirical support for the exponential scaling formulation under the

evaluated settings when FLOPs are used as the scaling factor.
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Figure A.16: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency in D2T, measured by AlignScore, plotted against
FLOPs across full fine-tuned FLAN-T5, Mamba, Pythia and Qwen2.5 LLM families.

Takeaway. In the full fine-tuning setting, across all four widely used automatic met-

rics and LLM families (FLAN-T5, Mamba, Pythia, and Qwen2.5), exponential scaling
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Table A.17: Results from VaCScal corresponding to Figure A.16. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

Dataset Scaling FLAN-T5 Mamba Pythia Qwen2.5

DART
Exponential 3.36E-03/✗ 1.96E-04/✓ 8.98E+01/✗ 4.58E-05/✓

Power Law 3.30E+11/✗ 8.52E-04/✓ 4.16E-01/✗ 4.65E-05/✓

E2E
Exponential 2.42E-05/✗ 1.15E+01/✗ 2.87E-03/✓ 1.19E-05/✓

Power Law 2.27E-04/✗ 5.22E-04/✗ 1.71E+137/✗ 1.13E-05/✓

WikiTableText
Exponential 3.39E+00/✓ 3.06E-04/✗ 6.08E-03/✓ 8.81E-05/✗

Power Law 1.23E-02/✗ 6.19E+03/✗ 4.28E+07/✗ 7.24E+22/✗

receives greater support as a model for the decline of factual inconsistency in D2T—with

respect to FLOPs—based on AlignScore and QAFactEval, offering a more stable

and practically reliable scaling model compared to power law scaling.
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Figure A.17: Fitted power law and exponential scaling models (with 95% confidence
intervals) for factual inconsistency in D2T, measured by QAFactEval, plotted against
FLOPs across full fine-tuned FLAN-T5, Mamba, Pythia and Qwen2.5 LLM families.
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Table A.18: Results from VaCScal corresponding to Figure A.17. Numerical values,
along with (✓/✗) and blue/red highlights, indicate the outcomes of Stages I, II, and III

of VaCScal.

Dataset Scaling FLAN-T5 Mamba Pythia Qwen2.5

DART
Exponential 3.63E-03/✗ 4.82E-04/✗ 1.86E-02/✗ 3.23E-05/✓

Power Law 1.47E-03/✗ 5.92E-04/✗ 2.84E-02/✗ 5.59E-05/✓

E2E
Exponential 2.24E-05/✗ 1.54E-04/✗ 1.59E+02/✓ 1.03E-05/✗

Power Law 3.56E-04/✗ 1.22E+27/✗ 3.53E+133/✗ 7.00E-06/✗

WikiTableText
Exponential 8.80E-05/✓ 3.81E-04/✓ 2.52E-02/✓ 2.63E-04/✓

Power Law 6.07E-03/✗ 1.51E-01/✗ 1.17E+09/✓ 1.08E-05/✓
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A.8 On the Aberrant Scaling Patterns of E2E and ViGGO

Throughout our experiments, we consistently observed aberrant behavior from the E2E

dataset, and to a lesser extent, the ViGGO dataset. Specifically, factual inconsistency

in these datasets tends to increase with scaling factors such as model size, FLOPs, and

fine-tuning data size—contrary to expected trends. Although we could not definitively

identify the root cause of this behavior, we hypothesize that the low lexical diversity and

closed-domain nature of these datasets may be contributing factors. Limited diversity

can lead to overfitting during fine-tuning, resulting in degraded output quality and

increased factual inconsistency. Additionally, the closed-domain nature of the E2E and

ViGGO datasets (see Table 6.1) may hinder LLMs from effectively leveraging their pre-

trained knowledge. To support this hypothesis, we present the type-token ratio (TTR),

computed using the following formula, for all five datasets used in our study:

TTR =
number of unique words or tokens

total number of words and tokens

A lower TTR indicates reduced lexical diversity. As shown in Table A.19, the E2E and

ViGGO datasets exhibit the lowest lexical richness—both in the input source data and

the corresponding references—compared to the other three datasets.

Table A.19: Type-Token Ratio (TTR) for all five D2T datasets, calculated separately
for input source data and corresponding reference texts.

DART E2E ViGGO WebNLG WikiTableText

TTR (of source-input) 0.0178 0.0001 0.0029 0.0057 0.0621
TTR (of reference text) 0.03 0.0058 0.0297 0.0209 0.1297
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A toolkit for table-to-text generation. In Proceedings of the ACL, pages 444–455,

2023. URL https://doi.org/10.18653/v1/2023.acl-demo.42.

[139] Ilya Loshchilov and Frank Hutter. Decoupled weight decay regularization. In

Proceedings of the ICLR, 2019. URL https://openreview.net/forum?id=

Bkg6RiCqY7.

[140] Rotem Dror, Gili Baumer, Segev Shlomov, and Roi Reichart. The hitchhiker’s

guide to testing statistical significance in natural language processing. In Pro-

ceedings of the ACL, pages 1383–1392, 2018. URL https://aclanthology.org/

P18-1128/.

[141] Inbal Magar and Roy Schwartz. Data contamination: From memorization to

exploitation. In Proceedings of the ACL, pages 157–165. Association for Computa-

tional Linguistics, 2022. URL https://doi.org/10.18653/v1/2022.acl-short.

18.

[142] Shahriar Golchin and Mihai Surdeanu. Time travel in llms: Tracing data contam-

ination in large language models. In Proceedings of the ICLR. OpenReview.net,

2024. URL https://openreview.net/forum?id=2Rwq6c3tvr.

[143] Matt Post. A call for clarity in reporting BLEU scores. In Proceedings of the

WMT, pages 186–191, 2018. URL https://doi.org/10.18653/v1/w18-6319.

[144] Zdenek Kasner and Ondrej Dusek. Beyond reference-based metrics: Analyzing

behaviors of open llms on data-to-text generation. CoRR, abs/2401.10186, 2024.

URL https://doi.org/10.48550/arXiv.2401.10186.

[145] Alexander R. Fabbri, Chien-Sheng Wu, Wenhao Liu, and Caiming Xiong. Qafacte-

val: Improved qa-based factual consistency evaluation for summarization. In Pro-

ceedings of the NAACL-HLT, pages 2587–2601, 2022. URL https://doi.org/

10.18653/v1/2022.naacl-main.187.

https://doi.org/10.18653/v1/2023.emnlp-main.397
https://doi.org/10.18653/v1/2023.emnlp-main.397
https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://doi.org/10.18653/v1/2023.acl-demo.42
https://openreview.net/forum?id=Bkg6RiCqY7
https://openreview.net/forum?id=Bkg6RiCqY7
https://aclanthology.org/P18-1128/
https://aclanthology.org/P18-1128/
https://doi.org/10.18653/v1/2022.acl-short.18
https://doi.org/10.18653/v1/2022.acl-short.18
https://openreview.net/forum?id=2Rwq6c3tvr
https://doi.org/10.18653/v1/w18-6319
https://doi.org/10.48550/arXiv.2401.10186
https://doi.org/10.18653/v1/2022.naacl-main.187
https://doi.org/10.18653/v1/2022.naacl-main.187


Bibliography 170

[146] Yuheng Zha, Yichi Yang, Ruichen Li, and Zhiting Hu. Alignscore: Evaluat-

ing factual consistency with A unified alignment function. In Proceedings of

the ACL, pages 11328–11348, 2023. URL https://doi.org/10.18653/v1/2023.

acl-long.634.

[147] Yonatan Geifman and Ran El-Yaniv. Selective classification for

deep neural networks. In Proceedings of the NIPS, pages 4878–4887,

2017. URL https://proceedings.neurips.cc/paper/2017/hash/

4a8423d5e91fda00bb7e46540e2b0cf1-Abstract.html.

[148] Jared Kaplan, Sam McCandlish, Tom Henighan, Tom B. Brown, Benjamin Chess,

Rewon Child, Scott Gray, Alec Radford, Jeffrey Wu, and Dario Amodei. Scaling

laws for neural language models. CoRR, abs/2001.08361, 2020. URL https:

//arxiv.org/abs/2001.08361.

[149] Jordan Hoffmann, Sebastian Borgeaud, Arthur Mensch, Elena Buchatskaya,

Trevor Cai, Eliza Rutherford, Diego de Las Casas, Lisa Anne Hendricks, Jo-

hannes Welbl, Aidan Clark, Tom Hennigan, Eric Noland, Katie Millican, George

van den Driessche, Bogdan Damoc, Aurelia Guy, Simon Osindero, Karen Si-

monyan, Erich Elsen, Jack W. Rae, Oriol Vinyals, and Laurent Sifre. Train-

ing compute-optimal large language models. CoRR, abs/2203.15556, 2022. URL

https://doi.org/10.48550/arXiv.2203.15556.

[150] David Brandfonbrener, Nikhil Anand, Nikhil Vyas, Eran Malach, and Sham M.

Kakade. Loss-to-loss prediction: Scaling laws for all datasets. Transactions on

Machine Learning Research, 2025. ISSN 2835-8856. URL https://openreview.

net/forum?id=1Avb4jYjLb. Featured Certification.

[151] Brian Lester, Rami Al-Rfou, and Noah Constant. The power of scale for parameter-

efficient prompt tuning. In Proceedings of the EMNLP, pages 3045–3059, 2021.

URL https://doi.org/10.18653/v1/2021.emnlp-main.243.

[152] Biao Zhang, Zhongtao Liu, Colin Cherry, and Orhan Firat. When scaling meets

LLM finetuning: The effect of data, model and finetuning method. In Proceedings

of the ICLR, 2024. URL https://openreview.net/forum?id=5HCnKDeTws.
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