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Generation of Semantically Consistent Text and
Its Evaluation

Rudali Huidrom

Abstract

Generating semantically consistent text remains a crucial challenge in Natural Lan-
guage Processing (NLP), especially in input-controlled settings such as data-to-text
generation. Despite advances in neural language generation, current models often
produce outputs that contain semantic inconsistencies with the input, including
omissions, hallucinations, and distortions. These issues stem from the black-box,
non-deterministic nature of neural models, which limits their interpretability and
controllability. This thesis investigates how semantic consistency, the property that
all information conveyed by the output is entailed by the input, can be more reli-
ably evaluated and ultimately improved in generated text. Focusing on data-to-text
generation, the thesis proposes that advancing semantic controllability requires a
combination of principled formalisation of semantic errors and robust evaluation
methods. First, it synthesises prior work on error annotation to develop a task-
agnostic consensus taxonomy for semantic errors, distinguishing omission, addition,
and substitution errors. Second, it applies this taxonomy in human evaluation
studies, including span-based semantic error annotation to better understand the
nature and reliability of human judgements. Third, it assesses the capacity of au-
tomatic evaluation methods, including lexical, embedding-based, and prompt-based
approaches, to re
ect human ratings of semantic consistency. In this context, the
thesis explores LLM-as-judge setups for scoring system outputs and uses LLMs to
sanity-check repeated human evaluation experiments, investigating their general-
isability and reliability. Together, these contributions provide new tools insights,
approaches and results for the �ne-grained assessment of semantic consistency and
lay the groundwork for more interpretable, reliable, and scalable evaluation frame-
works in neural language generation.

xii



Generation of Semantically Consistent Text and Its Evaluation

Chapter 1

Introduction

1.1 Thesis Topic

Generation of semantically accurate text is a challenging but crucial research prob-

lem for many natural language processing (NLP) downstream applications. Some

examples where semantic accuracy is crucial are dialogue systems/chatbots, story

generation, image captioning, open domain question answering, and data-to-text

generation. Previously, predominant techniques for natural language generation

(NLG) were based either on templates, rule-based systems, or probabilistic mod-

els such as n-gram or log-linear models. These methods lacked 
exibility and ex-

pressivity. In contrast, recent studies introduce building end-to-end neural models,

mitigating the mentioned drawbacks. Neural networks now achieve state-of-the-art

performance within several core NLP generation tasks. However, these models per-

form in a black-box manner, and, due to their non-deterministic nature, are poor

in controllability and interpretability, making it hard to generate text that is free of

semantic inconsistencies with the input such as hallucinations, omissions, replace-

ments, and factual inaccuracies.

High-quality natural language tends to re
ect di�erent linguistic variations across

dimensions including semantic, syntactic, and pragmatic aspects of the language.

For a neural model to attain human-like quality in the generated text, it should

address an e�ective way of generating text that is semantically consistent with the

1



input as well as high quality in other respects. Semantic consistency is the property

of having some or all elements from the input match the output, in di�erent task-

speci�c ways. In data-to-text scenarios, inputs are structured data which adds

to the variedness of consistent output texts. In this thesis, we look at data-to-

text generation which is the generation of natural language-like text from meaning

representations that are abstract in nature. The scope of this thesis extends to

foundations and development of methods for semantically consistent data-to-text

generation. The thesis bridges the knowledge gap in semantic controllability for

neural NLG in data-to-text (D2T) scenarios.

Although neural models have advanced considerably in producing 
uent and

coherent language, maintaining semantic consistency remains a persistent challenge

for even the most advanced neural generators, whose outputs often contain semantic

inconsistencies, such as omitted input content, unsupported additions, or distorted

meanings. These issues signi�cantly reduce the reliability of generated content in

meaning-critical domains such as healthcare, �nance, or document summarisation.

When semantic consistency is lacking, this thesis refers to the resulting issues as

semantic errors, content-level deviations from the input. These are categorised into

three main types:omission, where required input content is missing;addition, where

the output introduces ungrounded content; andsubstitution, where input content is

distorted in a meaning-altering way. These distinctions form the foundation for this

thesis's approach to annotation and evaluation, enabling targeted and systematic

assessments of generation quality. In particular, they are formalised as a consensus

taxonomy in Chapter 3, operationalised in span-based human annotation in Chapter

4, and re
ected in evaluation setups used in Chapter 5. We outline them in detail

in Section 1.4.

The motivation for this aspect of the work arises from the observation that

current methods and evaluation approaches fall short in identifying and analysing

semantic consistency problems in language generation. Common automatic metrics

often rely on surface-level similarity, such as token overlap (for e.g., ROUGE), or
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embedding-based similarity (e.g., BERTScore) are not designed to detect speci�c

inconsistencies between input and output. As a result, they do not o�er action-

able insight into whether generated content preserves the intended meaning. This

limitation is especially critical in domains where semantic precision is essential.

Moreover, much of the prior evaluation work has focused on coarse, system-level

comparisons or reference-based metrics, with limited attention paid to identifying

the types or locations of semantic errors in generated text. This thesis addresses

this methodological gap by proposing �ne-grained, span-level approaches to semantic

error identi�cation and classi�cation, as presented in Chapters 4 and 6.

The thesis's overarching hypothesis is that it is possible to advance our under-

standing of, and achieve an overall improvement in, the semantic controllability of

automatically generated text by developing methods for �ne-grained semantic error

annotation methods, and utilising results and insights gained to develop improved

methods for controlling the semantic correctness of generated texts. This breaks

down into investigating the extent to which it is possible to:

ˆ Improve the comparability and robustness of evaluating semantic inconsisten-

cies in generated text by synthesising existing semantic error categorisation

schemes and developing a consensus taxonomy for semantic errors, which is val-

idated through its application in input-controlled generation settings (Chapter

3).

ˆ Reliably and informatively detect and analyse semantic consistency problems

in existing system outputs through human evaluation, by:

{ Conducting a survey of prior error annotation schemes for both human-

and machine-generated text,

{ Applying span-based semantic error annotation using the top-level cate-

gories of the consensus taxonomy across outputs from multiple data-to-

text systems, and

ˆ Assess the reliability and generalisability of automatic methods for identifying
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semantic consistency issues, by:

{ Evaluating how well di�erent types of similarity metrics (lexical, embedding-

based, and distance-based) correlate with human judgments, and

{ Developing and testing an LLM-as-judge setup that uses prompt-based

large language models to predict human-like system-level quality scores

across semantic consistency and other evaluation criteria, as well as their

reliability and generalisability (Chapter 5).

These objectives frame the thesis's contribution to improving semantic controllabil-

ity in neural text generation, particularly in data-to-text settings. Building on this

foundation, the following section outlines the key research questions that guide the

thesis and structure the investigations carried out across its core chapters.

1.2 Research Questions

This thesis addresses the underexplored challenge of evaluating and controlling se-

mantic consistency in input-controlled NLG. Despite advances in generating 
uent

and coherent text, current evaluation methods often struggle to assess whether gen-

erated outputs meaningfully align with their inputs. This limitation is especially

salient in tasks like data-to-text generation, where �delity to structured input is

crucial.

The core hypothesis of this thesis is that improving semantic controllability in

NLG systems requires both principled formalisation of semantic errors and robust

methods, both human and automatic, for identifying and evaluating those errors.

The thesis is guided by the following research questions:

RQ1. How can semantic errors in generated text be systematically cate-

gorised and annotated in a way that enables task-agnostic evaluation of

semantic consistency in input-controlled generation tasks? This research

question aims to establish a task-agnostic and consistent approach for categoris-
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ing and annotating semantic errors that occur in input-controlled generation. The

underlying hypothesis is that synthesising existing error annotation schemes and tax-

onomies into a consensus taxonomy, focused on core error types of content/meaning

such asomission, addition, and substitution, can enable more reliable and general-

isable semantic consistency evaluations across diverse NLG tasks. This is addressed

in Chapter 3.

RQ2. How can human annotation be used to investigate semantic con-

sistency errors in system-generated text, and what can it reveal about

the kinds of semantic errors present in existing language generation sys-

tems? This research question explores the role of human annotation in systemati-

cally identifying semantic consistency issues in NLG system outputs. The hypothesis

is that span-based human annotations, using the consensus taxonomy, can provide

�ne-grained diagnostic insights into the performance of generation systems. Fur-

thermore, reproducing the human evaluation of a semantic error detection system

using annotator cohorts can o�er insights into the importance of detailed annotation

guidelines, annotator agreement, and the overall reliability and generalisability of

semantic error annotation practices. Chapter 4 addresses this through an annotation

study across multiple systems.

RQ3. To what extent can automatic evaluation methods, including lexi-

cal, embedding-based, and distance-based similarity metrics and prompt-

based large language models, reliably re
ect human judgements of se-

mantic consistency and non-semantic quality dimensions (e.g., 
uency,

coherence) in NLG outputs, and how generalisable are these methods

across systems and evaluation conditions? This research question investi-

gates whether automatic methods can serve as e�ective and scalable alternatives to

human evaluation for assessing semantic consistency and other quality dimensions

in input-controlled NLG. It investigates both similarity-based metrics, including

lexical, embedding-based, and distance-based measures, and large language model-
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based approaches. The underlying hypothesis is that while traditional metrics may

exhibit limited alignment with human judgments, large language models, when care-

fully prompted, can serve as reliable and generalisable evaluators, producing quality

assessments that closely align with human ratings across di�erent systems, tasks,

and evaluation setups. This is explored in Chapter 5.

The following section, Section 1.3, introduces the formal terminology and nota-

tional conventions adopted in the subsequent chapters.

1.3 Formal Foundations

Terminology

To support the investigation outlined in the previous section, this chapter estab-

lishes the formal foundations that underpin the thesis. Since the central focus is

on evaluating semantic consistency in input-controlled natural language generation,

this requires precise de�nitions of key terms such assemantic error, semantic consis-

tency, and their associated annotation and evaluation procedures. These de�nitions

form the conceptual basis for both the human and automatic evaluation methods

explored in later chapters.

Semantic error: Also referred to as content/meaning error, Huidrom and Belz

(2023) de�ne semantic error as \the highest level of error category subsuming all

errors in outputs that relate to the content/meaning of the output rather than its

form." We follow this de�nition.

Semantic error is further divided into the following error types:

1. Omission: Huidrom and Belz (2023) de�ne omission as \some content that is

present in the input and should be rendered in the output is not present in the

output. Moreover there is no content in the output that is intended to render

it, but does so wrongly. That is, this type of error can be �xed by adding

something to the output."
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2. Addition: Huidrom and Belz (2023) de�ne addition as \some content that is

not present in the input and should not be rendered in the output is present

in the output. Moreover there is no content in the input that it is intended to

render, but renders wrongly. I.e. this type of error can be �xed by removing

something from the output."

3. Substitution: Huidrom and Belz (2023) de�ne substitution as \some content

in the output, that is intended to convey some content that is present in

the input, does it wrongly. This de�nition means that a substitution cannot

equally be construed as the combination of an omission and an addition. This

type of error can be �xed by replacing something in the output."

More in-depth details of semantic error types can be found in Chapter 3.

In addition, although QCET (Belz et al., 2024) does not provide an explicit de�-

nition of a semantic error, it implies that a semantic error occurs when an output text

fails to preserve the input's intended content under the \Correctness! Content"

criterion, that is, when the generated output omits, distorts or adds information

that contradicts the source data.

Semantic consistency: Semantic consistency is de�ned as the property whereby

all information conveyed by the output fully aligns with, and does not go beyond,

the information present in the input.

While this de�nition focuses on a grounded, input-aligned interpretation, other

de�nitions exist in the literature. For example, for Novikova et al. (2025), semantic

consistency can be understood in two complementary senses. In the logical/formal

view, semantic consistency is derived from the idea of semantic equivalence: \The

idea of semantic consistency is derived from the semantic equivalence property, rep-

resented as f(X) = f(Y) if X and Y mean the same." That is, if two inputs X and

Y carry identical meaning, then any function f (e.g., a model's generation) should

produce identical outputs for both. In the non-logical/informal view, semantic con-

sistency is often equated with factual or faithful behavior namely, avoiding halluci-
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nations or contradictions with the source: \Factual inconsistency is often referred to

as hallucinations and/or faithfulness, i.e. models generating new information that

contradicts the source document (e.g., Tam et al., 2022; Maynez et al., 2020)."

Under this lens, an output is semantically consistent if everything it conveys can

be traced back to, and does not con
ict with, the original input. This thesis adopts

the former de�nition above.

Semantic error detection: We de�ne semantic error detection as the process of

detecting semantic errors, either manually or automatically, in a given input{output

pair.

This includes any type of semantic error (omission, addition, or substitution)

regardless of whether the error is assessed in relation to a speci�c input. Detection

may occur in isolated outputs (for e.g., evaluating text alone) or in input{output

pairs when available.

Semantic error annotation/labelling: We de�ne semantic error annotation (or

labelling) as the process of marking or tagging detected semantic errors in both the

input (data/text) and the corresponding output (text) once those errors have been

identi�ed.

Semantic consistency testing: We de�ne semantic consistency testing as the

process, manual or automated, of verifying that everything conveyed by the output

is fully aligned with, and does not exceed, the information present in the input.

Semantic consistency error: We de�ne a semantic consistency error as any

discrepancy or mismatch between the information in the input and the content

produced by the output, indicating that the output has introduced, omitted or

altered meaning relative to the source.

Please note that while a semantic error refers more broadly to any content-

level error in the output, regardless of whether the input is explicitly considered,
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a semantic consistency error is a subset of semantic errors that arises in input-

controlled generation settings, where the output is expected to be directly and fully

grounded in a given input.

Semantic consistency error identi�cation: We de�ne semantic consistency

error identi�cation as the process of pinpointing those speci�c semantic errors that

re
ect inconsistency between the input and output for a given pair.

This task requires explicitly comparing the two and involves pinpointing where

the output fails to accurately re
ect the input, through omission, addition, or sub-

stitution. In contrast to general semantic error detection, this de�nition is limited

to input-controlled generation settings and assumes the availability of both input

and output.

Notation and formal setup for LLM-based evaluation analysis

This section introduces the notation and formal setup used to analyse correla-

tions between human and LLM-generated ratings for semantic consistency and non-

semantic consistency quality criteria. The formalism supports empirical analyses in

Chapter 5, particularly in Sections 5.4 and 5.5, where the LLM-as-judge approach

is evaluated against human scores across a range of input{output tasks. The goal is

to quantify the alignment between human judgments and LLM-predicted ratings at

both the item and system levels.

Let I denote the set of all items in a given taskT, with jI j items. For each

item i 2 I , evaluation criterion c, and systemm 2 M (where M is the set of

generation systems under evaluation), letH (c)
i;T;m represent the human-assigned score

for criterion c and systemm, and let J (c)
i;T;m represent the LLM-generated score. Each

LLM score is obtained by aggregating three independently sampled outputsj (s;c)
i;T;m ,

wheres 2 f 42; 1234; 1738g denotes the random seed used at inference time.
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The aggregated LLM score is computed either via mean or majority vote:

J (c)
i;T;m =

8
>>><

>>>:

1
3

3X

s=1

j (s;c)
i;T;m (mean aggregation),

majority f j (42;c)
i;T;m ; j (1234;c)

i;T;m ; j (1738;c)
i;T;m g (majority vote).

The mean system-level scores across all items for criterionc are then:

�H (c)
T;m =

1
jI j

X

i 2 I

H (c)
i;T;m ; �J (c)

T;m =
1

jI j

X

i 2 I

J (c)
i;T;m

To evaluate alignment between human and LLM ratings, Pearson's correlation

coe�cient r (c)
H;J is computed over systems in taskT as follows:

r (c)
H;J =

P
m2 M

�
H (c)

T;m � �H (c)
T

� �
J (c)

T;m � �J (c)
T

�

r
P

m2 M

�
H (c)

T;m � �H (c)
T

� 2
r

P
m2 M

�
J (c)

T;m � �J (c)
T

� 2

Here, �H (c)
T and �J (c)

T denote the mean human and LLM scores across systems in

task T, respectively. This coe�cient re
ects the strength of the linear relationship

between human and LLM assessments for each evaluation criterion.

1.4 Thesis Structure

This thesis is structured to investigate, develop, and evaluate methods for assessing

and controlling semantic consistency in input-controlled natural language genera-

tion (NLG), with a focus on both human and automatic approaches. The work

is organised across six chapters, each addressing a distinct aspect of the research

problem, from foundational de�nitions to empirical evaluation.

1. Chapter 1 introduces the motivation, scope, and objectives of the thesis. It

outlines the central research questions and positions semantic consistency as a

critical but under-addressed dimension of quality in NLG, especially in input-

controlled tasks. Additionally, this chapter also de�nes key terminology and
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formal concepts used throughout the thesis. It speci�es how semantic con-

sistency and semantic errors are understood in this work, and introduces no-

tational conventions that support later experimental setups, particularly for

LLM-as-judge evaluations.

2. Chapter 2 reviews existing literature on semantic consistency evaluation, fo-

cusing on error annotation schemes, automatic evaluation methods and the

limitations of current practices.

3. Chapter 3 presents a consensus taxonomy of semantic errors developed through

synthesis of existing categorisation schemes. It de�nes three core types of

semantic error: omission, addition, and substitution, and establishes a task-

agnostic framework for evaluating semantic consistency in input-output gen-

eration settings.

4. Chapter 4 includes (i) a survey of prior error annotation schemes and tax-

onomies on both human- and machine-generated text, (ii) a span-based hu-

man annotation study applying the top-level categories from the consensus

taxonomy to outputs from multiple data-to-text systems.

5. Chapter 5 assesses the extent to which automatic metrics, including lexical,

embedding-based, and distance-based similarity measures, correlate with hu-

man judgements of semantic consistency. In addition, it introduces a prompt-

based large language model evaluation framework (LLM-as-judge) to assess

system outputs across semantic and non-semantic quality dimensions, focus-

ing on alignment with human ratings. The chapter further explores the relia-

bility and generalisability of the LLM-as-judge method across tasks, systems,

and prompt formulations. Finally, it investigates the use of LLMs as sanity

checkers for human evaluation experiments, examining whether their outputs

correlate with human judgments across repeated evaluation setups, thereby

assessing the generalisability and reliability of LLM-as-judge.

6. Chapter 6 brings together and summarises the main contributions and �ndings
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of the thesis. It re
ects on the implications of the work for evaluating seman-

tic consistency in NLG systems and outlines limitations and future research

directions.

1.5 Publications

This thesis has so far resulted in the following list of publications:

1. Rudali Huidrom and Anya Belz. 2022.A Survey of Recent Error Anno-

tation Schemes for Automatically Generated Text . In Proceedings of

the 2nd Workshop on Natural Language Generation, Evaluation, and Metrics

(GEM), pages 383{398, Abu Dhabi, United Arab Emirates (Hybrid). Associ-

ation for Computational Linguistics.

2. Rudali Huidrom, Ond�rej Du�sek, Zden�ek Kasner, Thiago Castro Ferreira, and

Anya Belz. 2022.Two Reproductions of a Human-Assessed Compara-

tive Evaluation of a Semantic Error Detection System. In Proceedings

of the 15th International Conference on Natural Language Generation: Gen-

eration Challenges, pages 52{61, Waterville, Maine, USA and virtual meeting.

Association for Computational Linguistics.

3. Rudali Huidrom and Anya Belz. 2023. Towards a Consensus Taxon-

omy for Annotating Errors in Automatically Generated Text. In

Proceedings of the 14th International Conference on Recent Advances in Nat-

ural Language Processing, pages 527{540, Varna, Bulgaria. INCOMA Ltd.,

Shoumen, Bulgaria.

4. Rudali Huidrom, Anya Belz, and Michela Lorandi. 2024.Di�erences in Se-

mantic Errors Made by Di�erent Types of Data-to-text Systems. In

Proceedings of the 17th International Natural Language Generation Confer-

ence, pages 609{621, Tokyo, Japan. Association for Computational Linguis-

tics.
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5. Rudali Huidrom and Anya Belz. 2025.Ask Me Like I'm Human: LLM-

based Evaluation with For-Human Instructions Correlates Better

with Human Evaluations than Human Judges. In Proceedings of the 4th

Workshop on Table Representation Learning, Vienna, Austria. Association for

Computational Linguistics.

6. Rudali Huidrom and Anya Belz. 2025.Using LLM Judgements for San-

ity Checking Results and Reproducibility of Human Evaluations in

NLP. In Proceedings of the 4th Workshop on Natural Language Generation,

Evaluation, and Metrics (GEM), Vienna, Austria. Association for Computa-

tional Linguistics.

7. Rudali Huidrom, Michela Lorandi, Simon Mille, Craig Thomson and Anya

Belz. 2025. Assessing Semantic Consistency in Data-to-Text Gener-

ation: A Meta-Evaluation of Textual, Semantic and Model-Based

Metrics. In Proceedings of the 18th International Conference on Natural

Language Generation: Generation Challenges, Hanoi, Vietnam. Association

for Computational Linguistics.
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Generation of Semantically Consistent Text and Its Evaluation

Chapter 2

Related Work

This chapter establishes the conceptual and methodological ground for the thesis.

We (i) align terminology so later chapters are unambiguous; (ii) critically synthesise

error taxonomies and annotation protocols; (iii) summarise task-speci�c evidence

about semantic errors; and (iv) review human and automatic evaluation approaches

with a focus on semantic consistency. Each section explains why it is here and how

it informs the methods presented in Chapters 3 to 5.

2.1 Terminological Alignment

De�nitions in the literature often diverge or con
ate meaning-level with form-level

phenomena. Here we standardise terms for use throughout the thesis so that: (i)

later analyses are comparable across tasks/datasets; (ii) our consensus taxonomy in

Chapter 3 has a clear top layer; and (iii) evaluation setups in Chapters 3{5 map

unambiguously to those terms.

Throughout this thesis, we adopt the terminology de�ned in Chapter 1, Section

1.3. We usesemantic error as an umbrella term for any content/meaning error in

a generated output (as distinct from error of form). We subdivide semantic errors

into three types: omission, addition, and substitution. Together, these form the top

level of the consensus taxonomy developed in Chapter 3.

We de�ne semantic consistencyas the property whereby all information conveyed
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Term in Prior Work Mapped to Thesis De�nition

Hallucination (Maynez et al., 2020; Ji
et al., 2023; Biten et al., 2022; Xia et al.,
2024; Bao et al., 2024)

addition (typically unsupported or
fabricated content)

Extrinsic hallucination (Maynez
et al., 2020)

addition (unsupported content)

Intrinsic hallucination (Maynez et al.,
2020)

substitution (internally inconsistent
or misrepresented content)

Factual error (Huang et al., 2020;
Fraile Navarro et al., 2025)

omission, addition, or substitution
(context-dependent)

Unsupported content (Durmus et al.,
2020; Huang et al., 2024; Liu et al., 2024)

addition

Missing facts/content (Durmus et al.,
2020; Liu et al., 2024; Bao et al., 2024)

omission

Deletion (in MT) (Al Sharou and Spe-
cia, 2022)

omission

Mistranslation (Al Sharou and Specia,
2022; Popovi�c and Ney, 2007; Du et al.,
2024)

substitution

Incorrect coreference (Zhang et al.,
2023)

substitution (if meaning is distorted)

Fabricated claims/facts (Huang
et al., 2020; George and Stuhlm•uller,
2023)

addition

Contradiction (Du�sek and Kasner,
2020a; Wang et al., 2024)

substitution

Entailment violation (Scialom et al.,
2021; Kryscinski et al., 2020)

addition or substitution (depending
on inference direction)

Semantic inconsistency (Novikova
et al., 2025; Pagnoni et al., 2021; Zhang
et al., 2024a)

Umbrella term referring toomission,
addition, or substitution

Factual inconsistency (Maynez et al.,
2020; Fraile Navarro et al., 2025; Wang
et al., 2024)

Often used interchangeably with se-
mantic inconsistency; may include
all semantic error types

Critical/major/minor error
(Fraile Navarro et al., 2025)

Mapped based on severity; underly-
ing type can beomission, addition,
or substitution

Hallucination due to knowledge
misuse or source errors (Paudel et al.,
2025)

addition, substitution, or omission
depending on context

Table 2.1: Alignment of prior terminology with thesis semantic error de�nitions

by the output fully aligns with, and does not exceed, the information present in the

input. A semantically consistent output, therefore, contains no semantic errors.
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While some works use terms like \hallucinations," \factual errors," or \inconsisten-

cies," we reinterpret and classify such terms in alignment with our de�nitions. To

compare across studies, we map common labels to our terms (e.g., extrinsic hallu-

cination to addition; intrinsic hallucination to substitution; factual inconsistency to

omission/addition/substitution depending on context). Table 2.1 provides the com-

pact mapping used throughout this thesis; details and examples appear in Sections

2.2{2.5 and Chapter 3.

This normalisation serves three purposes. First, it enables synthesis across sub-

�elds in which di�erent labels map to the same underlying types (for e.g., extrinsic

hallucination corresponds to addition, intrinsic hallucination to substitution). Sec-

ond, it separates semantic error type, Omission, Addition, and Substitution, from

other dimensions (for e.g., severity, locality, discourse-level scope), thereby avoiding

category drift. Third, it provides a stable foundation for the subsequent chapters:

Chapter 3 formalises a consensus taxonomy with semantic errors at the top level,

Chapter 4 operationalises these types in a span-based human evaluation protocol,

and Chapter 5 evaluates automatic and LLM-as-judge methods, interpreting crite-

ria such as Data Coverage, Relevance, and Correctness through the lens of semantic

consistency.

Consequently, this conceptual framing guides Section 2.2's comparison of tax-

onomies and annotation protocols, structures the discussion of task-speci�c evidence

in Section 2.3, and provides the lens for the evaluation methods surveyed in Sections

2.4 and 2.5.

2.2 Error Annotation Schemes and Semantic Er-

ror Taxonomies

In this section, we group prior work on error annotation schemes and taxonomies

into four strands.
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General taxonomies (MT/NLG-rooted) Early frameworks such as MQM (Lom-

mel et al., 2014) and linguistically motivated MT schemes (Costa et al., 2015), fol-

lowed by later extensions (Specia et al., 2017) and SCATE (Tezcan et al., 2017),

provide hierarchical breadth for manual evaluation. However, at lower levels these

schemes frequently mix meaning and form, include task-bound leaves that limit

portability, and o�er limited guidance on linking errors to source content. In this

thesis, they serve as canonical references for label normalisation (Table 2.1) and

motivate the separation of error type from other dimensions developed in Chap-

ter 3. Building on these insights, Chapter 3 abstracts the high-level distinctions

into an Omission/Addition/Substitution top layer semantic error type, and Chap-

ter 4 requires explicit input{output span-level annotation of semantic errors to avoid

form{meaning con
ation.

Task-speci�c faithfulness/hallucination frameworks Datasets and protocols

in summarisation, dialogue, and QA sharpen the focus on unsupported or contradic-

tory content. Rotowire introduced distinctions among omitted, hallucinated, and

incorrect facts (Wiseman et al., 2017); subsequent work formalised the extrinsic

versus intrinsic divide in summarisation (Maynez et al., 2020) and operationalised

QA-based checks (FEQA; Durmus et al. (2020)). These contributions inform our

mapping from task-speci�c labels to semantic error types (Omission, Addition, Sub-

stitution) and motivate the adoption of input-grounded checks in later chapters.

Nonetheless, de�nitions vary across papers, substitution is sometimes con
ated with

addition, omission is often under-speci�ed, and portability beyond the originating

task is limited. Accordingly, Chapter 4 borrows the QA notion of answerability

while retaining explicit span labels so omissions are captured, and Chapter 5 eval-

uates whether LLM-as-judge reproduces human system-level trends without inher-

iting label drift.

Span/unit-based protocols with alignment Recent work emphasises span lo-

calisation and, in some cases, explicit input{output alignment (e.g., OTTAWA;
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Huang et al. (2024)) or span-annotated detection resources (HalluciNot; Paudel et al.

(2025)). Sentence-level hallucination detection has also been explored across many

language directions (Benkirane et al., 2024). These approaches demonstrate the di-

agnostic value of localisation and alignment, which we adopt in our human study.

However, overlap/stacking rules for annotation are often underspeci�ed, empty spans

for omission/addition are inconsistently handled. In response, Chapter 4 speci�es

span-boundary rules (including overlaps and empty spans) and, mandates both in-

put and output error annotation.

Broader taxonomies beyond task-speci�c schemes Beyond the task-speci�c

annotation schemes discussed above, there exists a wider body of error taxonomies

spanning MT, learner corpora, and general-purpose NLG. Representative examples

include linguistically motivated MT taxonomies (Costa et al., 2015), statistical

/critical-error schemes for MT (Federico et al., 2014; Al Sharou and Specia, 2022;

Caseli and In�acio, 2020), general NLG/PLM resources such as TGEA (He et al.,

2021) and PolyTope (Huang et al., 2020), and learner-corpus/TEC-oriented schemes

(Belkebir and Habash, 2021; Ng et al., 2014; van der Goot et al., 2018; Korre et al.,

2021; Caines et al., 2020; Macklovitch, 1991; Costa et al., 2012; Dickinson and Her-

ring, 2008; Dickinson, 2010; Nagata et al., 2018; Lin et al., 2022; Barbagli et al., 2016;

Gayo et al., 2016; Di et al., 2019). We include these works because they provide es-

tablished label inventories and design patterns that we (i) inform the consensus error

taxonomy developed in Chapter 2, and (ii) provide label mappings for terminology

alignment (Table 2.1). However, as a basis for semantic-consistency evaluation they

exhibit recurrent shortfalls: lower-level categories often con
ate meaning and form;

leaf nodes are frequently domain or learner-speci�c, hierarchies tend to intermix

error type with severity, and input grounding/linking is rarely required. Conse-

quently, we reuse only what transfers (label inventories and illustrative examples;

full structures are catalogued in Appendices A.2.1 and A.2.2) and, where necessary,

diverge from these frameworks: Chapter 3 distils a consensus error taxonomy with

omission/addition/substitution as its high level semantic error types, Chapter 4
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mandates span-level, input-output annotation, and Chapter 5 evaluates methods

against semantic error aware human judgements.

To make these contributions comparable, we analyse schemes along four axes:

scope and portability (task-agnostic vs. task-speci�c); granularity and hierarchy

(depth; whether annotators label leaves or internal nodes; separation of type from

severity/locality); unit of analysis (sentence, clause, or span; whether input{output

links are mandated, for e.g., alignment as in Huang et al. (2024)); and operational-

isation and reliability (instructions, training, inter-annotator agreement. Two con-

sistent observations emerge. First, despite divergent labels, categories in practice

collapse to semantic errors at the top level, suggesting a shared core that can be

made explicit across settings (for e.g., Wiseman et al. (2017); Durmus et al. (2020);

Maynez et al. (2020)). Second, span-level annotation with both input-output pairs

is critical for diagnosing systems and for comparing studies, but it requires precise

guidance to avoid double-counting and to handle omissions.

Existing schemes o�er valuable distinctions but are often task-bound, con
ate

error type with other facets, or are operationally under-speci�ed. These observa-

tions motivate the thesis's design choices. Chapter 2 adopts omission, addition, and

substitution as the task-agnostic top layer of a consensus taxonomy, separating other

facets into distinct dimensions. Chapter 3 implements a span-based, input-linked

annotation protocol with explicit rules for overlaps and empty spans, and evaluates

reliability. The next sections present task-speci�c evidence and trends in seman-

tic errors in NLG, and provide an overview of human and automatic (including

LLM-based) evaluation of semantic consistency.

2.3 Semantic Errors in Text Generation: Task-

Speci�c Evidence and Trends

Semantic errors have been widely reported across diverse NLG tasks. These errors

often arise despite 
uent output, highlighting a frequent trade-o� between 
uency
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and �delity. Ji et al. (2023) provide a comprehensive taxonomy of hallucinations

in NLG, distinguishing between intrinsic hallucinations, logical inconsistencies or

contradictions within the output, and extrinsic hallucinations, which refer to content

unsupported by the input. According to the de�nitions adopted in this thesis, these

correspond tosubstitutions and additions, respectively.

In abstractive summarisation, Maynez et al. (2020) demonstrate that pretrained

models frequently produce summaries that are 
uent but unfaithful. Hallucinations

are categorised asextrinsic (unrelated to the input, corresponding toadditions) or

intrinsic (contradictory content, corresponding tosubstitutions). Frequent omis-

sions of salient input content are also observed. Dreyer et al. (2021) report that the

rate of hallucinated errors increases with greater abstractiveness in summarisation,

prompting the development of new evaluation metrics. Zhang et al. (2023) �nd that

even extractive systems exhibit semantic inconsistencies such as incorrect corefer-

ence and fact misattribution. These are labelled as \semantic inconsistencies" in the

study and map to substitutions under terminology de�nitions used in this thesis.

Recent work continues to document the presence of semantic errors in summari-

sation and related tasks. Xia et al. (2024) introduce an active learning framework

that detects a broad spectrum of semantic errors, including frame-level mismatches

and discourse-level inconsistencies (corresponding tosubstitutions), as well as un-

veri�able content (corresponding to additions). In a comprehensive benchmark,

Bao et al. (2024) categorise hallucination types in LLM-generated summaries into

unsupported claims (additions), distorted input facts (substitutions), and missing

information (omissions). In the context of scienti�c summarisation, George and

Stuhlm•uller (2023) achieve state-of-the-art performance in detecting subtlesub-

stitution errors, particularly in nuanced factual rewritings. For multi-document

summarisation, Belem et al. (2024) report increased hallucination rates with larger

numbers of input sources, with up to 75% of content exhibiting eitheradditions or

substitutions, especially in later summary segments.

QA-based metrics such asFEQA (Durmus et al., 2020) and QAGS (Wang et al.,
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2020) are used to detect semantic errors by comparing answers generated from sys-

tem outputs to answers grounded in the source. These methods are particularly

e�ective for identifying omissions and additions (for e.g., when answers cannot be

veri�ed from the source), as well assubstitutions through mismatched or incorrect

answers.

In data-to-text generation, structured inputs allow for clearer identi�cation of

semantic errors. Lebret et al. (2016) report that approximately 30% of generated

outputs in the WikiBio dataset contain hallucinated content (additions). Dziri

et al. (2021) propose a detailed taxonomy that includesomissions, additions, and

substitutions. In this taxonomy, hallucinations are de�ned as content not supported

by the input, mismatched values are consideredsubstitutions, and missing facts are

de�ned asomissions. The study also highlights limitations in n-gram-based metrics

for capturing these semantic errors. Metrics such asPARENT (Dhingra et al.,

2019), which compute precision and recall against both source input and reference

text, demonstrate improved correlation with human �delity judgments.

Semantic accuracy remains a challenge in dialogue generation. Ji et al. (2023)

again identify intrinsic hallucinations (substitutions) and extrinsic hallucinations

(additions) in open-domain dialogue. Dziri et al. (2021) introduce a knowledge-

grounded re�nement model that validates generated content against external knowl-

edge bases, e�ectively reducingadditions. Yu et al. (2024) use causal analysis and

counterfactual reasoning to trace the in
uence of noisy or misaligned input knowl-

edge on semantic errors, particularlyadditions. A lightweight mitigation strategy is

introduced to reduce hallucinated content while maintaining output 
uency. Wan

et al. (2024) propose sequence-level certainty metrics and Certainty-based Response

Ranking (CRR), a decoding strategy that improves output �delity by favouring

responses less likely to containsubstitutions or unsupported content (additions).

In machine translation, semantic errors often manifest asomissions(e.g., dropped

phrases) orsubstitutions (e.g., mistranslations). Popovi�c and Ney (2007) conduct

a �ne-grained analysis of Word Error Rate (WER), identifying dropped content as
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omissions. While COMET (Rei et al., 2022) and BERTScore (Zhang et al., 2019)

improve adequacy judgments through contextual embeddings, these methods do

not explicitly categorise semantic errors. Zhang et al. (2024a) introduce a synthetic

hallucination dataset for machine translation, improving detection ofsubstitution

errors. Du et al. (2024) propose a self-consistency scoring method for classi�er

training using unlabeled data to detectomissions and substitutions, enabling scal-

able evaluation without manual annotation.

In vision-language generation, such as image captioning,additions are frequently

observed when models hallucinate objects not present in the input image. Rohrbach

et al. (2018) introduce the CHAIR metric to measure object hallucinations and ex-

plicitly de�ne these as additions. Biten et al. (2022) apply object-centric data aug-

mentation to reduce hallucinations, also framing these errors asadditions. However,

Geigle et al. (2024) �nd that object grounding signals alone do not reliably prevent

hallucinated mentions of non-existent objects, highlighting the persistent challenge

of additions in vision-language generation.

Having explored the presence of semantic errors across diverse generation tasks,

the following section discusses how semantic consistency is evaluated and how it is

re
ected in generated outputs.

2.4 Human Evaluation of Semantic Consistency

Human evaluation remains the gold standard for assessing semantic consistency in

natural language generation due to its ability to incorporate contextual, domain-

speci�c, and pragmatic understanding. However, the design of human evaluation

protocols varies considerably, and most studies assess consistency at the sentence or

system level, rather than identifying �ne-grained error spans.

We structure the review this way to surface the main design choices and to

motivate our own setup: we adopt rating-based, criterion-speci�c evaluations with

trained (expert) annotators and evaluate LLM-as-judge con�gurations (Chapters.

4{5), while question-answering protocols are reviewed only for contrast and are not
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used in our experiments.

Rating-Based Evaluations

Rating-based methods are among the most common approaches to human evalua-

tion, typically relying on Likert scales or categorical judgments applied to sentence-

or system-level outputs. In one of the most widely cited setups, Fabbri et al. (2021)

apply a 5-point Likert scale to rate summaries across multiple dimensions, including


uency, coherence, and consistency. In this context, consistency is de�ned as factual

alignment between the generated summary and the source document. Although spe-

ci�c error types are not annotated, this de�nition implicitly encompasses semantic

errors such as unsupported content (addition), factual misstatements (substitution),

and missing salient information (omission).

Building on the need for �ner distinctions, Maynez et al. (2020) introduce a tar-

geted annotation protocol for abstractive summarisation. This study classi�es hal-

lucinations into two categories: extrinsic hallucinations, which refer to content not

inferable from the source (addition), and intrinsic hallucinations, which involve con-

tradictions with the input ( substitution). Although omissions are not systematically

annotated, the absence of key information is recognised as a critical shortcoming in

generated summaries.

Recognising the limitations of Likert scales in capturing subtle inconsistencies,

Tang et al. (2022b) compare rating-based approaches to ranking-based alternatives,

particularly Best-Worst Scaling (BWS). The study �nds that BWS improves inter-

annotator agreement and reliability, especially when multiple quality dimensions

such as 
uency and factuality must be disentangled. Although error types are not

explicitly categorised, the results underscore the value of structured comparative

formats in highlighting semantic inconsistencies.
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QA-Based Consistency Evaluation

Question-answering (QA) protocols o�er a complementary approach to rating meth-

ods by introducing a veri�cation mechanism grounded in information retrieval. In-

stead of directly scoring generated outputs, these methods evaluate consistency by

formulating questions based on the summary and verifying whether correct answers

can be found in the source. QAGS (Wang et al., 2020), for example, generates

cloze-style questions from named entities and noun phrases in the summary. When

the source fails to support an answer, the output is considered hallucinated (addi-

tion ); when the source yields a con
icting answer, the error is treated as a factual

misrepresentation (substitution).

FRANK (Pagnoni et al., 2021) extends this paradigm by o�ering a uni�ed

benchmark that incorporates several QA-based and model-based evaluation tech-

niques. The authors annotate speci�c error types such as entity hallucination (addi-

tion ) and entity distortion ( substitution), based on whether the generated content is

unsupported or misaligned with the input. Although omission errors are not system-

atically annotated, qualitative analysis acknowledges the impact of missing content

on perceived �delity.

By grounding evaluation in answerability, QA-based protocols facilitate more tar-

geted assessments of factual consistency than general-purpose rating scales. These

methods are particularly e�ective when outputs are information-dense or contain

multiple claims, and when direct reference comparisons are unavailable.

Expert vs. Crowd Evaluations

The reliability of human evaluation often depends on the background and expertise

of annotators. Several studies show that domain expertise signi�cantly enhances

the ability to identify semantic errors, especially in specialised or high-risk settings.

In the domain of clinical summarisation, Fraile Navarro et al. (2025) compare eval-

uations performed by crowdworkers and medical experts. The study introduces a

four-level annotation scale: entailment, minor error, major error, and critical error,
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to assess the �delity of radiology report summaries. Critical and major errors often

correspond to serious hallucinations (addition) or factual inaccuracies (substitution),

while clinically signi�cant omissions are also noted and 
agged as a key challenge in

automated summarisation.

Similarly, Lango et al. (2024a) examine how annotator background and task

framing a�ect evaluation outcomes in dialogue summarisation. This study com-

pares single-criterion (e.g., overall consistency) and multi-criterion (e.g., factuality,

relevance, coherence) protocols and �nds that both the level of expertise and the

speci�city of evaluation criteria in
uence the types of semantic inconsistencies de-

tected. Although semantic errors are not explicitly annotated, the �ndings demon-

strate that omissions and contradictions are di�erently interpreted depending on

annotator familiarity and protocol design.

These �ndings collectively underscore the importance of evaluator expertise and

protocol structure in achieving accurate and reliable semantic consistency assess-

ments.

LLM-as-Judge Comparisons

With the advent of large language models (LLMs), recent work has explored the

feasibility of using LLMs as automated evaluators of generation quality. Human

evaluation is often used as a benchmark to assess the alignment of model-based

judgments with expert annotations. Judge-Bench (Bavaresco et al., 2024) o�ers a

systematic evaluation of LLM-as-judge capabilities across 20 tasks, including sum-

marisation, question answering, and classi�cation. The study compares LLM-based

ratings to expert judgments, particularly on dimensions such as factual consistency.

Although the benchmark does not focus exclusively on semantic consistency,

the results indicate substantial discrepancies between LLM and human evaluations

in tasks requiring �ne-grained factual accuracy. The errors that LLMs struggle to

detect most consistently are those corresponding to unsupported content (addition)

or factual distortions (substitution), particularly when domain knowledge or multi-
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sentence reasoning is required.

2.5 Automatic Evaluation of Semantic Consistency

Automatic evaluation methods o�er scalable and e�cient alternatives to human

judgments, though they vary signi�cantly in their ability to capture semantic consis-

tency. Broadly, these methods fall into four categories: entailment-based methods,

QA-based approaches, uncertainty-based metrics, and semantic scoring/reranking

models. Each targets speci�c types of semantic error,omission, addition, and sub-

stitution, with varying levels of granularity.

Entailment-Based Methods

Natural Language Inference (NLI) has become a foundational tool for identifying

inconsistencies between source input and generated output. By evaluating whether

output content is logically entailed by the input, NLI enables direct assessment of

semantic alignment. For instance, Du�sek and Kasner (2020a) apply NLI to meaning

representations (MRs) and generated texts, measuring whether all output facts are

derivable from the input. This approach supports detection of unsupported content

(additions) as well as missed content from the MR (omissions).

Building on this, FactCC (Kryscinski et al., 2020) trains a supervised entailment

model using summaries that have been synthetically perturbed to introduce semantic

errors. The types of perturbations include entity mismatches, factual contradictions,

and fabricated content. These categories map tosubstitutions and additions in the

present taxonomy, making the method suitable for evaluating multiple forms of

inconsistency.

To improve scalability and adaptability across domains,SummaCConv (La-

ban et al., 2022) leverages convolutional pooling to aggregate NLI scores over all

source{summary sentence pairs. Although the framework does not explicitly tag

individual error types, inconsistencies are 
agged based on lack of entailment or
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contradiction signals, thus implicitly encompassingomissions, additions, and sub-

stitutions as determined through model inference.

QA-Based Consistency Metrics

Question-answering (QA) frameworks provide an alternative lens on semantic eval-

uation by measuring how well the generated text preserves the factual answerabil-

ity of the source content. Instead of directly comparing text segments, these ap-

proaches generate questions from one side (either the summary or the input) and

verify whether the answers can be recovered from the other. In QuestEval (Scialom

et al., 2021), questions generated from the summary are answered using the source

text. When questions cannot be resolved from the source, the associated content

is marked as hallucinated (addition). Conversely, if information expected from the

source is absent in the summary, the corresponding failure is considered anomission.

Discrepancies in fact rendering are treated assubstitutions.

SummEQuAL (Liu et al., 2024) extends this model by introducing a reference-

free QA framework based on large language models. Questions are generated from

both the input and the output, and factual consistency is judged based on mutual

answerability. When content in the input fails to be represented in the output, the

error is marked as anomission. Conversely, if output-generated content cannot be

traced back to the input, the inconsistency is categorised as anaddition. Incorrectly

rendered facts are mapped tosubstitutions. This approach increases coverage while

minimising dependence on gold references.

Uncertainty and Con�dence-Based Metrics

Con�dence-based evaluation methods assess semantic consistency by estimating the

certainty with which a model outputs factual statements. Wang et al. (2024) in-

troduce an uncertainty-aware metric for radiology report generation that combines

entailment scores with model con�dence. The proposed method uses a clinical-

domain NLI model to compute entailment probabilities between generated content
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and the gold-standard report. Lower con�dence scores are found to correlate with

clinically relevant omissions and substitutions, enabling automatic 
agging of se-

mantically risky content. This approach is particularly suited to sensitive domains

where factual precision is critical.

Semantic Scoring and Reranking Models

Beyond evaluation, some models actively incorporate semantic consistency into the

generation process through scoring or reranking strategies. DataTuner (Harkous

et al., 2020a), for instance, integrates a semantic �delity score to rank alternative

outputs in data-to-text generation. The scoring model is trained to favour outputs

that closely align with structured input data, thereby indirectly minimising omis-

sions, additions, and substitutions. Although this method does not label individual

errors, its objective function encourages factual correctness at the output level.

LLM-as-judge approaches have also emerged as scalable evaluators of consistency

and related qualities. Judge-Bench (Bavaresco et al., 2024) benchmarks a variety

of LLMs on tasks such as summarisation and QA, comparing their judgments with

those of human annotators. Results indicate that LLMs achieve moderate align-

ment with human ratings, but often fail to detect nuanced factual distortions, es-

pecially domain-speci�csubstitutions and unsupportedadditions. The performance

gap highlights the continued need for human oversight and domain calibration in

high-risk generation contexts.

2.6 Chapter Summary

This chapter reviews existing work in NLG, focusing on error annotation schemes

and error taxonomies, task-speci�c error patterns and methods for identifying and

evaluating semantic consistency in text generation. Although semantic errors are

reported across di�erent tasks such as, summarisation, data-to-text generation, ma-

chine translation, and question answering, the terminology used to described these
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errors vary signi�cantly, often lacking standardisation and clarity.

While several taxonomies have been proposed, they di�er in structure, granular-

ity and task dependence, thereby limiting comparability and generalisability. Also

existing evaluation protocols, both human and automatic, exhibit considerable vari-

ation in scope and reliability. Human evaluations remain the gold standard but are

costly and inconsistent across studies. Automatic methods, although scalable, often

lack sensitivity to subtle semantic discrepancies and are not grounded in consistent

taxonomic frameworks.

In addition to evaluation, a growing body of work has emerged that focuses on en-

suring semantic consistency during the generation process. These methods, ranging

from knowledge-grounded re�nement and constrained decoding to certainty-based

reranking and synthetic error training, proactively reduce the likelihood of seman-

tic errors. However, such strategies are often task-speci�c and are not informed by

a uni�ed evaluation or annotation framework, making cross-task comparisons and

integration di�cult.

Taken together, this chapter has provided a critical synthesis of prior work and

established the de�nitions and design choices used throughout the thesis. The next

chapters operationalise these decisions: Chapter 3 formalises a task-agnostic consen-

sus taxonomy (Omission, Addition, Substitution); Chapter 4 applies it in a span-

based human annotation study and reports agreement and reproduction results;

Chapter 5 evaluates automatic metrics and LLM-as-judge setups against the same

criteria.
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Generation of Semantically Consistent Text and Its Evaluation

Chapter 3

Mapping out the Evaluation Space

for Automatically Generated Text

3.1 Background

Error analysis and error type annotation are widely considered important in the

context of textual generation, with their aim to provide insights into system errors

on di�erent levels of granularity across various NLP tasks (Popovi�c and Burchardt,

2011; Costa et al., 2015). NLP as a �eld has a long-standing practice of error analysis

and error type annotation (Macklovitch, 1991; Costa et al., 2015; Rivera-Trigueros,

2021). These practices not only help in improving system performance but also in

improving evaluation methods.

Errors of content, as opposed to errors of form or lexical choice, are becoming

more prevalent, given the recent advent of neural methods which are prone to such

error types than the traditional rule-based systems (Huidrom and Belz, 2023). Doc-

umenting and analysing errors made by di�erent systems can help in improving the

semantic correctness (Adequacy in machine translation (MT)) of the generated text.

Moreover, identifying and annotating these errors helps us better understand NLP

system performance. (van Miltenburg et al., 2021).

There are various existing error taxonomies available that are tailored to di�erent
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types of NLP tasks. However, a large variety of such error taxonomies and error

annotation schemes are task and/or domain-speci�c in nature (Huidrom and Belz,

2022). This makes the comparison between the output annotations di�cult, making

it more di�cult to use them to generally improve model performance.

In this chapter, we propose a standardised, task-agnostic error annotation taxon-

omy that will allow comparing di�erent NLP system outputs as part of performance

analysis. This taxonomy can be used as a primary, o� the shelf error annotation

scheme for human evaluation of any task. Additionally, it opens the door to develop-

ing automatic and/or semi-automatic metrics for various NLP tasks (van Miltenburg

et al., 2021). We address developing automatic methods for our thesis in Chapter

5.

The content of this chapter has been previously reported in our following publi-

cations:

1. Huidrom and Belz (2022)

2. Huidrom and Belz (2023)

3.2 Chapter Overview

We explore to what extent a standard has evolved in current error annotation

schemes. The primary objective is to look into whether or not enough consen-

sus is present in current error annotation schemes and taxonomies to use them as

the basis for a standardised task-agnostic consensus taxonomy for content/meaning

errors. Our explorations have resulted in the following contributions:

1. A systematic survey of error annotation schemes comprising content/meaning

error types (Section 3.3 and Table 3.1);

2. A collated list of all content/meaning error type de�nitions found in the papers

in the survey (Appendix A.1);
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3. The minimally merged taxonomy comprising all non-task and non-domain-

speci�c error types from the above list (Section 3.4.3 and Figure 3.1);

4. A standardised and generalised taxonomy of content/meaning error types de-

rived directly from the minimally merged taxonomy (Section 3.4.4 and Fig-

ure 3.2), which is applicable across di�erent input-controlled language gener-

ation tasks1 and application domains.

3.3 Systematic survey of error annotation schemes

This section reports the systematic survey of error annotation schemes that under-

pins the consensus taxonomy in Section 3.4. Unlike Section 2.2's high-level critique,

here we specify the paper �ltering and selection, provide paper summaries and re-

sults, then collate de�nitions used to derive the minimally merged taxonomy (shown

in Fig. 3.1) and the maximally merged taxonomy (shown in Fig. 3.2) This section is

therefore the evidence base for the taxonomy presented next. For complete details,

please see Appendix A.1.

3.3.1 Paper �ltering and selection

We aim to identify a set of papers that report error annotation schemes and tax-

onomies of any size and depth for content/meaning error types which can serve as

a basis for deriving a consensus error taxonomy.

First, we proceed by selecting all relevant papers from our literature survey on

error types in machine and human generated text described in Huidrom and Belz

(2022) and from Section 4.3 of Chapter 4 that describe error annotation schemes

and/or taxonomies for content/meaning errors. This resulted in seven papers.

Second, we further expand the paper selection by searching the ACL Anthology2

for papers that contained both the terms \accuracy error"3 and \taxonomy" (i.e.,

1Tasks where the output content is wholly or largely determined by the input, in contrast to
free text generation tasks, where the output is guided (but not determined) by a prompt.

2https://aclanthology.org
3We use accuracy in the MQM sense (content/meaning errors; omission, addition, distortion, as
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a conjunctive query) which yielded 15 papers. We included papers published up to

the year 2022. We manually examined these 15 papers and selected the �ve that

described error annotation schemes and/or taxonomies for content/meaning errors.

Of these �ve papers, three used the same error taxonomy named SCATE (Tezcan

et al., 2017); therefore, we included only one paper on SCATE taxonomy (Tezcan

et al., 2017). In total, this step yielded three papers.

Third, we added one paper Specia et al. (2021) which was cited by Al Sharou

and Specia (2022), one of the seven papers selected from our prior survey (Huidrom

and Belz, 2022). We also added four relevant papers which we were already aware of

Thomson and Reiter (2020); Tang et al. (2022a); Kasner and Dusek (2022); Popovi�c

(2020). Here, Popovi�c (2020) is a rare paper in that it uses the top-level con-

tent/meaning error type in annotation (see Section 3.4; Adequacy, Accuracy).

3.3.2 Paper summaries

This section provides brief summaries of the selected 15 papers. We do not include

the original MQM framework (Lommel et al., 2014) as a separate paper here; instead,

MQM is represented via some of the MT/NLG papers listed below that adopt MQM

framework for error annotation.

Costa et al. (2012) provide a corpus of 6,000 questions that have been manually

translated into Portuguese. Error annotation addresses two types of errors that arose

during the manual translation: semantic-level errors and structure-level errors.

Federico et al. (2014) propose a statistical framework to analyse the impact of

di�erent error types, employing linear mixed models for machine translation. The

experiments are designed for English as the source language and languages that are

distant from English as the target language. The paper uses a set of four error

classes which partially overlap with those used by Vilar et al. (2006): reordering

errors, lexicon errors, missing words, morphological errors.

de�ned in Section 4.3.2), and because terminology in the literature is heterogeneous (e.g., adequacy,
faithfulness, factuality).
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Costa et al. (2015) introduce a linguistically motivated taxonomy of errors in

machine-translated text. The taxonomy has �ve high-level error categories: Or-

thography, Lexis, Grammar, Semantic, and Discourse.

Specia et al. (2017) present a large-scale machine translation (MT) dataset that

combines various degrees of human annotation with automatically recorded produc-

tivity features. Errors are annotated using the Multidimensional Quality Metrics

(MQM) error annotation framework (Lommel et al., 2014). The errors are broadly

categorised into three main categories: Accuracy, Fluency and Terminology. Addi-

tionally, these errors are populated with detailed error categories from MQM.

Tezcan et al. (2017) introduce the SCATE (Smart Computer-aided Translation

Environment) MT error taxonomy, which is hierarchical and categorises errors into

Accuracy errors (detected by examining both source and target sentences), and

Fluency errors (relating to the wellformedness of the target sentence, regardless of

content or meaning).

Caseli and In�acio (2020) address error analysis of neural MT (NMT) system

outputs for Brazilian Portuguese, comparing the errors made by the NMT system

with those made by a phrase-based machine translation (PBSMT) system. The

error analysis adopted by the paper extends the taxonomy put forward by Martins

and Caseli (2015), which consists of four broad error categories: syntactic errors,

lexical errors, n-gram, reordering errors.

Popovi�c (2020) introduces a manual evaluation method for MT outputs which

marks up errors in the translated text. The proposed method uses two quality

criteria: Comprehensibility and Adequacy. Comprehensibility refers to the degree

to which a translated text can be understood (as distinct from 
uency). Adequacy

refers to the degree to which the translation conveys the meaning of the original

source text. These error types each subdivide into Major and Minor, which refers

to the severity.

Huang et al. (2020) introduce PolyTope, a set of eight metrics for Accuracy and

Fluency error types, designed to quantify primary errors for 10 representative models
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for text summarisation. Accuracy-type errors occur when a target summarisation

does not match or accurately re
ect the source text, while Fluency-type errors relate

to linguistic properties of the text that are independent of how source and target

relate. These categories subdivide into three levels of severity: Critical, Minor and

Major.

Thomson and Reiter (2020) propose a methodology for gold-standard accuracy

evaluations in texts generated by data-to-text systems. There are six main cate-

gories: Incorrect Number, Incorrect Named Entity, Incorrect Word, Context Error,

Not Checkable and Other Error.

Specia et al. (2021) report the WMT 2021 Shared Task on Quality Estimation,

where the aim is to predict the quality of outputs of neural machine translation

(MT) systems at the word and sentence levels. Three main categories of meaning

deviation are involved: Mistranslation, Omission and Hallucination. For each mean-

ing deviation category, there are �ve critical errors. Annotators are instructed to

ignore minor grammatical or typographical errors.

Mahmud et al. (2021a) report a comprehensive qualitative and quantitative com-

parative analyses of recently proposed source code summarisation models. A tax-

onomy of di�erent error types across various models is used, with seven top-level

categories: Missing Context, Missing Information, Incorrect Semantic Information,

Incorrect Construction, Consistent with Ground Truth, Extraneous/Unnecessary,

and Over-generalisation.

Zou et al. (2022) explore the e�ect of translation briefs and search conditions on

the quality of post-editing performed by participants with varying levels of trans-

lation expertise, using the error categorisation scheme adopted by the American

Translators Association (ATA).4 Mistranslations and addition/omission errors fall

under a single Accuracy error type, while usage, grammar and others fall under Flu-

ency. Each category has two levels of severity: AccuracyCritical, Accuracy Minor,

Fluency Critical and Fluency Minor. Note that in this study, errors of omission and

4https://www.atanet.org/certification/how-the-exam-is-graded/error-categories/
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addition are (unusually) treated as the same error type, rather than two di�erent

types.

Al Sharou and Specia (2022) adds two new categories of critical errors to that

de�ned by Specia et al. (2021): deviation in instructions and other critical meaning

deviation.

Tang et al. (2022a) investigate factual errors in summarisation system outputs,

in the context of which they unify nine existing factual error annotation schemes

into a single-level hierarchical typology. The latter distinguishes errors on a number

of di�erent dimensions, of which just two are used in the reported work: intrinsic

(misrepresented words from the source text) vs. extrinsic (added words not in the

source text) errors, involving a noun phrase vs. a predicate.

Kasner and Dusek (2022) present a zero-shot alternative for data-to-text gen-

eration using ordering, aggregation, and paragraph compression. A manual error

analysis is performed using �ve error types: Hallucination, Incorrect Fact Merging,

Omissions, Redundancy, Grammar Error, and Dis
uency.

3.3.3 Results

Paper and Taxonomy Name (where named) Language Generation Task #
E

rr
or

ty
p

es

#
Le

af
no

de
s

D
ep

th

Costa et al. (2012) Machine Translation [MT] 11 9 2
Federico et al. (2014) Machine Translation [MT] 5 4 1
Costa et al. (2015) Machine Translation [MT] 36 25 4
Specia et al. (2017) Machine Translation [MT] 21 15 4
Tezcan et al. (2017), SCATE Machine Translation [MT] 45 33 4
Caseli and In�acio (2020) Machine Translation [MT] 17 12 2
Popovi�c (2020) Machine Translation [MT] 7 4 2
Huang et al. (2020), PolyTope Text Summarisation [TS] 11 8 2
Thomson and Reiter (2020) Data-to-Text Generation [D2T] 7 6 1
Specia et al. (2021) Machine Translation [MT] 19 15 2
Mahmud et al. (2021a) Textual Summarisation of source code [TS(SC)] 39 31 2
Zou et al. (2022) Machine Translation [MT] 5 4 1
Al Sharou and Specia (2022) Machine Translation [MT] 25 21 2
Tang et al. (2022a) Text Summarisation [TS] 19 8 5
Kasner and Dusek (2022) Data-to-Text Generation [D2T] 6 5 1
Minimally merged error taxonomy Task-agnostic 40 30 4
Maximally merged consensus error taxonomy Task-agnostic 15 11 3

Table 3.1: Overview of properties of the error annotation schemes that form the
basis of the merged taxonomies presented in this chapter (last two rows).
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Table 3.1 presents an overview of the �nal set of selected 15 papers, ordered by

year of publication, and providing information about authors, language generation

task,5 number of error types, number of leaf nodes and depth of the taxonomy. The

number of error types is the number of nodes in the tree including the root. For

example, the (complete) error annotation scheme used by Popovi�c (2020) is (error

! (comprehensibility ! (major, minor)), ! (adequacy (major, minor))), and we

count that as 7 di�erent error types.

The number of leaf nodes is simply the number of terminal nodes in a taxon-

omy, 4 in the above example. Note that in some cases, both internal and leaf nodes

are used in annotation, in other cases just leaf nodes. Thedepth of the tree is

the longest path from the root to a leaf. In the above example, the depth is 2. If

there is no underlying hierarchical structure, then depth=1 (as we always assume a

default top-level root error category, even if an explicit one is not included).

Building on our systematic survey, we propose a task-agnostic consensus error

taxonomy of content/meaning error type which we discuss in detail in the following

section. We derive a single hierarchy of error types by merging only those error

categories that are identical in scope across papers while retaining task-speci�c leaf

nodes only when they capture genuinely distinct phenomena (Fig. 3.1), and, where

needed for comparability, consolidating error categories that that denote the same

phenomenon (Fig. 3.2). We present both minimally merged (�ne-grained) and

maximally merged (coarse) variants of the taxonomy, along with the orthogonal

error type schemes.

3.4 Consensus Taxonomy of Semantic Error Types

3.4.1 General error concepts

Our proposed consensus error taxonomy is intended for input-controlled text gen-

eration rather than free text generation. In the case of the former, only con-

5Note that our taxonomy is task-agnostic.
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tent/meaning from the input must be present in the output, and all content in the

input must be present in the output, except in contexts where only task-relevant

parts of the input are required (e.g. in Summarisation and arguably also in Para-

phrasing). What constitutes an error is therefore relatively clear in input-controlled

text generation. If we think of the output as rendering the input, errors in input-

controlled text generation are mismatches between input and output, where the

input (1) is missing something (often referred to as an error ofOmission), (2) adds

something it shouldn't (error of Addition ), or (3) renders something from the in-

put wrongly (error of Substitution). De�nitions of these and other error types are

provided in the following section.

It is much less clear what constitutes an error in free text generation. Factual

incorrectness and faulty common-sense reasoning are at the clearer end of the spec-

trum, but deviation from an intended reference continuation and relevance to the

prompt are less clear to judge or measure. The term `hallucination' is often used as

something of a coverall term for anything that is undesirable in the output in free

text generation.

In contrast, in input-controlled text generation, factual incorrectness or common-

sense faults have no relevance; what matters is whether what is in the output can

be justi�ed by (a) overlap between input and output content, and (b) whether the

given NLP task requires all content in the input to be rendered, or just part of it.

In other �elds such as psychology, the term `hallucination' is de�ned e.g. as

\a percept, experienced by a waking individual, in the absence of an appropriate

stimulus from the extracorporeal world" Blom (2010). Because of its association

with mental health conditions, using the term for errors made by a computational

system is controversial, and we prefer to use the more sober `addition error' or

just `addition.' Recent LLM work also recommends reframing such phenomena as

`confabulation' (Sui et al., 2024). We stick with the task-grounded term `addition'

here, while noting this alternative terminology.

Omission errors are also a recognised phenomenon in neuroscience, de�ned e.g. as
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\infrequent errors consisting in missing responses to the target stimuli" (Perri et al.,

2017) which is fairly close to how the concept is used in NLP error assessment.

Section 3.4.2 provides an overview of the consensus taxonomy. Sections 3.4.3

and 3.4.4 detail the two construction steps of minimally and maximally merged

taxonomies. Section 3.4.5 outlines how the �nal consensus taxonomy can be used

in practice.

3.4.2 Overview of taxonomy

We present a consensus taxonomy of errors of meaning and content for use in error

annotation and analysis that is based on a representative sample of existing tax-

onomies and is agnostic with respect to NLP task and domain. We proceed towards

this goal in two steps: (1) directly deriving a single hierarchy of error types from

our sample of existing taxonomies, minimally merging only those categories that are

identical in scope (even if a di�erent category name is used); (2) merging further er-

ror categories that are very similar (but not necessarily identical) in scope, yielding

what we call a maximally merged taxonomy which standardises over, and encodes

the consensus among, the original error type schemes.

The error taxonomies that form the starting point for our process of consensus

identi�cation often address both errors of content/meaning, and errors of form. We

only use the former, although the orthogonal error types below (Section 3.4.4) can

in principle apply to errors of either form or content/meaning.

We draw the line between the two as follows. Errors of content/meaning (in

input-controlled NLG) refer to cases where the information conveyed by the output

di�ers from the information conveyed by the input. They are de�ned relative to the

input, hence can only be identi�ed with reference to the input. Errors of form in

NLG in general refer to 
aws or mistakes in how the word sequence in the output is

put together (rather than what it means), e.g. grammatical errors, dis
uencies, or

inappropriate style.

In this thesis, we only consider errors of content/meaning. We use content/meaning
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error type as an umbrella for meaning-level errors across the literature, subsuming

MQM Accuracy and terms such as adequacy, faithfulness, factuality, and �delity,

because many of these labels are overloaded or used inconsistently (e.g., \accuracy"

as a performance metric). To avoid ambiguity, we standardise on the high-level

content/meaning error type, mapping to our task-agnostic error types, Omission,

Addition, and Substitution.

Figure 3.1: The minimally merged taxonomy of categories of errors in data-to-text
and text-to-text generation (see Appendix A.1 for de�nitions of error categories).
Note that we have left o� some subclasses (see in text for details).
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3.4.3 Minimally merged error taxonomy

As our starting point we collated all error categories along with their de�nitions

where available from all of our 15 papers (see Appendix A.1). We removed those

categories that relate to errors in the form, rather than the content, of outputs.

Furthermore, we removed highly task or domain-speci�c categories, e.g. Missing

Programming Language Information in code-to-summary generation Mahmud et al.

(2021b), and Toxicity-introducing Error in catastrophic error detection Al Sharou

et al. (2021); Specia et al. (2021).

For the remaining error categories we then grouped those together that we took

to refer to the same error phenomenon, and arranged the resulting groups in su-

perset/subset relations. This gave us what we refer to as our minimally merged

taxonomy, shown in Figure 3.1. Each node in the hierarchy in Figure 3.1 shows the

original names of the error categories and the papers we extracted them from. For

the de�nitions provided in the original paper for each of these error categories, see

Appendix A.1. We added two error categories (Content Substitution and Other) to

ensure completeness and balance in the taxonomy.

For space reasons, in the diagram we are not showing subcategories that refer

purely to (i) whether the error relates to a single word vs. multiple words Caseli

and In�acio (2020); (ii) whether the error was major/critical vs. minor; (iii) which

syntactic category the error related to (e.g. part of speech); and (iv) whether the

error concerns function word(s) or content word(s). We return to these four sets of

subcategories in the next section.

As can be seen from Figure 3.1, there is considerable consensus about the higher

up categories, where we found up to ten papers using the same error category, albeit

often under di�erent names. In the next section, we develop the consensus further,

generalising and creating single labels for sets of error names, to create a maximally

merged version of the taxonomy.
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Figure 3.2: The maximally merged consensus taxonomy of categories of errors in
data-to-text and text-to-text generation, with orthogonal error types.

3.4.4 Maximally merged error taxonomy

Building on the process of alignment and consensus identi�cation in the previous

section, the next step toward our overall goal was to create a single generic error an-

notation taxonomy that would work across task construals and application domains.

Importantly, this is an error annotation taxonomy, not an automatic edit-distance

metric. Unlike TER, which measures token-level edits against a reference, our con-

sensus taxonomy aims to classify meaning/content deviations relative to the input,

and is task-agnostic. More speci�cally, our objectives were as follows:

1. To normalise the di�erent names used in the source papers for the same error

type using single error category names;

2. To ensure that names and de�nitions are general enough to work for text

generated under both data-to-text and text-to-text tasks, the latter including

at least summarisation, paraphrasing and machine translation; and

3. To extract the orthogonal error type dimensions and incorporate them sepa-

rately, rather than duplicating them across di�erent parts of the taxonomy as

previously in Figure 3.1, e.g. for the meaning deviation subtypes towards the
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top right of the diagram (NEs, Pos/neg, Numerical, Other), since including

them in the main hierarchy would necessarily duplicate categories.

The extraction criterion for orthogonal error type dimensions was that any of the

primary error categories can additionally be annotated with them.We identi�ed the

following:

1. Type of deviation in meaning between input and output Sharou and Specia

(2022); Thomson and Reiter (2020); Tang et al. (2022a) resulting from one of

the primary error types (listed at the end of this subsection):

(a) NE Deviation: Deviation in named entities.

(b) Pos/Neg Deviation: Deviation in negation, polarity or positive/negative

sentiment.

(c) Numerical Deviation: Deviation in numerical content.

(d) Other Meaning Deviation.

2. Number of words involved in a given error Caseli and In�acio (2020): Single

Word and Multiple Words.

3. Severity of the error: Major and Minor Zou (2022); Popovi�c (2020); Specia

et al. (2017, 2021).

4. Degree to which words in the error contribute to the content/meaning of the

output: Content Word(s) vs. Function Word(s) Costa et al. (2012, 2015);

Specia et al. (2017).

Note that our aim was to extract all error categories that met the extraction crite-

rion precisely because, if systematically applied, they cause unnecessary duplication

in the hierarchy. Conversely, the remaining error categories do not cause such dupli-

cation. In other words, this is a fundamental di�erence between, on the one hand,

the error categories in the taxonomy which are in natural subsumption relationships

with each other, and, on the other, the orthogonal error types which are not, and

can apply to any categories at any level of the hierarchy. We believe it is therefore

right to account for them di�erently.
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After taking out the orthogonal error types, the remaining error categories in

the taxonomy are as shown on the left of Figure 3.2. The corresponding de�nitions

are the following:

1. Content/Meaning Error : The highest level error category subsuming all

errors in outputs that relate to the content/meaning of the output rather than

its form (see also start of Section 3.4.4 on content vs. form).

2. Omission : Some content that is present in the input and should be rendered

in the output is not present in the output. Moreover there is no content in the

output that is intended to render it, but does so wrongly. That is, this type

of error can be �xed by adding something to the output.

3. Addition : Some content that is not present in the input and should not be

rendered in the output is present in the output. Moreover there is no content

in the input that it is intended to render, but renders wrongly. I.e. this type

of error can be �xed by removing something from the output. Addition errors

can be further classi�ed into:

(a) Duplication: Some content is repeated verbatim in the output, but there

is no corresponding repetition in the input.

(b) Other.

4. Substitution : Some content in the output, that is intended to convey some

content that is present in the input, does it wrongly. This de�nition means that

a substitution cannot equally be construed as the combination of an omission

and an addition. This type of error can be �xed by replacing something in the

output. Substitution errors can be further classi�ed into:

(a) Should Not Be Verbatim: Some part of the input has been copied verba-

tim to the output, but should have been rendered di�erently.

(b) Should Be Verbatim: Some part of the input should have been copied

verbatim to the output, but has been rendered di�erently.
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(c) Lexical Error: An error that can be �xed by replacing one lexical item in

the output with another.

(d) Error In Input: An error that is caused by an error in the input.

(e) Reordering: An error that can be �xed by reordering parts of the output.

(f) Other Wrongly Rendered Output.

3.4.5 Example usage

Figure 3.3: Input/output pair from WebNLG dataset: input `triples' at the top,
verbalisation beneath, both with linked annotations for two errors, using maximally
merged consensus taxonomy.

Figure 3.3 shows an input/output pair from the WebNLG Shared Task data

(Gardent et al., 2017a) annotated with the (maximally merged) consensus taxon-

omy, including annotations for the orthogonal error types. The input meaning rep-

resentation (known as a set of triples in WebNLG terminology, where each triple

consists of the elements: Subject, Predicate, and Object) is shown at the top, with

a verbalisation for it produced by one of the participating systems. We later use

this example method to annotate semantic errors on various data-to-text system in

Chapter 4.

The steps in annotating the output text for errors are as follows (shown here

for manual annotation by marking up and labelling character spans; alternatively

labels can be attached to default spans, such as sentences or whole inputs/outputs):

1. Compare input and output, identifying and marking up word spans in the

output text that contain some error, and the corresponding span in the input;

in the case of Omission errors, the span in the output will be an empty string in

the approximate place where the verbalisation of the omitted content would
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be, had it been rendered, and in the case of Addition errors, conversely an

empty string is annotated span in the input;

2. For each linked annotation, a label is attached from the top level in the tax-

onomy (Omission, Addition, Substitution), then from the second level, until

leaf nodes are reached;

3. Finally, the orthogonal error type labels are attached, one from each type.

Note that this is intended as an illustration of how the consensus taxonomy would

be used for manual annotation. The annotation as shown in Figure 3.3 was done

by the thesis author. See following section re expanding the taxonomy with further

error categories, and using it for automatic error annotation.

3.5 Discussion

Error analysis identifying di�erent types of errors plays an important role in NLP

system development, providing information about speci�c strengths and weaknesses

frequencies of error occurrence, for di�erent approaches, rather than a global quality

assessment. For this, whether manually or automatically carried out, error categories

need to be de�ned, at multiple levels of granularity.

The current situation is that many di�erent sets of error categories are in use,

certainly for di�erent application tasks (MT, Paraphrasing, data-to-text, etc.), but

very much also the same tasks, as can be seen from the ten di�erent sets of error

types for MT we have included in this chapter (see Table 3.1). Creating a consensus

taxonomy incorporating and standardising existing taxonomies means both being

able to create annotations and counts that are directly comparable across di�er-

ent research e�orts, and, through maximising consensus, increase the taxonomy's

acceptability.

The consensus taxonomy as presented incorporates only error categories as used

in previous work. The taxonomy can be expanded in various ways at the leaf nodes

to increase granularity, notably in the Substitution category, and particularly to
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re
ect domain and task-speci�c distinctions. In principle, the taxonomy can be

used for both manual and automatic error annotation.

In standardising the error categories we have tried to make them applicable across

all input-controlled forms of text generation. However, the judgment in particular

of whether there is an Omission is di�erent in tasks where not all of the input needs

to be rendered in the output, such as Summarisation. The task we will use the

taxonomy for is word-span error annotation across various data-to-text systems as

reported in Chapter 4.

Unlike Chapter 2, which set the background and terminology, this chapter pre-

sented our work where we took 15 papers with error annotation schemes and derived

a consensus taxonomy from them in two stages. The �rst was directly forming a

taxonomy from error categories and hierarchical relations between them in their

original forms; the second stage was maximally standardising and merging error

categories and identifying and treating separately what we called orthogonal error

categories that are not in any subsumption relations with other categories.

This chapter established a task-agnostic consensus taxonomy for content/meaning

errors. Chapter 4 presents a systematic review of error annotation schemes and tax-

onomies for human and machine-generated text. From this review, we then select a

subset of papers that is used in the systematic survey reported in this chapter and

and apply the consensus error taxonomy in a span-based error annotation study on

triple input(s) and data-to-text system outputs, in order to investigate the nature

of semantic errors across systems.
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Generation of Semantically Consistent Text and Its Evaluation

Chapter 4

Exploring Semantic Consistency

Issues in Natural Language

Generation Systems

4.1 Background

With the recent advances in pretrained language models scaled to ever larger num-

bers of parameters and the ever larger datasets that these models are trained on,

the quality of generated text has improved dramatically, especially in terms of 
u-

ency and coherence (Brown et al., 2020; Zhang et al., 2022; Ho�mann et al., 2022).

However, these advances have come at the expense of semantic controllability, with

the modern generative systems being commonly prone to errors of meaning/content

such asadditions, omissions, repetitions and substitutions (Bang et al., 2023). In

controlled text generation, whether converting structured data into text or produc-

ing free-form outputs guided by speci�c attributes, the output must faithfully re
ect

some or all of the input. However, maintaining this semantic consistency remains a

persistent challenge for even the most advanced neural generators (Corbelle et al.,

2022; Raj et al., 2023; Yang et al., 2024). Addressing semantic consistency issues

requires identifying whether the generated output omits, adds or alters meaning
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relative to the input, and pinpointing speci�c semantic error types to accurately

re
ect the inconsistency. This can be achieved through semantic error annotation

or labelling using the di�erent error types provided by a chosen annotation scheme

or taxonomy (e.g. our consensus semantic error taxonomy described in Chapter 3).

In this chapter, we conducted a systematic literature survey of 22 papers. The

scope of this survey is to map out work on annotating errors in human and ma-

chine generated text, with a particular focus on error taxonomies. The purpose of

this survey is to draw similarities and di�erences in the error annotation schemes

reported in these papers for semantic errors. Additionally, we investigate how dif-

ferent semantic, or content-related, errors made by di�erent types of data-to-text

systems di�er in terms of number and type.

The content of this chapter is previously reported in our following publications:

1. Huidrom and Belz (2022)

2. Huidrom et al. (2024)

4.2 Chapter Overview

We present a systematic review of semantic errors in di�erent error annotation

schemes and taxonomies for human and machine generated text. We looked at

a total of 22 papers, highlighting similarities and di�erences among these error

annotation schemes based on factors such as target text type, error types captured,

NLP task involved, purpose of annotation and annotation scheme properties.

Additionally, we conducted a comprehensive text annotation experiment yielding

word span annotations of semantic errors made by a range of di�erent data-to-

text systems. The result is a dataset of system outputs with manually annotated

semantic errors, providing a basis for valuable insights regarding semantic errors

made by di�erent systems. We provide an in-depth analysis of the annotated data

to identify patterns and correlations between di�erent types of errors.

Our explorations have resulted in:
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1. A structured survey of work on error type annotation schemes (with a focus on

error taxonomies) in human and machine generated text, covering both con-

tent/meaning and form errors, as reported in papers from the ACL Anthology

(Section 4.3).

2. In-depth analysis of properties of the error annotations schemes surveyed (Sec-

tions 4.3.2 and 4.3.3).

3. A comprehensive text annotation experiment by obtaining word-span error an-

notations of semantic errors made by a range of di�erent data-to-text systems

using brat annotation tool (Section 4.4).

4. Creation and publication of a dataset of system outputs with manually anno-

tated semantic errors, providing a basis for valuable insights regarding seman-

tic errors made by di�erent systems (Section 4.4.2).

5. In-depth analysis of the annotated data to identify patterns and correlations

between di�erent types of errors (Section 4.4.4).

6. Detailed discussion of our key observations and �ndings for each respective

study (Sections 4.3.3, 4.4.5).

4.3 Systematic Review of Error Annotation Schemes

and Error Taxonomies

4.3.1 Paper selection and �ltering

We searched the ACL Anthology1 for our paper selection with the query terms \er-

ror taxonomy" and \NLP," and \error type annotation" and \NLP" which yielded

84 results. We included papers published up to year 2022. We removed non-paper

1https://aclanthology.org
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results and duplicates,2 which left 27 papers. We manually examined the remaining

papers keeping only those that actually reported an error taxonomy or error annota-

tion scheme including semantic errors, which left 18 papers. We added four relevant

papers from the related work sections of three of the 18 papers. Our survey reviews

the resulting 22 papers.

4.3.2 Properties of Error Annotation Schemes

Addressing semantic consistency issues requires identifying whether the output omits,

adds or alters meaning relative to the input, and correctly categorising these incon-

sistencies into speci�c semantic error types. This process relies on semantic error

annotation or labelling using the di�erent error types provided by a chosen annota-

tion scheme or taxonomy. It is essential to distinguish clearly between semantic error

annotation schemes (or taxonomies) and semantic error assessment. Semantic error

assessment is the process of verifying, manually or automatically, that everything

conveyed by the output is fully aligned with, and does not exceed, what is present

in the input. In contrast, semantic error annotation schemes (or taxonomies) de�ne

various types of semantic errors that can be used to annotate or label inconsistencies

in an input{output pair.

In order to enable a systematic comparison of the various error annotation

schemes and draw conclusions about their similarities and di�erences, we labelled

each scheme in terms of (i) whether it was designed for machine or human generated

text; (ii) whether it contained error types related to semantic accuracy, 
uency or

both; (iii) NLP system task; (iv) purpose of the annotation that was carried out;

and (v) details of how many error labels and how many hierarchical levels there are

in the scheme.

2Search results included 39 author pro�les, and 18 paper duplicates, where papers are repeated
in two places, e.g. when the same paper is found both individually and as a part of proceedings in
the search.
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Error Types De�nition(s)
Hallucination
(h)

An example de�nition in the context of NLP is \generated content that
is nonsensical or unfaithful to the source content." This is a widely
accepted term (Ji et al., 2022) to refer to content in the output that
does not have corresponding content in the input. The term comes
from the �eld of psychology where e.g. Blom (2010) de�nes hallucination
as \a percept, experienced by waking individual, in the absence of an
appropriate stimulus from extracorporeal world." Some other terms
used for errors very similar to hallucination areaddition, insertion, extra
words, unnecessary information.

Omission (o) Used so commonly in MT that a de�nition is not usually given, this term
refers to content in the input that should be rendered in the output
not having corresponding content in the output (Weng et al., 2020).
Some alternative terms in use aredeletion, absent word/n-gram, missing
context/information.

Replacement (re) We use this term to refer to a range of error phenomena (given a va-
riety of names in the literature) where some content in the output is
clearly intended to convey some part of the input, but does so incor-
rectly (Subramaniam et al., 2009; Gouws et al., 2011; Han and Baldwin,
2011; Al Sharou and Specia, 2022). We can also look at replacement
errors from the perspective of a combination of omission and addition,
in the special case where what is added is the incorrect version of what is
omitted. Some alternative terms also in use aresubstitution, mistrans-
lation, transposition .

Repetition ( r ) An example de�nition is \occurrence of the same words several times
or syntactically similar units unintentionally or on purpose" (Al Sharou
et al., 2021). Some alternative terms in use areduplication, redundancy.

Figure 4.1: De�nitions of high-level semantic error types found in the literature (Col
1: semantic error types; Col 2: de�nitions). Please note that we generally prefer
the term `arbitrary content addition' or just `content addition' but use the original
term used in the literature (`hallucination') to avoid confusion.

4.3.2.1 Text type and error type:

We categorise each paper in terms of the (1)text type, and (2) error type addressed.

Regarding the former, we group the error annotation schemes in our survey into

those developed for machine-generated text (MGT) and those developed for human-

generated text (HGT), according to the following de�nitions:

ˆ Machine generated texts (MGT) i.e. synthetic texts generated by a sys-

tem or a model based on pre-de�ned rules or algorithms, including MT, text

summarisation, story generation etc. Errors like mistranslation, omission or

arbitrary content addition, etc. are observed frequently in annotation schemes

for this text type. Figure A.5 in the Appendix A.2 provides examples of typical

errors. This is the text type of interest for this thesis.
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ˆ Human generated texts (HGT) include reference texts for evaluating sys-

tems, and training corpora for various downstream NLP tasks. The nature

of the text depends on its intended purpose and oftentimes, they are used for

evaluation of the models we build. Compared to MGT, HGTs are less prone to

semantic errors. However, it cannot be generalised that all human generated

texts are of good quality, and semantic errors do occur. Figure A.14 in the

Appendix provides examples of errors in human-generated texts.

We further categorise error annotation schemes in terms of the broad error type(s)

addressed. Here we use `accuracy' and `
uency3' as shorthand for content type errors

as per Figure 4.1, and non-content type errors, respectively. These two terms are

used frequently in the MT literature, e.g. in the Multidimensional Quality Metrics

(MQM) framework4 (Lommel et al., 2014) where they are de�ned as follows:

ˆ Accuracy : Errors where the target sentence does not correspond to the

source text due to omission, distortion or addition to the text. Error types in-

clude mistranslation, over-translation, under-translation, untranslated, omis-

sion, and addition.

ˆ Fluency : Errors related to grammar and style. Examples include errors relat-

ing to spelling, punctuation, grammatical rules, inconsistent style, unidiomatic

style etc.

4.3.2.2 Structure of annotation scheme:

We also categorised error annotation schemes in terms of two structural properties:

1. The number of di�erent error types included in an annotation scheme,

for which we use a standardised de�nition as the number of nodes in the tree

including the root;

3Please note that for this thesis, we are only interested in content/meaning errors and not

uency error type.

4MQM is not listed separately in Section 3.3, which surveys papers that apply MQM rather
than framework speci�cations.
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1. Costa et al. (2015) MGT MT X X 36 4 EAn+EA+EC
2. Al Sharou and Specia (2022) MGT MT X 8 1 EAn+E(S)
3. Caseli and In�acio (2020) MGT MT X X 17 2 EAn+EA+E(S)
4. Federico et al. (2014) MGT MT X X 5 1 EAn+EA
5. He et al. (2021) MGT EA(D) X 32 2 EAn+EA+E(S)
6. Belkebir and Habash (2021) MGT EA(S) X 34 2 EAn+EA
7. Huang et al. (2020) MGT TS X X 11 2 EAn+E(S)
8. Di et al. (2019) MGT MI X 5 2 EAn+EA+E(S)
9. Mahmud et al. (2021a) MGT TS(SC) X 39 2 EAn+E(S)
10. Costa et al. (2012) MGT CE X X 11 2 EAn+EA+E(C)
11. Macklovitch (1991) MGT MT X X 23 2 EAn+E(S)
12. Lin et al. (2022) HGT EC(T) X 7 2 EAn+E(C)+E(S)
13. van der Goot et al. (2018) HGT TN X 20 3 EAn+E(S)
14. Ng et al. (2014) HGT EC(G) X 29 1 EAn+E(S)
15. Dickinson and Herring (2008) HGT MDC X 11 2 ED+EA
16. Dickinson (2010) HGT EG X 14 3 EAn+E(C)
17. Nagata et al. (2018) HGT EC(S) X X 14 1 EAn+E(C)+EC
18. Gayo et al. (2016) HGT CE X X 4 1 EAn+E(C)
19. Barbagli et al. (2016) HGT N(CL) X X 35 3 EAn+E(C)
20. Himoro and Pareja-Lora (2020) HGT EC(S) X 39 7 EAn+E(C)+EC
21. Caines et al. (2020) HGT D X 25 1 EAn+E(C)
22. Korre et al. (2021) HGT ETC X 17 1 EAn+E(C)+EC

Table 4.1: Overview table of properties of the error annotations schemes surveyed
(for explanation of abbreviations see Table 4.3 and in text).

2. The depth of the hierarchical structure underlying the scheme. If there is

no underlying hierarchical structure, then depth=1. Depth = levels - 1, where

levels are the number of nodes in the longest path from root to the leaf nodes.

4.3.2.3 NLP task and annotation scheme purpose:

We distinguish the following NLP System Tasks, abbreviated as indicated in square

brackets in tables below: Machine Translation [MT], Text Summarisation [TS],

Textual Summarisation of source code [TS(SC)], Type-level Universal Morphologi-

cal Rein
ection Task [MI], Automatic Translation Error Correction [EC(T)], Text

Normalisation [TN], Grammar Error Correction [EC(G)], Morphological Error De-

tection and Classi�cation [MDC], Error Generation [EG], None (Corpus Linguistics)

[N(CL)], Dialogue [D], Error Type Classi�cation [ETC] and Spelling Error Correc-

tion [EC(S)].
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NLP System Task also includes the following automatic forms of error annota-

tion: Automatic Error Annotation for Dataset Creation [EA(D)], Automatic Error

Annotation of System outputs for evaluation [EA(S)], Automatic Corpus Error anno-

tation/analysis [CE]. The NLP System Task is de�ned for what the error annotation

scheme is used for in its respective papers.

Inspired by Machine Translation (MT) research which takes a very structured

approach to error analysis (Stymne and Ahrenberg, 2012; Koponen, 2010), error

classi�cation (Vilar et al., 2006; Popovi�c and Burchardt, 2011; Popovi�c, 2021), and

building error taxonomies (Costa et al., 2015; Al Sharou and Specia, 2022), we also

categorise our error annotation schemes in terms of thepurpose for which an

error annotation scheme was created as follows: Error Classi�cation is EC,

Error Annotation is EAn, Evaluation for systems is E(S), Evaluation for corpus

errors is E(C), Error Detection is ED and Error Analysis is EA. The purpose is

de�ned for what the error annotation scheme that was created is used as in its

respective papers.

4.3.2.4 Labelled annotation schemes:

Table 4.15 shows each of the 22 surveyed papers alongside their individual labels.

Columns 3 and 4 indicate text type and NLP Task, Columns 5 and 6 whether Ac-

curacy or Fluency is addressed, and the last three columns show number of di�erent

Error Types, Depth, and Purpose for which the scheme was created, respectively,

all as de�ned in the preceding section.

As can be seen, there is an even distribution of papers over text type addressed

(HGT vs. MGT). Moreover, none of the 11 papers addressing HGT address only

accuracy errors, most address only 
uency (8 out of 11), and just three address

both accuracy and 
uency errors. For the 11 MGT papers, we have a fair mix of

di�erent types of errors i.e., three address only accuracy errors, two only 
uency

5Table 3.1 summarises structural properties for the 15 schemes used to derive our taxonomy,
whereas Table 4.1 reports the full 22-paper survey with additional attributes (HGT/MGT, task,
Accuracy/Fluency coverage, and purpose).
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errors, and six address both. Determining the number of error types and the depth

of the hierarchy (if any) has been a challenge due to lack of clarity within the

papers. For example, Gayo et al. (2016) do not mention the error sub-types in

the taxonomy clearly which makes counting them di�cult. This means we have

provided an estimate in some cases.

All 22 papers have a combination of purposes for which the scheme was created

(last column).

4.3.3 Discussion

In this section, we present a structured survey of error taxonomies and error-

annotation schemes for human and machine-generated text, covering both error of

content/meaning and form. A subset of the works surveyed here is used in Chapter

3 to derive the consensus taxonomy for content/meaning errors.

4.3.3.1 Trends Observed:

Table 4.2 presents the overall trend in di�erent types of semantic errors included in

error annotation schemes over the years in our surveyed papers. We mark as 1 if

we encounter any one of the semantic error types from Figure 4.1 in a paper (each

paper can have more than one semantic error type). For example, we have a count

of 4 for arbitrary content addition errors from 2020 which means four papers address

such errors in the year 2020. The paper IDs are taken from Table 4.1.

Semantic Error 19
91

20
08

20
10

20
12

20
14

20
15

20
16

20
18

20
19

20
20

20
21

20
22

T
O

TA
L

Arbitrary content addition ( h) 1 1 1 1 1 1 4 4 1 15
Omission (o) 1 1 1 1 1 4 4 1 14
Replacement (re) 1 1 4 2 2 10
Repetition ( r ) 1 1 2 2 1 7
TOTAL 3 2 3 3 2 2 14 12 5 46

Table 4.2: Number of taxonomies that incorporated each of the four high-level
semantic error types from Figure 4.1, shown per publication year in our set of 22
papers.
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Purpose (Paper)[Sem. Error] MGT HGT
Error Analysis & Error Annotation (EA+EAn) (4,6)[h,o,re] X

Error Detection & Error Analysis (ED+EA) (15)[n] X

Evaluation of systems & Error Annotation
(E(S)+EAn)

(2,7,9,11,13)[h,o],(2,11)[re],
(7,9)[r ],(14)[n]

X X

Error Annotation & Error Analysis & Error
Classi�cation (EAn+EA+EC)

(1)[h,o,r ] X

Evaluation of corpus errors & Error Annotation
(E(C)+EAn)

(19,21)[o],(21)[h,re],
(16,18)[n]

X

Error Annotation & Error Analysis & Evalua-
tion of systems (EAn+EA+E(S))

(3,5)[h,o,r ],(3)[re],(8)[n] X

Error Annotation & Error Analysis & Evalua-
tion of corpus errors (EAn+EA+E(C))

(10)[h,o] X

Error Annotation & Evaluation of corpus errors
& Evaluation of systems (EAn+E(C)+E(S))

(12)[re] X

Error Annotation & Evaluation of corpus errors
& Error Classi�cation (EAn+E(C)+EC)

(20,22)[h,o,re], (17)[n] X

Table 4.3: For each (combination of) purpose(s) in the 22 surveyed papers, the tax-
onomies to which it applies (round brackets), and the semantic error types covered
by each of those taxonomies [square brackets]. We also show text type to which each
(combination of) purpose(s) applies.

Four out of the �ve papers in our survey published more than ten years ago

(2012 and earlier) are categorised as HGT (except the paper by Macklovitch (1991)

which is categorised as MGT), and do not report any semantic errors in their error

annotation scheme. In addition, another paper, by Di et al. (2019), grouped under

MGT, also does not report any semantic errors. We observe a total of 46 semantic

error types reported in the papers from our survey.

Table 4.3 shows in the �rst column, all the combinations of purposes for which

an error annotation scheme was created that we encountered in our 22 surveyed

papers. The second column shows paper number (e.g. "(15)"), type of semantic

errors addressed in each paper (e.g. "[h, o, r ]") or none ("[n]"). The last two

columns show text type (HGT vs. MGT).

We observe that papers where text type is MGT typically address one or more

semantic errors (10 out of 11 papers), except for the paper by Di et al. (2019) whose

purpose is error analysis and evaluation of systems. Half of the papers labelled HGT

do not address any semantic errors. The other half of the papers with error anno-
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Figure 4.2: Number of papers reporting semantic errors in the taxonomies.

tation and evaluation of corpus or error classi�cation as purpose in HGT addresses

semantic errors. The statistics of how many papers address each of the high-level

semantic error types in the MGT and HGT groups can easily be seen in Figure 4.2.

Table 4.2 shows the high-level semantic error types reported in each year in

our survey. It is interesting to observe that addressing semantic errors has become

increasingly frequent in very recent years. One reason is likely to be the shift from

controlled pipeline approaches to end-to-end neural approaches for many NLP tasks.

4.3.3.2 Observations:

We discuss the issues we observed in labelling the error annotation schemes and

taxonomies in our survey. We summarise these observations from the perspective of

semantic errors as follows:

1. Lack of standardisation across schemes (e.g., de�nition, examples) is ob-

served which hampers deriving a standardised framework for semantic errors.

We found that 11 out of 22 papers (50%) mention only the name of an error

type or its sub-type without de�ning them at all. It is highly observed in

the HGT group, with eight out of 22 papers. In some cases it is di�cult to
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categorise schemes/taxonomies in terms of thehigh-level error type(s)from

Figure 4.1.

2. Di�ering and/or incompatible error names and de�nitions: In our

survey, we encountered only two papers Dickinson and Herring (2008); Dick-

inson (2010) with mutually compatible error type de�nitions and these are by

the same �rst author. For the remaining papers, either the error de�nitions

means the same but the error term is di�erent, or vice versa.

3. Borderline error types that cannot clearly be assigned either to semantic

accuracy or to 
uency. Categorising the error annotation schemes for which

this is the case in the survey as accuracy and/or 
uency errors is sometimes

di�cult due to the (lack of) provided de�nitions, examples, etc. We found

12 out of 22 papers (which is more than 50%) to be di�cult to categorise

which corresponds to three out of 11 papers for the MGT group, and 9 out

of 11 papers for HGT. This di�culty implies an unclear boundary between

accuracy and 
uency types of errors.

Further interesting observations can be drawn from Table 4.1 and Table 4.3 con-

cerning the relationship between semantic errors on the one hand, and text types

(MGT, HGT) and broad errors types (accuracy and 
uency), on the other. Nine

out of 11 papers in the MGT group address either accuracy error types only (3/9),

or accuracy error types together with 
uency error types (6/9). Arbitrary content

addition (currently more commonly known as hallucination) and omission are the

most common semantic errors reported and we see them in all nine papers under

the MGT group. Repetition (in combination with other semantic errors) is the next

frequently reported semantic error and we see it in �ve out of nine papers under

the MGT group. Meanwhile, three papers in the HGT group address both accuracy

and 
uency error types with only one paper out of the three addressing omission.
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4.3.3.3 Conclusion

In conclusion, we conducted a structured survey of work on error type annotation

schemes (with a focus on error taxonomies) in human and machine generated text,

covering both content/meaning and form errors, as reported in papers from the ACL

Anthology. We conducted our study from the perspective of semantic error annota-

tion. We observed a number of issues while analysing the papers in our survey which

we characterised in terms of (1) lack of standardisation, (2) di�ering/incompatible

error names and de�nitions across di�erent papers, and (3) borderline error types

which resist being classi�ed as either 
uency or accuracy related. Notably, we ob-

served that these borderline cases occur more frequently in error annotation for

human-generated text rather than machine-generated. Given the �ndings, our the-

sis adopts a consensus error taxonomy for semantic errors as described in Chapter 3.

We use our consensus error taxonomy on its highest level in our experiment reported

in Section 4.4.

4.4 Investigating Error Types in Existing Lan-

guage Generation Systems

We conducted a comprehensive text annotation experiment yielding word span an-

notations of semantic errors made by a range of di�erent data-to-text systems. The

result is a dataset of system outputs with manually annotated semantic errors,

providing a basis for valuable insights regarding semantic errors made by di�erent

systems. We provide an in-depth analysis of the annotated data to identify patterns

and correlations between di�erent types of errors. The resulting insights into how

NLG system type, input length and seen vs. unseen inputs relate to speci�c semantic

error types are crucial. By looking at if there are omitted, added or altered meaning

in the generated output relative to the input, we can precisely identify each system's

strengths and weaknesses.

We start by obtaining word-span error annotations of semantic errors in a vari-
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ety of data-to-text system input/output pairs, using the brat annotation tool. We

discuss our method in more detail in the next section. We then analyse the annota-

tions to determine how many semantic errors di�erent (types of) systems make, and

what speci�c types of errors they make, and thus to get an overall understanding of

semantic strengths and weaknesses among various types of NLG systems.

Appendix A.3 include the participant recruitment email text, feedback from pilot

participants, annotation steps, and additional results tables and analyses.

4.4.1 Pilot experiment and feedback

We conducted a pilot experiment on a set of 10 triples/verbalisation pairs with 10

researchers from ADAPT Research Centre, Ireland. The pilot preceded the main

annotation study and was used to test the guidelines and the brat setup. We col-

lected feedback via a Google Form to identify questions or issues encountered during

the annotation process, and to collect suggestions regarding ways to improve the

evaluation design, etc. We paid each evaluator 15 Euros per hour for the pilot. We

received ethical approval from DCU's Research Ethics Committee (REC) to perform

this experiment (REC Reference: DCUREC/2023/106).

One common suggestion was to add more examples to the annotation guidelines,

including special cases that annotators should look out for. Other feedback related

to how to present the layout of triples/verbalisation pairs on brat, providing step-

by-step instructions on using brat, and giving background information on what a

triple and verbalisation are. More details can be found in Appendix A.3.2.

After improving the evaluation design based on the feedback from our pilot

experiment, we conducted our main evaluation study with 15 evaluators on 30

triples/verbalisation pairs for each evaluator. We paid 25 Euros for our main

study, estimating that it took about an hour to do. We raised the payment rel-

ative to the pilot experiment due to the task's increased complexity in the number

of triples/verbalisation pairs to be evaluated. All communication for both the pilot

and main experiments took place via email exchanges.
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4.4.2 Word-span-based annotation method

4.4.2.1 Types of systems

We evaluate a total of 15 data-to-text systems, comprising three rule-based systems

and 12 neural systems, of which two are o�-the-shelf large language models (LLMs)

without any training or �ne-tuning. 13 systems are from the WebNLG 2020 Shared

Task (Ferreira et al., 2020) and the other two systems are from Lorandi and Belz

(2024b). The 13 systems from WebNLG were those that performed best in the

shared task according to the multiple criteria used in WebNLG's human evaluation.

Table 4.4 provides an overview of the 13 systems in terms of their WebNLG

categorisation (�rst column), the name of the participating WebNLG'20 team (where

applicable), and the name of the model used by the submitted systems as per the

WebNLG'20 system description reports. We colour-code system names by broad

system type in orange (rule or template-based), blue (neural non-LLM) and pink

(LLM), using inclusive color palettes,6 following this scheme throughout the section.

We release our annotated dataset publicly on GitHub.

4.4.2.2 Data selection and allocation

We randomly selected 450 input-output pairs by strati�ed sampling based on the

number of triples in the input and WebNLG category.7 We allocate these samples to

each evaluator using repeated Latin squares8 which has the e�ect that each evaluator

annotated a di�erent set of 30 input and system output pairs, and each evaluator

assessed two system outputs from each system, given that we used two Latin squares

where the size of each Latin square is the number of evaluators by the number

of systems (15 x 15). The data selection and allocation process is illustrated in

Figure 4.3. All our data are in English.

6https://www.nceas.ucsb.edu/
7We had intended to stratify by whether properties were seen or unseen in the training data,

however, we used the WebNLG'17 list of unseen properties erroneously, so counts aren't in quite
the same proportions as the whole dataset.

8We chose Latin-square design to optimise cost and bene�t. The Latin-square design lets each
evaluator review a small, balanced subset of input-output pairs, without having to annotate every
possible input-system combination.
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Categorisation Participating Team
(model type)

Monolingual, mono-task,
template-based

1RALI (Template-based),
2DANGNT-SGU
(Template-based)

Baseline 3Baseline-Forge2020
(Rule-based)

Monolingual, mono-task,
neural

4TGen (T5), 5NILC
(BART), 6NUIG-DSI (T5)

Mono-task, bilingual
approaches

7cuni-ufal (mBART),
8Huawei Noah's Ark Lab
(multilingual
transformer-based seq2seq
model), 9OSU Neural
NLG (T5), 10FBConvAI
(BART)

Bidirectional, monolingual
approaches

11Amazon AI (T5),
12CycleGT (T5)

Bidirectional, bilingual
approaches

13bt5 (T5)

Large language models, no
training or �ne-tuning

14GPT 3.5,
15Llama-chat-270B

Table 4.4: Color-coded (rule-based, non-LLM neural and large language models
(LLM)) summary of the participating teams' systems categorisation, taken verbatim
from WebNLG 2020 results report.

4.4.2.3 Participant selection

We invited researchers at the ADAPT Research Centre (Ireland) to participate in

our study via an email (see email template in Appendix A.3.1) to the centre-wide

mailing list, linking to a sign-up form that asked for English language pro�ciency

(Pro�cient User { C1, C2, Independent User { B1, B2, Basic User { A1, A2), prior

experience with error annotation (yes/no), and an example annotation. Participants

were excluded if they had no prior experience with error annotation or if the example

was incorrectly annotated.

We received a total of 11 sign-ups. Out of these, 10 marked their English lan-

guage pro�ciency as Pro�cient User (C1, C2), and one marked it as Independent

User (B1, B2). Six participants had prior experience with error annotation, while

�ve did not. We selected six participants from the sign-ups based on their prior
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Figure 4.3: Data selection and allocation work
ow.

experience with error annotation and the correctness of their example annotation.9

An additional nine participants were selected from a previously conducted pilot ex-

periment (see Section 4.4.1 for pilot details); these are pro�cient users of English

and NLP researchers.

4.4.2.4 Error categories

We use three error types10 and de�nitions for annotation, following Chapter 3. We

refrain from using the term `hallucination' due to its meaning in the �eld of psy-

chology. For instance, Blom (2010) de�nes hallucination as \a percept, experienced

by waking individual, in the absence of an appropriate stimulus from extracorporeal

world." Instead, we use the term \addition" as de�ned below. In the following

de�nitions, `input' is the set of triples, and `output' is the verbalisation (text).

ˆ Omission: Some content that is present in the input and should be rendered

in the output is not present in the output. Moreover, there are no word span(s)

in the output that are intended to render it, but do so wrongly. I.e. this type

of error can be �xed by adding something to the output.

ˆ Addition: The output text contains word span(s) for which there is no cor-

responding part of the input that they render. In other words, some content

that is not present in the input and should not be rendered in the output is

9Refer to the example annotation in the participation selection form; the link to this resource
is provided in Appendix A.3.5.

10We did not include the Substitution error type because, in pre-pilot trials, annotating it reliably
in a span-based setting proved cognitively demanding.
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nevertheless rendered by some word span(s) in the output. Moreover, there

is no content in the input that the word span(s) are intended to render, but

render wrongly. I.e. this type of error can be �xed by removing something

from the output.

ˆ Repetition: Some content is repeated verbatim in the output, but there is

no corresponding repetition in the input.

4.4.2.5 Annotation process

We record the word-span annotations of our set of input and system outputs pairs via

the brat annotation tool.11 The input here is a set of triples, and the system output

is the generated verbalisation. Each triple consists of the elements Subject, Pred-

icate, and ObjectFor example, an input triple could beTake It Off (Subject),

producer (Predicate), Wharton Tier (Object) , and the corresponding system

output (verbalisation) could be Wharton Tiers produced Take It O�.

The annotation task is to mark and label omissions in the set of input triples,

and additions and repetitions in the verbalisation. There can be any number of

semantic errors, including none, in any triple-set/verbalisation pair.

4.4.2.6 Summarised annotation steps

The following is the summarised annotation steps. Verbatim annotation instructions

can be found in Appendix A.3.3.

1. Omission annotation: The evaluator should check if each element in the input

triples is verbalised. If any element is missing, it should be marked as an

omission error. If the entire triple is not verbalised, each element of the triple

should be marked as an omission. If all elements are verbalised, it means there

are no omission errors.

2. Addition annotation: The evaluator should check if all content words and

phrases in the verbalisation correspond to elements in the triples. If any con-

11https://brat.nlplab.org
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tent word or phrase does not match an element in the triples, it should be

marked as an addition error. If all content phrases correspond correctly, it

means there are no addition errors.

3. Repetition annotation: The evaluator should check for repeated content in the

output, including closing paraphrases. If any element in the triples is rendered

more than once, it should be marked as a repetition error, unless there is

corresponding repetition in the input triple elements. If all content words

and phrases in the verbalisation correspond correctly to the triples without

repetition, it means there are no repetition errors.

4.4.3 Human evaluation

4.4.3.1 Data

We use the system outputs from the WebNLG 2020 (Ferreira et al., 2020) on the

English test dataset, which contains 1,779 di�erent input triple sets. There are a

total of 19 categories12 in the WebNLG 2020 dataset, of which 16 are present in the

training set, and three are unseen in the training set (Film, MusicWork, Scientist).

Table 4.5 shows the overall counts of the number of triples and categories in the

WebNLG 2020 English test dataset along with the counts in the strati�ed samples.

Number of Triples Categories
1 2 3 4 5 6 7 Seen Unseen

O 369 349 350 305 213 114 79 966 813
S 90 90 90 75 60 30 15 285 165

Table 4.5: Triple size and category counts for the overall dataset (third row; `O')
and the strati�ed sample (fourth row; ; `S').

4.4.3.2 Brat annotation tool setup

We use the brat annotation tool (Stenetorp et al., 2012), a web-based tool for text

annotation, to record word-span annotations of semantic errors (omission, addition,

12A WebNLG dataset category groups RDF triples whose subject entities share the same DBpe-
dia class (e.g., \City," \Astronaut," \Building"), enabling the evaluation of data-to-text systems
across diverse semantic domains.
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and repetition) in input triple sets and system output pairs. We use ngrok13 to host

brat for our experiment. The annotators were provided with the link to the brat

annotation tool via email along with login credentials (username and password).

To annotate the errors, the evaluators have to (i) log in to the brat annotation

tool using the provided credentials, (ii) open the correct data collection via the pop-

up window and select the �le containing the input{output pair to be annotated, (iii)

select the word span to be marked as an error, which gives a pop-up window con-

taining the list of semantic error types under the `entity type' label in the interface,

(iv) select the correct `entity type' label for the selected word span (v) navigate to

the next or previous �le using the arrow buttons in the top-left corner, and (vi) log

out of the brat annotation tool.

Figure 4.4: Screenshot of the brat annotation interface showing example in-
put{output pairs and an Addition error annotation.

13A secure tunnelling service for exposing local web servers to the public internet. Available at
https://ngrok.com
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4.4.4 Results and analysis

In this Section, we present our results and analysis. We report the raw error counts

(Table 4.6), followed by error rates for di�erent input properties (Tables 4.7, 4.8,

and 4.9). Lastly, we present further analysis on the correlation between error types

and system type.

System
#Omissions
(n, %)

#Additions
(n, %)

#Repe-
titions
(n, %)

#Total
errors

WebNLG 2020
(Avg. Raw)

Fluency
Data
Coverage

R
ul

e-
ba

se
d Baseline-FORGE2020 12 (44.44%) 13 (48.15%) 2 (7.41%) 27 82.430 92.892

DANGNT-SGU 14 (42.42%) 18 (54.55%) 1 (3.03%) 33 78.594 95.315
RALI 13 (36.11%) 21 (58.33%) 2 (5.56%) 36 77.759 95.204

N
on

-L
LM

ne
ur

al

Amazon-AI-Shanghai 15 (44.12%) 19 (55.88%) 0 (0.00%) 34 90.286 94.393
NUIG-DSI 20 (58.82%) 14 (41.18%) 0 (0.00%) 34 88.898 92.063
NILC 47 (54.65%) 36 (41.86%) 3 (3.49%) 86 74.851 81.605
TGEN 18 (50.00%) 18 (50.00%) 0 (0.00%) 36 86.163 88.176
CycleGT 19 (55.88%) 14 (41.18%) 1 (2.94%) 34 84.820 91.231
FBConvAI 16 (38.10%) 23 (54.76%) 3 (7.14%) 42 90.837 93.169
OSU-Neural-NLG 11 (44.00%) 8 (32.00%) 6 (24.00%) 25 90.066 95.123
cuni-ufal 21 (52.50%) 15 (37.50%) 4 (10.00%) 40 87.642 93.291
bt5 16 (45.71%) 19 (54.29%) 0 (0.00%) 35 88.688 93.836
Huawei-Noah's-Ark-Lab 30 (46.88%) 30 (46.88%) 4 (6.25%) 64 75.205 84.743

LL
M GPT-3.5 13 (33.33%) 26 (66.67%) 0 (0.00%) 39 - -

LLAMA-2 70bchat 24 (42.11%) 32 (56.14%) 1 (1.75%) 57 - -
Mean 19.267 20.4 1.8 41.467
Standard Deviation 9.177 7.763 1.859 15.95

Table 4.6: Counts and row percentages of each error type for each system. The
last two columns present the average 
uency and data coverage scores from the
WebNLG'20 human evaluation analysis.

4.4.4.1 Raw error counts

Table 4.6 provides counts of each error type for each system, including the number of

omissions, additions, repetitions, and total errors. The last two columns in Table 4.6

present 
uency and data coverage scores copied verbatim from the WebNLG 2020

Shared Task human evaluation, obtained on the WebNLG 2020 Human Evaluation

test set. Fluency measures \Is it possible to say that the text progresses naturally,

forms a coherent whole and it is easy to understand the text?" Data coverage

measures \Does the text include descriptions of all predicates presented in the data?"

Human evaluators scored these criteria on a likert scale of 1-100.

We can see that omission and addition errors are more prevalent and consistent

across systems, as indicated by their higher mean values and moderate standard
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deviations. These errors occur relatively frequently, with less variation between

systems, suggesting that their occurrence is more predictable. In contrast, repetition

errors occur less frequently but have pronounced relative variability, as evidenced by

a standard deviation that exceeds their mean. However, it has to be noted that due

to their sparsity, repetition error counts and rates provide a less reliable picture than

the other two error types investigated here. Omission and addition errors constitute

46.47% and 49.19% of all errors, respectively, while repetition errors account for just

4.34%.

Highlighting some system-speci�c observations, we can observe that14 (i) NUIG-

DSI, a non-LLM neural system, has a higher proportion of omission errors compared

to the other two error types (58.82%); (ii) GPT-3.5 (LLM) shows a higher proportion

of addition errors (66.67%) and has no repetition errors; (iii) OSU-Neural-NLG, a

non-LLM neural system has a relatively high proportion of repetition errors (24%);

and (iv) cuni-ufal, another non-LLM neural system, also has a high proportion of

repetition errors (10%).

Rule-based systems have fewer total errors on average than neural systems. How-

ever, rule-based systems have a higher tendency towards addition errors, suggesting

they struggle with �ltering out unnecessary items. Non-LLM neural systems, show

a balanced distribution between omission and addition errors. Repetition errors

are relatively low across all non-LLM neural systems, except for OSU-Neural-NLG,

which has a higher repetition rate (24%). LLM-based systems are observed to have

a strong tendency to add extra content but manage to avoid repetitions e�ectively.

Systems with higher 
uency scores tend to have lower total errors, especially

omission and repetition errors. For example, Amazon-AI-Shanghai and OSU-Neural-

NLG have 
uency scores above 90 and these systems show below-average omissions

(15 and 11, respectively) and repetitions (0 and 6) with total errors of 34 and 25.

FBConvAI, despite a 
uency of 90.837, has an average total error count (42) and a

relatively higher number of additions (23) and repetitions (3).

14Each percentage is calculated relative to that system's total number of errors.
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Systems with high data coverage tend to have higher addition errors. For exam-

ple, DANGNT-SGU, Amazon-AI-Shanghai and OSU-Neural-NLG have data cover-

age score above 94 (see Table 4.6) and these systems exhibit low omission errors but

sometimes have more additions as in DANGNT-SGU. Meanwhile, low 
uency and

low data coverage systems have higher errors across all types, in general. For ex-

ample, NILC have the lowest 
uency (74.851) and data coverage (81.605) score and

highest total errors (86), suggests that low 
uency and low data coverage correlates

with higher errors, especially omission and addition errors. While speci�c 
uency

and data coverage scores are not available for the LLM systems, the error patterns

suggest a tendency for over-generation (more addition errors).

Overall, the rule-based systems are more consistent and generally reliable with

balanced error types, meaning that the rule-based systems tend to have a more

uniform error distribution, with less variation in the number of omission, addition,

and repetition errors between the di�erent rule-based systems. Non-LLM neural

systems can achieve higher 
uency and data coverage but need careful management

of errors, meaning that high 
uency and high data coverage correlates with lower

errors. LLM-based systems show potential but require improvement in addressing

over-generation (additions) and missing content (omissions) issues e�ectively.

4.4.4.2 Error rates relative to di�erent factors

In this section, we calculate error rates relative to (i)input size (number of triples);

(ii) system type (rule/template-based, non-LLM neural, LLM-based); and (iii)

seen vs. unseen properties , in order to gain a better understanding of how these

factors relate to errors.

(i) Rates of omission, addition and repetition errors relative to input size.

Table 4.7 shows occurrence rates for omission, addition and repetition errors relative

to di�erent numbers of input triples (1{7). We de�ne these error rates as:
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Error Rateinput size =
E i;e

i � Ti
(4.1)

where e denotes the error type (one of omission, addition, and repetition), andi

denotes input triple size (one of 1{7). E i;e is the number of errors found for the

given error type e and input size i , while Ti is the total number of data items of

length i . Multiplying Ti by i gives us the total number of triples in data items of

input size i . Intuitively, these error rates thus capture how many e.g. omission errors

there are per triple for a given input size. Note that we need to look at per-triple

rates here to be able to compare error rates across input sizes. For consistency, we

also report the other two error rates below per triple.

Error Rate
1 triple 2 triples 3 triples 4 triples 5 triples 6 triples 7 triples

Error Type (n=90) (n=90) (n=90) (n=75) (n=60) (n=30) (n=15)
Omissions 0.167 0.183 0.152 0.23 0.187 0.3 0.2
Additions 0.278 0.139 0.207 0.23 0.217 0.256 0.191
Repetitions 0 0.011 0.015 0.013 0.013 0.055 0.029

Table 4.7: Rates of omission, addition and repetition errors relative to input size.

None of the error types follow a uniformly increasing or decreasing trend ac-

cording to Table 4.7. Omissions and repetitions have a slightly clearer tendency

to increase with more triples, indicating greater challenges in handling larger input

sizes. Notably, 4-triple inputs show the same error rate (0.23) in both omissions

and additions. The error rate at 6 triples is observed to be the highest error rate

in omissions and at 1 triple as the highest rate for addition. Repetitions follow a

clearer upward trend with increasing numbers of triples, although they are the least

frequent error type.

It is clear from Table 4.7 that the complexity introduced by higher numbers of

triples impacts error rates to some extent, and this is clearer in the case of omissions

and repetitions. Additions do not show any clear trend with changing input sizes.

(ii) Rates of omission, addition and repetition errors relative to system

type. Second, we look at occurrence rates for omission, addition and repetition
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errors for rule-based, non-LLM neural and LLM system types. We de�ne this error

rate as follows:

Error Ratesystem type =
Es;e

i s � Ts
(4.2)

where e denotes the error type (one of omission, addition and repetition), ands

denotes system type (one of rule-based, non-LLM neural and LLM).Es;e represents

the number of errors found for the given error typee and system types. Ts is the

total number of data items produced by systems of types, and i s is the average

number of input triples in data items of types.

Error Rate
Neural

Error Type Rule-based
LLM +
Non-LLM
neural

LLM
Non-LLM
neural

Omissions 0.137 0.219 0.195 0.224
Additions 0.182 0.223 0.305 0.206
Repetitions 0.018 0.019 0.005 0.022

Table 4.8: Rates of omission, addition and repetition errors relative to system type.

Table 4.8 highlights substantial di�erences in error rates between the di�erent

types of system. Rule-based systems have the lowest omission rate (0.137), with non-

LLM neural systems having the highest (0.224), and LLM systems (0.195) falling

in between. The indication is that overall, neural architectures are more prone to

omission errors than rule-based systems, although LLMs less so than other neural

systems.

Overall, addition rates are higher than omission rates, except for non-LLM neural

systems. The gap is particularly big for LLM systems which also have the highest

overall addition rate (0.305); rule-based systems have the lowest (0.182).

Repetition rates are notably low across all systems because the inputs are struc-

tured rather than raw text, and the models are optimised to generate natural, 
uent

output. LLM systems have the lowest repetition rate (0.005), suggesting a superior

ability to avoid redundancies. Non-LLM neural systems have the highest repetition
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rates (0.022), followed closely by rule-based systems (0.018).

Rule-based systems generally show lower error rates in both omissions and ad-

ditions compared to neural systems, suggesting a more controlled and predictable

output. Non-LLM neural systems have lower addition error rates (0.206), but these

are still higher than those of rule-based systems. LLM models, while showing high

error rates in additions, perform well in minimising repetition errors.

(iii) Rates of omission, addition and repetition errors relative to seen vs.

unseen category. Finally, we look at occurrence rates for omission, addition and

repetition errors relative to seen vs. unseen WebNLG properties. We de�ne this

error rate as:

Error Rateseen=unseen =
Ec;e

i c � Tc
(4.3)

wheree denotes error type (one of omission, addition and repetition), andc denotes

category (one of seen and unseen).Ec;e is the number of errors found for the given

error type e and categoryc. Tc is the total number of data items in categoryc

produced by systems, andi c is the average number of input triples in data items of

type c.

Error Rate

Error Type
Seen

(size 1-6 only)
Unseen

Omissions 0.144 0.301
Additions 0.199 0.246
Repetitions 0.011 0.03

Table 4.9: Rates of omission, addition and repetition errors relative to seen vs.
WebNLG unseen category.

Table 4.9 shows the resulting error rates. Note that error rates are computed on

the subset of data items of input lengths 1{6, because that is all we have for the

seen category. We observe that the omission rate for data items containing unseen

properties (0.301) is more than twice that of data items with only seen properties

(0.144). This suggests that when the systems encounter data it has previously been
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exposed to, it is much better at ensuring that necessary elements are not omitted.

For addition rates, the di�erence between items with seen (0.199) and unseen (0.246)

properties is smaller, Repetition errors are the least frequent across both categories,

with 0.011 for seen and 0.03 for unseen, but here nearly three times as many mistakes

are made for unseen properties.

4.4.4.3 Correlation between error types by system type

In Table 4.10, we report Pearson's correlation coe�cients between error types for

all system types combined (last row), and separately by system type (rest of table).

We aim to look at correlations between error types at the system level and identify

any observable trends.

Om vs Add Add vs Rep Rep vs Om
Rule-based 0.619 -0.143 -0.866
LLM N/A N/A N/A
Non-LLM neural 0.847 0.046 0.152
All neural 0.712 -0.076 0.197
Overall correlation 0.715 -0.068 0.192

Table 4.10: Pearson's correlation coe�cients for pairs of error types, separately for
the three system types at the top (NA for LLMs where we only have two data
points), and for all system types in the last row (Overall correlation coe�cient ).
Om=Omission, Add=Addition, Rep=Repetition.

We observe a strongly positive overall correlation between omissions and addi-

tions (0.715), i.e. systems that make more omission errors also tend to make more

addition errors. This holds true for all system types. In contrast, there is no correla-

tion between additions and repetitions (-0.068), or between repetitions and omissions

(0.192), when not di�erentiating between systems (overall correlation).

However, when looking at correlations for system types separately, we observe a

strong inverse relationship between repetitions and omissions (-0.866) for rule-based

systems, i.e. systems that make repetition errors does not tend to make omission er-

rors. Both non-LLM neural and all neural systems show strong positive correlations

between omissions and additions (0.847 for the former, and 0.712 for the latter),

i.e. systems that make more omission errors also tend to make more addition er-
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rors. Non-LLM neural systems have the highest correlation between omissions and

additions.

4.4.5 Discussion

Correlation and Dependency Insights. We observe a strong positive correla-

tion between omissions and additions across di�erent types of systems, perhaps in-

dicating a common underlying cause for these errors where they do occur. Notably,

neural systems (both LLM and non-LLM) exhibit this trend, perhaps suggesting

that when these systems fail to include expected elements, they overcompensate by

adding unexpected ones.

Distinct System Type Behaviours. Rule-based systems show a strong negative

correlation between repetitions and omissions, and have a higher tendency towards

addition errors than the other two, possibly because they struggle with precision

in �ltering out unnecessary items despite their reliable factual accuracy (Gatt and

Krahmer, 2018).

On the other hand, the neural systems all have strong positive correlations be-

tween omissions and additions. Non-LLM neural systems show the highest such

correlation, emphasising the need for robust training and error-mitigation strategies

for such systems.

Impact of Seen vs. Unseen Data. All error rates are higher in data containing

unseen properties than in data containing only seen. We observe a clear trend where

systems perform better on familiar (seen) data across all error types. This is consis-

tent with the expectation that models or systems are generally more accurate when

dealing with data they have previously encountered. The considerably higher error

rates for the unseen category indicate that systems' cannot transfer all learning to

unseen data. This is particularly evident in the substantial increase in omission and

repetition errors, suggesting that the underlying model may require further training

or �ne-tuning to improve its generalisation capabilities. In contrast, addition errors
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show a smaller increase.

Errors by Input Complexity (Number of Triples). We observe that omis-

sions and repetition rates have an overall tendency to increase with more triples,

indicating that handling larger input sizes presents greater challenges. The 
uctua-

tion in addition rates without a clear trend suggests that this error type might be

a�ected by speci�c characteristics of the input data rather than its size alone.

4.4.5.1 Conclusion

In conclusion, we conducted a manual word-span annotation experiment with the

aim of investigating the di�erent types and numbers of semantic errors observed

in the texts generated by 15 data-to-text generation systems, namely 13 WebNLG

2020 systems and two more recent LLM-based systems. We outlined our annotation

guidelines and experimental setup, then examined both absolute error counts and

error rates by input size, system type, and seen versus unseen categories. Symbolic

(rule/template) systems showed the highest semantic consistency, non-LLM neural

models delivered better 
uency and coverage but still generated notable errors and,

LLMs struggled most with over-generation and omissions, exhibiting an addition

error rate relative of system type of 0.305.

In addition, there was partial agreement between the reference labels from the

slot-error script and NLI-SED system in 12 cases, where both detected an omission

(and one additionally detected a hallucination). There was no partial agreement on

hallucinations.

4.5 Chapter Summary

In this chapter, we systematically investigated semantic consistency issues in lan-

guage generation, focusing on semantic errors such as omissions, additions, and

repetitions. Our work has resulted in two major contributions.

First, we conducted a structured survey of 22 papers on error annotation schemes
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and taxonomies for both human and machine-generated text. We analysed the

surveyed schemes and taxonomies in terms of their target text type, error types,

NLP tasks, annotation purposes, and structural properties. Our �ndings revealed

a lack of standardisation across schemes, inconsistencies in error de�nitions and

terminologies, and the presence of borderline cases between semantic accuracy and


uency errors. Please note that Chapter 3 uses a subset of papers to derive a

consensus taxonomy of content/meaning error type, whereas Chapter 4 reports a

broader 22-paper survey (human and machine-generated text) that also covers errors

of form.

Second, we presented a comprehensive word-span-based annotation experiment

targeting semantic errors in outputs from 15 data-to-text systems, including rule-

based, non-LLM neural, and LLM-based models. Our analysis highlighted trends

in error distribution relative to system type, input size, and seen versus unseen

categories. Notably, neural systems exhibited higher omission rates, LLMs showed

a tendency for addition errors, and rule-based systems maintained better overall

semantic consistency. However, all system types demonstrated some degree of se-

mantic inconsistency, underscoring the persistence of this challenge across di�erent

architectures and methodologies. Please note that we use Omission, Addition and

Repetition error types from our consensus taxonomy in Chapter 3. We did not

include the Substitution error type because, in our pre-pilot trials, annotating it

reliably in a span-based setting proved cognitively demanding.

Overall, this chapter deepens the understanding of semantic errors in text gen-

eration, identi�es challenges in error annotation practices, and highlights the im-

portance of standardisation and rigorous reproducibility in evaluation studies. Cru-

cially, our �ndings show that all system types su�er from semantic consistency issues,

making it clear that for high-quality, controlled text generation, these errors must

be systematically addressed.

The following chapter builds on this insight by exploring methods for automati-

cally identifying semantic consistency errors.
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Generation of Semantically Consistent Text and Its Evaluation

Chapter 5

Automatic Methods for

Identifying Semantic Consistency

Errors

5.1 Background

Ensuring semantic consistency between input and output is a known weakness in

state-of-the-art neural generators. Here, some or all of the input must be matched in

speci�c ways by the output, whether mapping structured data to text or producing

free-form text under speci�ed control attributes. There are currently no su�ciently

reliable methods for (i) for testing semantic consistency as part of the neural gen-

eration process, or (ii) for evaluating systems in terms of the degree to which they

achieve it.

This poses particular problems for tasks like data-to-text generation (Corbelle

et al., 2022), where the goal is for the output to be entirely controlled by the in-

formation given in the input. Having an automatic way to check that input and

output carry the same content would be invaluable, both as an online metric, e.g.

to rank candidate outputs, and o�ine for system improvement. However, currently

the most reliable way to perform such semantic consistency assessment is through
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manual evaluation. An automatic method that can reliably assess the semantic con-

sistency between inputs and outputs directly would be useful not only for evaluation

post development and during iterative improvement cycles, but also potentially as

part of the text generation method itself, e.g. via reranking of outputs (Harkous

et al., 2020b). Nevertheless, reliably assessing semantic consistency via automated

techniques continues to be di�cult, and evaluation by comparison to human-written

reference outputs or through human judgement is predominantly used instead in

data-to-text system evaluation, as we previously presented in Chapter 4 (Sections

4.4 and Section A.5).

Prior work has typically framed semantic consistency assessment as either a bi-

nary classi�cation task Harkous et al. (2020b) or a mutual textual entailment prob-

lem Du�sek and Kasner (2020b) between inputs and outputs. Subsequently, methods

such as PARENT, which augments n-gram overlap with source-data coverage for

table-to-text evaluation (Dhingra et al., 2019), and AlignScore, a uni�ed alignment

function trained on diverse tasks to measure factual consistency (Zha et al., 2023),

have improved the evaluation of generated text in terms of source-data coverage

and factual alignment. More recently, transformer-based metrics have been devel-

oped explicitly to assess the semantic �delity of LLM-generated outputs (Raj et al.,

2023). However, fully automatic approaches to semantic consistency evaluation still

fall short of reliably matching human judgements.

In this chapter, we propose an automatic way for checking semantic consistency

as input/output pair testing. Here, we investigate to what extent o�-the-shelf seman-

tic similarity metrics, as well as commonly used lexical and distance-based metrics,

correlate with human evaluation scores of data-to-text system outputs, using a two-

point comparison setup where we compare only input triples to generated text. Our

aim is to determine which of these metrics are best predictors of human judgements

of semantic consistency.

Furthermore, we extend the paradigm of input/output pair testing by using

LLMs themselves to perform automated assessment. We prompt LLMs to judge
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whether each verbalisation accurately represents its corresponding RDF triple(s).

While semantic consistency is our primary focus, we also examine non-semantic as-

pects of LLM-as-Judge evaluation, such as 
uency and grammaticality, to provide a

more complete picture of the approach. Our investigation focuses on the reliability

and generalisability of the LLM-as-Judge approach. In particular, we aim to de-

termine: (i) whether the LLM-as-Judge produces reliable and consistent evaluation

results, and (ii) whether the metrics generated by this method generalise well across

di�erent datasets and settings, without needing additional meta-evaluation based

on human ratings.

Some of the content of this chapter was previously reported in the following

publications:

ˆ Huidrom et al. (2025)

ˆ Huidrom and Belz (2025a)

ˆ Huidrom and Belz (2025b)

5.2 Chapter Overview

We systematically investigate the extent to which similarity metrics are reliable

predictors of human judgements. In addition, we investigate the reliability and

generalisability of LLM-as-Judge approaches to assess semantic consistency. Our

explorations have resulted in:

1. A new WebNLG-style data-to-text dataset of People and Cities categories,

based on named entities from the GREC corpus (Belz et al., 2009).

2. A human-annotated dataset of 100 pairs of input triples and output texts, with

20 input triples from the above new dataset, each verbalised by �ve di�erent

data-to-text systems. These 100 input triple(s) and output text pairs were

evaluated for semantic adequacy on a 1-3 Likert scale by three evaluators, the

thesis author and two colleagues from the same lab, following the WebNLG
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2017 shared task human evaluation guidelines (Shimorina et al., 2018a) (Sec-

tion 5.3.1.1).

3. A two-point comparison method, comparing o�-the-shelf semantic similarity

metric scores with human judgements on input triples and generated text pairs,

with and without texti�cation of input triples (Section 5.3.1.3).

4. In-depth analysis of results, including recommendations on which similarity

metrics best align with human judgements and discussion of their application

in data-to-text generation research (Sections 5.3.2 and 5.3.3; Tables 5.1 to 5.3).

5. A novel LLM-as-Judge method for generalisable meta-evaluation (Section 5.4

and Tables 5.4 to 5.7).

6. A novel LLM-as-Judge method for sanity checking human evaluation (Section

5.5 and Tables 5.8 to 5.13).

7. In-depth analysis of results for the above LLM-as-Judge methods, including

key observations and �ndings (Sections 5.4.4 and 5.5.4).

5.3 Semantic Consistency Checking as Input/Output

Pair Testing

5.3.1 Two-point comparison method

In this section, we introduce an automatic approach for assessing semantic con-

sistency using input/output pair testing. We examine how well existing semantic

similarity metrics correlate with human evaluation scores for data-to-text system

outputs. Speci�cally, we use a two-point comparison that matches input triples di-

rectly to the generated text. Our goal is to identify which metrics most e�ectively

predict human judgements of semantic consistency.
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5.3.1.1 Data

In our experiments, we use two datasets: (1) human evaluation data from the

WebNLG 2017 shared task; and (2) a newly created WebNLG-like data-to-text

dataset consisting of triple set and text pairs in the People and Cities categories,

based on named entities from the GREC corpus, together with human judgments

assessing semantic consistency for these pairs. Fresh data is essential because most

available datasets have been used to train systems, particularly the LLM-based ones,

making it di�cult to test these systems without a new, unseen dataset.

The WebNLG 2017 shared task human evaluation dataset (Shimorina et al.,

2018a) comprises 223 samples per system across ten systems, yielding a total of

2,230 generated texts. Each text was evaluated by three evaluators on a three-point

likert scale, where `1' corresponds to Incorrectly, `2' to Medium, `3' to Correctly, on

three criteria (semantic adequacy, grammaticality and 
uency). For each item, an

evaluator was presented with an input (set of RDF triples) and a system output (a

text) and were asked the question \Does the text correctly represent the meaning

in the data?" to evaluate semantic adequacy on a three-point likert scale. In our

experiment, we focus only on the semantic adequacy criterion. We randomly selected

100 samples from this dataset. This is ourDataset A. Please note that semantic

adequacy errors occur when an output fails to preserve the meaning of its input. In

other words, the generated text must neither omit nor introduce any information

that wasn't present originally. We refer to this assemantic consistency, which is

de�ned as to have everything conveyed by the output fully align with and not exceed

the information present in the input (See Chapter 1 for more details).

Our new dataset (Dataset B) was created using the named entities from the

GREC corpus (Belz et al., 2009) of People and Cities categories. The GREC corpus

(version 2.0) comprises 1,941 texts in total, which are introduction sections from

Wikipedia articles across �ve di�erent domains (cities, countries, rivers, people and

mountains). In this work, we consider only the People (442 texts) and Cities (243

texts) categories. The dataset creation process is described in detail through Algo-
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rithms 1 and 2.

Algorithm 1 Property-to-Entity Mapping Construction

Input:
(a) GRECNE.json: list of entities by category
(b) Ontology property de�nitions: set of valid properties for each category from
the Ontology
(c) DBpedia triple data: all RDF triples (subject, property, object) from DBpedia

Output:
dico entities for triple configuration GRECNEs.json: property-to-entity
mapping

if dico entities for triple configuration GRECNEs.json does NOT exist
then

for each category inGRECNE.json do
for each property relevant to the category (from Ontology)do

for each entity in the categorydo
if there exists at least one triple in DBpedia where the entity is

subject and the predicate is the propertythen
Add the entity to the property's entity list for that category

Save asdico entities for triple configuration GRECNEs.json

The �rst algorithm constructs a mapping from each category to its ontology-

de�ned properties and, in turn, to the named entities from the GREC corpus that

are associated with those properties in DBpedia. Speci�cally, for a given category

(e.g., People), the algorithm identi�es each valid property (e.g., birthPlace) and

collects all named entities (e.g., \Albert Einstein") that appear as the subject in

at least one RDF triple where the predicate matches that property. The result is

a structured mapping of the form: category! property ! [entities], where each

entity is drawn from the GREC corpus and is grounded in DBpedia through at least

one relevant triple. This mapping is subsequently used for targeted triple extraction

in Algorithm 2. The steps we follow in Algorithm 1 are as follows:

ˆ Read the list of named entities grouped by category fromGRECNE.json.

ˆ For each category (e.g.,People, Cities):

{ Retrieve the set of valid properties for the category, as de�ned in the

Ontology.
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{ For each entity in the category:

* Check DBpedia for at least one RDF triple where the entity appears

as the subject and the property as the predicate.

* If such a triple exists, add the entity to the list for that property in

the current category.

ˆ Repeat this process for all categories, properties, and entities.

ˆ Save the resulting mapping (category! property ! [entities]) to

dico entities for triple configuration GRECNEs.json.

ˆ This mapping enables targeted triple extraction, which we use in the second

algorithm.

The second algorithm builds a dataset of RDF triples for each named entity, applies

�ltering and sampling, and formats the output in a WebNLG-like XML format.

We call this new dataset as `Dataset B.' The algorithmic process is outlined in

Algorithm 2 and consists of the following steps:

ˆ Check whether the �le dico input contents DBpGRECNEs.pickle exists.

{ If not:

* Traverse the property-to-entity mapping from Algorithm 1.

* For each category, property, and entity:

· If the entity is in the target list from GRECNE.json, extract all

RDF triples from DBpedia where the entity is the subject and

the property is the predicate.

· Aggregate all such triples per entity.

* Save the resulting entity-to-triples mapping as

dico input contents DBpGRECNEs.pickle .

{ If the pickle �le already exists, load it directly.

ˆ Build a list of all target entities and their categories fromGRECNE.json.
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Algorithm 2 Triple Extraction, Filtering, Sampling, and WebNLG-like XML
Data Creation

Input:
(a) GRECNE.json
(b) dico entities for triple configuration GRECNEs.json

Output:
XML �le containing the WebNLG-like dataset, grouped by entity

if dico input contents DBpGRECNEs.pickle does NOT existthen
for each category indico entities for triple configuration GRECNEs.json

do
for each property in the categorydo

for each entity in the property's entity list do
if the entity is in the target list from GRECNE.json then

Extract all (subject, property, object) triples for that entity from
DBpedia data

Add these (subject, property, object) triples to the list of triples
for the entity in the mapping

Save asdico input contents DBpGRECNEs.pickle then Load
else

Load dico input contents DBpGRECNEs.pickle
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Initialize an empty list target entities
for each category inGRECNE.json do

for each named entity in the categorydo
Add a record with the entity name and category totarget entities

for each record intarget entities do
Let entity be the entity name andcategory its category
For this entity and category, retrieve all properties for which the entity is listed

in dico entities for triple configuration GRECNEs.json
Save these as the valid properties for this entity

for each entity in target entities do
Retrieve available triples for this entity from

dico input contents DBpGRECNEs.pickle
For each (entity, property) for this entity:
Get the actual triple (subject, property, object) from the pickle �le
Keep only triples whose property is valid for this entity
Optionally, remove triples with unsuitable object values
Set N as the target number of triples for this entity (from WebNLG distribu-

tion, e.g., N = 3)
if number of triples is more thanN then

Randomly selectN triples
else

Keep all triples
Save these triples for the entity

for each entity in target entities do
Group the �nal triples for the entity

Write all grouped triples to an XML �le
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ˆ For each entity:

{ Look up the set of valid properties using the property-to-entity mapping.

{ Retrieve all available triples for the entity from the pickle �le.

{ Filter the triples to keep only those with valid properties.

{ Optionally, remove triples with unsuitable object values.

{ Set the target numberN of triples per entity according to the WebNLG

distribution (e.g., N = 3).

{ If more than N triples remain, randomly selectN ; otherwise, keep all.

ˆ Group the �nal triples for each entity.

ˆ Write the grouped triples to an XML �le for downstream use. This is our

`Dataset B.'

For Dataset B, we collected a total of 100 samples, with each of the following �ve

systems generating 20 samples:

1. FORGe (Mille and Dasiopoulou, 2017; Mille et al., 2019) is a portable grammar-

based system that maps predicate-argument structures onto sentences by ap-

plying a series of rule-based graph-transducers.

2. CycleGT (Guo et al., 2020) is a weakly supervised framework that iteratively

bootstraps generation and semantic parsing models by mapping between two

modalities (unaligned text and RDF data) to enable joint model improvement.

3. DCU-NLG-Small (Mille et al., 2024) is a combination of FORGe rule-based

system with a language model of reduced size (T5), where the rule-based

system converts input triples into semantically correct English text and then

a language model to paraphrase these text to make it more 
uent.

4. DCU-NLG-PBN (Lorandi and Belz, 2024a) is a Mistral 7B Instruct model

�ne-tuned with Low-Rank Adaptation (LoRA) to improve performance while

maintaining computational e�ciency.

86



5. DCU-ADAPT-modPB (Osuji et al., 2024) explores two approaches: (1) using

a �ne-tuned Flan-T5-large model for triple ordering and structuring, followed

by prompt-based surface realisation with �ve-shot prompting; and (2) directly

generating text from input triples using a prompt-based model with �ve ex-

amples. We use the latter approach with the Mistral 7B Instruct model.

For Dataset B, following the WebNLG 2017 human evaluation protocol for seman-

tic adequacy criterion, each triple(s)-text pair was independently assessed by three

evaluators. See Figure 5.1 for our human evaluation interface. All evaluators are


uent in English (two of the evaluators are native speakers and colleagues from the

same lab, while the third is the author of this thesis) and they were provided with

the original WebNLG 2017 evaluation guidelines. In our experiment, we report the

average of the three evaluator scores.

In this context, we reuse a selected sample of the WebNLG 2017 human evalua-

tion dataset as Dataset A, and introduce a newly created Dataset B for this study.

Figure 5.1: Human evaluation interface used for Dataset B evaluation.

5.3.1.2 Metrics used

We de�ne semantic consistency as the requirement that an output's content fully

aligns with, and does not exceed, the information in its input. To assess both

semantic similarity and dissimilarity under this de�nition, we use the following 25

automatic metrics (in this experiment, we do not use any reference text):
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ˆ Embedding-based metrics (BERTScore, SBERT variants) :

{ BERTScore: 1 BERTScore (Zhang et al., 2019) compares two sequences

by computing similarity between contextual embeddings produced by pre-

trained Transformer models. It evaluates how well the tokens in one

sequence align with those in the other using cosine similarity.

* Precision (P) : Average of the maximum similarity each token in

the �rst sequence has with tokens in the second.

* Recall (R) : Average of the maximum similarity each token in the

second sequence has with tokens in the �rst.

* F1: Harmonic mean of Precision and Recall.

{ SBERT: 2 Sentence-BERT (Reimers and Gurevych, 2019a) produces dense

sentence-level embeddings using a Siamese or triplet network based on

BERT. The similarity between sequences is calculated via standard vector-

based measures:

* Cosine:
u � v

kukkvk
, in [� 1; 1].

* Dot Product: u � v , unbounded.

* Euclidean: ku � vk2 =
p P

i (ui � vi )2.

* Manhattan: ku � vk1 =
P

i jui � vi j.

ˆ Overlap-based metrics (SacreBLEU, ROUGE, METEOR) :

{ SacreBLEU: 3 SacreBLEU (Post, 2018) standardises the BLEU metric

by controlling for tokenisation, smoothing, and formatting, allowing con-

sistent comparison. It computes n-gram precision and penalises overly

short outputs via a brevity penalty.

{ ROUGE: 4 ROUGE (Lin, 2004) measures the overlap between sequences

based on n-grams and longest common subsequences (LCS). It emphasises

1https://github.com/Tiiiger/bert_score
2https://www.sbert.net
3https://github.com/mjpost/sacrebleu
4https://pypi.org/project/rouge/
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recall, capturing how much of a reference is matched.

* ROUGE-1 : Based on unigram overlap.

* ROUGE-2 : Based on bigram overlap.

* ROUGE-L : Based on longest common subsequence.

Each ROUGE variant (1, 2, L) is accompanied by:

· Precision: LCS length divided by candidate length.

· Recall: LCS length divided by reference length.

· F1: Harmonic mean.

{ METEOR: 5 METEOR (Banerjee and Lavie, 2005) aligns unigrams be-

tween sequences using exact, stemmed, and synonym matches. It bal-

ances precision and recall, and applies a fragmentation penalty to dis-

courage disordered matches.

ˆ Edit- and set-based metrics (Levenshtein, Jaccard, Dice) :

{ Levenshtein Distance: 6 Levenshtein (Levenshtein et al., 1966) com-

putes the minimum number of character edits (insertions, deletions, sub-

stitutions) needed to transform one string into another. It can be nor-

malised to obtain a similarity score.

{ Jaccard Similarity: 7 The Jaccard Index (Jaccard, 1901) measures sim-

ilarity between two sets as the ratio of their intersection to their union:

J (A; B ) =
jA \ B j
jA [ B j

:

{ Jaccard Distance: 8 A dissimilarity measure de�ned as 1� J (A; B )

(Rogers and Tanimoto, 1960).

{ Dice Coe�cient: 9 The Dice coe�cient (Dice, 1945) measures similarity

5https://huggingface.co/spaces/evaluate-metric/meteor/tree/main
6https://pypi.org/project/Levenshtein/
7https://www.geeksforgeeks.org/jaccard-similarity/
8https://en.wikipedia.org/wiki/Jaccard_index
9https://en.wikipedia.org/wiki/Dice-Srensen_coefficient
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as:

D(A; B ) =
2jA \ B j
jAj + jB j

;

which weights shared elements more heavily than Jaccard.

ˆ Learned regressors (BLEURT, InferSent, USE) :

{ BLEURT: 10 BLEURT (Sellam et al., 2020) is a regression model �ne-

tuned on perturbed and human-annotated sentence pairs to predict qual-

ity scores aligned with human judgement.

{ InferSent: 11 InferSent (Conneau et al., 2017) is a sentence embedding

model trained on Natural Language Inference datasets. It produces em-

beddings useful for similarity tasks using cosine or other distance mea-

sures.

{ Universal Sentence Encoder: 12 USE (Cer et al., 2018) generates �xed-

length embeddings from various architectures trained on multitask learn-

ing objectives. Similarity is typically computed using cosine distance.

We apply these metrics to our input/output pairs, where the input RDF triple(s) are

processed either with or without texti�cation (see Algorithm 3 for further details).

5.3.1.3 Our approach

In data-to-text generation, human evaluation remains the gold standard for assess-

ing output quality but is both time-consuming and expensive and often requires

annotators with domain expertise to ensure reliable judgements (Thomson et al.,

2024; Sellam et al., 2020). Consequently, researchers have increasingly turned to

automatic, embedding-based metrics and traditional overlap or edit-distance mea-

sures (e.g., BERTScore (Zhang et al., 2019); Sentence-BERT (SBERT) (Reimers and

Gurevych, 2019b); bleurt (Sellam et al., 2020); SacreBLEU (Post, 2018); ROUGE

10https://github.com/google-research/bleurt
11https://github.com/facebookresearch/InferSent
12https://www.tensorflow.org/hub/tutorials/semantic_similarity_with_tf_hub_

universal_encoder
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Algorithm 3 Minimal Normalisation of Linearised Triples
Input: List of linearised triple strings L
Output: List of cleaned and normalised triple stringsS

1: S  empty list
2: for eachline in L do
3: Replace all occurrences of| , , and <br> in line with a single whitespace
4: Replace all consecutive whitespace inline with a single whitespace
5: Trim leading and trailing whitespace inline
6: Append line to S

return S

(Lin, 2004); Levenshtein distance (Levenshtein et al., 1966)) as low-cost proxies for

human ratings. Although these metrics have demonstrated strong correlations with

human judgements in purely textual tasks such as machine translation and sum-

marisation, ranging from traditional measures like ROUGE and METEOR (Lin,

2004; Banerjee and Lavie, 2005) to neural metrics such as BERTScore (Zhang et al.,

2019) and bleurt (Sellam et al., 2020), they were not originally designed to compare

structured inputs, namely, RDF-style triples, to their verbalisations. As such, it

is unclear whether o�-the-shelf similarity and distance measures remain valid when

the source material is graph-structured rather than linear text.

We address this gap by empirically evaluating semantic-similarity, lexical, and

edit-distance metrics for data-to-text. We use two complementary datasets of triple{text

pairs, each annotated by trained evaluators under the o�cial WebNLG 2017 guide-

lines (Shimorina et al., 2018b): Dataset A, reused from prior work, and Dataset B,

newly created for this study. Full construction and annotation details are in Section

5.3.1.1. For every example, we test two versions: (1) a linearisation (`texti�cation')

of the sequence of triples, and (2) the triples in their original RDF format. The lin-

earisation and minimal normalisation procedure is described in Algorithm 3. Here,

each linearised triple string is processed by replacing occurrences of special char-

acters (| , , and <br>) with whitespace, collapsing consecutive spaces into a single

space, and trimming leading and trailing whitespace.

We then compute scores from four families of metrics: embedding-based (BERTScore;

Zhang et al. (2019); SBERT variants; Reimers and Gurevych (2019b)), overlap-
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based (ROUGE; Lin (2004); SacreBLEU; Post (2018); Meteor Banerjee and Lavie

(2005)), edit- and set-based (Jaccard similarity and distance; Jaccard (1901); Rogers

and Tanimoto (1960); Dice coe�cient; Dice (1945)), and learned regression mod-

els (bleurt Sellam et al. (2020); InferSent Conneau et al. (2017); USE Cer et al.

(2018)). Details of metrics were provided in Section 5.3.1.2. To quantify how well

these automatic scores re
ect expert judgements, we calculate Pearson's correlation

coe�cient r between each metric's outputs and the mean human ratings, separately

for linearised and non-linearised inputs. By ranking metrics according to their corre-

lation strengths and analysing the e�ect of input representation, we pinpoint which

methods best approximate human assessments and highlight areas where current

metrics fall short.

5.3.2 Results and Analysis

Tables 5.1 and 5.2 summarise the Pearson correlation coe�cientsr between human

judgement scores and each automatic metric score, separately for linearised and

non-linearised inputs.

5.3.2.1 Dataset A

In Dataset A (human evaluation dataset from WebNLG'17 Shared Task) (see Table

5.1), we observe the following patterns:

ˆ Embedding-based metrics (BERTScore, SBERT variants):

{ All three BERTScore variants improve slightly after processing: F1 rises

from 0.421 to 0.441.

{ SBERT{cosine and SBERT{dot product both increase markedly from

0.518 to 0.573.

{ SBERT Euclidean and Manhattan distances see the largest gains, from

around 0.50 to 0.582.

ˆ Overlap-based metrics (SacreBLEU, ROUGE, METEOR):
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r ( � Texti�cation) r (+ Texti�cation)

SBERT (Euclidean) 0.507 0.582
SBERT (Manhattan) 0.502 0.582
SBERT (Cosine) 0.518 0.573
SBERT (Dot Product) 0.518 0.573
bleurt 0.530 0.501
universal sentence encoder 0.248 0.500
BERTScore R 0.417 0.447
BERTScore F1 0.421 0.441
BERTScore P 0.424 0.433
InferSent 0.372 0.379
meteor 0.206 0.379
ROUGE-L F 1 0.305 0.338
ROUGE-L Precision 0.287 0.337
ROUGE-1 Precision 0.292 0.330
ROUGE-1 F1 0.309 0.329
ROUGE-L Recall 0.328 0.324
Dice Coe�cient 0.290 0.321
Jaccard Similarity 0.290 0.320
ROUGE-1 Recall 0.329 0.313
ROUGE-2 Precision 0.203 0.264
ROUGE-2 F1 0.202 0.263
ROUGE-2 Recall 0.198 0.257
SacreBLEU 0.228 0.198
Levenshtein Distance {0.044 {0.062
Jaccard Distance {0.290 {0.320

Table 5.1: Pearson'sr for Dataset A, with and without texti�cation, sorted by r
(+Texti�cation).

{ SacreBLEU correlation drops from 0.228 to 0.198, suggesting n-gram pre-

cision alone is a weak predictor for structured inputs.

{ ROUGE-1 F1 rises modestly (0.309� 0.329) after processing, while

ROUGE-2 and ROUGE-L also improve on F1.

{ METEOR increases notably from 0.206 to 0.379, indicating that synonym

and paraphrase matching bene�ts from normalization.

ˆ Edit and set-based metrics (Levenshtein, Jaccard, Dice):

{ Levenshtein distance remains uncorrelated (negativer ), dropping further

from {0.044 to {0.062.

{ Jaccard similarity and Dice coe�cient both rise from � 0.29 to � 0.32,
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with corresponding negative correlations for Jaccard distance.

ˆ Learned regressors (bleurt, InferSent, USE):

{ bleurt shows strong correlation before processing (0.530) but slightly de-

creases to 0.501 after.

{ InferSent remains relatively 
at (0.372� 0.379).

{ Universal Sentence Encoder jumps substantially from 0.248 to 0.500.

Overall, embedding-based metrics, especially SBERT Euclidean and Manhattan,

achieve the highest correlations (r � 0:58) after triple processing. METEOR and the

Universal Sentence Encoder also bene�t appreciably from linearisation and minimal

normalisation.

5.3.2.2 Dataset B

Table 5.2 shows correlations for Dataset B (our newly created dataset, constructed

using GREC-named entities and evaluated by humans following the WebNLG'17

human evaluation guidelines):

ˆ Embedding-based metrics:

{ BERTScore F1 improves Pearson'sr from 0.572 to 0.670, the single largest

gain among BERTScore variants.

{ SBERT{cosine and SBERT{dot product slightly decrease (0.654� 0.638),

while SBERT Euclidean and Manhattan stay stable around 0.655.

ˆ Overlap-based metrics:

{ SacreBLEU plummets from 0.400 to 0.127, indicating that brevity and

precision penalties heavily penalize processed triples.

{ ROUGE-1 F1 increases from 0.246 to 0.387; ROUGE-L F1 rises from

0.223 to 0.356.

{ METEOR shows a modest uptick (0.296� 0.306).
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r ( � Texti�cation) r (+ Texti�cation)

bleurt 0.713 0.733
BERTScore F1 0.572 0.670
SBERT (Euclidean) 0.655 0.655
SBERT (Manhattan) 0.662 0.655
BERTScore P 0.636 0.647
SBERT (Cosine) 0.654 0.638
SBERT (Dot Product) 0.654 0.638
BERTScore R 0.431 0.609
universal sentence encoder 0.271 0.402
ROUGE-1 F1 0.246 0.387
ROUGE-L F 1 0.223 0.356
ROUGE-1 Recall 0.182 0.323
meteor 0.296 0.306
ROUGE-1 Precision 0.268 0.305
ROUGE-L Precision 0.248 0.304
ROUGE-L Recall 0.158 0.281
SacreBLEU 0.400 0.127
ROUGE-2 F1 0.097 0.127
ROUGE-2 Recall 0.051 0.082
ROUGE-2 Precision 0.111 0.078
Jaccard Similarity -0.010 0.078
Dice Coe�cient -0.021 0.074
InferSent -0.148 -0.022
Jaccard Distance 0.010 -0.078
Levenshtein Distance -0.384 -0.400

Table 5.2: Pearson'sr for Dataset B, with and without texti�cation, sorted by r
(+Texti�cation).

ˆ Edit- and set-based metrics:

{ Levenshtein distance becomes more negatively correlated ({0.384� {0.400).

{ Jaccard similarity and Dice coe�cient show small numerical increases

(e.g., Jaccard similarity {0.010 � 0.078), but remain in the range of

negligible correlation (jr j < 0:1).

ˆ Learned regressors:

{ bleurt achieves the highest overall correlation, increasing from 0.713 to

0.733.

{ InferSent remains uncorrelated ({0.148� {0.022).

{ Universal Sentence Encoder improves from 0.271 to 0.402.
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On Dataset B, bleurt consistently yields the strongest alignment with human rat-

ings, while SBERT distances and BERTScore F1 also perform competitively (r �

0:67{0.73).

5.3.2.3 Cross-Dataset Comparison

Rank Metric Mean r

1 SBERT (Euclidean) 0.6185
2 SBERT (Manhattan) 0.6185
3 bleurt 0.6170
4 SBERT (Cosine) 0.6055
5 SBERT (Dot Product) 0.6055
6 BERTScore F1 0.5555
7 BERTScore Precision 0.5400
8 BERTScore Recall 0.5280
9 Universal Sentence Encoder 0.4510

10 ROUGE-1 F1 0.3580
11 ROUGE-L F1 0.3470
12 METEOR 0.3425
13 ROUGE-L Precision 0.3205
14 ROUGE-1 Recall 0.3180
15 ROUGE-1 Precision 0.3175
16 ROUGE-L Recall 0.3025
17 Jaccard Similarity 0.1990
18 Dice Coe�cient 0.1975
19 ROUGE-2 F1 0.1950
20 InferSent 0.1785
21 ROUGE-2 Precision 0.1710
22 ROUGE-2 Recall 0.1695
23 SacreBLEU 0.1625
24 Jaccard Distance � 0:1990
25 Levenshtein Distance � 0:2310

Table 5.3: Ranking of metrics by average Pearson'sr across both datasets with
texti�cation. The Mean r column represents the arithmetic mean of each metric's
r on Dataset A and Dataset B with texti�cation.

Comparing both datasets (Datasets A and B):

ˆ Triple processing : Processing (linearisation/normalisation) generally boosts

the performance of embedding and set-based metrics, with larger e�ects on

metrics that incorporate semantic matching (USE, METEOR) than on stan-

dard n-gram precision (SacreBLEU).
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ˆ Best proxies :

{ Dataset A: SBERT Euclidean/Manhattan and SBERT{cosine (all r >

0:58).

{ Dataset B: bleurt (up to r = 0:733), followed by BERTScore F1 and

SBERT variants (r � 0:67).

ˆ Limitations of edit-distance : Levenshtein distance fails to correlate posi-

tively in either dataset, rea�rming that simple character-level edits are poor

proxies for semantic �delity in structured data-to-text tasks.

These �ndings suggest that for data-to-text evaluation, practitioners should favor

embedding-based and learned-regressor metrics, particularly bleurt and SBERT-

based distances, over traditionaln-gram or edit-distance measures. However, even

the best-performing metrics achieve only moderate correlations (for e.g., top mean

r � 0:62), indicating that none are reliably aligned with human judgments in this

task context. Table 5.3 provides a ranking of all metrics by meanr across both

datasets with texti�cation.

5.3.3 Discussion

Our results demonstrate that o�-the-shelf embedding-based metrics are substantially

better proxies for human judgements in data-to-text generation than traditional n-

gram or edit-distance measures. In both Dataset A and Dataset B, SBERT-based

distances (Euclidean and Manhattan) and SBERT{cosine exhibit the largest gains

from triple linearisation and achieve the strongest correlations with human ratings

in Dataset A (r � 0:58 after processing). In Dataset B, bleurt emerges as the

top performer (r = 0:733 after processing), closely followed by BERTScore F1 and

SBERT variants (r � 0:67).

The consistent improvement of embedding-based metrics after applying mini-

mal linearisation and normalisation to the RDF triples suggests that pre-processing

structured inputs to resemble natural text bene�ts semantic matching. Metrics
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that rely on contextualised token embeddings can exploit this pre-processed form

to better align source and target, whereas pure n-gram precision (SacreBLEU) and

character-level edits (Levenshtein distance) either fail to improve or become more

negatively correlated once the triples are linearised.

Overlap-based metrics such as ROUGE and METEOR show only modest gains:

ROUGE-1 and ROUGE-L F1 scores improve by about 0.02{0.04 in both datasets,

while METEOR's correlation jumps substantially in Dataset A (0.206� 0.379)

but remains relatively low overall. This indicates that synonym/stem matching and

paraphrase modules help to some extent, but cannot match the semantic depth

captured by embedding-based approaches.

Interestingly, the Universal Sentence Encoder exhibits one of the largest rela-

tive improvements in both datasets (Dataset A: 0.248� 0.500; Dataset B: 0.271

� 0.402), highlighting its versatility across data-to-text comparisons. In contrast,

InferSent fails to provide reliable alignment (Dataset B:r � 0), suggesting that its

NLI-trained embeddings are less suited to the WebNLG-style verbalisation task.

The variation in top-performing metrics across datasets underscores that the

choice of automatic proxy may depend on the speci�c characteristics of the data-

to-text domain. bleurt's strong performance in Dataset B likely bene�ts from its

�ne-tuning on human-judgement data, whereas SBERT distances prove more robust

across both datasets.

Below are our recommendations:

ˆ Preprocessing structured inputs: Simple linearisation and normalisation

of RDF triples is highly recommended before applying semantic-similarity met-

rics.

ˆ Embedding-based metrics: SBERT distances, BERTScore and bleurt should

be preferred as automatic proxies in data-to-text evaluation.

ˆ Learned regressors: bleurt o�ers the highest correlation when available, but

requires additional model downloads and computational resources.

ˆ Traditional metrics: SacreBLEU and Levenshtein distance are not reliable
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indicators of semantic �delity in structured data-to-text tasks and should be

used with caution.

Overall, we observe that embedding-based metrics, particularly SBERT distances,

BERTScore F1 and bleurt, consistently correlate more strongly with human judge-

ments in data-to-text generation than traditional n-gram or edit-distance measures.

Simple linearisation and normalisation of RDF triples helps. While no metric

achieves perfect alignment (r < 0:74) in our evaluation, learned regressors like bleurt

o�er the best proxy when resources permit. However, our maximumr of 0.733 re-

mains below the system-level correlations reported in the literature, Zhang et al.

(2019) found BERTScore system-level Pearsonr above 0.80 on machine translation

benchmarks, and Sellam et al. (2020) report bleurt correlations up to 0.85 on the

WMT Metrics shared task. This gap is certainly notable and points to clear room

for improvement. That said, it is worth keeping in mind that the scores reported

in the literature mentioned above are for text-to-text tasks, while our work focuses

on data-to-text generation. We evaluate how well metrics developed for text-to-text

settings capture semantic consistency in data-to-text generation, where judgments

are grounded in structured RDF triples. We provide a task-speci�c baseline with a

comparative ranking and analysis of o�-the-shelf metrics for data-to-text. This is

intended as a practical starting point for selecting metrics and a reference for devel-

oping new, input-grounded metrics. In future work, it would be valuable to explore

simple ensembles, such as majority-vote or weighted sums, of top-performing met-

rics from di�erent families to see whether their combination can exceed our current

0.74 ceiling.

5.4 Generalisable Meta-Evaluation of LLM-as-Judge

Metrics

Human evaluation is widely considered the most reliable form of system evaluation

in natural language processing (NLP) (van Miltenburg et al., 2023b). However, the
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substantial cost and expertise required for human evaluation experiments constrain

its broader application. Moreover, studies have shown a range of issues in how

human evaluations are conducted that cast doubt on some of their results, including

loose application of experimental and statistical methods (Thomson et al., 2024).

The emergence of large language models (Touvron et al., 2023; Chaplot, 2023;

Cohere, 2024; Yang et al., 2025) has caused a paradigm shift in text generation

and understanding across many domains (Ouyang et al., 2022; Kojima et al., 2022).

LLMs are exhibiting state-of-the-art performance in problem-solving and reasoning

tasks (Mizrahi et al., 2024; Zhang et al., 2024b). LLMs also hold out the appealing

vision of cheaper human-like evaluation, demonstrating adaptability and generali-

sation capabilities Li et al. (2024).

Given their ability to understand and follow provided instructions, they are now

beginning to be used in place of human evaluators in approaches known as `LLM-

as-Judge.' In this section, we conduct a series of LLM-as-Judge experiments using

verbatim human evaluation instructions to standardise prompts. We then compare

the results to those obtained with more conventional LLM prompt formulations,

evaluating all approaches against human judgement scores in our data-to-text meta-

evaluation.

The aim of this study is to examine how closely LLM judgements align with

human assessments across multiple criteria in two NLP data-to-text tasks. To

standardise prompt formulation, we use the same instructions as those provided

in human evaluations, and compare them with more conventional LLM prompts, in

conjunction with single models and model combinations of both varying and com-

parable sizes. LLMs o�ers the appealing vision of cheaper human-like evaluation,

demonstrating adaptability and generalisation capabilities (Li et al., 2024). While

individual human judges are subject to inter-rater variability and require multiple

annotators for reliability, LLMs may provide more consistent judgements when re-

sources are constrained. LLM-as-Judge approaches do address some of the issues

with human evaluation, such as cost and evaluator inconsistency, but their reliabil-
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ity when applied to new tasks needs to be demonstrated via correlation tests with

human judgements.

5.4.1 Experimental Requirements

5.4.1.1 Dataset descriptions

In this experiment, we use two datasets. The WebNLG 2020 dataset (Castro Ferreira

et al., 2020) is a data-to-text benchmark that aligns sets of RDF triples (subject,

predicate and object) with corresponding text. The English dataset has 1,779 triple

sets in test set. For the human evaluation, 10% of the test dataset (178 items)

was sampled and evaluated on outputs from each team's primary submission (14

submission systems + 3 baseline systems). Each sample, comprising RDF triple(s)

and a system-generated text (no reference text), was rated on a 0{100 Likert scale,

with each receiving three annotations.

Rotowire (Wiseman et al., 2017) is a widely used data-to-text benchmark

which contains NBA basketball game statistics and textual summaries for them

(� 5k instances). The ReproNLP 2023 shared task (Belz and Thomson, 2023)

carried out two reproductions (Arvan and Parde, 2023; van Miltenburg et al., 2023a)

of the human evaluation in Puduppully and Lapata (2021) which uses this dataset.

In the human evaluation, �ve systems were evaluated across three criteria on 200

instances per criterion, resulting in a total of 600 evaluated instance. Each instance

received three ratings, and participants were asked to rank summaries as either `A'

or `B'.

5.4.1.2 Evaluation criteria

In our LLM-as-judge experiment on WebNLG'20 dataset, using the same human

evaluation instruction, we use the following �ve criteria taken verbatim from the

WebNLG'20 Shared Task (Castro Ferreira et al., 2020):

ˆ Data Coverage: Does the output text include descriptions of all predicates

presented in the data?
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ˆ Relevance: Does the output text describe only such predicates (with related

subjects and objects), which are found in the data?

ˆ Correctness: When describing predicates which are found in the data, does

the text mention correct the objects and adequately introduces the subject for

this speci�c predicate?

ˆ Text Structure: Is the text grammatical, well-structured, written in accept-

able English?

ˆ Fluency: Is it possible to say that the text progresses naturally, forms a

coherent whole and it is easy to understand the text?

In our LLM-as-judge experiment onRotowire dataset, using the same human

evaluation instruction, we use the original de�nitions of the following three criteria

in Puduppully and Lapata (2021):

ˆ Grammaticality : Is the summary written in well-formed English?

ˆ Coherence : Is the summary well structured and well organized and does it

have a natural ordering of the facts?

ˆ Repetition : Does the summary avoid unnecessary repetition including whole

sentences, facts or phrases?

5.4.1.3 LLMs used

We use the following LLM models:

ˆ Llama3-8B-Instruct (Touvron et al., 2023):13 Meta's Llama 3 series model

in the smaller 8B parameter size is pretrained, instruction-tuned, but also

optimised for dialogue-based applications.

13https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
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ˆ Mistral-7B-Instruct-v0.2 (Chaplot, 2023):14 Mistral-7B-Instruct is a language

model designed to follow instructions, generate creative text, and handle re-

quests, �ne-tuned from Mistral-7B-v0.2 using a diverse range of public con-

versation datasets.

ˆ C4AI Command R+ (Cohere, 2024):15 Cohere's open-weights research release

of a 104B parameter model; a multilingual model evaluated in 10 languages

for performance, and optimised for a variety of tasks including reasoning, sum-

marization, and question answering.

ˆ Qwen2.5-7B-Instruct-1M (Yang et al., 2025):16 Alibaba's Qwen series model in

the smaller 7B parameter size is �ne-tuned, instruction-tuned and is optimised

to handle long-context tasks while maintaining its capability in short tasks.

5.4.2 LLM-as-judge method for generalisable meta-evaluation

WebNLG'20 LLM-as-judge experiments

In the original WebNLG 2020 evaluation, each paired RDF triple set and system

output was evaluated by three human evaluators. We obtain individual scores with

each of the following three LLMs, then compute the mean of the three scores from

di�erent model and prompt combinations:

ˆ JH : LLM judgements using as the prompt the verbatim instructions from the

original human evaluation in WebNLG 2020.

ˆ JC+ D : LLM judgements using as the prompt conventional minimal zero-shot

LLM prompts also incorporating the verbatim evaluation criterion de�nitions.

ˆ JC� D : Same asJC+ D minus the de�nitions.

ˆ H : For comparison, we also test single human judgements from WebNLG'20

as predictors.

14https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
15https://huggingface.co/CohereForAI/c4ai-command-r-plus-4bit
16https://huggingface.co/Qwen/Qwen2.5-7B-Instruct-1M
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We use the following models in our experiments: Llama3-8B-Instruct, Mistral-7B-

Instruct-v0.2 and C4AI Command R+ models.

Rotowire LLM-as-judge experiments

In the original Rotowire evaluation, system summaries were evaluated by three

human evaluators. We obtain individual ratings with each of our three LLMs, then

compute the majority vote of the three ratings. This time we use just the for-human

instructions as in the original human evaluation. We test the correlations between

the following LLM (combination)s and human judgements:

ˆ H1 and H2: Two sets of human judgements obtained from two reproductions

Arvan and Parde (2023); van Miltenburg et al. (2023a) of Puduppully and

Lapata (2021).

ˆ JH V : Majority vote of LLM judgements by models of varying sizes (7B, 8B,

104B) and using the same human instructions (same models as in the WebNLG

2020 tests).

ˆ JH C : Majority vote of LLM judgements on models of comparable sizes (two

7Bs and one 8B) and using the same human instructions. These are Llama3-

8B-Instruct, Mistral-7B-Instruct-v0.2 and Qwen2.5-7B-Instruct-1M.

We use the same models as for WebNLG in theJH V tests, and replace the Cohere

model with Qwen2.5-7B-Instruct-1M.

Experiment Setup

We execute (a) both the human evaluation instructions from the WebNLG'20 shared

task (Ferreira et al., 2019) and our custom prompts designed for the WebNLG'20

LLM-as-Judge experiments (see Appendix A.4.4 for details), as well as (b) the hu-

man evaluation instructions from (Puduppully and Lapata, 2021) for the Rotowire

LLM-as-Judge experiments. All prompts are applied as zero-shot inference inputs

to the LLMs listed in Section 5.4.1.3. We run the experiments with three di�erent
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seeds (42; 1738; 1,234), meaning each score in tables below is the average of the

outputs from the di�erent seed runs. All experiments use English data.

For hyperparameters, we set the temperature to 0.001 and top-p to 1, with the

maximum length set to 1024 for WebNLG'20 experiments and 128 forRotowire

experiments, respectively. We quantise the models to 4-bit and run our experiments

on a single rtxa6000/a100 GPU.

5.4.3 Results and Analysis

Correctness Data Coverage Fluency Relevance Text Structure
H JH JC+ D JC� D H JH JC+ D JC� D H JH JC+ D JC� D H JH JC+ D JC� D H JH JC+ D JC� D

AAI 93.53 97.62 97.04 95.16 94.39 96.29 97.37 91.21 90.29 95.58 94.59 90.67 95.20 99.57 97.69 92.89 92.95 97.19 95.40 88.47
F17 90.14 97.13 97.88 94.54 92.07 94.67 97.72 90.56 80.94 95.11 94.70 90.29 92.59 99.62 98.25 92.15 85.74 97.14 95.41 87.45
F20 92.31 97.78 97.99 95.47 93.42 96.32 97.96 91.49 82.6 95.76 95.09 91.19 94.31 99.97 98.28 93.19 87.89 97.31 95.58 88.53
bt5 93.58 96.57 95.71 94.33 93.84 95.54 96.23 90.69 88.69 94.66 93.75 90.23 95.22 99.68 97.29 92.26 91.91 97.29 95.04 87.73
cuni 91.59 95.63 95.30 95.06 93.29 94.71 96.19 91.51 87.64 94.18 92.94 90.84 94.56 99.67 96.92 93.03 90.75 97.2 94.42 88.48
CGT 89.85 94.56 96.17 94.35 91.23 93.86 97.02 90.63 84.82 92.83 93.21 90.07 93.37 99.40 98.27 92.28 87.88 96.98 94.91 87.48
D-SGU 92.49 96.12 95.44 93.66 95.32 95.08 96.27 90.05 78.59 93.31 90.92 88.61 94.86 99.8 97.28 91.46 83.50 96.52 92.38 86.33
FB-AI 92.70 97.35 97.31 95.18 93.17 96.30 97.50 91.25 90.84 95.87 94.98 90.86 93.9 99.88 98.06 92.90 93.09 97.51 95.67 88.48
H Lab 80.76 85.82 88.54 90.48 84.74 86.93 92.52 88.24 75.21 82.78 83.92 85.24 85.27 96.11 94.55 88.59 80.22 92.16 88.16 82.86
NILC 76.70 77.64 81.75 88.34 81.61 79.28 86.64 84.58 74.85 77.17 78.93 82.82 83.52 91.87 90.56 84.74 80.46 88.62 86.88 80.98
NUIG 92.05 96.06 95.49 95.02 92.06 95.18 96.53 91.41 88.90 94.68 93.83 90.61 94.06 99.14 97.31 92.85 91.59 97.35 95.06 88.23
O-NLG 74.98 74.29 77.35 85.00 79.96 77.68 82.68 83.94 75.68 73.12 74.83 79.90 79.89 88.03 86.74 81.65 80.46 85.14 84.43 78.71
OSU 93.41 96.57 95.78 95.16 95.12 95.48 96.67 91.14 90.07 95.50 93.83 90.72 94.62 99.31 97.38 93.04 92.44 97.41 95.10 88.65
RALI 92.13 97.54 96.52 94.56 95.20 96.20 96.69 90.82 77.76 94.86 92.53 89.83 94.81 99.74 97.52 92.48 81.84 97.07 94.12 87.46
TGEN 88.63 95.64 95.02 96.29 88.18 94.62 95.55 92.64 86.16 94.43 92.83 91.28 92.64 99.46 96.99 94.14 89.04 97.31 94.42 89.01
UPC 74.37 79.59 83.86 89.27 75.85 81.59 89.06 87.61 72.28 77.63 79.57 84.00 82.05 94.66 93.68 87.68 78.50 88.82 86.46 81.77
W-REF 94.15 97.59 97.64 95.01 95.44 95.99 97.71 91.02 89.85 95.54 95.38 90.67 94.39 99.80 98.35 92.96 92.11 97.28 95.83 88.16
Avg 88.43 92.56 93.22 93.35 90.29 92.10 94.72 89.93 83.25 90.77 90.34 88.7 91.49 97.98 96.18 91.08 87.08 95.19 92.90 86.4

Table 5.4: System-level average scores for each quality criterion by
WebNLG'20 human judges (H ), average over Llama3-8B-Instruct/Mistral-7B-
Instruct-v0.2/Command R+ prompted with full human instructions ( JH ); conven-
tional zero-shot prompt with (JC+ D ) and without de�nitions ( JC� D ). System names
(rows) with length > 4 letters are shortened by concatenating the �rst letter or �rst
two letters with the last two/three letters.

Coherence Repetition Grammaticality

H1 H2 JH V JH C H1 H2 JH V JH C H1 H2 JH V JH C

Gold 49.79 56.25 70.00 70.00 49.16 52.92 70.83 73.75 54.62 57.08 70.83 64.58

Template 62.76 40.00 18.75 24.58 72.15 47.08 22.92 26.25 58.58 38.33 32.08 42.08

ED+CC 42.50 46.25 42.08 41.67 36.97 47.50 44.17 41.67 40.17 45.83 37.50 40.42

Hier 44.77 54.58 60.42 56.67 42.62 50.42 56.25 51.67 45.19 54.58 52.92 49.17

Macro 50.21 52.92 58.75 57.08 49.15 52.08 55.83 56.67 51.48 54.17 56.67 53.75

Table 5.5: System-level average scores for each quality criterion by two sets of Ro-
towire human judges (H1, H2), average majority vote by varying-size models Llama3-
8B-Instruct/Mistral-7B-Instruct-v0.2/Command R+ ( JH V ), and average major-
ity vote by Llama3-8B-Instruct/Mistral-7B-Instruct-v0.2/Qwen2.5-7B-Instruct-1M
(JH C ).
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Single

Human

Judges

Avg

Human Instructions as prompt

mean of 3 scores by:

Zero-shot + original de�nitions

mean of 3 scores by:

Zero-shot - original de�nitions

mean of 3 scores by:

Mistral Llama CRplus
Mistral+

Llama+

CRplus

Mistral Llama CRplus
Mistral+

Llama+

CRplus

Mistral Llama CRplus
Mistral+

Llama+

CRplus

Correctness 0.69 0.93 0.94 0.99 0.97 0.72 0.93 0.98 0.95 0.90 0.25 0.98 0.92

Data Coverage 0.68 0.89 0.86 0.96 0.93 0.62 0.84 0.96 0.88 0.77 0.21 0.93 0.79

Fluency 0.68 0.67 0.75 0.81 0.78 0.48 0.84 0.81 0.80 0.74 0.68 0.79 0.79

Relevance 0.69 0.85 0.90 0.98 0.94 0.67 0.93 0.96 0.91 0.93 0.66 0.96 0.93

Text Structure 0.69 0.49 0.70 0.79 0.76 0.16 0.79 0.87 0.83 0.79 0.74 0.79 0.82

Table 5.6: Pearson's correlations with the aggregated WebNLG'20 human scores,
achieved by single human judges and di�erent LLMs.

Mean scores

Table 5.4 presents the system-level average scores per evaluation criterion for the

WebNLG evaluation. We observe that human evaluators and LLM judges generally

agree with each other, where AAI, F17, F20, OSU, and W-REF often emerging as

top performers and, O-NLG and UPC consistently rated lower by both human and

LLM judges across multiple criteria.

Moreover, the averages of system-level scores (last row) by LLMs are higher than

those by humans in all cases except three averages produced by the zero-shot prompt

without de�nitions ( JC� D ).

Table 5.5 presents the system-level average scores per evaluation criterion for the

two Rotowire human evaluations (H1, H2), and the two types of majority vote, one

with a much larger model in the mix (JH V ), and one with similar sized models

(JH C ) Overall, both human and LLM judges agree on the high performance of

the Gold (human-produced reference outputs), althoughH1 uniquely favours the

Template system. Additionally, whileJH V and JH C yield similar evaluations for top-

performing systems,JH C tends to assign slightly higher scores for lower-performing

systems (e.g., Template) in Coherence and Repetition.

Correlations with human judgements

Table 5.6 reports the correlations with the original WebNLG'20 human judgements

achieved by: (i) individual human judges on average, (ii) each of the LLM model

(combination)s. Strikingly, individual human judges have far lower agreement with
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H1 H2 JH V JH C

Coherence
H1 1.00 -0.59 -0.63 -0.55
H2 -0.59 1.00 0.99 0.98
JH V -0.63 0.99 1.00 0.99
JH C -0.55 0.98 0.99 1.00

Grammaticality
H1 1.00 -0.19 0.13 0.36
H2 -0.19 1.00 0.93 0.81
JH V 0.13 0.93 1.00 0.97
JH C 0.36 0.81 0.97 1.00

Repetition
H1 1.00 -0.28 -0.62 -0.48
H2 -0.28 1.00 0.90 0.94
JH V -0.62 0.90 1.00 0.98
JH C -0.48 0.94 0.98 1.00

Table 5.7: Pearson's correlation matrix for Rotowire / Coherence, Grammaticality
& Repetition.

the mean of the other judges (on the same outputs) than the LLMs. Another

clear result is that the di�erent models are a�ected very di�erently by di�erences

in prompts: all perform broadly similarly with the verbatim human instructions;

Mistral scores collapse when human instructions are removed and de�nitions are re-

tained (JC+ D ), but recover when the de�nitions are also removed(JC� D ); and Llama

scores are una�ected by the removal of human instructions (JC+ D ), but collapse

when the de�nitions are also removed (JC� D ). The Command R+ models does best

with the human instructions but largely retains its performance under the other two

conditions.

Table 5.7 shows the complete correlation matrices between the two sets of Ro-

towire human judges and the two majority voting combinations of LLMs, for each of

the three evaluation criteria. Here, the most striking result is the stark discrepancy

between the two sets of human judges:H1 has a medium strongnegativecorrelation

with both H2 and the LLMs for Coherence, weak or no correlation for Grammati-

cality, and weak or mediumnegativecorrelation for Repetition. In contrast H2 and

LLM combinations all agree strongly with each other.H1 and H2 also produced

di�erent reproducibility assessments compared to the original evaluation by Pudup-
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pully and Lapata (2021), as reported in the ReproNLP 2023 shared task report (Belz

and Thomson, 2023). We discuss this further in the next section.

5.4.4 Discussion

We have presented results for experiments with LLM-as-judge approaches for two

types of data-to-text tasks and eight evaluation methods, using various prompt for-

mulations. For the WebNLG'20 experiments, we tested three types of prompts: (i)

standardised prompts i.e., verbatim human evaluation instructions from previous

shared evaluations, (ii) conventional prompts i.e., minimal zero-shot LLM prompts

that also incorporated the verbatim evaluation criterion de�nitions, and (iii) another

conventional prompts i.e., minimal zero-shot prompts without any criterion de�ni-

tions. For the Rotowire experiments, we used standardised prompt formulations

only i.e., the verbatim human evaluation instructions as prompts. See Appendix

A.4 for more details. Throughout all scenarios, standardised prompt formulations

were shown to work better than more conventional prompt formulations, irrespective

of task or the length of input/output.

An unexpected discovery was that LLMs can serve as sanity-checks for human

evaluations. The ReproNLP shared task organisers had no basis for deciding which

of two reproductions of Puduppully and Lapata (2021) they reported gave a truer

picture: either Repro 1 (H2 in this section) was right and the work had excellent

reproducibility, or Repro 2 (H1) was right and it had terrible reproducibility. Be-

cause both of our LLM majority votes strongly agreed with Repro 1 and strongly

disagreed with Repro 2, the indication is that Repro 1 (H2) gave the truer results

out of the two reproductions. Further discussion of LLM-as-Judge as sanity checker

for human evaluation experiments can be found in Section 5.5.

Overall, we have found our best LLMs to be highly reliable predictors of hu-

man evaluations, and to bene�t from human-type detailed evaluation instructions.

The result that individual human judges correlate far less well with overall human

judgements than LLMs do, implies that if the choice is between a small number
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of human judges and an LLM you are better o� using the LLM. Accordingly, two

factors plausibly explain this pattern. First, alignment to human rubrics where

modern instruction-tuned LLMs are trained to follow natural-language instructions

and approximate human preferences. When our prompts restate the evaluation cri-

teria and require explicit comparison to the input triples, the model's decision rule

closely matches the human task. Second, reduced underspeci�cation, i.e, detailed,

human-type instructions specify the evidence to inspect, the weighting of that ev-

idence, and the intended use of the rating scale, in turn, discourages reliance on

surrogate heuristics (for e.g., judging by 
uency alone). This focuses the model on

the same evidence humans use, yielding higher consistency and more stable use of

the scoring scale.

5.5 Sanity Checking Human Evaluation Experi-

ments with LLM-as-Judge

In this section, we investigate an application of LLM-as-judge approaches which

comes with its own built-in reliability test, namely for sanity checking the results of

reproduction studies. The ReproNLP shared tasks produced sets of three highly

comparable human evaluations, one of which was the original study and two were

reproductions. In some cases, there were substantial discrepancies between the

results of the two reproductions. In such cases, the ReproNLP shared task organisers

had no basis for deciding which of the two reproductions gave a truer picture: either

reproduction A was right and the work had excellent reproducibility, or reproduction

B was right and it had terrible reproducibility. Below we examine how LLM-as-judge

results behave in such scenarios and whether they can provide the basis that was

missing in the ReproNLP shared task.

The primary aim of our study is to investigate an application of LLM-as-judge

approaches to serve as sanity checkers in human evaluation experiments. We conduct

LLM-as-judge experiments to compare with the results of reproduction studies that
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emerged from the ReproNLP shared tasks (Belz and Thomson, 2023, 2024). In our

analysis, each reproducibility study includes (i) a set of human-produced system

level scores from the original study (O); (ii) two sets of human-produced system

level scores derived from reproduction e�orts (H 1 and H 2) from the ReproNLP

shared tasks; as well as (iii) LLM-produced scores obtained from di�erent ensembles

of LLMs (J ) from our experiments.

As secondary objectives, we also explore the generalisability and reliability of

LLM-as-judge, building on the work in Section 5.4, by: (a) testing verbatim human

evaluation instructions in LLM-as-Judge metrics as a way of standardising prompt

formulation, (b) testing combinations of models of varying vs. similar sizes and,

and our main contribution (c) investigating the behaviour of LLM-as-judge meth-

ods when compared to multiple identical human evaluations, more speci�cally, an

original human evaluation experiment and two reproduction studies.

Here, we consider three assessment scenarios, each with a unique task, dataset,

quality criterion, and rating instrument. The tasks are: (i) generation of fact-

checking explanations, (ii) dialogue summarisation, and (iii) data-to-text genera-

tion with macro planning. These correspond to the LIAR-PLUS dataset, the AMI

Meeting Corpus, and theRotowire dataset, respectively. For quality evaluation,

each scenario uses a speci�c criterion from among coverage,Informativeness, Gram-

maticality, Coherence, or Conciseness/Repetition. Finally, each scenario employs a

di�erent rating instrument: ranking explanations as 1, 2, or 3; a 5-point Likert scale;

or ranking summaries as best or worst.

The reliability of using LLMs as sanity checkers in this scenario is assessed

through correlation tests with the human judgements, as reported in Tables 5.9,

5.11 and 5.13.
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5.5.1 Experimental Requirements

5.5.1.1 Dataset descriptions

LIAR-PLUS (Alhindi et al., 2018) is a PolitiFact-based dataset that contains 12,836

statements along with their veracity justi�cations. Atanasova et al. (2020) used this

dataset in their original study, which was later reproduced during the ReproNLP'24

Shared Task (Belz and Thomson, 2024) by two teams (Gao et al., 2024; Loakman

and Lin, 2024). The reproduction human evaluation experiment was conducted on

40 out of the 80 instances used in the original study, which were randomly selected

from the test set, along with three veracity explanations that were collected for each

instance.

AMI Meeting Corpus (Carletta et al., 2005) is a meeting summary dataset that

contains roughly 100 hours of recorded meetings where each meeting features four

participants discussing a remote control design project. Feng et al. (2021) used this

dataset in their original study, which was later reproduced during ReproNLP'24

Shared Task (Belz and Thomson, 2024) by two teams (Fresen et al., 2024; Lango

et al., 2024b) of the human evaluation. The human evaluation experiment was

conducted on summaries generated for 10 randomly selected dialogues.

Rotowire (Wiseman et al., 2017) is a widely used benchmark which contains

NBA basketball game statistics and textual summaries for them (� 5k instances).

ReproNLP'23 Shared Task (Belz and Thomson, 2023) carried out two reproductions

(Arvan and Parde, 2023; van Miltenburg et al., 2023a) of the human evaluation in

Puduppully and Lapata (2021) which uses this dataset. The human evaluation

experiment was conducted on the basis of 20 summaries and 10 system pairs (200

items).

5.5.1.2 Evaluation criteria

In our LLM-as-judge experiments, we use the criteria and their de�nitions verbatim

from the three reproduction studies.

First, Atanasova et al. (2020) used coverage, non-redundancy and non-contradiction
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as the evaluation criteria in their human evaluation experiment, out of which the

reproduction studies considerCoverageonly, de�ned as follows.

Coverage : The explanation includes important, salient information and does

not omit any key points that contribute to the fact-check.

Second, Feng et al. (2021) used informativeness, conciseness and coverage as the

evaluation criteria in their human evaluation experiment, out of which the repro-

duction studies considerInformativenessonly, de�ned as follows.

Informativeness : Informativeness measures whether the abstract contains the

key information from the original conversation.

Third, Puduppully and Lapata (2021) usedGrammaticality, Coherenceand Con-

ciseness/Repetitionas the evaluation criteria in their human evaluation experiment.

The reproduction studies consider all criteria in the original study. The following

are the original de�nitions of the three criteria.

ˆ Grammaticality : Is the summary written in well-formed English?

ˆ Coherence : Is the summary well structured and well organized and does it

have a natural ordering of the facts?

ˆ Conciseness/Repetition : Does the summary avoid unnecessary repetition

including whole sentences, facts or phrases?

5.5.1.3 LLMs used

We use the following LLM models:

ˆ C4AI Command R+ Cohere (2024) (abbreviating as, C):17 Cohere's open-

weights research release of a 104B parameter model; a multilingual model

evaluated in 10 languages for performance, and optimised for a variety of

tasks including reasoning, summarisation, and question answering.

ˆ Deepseek-Llama3-70B-Instruct (DeepSeek-AI, 2025) (abbreviating as, D):18

Deepseek release their �rst-generation reasoning models including versions that
17https://huggingface.co/CohereForAI/c4ai-command-r-plus-4bit
18https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Llama-70B
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have been distilled. Deepseek-Llama3-70B-Instruct model is a distilled variant

of a 70B parameter Llama model, �ne-tuned with comprehensive reasoning

instructions.

ˆ Granite-7B-Instruct (Sudalairaj et al., 2024) (abbreviating as, G):19 IBM's

Granite 7B model is instruction-tuned with curated human instructions and

optimised for task-speci�c performance and e�cient in-context learning.

ˆ Llama3-8B-Instruct Touvron et al. (2023) (abbreviating as, L):20 Meta's Llama

3 series model in the smaller 8B parameter size is pretrained, instruction-tuned,

but also optimised for dialogue-based applications.

ˆ Llama3.3-70B-Instruct21 Gratta�ori et al. (2024) (abbreviating as, L70): Meta's

Llama 3.3 series model in the 70B parameter size is an instruction-tuned text-

only model optimised for multilingual dialogues.

ˆ Mistral-7B-Instruct-v0.2 (Chaplot, 2023) (abbreviating as, M):22 Mistral-7B-

Instruct is a language model designed to follow instructions, generate creative

text, and handle requests, �ne-tuned from Mistral-7B-v0.2 using a diverse

range of public conversation datasets.

ˆ Qwen2.5-7B-Instruct-1M (Yang et al., 2025) (abbreviating as, Q):23 Alibaba's

Qwen series model in the smaller 7B parameter size is �ne-tuned, instruction-

tuned and is optimised to handle long-context tasks while maintaining its

capability in short tasks.

ˆ Qwen2-72B-Instruct (qwe, 2024) (abbreviating as, Q72):24Alibaba's Qwen2 se-

ries model in 72B parameter size is �ne-tuned, instruction-tuned and supports

a context length of up to 131,072 tokens, enabling the processing of extensive

inputs.

19https://huggingface.co/ibm-granite/granite-7b-instruct
20https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
21https://huggingface.co/meta-llama/Llama-3.3-70B-Instruct
22https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
23https://huggingface.co/Qwen/Qwen2.5-7B-Instruct-1M
24https://huggingface.co/Qwen/Qwen2-72B-Instruct
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5.5.2 LLM-as-judge method for sanity checking human eval-

uation experiments

LLM-as-judge method for Atanasova et al. (2020) experiment

In the original evaluation, system explanations were evaluated by four human eval-

uators. We obtain individual per-item rankings (measured as ranks 1, 2 or 3) with

each of our nine LLMs ensembles, then compute the mean average rank (MAR) of

the four rankings. We test the correlations between the following LLM (combina-

tion)s and human judgements:

ˆ O: Original human judgements from Atanasova et al. (2020).

ˆ H1 and H2: Two sets of human judgements obtained from two reproductions

Gao et al. (2024); Loakman and Lin (2024) of Atanasova et al. (2020).

ˆ Recalc. ofO, H1 and H2: We recalculated human judgments forO, H1, and

H2. To enable a direct comparison, we reprocessed the original paper's raw

data, restricting it to the 40 inputs shown to evaluators in the reproduction

studies. Because the MAR code was unavailable, we computed MAR ourselves

to verify the results.

ˆ JV : Majority vote of LLM judgements by models of varying sizes (7B, 8B,

104B) and using the same human instructions | C+M+L.

ˆ JCS : Majority vote of LLM judgements on comparable small-sized models (two

7Bs and one 8B) and using the same human instructions | M+L+Q.

ˆ JCL : Majority vote of LLM judgements on comparable large-sized models (two

70Bs and one 72B) and using the same human instructions | D+L70+Q72.

LLM-as-judge method for Feng et al. (2021) experiment

In the original evaluation, meeting summaries were evaluated by three human eval-

uators. We obtain individual per-item ratings (measured on a scale of 1 to 5) with

each of our three LLMs, then compute the average rating of the three rankings.
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We test the correlations between the following LLM (combination)s and human

judgements:

ˆ O: Original human judgements from Feng et al. (2021).

ˆ H1 and H2: Two sets of human judgements obtained from two reproductions

Fresen et al. (2024); Lango et al. (2024b) of Feng et al. (2021).

ˆ J1, J4, J7: Aggregation of LLM judgements by models of varying sizes (two

7Bs, one 70B, one 104B) and using the same human instructions | G+M+C+L70,

G+Q+C+L70, Q+M+C+L70.

ˆ J2, J5, J8: Aggregation of LLM judgements by models of varying sizes (two

7Bs, one 72B, one 104B) and using the same human instructions | G+M+C+Q72,

G+Q+C+Q72, Q+M+C+Q72.

ˆ J3, J6, J9: Aggregation of LLM judgements by models of varying sizes (two

7Bs, one 70B, one 72B) and using the same human instructions | G+M+L70+Q72,

G+Q+L70+Q72, Q+M+L70+Q72.

LLM-as-judge method for Puduppully and Lapata (2021) experiment

In the original evaluation, system summaries were evaluated by three human evalu-

ators. We obtain individual per-item rankings (measured by ranking best or worst)

with each of our three LLMs, then compute the majority vote of the three ratings.

We test the correlations between the following LLM (combination)s and human

judgements:

ˆ O: Original human judgements from Puduppully and Lapata (2021).

ˆ H1 and H2: Two sets of human judgements obtained from two reproductions

Arvan and Parde (2023); van Miltenburg et al. (2023a) of Puduppully and

Lapata (2021).

ˆ JV : Majority vote of LLM judgements by models of varying sizes (7B, 8B,

104B) and using the same human instructions | C+M+L.
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ˆ JCS : Majority vote of LLM judgements on models of comparable sizes (two

7Bs and one 8B) and using the same human instructions | M+L+Q.

Experiment Setup

We use the for-human instructions as zero-shot inference prompts on the LLMs.

We run each experiment with three di�erent seeds (42; 1,738; 1,234), meaning each

score in tables below is the average/majority vote of the outputs from these runs.

All experiments use English data and the original human evaluation instructions.

We brie
y outline the experimental setup. We use the seven large language mod-

els listed in Section 5.5.1.3 for our experiments with the following hyperparameters:

temperature = 0.001, maximum length = 128, and top-p = 1. We quantise the

models to 4-bit and run our experiments on a single rtxa6000/a100 GPU.

5.5.3 Results and analysis

O
O
Recalc.
by H1

O
Recalc.
by H2

O
Recalc.
by us

Repro
H1

H 1

Recalc.
by us

Repro
H2

H 2

Recalc.
by us

JV JCS JCL

Just 1.48 1.47 1.52 1.46 2.18 2.18 1.62 1.58 1.83 1.83 1.78
Explain-MT 1.68 1.70 1.66 1.71 1.62 1.62 1.78 1.83 1.84 2.02 1.89
Explain-Extr 1.89 1.88 1.87 1.88 1.93 1.93 2.05 2.03 1.97 2.08 2.14

Table 5.8: System-level MAR scores (lower is better) forCoverageon LIAR-PLUS
dataset for Atanasova et al. (2020).O = original study; H1, H2 = reproductions; Ji

= LLM ensemble by model size. Recalculated results are also shown.

Atanasova et al. (2020) results

Table 5.8 presents the system-level average MAR scores forCoverageon the LIAR-

PLUS dataset for the original and reproduction studies for Atanasova et al. (2020),

and di�erent LLM judges, grouped for size diversity. In Atanasova et al. experi-

ments, three items at a time were ranked by three human evaluators and the ranks

aggregated into a single score viamean average rank (MAR) . A lower MAR

indicates a better average ranking. For each column, the best results are in bold.

We observe the Just system to obtain the best results in the original studyO, repro-
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O
O
Recalc.
by H1

O
Recalc.
by H2

O
Recalc.
by us

Repro
H1

H 1

Recalc.
by us

Repro
H2

H 2

Recalc.
by us

JV JCS JCL

Original 1.00 1.00 0.99 0.99 -0.43 -0.43 0.99 1.00 0.90 0.96 0.98
Recalc.
(H1)

1.00 1.00 0.98 1.00 -0.51 -0.5 0.98 1.00 0.86 0.98 0.96

Recalc.
(H2)

0.99 0.98 1.00 0.97 -0.34 -0.33 1.00 0.99 0.94 0.93 1.00

Recalc.
(Ours)

0.99 1.00 0.97 1.00 -0.55 -0.54 0.96 1.00 0.84 0.99 0.95

Repro
(H1)

-0.43 -0.51 -0.34 -0.55 1.00 1.00 -0.31 -0.48 0 -0.67 -0.25

Repro
Recalc.
(Ours)

-0.43 -0.50 -0.33 -0.54 1.00 1.00 -0.3 -0.48 0.01 -0.66 -0.25

Repro
(H2)

0.99 0.98 1.00 0.96 -0.31 -0.3 1.00 0.98 0.95 0.92 1.00

Repro
Recalc.
(Ours)

1.00 1.00 0.99 1.00 -0.48 -0.48 0.98 1.00 0.87 0.98 0.97

JV 0.90 0.86 0.94 0.84 0 0.01 0.95 0.87 1.00 0.75 0.97
JCS 0.96 0.98 0.93 0.99 -0.67 -0.66 0.92 0.98 0.75 1.00 0.89
JCL 0.98 0.96 1.00 0.95 -0.25 -0.25 1.00 0.97 0.97 0.89 1.00

Table 5.9: Pearson'sr correlation matrix for LIAR-PLUS dataset / Coveragefor
Atanasova et al. (2020) by the original studyO, reproduction studiesH1 and H2,
LLM ensembles Ji and the recalculations.

duction study H2 and the LLM judgements, except forH1 where the Explain-MT

system is the best, for both reported and recalculated MAR values.

Table 5.9 reports the correlations (Pearson'sr ) between the human judgements

and the LLM judgements. We observe one set of reproduction results (H1) in con-

tradiction with the original evaluation (O), with the other set of reproduction results

(H2) and with the LLM judgement results (JV , JCS , JCL ). The original results (O)

and their recalculations (byH1, H2, and by us) demonstrate near-perfect correla-

tions (0.99), con�rming the reliability of the H1 and H2 evaluation. In contrast, one

set of reproduction results (H1) shows negative correlations (-0.43) with the original,

while the other set (H2) is highly consistent with the original (0.99-1.00). Further-

more, the LLM-based judgements (JV , JCS , JCL ) strongly correlate with both the

original and H2 results, but inversely with H1, providing a sanity check of such

contradictory results (see also discussion section).

Please note that due to the lack of code for calculating MAR scores in the orig-

inal study (O), both reproduction studies (H1 and H2) independently recalculated

the original scores by following the algorithm described in Atanasova et al.'s pa-
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per. Similarly, we also performed our own recalculations for both the original and

reproduction results, adhering to the same published algorithm. In the tables, the

recalculated values by us and LLM-based values are displayed in black, while all

other values (from the original study, the reproduction studies, and the recalcula-

tions by the reproduction studies) are shown in gray.

LLM judges
O H1 H2 J1 J2 J3 J4 J5 J6 J7 J8 J9

Gold 4.70 2.40 4.60 4.63 4.78 4.63 4.3 4.45 4.3 4.53 4.68 4.53
PGN 2.92 2.18 1.53 4.13 3.66 3.58 3.58 3.11 3.03 3.93 3.46 3.38
HMNet 3.52 2.20 2.68 4.30 3.83 3.72 3.83 3.35 3.24 4.12 3.64 3.53
PGN(DKE) 3.20 2.18 1.93 4.08 3.60 3.53 3.58 3.10 3.03 3.99 3.52 3.44
PGN(DRD) 3.15 3.00 1.90 4.22 3.72 3.64 3.69 3.19 3.12 3.93 3.43 3.36
PGN(DTS) 3.05 2.28 1.85 4.08 3.63 3.46 3.57 3.12 2.95 3.98 3.53 3.36
PGN(DALL) 3.33 2.53 1.85 4.01 3.58 3.35 3.43 3.00 2.77 3.87 3.44 3.21

Table 5.10: System-level average scores (higher the better) forInformativeness on
AMI dataset for Feng et al. (2021).O = original study; H1, H2 = reproductions; J�

= LLM ensembles of varying model sizes.

O H1 H2 J1 J2 J3 J4 J5 J6 J7 J8 J9

O 1.00 0.01 0.99 0.89 0.96 0.93 0.91 0.96 0.93 0.95 0.97 0.94
H1 0.01 1.00 -0.03 0.06 0.02 0.02 0.01 0 0 -0.15 -0.08 -0.09
H2 0.99 -0.03 1.00 0.94 0.97 0.96 0.96 0.98 0.96 0.98 0.98 0.97
J1 0.89 0.06 0.94 1.00 0.96 0.98 0.99 0.96 0.97 0.95 0.91 0.94
J2 0.96 0.02 0.97 0.96 1.00 0.99 0.97 1.00 0.99 0.97 0.99 0.99
J3 0.93 0.02 0.96 0.98 0.99 1.00 0.98 0.99 1.00 0.97 0.97 0.99
J4 0.91 0.01 0.96 0.99 0.97 0.98 1.00 0.97 0.99 0.97 0.94 0.96
J5 0.96 0 0.98 0.96 1.00 0.99 0.97 1.00 0.99 0.98 0.99 0.99
J6 0.93 0 0.96 0.97 0.99 1.00 0.99 0.99 1.00 0.98 0.97 0.99
J7 0.95 -0.15 0.98 0.95 0.97 0.97 0.97 0.98 0.98 1.00 0.98 0.99
J8 0.97 -0.08 0.98 0.91 0.99 0.97 0.94 0.99 0.97 0.98 1.00 0.99
J9 0.94 -0.09 0.97 0.94 0.99 0.99 0.96 0.99 0.99 0.99 0.99 1.00

Table 5.11: Pearson'sr correlation matrix for AMI dataset / Informativeness for
Feng et al. (2021).

Feng et al. (2021) results

Table 5.10 presents the system-level average scores forInformativenesson the AMI

dataset for the original study, the reproduction studies, and di�erent LLM judges of

varied sizes, for Feng et al. (2021). The higher the system-level average scores, the

better. The best results are by the gold (�rst row), which consists of the human-

written references. For each column, the second best results are in bold. We observe

118



the HMNet system to obtain the second best result for the original studyO, repro-

duction study H2 and LLM judgements, except forH1 where the PGN (DRD) system

is the second best, for the reported average scores.

Table 5.11 reports correlations (Pearson'sr ) between the human judgements and

the LLM judgements. We observe one set of reproduction results (H1) in contradic-

tion with the original ( O), with the other set of reproduction results (H2) and with

the LLM judgement results (J1 to J9). The correlation between the original results

and the second reproduction (H2) is extremely high (0.99), which indicates that the

H2 reproduction replicates the original �ndings with near-perfect �delity. In con-

trast, the correlation between the original results and the �rst reproduction (H1) is

nearly zero (0.01), indicating a random relationship between the scores. Addition-

ally, the direct correlation betweenH1 and H2 is also random (-0.03), suggesting

that the H1 reproduction yields results that are not aligned with those of the original

study, thereby raising concerns regarding its validity. Furthermore, the LLM-based

judgements (J1 to J9) strongly correlate with both the original and theH2 results,

but inversely with H1, providing a sanity check of such contradictory results.

We observe near-zero correlations betweenH1 and both J5 and J6 (-0.00158 and

-0.00470, respectively, which round o� to 0 when expressed to two decimal places

as shown in Table 5.11). These near-zero values indicate an extremely weak or

negligible linear relationship between the corresponding evaluation scores, suggesting

that the correlation is entirely random. Such results occur in correlations between

H1 and J5 and J6 (the LLM combinations of G+Q+C+Q72 and G+Q+L70+Q72

respectively).

Coherence Repetition Grammaticality

O H1 H2 JCS JV O H1 H2 JCS JV O H1 H2 JCS JV

Gold 46.25* -0.42 12.5 40.00* 40.00 30.83 -1.67 5.83 47.50* 41.67* 38.33 9.17 14.17 29.17 41.67

Template -52.92* 25.42 -20.00* -50.83* -62.50* -36.67* 43.75* -5.83 -47.50* -54.17 {61.67 17.08 -23.33* -15.83 -35.83*

ED+CC -8.33 -15.00 -7.50 -16.67* -15.83* -4.58 -25.83 -5.00 -16.67 -11.67 5.00 -19.58 -8.33 -19.17 -25.00*

Hier 4.58 -10.42 9.17 13.33 20.83 3.75 -14.58 0.83 3.33 12.50 13.33 -9.58 9.17 -1.67 5.83

Macro 10.42 0.42 5.83 14.17 17.50 6.67 -1.67 4.17 13.33 11.67 5.00 2.92 8.33 7.50 13.33

Table 5.12: System-level average scores forCoherence, Repetition and Grammati-
cality on Rotowire dataset (Puduppully and Lapata, 2021).O = original study; H1,
H2 = reproductions; J� = LLM ensemble by model size. * indicates a statistically
signi�cant di�erence (p < 0.05) between Macro and the other systems.
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O H1 H2 JCS JV

Coherence
O 1.000 -0.572 0.930 0.980 0.964
H1 -0.572 1.000 -0.584 -0.547 -0.625
H2 0.930 -0.584 1.000 0.982 0.992
JCS 0.980 -0.547 0.982 1.000 0.993
JV 0.964 -0.625 0.992 0.993 1.000

Grammaticality
O 1.000 -0.420 0.912 0.695 0.831
H1 -0.420 1.000 -0.185 0.358 0.133
H2 0.912 -0.185 1.000 0.814 0.931
JCS 0.695 0.358 0.814 1.000 0.969
JV 0.831 0.133 0.931 0.969 1.000

Repetition
O 1.000 -0.622 0.871 0.984 0.991
H1 -0.622 1.000 -0.277 -0.482 -0.619
H2 0.871 -0.277 1.000 0.935 0.898
JCS 0.984 -0.482 0.935 1.000 0.981
JV 0.991 -0.619 0.898 0.981 1.000

Table 5.13: Pearson's correlation matrix for Rotowire / Coherence, Grammaticality
& Repetition for Puduppully and Lapata (2021).

Puduppully and Lapata (2021) results

Table 5.12 presents the system-level average scores forCoherence, Grammaticality,

Repetition on the ROTOWIRE dataset for the reproduction studies of Puduppully

and Lapata (2021), and di�erent LLM judges of varied and similar sizes. The higher

the system-level average scores, the better. For each column, the best results are

in bold. We observe the Gold system as the best results for original studyO,

reproduction study H2 and LLM judgements (JCS and JV ), except forH1 where the

Template system is the best, for the reported average scores across all criteria.

Table 5.13 shows the complete correlation matrices between the three sets of

Rotowire human judges and the two majority voting combinations of LLMs, for

each of the three evaluation criteria. Here, the most striking result is the stark

discrepancy between the two sets of human judges:H1 shows a moderately strong

negativecorrelation with both O and H2 for Coherence and withO for Repetition;

and a weak to moderatenegativecorrelation with both O and H2 for Grammaticality

as well as withH2 for with Repetition. In contrast H2 and LLM combinations all

120



correlate strongly and positively with each other and withO, providing evidence of

the reliability of H2.

5.5.4 Discussion

Our �ndings demonstrate that the best-performing LLMs are highly reliable predic-

tors of human evaluations and bene�t from human-style detailed evaluation instruc-

tions.

In all three assessment scenarios, we encountered a situation where one of a set

of directly comparable human evaluations contradicted the others. In each case,

the directly comparable LLM judges we created came down strongly against the

contradicting evaluation, and strongly in favour of the others. If we consider that

an evaluation can be wrong in many di�erent ways, but right only in a small number

of ways, then the likelihood of the LLMs allagreeingwith a wrong evaluation, while

disagreeingwith a right evaluation is vanishingly small. We take this to mean that

in this situation (strong agreement with one human evaluation, strong disagreement

with another), the LLM can be used to sanity-check the two contradicting human

evaluations, casting the deciding vote which is more reliable.

Although our strongest LLM judges correlate well with human judgements, sev-

eral risks remain. Even with careful prompts, models can rely on proxies such as


uency rather than strict input{output alignment, scores can be sensitive to prompt

wording and model version, and biases such as length, order, or family self-preference

may appear as well as absolute scales can drift over time, and there are risks of data

leakage as well as privacy and auditability constraints for closed models. In this

study we mitigate these issues by using input-grounded, criterion-speci�c rubrics,

randomising item order, �xing prompts and decoding settings while logging model

versions, evaluating across model families, and anchoring results to human ratings.

As further safeguards, future work can combine multiple judges through simple en-

sembles, include calibration items to monitor scale drift, and allow judges to abstain

when uncertain.
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5.6 Chapter Summary

In this chapter, we explore methods for automatically identifying semantic consis-

tency errors. Our work has resulted in three main contributions.

First, we investigated an automatic approach to assessing semantic consistency

via input/output pair testing. We examine how well a representative range of ex-

isting semantic similarity metrics correlate with human evaluation scores for data-

to-text system outputs. Speci�cally, we use a two-point comparison that matches

input triples directly to the generated text. Our �ndings revealed embedding-based

metrics such as SBERT and BERTScore, as well as learned metrics like bleurt,

showed the strongest alignment with human ratings, particularly when inputs were

preprocessed through linearisation and normalisation.

Second, we examined how closely LLM judgments align with human assessments

across multiple criteria in two NLP data-to-text tasks, using both existing human

evaluation guidelines and custom-designed prompts to guide the LLMs. Our analysis

found that LLM-based evaluations correlate strongly with human assessments and,

in some cases, outperform individual human annotators in aligning with the overall

consensus. These �ndings underscore the e�ectiveness of LLMs as highly reliable

proxies for human evaluation, particularly when provided with human-type detailed

evaluation instructions.

Third, we investigated an application of LLM-as-judge approaches to serve as

sanity checkers in human evaluation experiments. Speci�cally, we examined their

ability to resolve contradictory human evaluations by serving as a deciding vote.

Our experiments showed that LLM-as-Judge can reliably identify the more accu-

rate evaluation in cases of disagreement, and demonstrate promising reliability and

generalisability across tasks and prompts.

Overall, this chapter deepens the understanding of automated semantic consis-

tency assessment and highlights the utility of LLMs as well as existing automatic

metrics for input/output pair testing, as e�ective tools for enhancing the evaluation

of semantic consistency.
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Generation of Semantically Consistent Text and Its Evaluation

Chapter 6

Conclusion

6.1 Contributions

This thesis contributes to advancing the methods and evaluation of semantic consis-

tency in input-controlled NLG, with a particular focus on data-to-text generation.

The contributions are grouped as follow:

1. Theoretical and Formal Foundations of Semantic Consistency:

(a) De�nition and formalisation of semantic consistency and seman-

tic error types: The thesis de�nes semantic consistency as the require-

ment that everything conveyed by the output must fully align with, and

not exceed, the information in the input. It also clearly de�nes semantic

errors as content/meaning errors and through our proposed consensus

taxonomy introduces three main types:omission, addition, and substitu-

tion. These de�nitions address the lack of standardisation across existing

error annotation schemes and provide a consistent foundation for evalu-

ating semantic consistency in generated text. In Chapter 4, we apply the

highest level of error types from our consensus taxonomy in a span-based

human-annotation study of data-to-text systems.

(b) Development of a task-agnostic consensus error taxonomy: The

thesis investigates the extent to which existing semantic error annotation
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schemes and taxonomies re
ect a common standard. Building on this

analysis, it creates a standardised, task-agnostic consensus taxonomy for

semantic errors, designed to be applicable across diverse input-controlled

language generation tasks and domains. We later apply this taxonomy

in a span-based human-annotation study, reported in Chapter 4.

2. Human-Centred Methods for Semantic Error Analysis

(a) Comprehensive survey of existing annotation schemes and tax-

onomies: The thesis reviews error annotation schemes across both human-

and machine-generated text, identifying gaps and inconsistencies in prior

work. This review motivates the adoption of a simpli�ed, generalisable

taxonomy suitable for evaluating input-controlled generation settings, re-

ported in Chapter 4.

(b) Span-based semantic error annotation study across multiple sys-

tems: The thesis applies the consensus taxonomy to a span-level an-

notation study of outputs from di�erent data-to-text systems, enabling

�ne-grained analysis of where and how semantic inconsistencies manifest

in generated text. Unlike prior output-only schemes (for e.g., Kasner

and Dusek (2024)), we annotate aligned spans on both the input (RDF

triples) and the output, annotating them and using empty-span annota-

tion for omissions/additions. This dual-sided annotation makes omissions

directly observable and, to our knowledge, is novel across multiple data-

to-text systems evaluation.

3. Automatic Methods for Semantic Consistency Evaluation

(a) Semantic consistency checking via input/output comparison:

This thesis assesses the extent to which common automatic metrics such

as, lexical, embedding-based, and distance-based, correlate with human

judgments of semantic consistency in system outputs, establishing base-

line reliability of these methods.
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(b) Evaluating LLM-as-judge methods for generalisability: This the-

sis introduces a novel method of using prompted large language models

to predict human-like quality ratings. It investigates the extent to which

these models can reliably assess multiple quality dimensions, including

semantic consistency, across di�erent systems and evaluation conditions.

(c) Using LLM-as-judge for sanity-checking human evaluation: This

thesis contributes a novel LLM-as-judge method for sanity-checking hu-

man evaluation experiments. By comparing LLM-based judgments with

results from an original human evaluation and two reproduction studies,

it examines the alignment and divergence across repeated human assess-

ments. Additionally, it tests prompt formulation using verbatim human

instructions and analyses model size e�ects, o�ering new insights into the

reliability and generalisability of LLM-based evaluation.

6.2 Research Questions Revisited

RQ1. How can semantic errors in generated text be systematically cate-

gorised and annotated in a way that enables task-agnostic evaluation of

semantic consistency in input-controlled generation tasks? This question

is addressed in Chapter 3, where a consensus semantic error taxonomy is developed

by synthesising multiple existing error categorisation schemes and error taxonomies

for semantic errors. The standardised and generalised taxonomy of content/meaning

error types has three semantic error types on its highest level,omission, addition,

and substitution. These error types are de�ned based on the relationship between

the output content and the input. Speci�cally, an error occurs when the output

(1) omits required input content (omission), (2) introduces content not supported

by the input ( addition), or (3) distorts input content in a meaning-changing way

(substitution). The taxonomy is intended to serve as a task-agnostic framework for

identifying and annotating semantic errors in input-controlled generation settings.
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In Chapter 4, we evaluate this taxonomy by applying its top-level error categories

in a span-based human-annotation study of data-to-text systems.

RQ2. How can human annotation be used to investigate semantic consis-

tency errors in system-generated text, and what can it reveal about the

kinds of semantic errors present in existing language generation systems?

This question is addressed in Chapter 4, where existing semantic error annotation

schemes and taxonomies developed for both human- and machine-generated text are

systematically reviewed. The surveyed error annotation schemes and taxonomies are

analysed in terms of their target text types, error categories, NLP tasks, annotation

purposes, and structural properties. This analysis is conducted to identify common

limitations, such as inconsistent de�nitions, overlapping categories, and ambiguity

between 
uency and meaning errors, and to motivate the adoption of a simpli�ed,

task-agnostic taxonomy suited for systematic evaluation of semantic consistency.

Following this, the top-level categories from our consensus taxonomy are used in

a span-based human annotation study to evaluate semantic consistency in outputs

from multiple data-to-text systems. Please note that a subset of the works surveyed

here is used in Chapter 3 to derive the consensus taxonomy for content/meaning

errors.

RQ3. To what extent can automatic evaluation methods, including lexi-

cal, embedding-based, and distance-based similarity metrics and prompt-

based large language models, reliably re
ect human judgements of seman-

tic consistency and non-semantic quality dimensions (e.g., 
uency, coher-

ence) in NLG outputs, and how generalisable are these methods across

systems and evaluation conditions? This question is addressed in Chapter 5,

which �rst examines how well di�erent types of automatic metrics such as, lexical,

embedding-based, and distance-based, correlate with human evaluation scores on

system-generated outputs from a data-to-text generation task. This provides a base-

line understanding of how e�ectively traditional automatic metrics capture aspects
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of meaning preservation. The chapter then introduces a prompt-based large lan-

guage model setup (LLM-as-judge) to evaluate system outputs across both semantic

consistency and non-semantic quality dimensions, including 
uency, coherence, and

grammaticality. The chapter also examines the generalisability and reliability of the

LLM-as-judge approach across di�erent systems and evaluation prompts, provid-

ing insights into the extent to which such models can simulate or support human

evaluation. In addition, the chapter explores the use of LLM-as-judge as a tool

for sanity-checking human evaluation experiments by comparing LLM predictions

with results from repeated human evaluations. This enables an assessment of how

consistently LLMs align with human ratings across di�erent assessment scenarios.

6.3 Limitations

While this thesis makes several contributions toward improving the method and

evaluation of identifying and assessing semantic consistency in input-controlled nat-

ural language generation (NLG), it also presents certain limitations that should be

acknowledged:

Task and Domain Scope: While the core empirical focus of the thesis is on data-

to-text (D2T) generation tasks involving structured input, some components, such

as the LLM-as-judge sanity-checking experiments, also include non-D2T generation

tasks. However, the development and primary validation of the consensus taxonomy

and annotation approaches were conducted within D2T settings. Therefore, further

work is needed to con�rm the taxonomy's applicability and e�ectiveness across a

wider range of NLG tasks such as summarisation, open-domain dialogue, etc (Fabbri

et al., 2021; Durmus et al., 2020).

Annotation Complexity and Scalability: Span-level semantic error annota-

tion, while o�ering �ne-grained insights, is time-intensive and cognitively demanding

for annotators. This limits the scalability of such methods, especially in large-scale
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evaluations or in real-world deployment scenarios. Moreover, inter-annotator agree-

ment in reproduction studies revealed variability depending on annotator expertise

and training, suggesting that consistent annotation remains a non-trivial challenge

(Stenetorp et al., 2012; Belz and Thomson, 2023, 2024).

Dependence on Pretrained Models: The LLM-as-judge framework introduced

in the thesis leverages large pretrained models for evaluating semantic consistency.

While the results demonstrate promising alignment with human ratings, these mod-

els themselves are susceptible to biases, prompt sensitivity, and inconsistent outputs

depending on their con�guration or training data. This introduces uncertainty in

their use as robust evaluators (Belz and Thomson, 2023, 2024).

Limited Exploration of Semantic Control in Generation: Although the

thesis investigates how semantic errors can be detected and annotated, and how

evaluation can be improved, it does not propose or evaluate generation models or

decoding strategies that explicitly aim to improve semantic controllability during the

generation process. However, the semantic consistency methods developed here, in

particular, span-based human annotation protocols and LLM-as-judge scoring tech-

niques, can be used to guide generation indirectly. For example, automatic semantic

scoring can support decoding-time reranking to select more consistent outputs, or

serve as a training-time signal in reinforcement or contrastive learning settings.

Future work could close the loop between evaluation and generation by feeding

evaluation signals back into model training or decoding (Du�sek and Kasner, 2020a).

Focus on Error Types, Not Severity: The consensus taxonomy focuses on cat-

egorising the type of semantic error (e.g., omission, addition, substitution), but not

the severity or impact of these errors on user understanding or task performance.

An error's signi�cance may vary by domain, yet the framework treats all instances

equally, which may oversimplify the practical implications of semantic failure (Lom-

mel et al., 2014).
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6.4 Future Work

This thesis provides a foundation for identifying and assessing semantic consistency

in input-controlled NLG, particularly in data-to-text (D2T) scenarios. Building on

the �ndings and limitations discussed, several avenues for future research emerge:

Broader Validation Across NLG Tasks: The consensus taxonomy and evalua-

tion methods developed in this thesis were primarily validated in structured data-to-

text generation. Future work could extend this validation to other input-controlled

generation tasks such as abstractive summarisation, question answering, or instruc-

tion following, to assess the generalisability of both the taxonomy and annotation

methodology (Fabbri et al., 2021; Durmus et al., 2020; Kryscinski et al., 2020; Laban

et al., 2022).

Model-Integrated Semantic Control: The evaluation tools developed in this

thesis could be used to guide or regularise the training and decoding of generation

models. Future work could investigate how semantic error detection signals|either

from human annotations or automatic checkers, can be incorporated into training

objectives, constrained decoding, or reinforcement learning setups to enhance se-

mantic controllability during generation (Du�sek and Kasner, 2020a; Dhingra et al.,

2019).

Improving Annotation E�ciency and Reliability: As span-based annotation

is cognitively demanding, developing semi-automated or assistive tools for guiding

human annotators may increase both e�ciency and consistency. Active learning,

annotation recommendation, or error highlighting techniques could be explored to

support more scalable human evaluation work
ows (Stenetorp et al., 2012).

Robustness and Transparency in LLM-as-Judge Frameworks: While LLMs

showed potential as evaluation agents, their performance is sensitive to prompt

design, temperature settings, and internal biases. Future work should explore ro-
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bust prompting techniques, calibration strategies, and interpretability tools to make

LLM-as-judge setups more transparent, reliable, and fair across di�erent evaluation

conditions and domains (Liu et al., 2023; Zhong et al., 2022; Wataoka et al., 2024;

Belz and Thomson, 2023, 2024; Wataoka et al., 2024).

From Evaluation to Intervention: Finally, future work could explore how the

insights gained from semantic error analyses can be translated into practical system

interventions. This includes using diagnostic signals to adapt model architectures,

improve �ne-tuning datasets, or personalise generation behaviour based on user

needs and error tolerance in downstream applications such as healthcare or �nance

(Huidrom et al., 2024).

6.5 Concluding Remarks

This thesis has investigated the challenge of evaluating semantic consistency in

input-controlled natural language generation (NLG), with a particular focus on data-

to-text (D2T) generation. Despite advances in the 
uency and coherence of neural

generation systems, ensuring that generated text faithfully re
ects the meaning of

its structured input remains a persistent problem. This work addresses that gap by

introducing principled methods for detecting, categorising, and evaluating semantic

errors, de�ned as content-level discrepancies between input and output.

The thesis makes several contributions toward improving semantic controllabil-

ity in generation systems. First, it formalises core de�nitions of semantic consis-

tency and semantic error types, providing a clear conceptual foundation. Second,

it develops a task-agnostic consensus taxonomy for semantic errors,omission, ad-

dition, and substitution, by synthesising prior annotation schemes and validating it

through span-level human annotation studies on D2T outputs. Third, it evaluates

both traditional similarity-based metrics and prompt-based large language models

(LLM-as-judge) for their ability to re
ect human judgments of semantic consistency,

including a novel use of LLMs to sanity-check human evaluation experiments.

130



The results suggest that using a standardised taxonomy in combination with

structured human annotation can support more consistent and �ne-grained evalua-

tion of semantic errors. In parallel, LLM-based methods show promise as reliable,

generalisable evaluators when carefully prompted, o�ering complementary support

for human assessment. Together, these �ndings reinforce the need for evaluation

frameworks that prioritise semantic consistency, moving beyond surface-level met-

rics to address the semantic integrity of system outputs.

While the scope of the thesis is primarily grounded in D2T tasks, the proposed

approaches are intended to be extensible to other input-controlled generation set-

tings. Limitations related to task diversity, annotation scalability, and model biases

remain, suggesting avenues for future work.

In summary, this thesis contributes both theoretical and practical advancements

toward more robust evaluation of semantic consistency in NLG. As language gen-

eration systems continue to be deployed in meaning-critical applications, ensuring

semantic consistency will be essential to their trustworthiness, safety, and e�ective-

ness.
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Costa, Â., Ling, W., Lu��s, T., Correia, R., and Coheur, L. (2015). A linguistically

motivated taxonomy for machine translation error analysis.Machine Translation,

29(2):127{161.
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Generation of Semantically Consistent Text and Its Evaluation

Appendix A

Appendices

A.1 Original De�nitions of Content Error Cate-

gories from Papers

This section presents de�nitions, to the extent provided in the original papers, of

the content error categories incorporated as the nodes in our minimally merged

taxonomy (Figure ??). In those cases where no de�nition is provided in the original

paper, we list just the name of the error category.

Note we do not include syntactic, discourse-level and other error categories not

relating to content/meaning errors, as included in some of the work cited here.

The error categories listed are the lowest(most speci�c) level of the original error

hierarchy in each case.

In one or two cases, the original work additionally provides syntactic labels (e.g.

Huang et al.) which we omit if they can apply to any of the error categories (are

orthogonal to them).

A.1.1 Top-level error categories

1. Accuracy (Zou et al., 2022)

(a) Critical .
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(b) Minor .

2. Adequacy(Popovi�c, 2020)1

(a) Major.

(b) Minor .

A.1.2 Omission-type error categories

1. Omission error (Costa et al., 2015): \omission errors happen when the transla-

tion of a word present in the source text is missing in the resulting translation."

(a) Omission error (content words).

(b) Omission error (function words).

2. Missing words(Costa et al., 2012): \when one or more words are missing in

the translation."

(a) Missing �ller words.

(b) Missing content words.

3. Omission (Huang et al., 2020): \Key point is missing from the output."

4. Missing context (Mahmud et al., 2021b):

(a) Missing Prog. Language Information: \Missing Attributes that refer to

PL speci�c information."

(b) Missing Database Information: \Missing database attributes that provide

needed context to method functionality."

5. Missing information (Mahmud et al., 2021b):

(a) Missing conditional information: \Misses code branching information."

(b) Missing critical information : \Comment is missing critical semantic in-

formation."
1The other error type, Comprehensibility, is not included here, as it is more to do with under-

standing content that has been correctly included.
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(c) Missing Task Elaboration: \Did not describe what code was doing prop-

erly."

(d) Missing Non-Critical Information : \Useful comment but non-critical info

missing."

(e) Missing Web-Related Information: \Comment failed to mention web-

related identi�er."

(f) Failed to Mention Identi�ers : \Does not mention speci�c variable/attribute

names, often using a generic identi�er."

(g) Missing Identi�er : \No identi�er mentioned at all."

(h) Missing Data Structure Information: "Does not capture relevant data

structure info."

(i) Missing Syntax Information: \Important syntactic information (e.g. code

ordering) is missing."2

(j) Missing Exception: \Does not mention relevant exception info."

6. Absent word(Caseli and In�acio, 2020).

7. Absent n-gram(Caseli and In�acio, 2020).

8. Deletion (Specia et al., 2021; Al Sharou and Specia, 2022): \critical content

that is in the source sentence is not present in the translation."the translation."

(a) TOX (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

toxicity (hate, violence or profanity)."

(b) SAF (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

health or safety risks."

(c) NAM (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

named entities."

(d) SEN (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

sentiment polarity or negation."

2This refers to programming language syntax, rather than linguistic.
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(e) NUM (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

units/time/date/numbers."

(f) INS (Al Sharou and Specia, 2022): \Deviation in instructions."

(g) OTH (Al Sharou and Specia, 2022): \Other critical meaning deviation."

9. Omission (Specia et al., 2017).

10. Missing function words(Specia et al., 2017).

11. Incorrect Number (Thomson and Reiter, 2020): \This includes numbers which

are spelled out as well as digits."

12. Incorrect Named Entity (Thomson and Reiter, 2020): \This includes people,

places, organisations, and days of the week."

13. Other (Thomson and Reiter, 2020): \Any other type of mistake."

14. Omissions (Kasner and Dusek, 2022).

A.1.3 Addition-type error categories

1. Addition error (Costa et al., 2015): \the translation of a word that was not

present in the source text and was added to the target text."

(a) Addition error (content word).

(b) Addition error (function word) .

2. Extra words (Costa et al., 2012): \cases where the translation engine gener-

ates sentences containing words, most commonly �ller words, that should be

removed in order to obtain a correct sentence."

3. Addition (Huang et al., 2020): \Unnecessary and irrelevant snippets from the

source are included in the summary."

4. Inaccuracy Extrinsic (Huang et al., 2020): \The summary has content not

presented in the source and factually incorrect."
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5. Duplication (Huang et al., 2020): \A word or longer portion of the text is

repeated unnecessarily."

6. Extraneous/Unnecessary Information Included(Mahmud et al., 2021b):

(a) Unnecessary Data Structure Info: \Adds unnecessary data structure info

to comment."

(b) Unnecessary File Information: \Adds unnecessary �le information to

comment."

(c) Unnecessary Incorrect Information: \Adds information to comment that

is both incorrect and unnecessary."

7. Extra word (Caseli and In�acio, 2020).

8. Extra n-gram (Caseli and In�acio, 2020).

9. Addition Tezcan et al. (2017): \refer[s] to target words not represented in the

source."

10. Omission Tezcan et al. (2017): \refer[s] to source words not represented in the

target text."

11. Hallucination (Specia et al., 2021): \critical content that is not in the source

is introduced in the translation, for example, profanity words are introduced

that were not in the source."

(a) TOX (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

toxicity (hate, violence or profanity)."

(b) SAF (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

health or safety risks."

(c) NAM (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

named entities."

(d) SEN (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

sentiment polarity or negation."
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(e) NUM (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

units/time/date/numbers."

(f) INS (Al Sharou and Specia, 2022): \Deviation in instructions."

(g) OTH (Al Sharou and Specia, 2022): \Other critical meaning deviation."

12. Addition (Specia et al., 2017).

13. Extraneous function words(Specia et al., 2017).

14. Incorrect Number (Thomson and Reiter, 2020): \This includes numbers which

are spelled out as well as digits."

15. Incorrect Named Entity (Thomson and Reiter, 2020): \This includes people,

places, organisations, and days of the week."

16. Other (Thomson and Reiter, 2020): \Any other type of mistake."

17. Hallucinations (Kasner and Dusek, 2022).

18. Redundancies(Kasner and Dusek, 2022).

19. Extrinsic Noun-Phrase (Tang et al., 2022a): \A model introduces word(s)

not from the source text that function(s) in a summary as subject, object, or

prepositional object but cannot be veri�ed from the source."

(a) Named Entity (Tang et al., 2022a).

(b) Quantity (Tang et al., 2022a).

(c) Negation (Tang et al., 2022a).

A.1.4 Substitution-type error categories

1. Untranslated error (Costa et al., 2015): \when the engine cannot �nd any

translation candidate for a given source word, [and] cop[ies] it to the translation

output `as is'."

2. Confusion of senses(Costa et al., 2015): \is the case of a word that was

translated into something representing one of its possible meanings, but, in

the given context, the chosen translation is not correct."
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3. Wrong choice (Costa et al., 2015): \occur when a wrong word, without any

apparent relation, is used to translate a given source word."

4. Collocational errors (Costa et al., 2015): as wrong choice, but for \blocks of

words" rather than single words.

5. Idiomatic errors (Costa et al., 2015): \concern errors in idiomatic expressions

that the system does not know and translates as regular text."

6. Lexical Choice (Costa et al., 2012): \the translation engine chose the wrong

translation candidate word."

7. Disambiguation (Costa et al., 2012): \the system is not able to disambiguate

the correct meaning of a source word in a given context."

8. Idiomatic Expressions(Costa et al., 2012): \expressions that should have not

been translated literally."

9. Inaccuracy Intrinsic (Huang et al., 2020): \Terms or concepts from the source

are misrepresented and thus unfaithful."

10. Positive-Negative Aspect(Huang et al., 2020): \The output summary repre-

sents positive statements whereas the source segment is negative, and vice

versa."

11. Unknown Words (Huang et al., 2020): \words or expressions [...] for which

the translation engine could not �nd any translation candidate and for that

reason were kept in the source language and copied to the translation output.

12. Incorrect Semantic Information: (Mahmud et al., 2021b):

(a) Partial Incorrect Information : \Semantically meaningful, with a few er-

rors."

(b) Semantically Unrelated to Code: \Does not capture code context what-

soever."

(c) Algorithmically Incorrect : \Conveys a di�erent algorithmic meaning as

compared to the code."
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13. Over-Generalization: (Mahmud et al., 2021b):

(a) Di�erent Meaning : \Comment over-generalizes on the meaning of the

code functionality."

(b) Algorithmically Incorrect : \Overgeneralizes to the point of incorrect-

ness."

(c) Missing Attribute Speci�cation: \Uses generic names such as var."

14. Not translated word (Caseli and In�acio, 2020).

15. Incorrectly translated word (Caseli and In�acio, 2020).

16. Not translated n-gram(Caseli and In�acio, 2020).

17. Incorrectly translated n-gram (Caseli and In�acio, 2020).

18. Reordering (Caseli and In�acio, 2020).

19. Reordering errors (Federico et al., 2014).

20. Lexicon errors (including wrong lexical choices and extra words)(Federico

et al., 2014).

21. Missing words(Federico et al., 2014).

22. Untranslated Tezcan et al. (2017): \refer[s] to words that are not translated

in the target but are copied instead, when they should have been translated."

23. Do-not-translate Tezcan et al. (2017): \refer[s] to source words that have been

unnecessarily translated into the target."

24. Mistranslation Tezcan et al. (2017).

(a) Multi-word expressions: \The translation is incorrect (and often too lit-

eral) because the source sentence contains multi-word expression such as

an idiom, a proverb, a collocation, a compound or a phrasal verb."

(b) Part of speech: change in part of speech between source and target text.

(c) Word sense disambiguation: \The target text fragment refers to di�erent

(and a wrong) sense of the corresponding source text fragment."
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i. Content Word.

ii. Function Word.

(d) Partial Translation : \The incorrect and partial translation of Dutch sep-

arable verbs."

(e) Other.

25. Bilingual Terminology Tezcan et al. (2017).

26. Source Errors Tezcan et al. (2017): MT errors that do not originate from the

MT system.

27. Mistranslation (Specia et al., 2021): \critical content is translated incorrectly

into a di�erent meaning, or not translated (i.e. it remains in the source lan-

guage) or translated into gibberish."

(a) TOX (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

toxicity (hate, violence or profanity)."

(b) SAF (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

health or safety risks."

(c) NAM (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

named entities."

(d) SEN (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

sentiment polarity or negation."

(e) NUM (Specia et al., 2021; Al Sharou and Specia, 2022): \Deviation in

units/time/date/numbers."

(f) INS (Al Sharou and Specia, 2022): \Deviation in instructions."

(g) OTH (Al Sharou and Specia, 2022): \Other critical meaning deviation."

28. Mistranslation (Specia et al., 2017).

29. Untranslated (Specia et al., 2017).

30. Incorrect function words (Specia et al., 2017).

31. Unintelligible (Specia et al., 2017).
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32. Not Checkable(Thomson and Reiter, 2020): \A statement which can not be

checked; either the information is not available or it is too time-consuming to

check."

33. Incorrect Number (Thomson and Reiter, 2020): \This includes numbers which

are spelled out as well as digits."

34. Incorrect Named Entity (Thomson and Reiter, 2020): \This includes people,

places, organisations, and days of the week."

35. Incorrect word (Thomson and Reiter, 2020): \A word which is not [a number

or noun phrase] and is incorrect."

36. Other (Thomson and Reiter, 2020): \Any other type of mistake."

37. Incorrect fact merging (Kasner and Dusek, 2022).

38. Intrinsic Noun-Phrase (Tang et al., 2022a): \A model misrepresents word(s)

from the source text that function(s) in a summary as subject, object, or

prepositional object."

(a) Named Entity (Tang et al., 2022a).

(b) Quantity (Tang et al., 2022a).

(c) Negation (Tang et al., 2022a).

A.2 Systematic Survey of Error Annotation Schemes

and Error Taxonomies

A.2.1 Error Annotation Schemes for Machine Generated

Text (MGT)

In this section, we present entire taxonomies and examples of individual errors for

error annotation schemes developed for HGT and extracted from the 22 surveyed

papers brie
y summarised in Section??.
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Costa et al. (2015) present the taxonomy found in Figure A.1. Below are some

error examples extracted from the paper:

Example 1: Spelling error in Orthography level

Example : Spelling error

EN : Basilica of the Martyrs

EP : Bas��lica dos *M�atires

Correct translation : Bas��lica dos M�artires

Example 2: Omission error (content word) in Lexis level

Example : Omission error (content word)

EN : In his inaugural address, Barack Obama

EP : No seu * inaugural, Barack Obama

Correct translation : No seu discurso inaugural, Barack Obama

Example 3: Addition error (content word) in Lexis level

Example : Addition error (content word)

EN : This time I'm not going to miss

EP : Desta vez *correr n~ao vou perder

Correct translation : Desta vez n~ao vou perder

Al Sharou and Specia (2022) de�ne seven main categories as mentioned in

Section??. Here are some error examples extracted from the paper:

Example 1: Deviation in toxicity (TOX)

ST: Your killing the fucking planet.

MT-ed text : May the damn planet kill you.

Translation into Arabic by Systran

Example 2: Deviation in health/safety risks (SAF)
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Figure A.1: Figure of taxonomy extracted from (Costa et al., 2015).

ST : I Know two teenagers that su�er from gerd it is a big problem for

these people!

MT-ed text : I Know two teenagers that su�er from root disease it is a

big problem for these people!

Translation into Chinese by GT.

Example 3: Deviation in named entities (NAM)

ST: Your fucking ass doesn't know shit about it AT ALL.Rocky.

MT-ed text : Your fucking ass doesn't know shit about it AT ALL.rock.

Translation into Italian by Bing

Caseli and In�acio (2020) presents a taxonomy found below:

1. Syntactic errors

ˆ Number agreement
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ˆ Gender agreement

ˆ Verb in
ection

ˆ PoS

|item Lexical errors

ˆ Extra word

ˆ Absent word

ˆ Not translated word

ˆ Incorrectly translated word

2. N-gram

ˆ Absent n-gram

ˆ Not translated n-gram

ˆ Incorrectly translated n-gram

3. Reordering

ˆ Order

He et al. (2021) present a taxonomy found in Figure A.2.

Belkebir and Habash (2021) present a taxonomy found in Table Figure A.3.

Huang et al. (2020) show PolyTope with each error types on a three-coordinates

for syntactic and semantic roles which is found in Figure A.4 and some examples

extracted from the paper are found below.

Example 1: Inaccuracy Intrinsic

\Pittsburgh Union Station is 10 kilometers from Exhibition Center and

3 kilometers from the University of Pittsburgh" in the source but \Pitts-

burgh Union Station is 3 kilometers from Exhibition Center" in the out-

put.
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Figure A.2: Figure extracted from (He et al., 2021) of level-1 and level-2 error types
in TGEA which is an error annotated dataset.

Example 2: Inaccuracy Extrinsic

it is described as \Pittsburgh Union Station, also known as Pittsburgh

South Station" in the output but \Pittsburgh South Station" is neither

mentioned in the source text nor exists in the real world.

Example 3: Positive-Negative Aspect

\push a button" summarized as \don't push a button", \non-slip" sum-

marized as \slip". This category applies only to actions and modi�ers

and refers to omitted or added negative particles.

Di et al. (2019) presents an error taxonomy found below.

1. Target errors: Target word errors are 'due to errors in the Wiktionary source

data and incorrect extraction of paradigm tables.'
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Figure A.3: Figure of ARETA which is an error annotation system extracted from
(Belkebir and Habash, 2021).

2. Prediction errors

ˆ nonce-word errors: Nonce word errors are 'due to illegal words, i.e. situ-

ations when the string generated by a system does not exist in Tibetan.'

ˆ allomorphy errors: Allomorphy errors are considered for verb in
ection

and diacritics for Tibetan language.

Mahmud et al. (2021a) present a taxonomy found in Figure A.5.

Costa et al. (2012) present a taxonomy and examples below:

The error taxonomy is as follows:

1. Missing words (when one or more words are missing in the translation)
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Figure A.4: Figure of PolyTope with each error types on a three-coordinates for
syntactic and semantic roles extracted from (Huang et al., 2020).

ˆ Missing word �llers

ˆ Missing content words

2. Word order (when reordering model is unable to produce a reordering of the

sentence)

3. Incorrect words (when a translation engine is unable to produce a correct

translation of a word or expression)

ˆ Lexical choice

ˆ Disambiguation

ˆ Incorrect form

ˆ Extra words

ˆ Idiomatic Expressions
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Figure A.5: Figure of taxonomy of errors between the generated summaries and
ground truth extracted from (Mahmud et al., 2021a).

4. Unknown words (when the translation engine could not �nd the translation in

the target language and keeps the words or expressions in the source language).

Example extracted from the paper in Figure A.6:

Figure A.6: Examples of word order error extracted from (Costa et al., 2012)

Macklovitch (1991) presents an error tabulation for its taxonomy in Figure A.7.
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Figure A.7: Figure of taxonomy extracted from (Macklovitch, 1991)
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A.2.2 Error Annotation Schemes for Human Generated Text

(HGT)

In this section, we present entire taxonomies and examples of individual errors for

error annotation schemes developed for HGT and extracted from the 22 surveyed

papers brie
y summarised in Section 4.3.

Lin et al. (2022) present a taxonomy based on error correction and each edit

belongs to one of the three types listed below. Figure A.8 show error types and

examples extracted from the paper.

The error taxonomy in Lin et al. (2022) is

1. Monolingual edits (identi�able from the target side of the text)

ˆ typos (spelling, punctuation, spacing and orthographic issues)

ˆ grammar

ˆ 
uency

2. Bilingual edits (mismatch between source and target text) Eg, under-translation,

mis-translation.

3. Preferential edits (based on the preference of the customer) Eg, terminology,

style preference.

van der Goot et al. (2018) present a taxonomy; below are a few examples of

errors.

Example 1: Typographical error

spirite| � spirit, complaing| � complaining, throwg| � throw

Example 2: Repetition

soooo| � so, weiiiiird| � weird

Example 3: Unknown
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Figure A.8: Figure of error taxonomy for ACED corpus with examples extracted
from (Lin et al., 2022).

Figure A.9: Figure of taxonomy extracted from (van der Goot et al., 2018).

skepta| � sunglasses, putos|� photos

Ng et al. (2014) present an error annotation scheme and a few examples below.

Figure A.10 includes extracted error categories and its examples from the paper.

Here are some examples extracted from the paper:

Example 1: Verb tense (Vt)
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Medical technology during that time [is� was] not advanced enough to

cure him.

Example 2: Word form (Wform)

The sense of [guilty� guilt] can be more than expected.

Example 3: Unclear meaning (Um)

Genetic disease has a close relationship with the born gene. (i.e., no

correction possible without further clari�cation.)

Dickinson and Herring (2008) presents a taxonomy for Russian verbal morphol-

ogy:

1. Inappropriate verb stem

ˆ Always inappropriate

ˆ Inappropriate for this context

2. Inappropriate verb a�x

ˆ Always inappropriate

ˆ Always inappropriate for verbs

ˆ Inappropriate for this verb

3. Inappropriate combination of stem and a�x

4. Well-formed word in inappropriate context

ˆ Inappropriate agreement features

ˆ Inappropriate verb form (tense, perfective/imperfective, etc.)

Dickinson (2010) present an error taxonomy in Figure A.11.

Nagata et al. (2018) present a spelling error annotation scheme in Figure A.12.

Barbagli et al. (2016) present error annotations and examples in Figure A.13.

Himoro and Pareja-Lora (2020) present an error taxonomy and examples in

Figure A.14.
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Figure A.10: Figure of taxonomy extracted from (Ng et al., 2014).

1. Abbreviation (ABR) in Intentional errors are due to omission of letters or use

of homophones letters and/or numbers to replace syllables. Example, kme-

>kame.

2. Omission (OMS) in unintentional errors are due to deletion of letter from a

word without an explanation. Example, Chaacano -> Chavacano.

Caines et al. (2020) present the error types determined by grammatical error

correction of texts in TSCC in Figure A.15.
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Figure A.11: Figure of taxonomy extracted from (Dickinson, 2010)

Korre et al. (2021) present an error annotation scheme in Figure A.16.

A.3 Di�erences in Semantic Errors Made by

Di�erent Types of Data-to-text Systems

A.3.1 Participants Recruitment Email

The following is our email template that we sent to recruit participants for our ex-

periment.

Subject: Participants needed for data-to-text system evaluation (1 Hour, 25 Euros)
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Figure A.12: Figure of spelling error and corresponding treatment extracted from
(Nagata et al., 2018).

Dear all,

I hope this email �nds you well. My name is [FirstName LastName], and I am

currently working on a project focusing on the human evaluation of data-to-text

system outputs as a part of my PhD thesis. I am reaching out to you to invite you

to participate in this exciting research opportunity.

The aim of this project is to evaluate semantic errors (addition, omission, substitu-

tion, repetition) in the input (RDF triples) and data-to-text system outputs pairs

from WebNLG 2020 Shared Task. We would need evaluations to be completed no
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Figure A.13: Figure of error annotations and examples extracted from (Barbagli
et al., 2016)

Figure A.14: Figure of spelling error taxonomy for ZC extracted from (Himoro and
Pareja-Lora, 2020)

later than [DD MM YY].

Our pilot experiment showed that the evaluation should take about an hour and we

are o�ering 25 Euro for this task.

Prior to the evaluation process, there will be a training session to familiarise the

participants with the annotation tool we will be using and of course, provide clear

guidelines on how to evaluate these system outputs. We will ensure that the par-

181



Figure A.15: Figure of the error types determined by grammatical error correction
of texts in TSCC extracted from (Caines et al., 2020)

ticipants have all the necessary resources and support to carry out the evaluation

e�ectively. To acknowledge the time and e�ort, we are o�ering compensation for

your participation.

We believe that this research project makes a signi�cant contribution to the scien-

ti�c work in the �eld.
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