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Message from the Workshop Organizers

In the last ten years, significant advances in deep learning models and the development of Large
Language Models (LLMs) have revolutionized the fields of computational linguistics (CL) and
natural language processing (NLP). In turn, this has led to a complete re-assessment of the
language resources and evaluation practices necessary for training LLMs and analyzing their
outputs. In particular, the availability of very large amounts of unstructured data for training
foundational models has come into focus, while the value of high-quality structured linguistic
data with rich annotations at various levels of linguistic analysis has been downplayed by
comparison. However, as CL and NLP practitioners engage further with LLMs and debate their
strengths and weaknesses, the importance of high-quality, structured linguistic data has been
re-emphasized.

The workshop can be seen as related to the Treebanks and Linguistic Theories (TLT) conference
series and the more recent SyntaxFest venue. Over the years, these venues have provided
a central forum for high-quality research on treebanks, syntactic theory, syntax-semantics
interface, structured meaning representations, and annotated linguistic resources. With record
participation in recent years, they demonstrate the vitality and relevance of this line of work.
The Workshop on Structured Linguistic Data is conceived as both a continuation of this tradition
and an adaptation to the new realities of an LLM-dominated research landscape. The workshop
brings together researchers from these overlapping traditions to advance methods, resources,
and practices for integrating structured linguistic data into the LLM era.

The papers collected in this volume reflect a vibrant and multifaceted engagement with these
issues, demonstrating that structured representations are not a relic of the past, but an essential
component of robust, interpretable, and theoretically grounded natural language processing. A
recurring theme across the program is the need to rigorously capture the syntax-semantics
interface and complex event dynamics. For instance, contributions to the workshop explore
how abstract meaning representations can be extended to handle quantification, and how
subevent structures serve as vital predictors for entity identity changes in procedural texts. Such
approaches underscore the necessity of deep lexical semantic analysis for tracking states and
understanding discourse well beyond surface-level pattern matching.

Equally prominent is the focus on the creation, curation, and analysis of specialized corpora
and lexicons. The accepted papers highlight the immense linguistic diversity and complexity
that foundational models still struggle to autonomously master. Researchers present novel
findings on human label variation in coreference, the compilation of temporally faithful corpora
for diachronic NLP, and domain-specific challenges, such as those found in specialized
German sermons. Furthermore, there is a strong emphasis on word-internal structures and
morphological phenomena, ranging from large-scale segmentation across dozens of languages
to the intricacies of linking elements in German nominal compounding and non-concatenative
morphology in Tashlhiyt Berber. By modeling these regularities, including the design of datasets
for regular metaphor, the community continues to provide the high-fidelity data necessary to
push computational linguistics forward.

The direct interplay between generative models and structured data forms another critical
pillar of this year’s proceedings. Several authors tackle the evaluation and enhancement of
LLMs through structured lenses, whether by comparing natural and synthetic structured data
regarding verb alternations, or by exploring corpus-grounded agentic LLMs for multilingual
grammatical analysis. Additionally, methods for improving language models for lexicographic
question answering and employing syntax as a semantic pivot in machine translation showcase
practical pathways for injecting rich linguistic knowledge into contemporary pipelines.
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Finally, methodological innovations in how we store, query, and utilize structured linguistic
data continue to evolve. The program features exciting work on fast and flexible example-
based treebank search using vector symbolic architectures, offering fresh mathematical and
computational perspectives on representing and retrieving complex structures. Together with
the insights from our keynote speakers, Shira Wein and Naiara Perez, the research presented
in these proceedings charts a clear and exciting course. It is our hope that this volume not
only documents the remarkable work being done at this critical intersection, but also inspires
continued theoretical and practical development across the community.

The number of submissions was 30 which shows the relevance of the topic. From these, 21
papers were accepted – 7 for oral presentation and 14 as posters. The acceptance rate is thus
70 % and it indicates the high quality of the submissions.

The Organizers

Acknowledgements

We would like to thank our invited speakers Naiara Perez and Shira Wein for their stimulating
keynotes and for their willingness to cover their own accommodations and travel expenses. Also,
we are grateful to have had Michał Ulewicz (IBM) as secondary reviewer. We are also indebted
for the guidance provided by the LREC workshop committee that made our preparations a
smooth process.

iv



Organizing Committee

Jan Hajič (Prague University, Czech Republic)
Erhard Hinrichs (Tübingen University, Germany)

Sandra Kübler (Indiana University, USA)
Joakim Nivre (Uppsala University, Sweden)

Petya Osenova (Sofia University and IICT-BAS, Bulgaria)
James Pustejovsky (Brandeis University, USA)

Program Committee

Meriem Beloucif (Uppsala University, Sweden)
Bernd Bohnet (Google, London, UK)

Johan Bos (University of Groningen, The Netherlands)
Gosse Bouma (University of Groningen, The Netherlands)

Çağrı Çöltekin (Tübingen University, Germany)
Daniel Dakota (Leidos, Indiana University, USA)

Miryam de Lhoneux (KU Leuven, Belgium)
Stephanie Dipper (Bochum University, Germany)

Katrin Erk (University of Massachusetts at Amherst, USA)
Kilian Evang (Düsseldorf University, Germany)
Kim Gerdes (Université Paris-Saclay, France)

Eva Hajičová (Charles University, Czech Republic)
Yoshihiko Hayashi (Waseda University, Japan)

Shu-Kai Hsieh (National Taiwan University, Taiwan)
Laura Kallmeyer (Düsseldorf University, Germany)

Ekaterina Kochmar (Mohamed Bin Zayed University of AI, Abu Dhabi)
Marie-Pauline Krielke (Saarland University, Germany)

Lori Levin (Carnegie Mellon University, USA)
Wolfgang Menzel (Hamburg University, Germany)

Marie Mikulová (Charles University, Czech Republic)
Kaili Müürisep (University of Tartu, Estonia)

John Nerbonne (Freiburg University, Germany)
Colleen Alena O’Brien (Palacky University, Olomouc, Czech Republic)

Stephan Oepen (Oslo University, Norway)
Lilja Øvrelid (University of Oslo, Norway)
Barbara Plank (LMU Munich, Germany)

Agata Savary (Université Paris-Saclay, France)
Kiril Simov (IICT, Bulgarian Academy of Sciences, Bulgaria)

Sanghoun Song (Korea University, Korea)
Sara Stymne (Uppsala University, Sweden)

Rob van der Goot (IT University of Copenhagen, Denmark)
Leonie Weissweiler (Uppsala University, Sweden)

Shuly Wintner (Haifa University, Israel)
Alina Wróblewska (Polish Academy of Sciences, Warsaw, Poland)

Nianwen Xue (Brandeis University, USA)
Daniel Zeman (Charles University, Czech Republic)
Heike Zinsmeister (Hamburg University, Germany)

v



Keynote Speakers

Naiara Perez (University of the Basque Country)
Shira Wein (Amherst College)

vi



Table of Contents

When Does Linguistics Help? Downstream Utility of Linguistic Frameworks in the Age of LLMs
Shira Wein . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xv

Building and Evaluating Instruction-Following LLMs for Low-Resource Languages
Naiara Perez . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xvi

Degrees of Subjectivity and Their Repercussions in Conversation. The View from Online Inter-
actions

Gonzalo Freijedo Aduna, Anastasia Giannakidou and Alda Mari . . . . . . . . . . . . . . . . . . . . . . . . 1

Constraints on Linking Element Choice in German Nominal Compounding: A Large-Scale Cor-
pus Study

Maksim Shmalts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

Comparing Natural and Synthetic Structured Data: A Study of the Passive Verb Alternation in
French and Italian

Giuseppe Samo and Paola Merlo . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

Subevent Structure as a Predictor of Entity Identity Change in Procedural Text
Kyeongmin Rim and James Pustejovsky . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

Fast and Flexible Example-Based Treebank Search with Vector Symbolic Architectures
Adam Roussel . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

Modular Neural Machine Translation with a Semantic Pivot - Pilot Study Using AMR
Wenyang Gao, Yaxuan Li, Yunxin Bao, Shulin Huang and Yue Zhang . . . . . . . . . . . . . . . . . 74

Gutenberg+: A More Temporally Faithful Corpus for Diachronic NLP
Leon Hammerla and Alexander Mehler . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

Automatic Lemmatisation for Norwegian
Ahmet Yildirim, Kristin Hagen and Dag Haug . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

Quantification in Abstract Meaning Representation
Kiyong Lee and Chongwon Park . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

Improving Slovene Language Models for Lexicographic Question Answering through Continued
Pretraining and Instruction Fine-Tuning

Timotej Knez and Slavko Zitnik . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

Structured Partial Predictability in Non-Concatenative Morphology: The Case of Tashlhiyt Berber
John Alderete and Hamza Sellami . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

Towards Corpus-Grounded Agentic LLMs for Multilingual Grammatical Analysis
Matej Klemen, Tjaša Arčon, Luka Terčon, Marko Robnik-Sikonja and Kaja Dobrovoljc 136

The L2 Network: A CEFR-Aligned Knowledge Graph for Grammar Domain Modeling
Luisa Ribeiro-Flucht and Xiaobin Chen. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .148

vii



Paraphrase Acquisition via Bilingual Pivoting Based on Neural Word Alignment
Risa Kondo, Seiji Sugiyama, Tomoyuki Kajiwara and Takashi Ninomiya. . . . . . . . . . . . . . .160

Using syntax for the semantic representation of sentences
Iskandar Boucharenc, Eve Sauvage, Thomas Gerald, Julien Tourille, Sabrina Campano,

Cyril Grouin and Sophie Rosset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169

Modeling Word-Internal Structures: Morphological Segmentation Across 58 Languages
Vojtěch John, Zdeněk Žabokrtský and Benjamin Reeves . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

DiNoS: Creating a Data-Driven German Noun Phrase Lexicon from Universal Dependencies
Jacob Lee Suchardt and Ronja Laarmann-Quante . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 191

Figurative, Polysemous, Conventional: Designing a Dataset of Regular Metaphor
Anna Temerko, Pablo Gamallo and Marcos Garcia . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 202

Domain-Specific Considerations in the Preparation of Specialized Corpora: A Case Study on a
Corpus of German Sermons

Cora Haiber, Adam Roussel and Stefanie Dipper . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 212

Semantic, Syntactic, Lexical: What Makes QA Augmentation Work in Limited Quantity?
Benedictus Kent Rachmat, Thomas Gerald, Takuya Nakamura, Zheng Zhang and Cyril

Grouin . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 224

Introducing corpora Hlava Cor and Hlava AD: Human Label Variation in Coreference and Dis-
course Relations

Anna Nedoluzhko, Sarka Zikanova, Jiri Mirovsky, Milan Straka and Eva Hajicova . . . . . 237

viii



Workshop Program

Monday, May 11, 2026

09:00–09:10 Opening
Room: 3
Chairs: Erhard Hinrichs, Joakim Nivre, Petya Osenova

09:10–10:00 Keynote 1: Shira B. Wein, Amherst College
Room: 3
Chair: James Pustejovsky

10:00–10:30 Session 1
Room: 3
Chair: James Pustejovsky

10:00–10:30 Degrees of Subjectivity and Their Repercussions in Conversation. The
View from Online Interactions
Gonzalo Freijedo Aduna, Anastasia Giannakidou and Alda Mari

10:30–11:00 Coffee Break 1

11:00–13:00 Session 2
Room: Room 3
Chair: Petya Osenova

11:00–11:30 Constraints on Linking Element Choice in German Nominal Compound-
ing: A Large-Scale Corpus Study
Maksim Shmalts

11:30–12:00 Comparing Natural and Synthetic Structured Data: A Study of the Pas-
sive Verb Alternation in French and Italian
Giuseppe Samo and Paola Merlo

12:00–12:30 Subevent Structure as a Predictor of Entity Identity Change in Procedu-
ral Text
Kyeongmin Rim and James Pustejovsky

12:30–13:00 Fast and Flexible Example-Based Treebank Search with Vector Sym-
bolic Architectures
Adam Roussel

ix



Monday, May 11, 2026 (continued)

13:00–14:00 Lunch Break

14:00–15:10 Poster Session
Chair: Joakim Nivre

14:00–15:10 Modular Neural Machine Translation with a Semantic Pivot - Pilot Study
Using AMR
Wenyang Gao, Yaxuan Li, Yunxin Bao, Shulin Huang and Yue Zhang

14:00–15:10 Gutenberg+: A More Temporally Faithful Corpus for Diachronic NLP
Leon Hammerla and Alexander Mehler

14:00–15:10 Automatic Lemmatisation for Norwegian
Ahmet Yildirim, Kristin Hagen and Dag Haug

14:00–15:10 Quantification in Abstract Meaning Representation
Kiyong Lee and Chongwon Park

14:00–15:10 Improving Slovene Language Models for Lexicographic Question An-
swering through Continued Pretraining and Instruction Fine-Tuning
Timotej Knez and Slavko Zitnik

14:00–15:10 Structured Partial Predictability in Non-Concatenative Morphology: The
Case of Tashlhiyt Berber
John Alderete and Hamza Sellami

14:00–15:10 Towards Corpus-Grounded Agentic LLMs for Multilingual Grammatical
Analysis
Matej Klemen, Tjaša Arčon, Luka Terčon, Marko Robnik-Sikonja and
Kaja Dobrovoljc

14:00–15:10 The L2 Network: A CEFR-Aligned Knowledge Graph for Grammar Do-
main Modeling
Luisa Ribeiro-Flucht and Xiaobin Chen

14:00–15:10 Paraphrase Acquisition via Bilingual Pivoting Based on Neural Word
Alignment
Risa Kondo, Seiji Sugiyama, Tomoyuki Kajiwara and Takashi Ninomiya

x



Monday, May 11, 2026 (continued)

14:00–15:10 Using syntax for the semantic representation of sentences
Iskandar Boucharenc, Eve Sauvage, Thomas Gerald, Julien Tourille,
Sabrina Campano, Cyril Grouin and Sophie Rosset

14:00–15:10 Modeling Word-Internal Structures: Morphological Segmentation
Across 58 Languages
Vojtěch John, Zdeněk Žabokrtský and Benjamin Reeves

14:00–15:10 DiNoS: Creating a Data-Driven German Noun Phrase Lexicon from Uni-
versal Dependencies
Jacob Lee Suchardt and Ronja Laarmann-Quante

14:00–15:10 Figurative, Polysemous, Conventional: Designing a Dataset of Regular
Metaphor
Anna Temerko, Pablo Gamallo and Marcos Garcia

14:00–15:10 Domain-Specific Considerations in the Preparation of Specialized Cor-
pora: A Case Study on a Corpus of German Sermons
Cora Haiber, Adam Roussel and Stefanie Dipper

15:10–16:00 Keynote 2: Naiara Perez, University of the Basque Country
Room: 3
Chair: Petya Osenova

16:00–16:30 Coffee Break 2

16:30–17:30 Session 3
Room: 3
Chair: Jan Hajič

16:30–17:00 Semantic, Syntactic, Lexical: What Makes QA Augmentation Work in
Limited Quantity?
Benedictus Kent Rachmat, Thomas Gerald, Takuya Nakamura, Zheng
Zhang and Cyril Grouin

17:00–17:30 Introducing corpora Hlava Cor and Hlava AD: Human Label Variation in
Coreference and Discourse Relations
Anna Nedoluzhko, Sarka Zikanova, Jiri Mirovsky, Milan Straka and Eva
Hajicova

xi



Monday, May 11, 2026 (continued)

17:30–18:00 Closing Discussion
Room: 3
Chairs: Jan Hajič, Erhard Hinrichs, Joakim Nivre, Petya Osenova,
James Pustejovsky

xii



Keynote Speech
When Does Linguistics Help? Downstream Utility of Linguistic

Frameworks in the Age of LLMs

Shira Wein
Amherst College

Abstract

Simply by training on massive amounts of data, large language models (LLMs) can produce
highly fluent text across many languages. While structured linguistic resources—such as tree-
banks—and theoretically grounded linguistic frameworks have long played a central role in ad-
vancing NLP, the rise of LLMs raises important questions about their continued utility in this new
paradigm. In this talk, I will present several applications of linguistic frameworks, including vi-
sual question answering, machine translation for low-resource languages, and classifier model
interpretability. These applications demonstrate the role of linguistics in the age of LLMs. I will
conclude by outlining promising directions for future research, highlighting open areas in NLP
where linguistic frameworks can play a critical role.
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Keynote Speech
Building and Evaluating Instruction-Following LLMs for Low-Resource

Languages

Naiara Perez
University of the Basque Country

Abstract

The development of large language models (LLMs) for low-resource languages has progressed
from a largely theoretical challenge to an active area of empirical research. This talk uses
Basque as a case study to examine two open problems that extend to low-resource languages
more broadly: how to build instruction-following LLMs for languages with limited resources,
and how to evaluate them. Building on Latxa (a family of open Basque LLMs), we present
two complementary approaches to instruction-tuning, fine-tuning and model merging, which we
validate through a combination of standard benchmarks, verifiable instruction following, and a
community evaluation arena. The second part of the talk frames evaluation itself as an open
research problem, presenting ongoing work on cross-lingual benchmarking and human evalu-
ation methodology, and discussing what the latter reveals about the challenges of assessing
linguistic quality in low-resource settings.
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Degrees of Subjectivity and their Repercussions in Conversation
The View from Online Interactions

Gonzalo Freijedo Aduna1, Anastasia Giannakidou2, Alda Mari1
1Institut Jean Nicod, CNRS/ENS/EHESS/PSL University

2The University of Chicago
gonzalo.freijedo.aduna@ens.psl.eu, giannaki@uchicago.edu, alda.mari@ens.psl.eu

Abstract
We present the Annotated Reddit Conversation Corpus (ARCC), an English-language dataset of online discussions
annotated for Speech Acts and Functional Dependence Relations, designed to investigate how varying degrees of
subjectivity influence conversational dynamics and interaction patterns. At the speech act level, we distinguish factual
from opinion statements and further classify opinions along a five-degree scale of subjectivity. Functional Dependence
Relations capture how segments relate to preceding ones. Analyses show that opinion-discussion contexts feature
frequent inter-subjective opinions eliciting explicit agreement and disagreement, while information-exchange contexts
exhibit less subjective opinions with responses like answers or requests for clarification. We further demonstrate
that a transformer model can predict the subjectivity scale with promising performance. The corpus and anno-
tation guidelines are made available to support future research on opinion expression and automated dialogue analysis.

Keywords: Pragmatic Annotation, Speech Acts, Functional Dependence Relations, Subjectivity

1. Introduction

Language is used not only to describe the world
but also to express perspectives, evaluations, and
normative stances (Portner, 2009). In everyday
conversation, which today also includes online in-
teraction, speakers constantly alternate between
statements that aim to represent how the world ob-
jectively is and statements whose truth depends,
wholly or partially, on an evaluation parameter. The
latter are therefore subjective to varying degrees.

Our goal is to examine the pragmatic impact of
subjectivity in online discourse, specifically how
and to what extent subjective statements (classified
along a graded subjectivity scale) influence the
trajectory of interactions.

Formal models of dialogue have long empha-
sized that different conversational moves, partic-
ularly those carrying distinct illocutionary force,
constrain the range of possible follow-up moves
(Farkas and Bruce, 2010; Ginzburg, 2012; Krifka,
2022). On the other hand, research in NLP and
computational linguistics has addressed subjectiv-
ity as a gradable phenomenon. However, to the
best of our knowledge, the interaction between
these two lines of inquiry (namely, how graded
subjectivity affects the dynamics of conversational
structure) has not yet been systematically investi-
gated.

To address this, we introduce a corpus of Reddit
conversations (ARCC, Freijedo Aduna et al., 2026)
drawn from different Reddit communities1. Com-
ments were segmented into minimal communica-
tive units (or functional segments), each of which

1https://github.com/gFreijedo/
arcc2026-subjectivity.

was annotated at two levels:

1. Speech act annotations, identifying the illocu-
tionary force of each segment. At this level, we
distinguish between statements and questions
that provide or request factual information, and
those that concern opinions. The latter were
classified in a five-degree scale of subjectiv-
ity. This distinction enables us to differentiate
between information-exchange contexts (pri-
marily governed by the former) and opinion-
discussion contexts.

2. Functional Dependence Relation annota-
tions, capturing the communicative function
a segment fulfills in relation to the segment
to which it is linked. This layer of annotation
allows us to examine whether, and how, the re-
sponses or follow-up contributions vary across
different conversational contexts.

Our distinction between factual and opinion state-
ments builds on a twofold distinction proposed by
Giannakidou and Mari (2021a). The first dimension
differentiates between veridical and nonveridical
commitment, while the second contrasts exoge-
nous and endogenous evidence. As justified in
Section 2, we classify both nonveridical statements
and statements grounded in endogenous evidence
as opinion statements.

Extending this approach, we introduce a five-
degree scale of subjectivity based on the type of
evidence supporting the claim. The scale spans
from maximally subjective judgments, such as pred-
icates of personal taste, where the relevant evi-
dence is personal, unshareable experience, to com-
paratively less subjective epistemic modals as (1),

1



whose truth conditions ultimately depend on pub-
licly accessible evidence.

(1) Speaker (Seeing people arrive with wet um-
brellas): It must be raining.

We experimented with a transformer model
(RoBERTa-base) in order to test its capacity to
learn the scale of subjectivity, obtaining relatively
good results.

By operationalizing these distinctions through
corpus annotation, we provide an empirical frame-
work for investigating how degrees of subjectivity
shape discourse structure and condition the types
of reactions that emerge in different communicative
contexts.

Our analyses show that opinion-discussion con-
texts are characterized by high frequencies of inter-
subjective opinions accompanied by explicit agree-
ment and disagreement, whereas information-
exchange contexts feature less subjective opinions
and responses such as answers, continuers, or
requests for clarification.

In this perspective, a natural downstream appli-
cation of our work is the improved identification
of opinion- versus fact-oriented statements in dia-
logue, taking into account both their degree of sub-
jectivity and their interactional profile. In particular,
given a sufficiently large corpus, it would be possi-
ble to model, for each segment, the distribution of
responses it is likely to elicit (e.g., agreement, dis-
agreement, elaboration, or clarification requests).
Such predicted interactional patterns could then
be used as additional features for distinguishing
between fact- and opinion-oriented statements, as
well as for refining the estimation of subjectivity de-
grees. More generally, this approach opens the way
to integrating conversational dynamics into tasks
such as stance detection, argument mining, and
the analysis of deliberative or non-cooperative dia-
logue.

The paper is organized as follows. Section 2
presents our theoretically grounded binary distinc-
tion between fact and opinion statements, along
with a finer-grained classification of opinions on a
scale of subjectivity. Section 3 reviews related work.
Section 4 describes the corpus collection and anno-
tation procedure. Before presenting the annotation
results in Section 6, we report a transformer-based
evaluation of learnability in Section 5. Finally, Sec-
tion 7 concludes the paper.

2. Conceptual definitions

In this section, we discuss the theoretical founda-
tion of both the binary distinction between fact- and
opinion-statements and the gradation of subjectivity
that we propose within the latter.

Table 1: Distinction between fact-statements and
opinion-statements based on the type and the amount
of evidence.

2.1. Fact- vs. Opinion-statements
For the binary distinction between fact-statements
and opinion-statements, we rely on two notions
issued from the semantic literature: veridical com-
mitment (Giannakidou and Mari, 2021a,b) and type
of evidence (Nuyts, 2001; Karttunen and Zaenen,
2005; Aikhenvald and Aikhenvald, 2006; Giannaki-
dou and Mari, 2021a,b).

Taking a veridical commitment means that, by
uttering a plain assertion such as (2) in a coopera-
tive conversation, the speaker is fully committed to
the truth of the proposition expressed by the utter-
ance. In contrast, by using epistemically modalized
sentences like (3), speakers signal a nonveridical
commitment, which means that they leave open
the possibility of the complement being false.

(2) Yeasts metabolize carbohydrates into car-
bon dioxide gas and ethanol (alcohol).2

(3) That may give you enough room to get the
outlet out.

When following rationality and cooperative princi-
ples (Grice, 1975), speakers shape their contribu-
tions according to the evidence available. Thus,
in (2), the speaker signals sufficient evidence on
the topic, whereas in (3), the speaker explicitly in-
dicates a lack thereof. Accordingly, we treat sen-
tences like (3) as opinion-statements, in which the
speaker’s choice of words signals insufficient or
partial evidence for their claims. That is, in our clas-
sification, nonveridical statements are treated
as opinion statements. In this respect, we de-
part from Nuyts (2001), who argues that epistemic
modals are not necessarily subjective.

However, this does not imply that all opinion-
statements are nonveridical. On the contrary,
speakers are, more often than not, fully commit-
ted to their opinions. To determine whether a fully
committed speaker is asserting a fact or expressing
an opinion, it is necessary to consider the type of
the evidence on which their assertion can be based.

2All of the following examples are drawn from our
corpus, except for those marked with an asterisk (*),
which are constructed for illustrative purposes.
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Following Giannakidou and Mari (2021a), we dis-
tinguish between exogenous and endogenous
evidence. Exogenous evidence refers to informa-
tional content, that is, “a body of knowledge that
includes ‘facts’”. In hearing (2), for instance, an in-
terlocutor would assume that this kind of evidence
is available. Endogenous evidence, by contrast,
refers to emotive or affective content, including “de-
sires and hopes [. . . ], as well as political, ideolog-
ical, religious, or aesthetic beliefs” (Giannakidou
and Mari, 2021a). In uttering (4), the speaker is
expressing an opinion based on his sociological or
political beliefs.

(4) Abortion is Healthcare

We consider that, alongside nonveridical state-
ments, statements based on endogenous evi-
dence are opinion-statements. Figure 1 summa-
rizes these considerations3.

2.2. Degrees of subjectivity
However, as noted in the Introduction, expressions
of opinion vary in their degree of subjectivity.

The epistemic modals discussed in the previ-
ous section are less subjective than, for instance,
predicates of personal taste. The latter express
highly subjective judgments, grounded solely in the
speaker’s personal experience. For this reason, the
linguistic literature characterizes them as giving rise
to cases of faultless disagreement (among numer-
ous works, see MacFarlane 2005; Lasersohn 2005;
Stephenson 2007; Sæbø 2009; Kennedy 2013; Um-
bach 2016; Coppock 2018).

We propose that expressions involving commu-
nal and moral values occupy an intermediate posi-
tion. Although they are still based on endogenous
evidence, that is, they reflect personal beliefs, they
are intrinsically inter-subjective. Community and
normative values are, by their very nature, oriented
toward regulating social behavior and guiding inter-
actions among individuals. In expressing opinions
about such matters, speakers necessarily take oth-
ers into account4.

3The notion of partial endogenous evidence is more
difficult to characterize, since speakers typically have full
introspective access to their own beliefs. A more accu-
rate formulation might be that of conflicting endogenous
evidence, as in cases such as “Perhaps I should speak
out, even if it’s uncomfortable(*)”. As this distinction is
not central to our annotation scheme, we leave a more
precise account for future work.

4We remain neutral with respect to the philosophical
debate between moral realism and moral relativism, fo-
cusing instead on how moral evaluations function as inter-
subjectively recognized commitments within discourse,
in line with John Searle’s account of institutional reality
(Searle, 1995).

Table 2: Distinction between subjective and inter-
subjective endogenous evidence and grades of subjec-
tivity of opinion-statements.

So far, we have distinguished three levels of sub-
jectivity, based on the type and amount of available
evidence: the first corresponds to the facts of the
world, or exogenous evidence when partial; the
second to inter-subjective endogenous evidence;
and the third to purely subjective endogenous evi-
dence. However, as we will illustrate with examples
from our corpus in Section 4, we also take into ac-
count cases in which multiple types of evidence are
intertwined. In some instances, for example, an ut-
terance simultaneously invokes personal taste and
moral evaluation. Consider the following example:

(5) It would be fun if it weren’t financed with dirty
money*.

In this case, the speaker expresses a judgment
of personal taste (it would be fun), while at the
same time introducing a moral evaluation (financed
with dirty money). The overall interpretation thus
combines highly subjective experiential evidence
with inter-subjective normative considerations.

There are also cases in which speakers evaluate
real-world events on the basis of personal beliefs,
thereby combining exogenous evidence with en-
dogenous, inter-subjective evidence, as in (6). In
such instances, reference is made to publicly ac-
cessible facts or events (in the example, historic
events), but the assessment itself is filtered through
normative or value-laden commitments. The result-
ing judgment is thus anchored in the external world
while simultaneously reflecting the speaker’s eval-
uative stance.

(6) That’s probably the best outcome an English
king could have hoped for

These considerations ultimately lead us to propose
a five-degree scale of subjectivity (Figure 2). The
scale ranges from (1-world) statements with min-
imal subjectivity, whose truth can, in principle, be
settled by facts of the world; (2-world+values)
statements combining objective-world conditions
and inter-subjective values; (3-values) statements
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based solely on inter-subjective or community val-
ues; (4-taste+values) statements combining inter-
subjective values and personal taste; and (5-taste)
statements evaluated relative to an individual pa-
rameter, such as predicates of personal taste, rep-
resenting the maximal level of subjectivity.

3. Related Work

In recent years, substantial effort within computa-
tional linguistics and NLP communities has been
devoted to distinguishing factual from opinion-
ated or subjective statements, often as a prepara-
tory task for opinion mining and sentiment anal-
ysis. For a broad overview of frameworks, tech-
niques, and applications in sentiment analysis, see
Chandan and Mandal (2025). Although this fac-
tual–subjective distinction is frequently motivated
by sentiment analysis tasks, our focus here is differ-
ent: we concentrate on corpus annotation projects
that model textual and conversational subjectivity,
as well as recent work closely related to our own.

A seminal contribution to the study of subjectiv-
ity in natural language is Wiebe et al. (2005), who
propose an annotation scheme for expressions of
opinions and emotions at the phrase or clause level
in news articles. Their framework provides a fine-
grained representation of subjective content. Our
work extends this line of research to conversational
data, examining how expressions of opinion in Red-
dit comments shape and constrain subsequent con-
tributions.

More recently, Antici et al. (2024) introduced a
corpus of sentences extracted from news articles
and classified as either subjective or objective, fol-
lowing highly prescriptive annotation guidelines. By
contrast, Savinova and Moscoso Del Prado (2023)
adopt the opposite approach, relying on naïve an-
notators who are provided only with brief definitions
of objective and subjective statements. A key con-
tribution of their work is to move beyond a purely
binary distinction and to treat subjectivity as a grad-
able scale. In our study, we combine insights from
both approaches: we provide theoretically informed
annotation guidelines while modeling subjectivity
expression as an ordinal five-level scale.

Another approach to the classification of sub-
jective statements is proposed by Benamara et al.
(2011), who introduce a taxonomy of elementary
discourse units (EDUs) for the automatic detection
of subjectivity in discourse (in this case, online film
reviews). They distinguish four classes: (1) explicit
subjectivity, identified using a subjectivity lexicon;
(2) implicit subjectivity, whose interpretation must
be resolved from context; (3) non-evaluative sub-
jectivity, capturing propositional attitudes treated
as separate EDUs from their complements; and
(4) non-subjective EDUs. While the present study

focuses on linguistically explicit expressions of sub-
jectivity, we acknowledge the importance of ac-
counting for their implicit realizations, which we
leave for future work.

Closely related to our project, the influential Fact-
Bank corpus (Saurí and Pustejovsky, 2009) pro-
vides an annotation framework for capturing de-
grees of factuality in text, labeling events as true,
possible, or counterfactual. Although FactBank,
like the previously mentioned resources, is not
based on conversational data, its emphasis on fine-
grained factuality and on the interaction between
modality and evidence informs our treatment of
opinion statements and supports our distinction
between factual and subjective contributions in dia-
logue.

Considering conversational corpora, a key anno-
tation project is that of Stolcke et al. (2000), who
focus on dialogue act modeling for the automatic
tagging of conversational speech. Their classifica-
tion includes a distinction between factual and opin-
ion statements, grounded in pragmatic considera-
tions. Building on this idea, we define finer-grained
opinion categories to capture more nuanced con-
versational phenomena, informed by recent devel-
opments in semantic and pragmatic theory.

The STAC corpus (Asher et al., 2016) contains
multi-party chat dialogues annotated for rhetorical
relations and dialogue acts using SDRT (Asher and
Lascarides, 2003). The ANNODIS project (Péry-
Woodley et al., 2011) provides French online dia-
logues annotated for rhetorical relations and dia-
logue acts. Both serve as references for multi-level
annotation of online conversations.

Similarly, the ISO standard 24617-2 (Bunt et al.,
2012, 2020) offers a highly detailed framework for
dialog act annotation. While this level of precision
is valuable, it is often too complex for our purposes.
We therefore adopt a simpler scheme, but borrow
from ISO 24617-2 the notion of functional depen-
dence relation to characterize how one segment
relates to another.

Finally, a note on discourse parsing. A major
challenge in the annotation process was recon-
structing reply-to chains by linking each segment
to the segment it responds to. Automatic discourse
parsing has addressed related tasks through se-
quential modeling of discourse structure (Hernault
et al., 2010), joint modeling of speech acts and dis-
course relations (Joty and Mohiuddin, 2018), and
topic segmentation with relation labeling (Joty et al.,
2013). In future work, we plan to explore similar
approaches in order to enable the expansion of the
corpus.
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Subreddit Posts Comments Segments

Askpolitics 3 40 145
DIY 8 78 254
askscience 11 111 448
changemyview 7 82 458
prochoice 5 99 315
todayilearned 13 159 310

Total 47 569 1930

Table 3: Corpus Statistics by Subreddit

4. Corpus and annotation procedure

In this section, we describe the collection of our
corpus, the segmentation of the comments, the
reorganization of the reply chains, and our two-level
annotation scheme.

4.1. Corpus collection and segmentation
We collected the data by scraping six Reddit com-
munities (subreddits): AskPolitics, askscience,
changemyview, DoItYourself, prochoice, and to-
dayilearned. These subreddits were selected to
represent a range of communicative contexts.

Since Reddit comments often contain multiple
communicative moves within a single turn, we seg-
mented each comment into smaller units to anno-
tate the parts of the dialogue that fulfill distinct com-
municative functions, called functional segments in
ISO 24617-2 (Bunt et al., 2012). To achieve this, we
first used Stanza (Qi et al., 2020) for tokenization,
part-of-speech tagging, dependency parsing, and
sentence segmentation. We then applied additional
rule-based procedures to obtain finer-grained utter-
ance units. This process consisted in detecting dis-
course markers (e.g., but, because, although) and
multi-word connectors (e.g., even though, so that),
while also relying on syntactic cues such as the
presence of both subject and predicate to prevent
the improper splitting of coordinated verb phrases.
Each segment was assigned a unique identifier
based on the original comment ID. Minor segmen-
tation errors were subsequently corrected during
the manual annotation phase. The resulting cor-
pus comprises a total of 47 posts, 569 comments,
and 1,930 segments; a breakdown by subreddit is
provided in Table 3.

We subsequently restructured the reply-to chain
so that each segment is explicitly connected to the
precise segment it addresses. In the vast majority
of cases, a segment is linked to the immediately
preceding segment within the same comment. Two
main exceptions are: (1) the first segment of a com-
ment, which is typically linked to the final segment
of the comment it replies to, and (2) segments that
explicitly quote or directly address a non-adjacent
segment. In (7), for instance, segment B1 is linked
to A1 and B2, to A2.

(7) A:
[
What year did you graduate

]
A1

[
and how

was it?
]
A2

B:
[
2029,

]
B1

[
it was awesome

]
B2

4.2. Annotation Scheme

The annotation was carried out at two levels:
Speech Acts and Functional Dependence Rela-
tions.

By Speech Acts, we refer to the illocutionary
force of an utterance in the sense of Searle (1969),
i.e., the type of communicative act intended by the
speaker when producing the utterance (e.g., as-
serting, questioning, advising). Each annotated
speech act corresponds to a functional segment
as defined in Bunt et al. (2020).

Functional Dependence Relations capture the
communicative function of a segment with respect
to a preceding segment. The notion is adopted
from Bunt et al. (2020), who define it as a “relation
between a given dialogue act and a preceding di-
alogue act on which the semantic content of the
given dialogue act depends due to its communica-
tive function”. In this sense, Functional Depen-
dence Relations are closely related to the linguistic
notion of Rhetorical Relations in SDRT (Asher and
Lascarides, 2003), as both describe structured de-
pendencies between discourse units. However,
Rhetorical Relations are more general, since they
also account for coherence relations between seg-
ments within a discourse more broadly, not limited
to dialogical interactions between speakers

To ensure the reliability of the annotation scheme,
the first 500 segments were independently anno-
tated by two PhD students. This resulted in an
inter-annotator agreement of Cohen’s Kappa =
0.78, indicating substantial agreement. The remain-
ing 1,430 segments were annotated according to
the established guidelines to complete the GOLD
standard. The fine-grained Subjectivity Scale for
opinion statements (Aseessment in our annotation
scheme) was annotated by a single annotator from
the initial annotation team. Since it was not possi-
ble to compute inter-annotator agreement for this
layer, we later evaluate the operationalizability of
the scale through a supervised learning experiment
(see Section 5 below), testing whether the distinc-
tions can be reliably learned by a transformer-based
model.

Speech Acts. We distinguish the following
speech act categories and refer the reader to Ap-
pendix A for illustrative examples drawn from our
corpus:

• Assessment (assess): statements describing how
the world is or should be from the speaker’s per-
spective.
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• Question (Opinion) (q_opin): questions seeking
an assessment as a response.

• Assertion (assert): statements presenting facts
without linguistically marked subjectivity.

• Question (Fact) (q_fact): questions seeking fac-
tual information5.

• Expressive (expr): expressions of emotion, grati-
tude, greetings, irony, or humor.

• Advise (adv): utterances intended to guide or in-
fluence the hearer’s actions (typically, though not
necessarily, in imperative form).

• Other (oth): utterances that do not fall into the
previous categories.

Subjectivity Scale for Assessments. Assess-
ment instances were further subdivided into five
subclasses reflecting increasing degrees of sub-
jectivity based on the considerations presented in
Section 2.2. In the examples below, the relevant
linguistic cues are underlined:

• World (wor): opinions about factual matters
(e.g., “That may give you enough room to get
the outlet out”).

• World + Values (v/w): opinions about factual
matters involving evaluation based on com-
munal or inter-subjective values (e.g., “Putin’s
Russia is a mafia state”).

• Values (val): opinions grounded in communal
values, worldviews, or moral standpoints (e.g.,
“drones should be banned for civilian use”).

• Taste + Values (t/v): opinions based on per-
sonal taste intertwined with communal values
(e.g., “but cool idea nonetheless”).

• Taste (tst): opinions grounded purely in
personal taste predicates (e.g., “They still
look as good as the day they went outside.”).

Functional Dependence Relations. We anno-
tate the relation between each segment and the
segment it is linked to using the following cate-
gories, and refer the reader to Appendix B for illus-
trative examples from our corpus:

• Agreement (agr): explicit agreement with the
linked segment.

• Disagreement (dis): explicit disagreement with the
linked segment.

• Answer (ans): a statement responding to a linked
question.

5Both question types were additionally marked for
bias, since interlocutors may agree or disagree with the
presupposed or implied stance conveyed by a question.

• Request for clarification (req): a question or
statement seeking further specification of the linked
segment.

• Continuation–IN (cont_in): a segment linked to
the immediately preceding segment within the same
comment.

• Continuation–EX (cont_ex): a segment linked to
a segment in another comment without signaling
explicit agreement or disagreement.

• Off-topic (off): a segment that diverges from the
topic of the linked segment.

5. Model-Based Evaluation of the
Scale

To assess the internal coherence and operationaliz-
ability of our five-degree subjectivity scale, we first
extracted all Assessment segments from the cor-
pus. These opinion-bearing segments were then
used as input to a supervised learning experiment
with RoBERTa-base (Liu et al., 2019), following
the general approach of Savinova and Moscoso
Del Prado (2023). The five labels (wor, v/w, val,
t/v, tst) were mapped to numerical values from 1 to
5 and then normalized to the range 0–1 for regres-
sion. The model was trained with mean squared
error loss, a small learning rate (1e-5), and early
stopping.

Given the relatively small size of our dataset
(835 English segments), we perform stratified 5-fold
cross-validation to ensure stable and reliable perfor-
mance. The model shows consistent results across
folds, with Mean Absolute Error (MAE) = 0.1568
± 0.0108 and Root Mean Squared Error (RMSE)
= 0.2104 ± 0.0134, along with moderate-to-strong
correlations (Pearson’s r = 0.6689± 0.0475, Spear-
man’s ρ = 0.6379 ± 0.0493), indicating stable per-
formance across splits.

We then train a final model on an 80% training
split and evaluate it on a held-out 20% test set.
On the held-out data, the model achieves MAE =
0.1000, RMSE = 0.1465, Pearson r = 0.8563, and
Spearman ρ = 0.8298, indicating strong linear and
ordinal correspondence with the gold labels.

Figure 1 shows the linear regression between
gold and predicted values on the test set (R2 =
0.733), indicating that the model’s predictions
closely track the annotated subjectivity scores. The
plot also reveals a slight bias at the extremes: for
the least subjective category (1), the model predicts
higher subjectivity than gold, while for the most sub-
jective category (5), it predicts lower subjectivity.

Figure 2 presents the confusion matrix after
rounding predictions to the nearest category, with
74.4% exact accuracy. Most misclassifications oc-
cur between adjacent categories, while confusions
across distant categories are rare, supporting the
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Figure 1: Linear regression between gold and predicted
subjectivity scores on the held-out test set (R2 = 0.733).

graded structure of the scale. The most notable
misclassification is for gold label 4 (t/v), which the
model predicts as 3 in 57% of cases, showing oc-
casional underestimation of higher degrees of sub-
jectivity.

This pattern is partly due to the small number
of examples for the high-subjectivity categories in
our corpus (t/v and tst), which makes predictions
for these classes less reliable. Additional anno-
tated data for these categories would be necessary
to achieve more conclusive results across the full
scale of subjectivity.

We manually inspected the model’s predictions
that deviate by more than one degree from the
gold label in order to better understand system-
atic sources of error. Due to space constraints,
we illustrate this analysis with a small number of
representative examples.

In (8), the model appears to assign greater weight
to the expression “it’s odd”, interpreting it as an
evaluation grounded in personal taste. However,
under our annotation scheme, the property being
evaluated (the absence of information about the
person) is a fact about the world. Therefore, the
correct label is 2, as the judgment evaluates an
external, world-related state of affairs.

(8) Its odd but there’s practically nothing about
this guy in a Google Search. (True label:
2 — Values + World; Predicted label: 4 —
Taste + Values)

In (9), the model seems to focus on the category
“American”, potentially interpreting the statement
as invoking socially shared values or norms. How-
ever, the relevant evaluative component is “feel
fake”, which in our framework constitutes fully en-
dogenous evidence. As such, the correct label is
5, reflecting a judgment grounded in personal taste
rather than externally anchored values.

(9) And most of the “American” profiles feel fake.

Figure 2: Confusion matrix showing exact-match pre-
diction accuracy of 74.4%, computed across all samples
and weighted by class frequencies.

(True label: 5 — Taste; Predicted label: 3 —
Values)

Although missing the correct label by only one de-
gree, (10) highlights an important limitation of our
approach: the model does not incorporate conver-
sational context, in particular the content of the
segment being responded to. In such cases, the in-
terpretation of the utterance depends entirely on its
antecedent, and the appropriate label is inherited
from the preceding segment. The model’s inability
to account for this dependency leads to systematic
misclassification of context-dependent responses.

(10) Exactly! (True label: 3 — Values; Pre-
dicted label: 4 — Taste + Values)

It is important to note that this experiment does
not replace inter-annotator agreement; rather, it
provides computational evidence that the annota-
tion scheme encodes a coherent and learnable
dimension of subjectivity grounded in systematic
linguistic cues. It is also worth noting that the re-
sults reported correspond to the best-performing
run, as performance shows non-negligible variance
across different data splits. Future work could ad-
dress this instability through data augmentation or
ensemble techniques. The best-trained model is
available in our repository.

6. Results

In this section, we present the main findings of our
annotation, considering both the binary distinction
between statements of fact and opinion, as well as
the finer-grained degrees of subjectivity.

7



Subreddit ASSESS Q_OPIN ASSERT Q_FACT EXPR ADV OTH TOTAL

AskPolitics 84 (57.9%) 14 (9.7%) 38 (26.2%) 0 (0.0%) 4 (2.8%) 4 (2.8%) 1 (0.7%) 145
changemyview 343 (74.9%) 22 (4.8%) 63 (13.8%) 6 (1.3%) 12 (2.6%) 6 (1.3%) 6 (1.3%) 458
prochoice 164 (52.1%) 26 (8.3%) 56 (17.8%) 3 (1.0%) 51 (16.2%) 10 (3.2%) 5 (1.6%) 315
askscience 84 (18.8%) 4 (0.9%) 278 (62.1%) 61 (13.6%) 11 (2.5%) 10 (2.2%) 0 (0.0%) 448
DoItYourself 65 (25.6%) 4 (1.6%) 84 (33.1%) 26 (10.2%) 25 (9.8%) 46 (18.1%) 4 (1.6%) 254
todayilearned 96 (31.0%) 8 (2.6%) 144 (46.5%) 22 (7.1%) 28 (9.0%) 8 (2.6%) 4 (1.3%) 310

TOTAL 836 78 663 118 131 84 20 1930

Table 4: Distribution of speech acts across subreddits (counts with row-wise percentages).

6.1. Binary Classification
We first examined the distribution of speech acts
across the six subreddits in our corpus (Table
4). For analysis, we grouped the subreddits
into two Global Communicative Contexts based
on the expected type of interaction: opinion-
discussion (AskPolitics, changemyview, prochoice)
and information-exchange (askscience, DoItYour-
self, todayilearned). Figure 3 presents a heatmap
of Pearson residuals, highlighting the under- and
over-representation of each speech act category
within each group relative to the expected distribu-
tion under independence. In Opinion-Discussion
contexts, Assessment and Question (Opinion)
are over-represented, while Assertion and Ques-
tion (Fact) are under-represented. The opposite
pattern is observed in Information-Exchange con-
texts, reflecting their focus on factual information
rather than evaluative or opinion-based contribu-
tions.

Figure 3: Heatmap of Pearson residuals showing the
over- and under-representation of speech act categories
across the two Global Communicative Contexts.

To examine how the two global communica-
tive contexts shape conversational structure and
dynamics, we then analyzed the distribution of
Functional Dependence Relations in each context,
shown in Figure 4. The results reveal distinct rhetor-
ical profiles aligned with each context’s communica-
tive function.

Figure 4: Heatmap of Pearson residuals for Functional
Dependence Relations by global communicative context.

Opinion-discussion contexts show a strong over-

representation of Disagreement (dis) relations, re-
flecting the deliberative and argumentative nature
of these communities where debate and negoti-
ation of opposing viewpoints are central. In con-
trast, information-exchange contexts exhibit over-
representation of Answer (ans) and Request for
Clarification (req) relations, consistent with com-
munities focused on collaborative knowledge shar-
ing and uncertainty resolution.

We can also analyze patterns of Functional De-
pendence Relations by focusing on the immedi-
ate, local context, examining the types of relations
that segments labeled as Assertion and Assess-
ment receive from segments in replying comments
(i.e., from other speakers) without considering the
broader communicative context. As shown in Fig-
ure 5, Assessment segments are more likely to
receive responses that explicitly agree or disagree
with their content, whereas Assertion segments
tend to elicit requests for clarification or continuers,
consistent with the trends observed in the global
discourse context.

Figure 5: Heatmap of Pearson residuals for Functional
Dependence Relations by local communicative context.

6.2. Five-Grade Subjectivity
Classification

Moving beyond the binary fact/opinion distinction,
we examine the distribution of opinions across
our fine-grained five-grade subjectivity scale. This
scale captures gradations of subjectivity, from opin-
ions based on personal taste (tst) to opinions
about world facts (wor), with taste+value (t/v), val-
ues (val), and world facts+values (v/w) occupying
intermediate positions.

Table 5 shows raw count and percentages in the
whole corpus. Figure 6 shows the distribution of
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SUB Count Proportion (%)

WOR 245 29.31
V/W 297 35.53
VAL 200 23.92
T/V 37 4.43
TST 57 6.82

Table 5: Distribution of Sub-Assessment Labels in the
Corpus

these five opinion types across two global commu-
nicative contexts identified earlier.

Figure 6: Heatmap of Pearson residuals for Sub-classes
of assessment by global communicative context.

In Information-Exchange contexts (askscience,
DoItYourself, todayilearned), we observe over-
representation of the most subjective category
(TST) and, to a lesser extent, taste+value-based
statements (T/V), alongside the most objective cat-
egory (WOR). This pattern suggests that factual dis-
cussions occasionally incorporate both expressions
of personal preference and claims about world
states that approach fact-adjacent statements.

In contrast, Opinion-Discussion contexts
(AskPolitics, changemyview, prochoice) show
over-representation of value-based statements
(VAL) and word+values statements (V/W), that is,
opinion types that blend subjective judgment with
appeals to shared values or factual claims.

Taken together with the patterns of Functional De-
pendence Relations observed in each Global Com-
municative Context in the previous Section, these
results indicate that opinion statements grounded
in intersubjective values are more likely to be explic-
itly discussed, eliciting direct expressions of agree-
ment and disagreement.

However, given the relatively low frequency of
the most subjective statements and the specific
nature of the conversations in our corpus, these
findings should be interpreted cautiously. They are
not fully generalizable but can serve as preliminary
indicators and guideposts for future research on
subjectivity and interaction in online discourse.

7. Conclusions

We presented a corpus of Reddit conversations
annotated for speech acts and Functional Depen-

dence Relations. At the first level of annotation, we
distinguished between fact and opinion statements,
taking into account the amount and type of avail-
able evidence, and further characterized opinion
statements along a five-degree scale of subjectivity.

Our analysis revealed systematic differences
across communicative contexts. Opinion-
Discussion contexts (AskPolitics, changemyview,
prochoice) are characterized by a high frequency
of opinion statements based on inter-subjective
values, coupled with prominent Functional Depen-
dence Relations of agreement and disagreement.
In contrast, Information-Exchange contexts
(askscience, DoItYourself, todayilearned) feature
opinionated statements of lower subjectivity,
with Functional Dependence Relations such as
answers, continuers, and requests for clarification.
These patterns highlight how discourse structure
and interaction strategies are shaped by the type
of communicative context.

Importantly, we fine-tuned a transformer model
on the subjectivity scale, obtaining promising re-
sults, which opens the possibility for automatic or
semi-automatic annotation. Such methods would
allow us to extend the corpus and derive more gen-
eralizable conclusions. Future work also aims to an-
notate Functional Dependence Relations between
segments within the same comment, capturing in-
ternal contribution structures, and further character-
izing dialogue dynamics across different contexts.

8. Ethical Considerations and
Limitations

The collection and annotation of Reddit comments
prioritize user privacy by anonymizing all user-
names and excluding original text. Users did not
explicitly provide consent, as the data consists of
publicly available content. The corpus has limita-
tions in terms of generalizability: it includes only
47 conversations from a small set of specific sub-
reddits, so findings may not extend to other Reddit
communities or online discussions more broadly.
Additionally, the relatively small size of the dataset
constrains the representativeness of patterns ob-
served. Finally, our study is restricted to English
data, which may obscure cross-cultural variation in
the interpretation of subjectivity. In particular, the
assignment of categories such as Values or even
the characterization of World-related knowledge
may depend on cultural and contextual factors. As
such, the proposed annotation scheme may not
transfer directly to multilingual or multicultural set-
tings without further validation6.

6We thank a reviewer for highlighting this issue. We
also thank all reviewers, whose recommendations have
substantially improved the quality of this paper.
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9. Availability

The full corpus, along with the trained model of
Section 5, is available at https://github.com/
gFreijedo/arcc2026-subjectivity . To
comply with Reddit’s Terms of Service and GDPR
regulations, ARCC does not redistribute raw com-
ment text or original user identifiers. Usernames
have been replaced with non-reversible, dataset-
internal speaker IDs. The textual content of each
segment can be reconstructed via the Reddit API
using the provided comment identifiers and char-
acter offsets. The repository includes code for this
reconstruction process.

It should be noted that some comments may no
longer be accessible through the Reddit API due to
deletion by users or moderators, which may prevent
full reconstruction in certain cases.
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A. Appendix A: Examples of Speech
Act Annotations

The following examples illustrate the speech act
categories used in our annotation scheme. Each
entry corresponds to a sentence or clause from the
corpus labeled with one of the defined categories.
In the case of Assessment and Question (Opin-
ion), we underline lexical markers of subjectivity
(e.g., epistemic modals, evaluative adverbs).

Assessment

(11) You are definitely right that our human
thinking can be our enemy here.

(12) That’s probably the best outcome an En-
glish king could have hoped for.

Assertion

(13) Light is both an electric and magnetic
wave.

(14) The United States does not recognize or
consider Taiwan to be part of China.

Question (Opinion)

(15) [Straight:] Would you say "both interpreta-
tions are valid" about other key biblical re-
lationships or events?

(16) [Biased:] Wouldn’t you rather have gen-
uine public discourse shape foreign policy
than the other way around?

Question (Fact)

(17) [Straight:] What triggers a shark’s blood
sense/scent?

(18) [Biased:] Doesn’t this require very pure
water?

Advice/Suggestion/Recommendation

(19) Buy an extender from a big box store to
move everything out to where you need it.

(20) Here is an example of someone selling one
of the AM antennas on Etsy [URL], just to
give you an idea of what they might look
like.

Expressive

(21) Haha okay yeah I get it now thanks.
(22) Apologies if my understanding is incorrect.

Other

(23) Painting Wood Posts
(24) FYI

B. Appendix B: Examples of
Functional Dependence Relations

Between Segments

The examples below illustrate functional depen-
dence relations annotated in our corpus, distin-
guishing between those that occur between dif-
ferent comments (inter-comment) and those that
occur within the same comment (intra-comment).
Each turn is labeled using a speaker identifier (A,
B, etc.) followed by a numerical index indicating
the sequential order of the speech act within that
speaker’s contributions (e.g., A.2 refers to the sec-
ond speech act from Speaker A).

Inter-comment functional dependence relations.
These involve rhetorical moves that span across
distinct speakers or comment turns. The following
examples illustrate common inter-comment func-
tional dependence relations.

Agreement and Disagreement

(25) a. A.1: The yeast eat the priming sugar
inside the bottle. . .

b. B.1: That’s true for basic home brew-
ing.

c. B.2: Larger and industrial operations
instead carbonate the beer after the
yeast has pretty much worked through
all the sugars in the brew.

B.1 expresses Agreement with A.1; B.2 contrasts
with the generalization in A.1, expressing Dis-
agreement.

Request Clarification and Answer

(26) a. A.1: The mechanism is the same as
you described either way. . .

b. B.1: Is it doing the exact same thing
in beer, or is it different?

c. A.2: Exactly the same, yes.

B.1 Requests Clarification of A.1; A.2 responds
with a direct Answer to B.1.

Continuation -EX-

(27) a. A.1: Buy an extender from a big box
store to move everything...

b. B.1: Thank you!

B.1 provides a minimal Continuation -EX- follow-
up to A.1 across comments.
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Intra-comment functional dependence rela-
tions. These involve functional dependence rela-
tions internal to a single comment, typically reflect-
ing internal discourse structure such as explana-
tion, elaboration, contrast, continuation, or causal
inference.
Explanation

(28) a. A.1: My cat goes absolute apeshit for
Subway’s multigrain...

b. A.2: Turns out it’s because there’s
tons of catnip oil...

A.2 offers an Explanation/Elaboration for A.1
within the same comment.

Contrastive

(29) a. A.1: (Older) Android smartphones
use the headphone cable. . .

b. A.2: But they can only pick up FM
signals.

A.2 introduces a limitation that contrasts with the
implication of A.1, establishing a Contrastive re-
lation.

Result

(30) a. A.1: Many of them only have as much
power as the people give them...

b. A.2: Which is why education and
protest will be so important...

A.2 presents a consequence of the proposition in
A.1, marking a Result relation.

Continuation

(31) a. A.1: I just need to clarify a little bit of
what you’re saying...

b. A.2: You say they mean nothing,

A.2 continues and specifies the content introduced
in A.1, forming a Continuation relation within the
same comment.
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Abstract
The N+N compound class is the largest and the most productive class of compounds in German. A significant
number of N+N compounds insert a so-called linking element from a large inventory. The linker choice is notoriously
irregular; instead of rules, it is governed by a set of constraints that can only limit this choice based on morphological,
phonological, sometimes semantic and lexical properties of the first constituent. While constraints on linking element
choice in German nominal compounding are extensively researched and well-documented, no large-scale corpus
study has ever been reported on the subject of their empirical application. The present work aims at filling in this
gap by conducting an extensive corpus study on potential and actual applicability of these constraints. The study
summarizes 64 constraints collected from the relevant literature and obtains applicability statistics for 39 of them
over 280k+ German N+N compounds. The study both confirms most of the evidence from previous literature and
suggests novel evidence on German nominal compounding. It additionally highlights the importance of structured
linguistic data for large-scale empirical studies.
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1. Introduction

Compounding is a process of word formation
broadly defined as concatenation of two con-
stituents with or without adding a linking element
(also called linker) in between: Buch ’book’ +
Deckel ’cover ’ → Buch∅∅∅deckel ’book cover ’ but
Buch ’book’ + Regal ’shelf ’→ Bücherregal ’book-
shelf ’. The first constituent becomes the modifier,
and the second the head of the resulting composite.
In German, compounding is highly productive: thus,
Baroni et al. (2002) report that in the APA newswire
corpus (28M+ tokens), 47% of word types are com-
pounds. Biconstituent nominal (N+N) compounds
in German form the largest class of compounds
(Ortner and Müller-Bollhagen, 1991, 53; Scherer,
2012; Schlücker, 2023). A sizable number of such
compounds inserts an explicit linking element be-
tween the constituents. While German features
"an unusually high number of different linking el-
ements" (Schäfer and Pankratz, 2018), only one
of them is grammatically correct for a given com-
pound1. What makes the phenomenon notoriously
complicated is the fact that it is often arbitrary which
exact linker from the extensive inventory is the cor-
rect one. This choice is non-deterministic and can-
not be predicted confidently from any properties of
the constituents alone. On the contrary, it is gov-
erned by a large set of (irregular) constraints that
can only limit this choice based on morphological,
phonological, sometimes semantic and even lex-

1Except for a small number of so-called doubtful cases
when two variants coexist in language, see Nübling and
Szczepaniak (2013).

ical properties of the first constituent (Eisenberg,
2013, 227; Kürschner; Libben et al., 2009; Schäfer
and Pankratz, 2018); the second constituent is ar-
gued to have no effect on linker choice2 (Kürschner;
Ortner and Müller-Bollhagen, 1991, 56).

Constraints on nominal compounding3 in Ger-
man have been extensively researched and well-
documented in the linguistics literature over the
last decades. Their irregularity and diversity is well-
known and generally agreed upon. And yet, despite
the high productivity of nominal compounding in
German and the high complexity of the correspond-
ing constraint space, no large-scale corpus study
has ever been reported on the subject of empirical
constraint application.

Our study serves as an initial attempt to inves-
tigate the empirical application of nominal com-
pounding constraints in German quantitatively.
More specifically, we focus on their coverage and
regularity. By the coverage of a constraint, we
mean the share of the units that satisfy the linguis-
tic conditions for this constraint to be potentially
applicable. In our terminology, such units are also
referred to as units covered by this constraint. The
regularity of a constraint is then the share of the
units covered by this constraint that actually con-
form to it. In line with the introduced terminology,
we call a constraint actually applicable to the units
that conform to it, or simply say it applies to them.
For instance, a dummy constraint (0) formulated

2See exceptions in section 2.2.
3To clarify: by ’nominal compounding constraints’, we

mean constraints on choice of the linking element in N+N
compounds.
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as "First constituents that are constituted by nouns
of the A class tend to attach -x-." will be potentially
applicable to dummy compounds AxB and AyC,
but not to CxA, and will be actually applicable only
to AxB. The formal definition of coverage and reg-
ularity follows in section 4.2.

We compute the coverage and the regularity
of the constraints programmatically over a mod-
ification of a compound dataset originating from
(Schäfer and Pankratz, 2018). Access to strictly
structured linguistic data becomes a prerequisite
for automated computation: only well-defined struc-
tures over the dataset can enable a uniform and
reliable programmatic access to the target linguistic
properties as defined by constraint applicability con-
ditions. CELEX2 (Baayen et al., 1995) becomes the
natural choice for us: this lexical database stores
various linguistic information about its entries in a
table-like format perfectly suitable for automated
processing.

The present study makes two contributions to the
developments in German nominal compounding
studies: 1) Constraints on linker choice in German
N+N compounds are collected from a number of rel-
evant scientific sources, summarized and classified.
2) A corpus study is conducted on the matter of em-
pirical application of the collected constraints4. The
combined effect of these two contributions results
in a systematic constraint space. Each constraint
in the constraint space comes with the information
about the type of linguistic information it employs
(morphological, phonological, etc.), and, whenever
possible, the measures of its coverage and regular-
ity over 280k+ N+N compounds. This development
is relevant both to descriptive studies in theoretical
linguistics on German morphology and as a knowl-
edge base/graph for novel compound generation
with LLMs. The latter may be useful for evaluating
linguistic competencies and reasoning abilities of
LLMs and may increase the quality of generated
compound datasets.

The paper is structured as follows. Section 2
summarizes principles of German nominal com-
pounding. Section 3 gives an overview of previous
work concerning German nominal compounding
(in particular, compounding constraints). Section 4
introduces the methodology and the course of our
empirical study. Finally, the results of the study are
discussed and summarized in sections 5 and 6.

2. On Nominal Compounding in
German

The N+N compound class is the largest and the
most productive class of compounds in German.

4Excluding semantic and lexical constraints, see more
in section 4.4.

We consider solely N+N compounds because com-
pounding in German conforms to binary recursion
(Eisenberg, 2013, 219; Schäfer, 2018, 226-227),
and so any compound can be decomposed into
a chain of binary structures. While German (and
Germanic in general) has a few constraints that
specifically target compounds with three and more
constituents5 (see Krott et al., 2004; Kürschner;
Wegener, 2005), we exclude them from the present
study due to their small number. Furthermore, N+N
compounds is the class where the explicit linking
elements occur most often (Schlücker, 2023).

2.1. Linking Elements
The inventory of linking elements in German in-
cludes zero linker -∅∅∅-, the following explicit linkers:
-s-, -es-6, -(e)n-, -e-, -"e-7, -(")er-8, -"-, -(e)ns-, and
a number of idiosyncratic linkers for loanwords. The
latter — as well as linkers causing deletion of final
stem segment(s) — are disregarded in the current
study due to their insignificant frequency.

The correct linker is often not inferrable with cer-
tainty from any properties of the first constituent.
The arbitrariness of choice may be so high that
some nouns can attach different linkers in differ-
ent compounds, e.g., Land ’state’ + Kreis ’dis-
trict’ / Regierung ’government’ / Spiel ’match’ →
Land∅∅∅kreis ’regional district’ / Landesregierung
’regional government’ / Länderspiel ’international
match’. Augst (1975, 134) finds 9.3% of entries
have records with two different linkers and almost
1% of entries with three or four different linkers in
a corpus of roughly 4k compounds. Rather than
predict the correct linking element for a given noun,
one can only limit the group of acceptable linkers,
guided by a set of (irregular) constraints.

2.2. Constraints on Linker Choice
Constraints on nominal compounding in German
are defined almost exclusively over linguistic infor-
mation of the first constituent. Ortner and Müller-
Bollhagen (1991, 56) document the single case

5Thanks to one of the anonymous reviewers for bring-
ing that to our attention.

6-s- and -es- are not notated as -(e)s- as they are not
allomorphic (-es- is isolated, see Eisenberg, 2013, 229;
Kürschner, 2010), in contrast to -(e)n- and -(e)ns-.

7" signals that the linker triggers umlauting of the stem
vowel of the first constituent.

8To the best of our knowledge, the -(")er- linker triggers
umlauting necessarily whenever the stem vowel may
undergo it. We therefore do not distinguish between -
er- and -"er- (as opposed to -e- vs. -"e-) as cases like
Kinderjacke ’children’s jacket’ may be accounted for by
assuming that -(")er- tries to apply umlauting but the
target vowel cannot not be umlauted. We hold the same
assumption against the -(")er plural marker.
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when the properties of the second constituent con-
tribute equally to linker choice, see constraint (39)
in the list of example constraints below. Apart from
that, Eisenberg (2013, 227) suggests that some-
times, the semantic relation between the two con-
stituents may play a definitive role in linker choice.
This claim is supported by evidence provided by Ko-
liopoulou (2014), also Neef and Borgwaldt (2012),
who independently formulate constraint (36).

The rest of the constraints refer solely to the prop-
erties of the first constituents and are based on var-
ious types of linguistic information. The literature
documents morphological, derivational9, phonolog-
ical, semantic, lexical, and mixed constraints. Be-
low is an example list of constraints collected from
Eisenberg (2013, 227-230) and Ortner and Müller-
Bollhagen (1991, 56-57, 83, 89-94, 109).

(7) [morphological] First constituents that are
constituted by nouns that build the plural form
with -(")er mostly attach -∅∅∅- or -(")er-: Buch
’book’ + Deckel ’cover ’ → Buch∅∅∅deckel ’book
cover ’ but Kind ’child ’ + Alter ’age’→ Kindesalter
’childhood ’
(22) [derivational] First constituents that are con-
stituted by deadjectival feminine nouns with a
schwa suffix almost always attach -(e)n- or a
zero linker; each of the two linkers is preferred
in about the same number of cases: Hitze ’heat ’
+ Welle ’wave’ → Hitze∅∅∅welle ’heatwave’ but
Liebe ’love’ + Brief ’letter ’ → Liebesbrief ’love
letter ’
(36) [semantic] Copulative compounds insert
-∅∅∅- regularly (by copulative compounds are un-
derstood compounds in which the two con-
stituents do not exhibit a clear modifier-head
relation): Dichter ’poet ’ + Komponist ’composer ’
→ Dichter∅∅∅komponist ’poet-composer ’
(39) [semantic, lexical] Compounds whose first
constituent designates a person and whose sec-
ond constituent is one of ’Mann’, ’Frau’, ’Leute’,
’Tochter’, ’Gattin’, or ’Witwe’ tend to insert -s-: Re-
iter ’rider ’ + Mann ’man’→ Reiter∅∅∅mann ’horse-
man’
(46) [morphological, phonological] Almost all
feminine nouns that constitute first constituents
that attach -s- are polysyllabic: Arbeit ’work’ +
Tag ’day ’→ Arbeitstag ’working day ’

As will be demonstrated in sections 4.1 and 5,
nominal compounding constraints in German are
highly diverse in terms of their regularity and cov-

9To the best of our knowledge, this term is not well-
established. By derivational constraints we mean those
that target classes of nouns with specific derivational
structure, e.g., nouns with specific affixes, deverbal
nouns, etc.

erage, as well as regarding the type of linguistic
properties they target.

3. Previous Research

Linking elements in (N+N) compounds have been
a subject of interest in German morphology for
decades. Numerous works address different as-
pects of their development, functionality, and lin-
guistic status.

Nübling and Szczepaniak (2013), Wegener
(2003), Wegener (2005) investigate the origin and
the diachronic development of the linking elements.
They identify two sources of German linking ele-
ments: Germanic primary suffixes and later geni-
tive markers. By addressing the process of their
lexicalization and reanalysis, the authors explain
the restrictions on linker choice in contemporary
German from a historical perspective. In particular,
they suggest that plural markers -(e)n, also -e, -"e,
-(")er originate from the primary suffixes, and the
homonymous linking elements evolve either from
these plural markers (Nübling and Szczepaniak,
2013), or in parallel to them (Wegener, 2003). This
way, these works motivate the fact that these linkers
appear exclusively with nouns of the corresponding
plural10.

A larger share of the literature body reports con-
temporary limitations on linker choice without fo-
cus on their origin. For example, Eisenberg (2013,
chapter 6.2), Ortner and Müller-Bollhagen (1991,
chapter A.5), Schäfer (2018, chapter 8.1) expound
general principles of German (nominal) compound-
ing, each covering acceptability conditions of most
of the investigated linkers. Numerous works are
dedicated specifically to the -s- linker since it is the
only productive linker not bound to any inflectional
class: Libben et al. (2009), Kopf (2017), Kürschner,
Nübling and Szczepaniak (2008).

Finally, a notable branch of research is oriented
towards investigating various analogical effects as-
sociated with compounding in German. Thus, Krott
et al. (2007) find that choice between -s-, -(e)n-, and
-∅∅∅- is biased towards the most frequent linker oc-
curring with the given first constituent in other com-
pounds, with a statistically significant effect. With
different experimentation course, Neef and Borg-
waldt (2012) arrive at similar results and confirm the
left constituent bias. They also suggest that build-
ing novel compounds is subject to inter-speaker
variability to a certain degree. On another note,
Schäfer and Pankratz (2018) provide evidence that
linkers identical to the plural markers may serve
a clue to a plural or collective meaning of the first
constituent in the compound.

10For -(e)n- and -e-, Nübling and Szczepaniak (2013)
also identify edge cases not related to the plural suffixes.
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All these findings are of undeniable value and
importance. Combined, they provide an exhaustive
yet granular overview of the constraints on linker
choice in German. However, the absolute majority
of these works have a significant fallback: while
noting the infamous irregularity of these constraints,
they fail to deliver its empirical measures. This re-
sults in quite vague constraint definitions that some-
times hinder building an adequate idea of a certain
constraint. A few examples follow11: "If the stem [of
a feminine noun] is monosyllabic, the -en- linker is
sometimes inserted, sometimes not." (Eisenberg,
2013, 229); "There is an observable tendency to
insert -e- after nouns designating animals [...] with
many counterexamples." (Nübling and Szczepa-
niak, 2008, 11); "Strong and mixed masculine and
neuter nouns often but by no means always insert
-s- or -es-12" (Schäfer, 2018, 229).

Clearing up such vague definitions would only
be possible by the means of a dedicated corpus
study. However, only targeted corpus studies cover-
ing single constraints have been made so far. Kopf
(2017), Kürschner, and Nübling and Szczepaniak
(2008) aim at investigating the increased proba-
bility of -s- after prefixed deverbal nouns. They
confirm that prefixed deverbals attach -s- in a ma-
jority of cases: 67.5%, 76.5-78%, and 85% (with
unstressed prefix) / 36% (with stressed prefix), re-
spectively. Going further, Nübling and Szczepaniak
(2008) and Wegener (2005) address the relation
between the probability of -s- and the sonority of
the last segment of the noun. They find that -s- oc-
curs after plosives in 15-20% and after sonorants
in 1.8-4.7% of cases, and it never occurs after a
full vowel.

To the best of our knowledge, no attempts have
been reported yet of extensive corpus studies that
would cover the entire space of nominal compound-
ing constraint or at least a large part of it. We
therefore aim at filling in this gap by conducting a
novel large-scale corpus study on the application
of nominal compounding constraints in German.

4. Empirical Study

The present study was conducted in four steps. We
briefly summarize them here, and introduce them
in more detail in the corresponding subsections 4.1-
4.4 below.

Step one fixes the definitions and linguistic status
of constraints from the relevant literature.

Step two ensures reproducibility of the study. It
establishes formalizations concerning potential/ac-

11Whenever necessary, translated by the author of the
present study. In italics, we highlight the vague spots.

12The original work reads -(e)s- but as mentioned be-
fore, we distinguish between these two linkers.

tual applicability of the collected constraints and
calculation of their coverage and regularity.

The third step prepares the data for the cor-
pus experiments. It obtains a massive collection
of N+N compounds taking a compound dataset
DeCOW16AX-comps originating from Schäfer and
Pankratz (2018) as a baseline. It then derives a cus-
tom noun database from CELEX2 (Baayen et al.,
1995) — a large lexical database for English, Ger-
man, and Dutch that stores various linguistic prop-
erties of its entries (lemmata and wordforms). Ad-
ditionally, it retrieves word counts of the entries of
the two obtained modifications from DeReKo (IDS,
2026) — the largest collection of text corpora in
contemporary German.

Step four conducts the corpus study itself. It
estimates the empirical applicability of the collected
constraints over our modification of DeCOW16AX-
comps following the procedural formalization from
the second step.

The developments of the empirical study —
including the collected constraint definitions and
supporting information, the compound dataset,
and the relevant codebase — are published
under https://github.com/maxschmaltz/
DieKonstraints/tree/comp_constr_
corp_study_mar26. Please refer to the
repository’s README to navigate the project files.

4.1. Step One: Constraint Acquisition
To obtain linker choice constraints reported in the
linguistics literature so far, we studied a number
of scientific works dedicated to German (nominal)
compounding. We aimed at keeping the collec-
tion of scientific sources diverse in terms of their
format, purpose, object of research, and date of
publication. In case of discrepancies, we did not
take sides with one or another analyses and kept
both sources, assuring a wide spectrum of linguis-
tic perspectives. The resulting body of literature
spans over 30+ years and includes chapters of
fundamental books on German morphology in gen-
eral and on (nominal) compounding in particular,
survey-like papers reporting generalizations of Ger-
man compounding and linker choice, as well as
more targeted papers addressing specific aspects
of compounding in German, such as their function-
ality and grammatical status, restrictions on their
insertion, etc. To adopt a broader perspective, we
also involved works dedicated to the origin of link-
ing elements, analogical effects in compounding,
and comparative studies on linking elements in
Germanic. The resulting set of works includes 18
sources and is provided in Appendix A.

From these sources, we extracted claims that
described restrictions on, or patterns of, choice of
the linking elements in N+N compounds. We find
no critical contradictions across the works. The
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only disagreements concern regularities or linguis-
tic nature of a few constraints. These are of no
significance to us, since we obtain our own statis-
tics of constraint application. Otherwise, there is an
ongoing debate on morphological (Kürschner) vs.
phonological (Nübling and Szczepaniak, 2008) con-
ditioning of -s-. We simply formulate both options
as two separate constraints for further verification.

In total, we summarized 64 constraints. Apart
from the default constraint striving to assign a zero
linking element to any given compound, two main
categories of constraints could be established. The
first category is prevalent with 41 constraints. It lim-
its acceptable linkers for a given noun class (’A can
attach either x or y ’), as exemplified by constraints
(7), (22), (36), (39) above; we therefore call it P2L
(properties to linkers). The second category (22
constraints) goes the opposite way: it puts restric-
tions on the noun classes that can attach a given
linker (’x can only be attached by A or B’), as ex-
emplified by constraint (46); correspondingly, we
name it L2P. Table 2 exhibits constraint types by
level(s) of accessed linguistic information13. Both
categories actively employ all types of linguistic in-
formation, involving prevalently morphological but
to a noticeable extent derivational, phonological,
and semantic properties. That observation is in
line with the fact that linker choice is highly variable
and is affected by a large variety of factors.

Fifty-nine out of 64 constraints are defined over
the properties of the first constituent. Note that the
22 L2P constraints which all belong to that group
additionally require insertion of a certain linker to
be potentially applicable. For instance, constraint
(46) covers not any feminine first constituent but
only those that attach -s-. From the remaining
five constraints, one depends on the properties
of both constituents, three on the semantic rela-
tion between them, and the last one is the default
constraint that is potentially applicable to any given
constituent combination. This finding confirms the
general agreement that the linker choice depends
almost exclusively on the properties of the first con-
stituent. In the following, the component(s) of a
compound accessed by a constraint will be called
the target item of this constraint in the compound.
For most constraints, the first constituent of a com-
pound or the combination of the first constituent
and the linker is the target item. For the five remain-
ing constraints mentioned above, the combination
of both constituents is the target item.

The full list of constraint definitions, properties,
and supporting information (P2L/L2P type, em-

13Derivational constraints defined over morphologically
restricted classes are not additionally marked as morpho-
logical if they target nouns with suffixes that determine
morphological properties of the derived noun (e.g., suffix
-heit always produces weak feminines).

ployed linguistic information, target item, examples,
and counterexamples) is available in Appendix E.

Type P2L L2P
morphological 6 6
+ derivational 1 1

+ phonological 1 0
+ phonological 2 1

+ semantic 3 1
+ lexical 0 1

+ semantic 8 1
+ lexical 0 1

derivational 9 2
+ semantic 2 0

phonological 5 4
semantic 2 0
+ lexical 1 0

lexical 1 4

Table 1: Types of nominal compounding constraints
by employed linguistic information. Mixed types are
marked by indentation. Mid-grey marks types of
zero, and light-grey of up to three constraints.

4.2. Step Two: Procedural &
Mathematical Formalizations

Every constraint definition consists of two compo-
nents. The first component declares the linguistic
properties of the constraint’s target item that
determine potential applicability of this constraint
to an arbitrary compound formed from it. For most
constraints, the first component is effectively the
description of the desired properties of the first
constituent. The second component specifies
a set of acceptable linkers that are expected to
appear in a compound built with this item if the
constraint applies. For instance, constraint (7)
(target item: first constituent) may be represented14

as [N1-pl = (")er] → [-(")er-, -∅∅∅-].
Constraint (39) (target item: the combination of
both constituents) can similarly be formulated as
[N1 is pers][N2 ∈ {Mann, Frau, ...}]
→ [-∅∅∅-]. Any constraint can then be
abstracted as [cond 1]...[cond n] →
[link 1, ..., link m]. Then, the formal
tests for potential and actual applicability are trivial.
For an arbitrary constraint (X) and an arbitrary
N+N compound C formed from item I, it holds: 1)
(X) is potentially applicable to C if for i = (1, ..., n),
all [cond i] defined over I are true; 2) (X)
applies to C if (X) is potentially applicable to C and

14The following abbreviations are adopted for these
examples: N1 and N2 stand for the first and the second
constituent, respectively, pl stands for ’plural marker’,
pers — for ’person designation’, cond — for ’condition’,
link — for ’linker’.
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if for j = (1, ...,m), C inserts any of [link j]15.
Please note that since all [cond i] are defined
over the properties of I, potential applicability of
(X) to C and to further compounds built from I
will be identical. This is not the case with actual
applicability which is determined by the linker in
a specific compound. For the L2P constraints,
the two constraint definition components and,
correspondingly, the tests are swapped.

When calculating the statistics of the empirical
constraint application, we will distinguish between
type coverage and regularity and item coverage
and regularity16. This distinction results from cal-
culating the application statistics over unique com-
pounds in the dataset or over unique items (mostly
first constituents) that form these compounds, re-
spectively. A characteristic example may be helpful
to motivate this distinction. As discovered after con-
ducting the corpus study, constraint (22) (target
item: first constituent) is potentially applicable to
2798 compounds that are built from 32 unique first
constituents. All 414 of 2798 compounds that violate
(22) are built with one single first constituent Liebe
’love’ (Liebesbrief ’love letter ’, Liebeserklärung ’dec-
laration of love’, etc.). That means that while∼ 97%
unique items (31 out of 32 covered first constituents)
always build compounds that conform to (22), they
only account for ∼ 85% of unique compounds. In
other words, (22) is (almost) regular from the item
perspective and is only a tendency from the com-
pound perspective. As will be elaborated in sec-
tion 5, there are further constraints that exhibit a
similar gap. We therefore report two variants of
coverage and regularity: the type variant and the
item variant17.

Formally, type coverage of a constraint (X)
amounts to the ratio between the number of unique
compounds to which (X) is potentially applicable
as defined in the corresponding formal test, and the
total number of unique compounds in the dataset.
Since potential applicability of (X) to compounds
built with the same item is identical, item cover-
age of (X) is defined simply. It equals the ratio
between the number of unique items that build the
compounds covered by X, and the total number of

15Note that if a constraint implicitly licenses further
linkers, these are not accepted in our procedure, as these
are exactly the irregular deviations that we want to record.
For example, even though constraint (39) only tends
to insert -s- — and so allows other linkers —, we only
consider that it applies if attached is the -s- linker.

16Please note that this distinction is not the same as
the customary distinction between type and token.

17In a dedicated branch of the study, we additionally cal-
culated token coverage and regularity of the constraints
that based on word counts of compounds. However, the
values of the type and the token variants diverged in-
significantly, and so the token variant was excluded from
the present study.

unique items found in the dataset.
Type regularity of (X) amounts to the ratio be-

tween the number of unique compounds to which
(X) applies as defined by the respective formal test,
and the number of unique compounds covered by
(X). As opposed to potential applicability, (X) may
(and often does) apply only selectively to different
compounds built with the same item. To address
this peculiarity, item regularity examines groups of
compounds built with every unique item separately.
Within each group, group regularity is calculated
as the ratio between the number of unique com-
pounds in the group that conform to (X) and the
total number of unique compounds in the group.
Item regularity of (X) is then the average over all
group ratios. Item regularity δ of (X) thus concep-
tually means the following: on average, for any
arbitrary item that satisfies linguistic conditions put
by (X), δ×100% of all compounds formed from this
item conform to (X), regardless of the productivity
of the item. Consequently, this method eliminates
potential item productivity bias against type regu-
larity exemplified by the first constituent Liebe with
respect to constraint (22).

To ultimately clarify the provided mathematical
formalizations, we demonstrate the calculation of
the applicability statistics for constraint (22) in Ap-
pendix B. In the following, the item variant of cover-
age and regularity will be considered principal and
will be reported first, followed by the type variant.
This is motivated by the fact that, as demonstrated
above, the item variant is not affected by the item
productivity bias and is therefore more balanced
and illustrative. Finally, we adopt the term of com-
bined coverage and regularity for the contexts in
which we simultaneously compare both types of
the measures to some absolute value. Combined
coverage/regularity > γ of (X) means that both
item and type coverage/regularity of (X) exceed
γ. Correspondingly, combined coverage/regularity
< γ points that both types of coverage/regularity
lie below γ.

4.3. Step Three: Data Acquisition
As pointed out in section 4, we employed three
data sources for various purposes. DeCOW16AX-
comps18 was used to derive a massive N+N col-
lection that served the corpus over which we as-
sessed the empirical applicability of the constraints.
CELEX219 was accessed during the experimental

18DeCOW16AX-comps is licensed under CC BY-NC
4.0 and are freely available for research purposes.

19CELEX2 is distributed under a custom license
authorizing unrestricted usage for research purposes,
see https://catalog.ldc.upenn.edu/docs/
LDC96L14/celex.readme.html#Copyright. The
data was obtained in compliance with this license.
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phase to test for various linguistic information of
compound constituents. Finally, DeReKo 20 sup-
plied the word counts for the entries of our subsets
of the first two. The preprocessing procedure of
DeCOW16AX-comps depended on that of CELEX2,
so we start the overview over data acquisition with
the latter.

CELEX2 contains ∼51k German lemmata. For
each lemma, it provides a rich set of linguistic
information. Relevant for the present study are the
records about POS, gender, inflectional paradigm,
morphemic structure (both base word and affixes),
phonetic transcription, and syllabification scheme
of the lemmata. The high quality of annotations in
CELEX2 minimized the number of preprocessing
steps undertaken. Apart from a few minor prepro-
cessing steps (mostly concerning data formatting),
we simply extracted a subset of one-stem nouns
that met two requirements: 1) they had the full
set of the relevant records enlisted above; 2) their
word count in DeReKo reached the minimum
threshold of 50 occurrences. For word counts,
we were querying a collection of DeReKo subcor-
pora compiled under the copr-d (Korpora aus
Deutschland ’corpora from Germany ’) namespace
of the KorAP interface of DeReKo with a total
of 15B+ tokens. This, together with the minimal
creation year set to 1970, allowed us to avoid overt
regionalisms or anachronisms. The frequencies
were obtained via the KorAP OpenAPI endpoint
(https://korap.ids-mannheim.de/api/
v1.0/openapi/), the endpoint was accessed
in early February 2026. The resulting sample of
CELEX2 (henceforth also called CELEX-nouns)
contains ∼12k nouns.

DeCOW16AX-comps supplied us with ∼22.3M
SMOR (Schmid et al., 2004) analyses of German
compounds with nominal heads. We took this
collection as a starting point and in a few steps,
dropped all records unsuitable for our study. The
resulting modification that we called GeCoDB_v06
contains ∼280k N+N compounds featuring all vari-
ety of the linkers considered in the present study.
Each record is a triplet identifying the two con-
stituents and the linker of the compound. We
only kept compounds where both constituents are
present in CELEX-nouns — that ensured that we
had access to the full set of required linguistic infor-
mation for all of our compounds. To further ensure
a high quality of the sample, we set a minimum word
count threshold of 20 in DeReKo21, and for its modi-
fier to form at least ten compounds in GeCoDB_v06
with different heads.

20Most of the DeReKo subcorpora are licensed under
a QAO-NC license. DeReKo may be used freely for
scientific purposes.

21Word counts were collected under the same proce-
dure that was utilized for CELEX2.

4.4. Step Four: Corpus Experiment

To be able to estimate constraint applicability over
the GeCoDB_v06 corpus, we translated the proce-
dural formalizations of the tests for potential and
actual applicability from section 4.2 into Python
code. The checker for potential applicability of
a certain constraint accepts a compound and ac-
cesses the CELEX-nouns database to test for ev-
ery condition [cond i] enclosed in its formaliza-
tion. The checker for actual applicability simply
compares whether the linker indicated in the in-
put compound by SMOR is one of the licensed
[link 1, ..., link m]. For the L2P con-
straints, the programmatic checkers are swapped
as well, following the formal tests. Since we
could only access morphological, derivational, and
phonological properties of single constituents in
CELEX-nouns, constraints involving semantic or
lexical information of the first/second constituent as
well as the semantic relation between the two were
excluded from automated processing. In total, pairs
of checkers for 40 constraints were implemented.

We ran all available checkers against every com-
pound in GeCoDB_v06. As a result, we automat-
ically discovered and marked all compounds to
which the corresponding constraints are potentially
and actually applicable (individually). Finally, we
employed the mathematical formalizations from
section 4.2 to calculate the two variants of coverage
and regularity for each constraint.

We find it crucial to emphasize the role of the
structured linguistic data for our study. The strict
triplet structure of SMOR analyses in GeCoDB_v06
allowed to establish a dense connection to the
CELEX-nouns database through reliable lookup
of compound constituents in CELEX-nouns. In its
turn, the highly structured tabular format of CELEX-
nouns played a principal role in stable and pre-
dictable programmatic access to the desired lin-
guistic properties of the constituents. It is therefore
the structural concert of the two data collections
that were crucial for reliable automated testing for
empirical constraint application in the course of our
corpus study.

5. Results & Discussion

In total, we obtained item and type coverage and
regularity for 39 constraints22 (23 P2L, 15 L2P, and
the default constraint). Figure 1 demonstrates the
distribution of the obtained values. The entire con-
straint space with the mapping is depicted illustra-
tively in Appendix D, and the precise item and type

22One of the 40 constraints selected for automated
processing did not cover any compounds in the dataset
(namely, (26), see Appendix E).
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coverage and regularity values for each analyzed
constraint are provided in Appendix E.

Figure 1: Distribution of the obtained coverage and
regularity values. Each constraint appears twice:
on the left and on the right.

Both coverage and regularity values fluctuate sig-
nificantly. Item and type coverage stretch over the
entire range of values: they effectively approximate
0.0 for a few constraints and reach 1.0 for three
constraints. The standard deviation (SD) of 0.26
and 0.27 for the two variants, respectively, further
confirms a large spread of values. Nevertheless, it
can be observed that most of the coverage values
concentrate at the bottom part of the plot. Indeed,
34 out of 39 constraints lay below the threshold of
0.2 for both item and type coverage. Going further,
combined coverage falls under 0.05 for almost half
of the inspected constraints (19 in total). Three
constraints cover very restricted groups of nouns
with combined coverage amounting to < 0.01.

Regularity, on the contrary, is distributed more
compactly. All item and type regularity values lie
in a range (0.46; 1.0]. They are also spread more
evenly than the coverage values, with significantly
lower SD of 0.14 for both variants. Even though
the full range of values is densely occupied with no
significant gaps, there is still a visible shift of values
towards the right edge of the axis. Thus, slightly
over half of the analyzed constraints (20 in total)
reach a combined regularity of over 0.9. However,
only six of them appear to be approximately regular
with a combined regularity of > 0.98.

We observe that moderate and low values of cov-
erage and regularity of both types are distributed
relatively evenly between the P2L and the L2P con-
straints, whereas high values are distributed in a
nearly complementary manner. Specifically, the
entire range (0.02; 1.0] of combined coverage val-
ues is occupied by three P2L constraints plus the
default constraint. On the other hand, the upper
range (0.98; 1.0] of combined regularity is populated
almost exclusively by the values of L2P constraints,
with five out of six constraints in this range belong-
ing to this category. These observations suggest
that the restrictions on the noun classes that may at-
tach certain linkers gravitate towards reliable appli-
cation, while the patterns of linker choice prioritize
broader predictive scope. The plot of applicabil-
ity statistics of the P2L vs. the L2P constraints is
provided in Appendix C.

A productivity bias as exemplified by constraint
(22) is detected for six constraints in total. Type
regularity of constraints (4), (22), and (42) is at least
10% lower than their item productivity. Similarly to
(22), the bias in (4) and (42) is produced by smaller
sets of items that productively form compounds
that violate these constraints. Type regularity of
constraints (19), (25), and (44) is, on the contrary,
higher than their item regularity by at least 10%.
This points to an opposite situation: the bias comes
from sizable sets of items that produce small groups
of compounds that tend to violate these constraints.
For instance, 140 out of 1517 covered compounds
that violate (19) are formed from 8 out of 27, or
almost a third of unique first constituents.

No correlation between coverage and regularity
is observed, neither for the item nor for the type
variant. We conclude that these two properties are
independent.

To assess the extent to which the collected con-
straints are supported by the empirical data, we
assigned a threshold of minimal item regularity for
each unique quantifier found in the constraints def-
initions ("mostly", "regularly", etc.). Item regularity
was chosen as a more balanced metric as com-
pared to type regularity. As a result, the scale
demonstrated in figure 2 was established23. A con-
straint was considered supported if its item regular-
ity equaled or exceeded the threshold correspond-
ing to its textual quantifier (e.g., "usually" vs. item
regularity of ≥ 0.9). A constraint was considered
partially supported if its item regularity equaled or
exceeded the threshold of the previous level on the
scale but not its own (e.g., "usually" vs. item regu-
larity in range [0.6; 0.9)). A constraint was regarded
as not supported if its item regularity was below the
threshold of the previous level (e.g., "usually" vs.
item regularity of < 0.6).

Figure 2: Quantifiers and the corresponding item
regularity thresholds by regularity (reg.) levels.

Most of our findings corroborate the qualitative
evidence from previous literature. Specifically, 28
out of 39 analyzed constraints are supported by the

23Please note that the threshold for the regular level
is reduced to 0.97 for constraint whose item coverage
equals or falls under 0.01. The reduction counterbal-
ances an increased sensitivity of item regularity to coun-
terexamples resulting from a very small number of items.
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corpus data as defined in the previous paragraph.
In the next paragraphs, we inspect the constraints
that are partially/not supported by the empiric data
on a number of illustrative examples.

Seven constraints marked as highly regular in
the literature and one constraint marked as moder-
ately regular did not confirm their status on massive
data but appeared to be partially supported. These
are P2L constraints (3), (29), (31) and L2P con-
straints (47), (48), (52), (56), (61). For instance,
constraint (3) which is formulated as "First con-
stituents that are constituted by nouns that end in
a full vowel always adopt -∅∅∅-" (Kürschner, 110;
Schäfer and Pankratz, 2018, 9) is consistently
violated by compounds built with foreign nouns
ending with a stressed -ee/-ie (e.g., Ideenbuch
’book of ideas’, Kaloriengehalt ’calorie content’,
Melodienfolge ’melody sequence’). Otherwise,
rare counterexamples with native words are found,
such as Schuhekauf ’purchase of shoes’. The other
seven constraints from this group likewise have nu-
merous counterexamples.

Constraints (19), (25), (33) (all P2L) were not sup-
ported by the empirical data. The first disproved
constraint (19) is formulated in Ortner and Müller-
Bollhagen (1991, 83, 107): "First constituents that
are constituted by derived nouns with suffixes -bold,
-nis, -rich, -at, -al that build the plural form with -e at-
tach -∅∅∅- regularly." With over 190 counterexamples
of compounds with first constituents ending with
-at and attaching -s- (e.g., Dekanatsveranstaltung
’deanery event’, Referatsvorbereitung ’presenta-
tion preparation’), we record item regularity of 0.747
and type regularity 0.873 for this constraint. For
the covered compounds with the rest of the suf-
fixes (excluding -at), the constraint is regular, in-
deed. The second not supported constraint (25)
is formulated as "First constituents that are consti-
tuted by deverbal nouns that end in suffix -en at-
tach -s- regularly." (Eisenberg, 2013, 230; Nübling
and Szczepaniak, 2013, 78). The counterexam-
ples include two groups of compounds. The first
group consists of 104 ∅∅∅-linked variants of exist-
ing compounds conforming to (25). In most of
these pairs, the ∅∅∅-linked variant has a significantly
lower frequency (e.g., Lebensstil vs. Leben∅∅∅stil
’lifestyle’ with DeReKo word counts 63234 and 293,
respectively). This observation might signalize that
constraint (25) may be evolving towards lower re-
strictiveness in contemporary German. The sec-
ond group includes 82 further compounds with -∅∅∅-
formed from 13 first constituents (Beben∅∅∅gebiet
’quake zone’, Braten∅∅∅soße ’gravy’, Husten∅∅∅saft
’cough syrup’, etc.). Overall, the constraint reaches
only 0.773 of item regularity (but 0.926 of type regu-
larity), which corresponds to the moderate regular-
ity level. Finally, constraint (33) "First constituents
that are constituted by feminine nouns that end in

schwa adopt -(e)n- regularly." (Eisenberg, 2013,
229; Krott et al., 2007, 3) is not supported by the
data. Even though Fuhrhop and Kürschner (2015,
573), Kürschner, 112, Ortner and Müller-Bollhagen
(1991, 93) point out that -∅∅∅- is also probable af-
ter such nouns if the schwa is a deadjectival or
a deverbal suffix, it seems that the real number
of such cases in language has been underesti-
mated in the literature. We detected over 5.3k
compounds with 109 various deverbal and dead-
jectival feminine first constituents that do not in-
sert an explicit link (e.g., Reise∅∅∅ziel ’destination’,
Glätte∅∅∅stelle ’slippery spot’). Even apart from
the derived first constituents, a very large group
of counterexamples formed from 203 non-derived
first constituents (Analyse∅∅∅bericht ’analysis report ’,
Bronze∅∅∅lack ’bronze lacquer ’, Ehe∅∅∅mann ’hus-
band ’, Messe∅∅∅besucher ’visitor of a fair ’, and much
more) adds to this significant number, resulting in
over 9.6k compounds violating the constraint. In
total, this constraint achieves an item regularity of
only 0.765 and a type regularity of 0.744, which,
again, belongs to the moderate regularity level.

The provided examples reveal that for some con-
straints, not the regularity level but the conditions
on potential applicability seem to be formulated
incorrectly. Consider constraint (19). As already
mentioned, it applies regularly to compounds with
first constituents ending in all suffixes specified in
its definition, besides -at. Correspondingly, after
removing this suffix from the definition, (19) would
be fully supported by the empirical data. In Ap-
pendix F, we provide a list of our suggestions on
how to correct the definitions of the constraints that
are supported only partially or not supported. We
additionally implemented dedicated Python check-
ers for the corrected versions of constraint as pro-
posed by us, and we report that all corrected ver-
sions are supported by the corpus data.

6. Conclusion

The linker choice in German N+N compounds is
highly unpredictable. It is governed by a set of (ir-
regular) constraints whose conditions on potential
applicability are defined over various linguistic do-
mains. The present study collects constraints doc-
umented in the linguistics literature and empirically
investigates their application over a massive com-
pounds corpus. The study verified 39 constraints
collected in the relevant literature. It confirmed 28
constraints, found smaller inconsistencies towards
the corpus data in eight constraint definitions, and
identified major discrepancies towards the data for
three constraints. In sum, it proposes novel findings
on German nominal compounding and calls atten-
tion to the necessity to support qualitative linguistic
studies by empirical estimations.
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7. Limitations

In future research, we plan to implement the miss-
ing semantic and lexical constraints and obtain a
full picture of nominal constraints’ coverage and
regularity. An open question is whether the type
of linguistic information that a constraint employs
has any relation to the constraint’s coverage and
regularity. Finally, during the experiment we de-
tected a large number of constraint conflicts over
various compounds. We believe that investigating
constraint conflict resolution is a crucial research
direction for understanding the complex interaction
of the constraints in the process of linker choice.
This research question is therefore to be addressed
in future studies.
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A. Sources of Constraint Definitions

Source Addressed Con-
straints

Eisenberg (2013,
chapter 6.2)

(1), (3), (6), (7), (8),
(10), (11), (23), (25),
(27), (33), (34), (35),
(55), (59), (60)

Fuhrhop and
Kürschner (2015)

(1), (3), (23), (33), (40),
(41), (42)

Koliopoulou (2014) (23), (27), (36)
Kopf (2017) (1), (27), (40), (48)

Krott et al. (2007) (1), (16), (23), (33),
(34), (64)

Kürschner (1), (23), (25), (27),
(29), (40), (42), (48)

Kürschner (2010)

(3), (23), (27), (28),
(32), (40), (43), (44),
(45), (47), (48), (51),
(52), (53), (55), (56),
(60), (61)

Libben et al. (2009) (1), (33)
Neef and Borgwaldt
(2012) (36)

Nübling and Szczepa-
niak (2008)

(1), (6), (23), (27), (35),
(38), (39), (41), (42),
(48), (51), (55), (59),
(60), (63)

Nübling and Szczepa-
niak (2013)

(3), (6), (9), (10), (13),
(16), (17), (23), (25),
(27), (31), (34), (35),
(37), (41), (43), (47),
(48), (49), (51), (55),
(60), (62)

Ortner and Müller-
Bollhagen (1991,
chapter A.5)

(1), (2), (3), (4), (5),
(7), (8), (10), (11), (12),
(14), (16), (17), (18),
(19), (23), (24), (25),
(26), (27), (28), (30),
(31), (32), (33), (34),
(35), (36), (38), (39),
(46), (49), (50), (51),
(53), (54), (55), (57),
(58), (62)

(Schäfer, 2018, chap-
ter 8.1)

(3), (16), (23), (35),
(64)

Schäfer and Pankratz
(2018)

(1), (5), (10), (13), (15),
(16), (23), (29), (33),
(42), (43), (60), (62)

Schlücker (2012) (1)
Schlücker (2023) (23), (38), (64)
Wegener (2003) (23), (42)

Wegener (2005) (28), (38), (42), (47),
(64)

Table 2: Linguistics literature providing the evi-
dence for the nominal compounding constraints
in German.

B. Calculation of Applicability
Statistics: Example on Constraint

(22)

Constraint (22) is potentially applicable to 2798 com-
pounds formed from 32 unique first constituents.
GeCoDB_v06 contains 282768 unique compounds
built with 3613 unique first constituents. Then, type
coverage of covtype of (22) equals

covtype =
2798

282768
≈ 0.01,

and item coverage covitem of (22)

covitem =
32

3613
≈ 0.009.

Constraint (22) is actually applicable to 2384 com-
pounds. Therefore, type regularity regtype of (22)
is calculated as

regtype =
2384

2798
≈ 0.852.

Thirty-one out of 32 first constituents always build
compounds that conform to (22), so their group reg-
ularity equals 1.0. The remaining first constituent
Liebe ’love’ builds 434 compounds in total, from
which only 20 conform to (22), estimating Liebe’s
group regularity at 20

434 ≈ 0.046. Then, item regular-
ity regitem of (22) amounts to

regitem =
31× 1.0 + 0.046

32
≈ 0.97.

C. Coverage and Regularity Values:
P2L vs. L2P

Figure 3: Distribution of the obtained coverage and
regularity values with respect to the P2l/L2P type.
Each P2l/L2P constraint appears twice: on the top
and on the bottom.
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D. Constraint Space Plot

Figure 4: Overall illustration of the constraint space. Constraint (1) is the default constraint; it is placed
separately outside of the box. For the other constraints, the size of the shape indicates the magnitude of
its item coverage: small shapes — < 0.05, mid-sized shapes — in range (0.05; 0.2), big shapes — ≥ 0.2.
The number of angles in the shape is associated with the magnitude of item regularity: rhombs designate
constraints with low and moderate regularity level, pentagons — increased regularity level, and octagons
— high regularity level. Black shapes indicate P2L, and grey — L2P constraints. A red border signalizes
that the constraint is partially/not supported by the empirical data. White circles represent constraints that
could not be processed automatically. Large rectangles of different colors designate groups of constraints
by the type of linguistic information they exploit: red is the morphological type, green is derivational,
blue — phonological, yellow — semantic, and purple represents the lexical type. Mixed type groups are
situated on the overlapping areas of the corresponding types. Each non-empty area is supplied with an
abbreviation of the (mixed) type it represents. For the corresponding constraint definitions and the precise
statistics values see Appendix E.
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E. Constraint Definitions & Properties

Below is the list of German nominal compounding
constraints summarized from the relevant literature.
Each entry starts with the title and the definition
of the corresponding constraint. The quantifiers
are underlined. The grey tags correspond to the
P2L/L2P type of the constraint, type of the con-
straint by employed linguistic information (abbrevi-
ated according to figure D), and the target item of
the constraint (except for the default constraint (1)).
For the 39 constraints selected for automated pro-
cessing, item and type coverage and regularity are
provided in form of a table, and the support level
is specified under it. Examples, counterexamples
(translations omitted), and the relevant evidence
from the linguistics literature concludes the entry.
The entries are separated by horizontal bars.

Constraint (1)
The majority of compounds have a zero linker. Zero
linker is default for German compounds.

default first + second constituent

item type
coverage 1.0 1.0
regularity 0.578 0.578

Support level: supported
Examples: Land∅∅∅kreis, Haus∅∅∅tür, Stadt∅∅∅mauer
Counterexamples: Landesregiesrung,
Häuserblock, Städtetag
Sources: Eisenberg (2013, 226), Fuhrhop and
Kürschner (2015, 569), Kopf (2017, 177), Krott
et al. (2007, 3), Kürschner, 107, Libben et al. (2009,
150, 156), Nübling and Szczepaniak (2008, 2), Or-
tner and Müller-Bollhagen (1991, 50, 52, 54, 103),
Schäfer and Pankratz (2018, 8, 9), Schlücker (2012,
9)

Constraint (2)
First constituents that are constituted by simplex
masculine or neuter nouns that build the plural form
with a zero ending and simplex or complex feminine
nouns that build the plural form with a zero ending
attach -∅∅∅- almost regularly.

P2L MD first constituent

item type
coverage 0.067 0.066
regularity 0.954 0.936

Support level: supported
Examples: Schlitten∅∅∅fahrt, Wagen∅∅∅rad,
Ufer∅∅∅promenade
Counterexamples: Ordensbruder, Teufelswerk,
Friedensangebot

Sources: Ortner and Müller-Bollhagen (1991, 106)

Constraint (3)
First constituents that are constituted by nouns that
build the plural form with -s attach -∅∅∅- regularly.

P2L M first constituent

item type
coverage 0.035 0.033
regularity 0.97 0.957

Support level: partially supported
Examples: Balkon∅∅∅möbel, Hotel∅∅∅kette,
Bob∅∅∅bahn
Counterexamples: Uhusnest, Decksbalken, In-
terimsphase, Karnevalskostüm
Sources: Eisenberg (2013, 227), Fuhrhop and
Kürschner (2015, 572), Kürschner (2010, 9),
Nübling and Szczepaniak (2013, 78), Ortner and
Müller-Bollhagen (1991, 83, 106), Schäfer (2018,
229)

Constraint (4)
First constituents that are constituted by nouns that
build the plural form with -e mostly have -∅∅∅-.

P2L M first constituent

item type
coverage 0.159 0.184
regularity 0.762 0.689

Support level: supported
Examples: Tisch∅∅∅decke, Projekt∅∅∅gruppe,
Pilz∅∅∅sammler
Counterexamples: Tagegericht, Projektemacherei,
Hundeleine
Sources: Ortner and Müller-Bollhagen (1991, 83)

Constraint (5)
First constituents that are constituted by nouns that
build the plural form with -e attach -e- irregularly in
compounds in which the second constituent forces
a plural meaning of the given first constituent.

P2L MS first constituent

Examples: Projektemacherei, Tagebuch,
Punktestand
Counterexamples: Pilz∅∅∅sammler, Brot∅∅∅korb,
Jahr∅∅∅zehnt, Tagelohn
Sources: Ortner and Müller-Bollhagen (1991, 103),
Schäfer and Pankratz (2018, 29)

Constraint (6)
First constituents that are constituted by monosyl-
labic animal designations that build the plural form
with -e attach -e- irregularly.
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P2L MPS first constituent

Examples: Hundeleine, Sweinestall, Pferdewagen
Counterexamples: Hundsstern, Schwein∅∅∅kram,
Schaff∅∅∅stall
Sources: Eisenberg (2013, 228), Nübling and
Szczepaniak (2008, 11), Nübling and Szczepaniak
(2013, 81)

Constraint (7)
First constituents that are constituted by nouns that
build the plural form with -(")er mostly attach -∅∅∅- or
-(")er-.

P2L M first constituent

item type
coverage 0.019 0.058
regularity 0.833 0.868

Support level: supported
Examples: Buch∅∅∅deckel, Bücherregal,
Kinderjacke
Counterexamples: Kindesalter, Mannsvolk,
Rind∅∅∅fleisch
Sources: Eisenberg (2013, 229), Ortner and Müller-
Bollhagen (1991, 99)

Constraint (8)
First constituents that are constituted by nouns
that build the plural form with -(")er attach -∅∅∅- in
a majority of compounds in which the second con-
stituent forces a singular meaning of the given first
constituent.

P2L MS first constituent

Examples: Buch∅∅∅deckel, Grab∅∅∅stein,
Blatt∅∅∅fläche
Counterexamples: Männerherz, Kinderbild,
Buch∅∅∅handel
Sources: Eisenberg (2013, 229), Ortner and Müller-
Bollhagen (1991, 99, 108)

Constraint (9)
First constituents that are constituted by nouns that
build the plural form with -(")er tend to attach -∅∅∅- in
compounds in which the second constituent forces
a mass meaning of the given first constituent.

P2L MS first constituent

Examples: Glas∅∅∅auge, Kraut∅∅∅salat, Horn∅∅∅haut
Counterexamples: Kraut∅∅∅garten
Sources: Nübling and Szczepaniak (2013, 81)

Constraint (10)
First constituents that are constituted by nouns
that build the plural form with -(")er attach -(")er-

more likely in compounds in which the second con-
stituent forces a plural meaning of the given first
constituent.

P2L MS first constituent

Examples: Bücherregal, Gräberfeld, Kräuterfrau
Counterexamples: Buch∅∅∅handel, Bild∅∅∅band,
Kinderjacke, Männerherz
Sources: Eisenberg (2013, 229), Nübling and
Szczepaniak (2013, 80, 81), Ortner and Müller-
Bollhagen (1991, 99), Schäfer and Pankratz (2018,
29)

Constraint (11)
First constituents that are constituted by person and
animal designations that build the plural form with
-(")er may attach -(")er- regardless of the singular/-
plural interpretation of the given first constituent
within the compound.

P2L MS first constituent

Examples: Kinderjacke, Hühnerei, Rinderbrust
Sources: Eisenberg (2013, 229), Ortner and Müller-
Bollhagen (1991, 98)

Constraint (12)
First constituents that are constituted by nouns that
build the plural form with -e and umlaut mostly have
-∅∅∅-.

P2L M first constituent

item type
coverage 0.08 0.111
regularity 0.722 0.756

Support level: supported
Examples: Hand∅∅∅fläche, Frucht∅∅∅joghurt,
Arzt∅∅∅praxis
Counterexamples: Händedruck, Ärztestreik,
Früchtetee
Sources: Ortner and Müller-Bollhagen (1991, 83,
107)

Constraint (13)
First constituents that are constituted by nouns that
build the plural form with -e and umlaut attach -
"e- irregularly in compounds in which the second
constituent forces a plural meaning of the given first
constituent.

P2L MS first constituent

Examples: Händedruck, Ärztestreik, Gästebuch
Counterexamples: Baum∅∅∅gruppe, Zug∅∅∅verkehr
Sources: Nübling and Szczepaniak (2013, 81),
Schäfer and Pankratz (2018, 29)
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Constraint (14)
First constituents that are constituted by nouns that
build the plural form with a zero ending and umlaut
almost always have -∅∅∅-.

P2L M first constituent

item type
coverage 0.007 0.016
regularity 0.946 0.967

Support level: supported
Examples: Apfel∅∅∅baum, Kloster∅∅∅kirche,
Mutter∅∅∅sprache
Counterexamples: Brüder∅∅∅gemeinde,
Mütter∅∅∅zentrum, Väter∅∅∅aufbruch
Sources: Ortner and Müller-Bollhagen (1991, 83,
106)

Constraint (15)
First constituents that are constituted by nouns that
build the plural form with a zero ending and umlaut
attach -∅∅∅- with umlaut irregularly in compounds in
which the second constituent forces a plural mean-
ing of the given first constituent.

P2L MS first constituent

Examples: Brüder∅∅∅gemeinde, Mütter∅∅∅zentrum,
Väter∅∅∅aufbruch
Counterexamples: Vogel∅∅∅futter
Sources: Schäfer and Pankratz (2018, 29)

Constraint (16)
First constituents that are constituted by mixed mas-
culine and neuter nouns almost always attach -s-,
-∅∅∅-, or -(e)n-.

P2L M first constituent

Examples: Staatsamt, Staatenbund, Bett∅∅∅anzug,
Augenlied
Counterexamples: Schmerzensschrei
Sources: Krott et al. (2007, 3), Nübling and
Szczepaniak (2013, 80), Ortner and Müller-
Bollhagen (1991, 92), Schäfer (2018, 229), Schäfer
and Pankratz (2018, 9)

Constraint (17)
First constituents that are constituted by mixed mas-
culine and neuter nouns attach -(e)n- more likely in
compounds in which the second constituent forces
a plural meaning of the given first constituent.

P2L MS first constituent

Examples: Staatenbund, Bettenzahl,
Strahlenbelastung
Counterexamples: Motorengeräusch, Profes-
sorentitel, Augenlied, Interessenbereich

Sources: Nübling and Szczepaniak (2013, 80), Or-
tner and Müller-Bollhagen (1991, 92)

Constraint (18)
First constituents that are constituted by derived
nouns with suffixes -er, -ler, -ner, -el, -sel, -chen,
-lein that build the plural form with a zero ending
attach a zero linking element regularly.

P2L D first constituent

item type
coverage 0.071 0.045
regularity 0.983 0.968

Support level: supported
Examples: Reiter∅∅∅schwert, Gürtel∅∅∅schnalle,
Brötchen∅∅∅geber
Counterexamples: Altersabstand, Reitersmann
Sources: Ortner and Müller-Bollhagen (1991, 56,
82, 106)

Constraint (19)
First constituents that are constituted by derived
nouns with suffixes -bold, -nis, -rich, -at, -al that
build the plural form with -e attach -∅∅∅- regularly.

P2L D first constituent

item type
coverage 0.007 0.005
regularity 0.747 0.873

Support level: not supported
Examples: Erlaubnis∅∅∅schein, Format∅∅∅vorlage,
Personal∅∅∅ausweis
Counterexamples: Radikalefänger, Inter-
natsleitung, Magistratsverfassung
Sources: Ortner and Müller-Bollhagen (1991, 83,
107)

Constraint (20)
First constituents that are constituted by deverbal
feminine nouns with a schwa suffix mostly attach
-∅∅∅-.

P2L D first constituent

item type
coverage 0.028 0.028
regularity 0.579 0.592

Support level: supported
Examples: Abgabe∅∅∅soll, Sorge∅∅∅pflicht,
Lage∅∅∅plan
Counterexamples: Abgabenordnung,
Anzeigenblatt, Lügendetektor
Sources: Ortner and Müller-Bollhagen (1991, 93)
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Constraint (21)
First constituents that are constituted by dever-
bal feminine nouns with a schwa suffix tend to
attach -(e)n- in compounds in which the second
constituent forces a plural reading of the given first
constituent.

P2L DS first constituent

Examples: Abgabenordnung, Anzeigenblatt,
Lügendetektor
Counterexamples: Einnahme∅∅∅buch,
Anzeige∅∅∅tafel
Sources: Ortner and Müller-Bollhagen (1991, 93)

Constraint (22)
First constituents that are constituted by dead-
jectival feminine nouns with a schwa suffix
almost always attach -(e)n- or -∅∅∅-. Each of the
two linkers is preferred in about the same number
of cases.

P2L D first constituent

item type
coverage 0.009 0.01
regularity 0.97 0.852

Support level: supported
Examples: Fläche∅∅∅maß, Hitze∅∅∅welle,
Tiefenmeter, Größenklasse
Counterexamples: Liebesbrief
Sources: Fuhrhop and Kürschner (2015, 573),
Kürschner, 112, Ortner and Müller-Bollhagen
(1991, 93)

Constraint (23)
First constituents that are constituted by derived
nouns with suffixes -(ig)keit, -heit, -schaft, -ung, -
sal, -ing, -ling, -tum, -um, -ion, also -ität and its
allomorphs attach -s- regularly.

P2L D first constituent

item type
coverage 0.215 0.158
regularity 0.98 0.985

Support level: supported
Examples: Gesundheitsamt, Gesellschaftspolitik,
Schicksalsdrama, Raritätswert, Eigentumsrecht
Counterexamples: Minderheitenrecht, Ku-
riositätenmuseum, Nationalitätenkampf
Sources: Eisenberg (2013, 230), Fuhrhop and
Kürschner (2015, 572), Koliopoulou (2014, 61),
Krott et al. (2007, 3), Kürschner, 107, 115,
Kürschner (2010, 20, 21), Nübling and Szczepa-
niak (2008, 10, 20, 23), Nübling and Szczepaniak
(2013, 77), Ortner and Müller-Bollhagen (1991, 73,
83, 88, 89, 94), Schäfer (2018, 229), Schäfer and

Pankratz (2018, 8), Schlücker (2023, 19), Wegener
(2003, 448)

Constraint (24)
First constituents that are constituted by derived
nouns with suffix -ität and its allomorphs prefer -
(e)n- in compounds in which the second constituent
forces a plural meaning of the given first constituent.

P2L DS first constituent

Examples: Raritätensammlung, Ku-
riositätenhändler, Aktualitätenenkino
Sources: Ortner and Müller-Bollhagen (1991, 94)

Constraint (25)
First constituents that are constituted by deverbal
nouns that end in suffix -en attach -s- regularly.

P2L D first constituent

item type
coverage 0.005 0.009
regularity 0.773 0.926

Support level: not supported
Examples: Lebensmittel, Essensgewohnheit, Un-
ternehmensbereich
Counterexamples: Essen∅∅∅portion,
Leben∅∅∅geschäft, Husten∅∅∅tropfen, Beben∅∅∅gebiet
Sources: Eisenberg (2013, 230), Kürschner, 107,
Nübling and Szczepaniak (2013, 78), Ortner and
Müller-Bollhagen (1991, 89)

Constraint (26)
First constituents that are constituted by derived
feminine nouns with suffix -in always attach -(e)n-.
(The suffix -in adjusts orthographically in this case
and becomes -inn.)

P2L D first constituent

Examples: Lehrerinnenmentalität, Fre-
undinnengruppe, Schülerinnenrat
Counterexamples: Königin∅∅∅mutter
Sources: Ortner and Müller-Bollhagen (1991, 94)

Constraint (27)
First constituents that are constituted by prefixed
deverbal nouns exhibit a tendency to attach -s-.

P2L D first constituent

item type
coverage 0.159 0.122
regularity 0.641 0.659

Support level: supported
Examples: Anspruchshaltung, Eintragsfrist, Be-
darfsfall, Verfallsdatum
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Counterexamples: Anruf∅∅∅beantworter,
Überfall∅∅∅kommando, Bestand∅∅∅teil
Sources: Eisenberg (2013, 230), Koliopoulou
(2014, 61), Kürschner, 107, Kürschner (2010, 21),
Kopf (2017, 190), Nübling and Szczepaniak (2008,
18, 19), Nübling and Szczepaniak (2013, 78), Ort-
ner and Müller-Bollhagen (1991, 89)

Constraint (28)
First constituents that are constituted by nouns that
end in a sibilant or in a consonant cluster including
[s] mostly adopt -∅∅∅-.

P2L P first constituent

item type
coverage 0.083 0.1
regularity 0.97 0.953

Support level: supported
Examples: Gefäß∅∅∅system, Fisch∅∅∅öl, Notiz∅∅∅buch,
Herbst∅∅∅anfang
Counterexamples: Gästebuch, Geisterhaus
Sources: Kürschner (2010, 19), Ortner and Müller-
Bollhagen (1991, 89, 109), Wegener (2005, 181)

Constraint (29)
First constituents that are constituted by nouns that
end in a full vowel always adopt -∅∅∅-.

P2L P first constituent

item type
coverage 0.041 0.036
regularity 0.968 0.976

Support level: partially supported
Examples: Auto∅∅∅bahn, Uhu∅∅∅paar, Kuh∅∅∅milch,
Gummi∅∅∅bär
Counterexamples: Uhusnest, Ideenliste, Kalo-
rienwert, Schuhekauf
Sources: Kürschner, 110, Schäfer and Pankratz
(2018, 9)

Constraint (30)
First constituents that are constituted by feminine
nouns that end with stressed -ei, -ie, -ur, also
stressed or unstressed -ik usually attach -∅∅∅-.

P2L MP first constituent

item type
coverage 0.03 0.033
regularity 0.95 0.969

Support level: supported
Examples: Kosmetik∅∅∅industrie, Akustik∅∅∅paneele,
Architektur∅∅∅büro, Metzgerei∅∅∅produkt
Counterexamples: Kulturenfolge, Melodienreigen,
Parteienstaat

Sources: Ortner and Müller-Bollhagen (1991, 107)

Constraint (31)
First constituents that are constituted by polysyl-
labic feminine nouns that end with [t] often attach -s-
if the [t] is not part of a suffix -(ig)keit, -heit, -schaft,
or -ität or its allomorphs.

P2L MDP first constituent

item type
coverage 0.013 0.016
regularity 0.505 0.463

Support level: partially supported
Examples: Arbeitstag, Heiratsantrag,
Zukunftsangst
Counterexamples: Arbeit∅∅∅geber, Jugend∅∅∅alter,
Umwelt∅∅∅schutz
Sources: Nübling and Szczepaniak (2013, 77), Or-
tner and Müller-Bollhagen (1991, 74, 75)

Constraint (32)
First constituents that are constituted by nouns that
end in schwa mostly adopt -(e)n-.

P2L P first constituent

item type
coverage 0.172 0.149
regularity 0.752 0.72

Support level: supported
Examples: Bienenzucht, Suppenschüssel,
Augenlied
Counterexamples: Fläche∅∅∅maß, Sorge∅∅∅pflicht,
Gebäude∅∅∅komplex, Gedankensturm
Sources: Kürschner (2010, 18), Ortner and Müller-
Bollhagen (1991, 83, 92)

Constraint (33)
First constituents that are constituted by feminine
nouns that end in schwa adopt -(e)n- regularly.

P2L MP first constituent

item type
coverage 0.156 0.133
regularity 0.765 0.744

Support level: not supported
Examples: Bienenzucht, Suppenschüssel,
Tiefenmeter
Counterexamples: Fläche∅∅∅maß, Sorge∅∅∅pflicht
Sources: Eisenberg (2013, 229), Fuhrhop and
Kürschner (2015, 573), Krott et al. (2007, 3), Libben
et al. (2009, 151, 157), Ortner and Müller-Bollhagen
(1991, 83, 92), Schäfer and Pankratz (2018, 9)
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Constraint (34)
First constituents that are constituted by consonant-
final weak feminine nouns mostly adopt -∅∅∅- or -s- in
compounds in which the second constituent forces
a singular meaning of the given first constituent.

P2L MPS first constituent

Examples: Schrift∅∅∅führer, Geburtstag,
Burg∅∅∅anlage
Counterexamples: Burgenblick, Frauenbild
Sources: Eisenberg (2013, 229), Krott et al. (2007,
3), Nübling and Szczepaniak (2013, 80), Ortner
and Müller-Bollhagen (1991, 94, 110)

Constraint (35)
First constituents that are constituted by consonant-
final weak feminine nouns — especially final-
stressed incl. monosyllabic ones — attach -(e)n-
more likely in compounds in which the second con-
stituent forces a plural meaning of the given first
constituent.

P2L MPS first constituent

Examples: Schriftenverzeichnis,
Geburtenkontrolle, Burgenland
Counterexamples: Burgenblick
Sources: Eisenberg (2013, 229), Nübling and
Szczepaniak (2008, 3), Nübling and Szczepaniak
(2013, 80), Ortner and Müller-Bollhagen (1991,
110), Schäfer (2018, 29)

Constraint (36)
Copulative compounds insert -∅∅∅- regularly. By cop-
ulative compounds are understood compounds in
which the two constituents do not exhibit a clear
modifier-head relation.

P2L S first + second constituent

Examples: Dichter∅∅∅componist, Bett∅∅∅sofa,
Königin∅∅∅mutter
Sources: Koliopoulou (2014, 63, 64), Neef and
Borgwaldt (2012, 31, 32), Ortner and Müller-
Bollhagen (1991, 57, 91, 94, 109)

Constraint (37)
Argumental compounds are sometimes marked by -
s-. By argumental compounds are understood com-
pounds in which the second constituent still con-
tains a high degree of verbiness and the first con-
stituent of which constitutes their argument. The
second constituent is such compounds is usually
an agent designation, an -ung formation etc.

P2L S first + second constituent

Examples: Gewichtsheber, Kriegsführung, Un-
ternehmensberatung

Counterexamples: Gewicht∅∅∅heber,
Krieg∅∅∅führung
Sources: Nübling and Szczepaniak (2013, 79)

Constraint (38)
Compounds belonging to technical terminology
(economics, law, medicine, etc.) are often miss-
ing an explicit linking element.

P2L L first + second constituent

Examples: Erbschaft∅∅∅steuer, Herz∅∅∅schlagen,
Schaden∅∅∅ersatz
Counterexamples: Schadensersatz
Sources: Nübling and Szczepaniak (2008, 11), Or-
tner and Müller-Bollhagen (1991, 98), Schlücker
(2023, 20), Wegener (2005, 177)

Constraint (39)
Compounds whose first constituent designates a
person and whose second constituent is one of
’Mann’, ’Frau’, ’Leute’, ’Tochter’, ’Gattin’, or ’Witwe’
tend to insert -s-.

P2L SL first + second constituent

Examples: Reitersmann, Lehrerstochter,
Bäckersleute
Sources: Nübling and Szczepaniak (2008, 11), Or-
tner and Müller-Bollhagen (1991, 56)

Constraint (40)
The probability of -s- grows irregularly with the mor-
phological complexity of the first constituent (any
form of derivation).

P2L D first constituent

item type
coverage 1.0 1.0
regularity 0.735 0.766

Support level: supported
Examples: Gesundheitsamt, Gesellschaftspolitik,
Anspruchshaltung, Eintragsfrist
Counterexamples: Ortsamt, Kriegsende,
Anruf∅∅∅beantworter, Minderheitenrecht
Sources: Fuhrhop and Kürschner (2015, 572), Kopf
(2017, 201), Kürschner, 106, 111, 112, Kürschner
(2010, 19, 22)

Constraint (41)
The probability of -s- grows irregularly with the
phonological complexity of the first constituent.
By phonologically complex words are understood
words with polysyllable non-trochaic form, words
with unstressed prefixes, words with stressed or
semi-stressed suffixes etc.
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P2L P first constituent

item type
coverage 1.0 1.0
regularity 0.723 0.761

Support level: supported
Examples: Anruf∅∅∅beantworter, Berufserfahrung,
Religionsunterricht
Counterexamples: Schlaf∅∅∅plan, Herbst∅∅∅anfang,
Bestand∅∅∅teil
Sources: Fuhrhop and Kürschner (2015, 572),
Nübling and Szczepaniak (2008, 10, 21, 22),
Nübling and Szczepaniak (2013, 78)

Constraint (42)
The probability of -s- in compounds with simplex
first constituents tends to decrease with the increas-
ing sonority of the final segment of the first con-
stituent. -s- is thus more frequent after plosives,
infrequent after nasals and liquids, and it never
occurs after a full vowel.

P2L P first constituent

item type
coverage 0.431 0.498
regularity 0.796 0.717

Support level: supported
Examples: Ortstarif, Glücksrad, Himmel∅∅∅reich,
Uhu∅∅∅paar
Counterexamples: Arbeit∅∅∅geber, Dieb∅∅∅stahl, Him-
melsbahn, Uhusnest
Sources: Fuhrhop and Kürschner (2015, 572),
Kürschner, 110, Nübling and Szczepaniak (2008,
7, 17), Schäfer and Pankratz (2018, 9), Wegener
(2003, 434), Wegener (2005, 180, 181, 182)

Constraint (43)
Almost all simplex nouns that constitute first con-
stituents that attach -s- belong to a small fixed group
of masculine and neuter nouns.

L2P M first constituent + linker

item type
coverage 0.05 0.032
regularity 0.988 0.915

Support level: supported
Examples: Zwangsjacke, Ortsangabe,
Königshaus
Counterexamples: Arbeitsamt, Heiratsantrag,
Liebesbrief
Sources: Kürschner (2010, 23), Nübling and
Szczepaniak (2013, 79), Schäfer and Pankratz
(2018, 8)

Constraint (44)
Many simplex nouns that constitute first con-
stituents that attach -s- have a high token frequency.

L2P L first constituent + linker

item type
coverage 0.05 0.032
regularity 0.649 0.914

Support level: supported
Examples: Volksbrauch, Amtsanwalt, Staatsamt
Counterexamples: Faschingsfoto, Gralssage, Kon-
ventssitzung
Sources: Kürschner (2010, 25)

Constraint (45)
All feminine nouns that constitute first constituents
that attach -s- are morphologically complex.

L2P MD first constituent + linker

item type
coverage 0.163 0.159
regularity 0.996 0.983

Support level: supported
Examples: Gesundheitsamt, Gesellschaftspolitik,
Liebesbrief
Counterexamples: Arbeitstag, Heiratsantrag
Sources: Kürschner (2010, 23, 24)

Constraint (46)
Almost all feminine nouns that constitute first con-
stituents that attach -s- are polysyllabic.

L2P MP first constituent + linker

item type
coverage 0.163 0.159
regularity 0.999 1.0

Support level: supported
Examples: Gesundheitsamt, Gesellschaftspolitik,
Heiratsantrag, Liebesbrief
Sources: Ortner and Müller-Bollhagen (1991, 73)

Constraint (47)
All nouns that constitute first constituents that at-
tach the -n- allomorph of the -(e)n- linker end in
schwa.

L2P P first constituent + linker

item type
coverage 0.116 0.109
regularity 0.959 0.985

Support level: partially supported

33



Examples: Bienenzucht, Suppenschüssel,
Augenlied
Counterexamples: Opernhaus, Elsternnest
Sources: Kürschner (2010, 18), Nübling and
Szczepaniak (2013, 84), Wegener (2005, 179)

Constraint (48)
All nouns that constitute first constituents that at-
tach -(e)n- belong to weak nouns.

L2P M first constituent + linker

item type
coverage 0.143 0.127
regularity 0.971 0.986

Support level: partially supported
Examples: Blumentopf, Katzenfell, Frauenhand
Counterexamples: Hahnenkamm, Mondenschein,
Instrumentenbau
Sources: Kopf (2017, 187), Kürschner, 118, 119,
Kürschner (2010, 9), Nübling and Szczepaniak
(2008, 3), Nübling and Szczepaniak (2013, 79, 84)

Constraint (49)
All masculine nouns that do not build the plural
form with -(e)n that constitute first constituents that
attach -(e)n- are monosyllabic designations of male
persons, animals, astronomic objects, months.

L2P MPS first constituent + linker

Examples: Hahnenkamm, Mondenschein,
Sternenhimmel, Maiennacht
Counterexamples: Mond∅∅∅aufgang, Stern∅∅∅bild,
Mai∅∅∅baum
Sources: Nübling and Szczepaniak (2013, 79, 80),
Ortner and Müller-Bollhagen (1991, 77, 78)

Constraint (50)
All neuter nouns that do not build the plural form
with -(e)n that constitute first constituents that at-
tach -(e)n- are polysyllabic foreign nouns that have
a stressed final syllable that exhibit a plural mean-
ing within the compound.

L2P MPLS first constituent + linker

Examples: Instrumentenbau, Doku-
mentensammlung
Counterexamples: Zertifikat∅∅∅system
Sources: Ortner and Müller-Bollhagen (1991, 78,
79)

Constraint (51)
All nouns that constitute first constituents that at-
tach -e- build the plural form with -e.

L2P M first constituent + linker

item type
coverage 0.023 0.008
regularity 0.982 0.994

Support level: supported
Examples: Tagebuch, Punktestand, Hundeleine
Counterexamples: Herzeleid, Mausezahn
Sources: Kürschner (2010, 9, 18), Nübling and
Szczepaniak (2008, 5), Nübling and Szczepaniak
(2013, 70, 81), Ortner and Müller-Bollhagen (1991,
102)

Constraint (52)
All nouns that constitute first constituents that at-
tach -e- have a stressed last syllable.

L2P P first constituent + linker

item type
coverage 0.023 0.008
regularity 0.973 0.992

Support level: partially supported
Examples: Tagebuch, Punktestand, Hundeleine
Counterexamples: Anhaltestelle
Sources: Kürschner (2010, 9, 18)

Constraint (53)
Most nouns that constitute first constituents that
attach -e- are simplex.

L2P D first constituent + linker

item type
coverage 0.023 0.008
regularity 0.73 0.783

Support level: supported
Examples: Tagebuch, Punktestand, Hundeleine
Counterexamples: Anhaltestelle
Sources: Kürschner (2010, 9, 18), Ortner and
Müller-Bollhagen (1991, 102)

Constraint (54)
All nouns that constitute first constituents that at-
tach -e- are native (none are loanwords).

L2P L first constituent + linker

Sources: Ortner and Müller-Bollhagen (1991, 102)

Constraint (55)
All nouns that constitute first constituents that at-
tach -(")er- build the plural form with -(")er.
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L2P M first constituent + linker

item type
coverage 0.01 0.015
regularity 0.979 0.999

Support level: supported
Examples: Bücherregal, Kräuterfrau, Kinderjacke
Sources: Eisenberg (2013, 229), Kürschner (2010,
9, 11, 18), Nübling and Szczepaniak (2008, 3),
Nübling and Szczepaniak (2013, 80, 81), Ortner
and Müller-Bollhagen (1991, 98)

Constraint (56)
All nouns that constitute first constituents that at-
tach -(")er- have a stressed last syllable.

L2P P first constituent + linker

item type
coverage 0.01 0.015
regularity 0.938 0.96

Support level: partially supported
Examples: Bücherregal, Kräuterfrau, Kinderjacke
Counterexamples: Mitgliederliste, Vor-
bildersammlung
Sources: Kürschner (2010, 9, 11)

Constraint (57)
Most nouns that constitute first constituents that
attach -(")er- are simplex.

L2P D first constituent + linker

item type
coverage 0.01 0.015
regularity 0.875 0.935

Support level: supported
Examples: Bücherregal, Kräuterfrau, Kinderjacke
Counterexamples: Mitgliederliste, Vor-
bildersammlung
Sources: Ortner and Müller-Bollhagen (1991, 98)

Constraint (58)
All nouns that constitute first constituents that at-
tach -(")er- are native (none are loanwords).

L2P L first constituent + linker

Examples: Bücherregal, Kräuterfrau, Kinderjacke
Sources: Ortner and Müller-Bollhagen (1991, 98)

Constraint (59)
All nouns that constitute first constituents that at-
tach -"e- build the plural form with -e and umlaut.

L2P M first constituent + linker

item type
coverage 0.011 0.003
regularity 1.0 1.0

Support level: supported
Examples: Händedruck, Ärztestreik, Gästebuch
Sources: Eisenberg (2013, 228), Nübling and
Szczepaniak (2008, 5)

Constraint (60)
All nouns that constitute first constituents that at-
tach -es- belong to a fixed row of masculine and
neuter nouns and build the genitive form with -(e)s-.
-es- is thus isolated.

L2P LM first constituent + linker

Examples: Bundestag, Kindesalter, Tagesschau,
Landesregierung
Sources: Eisenberg (2013, 229), Kürschner (2010,
11, 18), Nübling and Szczepaniak (2008, 3, 7),
Nübling and Szczepaniak (2013, 81), Schäfer and
Pankratz (2018, 8)

Constraint (61)
All nouns that constitute first constituents that at-
tach -es- are monosyllabic.

L2P P first constituent + linker

item type
coverage 0.012 0.011
regularity 0.914 0.9

Support level: partially supported
Examples: Bundestag, Kindesalter, Tagesschau,
Landesregierung
Counterexamples: Gesetzesänderung, Vor-
jahreswinner, Bestandesaufnahme
Sources: Kürschner (2010, 11, 18)

Constraint (62)
All nouns that constitute first constituents that at-
tach -(e)ns- belong to a fixed group of a few mas-
culine nouns and a single neuter noun and have
different genitive endings. -(e)ns- is thus isolated.

L2P L first constituent + linker

Examples: Schmerzensgeld, Namenstag,
Herzensangst
Sources: Nübling and Szczepaniak (2013, 82), Or-
tner and Müller-Bollhagen (1991, 80, 97), Schäfer
and Pankratz (2018, 9)
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Constraint (63)
All nouns that constitute first constituents that at-
tach -∅∅∅- with umlaut build the plural form with a
zero ending and umlaut.

L2P M first constituent + linker

item type
coverage 0.003 0.0
regularity 1.0 1.0

Support level: supported
Examples: Brüder∅∅∅gemeinde, Mütter∅∅∅zentrum,
Väter∅∅∅aufbruch
Sources: Nübling and Szczepaniak (2008, 5)

Constraint (64)
Linkers that are identical to the plural ending of
the first constituent in a given compound tend to
be associated with a plural meaning of this first
constituent within the compound.

L2P MS first constituent + linker

Examples: Punktestand, Bücherregal,
Staatenbund, Burgenland, Mütter∅∅∅zentrum
Counterexamples: Motorengeräusch, Burgenblick,
Kinderjacke, Hundeleine, Pilz∅∅∅sammler,
Buch∅∅∅handel, Vogel∅∅∅futter
Sources: Krott et al. (2007, 3), Schäfer (2018, 230,
231), Schlücker (2023, 20), Wegener (2005, 173)

F. Suggestions to Corrections of
Constraint Definitions

This appendix enlists our suggestions to correc-
tions of constraint definitions that are partially/not
supported by the empirical data. Dedicated Python
checkers for the corrected versions of constraints
proved that all the corrected versions are fully sup-
ported by the corpus data.

Constraint (3)
First constituents that are constituted by nouns that
build the plural form with -s attach a zero linker
regularly.
Correction: Almost all first constituents that are
constituted by nouns that build the plural form with
-s attach a zero linker.

original corrected
quantifier regularly almost all
item regularity 0.97 0.97

Constraint (19)
First constituents that are constituted by derived
nouns with suffixes -bold, -nis, -rich, -at, -al that
build the plural form with -e attach a zero linker
regularly.
Correction: First constituents that are constituted
by derived nouns with suffixes -bold, -nis, -rich, -al
that build the plural form with -e attach a zero linker
regularly.

original corrected
quantifier regularly regularly
item regularity 0.747 1.0

Constraint (25)
First constituents that are constituted by deverbal
nouns that end in suffix -en attach -s- regularly.
Correction: First constituents that are
constituted by deverbal nouns that
end in suffix -en mostly attach -s-.
Zero linker variants with a significantly lower
frequency may occur.

original corrected
quantifier regularly mostly
item regularity 0.773 0.797

Constraint (29)
First constituents that are constituted by nouns that
end in a full vowel always adopt a zero linker.
Correction: First constituents that are constituted
by nouns that end in a full vowel adopt a zero linker
regularly unless this noun is a loanword that ends
with a stressed long [i] (-ie) or a stressed long
[e] (-ee).

original corrected
quantifier always regularly
item regularity 0.968 0.993

Constraint (31)
First constituents that are constituted by polysyl-
labic feminine nouns that end with [t] often attach -s-
if the [t] is not part of a suffix -(ig)keit, -heit, -schaft,
or -ität or its allomorphs.
Correction: First constituents that are constituted
by polysyllabic feminine nouns that end with [t]
sometimes attach -s- if the [t] is not part of a suffix
-(ig)keit, -heit, -schaft, or -ität or its allomorphs.

original corrected
quantifier often sometimes
item regularity 0.505 0.505
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Constraint (33)
First constituents that are constituted by feminine
nouns that end in schwa adopt -n- regularly.
Correction: <DISCARD AND MERGE WITH (32):
even adding a simplex condition that eliminates
deverbal and deadjectival nouns from consid-
eration results in item regularity of 0.868; there
is therefore no point in distinguishing between
feminine and non-feminine nouns ending in schwa
since both end up in the moderate regularity level.>
First constituents that are constituted by nouns
that end in schwa mostly adopt -n-.

original corrected
quantifier regularly mostly
item regularity 0.765 0.765

Constraint (47)
All nouns that constitute first constituents that at-
tach the -n- allomorph of the -(e)n- linker end in
schwa.
Correction: All nouns that constitute first con-
stituents that attach the -n- allomorph of the -(e)n-
linker end in schwa or in [A] (unstressed -er).

original corrected
quantifier all all
item regularity 0.959 0.988

Constraint (48)
All nouns that constitute first constituents that at-
tach -(e)n- belong are weak nouns.
Correction: Almost all nouns that constitute first
constituents that attach -(e)n- belong are weak
nouns.

original corrected
quantifier all almost all
item regularity 0.971 0.971

Constraint (52)
All nouns that constitute first constituents that at-
tach -e- have a stressed last syllable.
Correction: All nouns that constitute first con-
stituents that attach -e- have a stressed last syllable
or are derived of those with a stressed prefix.

original corrected
quantifier all all
item regularity 0.973 1.0

Constraint (56)
All nouns that constitute first constituents that at-
tach -(")er have a stressed last syllable.
Correction: All nouns that constitute first con-
stituents that attach -(")er have a stressed last sylla-
ble or are derived of those with a stressed prefix.

original corrected
quantifier all all
item regularity 0.938 0.979

Constraint (61)
All nouns that constitute first constituents that at-
tach -es- are monosyllabic.
Correction: All nouns that constitute first con-
stituents that attach -es- are monosyllabic
or are derived of those with a prefix.

original corrected
quantifier all all
item regularity 0.914 0.983

Additionally, we provide corrections for the con-
straints that were supported by the corpus data but
appeared to be even more regular than specified
in the relevant literature.

Constraint (16)
First constituents that are constituted by mixed mas-
culine and neuter nouns almost always attach -s-,
a zero linker, or -(e)n-.
Correction: First constituents that are constituted
by mixed masculine and neuter nouns regularly
attach -s-, a zero linker, or -(e)n-.

original corrected
quantifier almost always regularly
item regularity 0.997 0.997

Constraint (22)
First constituents that are constituted by deadjec-
tival feminine nouns with a schwa suffix almost al-
ways attach -(e)n- or a zero linker. Each of the two
linkers is preferred in about the same number of
cases.
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Correction: First constituents that are constituted
by deadjectival feminine nouns with a schwa suffix
always attach -(e)n- or a zero linker. Each of the
two linkers is preferred in about the same number
of cases.

original corrected
quantifier almost always always
item regularity 0.97 0.97

Constraint (28)
First constituents that are constituted by nouns that
end in a sibilant or in a consonant cluster including
[s] mostly adopt a zero linker.
Correction: First constituents that are constituted
by nouns that end in a sibilant or in a con-
sonant cluster including [s] adopt a zero linker
almost regularly.

original corrected

quantifier mostly almost regu-
larly

item regularity 0.97 0.97

Constraint (40)
The probability of -s- grows irregularly with the mor-
phological complexity of the first constituent (any
form of derivation).
Correction: The probability of -s-
exhibits a tendency to grow with the morpho-
logical complexity of the first constituent (any form
of derivation).

original corrected
quantifier irregularly tendency
item regularity 0.735 0.735

Constraint (41)
The probability of -s- grows irregularly with the
phonological complexity of the first constituent.
By phonologically complex words are understood
words with polysyllable non-trochaic form, words
with unstressed prefixes, words with stressed or
semi-stressed suffixes etc.
Correction: The probability of -s- exhibits a ten-
dency to grow with the phonological complexity
of the first constituent. By phonologically com-
plex words are understood words with polysyllable
non-trochaic form, words with unstressed prefixes,
words with stressed or semi-stressed suffixes etc.

original corrected
quantifier irregularly tendency
item regularity 0.723 0.723

Constraint (46)
Almost all feminine nouns that constitute first con-
stituents that attach -s- are polysyllabic.
Correction: All feminine nouns that constitute first
constituents that attach -s- are polysyllabic.

original corrected
quantifier almost all all
item regularity 0.999 0.999
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Abstract
This study compares the impact of natural and synthetic data on training and evaluating large language models
(LLMs), using the case of passive verb alternation in French and Italian. We use Blackbird Language Matrices
(BLMs), structured datasets designed to probe linguistic knowledge of underlying patterns across sentence sets.
We compare structured templates instantiated with natural sentences extracted from Universal Dependencies to
structured templates of synthetic sentences. Experiments show that while models achieve ceiling performance when
trained and tested on synthetic datasets, they do not reliably generalize to natural sentences. In contrast, models
trained on natural data exhibit robust performance across both natural and synthetic test suites, demonstrating their
superior ability to capture abstract linguistic patterns. These results corroborate the value of natural data and of
structured set ups in linguistic evaluation for probing LLMs’ syntactic and semantic knowledge.
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1. Introduction

Whether to use natural or synthetic data for eval-
uating linguistic knowledge has long been a cen-
tral methodological debate in theoretical linguistics
(Chomsky, 1965; Gibson and Fedorenko, 2013)
and computational linguistics (cf. test suites vs.
test corpora; Lehmann et al. 1996).

Natural data are easy to define: they are nat-
urally occurring instances – ‘wild data’ (Bresnan,
2016) – extracted from corpora and can be anno-
tated with various types of linguistic information.
Synthetic data, by contrast, are artificially gener-
ated examples designed to target specific linguistic
phenomena under controlled conditions. In this
sense, synthetic datasets are conceptually akin to
experimental materials in psycholinguistics, where
carefully controlled stimuli are constructed to iso-
late particular grammatical factors (Schütze et al.,
2013; Sprouse and Almeida, 2017; Futrell et al.,
2019).

To ground this contrast, consider a simple verb
alternation, where a verb can appear in a transitive
or intransitive form (see also, unspecified object
alternation, Levin 1993), such as the Italian verb
cantare ‘sing’. We can colour-code the core ele-
ments of the argument structure by marking the
constituent with the Agent role in purple, the verb in
teal, and the Theme in blue. In a synthetic setting,
one can construct minimal, grammar-like examples
that clearly instantiate the alternation and control
the relevant variables. Consider, for example, the
contrast between La ragazza canta la canzone
(the girl is singing the song) and La ragazza canta
(the girl is singing). The same structural configu-
rations and their comparison, however, can also

be retrieved from naturally occurring corpora by
querying dependency relations such as nsubj and
obj in annotated treebanks of Universal Depen-
dencies (henceforth UD, Nivre 2015; De Marneffe
et al. 2021). For example, consider the naturally
occurring sentences below, which instantiate the
same relevant constructions: ‘Mina ha anche can-
tato molte canzoni di Mogol’ (Mina [a singer] has
sung many songs of [written by] Mogol [an author]
(ISDT, 2Parole_6-47)) and ‘inoltre sino all’ultimo
non si sapeva se il soprano ungherese Andrea
Rost, ammalatasi nei giorni scorsi, avrebbe potuto
cantare nel ruolo della protagonista Violetta, come
alla fine è stato’ (moreover, until the very end it was
not known whether the Hungarian soprano Andrea
Rost, who had fallen ill in the previous days, would
be able to sing the role of the protagonist Violetta,
as in the end she did (ISDT, isst_tanl-1773)).

The notion of synthetic data has broadened con-
siderably in recent years. It includes devised novel
examples for experimental purposes, and it also
refers to automatically generated outputs from lan-
guage models and other conversational AI systems
(Schepens et al., 2025; Civico, 2025). Such data
may be synthetic in multiple senses: they are gen-
erated automatically rather than naturally occurring,
and they can be tailored for experimental purposes.
For example, Figure 1 shows an interaction in En-
glish with DeepSeek V.3. The interaction creates
a synthetic instantiation for the alternation of the
Italian verb cantare by prompting the generation
of linguistic examples in English.1 Recent work
in NLP has increasingly explored the use of syn-

1For comparison, ChatGPT (GPT-5-mini, OpenAI)
generated the following: “Intransitive use: Ogni mattina
Maria canta sotto la doccia. (Here, cantare has no direct
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Human:
Can you make two sentences that show the fact
that the verb cantare in Italian can be both tran-
sitive and intransitive?
DeepSeek:

Certainly! Here are two sentences that
demonstrate cantare used transitively
(with a direct object) and intransitively
(without a direct object):
Intransitive use: Maria canta sotto la
doccia ogni mattina. (Here, cantare is
used without a direct object—Maria is
simply singing.)
Transitive use: Maria canta una bellis-
sima canzone d’amore. (Here, cantare
takes a direct object—una bellissima
canzone d’amore.)

Figure 1: Example of a synthetic piece of data for
transitive and intransitive forms of the Italian verb
cantare ‘sing’ generated by DeepSeek (DeepSeek-
AI, accessed Feb 13, 2026).

thetic data to complement or even replace natural
data in training and evaluation pipelines (Goyal and
Mahmoud, 2024; Josifoski et al., 2023; Chen et al.,
2024). However, as noted by Jumelet et al. (2025),
although large-scale annotated resources such as
UD have become somewhat marginalized in the
era of large language models (LLMs), the exten-
sive linguistic knowledge encoded in these datasets
continues to provide an essential foundation for
rigorous and linguistically informed evaluation of
current language models (Opitz et al., 2025).

This paper contributes to this debate by system-
atically comparing natural and synthetic data within
a highly-structured diagnostic test suite targeting
specific linguistic phenomena. We examine the
extent to which each type of data helps language
models identify and abstract the core linguistic ele-
ments underlying a complex phenomenon such as
a verb alternation—one that cannot be adequately
captured by considering sentences in isolation.

We construct structured datasets for the Black-
bird Language Matrices (BLM) task (Merlo,
2023b,a; An et al., 2023; Samo et al., 2023; Nas-
tase et al., 2024a,b; Jiang et al., 2024; Samo and
Merlo, 2026a). The BLM task, inspired by Raven’s
Progressive Matrices (Raven, 1938), presents mod-
els with sentence-based puzzles designed to cap-
ture underlying linguistic rules. Specifically, each

object—Maria is simply singing.); Transitive use: Maria
canta una canzone napoletana. (Here, cantare takes a
direct object—una canzone napoletana.). Accessed Feb
13, 2026.

task instance consists of a context set of sentences
that implicitly encodes the information required to
complete a given linguistic pattern, and an answer
set of minimally contrasting candidates, only one of
which correctly replaces the missing element in the
pattern defined by the context. This general tem-
plate is then instantiated using carefully curated
datasets. We instantiate a BLM template in two
ways: with natural sentences extracted from UD
and with synthetic sentences generated with the
help of a ConversationalAI, each in two Romance
languages, French and Italian.

The core linguistic phenomenon under investi-
gation is the passive alternation (Levin, 1993, 85)
because of its general applicability, across lexical
items and languages. Unlike other verb alterna-
tions, the passive is not strongly tied to a specific
lexical class, but most transitive verbs can undergo
passivization (e.g. in Italian with the passive voice
– colour coded in orange – as in La canzone è can-
tanta dalla ragazza ‘the song is sung by the girl’),
making it a structurally defined alternation, widely
attested cross-linguistically (Siewierska, 2013).

Our contribution is two-fold: (i) we introduce multi-
lingual, structured datasets that systematically com-
pare natural and synthetic data with the BLM task
and (ii) we evaluate how these data types may
shape model representations and their capacity to
generalize. This study sheds light on the interac-
tion between training data for structured test suites
and linguistic generalization, supporting Jumelet
et al. (2025)’s intuition that natural data constitute
a robust basis for evaluating language models.

2. Modelling the Passive Alternation
with BLM Paradigms

Verb alternations have long been a central object of
study in theoretical and computational linguistics,
as they provide a window into how syntax, seman-
tics, the lexicon, and the functional lexicon interact
(Levin, 1993; Rappaport Hovav and Levin, 2024).
However, many alternations that are commonly in-
vestigated are lexically specific, only restricted verb
classes participate, and cross-linguistic correspon-
dences are often unstable (Fillmore et al., 2003).
This lexical specificity can favour superficial pat-
terns in pretrained language models, which may
capture surface-level lexical associations rather
than abstract syntactic generalizations. The pas-
sive alternation, instead, is less restricted in the
lexical nature of the verb it can apply to.

Passive constructions preserve the core argu-
ment structure while systematically altering the
mapping between syntactic positions and discourse
roles (Hopper and Thompson, 1980). The core ar-
gument structure of the verb is preserved, but its
syntactic realization changes. The verb’s Theme is
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promoted to subject position and, in languages with
overt agreement, controls subject–verb agreement,
while the Agent can be omitted from the surface
form, yielding structures that are underlyingly diadic
(like the transitive sentence in the introduction) but
appear monadic on the surface (like the intransitive
sentence in the introduction).

Across languages, passives are typically sig-
naled by changes in word order and functional
morphosyntactic markers. In Italian and French,
passive constructions are mainly marked by the
presence of an auxiliary verb. Italian typically uses
essere ‘be’ or venire ‘come’, while French primarily
uses être ‘be’ and, in certain constructions, also
faire ‘do’. However, these auxiliaries are not spe-
cific to passive structures. For example, in both
languages essere and être ‘be’ also introduce cop-
ular and predicative constructions; in Italian, essere
is additionally used to form compound tenses with
certain classes of verbs such as unaccusatives
(Burzio, 1986). In French, faire ‘do’ can also be
used in causative constructions. Finally, venire
‘come’ – as well the other auxiliaries – function as
lexical verbs that can occur in isolation.

The passive form is particularly relevant, as it
constitutes a highly pervasive phenomenon in Ro-
mance, especially in specific text genres (Brunato
et al., 2022), while at the same time displaying
considerable structural complexity (Volpato, 2010)
and giving rise to effects at the pragmatic level
(Reinhart, 1981, 64). As a result, passivization is
less fine-grained, and also differently generalizable,
than other lexical alternations.

As a key methodological choice in our study of
alternation phenomena, we move beyond isolated
sentences as the primary unit of analysis. Sin-
gle sentences are often insufficient, since alterna-
tions are inherently relational; they concern system-
atic correspondences between forms rather than
properties of individual strings (unlike, for instance,
agreement or long-distance dependencies). Min-
imal pairs are also a well-established tool in lin-
guistic analysis, but they rely on tightly controlled
contrasts and inevitably remain tied to specific lexi-
cal items.

For this reason, we adopt a paradigm-based per-
spective, where the primary object of analysis is
a structured set of systematically related construc-
tions. We chose to evaluate the knowledge of pas-
sive with the BLM task, which has been shown to be
one of the most challenging evaluations for testing
Italian knowledge in LLMs (Nissim et al., 2025).

The BLM template The template adopted in this
study is shown in Figure 2. BLM templates are
typically constructed around three core elements:
external rules E, internal rules I and relational op-
erators R (Merlo, 2023b). The external rule E of

Template
Structure RArg RST Example

Context Set
1 Ag Vact Th ? 2 Q Does the customer pay the

bill?
2 Ag Vact Th 2 D The student gets the prize.
3 Ag Vact ? 1 Q Does the teacher explain?
4 Ag Vact 1 D The car moves.
5 Th Vpass Ag ? 2 Q Why is the case studied

by the lawyer?
6 Th Vpass Ag 2 D The key is found by the boy.
7 Th Vpass ? 1 Q When was the screen

touched?
8 ???

Answer Set
1 Th Vpass 1 D The plants were watered
2 Th Vpass Ag 2 D The news is reported

by the speaker.
3 Ag Vact 1 D The writer publishes.
4 Ag Vact Th 2 D The store ships the order.
5 Question 1 or 2 Q How was the data analyzed?

Figure 2: BLM template structure instantiated with
a synthetic example in English, generated with
DeepSeek V.3 (section 3.2). Ag = Agent, Th =
Theme, Vact = verb in active voice, Vpass = verb
in passive voice, red elements mark interrogative
markers. Number of arguments (1, 2) and sentence
type (Q = question, D = declarative).

the phenomenon that distinguishes passive from
active voice concerns verbal morphology. The inter-
nal rule I relates to the syntax–semantic mapping of
the verb’s arguments. In passive constructions, the
Theme is promoted to syntactic subject position and
agrees with the verb. The R components specifies
how the linguistic objects of the BLM are connected
within the template. In the proposed template, R
corresponds to sentence type (RST) and number
of arguments superficially realized in the sentence
(RArg). These two linguistic phenomena are ex-
ternal to the one under investigation and do not
influence the learning of E and I rules. We explore
the contrast between interrogative and declarative
sentences, but also between bi-argumental and
mono-argumental structures.

The inclusion of both declarative and interroga-
tive clauses is partly motivated by the structure of
the available treebanks and the distributions of sen-
tences across treebanks. For example, the French
QuestionBank (FQB, Seddah and Candito 2016)
exclusively contains interrogative sentences, and al-
lows the retrieval of a large number of instances for
task training and testing purposes. Declaratives are
also present in large scale in the UD treebanks of
French and Italian (Samo and Merlo, 2021). From
a linguistic perspective, sentence type constitutes
an independent dimension with respect to passive
voice alternation. Interrogative marking may affect
word order, but does not interfere with the morpho-
logical marking of passive voice (E), nor with the
argument-structure reconfiguration involved in the
promotion of the Theme (I).

We therefore develop a template that manipu-
lates the organization of the three core elements E,
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I, and R. Elements of E include the verb inflected
for the active voice (Vact) and for the passive voice
(Vpass). The I component concerns the syntac-
tic functions of the core arguments, Agents and
Themes. The R component specifies whether both
Agents and Themes are present in the same string
(or only one of these arguments appears, RArg) and
whether the sentence is interrogative or declarative.
Interrogative sentences are marked typographically
by the interrogative symbol ?, and also by the pres-
ence of wh-elements (RST).

Context Set Formally, the context set instantiates
a 2 × 2 × 2 design crossing voice (active/passive),
number of argument realizations (one or two overt
arguments), and sentence type (interrogative vs.
declarative). The eighth sentence is left uninstanti-
ated. The organization of the context reflects two
independent alternations built on the different Rs
(RArg and RST).

Each pair of consecutive sentences forms a min-
imal interrogative–declarative paradigm: in all four
pairs, the first member is interrogative and the sec-
ond is declarative. For every four sentences, the
first two show two overt arguments, while the last
two show only one argument. The resulting struc-
ture creates a double alternation pattern (and a
triple one with active-passive): sentence type alter-
nates within each pair, while voice and argument
realization alternate across pairs.

The first pair (1–2) consists of active clauses
with two overt arguments. The second pair (3–4)
maintains the active voice, but in mono-argumental
structures. The third pair (5–6) shifts to the passive
voice while restoring the bi-argumental configura-
tion, with the Theme promoted to subject position
and the Agent realized as an overt agentive comple-
ment. Finally, the fourth pair is designed to instan-
tiate mono-argumental passive clauses; however,
only the interrogative configuration (7) is provided in
the context. The corresponding declarative passive
without an overt agent (8) is omitted and must be
inferred. The missing final sentence can therefore
be recovered only by integrating all the patterns
simultaneously.

Answer Set The correct answer is the declarative
passive sentence without an agentive prepositional
phrase. The answer set is designed to cover all
combinations of argument number (one or two ar-
guments) and voice (active vs. passive), and an
additional interrogative option. Therefore, the er-
rors are of three types: (i) errors of Voice when
the verb is inflected in the active voice, violating
E and implicitly I; (ii) errors of Number of argu-
ments when there are two arguments; (iii) errors of
Sentence type when the sentence is not a declar-
ative, both violations of R. In our case, candidate

answer 2 (Th Vpass Ag) is an error of Number of
arguments because it also shows an additional
argument, the agentive PP; sentence 3 (Ag Vact) is
an error of Voice because it is a mono-argumental
declarative, but not a passive structure; sentence 4
(Ag Vact Th) is an error of both Voice and Number
of Arguments; sentence 5 (question) is mainly an
error of Sentence Type.

3. Natural and Synthetic Data for BLM

The template illustrated in Figure 2 is instantiated
with natural and synthetic data. Examples are given
in French and Italian respectively in Figure 3 and
Figure 4.2

3.1. Natural data
All the sentences are extracted from UD treebanks.
We retrieved natural occurring sentences with the
system GrewMatch (match.grew.fr) (Guillaume,
2021). For French, we extracted questions from
the French QuestionBank v.2.17 (FQB, 23,345 to-
kens; Seddah and Candito 2016) containing only
questions from news and nonfiction sources. We
extracted declarative sentences from the French
GSD data v.2.17 (389,364 tokens; Guillaume et al.
2019), which contains data from blogs, news, re-
views and encyclopeadic entries. For Italian, we
retrieved sentences from ISDT v.2.17 (278,424 to-
kens; Bosco et al. 2014) containing data from legal
texts, news and Wikipedia and VIT v.2.17 (259,625
tokens; Alfieri and Tamburini 2016), which which
consists of news and nonfiction texts.

The sentence types of the BLM template were
directly instantiated using sentences that matched
the corresponding structures in the treebanks.
Each context and answer sentence was retrieved
using simple queries. The Agent in the sentences
was identified as the target of the nsubj depen-
dency associated with a variable V in active sen-
tences, and as the dependent of a obl:agent
dependency in passive sentences. The Theme
was identified as the dependent of obj in active
sentences and of the nsubj:pass dependency
in passive sentences. To retrieve questions, we
added the query for an interrogative marker corre-
sponding to a variable Q whose form was anno-
tated as "?". We restricted our search to sentences
– intended here as the output of an instance of
the query – with a single verb by excluding output
sentences containing additional verbs, using the
constraint Y (a variable different than V) whose
upos was "VERB".

2Data is available at https://www.idiap.
ch/en/scientific-research/data/
blm-passF and https://www.idiap.ch/en/
scientific-research/data/blm-passI.
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Natural Synthetic
Context Set

1 Que signifie l’acronyme NASA ? Le garçon jette-t-il la pierre?
‘what does the acronym NASA mean?’ (FQB_TREC-fr-584) ‘Does the boy throw the stone?’

2 Leur album No Dice obtient un excellent accueil. L’équipe félicite le gagnant.
‘Their album No Dice obtained an excellent reception’ (fr-ud-train_06225) ‘The team congratulates the winner’

3 Combien de temps dure le voyage entre Tokyo et Niigata ? L’équipe coûte-t-elle?
‘How long does the journey from Tokyo to Niigata take?’ (FQB_TREC-fr-111) ‘Does the team cost?’

4 Bryon Anthony McCane naît en 1976 d’une mère italienne et d’un père afro-
américain.

Le chanteur chante.

‘Bryon Anthony McCane was born in 1976 to an Italian mother and an African-
American father.’ (fr-ud-train_00556)

‘The singer sings’

5 Les moteurs rotatifs étaient produits par qui ? Comment la scène est-elle décrite par l’écrivain ?
‘By whom were rotating engines invented?’ (FQB_TREC-fr-886) ‘How is the scene described by the writer?’

6 Uber a été fondé par Garrett Camp, Travis Kalanick et Oscar Salazar en 2009. Un livre est écrit par l’auteur.
‘Uber was founded by Garrett Camp, Travis Kalanick and Oscar Salazar in 2009’
(fr-ud-train_02964)

‘A book is written by the author’

7 Dans quelle province française le cognac est-il produit ? Quand la musique a-t-elle été composée?
‘In which French province is cognac produced?’ (FQB_TREC-fr-1134) ‘When was the music composed?’

8 ??? ???
Answer Set

1 Le château est ensuite vendu plusieurs fois Les données ont été analysées.
‘The castle is then sold several times’ (fr-ud-train_00010) The data were analyzed

2 Les travaux furent dirigés par le Florentin Girolamo della Robbia et les Tourangeaux
Pierre Gadier et Gatien François.

La langue est apprise par l’étudiant.

‘The works were directed by the Florentine Girolamo della Robbia and the Turingians
Pierre Gadier and Gatien François’ (fr-ud-train_07752)

‘The language is learned by the student.’

3 En tout cas je n’y retourne pas et ma collègue non plus ! Le programmeur code.
‘In any case, I’m not going back there and neither my colleague!’ (fr-ud-train_00110) ‘The programmer codes.’

4 En mars 2010, il signe son premier contrat professionnel avec Birmingham City. Le parent paie la facture.
‘In March 2010, he signed his first professional contract with Birmingham City’
(fr-ud-train_01336)

‘The parent pays the bill’

5 Quel âge a le Soleil ? Quand le colis a-t-il été reçu?
‘How old is the Sun?’(FQB_TREC-fr-334) ‘When was the package received?’

Figure 3: Natural and synthetic examples in French, glosses and ID number (natural data) for reference
within the explored treebanks. We have coloured code the core elements of the BLM-template. Correct
answer in bold.

Example Natural Example Synthetic
Context Set

1 Quando Innsbruck ospitò le Olimpiadi Invernali? Lo scrittore finisce il romanzo?
‘When did Innsbruck host the Winter Olympic Games?’ (ISDT, quest-991) ‘Does the writer finish the novel?’

2 I carabinieri gli hanno recapitato il decreto di revoca degli arresti domiciliari. Il giocatore segna un gol.
‘The Carabinieri delivered to him the order revoking his house arrest.’ (ISDT,
isst_tanl-280)

‘The player scores a goal.’

3 A che velocità viaggia la luce? Il bambino disegna?
‘At what speed does light travel?’ (ISDT, quest-656) ‘Does the child draw?’

4 E nel frattempo politici, ambasciatori e industriali discutevano di petrolio. L’editore corregge.
‘And in the meantime politicians, ambassadors, and industrialists were discussing
oil.’ (ISDT, isst_tanl-186)

‘The publisher corrects.’

5 Chi è stato sconfitto da Andrei Medvedev nella finale del Torneo di Monte Carlo ? Quando sono annaffiate le piante dal giardiniere?
‘Who was defeated by Andrei Medvedev in the Monte Carlo tournament final?’
(ISDT, quest-553)

‘When are the plants watered by the gardener?’

6 Le leggi sono promulgate dal Presidente della Repubblica entro un mese dall’
approvazione

La squadra è tifata dal bambino.

‘The laws are promulgated by the President of the Republic within one month of
approval.’ (ISDT, tut-1546)

‘The team is supported by the child.’

7 Come può essere eliminato il rigetto del sistema immunitario? Quando è stato sollevato il peso?
‘How can immune system rejection be eliminated?’ (quest-297) ‘When was the weight lifted?’

8 ???
Answer Set

1 Dopo tre anni di discussioni la proposta non venne accolta. Lo strumento è stato suonato.
‘After three years of discussions, the proposal was not accepted.’ (VIT-1304) ‘The instrument was played.’

2 La lettera di trasporto aereo viene emessa dal mittente in tre esemplari originali. L’email è inviata dal capo.
‘The air waybill is issued by the sender in three original copies.’ (ISDT, splet-161) ‘The email is sent by the boss.’

3 La squadra nazionale italiana di calcio giocherà la prima partita del Campionato
mondiale il 12 giugno, ad Hannover, con il Ghana.

Il cassiere conta i soldi.

‘The Italian national football team will play its first World Cup match on June 12 in
Hanover against Ghana.’ (ISDT, 2Parole_1-214)

‘The cashier counts the money.’

4 I disegni risentono delle influenze arabe e a volte anche di quelle francesi Lo chef cucina.
‘The drawings show Arab influences and sometimes French ones as well.’ (ISDT,
isst_tanl-3212)

‘The chef cooks.’

5 Chi possiede la Saab? L’autista parcheggia l’auto?
‘Who owns the Saab?’ (ISDT, quest-422) ‘The driver parks the car?’

Figure 4: Natural and synthetic examples in Italian, glosses and ID number (natural data) for reference
within the explored treebanks. We have coloured code the core elements of the BLM-template. Correct
answer in bold.
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The combination of these factors led to the re-
trieval of natural instances for each sentence of the
context and the answer set.3

Samples of the naturally extracted data were
manually checked to assess whether the queries
returned the relevant structures.

3.2. Synthetic data

We created our dataset using the DeepSeek-V3
model (Guo et al., 2025), adopting a hybrid ap-
proach that combines LLM generation with explicit
linguistic constraints. This ensured the generated
sentences remained grammatically well-formed
and semantically coherent within each alternation
paradigm. Specifically, the prompt instructed the
conversationalAI to generate a structured linguistic
dataset consisting of “100 simple sentences with
frequent subjects, verbs and objects’" (5 interac-
tions) in English and transform them into eight dis-
tinct syntactic variants corresponding to the context
and answer set structures (interrogative, intransi-
tive, and passive forms with and without agentive
phrases), with specific formatting requirements for
direct import into spreadsheet software. In later in-
teractions, the model was required to translate the
sentences into French and Italian. A native speaker
of Italian and proficient in French and English, man-
ually checked the translations. The intervention
was minimal, as the sentences were generally well-
formed.4

English was adopted as a pivot language
(Wendler et al., 2024) to construct a single ab-
stract dataset before its language-specific realiza-
tion. This design choice ensures that the French
and Italian versions do not stand in a derivational
relationship to each other, but instead instantiate
the same underlying synthetic templates. As a re-
sult, the synthetic status of the data is methodolog-
ically consistent across languages: neither dataset
is more natural, or derived, than the other, since
both originate from the same controlled generative
procedure.

The sentences were specifically designed to iso-
late the factors under investigation: as shown in
Figures 3 and 4, they included exclusively the ele-
ments relevant to the BLM (agents, themes, verbs
in active and passive voice and interrogative mark-
ers).

3All queries are available in Table 1 in the Appendix.
4Out of 4,000 sentences (500 for each of the eight

structures), only 43 were manually corrected for French
(0.01) and 64 for Italian (0.02). The intervention primarily
ensured that sentences remained unambiguously tran-
sitive or intransitive, removing verbs with reflexive-like
elements when relevant for the template.

4. Experiments

The experiments systematically compare natural
and synthetic data in a highly structured setup, the
BLM test suite. The goal is to evaluate how much
each type of data helps language models identify
and abstract the core linguistic elements underlying
the passive alternation. We explore the behavior
of a simple probe through a series of experiments.

We adopt a feed-forward neural network
(FFNN) architecture as described in Samo et al.
(2023). For each sentence in the BLM, we
compute an embedding by averaging its token
representations obtained from pretrained models.
The FFNN takes as input the concatenated
embeddings representing the context, is trained
using a max-margin loss objective, and pre-
dicts the answer whose embedding achieves
the highest cosine similarity with the network’s
output. Following previous work (Nastase et al.,
2025), we first test embeddings from monolingual
ELECTRA models (French: dbmdz/electra-
base-french-europeana-cased-discriminator;
Italian: dbmdz/electra-base-italian-xxl-cased-
discriminator) and then from a multilingual model
(google/electra-base-discriminator). Monolingual
and multilingual models may exhibit asymmetries
in performance due to differences in their token
representations (Samo and Merlo, 2026b).

We run both experiments when training and test-
ing belong to the same data set type and also ex-
periments that cross the two types. Each dataset,
constituted of 2000 BLM instances, is split into sep-
arate training and testing sets (80%–20% split),
ensuring no overlap of instances between them to
control data leakage.

These settings are referred to as SynSyn (train
and test on synthetic) and NatNat (train and test on
natural). SynNat refers to training the model with
synthetic data and testing its ability to generalize to
natural instances, while NatSyn denotes training
on BLM-templates instantiated with natural data
and testing on its ability to abstract to synthetic
instances.

4.1. Results: Monolingual
Figure 5 shows the results, measured in F1

scores, for the monolingual models. Among
the monolingual models, the full synthetic suite
achieves the highest performance (French 1.00;
Italian 0.99), outperforming the natural suites
(French 0.62; Italian 0.77).

When models are trained on synthetic data but
tested on natural data, performance drops signifi-
cantly, reaching near-chance levels (French 0.29;
Italian 0.28). In contrast, training on natural data
and testing on synthetic data yields performance
comparable to that of the full natural suites, with
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Figure 5: F1 scores across training and test suites
in monolingual models. The grey dotted line indi-
cates chance level.

Figure 6: Error probabilities and types of errors
(indicated by the selected erroneous answer) in
monolingual models. Act = Active; Pass = Passive;
arg = arguments.

French even showing improved performance with
respect to natural test suites.

The error analysis is presented in Figure 6.
Across all suites, errors related to Sentence Type
(questions) are never the most prominent while the
other errors are more evenly distributed. However,
in the Italian NatSyn, the most prominent error type
involves passive structures with two arguments,
suggesting that voice was a learned feature.

4.2. Comparing Monolingual and
Multilingual Embeddings

Figure 8 shows the results of the comparison be-
tween monolingual and multilingual models. The
results follow the same pattern across languages
and models. Multilingual models show competi-
tive, and in some cases superior peformance. In
particular, the multilingual model reaches ceiling
performance in the NatSyn suite for French (0.99),

Figure 7: F1 scores across conditions, languages
and models. The gray dotted line indicates chance
level. IT = Italian, FR = French.

Figure 8: Error probabilities and types of errors
(indicated by the selected erroneous answer) in
multilingual models. Crosses repeat values of error
bars in monolingual model for comparison (see Fig-
ure 6). Act=Active, Pass=Passive, arg=arguments.

indicating strong comprehension of the BLM and
generalisation ability from natural to synthetic in-
stances.

Consider the error analysis. In the NatNat set-
ting the most frequent incorrect responses in the
multilingual models involve Voice or Number of
Arguments. This pattern indicates that active sen-
tences with two arguments (i.e., violations of two
rules) are not considered plausible answers. Er-
rors related to Sentence Type are minimal in the
multilingual models, even in the lowest-performing
configuration. This suggests that the models con-
sistently learn the sentence type encoded in the
BLM template across languages and training con-

45



ditions.
However, multilingual and monolingual models

differ in the type of error that is most prominent in
the lowest-performing setting, SynNat. In both lan-
guages, the most frequent errors produced by the
multilingual models are passive structures, suggest-
ing that these models successfully learn verb voice
from synthetic training data. In contrast, mono-
lingual models show a higher proportion of active
constructions as their most prominent error.

5. Discussion

Although the full synthetic suites outperform the
full natural suites, overall performance drops signif-
icantly when models are trained on synthetic data
but tested on natural data (aggregated, t-test: t(6)
= 27.07, SE = 0.025). Although models trained
on natural data show lower absolute performance,
their results are more stable across different evalu-
ation settings.

Despite the fact that models trained and tested
on synthetic data achieve near-ceiling performance,
this competence does not reliably generalize the
learnt structure to natural data. Training on syn-
thetic data may bias the model toward artifacts in-
troduced by the synthetic constructions themselves.
As a consequence, models fail to generalize to nat-
ural test suites, which are structurally and contex-
tually more complex—where complexity refers to
the presence of additional constituents that are not
directly relevant to the task. In contrast, models
trained on natural data show more robust cross-
condition generalization, performing competitively
not only on natural test suites but also on synthetic
ones.

Natural sentences—here extracted from UD
treebanks—exhibit greater lexical variability (e.g.
proper nouns or hapaxes) and additional linguistic
objects surrounding the target syntactic configura-
tion. Rather than hindering learning, however, this
variability appears to promote abstraction of the
core elements of the task, although not reaching
ceiling performance in the testing suites.

The Universal Dependencies (UD) framework
–as a particularly curated and cross-linguistically
valid example of structured and annotated data
in general– plays a central methodological role in
this study. By extracting instances through depen-
dency relations and morphological features, we
were able to construct datasets that are both natu-
rally occurring and structurally controlled. Crucially
UD allows the same query to be executed consis-
tently across different languages and text genres.
This makes it possible to retrieve comparable struc-
tures in a uniform way, without redefining language-
specific search criteria each time. In this sense, UD
and structured annotations in general function as a

bridge between raw language data and the need to
build theoretically motivated, structured diagnostics
paradigms for natural data.

6. Related Work

Language models have demonstrated good perfor-
mance on lexically restricted verb alternations and
thematic roles, especially in English (Kann et al.,
2019; Warstadt et al., 2019; Wilson et al., 2023;
Samo et al., 2023; Proietti et al., 2022). Our work
expands computational approaches to the passive
alternation (Sasano et al., 2013; Leong and Linzen,
2023).

BLMs share objectives with datasets relying on
synthetic or carefully controlled materials, designed
to target specific grammatical phenomena under
controlled conditions, often using minimal pairs or
carefully crafted paradigms to probe the linguistic
knowledge of large language models across lan-
guages (Warstadt et al., 2019, 2020; Xiang et al.,
2021; Suijkerbuijk et al., 2025). Unlike datasets of
minimal pairs, though, the BLM puzzle presents a
complex structure and expands the minimal con-
trasts to many dimensions of variation.

While synthetic data allow broad and systematic
coverage, they can introduce distributional biases,
encouraging models to rely on superficial regulari-
ties rather than abstract rules (Nadǎş et al., 2025;
Griffiths et al., 2024). Our results partly resonate
with the findings of Zhang and Pavlick (2025), who
show that models trained on synthetic data may
continue to rely on superficial heuristics that gen-
eralize poorly to targeted evaluations, even when
overall benchmark performance improves.

Natural data drawn from annotated and struc-
tured resources provide rich linguistic information
at the word (Batsuren et al., 2022) or sentence level
(Nivre, 2015; De Marneffe et al., 2021), offering au-
thentic variation and contextual richness. Such
data allow researchers to systematically probe lan-
guage models, designing tasks that implicitly target
complex grammatical phenomena, including agree-
ment (Jumelet et al., 2025) and argument struc-
ture alternations in morphologically-rich languages
(Samo and Merlo, 2026b). By bridging naturalistic
data and controlled evaluation, structured corpora
provide a principled framework for investigating the
inner workings of language models.

7. Conclusion

Our study shows that while synthetic data allow
models to achieve near-perfect performance on
in-distribution tasks, they fail to support robust gen-
eralization to natural language. In contrast, mod-
els trained on natural sentences, systematically re-
trieved from Universal Dependencies, capture the
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underlying patterns of passive alternation and gen-
eralize effectively across both natural and synthetic
test sets. These findings highlight the enduring
value of authentic, linguistically-grounded data for
evaluating large language models: variability and
complexity in natural corpora encourage models
to learn abstract structural generalizations rather
than memorizing surface patterns. Structured and
annotated natural data remain crucial for rigorous
linguistic evaluation and for probing the true syntac-
tic and semantic knowledge of pretrained models
cross-linguistically.

Limitations

Future work could address the limitations of this
contribution by expanding language coverage and
alternation phenomena, exploring additional mod-
els and architectures, and performing comprehen-
sive validation, as well a human upperbound.

Ethics

We used datasets derived from publicly available
corpora, which may include content such as news
articles and other publicly accessible materials. It
is important to note that these datasets may con-
tain sensitive or potentially upsetting topics. We
acknowledge that such content could be distress-
ing to some individuals. We encourage users to
approach the results with awareness of these con-
siderations.

Acknowledgements

We gratefully acknowledge the support of this work
by the Swiss National Science Foundation, through
grant SNF Advanced grant TMAG-1_209426 to PM.

8. Bibliographical References

Lorenzo Alfieri and Fabio Tamburini. 2016. (Al-
most) Automatic Conversion of the Venice Italian
Treebank into the Merged Italian Dependency
Treebank Format. In Proceedings of the Third
Italian Conference on Computational Linguistics
(CLiC-IT 2016), pages 19–23, Napoli, Italy.

Aixiu An, Chunyang Jiang, Maria A. Rodriguez, Vivi
Nastase, and Paola Merlo. 2023. BLM-AgrF: A
New French Benchmark to Investigate Gener-
alization of Agreement in Neural Networks. In
Proceedings of the 17th Conference of the Eu-
ropean Chapter of the Association for Computa-
tional Linguistics, pages 1363–1374, Dubrovnik,
Croatia.

Khuyagbaatar Batsuren, Omer Goldman, Salam
Khalifa, Nizar Habash, Witold Kieraś, Gábor
Bella, Brian Leonard, Garrett Nicolai, Kyle Gor-
man, Yustinus Ghanggo Ate, Maria Ryskina,
Sabrina Mielke, Elena Budianskaya, Charbel
El-Khaissi, Tiago Pimentel, Michael Gasser,
William Abbott Lane, Mohit Raj, Matt Coler,
Jaime Rafael Montoya Samame, Delio Siti-
conatzi Camaiteri, Esaú Zumaeta Rojas, Di-
dier López Francis, Arturo Oncevay, Juan
López Bautista, Gema Celeste Silva Villegas, Lu-
cas Torroba Hennigen, Adam Ek, David Guriel,
Peter Dirix, Jean-Philippe Bernardy, Andrey
Scherbakov, Aziyana Bayyr-ool, Antonios Anas-
tasopoulos, Roberto Zariquiey, Karina Sheifer,
Sofya Ganieva, Hilaria Cruz, Ritván Karahóǧa,
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Appendix

#Args Voice ST Pattern Without
2 Act Q V -[nsubj]-> Ag; V-[obj]-> Pat; Q [form="?"] Y [upos=VERB]
1 Act Decl V -[nsubj]-> Ag; V-[obj]-> Pat Q [form="?"]; Y [upos="VERB"]
2 Act Q V -[nsubj]-> Ag; Q [form="?"] V-[obj]-> Pat; Y [upos="VERB"]
1 Act Decl V -[nsubj]-> Ag V-[obj]-> Pat; Q [form="?"]; Y

[upos="VERB"]
2 Pass Q V -[nsubj:pass]-> Pat; V-[obl:agent]-> Ag;

Q [form="?"]
Y [upos="VERB"]

1 Pass Decl V -[nsubj:pass]-> Pat; V-[obl:agent]-> Ag Q [form="?"]; Y [upos="VERB"]
1 Pass Q V -[nsubj:pass]-> Pat; Q [form="?"] V-[obl:agent]-> Ag; Y [upos="VERB"]
1 Pass Decl V -[nsubj:pass]-> Pat V-[obl:agent]-> Ag; Q [form="?"]; Y

[upos="VERB"]

Table 1: Queries to retrieve natural instatiation example from UD treebanks with Grew-Match (Guillaume,
2021). #Args = number of arguments, ST = Sentence Type, Act = Active Voice, Pass = Passive Voice, Q
= question, D = declarative.
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Abstract
We test whether the subevent structure encoded in VerbNet-GL predicts entity identity change in procedural text,
using only the verb’s lexical specification and no training data. From each VN verb class’s SEMANTICS block we
extract an aspectual classification and an I/O count, yielding a predicted dynamic event topology (DET). On the
observation side, ten large language models (LLMs) annotate per-entity dynamic object mode (DOM) labels over
∼3100 OpenPI steps, from which we derive observed DET for comparison. The VN-only predictor achieves 67.4%
precision (F1 = 0.35) for transformation, showing that formal subevent structure carries genuine predictive signal only
for the most common topology, but low performance for other topologies. For events VN predicts as having no result
state, only 24% are confirmed as no-change by silver, indicating that the remaining outcomes arise from the argument
side of the composition. These results provide empirical evidence that event semantics is distributed across predicate
and argument: the VN supplies the subeventual skeleton, but is not sufficient to determine the final outcome.

Keywords: VerbNet, entity state tracking, event semantics, procedural text, distributed compositionality, co-
composition

1. Introduction

A central claim of Generative Lexicon (GL) theory
(Pustejovsky, 1995) is that semantic composition
is not a static process of function application, but
a generative one involving co-composition. Under
this mechanism, the verb’s event interpretation is
sensitive to the qualia structure of its arguments, a
structured representation encoding how an object
comes into being (agentive), what it is for (telic),
its formal type (formal), and its constitutive parts
(constitutive). In the classic example of bake,
the event resolves to transformation for a potato (a
natural kind lacking an agentive quale) but shifts to
emergence for a cake (an artifact whose agentive
quale licenses a creation reading). To test this
linguistic theory, procedural text provides an ideal
test case, as it describes the lifecycle of entities
through sequences of actions that transform their
state (e.g., flour→ dough→ bread), and datasets
such as OpenPI (Tandon et al., 2020) provide per-
step state annotations that record these empirical
outcomes.

VerbNet (VN; Kipper et al., 2008) organizes
∼300 verb classes by shared syntactic and se-
mantic behavior. Its extension with GL subevent
semantics (hereafter VN-GL; Brown et al., 2019)
decomposes each class into temporally ordered
subevents (e1, e2, . . .), uniquely equipping it to
serve as a formal basis for this analysis. In the
GL framework, qualia roles act as a representa-
tional overlay on this subevent structure, specifying
the predicative constraints and oppositions associ-
ated with each phase. This subeventual skeleton

OpenPI
“Bake the cake”

(cake, state, batter, baked)

Raw step text

VN Class Det.

Subevents
→ Opposition Det.

Opposition Filters

I/O Count →
predicted topology

Per-entity an-
notation tuples

Name Norm.

LLM ensem-
ble annotation

Attribute Filters

I/O Count →
predicted topology

Evaluation
(precision, recall, F1)

§4 §5

§6

Figure 1: Evaluation Design: Two independent
paths derive step-level DET from the same OpenPI
data, compared at alignment.

is designed to capture precisely the kind of entity
change that OpenPI annotates: each event can
be modeled as an input/output (I/O) transformation
(Rim et al., 2023) where participants enter a pro-
cess and exit in a potentially altered state, even
when the result is not textually mentioned (Ježek
and Melloni, 2011).
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While VN-GL subevent structure defines the
structural constraints of such transformations, we
argue that the verb’s lexical specification remains
inherently underspecified. Thus, the final interpre-
tation, including the identity of the resulting state,
must emerge from a mutual specification between
the verb and its participants. This suggests that
event meaning is effectively distributed across the
predicate and its arguments, rather than being con-
centrated within the verb alone.

In this paper, we present the first empirical evalu-
ation of this distributed interpretation by testing the
predictive reach of the verb’s formal contribution (its
subevent structure) in isolation. We ask: how much
of the observed entity change in procedural text is
predicted by the verb alone? This verb-only base-
line constitutes a controlled ablation of argument
information, directly measuring the "compositional
gap" that co-composition is intended to fill.

The answer matters because systematic failures
in a verb-only model reveal exactly where argument
qualia is required, providing empirical evidence for
GL’s distributed interpretation. Moreover, a sym-
bolic resource offers falsifiable, inspectable predic-
tions and a finite scope for targeted extension.

We define a step-level dynamic event topology
(DET) that characterizes the structural shape of
entity identity change at each procedural step, and
derive it via two independent paths: (1) predicted
DET, extracted symbolically from VN-GL subevent
structure (aspectual classification and I/O count),
requiring no training data; and (2) observed DET,
derived from per-entity dynamic object mode (DOM)
labels that ten LLMs assign using OpenPI’s crowd-
sourced attribute tuples, with no VN-GL information
in the prompt. Comparing the two measures how
much of the observed entity change the verb’s lexi-
cal specification alone can account for. Our results
show that while verb-level semantics reliably pre-
dicts transformation in transition events, it system-
atically fails in three cases: low emergence preci-
sion, unmodeled state changes in process events,
and argument-qualia overrides in destruction-class
verbs. These are precisely the points where GL
predicts that argument-driven co-composition is re-
quired to determine the event outcome, providing
empirical evidence that event semantics is distribu-
tionally composed across predicate and argument
structure.

Our contributions are:
1. A symbolic method for deriving dynamic event

topologies from VN-GL subevent structure (as-
pectual classification + I/O count), requiring no
training data.

2. A silver-standard dynamic object mode (DOM)
dataset over OpenPI, produced by majority
vote across ten LLMs and assessed against
manual gold annotation.

3. An empirical evaluation of VN-GL’s predictive
reach, with error categories grounded in GL’s
co-composition theory.

2. Related Work

2.1. Entity State Tracking in Procedural
Text

Entity state tracking focuses on monitoring how
participants change through sequences of actions.
ProPara (Dalvi et al., 2018) introduced the task with
a closed vocabulary (location and existence) over
scientific process paragraphs. The OpenPI dataset
(Tandon et al., 2020) scaled it to open-vocabulary
state-change tuples (∼30000) over WikiHow pro-
cedures, where each tuple records an entity, an at-
tribute, and its before/after values (e.g., onion, state,
whole, diced). Quality issues in OpenPI’s original
crowdsourcing have been addressed by filtering un-
reliable state changes (Wu et al., 2023) and canon-
icalizing entity and attribute strings (Zhang et al.,
2024).

Neural entity trackers have progressed from
structured conditional random field (CRF) models
(Gupta and Durrett, 2019b) through transformer-
based approaches (Gupta and Durrett, 2019a) to
interactive entity networks (Tang et al., 2020). On
the knowledge-based side, ProComp (Clark et al.,
2018) and Lexis (Kazeminejad et al., 2021) predict
state changes symbolically from VerbNet rules with-
out training data, while PROPOLIS (Faghihi et al.,
2023) integrates symbolic semantic parsing with
neural components. More recently, EvEntS ReaLM
(Spiliopoulou et al., 2022) tackles entity state rea-
soning via language models. Our work differs from
all of these in that we do not predict entity states
directly; instead, we test whether a formal lexical
resource can predict the event’s change topology
(DET) from verb semantics alone.

2.2. Formal Models of Subevent
Structure

Event structure theories decompose verbs into tem-
poral phases. Vendler’s (1967) four-way aspec-
tual classification (state, activity, accomplishment,
achievement) was enriched by Moens and Steed-
man (1988) with transitions and culmination points,
providing a direct predecessor to Pustejovsky’s
subevent decomposition. Pustejovsky (2013) for-
malizes this dynamic event model, which was then
implemented in VerbNet (Kipper et al., 2008), built
on Levin’s (1993) diathesis-based verb classifica-
tion, by Brown et al. (2018), later refined in Brown
et al. (2019) and Brown et al. (2022). The resulting
VN-GL framework utilizes subevent variables and
predicate opposition to model phase transitions.
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Tu et al. (2024) adapt this opposition structure to
build graph representations augmenting Abstract
Meaning Representation (AMR) with subevent an-
notations. Fine-grained intra-class semantic dis-
tinctions have been documented by Kazeminejad
et al. (2022).

Our work relies on GL’s theory of co-composition
(Pustejovsky, 1995), which holds that arguments
actively contribute to an event’s interpretation. We
adopt the Dynamic Argument Structure (DAS) tax-
onomy (Jezek, 2017) and the Generalized Re-
sult Role thesis (Ježek and Melloni, 2011) to map
verb-level subevents to the entity-level changes ob-
served in procedural data. Crucially, resources like
VN-GL localize this structure in the verb class, while
we argue that event semantics is distributionally
composed across both predicate and arguments.

2.3. Silver Data Adjudication and
Distillation

Generating high-quality annotations for open-
vocabulary state tracking has proven difficult via
crowdsourcing (Tandon et al., 2020; Wu et al.,
2023). Recent work has shifted toward using Large
Language Models (LLMs) as high-fidelity meta-
annotators, even outperforming human crowd work-
ers in structured semantic tasks (Gilardi et al.,
2023). Following the Models-Vote Prompting
paradigm (Oniani et al., 2023), ensemble methods
are increasingly used to mitigate family-specific hal-
lucinations and biases (Kamen and Kamen, 2025).
Our work builds on (Rim and Pustejovsky, 2026),
which establishes that the relationship between
state outcomes and semantic structures is system-
atic and recoverable. However, while typical silver-
labeling pipelines stop at model consensus, we in-
troduce a layer of theory-informed post-processing
(Veselovsky et al., 2023): GL’s distinction between
extrinsic change (location, possession) and intrin-
sic identity change overrides model consensus for
entities whose annotations involve only spatial or
ownership attributes.

3. Task Definition

3.1. Dynamic Object Mode
On the observation side, each OpenPI entity, repre-
sented by its (entity, attribute, before, after) tuples,
receives a label that we call the dynamic object
mode (DOM): the mode of identity change that the
entity undergoes at a given step. The term reflects
the argument side of the distributed composition:
the verb (predicate) determines the structural shape
of the event (DET), while the DOM records what
happens to each participant. Step-level DET is then
derived mechanically from these per-entity DOM

labels (Section 5.4), enabling comparison against
the VN-GL predicted DET.

We ground the DOM taxonomy in the Dynamic
Argument Structure (DAS) framework of Jezek
(2017), which characterizes five modes for event
participants: initiation (brought into existence), ter-
mination (ceases to exist), modification (an at-
tribute value changes), transfer (information moves
through a medium), and persistence (present but
unaffected). We narrow DAS modification to type-
level change (T1 → T2): an entity is transformed
only if it becomes a different kind of thing (e.g. bat-
ter→ cake). Attribute-level changes (location, tem-
perature) that preserve the entity’s type fall under
persistent. The DOM taxonomy is:

• Created: the entity comes into being at this
step.

• Terminated: the entity ceases to exist at this
step.

• Transformed: the entity persists with identity
preserved but undergoes a type-level change
(T1 → T2).

• Persistent: the entity is present and partici-
pated but not meaningfully affected.

A fifth label, bystander, flags entities whose
OpenPI tuples are too noisy for meaningful classifi-
cation (e.g., coreference errors, abstract concepts,
annotator artifacts); these are excluded from down-
stream DET derivation and all evaluation metrics.

3.2. Dynamic Event Topology
Where DOM describes what happens to each en-
tity, the dynamic event topology (DET) describes
the structural shape of the event as a whole, the
predicate side of the distributed composition.

DET is grounded in two theoretical foundations
in Generative Lexicon (GL). First, GL’s aspectual
classification (Pustejovsky, 1995) groups Vendler’s
(1967) four classes into three: states (static, no
change), processes (activities, no result state), and
transitions (accomplishments and achievements,
which encode a result state). Only transitions re-
ceive a DET assignment; since stative verbs rarely
appear as main predicates in procedural text, only
the transition/process distinction is operative here.
Second, for transitions, DET is derived from the
predicative opposition that GL’s FORMAL quale en-
codes: by counting which participant roles appear
across the opposition pairs in the subevent struc-
ture, we obtain the number of entities entering (nin)
versus exiting (nout) the result state. This yields
five topologies:

• Transformation (1→1): one entity enters and
one exits with altered type.
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• Emergence (0→n): no input entity; one or
more new ones appear in the result state.

• Dissolution (n→0): one or more entities enter
but none persists in the result.

• Convergence (n→1, n ≥ 2): multiple inputs
merge into a single output.

• Divergence (1→n, n ≥ 2): a single input
divides into multiple outputs.

Process and state events receive no DET assign-
ment.

3.3. Evaluation Design
The core evaluation compares predicted DET, de-
rived symbolically from VN-GL subevent structure
(Section 4.2), against observed DET, derived me-
chanically from per-entity DOM labels annotated by
an LLM ensemble over OpenPI steps (Section 5.4).
The two derivations are fully independent: the pre-
diction side uses no OpenPI annotations, and the
observation side uses no VN-GL information (Fig-
ure 1). Their alignment measures how much of the
observed entity change the verb’s lexical specifica-
tion alone can account for.

4. Predicted DET from VN-GL

4.1. Motivation for a Resource-Based
Approach

An obvious alternative is to skip VN-GL entirely and
ask an LLM to predict entity state changes directly.
This would likely achieve higher accuracy. But this
work is not a state-tracking benchmark; it is a test
of a linguistic formalism.

A formal resource provides what an LLM can-
not. First, falsifiability: VN-GL makes a specific,
inspectable claim per verb class; when a class mis-
predicts, the failure traces to a specific formal struc-
ture (a missing result subevent, an unmodeled co-
patient), not to opaque model weights. Second,
controlled ablation: the verb-only DET baseline is
an intentional removal of qualia information from
the argument side, directly testing GL’s distributed
co-compositionality thesis: how much event mean-
ing resides in the predicate versus the argument?
An LLM conflates both, having seen verb-argument
combinations in training, and cannot isolate the
predicate’s contribution. Third, resource auditing:
VN-GL is a finite, curated resource (∼300 classes,
∼6000 lemmas); understanding its predictive reach
provides a concrete roadmap for targeted exten-
sion.

4.2. DET Prediction Pipeline
Given a sentence from OpenPI dataset, the pre-
diction pipeline derives a DET of the events in the

sentence through three stages. No OpenPI entity
or state annotation is used; the prediction is entirely
verb-determined.

Stage 1: VerbNet class assignment The Verb-
Net Parser (VNP; Gung and Palmer, 2021) maps
the step’s main verb to a VerbNet class and extracts
surface thematic roles from the syntactic frame.
From the VN 3.4 XML for the assigned class, we
select the frame whose declared syntax roles best
match VNP’s surface roles (ties favor the earlier
frame, as VN orders frames from canonical to spe-
cialized).

Stage 2: Opposition pair detection and as-
pectual gating From the selected frame’s SE-
MANTICS block, each PRED element is extracted
with its subevent variable, polarity (bool="!" for
negated), thematic role arguments, and any Pred-
Specific arguments. VN-GL uses three event
variable types (Brown et al., 2022): E (overall event
variable, holds throughout the entire event); and
two temporally ordered subevent types: ën (pro-
cess subevents, unbounded activity) and en (state-
transition subevents). We consider only predicates
at plain en variables that have at least one Them-
Role argument, skipping E and ë predicates.

These predicates are grouped by (predicate
name, ThemRole). Within each group, we look for
opposition pairs: the same predicate on the same
role at two different subevent indices, with evidence
of opposition. Two patterns are recognized:1

• Pattern 1 (negation): opposite polarity at differ-
ent indices (e.g., ¬cooked(e1, Patient) and
cooked(e4, Patient));

• Pattern 2 (PredSpecific): different Pred-
Specific values at different indices (e.g.,
has_val(e1, Patient, Initial_State)
and has_val(e3, Patient, Result)).

For each pair, the entry at the earlier index is the
initial side; the later is the result side.

If at least one opposition pair is found, the event
is a transition; otherwise it is a process and re-
ceives no DET assignment. This gatekeeper is
deliberately conservative: the entity-change rate

1Across all 1602 frames in VN 3.4, these two
patterns account for all detected opposition structure
(1225 negation-based pairs across 37 predicates; 21
PredSpecific-based pairs across 3 predicates). 692 ad-
ditional cases of the same predicate and role at different
indices with same polarity and no PredSpecific difference
are continuity tracking, not oppositions. Two predicates
(created, exist) appear in the VN 3.4 XML but are ab-
sent from the published predicate inventory of Brown et al.
(2022); the published inventory lists degraded where
the XML uses degradation_material_integrity.
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observed in process events (Section 6.2) measures
the compositional gap that argument qualia must
fill.

Stage 3: I/O role counting and existence clas-
sification Not all detected opposition pairs con-
stitute type-level identity change. In GL, location
change is extrinsic (Pustejovsky, 1995): it alters a
relation between the entity and an external domain,
not the entity’s intrinsic type; possession transfer
similarly changes ownership without altering the ob-
ject itself. Pairs on these predicates encode spatial
or ownership changes that preserve entity identity.
These pairs still contribute to the aspectual gate
(they confirm the event has subevent structure), but
their roles are excluded from I/O counting.2

From the remaining identity-relevant pairs, we
count distinct roles: nin from initial-side entries
whose role is in the input set (Patient, Theme, Co-
Patient, Co-Theme, Material, Asset), and nout from
result-side entries in the output set (Patient, Theme,
Result, Product). When the class declares a Co-
Patient or Co-Theme in its THEMROLES, nin is
raised to at least 2.

Raw counting treats every role as both input and
output if it appears on both sides of a pair. How-
ever, some oppositions describe an entity coming
into or going out of existence, rather than persisting
through a state change. For such roles, count-
ing them on both sides is incorrect: an entity that
ceases to exist is input-only (should not count to-
ward nout), and an entity that comes into existence
is output-only (should not count toward nin).

To identify these cases, we manually tagged
each of the 163 VN 3.4 predicates (Brown et al.,
2022) with its existence semantics: existence pred-
icates (8) whose positive form entails the entity is
present, cessation predicates (4) whose positive
form entails it is no longer present, and all others
with no existence implication. 3

For each negation-based pair (Pattern 1), the
predicate’s tag and polarity at each side determine
the per-role adjustment:

• entity ceases to exist (e.g., alive → ¬alive,

2This exclusion is symmetric with the observation side,
where OpenPI entities whose attribute tuples consist
solely of location or possession changes are relabeled
to persistent (Section 5.2).

3Location: has_location, has_orientation,
has_position. Possession: has_possession,
has_information. Existence (positive = entity
present): alive, appear, be, created, exist,
give_birth, procreate, visible. Cessation (pos-
itive = entity gone): destroyed, disappear, suffo-
cated, voided. Classification based on predicate defi-
nitions in Appendix A and semantic clusters in Appendix
C of Brown et al. (2022).

or ¬destroyed → destroyed): the role is re-
moved from nout;

• entity comes into existence (e.g., ¬created →
created): the role is removed from nin;

• all other Pattern 1 pairs and all Pattern 2 pairs:
no adjustment.

The raw and adjusted (nin, nout) determines the
predicted DET from the topology definitions in Sec-
tion 3.2. Namely, we evaluate the existence seman-
tics rule as an ablation in Section 6.2.

For example, the SEMANTICS block for
cooking-45.3 contains ¬cooked(e1, Patient)
and cooked(e4, Patient). These form a
negation-based opposition pair on Patient. Since
cooked has no existence implication, no adjust-
ment is applied: Patient contributes to both nin and
nout, yielding (1, 1)→ transformation.

5. Observed DET from Silver DOM

5.1. OpenPI Overview
OpenPI (Tandon et al., 2020) provides ∼30000
open-vocabulary state-change tuples over 810 Wik-
iHow documents. Each tuple records an entity, an
attribute, and its before/after values at a given pro-
cedural step (e.g., onion, state, whole, diced). The
dataset covers six WikiHow categories: Food & En-
tertaining, Home & Garden, Hobbies & Crafts,
Cars & Other Vehicles, Sports & Fitness, and a
residual category.

Raw OpenPI tuples record attribute-level state
changes (e.g., temperature, location, shape) but
do not directly encode DOM, which abstracts over
these attributes to characterize the entity’s bio-
graphical mode of identity change (created, ter-
minated, transformed, or persistent). The same
entity may appear with multiple attribute tuples at a
single step (e.g., onion: state whole→diced, loca-
tion cutting-board→pan), and surface entity strings
are unnormalized (“the deep fryer” and “deep fryer”
are separate entries). Quality issues in the original
crowdsourcing have been documented by Wu et al.
(2023), who found ∼32% of state changes unreli-
able, and by Zhang et al. (2024), who attempted
entity canonicalization with limited success.

5.2. Silver DOM Annotation
We derive silver-quality DOM labels via LLM en-
semble annotation, with post-processing informed
by GL’s distinction between extrinsic and intrinsic
change.

Annotation distillation For each step, models
receive the document goal, step text, and the set of
raw (attribute, before, after) tuples for each entity.
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Annotator Docs Steps Entities cre ter tra per bys
Majority vote 639 3101 14642 4.8 2.1 37.3 40.7 15.1

Si
lv

er
(p

er
-m

od
el

)

Gemma-2B

(same as above)

8682 55.1 4.5 23.3 15.5 1.7
Gemma-7B 14423 8.0 3.5 66.7 11.9 9.9
Gemma-3-12B 14596 5.7 3.8 56.0 23.1 11.3
Qwen2.5-14B 14543 10.3 2.5 69.0 4.0 14.2
Qwen3-14B 14588 6.2 3.5 74.4 11.2 4.6
Haiku-4.5 14638 4.9 7.9 28.3 38.7 20.2
Sonnet-4.6 14621 4.0 6.4 18.5 47.3 23.8
GPT-4.1-mini 14606 8.2 5.3 24.6 40.7 21.2
GPT-5-mini 14611 3.0 3.5 17.9 59.5 16.1
GPT-5.2 14614 3.7 2.2 14.6 51.3 28.1

Gold 20 104 532 2.4 1.5 56.2 21.2 18.6

Table 1: DOM label distribution (%) for silver (per-model and majority vote) and gold annotations, after
post-processing. Entity counts vary across models because each model may fail to parse or label a
subset of entities. Column headers: cre = created, ter = terminated, tra = transformed, per = persistent,
bys = bystander.

They are instructed to adjudicate these noisy, low-
level strings into the DOM taxonomy (Section 3.1);
the full prompt and a few-shot example are given
in Appendix A.4 Crucially, no VN-GL information
or subevent definitions are included in the prompt;
the LLMs classify entity change solely from the
OpenPI tuples, ensuring that the observation side
is fully independent of the prediction side. This
treats the LLM as a meta-annotator, distilling clean,
high-level semantic features from crowdsourced
strings (Gilardi et al., 2023).

Ensemble adjudication Following the Models-
Vote Prompting paradigm (Oniani et al., 2023), we
employ ten instruction-tuned LLMs: five local GPU
models (Gemma-2B, Gemma-7B, Gemma-3-12B
(Gemma Team et al., 2024), Qwen2.5-14B, Qwen3-
14B (Qwen Team, 2025)) and five commercial
APIs (GPT-4.1-mini, GPT-5-mini, GPT-5.2, Claude-
Haiku-4.5, Claude-Sonnet-4.6). This “wisdom of
the crowd” mitigates family-specific hallucinations
and biases inherent in single-model pipelines (Ka-
men and Kamen, 2025). The final silver label for
each entity is determined by plurality vote across
the ensemble; ties are broken by a fixed priority
ordering that favors more informative modes (trans-
formed > created > terminated > persistent).

Pre-processing: entity normalization OpenPI
entity mentions are free-form text annotations with
no standardized form. We apply minimal normal-
ization (lowercasing, stripping articles, collapsing
whitespace), which merges “the deep fryer” with
“deep fryer” but not “deep fryer” with “fryer.” Zhang

4The prompt uses simplified label names (e.g., “trans-
form” for transformed, “destroyed” for terminated) that
were established before the final taxonomy was formal-
ized; we verified that models interpret these consistently
across all ten LLM annotators.

et al. (2024) attempted LLM-based entity canon-
icalization via GPT-3.5-turbo with 3-shot prompt-
ing, but achieved an entity clustering F1 of only
0.495, meaning roughly half of coreference links
were missed. Given this limited reliability, we opt
for the simpler deterministic normalization and treat
residual duplicates as separate entities.

Post-processing: non-identity-change override
As discussed in Section 4.2, location and posses-
sion changes do not constitute type-level identity
change. On the observation side, we force-relabel
any entity whose OpenPI annotations consist solely
of location-related attributes (location, orienta-
tion, position, placement, movement, motion,
direction, distance) or possession-related at-
tributes (ownership, possession) to persistent,
regardless of model consensus. This affects∼21%
of entities (3112 of 14642).

Silver dataset statistics The silver dataset com-
prises 639 documents (all training-split documents
with at least one entity tuple), 3101 steps, and
14642 entities. Table 1 shows the per-model
and majority-vote label distributions. Two model
clusters emerge: transformation-heavy models
(Qwen, Gemma-7B/12B; 56–74%) versus con-
servative models (Claude, GPT; 15–28%), with
the majority vote mediating at 37%/41% (trans-
formed/persistent). The non-identity-change over-
ride (Section 5.2) relabels 3112 entities (21.3%) to
persistent.

5.3. Human Verification

5.3.1. Concreteness Filtering

Not all OpenPI procedures describe physical trans-
formations. To focus human verification on docu-
ments where entity identity change is expected, we
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implement a two-layer concreteness filter. Layer 1
uses lexico-syntactic heuristics: a keyword blocklist
for video game titles, spaCy (Honnibal et al., 2023)
named entity recognition (NER) for work_of_art
entities, and exclusion of goals whose root verb
is abstract (be, seem, involve). Layer 2 computes
mean noun concreteness via the Brysbaert et al.
(2014) norms (∼40k lemmas, 1–5 scale), normal-
ized to [0, 1] and thresholded at > 0.8. This identi-
fies 422 of 639 documents as concrete. The filter
is also used as a post-hoc robustness check on the
full evaluation (Section 6.2).

5.3.2. Gold Annotation

We randomly sampled 20 documents from the 422
concrete-filtered set; however, four (20%) were dis-
carded and redrawn after manual inspection re-
vealed non-physical procedures that passed the
automatic filter (e.g., clothing selection, exercise
routines), indicating that the concreteness heuristic
is a coarse screen rather than a reliable classifier.
All steps within each document were annotated,
yielding 104 steps and 532 entities (Table 1, bot-
tom row).

Annotation guidelines include a decision
flowchart, edge-case policies, and worked exam-
ples; the full text will be released with the dataset.
Two graduate students independently labeled
the sample using the five-way DOM taxonomy.
Inter-annotator agreement was moderate (Cohen’s
κ = 0.41; κ = 0.48 excluding bystander), largely de-
pressed by noise in the underlying OpenPI tuples,
as many borderline entities receive inconsistent
attribute annotations in the source data, making
DOM assignment genuinely ambiguous. The two
sets were adjudicated into a single gold standard
used for all evaluations in Section 6.

5.4. Observed DET Derivation
Step-level DET is derived mechanically from per-
entity DOM counts; it is not a separate annotation.
If any entity is transformed, or exactly one is ter-
minated and one created, the step receives trans-
formation. Created-only steps yield emergence;
terminated-only steps yield dissolution. When
multiple entities are terminated and at least one
is created, the step is convergence; the reverse
yields divergence. Steps where all entities are
persistent receive no DET label.

6. Evaluation

6.1. Silver Label Quality
Table 3 compares each model’s DOM labels
against the adjudicated gold standard (532 enti-
ties, bystander excluded). The models fall into two

clusters. Transformation-heavy models (Qwen3-
14B, Qwen2.5-14B, Gemma-7B) reach 0.63–0.68
entity-level accuracy with strong transformed F1
(0.74–0.81) but near-zero persistent F1. Conser-
vative models (Claude, GPT) balance transformed
and persistent F1 (0.48–0.65 and 0.50–0.56) at
lower overall accuracy. The majority vote medi-
ates these clusters, achieving the highest step-level
DET accuracy (0.654) with balanced per-label F1,
consistent with the complementary-bias findings of
Oniani et al. (2023).

Table 2 confirms this cluster structure via
pairwise Cohen’s κ at the entity level. Intra-
cluster agreement is moderate to substantial
(transformation-heavy: κ = 0.48–0.60; conserva-
tive: κ = 0.55–0.63), while inter-cluster agreement
is lower (κ = 0.21–0.44). Gemma-2B is an outlier
with uniformly low agreement (κ = 0.16–0.30). This
diversity supports the ensemble design.

6.2. DET Prediction Evaluation
Table 4 compares verb-only DET predictions (Sec-
tion 4.2) against the silver DET derived from
majority-vote DOM labels. Of 2940 overlapping
steps, 863 (29.4%) agree on the DET label.

Among transition events, transformation (1→1)
achieves 67.4% precision over 596 steps: when
VN-GL predicts a single-participant transition, the
silver observation agrees in roughly two out of three
cases, without any training data or argument infor-
mation.5 The overall accuracy (29.4%) falls below
a majority-class baseline that always predicts trans-
formation (58.8%). This deficit is driven by two
factors: process events (n = 1655), which receive
no DET assignment and only 24% of which are con-
firmed as no-change by silver, and convergence
over-prediction (388 steps at 0% precision) from
Co-role declarations in THEMROLES. However,
where the predictor commits to transformation, it
outperforms the baseline (67.4% vs. 58.8%), and
the non-transformation predictions provide struc-
turally informative error categories that a majority-
class baseline cannot.

The process-event gap has two sources. First,
VNP may misassign a process class to a verb that
VN-GL actually encodes as a transition (a parser er-
ror that could be addressed with improved class dis-
ambiguation). Second, some verbs are genuinely
aspectually unbounded but still produce observ-
able state changes on their arguments in procedu-
ral context (stir the batter changes the batter’s state
despite stir being a process verb); this is precisely

5Restricting to the 422 concrete-filtered documents
(Section 5.3.1) yields 70.0% transformation precision
over 404 steps (27.5% overall, 1946 steps), suggesting
that non-physical procedures introduce modest noise but
do not materially affect the findings.
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Model 1 2 3 4 5 6 7 8 9 10
1. Gemma-2B —
2. Gemma-7B .30 —
3. Gemma-3-12B .25 .48 —
4. Qwen2.5-14B .28 .51 .51 —
5. Qwen3-14B .28 .56 .55 .60 —
6. Haiku-4.5 .22 .33 .44 .39 .36 —
7. Sonnet-4.6 .17 .25 .36 .30 .26 .63 —
8. GPT-4.1-mini .23 .29 .40 .36 .32 .62 .57 —
9. GPT-5-mini .16 .21 .32 .26 .23 .55 .57 .58 —

10. GPT-5.2 .16 .20 .30 .27 .23 .56 .61 .57 .61 —

Table 2: Pairwise entity-level Cohen’s κ across the ten silver annotator models. Mean κ = 0.38.

Model N κ DOM DET
Gemma-2B 241 .026 .261 .183
Gemma-7B 377 .122 .647 .538
Gemma-3-12B 408 .105 .598 .510
Qwen2.5-14B 396 .088 .634 .538
Qwen3-14B 423 .190 .683 .587
Haiku-4.5 400 .275 .570 .500
Sonnet-4.6 387 .180 .478 .433
GPT-4.1-mini 400 .190 .505 .433
GPT-5-mini 415 .171 .489 .500
GPT-5.2 382 .164 .474 .452
Majority 417 .219 .585 .654

Table 3: Individual model and majority-vote DOM la-
bels evaluated against adjudicated gold (bystander
excluded). N = entities with labels from model and
gold overlap; κ = Cohen’s kappa; DOM = entity-
level accuracy; DET = step-level accuracy.

the case where GL predicts that the argument’s
qualia must supply the result interpretation that the
verb alone does not encode.

6.3. Discussion

6.3.1. Error Sources

VerbNet Parser accuracy All DET predictions
depend on VNP (Gung and Palmer, 2021) cor-
rectly assigning a VerbNet class. VNP was trained
on declarative sentences, but OpenPI procedures
are imperative (e.g., Dice the onion). We use the
Stanza dependency parser (Qi et al., 2020) to de-
tect imperative sentences and prepend “you” before
parsing (you dice the onion), converting imperative
to pseudo-declarative form. VNP accuracy on this
augmented input was not measured; misassigned
classes propagate directly into wrong DET predic-
tions.

OpenPI noise Crowdsourced tuples contain
∼32% unreliable annotations (Wu et al., 2023), sur-
face entity strings are unnormalized, and corefer-
ence is unresolved. This noise affects both gold
inter-annotator agreement (IAA; κ = 0.41) and the
silver quality ceiling, as models must adjudicate
noisy tuples into clean DOM labels. The two behav-
ioral clusters in Table 3 reflect genuine ambiguity in

the source data as much as model disagreement.

Cardinality extraction Convergence over-
prediction is the largest single error source: 388
steps predicted as convergence (nin ≥ 2), none
matching silver. This arises from the Co-role
adjustment: classes declaring Co-Patient or
Co-Theme in THEMROLES receive nin ≥ 2, but
in procedural text these classes rarely produce
actual convergence events. Dissolution predictions
(28 steps, 32.1% precision) are recovered by the
existence classification (Section 4.2), but silver
observes transformation for 11/28 of these steps,
indicating that argument qualia overrides the
predicate’s encoded termination in procedural
context. Divergence (73 steps at 0% precision)
is a further error source where VN-GL structural
cardinality does not match the observed topology.

6.3.2. Distributed Compositionality

The transformation precision (67.4% over 596
steps) shows that the verb’s subevent structure car-
ries substantial predictive information for transition
events, without access to any argument information.
Three systematic failure modes indicate where the
predicate alone is insufficient.

VN-GL predicts emergence for 175 steps, with 51
matching silver (29.1% precision), while silver ob-
serves 468 emergence steps overall. Emergence
in procedural text is typically implicit (flour + wa-
ter → dough), where the result entity’s existence
depends on the argument’s qualia structure, specif-
ically the AGENTIVE quale that licenses a creation
reading (Pustejovsky, 1995). The existence classifi-
cation detects predicates like created and exist
and removes the role from nin, but this captures
only a fraction of actual emergence events.

Only 24% of steps classified as process events
are confirmed as no-change by silver. Verbs such
as stir, spread, and rub are aspectually unbounded
but produce observable state changes on their ar-
guments in procedural context. The verb’s aspec-
tual class yields no DET prediction; the argument’s
participation must force a result interpretation.

Of 28 dissolution predictions, 9 match silver
(32.1% precision). These are cases where VN-
GL encodes entity termination via cessation pred-
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Raw + Exist. class.
DET N P R F1 N P R F1
transformation 684 .658 .260 .373 596 .674 .233 .346
emergence 115 .348 .085 .137 175 .291 .109 .159
dissolution 0 – – – 28 .321 .043 .077
convergence 388 .000 .000 .000 388 .000 .000 .000
divergence 73 .000 .000 .000 73 .000 .000 .000
no DET 1680 .239 .762 .364 1680 .239 .762 .364
acc. .303 .294
baseline .588 .588

Table 4: DET prediction alignment with ablation. Raw: opposition pairs detected, I/O roles counted directly.
+ Exist. class.: existence/cessation tags applied to adjust cardinality for emergence and dissolution. “no
DET” includes both process events (n = 1655) and transitions with (0, 0) cardinality (n = 25). Baseline:
always predict transformation.

icates (destroyed, suffocated), and the exis-
tence classification correctly identifies the role as
input-only. Where dissolution is mispredicted, silver
typically observes transformation, indicating that
argument qualia overrides the predicate’s encoded
termination in procedural context.

Together, these failure modes delineate the
boundary between what the predicate contributes
and what the argument must supply, consistent with
GL’s claim that event meaning is distributed across
predicate and argument structure.

6.4. Future Work

The cardinality-based DET heuristic could be re-
placed with a neural classifier trained over SEMAN-
TICS blocks, predicting DET directly from predicate
structure rather than relying on role-counting rules.
On the argument side, integrating noun-level se-
mantic resources (e.g., WordNet hypernym chains,
qualia structure annotations (Pustejovsky et al.,
2009)) could extend the symbolic pipeline to cap-
ture the argument qualia that verb-only prediction
misses, testing whether VN-GL combined with a
noun resource improves DET prediction without
training data. A neuro-symbolic encoder for GL
qualia structure could learn dense representations
of predicate-argument interactions, combining the
interpretability of formal resources with the cover-
age of distributional models.

7. Conclusion

We evaluated VerbNet-GL subevent structure as a
symbolic predictor of entity identity change in pro-
cedural text. From VN-GL SEMANTICS blocks, we
derived aspectual classifications and I/O counts
to produce symbolic DET predictions over ∼3100
OpenPI steps, evaluated against silver DOM la-
bels from a ten-model LLM ensemble. The verb-
only predictor achieves 67.4% precision for trans-
formation over 596 steps (29.4% overall), indicating

that formal subevent structure carries predictive sig-
nal for transition events. Systematic failures—low
emergence precision, process-event state changes,
and argument-qualia overrides in destruction-class
verbs—correspond to cases where GL theory pre-
dicts that argument qualia is required to complete
the event interpretation, providing evidence that
event semantics is distributed across predicate and
argument structure. The VN-DET code, gold and
silver datasets, and annotation guidelines will be
released upon publication.

8. Limitations

Our evaluation depends on the VerbNet Parser for
class assignment, which was trained on declar-
ative sentences and has not been evaluated on
imperative procedural text; the pseudo-declarative
conversion (prepending “you”) is a heuristic miti-
gation whose accuracy remains unmeasured, and
misassigned classes propagate directly into DET
prediction errors. The silver standard, while vali-
dated against gold annotation, inherits noise from
OpenPI’s crowdsourced tuples (∼32% unreliable
per Wu et al. (2023)). Among the 2077 mispredic-
tions, convergence over-prediction (388 steps from
Co-role declarations), divergence over-prediction
(73 steps), and process events (only 24% of 1655
steps confirmed as no-change by silver) are the
most prominent residual error sources. Finally,
the evaluation covers only WikiHow procedures,
which skew toward physical tasks; generalization
to other procedural domains (e.g., scientific proto-
cols with different verb distributions, or assembly
manuals relying more on nominal predicates) re-
mains untested.
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A. Silver Annotation Prompt

The following prompt and few-shot examples are
used for all ten LLMs in the silver annotation en-
semble.

System Prompt

You classify entity identity
changes in procedural text.

Given a procedural goal, the
steps completed so far, the cur-
rent step, and a list of entities
with their observed attribute
changes, classify each entity’s
identity status at this step.

Labels (use exactly one per en-
tity):

– transform: the entity’s TYPE
changes while its identity is
preserved. You would call it by
a different name afterward. Ex-
amples: raw dough becomes baked
bread, whole onion becomes diced
onion, empty bowl becomes bowl
of batter. Moving an entity to
a different location or changing
its temperature alone is NOT a
transform.

– created: the entity comes into
existence at this step; it did
not exist as a distinct object
before.

– destroyed: the entity ceases
to exist at this step; it is used
up, discarded, or absorbed into
something else.

– unchanged: the entity is a
physical object that partici-
pates in the step but is not
meaningfully altered. It is the
same kind of thing before and
after. Tools being used (knife,
oven, bowl), entities that merely
change location, and entities
with superficial attribute dif-
ferences (e.g. same temperature)
are unchanged.

– irrelevant: the entity is not
actually involved in this step,
or is not a physical object. Use
for: agents/users performing
the procedure (e.g. “you”, “your
hands”), abstract concepts (e.g.
“knowledge”, “confidence”), and
entities whose attribute change
is nonsensical given the step.

For each entity listed, judge its
status at the current step. Re-
spond with exactly one line per
entity in the format:

entity_name: label

Do not add explanation or commen-
tary.

Few-shot example (1 of 5)

User:
Goal: Make Mango Marinade
Procedure so far: Prepare and
measure all ingredients. / Add
all the ingredients to a food
processor.
Current step: Blend thoroughly
until you achieve a smooth tex-
ture.
Entities:
ingredients: texture=lumpy-
>smooth, texture=intact->blended
food processor: state=on-
>through blending
mixture: texture=chunky-
>smoother

Assistant:
ingredients: transform
food processor: unchanged
mixture: transform

The complete set of five few-shot examples is avail-
able in the released codebase.
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Abstract
In this paper we introduce an example-based method for exploring dependency treebanks that is based on principles
of vector symbolic architectures. It leverages key properties of this framework to provide fast and flexible search
capabilities, since all combinations of query parameters can be compared with a given parse tree in parallel via
a single vector operation. The framework also allows for graded similarity and the natural integration of various
kinds of information, such as word embeddings. After some background on the framework and an explanation
of our implementation, we provide a few examples of the system’s output and draw comparisons to similar applications.
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1. Introduction

Treebanks contain a great wealth of data that can
be very helpful in the development of linguistic the-
ories. Making effective use of that information can
be challenging, in part due to the size of a typi-
cal treebank, but largely due to complex structure
of the data itself. Thus such datasets are usually
queried using specialized query languages that en-
able one to specify very precisely what structures
are sought. This precision is not always an asset.
Sometimes it’s not clear exactly what constraints
are necessary, and, for some phenomena, there
is a natural range of variation that can be difficult
to specify precisely. In such cases, a robust and
flexible approach to treebank exploration can be
useful.

In our contribution, we describe an approach to
searching dependency treebanks that is example-
based and leverages properties inherent to the
framework of vector symbolic architectures to make
this process both fast and flexible. Our approach is
lightweight and can easily be run locally on ordinary
computer hardware, and every query, regardless
of its apparent complexity, takes the same amount
of time. This amount of time is strictly linear with
respect to the number of sentences in the treebank.
Our approach is also robust and flexible. Rather
than users needing to specify upfront which con-
straints may be relaxed in order to improve recall,
our VSA search approach is fuzzy, since all pos-
sible combinations of features are queried simul-
taneously. The system works by measuring the
similarity between a query and all of the sentences
in the treebank, on which basis it then provides
a ranking of all the sentences. The more proper-
ties that overlap between the query example and
the candidate, the higher its similarity, and thus its

ranking, will be.
Beyond these immediate practical advantages,

this framework has intriguing potential in other re-
spects. In principle, many different kinds of data
can be represented, such that results can be pre-
ferred when they are similar to the query with re-
spect to more than just their syntax. For instance,
numbers can be represented as similar when they
are similar in quantity, and words can be made
more similar on the basis of their overall distribu-
tion, in both cases introducing semantic factors to
influence the search results.

We will begin, in Section 2, with a comparison of
our approach with similar efforts from the literature,
before offering a brief introduction to vector sym-
bolic architectures in general (Section 3). Then,
we describe the specific encoding strategy that we
use in our approach in Section 4. Section 5 shows
the results for some example queries, as well as
some discussion and analysis of these results. Fi-
nally, in Section 6, we will discuss some of our
plans for extending and improving our approach in
future work. All of the software described in this pa-
per is available from https://codeberg.org/
aroussel/vsatreebank under a free software
license (GPLv3).

2. Related Work

In existing tools for searching dependency tree-
banks, such as Gärtner et al. (2013) and Luotolahti
et al. (2015), queries can be understood as a set
of constraints. A candidate is only considered a
match if all of the constraints hold. This is often
exactly what one wants from a search tool. In other
scenarios, one may wish for a query to be some-
what more flexible, or one may not know exactly
in what order the constraints should be loosened
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in order to retrieve the desired results. A further
complication is that search tools, especially those
for searching treebanks, often require the use of
specialized query languages.

Attempting to address these issues, example-
based search tools have been introduced, such as
the Linguist’s Search Engine (Resnik and Elkiss,
2005) and GrETEL (Augustinus et al., 2012; Odijk
et al., 2017), which are more closely related to the
strategy we are presenting here. In this style of
search tool, the user begins with an example of
the construction of interest, which is parsed auto-
matically. The user then has the option to delete
uninteresting parts of the parse tree or to stipu-
late that the lemma must match or that only the
POS must match, etc. In this way, constraints are
manually relaxed, so that similar but non-identical
matches can be found.

In contrast, the approach that we are proposing
does not necessarily require any such adjustment
of the query, since the comparisons are fuzzy by
default. All components of a parse tree are com-
pared simultaneously. Any non-matching elements
register as mere noise, and matching elements
increase the similarity between the query and a
candidate. A nice side-effect of this fuzzy match-
ing is that it provides a workaround for sentences
that may have been mis-parsed by the automatic
parser, in that such errors won’t necessarily lead to
relevant candidate sentences being missed. These
properties follow naturally from the properties of
VSA/HDC representations.

There are further advantages that VSA vector
representations have to offer. Karlgren (2023) ar-
gue that they offer the promise of using linguistically
meaningful and structured representations in con-
texts that ordinarily demand vectors. Accordingly
this application to searching treebanks draws its
strengths from these two aspects. Because com-
plex data structures are representable with VSAs,
they can be used to represent parse trees, and
because vector representations allow for efficient,
graded comparisons, those parse trees can be
quickly ranked according to their relevance.

Widdows and Cohen (2015) apply techniques of
VSAs in order to construct a knowledge base of
relational triples, which can be explored through
the use of specially constructed query vectors, an
approach they call “predication-based semantic in-
dexing” or PSI. Specifically, the authors describe
the application of PSI to a biomedical knowledge
base, so the predication triples describe relations
like “insulin treats diabetes mellitus”. One can con-
struct vectors that represent questions, like “what
treats diabetes?”, and then receive in the list of the
nearest neighbors some possible answers. Such
query vectors can also be constructed on the basis
of analogies, as in Kanerva’s classic “what is the

dollar of Mexico?” example (Kanerva, 2009).
This general approach of constructing a query

vector and finding the nearest neighbors in a
database is the same basic operating principle of
our treebank search approach, as described in this
paper. We provide a more detailed description of
this procedure in Section 4 below.

3. Background on vector symbolic
architectures

Vector symbolic architectures, also known as hy-
perdimensional computing (HDC), are a comput-
ing framework that rely on certain properties of
high-dimensional vector spaces, typically 10 000
or more. (For a more detailed introduction, see:
Kanerva (2009); Schlegel et al. (2022); Kleyko et al.
(2022).) In such high-dimensional spaces, with say
10 000 dimensions, there are exactly 10 000 orthog-
onal vectors, but there are very many more nearly
orthogonal vectors, such that any two randomly
chosen vectors are very likely nearly orthogonal.
From this it follows that we can readily generate a
new vector for any given symbol just by choosing
a random vector from this high-dimensional space,
and each of these symbolic vectors is distinguish-
able from the others in that the similarity between
them, according to an appropriately chosen met-
ric, is ≈ 0, that is, they are nearly orthogonal. By
contrast, correlated vectors, according to context,
may correspond to equivalence, similarity, or set
membership.

In addition to a vector space, vector symbolic
architectures also define a few key operations in
this space.1 The first, termed “bundling” and repre-
sented by +, takes two vectors and yields a vector
that is similar to both of the input vectors. It is also
known as “superposition”. Then there is a “binding”
operation, represented by ⊗, that takes two vectors
and yields a vector that is dissimilar to both of them.
The inverse of the binding operation, “unbinding”,
is represented by �. In logical terms, bundling can
be thought of as akin to ∨ and binding akin to ∧.
There is also an additional operation, permutation,
represented as ρn, indicating the application of this
operation n times. Permutation is a unary opera-
tion that produces a vector that is dissimilar to the
input vector. With these basic building blocks, vari-
ous data structures can be implemented, such as
key–value sets, sequences, or graphs.

There are various ways that such a vector sym-
bolic architecture can be implemented. In this work,
we use a variant that uses dense binary vectors,
referred to as binary spatter code or BSC (Kanerva,
1996). In this variant, binding is implemented by

1In the following, we will adopt the notational conven-
tions used in Schlegel et al. (2022).
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the XOR operation, bundling is element-wise ma-
jority rule (i.e., an element is 1 if the sum across n
inputs is > n/2), and the similarity metric is derived
from the Hamming distance. In BSC, the bundling
and binding operations are commutative and asso-
ciative, and binding distributes over bundling. The
binding operation is reversible and each vector is
its own inverse in BSC, meaning that it is in the-
ory always possible to analyse a vector and see
what internal structure it has. I.e., one can unbind
the key from a key–value pair to retrieve the value:
B ≈ A� (A⊗ B).

4. How the system works

4.1. Encoding syntactic dependencies
Each token is encoded as a bundle of key–value
pairs. Of the standard UD fields we use form,
lemma, upos, and xpos, as well as any features
included in feats. Such a bundle of key–value
pairs is thus constructed as follows:

vform ⊗ vworm + vupos ⊗ vNOUN ... (1)

In order to distinguish between keys and values,
we permute the key vector. This is motivated by two
things: One is that this acts as a kind of “names-
pace” for keys vs. values. By permuting vform, we
can keep the use of this vector as a key distinct from
its use as a value. So when a token’s form happens
to be “form”, this is represented as ρ1vform ⊗ vform.
This becomes especially relevant in BSC, since in
BSC, each vector is its own inverse. The same
vector, e.g. for “form”, bound to itself will cancel
itself out (vform ⊗ vform ≈ ~0). The risk is perhaps mi-
nor, but to avoid such problems without necessarily
needing to store an extra vector for each potential
key, we simply permute each vector when it is used
as a key.

ρ1vform ⊗ vworm + ... (2)

4.2. Encoding strategies for dependency
relations

The dependency relations are handled specially.
One can think of them either as predicates that
apply to entire token bundles, as in (3), in which
case the equation corresponds fairly directly to the
parse tree. Alternatively, due to distributivity of the
operations involved, one can also think of each
sequence of dependency relations as encoding a
path of keys to a value, as in (4). The degree of
permutation applied to each key is significant, and
it reflects the order in which a sequence of edges
must be followed to arrive at a particular terminal
node.

ρ2vnsubj⊗(ρ1vform⊗vworm+ρ1vupos⊗vNOUN ... ) (3)

ρ2vnsubj ⊗ ρ1vform ⊗ vworm+

ρ2vnsubj ⊗ ρ1vupos ⊗ vNOUN+

...

(4)

Due to the inherent properties of the binding op-
eration, each such path of keys is distinct: A token
at the path ρ3vnsubj⊗ρ2vdet isn’t similar to one found
at ρ2vdet.

Subtree encoding. In order to facilitate the
matching of properties regardless of their depth
in the parse tree, the Subtree encoding strategy
includes all of the subtrees for each token in the
top-level bundle. That is, for an instance of the in
a subject noun phrase, we would add the feature
bundle for this token at all of the following paths:

ρ3vnsubj ⊗ ρ2vdet ⊗ ρ1vform ⊗ vthe+

ρ2vdet ⊗ ρ1vform ⊗ vthe+

ρ1vform ⊗ vthe ...

(5)

Each token is represented by a bundle of such
feature paths, corresponding to its specific location
and depth in the parse tree. The representation
for the whole parse tree is then the bundle of all of
the token representations. The following equations
give the whole representation (9) for the sentence
The worm reads, assuming that the tokens only
have word form and UPOS annotations:

R = (ρ1vform ⊗ vreads + ρ1vupos ⊗ vVERB) (6)
W = (ρ1vform ⊗ vworm + ρ1vupos ⊗ vNOUN) (7)

T = (ρ1vform ⊗ vthe + ρ1vupos ⊗ vDET) (8)

R + ρ2vnsubj ⊗W + W+

ρ3vnsubj ⊗ ρ2vdet ⊗ T + ρ2vdet ⊗ T + T (9)

One potential drawback of this strategy is that it
tends to lead to more components being bundled
into each sentence. Thus (9) contains 6 compo-
nents at the top-level. For more complex sentences
with many lexical features, the number of compo-
nents can often exceed 100.

Thin encoding. The Thin encoding strategy, by
contrast, doesn’t take any special steps to facilitate
matching independently of depth. It has the advan-
tage of requiring fewer components in total, only
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3 in the case of The worm reads instead of 6, as
with the Subtree strategy. This could mean faster
encoding and less noise in the sentence vectors
due to bundling. However, there is the potential
disadvantage that a query will only be similar to a
sentence if the phrases in the query are embedded
at the same depth as in the sentence.

R + ρ2vnsubj ⊗ W + ρ3vnsubj ⊗ ρ2vdet ⊗ T (10)

Flat encoding. The Flat encoding strategy is an
alternative way of making queries match more flexi-
bly which requires fewer components than the Sub-
tree strategy. In (11), only 4 components are re-
quired. According to this strategy, more deeply
embedded elements are expressed by permuta-
tion alone, rather than all elements of a path being
bound together into a single key. The effect is that,
in contrast to the Subtree strategy, a nsubj rela-
tion two steps away could match, even when the
intervening edges don’t match, which may or may
not be a desirable kind of flexibility.

R + ρ2vnsubj ⊗W + ρ2vdet ⊗ T + ρ3vnsubj ⊗ T
(11)

4.3. Parsing user queries and performing
the search

The user provides a query in the form of an ex-
ample phrase or sentence. The provided query is
sent to be processed by the Spacy package (Hon-
nibal et al., 2020). At this point it is important that a
parser model is used that provides parses similar to
those in the treebank to be searched. In the tests
described below, we make use of treebanks an-
notated according to the Universal Dependencies
(UD) standard (de Marneffe et al., 2021), thus it is
important that Spacy models used were trained on
UD data also.

Once the user query has been parsed, it is then
encoded in the same manner as the sentences
in the treebank. We then have one vector for the
query and one for each sentence in the treebank.
To perform the search, the query vector is simply
compared to all of the sentence vectors, and the
sentences are then ranked on the basis of the re-
sulting similarity values.

This is the scenario that requires the least in-
tervention on the part of the user. Thanks to the
automatic parsing, the example sentence can be
used as-is. On the other hand, it is also possible
to construct the parse tree directly, ensuring that it
has precisely the desired structure. This manually
constructed parse tree can then be encoded and
applied in the same fashion as otherwise.

5. Results

5.1. Resource requirements
The strengths of this approach lie in its simplicity
and the minimal computing resources it requires.
Yet, despite these properties, it is capable of pro-
ducing the kind of results that otherwise require
some computationally fairly complex indexing and
memoization strategies.

The current implementation comes in at just
about 400 lines of Python code. All of the tests
described below were run on an ordinary, though
somewhat aged, consumer-grade laptop from 2016.
Most relevantly, since all of the computations de-
scribed run single-threaded on the CPU, this laptop
has an Intel Core i5-6267U with a base frequency
of 2.9 GHz. Thus all of the timings given below can
be considered fairly conservative, since most users
are likely to have newer hardware than this.

The encoding process usually takes a few min-
utes, depending on the encoding strategy em-
ployed. The ca. 65 000 sentences of the Lassy
Small corpus (van Noord et al., 2012) are encoded
on the test hardware in about 8 min with the Thin
strategy, 14 min with the Subtree strategy, and
17 min with the Flat strategy. This is a step that
generally only needs to be done once, after which
the encoded corpus vectors can be stored and re-
trieved from disk to be queried freely.

Such a corpus of ca. 65 000 sentences requires,
when using bitpacked binary vectors with 10 000
dimensions (thus 1 250 B for each vector), about
200 MB on disk. This includes all of the vectors
for each feature key, vocabulary item, etc., that
is, each “symbol” in the VSA, as well as all of the
vectors for each sentence in the corpus.

As mentioned above, searching the treebank in-
volves a single vector operation for each sentence
in the treebank. Both the query and each sentence
are represented by a vector, and the vector oper-
ation in question measures the similarity between
them. In this implementation, based on BSC, this
operation is essentially the Hamming distance be-
tween the vectors, which itself amounts to XOR,
more or less. Since this operation is always the
same, each query takes the same amount of time,
regardless of its apparent complexity. On the test
hardware, a search in the Lassy Small corpus takes
about 0.11 s. The amount of time it takes to run
such a search is exactly linear with respect to the
number of sentences in the treebank.

5.2. Example 1: NP with PP
In order to give an impression of the sort of re-
sults that one can get according to the approach
we’re proposing, we would like to present a compar-
ison with an existing example-based search sys-
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tem, GrETEL. For the comparison we will use this
example from Augustinus et al. (2012):

(12) Het doden van olifanten is verboden.
‘Killing elephants is prohibited.’

If the whole sentence is used to query the tree-
bank as-is, then we already see that the near-
est neighbors for this query are quite reasonable
matches (Figure 1). They all reflect the basic syn-
tactic structure of the query sentence, and we can
also observe that many of these are not only alike
in terms of their syntactic relations but also with
respect to various morphological properties, such
as the noun’s being a deverbal noun and the prepo-
sitional object being plural. Further down the list of
nearest neighbors (not included in the figure), we
find sentences that contain the same basic struc-
ture but contain a number of other elements or
have the words in a different order, illustrating the
flexibility of the system:

(13) Voor mannen is het dragen van een korte
broek in het openbaar verboden.
‘For men, wearing shorts in public is
prohibited.’
(WR-P-E-H-0000000049.p.37.s.4)

This sentence is the 10th best match for (12), with
a similarity of 0.37.

By contrast, the GrETEL system returns 4 exact
matches for a similar level of user interaction, that
is, providing only the whole example sentence and
accepting the default settings, which require the
presence of all nodes in the query. But this is not
how GrETEL is meant to be used, and Augusti-
nus et al. (2012) show how an example sentence
can be reduced to just the relevant phrase in order
to turn up more relevant cases from the treebank.
For the reduced query example from that paper,
focusing on just the noun phrase het doden van
olifanten, GrETEL returns 48 matches using the
default settings.

The top 5 results from our system for this same
phrase are shown in Figure 2. With these results,
we can make a few additional observations about
the properties of our approach. One is that tree-
bank entries that only consist of matching phrases
are preferred. Since there are no additional “noise”
elements, the similarity is greater. Secondly, we
see that some of the matches have multiple noun
phrases that are similar to the query. For such en-
tries the similarity is also greater, since there are
more matching structures in the same sentence.

In both of these sets of results, we can see an-
other way that the application we describe here
differs from a conventional search engine, which
is that our approach results in a ranking of all of
the candidate sentences according to all of the
available information. In a conventional search

approach, there is no ranking, and each instance
either matches or it doesn’t. Thus while some of
the 48 GrETEL matches are among the top 10
from our system (cf. Section 5.4 below), the highly
ranked instances can be similar in unexpected and
serendipitous ways, e.g. by sharing morphological
features that one would not want to use as con-
straints.

With our VSA-based approach we can include
all of the features: form, lemma, POS, number,
case, etc., and all of these can be used to find
matches that are as similar as possible without
ruling anything out. Yet, due to the way they are
combined in the high-dimensional vector represen-
tations, namely in superposition, all of the combi-
nations of features are compared simultaneously
and no decisions are required from users a priori
regarding which constraints may or may not be
loosened.

5.3. Example 2: Shell nouns
As further example, we consider a hypothetical
case in which one is looking for examples of shell
nouns (Schmid, 2000). Shell nouns are a class of
nouns that serve to encapsulate possibly complex
propositional content in order to make it easier to
talk about. Shell nouns can typically be found in
sentences like De hoofdzaak is dat je beter wordt
‘the main thing is that you get better’, i.e., there is
often an abstract noun with a clausal complement.

The top 5 most similar sentences when querying
the encoded Lassy Small corpus using this sen-
tence are shown in Figure 3, in this case using the
Flat encoding strategy. All 5 of these sentences
contain good examples of shell nouns, and of the
top 25 nearest neighbors, 17 contain shell nouns.

With the GrETEL search tool, there are no
matches for De hoofdzaak is dat je beter wordt in
Lassy Small when the whole example is submitted.
But, using the tool as intended and deleting certain
non-essential nodes, namely je and beter in this
case, we then get 127 matches after approximately
2 s to 3 s. These matches appear to generally be
good examples of shell nouns: A random sample of
20 all contained clear examples of shell nouns, with
nouns such as feit ‘fact’, voorwaarde ‘condition’, or
probleem ‘problem’.

5.4. Quantitative comparison
In order to get a clearer idea of how well this ap-
proach works and how it compares to existing
methods, we carried out a direct comparison be-
tween the exact matches returned by GrETEL and
the ranking given by the system we propose here.
Specifically, we want to know, for those cases
where exact matches are returned by GrETEL for a
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0.40 Het nalaten van het identificeren van risicogroepen kan tot ongewenste
gezondheidsrisico’s leiden.
‘The cessation in identification of at-risk groups can lead to unwanted
health risks.’

0.39 Het houden van gedomesticeerde dieren heet veeteelt.
‘The keeping of domesticated animals is called husbandry.’

0.39 Het stellen van confronterende vragen leidt tot spanningen.
‘The posing of confrontational questions leads to tensions.’

0.39 Het erkennen van fouten door de NS-directie is geen alledaags verschijn-
sel.
‘The acknowledgment of errors by the NS management is no everyday
occurrence.’

0.38 Het creëren van een winwinsituatie is in ieder geval fundamenteel.
‘The creation of a win-win situation is always fundamental.’

Figure 1: Top 5 matches for the example in (12) from the Lassy Small corpus, using the Subtree encoding
strategy.

0.48 Het wegnemen van organen
‘The removal of organs’

0.43 Het ploegen van het land met behulp
van paarden
‘The plowing of the land with the use of
horses’

0.42 Verzamelen van handelsstatistieken
‘Collection of trade statistics’

0.42 Instellen van medicijnen
‘Introduction of medications’

0.41 Toedienen van medicijnen
‘Administration of medications’

Figure 2: Top 5 matches for the noun phrase het
doden van olifanten from (12), using the Subtree
encoding strategy.

given query, where those sentences appear in the
overall ranking that is produced by our approach.

There are a few caveats to be aware of for this
comparison. Each example sentence or phrase
that is used as a query contains more features than
just those that one is necessarily interested in, and
these extra features can increase the ranking of
some sentences. Furthermore, sentences that con-
tain matching features are considered more similar
if those matching features occur more than once,
since each time an encoded feature is included
in a sentence vector, its signal is amplified and
made more prominent. Another challenge for this
comparison are the different formats used by the
two systems. Whereas GrETEL searches the con-
stituency parses of the Lassy treebank, our system
uses the UD conversion of the treebank. While the
two should be generally quite close, it could nev-
ertheless be the case that sentences that exactly
match the query based on the constituency parse

don’t match the dependency parse given by Spacy.
While we therefore would not expect that these

should match up exactly, we would expect that sen-
tences that do contain the phenomenon of interest,
as reflected in its status as an exact match, should
at least be ranked higher in general than sentences
that do not.

In order to quantify where the system places the
exact matches, we use percentile rank. This is for
two main reasons. The first is that the similarity
values from each encoding strategy aren’t directly
comparable, since the overall degree of similarity
that each encoding strategy results in differs. For
the shell noun query, the average similarity for all
sentences in the treebank is 0.07 for the Subtree
strategy, 0.03 for Flat, and 0.02 for Thin.2 Since
the Subtree encoding strategy results in more com-
ponents being bundled into each sentence vector,
the similarity values tend to be higher, whereas with
the Thin strategy there are fewer components to
match and lower similarity values. Second, using
percentile rank instead of ranks directly makes the
numbers easier to interpret, since values vary from
0 to 100, with values close to 100 indicating a high
ranking for a match. The results of the comparison
are summarized in Table 1.

5.5. Discussion
Comparing encoding strategies. In general, as
is apparent in Table 1 and Figure 5, there appears
to be a stronger correlation for the shell noun query,
in that sentences that match this query exactly tend
to be ranked higher by our approach, regardless of
the encoding strategy used. For this query, the Flat
strategy has a few more outliers than the other two,
but the distribution looks more or less the same for
all three.

2Cf. the overall distribution of similarity values in Fig-
ure 6.
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0.17 De enige waarheid is dat de journalisten logen.
‘The only truth is that the journalists lied.’

0.15 Het is de bedoeling dat de maatregel afschrikkend werkt.
‘It is the goal that the measure works as a deterrent.’

0.14 Het voordeel daarvan is dat je de zaken op een onafhankelijke manier
kunt bekijken.
‘The advantage of that is that you can view things in an independent
manner.’

0.14 De verwachting is dat de Italiaanse troepen zeker tot 2005 zullen blijven.
‘The expectation is that the Italian troops will stay at least until 2005.’

0.14 Maar het is de vraag of dat ooit gaat lukken.
‘But it is the question whether that will ever work.’

Figure 3: Top 5 matches for the shell noun example De hoofdzaak is dat je beter wordt using the Flat
encoding strategy. Shell nouns are highlighted in boldface.

NP with PP Shell nouns
Strategy PR PR

Subtree 91.4 ± 11.3 97.3 ± 3.7
Thin 42.7 ± 27.1 98.3 ± 2.6
Flat 89.3 ± 12.7 96.1 ± 6.2

Table 1: Average percentile rank of exact hits re-
turned by GrETEL for both queries, according to
each encoding strategy.
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Figure 4: Percentile rank of exact hits for the NP
with PP query, according to each encoding strategy.

The results for the first query, shown in Figure 4
are revealing: Here we observe a very wide spread
of rankings for the exact matches when the Thin
encoding strategy is used, which shows that there
is little correlation between the rankings and the
exact matches. The contrast is even more stark
when we compare with the shell noun query, where
no such deficit is evident. The contrast is probably
due to the environments where each target pattern
is found. Whereas shell nouns with complement

subtree thin flat

0.7
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0.9

1.0

Figure 5: Percentile rank of exact hits for the shell
noun query, according to each encoding strategy.

clauses are often or even usually found in matrix
sentences, i.e. not embedded, NPs with PPs are
likely to occur at a variety of depths in a parse
tree. Since the query phrase is not embedded
when parsed by Spacy and the Thin encoder only
encodes full relation paths, the query and the stored
sentence vectors are going to be dissimilar. This
case demonstrates the utility of the Subtree and
Flat encoding strategies.

Different kinds of data. One of the interesting
possibilities that this class of approach offers, be-
sides the computational simplicity and flexibility, is
the ability to design representations that are both
structured and support graded similarity. Whereas
the default assumption that every symbol is differ-
ent from all the other symbols would be reflected in
the use of a new random vector for each symbol,
it is also possible to apply various techniques to
build in varying relations and degrees of similarity
between vectors.
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Figure 6: Overall distribution of similarities for the
shell nouns query, using the Thin encoding strategy,
with the similarity values for the exact hits superim-
posed as vertical lines.

For instance, in UD there are various subtypes
of dependency relations. Thus you find relations
like acl:relcl ‘relative clause modifier’, which is
a subtype of the broader relation acl ‘adnominal
clause’, and aux:pass ‘passive auxiliary’, which is
a subtype of aux ‘auxiliary’. In such cases, we can
choose vectors for such subtypes that reflect their
relatedness. For this, we use a function that returns
a vector, in which some specified percentage of the
elements are kept the same as a given input vector
and the rest are random as usual. Thus the new
vector will be the specified distance from the input
vector and approximately distinct from other vectors
generated in the same way.

The vectors for particular lexical items can be
similarly adapted to evince a degree of similarity
that is appropriate to a given application. Whereas
a default approach would be to use random vec-
tors for each new lexical item, saying merely that
one item is different from another one and nothing
more, one might derive lexical representations from
various other sources. One could use word vectors
derived from the (surface) distribution of words in
a given corpus or one could use some kind of sen-
sory data, such as imaging data, as in Eliasmith
(2013), or even some combination of these.

The representations could also be designed to
reflect properties of the word strings themselves.
One way to encode strings is to assign random
vectors to character n-grams as primitives and to
compose them to arrive at the representation for a
given string (Joshi et al., 2017). Another method
uses “demarcator” vectors (Cohen et al., 2014) that
correspond to each of the positions in the string,
from left to right. These are each generated to be

similar to their neighbors, such that a letter appear-
ing close to the beginning of a string, whether at the
second or third position, will have a similar vector
representation. Both of these would differ more
significantly from a letter bound to the demarcator
vector corresponding to the end of a string.

It would also be simple to include information
about each token’s location in the sentence using
this same demarcation vectors technique. Accord-
ingly, tokens in a similar position relative to the
beginning or end of a sentence would have greater
similarity due to this feature’s inclusion.

Limitations and open questions. While the
fuzziness in the search results is automatic insofar
as it follows directly from the properties of VSAs
and it has certain advantageous qualities, e.g. that
queries need not be precisely formulated and may
consist of an example sentence as-is, there are also
some potential disadvantages, specifically with re-
gard to search applications.

In particular, it’s not obvious how either certain
parts of the query can be made into requirements
or, by the same token, how certain results can be
ruled out by way of constraints.

Instead of required query components, in Wid-
dows and Cohen (2015) suggest “superposing addi-
tional cues” as one method of lending more weight
to certain components of a query. So if it is impor-
tant that the results include the word fact, then one
would add ρ1vform ⊗ vfact two or three extra times
into the query bundle. Then any sentences that
include this feature would be ranked higher.

With respect to constraints, since non-matching
elements only count as noise and thus have little
effect on the similarity of a particular instance, it
is also unclear how irrelevant instances can be
made less similar so that they appear lower in
the results ranking. It may be possible to include
something like constraints by negating these irrele-
vant components (i.e., in BSC, flipping all the bits),
ρ1vform⊗v−1

worm to make instances including the word
form worm less similar, but this has not been tested
yet.

6. Conclusion

In this paper we described an efficient means of
making dependency treebanks easily and quickly
searchable using techniques derived from vector
symbolic architectures. The current application al-
ready provides a useful means of finding sentences
that are syntactically similar to the provided query,
whether the query consists of a complete example
sentence or a phrase corresponding to some con-
struction of interest. The implementation is quite
simple conceptually, and it requires much less com-
putational resources than comparable existing ap-
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plications. Every query amounts to a simple vector
operation that is performed exactly once for each
sentence in the treebank.

Apart from being lightweight and simple to imple-
ment, this is an approach that has some intriguing
properties, particularly in its fuzzy matching behav-
ior and its ability to integrate a variety of kinds of
data, thus we consider it to be worth further explo-
ration.

As these initial tests have given some promising
results, we plan to develop this approach further
in future work. In particular, we plan to test the
optional integration of word embeddings to repre-
sent an additional feature in each token bundle.
The idea would be that syntactically similar sen-
tences that also use distributionally similar vocab-
ulary would be ranked higher than sentences that
are similar in syntax alone. We also plan to deter-
mine whether it would be possible to transfer this
approach to other kinds of VSAs, which, among
other things, could make it easier to integrate em-
beddings.
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Abstract
Neural machine translation (NMT) has become the predominant approach for automated translation, yet conventional
models trained on extensive bilingual datasets exhibit critical limitations, including quadratic scaling of training
data, sensitivity to out-of-distribution inputs, and a lack of interpretability. Inspired by the classical “translation
pyramid" concept, which advocates for translation via a semantic pivot (interlingua), this work explores the integration
of Abstract Meaning Representation (AMR) as a structured semantic intermediary to decouple translation into
comprehension (source-to-AMR) and generation (AMR-to-target) phases. Concretely, we adopt English AMR as the
pivot representation: all source sentences — regardless of their language — are mapped to English AMR graphs,
which are then used to generate the target language. We conduct a pilot study using a strong AMR parser to create a
multilingual silver-standard AMR corpus from the United Nations Parallel Corpus, covering six languages: Arabic (ar),
Chinese (zh), English (en), French (fr), Russian (ru), and Spanish (es), training modular semantic understanding and
generation components for each language. Experimental results demonstrate that our approach achieves an average
improvement of 3% in robustness and over 15% in generalization compared to traditional Seq2Seq baselines.
Analysis suggests that enhancing semantic parsing and generation accuracy could bridge the gap to conventional
NMT systems. To our knowledge, this is the first work to integrate AMR as a semantic pivot in NMT, offering
enhanced transparency, scalability, and robustness. This study underscores the potential of semantic-driven trans-
lation frameworks and provides a foundation for future research in interpretable, resource-efficient multilingual systems.

Keywords: machine translation, abstract meaning representation, semantic pivot

1. Introduction

Neural machine translation (NMT) (Bahdanau et al.,
2014) has become the dominant method for ma-
chine translation. Traditional NMT methods use
a neural string transducer architecture, typically
the Transformer (Vaswani, 2017), which consists
of a neural encoder and a neural decoder. The for-
mer is used to find a representation of the source
input, while the latter generates the target output
sequence. Trained on large datasets (e.g., tens
of millions of bilingual sentence pairs), NMT mod-
els yield strong results for resource-rich languages.
Recently, with advances in large language mod-
els (LLMs) (Touvron et al., 2023; Xu et al., 2023;
Ganesh et al., 2025), decoder-only NMT systems
have attracted increasing attention. These meth-
ods typically make use of a base LLM that contains
knowledge across many languages and fine-tune
the model with a relatively smaller amount of bilin-
gual sentence pairs (e.g., tens of thousands). By
leveraging the rich multilingual knowledge in base
models, LLM-based MT has shown promising per-
formance.

Despite their strong performance, existing NMT
systems still face several fundamental challenges.
First, they rely on extensive multilingual sentence
pairs for training, which scales with square com-
plexity (Koehn and Knowles, 2017). For tradi-
tional NMT systems, this can necessitate training

O(n2) separate models. While modern multilingual
NMT systems can consolidate this into a single
universal model, the complexity and language bal-
ance of the training data remain a significant chal-
lenge(Johnson et al., 2016; Aharoni et al., 2019).
Second, existing NMT systems have been shown
to be sensitive to out-of-distribution (OOD) data
(Yin et al., 2023; Li et al., 2024), and give low per-
formances on low-resource language pairs. Spu-
rious features have been shown to be frequent
in sequence-to-sequence (Seq2Seq) transducers,
which deviate from the human rationale for trans-
lation (Yin et al., 2022). Third, NMT models are
not directly interpretable in their translation process,
and thus, it can be difficult for monolingual speak-
ers to identify potential errors (Belinkov and Glass,
2019).

One key cause of the above shortcomings is the
Seq2Seq mapping nature of NMT models. They
learn to synthesize the target translation condi-
tioned on the source sequence token by token,
rather than first comprehending the source and then
yielding the target output according to the semantic
representation (Bender et al., 2021). Surface-level
mappings are shallow, require large bilingual train-
ing data, and can be prone to spurious features.
As shown in Figure 1, in traditional machine trans-
lation research, a “translation pyramid” model has
been discussed, which shows an ideal scenario that
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Figure 1: The machine translation pyramid cate-
gorizes approaches based on the extent of anal-
ysis and generation required. The interlingua ap-
proach involves comprehensive analysis and gen-
eration, while the direct translation approach mini-
mizes both. The transfer approach falls between
these two extremes.

makes use of a semantic pivot (or inter-lingua) for
understanding-writing-style translation (Hutchins,
1995). A fundamental advantage of translating
through a shared semantic representation lies in
its inherent modularity and robustness.

The process involves: (i) Semantic Under-
standing: converting the source sentence into
a language-independent meaning representation,
and (ii) Surface Realization: generating the target
sentence from this representation. This structure
naturally avoids overfitting to superficial source-
target correlations, leading to better generaliza-
tion. Moreover, translation errors become inter-
pretable—they stem either from inaccuracies in
the semantic representation or from failures in the
target language generation. Crucially, the modu-
lar design requires only O(n) components: each
language necessitates one module for semantic
encoding and one for surface generation, scaling
efficiently to many languages.

The strong power of neural language models
gives large potentials for building a translation sys-
tem using a semantic pivot (Tenney et al., 2019).
Unfortunately, little research has been done to this
end in the literature (Matla et al., 2023). One reason
may be that existing language models are trained
over huge texts, yet it can be difficult to find seman-
tic structures on the same scale (Raffel et al., 2019).
In addition, there is no universally agreed semantic
structure for cross-lingual representation. Despite
the above challenges, some fundamental research
in exploring the potential of semantic pivots can
still provide valuable information. To this end, we
take the Abstract Meaning Representation (AMR)
(Banarescu et al., 2013) as the pivot and conduct
a pilot study. Specifically, we adopt English AMR
as the pivot throughout all translation directions.

While AMR datasets for other languages do exist
(e.g., Spanish, Chinese, and Czech AMR banks),
their scale remains limited compared to English re-
sources, and state-of-the-art AMR parsers are pre-
dominantly trained on English data. We therefore
treat English AMR as a practical and well-supported
choice for a first pivot study, while acknowledging
that this introduces an inherent English-centric bias,
a limitation we return to in Section 6.

Without aiming to immediately achieve competi-
tive results to the state-of-the-art, we endeavor to
answer the following research questions:

• Can we build a decent NMT system using ex-
isting semantic resources?

• Can a semantic pivot give more robust transla-
tion results compared to Seq2Seq transducer
in the NMT context?

• With the huge potential space for enhancing
semantic structures, can increase in the se-
mantic parsing and semantic generation accu-
racies lead to strong translators?

In our experiments, we use a state-of-the-art
AMR parser to annotate over 11 million data points
in the United Nations Parallel Corpus (UN datasets),
creating a multilingual silver AMR dataset, where
we train our modules for each language. We com-
bine theses semantic understanding modules and
language generation modules into a complete multi-
lingual neural machine translation (M-NMT) system,
establishing a transparent pipeline architecture.

Our method shows an average improvement of
3% for each language pair in the robustness test,
compared to the baseline model. In the general-
ization test, our model outperforms the baseline by
over 15%. We also conduct a performance anal-
ysis, revealing that data quality is the main bot-
tleneck. As data quality improves, our translation
approach has the potential to achieve results com-
parable to, or even better than, traditional Seq2Seq
models. To our knowledge, we are the first to in-
corporate AMR as a pivot in the context of NMT.
Our semantic-understanding-based translation ap-
proach surpasses traditional models in robustness,
generalization, and interpretability.

2. Related Work

Pivot-based NMT. Due to the lack of data in
low-resource languages, conventional pivot-based
NMT approaches (Johnson et al., 2017) enhance
translations between low-resource languages by
incorporating a high-resource language as a pivot.
Some researchers (Leng et al., 2019) refine the pro-
cess by adopting a learning-to-route (LTR) method
to optimize the choices of the pivot languages and
path from source to target. Another pivot-based
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NMT paradigm involves generating more multilin-
gual training data through data augmentation (Park
et al., 2017; Currey and Heafield, 2019) or knowl-
edge distillation (Chen et al., 2017; Ahmed and
Buys, 2024), further fine-tuning the model to reduce
the impact of data sparsity on model performance.
Unlike previous methods, we alleviate the explicit
semantic representation as a pivot and formulate
the end-to-end translation into a human-like pro-
cess involving a semantic understanding module
and a language generation module. This human-
like translation improves performance, robustness,
and interoperability.
Transfer Learning in NMT. Transfer Learning (TL)
is a subfield of Machine Learning that reuses knowl-
edge from solving one task (the parent) to address
a different but related task (the child) (Pan and
Yang, 2010; Zhuang et al., 2021). Researchers fine-
tune bilingual (Maimaiti et al., 2019; Maimaiti and
Sun, 2020) or multilingual (Stickland et al., 2021)
PLMs on low-resource language data to stimulate
their translation capabilities. However, parallel data
for low-resource languages are difficult to acquire
and usually come from domains such as religious
text (Siddhant et al., 2022). To transfer the abilities
of multilingual PLMs, we fine-tune them on the AMR
parsing task and AMR-to-text task respectively, ac-
quiring the semantic understanding module and
language generation module. In this process, we
use monolingual data to eliminate reliance on low-
resource parallel corpora.

3. Method

Our study proposes a modular semantic machine
translation approach that introduces AMR as an
intermediate semantic representation, which de-
composes the translation task into two independent
stages: semantic understanding and language gen-
eration. As shown in Figure 2, the semantic under-
standing module transforms text in the source lan-
guage into an AMR graph, which is subsequently
processed by the language generation module to
generate text in the target language.

3.1. AMR as Pivot
AMR is a heavily abstracted graph-based represen-
tation of surface text, compressing semantics infor-
mation into nodes and edges. Importantly, AMR
was originally designed as an English-centric for-
malism: concept strings are grounded in English
PropBank frames and vocabulary. In this work,
we use English AMR exclusively as the seman-
tic pivot, meaning that for all source languages,
the semantic understanding module produces an
English AMR graph, which the language genera-
tion module then realizes in the target language.

This choice is motivated by the maturity of English
AMR parsers and the relative abundance of English
AMR-annotated data compared to other languages.
Many researchers use AMR as a pivot in various
NLP tasks, such as text paraphrasing (Fan and
Gardent, 2020; Wang et al., 2020), text style trans-
fer (Shi et al., 2023; Jangra et al., 2022), and trans-
lationese reduction (Wein and Schneider, 2023).
Their studies prove that introducing the AMR-as-
a-Pivot paradigm enhances performance and im-
proves robustness for NLP tasks.

Seq2Seq models, while effective for sequential
data, often fall short when dealing with the struc-
tural complexity of natural language. To address
this, we leverage the depth-first search (DFS)
algorithm, which aligns well with the linearized
syntactic structures of natural language (Bevilac-
qua et al., 2021). For instance, the AMR graph
in Figure 2 is linearized as: ( <pointer:0>
remain-01 :ARG1 ( <pointer:1> inci-
dent :quant 1 ) :ARG3 ( <pointer:2>
verify-01 :ARG1 <pointer:1> ) ) , where
the <pointer:i> values are node coreference
indices. To process AMR symbols effectively,
we expand the vocabulary to include all relevant
relations and frames. Moreover, we introduce a
novel language token, <amr_XX>, to the existing
language code. This allows multilingual models
to seamlessly recognize and generate AMR as a
pivot language, facilitating efficient cross-lingual
translation.

3.2. Semantic Understanding Module
The purpose of the semantic understanding mod-
ule is to extract and represent semantic informa-
tion from the source language text as a structured
AMR graph. This module can: (1) map surface-
level words to specific nodes based on contextual
clues, effectively handling polysemy and synonymy;
and (2) represent semantic relationships between
concepts as edges connecting nodes within the
AMR graph. These capabilities are grounded in the
ability to process structured sequences, as demon-
strated by Transformer models, enabling the mod-
ule to effectively capture the underlying semantic
structure of the text.

In our proposed method, the semantic under-
standing module consists of an encoder and a de-
coder. The encoder is primarily tasked with reading
the input sentence in natural language and trans-
forming it into a high-dimensional dense vector rep-
resentation that encapsulates the sentence’s se-
mantic content. Typically implemented as a Trans-
former, the encoder processes input word embed-
dings through multiple neural network layers, em-
ploying self-attention mechanisms to capture de-
pendencies among words. Moreover, the encoder
benefits from pre-training on large multilingual cor-
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Figure 2: Overview of the Proposed AMR-Pivot M-NMT Pipeline. The pipeline illustrates the translation
process for both English-to-Chinese (en-zh) and French-to-Arabic (fr-ar) pairs. Words in different languages
that convey the same semantic meaning are highlighted with the same color, emphasizing alignment
achieved through AMR pivot.

pora, which enables it to acquire cross-linguistic
semantic features and enhances its generalizability
across diverse source languages.

The decoder, in turn, converts the semantic vec-
tor representation generated by the encoder into a
linearized AMR graph sequence. This sequence
represents a directed graph where nodes corre-
spond to concepts, and edges denote relation-
ships between them. During training, the decoder’s
parameters are optimized by aligning its output
with the ground truth AMR linear sequence, often
through minimizing cross-entropy loss or similar
loss functions suited to sequence generation tasks.

3.3. Language Generation Module
The language generation module aims to produce
appropriate text in the target language based on
the given AMR graph, ensuring that the generated
translation is consistent with the semantic meaning
of the source text.

The encoder’s primary function is to transform
the input AMR graph, which represents the under-
lying semantic structure through nodes (concepts)
and edges (relationships between concepts), into
a dense intermediate representation. This trans-
formation is critical for capturing both the structure
and meaning embedded in the AMR. In the lan-

guage generation module, the encoder processes
a linearized form of the AMR graph through self-
attention mechanisms to capture the semantic rela-
tionships within the graph, thus producing a contin-
uous vector representation that encapsulates the
entire semantic meaning of the graph, which is sub-
sequently processed by the decoder to generate
text in the target language.

The decoder is tasked with converting the en-
coded semantic representation into a fluent se-
quence of text in the target language. It must en-
sure that the generated text accurately reflects the
meaning represented by the AMR while adhering
to the linguistic and syntactic rules of the target
language. Typically integrated into a Transformer
architecture, the decoder generates the target text
autoregressively, token by token, by utilizing both
the encoded semantic information and previously
generated tokens. In multilingual settings, the de-
coder must accommodate cross-linguistic syntactic
differences and word order variations to ensure
natural and fluent output in the target language.

3.4. Modular Interaction

Here, we denote S as the source language, T as
the target language, and AMR as the semantic
representation.
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• Semantic Understanding Module. The pur-
pose of this module is to extract the semantic
meaning from the source language text and
convert it into a serialized AMR graph, which
serves as the intermediate representation dur-
ing the translation process (S → AMR).

• Language Generation Module. This module
aims to produce appropriate text in the target
language based on the given AMR graph, en-
suring that the generated translation is consis-
tent with the semantic meaning of the source
text (AMR→ T ).

We denoteMS
AMR as the semantic understand-

ing module for source language S, and MAMR
T

as the language generation module for the tar-
get language T . For each language, we fine-tune
both modules on the corresponding data, result-
ing in a list of semantic understanding modules
{MS

AMR | S ∈ {ar, zh, en, fr, ru, es}} and a list
of language generation modules {MAMR

T | T ∈
{ar, zh, en, fr, ru, es}} . Both modules are opti-
mized using cross-entropy loss:

LI,O = −logP (Ô|I,O) (1)
where (I,O) is the input and reference output for
the module, and (I,O) ∈ {(S,AMR), (AMR,T )}.
Ô denotes the module-generated output.

As shown in Figure 2, this architecture allows for
a flexible, modular approach to multilingual transla-
tion. A language-specific semantic understanding
module and a language generation module can be
combined to perform translation between any of the
supported languages (MS

AMR⊕MAMR
T ). This pro-

cess also yields an explicit semantic representation,
which improves interpretability (S → AMR→ T ).

4. Experiments

4.1. Datasets and Data Construction
We construct an extensive multilingual parallel
dataset (UN-AMR) consisting of six official lan-
guages of the United Nations: Arabic, Chinese,
English, French, Russian, and Spanish. We use
the United Nations Parallel Corpus (Ziemski et al.,
2016) and follow its original data split. We generate
silver AMR annotations by parsing the correspond-
ing English text using AMRBART (Bai et al., 2022).
These AMR graphs serve as explicit semantic rep-
resentations for texts in each language, paired with
sentences in respective languages to form a paral-
lel corpus with six subsets:

D = {(ar,AMR), (zh,AMR), (en,AMR),

(fr,AMR), (ru,AMR), (es,AMR)}

To assess the performance of our proposed
modular semantic machine translation framework

#Sentences
Split UN-AMR UN-AMR-subset
Train 11,365,709 (11.4M) 640,000 (640K)
Test 4,000

Validation 4,000

Table 1: Statistics of UN-AMR dataset.

across varying data scales, we conducted compar-
ative experiments using both the complete dataset
and a subset from the UN-AMR corpus training par-
tition. We denote the complete dataset as UN-AMR
and the subset as UN-AMR-subset. The UN-AMR-
subset consists of the first 640K instances of the
complete dataset. The UN-AMR dataset is used
to train models from scratch, while the UN-AMR-
subset is employed for fine-tuning pre-trained mod-
els. The dataset statistics are detailed in Table 1.
For each experimental condition, we executed par-
allel training procedures for both our model and
baseline architectures, followed by comprehensive
evaluations of their generalization capability and
robustness across the corresponding dataset.

4.2. Metrics
We evaluate translation quality using BLEU (Pap-
ineni et al., 2002) and COMET (Rei et al., 2020)
on the standard UN-AMR test set and paraphrased
versions to measure robustness. Additionally, we
employ Smatch (Cai and Knight, 2013a) to evaluate
the semantic accuracy of our AMR graph gener-
ation, comparing generated graphs against silver
annotations.

BLEU. This metric is used to evaluate the qual-
ity of machine-translated text by comparing it to
human-translated references. It calculates the n-
gram precision between the machine-translated
text and the reference translations. We evaluate
the robustness of the translation system by mea-
suring the rate of decline in BLEU scores.

COMET. A neural network-based metric for ma-
chine translation evaluation predicts human judg-
ments by leveraging pre-trained models fine-tuned
on human evaluation data. The model-based met-
ric, COMET, offers a semantic-level assessment of
machine translation quality.

Smatch. An evaluation metric specifically de-
signed for semantic feature structures. It calcu-
lates a similarity score between two AMR graphs
based on their structural and lexical similarities (Cai
and Knight, 2013b). To evaluate our understanding
modules’ ability to capture semantic features, we
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AMRpivot on testset AMRpivot on paraphrased testset
S\T ar en es fr ru zh ar en es fr ru zh
ar - 37.0 35.8 27.3 25.0 38.6 - 29.2 ↓21% 30.9 ↓14% 23.6 ↓14% 21.0 ↓16% 33.9 ↓12%
en 22.4 - 42.8 32.0 28.7 43.1 15.4 ↓31% - 32.1 ↓25% 25.2 ↓21% 22.2 ↓23% 35.9 ↓17%
es 19.9 41.7 - 30.6 26.3 39.3 16.5 ↓17% 33.2 ↓20% - 27.1 ↓11% 23.2 ↓12% 35.8 ↓9%
fr 17.4 35.7 35.9 - 24.3 36.2 14.6 ↓16% 29.3 ↓18% 31.6 ↓11% - 21.2 ↓12% 33.3 ↓8%
ru 17.9 35.3 34.1 27.2 - 36.3 14.7 ↓18% 28.2 ↓20% 29.8 ↓13% 23.9 ↓12% - 32.7 ↓10%
zh 17.1 34.4 33.1 25.3 23.4 - 14.4 ↓16% 28.6 ↓17% 29.5 ↓11% 23.0 ↓9% 20.7 ↓12% -

Avg↓ 5.89 (16%)

Table 2: Robustness results of our proposed model.

Transformer on testset Transformer on paraphrased testset
S\T ar en es fr ru zh ar en es fr ru zh
ar - 42.95 40.48 28.26 28.35 39.0 - 31.7 ↓26% 32.9 ↓19% 25.4 ↓10% 22.8 ↓20% 35.1 ↓10%
en 28.52 - 55.10 41.01 36.60 47.7 18.0 ↓37% - 37.6 ↓32% 30.1 ↓27% 25.3 ↓31% 38.8 ↓19%
es 21.96 45.41 - 39.02 31.61 42.3 18.1 ↓18% 34.9 ↓23% - 31.6 ↓19% 26.5 ↓16% 38.8 ↓8%
fr 19.31 43.49 45.52 - 29.87 24.6 16.1 ↓17% 34.1 ↓22% 36.7 ↓19% - 25.0 ↓16% 22.3 ↓9%
ru 16.87 41.96 40.06 30.93 - 40.3 14.5 ↓14% 32.6 ↓22% 32.5 ↓19% 25.3 ↓18% - 36.4 ↓10%
zh 18.49 41.02 38.15 30.56 27.49 - 15.2 ↓18% 32.3 ↓21% 31.3 ↓18% 26.0 ↓15% 23.0 ↓16% -

Avg↓ 8.15 (19%)

Table 3: Robustness results of baseline model.

calculate Smatch scores by comparing their gener-
ated AMR graphs against silver AMR annotations.

Human Evaluation. To supplement automatic
metrics, we conduct human evaluation for en→zh
and zh→ar. Bilingual annotators rate each trans-
lation on adequacy and fluency. Inter-annotator
agreement is reported via Cohen’s κ.

4.3. Baseline Models
We adopt mBART-cc25-large (hereafter referred
to as mBART-25) (Liu et al., 2020) as the founda-
tional architecture for our experiments. We fine-
tune mBART-25 on the UN-AMR-subset. Both the
semantic understanding module and the language
generation module are based on this architecture
in our proposed framework. Our AMR-pivot trans-
lation system is denoted as AMRpivot.

For a rigorous comparison, we also employ
mBART-25 as the foundational model for the base-
line system. We develop an M-NMT system com-
prising 30 models, each specifically tailored to a
distinct language pair. These models are trained
on datasets identical to those used in our method
for the respective language pairs with source text
as input and target text as output. Similar to our
proposed method, the baseline model is denoted
as Transformer.

4.4. Robustness Test
We evaluate the robustness of each translation
framework by measuring how sensitive its output
quality is to surface-level variation in the input.

Specifically, we use GPT-4o1 to paraphrase each
source sentence in the test set while preserving
its semantics2, then translate both the original and
paraphrased sentences using the fine-tuned mod-
els. BLEU scores are computed for both sets of
translations against the original reference transla-
tions, and robustness is quantified as the percent-
age decline in BLEU score between the original
and paraphrased inputs.

Why percentage decline, not absolute BLEU
score. A critical consideration when interpreting
these results is the asymmetry between AMRpivot
and Transformer in terms of pre-trained knowl-
edge. Both systems are built on mBART-25, which
has been pre-trained on large multilingual corpora
and already encodes substantial translation knowl-
edge for the six UN languages. When fine-tuned
directly on source–target sentence pairs, the base-
line Transformer can leverage this pre-existing
translation competence, leading to higher absolute
BLEU scores on the standard test set. By con-
trast, our system AMRpivot fine-tunes mBART-25
on the AMR parsing and AMR-to-text tasks, nei-
ther of which directly exercises the model’s trans-
lation knowledge. As a result, the two systems
begin from meaningfully different effective starting
points: Transformer benefits from a head start
in bilingual signal, while AMRpivot must construct
its translation capability almost entirely through the
AMR intermediate representation.

In this context, comparing absolute BLEU scores
conflates two different things: the quality of the un-

1The version employed is gpt-4o-2024-08-06.
2Prompt: "Please rewrite this sentence while keeping

the semantics as unchanged as possible."
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BLEU COMET
Random-test CG-test Random-test CG-test

mBART-25 61.4 58.0 ↓6% 72.7 63.0 ↓13%
Transformer 51.2 43.2 ↓16% 62.0 49.9 ↓20%
AMRpivot 38.6 37.9 ↓2% 47.4 47.5

Table 4: Generalizability on CoGnitnion.

derlying translation framework and the degree to
which the model can exploit pre-trained bilingual
knowledge. What we are specifically interested in
here is the former — how much a framework’s out-
put degrades when the surface form of the input
changes while meaning is preserved. A system
that genuinely translates via semantic understand-
ing should, in principle, be invariant to such surface
variation, whereas a system that relies on surface
co-occurrence patterns should degrade more. The
percentage decline in BLEU score isolates exactly
this property, making it the appropriate primary met-
ric for robustness comparison. We nonetheless
report absolute scores in full in Table 2 and 3 for
completeness, and note that even on this metric,
AMRpivot outperforms Transformer on certain
language pairs (e.g., ru–ar and fr–zh) despite the
inherent disadvantage described above.

Overall, our method achieves an average BLEU
decline of 16% across language pairs on para-
phrased inputs, compared to 19% for the Trans-
former baseline — an average improvement of
3 percentage points per language pair. As shown
in Tables 2 and 3, the advantage is particularly
pronounced for language pairs involving Arabic
and Russian, which are relatively lower-resourced
within mBART-25’s pre-training data, suggesting
that the semantic pivot provides the most bene-
fit precisely where surface-level pre-trained knowl-
edge is weakest.

4.5. Generalizability Test
Further, to better validate our conclusion that the
translation framework we propose relies more on
semantic representation than surface sentence
structures compared to the traditional translation
framework, we design a two-stage generalization
test. In the first stage, based on the experimental
results from Section 4.4, we selected the English-
to-Chinese language direction (which achieved the
highest BLEU score in both translation models) for
verification. We train two models, namely Trans-
former and AMRpivot, from scratch using the
entire UN-AMR dataset, consuming 80*A100 GPU
hours of computational resources. It is important
to note that, according to the scaling law, when
the training data scale reaches the computational
optimal boundary, the model performance improve-
ment enters a plateau phase. The experimental
configuration is nearly at this critical point, which en-

sures that the results effectively reflect the inherent
characteristics of the model framework.

We adopt the CoGnition (Li et al., 2021) dataset
for evaluation of generalizability. The dataset con-
tains 216,246 training sentence pairs, and the test
set is composed of two subsets: (1) the conven-
tional test set (10,000 sentence pairs), which con-
tains typical combinations of training vocabulary;
(2) the combination generalization test set (CG-
testset, 10,800 sentence pairs), which specifically
constructs 2,160 novel compounds, with up to 5
atoms and 7 words. We fine-tuned the two models
obtained in the previous step on the training dataset
and tested them on both two subsets to distinguish
the model’s memory of surface structures from its
generalization ability to deep semantics.

The comparative experimental results on both
test subsets are shown in Table 4. As shown, our
model performs almost identically on both the CG-
test and the conventional test set, with even a slight
increase in BLEU score, while other benchmark
models show significant declines. This demon-
strates that our translation framework enables the
model to learn deeply from semantics, so the com-
bination generalization of the data does not signifi-
cantly affect model performance. It is worth men-
tioning that since the AMR used for training was
derived from AMR parser-generated silver data,
which has lower precision, the large dataset (11M
instances) leads to significant error accumulation
during the semantic understanding process. There-
fore, directly comparing the absolute results would
not be fair.

Beyond absolute performance, the contrast be-
tween AMRpivot and direct transduction models
on the CG-test set reflects differences in induc-
tive bias. The combination generalization split in-
troduces novel lexical compounds unseen during
training. For Seq2Seq models, translation quality
partly relies on memorized surface co-occurrence
patterns, and novel combinations therefore cause
performance degradation.

In contrast, the AMR-based framework separates
lexical realization from predicate-argument struc-
ture. The semantic understanding module maps
surface expressions into structured graphs cap-
turing events and relations, allowing many unseen
lexical combinations to correspond to previously ob-
served semantic substructures composed in new
ways. Let X denote the surface string space and Z
the semantic graph space. While X grows combi-
natorially with vocabulary size, Z consists of struc-
tured recombinations of a finite predicate and role
inventory. Modeling translation via Z thus com-
presses the hypothesis space and promotes sys-
tematic recombination rather than memorization of
surface patterns.

The near-identical performance of AMRpivot on
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Source AMR Translation Reference

1 送往Shami医院的
孩子名单

( <pointer:0> thing :ARG2-of ( <pointer:1> 
list-01 :ARG1 ( <pointer:2> person :ARG0-of 

( <pointer:3> have-rel-role-91 :ARG2 ( 
<pointer:4> client ) ) :ARG1-of ( 

<pointer:5> send-01 :ARG2 ( <pointer:6> 
hospital :wiki - :name ( <pointer:7> name 
:op1 <lit> Shami </lit> :op2 <lit> Hospital 

</lit> ) ) ) ) ) )

Lists of clients sent to 
Shami Sham Hospital.

Lists of children taken to 
Shami Hospital.

2 它是玻璃做的。
( <pointer:0> make-01 :ARG1 ( <pointer:1> 

it ) :ARG2 ( <pointer:2> glass ) ) It was making glasses of it. It was made of glass.

3

在取消了对欧元
汇率下限的同时，
还将活期存款账
户余额利率降为
负数，为-0.75%

In addition to the removal of 
the ceiling on the exchange 
rate for the Euro, the interest 
rate on the balance of deposit 
accounts would be reduced to 

a negative level of -0.75 
percent.

The removal of the floor with 
respect to the euro was 

accompanied by a further 
move into negative territory of 

the interest rate on sight 
deposit account balances to -

0.75 percent.

ID

Figure 3: Mistranslation instances for the outputs of two translation systems.

both test sets supports this interpretation, suggest-
ing that explicit semantic abstraction provides an
effective inductive bias for compositional general-
ization.

4.6. Human Evaluation
To complement the automatic metrics, we conduct
a small-scale human evaluation assessing ade-
quacy (meaning preservation) and fluency (gram-
maticality and naturalness), each rated on a 1–5
scale.

We focus on en→zh and zh→ar. For each lan-
guage pair, we randomly sample 25 sentences from
the UN-AMR test set, each evaluated in both its orig-
inal and paraphrased form (using the same GPT-4o
procedure as Section 4.4), yielding 50 translation
instances per system. The two translations per
sentence are presented to two bilingual annotators
in randomized order without system labels, produc-
ing 200 judgments per dimension per language
pair (25 × 2 conditions × 2 systems × 2 annota-
tors). Disagreements are resolved by averaging,
and inter-annotator agreement is reported via Co-
hen’s κ.

As shown in Table 5, AMRpivot achieves higher
adequacy on both language pairs under both condi-
tions, with the advantage widening on paraphrased
inputs, from +0.14 to +0.31 on en→zh and from
+0.13 to +0.27 on zh→ar, which directly confirming
the robustness findings of Section 4.4. Trans-
former scores higher on fluency throughout, re-
flecting its direct exposure to source–target pairs
during fine-tuning. The fluency gap is larger on
zh→ar (−0.54) than en→zh (−0.37), consistent with
greater error accumulation through the AMR pars-
ing stage on a more distant language pair. This ad-

Condition System en→zh zh→ar
Adequacy Fluency Adequacy Fluency

Original Transformer 3.74 3.98 3.31 3.52
AMRpivot 3.88 3.61 3.44 2.98

Paraphrased Transformer 3.49 3.74 3.05 3.16
AMRpivot 3.80 3.21 3.32 2.60

Cohen’s κ 0.66 0.72 0.63 0.69

Table 5: Human evaluation results (mean scores
on a 1–5 scale) for en→zh and zh→ar.

equacy–fluency tradeoff points to improving the lan-
guage generation module — through higher-quality
AMR annotations or stronger generative models —
as the primary direction for future work.

5. Interpretability Analysis

Figure 3 displays three instances of mistranslation.
The first two examples are produced by our pro-
posed model, while the third is generated by the
Transformer baseline model. As shown, the first
two cases indicate the effectiveness of our method
in localizing error sources, distinguishing whether
issues stem from the semantic understanding mod-
ule or the language generation module, with AMR
serving as a pivot. In contrast, the final example,
generated by the traditional NMT system, fails to
explicitly identify whether the errors originate from
the encoder or decoder components.

For the first instance, according to AMR anno-
tation conventions, ARG1 typically represents the
direct object of an action, while ARG2 is often used
for instrumental or comitative relations. In this case,
Chinese characters meaning “Lists of children” are
mistranslated as “Lists of clients”. With the help of
AMR pivot, the error can be easily identified. This
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Figure 4: Overall translation performance of AMR-
pivot with sacling abilities of semantic understand-
ing modules and language generation modules..

mistake suggests that the model may have mis-
interpreted the Chinese characters meaning “chil-
dren” during the semantic understanding process.
By correcting the AMR parse structure, the model
successfully generates the correct translation. In
the second instance, the AMR graph is correctly
extracted but it erroneously realizes the concept
“make-01” as “making” during the language gen-
eration process and finally generates an incorrect
target sequence.

In the third instance, Chinese characters mean-
ing “floor” was erroneously translated as “ceiling”
rather than “floor”. However, it is unclear where the
error originates. Specifically, it is uncertain whether
the mistake arises from a misinterpretation of the
source language or an error in generating the target
language. This demonstrates that the transformer
model is unable to effectively identify such errors.
This comparative analysis underscores an impor-
tant distinction: While Transformer models rely on
implicit vector representations that obscure error
localization, our approach allows for explicit identi-
fication of error sources within specific processing
modules. The opaque nature of intermediate rep-
resentations in Transformer architectures compli-
cates the diagnosis of translation errors, making it
difficult to ascertain whether the issue arises from
semantic misinterpretation or generation failures,
thereby hindering targeted error correction. More-
over, this interpretability also lays the foundation for
us to selectively improve the overall performance.

6. Challenges and Opportunities

We also train semantic understanding modules and
language generation modules of varying capaci-
ties using different sizes of training datasets, then
combine them pairwise into a pipeline to evaluate
translation performance.

As shown in Figure 4, the performance of the
AMR-based model is currently limited by the effec-
tiveness of the semantic understanding module and
the language generation module. With improve-
ments in these two key components, we anticipate
a gradual performance enhancement of AMRpivot.
Specifically, as these modules advance, the trans-
lation performance will continue to improve.

Additionally, since we use English AMR as the
pivot, the system carries an inherent English-centric
bias. For non-English source languages, the se-
mantic understanding module must bridge not only
a linguistic gap but also a conceptual one, as AMR
frames and concept strings are grounded in English
lexical and syntactic conventions. This may dispro-
portionately disadvantage morphologically rich or
syntactically distant languages such as Arabic and
Russian. While language-specific AMR banks exist
for a small number of languages, their scale and
parser maturity currently preclude their use at the
data volumes required here. Future work should
explore whether a more language-neutral semantic
representation or a cross-lingual AMR formalism
that decouples concepts from English vocabulary
— could alleviate this bias and further boost trans-
lation quality across typologically diverse language
pairs. Such a representation should focus on com-
pressing redundant information, making it adapt-
able to various languages. This shift would not
only enhance the interpretability of the model but
also significantly boost its translation performance
across multiple languages. Moreover, if language
models are capable of computing rich, high-level
structures rather than merely fragmented token-
level representations, and if these structures can
be aligned across languages, then the translation
paradigm that operates without bilingual training
data is likely to achieve significant progress.

7. Conclusion

We conducted a pilot study on using a semantic
pivot to achieve neural machine translation with-
out sequence-to-sequence transduction learning,
finding that it has the potential to reduce the in-
fluence of spurious features, leading to more ro-
bust, interpretable, and less bilingual-data-hungry
neural models. Additionally, although the existing
method does not yet compete with state-of-the-art
NMT systems, there is a salient trend: improving
semantic parsing and generation accuracies leads
to stronger translation quality. Such findings can
shed light on further research on the new translation
paradigm. Future research directions include find-
ing a strong universal semantic representation and
discovering new foundational models that can pro-
vide reliable text-level semantic information, rather
than relying on token-level vectors.
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Abstract
We introduce Gutenberg+, a temporally more faithful version of the Project Gutenberg (PG) corpus, one of the
most widely used resources for diachronic text analysis. Despite its popularity, the PG corpus contains a major yet
overlooked flaw: around 15% of its entries are collections (e.g., anthologies of books, letters, or poems) rather than
atomic works, which distorts temporal analyses since such collections may span multiple decades. We present
an automatic method to detect and split these collections into their constituent works, producing a finer-grained
and temporally consistent corpus. We further re-annotate publication years using LLM-based retrieval-augmented
generative methods, demonstrating the potential of LLMs to enhance structured linguistic resources. To illustrate
the utility of Gutenberg+, we conduct a small-scale diachronic case study on negation, showing that our refined
corpus captures more nuanced cross-linguistic variation than the original PG data. Finally, we release the corpus in
UIMA format with full metadata and linguistic annotations, providing a standardized resource for future research on
diachronic language change.

Keywords: Corpus, Digital Libraries, Multilinguality, Text Analytics

1. Introduction

In the current LLM-dominated research landscape,
large-scale unstructured corpora are widely used
for training and evaluation. However, the reli-
ability of downstream linguistic analyses, such
as diachronic text analysis (DTA), critically de-
pends on the structural and metadata integrity of
these resources. While scale has increased dra-
matically, inconsistencies in document structure
and coarse-grained temporal metadata can distort
empirical findings and compromise reproducibil-
ity. Among such resources, the Project Gutenberg
(1971-2026) (PG) collection stands out for its scope
and accessibility, encompassing thousands of digi-
tized literary works that, while technically spanning
more than a millennium of writing, provide sub-
stantial and continuous coverage for roughly the
past four centuries of language use (Gerlach and
Font-Clos, 2020). Although the PG corpus holds
great potential, its utility for DTA is constrained by
noisy metadata, particularly incomplete or inac-
curate publication information. These limitations
hinder reliable temporal analysis and prevent the
corpus from fully realizing its potential as a his-
torical resource. Recent efforts have sought to
address this problem and improve the temporal
reliability of the PG corpus. For instance, Hegde
et al. (2025) introduced CHRONOBERG, a tempo-
rally structured corpus of English book texts span-
ning 250 years, curated from Project Gutenberg
and enriched with external temporal metadata from
sources such as OpenLibrary and Wikipedia. Simi-
larly, Momen et al. (2025) tackled the challenge of
missing temporal annotations by leveraging LLMs

with retrieval-augmented generation to estimate
the production years of all PG books, potentially
enhancing the corpus’s usability for diachronic re-
search. While these endeavors represent signifi-
cant progress, they share a critical limitation: out of
76,534 items in the PG corpus, 11,650 (∼ 15%) are
collections, such as volumes of poems, antholo-
gies, collected works, or books of letters. These
collections often span multiple decades, meaning
that their temporal annotations do not accurately
reflect the underlying texts. To properly study the
PG corpus through a diachronic lens, such col-
lections must be split into their constituent items,
creating a more fine-grained and temporally faithful
resource. We address this structural limitation by
transforming PG into a finer-grained, temporally
consistent, and richly annotated resource suitable
for reliable linguistic analysis and evaluation. As a
test case, we quantify the impact of our more fine-
grained corpus view through the lens of negation,
a core linguistic phenomenon characterized by its
dynamic nature, making it particularly suitable for
examining language change over time (e.g. Jes-
persen et al., 2025; Croft, 1991; Mazzon, 2016).
Our contributions are threefold:

1. We split the collections in the PG corpus into
atomic parts, creating a finer-grained, tempo-
rally faithful representation of the texts.

2. We re-annotate the new split using the ap-
proach of Momen et al. (2025) and add nega-
tion annotations across nine languages using
the D-Neg tool (Hammerla et al., 2025), which
extends the NegBERT framework (Khandel-
wal and Sawant, 2020). We make this re-
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source publicly available for the research com-
munity.

3. We demonstrate the analytical impact of our
structural refinement through a multilingual di-
achronic case study on negation, showing that
fine-grained metadata significantly enhances
the prediction of temporal distributions.

82.2%

3.0%
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79.7%
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Languages
English
German
French
Italian
Dutch
Spanish
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Figure 1: Distribution of items by language in the
PG corpus, showing all languages for which nega-
tion can be detected, with the remaining languages
grouped into the “Others” category. The inner ring
illustrates the initial PG split; the outer ring depicts
the fine-grained split produced by our version of
the PG.

2. Dataset

2.1. Project Gutenberg

Our base corpus is derived from Project Guten-
berg (1971-2026), a large-scale digital library of
public-domain texts digitized by volunteers. The
corpus comprises 76,534 items in 70 languages.
English (61,016), French (4,010), Finnish (3,414),
German (2,357), and Italian (1,075) are the most
frequent languages, together accounting for about
94% of all items. The corpus is further organized
into 474 virtual bookshelves. The largest cate-
gories are Novels (23,676 items), British Litera-
ture (9,758), Adventure (8,238), American Litera-
ture (7,584), and Children & Young Adult Reading
(6,713). In addition, Project Gutenberg provides
subject metadata, containing 41,423 distinct sub-
ject annotations. Among the most frequent are the
Library of Congress Classification (LCC) labels1

1The reported LCC labels denote broad literature
classes: PS = American literature, PR = English litera-
ture, PZ = fiction and juvenile belles lettres, PQ = French,
Italian, Spanish, and Portuguese literature, and PT =
German, Dutch, and Scandinavian literature.

PS (12,068), PR (10,705), PZ (7,937), PQ (5,327),
and PT (3,295).

2.2. Detecting and splitting Collections

To identify and split collections within the PG cor-
pus, we first detect which items constitute collec-
tions. We leverage the LLM-generated summaries
available in the corpus metadata for this purpose.
Manual inspection revealed that PG items whose
summaries contained the word collection within the
first three sentences were almost always collec-
tions. A small-scale human evaluation (100 sam-
ples) confirmed this heuristic with 98% precision,
which we prioritize to ensure that predicted posi-
tives are highly reliable. Any such text collection
hinders the application of procedures that oper-
ate item-wise, such as publication year annotators.
Therefore, mapping the members of these collec-
tions to individual items is indispensable.

After identifying the collections, we proceed in
two steps. (1) We extract the table of contents of
each collection using Algorithm 1, obtaining the ti-
tles of the individual items contained within. (2) We
then split the collection text into its atomic parts us-
ing Algorithm 2. This process involves normalizing
the text and detecting lines that directly match an
item title surrounded by newline characters, which
typically indicate a section heading. To assess
the reliability of our collection-splitting procedure,
we conducted a small-scale human evaluation on
100 randomly selected collections and achieved
an accuracy of 86% for correctly segmented (i.e.,
satisfying) splits. The two primary sources of er-
ror were: (1) collections lacking a clear table of
contents, which prevented the identification of dis-
tinct items (57% of errors), and (2) cases where
item titles were detected from the table of contents
but could not be matched to the corresponding
sections in the text due to missing or inconsistent
headlines (29% of errors). Given the absence of a
standardized digitization format in the PG corpus,
structural inconsistencies across editions remain
an unavoidable limitation.

2.3. Publication Year Annotation

We refine the temporal dimension of the complete
PG dataset by reusing the LLM-based retrieval-
augmented publication year annotation method
proposed by Momen et al. (2025), which has
proven to be both effective and efficient. Specif-
ically, we adopt their setup using gemma-2-9b-it
with 8-bit quantization and the same prompting
configuration. Following their best-performing set-
ting, we provide only the first and last page of each
item as context for year prediction. Since most PG
items lack explicit page boundaries, we approxi-
mate page length by taking the first and last 3,000
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Input: Collection text T , title t, search
window w

Output: Chapters C, remaining text R
1. Split T into lines L; restrict search to first
w lines.

2. Find first short line in L containing
keyword from KEYWORDS → toc_start.

3. If not found and t contains a comma,
return [(t)], T .

4. From toc_start onward, collect non-empty
lines l with 2 < |l| < 40, remove trailing
numbers.

5. Stop after three consecutive empty lines.
6. Remove entries in PAGE_WORDS.
7. Split C into main chapters (ending with “:”)
and subchapters.

8. Return whichever set is non-empty along
with remaining text.
Algorithm 1: Extract Table of Contents

Input: Collection text T , chapter titles C
Output: Items I, filtered chapters C ′, line

ranges R
1. Split T into lines L.
2. For each chapter ci in C, find candidate
start lines using FINDNORMALIZEDLINE.

3. Keep the first valid start appearing after
previous ones; record indices of invalid
matches.

4. Append end of L to list of start positions.
5. Segment L between successive start
positions → items I.

6. Remove unmatched chapters; assert
|I| = |C ′|.

7. Return I, C ′, and line ranges R.
Algorithm 2: Split Collections into Items

characters of each text.

2.4. Segmentation and Negation
Annotation

For sentence and word segmentation, we use
spaCy (Honnibal et al., 2020), employing its small
model family2. For the negation detection, we
use D-Neg (Hammerla et al., 2025). D-Neg ex-
pands the NegBERT architecture (Khandelwal and
Sawant, 2020) for multiple languages and refines
the classification using syntactic features such as
part-of-speech tags and dependency trees, which
we also extract with spaCy. The multilingual trans-
former backbone of D-Neg is EuroBERT (Boizard
et al., 2025). The model is implemented as a token-
classification pipeline. In a first pass, it identifies

2en_core_web_sm, de_core_news_sm, etc., de-
pending on the language. If no language-specific model
is available, we fall back to the English model.

negation cues in the input sequence. In a sec-
ond pass, for each detected cue, it predicts the
scope of that cue by classifying each token in the
sentence with respect to whether it falls within the
corresponding negation scope. This procedure
allows us to detect both negation cues and their
associated scopes for 9 languages (see Figure 1).
The detected cue types include affixal negation,
negative adverbs, determiners, pronouns, prepo-
sitions, verbal negation cues, and discontinuous
cues.

2.5. Corpus Statistics and Release

While the original PG corpus contained 76,534
entries, splitting its 11,650 collections (15%) ex-
panded our Gutenberg+ corpus to 215,960 indi-
vidual items. After segmentation, our corpus com-
prises 217.15 million sentences and 5.35 billion to-
kens, spanning one millennium of writing (see Fig-
ure 2). We identify 51.51 million instances of nega-
tion across nine languages, covering over 90% of
all items in both the original PG corpus and our fine-
grained version (see Figure 1). For distribution of
our refined corpus we chose UIMA because it pro-
vides a standardized framework for representing
and exchanging richly annotated text corpora (Fer-
rucci and Lally, 2004). UIMA facilitates integration
with a variety of NLP tools and workflows, mak-
ing it straightforward for other researchers to load,
process, and extend our annotated corpus 3.

3. Experiments and Analysis

We propose two complementary approaches to
evaluate the impact of our fine-grained split: com-
paring item frequency over time between the origi-
nal and refined corpora, and examining language-
specific differences in negation distributions. For all
pairwise comparisons between distributions P and
Q, we employ the Jensen–Shannon Divergence
(JSD), a symmetric and bounded information-
theoretic measure that generalizes the Kullback-
Leibler divergence and is applicable to both uni-
variate and multivariate, discrete, continuous, and
mixed distributions:

JSD(P ∥ Q) =
1

2
KL(P ∥M) +

1

2
KL(Q ∥M),

where M = 1
2 (P + Q), and KL denotes the

Kullback-Leibler divergence. To correct for bias
in the JSD estimate, we use a bootstrap-based
bias correction (Efron and Tibshirani, 1994). Let
JSD(P ∥ Q) be the original JSD estimate from the

3Our dataset is publicly available on HuggingFace
and can be downloaded from https://huggingface.
co/datasets/PG-S/PG_FG.
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sample data, and let JSDB be the mean of the boot-
strap JSD estimates. The bias is then estimated
as:

Bias = JSDB − JSD(P ∥ Q).

The bias-corrected JSD estimate is:

JSDcorrected(P ∥ Q) = JSD(P ∥ Q)− Bias

= 2 · JSD(P ∥ Q)− JSDB .

The bias-corrected 100(1− α)% confidence inter-
vals for the JSD are computed as:

CIlower, corrected = 2 · JSD(P ∥ Q)− JSDB,1−α/2,

CIupper, corrected = 2 · JSD(P ∥ Q)− JSDB,α/2,

where JSDB,α/2 and JSDB,1−α/2 are the α/2-th
and 1 − α/2-th percentiles of the bootstrap JSD
estimates, respectively.

3.1. Temporal Item Distribution

To assess how the two corpus versions differ tem-
porally, we compare the distributions of yearly
item frequencies in the original PG split and our
fine-grained PG split, with frequencies normal-
ized by the total number of items in each cor-
pus. In addition to the raw yearly frequencies,
we compute LOWESS-smoothed frequency curves
(with smoothing parameter frac = 0.2) to highlight
broader temporal trends (see Figure 2). Both cor-
pora are annotated using the publication-year an-
notation method of Momen et al. (2025) (see Sec-
tion 2.3 for details of the experimental setup).

3.1.1. Results and Analysis
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Figure 2: Comparison of yearly item frequencies
between the original PG split and our fine-grained
PG split, with frequencies normalized by the total
number of items in each corpus (OG = original; FG
= fine-grained).

From the LOWESS-smoothed distribution of
our fine-grained corpus, we observe a more pro-
nounced rise in the number of items leading up
to 1920, followed by a sharp decline thereafter,
with item counts dropping to roughly 10% of their

1920 level compared to the original PG split. Impor-
tantly, divergence decreases monotonically over
time, suggesting that structural inconsistencies are
concentrated in earlier, sparsely populated cor-
pus sections. We quantify this trend by computing
JSDcorrected over 200-year intervals between 1000
and 2000 (see Table 1). Divergence is highest for
early slices (e.g., 1000–1199: 0.587) and lowest
for later periods (e.g., 1800–1999: 0.047), with an
overall divergence of 0.047. While the aggregate
divergence across the full time span is moderate,
early periods exhibit substantial divergence (0.59),
indicating that coarse collection-level grouping dis-
proportionately distorts sparsely represented his-
torical slices.

Time Slice JSD 95% CI

1000–1199 0.5867 [0.5067, 0.6800]
1200–1399 0.3798 [0.3058, 0.4508]
1400–1599 0.0654 [0.0422, 0.0910]
1600–1799 0.0574 [0.0495, 0.0667]
1800–1999 0.0467 [0.0455, 0.0480]

full 0.0471 [0.0458, 0.0486]

Table 1: JSDcorrected and 95% CIcorrected for 200-
Year time slices between the original PG split and
our fine-grained split.

3.2. Per-Language Distributional Effects

For the second experiment, we examine whether
the fine-grained split captures diachronic linguis-
tic phenomena, such as negation, more distinctly
across languages. We include all languages for
which D-Neg supports negation detection and that
are represented by at least 100 items in the cor-
pus, yielding the following set: English, Italian,
French, German, Spanish, Dutch, and Chinese.
To this end, for each language we construct a
joint empirical distribution over publication year and
negation frequency, where negation frequency is
computed by first dividing the total number of de-
tected negation cues in an item by the number
of sentences in that item and then averaging this
value across all items published in the same year.
We use the publication-year annotations described
in Section 2.3 and the negation annotations de-
scribed in Section 2.4. We then compute pairwise
JSDcorrected between these language-specific distri-
butions in both corpus splits (see Figure 3). This
allows us to assess whether the fine-grained ver-
sion yields more differentiated and linguistically in-
terpretable cross-linguistic relationships, including
similarities and dissimilarities potentially associ-
ated with properties such as negative concord or
shared language family.
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Figure 3: Pairwise JSDcorrected between language-
specific joint distributions over publication year and
year-level average negation frequency for the origi-
nal (left) and fine-grained (right) PG splits.

3.2.1. Results and Analysis

In the original PG split, the language-specific joint
distributions of publication year and negation fre-
quency exhibit uniformly high JSD values, sug-
gesting limited differentiation across languages,
which may obscure typologically meaningful re-
lationships. In contrast, the fine-grained split re-
veals more structured variation, including lower
divergence among typologically related languages
(e.g., Germanic non-concord languages such as
English, German, and Dutch). We do not inter-
pret this greater dispersion as inherently better.
Rather, we take it to be desirable insofar as it re-
duces near-uniform divergence patterns that may
result from noisy publication-year metadata and
yields relationships that are more consistent with
independently established typological structure in
negation (Haspelmath, 2013). English appears
relatively central, with low divergence to most lan-
guages, whereas Italian remains more isolated.
Italian’s more isolated position may partly reflect
language-specific negation properties, as Stan-
dard Italian has been analyzed as a non-strict
negative concord language (Poletto and Oliviéri,
2018), although corpus-compositional factors may
also contribute. English, by contrast, may appear
more central because its larger corpus represen-
tation likely yields a more stable aggregate profile.
To quantify dispersion across language pairs, we
compute the Interquartile Range (IQR) of the di-
vergence values. The IQR increases from 0.001
in the original split to 0.025 in the fine-grained
split, a 25-fold increase, indicating substantially
greater cross-linguistic variability. A two-sample
Kolmogorov–Smirnov test confirms that the distri-
butions differ significantly (D = 0.9524, p < 0.001).

4. Related Work

DTA on the PG Corpus. Several studies have
applied DTA to the PG corpus. These include in-
vestigations of the stylistic evolution of literary au-

thors over time (Klaussner and Vogel, 2018) and
their influence (Hughes et al., 2012), the classi-
fication of diachronic semantic shifts (Koldenhof,
2021), and detailed analyses of changing emo-
tional or thematic patterns, such as the study of
melancholy (Kung, 2007).

PG Publication Year Refinement. To date, only
a few studies have attempted to refine the temporal
labels of PG texts. Gerlach and Font-Clos (2020)
relied on author lifespan estimates, Hegde et al.
(2025) augmented these with external sources
such as Wikipedia and OpenLibrary, and Momen
et al. (2025) combined previous approaches with
LLM-based RAG applied to the first and last pages
of each item.

5. Conclusion

We address a critical limitation of the widely used
Project Gutenberg (PG) corpus that has been
largely overlooked: approximately 15% of its en-
tries are collections rather than individual works.
This structural issue undermines the validity of di-
achronic analyses on PG. By automatically detect-
ing and splitting these collections into their atomic
items (e.g., books, letters, poems), we produce
a more temporally faithful and linguistically coher-
ent resource. Using negation as a case study,
we demonstrate that our fine-grained corpus en-
ables more precise and interpretable analyses of di-
achronic linguistic phenomena. To support further
research, we publicly release the fully formatted
corpus in UIMA format, including all metadata, pub-
lication year annotations, segmentation, and nega-
tion annotations. Our work establishes a stronger
foundation for large-scale historical language stud-
ies and underscores the importance of structural
and metadata integrity in computational linguistics.

6. Limitations & Future Work

For publication-year annotation, we adopt the
method of Momen et al. (2025) and use the same
models as in their original setup. These models
are compact and efficient, which is beneficial for
a corpus at the scale of Project Gutenberg, al-
though future work could examine whether larger
models yield more accurate temporal annotations.
Our approach to splitting collections currently re-
lies on an effective heuristic; future work could
explore whether this step can be handled more sys-
tematically with LLM-based methods. Finally, our
analysis focuses on negation. Extending the eval-
uation to additional linguistic phenomena would
help determine how broadly the observed effects
generalize.
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7. Ethics Statement

Our work builds on the Project Gutenberg corpus,
a collection of public-domain texts, and does not
involve any sensitive, private, or personal data. All
texts used are freely available and legally redis-
tributable, and our annotations and processed cor-
pus are released in compliance with PG’s terms of
use.
We acknowledge that the PG corpus is biased to-
ward Western, English-language, and literary texts,
thus underrepresenting other languages, genres,
or historical perspectives. Our fine-grained corpus
does not mitigate these intrinsic corpus biases;
users of Gutenberg+ should remain aware of these
limitations when drawing linguistic or cultural con-
clusions.
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Abstract

We report on a new lemmatisation system for Norwegian, which is a particularly challenging language with two
written standards, Bokmål and Nynorsk, that both have a lot of optionality. Our system covers both varieties and
consists of a neural model that classifies words into rewrite rule classes that produce their lemma, as well as a
large-scale computational lexicon of Norwegian that gives all possible inflections of a large part of the Norwegian
vocabulary. We test different ways of combining these components. When evaluated with pure string-matching
against the lemmas in the gold data, all systems perform approximately at the same level (99.1-99.2% on Bokmål
and 98.5-98.6% on Nynorsk), but detailed error analysis shows that the computational lexicon reduces the number
of true errors by more than half (reaching 99.6% accuracy on Bokmål and 99.3% on Nynorsk), as opposed to
“surface errors” like using a different, but equally acceptable spelling variant of the correct lemma.

Keywords: lemmatisation, BERT models, computational lexicons, Norwegian

1. Introduction

Lemmatisation is the task of reducing variable
forms of a word into a base form, typically the one
used as the dictionary entry of the word. It is a task
that has become somewhat less popular in recent
years. It last figured in the SIGMORPHON shared
tasks in 2019 (McCarthy et al., 2019). In later
years, these tasks have focused on morphological
generation, where lemmas are typically part of the
input data rather than predicted. Within the natural
language processing field, lemmatisation as a way
of addressing the sparse data problem by eliminat-
ing morphological variants has largely given way to
the use of embeddings. But for many text analysis
tasks in the humanities, such as concept analysis
or corpus-assisted lexicography, lemmatisation is
clearly still very useful, precisely because it serves
to group different word forms that are relevant to
one and the same concept, or one and the same
dictionary entry.

In this paper, we report on the development
of a lemmatisation system for Norwegian. Nor-
wegian is relatively well equipped with lexical re-
sources, but nevertheless presents some unique
challenges for lemmatisation related mainly to the
fact that the language has two written varieties,
Nynorsk and Bokmål, which are close enough to
be sometimes indistinguishable and which both al-
low a considerable amount of spelling variation,
including in lemma forms. Lemmatisation sys-
tems for Norwegian, including the one we present
here, must cover both varieties and all the varia-
tion within them. Careful error analysis is therefore
important to correctly evaluate the quality of such
systems, to distinguish between substantial errors,
where the system has picked the wrong lemma, or
produced a nonexistent lemma, from those where
the system has merely chosen a different way of

spelling the correct lemma.
We test several different setups: a state-of-the-

art system for neural multilingual lemmatisation,
and two hybrid systems where the neural system
intersects with a large-scale computational lexicon
in two different ways. While the hybrid systems
are language-specific and require resources that
are not available for most languages, their perfor-
mance in comparison with purely neural systems
also tells us something about the strengths and
weaknesses of the latter systems.

In Section 2 we detail some of the specific chal-
lenges in lemmatising Norwegian text. Then in
Section 3 we survey related work in lemmatisation.
Section 4 describes our different experiment se-
tups and their components, while Section 5 eval-
uates their performance and provides detailed er-
ror analysis. Section 6 provides details on the im-
plementation of the lemmatiser inside the overall
Humit tagger and Section 7 concludes.

2. Lemmatisation for Norwegian

For historical reasons, there exist two different writ-
ten standards for Norwegian, called Bokmål and
Nynorsk. Bokmål is the majority standard, used
by around 90% of the population, while Nynorsk is
used by around 10% of the population, mainly in
the western parts of the country (Karterud et al.,
2024). The two varieties are close enough that
sentences, especially short ones, may be inde-
terminate as to whether they are in Bokmål or
Nynorsk. Many lemma forms are the same, but
there are also lemmas that differ. Moreover, as
language purism has been relatively strong within
Nynorsk, there are a number of words, in particu-
lar of Low German origin, that are not considered
proper in Nynorsk. Many of these words are rela-
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tively common in the dialects and are, in fact, found
in Nynorsk texts even if not officially acceptable.
Furthermore, as the two varieties coexist within
the same public discourse, it is relatively common
to find e.g., quotes in Bokmål within an otherwise
Nynorsk text and vice versa.

When lemmatising, we clearly want to use the
standard that the text is written in, whether it is
Bokmål or Nynorsk. But some practical ques-
tions arise: when we meet stray Bokmål words
in Nynorsk text, we may want to deal with these
words as proper Nynorsk words even if they offi-
cially do not exist. On the other hand, when we en-
counter longer stretches (often quotes) of Bokmål
in Nynorsk text, we may want to deal with them in
the same way as when we encounter English, Ger-
man, or other foreign languages. This is, for exam-
ple, what the Norwegian Dependency Treebank
(Solberg et al. 2014; National Library of Norway
2014) does. In such cases, they apply the postag
unknown and use the surface form as the lemma.
This is the same policy as applied to e.g. English
when it occurs in quotes and titles, but when it hap-
pens with Bokmål inside Nynorsk, it is confusing
from a machine learning perspective that most of
the words that are tagged in this way in fact also
exist in Nynorsk. For example, in the sentence
Jeg har alltid lurt på hvem som vasker for vaske-
hjelpen. (‘I have always wondered who washes for
the housekeeper’), there are four words that give
this away as Bokmål; as a result, when this sen-
tence is quoted inside a Nynorsk text, all words in-
cluding the six neutral ones, receive the unknown
tag and are lemmatised by their surface form, al-
though in other parts of the corpus, where they oc-
cur in a Nynorsk sentence, they receive other tags
and lemmas.

In addition to the complexity of having two writ-
ten standards of Norwegian, both standards also
allow for much more internal variation than what
we typically find in other languages. Most of this
variation is found in the morphology, but crucially,
some of it affects the way the lemma is spelled. For
example, infinitives in Nynorsk may end in -e or -a,
and many verbs have an optional infixed -j-. This
means that the infinitive ‘to think’ can be spelled
tenka, tenke, tenkja, tenkje. As another example,
the adverb ‘forward’ in Bokmål, which is very com-
mon as a prefix in Norwegian, can be spelled fram
or frem. In such cases, it is not entirely clear what
form we should target: one approach would be to
use the form of the text we lemmatise, but that
may not be clear, or the text may be inconsistent.
Moreover, using the standard of the text that is be-
ing lemmatised makes it harder to do comparisons
across texts. Finally, from a practical point of view,
spelling variation of this type affects the evaluation
of lemmatisation models, which is typically done

by string matching.
As a final complication, we mention that Nor-

wegian has undergone several spelling reforms in
modern times, the most recent ones in 2005 (Bok-
mål) and 2012 (Nynorsk). For example, infinitives
ending in -a were allowed for some but not all verbs
in Bokmål until 2005. This affects lemmatisation
and morphological analysis of historical texts.

3. Related Work

Automated lemmatisation of Norwegian text goes
back at least to Fjeldvig and Golden (1984). This
was an early attempt at so-called root lemmatisa-
tion, i.e. to link tokens to their root, ignoring, e.g.
part of speech and derivational morphology, rather
than to actual lemmas/dictionary entries. The sys-
tem implemented rules that aimed to strip com-
mon prefixes and suffixes from Norwegian words,
but without word-specific information as would be
found in a lexicon. Subsequent work throughout
the 1990s focused on developing a full computa-
tional lexicon of Norwegian, which eventually re-
sulted in Norsk ordbank (Norwegian word bank,
National Library of Norway 2022a,b). This re-
source is currently maintained by the Norwegian
language council in collaboration with the Univer-
sity of Bergen. As mentioned above, there were
several spelling reforms during this period. As
a result, the paradigms in Norsk ordbank had to
be marked with a from_date and a to_date at-
tribute, indicating during which period a particular
paradigm was valid. Handling this in a lemmatisa-
tion system is not entirely straightforward. On the
one hand, one may want the system to be able to
handle spellings that are no longer part of the norm.
On the other hand, it is not desirable that the sys-
tem produce forms that are not part of the norm
as lemmas for forms that also has an alternative
lemma that is part of the norm.

Norsk ordbank can be used to generate all possi-
ble inflected forms of the lemmas it contains, and
their associated morphological features. Such a
resource, in turn, can be used to generate all pos-
sible analyses (lemma + morphological features)
of words in running text. However, it does not help
with picking the correct analysis in context. To deal
with this, a system of Constraint Grammar-based
rules was developed called the Oslo-Bergen Tag-
ger (Johannessen and Hagen, 2003). In later work
(Johannessen et al., 2012), a statistical disam-
biguating system called OBT+stat was added to
the rule-based system to deal with cases where
the rule-based system accepted two or more al-
ternative analyses. For lemmatisation, OBT+stat
picked the globally most frequent lemma alterna-
tive in a large Norwegian web corpus (NoWaC,
Guevara 2010). The reported accuracy for lemma-
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tisation was 98.48% for Bokmål. The system did
not handle Nynorsk.

Haug et al. (2023) showed that a neural archi-
tecture based on the NB-BERT model (Kummer-
vold et al., 2021) on its own outperformed both the
rule-based system for morphological tagging and
a combined system using both the rules and a neu-
ral network. They suggested that rules may still be
useful for lemmatisation, but left that for future re-
search.

In the meantime, NorBench (Samuel et al.,
2023) implemented the general UD lemmatisation
pipeline as introduced by Straka et al. (2019) as
part of a system to benchmark Norwegian lan-
guage models. While the focus of that work is not
to improve lemmatisation for Norwegian, but to as-
sess language models’ understanding of (among
other things) Norwegian morphology, their exper-
iments do provide useful benchmarks for purely
neural lemmatisation of Norwegian. They report
a 99.1% accuracy for lemmatisation on the Norwe-
gian UD treebanks; however, they do not release
the fine-tuned models. Our work tries to improve
performance by combining this approach with the
lexicon from Norsk ordbank by fine-tuning BERT
models on the same dataset, the Norwegian De-
pendency Treebank.

Constructing hybrid systems for lemmatisation
has been tried before, e.g. by Milintsevich and
Sirts (2021), who started from a sequence-to-
sequence model for lemmatisation (the Stanford
neural lemmatisation system, Qi et al. 2020). How-
ever, we observe that on Danish and Swedish,
which are closely related to Norwegian, this sys-
tem generally performs worse than the system of
Straka et al. (2019). We therefore chose to start
from the latter.

4. Experimental Setup

The goal is to develop better lemmatisation capac-
ities for Norwegian. To do this, we train a lem-
matisation model by using the Norwegian Depen-
dency Treebank dataset. Two of the configurations
we test in this paper additionally use a morpholog-
ical classifier as input for lemmatisation. There-
fore, we also train a morphological classifier. We
want to preserve the traditional tagset for Norwe-
gian that has been used since the Oslo-Bergen
Tagger in the nineties. We therefore target the
tags of the original Norwegian Dependency Tree-
bank rather than the converted UD ones (Øvre-
lid and Hohle 2016; National Library of Norway
2023), which means we train on the original tree-
bank. The tagset covers both part-of-speech tags
and a more detailed morphosyntactic description,
including person, number, gender etc. Only the
part-of-speech tag is used in the lemmatiser, but

split bokmål nynorsk total
train 280369 272355 552724
test 30650 30712 61362

Table 1: Data split word counts

this lemmatiser is embedded in a larger system
that also produces a full morphosyntactic descrip-
tion.

Unlike the UD version, this treebank does not
have an official train/test split, and so we cre-
ate such a split with a 0.9/0.1 ratio, respectively.1
Word counts for this split are given in Table 1. Note
that this main train split is later subdivided into task-
specific train and dev sets, whereas all evaluation
is done on the main test set, to avoid data leaks
between tasks, see below in Section 4.3.

Our previous experience with lemmatisation us-
ing neural models showed that even with the best
models, which achieve very high overall accura-
cies, the occasional erroneous lemmas obtained
can seem very strange for the human eye, for ex-
ample, by violating hard phonotactic constraints
in the language. Therefore, we experiment with
different configurations of a single lemmatisation
model, plus integration of a morphological classi-
fier and a morphological lexicon. In the following,
we give details of UDpipe lemmatisation pipeline,
the lexicon, the machine learning setup, and the
different experimental configurations.

4.1. The UDpipe Lemmatisation Pipeline
The idea of the UDpipe lemmatisation pipe-
line (Straka et al., 2019) is to find a rule that ed-
its the word to get the lemma. In the first phase,
the system looks at all word-lemma pairs and ex-
tracts rules, viz. edits that will rewrite the word as
the lemma. Then, a model is trained that classi-
fies input tokens into rule classes in a multi-class
classification setting. In the inference phase, when
a word and its rule are given, the UD lemmatisa-
tion pipeline applies the rule to the word to get the
lemma.

The rules of the pipeline are created in a very
general way to allow processing of as many lan-
guages as possible. A rule has four features:
casing, prefix operations, suffix operations, and
whether it represents a whole replacement with an
absolute string lemma. The operations are copy-
ing/deletion/addition of characters in specific loca-
tions of the word with reference to the beginning
(prefix) and end of the word (suffix). However, we

1This split is published in the ndt_1.0_nob and
ndt_1.0_nno directories of https://github.com/
humit-oslo/humit-tagger-sources, where all
the training data for the Humit tagger system are avail-
able, including data for tasks not discussed in this article.
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form language POS lemma
arbeider nno verb arbeide
arbeider nob noun arbeid
arbeider nob noun arbeide
arbeider nob noun arbeider
arbeider nob verb arbeide

Table 2: Sample lexicon entries. nno: Nynorsk,
nob: Bokmål.

modified the code implemented by Samuel et al.
(2023)2, to make the rule extraction prefer suffix op-
erations by inserting constant dummy characters
at the beginning of both lemma and form. This
was motivated by most inflections in Norwegian
being suffixing, which also simplifies the classifi-
cation tasks. To give an example for a rule, the
word “planlagt” and the lemma rule “lower;-+e→-
+ge” produce the lemma “planlegge”. Here, the
first part of the lemma rule indicates that the word
will be lower-cased, and the second part indicates
the following: add e at the end, replace the sec-
ond last character with g, and replace the fourth
last character with e.3

4.2. The Morphological Lexicon
The morphological lexicon we use is Norsk ord-
bank, mentioned above. From this lexicon, we
extracted all possible forms, along with the infor-
mation about language form (Bokmål, Nynorsk, or
both), the lemma, and part of speech, yielding
quadruples as in Table 2, which shows different
forms from the root arbeid ‘work’.

Norsk ordbank is a carefully hand-crafted re-
source that has been developed over a long pe-
riod. This means that the analyses found there are,
in principle, valid. Nevertheless, there are certain
complications. First, we use part-of-speech to dis-
ambiguate; for example, in Table 2, if we know that
the form arbeider is a verb, only the lemma arbeide
is possible. However, the morphological analysis
could be wrong. This can happen simply because
the tagger makes an error, or because of discrep-
ancies in the tags between the tagger and the lex-
icon. Such discrepancies arise because the part-
of-speech classification that is used in the Norwe-
gian Dependency Treebank differs in some details
from the classification in Norsk ordbank. For exam-
ple, the Norwegian Dependency Treebank treats
words of location such as her ‘here’, hjemme ‘at
home’ etc. as prepositions, while the lexicon uses
the traditional classification of such words as ad-

2The repository for the code is: https:
//github.com/hplt-project/HPLT-WP4/blob/
main/evaluation/ud/lemma_rule.py

3See Straka et al. (2019) for an explanation of the
formalism.

verbs. The differences are small, however, and
we leave an eventual unification of the tagsets to
future work.

Second, as we saw above, the lexicon contains
word forms and inflections that are no longer con-
sidered correct. We include these to be able to
deal with older texts and with non-standard lan-
guage. This can sometimes lead to unwanted am-
biguities. These could possibly be reduced by
implementing a prioritization (only accept a non-
standard analysis if no standard analysis exists),
but we did not attempt such a strategy.

Third, Nynorsk often contains words that are
considered Bokmål and which are therefore not
listed as possible Nynorsk words. Here, we do im-
plement a prioritization scheme: We enrich the vo-
cabulary in Nynorsk with all Bokmål forms that do
not otherwise occur in the lexicon. We do not simi-
larly enrich the Bokmål lexicon with Nynorsk forms,
because the amount of Nynorsk found in Bokmål
texts is minuscule.

Fourth, many word forms do not occur in the lex-
icon at all. One reason is that compounding is a
productive process in Norwegian. Recent words
may also not yet be included. In these cases, the
lexicon obviously does not give us a lemma. Sim-
ilarly, in cases where the lexicon has more than
one analysis, such as for arbeider as a noun in Ta-
ble 2, the lexicon does not give us an analysis on
its own.

4.3. Machine Learning Setup
To evaluate models during training, from the main
training set, we create task-specific train and dev
sets for individual tasks, lemmatisation, and mor-
phological classification, each close to the size of
the test set. In this way, while we keep the test
set the same across these tasks, we create task-
specific train and dev sets to balance class distri-
butions and improve class coverage in the task-
specific training processes.

The lemmatisation classifier is trained based on
NorBert3,large since finetuning this model was re-
ported to be the best performing model for this
task (Samuel et al., 2023). Our modified rule ex-
tractor extracted 598 rules from the task-specific
train set. We use the NorbertForTokenClassifica-
tion module4 to train this model. We treat a whole
rule as one class, regardless of the rule compo-
nents, such as casing, absolute rewriting of the
lemma, or suffix.

Since the token classification task classifies to-
kens, the words with multiple tokens are handled
as follows: The first token is assigned to the ac-
tual class, and the rest of the tokens to a default

4https://huggingface.co/ltg/norbert3-
large/blob/main/modeling_norbert.py
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class created for this purpose. This process also
identifies the boundaries of words, which the tag-
ger later uses to create its output. Therefore, the
loss is computed for all tokens, but not specific to-
kens such as the beginning or the end token of the
word.

Our initial experiments with the hyperparam-
eters given by Samuel et al. (2023) performed
poorly compared to the performance measure of
99.1% accuracy reported in their article. We be-
lieve this may be due to two reasons: 1) the report
is based on a model trained for multiple UD tasks,
having multiple classification heads, which leads
the base model weights to be updated by training
for multiple tasks, and 2) although the source of
the datasets are the same, the training and test
datasets in our experiments and the ones reported
on in the article are different. Therefore, we exper-
imented with several hyperparameters to achieve
an accuracy comparable to the reported value, al-
though the two models are not directly compara-
ble.

Based on our experiences with the training pro-
cess, we settled on using the following hyperpa-
rameters: batch size=8, number of epochs=50,
and initial learning rate=0.00005. Other parame-
ters are default parameters set by the Hugging-
Face Transformers Trainer library version 4.41.
Throughout the training, we evaluate the model
every 500 steps and select the best-performing
model according to the accuracy score of the task-
specific dev set. In other words, since we are look-
ing for the best model, we update the weights in
small batches with a low learning rate and evalu-
ate the model at short intervals. Our lemmatisa-
tion model has a classification accuracy of 99.22%
for the dev and 99.16% for the test set, which are
close to the best previously reported (Samuel et al.,
2023).

The morphological classifier model is trained
with the same parameters for 267 morphological
classes, where each class represents a set of mor-
phological tags. We follow the process detailed in
(Haug et al., 2023). We extract each morpholog-
ical tag combination (such as [subst, prop]) from
the training set, and consider each such combina-
tion as a different class that a token will be classi-
fied into. In line with recent work training and fine-
tuning LLMs for Norwegian (Kummervold et al.,
2021; Samuel et al., 2023), we train both the lem-
matisation classifier and the morphological clas-
sifier on datasets consisting of both Bokmål and
Nynorsk data. This is especially suitable because
the base model that we are fine-tuning was also
trained on both written varieties. In this training,
the morphological classifier obtained by picking
the best dev set classification accuracy has accu-
racy scores of 98.41% for the task-specific dev set

and 98.27% for the test set. The upper bound of
the trained model is given by the number of words
in the test set that require labels not seen during
training. This number is quite small: only 27 words,
with one of these occurring twice for a total of 28
occurrences, i.e. less than 0.05%.

4.4. Different Experiment Configurations
We set up three different configurations to experi-
ment with: model_only, model_lexicon, and
model_lexicon_disamb.

model_only uses only the lemmatisation
model. This configuration identifies the lemma rule
class of each word and applies the rule to the word
to get the lemma.

model_lexicon identifies the morphological
class of words using the morphological classifier
model. If the word is tagged prop, then it is con-
sidered a proper noun and the lemma is returned
as the word itself, retaining upper case. If a proper
noun is also tagged as gen and there is s at the
end of the word, then it is considered in genitive
form, and the lemma is produced by removing the
last s. Otherwise, the model_lexicon checks
the word in the morphological lexicon introduced
in Section 4.2, and uses the lemma in this list. If
a word (or a compound word) does not exist in the
lexicon or if there are multiple suggestions from the
lexicon, then the lemma is identified by applying
the rule suggested by the lemmatisation model to
the word, as in the model_only configuration.

model_lexicon_disamb applies the same
steps as the model_lexicon configuration, but
it tries to disambiguate among the lemmas if there
are multiple suggestions for the word in the lexicon.
This configuration, given a word, sorts the rule
classes according to their probabilities retrieved
from the lemmatisation model and selects the most
probable one that produces the lemma among the
suggestions of the morphological lexicon. If a word
(or a compound word) does not exist in the lexicon,
or if the lemmas obtained from the lemmatisation
model and the lexicon do not share at least one
lemma, then the first suggestion of the lemmati-
sation model is used, similar to the model_only
configuration. We use the lemmatisation model’s
first suggestion to identify word boundaries for all
configurations.

5. Evaluation and Discussion

This section evaluates and discusses the perfor-
mance of the different configurations on the test
set. Table 3 shows the number of errors and the ac-
curacy rate of the three configurations on the Bok-
mål and Nynorsk data. We observe that Nynorsk
is slightly harder than Bokmål, likely due to hav-
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ing a more complex morphology. On the other
hand, the differences between the various setups
are small and look insignificant. However, as we
will now see, the similarity in the number of errors
hides large differences in the kind of errors that are
made.

For the detailed error analysis, we focus on
model_only and model_lexicon_disamb.
Cursory investigation of the errors from
model_lexicon showed that it is in-
termediate between model_only and
model_lexicon_disamb in the types of er-
rors that it makes.

Table 4 shows our categorization of the cases
where there is a string mismatch between the gold
lemma and the lemma produced by the setups
model_only and model_lexicon_disamb. In
the first group, we see real, indisputable er-
rors. We have sorted these into the following
categories: Spelling errors are errors caused by
there being a spelling mistake in the source text.
In the gold data these are lemmatised under
the correctly spelled lemma. The lexicon obvi-
ously cannot handle such cases, as it does not
contain misspellings. In principle, the trained
model could be able to deal with them by find-
ing a rule that rewrites them into their correct
lemma. But since spelling errors are rare and
unsystematic, we find small differences between
model_only and model_lexicon_disamb in
this category, at least for Bokmål. For Nynorsk,
it does seem that the model is able to deal
with some spelling mistakes. The second cat-
egory is wrong variety, i.e. cases where the
system produces a Bokmål lemma for Nynorsk
text or vice versa. The trained model some-
times does this because it has been trained on
Bokmål and Nynorsk jointly, as explained above.
The third group is capitalization: these are due
to the morphological tagger wrongly identifying
a word as a proper noun (or vice versa). The
fourth group is abbreviations: we see an interest-
ing difference in how model_lexicon_disamb
handles these worse in Bokmål. This is be-
cause the Bokmål test set contains abbrevia-
tions of political parties (Ap. for Arbeiderpar-
tiet) spelled with a full stop; as these are proper
nouns, model_lexicon_disamb uses the form
as lemma, but the gold data in this case has
the abbreviation without a stop. The fifth group
is other errors. There are errors that cannot be
further classified based only the surface forms,
but require inspection into how the neural sys-
tem and the rules interact. They will be dis-
cussed in more detail in Section 5.1. But we no-
tice already that other errors are much less fre-
quent with model_lexicon_disamb than with
model_only.

However, there are many mismatches with the
gold data which are arguably not real errors. The
clearest cases are those where the gold data is
simply wrong, which we call gold errors. As ex-
pected, these are about equally frequent in both
configurations, although small differences arise
if one configuration makes the same mistake
as the gold data. The next group are optional
forms: as explained in the introduction, many Nor-
wegian lemmas have several equally acceptable
spellings. The most common case here is actu-
ally the word TV/tv ‘television’ and its compounds,
which can be spelled in capitals or in small let-
ters. Finally, we come to the group which makes
the biggest difference between model_only
and model_lexicon_disamb, namely adj/verb.
This is a classical problem in part-of-speech tag-
ging for Norwegian (and other Germanic lan-
guages): When is a word form like spist ‘eaten’ an
adjective and when is it a verb in the perfect partici-
ple form? This also translates into a lemmatisation
problem because the morphological lexicon lem-
matises the perfect participle as spise (‘eat’, the
infinitive of the verb), but the adjective as spist
(‘eaten’). The Norwegian Dependency Treebank,
which is the source of our training and test material,
follows another standard by lemmatising also the
adjective under the infinitive of the verb. For such
cases, then, the morphological tagger has learned
to categorize them as an adjective, but when this
part of speech is used to look up the morphologi-
cal lemma, we do not find the verbal lemma, only
the adjective, and so model_lexicon_disamb
makes a “mistake”. However, this is merely a dif-
ferent convention.

The final group in Table 4 is “Foreign” text.
Most of these are cases where a longer stretch
of Bokmål is quoted in otherwise Nynorsk text,
as discussed in Section 2. Swedish sometimes
also causes problems because there are many
shared words.5 It would be beneficial if a standard
could be established on how to handle such “code-
switching” within Norwegian, as it does not seem
correct to treat them as completely foreign words.
We leave this for future work.

In sum, gold errors, optional variants, and ad-
jective/verb errors are not true errors. However,
they make up 54.7% and 53.2% of the errors
made by model_lexicon_disamb in Bokmål
and Nynorsk, respectively. For model_only, they
only make up 28.1% and 21.3% of the errors.
In other words, while the number of errors re-
mains relatively constant between model_only
and model_lexicon_disamb, the number of

5English, German, and other languages also occur in
NDT as part of quotes or titles, but in this case, the forms
are generally not existing Norwegian words, and so the
model lemmatises them using the form as the lemma.
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Bokmål Nynorsk
Configuration errors accuracy errors accuracy
model_only 285 99.1% 456 98.5%
model_lexicon 240 99.2% 437 98.6%
model_lexicon_disamb 236 99.2% 447 98.5%

Table 3: Number of errors and accuracies on the test set

Bokmål Nynorsk
Error type model_only model_lexicon_disamb model_only model_lexicon_disamb
Spelling error 19 22 13 27
Wrong variety 5 1 37 2
Capitalization 19 17 60 37
Abbreviation 3 15 2 2
Other errors 155 44 185 86
Gold errors 29 36 32 38
Optional 20 31 26 48
Adj/verb 31 67 39 152
“Foreign” text 4 3 62 62

Table 4: Error types

true errors is significantly reduced. This is
shown in Table 5, which we believe gives a
better measure of the performance improvement
of model_lexicon_disamb over model_only
than what we see in Table 3.

5.1. Further analysis of “other errors”

Table 4 already contains some analysis of the
true errors that the systems make, based on
directly observable properties of the test set
or the produced forms. For Bokmål these
are relatively constant across model_only and
model_lexicon_disamb. For Nynorsk we see
that using the lexicon improves capitalization er-
rors and the production of forms of the wrong va-
riety (i.e. Bokmål), although it also hurts the treat-
ment of spelling errors. Nevertheless, for both va-
rieties, the largest reduction comes in the category
“other errors” in Table 4. We therefore proceed to
a closer analysis of these errors.

Notice that it is hard to say what is going on
in this category in the model_only configuration
when there are no detectable properties of the
surface forms like spelling errors or capitalization.
The system simply picked the wrong lemma rewrit-
ing rule, and the usual difficulties in interpreting the
BERT model makes it hard to say why. We there-
fore focus on the model_lexicon_disamb con-
figuration.

Table 6 breaks down the “other errors” of Table 4
depending on whether they are due to errors in
the lexicon or to classification errors by the neural
model, which may arise whenever a POS-tagging
error prevents successful lookup in the lexicon, or
because there is no entry in the lexicon, or be-

cause there are several entries in the lexicon and
the model needs to choose.6

We see that the true errors classified as “other
errors” largely stem from the trained model. The
morphological lexicon is a hand-crafted resource
that has been maintained over a long period and
does not contain many errors. However, our de-
cision to include forms from the lexicon that are
no longer acceptable sometimes induces an error
whenever the lemma itself (and not just inflected
forms) has had a variant spelling. For example,
the Bokmål adjective grønn ‘green’ used to have
a variant spelling grøn in its base form. As men-
tioned above, we include such forms to be able
to deal with non-standard and historical texts, but
this means that the neuter form, which has always
only been grønt, can be lemmatised grøn or grønn,
where only the latter is correct today.

Such cases are rare, and most errors are due to
the neural model. A large part of these is due to
part-of-speech errors. Such tagging mismatches
may lead the system to dismiss a lexicon entry that
it should have used. It should be noted that not all
such tagging mismatches are true errors; as men-
tioned above, some are merely differences in the
part-of-speech analysis between the lexicon and
the annotation in the Norewgian Dependency Tree-
bank.

When we look at the errors that the model
makes, many of them are understandable. A com-
mon example is the weak/strong inflection ambi-
guity. Norwegian masculine nouns mark definite-
ness with a suffix -en as in e.g. gutten ‘the boy’ or

6Two errors that were due to an error in the code are
not included here. The error has been corrected in the
published implementation.
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Bokmål Nynorsk
Configuration errors accuracy errors accuracy
model_only 205 99.3% 359 98.8%
model_lexicon_disamb 102 99.6% 216 99.3%

Table 5: Errors on the test set, discounting gold errors, optional variants and adj/verb errors

Error type Bokmål Nynorsk
lexicon error 7 4
POS error 18 36
no lexicon entry 10 16
several lexicon entries 7 30

Table 6: Source of “other” errors in
model_lexicon_disamb

hanen ‘the rooster’. In some of these nouns (the
so-called strong class), the lemma ends in a con-
sonant: gutt. In others (the so-called weak class),
the lemma ends in -e: hane. There are also am-
biguous nouns: listen may be the definite form of
either liste (‘list’) or list (‘trim’). Similar facts hold
for neuters with -et in the definite form. It is there-
fore perhaps not surprising that the model makes
errors in adding a spurious -e to the lemma, or leav-
ing out a required one. Ideally, the model would be
able to generalise over common suffixes, but this
is not always the case. For example, beskyttelse
‘protection’ contains the common deverbal suffix
-else, while no Norwegian noun ends in -els. Still,
model_only lemmatises beskyttelsen as beskyt-
tels.

We should also point out that model_only
sometimes makes serious mistakes that violate
Norwegian phonotactic rules in such a way as to
undermine a human’s confidence in the lemmatisa-
tion. This is due to the rewrite rules not taking into
account what letter is being changed, only the posi-
tion where something changed. To use an English
example, the rule that takes the word women to its
lemma woman can be paraphrased as “change the
last but one letter to a”, and not as “change an e
in the second last position to an e”. When such a
rule is applied wrongly, it can, depending on the
phonological environment, yield very strange re-
sults. For example, there are quite a number of
Norwegian irregular verbs that display a vowel al-
ternation where an a in the past tense corresponds
to an e in the infinitive lemma, e.g. hang–henge
‘hang’, hjalp–hjelpe ‘help’, rakk–rekke ‘reach’ and
many more. From this, the system extracts the rule
that the third letter from the end changes to an e,
and then an additional e is inserted at the end. But
when the system applies this rule to the verb form
strøk ‘stroked’, the result is steøke, which contains
an impossible vowel sequence -eø- that stands out
in human eyes.

The overall number of errors is quite small, how-
ever, and it is useful to look at the cases where the
lexicon does not at all provide an analysis to get an
impression of how the model performs. These can
be completely new words that have not yet been
added to the lexicon, or words formed via com-
pounding, which is a very productive process in
Norwegian.

In total, there are 1785 occurrences of words in
the Bokmål testset (of total 30650 words) that are
not in the lexicon. For 1169 of these (65.5%), typi-
cally proper nouns and invariable words, the word
form is the same as the lemma. For the Nynorsk
test set (total 30712 words), there are 1872 that
are not in the lexicon. 1063 of these (56.8%) have
a lemma that is identical with the word form. In
other words, defaulting to using the form as lemma
whenever the word is not in the lexicon would
yield a baseline performance of 57-66% on out-of-
vocabulary items. However, as expected, the neu-
ral system performs much better than that, with an
accuracy of 97.4% on these items in Bokmål and
95.8% in Nynorsk. This is, however, noticeably
worse than the performance of model_only on
the whole dataset, indicating that the words that
are not in the lexicon are also harder for the neural
system, likely because they are rare or nonexistent
in the training data.

6. Implementation

We have incorporated the lemmatiser into our
Norwegian morphological tagger, which is pub-
lished in our repository 7. This tagger prioritizes
speed and ease of use, offering more features
than the specific experiments described in this pa-
per. While the reported experiments evaluate lex-
icon integration via the two distinct NorBert3,large-
based lemmatisation-rule and morphological clas-
sifier models, this implementation also handles
sentence boundary and written standard (Nynorsk
or Bokmål) detection.

Using a large model (323M parameters) for
all of the mentioned tasks could become com-
putationally intensive when processing large files.
Therefore, during the implementation of the tag-
ger, we have used a single base model and
fine-tuned it with four classification heads for the

7https://huggingface.co/Humit-Oslo/
humit-tagger-xs/tree/main
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Input xs
size (cpu) xs small base large

1MB 00:56 00:55 00:59 01:10 02:00
10MB 06:13 04:32 04:50 06:18 13:57
50MB 30:01 19:16 20:50 27:55 58:34

100MB 58:35 39:13 41:35 57:42 2:11:51

Table 7: Execution durations of different sizes of
the trained models on various sizes of input. For-
mat: h:mm:ss

four different tasks mentioned here, including mor-
phological and lemma-rule classification. Fol-
lowing our findings in this paper, we have im-
plemented the lexicon in the tagger using the
model_lexicon_disamb configuration. We
have used various-sized NorBERT models (num-
ber of parameters from 15M to 323 M) as the base,
enabling the tagger to run on a range of devices,
including those with limited resources, such as in
CPU-only mode with low RAM.

Table 7 gives an overview of the time required
to run the tagger with varying input sizes and base
models. When input is provided to the tagger, all
classification heads are computed, although we
use the tagger in a setting where only the lem-
matisation and morphological tagging outputs are
used. We tested the smallest model on a 14-
core Intel Core i5 Linux-operating-system machine
with 64 GB RAM, and we tested all models on an
NVIDIA GeForce RTX 2080 GPU with 12 GB RAM.
While our implementation tags a 1MB plain text file
ranging from 56 seconds to 2 minutes, depending
on the setting, Stanza (Qi et al., 2020), a Python
NLP package based on neural networks, POS-
tags and lemmatises the same text in 6 minutes on
the same CPU and 3 minutes on the same GPU en-
vironment. This makes our implementation com-
petitive in terms of speed with one of the widely-
utilized lemmatisation and POS-tagger implemen-
tations. For usability, we have implemented the
tagger as downloadable models in our Hugging-
Face repository8, which requires only a few lines
of code to run.

7. Conclusion and Future Work

Despite accuracy scores that are already in the
high nineties, there is still scope for improving neu-
ral lemmatisation systems by combining them with
high-quality lexical resources. Lemmatisation is
an inherently difficult task for LLM-based systems
because the output set, the vocabulary of the tar-
get language, is open-ended. The UD lemmati-
sation system of Straka et al. (2019) partly over-

8https://huggingface.co/Humit-Oslo/
humit-tagger-xs/tree/main

comes this by classifying into rewrite rules from
form to lemma, rather than directly to lemmas, but
the number of classes remain large, and perfor-
mance is improved when handcrafted lexicons are
used instead of the model whenever possible.

As we have seen above, this strategy noticeably
reduces the number of true errors in the Norwegian
data. However, when accuracy rates are as high
as above 99%, it becomes very important to do
careful error analysis. For example, around 10%
of the errors are due to mistakes in the gold data.
And many more errors are due to cases where mul-
tiple analyses would be acceptable.

This points to a general difficulty in integrating
neural, data-driven systems with hand-crafted lex-
icons, namely that the training data for the neu-
ral system may rely on different annotation con-
ventions from those of the lexical resources. As
Norsk ordbank is a resource that is continually
maintained by the Language Council of Norway,
it is desirable to make it easy to integrate new
words from this source. By contrast, the Norwe-
gian Dependency Treebank is no longer actively
maintained, which means that it will be a one-time
effort to change its annotation practices to match
those of Norsk ordbank (as long as this resource
does not change its annotation practices).

Another line of work we will consider in the fu-
ture is to increase the number of cases where the
lexicon can be used by implementing compound
analysis. As we have mentioned, compounding is
a productive process in Norwegian and in many,
probably most, cases, both compound members
are in the lexicon.

Finally, with performance at such high levels, it
will clearly be useful to construct new and more
challenging datasets. This would include histor-
ical data, non-standard data with more frequent
spelling mistakes, specialized language with rare
terminology, etc.

8. Limitations

This work only deals with Norwegian. As such,
the techniques and the configurations we use
are only applicable for a high-resource language
that has both enough text data to train a BERT
model (Vaswani et al., 2017), enough annotated
data to fine-tune this model for lemmatisation and
morphological classification, and rich lexical re-
sources such as a morphological lexicon. Very
few languages have all of this. However, there
is a lesson for planning the development of new
resources for low-resource languages: rich, struc-
tured lexical information can still make an impact.
As pointed out by one of the reviewers, there are
languages with relatively few resources that still
have extensive dictionaries. Many dictionaries will
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not give all possible realisations of lemmas, as
Norsk ordbank does, but even a simple dictionary
can be used to filter the output of a machine learn-
ing system and thereby avoid e.g. phonotactically
impossible lemmas that risk undermining human
confidence in the output.
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Abstract
Quantification is common in text but underrepresented in AMR. It also strains the common conjunctive interpretation
of AMR graphs, since universal quantification introduces scope-taking structure and variable binding that cannot
be captured as a flat list of conjuncts. We propose an enriched AMR that supports quantificational meaning while
preserving AMR’s graph backbone. At the predicate level, we add QuantML-style features such as domain restriction,
determinacy, distributivity, and involvement. At the discourse level, we add contextual constraints that encode scope
and other discourse-sensitive conditions. The two levels follow the UMR architecture and are linked by shared
identifiers. We map the enriched graphs to two-block logical forms: a minimal predicate structure of events and
participants, plus a constraint block that relates them.

Keywords: QuantML, quantification, minimal logical form, predicate structure, discourse-level contextual
constraint

1. Motivation, Aim, and Tasks

Since Montague (1974) and Bach et al. (1995),
quantification has been a central and contested
topic in natural language semantics. Quantifica-
tional expressions are pervasive in ordinary lan-
guage and raise some of the most technically de-
manding problems in semantic analysis, including
scope ambiguity, distributivity, and domain restric-
tion. By contrast, AMR work has largely set aside
quantification, a gap that can be detrimental, es-
pecially for downstream applications that require
precise meaning representations. A further motiva-
tion is that, under a common baseline interpreta-
tion where an AMR corresponds to a conjunction of
atomic conditions, universal quantification cannot
be handled as just another conjunct, because it
requires a conditional (implication) structure and
explicit variable binding, giving rise to well-known
scope and bound-variable problems (Bos, 2016,
2020).

This paper investigates how quantificational phe-
nomena, including scope ambiguity and discourse-
sensitive constraints on the interpretation of quan-
tified expressions, can be represented by enrich-
ing Abstract Meaning Representation (AMR) with
a quantification layer compatible with Uniform
Meaning Representation (UMR). We adopt the ISO
24617-12:2025 QuantML feature inventory, includ-
ing domain restriction, determinacy, distributivity,
and involvement, and encode these features as
annotations that can be mapped into enriched AMR
structures.

For this purpose, this paper undertakes three
specific tasks. The first task is to adopt the two-
layer architecture of Uniform Meaning Represen-
tation (UMR, 2022), pairing a sentence-level AMR-
style predicate-argument graph with a document-

level component that encodes cross-sentential re-
lations such as temporal and modal dependencies
and coreference. The document-level component
is linked to sentence-level nodes through shared
identifiers (for example, by referencing sentence-
indexed concept ID’s), yielding an integrated rep-
resentation that can support discourse-sensitive
constraints on quantifier interpretation.

The second task is to define a set of discourse-
sensitive constraints in the document-level compo-
nent. The set includes constraints inferred from
context and those triggered by quantificational
features annotated at the sentence-level AMR
nodes. The constraint formalism is inspired by Bos
(2020)’s AMR+ proposal, which preserves AMR’s
predicate argument backbone. We do not, however,
follow Bos’s way of marking those constraints by
adding a logical layer with explicit indices.

The third task is to construct two-block logical
forms, roughly corresponding to the two-level se-
rialization of each annotation structure. The first
block represents a (minimal) predicate structure,
consisting of an event and a list of objects that
participate in it, while the second block represents
how all of the logical forms in the first block are
related by contextual discourse constraints.

2. Main Issues

Two clarifications are needed before turning to the
technical issues in this section. The first concerns
why we keep the primary meaning representation
graph-based and comparatively simple. The sec-
ond concerns why we add an explicit logical inter-
pretation layer rather than reading quantificational
scope directly from the graph.

First, we treat enriched AMR as the primary in-
terface because the paper is aimed at a represen-
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tation suitable for corpus annotation and compu-
tational pipelines, not only for hand-built seman-
tic analyses. AMR’s practical value has been its
compact predicate-argument graph backbone and
its compatibility with existing annotation practice
and parsers (Banarescu et al., 2019; Knight et al.,
2020). If quantificational information is introduced
in a way that forces pervasive reification, explicit
variable bookkeeping, or global scopal decisions
at every step, the representation becomes harder
to annotate consistently and harder to learn from
data. For this reason, we aim for a conservative
extension strategy. That is, quantificational content
is added as a small inventory of local features and
discourse-level constraints that remain compatible
with the two-layer UMR architecture (UMR, 2022)
and that can be mapped from the QuantML annota-
tion scheme and inventory (Bunt et al., 2018, 2022;
ISO, 2025). This design keeps the graph readable,
keeps the enrichment optional for applications that
do not need it, and preserves interoperability with
existing AMR tooling.

Second, the logical forms in this paper are nei-
ther a competing representation layer nor an addi-
tional annotation target. They are used as a refer-
ence semantics for the enriched graphs. Once the
representation is enriched with meaning-bearing
features and discourse constraints, readers need
an explicit statement of what those annotations
commit us to in interpretation. The logical forms
provide that statement in a standard, checkable
metalanguage. They make scope, domain restric-
tion, and distributive conditions explicit enough
to (i) verify that the enriched graphs distinguish
the intended readings, (ii) validate conversions be-
tween QuantML-style annotation structures and
AMR-style graphs, and (iii) support accuracy claims
about the representation by comparing whether
two analyses yield the same or different truth-
conditional commitments (Bos, 2016, 2020).

A key reason for spelling out the reference se-
mantics is that a common baseline interpreta-
tion of AMR treats an AMR graph as a flat con-
junction of atomic conditions (a list of conjuncts).
This works well for many positive, existential-like
cases, but it breaks down once scopal opera-
tors are needed. In particular, universal quantifi-
cation requires a conditional (implication) structure,
which introduces explicit variable binding and re-
solves the bound-variable and scope problems that
arise under a purely conjunctive view (Bos, 2016,
2020). An equivalent option is to compile universals
into negation and existential quantification (using
∀xϕ ≡ ¬∃x¬ϕ), but this still requires scope-taking
operators and therefore cannot be recovered from
conjunction alone (Bos, 2016, Section 5). The log-
ical forms in this paper make these scope and
binding commitments explicit while keeping the

annotation-layer graphs lightweight.

2.1. Simplicity vs. Adequacy

The first design issue concerns the balance be-
tween notational simplicity and representational
adequacy in meaning representation. This sec-
tion compares two concrete syntaxes for encoding
quantificational analyses: the XML-based represen-
tation format, used in ISO QuantML (ISO, 2025),
and the PENMAN notation, used to serialize AMR-
style rooted, directed graphs.

Within the ISO 24617 Semantic Annotation
Framework, QuantML specifies an XML-based rep-
resentation format for annotation structures. This
design choice follows the broader ISO practice of
using XML as a uniform concrete syntax across an-
notation standards. It is largely for syntactic inter-
operability and reuse of existing XML tooling, rather
than for compactness or ease of direct human au-
thoring. At the same time, QuantML distinguishes
an abstract syntax from its XML concrete syntax,
which in principle allows alternative serializations
that preserve the same underlying annotation struc-
tures (Bunt, 2010; ISO, 2016).

For dense semantic annotation and integration
with AMR-style graphs, however, XML can be pro-
hibitively verbose. Even for small fragments, an
XML encoding like Example (1) requires nested ele-
ments, semantic categories encoded as tag names,
and multiple identifiers for cross-references. These
devices make entity structures and link structures
explicit, but they also obscure the underlying graph
and complicate both manual inspection and conver-
sion into a graph-based meaning representation.

Consider Example (1) that annotates a fragment
of text in XML:

(1) Sentence: Dogs bark.
Segmented: Dogsw1 barkw2.
<ENTITY xml:id="x1"
target="#w1" pred="dog"/>
<EVENT xml:id="e1" target="#w2"
pred="bark"/>
<SRLINK eventID="#e1"
participantID="#x1"
relType="agent"/>

In contrast, AMR encodes the same semantic
content for the purposes of sentence interpretation,
but does so in a more compact and direct notation.

(2) :: Sentence: Dogs bark.
:: Interpretation: For the present compar-
ison, the example introduces a barking
event with a dog participant.
:: id: amr001KL,
:: Data-creation time: 2026-01-23

(b / bark-01
:agent (d / dog))
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Although the surface format differs substantially,
the AMR representation in Example (2) introduces
the same core semantic objects and relations: an
eventuality of barking and a dog participant linked
to that event. As a result, both representations
support the same core predicative interpretation
of the sentence, despite their different levels of
structural and notational complexity.

By comparing the two representations, (1) and
(2), we observe that several components of the
XML representation can be removed to reduce the
size of the AMR representation. First, all of the tag
names, such as ENTITY, EVENT, and SRLINK,
need not be represented in AMR. Second, the link
for participant-role assignment is unnecessary; it
is built into the AMR structure.

2.2. Logical Forms and their
Interpretation Model

The second issue concerns how to interpret en-
riched AMR structures for quantification.

(3) :: Sentence: All dogs bark.
:: Interpretation:

There are dogs, and all of them bark.
:: id: amr002KL,
:: Data-creation time: 2026-03-22

(b / bark-01
:agent (d / dog

:num PL
:quant A))

Here, PL and A are logical constants standing for
plurality and universal quantification. A minimal
predicate structure is obtained by abstracting away
from these two feature specifications.

2.2.1. Minimal Logical Form Representing a
Predicate Structure

To this end, we first derive logical forms directly
from minimal AMR predicate structures, such as
(4).

(4) Minimal Logical Form
{b, d}
[instance(b, bark),
instance(d, dog),
agent(b, d)]

In AMR, b and d are treated as variables, but they
can be understood as discourse referents in DRS
(Kamp and Reyle, 1993). The comman (,) stands
for logical conjunction (∧). The relation instance
or i, used in some places instead, is a convenient
metalanguage predicate that links a discourse ref-
erent to an event predicate such as bark or an

entity predicate such as dog.1

This is a minimal logical form, representing a
predicate structure with its participants. It is mini-
mal in two senses: first, it abstracts away from the
feature specifications involving PL for plurality and
A for universal quantification; second, it supports
the construction of a minimal interpretation model
in the spirit of Bos (2003) and Blackbun and Bos
(2003); Blackburn and Bos (2004), based on the
predicate structure contributed by AMR.

2.2.2. Minimal Model for Interpretation

In set-theoretic terms, a minimal interpretation
model based on the AMR predicate structure (3),
abstracted away from :num PL and :quant A,
can be constructed as a tuple <D, v>, such that

(5) D={b, d}
v(instance)={(b, bark), (d, dog)}
v(agent)={(b, d)}

The discourse domain D has two discourse ref-
erents, b and d. The semantic values of the two
relations instance and agent are each specified as
a set of pairs. This is a minimal model that satisfies
each formula in (4), and thus the entire conjunctive
form. It supports only the described situation: a
barking event and a dog participant, with no further
commitments beyond what the graph introduces.

Intuitively, the resulting minimal model describes
a very small world, which we call the described sit-
uation (Barwise, 1981). The model is minimal in the
sense that it does not commit us to any additional ir-
relevant individuals or facts beyond those required
by the AMR structure itself. This paper adopts such
a model construction for semantic interpretation.

2.2.3. Extension

The minimal model presented in (5) may appear
trivial, but it is not fixed in a closed world. It may
be extended when later discourse, contextual up-
dates, or additional constraints require new individ-
uals or additional relations. For example, suppose
a situation is described in which two people are
each drinking a beer. If subsequent discourse intro-
duces the possibility that more people arrive and
more beer is ordered, the minimal model can be
extended by adding more people and more beer.
In this way, the model functions as a small, incre-
mentally extensible reference structure for interpre-
tation.

Consider a simple example:

1Here instance or i is used only in the reference
semantics. It links discourse referents to the event or
entity concepts introduced in the graph.
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(6) :: Sentence: Three dogs are barking.
:: Interpretation: There are three dogs, and
they are barking.

(b / bark-01
:agent (d / dog

:num 3)
:aspect prog)

We construct a minimal model form by abstract-
ing away from :aspect prog while retaining the
cardinality information contributed by :num 3.

(7) Logical Form {b, x}
[instance(b, bark),
instance(x, dog),
agent(b, x),
num(x)=3]

Here, num(x)=3 is a short-hand representation, as
defined:

(8) For any variable x, natural number n, and
non-emptyset X,
num(x) ≥ n =def x ∈ X such that |X| ≥ n.

To interpret Logical Form (7), a minimal model
is constructed as a tuple <D, v>, where D is the
discourse domain and v assigns a semantic value
to each of the binary relations, instance and agent,
such that we have:

(9) Extended Minimal Model
D = {b} ∪ {x|x ∈ X, |X|=3},
v(instance)={(b, bark), (x, dog)},
v(agent)={(b, x)}

The variable x ranges over the set X, the cardi-
nality of which is 3. This model thus supports a
situation in which there are three agents, which are
dogs, that bark.

2.2.4. Two-Block Representation of Logical
Forms for Contextual Constraints

The proposed framework, in which AMR is enriched
with UMR-style contextual constraints, yields a two-
block representation for logical forms in cases (at
least) involving quantification. Each AMR-based
predicate structure contributes a minimal logical
form in Block 1. In contrast, the discourse-level
constraints are stated as quantified logical forms
in Block 2. To interpret the resulting representation,
we treat Block 1 (minimal structure) as a reference
basis: formulas in Block 2 may contain variables
that are not explicitly bound there, but that are
intended to refer back to discourse entities intro-
duced in Block 1. Operationally, such variables are
resolved via Block 1 and bound at the appropri-
ate scope in Block 2. In this respect, the overall
structure is close to DRS (Kamp and Reyle, 1993),
which combines a set of atomic conditions with a
quantificational component.

(10) Restricted Discourse Domain:
A minimal model Mq for quantification is a
tuple <D, r, v>, where
D is a non-empty domain of discourse, r is
a restriction on D such that the restricted
domain Dr ⊆ D, and v is a semantic valu-
ation.

Restricted quantificational domains are introduced
by the relevant noun phrase or, more often, contex-
tually. The valuation v is a denotation function that
satisfies the concept instances and relations con-
tributed by the predicate-focused AMR structure.

(11) Logical Form:
Block 1 (AMR-based minimal structure):
{e, x}
[instance(e, protest),
instance(x, student),
num(x) ≥ 2,
dom(x) ∩ r(x),
agent(e, x)]
Block 2 (contextually constrained quantifi-
cational structure):
∀y[y=x→
∃e1[e1 ⊑ e ∧ agent(e1, y)]]

The representation in (11) lists the discourse en-
tities {e, x} that populate the minimal model, to-
gether with the conditions contributed by the AMR
structure. The minimal model itself does not bind
these variables; it records them as available refer-
ents. Block 2 then states the quantificational con-
straint over those referents.

The identity y=x in Block 2 is a reference identi-
fier: It links Block 2 to the occurrences of x in Block
1, Predicate-focused minimal logical form. As de-
fined in (8), the variable x is a variable in a set X
the cardinality of which is 3. Hence, the quantifica-
tional form in Block 2 in (11) be rephrased as in
(12) below:

(12) ∃e[i(e, protest),
∀x[[i(x, student), x ∈ X, |X| ≥ 2]→
∃e1[e1 ⊑ e, agent(e1, x)]]],
where the relation i again stands for the
relation instance.

The effect of resolving the references to Block 1
can be made explicit by rewriting Block 2 so that
the relevant discourse referents are existentially
introduced along with the conditions that charac-
terize them in the minimal model. This yields a
compiled form such as (13):

(13) Block 2: Quantificational Structure:
∀y[y=x
∃{e1, e}[e1 ⊑ e∧i(e, protest)∧agent(e1, y)]]

Either representation corresponds to the same
interpretive idea. One may interpret the original
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two-block structure by allowing Block 2 to refer
back to Block 1, or one may compile that reference
step into a single quantified formula as in (13). The
two-block format is useful because it separates (i)
the AMR-contributed described situation from (ii)
the additional quantificational constraints imposed
by the discourse level.

The distributive effect can be made more explicit
by quantifying over event parts and requiring each
member of the student plurality to participate in an
appropriate subevent:

(14) Logical Forms:
a. Block 1: Preamble
{e, x}
[i(e, protest),
i(x, student),
num(x) ≥ 2,
dom(x) ∩ r(x),
agent(e, x)]
b. Block 2, referring to Block 1:
∀y[y=x→ ∀e1[e1 ⊑ e→ agent(e1, y)]]

The logical form dom(x) ∩ r(x) in Block 1 repre-
sents the restricted domain of x for the universal
quantification in Block 2. The quantified logical form
in (b) captures the distributive effect by quantifying
over event parts e1 such that e1 ⊑ e and by requir-
ing agent(e1, y) for each such part. As before, the
variables x and e are supplied by the discourse
entities introduced in the first block.

In Section 3, we further discuss how this conver-
sion can be triggered.

3. Constructing the Architecture of
AMR Linked to UMR

Uniform Meaning Representation (UMR (2022),
0.9 Specification) extends AMR by pairing a
sentence-level graph with a document-level graph
that supports cross-sentential phenomena. UMR
retains AMR’s predicate-argument structures at the
sentence level, but augments them with document-
level annotations that link events and entities
across sentences and encode temporal, coreferen-
tial, and modal information. Lee et al. (2025) sug-
gest calling this UMR document level a discourse
level, since many of these relations are defined
over broader context rather than within a single
sentence and can interact with phenomena such
as scope and temporal interpretation.

Building on Pustejovsky et al. (2019), which ad-
dressed quantification and scope in AMR, we pro-
pose to join two levels: a predicate-structure level
(P-level) and a discourse level (D-level). These two
levels are connected by a root node, here called
Meaning, as shown in Figure 1. The resulting repre-
sentation is a single-rooted, labeled, directed graph

with reentrancies; like standard AMR, it need not
be a tree, as shown in Figure 2.

Meaning

AMR Structure Contextual Constraints

P-level D-level

Figure 1: Architecture of the Enriched AMR

The syntax of both the predicate and discourse
levels is stated in a PENMAN-style format compat-
ible with current AMR conventions (Knight et al.,
2020). We thus retain the same type of syntax for
both levels. In the graph, each concept c in C, in-
cluding the root, corresponds to a node. Relations
label directed edges between nodes, where each
edge goes from a parent node to a child node.
A single parent node may have multiple children.
The overall structure is interpreted as a labeled,
directed graph whose connectivity is determined
by these parent–child relations.

In the example below, each parenthesized vari-
able introduces a node, and each colon-prefixed la-
bel (e.g., :agent, :scope) introduces a directed
relation from the current node to its child, whether
at the P-level or the D-level.

(15) :: Sentence: All the students protested.
:: Interpretation: There were students, and
all of them participated in a protest.
:: id: 001, 2026-02-05

(r / meaning
:P-level
(e / protest-01
:agent (x / student

:num PL
:dom (d / restr)
:quant A))

:D-level
(c / constraints

:domain (ex / entities
:op1 e
:op2 x)

:scope (co / conditional
:op1 x
:op2 e)))

At the discourse level, constraints for interpretation
specify the domain of discourse and the scopal re-
lation of universal quantification. First, the domain
lists the event variable e and the plural participant
variable x. Second, the scope relation states that
the student plurality takes scope with respect to the
protest event. The corresponding two-block logical
form can be stated as follows:

(16) a. {e, x}
[instance(e, protest),
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instance(x, student),
num(x) ≥ 2,
dom(x) ∩ r(x)]
b. ∀y[y=x→
∃e1[e1 ⊑ e ∧ agent(e1, y)]]

Here, num(x) ≥ 2 is shorthand for plurality: x
denotes a plural discourse domain or for the range
of x with at least two members.

The detailed annotation at the predicate and dis-
course levels can be incorporated into the general
graph structure of the enriched AMR linked to the
discourse level of UMR, following Pustejovsky et al.
(2019) that combined two levels to treat scope am-
biguity.

Meaning

e / protest-01

x / student

r / restr PL A

constraints

conditional
entitiesagent

dom num quant

P-Level D-Level

scope
domain

op1

op2

op1

op2

Figure 2: Enriched AMR with Quantification

The encoding of the contextual constraints, repre-
sented on the graph, may be treated by the index-
ing mechanism referred to in Bos (2020), but we
have taken a different option.

4. Validation with Further Illustrations

4.1. Overview

This section informally validates the proposed two-
block reference semantics with further illustrations.
Various discourse constraints, such as scope in-
volving quantification or presuppositional existence
associated with definite descriptions or proper
names, can be represented by incorporating Bos
(2020)’s contextual constraints into the discourse
level. These contextual constraints allow AMR to
avoid encoding some information redundantly. With
conditional indexing for universal quantification,
Bos even argues that the traditional :quant all
marking can be dispensed with. In the present
proposal, however, it is better to retain overtly ex-
pressed information, such as determinacy, rather
than relying on contextual information alone.

4.2. Definite Descriptions: Negation and
Presupposition

Definite descriptions, such as my cat and the rats,
are known to trigger existential presupposition.
Consider how definite description phrases inter-
act with negation in a sentence.

(17) :: Sentence: My cat didn’t chase out all the
rats from the house.
:: Interpretation: I had a cat, and there were
rats in my house, but it is not the case that
the cat chased all of the rats out of the
house.
:: DCT 2026-02-11

Sentence (17) contains three definite descrip-
tions, cat, rats, and house. Encoding each of
them with :determinacy (d / def), as in
QuantML, presupposes their existence.

(18) (e / chase-01
:polarity -
:agent (c / cat

:poss (m / me)
:determinacy
(d1 / def))

:theme (r / rat
:determinacy
(d2 / def))

:source (h / house
:determinacy
(d3 / def))

:goal (o / out))
(cn / constraints

:presuppose (ex / exists
:agent c
:theme r
:source h)

:scope (w1 / wide
:op1 -
:op2 e)

:scope (w2 / wide
:op1 r
:op2 e))

Annotation (18) yields Logical Form (19):

(19) Logical Form:
a. Block 1:
{e, c,m, r, h, o, d1, d2, d3}
[instance(e, chase01),
instance(c, cat), instance(d1, def),
instance(m,me),
instance(r, rat), instance(d2, def),
instance(h, house), instance(d3, def),
instance(o, out),
polarity(e,−),
arg0(e, c), arg1(e, r),
source(e, h), goal(e, o)]
b. Block 2, referring to Block 1:
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¬∀y[y=r →
[instance(e, chase01), agent(e, c),
theme(e, y), source(e, h), goal(e, o)]]

The first part of Logical Form (19) states that the
described situation introduces an event of chasing
and the discourse entities corresponding to the cat,
the rats, and the house. The second part states
the weak reading of the negated universal: it is
not the case that every relevant rat was chased
out of the house by the cat. If the negation oper-
ator were placed elsewhere, the truth conditions
would change while the existential presuppositions
remain in force.

4.3. Subevents

The AMR Guidelines (Banarescu et al., 2019) list
:subevent and :part among the non-core rela-
tions. These relations can help encode the internal
structure of complex events such as sharing some-
thing edible or a house, the Olympic Games with
many component events, or wars with dispersed
battles.

Consider a case of two women sharing a piece
of pizza, taken from Bunt and Lee (2025). The
AMR annotation is simplified by using the relation
:subevent.

(20) :: Sentence: Two women shared a pizza.
:: Interpretation: There were two women
and a pizza, and they shared it, each eating
part of it.
:: CDT-2026-01-28:T20:10

(s / share-01
:agent (w / woman

:quant 2)
:theme (p / pizza

:quant 1)
:manner collective
:subevent

(e / eat-01
:agent w
:theme (p1 / pizza

:part-of p)
:manner individual))

(c / constraints
:scope (w1 / wide

:op1 p
:op2 w)

:scope (w2 / wide
:op1 p1
:op2 e))

In the intended scenario, sharing the pizza is
modeled as including eating subevents. The eating
event is therefore annotated as a subevent of the
sharing. Logical Form (21) below is derived from
Annotation (20).

(21) Logical Form:
a. Block 1: Preamble
{s, w, p, e, p1}
[instance(s, share01),
instance(w,woman), quant(w, 2),
instance(p, pizza), quant(p, 1),
agent(s, w), theme(s, p),
manner(s, collective),
instance(e, eat01),
subevent(e, s), agent(e, w),
instance(p1, pizza), part_of(p1, p),
theme(e, p1),manner(e, individual)]
b. Block 2, referring to Block 1:
∀e1[e1 = e→ [instance(e1, eat01),
agent(e1, w), theme(e1, p1)]]

Logical Form (b) again refers to the preamble for
the variables supplied by Block 1.

4.4. Distributivity and Coreference

Here is another example from QuantML (ISO
(2025), Example 5) involving distributivity and coref-
erence.

(22) :: Sentence: The men had a beer, and they
carried the piano upstairs.
:: Interpretation: There were some men and
a piano. Under the intended reading, each
man drank a beer, and the same group
then carried the piano upstairs together.
:: id: k006, DCT 2025-01-04

:predicate-level
(d / drink-01

:agent (m / man
:num PL)

:theme (b / beer
:quant 1)

:manner individual)
(c / carry-01

:agent (m1 / man
:num PL)

:theme (p / piano
:quant 1)

:goal (u / upstairs)
:manner collective)

:discourse-level
(cn / constraints

:presupposition
existential

:temporal (bf / before
:op1 d
:op2 c)

:scope (sc / conditional
:op1 m
:op2 d)

:coreference
(id / identical

:op1 m :op2 m1))
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The individual distributivity of the drinking event
triggers the scope constraint over the men, while
the carrying event is marked as collective. The
coreference relation states that the men who drank
are the same men who later carried the piano.

(23) Logical Forms:
a. {d,m, b, c,m1, p, u}
[instance(d, drink01),
instance(m,man), num(m) ≥ 2,
instance(b, beer), quant(b, 1),
instance(c, carry01),
instance(m1,man), num(m1) ≥ 2,
instance(p, piano), quant(p, 1),
instance(u, upstairs),
agent(d,m), theme(d, b),
manner(d, individual),
agent(c,m1), theme(c, p),
goal(c, u),
manner(c, collective)]
b.
∀y[y=m→
∃e1[e1 ⊑ d, agent(e1, y),
τ(d) ≺ τ(c),m=m1)],
where τ maps an event to the time of its
occurrence (event time).

This logical form makes the distributive reading
explicit for the drinking event while keeping the col-
lective carrying event and the coreference relation
at the discourse level.

5. Conclusion

Quantificational meaning is pervasive in text, but
it remains difficult to express in standard AMR un-
der the common “flat conjunction” interpretation. In
particular, universal quantification and distributive
readings require scope-taking structure and vari-
able binding that cannot be recovered from a mere
list of conjuncts. This paper presented a conserva-
tive extension of AMR that makes quantificational
commitments explicit while preserving AMR’s practi-
cal graph backbone and remaining compatible with
the two-layer architecture of UMR..

The paper makes five concrete contributions.
First, we proposed an AMR-compatible representa-
tion in which a sentence-level predicate-argument
graph (P-level) is paired with a document/discourse
component (D-level) that records contextual con-
straints relevant to quantifier interpretation. The
two levels are explicitly linked by shared identi-
fiers, allowing discourse constraints (e.g., scope)
to target the same event and participant nodes
introduced at the predicate level.

Second, we showed how key ISO 24617-12:2025
QuantML dimensions (including domain restriction,
determinacy, distributivity, and involvement) can

be represented as local, meaning-bearing anno-
tations on AMR nodes/edges in PENMAN, avoiding
the verbosity of the XML concrete syntax while pre-
serving the underlying annotation content.

Third, building on the spirit of contextual con-
straints (e.g., AMR+), we defined D-level constraint
structures (e.g., conditional scope constraints, pre-
suppositional existence constraints, and cross-
sentential linking) that encode scopal dependen-
cies and discourse-sensitive conditions without in-
troducing a separate layer of explicit index book-
keeping inside the graph.

Fourth, we provided a systematic mapping from
enriched graphs to a two-block logical form: (i) a
minimal model block that records the described
situation (events and discourse referents con-
tributed by the AMR predicate structure), and
(ii) a constraint block that states quantificational
and discourse-sensitive requirements (e.g., univer-
sal/conditional structure, presuppositions, tempo-
ral constraints) while allowing controlled reference
back to Block 1.

Finally, through detailed examples, we illustrated
how the proposal captures (i) restricted univer-
sals as conditional scope constraints, (ii) interac-
tions between definiteness, negation, and presup-
positional existence, and (iii) distributive interpreta-
tions that require event-structural enrichment (e.g.,
event-part quantification and subevent structure)
while maintaining a single graph-based interface.

Overall, the proposal aimed to make quantifica-
tion representable and checkable in AMR-style an-
notation. QuantML feature content remains locally
readable at the predicate level, and scope-taking
and discourse-sensitive commitments are stated
explicitly at the discourse level to support interpre-
tation and downstream reasoning.

Next steps include (i) expanding and system-
atizing the discourse-level constraint inventory (in-
cluding additional triggers from QuantML features),
(ii) developing annotation guidelines and consis-
tency criteria for the enriched representation, and
(iii) conducting empirical evaluation, including an-
notation studies and experiments on parsing and
downstream tasks that are sensitive to quantifica-
tional distinctions (e.g., inference under scope and
distributivity).
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Abstract
This paper presents a two-stage training approach to improve the performance of Slovene large language models on
lexicographic question-answering tasks. We developed a comprehensive lexical pretraining corpus containing 356,294
Slovene word entries. We constructed the corpus by converting structured data from multiple lexicographic sources
into markdown format. Additionally, we created a question-answering dataset with 16,508 QA pairs from diverse
sources, including automatically generated questions, a linguistic advisory portal, and community forums. Using the
Slovenian GaMS model (based on Gemma 2 9B) and GaMS 3 model (based on Gemma 3 12B), we performed contin-
ued pretraining on the lexical corpus followed by instruction fine-tuning with our QA dataset combined with translated
general-domain questions. We compared results to different model configurations. Our results demonstrate significant
improvements (text similarity increasing from 0.226 to 0.542, BERTScore F1 of 0.915) in answering Slovene lex-
icographic questions, validating the effectiveness of domain-specific continued pretraining for low-resource languages.

Keywords: Slovene, language models, lexicography, continued pretraining, instruction fine-tuning, question
answering

1. Introduction

Lexicographic knowledge plays a fundamental
role in natural language processing, providing es-
sential information about word meanings, mor-
phological forms, usage patterns, and seman-
tic relationships (Horák and Rambousek, 2017).
While large language models (LLMs) have demon-
strated remarkable capabilities across various
tasks, they often struggle with specialized lexico-
graphic questions, particularly for low-resource lan-
guages where pretraining data may be limited and
less diverse (Merx et al., 2024). For Slovene, a
South Slavic language with complex morphology
and relatively scarce digital resources, this chal-
lenge is especially pronounced.

The gap between general pretraining cor-
pora and domain-specific lexicographic knowledge
presents a significant obstacle. Standard pretrain-
ing approaches expose models to broad linguis-
tic patterns but may not adequately capture the
structured, detailed information contained in lexi-
cographic databases. This is particularly problem-
atic for questions that require precise knowledge
of word forms, definitions, collocations, synonyms,
and morphological paradigms, information that is
systematically organized in lexicographic resources
but may be underrepresented or scattered across
general text corpora.

This paper addresses a research question: Can
structured lexicographic data improve Slovene LLM
performance through a combination of continued
pretraining and instruction fine-tuning? We hy-

pothesize that converting structured lexicographic
resources into natural language text and using
them for continued pretraining will inject domain-
specific knowledge into the model, while subse-
quent instruction fine-tuning will align the model
with question-answering tasks.

In summary, our experiments show that lexico-
graphic adaptation is highly effective: direct lexico-
graphic instruction fine-tuning (Lex-FT) produced
the best overall results, substantially improving
Slovene lexicographic QA quality over baseline
models, while continued pretraining provided lim-
ited additional gains and general benchmark per-
formance remained broadly stable.

Our main contributions are:

• A lexical pretraining corpus containing 356,294
Slovene word entries synthesized from multi-
ple lexicographic sources and structured in
markdown format

• A comprehensive QA dataset with 16,508
question-answer pairs from diverse sources,
including automatically generated questions,
linguistic advisory portals, and community fo-
rums

• A two-stage training methodology combin-
ing continued pretraining with instruction fine-
tuning, applied to the GaMS model (based on
Gemma 2 9B architecture)

• Comprehensive evaluation demonstrating sig-
nificant improvements in answering Slovene
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lexicographic questions while maintaining gen-
eral language capabilities

2. Related Work

2.1. Slovene Lexical Resources
Slovene benefits from a comprehensive ecosystem
of digitized lexical resources developed primarily by
the Center for Language Resources and Technolo-
gies (CJVT) at the University of Ljubljana. These
resources collectively provide definitions, usage ex-
amples, word forms, and collocations that form the
foundation of our lexicographic knowledge base.

The Digital Dictionary Database of Slovene
(DDDS) serves as the central lexicographic reposi-
tory. Linked to DDDS, the Open Slovene WordNet
(OSWN) provides a semantic network of Slovene
synsets: OSWN 1.0 contains approximately 95,262
synsets covering 164,904 word forms, derived from
Princeton WordNet with Slovene translations (Čibej
et al., 2023). CJVT also maintains the Thesaurus
of Modern Slovene, the largest open Slovene syn-
onyms collection, which is fully digital and crowd-
sourced (Krek et al., 2023). This thesaurus inter-
links with other resources and enables users to
compare headwords and synonyms along colloca-
tional profiles with corpus examples.

For contextual information, the Collocations Dic-
tionary of Modern Slovene provides 78,046 head-
words with 4.4 million collocation pairs and approxi-
mately 14.45 million usage examples (Kosem et al.,
2023). For morphology, Sloleks 2.0 (Slovene Mor-
phological Lexicon) covers 100,802 lemmas and
about 2.79 million inflected word forms with auto-
matic stress annotation (Dobrovoljc et al., 2019).
Together, these resources provide nearly all facets
of a dictionary entry: sense definitions, usage ex-
amples, inflectional paradigms, and collocational
patterns, making them good knowledge base for
language model enhancement.

2.2. Slovene Large Language Models
Recently, CJVT has developed Slovene-specific
LLMs. The GaMS family (“Generative Model for
Slovene”) includes models continually pretrained
on Slovene and related South Slavic data (Vreš
et al., 2024). Vreš et al. (2024) created GaMS-
1B by continuing pretraining on the English OPT
model with Slovene data. Larger models followed:
GaMS-9B (9B parameters) and GaMS-27B (27B
parameters) are based on Google’s Gemma 2
multilingual architecture, continually pretrained on
Slovene plus Croatian, Serbian, Bosnian, and En-
glish (CJVT, 2024). More recently, CJVT released
GaMS3-12B-Instruct, the next-generation GaMS
based on Google’s Gemma 3 architecture (CJVT,
2026). These models serve as powerful Slovene

backbones for further fine-tuning. In this work, we
use GaMS models as our base to specialize in
lexicographic data.

2.3. LLMs for Lexicography and Lexical
Semantics

There is growing interest in using LLMs for lexi-
cographic tasks. Pham et al. (2025) found that
ChatGPT’s word definitions are highly accurate,
comparable to traditional dictionaries. Similarly,
Lew (2023) showed that ChatGPT could generate
COBUILD-style dictionary entries for English, with
AI-generated sense definitions rated on par with
human lexicographers’ definitions, though exam-
ple sentences scored lower. These results demon-
strate LLMs’ raw capacity for lexicographic output
but also their limitations, particularly in producing
illustrative examples. Importantly, both studies sug-
gest that fine-tuning could improve results.

On the other hand, several studies have shown
that injecting structured lexical knowledge into
LLMs via fine-tuning can boost performance on
lexical-semantic tasks. Moskvoretskii et al. (2024)
created TaxoLLaMA by compiling an instruction-
tuning dataset from English WordNet hypernym
relations, then fine-tuning LLaMA-2 on this data,
achieving state-of-the-art results on taxonomy en-
richment and hypernym discovery tasks. This illus-
trates that feeding WordNet-style definitions and
relations into an LLM can make its implicit word
knowledge more explicit and usable.

For Slovene specifically, Škvorc and Robnik-
Šikonja (2025) used GPT-3.5 to extend Slovene dic-
tionary entries: they took short examples from the
Dictionary of Standard Slovenian Language (SSKJ)
and asked GPT-3.5 to generate full-sentence con-
texts, improving data for sense disambiguation.
Their pipeline showed that LLMs could augment
lexicographic examples while preserving sense.

More broadly, Lew (2024) argues that tradi-
tional lexicography remains vital for languages like
Slovene, especially given current LLM shortcom-
ings in low-resource settings. Yet he also notes that
AI tools offer new opportunities to automate rou-
tine tasks under a lexicographer’s guidance. Our
work builds on these efforts by instruction-tuning
Slovene LLMs on curated dictionary resources. By
combining multiple Slovene lexicographic datasets
during fine-tuning, we aim to teach the model ac-
curate, up-to-date lexical knowledge that reflects
structured resources.

3. Data Collection and Preparation

We collected data for continued pre-training and
fine-tuning to adapt a Slovene LLM for lexicographic
tasks. We combine five complementary Slovene
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lexicographic resources covering lexical, morpho-
logical, semantic, and usage-related information.
The Digital Dictionary Database of Slovene (DDDS)
serves as the core resource, providing structured
lexical data for approximately 300,000 entries. Mor-
phosyntactic annotations are drawn from the SUK
corpus (Arhar Holdt et al., 2024). Definitions are
supplemented by the Bridge Dictionary (CJVT,
2024) and OSWN (Čibej et al., 2023), while a syn-
onym dictionary (Krek et al., 2023) provides sense-
level synonym mappings.

3.1. Lexical Pretraining Corpus
Structured lexicographic entries were converted
into natural language text to enable continued pre-
training. The corpus is restricted to single-lexeme
entries to ensure consistent template-based con-
version.

Each entry lists all morphological forms from the
DDDS, followed by word senses and definitions
from SSKJ, Open Slovene Wordnet (OSWN), and
the Bridge Dictionary, or semantic indicators where
definitions are unavailable. Usage examples, col-
locations, and sense-organized synonyms are in-
cluded where available.

Conversion was performed using rule-based tem-
plates that generate structured markdown with clear
entry boundaries. The final corpus consists of a
single markdown file containing 356,294 entries
and approximately 875 MB of text.

An example of the pretraining corpus format is
shown below (truncated):
# Opis besede vzmetnica
Beseda vzmetnicah je samostalnik, občno ime ž

enskega spola množine v mestniku.
Beseda vzmetnico je samostalnik, občno ime ženskega

spola ednine v orodniku.
...

## Definicije besede vzmetnica
Definicija besede vzmetnica je: Vzmetnica je velika

ravna blazina,
ki jo damo v posteljo, da nam je udobneje.

## Kolokacije besede vzmetnica
- nova vzmetnica
- spati na vzmetnici
- posteljna vzmetnica
- zamenjati vzmetnico
...

## Sopomenke besede vzmetnica
- žimnica
- vzmet

3.2. QA Fine-Tuning Dataset
For conversational lexicographic QA, we con-
structed a dataset of 16,508 question–answer pairs
from five sources (Table 1). The dataset combines
automatically generated, expert-curated, and au-
thentic user questions.

The largest subset contains 12,173 DDDS-
derived QA pairs generated using templates, cov-

ering morphology, definitions, and common collo-
cations. Additional data includes 112 questions
generated based on patterns identified during a
promptathon event in which we organized man-
ual efforts to collect samples of lexicographic and
linguistic questions that might be answered by
such model. The dataset also includes 1,350 QA
pairs derived from SUK annotations, 896 expert-
answered questions from Jezikovna svetovalnica,
a Slovene linguistic forum, and 342 questions from
other Slovene online forums.

All data are stored in a ShareGPT JSON format
with additional data_type and source fields.

An example QA item from the fine-tuning corpus
is shown below:
{

"conversations": [
{

"from": "human",
"value": "Katere sopomenke ima beseda

eksperimentalen?"
},
{

"from": "gpt",
"value": "Sopomenke za eksperimentalen

so:\n- poskusen\n"
"- vzorčen\n- testen"

}
],
"source": "ddd",
"data_type": "automatic"

}

Source Description Count
DDDS Template-generated

QA pairs
12,173

Promptathon Community prompt
patterns

112

SUK POS-annotated exam-
ples

1,350

Svetovalnica Linguistic advisory
portal

896

Forums Forum discussions 342
Total 16,508

Table 1: QA dataset composition by source

4. Evaluation Methodology

We conducted a comprehensive evaluation of
our trained models by combining automated text-
similarity metrics with LLM-based qualitative as-
sessment. The evaluation compares the base
GaMS model with our continued pretrained and
fine-tuned variants across both domain-specific lex-
icographic questions and general-domain tasks.

4.1. Evaluation Datasets
Our primary evaluation was performed on a held-
out test set from the lexicographic QA dataset,
containing question-answer pairs with reference
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(ground-truth) answers. The test split contains 10%
of the full QA dataset and preserves the same
question-source distribution as the training split.
Each sample included:

• A prompt (question)

• A reference answer (correct answer)

• Generated responses from multiple model vari-
ants

• Source metadata indicating the origin of each
question

Additionally, we evaluated model performance
on general-domain tasks using the Slovenian-LLM-
eval benchmark dataset, which consists of im-
proved Slovenian translations of widely used En-
glish evaluation benchmarks, including ARC (Easy
and Challenge), BoolQ, GSM8K, HellaSwag, NQ
Open, OpenBookQA, PIQA, TriviaQA, TruthfulQA,
and Winogrande, to assess whether domain spe-
cialization negatively impacted general language
understanding capabilities.

4.2. Text Similarity Metrics
For lexicographic QA evaluation, we computed
three complementary automated similarity metrics
between each model’s generated answer and the
reference answer:

1. Levenshtein Similarity: Normalized edit dis-
tance measuring character-level differences,
calculated as 1− distance

max(len1,len2)

2. Sequence Matcher Similarity: Python’s Se-
quenceMatcher ratio measuring sequence
alignment quality

3. Word Overlap Similarity: Jaccard similarity
coefficient of word sets, computed as |W1∩W2|

|W1∪W2|

The final text similarity score was computed as
the arithmetic mean of these three metrics, which
were all normalized to provide a value between 0
and 1. This provided a robust measure of lexical
and structural similarity to the reference answer:

TextSim =
Leven. + SeqMatcher + WOverlap

3

Additionally, we computed BERTScore (Zhang
et al., 2020), a learned metric that evaluates se-
mantic similarity using contextual embeddings.
BERTScore computes precision, recall, and F1
scores by matching tokens between candidate and
reference texts using cosine similarity of BERT em-
beddings, providing a more nuanced semantic com-
parison than lexical overlap metrics.

These metrics served as simple reference met-
rics for quick comparison between the models as
they are computationally efficient; however, for the
main evaluation of the model performance, we used
an LLM-as-a-judge approach, which judged the
models closer to how a human would evaluate the
response.

4.2.1. LLM-as-a-Judge Evaluation

To assess qualitative aspects beyond simple text
matching, we employed GPT-5.2 as an LLM judge
to perform comparisons of model answers. The
use of an LLM judge enabled us to evaluate the
models on a dataset with around 1000 examples
and provided a solution for the lack of any stan-
dardized benchmarks for Slovene lexical quesiton
answering. For each question, we evaluated model
pairs across three dimensions:

1. Semantic Similarity: Which answer conveys
meaning most similar to the reference answer,
considering semantic equivalence rather than
lexical matching

2. Formatting Quality: Which answer demon-
strates superior structure, readability, and ap-
propriate use of formatting elements (whites-
pace, bullet points, paragraphs, etc.)

3. Grammatical Correctness: Which answer ex-
hibits the highest linguistic quality in Slovene,
including proper spelling, syntax, and morpho-
logical case agreement

To mitigate position bias, where for example the
model would prefere to select the first response,
we randomized the order of model answers in each
comparison. The GPT-5.2 judge was prompted to
select the best answer and to respond only with the
answer identifier. We set the temperature to 0.3 to
balance consistency with nuanced evaluation capa-
bilities. The model only had access to the reference
answer in the semantic similarity setting, while the
formatting quality and grammatical correctnes were
evaluated independently of the reference answer.

While the use of an LLM judge might introduce
a bias into the evaluation, we manually checked a
small subset of model answers (30 answers from
each model) and got results that coincided with the
ones provided by the LLM judge.

4.3. Analysis and Aggregation

Results were aggregated at two levels:

• Overall: Average similarity scores and judge
win counts across all test samples
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• By Source: Separate aggregation for each
data source (DDDS, SUK, Svetovalnica, Fo-
rumi, Promptathon) to identify domain-specific
performance patterns

5. Results

We evaluated seven model variants to assess the
impact of different training strategies on lexico-
graphic question answering performance. Figure 1
shows how each of them was trained. For clarity,
we introduce the following naming convention:

• Base: GaMS 9B with standard instruction tun-
ing (cjvt/GaMS-9B-Instruct)

• Base-Nemotron: Base model retrained on
translated Nemotron dataset (NVIDIA, 2024)
(cjvt/GaMS-9B-Instruct-Nemotron)

• Base-Nemotron-R: Nemotron variant with rea-
soning prompting

• Lex-FT: Base model fine-tuned with lexico-
graphic QA pairs

• CPT-Lex-FT: Model with continued pretraining
on lexical corpus, then instruction tuned

• GaMS3-Lex-FT: Larger GaMS3 12B model
fine-tuned with lexicographic data

• GaMS3-CPT-Lex-FT: GaMS3 12B model with
continued pretraining on lexical corpus, then
instruction tuned

5.1. Overall Performance
Table 2 presents the overall evaluation results
across all test samples. The evaluation employs
text-similarity scores (averaged from Levenshtein
distance, sequence matching, and word overlap),
BERTScore metrics (precision, recall, and F1), and
LLM-as-a-judge assessments across three dimen-
sions: semantic similarity, formatting quality, and
grammatical correctness.

The lexicographic fine-tuning models substan-
tially outperformed the baseline variants. The
Lex-FT model achieved the highest text similarity
(0.542), BERTScore F1 (0.915), and judge prefer-
ence scores, representing a significant improve-
ment over the Base model. Notably, the Base-
Nemotron model performed poorly (0.091 in text
similarity, 0.816 BERTScore F1), while excelling in
the answer formatting quality dimension, likely be-
cause directly translating general-domain datasets
can produce well-formatted responses that lack
Slovene-specific knowledge. We also observed
that the nemotron-trained model tends to provide
very verbose responses that included substantial

irrelevant information alongside the actual answer,
reducing similarity scores.

The reasoning-prompted variant (Base-
Nemotron-R) partially mitigated this verbosity
issue, improving text similarity to 0.153, though still
underperforming the lexicographic models. Among
specialized models, the direct fine-tuning approach
(Lex-FT) outperformed continued pretraining
followed by fine-tuning (CPT-Lex-FT and GaMS3-
CPT-Lex-FT), suggesting that for our dataset size
and task, supervised fine-tuning provided more
efficient knowledge transfer than the two-stage ap-
proach. The GaMS3-CPT-Lex-FT model showed
comparable performance to GaMS3-Lex-FT,
indicating that the additional continued pretraining
stage did not provide substantial benefits for the
larger model architecture.

5.2. Performance by Data Source
Figure 2 shows the model performance evaluated
by semantic similarity to the reference answer, split
by the source of examples. More detailed informa-
tion from two representative data sources: SUK
(sentence analysis questions) and Digital Dictio-
nary Database of Slovene (lexical knowledge ques-
tions) is also presented in Table 3 and Table 4.

On SUK questions requiring sentence-level mor-
phosyntactic analysis, lexicographic fine-tuning
models achieved near-perfect text similarity scores
(>0.95), with Lex-FT reaching 0.985. This repre-
sents a 202% improvement over the Base model.
The baseline models completely failed on these
structured analytical tasks (0 judge wins), while
specialized models excelled.

For Digital Dictionary Database questions test-
ing direct lexical knowledge, Lex-FT again led with
0.681 text similarity, though the absolute scores
were lower than on the morphosyntactic analy-
sis from SUK, suggesting greater task complex-
ity and answer variability. The Base-Nemotron
model catastrophically failed (0.028), while Base-
Nemotron-R recovered somewhat (0.269), demon-
strating the impact of prompting strategies on re-
sponse quality.

Performance patterns remained consistent
across different data sources. On Jezikovna Sveto-
valnica (language advisory portal) questions, all
models achieved modest text similarity scores
(0.08–0.11), with no clear winner, suggesting these
authentic user questions present greater complex-
ity with more varied valid answer formulations. The
lexicographic models maintained competitive per-
formance without dramatic improvement, indicat-
ing that human-generated linguistic advice may be
harder to replicate than structured lexical knowl-
edge.

On the promptathon questions, specialized mod-
els again dominated, with Lex-FT and CPT-Lex-FT
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Continuous 
pretraining
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Lexical QA 
dataset

General 
Slovene and 
English QA 
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Additional instruction 
fine-tuning

GaMS 9B 
Instruct

GaMS3 12B 
Instruct

Lex-FT

CPT-Lex-FT

GaMS3-Lex-FT

GaMS3-CPT-Lex-FT
Instruction fine-tuning

GaMS 9B

GaMS3 12B

Figure 1: Overview of the training process showing the two-stage approach: continued pretraining on
lexical corpus followed by instruction fine-tuning with QA pairs, applied to both GaMS 9B and GaMS3
12B base models.

Model Text Sim. BERT-P BERT-R BERT-F1 Semantic Format Grammar
Base 0.226 0.863 0.851 0.856 31 26 49
Base-Nemotron 0.091 0.792 0.844 0.816 16 170 13
Base-Nemotron-R 0.153 0.826 0.842 0.833 22 12 24
Lex-FT 0.542 0.919 0.910 0.915 93 34 90
CPT-Lex-FT 0.516 0.907 0.908 0.907 61 20 45
GaMS3-Lex-FT 0.497 0.905 0.900 0.902 33 10 38
GaMS3-CPT-Lex-FT 0.503 0.908 0.901 0.904 39 23 36

Table 2: Overall evaluation results. Text similarity and BERTScore metrics range 0–1 (higher is better).
BERT-P/R/F1 denote BERTScore precision, recall, and F1. Judge metrics show number of wins in
pairwise comparisons across all samples.

Figure 2: LLM-as-a-judge evaluation results show-
ing the number of wins each model achieved across
different data sources in pairwise comparisons for
semantic similarity to the reference answer.

achieving 0.86 text similarity compared to 0.46 for
Base. The Slovene forums’ questions showed less
pronounced differentiation, with Lex-FT reaching
0.236 compared with 0.136 for Base, likely reflect-
ing the informal, discussion-oriented nature of fo-
rum answers.

Model Text Sim. Semantic
Base 0.326 0
Base-Nemotron 0.142 0
Base-Nemotron-R 0.161 0
Lex-FT 0.985 54
CPT-Lex-FT 0.959 21
GaMS3-Lex-FT 0.953 25

Table 3: SUK sentence analysis results (subset of
judge metrics shown for brevity).

Model Text Sim. Semantic
Base 0.197 10
Base-Nemotron 0.028 1
Base-Nemotron-R 0.269 8
Lex-FT 0.681 40
CPT-Lex-FT 0.571 23
GaMS3-Lex-FT 0.635 18

Table 4: Digital Dictionary Database lexical knowl-
edge results.

5.3. Qualitative Error Analysis

Beyond quantitative metrics, a qualitative examina-
tion of model outputs reveals characteristic error
patterns that shows the impact of training data qual-
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ity and domain adaptation. We present represen-
tative examples of common failure modes across
model variants.

5.3.1. Language Confusion in
Translation-Based Models

The most common failure pattern occurs in models
trained on automatically translated data. The Base-
Nemotron model frequently confuses English and
Slovene linguistic concepts, producing responses
that discuss English grammar when answering
questions about Slovene. For example, when
asked whether the Slovene phrase “kolikor” can
appear at the beginning of a sentence, the Base-
Nemotron model responded (in Slovene): “Yes,
the phrase kolikor can stand at the beginning of
a sentence, but in formal or literary English this is
not common. It is more commonly used in more
informal or colloquial language or in specific gram-
matical structures.”

This error demonstrates that automatic transla-
tion of instruction-tuning datasets can introduce
fundamental confusion about the target language’s
identity. The model correctly understands the ques-
tion structure but applies knowledge about En-
glish grammar to answer a question explicitly about
Slovene. The lexicographic fine-tuning eliminated
this problem, maintaining proper language context
throughout their responses.

5.3.2. Repetition and Degeneration

Another characteristic failure involves repetitive
generation, particularly when models attempt to
provide information they lack. When asked to list
synonyms for the Slovene verb “priznati” (to ad-
mit/acknowledge), which has no clear synonyms,
the Base-Nemotron model produced an extensively
structured but contentless response that repeatedly
listed “priznati” itself as its own synonym across
multiple categories.

This pattern of repetitive degeneration appears
when the model attempts to conform to an expected
response structure (categorized synonym lists with
examples) without possessing the necessary lexi-
cal knowledge. The response demonstrates super-
ficial understanding of the task format but complete
failure to provide useful content.

In contrast, the lexicographic fine-tuned models
produced more appropriate responses, by provid-
ing semantically related forms like “priznati se” (re-
flexive form) or “priznavati” (imperfective aspect),
which represent morphological variants rather than
true synonyms. While these responses are not
perfect, they demonstrate substantially better un-
derstanding of Slovene lexical structure.

5.3.3. Cross-Linguistic Interference in
Specialized Terminology

A third error pattern involves providing informa-
tion about the wrong language’s linguistic system.
When asked to list examples of Slovene auxiliary
verbs (“pomožni glagoli”), both Base-Nemotron
models provided extensive lists of English auxil-
iary verbs in addition to the Slovene verbs.

This failure is particularly problematic because
the question asks about Slovene verbs, yet the
model responds mostly in terms of English gram-
mar. While the lexicographic models maintained
proper language context by providing Slovene
terms such as “biti” (to be), “imeti” (to have), “morati”
(must), and “smeti” (may), they also produced incor-
rect answers: in standard Slovene grammar, only
“biti” is classified as an auxiliary verb. This reveals
a limitation of purely fine-tuning-based approaches,
even with domain-specific training, models may
generate plausible but factually incorrect informa-
tion when lacking access to authoritative structured
resources.

These error patterns collectively demonstrate
that automatic translation of general-domain train-
ing data introduces systematic language confusion
that persists even in models with strong general
capabilities. Domain-specific fine-tuning on native
Slovene lexicographic data substantially improves
language alignment and eliminates cross-linguistic
interference, but does not guarantee factual ac-
curacy on all specialized queries. This limitation
points to the need for retrieval-augmented gener-
ation systems that can directly query authoritative
lexicographic databases to ensure correct, verifi-
able answers, particularly for questions with pre-
cise, definitional answers.

5.4. Key Findings
Our evaluation reveals several key insights. (1) Lex-
icographic models outperformed baselines, with
even larger gains on structured tasks like sentence
analysis. (2) The Base-Nemotron model’s poor re-
sults (0.091 text similarity, 0.816 BERTScore F1)
demonstrate that automatically translated general-
domain datasets may introduce artifacts prob-
lematic for specialized tasks. (3) Contrary to
our initial hypothesis, the Lex-FT model (direct
fine-tuning) consistently outperformed CPT-Lex-
FT and GaMS3-CPT-Lex-FT (continued pretrain-
ing + fine-tuning), suggesting that for datasets of
our size (15K examples), supervised learning on
task-specific data provides more efficient adapta-
tion than unsupervised continued pretraining. (4)
The GaMS3-Lex-FT and GaMS3-CPT-Lex-FT mod-
els (12B parameters) did not substantially outper-
form the 9B Lex-FT model, indicating that training
data quality and task alignment matter more than
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raw parameter count for specialized domains. (5)
Models excelled on structured tasks (SUK: 0.985)
but showed modest improvements on open-ended
linguistic advice (Svetovalnica: 0.11), highlighting
the importance of answer structure and defined-
ness in evaluation outcomes.

5.5. General Benchmark Evaluation
To assess whether our domain-specific training neg-
atively impacted general language understanding
capabilities, we evaluated our models on the Slove-
nian LLM Evaluation Dataset, which contains Slove-
nian translations of widely used English bench-
marks. This dataset, developed by Arčon et al.
(2024), includes improved translations of popular
benchmarks such as ARC (Easy and Challenge),
BoolQ, HellaSwag, NQ Open, OpenBookQA, PIQA,
TriviaQA, and Winogrande.

Table 5 presents the results for selected mod-
els and benchmarks. The full results across all
benchmarks are shown in Figure 3.

Figure 3: Comprehensive benchmark evaluation re-
sults across all models and evaluation tasks, show-
ing accuracy scores on the Slovenian LLM Evalua-
tion Dataset benchmarks.

The results demonstrate that our lexicographic
fine-tuning had minimal negative impact on general
language understanding. The CPT-Lex-FT models
(which underwent continued pretraining followed by
instruction fine-tuning) maintained or even slightly
improved performance on most benchmarks com-
pared to the Base model (0.756 on ARC-Easy,
0.842 on BoolQ, 0.700 on HellaSwag).

The direct fine-tuning models (Lex-FT) showed a
modest decrease in some benchmarks, particularly
on ARC Challenge and BoolQ, suggesting a slight
trade-off between domain specialization and gen-
eral capabilities. However, the differences remain
relatively small (typically 2-5 percentage points),
indicating that the models retained strong general

language understanding while gaining substantial
improvements in lexicographic tasks.

Notably, the GaMS3-Lex-FT model (based on
the larger 12B parameter architecture) main-
tained competitive performance across all bench-
marks, demonstrating that the larger model capac-
ity helped preserve general capabilities despite
domain-specific training.

6. Discussion

Our results demonstrate the effectiveness of
domain-specific fine-tuning for lexicographic ques-
tion answering. Gains were especially pronounced
on structured tasks (SUK: 0.985), while perfor-
mance on open-ended questions from Jezikovna
Svetovalnica remained modest, suggesting that ex-
pert linguistic advice is harder to replicate with lim-
ited supervised data.

Contrary to expectations, direct fine-tuning
(Lex-FT) outperformed the two-stage approach
(CPT-Lex-FT), suggesting that for moderate-sized
datasets, supervised learning provides more effi-
cient adaptation than multi-stage training. Similarly,
increasing model size from 9B to 12B parameters
yielded minimal gains, indicating that data quality
and task alignment matter more than parameter
count.

The Base-Nemotron model’s failure highlights
critical risks of automatically translated training
data, which conflates English and Slovene linguis-
tic concepts. While domain-specific fine-tuning
eliminates cross-linguistic interference, it does not
guarantee factual accuracy, motivating retrieval-
augmented generation approaches.

Importantly, domain specialization did not harm
general language capabilities, with only modest de-
creases (2-5 percentage points) on general bench-
marks. Our findings offer a practical strategy
for low-resource languages: existing linguistic re-
sources can be effectively repurposed, direct fine-
tuning often suffices, and moderately sized models
are sufficient.

7. Conclusion

In this work, we investigated domain-specific adap-
tation of large language models for Slovene lex-
icographic question answering. We proposed a
two-stage training approach combining continued
pretraining on a large-scale lexical corpus with in-
struction fine-tuning on curated question-answer
pairs. To support this process, we constructed a
comprehensive lexical pretraining corpus contain-
ing 356,294 word entries and a dedicated instruc-
tion dataset of 16,508 lexicographic QA pairs drawn
from both structured resources and authentic user
queries.
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Model ARC-C ARC-E BoolQ HellaSwag PIQA
Base 0.515 0.732 0.848 0.693 0.702
Base-Nemotron 0.506 0.739 0.847 0.696 0.705
GaMS3-Lex-FT 0.500 0.740 0.832 0.683 0.702
Lex-FT 0.469 0.711 0.805 0.671 0.690
CPT-Lex-FT 0.515 0.756 0.842 0.700 0.707

Table 5: General benchmark evaluation results (accuracy) for selected models on key benchmarks. ARC-
C = ARC Challenge (normalized accuracy), ARC-E = ARC Easy (accuracy), BoolQ = Boolean Question
accuracy, HellaSwag = commonsense inference (normalized accuracy), PIQA = physical commonsense
reasoning (accuracy).

Our experimental results show that domain-
specific fine-tuning substantially improves model
performance on lexicographic tasks. In particular,
direct instruction fine-tuning of the GaMS model
led to large gains over the baseline across multi-
ple evaluation settings, demonstrating that targeted
supervision effectively transfers structured lexico-
graphic knowledge into a conversational QA for-
mat. While continued pretraining did not provide
additional benefits in our setting, the overall ap-
proach successfully enhanced the model’s ability
to deliver accurate, well-structured lexicographic
answers without degrading general language un-
derstanding.

This work demonstrates that high-quality, native-
language linguistic resources can be efficiently re-
purposed to build specialized language models for
low-resource languages. Our findings highlight that
careful data curation and task-aligned fine-tuning
can outweigh increased model size or complex
training pipelines, offering a practical pathway for
developing domain-specific language technologies
in smaller language communities.
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Abstract
Non-concatenative morphology poses a persistent challenge for NLP, yet structured quantitative resources for
Amazigh (Berber) languages remain scarce. We present the first large-scale computational study of Tashlhiyt
Berber plural formation, drawing on a richly annotated dataset of 1,185 noun paradigms with phonological, morpho-
logical and semantic features. We decompose the plural system into macro-level word-formation strategies and
micro-level stem mutations, and evaluate predictability across ten target domains using linguistic feature models,
N-gram baselines, and Bi-LSTM neural models. Results reveal a structured split: linguistic features decisively
outperform neural models on systematic macro-level strategies (e.g., +44.5pp F1), while Bi-LSTMs better capture
lexically idiosyncratic patterns. Rather than supporting a categorical rule/memory divide, this complementarity
reveals gradient layers of regularity within a single morphological system. These findings demonstrate the value
of linguistically informed annotation for probing morphological complexity in low-resource, typologically diverse
languages. All data, code, and models are publicly available.

Keywords: non-concatenative morphology, Tashlhiyt Berber, Amazigh languages, structured linguistic anno-
tation, morphological predictability, low-resource languages, grammar-memory interface

1. Introduction
While morphological models perform well on con-
catenative systems, non-concatenative morphol-
ogy, which requires encoding grammar through
internal stem modification, remains a major NLP
challenge. Afroasiatic morphology utilizes com-
plex vocalic ablaut, gemination, and templatic pro-
cesses (McCarthy, 1979). Despite neural domi-
nance in benchmarks (Cotterell et al., 2016; Vy-
lomova et al., 2020), black-box architectures of-
ten obscure the grammar-memory interface: the
degree to which forms are productively computed
versus lexically stored (Kirov and Cotterell, 2018).
Quantifying this predictability is essential for op-
timizing model architectures and probing mor-
phological complexity in typologically diverse lan-
guages (Cotterell et al., 2019).

Amazigh languages offer a natural testing
ground for these questions, and computational lin-
guistics for these languages has seen meaning-
ful progress over the past two decades, driven
in part by IRCAM’s standardization efforts1 and a
growing ecosystem of NLP resources and tools.
This includes work on computer-assisted linguis-
tic analysis (Jebbour, 1996; Taghbalout et al.,
2015), automatic language detection (Adouane
et al., 2016b,a; Lafkioui, 2008), machine transla-
tion (Taghbalout et al., 2015), annotated dataset
development (Amri et al., 2017), morphological
analysis tools (Raiss and Cavalli-Sforza, 2012),
and deep learning approaches to sequence label-

1https://tal.ircam.ma/talam/

ing tasks such as POS tagging (Bani et al., 2023).
Nevertheless, while research on Arabic has

quantified partial predictability and templatic ef-
fects in plural formation (Dawdy-Hesterberg and
Pierrehumbert, 2014), no comparable analysis
exists for Amazigh varieties. Specifically, the
question of where rule-governed grammar ends
and lexically idiosyncratic memory begins has not
been computationally investigated. Tashlhiyt, an
Amazigh (Berber) language spoken by 7-8 million
people in southern Morocco, provides an ideal test
case, combining external suffixation and internal
mutation in its plural system. Bridging this gap is
critical for developing low-resource morphological
tools (Khalifa et al., 2020) and for testing whether
Afroasiatic findings generalize or reflect language-
specific idiosyncrasies (cf. McCurdy et al. (2020)
on parallel questions in German).

We address this complexity via a multi-layered
framework, decomposing plurals into macro-level
strategies (i.e., suffixation vs. stem mutations) and
micro-level stem mutations (e.g., vowel ablaut and
insertion), and evaluating predictability across ten
target domains using linguistic feature models, N-
gram baselines, and Bi-LSTM neural models.2 We
find a structured split: hand-crafted features de-
cisively outperform Bi-LSTM baselines on macro-
level tasks (e.g., +44pp F1 on 3-way classifica-
tion), while the Bi-LSTM better captures specific
micro-level domains where explicit structural gen-
eralizations fail. Rather than reflecting a categor-

2All data, code, and trained models are available at:
github.com/aldo-git-bit/predicting-tashlhiyt-plural.
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ical rule/memory divide, this complementarity re-
veals gradient layers of regularity within a single
morphological system — consistent with accounts
that treat morphological productivity as gradient
rather than categorical (Bybee and McClelland,
2005; Hay and Baayen, 2005; O’Donnell, 2015).
High irreducible error alongside low idiosyncrasy
severity further suggests that complexity stems
from competition among overlapping regularities
rather than arbitrary lexical listing. These results
demonstrate that structured linguistic annotation
provides a diagnostic tool for probing morpholog-
ical complexity, with implications for hybrid model-
ing in low-resource, non-concatenative systems.

2. Related Research
Prior work on Amazigh plurals distinguishes three
classes: external (primarily /-n/ suffixation), in-
ternal (vowel changes and insertion), and mixed
(Basset, 1952; Saib, 1986; Jebbour, 1988; Lasri,
1991; Taine-Cheikh, 2006; Hasselbach, 2007; Ben
Si Saïd, 2014, 2020). Several analyses argue
that surface markers such as vowel insertion are
phonological consequences of affixation rather
than independent morphemes (Jebbour, 1996;
Lasri, 1991), and Idrissi (2000) proposes that
prosodic structure conditions plural class selec-
tion. Plural assignment is generally characterized
as partially systematic, shaped by the interaction
of prosodic and morphological factors with lexical
idiosyncrasy, but no prior work has quantitatively
evaluated the predictability of plural class from sin-
gular forms. We address this gap computationally.

3. Dataset
3.1. Data Source
We use 1,185 Tashlhiyt noun paradigms from
(Alderete et al., 2025), which draws on and in-
tegrates noun paradigms from a comprehensive
grammatical study (Jebbour, 1996) and a Tashlhiyt
text corpus (Jebbour et al., 2021). Nouns fol-
low a hierarchical schema: three macro-classes—
External (primarily suffixation of /-n/), Internal
(stem-internal vowel changes such as ablaut and
vowel insertion), and Mixed (combining suffixation
with stem modifications)—and specific micro-level
patterns (Table 1)3. Predictive features cover mor-
phology (gender, derivation, paradigm structure,
stem augments, and loan status) and semantics
(animacy, humanness, and a 22-category seman-

3Ablaut = vowel quality change in the stem (e.g., /u/
→ a); Medial A = insertion of a in a stem-medial posi-
tion; Final A = insertion of a in final position; Final T and
Final Vw = insertions of t and vowel+glide; Abl.Med.A de-
notes the cooccurrence of Ablaut and Medial A; likewise
Abl.Fin.A is Ablaut + Final A; Templatic = the imposition
of a fixed CV pattern on the stem

tic field based on Buck (2008)). Full feature labels
and vocabulary sizes are provided in Appendix A.

Consider the following concrete examples to il-
lustrate the problem we are investigating. The sin-
gular nouns for ‘speech’ and ‘finger’ in Table 1
have the same consonant-vowel pattern in their
stems, /wal/ and /dˤadˤ/, respectively. Thus, while
the inputs to plural formation both have a CVC
pattern, they have two very different outcomes:
/wal/ receives a final vowel-glide sequence in i-
waliw-n, while /dˤadˤ/ undergoes both vowel substi-
tution and final vowel insertion in i-dˤudˤa-n. These
micro-level differences are compounded by macro-
level divergences in word-formation strategy. The
CCVC stem /snus/ exhibits stem-internal ablaut:
i-snas ‘donkey’, but the comparable stem /fraw/
for ’sheet’ has no internal changes and instead
receives a simple suffix in the plural: i-fraw-n.
Our goal is to computationally quantify the factors
that govern these differences, distinguishing rule-
governed regularities from lexical idiosyncrasy.

Table 1: Plural formation patterns in Tashlhiyt
Pattern n (%) Example (Sg. → Pl.)
Macro-patterns (1,185 total)
External 623 (52.8%) a-ʃddir → i-ʃddir-n ‘bush’
Internal 357 (30.3%) a-sds → i-sdas ‘trough’
Mixed 200 (17.0%) a-dmr → i-dmar-n ‘chest’
Micro-patterns (Only Internal and Mixed, 562 total)
Medial A 63 (11.3%) a-sgdl → i-sgdal ‘block’
Final A 57 (10.2%) a-llun → i-lluna ‘tambourine’
Final Vw 27 (4.9%) a-wal → i-waliw-n ‘speech’
Final T 38 (6.8%) a-qaʃʃa → i-qaʃʃat-n ‘crest’
Ablaut 226 (40.6%) a-snus → i-snas ‘donkey’
Abl+Med.A 30 (5.4%) a-satm → i-sutam ‘niche’
Abl+Fin.A 14 (2.5%) a-dˤadˤ → i-dˤudˤa-n ‘finger’
Templatic 102 (18.3%) lkbbutˤ → lkbabtˤ ‘coat’

3.2. Phonological N-grams
To provide hand-crafted features and a base-
line, we extracted edge-aligned phonological n-
grams (i.e., contiguous sequences of 1–3 IPA seg-
ments anchored to word boundaries) from singular
stems, yielding 2,265 macro-level and 1,356 micro-
level features. We reduced dimensionality using
LASSO with Stability Selection (100 bootstrap iter-
ations, threshold ≥ 0.50) to define a static feature
space of 2,019 and 1,149 features, respectively.
Critically, while this procedure characterized the
feature space on the full dataset, all model weights
were learned strictly within training folds during 10-
fold cross-validation to prevent data leakage (see
Appendix B for details).

Per-task feature selection isolated informative
n-gram subsets ranging from broad coverage for
complex Ablaut (1,106 features) to compact sig-
natures for Templatic patterns (92 features). This
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optimization filtered noise and prioritized informa-
tive, rare n-grams, significantly improving gener-
alization; for example, F1 for templatic mutations
rose from 0.344 to 0.718 (a gain of 37.4pp).

3.3. Prosodic Features
We syllabified stems using the sonority-based sys-
tem of Dell and Elmedlaoui (2002), parsing results
into L/H syllables and metrical feet. To reduce di-
mensionality by 70% and enhance interpretability,
raw strings were replaced with nine theory-driven
features. For instance, p_LH_ends_L (final light
syllables) identifies stems 7.22× more likely to un-
dergo Medial A mutation (+23.6% effect), confirm-
ing that insertion satisfies prosodic weight require-
ments. Other features quantify moras, feet, and
metrical residue. This setup ensures each muta-
tion type is associated with ≥3 significant predic-
tors (p < 0.05).

4. Computational Experiments
4.1. Multi-Level Prediction and Ablation
We implement a multi-level framework comprising
ten independent experiments to address morpho-
logical complexity. Pluralization is decomposed
into two tiers: a macro-level (N = 1, 185) target-
ing broad strategies and a micro-level (N = 562)
targeting specific mutation patterns (e.g., Ablaut,
Templatic). This tiered approach isolates distinct
dimensions of change, allowing for tailored feature
selection and a granular mapping of the grammar-
memory interface. Systematic ablation of morpho-
logical, semantic, and phonological subsets iden-
tifies core predictors and evaluates feature redun-
dancy across all domains. These studies quantify
the specific linguistic drivers of pluralization while
facilitating critical baseline comparisons, such as
probing the predictive value of abstract prosodic
features over surface n-grams.

4.2. Experimental Models
To prioritize interpretability, we utilize three ar-
chitectures: Logistic Regression (L2-regularized),
Random Forest, and Gradient Boosting (XG-
Boost). Our protocol emphasizes linguistic trans-
parency over metric maximization; we therefore
eschew exhaustive hyperparameter tuning in fa-
vor of fixed, conservative configurations across
all domains (e.g., Logistic Regression C = 1.0;
see Appendix B). By maintaining identical param-
eters across feature subsets, observed perfor-
mance deltas reflect the informational quality of
hand-crafted features rather than optimization arti-
facts.4 This framework provides a consistent base-

4A sensitivity check across C ∈ 0.1, 1.0, 10.0 con-
firmed that feature-set rankings were preserved in 9/10
domains at all three values (mean Macro-F1 variation:

line for quantifying the relative contributions of mor-
phological, phonological, and semantic features to
plural formation.

4.3. Baseline Models
We utilize two baselines. An N-gram baseline uses
Logistic Regression on edge-aligned phoneme
sequences as a distributional superset. A bi-
directional LSTM (Bi-LSTM) provides a neural ceil-
ing for models trained from scratch at this data
scale, capturing dependencies from raw charac-
ters without linguistic guidance. This architecture
is deliberately matched to the data regime. Our
task, that of classifying plural strategy from iso-
lated singular forms, differs fundamentally from the
seq2seq morphological inflection benchmarks like
the SIGMORPHON shared tasks (Cotterell et al.,
2016; Vylomova et al., 2020), which provide ex-
plicit input–output pairs and benefit from character-
level copying. With 1,185 paradigms for 3- or
8-way classification, training from scratch is the
only regime that avoids confounding the compar-
ison with external pre-training data. Furthermore,
we favor character-level probes because power-
ful pretrained models like mBERT lack sufficient
Amazigh representation. In sum, these two base-
lines isolate the gain of our features: N-grams
quantify the value of prosodic abstractions over
surface phonotactics, while the Bi-LSTM identi-
fies the idiosyncrasy gap that remains irreducible
through sequence learning alone.

The Bi-LSTM was trained from scratch on the
same 1,185 paradigms. Each singular form was
represented as a sequence of IPA characters
mapped to 32-dimensional embeddings. The
model comprised a single bidirectional LSTM layer
(64 hidden units per direction) with a fully con-
nected classification head, trained with Adam,
early stopping (patience = 10), and dropout of 0.3.

4.4. Data Imbalance and Over-fitting
To mitigate overfitting, we employ stratified 10-fold
cross-validation. We address significant class im-
balance (up to 19.8:1) through a combination of
class weighting and SMOTE (Synthetic Minority
Oversampling Technique; Chawla et al. (2002)) ap-
plied to training folds. Our primary evaluation met-
ric is Macro-F1, applied uniformly across all bi-
nary and multiclass domains. By equalizing class
contributions—averaging F1 scores across both
categories in binary tasks—we ensure that perfor-
mance on rare mutation patterns is not obscured
by majority-class heuristics. This provides a more
robust assessment of model quality than accuracy
or positive-class-only metrics.

0.03), indicating that observed performance deltas re-
flect feature informativeness rather than the specific
choice of C=1.0.
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4.5. Residual Lexical Idiosyncrasy
To investigate the grammar-memory tradeoff, we
quantify residual lexical idiosyncrasy, or the pro-
portion of plural assignment resisting systematic
prediction. The computational ceiling is the max-
imum performance of either model, representing
a relative upper bound constrained by our archi-
tectures rather than an absolute human limit. Ir-
reducible error is the percentage of forms where
both models fail, while the learnable proportion
marks the upper bound of predictable variance. To
evaluate synergy between distributional and featu-
ral learning, we measure model complementar-
ity as the ratio of non-overlapping errors to the
learnable proportion. Finally, idiosyncrasy sever-
ity isolates high-confidence joint failures (forms
where both models assign probability ≥ 0.70 to
their predicted class yet misclassify), distinguish-
ing learnable regularities from the irreducible, arbi-
trary core of the system.

5. Results
Within the hierarchical decomposition of the plu-
ral system, our results demonstrate an architec-
ture characterized by structured partial predictabil-
ity, where the divide between grammatical rules
and lexical memory is clearly reflected in model
performance across different tiers of analysis.

5.1. Macro-Level Systematicity
Macro-level pluralization is highly systematic and
governed by rule-based dependencies. Hand-
crafted features decisively outperform neural se-
quence learning, exceeding the Bi-LSTM by
+0.445 in 3-way classification and +0.378 for stem
mutations (Table 2). Paired t-tests confirm M+P
significantly outperforms the Bi-LSTM across all
macro-level tasks (p < 0.001). This perfor-
mance gap suggests that macro-level morpholog-
ical choices rely on abstract categories like gen-
der or phonological patterns. While interpretable
features effectively capture these rules, our Bi-
LSTM baseline, which is trained from scratch on
1,185 paradigms, does not induce the abstract
regularities that hand-crafted features encode di-
rectly.5 This mirrors findings in Arabic, where
coarse-grained phonological representations cap-
ture generalizations that surface distributional pat-
terns miss (Dawdy-Hesterberg and Pierrehumbert,
2014).

5The only published Bi-LSTM result for Amazigh
(Bani et al. (2023): 97% accuracy) addresses POS tag-
ging on 60k tokens of running text with rich sentential
context — a fundamentally different task from predicting
plural strategy class from isolated singular forms. No
prior work applies neural models to Tashlhiyt plural strat-
egy classification, and no Amazigh variety appears in
the SIGMORPHON shared tasks (2016–2024).

5.2. Phonological Primacy

Phonological features emerge as the primary pre-
dictive driver across nearly all domains. Although
the combined M+P model often achieves the high-
est Macro-F1, morphological features provide only
marginal refinements to a predominantly phono-
logical signal. While the N-gram baseline is com-
petitive, hand-crafted features provide a consis-
tent boost, particularly in multiclass tasks like 3-
way macro-classification (∆Ngr = +0.068). By en-
coding explicit prosodic constraints, these features
demonstrate that Tashlhiyt pluralization is sensi-
tive to metrical structure rather than surface phono-
tactics alone, suggesting that morphological mod-
eling for low-resource templatic languages should
consider engineering prosodic abstractions.

5.3. Micro-Level Variation

At the micro-level, performance is more balanced
between grammar and memory. Systematic pat-
terns like Templatic and Ablaut plurals demon-
strate high predictability (Ceil = 0.907 and 0.761,
respectively), mirroring macro-level systematicity.
In imbalanced domains (e.g., Medial A, Final A),
hand-crafted features effectively capture rare mu-
tations when evaluated under Macro-F1 weighting.
Three micro-level tasks (Medial A, Ablaut, Tem-
platic) show no significant difference between M+P
and the Bi-LSTM, suggesting these patterns are
equally learnable via explicit prosodic features or
distributional sequence learning. Ultimately, spe-
cific phonological patterns, rather than data vol-
ume, appear to be the primary driver of micro-level
learnability.

5.4. Quantifying the Idiosyncrasy Gap

Our residual analysis provides a conservative
lower bound for the memory component of the sys-
tem. While Irreducible Error remains high in mul-
ticlass tasks (27.7% for 8-way mutation), idiosyn-
crasy severity—the proportion of high-confidence
misclassifications—remains below 5% in most do-
mains. This suggests that Tashlhiyt plural forma-
tion is not dominated by true lexical exceptions.
Instead, the “unpredictability” often cited in tradi-
tional grammars likely reflects model uncertainty
between competing, phonologically plausible pat-
terns rather than arbitrary lexical listing. The high
complementarity observed in domains like Ablaut
(0.520) further suggests that distributional memory
and grammatical rules provide non-redundant sig-
nals, supporting the use of hybrid architectures for
non-concatenative morphological analysis.
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Hand-Crafted Feature Models Baseline Comparisons Residual Analysis

Domain Sem Morph Phon M+P All Ngr LSTM ∆Ngr ∆LSTM Ceil IrrErr% Compl Sev%
M

ac
ro Has Suffix 0.500 0.541 0.785 0.797 0.781 0.760 0.735 0.036 0.062 0.797 12.2 0.421 3.8

Has Mutation 0.566 0.567 0.771 0.777 0.769 0.754 0.399 0.023 0.378 0.777 8.6 0.524 0.0
3-way 0.402 0.374 0.658 0.683 0.666 0.614 0.238 0.068 0.445 0.683 17.6 0.462 0.0

M
ic

ro

Medial A 0.495 0.503 0.670 0.715 0.688 0.678 0.673 0.037 0.042 0.715 7.3 0.324 2.7
Final A 0.464 0.476 0.457 0.593 0.617 0.660 0.458 −0.067 0.135 0.593 7.4 0.260 3.3
Final Vw 0.522 0.550 0.678 0.645 0.671 0.609 0.519 0.037 0.126 0.645 2.2 0.204 0.5
Ablaut 0.582 0.659 0.775 0.761 0.748 0.739 0.736 0.021 0.025 0.761 10.9 0.520 2.7
Final T 0.480 0.515 0.570 0.636 0.648 0.663 0.512 −0.027 0.124 0.636 4.9 0.245 0.8
Templatic 0.605 0.788 0.889 0.907 0.910 0.872 0.848 0.034 0.059 0.907 0.5 0.025 0.3
8-way 0.172 0.192 0.439 0.469 0.464 0.418 0.086 0.051 0.383 0.469 27.7 0.500 0.0

Table 2: Plural prediction and residual analysis (10-fold CV) in Macro-F1 or %; M+P is the reference for
all ∆ and residuals. Baselines: Ngr (N-gram); LSTM (Bi-LSTM); ∆ (M+P − baseline). Residuals: Ceil
(max F1); IrrErr (joint failure); Compl (Complementarity); Sev (high-confidence exceptions). Significance:
Appendix Table 14.

6. Discussion
6.1. Main Findings
Tashlhiyt pluralization follows a tiered dependency
structure rather than a monolithic rule set. At
the macro-level, hand-crafted features decisively
outperform neural sequence learning—notably by
+0.445 F1 in 3-way classification—confirming that
high-level strategies rely on systematic abstrac-
tions that Bi-LSTMs struggle to induce from low-
resource data. At the micro-level, M+P signifi-
cantly outperforms the Bi-LSTM in 4/7 mutation-
specific tasks, while three domains (Medial A,
Ablaut, Templatic) show no significant difference
(p < 0.05), suggesting these patterns are equally
accessible to either approach. High comple-
mentarity further indicates that feature-based and
memory-based models capture distinct error pat-
terns, supporting hybrid architectures for non-
concatenative morphological analysis.

6.2. The Grammar-Memory Interface
Our findings are consistent with gradient produc-
tivity accounts in which computation and storage
occupy a continuum rather than categorical routes
(Bybee and McClelland, 2005; Hay and Baayen,
2005; O’Donnell, 2015). M+P dominates 7/10
tasks, indicating Tashlhiyt plural formation is more
systematic than traditionally assumed. High com-
plementarity in domains like Ablaut (0.520) reveals
non-redundant signals: hand-crafted features iso-
late prosodic structure, while the Bi-LSTM cap-
tures patterns where explicit generalizations fail.
In this low-resource setting, the Bi-LSTM cannot
induce the abstract regularities that features en-
code directly, explaining its macro-level failure; its
micro-level advantages reflect sensitivity to less
productive, item-level patterns. High irreducible
error (27.7%) alongside low idiosyncrasy sever-

ity (<5%) suggests complexity stems from com-
petition among overlapping regularities, consistent
with the low conditional entropy conjecture (Ack-
erman and Malouf, 2013; Cotterell et al., 2019),
rather than arbitrary lexical listing.

6.3. Implications for Morphological NLP
Hand-crafted features decisively outperform neu-
ral baselines in macro-level tasks (>40pp F1),
demonstrating that sequence models trained from
scratch on limited data struggle to induce ab-
stract Amazigh morphological regularities without
explicit structural bias. This confirms that ex-
plicit linguistic resources are a technical neces-
sity for under-resourced Afroasiatic varieties (Khal-
ifa et al., 2020). Ablation results also suggest
that data augmentation for Tashlhiyt must respect
prosodic structure, unlike unconstrained genera-
tion common in low-resource inflection (Anasta-
sopoulos and Neubig, 2019). For low-resource
non-concatenative systems, linguistically informed
features are as critical as model architecture.

These limitations on neural models, however,
need not be permanent. The annotation schema
developed here (e.g., plural class labels, prosodic
weight features, foot structure, derivational cate-
gories) can serve as a reusable template for re-
lated varieties like Central Atlas Tamazight and
Tarifit, which share non-concatenative processes
but differ in pattern inventories. The systematic
singular–plural correspondences could also boot-
strap pre-annotation tools that suggest candidate
classes for new items, easing community-driven
documentation. As structured datasets grow, neu-
ral models may acquire sufficient signal to learn
regularities they currently fail to induce from raw
forms (Kann and Schütze, 2016), making hand-
crafted features a bridge to, rather than a substi-
tute for, data-driven approaches.
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7. Limitations
Dataset Scope and Speaker Bias. While our
dataset of 1,185 nouns is substantial for a low-
resource language, its composition introduces
potential biases. A significant portion of the
paradigms is derived from Jebbour (1996), which
reflects the internal grammar of a single native
speaker. While these data are supplemented
by corpus resources, they may not fully cap-
ture the range of cross-dialectal and intra-speaker
variation known to exist in Amazigh plural mark-
ing. Consequently, our findings on lexical idiosyn-
crasy may partially reflect speaker-specific pat-
terns rather than language-wide irregulars.

Depth of Phonotactic Modeling. Our feature
engineering focuses on prosodic weight, sylla-
ble structure, and edge-aligned n-grams. How-
ever, we do not explicitly model more abstract
phonological interactions, such as vowel-to-vowel
co-occurrence constraints or CV-templates (e.g.,
the root-and-pattern logic dominant in Semitic).
Prior work on Arabic suggests that these templatic
configurations are important to plural learnabil-
ity (Dawdy-Hesterberg and Pierrehumbert, 2014).
The absence of these features may explain some
of the residual variance in our micro-level models,
particularly in the prediction of vowel ablaut.

Refining Residual and Error Analysis. Our
quantification of residual lexical idiosyncrasy cur-
rently defines idiosyncrasy as the intersection of
failure across distributional and featural models.
A more comprehensive approach would incorpo-
rate feature-space minimal pair analysis, identify-
ing items with near-identical feature vectors but di-
vergent class labels; the density of such local am-
biguities provides a more precise diagnostic of ir-
reducible idiosyncrasy than global accuracy alone.
Furthermore, a qualitative error analysis is needed
to determine if misclassifications cluster around
specific phonological environments (e.g., specific
vowel combinations or consonant clusters) not cur-
rently captured in our feature set. Identifying such
clusters would distinguish between true lexical ex-
ceptions and systematic patterns overlooked by
the current model.

Methodological Constraints. To ensure a fair
comparison across feature sets, we employed
fixed hyperparameters across all models. While
this protocol minimizes optimization artifacts, it
likely results in sub-optimal performance met-
rics. Furthermore, our Bi-LSTM baseline repre-
sents what character-level sequence models can
achieve when trained from scratch at this data
scale. More powerful approaches, including pre-
trained multilingual models, cross-lingual transfer

from Afroasiatic languages, or data augmentation
techniques (Anastasopoulos and Neubig, 2019),
could narrow the performance gap. Our results
therefore establish a lower bound for neural ap-
proaches rather than an absolute ceiling on se-
quence model capacity. However, adopting such
methods would shift the experimental question
from what can be induced from the data alone to
what can be transferred from external resources,
confounding the controlled comparison that is the
paper’s central contribution.

8. Ethics Statement
Linguistic Representation and Data Use. This
research focuses on Tashlhiyt, a low-resource
Amazigh language. Our primary goal is to im-
prove the computational visibility of underrepre-
sented Afroasiatic languages. The dataset used in
this study is derived from published lexicographic
sources and native speaker intuitions; it contains
no personally identifiable information (PII) or sensi-
tive data. By releasing the annotated dataset and
feature sets, we aim to provide a public resource
for the Amazigh community and researchers to fos-
ter further developments in indigenous language
technologies.

Annotator Labor. The manual annotation and
adjudication performed in this study were con-
ducted by the second author, who was compen-
sated for his labor consistent with local labor stan-
dards and academic research norms. No external
crowdsourcing or unpaid labor was used in the pro-
duction of the feature sets.

AI Assistance. We utilized AI assistants (specif-
ically Anthropic’s Claude) to generate, integrate,
and orchestrate some Python scripts used for ex-
perimental analysis, as well as to provide editorial
suggestions for prose clarity. All code logic, data
processing pipelines, and textual revisions were
manually verified and authorized by the human au-
thors, who bear full responsibility for the methodol-
ogy and content.

Environmental Impact. The computational ex-
periments described in this study, including 10-
fold cross-validation and feature selection across
10 domains, were conducted on consumer-grade
hardware (Apple M4 Pro). The total training time
was under four hours. Given the efficiency of the
models used (Logistic Regression, Random For-
est, and Gradient Boosting), the carbon footprint
of this research is negligible compared to the train-
ing of large-scale language models.
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Appendices
A. Features

Table 3: Overview of all target variables and features used in the Tashlhiyt plural prediction experiments.
Target variables (y) are divided into macro-level strategies and micro-level mutation patterns. Features
(m, s, p) include both intrinsic database properties and engineered prosodic/distributional markers.

Feature Type Feature Label Variable Type Vocab Size
Target (y) y_macro_suffix binary 2
(Macro) y_macro_mutated binary 2

y_macro_3way multi-class 3
Target (y) y_micro_medial_a binary 2
(Micro) y_micro_final_a binary 2

y_micro_final_vw binary 2
y_micro_ablaut binary 2
y_micro_final_t binary 2
y_micro_templatic binary 2
y_micro_8way multi-class 8

Morphological m_gender binary 2
m_deriv_cat categorical 6
m_paradigm_struc categorical 3
m_r_augment categorical 3
m_loan_status binary 2

Semantic s_animacy binary 2
s_humanness binary 2
s_semantic_field categorical 22

Phonological p_ngrams_macro multi-category 2,019
(Prosodic & p_LH_ends_L binary 2
Distributional) p_LH_initial_weight binary 2

p_LH_less_2_syllables binary 2
p_LH_all_heavy binary 2
p_LH_count_heavies binary split 2
p_LH_count_moras continuous 1–10
p_foot_count_feet continuous 0–3
p_foot_residue_right binary 2
p_foot_residue binary 2
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B. Reproducibility
Computing Infrastructure and Software. All
experiments were conducted on a single Apple
M4 processor (macOS 24.3.0). The total compute
time for the full 10-domain suite—including feature
selection, ablation studies, and stratified 10-fold
cross-validation—was under 4 hours. The imple-
mentation utilized Python 3.13.2 with the following
library versions: scikit-learn 1.3.0, xgboost
2.0.3, imbalanced-learn 0.14.1, and numpy
1.24.3.

Fixed Hyperparameter Specifications. To en-
sure that performance deltas reflect feature quality
rather than optimization bias, we utilized identical
hyperparameters across all 10 domains. All mod-
els used a fixed seed (random_state=42) for re-
producibility.

• Logistic Regression: Inverse regu-
larization strength C = 1.0; penalty:
L2; solver: lbfgs; max_iter=1000;
class_weight='balanced'.

• Random Forest: n_estimators = 100;
max_depth=10; min_samples_split=2;
max_features='sqrt';
class_weight='balanced'.

• XGBoost: n_estimators = 100;
learning_rate=0.1; max_depth=10;
subsample=1.0; colsample_bytree=1.0.
The scale_pos_weight was calculated
per domain as Nneg/Npos.

• Bi-LSTM (Baseline): Embedding dimension:
32; Hidden units: 64 (bidirectional); Dropout:
0.3; Optimizer: Adam; Early stopping pa-
tience: 10 epochs.

Class Imbalance and Validation. Models were
evaluated using stratified 10-fold cross-validation.
To address extreme class imbalance (minority
class < 10%), we applied the Synthetic Mi-
nority Over-sampling Technique (SMOTE) to the
training folds of the final_a, final_vw, and
insert_c domains. SMOTE was configured with
sampling_strategy='auto' and an adaptive
k-neighbors parameter set to min(5, Nminority − 1).
Crucially, over-sampling was restricted to training
folds to prevent data leakage, ensuring validation
folds remained representative of the original data
distribution.

Dataset and Task Domains. The full feature set
and target variable mapping are detailed in Ta-
ble 3. Macro-level domains include N = 1, 185
nouns, while micro-level domains are restricted to

the N = 562 nouns exhibiting internal or mixed plu-
ral patterns. All target variables were encoded as
integers, and categorical features were one-hot en-
coded for the Logistic Regression baseline. The
anonymized annotated dataset is included as sup-
plementary material with this submission.

Feature Selection and Data Leakage Mitigation
We acknowledge that performing n-gram feature
selection on the full dataset before cross-validation
introduces mild information leakage, as feature se-
lection uses target labels from test folds. How-
ever, several factors mitigate this concern: (1) fea-
ture selection is performed once to define a sta-
ble feature space, not iteratively tuned per fold; (2)
all model weights are learned exclusively on train-
ing data; (3) the selected features form a domain-
general master set used across all 10 tasks, not
task-specific tuning; and (4) our scientific claims fo-
cus on relative performance between feature sets
(which is unaffected by this design choice) rather
than absolute performance estimates. Future work
could validate this approach by performing nested
feature selection within each training fold.

C. Detailed Model Performance
Tables 4–13 report mean percentage ± standard
deviation from stratified 10-fold cross-validation.
Model architectures: LogReg (Logistic Regres-
sion), RanFor (Random Forest), and XGB (XG-
Boost). Feature sets: Sem (Semantic), Morph
(Morphological), Phon (Phonological), M+P (Mor-
phological and Phonological), All F’s (All features).
Notation: † denotes SMOTE application; ‡ denotes
high cross-fold variation (σ ≥ 15.0). See the Re-
producibility section for fixed hyperparameter spec-
ifications. Tables 4–6 cover macro-level domains
(N = 1, 185); Tables 7–13 cover micro-level do-
mains (N = 562). Table 14 reports significance
tests.

Table 4: Performance: Macro: Has Suffix
Set Model Acc F1 AUC

Sem LogReg 52.2 ± 3.9 60.2 ± 5.0 55.2 ± 4.2
RanFor 56.1 ± 5.7 63.5 ± 7.2 60.5 ± 5.1
XGB 58.2 ± 6.3 66.4 ± 6.5 60.4 ± 6.2

Morph LogReg 55.5 ± 4.0 62.1 ± 4.0 57.1 ± 3.9
RanFor 62.3 ± 8.1 70.1 ± 8.5 63.3 ± 5.9
XGB 60.0 ± 6.8 67.5 ± 8.0 64.0 ± 6.4

Phon LogReg 81.9 ± 4.0 87.1 ± 2.7 87.8 ± 4.9
RanFor 69.9 ± 4.4 76.4 ± 3.9 79.0 ± 4.2
XGB 73.4 ± 2.8 79.8 ± 2.2 81.2 ± 4.8

M+P LogReg 82.8 ± 4.4 87.6 ± 3.0 88.9 ± 4.9
RanFor 73.8 ± 4.5 79.9 ± 3.7 80.8 ± 4.2
XGB 77.0 ± 3.6 82.9 ± 2.3 84.7 ± 4.5

All F’s LogReg 81.5 ± 3.9 86.7 ± 2.6 88.2 ± 4.8
RanFor 75.8 ± 4.2 81.8 ± 3.4 81.5 ± 4.1
XGB 77.4 ± 2.3 83.0 ± 1.6 84.3 ± 4.0

N-grams LogReg 79.6 ± 3.2 85.2 ± 2.2 84.4 ± 5.4
RanFor 74.5 ± 3.2 80.8 ± 2.2 80.6 ± 4.5
XGB 73.9 ± 3.6 79.9 ± 2.8 80.9 ± 4.9
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Table 5: Performance: Macro: Has Mutation
Set Model Acc F1 AUC

Sem LogReg 56.7 ± 3.2 56.2 ± 3.3 60.9 ± 3.1
RanFor 58.9 ± 3.0 63.5 ± 2.6 62.0 ± 3.0
XGB 58.1 ± 2.2 59.8 ± 2.5 62.0 ± 2.4

Morph LogReg 56.9 ± 3.3 59.5 ± 2.5 58.7 ± 5.2
RanFor 57.0 ± 3.1 58.4 ± 3.8 61.1 ± 5.0
XGB 56.5 ± 3.8 56.9 ± 5.9 61.0 ± 5.2

Phon LogReg 77.1 ± 4.1 76.6 ± 3.9 84.5 ± 3.7
RanFor 71.1 ± 4.8 68.3 ± 6.1 79.5 ± 4.1
XGB 75.3 ± 3.4 74.7 ± 3.2 83.6 ± 3.7

M+P LogReg 77.7 ± 3.4 76.9 ± 3.2 84.9 ± 3.8
RanFor 73.8 ± 5.1 71.8 ± 5.3 81.3 ± 3.6
XGB 76.3 ± 3.9 75.3 ± 3.7 85.2 ± 3.0

All F’s LogReg 77.0 ± 2.1 76.3 ± 1.7 84.5 ± 3.4
RanFor 74.0 ± 3.7 71.6 ± 4.6 80.8 ± 3.6
XGB 75.6 ± 2.9 74.6 ± 2.8 84.6 ± 2.8

N-grams LogReg 75.4 ± 3.6 74.7 ± 3.7 82.9 ± 3.4
RanFor 71.1 ± 3.4 74.5 ± 2.4 79.5 ± 4.3
XGB 71.5 ± 4.2 73.7 ± 3.7 80.7 ± 3.4

Table 6: Performance: Macro: 3-way Class.
Set Model Acc F1 AUC

Sem LogReg 41.9 ± 4.8 40.2 ± 4.4 60.6 ± 4.8
RanFor 43.7 ± 6.7 42.1 ± 6.6 62.1 ± 6.0
XGB 52.5 ± 3.6 31.7 ± 3.5 62.8 ± 6.0

Morph LogReg 39.9 ± 4.5 37.4 ± 4.6 60.0 ± 5.3
RanFor 45.7 ± 5.3 44.0 ± 4.9 63.6 ± 4.3
XGB 52.8 ± 4.1 32.2 ± 3.8 63.9 ± 5.0

Phon LogReg 70.4 ± 5.3 65.8 ± 5.5 83.5 ± 4.9
RanFor 61.6 ± 5.9 57.4 ± 6.8 78.9 ± 4.5
XGB 68.2 ± 5.0 62.1 ± 6.0 82.1 ± 5.1

M+P LogReg 72.3 ± 5.0 68.3 ± 5.4 84.8 ± 4.9
RanFor 64.8 ± 5.8 60.4 ± 6.1 80.4 ± 4.4
XGB 69.6 ± 5.1 64.7 ± 5.5 85.1 ± 4.4

All F’s LogReg 70.5 ± 5.8 66.6 ± 5.8 84.3 ± 5.5
RanFor 63.6 ± 5.5 59.5 ± 5.7 79.5 ± 4.8
XGB 68.9 ± 6.8 63.9 ± 8.1 84.4 ± 5.1

N-grams LogReg 67.3 ± 5.6 61.4 ± 5.4 81.2 ± 5.0
RanFor 60.2 ± 6.2 57.1 ± 5.9 76.9 ± 5.4
XGB 65.6 ± 6.4 55.3 ± 7.8 79.1 ± 4.5

Table 7: Performance: Micro: Medial A
Set Model Acc F1 AUC

Sem LogReg 60.2 ± 5.2 26.6 ± 7.9 56.8 ± 11.5
RanFor 54.1 ± 5.4 30.8 ± 6.6 57.3 ± 9.3
XGB 30.8 ± 5.7 28.1 ± 3.6 54.6 ± 8.1

Morph LogReg 55.2 ± 8.4 35.4 ± 8.1 64.8 ± 9.5
RanFor 55.4 ± 7.9 36.3 ± 7.7 63.4 ± 9.7
XGB 55.5 ± 8.3 37.7 ± 8.8 64.6 ± 10.6

Phon LogReg 73.1 ± 4.2 52.7 ± 6.2 84.3 ± 5.2
RanFor 72.1 ± 5.7 50.7 ± 7.4 81.1 ± 7.5
XGB 66.0 ± 12.6 48.2 ± 10.2 81.7 ± 6.6

M+P LogReg 81.3 ± 5.5 54.9 ± 12.6 85.1 ± 4.3
RanFor 78.3 ± 3.8 51.6 ± 10.0 83.9 ± 5.5
XGB 77.9 ± 4.3 53.7 ± 8.5 84.2 ± 6.2

All F’s LogReg 81.8 ± 3.5 48.7 ± 8.2 83.1 ± 5.9
RanFor 79.2 ± 3.6 49.9 ± 9.4 82.0 ± 6.6
XGB 77.2 ± 6.8 51.3 ± 10.3 81.6 ± 8.6

N-grams LogReg 78.8 ± 4.8 49.0 ± 10.2 82.7 ± 7.8
RanFor 71.0 ± 5.1 44.2 ± 6.1 78.1 ± 6.4
XGB 66.0 ± 6.8 44.9 ± 8.9 78.6 ± 8.9

Table 8: Performance: Micro: Final A (†)
Set Model Acc F1 AUC

Sem LogReg 58.7 ± 7.0 21.4 ± 8.4 55.3 ± 9.5
RanFor 54.6 ± 8.5 22.4 ± 4.8 55.7 ± 9.9
XGB 35.1 ± 5.9 23.6 ± 3.3 57.1 ± 9.4

Morph LogReg 53.0 ± 5.7 31.0 ± 3.9 66.3 ± 5.8
RanFor 52.5 ± 5.3 29.6 ± 3.7 65.7 ± 6.6
XGB 52.3 ± 5.2 29.9 ± 3.5 65.5 ± 6.1

Phon LogReg 52.3 ± 5.4 27.1 ± 5.0 68.1 ± 7.7
RanFor 49.8 ± 7.1 27.7 ± 5.1 68.4 ± 6.6
XGB 29.4 ± 2.8 26.1 ± 1.5 71.3 ± 7.8

M+P LogReg 76.0 ± 4.2 33.3 ± 11.5 75.7 ± 7.9
RanFor 66.2 ± 4.9 34.6 ± 2.5 76.1 ± 5.9
XGB 63.9 ± 4.7 34.0 ± 3.1 75.6 ± 7.4

All F’s LogReg 84.3 ± 4.2 32.3 ± 16.5‡ 74.6 ± 9.2
RanFor 70.8 ± 6.2 32.5 ± 5.1 73.5 ± 7.2
XGB 69.9 ± 4.4 30.8 ± 8.0 71.5 ± 8.1

N-grams LogReg 81.5 ± 4.6 43.1 ± 10.3 74.6 ± 8.2
RanFor 69.0 ± 8.6 32.1 ± 12.0 69.7 ± 10.9
XGB 63.3 ± 5.7 32.9 ± 7.6 69.6 ± 8.8

Table 9: Performance: Micro: Final Vw (†)
Set Model Acc F1 AUC

Sem LogReg 76.3 ± 4.9 18.3 ± 11.9 72.2 ± 19.3‡
RanFor 73.0 ± 4.9 19.1 ± 7.7 73.9 ± 18.1‡
XGB 54.6 ± 4.2 12.6 ± 5.2 67.5 ± 18.1‡

Morph LogReg 79.5 ± 7.2 21.9 ± 13.6 61.9 ± 22.4‡
RanFor 83.3 ± 7.0 26.1 ± 15.6‡ 73.3 ± 19.1‡
XGB 80.3 ± 9.6 23.6 ± 15.3‡ 71.3 ± 19.7‡

Phon LogReg 91.6 ± 2.5 40.1 ± 16.8‡ 79.5 ± 17.3‡
RanFor 73.7 ± 9.2 17.8 ± 9.3 72.7 ± 18.1‡
XGB 39.3 ± 11.0 11.3 ± 4.1 72.1 ± 16.8‡

M+P LogReg 92.3 ± 2.4 33.2 ± 20.5‡ 82.5 ± 17.7‡
RanFor 91.6 ± 3.7 44.1 ± 25.1‡ 79.3 ± 18.3‡
XGB 88.8 ± 5.3 35.0 ± 17.7‡ 72.8 ± 20.1‡

All F’s LogReg 93.2 ± 2.6 37.9 ± 24.1‡ 82.8 ± 16.1‡
RanFor 90.7 ± 4.3 40.3 ± 22.6‡ 78.1 ± 18.6‡

N-grams LogReg 89.7 ± 3.0 27.3 ± 21.5‡ 81.3 ± 12.7
RanFor 82.4 ± 3.9 23.4 ± 15.4‡ 81.6 ± 13.3
XGB 68.9 ± 6.8 18.3 ± 7.6 80.9 ± 11.3

Table 10: Performance: Micro: Ablaut
Set Model Acc F1 AUC

Sem LogReg 58.4 ± 5.0 59.2 ± 4.4 64.3 ± 7.3
RanFor 60.3 ± 6.0 58.7 ± 5.6 63.8 ± 7.4
XGB 61.0 ± 5.8 60.3 ± 5.4 64.4 ± 6.8

Morph LogReg 66.4 ± 6.9 62.9 ± 8.1 70.7 ± 6.8
RanFor 64.6 ± 6.1 62.5 ± 7.4 70.8 ± 7.1
XGB 63.9 ± 5.3 62.3 ± 6.9 70.9 ± 6.9

Phon LogReg 77.6 ± 4.4 76.5 ± 4.6 83.1 ± 5.5
RanFor 71.9 ± 5.0 70.9 ± 5.1 80.7 ± 6.2
XGB 75.2 ± 5.7 74.4 ± 5.9 81.9 ± 7.0

M+P LogReg 76.1 ± 6.3 75.6 ± 5.7 83.9 ± 5.9
RanFor 72.2 ± 5.4 72.5 ± 5.4 81.9 ± 6.3
XGB 78.6 ± 8.0 77.6 ± 8.7 85.8 ± 5.7

All F’s LogReg 74.9 ± 7.0 73.8 ± 6.9 83.2 ± 6.7
RanFor 71.9 ± 5.8 72.4 ± 4.8 81.0 ± 6.6
XGB 77.2 ± 8.5 76.2 ± 8.7 84.7 ± 6.6

N-grams LogReg 74.0 ± 4.9 73.5 ± 4.4 82.0 ± 5.0
RanFor 72.4 ± 4.7 71.3 ± 4.7 80.3 ± 5.6
XGB 74.0 ± 4.9 72.9 ± 5.1 80.8 ± 5.7
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Table 11: Performance: Micro: Final T (†)
Set Model Acc F1 AUC

Sem LogReg 74.4 ± 5.0 11.1 ± 10.3 55.2 ± 15.7‡
RanFor 61.2 ± 6.8 12.3 ± 7.0 53.6 ± 14.5
XGB 36.3 ± 9.6 13.2 ± 6.1 56.3 ± 17.2‡

Morph LogReg 69.9 ± 6.3 21.8 ± 4.7 66.1 ± 8.3
RanFor 75.1 ± 5.6 26.0 ± 8.0 69.0 ± 11.2
XGB 75.5 ± 5.6 28.6 ± 7.6 71.0 ± 13.9

Phon LogReg 73.3 ± 6.5 30.7 ± 8.0 86.9 ± 7.1
RanFor 64.4 ± 10.3 25.2 ± 7.0 86.9 ± 8.0
XGB 56.1 ± 6.3 22.2 ± 4.5 87.0 ± 7.5

M+P LogReg 85.9 ± 4.0 35.0 ± 17.8‡ 88.0 ± 6.1
RanFor 80.1 ± 5.9 32.4 ± 7.3 87.2 ± 4.8
XGB 81.1 ± 4.1 31.2 ± 8.4 85.5 ± 8.1

All F’s LogReg 89.5 ± 3.2 35.3 ± 13.7 84.7 ± 6.7
RanFor 84.7 ± 4.9 37.3 ± 12.2 87.0 ± 7.0
XGB 86.5 ± 5.3 40.4 ± 14.9 87.7 ± 6.9

N-grams LogReg 87.0 ± 3.9 39.9 ± 13.4 89.5 ± 6.8
RanFor 79.2 ± 5.7 29.8 ± 17.2‡ 88.1 ± 7.1
XGB 71.5 ± 5.3 29.2 ± 8.0 86.0 ± 7.9

Table 12: Performance: Micro: Templatic
Set Model Acc F1 AUC

Sem LogReg 68.7 ± 6.5 42.5 ± 10.9 77.1 ± 7.8
RanFor 70.8 ± 6.6 44.0 ± 12.1 75.5 ± 8.1
XGB 72.1 ± 7.1 44.3 ± 12.0 76.0 ± 7.6

Morph LogReg 83.6 ± 4.5 68.7 ± 6.4 92.7 ± 3.5
RanFor 84.2 ± 4.3 69.2 ± 6.4 92.2 ± 4.1
XGB 85.1 ± 4.4 70.4 ± 6.4 92.8 ± 2.6

Phon LogReg 93.2 ± 2.8 81.9 ± 7.5 94.1 ± 4.4
RanFor 91.1 ± 3.3 75.3 ± 10.8 91.9 ± 4.5
XGB 91.6 ± 2.9 77.1 ± 9.4 93.0 ± 4.4

M+P LogReg 94.1 ± 1.9 85.0 ± 4.6 97.9 ± 1.5
RanFor 92.7 ± 3.3 83.3 ± 6.8 97.6 ± 1.7
XGB 95.9 ± 2.1 89.5 ± 5.3 97.5 ± 1.9

All F’s LogReg 94.3 ± 2.0 85.5 ± 4.9 97.8 ± 1.3
RanFor 92.2 ± 3.6 82.1 ± 7.6 97.7 ± 1.6
XGB 94.0 ± 2.4 84.4 ± 5.8 97.2 ± 1.6

N-grams LogReg 92.2 ± 3.6 79.3 ± 9.3 93.9 ± 6.0
RanFor 92.2 ± 3.3 78.3 ± 8.7 92.1 ± 5.9
XGB 92.4 ± 2.5 79.7 ± 6.2 92.0 ± 6.7

Table 13: Performance: Micro: 8-way Class.
Set Model Acc F1 AUC

Sem LogReg 22.2 ± 4.6 17.2 ± 6.0 65.5 ± 6.1
RanFor 22.2 ± 5.1 17.2 ± 5.6 67.0 ± 4.9
XGB 45.4 ± 2.3 14.2 ± 2.1 66.8 ± 6.7

Morph LogReg 31.3 ± 8.7 19.2 ± 5.2 71.1 ± 6.2
RanFor 28.6 ± 3.1 22.3 ± 2.7 73.4 ± 4.5
XGB 50.4 ± 4.5 19.9 ± 4.8 73.9 ± 1.8

Phon LogReg 60.1 ± 6.3 43.9 ± 6.4 81.7 ± 4.2
RanFor 48.6 ± 5.5 37.0 ± 4.9 78.1 ± 4.8
XGB 62.5 ± 6.3 39.8 ± 9.9 82.9 ± 2.7

M+P LogReg 64.8 ± 9.0 46.9 ± 8.9 85.1 ± 6.3
RanFor 56.4 ± 7.1 42.2 ± 6.2 82.2 ± 5.0
XGB 67.6 ± 5.4 45.8 ± 10.4 87.2 ± 2.6

All F’s LogReg 64.4 ± 6.9 46.4 ± 7.5 86.4 ± 6.5
RanFor 56.4 ± 8.0 44.7 ± 10.1 86.0 ± 4.9
XGB 66.7 ± 7.3 44.9 ± 12.5 88.1 ± 3.6

N-grams LogReg 57.7 ± 7.0 41.8 ± 6.7 80.8 ± 4.1
RanFor 45.0 ± 6.3 35.0 ± 7.2 77.6 ± 5.9
XGB 58.9 ± 6.5 38.6 ± 8.9 81.5 ± 3.7

Domain M+P vs. N-gr M+P vs. LSTM

∆ p ∆ p

Macro-Level
Has Suffix +0.036* 0.018 +0.062*** <0.001
Has Mutation +0.023* 0.044 +0.378*** <0.001
3-way +0.068*** <0.001 +0.445*** <0.001

Micro-Level
Medial A +0.037 0.067 +0.042 0.426
Final A −0.067* 0.048 +0.135*** <0.001
Final V/W +0.037 0.156 +0.126** 0.005
Ablaut +0.021 0.197 +0.025 0.180
Insert C −0.027 0.547 +0.124* 0.013
Templatic +0.034 0.054 +0.059 0.486
8-way +0.051** 0.006 +0.383*** <0.001

Table 14: Significance tests (paired two-tailed t-
test) comparing M+P against baselines. ∆ val-
ues denote mean difference in Macro-F1 across
10 folds. Significance: ***p < 0.001, **p < 0.01,
*p < 0.05.
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Abstract
Empirical grammar research has become increasingly data-driven, but the systematic analysis of annotated corpora
still requires substantial methodological and technical effort. We explore how agentic large language models (LLMs)
can streamline this process by reasoning over annotated corpora and producing interpretable, data-grounded
answers to linguistic questions. We introduce an agentic framework for corpus-grounded grammatical analysis that
integrates concepts such as natural-language task interpretation, code generation, and data-driven reasoning. As a
proof of concept, we apply it to Universal Dependencies (UD) corpora, testing it on multilingual grammatical tasks
inspired by the World Atlas of Language Structures (WALS). The evaluation spans 13 word-order features and over
170 languages, assessing system performance across three complementary dimensions – dominant-order accuracy,
order-coverage completeness, and distributional fidelity – which reflect how well the system generalizes, identifies,
and quantifies word-order variations. The results demonstrate the feasibility of combining LLM reasoning with struc-
tured linguistic data, offering a first step toward interpretable, scalable automation of corpus-based grammatical inquiry.

Keywords: corpus linguistics, grammatical analysis, large language models, agentic systems, Universal
Dependencies, word-order variation

1. Introduction

In the past four decades, linguistics has under-
gone a fundamental transformation from intuition-
based inquiry to data-driven analysis, enabled
by large-scale annotated corpora and computa-
tional tools that allow grammatical patterns to be
studied systematically across languages and com-
municative contexts (Leech, 1992; McEnery and
Hardie, 2011; Sinclair, 1991). Yet, despite these ad-
vances, corpus-based linguistic analysis remains
labor-intensive and hypothesis-driven, requiring
complex scripting, specialized tools, readily acces-
sible corpora, and methodological decisions that
constrain exploratory research (Gries, 2009; Biber,
2009) – limiting the scope of feasible investigations
(Kaunisto and Schilk, 2024).

Recent advances in large language models
(LLMs) with advanced reasoning capabilities (Sri-
vastava et al., 2023; Wei et al., 2022) open new
avenues for addressing these limitations, as they
have been shown to capture a broad range of gram-
matical regularities, perform complex linguistic rea-
soning, and generate structured, interpretable out-
puts (Beguš et al., 2025; Jumelet et al., 2025; Xia
et al., 2024). Their ability to understand natural-
language instructions and interface with external
data sources (Lewis et al., 2020) suggests that they
can now serve as intelligent mediators between

linguistic questions and empirical evidence, bring-
ing a new level of automation and accessibility to
corpus-based grammatical analysis.

To illustrate the concept, we use the problem of
determining the typical order of subject, verb, and
object in a language throughout the paper. In Fig-
ure 1, we show the contrast between the steps a
user might take when trying to tackle the problem
traditionally versus using an LLM-based grammati-
cal analysis agent. In the traditional approach, the
user needs to plan the experiment, select a rele-
vant resource (e.g., a parsed corpus), select an
appropriate tool (e.g., Python) and learn to use it,
then analyze the resource. When using a grammat-
ical analysis agent, the steps are abstracted away
from the user, but may be inspected to validate the
correctness of the process.

To explore this potential, we describe the evalua-
tion framework to mimic the motivational use-case,
and propose a grammatical agent prototype to test
the feasibility of the idea. Specifically, we apply it to
word-order analysis in the Universal Dependencies
(UD) corpora, which provide cross-linguistically con-
sistent grammatical annotation and enable large-
scale, data-driven studies of grammatical structure
and variation (de Marneffe et al., 2021; Nivre et al.,
2020). More concretely, our contributions are:

1. An exploratory evaluation framework for
corpus-grounded grammar analysis. We
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Figure 1: A simplified representation of the contrast between a traditional approach to corpus-based
linguistics research (top), and our abstract solution proposal (Grammatical analysis agent, bottom).

define a structured setup for evaluating gram-
matical analysis agents on word-order phe-
nomena in UD data. The current demon-
stration framework covers 13 tasks across
up to 179 languages, each with defined ex-
pected outputs. To enable automatic evalua-
tion, we use classification accuracy, F1 score,
and Hellinger distance to measure different
aspects of distributional grammatical analysis
(dominant pattern prediction, coverage of rele-
vant patterns, and pattern distribution predic-
tion).

2. Baseline evaluation. Using our framework,
we test a strong baseline model (GPT-5) that
approaches the tasks without explicit resource-
grounding, instead relying on its pre-existing
linguistic knowledge. We show that the model
contains a varying amount of linguistic knowl-
edge depending on the problem, but in general
leaves significant room for improvement.

3. Grammatical analysis agent prototype. To
verify the potential of resource grounding,
we develop a prototype grammatical analysis
agent (UDagent) with a simple agentic archi-
tecture: a fixed plan, a GPT-5-based code gen-
eration task-solving module, and answer con-
struction based on the UD data. We show that
despite being a conceptually simple prototype,
the system already shows a performance im-
provement on most tasks.

The remainder of this paper is organized as fol-
lows. Section 2 reviews related work. Section 3 in-
troduces the task and evaluation framework includ-
ing the design of the evaluation dataset. Section 4
describes the architecture of our agentic LLM sys-
tem. Section 5 presents evaluation results across
models, features, and languages. Section 6 con-
cludes with future directions.

2. Related Work

Corpus-based approaches have transformed gram-
matical research by enabling systematic analyses
of authentic language data to uncover patterns,
variation, and change (Biber et al., 2021). The
growing availability of grammatically annotated cor-
pora, such as those developed within the Univer-
sal Dependencies framework (de Marneffe et al.,
2021), has been instrumental in advancing re-
search across linguistic typology (Levshina, 2019;
Yan and Liu, 2023; Gerdes et al., 2021), data-driven
grammar induction (Herrera et al., 2024), cross-
linguistic comparison of structural patterns (Futrell
et al., 2015), and the study of syntactic complexity
(Berdicevskis et al., 2018). These developments
have established a range of computational methods
that require specialized technical and statistical ex-
pertise to extract and analyze grammatical patterns
from parsed corpora.

More recently, advances in large language mod-
els have opened new possibilities for interacting
with linguistic corpora through natural language.
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Initial applications demonstrate this potential in
different contexts: the integration of LLMs into
English-Corpora.org (Davies, 2025) enables users
to send corpus outputs such as frequency lists
or concordance lines to an LLM for summariza-
tion, explanation, and interpretation; CorpusChat
supports interactive language learning through
corpus-informed dialogue grounded in authentic
usage examples (Cheung and Crosthwaite, 2025),
highlighting the complementarity between corpus-
based and generative AI approaches (Crosthwaite
and Baisa, 2023); and text-to-CQL systems trans-
late natural-language requests into formal corpus
queries (Lu et al., 2024). Beyond querying, LLMs
have also shown promise in explaining linguistic pat-
terns (Singh et al., 2023) and inducing grammatical
rules from corpus data (Spencer and Kongborrirak,
2025). However, most of these applications remain
task-specific and limited in scope, lacking a general,
systematically evaluated framework that combines
natural-language prompting with corpus-grounded
reasoning to support large-scale grammatical anal-
ysis.

More broadly, the recent rise of agentic LLMs
has transformed how language models are used
for research, enabling them to autonomously plan
tasks, access external data, and perform complex
analyses across disciplines. The ReAct paradigm
(Yao et al., 2023) introduced an explicit coupling of
reasoning and acting, allowing LLMs to interleave
natural language reasoning steps with concrete
tool- or environment-driven actions. Further work
has focused on refining and expanding the agentic
components, often focusing on a particular use
case such as data analysis (Guo et al., 2024) or
machine learning (Liu et al., 2025). In our work, we
explore grammatical analysis as a new application
for LLM-based agents, present a prototype system
UDagent, and an evaluation framework along with a
multilingual dataset to support further development.

3. Task and Evaluation Framework

Building on the conceptual framework presented in
Figure 1, this section describes how the approach
was instantiated and evaluated on word-order phe-
nomena in the Universal Dependencies (UD) cor-
pora. We first define the grammatical task at hand
(Section 3.1), describe the evaluation dataset and
its cross-linguistic coverage (Section 3.2), and then
introduce the evaluation metrics used to assess
system performance (Section 3.3).

3.1. Task Definition
The evaluation framework builds on typological dis-
tinctions captured in the World Atlas of Language
Structures (WALS; Dryer and Haspelmath (2013))

which documents cross-linguistic variation across
hundreds of grammatical features based on evi-
dence from descriptive grammars. WALS encodes
how individual languages realize specific linguistic
properties, assigning each language one of several
predefined categorical values. For example, for the
feature Order of Object and Verb, each language
is classified as VO (the object follows the verb),
OV (the object precedes the verb), or No dominant
order.

We take this typological framework as a starting
point but extend it to reflect patterns actually at-
tested in corpus data. While WALS adopts discrete,
classification-oriented labels, many languages ex-
hibit within-language variation that is better cap-
tured through gradient, corpus-based evidence
(Yan and Liu, 2023; Levshina et al., 2023; Bay-
lor et al., 2024). Our formulation therefore com-
plements WALS-like grammatical description by
producing richer, multi-layered outputs that reveal
not only the dominant order but also the diversity
and proportional distribution of patterns observed
in real usage.

Each grammatical analysis task corresponds to
analysing one such word-order relation by receiv-
ing as input a grammatical question and a target
language, such as: “What is the order of subject,
object, and verb in French?” Given such a question
and the corresponding language corpus, the sys-
tem is expected to produce a structured summary
of the observed patterns. The output consists of
three layers of analysis, listed from least to most
detailed:

• Dominant order: the most frequent pattern in
the corpus (e.g., SVO);

• Attested orders: all observed patterns in the
corpus (e.g., SVO, SOV, VSO);

• Order distribution: proportional frequencies
of each pattern in the corpus (e.g., SVO: 92%,
SOV: 6%, VSO: 2%)

This three-layered formulation defines grammat-
ical analysis as a structured, data-driven reason-
ing task that enables evaluation across increasing
levels of descriptive completeness. Although de-
veloped to support the word-order analyses pre-
sented in the continuation of this paper, in further
work, the same reasoning framework will be ex-
tended to other tasks that examine the distribution
and variation of linguistic patterns in corpus data.

3.2. Evaluation Dataset
Building on the word-order analysis framework in-
troduced in Section 3.1, we constructed a large-
scale multilingual dataset comprising 13 word-
order-related grammatical questions with three-
layer ground-truth annotations derived from the UD
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WALS ID Linguistic Task #Options #Languages #Languages>30

81A Order of subject, object and verb 6 169 92
82A Order of subject and verb 2 177 147
83A Order of object and verb 2 178 156
84A Order of object, oblique, and verb 6 165 101
85A Order of adposition and noun phrase 2 172 133
86A Order of genitive and noun 2 107 66
87A Order of adjective and noun 2 163 123
88A Order of demonstrative and noun 2 104 74
89A Order of numeral and noun 2 163 101
90A Order of relative clause and noun 2 158 104
94A Order of adverbial subordinator and

clause
3 160 93

144A Order of subject, object, verb, and neg-
ative word

25 76 18*

144B Order of negative word and verb relative
to clause boundaries

6 94 53

Table 1: Linguistic questions in the evaluation dataset along with the number of possible answer options
(#Options), number of languages for which at least one valid answer was produced using the ground truth
scripts (#Languages), and number of those for which at least 30 answers were produced (#Languages>30).

corpora. UD is a collection of manually annotated
treebanks that provide consistent morphosyntactic
annotation across typologically diverse languages
(de Marneffe et al., 2021), with each word analyzed
for lemma, part of speech, morphological features,
and syntactic head–dependent relations following
a uniform dependency annotation scheme.

Task selection. To align our work with aforemen-
tioned typological investigations, we reviewed all
56 word order features documented in WALS, and
selected those meeting three criteria: (1) fully rep-
resentable using UD annotation, (2) not dependent
on language-specific lexical information, (3) com-
patible with our three-step analytical framework.
This yielded a total of 13 features, each reformu-
lated as a natural language question for evaluation
(e.g., What is the order of subject, object, and verb
in language X?). Possible answer categories were
based on WALS inventories, with minor adapta-
tions to ensure compatibility with UD data and to
maintain a consistent analytical framework. For
example, due to the complexity of defining the an-
swer “No dominant order”, it was currently omitted
in favor of a simplified approach that always selects
the most frequent order, as described below.

Ground-truth generation. Gold-standard an-
swers were derived automatically from test sets of
179 UD (v2.16; Zeman et al. (2025)) treebanks (one
per language) using a human-written Python script.
When selecting a treebank for a language, we pri-
oritize larger treebanks that span diverse domains.
For each task, the scripts counted all configurations
corresponding to a given question and produced
two complementary outputs: (1) a list of attested or-
der variations with their frequencies, and (2) a final

answer, determined by selecting the most frequent
order variation.

Dataset composition. The final evaluation
dataset consists of the 13 linguistic questions, their
predefined value sets, and the corresponding three-
layered gold answers across up to 179 languages,
resulting in 1,899 individual feature-language pairs
for benchmarking future grammatical analysis sys-
tems. The dataset is openly released to support
reproducible experimentation and cross-linguistic
comparison (Terčon et al., 2026). 1

Evaluation scope. Table 1 summarizes all lin-
guistic tasks (questions) included in the evaluation
dataset, showing their corresponding WALS feature
IDs, the number of answer options, and language
coverage. The latter includes the number of lan-
guages with at least one valid answer – i.e., at least
one relevant word-order pattern observed in the cor-
pus. While we release the evaluation data for all
languages, we perform the evaluation in our paper
only on the languages with reasonable statistical
support. We determine the threshold of 30 valid
answers as a reasonable trade-off between evalua-
tion on a high number of languages and evaluation
with sufficient data support. For feature 144A, the
threshold was lowered to 10, reflecting its generally
lower frequency across treebanks (marked with an
asterisk in Table 1).

1We release other supporting resources at
https://github.com/matejklemen/ud_llm
(modeling code, generated code, and used prompts).

139



3.3. Evaluation Metrics
During the evaluation phase, the final answers pro-
vided by the manually-written Python scripts are
treated as the gold standard against which the an-
swers returned by the grammatical analysis sys-
tem are compared. We adopt a three-dimensional
evaluation procedure covering different aspects of
system performance: accuracy of the dominant
answer, answer coverage completeness, and dis-
tributional fidelity.

• To measure the accuracy of the dominant
order prediction, we use classification accu-
racy, defined as the ratio between the number
of languages with dominant order prediction
matching the ground truth, and the total num-
ber of evaluated languages.

• To measure the order coverage complete-
ness, we use the F1 score averaged across
the evaluated languages. In the expressions
below, given the predicted distribution and the
correct distribution, the options Ox are the out-
comes with relative frequency above zero. Pre-
cision, recall, and the coverage F1 are defined
as follows, where L is the set of evaluated lan-
guages.

Coverage F1 =
1

|L]
∑

Li∈L

2 · PLi
·RLi

PLi
+RLi

(1)

PLi
=
|Opredicted ∩Ocorrect|

|Opredicted|
(2)

RLi
=
|Opredicted ∩Ocorrect|

|Ocorrect|
(3)

• To measure the fidelity of the predicted or-
der distribution, we use the Hellinger dis-
tance (Hellinger, 1909). The distance is bound
between 0 and 1, with a lower score indicating
better fidelity, i.e. the returned distribution be-
ing closer to the manually computed one. The
Hellinger distance between two distributions
is defined with the following equation, where
P is the predicted option distribution and C is
the correct option distribution.

H(P,C) =
1√
2

√∑

i

(
√

Pi −
√
Ci)2 (4)

4. Agentic LLM System

In this section, we describe our grammatical analy-
sis agent prototype. An agent may include various
components (e.g., planning, code generation, tool
calling), helping it adapt to different needs when
dealing with different tasks. To test the feasibility of
a grammatical analysis agent, we propose a simple

architecture to constrain the initial system complex-
ity. We show its conceptual design in Figure 2, and
describe its key components next.

Planning. The proposed system uses a fixed
plan, converting the initial general task into an
example-level subtask, generating code to solve
it, applying it to the corpus, and summarizing the
results into a concise answer (majority answer) and
an extended answer (answer distribution).

Task conversion. To convert the general task
into an example-level task, its description is edited
to include that the task is to be done on a single
sentence. For example, based on the initial task of
determining the subject, verb, and object order in
French, an example-level subtask of determining
the subject, verb, and object order in the given
sentence is created.

Linguistic processing. Based on the example-
level task description, the task solution code is
generated using an LLM. Any strong model can
be used; in our experiments we resort to GPT-
5 (OpenAI, 2025) with high reasoning effort and
low answer verbosity as a strong base model. In
the prompt, a description of the data format in UD
(CONLL-U) is provided along with the instructions
to generate a Python function accepting a single
sentence as an argument, and returning one or
more of the possible valid answers, or None if the
question is not answerable. The prompt does not
include any concrete examples from the treebanks.
The valid answer options are included in the prompt
due to the specific formulation of WALS tasks to
simplify the evaluation procedure. Using this for-
mulation, the instructions guide the model towards
generating a general task-solving code untied to a
specific language.

Resource analysis. The generated code is exe-
cuted example-by-example on the chosen UD tree-
bank. In our experiments, we execute the gener-
ated code on the training splits of UD treebanks if
they exist, and the test splits otherwise. None of
the ground truth outputs are exposed to the system
during the process, allowing us to use test sets
without the risk of data contamination. After code
execution, each example is assigned an answer,
or the value None if the task is not solvable for a
given example. For example, a sentence cannot
be assigned a subject, verb, and object order if it
does not contain all three elements.

Result summarization. To produce the re-
sponse, a distribution of the generated example-
level answers is computed. The answers with the
value None are discarded; thus, the code genera-
tion module also implicitly acts as a retrieval filter.
The distribution represents the detailed answer re-
turned by the system, while the dominant order pre-
diction is produced by returning the most frequently
occurring item in the distribution. For example, if
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Figure 2: The proposed UDagent system implementation, along with a system trace showing how the
system would handle the problem of determining the order of the subject, verb, and object in the French
language.

there are 67% examples with the SVO order and
33% with the SOV order, the dominant answer is
SVO.

5. Evaluation and Analysis

In this section, we evaluate the proposed grammati-
cal analysis system (UDagent) using the presented
evaluation framework. First, we begin with a quanti-
tative analysis across all word-order tasks (Section
5.1), then examine performance patterns across
languages (Section 5.2), and finally analyse fail-
ure cases to identify limitations of the approach
(Section 5.3).

In the quantitative analysis, we measure the ac-
curacy of the computed dominant answer, the cov-
erage completeness, and the distributional fidelity
using the metrics presented in Section 3.2. We
compare UDagent against two baselines:

• Majority baseline. As the evaluated tasks
may have an imbalanced ground truth distribu-
tion, we include the majority baseline to mit-
igate the chance for a potential misinterpre-
tation of a high accuracy score. For a given
language, the majority baseline predicts the
dominant answer for the feature according to
WALS. We select the dominant answer from
WALS instead of the training distribution as
the training set is not available for every lan-
guage. Its performance can be seen as the
lower boundary on acceptable performance.

• Off-the-shelf GPT-5 baseline. To test the ex-
isting linguistic knowledge in the latest LLMs,
and the effect of (not) including external data
into a grammatical analysis system, we include
the unmodified GPT-5 model (OpenAI, 2025)

as a baseline. The model is instructed to jointly
return the dominant answer and the distribu-
tion of the possible options. We use the model
with the reasoning effort set to “high” and the
answer verbosity set to “low”.

5.1. Overall Performance

We present the automated metric scores for our
proposed system and the two baselines in Table 2.
Statistical significance of differences in classifica-
tion accuracy between GPT-5 and UDagent was
assessed using the McNemar’s test at a signifi-
cance level of p < 0.05 (McNemar, 1947).

Focusing on the baseline scores in isolation, we
can observe that the majority baseline scores vary
significantly, showing the different degrees of im-
balance across tasks. For example, the accuracy
of the majority baseline is 0.838 for feature 88A,
indicating one order of the demonstrative and noun
is dominant for most evaluated languages. The
GPT-5 baseline achieves fairly high metric scores
across most tasks, achieving the best accuracy
score on four, the best coverage F1 on two, and the
best Hellinger distance on three tasks.

In general, we can observe that the proposed sys-
tem achieves a performance improvement against
the baselines in the majority of the tasks. More
concretely, it achieves the best accuracy scores
in 9, the best coverage F1 scores in 10, and the
best distributional fidelity in 9 out of 13 tasks. In
these cases, the achieved accuracy scores and the
coverage F1 scores are very high, in most cases
above 0.9. Moreover, the Hellinger distances are
low (often below 0.1), indicating the computed distri-
bution closely follows the ground truth distribution.
The difference in distribution is caused by differ-
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(Accuracy ↑) (Coverage F1 ↑) (Hellinger dist. ↓)
Feature Majority GPT-5 UDagent Majority GPT-5 UDagent Majority GPT-5 UDagent
81A 0.326 0.772 0.935 0.301 0.783 0.826 0.703 0.242 0.179
82A 0.905 0.918 0.986 0.687 0.918 0.968 0.303 0.147 0.075
83A 0.417 0.865 0.955 0.660 0.870 0.955 0.560 0.151 0.097
84A 0.525 0.703 0.822 0.302 0.734 0.908 0.644 0.349 0.169
85A 0.346 0.932 0.985 0.531 0.850 0.924 0.657 0.105 0.043
86A 0.530 0.970 0.955 0.636 0.864 0.904 0.466 0.101 0.061
87A 0.333 0.911 0.976 0.572 0.862 0.962 0.686 0.136 0.039
88A 0.838 0.878 1.000 0.815 0.874 0.937 0.176 0.131 0.020
89A 0.069 0.931 0.931 0.457 0.756 0.847 0.836 0.189 0.125
90A 0.721 0.904 0.798 0.744 0.795 0.904 0.296 0.150 0.182
94A 0.871 0.903 0.936 0.634 0.664 0.948 0.252 0.224 0.088
144A 0.278 0.667 0.056 0.180 0.559 0.028 0.801 0.419 0.971
144B 0.774 0.642 0.000 0.335 0.569 0.000 0.502 0.408 1.000

Table 2: Dominant order prediction accuracy, order coverage completeness (F1), and distributional fidelity
(Hellinger distance) scores achieved by the proposed system (UDagent) and the two baselines. The best
scores for each task are shown in bold. Statistically significant differences are underlined.

ences between the generated and the ground truth
task-solving code. This results in certain examples
being mislabeled or incorrectly discarded by the
system. In two out of 13 tasks our system fails,
and achieves performance worse than the GPT-5
baseline as well as the majority baseline. This can
be attributed to the failure of the code generation
module which produced code that was syntactically
correct but was completely unsuccessful at solving
the example-level task (see Section 5.3 for details).

5.2. Cross-Linguistic Analysis

To get a better insight into the performance of UDa-
gent, we analyze its behavior by language, more
specifically, its accuracy and coverage. As the sys-
tem fails universally on features 144A and 144B,
we exclude them from analysis, focusing on nontriv-
ial performance instead. To estimate the accuracy
for a language, we count the number of correctly
solved tasks out of tasks for which a language has
the ground truth label assigned.

We observe that our system achieves perfect
dominant order accuracy for 112 out of 159 lan-
guages; 37 achieve perfect coverage of attested
orders in addition to perfect accuracy. The former
set involves a diverse selection of languages, hint-
ing towards the strong language independence of
the produced code. The latter set mostly involves
languages with fewer annotated features, making
perfect performance easier to achieve. A notable
exception is Czech, with perfect accuracy and cov-
erage for all 11 analyzed features.

At the other end of the spectrum, we observe
that the system does not perform terribly even on
the worst-ranked languages. For two of the five
worst-ranked languages with respect to dominant

order prediction accuracy (Sinhala, Yupik), very
few tasks with ground truth labels are available (2
and 3, respectively). For the remaining three, the
system achieves accuracy of 0.556 and greater:

• In the case of Buryat and Komi Zyrian, the
incorrect answers can be attributed to the very
limited size of the UD training splits for these
treebanks, which contain few or no instances
of the relevant grammatical phenomena.2

• In case of Dutch, the three incorrect domi-
nant order predictions out of nine stem from
imprecise distribution estimates. For features
83A and 84A, the dominant options occur with
nearly equal frequency, making the outcome
highly sensitive to small distributional shifts.
In both cases, UDagent slightly reversed their
frequency order (see Figure 3). For feature
81A, the discrepancy reflects a different lin-
guistic interpretation of the task (see Section
5.3): our WALS-inspired ground truth includes
only nominal arguments (i.e., subjects and ob-
jects expressed as nouns), whereas the agent
also counted other parts of speech, such as
pronouns – a difference that is not necessarily
erroneous given the simple, WALS-agnostic
phrasing of the question given in the prompt.

5.3. Error and Failure Analysis
To better understand the causes of performance
variation, we conducted a qualitative inspection of
the code generated by the system for the five tasks

2The small training set size results from a specific
UD policy prioritizing the size of the test set when the
treebank size is small.
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Figure 3: Side-by-side visualization of the predicted and the ground truth intermediate answer distribution
for features 81A, 83A, and 84A for Dutch. On features 83A and 84A minor distribution miscalculations
result in the wrong dominant answer prediction.

where it performed below the GPT-5 or majority
baseline (86A, 89A, 90A, 144A, and 144B). Exam-
ining the intermediate scripts provided insight into
how the agent interprets linguistic instructions and
where the process fails. Two main types of issues
emerged: (1) technical errors that prevented the
intended operation of the script, and (2) conceptual
mismatches in the linguistic interpretation of the
task.

The first category includes logic or data-handling
errors that did not break Python syntax but pro-
duced incomplete or misleading outputs. For in-
stance, in feature 144A (Order of subject, object,
verb, and negative word), there is an error in the
generated code when attempting to read the Po-
larity=Neg UD feature from tokens in the treebank.
Consequently, no negative words were identified in
any treebank and thus the code could not produce
appropriate results. Such local flaws had cascad-
ing effects, rendering otherwise sound reasoning
ineffective.

In contrast, the second category reflects differ-
ences in how the model operationalized grammat-
ical concepts given in the prompt. For example,
in feature 86A (What is the order of genitive and
noun?), both our reference implementation and the
agent-generated code identified nominal phrases
in which the modifying noun bore the Case=Gen
feature as potential genitive constructions (among
other structures). However, while our ground-truth
implementation only considered genitive-like con-
structions labeled with the nmod or nmod:poss re-
lations (e.g., the president’s car), the system also
included instances of the det relation, which some
treebanks use to mark adjectival pronominals ex-
pressing possession (e.g. my car). As with the
Dutch example above, this is not necessarily an
error but rather a broader interpretation of the gram-
matical phenomenon implied by the prompt.

Overall, these analyses highlight two comple-
mentary limitations of the current system: the

fragility of automatic code generation for complex
data operations, and the inherent ambiguity of
translating underspecified linguistic definitions into
executable form. Both point to the need for future
work on incorporating safeguards and clearer lin-
guistic specifications into the prompting and verifi-
cation stages of grammatical analysis agents. At
the same time, the agent’s capacity to devise novel
computational strategies for solving linguistic prob-
lems also reveals an unprecedented opportunity to
move beyond hypothesis-driven corpus analysis,
opening new avenues for data-driven discovery.

6. Conclusion

This paper presents a framework for corpus-
grounded grammatical analysis using agentic LLMs.
The proposed system, UDagent, integrates natural-
language interpretation, code generation, and
corpus-based reasoning, allowing grammatical
questions to be answered directly from annotated
data. Tested on multilingual word-order variation
in UD corpora, the approach proved both scalable
and effective, handling over 170 languages with
interpretable outputs that closely reflected corpus
distributions.

The evaluation showed that even with a relatively
simple architecture, the agent achieved strong ac-
curacy and coverage across most tasks, confirm-
ing the feasibility of LLM-assisted grammatical re-
search. However, the study has important limita-
tions. First, the evaluation used a single very large
proprietary model GPT-5. To test the feasibility of
the idea, we limited the evaluation to a state-of-the-
art model, while our future work will be focused on
improving efficiency and using smaller LLMs. Sec-
ond, the evaluation covered a handful of elemen-
tary linguistic phenomena with uneven language
coverage. In future work, we plan to expand the
evaluation to more difficult linguistic problems that
require complex reasoning. These could be phe-
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nomena from alternative databases such as URIEL
(Littell et al., 2017) and Grambank (Skirgård et al.,
2023), as well as research questions from linguistic
scientific papers. Third, the code generation mod-
ule in our system occasionally failed, producing
invalid answers in the process. In future work, we
plan to introduce safeguards to reduce the occur-
rence of such failures. In conclusion, future work
should test open and smaller models, expand to
multi-step reasoning tasks requiring diverse aggre-
gation strategies, and generalize the architecture.
A reasonable expansion is the implementation of
external tool calling. For example, instead of at-
tempting to reinvent and outperform specialized
word order prediction systems, the agent can be
taught to call such tools when needed.

Despite these limitations, the results demon-
strate that LLM-based systems can meaningfully
bridge linguistic questions and empirical corpus
evidence. By making large-scale grammatical anal-
ysis more accessible and interpretable, such sys-
tems complement traditional linguistic resources
and offer new pathways for cross-linguistic dis-
covery, including the enrichment of typological
databases such as WALS with usage-based ev-
idence. As agentic architectures and tool-use ca-
pabilities continue to advance, the integration of
LLM reasoning with structured linguistic data holds
significant promise for transforming how we explore
and document grammatical knowledge across the
world’s languages.
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Abstract
Large language models have renewed interest in the role of structured linguistic data for applications that require
controllable, interpretable, and pedagogically aligned language generation. This need is especially visible in
intelligent language tutoring, where grammar cannot be modeled as a flat inventory of patterns alone, but must also
capture their relations and functions they realize. We present the L2 Network, a machine-readable knowledge graph
of CEFR A1-A2 English grammar that encodes formal patterns, functions, and typed relations between them. The
resource is grounded in established pedagogical reference materials, combining form inventory and progression
information from the English Grammar Profile with a functional layer derived from CEFR descriptors. We further
report content validation of the form-function mappings through expert annotation, including agreement analysis and
a consensus-filtered core release. The resulting graph provides an explicit schema for representing pedagogically
relevant grammatical knowledge and supports downstream uses such as learner modeling, adaptive task selection,
and controlled generation in dialogue-based ICALL systems.

Keywords: knowledge graph, structured linguistic data, CEFR, grammar modeling, ICALL

1. Introduction

Intelligent Computer-Assisted Language Learning
(ICALL) has long sought to support second lan-
guage (L2) learners through scalable and adap-
tive Intelligent Tutoring Systems (ITS). The recent
rise of GenAI, particularly large language models
(LLMs), has significantly expanded what is possible.
Because LLMs can generate fluent, contextualized,
and even multilingual text on demand, they have
made it increasingly feasible to move beyond fixed
exercise formats toward more open-ended, inter-
active forms of language practice, as well as to
generate personalized content and individualized
feedback. Recent work has therefore increasingly
treated LLMs as a promising foundation for next-
generation ITSs.

More fundamentally, however, this shift raises
not only a tutoring challenge, but also a representa-
tional one. Language is increasingly understood as
a multidimensional system in which formal patterns
are associated with semantics, pragmatics, and
discourse. For computational applications that re-
quire linguistic grounding and controlled generation,
language knowledge therefore benefits from being
represented as structured data. In ICALL, this need
is especially visible: recent work shows that prompt-
ing LLMs to generate proficiency-aligned content
or to act as adaptive tutors does not reliably pro-
duce pedagogically aligned output (Benedetto et al.,
2025; Borchers and Shou, 2025; Jokinen, 2024).

Within ITS architectures, domain models pro-
vide an explicit representation of what is to be
learned (Padayachee et al., 2002). In language

tutoring, they have often taken the form of invento-
ries of knowledge components or exercise-linked
units, supporting exercise generation, feedback,
and learner tracking (Katinskaia, 2025). While such
representations can be adequate for relatively fixed
exercise formats, they are more limited in open-
ended interactive settings, where systems must do
more than select target forms: they must also place
them in meaningful contexts, guide generation to-
ward relevant realizations, and interpret learner per-
formance across related forms and functions. This
motivates representing grammar as structured, re-
lational data rather than as a flat inventory of items.

In this paper, we present the L2 Network as a
structured linguistic resource and knowledge graph
schema for representing CEFR-aligned English
grammar in machine-readable form. The graph
formalizes grammatical patterns (e.g., SUBJ have
V-en), functions (e.g., describing experiences or
expressing degree), and the typed relations that
connect them, including realization, dependency,
and progression.

Grounded in established pedagogical resources,
the L2 Network is introduced both as an English-
language resource and as a reusable modeling
approach for transforming CEFR-aligned reference
materials into structured, machine-readable do-
main models for other languages. Beyond its im-
mediate value as an explicit domain representation,
it also provides a foundation for future integration
methods, such as graph-based retrieval, neuro-
symbolic control, and graph-informed fine-tuning.
The following sections describe its design princi-
ples, construction criteria, and initial validation.
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2. Background

To clarify what a pedagogically useful language
domain model should represent, the present work
draws on functional and cognitive traditions, which
treat language as a system in which forms are
tied to meaning and use (Behrens, 2009; Larsen-
Freeman, 2003). Within this broader perspec-
tive, usage-based and constructionist approaches
(Goldberg, 2003) analyze lexicon and grammar as
a continuum of conventionalized form-meaning pair-
ings, or constructions. These range from bound
morphemes (e.g., third-person singular -s), to for-
mulaic patterns (e.g., "would you mind . . . "), to fully
or partially schematic patterns (e.g., the X-er, the
Y-er). On this view, linguistic knowledge is best
represented as an interconnected network of con-
structions, a "constructicon" (Diessel, 2023). L2
development, in turn, can be understood as the
gradual strengthening of mappings between learn-
ers’ communicative intentions and the convention-
alized forms of the target language that express
them (Schmid, 2015).

These perspectives suggest that language is
more appropriately modeled as a structured and
interconnected system linking formal patterns to
meanings and patterns of use, rather than as a flat
inventory of isolated items. This raises a represen-
tational question: how can such multidimensional
knowledge be formalized in a way that supports
explicit encoding, interpretation, and computational
use? In language education, one influential answer
has been the functional-notional tradition, which or-
ganizes language around what learners are able to
do with it in context rather than around forms alone.
This orientation is carried forward in the Common
European Framework of Reference for Languages
(CEFR, (Council of Europe, 2001)), where profi-
ciency is defined in terms of communicative com-
petence.

In the CEFR, L2 competence is described
through language-agnostic can-do statements that
specify communicative achievements across profi-
ciency levels. This reflects and extends the Council
of Europe’s earlier functional-notional tradition, es-
pecially Threshold Level 1990 (Van Ek et al., 1991),
which organized language in terms of notions and
communicative functions. For domain modeling,
this is particularly valuable because it provides a
principled functional layer: an abstract inventory
of communicative goals that can serve as one di-
mension of a structured representation. Language-
specific grammatical realizations can then be linked
to this layer as alternative or complementary ways
of expressing shared functions.

To support curriculum design and language-
specific implementation, Reference Level Descrip-

tions (RLDs)1 have been developed to specify the
linguistic realizations associated with CEFR pro-
gression in individual languages. From the per-
spective of domain modeling, they provide a bridge
from abstract proficiency descriptors to language-
specific realizations that are suitable for explicit,
structured encoding. For English, this bridge is
made linguistically explicit in the English Profile
program (Harrison and Barker, 2015), including
the English Grammar Profile (EGP; O’Keeffe and
Mark, 2017) and the English Vocabulary Profile
(EVP; Capel, 2012), which organize grammatical
and lexical features in relation to CEFR levels.

The EGP, in particular, provides a corpus-
informed account of how grammatical features
emerge in learner production across CEFR levels.
Derived from a four-year quasi-longitudinal analysis
of the Cambridge Learner Corpus, it identifies crite-
rial features: linguistic markers that statistically dis-
tinguish adjacent proficiency levels through system-
atic comparison of learner and native-speaker us-
age. This makes it a valuable resource for ground-
ing domain models in empirically observed relation-
ships between linguistic realizations and proficiency
development.

2.1. Graph-based domain modeling
As discussed, functional and usage-based tradi-
tions often conceptualize grammar as an intercon-
nected system in which linguistic patterns are re-
lated through structural and functional links (Dies-
sel, 2019). Crucially, form-function mappings are
rarely one-to-one: a given form may serve multiple
functions, and a given function may be realized by
multiple forms. This relational organization makes
grammar difficult to capture as a flat inventory of
isolated items and instead motivates representa-
tions that can explicitly encode multiple types of
connections.

Knowledge graphs provide such formalism by
representing relational knowledge as networks of
entities linked through typed relations, thereby sup-
porting explicit organization, traversal and visual-
ization (Peng et al., 2023). In the present case,
this means representing grammatical forms, func-
tions, and the relations between them in a machine-
readable structure. As illustrated in Figure 1, such
a graph can encode not only which forms realize
which functions, but also how forms relate to one
another through dependency and progression rela-
tions. This makes it possible to model the language
domain as a structured knowledge space.

More broadly, robust domain models are essen-
tial whenever complex knowledge must be repre-

1https://www.coe.int/en/web/common-european-
framework-reference-languages/reference-level-
descriptions
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Figure 1: Illustrative example of graph-based gram-
mar modeling. Form and Function nodes are con-
nected through typed relations.

sented in terms of interdependent concepts and
realizations (Bagchi, 2021). In exact domains such
as mathematics, systems like ALEKS (Cosyn et al.,
2021) demonstrate the value of relational domain
modeling for adaptive learning. Grounded in Knowl-
edge Space Theory, ALEKS organizes content
through explicit prerequisite relations over large
sets of topics. By contrast, ICALL has paid compar-
atively less attention to modeling the internal rela-
tional structure of the grammatical domain (Slavuj
et al., 2017).

Recent work reflects growing interest in graph-
structured approaches, though with different goals.
Zhang and Li (2025), for instance, develop a dy-
namic vocational-English knowledge graph for real-
time exercise recommendation. Vu et al. (2025)
construct knowledge graphs of Russian grammar
prerequisites inferred from learner performance
within an ITS and evaluate their alignment with
topic difficulty. In parallel, NLP-oriented work has fo-
cused more directly on formalizing linguistic knowl-
edge itself, for example by integrating syntax with
lexical-semantic networks (Prost, 2022; Rambelli
et al., 2019) or by encoding grammatical constraints
in ontologies (Aranovich, 2023).

Taken together, these strands point to a gap: ex-
isting graph-based approaches are typically not
grounded in CEFR-based form-function mappings,
do not treat pedagogical reference materials as
structured linguistic data to be formalized, and are
rarely released as openly reusable domain models.
The present work addresses this gap by construct-
ing a pedagogically curated, machine-readable
graph of English grammar grounded in established
CEFR-aligned resources.

3. The L2 Network

3.1. Implementation Considerations

The L2 Network is a typed knowledge graph that
represents grammatical constructions associated
with the CEFR Basic User macro-level (A1 and
A2). We focus on these entry levels as a principled
first step, allowing the resource to be developed
and validated on a well-defined portion of the gram-
mar domain before extension to higher proficiency
bands.

The graph is implemented in Apache AGE2, an
open-source graph database built on PostgreSQL.
This implementation supports the explicit encoding
of typed nodes, typed edges, and metadata an-
notations, while also enabling graph-native query-
ing through Cypher. As a result, the resource can
be queried not only as stored data, but also as a
traversable linguistic structure, for example to re-
trieve all forms linked to a given function, identify
related or competing constructions, or trace depen-
dency paths across relation types.

The L2 Network is publicly available on GitHub3

under the CC BY 4.0 license. The repository in-
cludes the graph schema, machine-readable ex-
ports of nodes and edges with their properties, doc-
umentation of node and relation types, and exam-
ple queries for exploration and reuse. For trans-
parency and reproducibility, it also provides the
underlying annotation-derived endorsement data
together with the consensus-filtered core resource
described in this paper.

3.2. Formalism and Schema

This section presents the explicit schema by which
the L2 Network represents grammatical knowledge
as structured data. It specifies the node types, rela-
tion inventory, and assignment criteria used to con-
vert information from pedagogical reference materi-
als into a typed, machine-readable graph. Formally,
the resource is modeled as a directed, labeled
graph G = (V,E), where nodes V correspond to
linguistic entities and edges E encode typed, di-
rectional relations between them. The schema is
organized around two core layers, a formal layer
and a functional layer, which are connected through
explicitly defined relation types. Each node is as-
signed a unique identifier and CEFR-level meta-
data, and each edge contributes relational seman-
tics to the overall structure of the domain.

2https://age.apache.org/
3https://github.com/luisards/

l2-network
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3.2.1. The Formal Layer (The "What")

The formal layer encodes the grammatical pat-
terns of the domain as an explicit schema of Form
nodes connected by typed, directed edges. It there-
fore constitutes the part of the resource that repre-
sents language-specific grammatical realizations
in machine-readable form. Its empirical basis is
the EGP, from which we adopt CEFR level assign-
ments and ordering information. In the EGP, forms
are grouped into broader grammatical supercate-
gories, and the A1-A2 subset currently represented
in the graph spans a diverse range of them, includ-
ing adjectives, present clauses, modality, determin-
ers, prepositions, noun phrases, negation, future,
passives, adverbs, nouns, conjunctions, pronouns,
questions, verbs, and reported speech. These
source categories are retained as metadata and
support both inspection of the resource and the
category-level analyses reported later.

A Form node corresponds to an EGP element
encoded under the node type Form. Depending on
the source entry, this may represent a clause-level
pattern (e.g., SUBJ have V-en), a morphosyntactic
pattern (e.g., comparative adjective with -er), or a
fixed lexical-grammatical unit (e.g., What a pity!).
Each form is represented as a distinct graph node
with an identifier and associated metadata, allowing
heterogeneous grammatical units to be captured
within a common representational framework.

Each Form node contains the following proper-
ties:

• id: internal identifier

• label: human-readable name

• formula: abstract structural pattern

• cefr_level: CEFR level assignment (A1 or
A2)

• egp_id: reference to the originating EGP en-
try

• example: example sentence illustrating the
form

Forms participate in multiple typed relations,
modeled as many-to-many directed edges that de-
fine the topology of the formal layer. These relations
are intended to make explicit different kinds of lin-
guistic relatedness that are often only implicitly dis-
tributed across pedagogical reference materials. In
the current version of the graph, three relation types
are used which capture distinctions that are espe-
cially relevant for structuring the grammar domain:
structural dependency, alternative realization, and
progression.

Relations & assignment criteria. To make edge
assignment explicit and reproducible, each relation
type was defined by a separate operational crite-
rion. PRECEDES edges were added only when sup-
ported by EGP ordering information. REQUIRES
and HAS_VARIANT edges were added only when
supported by structural evidence from reference
grammars, primarily the Cambridge Grammar of
English (Carter et al., 2016) and the British Council
grammar resource (British Council).

The core relation types are defined as follows:

• REQUIRES: encodes structural or composi-
tional dependency between forms. A rela-
tion REQUIRES(A,B) is assigned when form
B cannot be adequately characterized with-
out reference to form A as a necessary struc-
tural component. In other words, A con-
tributes an essential part to B, and removing
A would change the construction type rather
than merely one of its realizations.

• HAS_VARIANT: links alternative realizations
of a broader grammatical pattern. A relation
HAS_VARIANT(A,B) is assigned when A and
B belong to the same constructional family or
instantiate the same broader grammatical pat-
tern, but differ in morphological or structural
realization, and neither is a structural prereq-
uisite of the other.

• PRECEDES: encodes progression relations be-
tween closely related forms. A relation PRE-
CEDES(A,B) is assigned when A and B are
related constructions and the EGP places A
earlier than B in its level-internal ordering, op-
tionally supported by pedagogical grammars
that present A as typically introduced before
B.

These relations are treated as soft, revisable
modeling assumptions rather than absolute claims
about acquisition. Their role is to provide an ex-
plicit and computationally usable encoding of the
internal structure of the English grammar domain,
supporting inspection, traversal, and downstream
pedagogical applications.

3.2.2. The Function Layer (The "Why")

The function layer encodes the communicative and
semantic purposes associated with the form inven-
tory. It provides an abstract layer of representa-
tion over language-specific grammatical realiza-
tions by modeling the kinds of meanings and dis-
course purposes that forms may serve. In this
sense, it functions as the graph’s functional ontol-
ogy, aligned with the CEFR’s functional-notional
orientation (Green, 2012).
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The function inventory was constructed by sur-
veying CEFR A1 and A2 descriptors (Council of Eu-
rope) together with the notions and language func-
tions associated with the relevant constructions
in Threshold Level 1990. Overlapping or near-
equivalent categories were then consolidated into
a unified taxonomy, yielding a controlled inventory
of function labels for use in the graph (c.f. 9 for the
complete list).

Because the forms represented in the graph differ
in abstraction, schematicity and lexical specificity,
the associated functions also vary in granularity.
In the present work, "function" is used as an um-
brella term for several types of language-use cat-
egories, including communicative functions (e.g.,
describing, reporting), grammatical-semantic func-
tions (e.g., expressing degree, referring to entities),
pragmatic functions (e.g., expressing politeness,
signaling certainty or uncertainty), and discourse-
organizational functions (e.g., introducing a topic,
adding emphasis or contrast). Each function was
assigned a short operational definition to support
consistent and inspectable mapping between forms
and functions.

Each Function node contains the following
properties:

• function_id: stable internal identifier

• label: human-readable function name

• definition: short operational description

The interface between the formal and functional
layers is encoded through the relation REALIZES. A
relation REALIZES(A,B) links a Form node A to a
Function node B when the form is conventionally
associated with that function in the pedagogical do-
main represented by the graph. The relation is not
intended to claim that a form has a single inherent
meaning or that the mapping is exhaustive. Rather,
it encodes a pedagogically salient and linguistically
motivated association between a grammatical real-
ization and a function relevant to A1-A2 instruction
and learner modeling. Because forms are often
multifunctional and functions may be realized by
multiple forms, REALIZES is modeled as a many-
to-many relation. Where relevant, mappings may
be further constrained to a particular CEFR level.

3.3. Structural Characteristics
To characterize the internal topology of the L2 Net-
work, we report descriptive graph statistics captur-
ing node distribution, relational density, and con-
nectivity patterns in Table 1. These metrics provide
a quantitative overview of the resource’s structural
composition and indicate that the graph forms a
connected, queryable representation suitable for
downstream analysis and computational use.

4. Content Validation

Our validation focused on content coverage and
annotation validity, specifically on whether the form-
function mappings encoded in the L2 Network ad-
equately capture the functional scope of CEFR
A1-A2 grammar. Because the form inventory it-
self is derived from the English Grammar Profile,
the present validation targets the newly introduced
functional layer rather than form inclusion. More
precisely, the aim was to assess whether the com-
municative and semantic functions linked to each
Form node constitute plausible and sufficiently
shared interpretations of the grammatical pattern
in typical A1-A2 use.

Assigning functions to grammatical forms is inher-
ently qualitative and interpretive. Functions reflect
context-sensitive communicative purposes, may
overlap conceptually, vary in granularity, and admit
multiple plausible analyses (Landert et al., 2023;
Weisser, 2014). For this reason, expert review is
standard practice in the validation of linguistically
interpreted resources. In such settings, agreement
metrics are best understood not as a means of elim-
inating all variation, but as a way of identifying the
stable core of shared expert judgment. The valida-
tion procedure was therefore designed to preserve
interpretive nuance while still supporting system-
atic resource construction: annotators could assign
multiple labels and add free-text suggestions, al-
lowing the study to capture both consensus and
principled variation in the proposed mappings.

4.1. Participants and Materials
To evaluate the quality of the form-function map-
pings, we conducted an expert validation study
with 18 annotators with backgrounds in linguis-
tics and language teaching who were either native
speakers of English or highly proficient users of
English. Each annotator evaluated a set of 40 can-
didate items, distributed such that every item was
reviewed by 2-4 annotators (mean: 2.83). For each
item, annotators were asked to indicate which func-
tion(s) a given form could realize in typical A1-A2
communication.

Each annotation item included:

• the form label and formula,

• the CEFR level assignment,

• 2-3 illustrative examples, and

• a list of 5 candidate functions.

The candidate set included the target mapping,
determined as described in Section 3.2.2, together
with function labels drawn from the same or closely
related grammatical super-categories. This design
allowed us to test not only whether the proposed
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Metric Definition Value
Total forms Number of Form nodes 314
A1 forms Number of Form nodes with cefr_level = ’A1’ 119
A2 forms Number of Form nodes with cefr_level = ’A2’ 195
Functions Number of Function nodes 59
Form Relations Number of form-to-form edges 1,327
Function Relations Number of REALIZES edges 600
Average degree Mean number of functions per form (mappings / forms) 1.91
% forms with >1 function Form nodes connected to more than 1 Function nodes 69.3%
Orphan check Forms with neither functions nor grammatical relations 0

Table 1: Structural properties of the L2 Network.

mapping was selected, but also whether nearby
alternatives were consistently preferred, thereby
providing evidence about the adequacy and distinc-
tiveness of the functional annotation layer.

4.2. Inter-Annotator Agreement

Inter-annotator agreement was assessed using
three complementary metrics in order to charac-
terize the stability of the proposed form-function
annotation layer:

• Krippendorff’s α. Because the task is multi-
label, agreement was computed at the level
of individual label decisions. For each stan-
dard function label, presence or absence was
treated as a binary nominal variable. Krippen-
dorff’s α was used to account for chance agree-
ment and the variable number of annotators
per item (2-4).

• Mean Jaccard similarity. For each pair of
annotators evaluating the same form, Jaccard
similarity was computed as |A ∩ B|/|A ∪ B|,
measuring overlap between the selected func-
tion sets.

• Exact match rate. This was defined as the
proportion of annotator pairs who selected
identical function sets for a form, represent-
ing strict set-level agreement.

Across the full annotation matrix, agreement was
moderate (Krippendorff’s α = 0.58). However, ag-
gregate agreement values mask substantial vari-
ability across forms, as illustrated in Figure 2. Upon
further inspection, disagreement was primarily ad-
ditive rather than contradictory: annotators typically
converged on a shared core function, but differed
in whether additional functions should also be as-
signed. This pattern is consistent with the interpre-
tive nature of functional annotation and suggests
that the main source of variation lies in the breadth
of mappings retained, rather than in direct opposi-
tion over a form’s primary function.

4.3. Expert Endorsement Rate
To quantify support for individual form-function map-
pings, we computed an endorsement rate for each
pair, defined as the proportion of experts assigning
a given function to a given form. Let ns denote the
number of experts selecting the function and n the
total number of experts evaluating that item. The
endorsement rate r is given by:

r =
ns

n

Endorsement rates were computed for every can-
didate form-function pair in order to examine the
distribution of consensus across the annotation
layer. This allows us to distinguish highly stable
mappings from those that attract weaker or more
divided support, and to better understand whether
disagreement reflects direct contradiction or the
addition of secondary functions.

Endorsement band Vote patterns Mappings
Unanimous 2/2, 3/3, 4/4 309
75% annotators 3/4 18
67% annotators 2/3 76
50% annotators 2/4, 1/2 133
Below 50% 1/3, 1/4 242

Table 2: Distribution of endorsement levels across
candidate form-function pairs by attainable vote
pattern.

As shown in Table 2, most candidate pairs re-
ceived either unanimous endorsement or major-
ity support, while a substantial minority fell below
the 50% level. In line with the agreement analy-
sis above, these lower-consensus cases often re-
flect additive disagreement: annotators typically
converged on a shared core function, but differed
in whether additional functions should also be as-
signed. Endorsement rates therefore provide a
useful descriptive view of which parts of the func-
tional layer are especially stable and which remain
more weakly supported.

145 forms achieved both monofunctionality and
unanimous endorsement, representing the highest-
confidence mappings in the resource. These
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Figure 2: Distribution of inter-annotator agreement across forms’ super-categories.

cases can be interpreted as especially stable form-
function associations within the current annotation
scheme. Examples are shown in Table 3.

4.4. Consensus Analysis and Resource
Release

Because the number of annotators per form varied
between two and four, the same endorsement per-
centage does not always correspond to the same
evidentiary standard. To derive a stable core re-
source for public release, we therefore adopted
an independent corroboration criterion: a mapping
is retained only if it was endorsed by at least two
annotators (nsel ≥ 2).

This criterion applies a consistent principle
across the dataset: each released mapping must
be supported by agreement between at least two
independent judges, even though the equivalent
endorsement rate differs by annotator group size
(Table 4).

Applying this filter yielded 429 mappings, reduc-
ing the original inventory by 171 mappings (28.5%)
and 2 forms. The two excluded forms, Pronoun sub-
ject it for first person and Verb infinitive form, were
cases in which annotators selected entirely differ-
ent functions, indicating that these entries require
further adjudication. We therefore release both
the full endorsement data and the independently
corroborated subset, preserving lower-consensus
mappings for future analysis while providing a prin-
cipled consensus-based core annotation layer for
reuse.

4.5. Operational Integration
To demonstrate runtime usability, we integrated
the L2 Network into AISLA (Chen et al., 2022), a
task-based dialogue system for curriculum-aligned
English practice. Within this architecture, the L2

Network functions as a queryable domain model
that determines which forms can be selected, how
they map to functions, and under what constraints
they are instantiated.

4.6. Implementing a Contextual Layer
(The "How")

While the formal and functional layers represent
what linguistic knowledge is modeled, instructional
systems must also specify how that knowledge
is practiced. In task-based language learning,
AISLA’s pedagogical framework, forms are prac-
ticed through interactional situations in which partic-
ular form-function pairings become meaningful and
pragmatically licensed. To capture this contextual
layer, we introduce a Task node type connected to
Form and Function nodes via the typed edges
TARGETS_FORM and TARGETS_FUNCTION. An ex-
ample of these layers is shown in Figure 3.

Each Task node represents a parameterized di-
alogue template grounded in a common real-life
interactional scenario that pragmatically licenses
one or more target forms and functions. In this way,
the graph does not only represent what linguistic
knowledge is modeled, but also how that knowl-
edge can be contextualized for instruction. Each
Task node contains the following properties:

• id

• task_name

• form_id

• function_id

• system_instructions

• student_instructions
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Form Formula Function
AffirmativeDeclarativeClause SUBJ V (...) Making statements
AffirmativeInterrogativeClauseWithBe (wh) BE SUBJ (...) Asking for information
AttributiveAdjective ADJ N Describing
FutureWillAffirmative SUBJ will V Referring to future actions and events
QuantifierWithPluralNoun QUANT N.PL Expressing quantity
DeterminerWithNoun DET N Referring to entities
TimeAdverbEnd CLAUSE ADV.TIME Situating events in time
BeSureClause be sure that CLAUSE Expressing certainty

Table 3: Examples of unanimously endorsed, single-function mappings.

Figure 3: Example of the contextual extension layer in the L2 Network. Task nodes connect pedagogical
contexts to the underlying function and form layers.

Annotators Min. support (nsel ≥ 2) Rate
2 2/2 100%
3 2/3 67%
4 2/4 50%

Table 4: Equivalent endorsement rates for the in-
dependent corroboration criterion across annotator
group sizes.

Because task templates are linked to forms and
functions through graph relations rather than hard-
coded directly into prompts, linguistic targeting and
contextual realization can be handled separately.
This makes it possible to vary instructional contexts
while preserving explicit control over what is being
practiced.

The graph is particularly relevant for learner mod-
eling because it provides an explicit structure over
which a learner overlay can be defined. Rather than
tracking performance only on isolated items, the
system can associate learner evidence with Form
and Function nodes and interpret this evidence
in relation to neighboring nodes. This makes it pos-

sible to represent learner state not simply as a list
of correct or incorrect targets, but as a structured
profile over the grammar domain.

Such an overlay can support more principled
adaptive decisions. Depending on the learner’s
observed performance, the system may identify
forms or functions that appear underdeveloped, re-
visit prerequisite structures, remain within the same
functional area while shifting to a related form, or
select practice that reinforces a weak form-function
mapping. In this way, the graph supports deci-
sions about what content should be delivered next.
Rather than relying on an LLM to infer pedagogical
priorities, the the addition of the graph makes the
relevant domain structure explicit and queryable.

5. Conclusion & Future Work

This paper introduced the L2 Network, a graph-
based English grammar domain model that links
CEFR-aligned grammatical forms to functions via
explicit relations. By making linguistic targets
and their dependencies machine-readable, this re-
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source provides a transparent substrate for princi-
pled sequencing, learner-model overlays, and in-
tegration with LLM-based generation. A central
advantage of the proposed schema is its extensibil-
ity. It distinguishes a stable grammatical core from
additional system layers, enabling platform-specific
adaptation without modifying the underlying form-
function mappings.

The analysis indicates meaningful expert conver-
gence on the functions of Basic User-level forms,
while also reflecting the inherently interpretive na-
ture of form-function mapping. The observed Krip-
pendorff’s α of 0.58 suggests a shared but still
evolving annotation space rather than a fully stabi-
lized inventory. At the same time, the substantial
proportion of unanimously endorsed mappings indi-
cates that the current version of the graph already
captures a stable core of form-function associa-
tions. We therefore treat these results as encourag-
ing initial validity evidence, while recognizing that
the resource remains a work in progress and will
require continued refinement and evaluation.

Several directions follow: First, we plan to extend
the graph with lexical realizations, supporting more
reliable controlled text generation by conditioning
LLM outputs on explicit specifications. Second, fu-
ture work will extend the present content-validation
study toward predictive and external criterion val-
idation. In particular, we will examine whether
graph-defined form-function mappings and level
assignments predict learner production patterns
and CEFR-aligned proficiency outcomes in inde-
pendent datasets.

Finally, although instantiated here for English, the
design is intended to be transferable across lan-
guages. The CEFR provides a shared, language-
agnostic functional backbone, while RLDs supply
language-specific realizations at each level. For
languages with comparable RLD resources, the L2
Network offers a generalizable blueprint for con-
structing structured, data-informed domain models
that can support transparent adaptivity in ICALL.

Beyond domain modeling, the L2 Network pro-
vides a symbolic substrate for neuro-symbolic ap-
proaches to GenAI, curriculum and syllabus de-
sign as well as assessment design and test cov-
erage analysis. Because constructions (forms-
function pairings) and their dependencies are rep-
resented explicitly, the graph can support sym-
bolic planning of pedagogical intent (e.g., select-
ing function-consistent targets under soft prerequi-
site and competition constraints) followed by neu-
ral realization via LLM generation. It also en-
ables constraint- and verification-based workflows
in which generated dialogues are automatically
checked against graph-derived expectations and
iteratively refined. Furthermore, graph neighbor-
hoods can be retrieved as structured context to

condition generation (structure-aware retrieval), or
translated into soft or hard decoding constraints to
improve controllability.
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7. Limitations

A primary limitation of the current resource lies in
the compression of annotator judgments into a fil-
tered consensus graph. While this step improves
consistency and yields a more stable set of map-
pings for downstream implementation, it necessar-
ily suppresses minority selections that may reflect
context-sensitive or more fine-grained functional
interpretations. The filtered inventory is therefore
likely more robust for modeling and pedagogical
control, but less exhaustive as a representation
of the full functional variability associated with the
constructions.

A second limitation concerns scope. The cur-
rent version of the L2 Network covers only English
grammar at the CEFR Basic User levels (A1-A2).
Although this restriction was intentional in order
to support careful schema development and val-
idation, it means that the present resource does
not yet capture higher proficiency levels, broader
discourse phenomena, or cross-linguistic variation.

A further limitation is that several aspects of the
graph depend on expert modeling decisions. This
applies not only to the assignment of form-function
mappings, but also to the granularity of the func-
tion inventory and to the operational criteria used to
define relations. These choices were made trans-
parently and grounded in established reference ma-
terials, but they remain revisable as the resource
evolves.

Finally, the validation reported here is limited to
content coverage, agreement patterns, and struc-
tural consistency. Although these provide important
initial evidence for the usefulness of the resource,
they do not by themselves establish the effective-
ness of the graph in downstream applications such
as learner modeling, adaptive task selection, or
controlled generation. Such uses require separate
empirical evaluation.
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ID Function ID Function
1 Asking for advice 31 Giving advice
2 Asking for confirmation 32 Giving directions or instructions
3 Asking for information 33 Making offers and invitations
4 Comparing 34 Making suggestions
5 Comparing within a set 35 Providing detail
6 Conveying meaning 36 Referring back to entities
7 Making statements 37 Referring to actions states or relations
8 Describing 38 Referring to additional or alternative entities
9 Emphasizing the affected entity 39 Referring to entities

10 Expressing obligation or necessity 40 Referring to future actions and events
11 Expressing beliefs and opinions 41 Referring to impersonal events
12 Expressing cause 42 Referring to past actions and events
13 Expressing certainty 43 Referring to past events with present relevance
14 Expressing condition 44 Referring to present states events and facts
15 Expressing degree 45 Referring to self
16 Expressing evaluation 46 Referring to self-directed actions
17 Expressing frequency 47 Referring to the acting or experiencing entity
18 Expressing hypotheses or inferences 48 Referring to the affected entity
19 Expressing manner 49 Referring to third-person subjects
20 Expressing negation 50 Reporting information
21 Expressing politeness 51 Requesting
22 Expressing possession 52 Sequencing events
23 Expressing possibility 53 Situating events or entities
24 Expressing ability 54 Situating entities in space
25 Expressing preference 55 Situating events in time
26 Expressing probability 56 Specifying information
27 Expressing progression 57 Pointing to entities
28 Expressing quantity 58 Expressing contrast
29 Expressing wishes 59 Expressing indefiniteness
30 Framing or linking information

Table 5: Inventory of communicative functions (n = 59).
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Abstract
We utilize neural word alignment to improve the quality of paraphrase databases in English and Japanese. For
large-scale paraphrase acquisition, previous studies have employed a framework of bilingual pivoting based on word
alignment on bilingual parallel corpora. Naturally, the quality of paraphrases acquired by bilingual pivoting depends on
the performance of word alignment. Previous studies based on statistical word alignment have limitations in the quality
of acquired paraphrases because they do not consider word meaning. This study employs a more sophisticated
neural approach for word alignment in bilingual pivoting to enhance the quality of paraphrase acquisition. Experimen-
tal results revealed that our paraphrase databases outperformed existing ones in both internal and external evaluations.

Keywords: Paraphrase Acquisition, Bilingual Pivoting, Neural Word Alignment

1. Introduction

Paraphrase databases have been utilized for vari-
ous natural language processing tasks, including
information retrieval (Liu et al., 2004) and machine
translation (Callison-Burch et al., 2006). Even in
recent years, when deep learning dominates, para-
phrase databases are utilized for tasks such as
representation learning (Faruqui et al., 2015; Wi-
eting et al., 2016a,b; Sugiyama et al., 2025), pre-
training (Sun et al., 2023) and fine-tuning (Zetsu
et al., 2022) of masked language models, and lexi-
cal simplification (Pavlick and Callison-Burch, 2016;
Nishihara and Kajiwara, 2020; Qiang et al., 2021).

For large-scale paraphrase acquisition, a frame-
work of bilingual pivoting (Bannard and Callison-
Burch, 2005) based on word alignment on bilin-
gual parallel corpora has been widely employed.
As shown in Figure 1, bilingual pivoting first esti-
mates word alignments on a given parallel corpus.
It then extracts phrase pairs in the target language
(“first author” and “lead author”) corresponding to
common phrases in the pivot language (“筆頭著
者”), treating them as paraphrases. Naturally, the
quality of paraphrases acquired by bilingual piv-
oting depends on the performance of word align-
ment. Existing paraphrase databases (Ganitke-
vitch et al., 2013; Ganitkevitch and Callison-Burch,
2014; Pavlick et al., 2015; Mizukami et al., 2014)
are based on statistical word alignment (Och and
Ney, 2003) that disregards word meaning, resulting
in limited paraphrase quality.

In this study, we employ a more sophisticated
neural approach for word alignment in bilingual
pivoting to construct higher-quality paraphrase
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Research published as lead author
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Figure 1: Paraphrase acquisition via bilingual piv-
oting.

databases.1 However, while neural word alignment
outperforms statistical word alignment, it is incom-
patible with traditional phrase extraction heuristics
designed for statistical word alignment, generating
too many phrase alignments in step 2 of Figure 1.
To address this challenge, we perform both filter-
ing of phrase pairs and reranking of paraphrase
pairs, as shown in Figure 2, to acquire high-quality
paraphrases. Experimental results on internal eval-
uation in Japanese and external evaluation in both
Japanese and English reveal the usefulness of our
paraphrase databases. We will release1 both 70
million paraphrase pairs in Japanese and 40 million
paraphrase pairs in English.

1https://github.com/EhimeNLP/
EhiMerPPDB
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Figure 2: Overview of our proposed method. For bilingual pivoting, we employ a neural approach for word
alignment. When extending this to phrase alignment, we reduce noise by filtering phrase pairs. Finally, we
combine the paraphrase probability based on statistical word alignment with that of neural word alignment
to rerank the paraphrases.

2. Related Work

2.1. Bilingual Pivoting

As shown in Figure 1, bilingual pivoting (Bannard
and Callison-Burch, 2005) performs word align-
ment on bilingual parallel corpora and extends it
to phrase alignment to acquire paraphrases. Para-
phrases acquired in this way are phrase pairs in
the target language that correspond to common
phrases in the pivot language. As shown in Equa-
tion (1), its paraphrase probability p(e2|e1) is esti-
mated by marginalizing over f the translation prob-
ability p(f |e1) from phrase e1 in the target language
to phrase f in the pivot language and the transla-
tion probability p(e2|f) from f to phrase e2 in the
target language.

p(e2|e1) =
∑

f

p(e2|f)p(f |e1) (1)

Bilingual pivoting has been employed in the con-
struction of large-scale language resources such as
PPDB (paraphrase database) in English (Ganitke-
vitch et al., 2013; Ganitkevitch and Callison-Burch,
2014; Pavlick et al., 2015) and its Japanese ver-
sions. One of the previous studies in Japanese,
JPPDB2 (Mizukami et al., 2014), combined sev-
eral small-scale Japanese-English parallel corpora
and acquired paraphrases using bilingual pivoting
based on GIZA++ (Och and Ney, 2003), a statistical
word alignment. Another previous study, EhiMerP-

2http://ahcweb01.naist.jp/old/
resource/jppdb/

PDB,3 utilized JParaCrawl4 (Morishita et al., 2020,
2022), a large-scale Japanese-English parallel cor-
pus, and similarly acquired paraphrases via bilin-
gual pivoting based on GIZA++.

Since these previous studies rely on statistical
word alignment (Och and Ney, 2003), they do not
reflect information about word meaning and con-
text. In contrast, we employ neural word alignment
methods based on masked language models to
enhance the quality of paraphrase acquisition.

2.2. Neural Word Alignment
Inspired by pre-trained masked language models
such as BERT (Devlin et al., 2019), neural word
alignment methods (Jalili Sabet et al., 2020; Azadi
et al., 2023) that estimate word alignments from
contextual word embeddings are being actively
studied. These methods achieve high performance
despite not requiring gold alignments for training.

A pioneer in neural word alignment, SimA-
lign (Jalili Sabet et al., 2020), employs multilingual
masked language models such as mBERT5 (Devlin
et al., 2019) and XLM-R6 (Conneau et al., 2020)
to perform word alignment that maximizes word
similarity based on contextual word embeddings
for sentence pairs. PMIAlign (Azadi et al., 2023)

3https://github.com/EhimeNLP/
EhiMerPPDB

4https://www.kecl.ntt.co.jp/icl/lirg/
jparacrawl/

5https://huggingface.co/google-bert/
bert-base-multilingual-cased

6https://huggingface.co/FacebookAI/
xlm-roberta-base
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improves similarity calculations in SimAlign with
pointwise mutual information.

In this study, we employ these neural word align-
ment methods to improve paraphrase acquisition.

3. Paraphrase Acquisition

In this study, we apply bilingual pivoting (Bannard
and Callison-Burch, 2005) based on neural word
alignment (Jalili Sabet et al., 2020; Azadi et al.,
2023) to a Japanese-English parallel corpus to en-
hance the quality of paraphrase databases in En-
glish and Japanese.

Preprocessing for Parallel Corpus As with the
EhiMerPPDB,3 we also used JParaCrawl (Mor-
ishita et al., 2020, 2022), the largest Japanese-
English parallel corpus. For tokenization, we used
Moses Tokenizer (Koehn et al., 2007) for English
and MeCab with IPADIC (Kudo et al., 2004) for
Japanese. We then filtered out7 sentence pairs con-
taining blank lines, unnecessary spaces, or longer
sentences exceeding 100 words.

Word Alignment We employed SimA-
lign (Jalili Sabet et al., 2020) and PMIAlign (Azadi
et al., 2023) for neural word alignment. These are
based on multilingual masked language models,
and we employ either mBERT5 (Devlin et al., 2019)
or XLM-R6 (Conneau et al., 2020). To select a
masked language model suitable for neural word
alignment, we conducted a preliminary experiment
comparing word alignment performance on the
KFTT8 Japanese-English parallel corpus. Evalua-
tion results in Table 1 revealed the effectiveness of
mBERT in neural word alignment. Therefore, we
employ mBERT-based neural word alignment for
paraphrase acquisition.

Extension to Phrase Alignment To extend the
word-level alignments obtained on JParaCrawl to
phrase-level alignments, we employed the phrase
extraction heuristic, which corresponds to Step 5
of the Moses toolkit (Koehn et al., 2007). This pro-
cess extracts candidate phrases by identifying con-
tiguous sequences of words—including those not
explicitly aligned—that are consistent with the word
alignments produced in the previous step. Follow-
ing a previous study (Mizukami et al., 2014), the
maximum length of phrases was set to 7 tokens.

Filtering Phrases To ensure the quality of the
paraphrase database, we filtered out phrase pairs

7https://github.com/moses-smt/
mosesdecoder/blob/master/scripts/
training/clean-corpus-n.perl

8https://www.phontron.com/kftt/

#Align Recall Precision F1

GIZA++ 19,425 0.502 0.367 0.424

SimAlign (mBERT) 9,671 0.553 0.669 0.606
SimAlign (XLM-R) 8,930 0.475 0.614 0.535

PMIAlign (mBERT) 8,827 0.547 0.721 0.622
PMIAlign (XLM-R) 9,025 0.508 0.636 0.565

Table 1: Preliminary experiment: performance of
word alignment on the KFTT evaluation dataset.

containing noise. Specifically, we removed phrases
that consisted solely of symbols (e.g., punctuation
marks or mathematical signs) or did not contain
any lexical characters from the target language,
as such pairs are unlikely to be meaningful para-
phrases. Furthermore, since phrases with low co-
occurrence probabilities are often noisy, we filtered
them using the phrase extraction tool9 included in
word2vec (Mikolov et al., 2013). This tool scores
how likely words are to appear consecutively. To
systematically eliminate unreliable candidates, we
performed this scoring and phrase formation pro-
cess iteratively four times for both languages, re-
moving phrases with scores below 200, 100, 50,
and 25 in each respective step.

Reranking Paraphrases Having obtained the
phrase pairs and their translation probabilities,
we calculated the paraphrase probability using
Equation (1). The phrase pairs and their para-
phrase probabilities will be added to our paraphrase
database. Here, previous study on lexical para-
phrase acquisition (Kajiwara et al., 2017) has re-
ported the effectiveness of combining statistical-
based and embedding-based methods. Also in
this study, the paraphrase probability based on sta-
tistical word alignment and the paraphrase prob-
ability based on neural word alignment are com-
plementary, and we expect to acquire high-quality
paraphrases by combining them. To obtain high-
quality paraphrases, we multiplied the paraphrase
probabilities of both methods. Since this multi-
plication takes the intersection of the paraphrase
pairs acquired by each method, it reduces the to-
tal number of candidates while prioritizing those
identified as reliable by both statistical and neural
alignments. Here, statistical word alignment using
GIZA++ (Och and Ney, 2003) was bidirectional-
ized with a grow-diag-final heuristic after calculating
word alignments for each language direction based
on the IBM model 2. Table 2 shows the quantities
of paraphrase pairs we acquired.

9https://github.com/tmikolov/word2vec/
blob/master/word2phrase.c
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Number of paraphrases

English

PPDB 2.0 (XXXL) 56M
EhiMerPPDB 251M
SimAlign 28,176M
PMIAlign 28,274M
SimAlign x GIZA++ 37M
PMIAlign x GIZA++ 38M

Japanese

JPPDB (10best) 15M
EhiMerPPDB 387M
SimAlign 37,231M
PMIAlign 40,210M
SimAlign x GIZA++ 69M
PMIAlign x GIZA++ 71M

Table 2: Number of paraphrase pairs.

4. Experiments

We experimentally evaluate the quality and use-
fulness of paraphrase databases both internally,
using recall and precision, and externally, on
sentence pair modeling tasks. For comparison,
we use PPDB 2.0 (Pavlick et al., 2015) in En-
glish, JPPDB (Mizukami et al., 2014) in Japanese,
and EhiMerPPDB3 in both languages. EhiMerP-
PDB is a paraphrase database constructed from
JParaCrawl (Morishita et al., 2020, 2022) like ours,
but based on statistical word alignment unlike ours.

4.1. Internal Evaluation

In this section, we evaluate the quality of para-
phrase databases using recall (automatic evalu-
ation) and precision (human evaluation). However,
since PPDB 2.0 is currently private and inacces-
sible, we report only the experimental results in
Japanese.

4.1.1. Setting

Dataset We constructed an evaluation dataset by
extracting phrasal paraphrase pairs from a manu-
ally built Japanese paraphrase corpus created by
experts. To avoid bias toward specific domains
and ensure high-quality annotations, we employed
three corpora created by different groups of experts:
JADES10 (Hayakawa et al., 2022) for news domains
created by a researcher in Japanese text simplifi-
cation, MATCHA11 (Miyata et al., 2024) for tourism
domains created by Japanese language teachers,
and JASMINE12 (Horiguchi et al., 2024) for medical
domains created by annotators with expertise in

10https://github.com/naist-nlp/jades
11https://github.com/EhimeNLP/matcha
12https://github.com/EhimeNLP/JASMINE

Japanese medical NLP.13

We first randomly selected 200 sentence pairs
from each corpus. These pairs were then dis-
tributed among three university students, all na-
tive Japanese speakers, who manually extracted
phrasal paraphrases. The annotators were in-
structed to identify the minimum units that corre-
spond as paraphrases among the segments tok-
enized by MeCab (Kudo et al., 2004). As a pre-
processing step, similar to Section 3, we removed
noise such as phrases containing symbols or those
not containing Japanese. Finally, we collected a
total of 1,776 Japanese phrasal paraphrases: 895
from JADES, 452 from MATCHA, and 429 from
JASMINE.

Recall We automatically evaluated the coverage
of paraphrase databases. For a fair comparison
with JPPDB, our paraphrase database also evalu-
ated the top 10 entries with the highest paraphrase
probability for each query.

Precision We manually evaluated the quality of
paraphrase databases. Three university students
who are native Japanese speakers evaluated the
top 10 paraphrases for 100 randomly selected
phrases using the following four-point scale.

1. Not semantically equivalent.
2. Semantically equivalent but not substitutable.
3. Substitutable depending on context.
4. Always substitutable.

We defined paraphrases rated as 1 or 2 as nega-
tive examples and those rated as 3 or 4 as posi-
tive examples, then calculated the precision based
on the majority vote of the evaluators. Here, the
inter-annotator agreement was evaluated using the
weighted kappa coefficient, showing substantial
agreement ranging from 0.56 to 0.72.

4.1.2. Result

Table 3 shows the experimental results. Across all
evaluation metrics, the proposed method combin-
ing statistical word alignment and neural word align-
ment (PMIAlign x GIZA++) consistently achieved
the highest performance. Neural word alignments
collect an extremely large number of paraphrases,
and may contain a lot of noise when used on its own.
The combination of statistical word alignment and
neural word alignment is promising for removing
such noise, resulting in the acquisition of a high-
quality paraphrase database.

13We excluded corpora created via crowdsourcing plat-
forms such as SNOW (Katsuta and Yamamoto, 2018)
and corpora generated by machine translation systems
such as TMUP (Suzuki et al., 2017).
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Alignment #Paraphrase Recall Precision F1 Score

JPPDB2 GIZA++ 15M 0.172 0.379 0.236
EhiMerPPDB3 GIZA++ 387M 0.209 0.439 0.283

Ours SimAlign 37,231M 0.186 0.344 0.241
Ours PMIAlign 40,210M 0.191 0.380 0.255
Ours SimAlign x GIZA++ 69M 0.207 0.450 0.284
Ours PMIAlign x GIZA++ 71M 0.209 0.466 0.288

Table 3: Internal evaluation of Japanese paraphrase databases.

English Japanese

Rank GIZA++ PMIAlign GIZA++×PMIAlign GIZA++ PMIAlign GIZA++×PMIAlign

1 spooky eerie spooky 不気味 不気味 不気味

2 eerie spooky eerie 恐ろしい 不吉な 恐ろしい
3 uncanny an eerie uncanny キモ 恐ろしい な
4 weird uncanny weird な 不思議 奇妙な
5 eerily weird an eerie 奇妙な ような 不吉な
6 scary eerily eerily creepy気味悪い 奇妙な キモ
7 macabre ominous scary 気味悪い 奇妙 気味悪い
8 disgusting sinister macabre で不気味 不思議な 奇妙

9 kimonos scary strange 奇妙 気味悪い 不思議な
10 strange bad disgusting おかしい な おかしい

Table 4: Top 10 paraphrases for the expression "creepy" / "不気味な"

Train Dev Test

Shopping Queries 1,254,438 138,625 425,762
STS-B 5,749 1,500 1,379
SICK 4,439 495 4,906
SNLI 549,367 9,842 9,824
PAWS 49,401 8,000 8,000

Table 5: Number of sentence pairs in English.

Among the neural word alignment methods, PMI-
Align consistently outperformed SimAlign. As
shown in Table 1, PMIAlign demonstrates higher
performance in word alignment. These consistent
results suggest that employing high-performance
word alignment methods can improve the quality of
paraphrase acquisition based on bilingual pivoting.

4.2. Qualitative Evaluation

Table 4 shows examples of paraphrases obtained
for the word "creepy" (不気味な) using each
method. It can be observed that for English, noisy
paraphrases such as "kimonos", semantically unre-
lated to "creepy", were successfully removed from
the top results by incorporating the neural method.
Furthermore, for Japanese, noisy expressions such
as "creepy気味悪い" (creepy creepy) in the statis-
tical method and "ような" (like/as if) in the neural
method were effectively eliminated from the top
rankings by combining GIZA++ and PMIAlign.

Train Dev Test

Shopping Queries 294,874 32,272 118,907
JSTS 11,205 1,246 1,457
JSICK 4,500 500 4,927
JNLI 18,065 2,008 2,434
PAWS-X 49,401 2,000 2,000

Table 6: Number of sentence pairs in Japanese.

4.3. External Evaluation

In this section, we evaluate the usefulness of
paraphrase databases by applying them to sen-
tence pair modeling tasks. Following previous
work (Sugiyama et al., 2025), we apply paraphrase-
based contrastive learning, where paraphrases
serve as positive examples and other sentences
within the mini-batch as negative examples, to fine-
tune pre-trained sentence encoders for sentence-
pair modeling tasks.

4.3.1. Setting

Following previous work (Sugiyama et al., 2025),
we evaluate the effectiveness of paraphrase-based
contrastive learning across four tasks: product re-
trieval, sentence similarity estimation, recognizing
textual entailment, and paraphrase identification
(Tables 5 and 6). For pre-trained sentence en-
coders, as in previous work (Sugiyama et al., 2025),
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Retrieval Similarity Entailment Paraphrase
English Shopping Queries STS-B SICK SNLI SICK PAWS Avg.

w/o Paraphrasing 0.654 0.824 0.815 0.904 0.858 0.913 0.828
PPDB 2.0 0.655 0.841 0.842 0.904 0.866 0.918 0.838
EhiMerPPDB3 0.655 0.860 0.829 0.904 0.858 0.928 0.839
Ours (PMIAlign) 0.655 0.859 0.844 0.900 0.860 0.925 0.841

Retrieval Similarity Entailment Paraphrase
Japanese Shopping Queries JSTS JSICK JNLI JSICK PAWS-X Avg.

w/o Paraphrasing 0.576 0.859 0.890 0.785 0.839 0.793 0.790
JPPDB2 0.586 0.857 0.896 0.824 0.854 0.795 0.802
EhiMerPPDB3 0.587 0.861 0.896 0.828 0.856 0.791 0.803
Ours (PMIAlign) 0.588 0.860 0.901 0.820 0.856 0.803 0.805

Table 7: External evaluation of paraphrase databases in sentence pair modeling tasks. The scores for
“w/o Paraphrasing” and “PPDB 2.0” are taken from (Sugiyama et al., 2025).

we also used English BERT14 (Devlin et al., 2019)
and Japanese RoBERTa15 (Liu et al., 2019).

Retrieval Product retrieval is a four-class classi-
fication task of the relationships between product
titles and their search queries, and we employed
both English and Japanese versions of the Shop-
ping Queries dataset16 (Reddy et al., 2022).

Similarity Sentence similarity estimation is a re-
gression task that estimates the semantic similarity
between two sentences, and we employed datasets
of STS-B17 (Cer et al., 2017) and SICK18 (Marelli
et al., 2014) for English and JSTS19 (Kurihara et al.,
2022) and JSICK20 (Yanaka and Mineshima, 2022)
for Japanese.

Entailment Recognizing textual entailment is a
three-class classification task of semantic relation-
ships between two sentences, and we employed
datasets of SNLI21 (Bowman et al., 2015) and SICK
for English and JNLI19 (Kurihara et al., 2022) and
JSICK for Japanese.

Paraphrase Paraphrase identification is a two-
class classification task of synonymity between

14https://huggingface.co/google-bert/
bert-base-uncased

15https://huggingface.co/rinna/
japanese-roberta-base

16https://github.com/amazon-science/
esci-data

17http://ixa2.si.ehu.eus/stswiki/
stswiki/index.php/Special:Random.html

18https://zenodo.org/records/2787612
19https://github.com/yahoojapan/JGLUE
20https://github.com/verypluming/JSICK
21https://nlp.stanford.edu/projects/

snli/

two sentences, and we employed datasets of
PAWS22 (Zhang et al., 2019) for English and PAWS-
X22 (Yang et al., 2019) for Japanese.

For evaluation metrics, we employed the same
metrics as previous work (Sugiyama et al., 2025):
the micro-F1 score for the retrieval task, Spear-
man’s rank correlation coefficient for the similarity
task, and the macro-F1 score for both the entail-
ment and paraphrase tasks. All other experimental
details also followed (Sugiyama et al., 2025).

4.3.2. Result

Table 7 shows the experimental results. In both
English and Japanese settings, paraphrase-based
contrastive learning with our paraphrase database
achieved the highest average performance. These
experimental results suggest that we can acquire
paraphrases that are effectively utilized to train bet-
ter sentence encoders through contrastive learning.

5. Conclusion

In this study, we applied bilingual pivoting to a
large-scale Japanese-English parallel corpus and
constructed a Japanese paraphrase database con-
taining 70 million pairs and an English paraphrase
database containing 40 million pairs.1 We success-
fully improved the quality of paraphrase acquisi-
tion by replacing the word alignment method for
bilingual pivoting from a statistical approach to a
neural approach. Although neural word alignment
and traditional phrase extraction heuristics are in-
compatible, we achieved high-quality paraphrase
acquisition by filtering and reranking noisy phrases.

22https://github.com/
google-research-datasets/paws
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Abstract
Deep learning methods in natural language processing often rely on statistical methods to tokenize texts before
vectorization. This segmentation produces lexical subunits offering great flexibility. However, the reuse of identical
tokens across words with different meanings can favor representations based on surface form rather than on linguistic
information, especially semantics. This mismatch between semantics and surface form can lead to undesirable
effects in language processing. To limit the influence of form on the semantics of vector representations, we propose
an intermediate representation based on syntactic parsing that is more compact and more faithful to word meaning.

Keywords: Deep learning, Pre-Trained Models, Latent Representation, Constituent Analysis, Tokenization

1. Introduction

Deep learning methods for Natural Language Pro-
cessing (NLP) rely on text vectorization to compute
refined representations. The most commonly used
method involves training statistical segmentation
algorithms (tokenizers), such as SentencePiece
(Kudo & Richardson, 2018), to break text into sub-
units that models can process. This tokenization
results in subword-level segmentation, producing
modular tokens that avoid errors caused by out-of-
vocabulary words.

However, Tytgat et al. (2024) shows that deep
models tend to favor the surface form of the lexicon
over semantics in textual similarity computation.
This preference for the surface form can lead to
poor performance in tasks requiring fine-grained
distinctions in sentence meaning, such as in Se-
mantic Textual Similarity (STS) tasks or paraphrase
detection (Muennighoff et al., 2023).

To address this issue, our hypothesis is to take
advantage of structured linguistic data to make vec-
tor representation more faithful to the semantics of
their text. We propose to improve the semantic in-
formation contained in lexical embeddings by using
syntax which is closely related to semantics but ben-
efits from larger parsing models. In this article, we
explore three hypotheses: (i) the predominance of
surface shape over semantics is linked to a lack of
corelation between statistical segmentation and se-
mantic information; (ii) Semantics-aware segmen-
tation using constituency parsing could reduce the
dependence of vector representations on surface
form; finally, (iii) the merging of tokens representa-
tions belonging to the same constituent could help
disambiguate vector representations. Exploring
these hypotheses, we demonstrate that (a) models

† These authors contributed equally

Figure 1: Example of token merging on a text from
the STSbenchmark corpus. The different phrases
are represented using color groups. The blue bars
are embedded representation. Top blue bars repre-
sent the original token segmentation, while bottom
blue bars represent the merged version.

are able to retain around 95% of their performances
with deeply transformed representations; (b) Merg-
ing representations reduces the input sequence
lengths from 26% to 43% in terms of number of to-
kens, depending on datasets; and (c) In the case of
BERT, thanks to the length reduction due to merg-
ing token representations, a speed-up of 27.63%
was achieved on average on the Semantic Tex-
tual Similarity (STS) subset of MTEB (Muennighoff
et al., 2023).

The remainder of this article is organized as fol-
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lows: section 2 presents the work related to our
approach and our motivations. Section 3 details
the methods used and the experimental protocol.
Finally, we present our results and analyses in sec-
tion 4, before concluding in section 5.

2. Related Works

In Natural Language Processing (NLP), methods
derived from deep learning (DL) now dominate
most tasks. These methods require representing
text as vectors. The first vectorization approaches
relied on one-hot encoding, a simple method that
suffered from two major limitations: first, it pro-
duced very high-dimensional vectors; second, it
did not account for the context in which words ap-
peared.

With the rise of artificial neural networks, more
efficient solutions have emerged, allowing to take
context into vector representations through unsu-
pervised learning (Mikolov et al., 2013; Penning-
ton et al., 2014). These approaches exploit tasks
such as masked language modeling (e.g., fill-in-
the-blank text) to extract contextualized represen-
tations. However, while these methods improve
context modeling, they still struggle to effectively
capture the semantics of rare or out-of-vocabulary
words. To overcome this limitation, Sennrich et al.
(2016) proposed subword, or token, segmentation
based on statistical rules, a technique for encoding
words absent from the training vocabulary, albeit
imperfectly.

However, this segmentation is based solely
on statistical criteria, without linguistic grounding,
which can introduce a bias in textual representa-
tion linked with surface form (Tytgat et al., 2024).
Currently, the most efficient DL models are based
on the Transformer architecture (Vaswani et al.,
2017). Despite being highly parallelizable, these
models exhibit quadratic complexity with respect
to the length of the sequences processed. There-
fore, subword segmentation poses an additional
problem in terms of resource consumption, both
computational and memory-wise (Dettmers et al.,
2023).

Several recent studies suggest that the vocabu-
lary size of a model follows a scaling law (Tao et al.,
2024; Huang et al., 2025). Their experiments indi-
cate that increasing vocabulary size could benefit
the performance of models with a large number of
parameters. Indeed, Tao et al. (2024) point out that
the optimal vocabulary size is often underestimated,
while Huang et al. (2025) demonstrates that vocab-
ulary adaptation can be performed flexibly enough
to decouple the input vocabulary from the output
vocabulary. Even though merging token vectors
does not change the vocabulary of the model, the
model still has to learn to use new representations

from its embedding layer.
Although the limitations of subunits are well

known, the literature has mainly focused on model
optimization (Dao et al., 2022; Dettmers et al.,
2023). Nevertheless, some studies have explored
input compression strategies to improve model effi-
ciency. For example, in computer vision (CV), the
visual token merging (TokenMerging (ToME)) ap-
proach (Bolya et al., 2023) has proven effective in
speeding up processing. In NLP, Gee et al. (2023)
studied the impact of increasing the vocabulary of
language models by adding polylexical expressions,
based on the frequency of n-gram occurrence. Our
work follows this approach, but differs by the use of
a non-statistical merging criterion based on linguis-
tic information. Approaches based on a frequency
criterion can, indeed, lead to performance losses
on certain tasks (Kumar & Thawani, 2022).

3. Methodology

The aim of this study is to examine the impact of
syntactic-based modifications of the token repre-
sentations on encoder models. This requires adapt-
ing the model weights through a specific training
process. This section details motivation for the use
of syntactic parsing (3.1), the criteria and motiva-
tions guiding the representation modifications (3.2),
the selected models and datasets (3.3), and the
methodological choices adopted for model train-
ing (3.4).

3.1. Motivation
Syntax and semantics are two alternative views of
one linguistic entity (namely its form and its mean-
ing) with syntax providing the necessary means to
assign meaning to utterances. In NLP tasks focus-
ing on semantics, syntax is often used to determine
boundaries. For example, Semantic Role Label-
ing (SRL), Named Entity Recognition (NER), Open
Information Extraction (OIE) or Abstract Meaning
Representation tasks can be enhanced by means
of syntactic information (Cao & Clark, 2019; Dong
et al., 2022; Huang et al., 2023). We based our
study on these parallels and especially on the se-
mantic aspect of constituents, also used in SRL.

Syntactic analysis has already been used with
Large Language Models (Xu et al., 2021; Shen
et al., 2021) to improve their understanding of lan-
guage.

Reduction of the Impact of Surface Form The
main motivation behind token merging lies in the
predominant consideration of surface form in text
encoding. A word or group of words belonging to
a coherent semantic unit can be segmented into
several tokens (see Figures 1 & 3), while words
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with distinct meanings may share identical tokens.
This artificial proximity in the representation space
can lead to an overestimated similarity between
semantically distant sentences. To address this
problem, we propose an intermediate representa-
tion that mitigates the impact of surface form by
merging tokens belonging to the same semantic
unit (cf. figure 1).

With this method, we only increase the vocabu-
lary size artificially by adding an intermediate rep-
resentation after the embedding phase. Thus, by
integrating a merging step into the model, we seek
to evaluate its impact on performance and input
data compression.

Input Compression Merging tokens in a text re-
duces the number of tokens to be processed by
the model and, consequently, reduces the length
of the sequences. Since Transformer models have
quadratic complexity with respect to sequence
length, this reduction represents a significant com-
putational advantage.

3.2. Modifiying Token Representations

To test our hypotheses, we propose an approach to
merge the representations of certain tokens based
on syntactic analysis. This section presents the
method used, the criteria selected, and the imple-
mentation details.

Merging Criteria Given the importance of seman-
tic representation in language models and the se-
mantic lens adopted by Mikolov et al. (2013) or
Peters et al. (2018) to explain lexical embeddings,
it seems appropriate to adopt a merging criterion
based on semantics. A division into lexemes, the
smallest units of meaning, might seem like a logi-
cal approach. However, there are neither reference
corpora nor readily available lexeme segmentation
models. Moreover, such an approach would not
allow the consideration of MultiWord Expressions
(MWE) and would require a profound modification
of the representations used by the models.

We therefore propose an approach based on con-
stituent analysis rather than phrase parsing for its
greater versatility. This analysis allows us to extract
phrases from different sentences on different levels,
which are often considered independent semantic
units as well as syntactic units. They are identifiable
using constituent tests that highlight their structural
autonomy (topicalization, substitution, dislocation,
splitting, etc.). Constituent analysis makes it pos-
sible to identify and reconstruct independent se-
mantic units within a sentence, providing a clearer
representation of its internal structure by incorpo-
rating additional information that is not captured

by dependency analysis alone. Indeed, depen-
dency analysis lacks information on membership
in grammatical categories, as theorized by Chom-
sky (1956). Unlike an approach limited solely to
named entities, constituent segmentation offers
broader coverage across the entire text. Although
this method can identify a large number of embed-
dings to merge, it results in a substantial modifica-
tion of the distribution of vectors, which could be
detrimental to the performance of the model.

We choose to base the merger on the noun (NP),
prepositional (PP), and verbal (VP) phrases closest
to the leaves of the syntax tree. This selection
allows us to obtain constituents of significant size,
thus significantly reducing the length of the models’
input sequences. For the sake of simplification,
we exclude adverbial and adjectival phrases, even
though they are among the five generally identified
types of phrases. Indeed, these phrases are often
included in other phrases, allowing us to consider
them without processing them separately.

Implementation Details For constituent analysis,
models are provided by Stanza (Qi et al., 2020),
one of the few analyzers available for this task.
Once constituents are identified, their boundaries
are aligned with the output of the tokenizer. The
obtained alignment is used to build merging matri-
ces that send the original representation to the new
one. The matrix is composed of 1 for unchanged
representation, 1

t for constituents formed by t to-
kens to merge, 0 elsewhere. The remainder of the
process is performed using matrix operations from
the PyTorch library, enabling fast batched merging.

3.3. Tasks, Datasets and Models

Tasks The relevance of the obtained represen-
tations is evaluated along three criteria. First,
training and evaluating models on the STSBench-
mark dataset, from the Massive Textual Embedding
Benchmark (MTEB) (Muennighoff et al., 2023), with
and without merged representations to evaluate if
the new representations are learnable. Second,
after training, models and representations are eval-
uated on the test sets of the other STS tasks from
MTEB to assess their robustness and generaliz-
ability. Third, an evaluation is conducted following
the work of Tytgat et al. (2024) to gauge whether
the surface form is less predominant after merging.
The main purpose of this evaluation in our experi-
mental setting is to verify that the representation of
a synonym for a term is closer to that of the term
in question than that of a near form (homophone,
homograph or cognate), which we call paronyms.
We can argue that using paronyms instead of ho-
mographs to evaluate the impact of similar tokens’
apparition on sentence similarity is under effective.
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We use the corpus proposed by Tytgat et al. (2024),
which we will refer to as the SYNPAR corpus. We
conduct our experiments in English. All datasets
are presented in Table 1.

Training Datasets The models are trained dur-
ing two phases, a pretraining phase on a subset
of Wikipedia and a finetuning phase on STSBench-
mark.

1. Pre-training on a subset uniformly sampled
from Wikipedia EN1 due to the richness and
diversity of the topics covered, making this cor-
pus a suitable basis for initial model training.

2. Fine-tuning on MTEB/STSBenchmark. We
only use the train split for the finetuning in order
to avoid data contamination.

Models We use the models studied by Tytgat
et al. (2024), namely BERT (Devlin et al., 2019)2

and all-miniLM-L6-v23. The choice of these models
is based on several criteria:

• their lightweight nature, which facilitates the
adaptation and reproducibility of experiments

• the availability and transparency of their train-
ing data

• their prior training on limited amounts of data,
thus limiting the impact of acquired biases

While all-miniLM-L6-v2 is adapted to text
similarity tasks, bert-base-uncased offers an
optimal basis for experiments because of its task
agnostic pretraining.

3.4. Model Training
To allow the models to adapt to the merged repre-
sentation, we modify their weights. Our approach
is based on two steps: (i) pre-training based on a
task analogous to MLM (Masked Language Mod-
eling) and (ii) fine-tuning on a sentence similarity
task, as summarized in table 3.

Pre-training Merging representations automati-
cally results in a change in the length distribution
of representation vectors (see Figure 2), reducing
the length of sequences by 42.83% on average in
the Wikipedia corpus. To mitigate the impact of this
change, a common approach (applied, for example,

1https://huggingface.co/datasets/legacy-
datasets/wikipedia

2https://huggingface.co/google-bert/bert-base-
uncased

3https://huggingface.co/sentence-transformers/all-
MiniLM-L6-v2

during a change of domain) is to continue the pre-
training of the model. Given that the models used
were initially pre-trained on an MLM task, we adapt
this task to our representation in the new context.

This task adaptation is necessary because the
merged representations no longer directly corre-
spond to vocabulary tokens, making the tradi-
tional objective of the pre-training task using cross-
entropy on tokens inapplicable. We therefore opt
for a continuous approach to this task (i.e. the to-
ken vector representation is masked instead of its
index). The objective of this pre-training is to allow
the model to acquire a semantic understanding of
the merged token groups. Rather than optimizing
cross-entropy between the prediction probabilities
of masked tokens, we train the model to reconstruct
the vector resulting from merging before passing
it into the network: the representations are first
merged, then the resulting groups are masked to
be reconstructed by the model. The representa-
tion produced by the final layer is processed by a
perceptron, then compared to the corresponding
input vector. The L2 distance between the output
of the perceptron for a masked representation and
the merged representation is retained as the loss
function. This is summarized below.

L(X, X̃) = MSE(X,F(X))

with F = p ◦ M where p is a perceptron whose
input and output dimensions are the dimensions
of the modelM, X̃ = F(X). The model and per-
ceptron are trained on a randomly selected subset
of Wikipedia representing 14M tokens. We save
the model producing the best average loss on 3200
texts.

Adaptation In parallel with pre-training the mod-
els to understand merged tokens, we propose
adapting these models for the sentence similar-
ity task by incorporating the merging step. Unlike
the masked token task, the model’s loss can be
calculated similarly to the training of the Siamese
networks proposed by Reimers & Gurevych (2019).
More precisely, we evaluate the cosine similarity
between the sentence representations of a pair of
sentences after applying the merging procedure.
Then, the MSE (Mean Squared Error) loss is cal-
culated between the ground-truth similarity and the
similarity predicted by our approach. We use the
Spearman correlation (rs) on the validation set as
a stopping criterion.

3.5. Evaluation
We use the SynPar dataset to evaluate the seman-
tic expressiveness of our representations. Indeed,
this dataset emphasises the contrast between lexi-
cal forms and meanings, providing a good founda-
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Dataset Description # Test Examples
SynPar Sentence sets in which one of the words is derived into four variants:

original, synonym, paronym (cf. table 2)
372

STSBench. Compilation of various pair of sentences for Semantic Similarity 5.75k
BIOSSES Semantic sentence similarity estimation system for the biomedical domain 100
SICKR Sentences Involving Compositional Knowldedge 9.93k
STS12 Semantic similarity from existing paraphrase datasets and machine trans-

lation evaluation resources
2.23k

STS13 Typed Semantic Similarity 1.5k
STS14 Emotion labelled corpus of tweets 3.75k
STS15 Semantic Similarity with Referential Translation Machines 3k
STS16 Sentiment Analysis in Twitter 1.19k
SummEval Evaluation of machine generated summaries 100

Table 1: Summary of the different tasks evaluated. Futher information can be found in the MTEBenchmark
paper (Muennighoff et al., 2023)

original paronym synonym
Please accept this gift

as a sign of my gratitude.
Please except this gift

as a sign of my gratitude.
Please receive this gift

as a sign of my gratitude.

Table 2: SynPar dataset exemple

(a) Wikipedia (b) STSBenchmark (c) BIOSSES (d) SynPar

Figure 2: Size of the merged texts compared to the original texts. The size ratio is read on the x-axis
(percentage), and the number of sequences with this ratio is read on the y-axis.

Model conf. merged pre-trained finetuned

na
me

zs ✗ / ✓ ✗ ✗
pt ✓ ✓ ✗
ft ✗ / ✓ ✗ ✓
pt-ft ✓ ✓ ✓

Table 3: Summary of the experiments carried out.
Pre-training (pt) is done on 50,000 Wikipedia texts,
and fine-tuning (ft) is done on the STSBenchmark
game. The abbreviation zs stands for zero-shot
evaluation. We will use these terms in the rest of
the article for clarity.

tion for semantic evaluation. We verify the learn-
ability of merged representations with an ablation
study on STSBenchmark. In this study, we com-

pare pretraining, fine-tuning, and zero-shot settings.
The robustness of the performances is evaluated
on the other MTEB STS datasets.

ABX Test In order to compare our results with
those of Tytgat et al. (2024), we use the ABX test
described by Carlin et al. (2011) and Schartz et al.
(2013). This test measures, between 0 and 100, the
similarity between an element A and an element B
having minimal differences with it, in comparison
with an element X, which has major differences
(equation 1).

100× Card(cos(A,B) ≥ cos(A,X))

#Examples
(1)

Because we need to obtain one vector per sen-
tences, we have to agregate the intermediate rep-
resentations obtained. We experiment with three
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different agregations configuration : using the sen-
tence’s mean representation, using the pooler of
the model representations or using only the CLS of
the sentence.

Spearman Correlation As in the evaluation of
the MTEB Benchmark, we use the Spearman
(1904) correlation rs for the evaluation on this cor-
pus. We exclude the Pearson correlation, following
the recommendations of Reimers et al. (2016).

4. Results & Analyses

4.1. Results on STSBenchmark
To evaluate the results on the training corpus, as
in the literature, we calculated the Spearman cor-
relation for the different models whose results are
reported in table 4 using the notations defined in
table 3. The table is divided into two parts, one for
each base model. The first two rows represent the
model without constituent merging. The second
row corresponds to a fine-tuning without merging
as a control. The following three rows can be inter-
preted as an ablation study by successively adding
fine-tuning (ft) and pre-training (pt-ft) phases.

merge
rs

validation
rs

test ∆ (test)

be
rt

zs ✗ 59.32 47.29 –
ft ✗ 87.48 84.80 +37.60
zs ✓ 48.46 40.13 -7.16
ft ✓ 83.96 79.05 +31.76

pt-ft ✓ 84.21 79.65 +32.36

mi
ni

LM

zs ✗ 86.72 82.03 –
ft ✗ 89.51 85.49 +3.46
zs ✓ 59.24 42.81 -39.22
ft ✓ 85.05 78.10 -3.93

pt-ft ✓ 86.08 81.03 -1.0

Table 4: Spearman correlation (rs) for the differ-
ent models and performance difference with the
zero-shot evaluation (∆).Results are grayed out
when the inference representation does not match
the training representation of the models (original
model on merged representation or vice versa).
The best scores are in bold, and the second bests
are underlined. cf. table 3 for the explanation of
the model names.

Maintaining the zero-shot framework is no longer
feasible due to changes in the representation dis-
tribution, as evidenced by the significant drops in
performance for the zs evaluation on merged repre-
sentations. In the case of the BERT model, merg-
ing yields good results, even when fine-tuning the
model without merging. The increase in the corre-
lation metric with the compression ratio of 29.91%

validates our assumptions for the BERT model.
However, in the case of MiniLM, any merging at-
tempt results in a drop in performance. Although
pre-training puts this drop into perspective and the
average compression ratio remains attractive, it is
more difficult to assess this model. Note that the
objectives of the two models differ slightly. The
all-miniLM-L6-v2 version is designed to generate
efficient general-purpose embeddings and has a
more complex pretraining procedure, which could
explain the difficulty in recovering from the drop in
performance. BERT, on the other hand, is intended
to be fine-tuned on downstream tasks.

4.2. Results on Other MTEB Tasks
Further evaluations are conducted on other MTEB
tasks. Firstly, Table 5 compares results on the
remaining STS tasks of MTEB. All models are
fine-tuned on the STSBenchmark training set and
evaluated on their respective test sets. Average
score and inference times are reported in the last
two columns. Both models experience a slight
drop in performance but retain 94.45% (BERT) and
96.34% (MiniLM) of the unmerge counterpart. The
major drop in performance is due to BIOSSES. In-
deed, the analysis of relative sequence lengths
shows that, due to the presence of scientific terms,
the text is overtokenized, as shown in Figure 3.
The same effects, but to a lesser extent, occur
with STS16, which draws examples from Twitter.
Regarding inference time, while BERT shows a
27.63% speed-up on the STS subset of MTEB on
average, MiniLM shows a 19.56% slowdown, with
0.0088 s more per example on average. Secondly,
Table 6 compares the results obtained by BERT
and MiniLM on the Summeval dataset. Another dif-
ference between the two models is that Fine-Tuning
BERT with token merging on STSBenchmark im-
proves its results, while MiniLM suffers from this
tuning. Regarding inference time, BERT still bene-
fits from a speed-up, as does MiniLM this time.

4.3. Results on the SynPar Corpus
For SynPar dataset, we find results similar to those
in the previous section on table 7: the gains with
BERT are much greater. While MiniLM shows a de-
crease in ABX scores, BERT outperforms MiniLM
when average of the vectors is taken as a rep-
resentation (see bert-pt-ft in the table 7). The
2.6-point improvement in score over the zero-shot
version confirms that merging representations is
beneficial for the BERT model, both for compress-
ing sequences and for avoiding confusion due to
paronymy. On MiniLM, an improvement is visible
on unmerged data after pretraining the model on
merging for cls configuration. There is, therefore,
room for improvement. Nonetheless, it shows the
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merge STSB BIO. SIC. STS13 STS14 STS15 STS16 STS12 Avg. Ratio t.(sec)
be

rt ✗ 84.60 72.73 73.76 87.59 87.78 86.95 81.03 78.26 81.58 – 0.154
✓ 79.65 57.73 72.02 84.83 85.67 87.06 75.82 73.83 77.05 94.45 0,111

mi
ni LM

✗ 85.69 83.15 77.82 88.25 85.98 89.68 82.85 75.53 83.61 – 0.045
✓ 81.03 66.06 73.67 86.21 86.68 88.59 79.95 73.83 79.53 95.12 0.054

Table 5: Spearmanr results on the STS datasets. Models are finetuned on STSBenchmark and then
evaluated on the remaining data. The average processing times are reported in the last column. BIOSSES
and SICKR are abbreviated BIO. and SIC. respectively

merge rs t.(sec)

be
rt

zs ✗ 29.82 –
✓ 15.37 2.11

ft ✗ 27.79 2.40
✓ 32.49 1.29

mi
ni

LM zs ✗ 30.81 –
✓ 25.77 1.10

ft ✗ 25.33 1.14
✓ 23.13 1.27

Table 6: Results on SumEval dataset comparing
with (✗) and without (✓) merging tokens and, the
zero-shot (zs) approach versus the fine-tuned (ft)
configuration on STSBenchmark.

merge configurations
mean pooler cls

be
rt

zs ✗ 66,88 56,17 66,56
✓ 60,39 55,84 58,44

pt ✗ 62,01 64,61 65,26
✓ 61,04 57,80 57,80

pt-ft ✗ 67,53 63,64 67,21
✓ 69,48 65,26 66,23

mi
ni

LM

zs ✗ 67,53 68,83 68,83
✓ 59,74 64,29 63,31

pt ✗ 65,91 67,53 69,16
✓ 58,17 62,99 62,99

pt-ft ✗ 64,29 65,91 66,88
✓ 58,77 62,66 64,94

Table 7: Results of ABX tests on the SynPar corpus
comparing the addition of token merging. Results
are grayed out when the inference representation
does not match the training representation of the
models (original model on fused representation or
vice versa). The best scores are in bold.

particular nature of MiniLM embeddings and their
over-optimisation.

Two interesting points emerge from these exper-
iments : when only the embedding layer is con-
sidered, merging representations improves ABX
scores from 52.6% to 56.82% for bert-base-
uncased and from 49.02% to 50.32% for miniLM.
The second point is that the overall best result for
MiniLM happens for pt without merged representa-

tion on CLS. This result is surprising because of the
inadequacy between the pre-trained representation
and the model inference representation. The best
BERT CLS ABX score also occurs on inadequate
data. It could mean that model learning merged
representation may help even for unmerged repre-
sentations on CLS, which is only indirectly affected
by the merge.

4.4. Discussion
Based on the observation that language models
calculate higher similarity with paronyms than with
synonyms, we proposed a method to merge tokens
based on linguistic criteria. The evaluation took
three criteria into account: the first, performance
on a common NLP task, STSBenchmark. The sec-
ond, robustness and generalization to unseen data.
The third, more qualitative, focused on the distinc-
tion between paronyms and synonyms in the ABX
test. In both cases, the method proved conclusive
after a pre-training and fine-tuning phase on the
STS task. Considering the evaluation on the STS-
Benchmark dataset, the pre-trained and fine-tuned
BERT model yields the best results with a compres-
sion ratio of 29.91%. MiniLM shows a 1-point drop
in performance but retains the compression prop-
erty. In both cases, the experiments demonstrated
fairly good stability to changes in learning rate.

In contrast to our initial assumption (the im-
provement of sentence similarity performance with
merged intermediate representations), the qualita-
tive evaluation was conclusive only for BERT. In-
deed, these results show that the STS task helps
distinguish paronyms in this model, as fine-tuning
improves performance. In contrast, MiniLM shows
a decrease in the ABX score, except for the pt-ft
version evaluated without merging. This result may
be symptomatic of a poor training method. We
assume that improvements could be achieved by
pretraining on more data, which currently contains
only 14 million tokens. Note that our results on STS
cannot be considered an improvement in the task
since, unlike the original models, we are moving
away from the zero-shot framework. Thus, merging
representations achieves results that retain 94% of
the score of the original models while reducing the
length of the input sequences significantly.
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Original: "T47D, MCF-7, Skbr3, HeLa, and Caco-2 cells were transfected by electroporation as described
previously."
Tokenized: ‘t’, ‘##47’, ‘##d’, ‘,’, ‘mc’, ‘##f’, ‘-’, ‘7’, ‘,’, ‘sk’, ‘##br’, ‘##3’, ‘,’, ‘he’, ‘##la’, ‘,’, ‘and’, ‘ca’, ‘##co’, ‘-’,
‘2’, ‘cells’, ‘were’, ‘trans’, ‘##fect’, ‘##ed’, ‘by’, ‘electro’, ‘##por’, ‘##ation’, ‘as’, ‘described’, ‘previously’, ‘.’
Merged: ‘t47d’,‘,’, ‘mcf-7’,‘,’, ‘skbr3’,‘,’, ‘hela’, ‘and caco-2 cells’, ‘were transfected’, ‘by electroportation’, ‘as
described previously’

Figure 3: Original, tokenized, and merged processing of a BIOSSES Benchmark example.

Merging tokens based on a constituent analysis
criterion allows, across the four datasets, an av-
erage reduction of 42.83%, 29.91%, 45.66%, and
26.42%, respectively, in the size of Wikipedia, STS-
Benchmark, BIOSSES, and SynPar. More precise
distribution visualization can be observed in fig-
ure 2, which shows the histograms of the relative
sizes after merging. As explained in section 3, this
reduction therefore allows for longer contexts to be
taken as input without increasing the complexity of
the models.

Inference Acceleration

As suspected, the merging procedure generally
lacks generalizability. This drawback is salient on
the domain-specific BIOSSES dataset. However,
reducing sequence lengths automatically conse-
quently reduces inference time. On average, an
increase in inference speed of 27.63% is observed
with BERT. The highest increase in speed is ob-
tained on the BIOSSES dataset, which shows a
significant reduction in sequence lengths (see Fig-
ure 2d). It should be noted, however, that this
comes with a preprocessing time that can be costly,
since the constituent parser is quite slow. Prepro-
cessing time ranges from 0.11 s to 0.24 s. Possible
solutions will be discussed in the section 5.

Domain Specific Generalization

The performance ratio rises from 94.45% to 96.36%
for BERT and from 95.15% to 97.35% for MiniLM
when we exclude the domain-specific BIOSSES
dataset, which comprises biomedical data. How-
ever, it should be noted that the model has not
seen any domain-specific data other than that in-
cluded in the general Wikipedia subset and the STS-
Benchmark dataset. Furthermore, the measured
speed-up of the forward pass is three times faster.
This is because the BERT Tokenizer tends to over-
divide scientific words and concepts. The Figure 3
shows an overtokenization of domain-specific lan-
guage inputs such as Biomedical terms. Although
the drop in performance is significant, our obser-
vations regarding the benefits of adaptation lead
us to hypothesize that the merging procedure with
an adaptation phase could be highly beneficial for

specialized vocabulary.

5. Conclusions

To improve the semantic representation of texts, we
proposed a method for merging vector represen-
tations. Based on the assumption that constituent
analysis provides semantically relevant informa-
tion, we merge the token representations of the
constituents. This method yields interesting results
with BERT and mixed results with MiniLM. In both
cases, sequence compression is significant, sug-
gesting the need for further experiments.

We must acknowledge certain limitations to our
approach. Token merging is only applied to neigh-
boring tokens in the input sequence. It is difficult to
consider the merging of two disjoint tokens within
the framework of language models. However, even
if the constituent analysis methods selected here
do not account for them, some constituents are dis-
continuous (Coavoux, 2020). Selecting a linguistic
criterion for token merging results in heavy text pre-
processing, which reduces the performance gains
due to the reduced sequence size. Using faster
parsers could greatly improve our method.

The experiments conducted here consider seg-
mentation based on noun, verb, and prepositional
phrases. Other types of segmentation may also be
of interest and require testing. Indeed, constituent
parsing is primarily motivated by English and lacks
literature in other languages. The proposed method
should be language-agnostic, as it relies solely on
merging representations based on external linguis-
tic criteria. However, the experiments were con-
ducted only on English corpora and could benefit
from being extended to other languages.

The results obtained with MiniLM raise questions
about our pre-training procedure and generalization
of performances across models. A corpus contain-
ing more tokens or more similar to the model’s pre-
training corpus would be interesting. The nature of
the corpora can influence the results obtained. It
would therefore be relevant to construct a corpus
similar to the SynPar corpus from the STSBench-
mark data to ensure corpus similarity.

To ensure the generalizability of this method
across models and architectures, further experi-
ments should be conducted.
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Abstract
We present the largest multilingual experiment to date on word-to-morph segmentation, covering 58 typologically
diverse languages. We describe a newly compiled collection of linguistically annotated resources for the task,
providing broad coverage and enabling systematic cross-lingual evaluation. Second, we train two neural models
on surface morphological segmentation, achieving 81% average word accuracy on the original datasets, slightly
outperforming previous methods. Experiments on custom test sets reveal substantial variation in performance,
highlighting the need for further harmonization and more robust multilingual approaches.

Keywords: morph, morphology, morphological segmentation, multilingual NLP

1. Introduction

Morph segmentation provides a practical intermedi-
ate layer between raw word forms and higher-level
linguistic annotation. By dividing words into smaller
meaning-bearing units, it can help reduce data spar-
sity, especially in morphologically rich languages
(which can improve e.g. machine translation in
low-resource settings (Mager et al., 2022)), and
make patterns of inflection and derivation more
transparent in structured datasets (as seen in e.g.
(McCarthy et al., 2020)). Typically, morphological
structure implicitly affects how lexical resources
are organized, how annotations are aligned across
tools and languages, and how systems are evalu-
ated. Making word-internal structure explicit and
cross-linguistically analyzable can therefore sup-
port clearer annotation guidelines, more controlled
comparisons between approaches, and also pro-
vide valuable insights into language evolution, in-
cluding phenomena arising from language contact.
In some settings, morphological segmentation has
proved to improve performance on downstream
task, especially for low-resource languages.

Previous research, with the SIGMORPHON 2022
Shared Task on Morpheme Segmentation (Bat-
suren et al., 2022) being one of the most ambitious
collective efforts, has still covered only a limited
range of typologically diverse languages, which re-
stricts the generalizability of its findings. Studying
word-internal morphological segmentation across
many languages is therefore important, as mor-
phological systems differ substantially in structure
and transparency. Truly polysynthetic or strongly
introflexive languages remain largely beyond the
current empirical scope and represent a longer-
term goal, but even broadening coverage toward

more agglutinative and fusional languages already
should facilitate more robust evaluation, clearer
identification of language-specific biases, and more
broadly applicable modeling assumptions.

Although a multilingual perspective on segmen-
tation is essential, advancement in the field is con-
strained by the fragmented and inconsistently an-
notated landscape of available morphological data.
Data resources existing for individual languages
vary widely in format, annotation guidelines, size,
and quality, making cross-linguistic comparisons
difficult and inconsistent. To enable robust evalua-
tion, reproducible research, and meaningful bench-
marking, there is a pressing need for standardized,
harmonized, and high-quality morphologically seg-
mented datasets that can be applied consistently
across languages and systems. Our goal is to bring
the world of morphological segmentation closer to
the level of standardization and interoperability al-
ready achieved in the dependency syntax commu-
nity through Universal Dependencies (de Marneffe
et al., 2021).

Our long-term research questions focus on how
to represent word-internal structure consistently
across typologically diverse languages and how
to standardize datasets and annotation practices to
enable robust cross-linguistic evaluation, as well as
how to develop systems that can perform this seg-
mentation automatically. Looking further ahead, we
aim to connect morph segmentation with other lin-
guistic layers, explore typological effects on model
performance, and establish benchmarks and met-
rics that support reproducible and comparable re-
sults.

The remainder of the paper is organized as fol-
lows. Section 2 summarized related work. Sec-
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tion 3 describes the data collection that we use
in our experiments. Section 4 details the evalua-
tion setup. Section 5 presents the modeling ap-
proaches and experimental results, which are fur-
ther interpreted in Section 6. Section 7 concludes
and presents future work.

2. Basic notions and Related work

As noted by Haspelmath (2020), the notion of mor-
pheme is subject to considerable terminological
ambiguity in linguistics. In this work, we adopt the
following distinction. A morpheme is an abstract lin-
guistic unit defined as the smallest unit of language
that carries semantic or grammatical function. A
morph, by contrast, is the concrete realization of a
morpheme in actual language use, i.e., a specific
phonological or orthographic form that instantiates
a given morpheme.

Morphs may constitute entire words (e.g. house,
consisting of a single root morph), or they may form
parts of more complex words (e.g. un+kind+ness,
which contains three morphs). The central ele-
ment of a word is the root morphs, conveying its
core lexical meaning. Additional morphs, if present,
are classified relative to the root. A root may be
preceded by one or more prefixes (e.g. un- in
un+kind), and followed by one or more suffixes
(e.g. -ness in kind+ness). A suffix expressing inflec-
tional categories such as number or tense (e.g. -ed
in walk+ed) is often referred to as an ending. In
compounds containing multiple roots, linking ele-
ments or interfixes may appear between the roots
(e.g. speed+o+meter).

The term morph has been used in linguistics for
less than a century. Although early attempts at a
rigorous delimitation of the morpheme date back at
least to the 1940s (Hockett, 1947), the notions of
morph and morpheme are still frequently employed
only implicitly and informally in linguistic practice.
Nevertheless, there exist numerous attempts at
lexicographic description of the morphemic struc-
ture of words in individual languages over the past
decades, though these efforts remain largely iso-
lated. Somewhat surprisingly, even though mor-
phology is often considered a lower level of abstrac-
tion compared to syntax, there is still no de facto
standard for morphological segmentation compa-
rable, in terms of both community size and cover-
age of languages, to the Universal Dependencies
project in syntax (de Marneffe et al., 2021). A few
multilingual harmonization initiatives have emerged
in the last decade, such as the UniMorph collection
(McCarthy et al., 2020), the UniSegments collection
(Žabokrtský et al., 2022), and the SIGMORPHON
2022 Shared Task on Morpheme Segmentation
(Batsuren et al., 2022), but these resources remain
considerably smaller, providing complete morpho-

logical segmentation for samples of words for 14,
32, and 9 languages, respectively.

Approaches to automatic morphological segmen-
tation closely mirror the broader development of
NLP. Focusing first on methods aimed at produc-
ing linguistically interpretable divisions of words
into smaller units, the earliest approaches were
rule-based (Klenk and Langer, 1989), followed by
supervised machine learning methods (Na, 2015),
and more recently by deep learning sequence la-
beling techniques (Girrbach, 2022) and large lan-
guage models (Pranjić et al., 2024). In parallel,
unsupervised segmentation has been an important
research line, with Morfessor (Creutz and Lagus,
2005) as its most widely known representative; how-
ever, the resulting segmentations are typically of
limited linguistic interpretability.

With the rise of deep learning as the dominant
paradigm in NLP, the need to segment words into
shorter units emerged rapidly. This was driven not
by linguistic concerns, but by a practical technical
constraint: the input layer of neural networks can-
not feasibly accommodate the full vocabulary of a
language. These shorter units, referred to as sub-
words (Sennrich et al., 2016), do not correspond
to morphs or morphemes, yet subword segmenta-
tion methods are frequently used as baselines in
morphologically informed NLP research.

Evaluating morphological segmentation is chal-
lenging due to the inherently ambiguous nature of
morphemes and the variety of possible segmen-
tation schemes. Commonly used metrics include
precision, recall, and F1-score at the morph bound-
ary level, which measure how well predicted bound-
aries match a gold-standard segmentation (Creutz
and Lagus, 2005; Narasimhan et al., 2015). An-
other common approach is word-level accuracy,
which requires the entire word to be segmented cor-
rectly, providing a stricter measure of performance
(Batsuren et al., 2022). In multilingual settings, eval-
uation is often complicated by the heterogeneity
of annotation schemes across languages, differing
tokenization conventions, and the presence of al-
lomorphy or non-concatenative morphology. Fully
capturing linguistic validity remains an open chal-
lenge.

3. Data Collection

This section describes a newly compiled collection
of diverse language resources relevant to morpho-
logical segmentation. The collection makes use of
the harmonization annotation scheme of UniSeg-
ments 1.0 (Žabokrtský et al., 2022), and reuses
some of its data components too (after a revision).
Compared to UniSegments 1.0, the expanded col-
lection covers nearly twice as many languages. A
subset of the current collection – comprising only
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converted resources whose original licenses per-
mit modification and redistribution – is now publicly
available as UniSegments 1.5 (John et al., 2026).

Table 1 summarizes all integrated resources (in-
cluding those that we cannot distribute further)
along with their main qualitative and quantitative
properties. The original datasets differ along mul-
tiple dimensions, some of which are described in
the following paragraphs.

The collected resources reflect the landscape of
modern morphological research, bridging the gap
between small-scale, linguistically grounded “gold”
data and large-scale, automatically generated “sil-
ver” and “bronze” datasets. This collection encom-
passes scripts as diverse as Malayalam, Greek,
and Kanji, with a primary objective of maximizing
the volume of fully segmented data. Within this
framework, resources providing segmentation for
roots, inflections, and derivations are categorized
as Complete. Conversely, those where the stem
remains unsegmented are designated as Partial.
These partial resources typically feature a single
segmentation boundary per word, usually distin-
guishing between the stem and its inflectional or
derivational affixes. While the granularity of seg-
ment labeling varies significantly across the collec-
tion, most labeled resources identify at least the
prefix, suffix, and root, though a substantial portion
remains unlabeled.

Data quality is largely a function of the segmen-
tation methodology. Manual segmentation serves
as the gold standard, whereas automatic methods,
while more scalable, frequently introduce noise. To
mitigate this, many resources in this set were ei-
ther automatically generated and human-verified or
developed through rule-based methods to ensure
cross-linguistic consistency. Notably, 55 resources
contain manual annotations, 15 of which originate
from Metamorphosis, a newly developed manually
annotated dataset. These expert-led approaches
generally yield higher-fidelity data than unsuper-
vised or semi-supervised machine learning models.
Consequently, the collection as a whole represents
a strategic trade-off between high-volume noisy
data and high-quality, small-scale datasets, with
resource sizes ranging from 200 to over 740,000
wordforms or lemmas.

The final corpus comprises 85 resources cov-
ering 58 languages from 14 language families, in-
cluding Niger-Congo, Indo-European, Uralic, Tur-
kic, and Austronesian. While the set spans four
continents, there is a recognized geographic imbal-
ance: North and South American languages are
absent, and African and Asian languages are un-
derrepresented relative to European ones. Further-
more, while 20 distinct scripts are represented, five
resources have been transliterated into the Latin
alphabet, a process that may obscure native ortho-

graphic cues essential for morphological analysis.
This diverse linguistic composition enables a

granular analysis of morphological systems across
the typological spectrum. This ranges from the
strictly isolating profile of Mandarin Chinese to
the extreme polysynthetic complexity of Adyghe.
The dataset further represents fusional structures
through Latin, Czech, and Greek, alongside the
highly productive agglutinating systems of Turkish,
Hungarian, and Korean. Beyond broad typological
classification, the collection captures specialized
morphological processes: Amharic provides a case
study for non-concatenative (root-and-pattern) mor-
phology, while Indonesian, Tagalog, Swahili, Zulu,
Xhosa, and Hindi illustrate diverse reduplicative
patterns. Furthermore, extensive compounding is
evident in the Germanic and Uralic families, as well
as Chinese, while the inclusion of the Romance
group and Modern Greek facilitates the study of
cliticization.

4. Evaluation strategies

Although superficially harmonized, the resources
differ in several important respects. Firstly, some
of the datasets cover only a highly specific part
of lexicon (e.g. SlavickovaDict or CroDeriV cov-
ers only verb infinitives). Hence, it is unclear how
models trained on such data would behave on a
more representative sample. In the resources, that
were not originally developed for morphological seg-
mentation (e.g. DerIvaTario for word formation or
Uniparser for morphological analysis), the quality
of the segmentation varies both in and across the
resources. For example, in DerIvaTario, the infini-
tives are usually not segmented, because they are
often regarded as the unmotivated words. Further-
more, for some of the languages, we have only
resources with partial segmentation. Most of the
resources are segmented wordlists, often without
any further annotation. As a result, we did not
attempt to resolve differences in segmentation be-
tween homonyms. Since we aim for broad cover-
age, we have used all of the resources irrespective
of their overall quality. In this section, we describe
issues this causes for evaluation of the automatic
segmenters, evaluation strategies we have adopted
to mitigate them, and the limitations this imposes
on the interpretation of the results.

As a result of the widely differing quality of the
resources, evaluating the automatic segmentation
on a test set sampled from the same resource as
the train set is problematic. The metrics can de-
volve to mere consistency of the automatic seg-
mentation with the resource, rather than actual
quality of segmentation. It is unclear how well
such results approximate the performance on com-
plete segmentation of arbitrary words. For exam-

182



ISO Family Resource Name Script Count Meth. C/P Cat.
Avg
M/W

Avg
M.Len

Avg
W.Len Reference

ady NWC MorphAGram Cyrillic 999 A+H C – 5.92 2.08 12.30 (Eskander et al., 2020)
aka NC LDC_RLP Latin 2047 A+R C – 2.38 2.28 5.44 (Tracey and Strassel, 2020)
amh AA Amharic LatinT 135184 M C R 3.75 2.45 9.21 (Yeshambel et al., 2021)
bel IE Slounik Cyrillic 35219 M C D, I, R, X 3.77 2.43 9.17 (Morozov et al., 2025)
ben IE kcis Bengali 822 M+A P R, S 2.00 2.81 5.61 (LTRC, 2018)
cat IE Morphynet Latin 19777 M+A P P, R, S 1.90 4.92 9.32 (Batsuren et al., 2021)
ces IE SlavickovaDict Latin 14582 M+A C – 2.59 2.24 5.79 (Slavíčková, 1975)
ces IE Morphynet Latin 351251 M+A P P, R, S 2.17 4.43 9.61 (Batsuren et al., 2021)
deu IE MorphoChallenge Latin 2863 M+A C – 2.98 3.51 10.46 (Kurimo et al., 2010)
deu IE CELEX Latin 47583 M C Int, P, R, S 2.37 2.72 6.44 (Baayen et al., 1995)
deu IE Morphynet Latin 236544 M+A P P, R, S 2.10 5.30 11.16 (Batsuren et al., 2021)
ell IE GreekAnnot.Dict. Greek 8419 A+S C D, I, R 2.40 3.12 7.49 (UI and NTUA, 2021)
eng IE MorphoChallenge Latin 3355 M+A C – 2.30 3.67 8.44 (Kurimo et al., 2010)
eng IE CELEX Latin 43957 M C Int, P, R, S 1.40 3.87 5.42 (Baayen et al., 1995)
eng IE MorphoLex Latin 68549 M C P, R, S 2.21 3.77 8.34 (Sánchez-Gutiérrez et al., 2018)
eng IE Morphynet Latin 387418 M+A P P, R, S 2.18 4.86 10.58 (Batsuren et al., 2021)
fas IE PerSegLex Perso-Ar. 45369 M C – 2.12 3.20 6.80 (Ansari et al., 2019)
fin Ur MorphoChallenge Latin 3859 M+A C – 3.43 3.81 13.04 (Kurimo et al., 2010)
fin Ur Morphynet Latin 740711 M+A P P, R, S 2.31 5.65 13.07 (Batsuren et al., 2021)
fra IE MorphoLex Latin 15954 M+A C P, R, S 2.03 3.15 6.40 (Mailhot et al., 2020)
fra IE demonette Latin 81494 M+A P C, Int, P, R, S 1.72 4.70 8.20 (Hathout and Namer, 2014)
fra IE Morphynet Latin 132094 M+A P P, R, S 1.84 5.66 10.42 (Batsuren et al., 2021)
hbs IE Morphynet Latin, Cyrillic 4915 M+A P P, R, S 1.84 4.60 8.46 (Batsuren et al., 2021)
hin IE kcis Devanagari 1603 M+A P R, S 1.89 3.60 6.78 (LTRC, 2018)
hin IE LDC_RLP LatinT 2029 A+H C R 1.72 2.33 4.40 (Tracey and Strassel, 2020)
hrv IE CroDeriV Latin 15657 M C E, Int, P, R, S 4.08 2.30 9.66 (Šojat et al., 2014)
hun Ur LDC_RLP Latin 2027 A+H C R 2.48 3.42 8.47 (Tracey and Strassel, 2020)
hun Ur Morphynet Latin 28176 M+A P P, R, S 2.23 4.13 9.21 (Batsuren et al., 2021)
hye IE Uniparser Armenian 593542 A+R P P, R, S 2.56 3.75 9.59 (Arkhangelskiy et al., 2012)
ind AN LDC_RLP Latin 2035 A+H C – 1.79 4.23 7.58 (Tracey and Strassel, 2020)
ita IE DerIvaTario Latin 11287 M C R 2.80 3.86 10.92 (Talamo et al., 2016)
ita IE Morphynet Latin 80532 M+A P P, R, S 2.32 2.65 6.14 (Batsuren et al., 2021)
jpn Ja MorphAGram Kanji, Hirigana 999 M C – 2.24 1.43 3.21 (Eskander et al., 2020)
kan Dr kcis Kannada 25953 M+A P Int, P, R, S 4.36 2.46 9.45 (LTRC, 2018)
kat Ka MorphAGram Mkhedruli 999 A+H C – 3.04 2.38 7.24 (Eskander et al., 2020)
kor Ko LDC2004T03 LatinT 6455 A+H C – 1.77 5.47 9.66 (Han, 2004)
kpv Ur Uniparser Cyrillic 216128 A+R P P, R, S 2.52 3.38 8.54 (Arkhangelskiy et al., 2012)
lat IE WFL Latin 27998 M+A P P, R, S 2.39 3.53 8.48 (Litta Modignani et al., 2023)
mal Dr kcis Malayalam 33657 M+A P P, R, S 1.99 4.70 12.40 (LTRC, 2018)
mar IE kcis Devanagari 32523 M+A P Int, R, S 2.54 3.27 8.30 (LTRC, 2018)
mdf Ur Uniparser Cyrillic 104672 A+R P R, S 2.28 3.91 8.90 (Arkhangelskiy et al., 2012)
mhr Ur Uniparser Cyrillic 251373 A+R P P, R, S 2.44 3.52 8.59 (Arkhangelskiy et al., 2012)
mon Mo Morphynet Cyrillic 11428 M+A P R, S 1.93 4.40 8.48 (Batsuren et al., 2021)
myv Ur Uniparser Cyrillic 162564 A+R P R, S 2.40 3.76 9.03 (Arkhangelskiy et al., 2012)
nbl NC Sadilar Latin 14753 A+H C – 3.70 2.63 9.72 (Gaustad and McKellar, 2024)
nld IE CELEX Latin 100620 M+A C Int, P, R, S 2.44 4.34 10.81 (Baayen et al., 1995)
nso NC Sadilar Latin 5338 A+H C – 2.52 3.04 7.68 (Gaustad and McKellar, 2024)
pol IE Morphynet Latin 58711 M+A P P, R, S 1.48 6.66 9.83 (Batsuren et al., 2021)
por IE Morphynet Latin 11774 M+A P P, R, S 1.49 7.18 10.67 (Batsuren et al., 2021)
rus IE Crosslexica Cyrillic 27873 M C D, I, R 3.76 2.57 9.67 (Bolshakov, 2013)
rus IE KuznetsEfremDict Cyrillic 73447 M C Int, P, R, S 4.34 2.27 9.85 (Kuznetsova and Efremova, 1986)
rus IE Morphynet Cyrillic 93039 M+A P P, R, S 3.86 2.67 10.28 (Batsuren et al., 2021)
rus IE Tikhonov Cyrillic 96046 M C D, I, R, X 2.87 2.11 6.05 (Alimardanova, 2024)
sot NC Sadilar Latin 5667 A+H C – 2.46 3.00 7.38 (Gaustad and McKellar, 2024)
spa IE MATS Latin 3541 A C – 2.13 3.07 6.55 (García et al., 2025)
spa IE Morphynet Latin 214483 M+A P P, R, S 2.11 4.95 10.45 (Batsuren et al., 2021)
ssw NC Sadilar Latin 14493 A+H C – 3.57 2.74 9.79 (Gaustad and McKellar, 2024)
swa NC LDC_RLP Latin 2023 A+H C R 3.27 2.44 7.98 (Tracey and Strassel, 2020)
swe IE Morphynet Latin 87024 M+A P P, R, S 2.52 3.89 9.79 (Batsuren et al., 2021)
tam Dr LDC_RLP LatinT 2029 A+H C – 1.99 4.92 9.82 (Tracey and Strassel, 2020)
tgk IE Uniparser Cyrillic 230646 A+R P P, R, S 2.08 3.71 7.71 (Arkhangelskiy et al., 2012)
tgl AN LDC_RLP Latin 2005 A+H C – 2.17 3.54 7.69 (Tracey and Strassel, 2020)
tsn NC Sadilar Latin 5946 A+H C – 2.48 3.18 7.90 (Gaustad and McKellar, 2024)
tso NC Sadilar Latin 5202 A+H C – 2.08 3.79 7.87 (Gaustad and McKellar, 2024)
tur Tu MorphoChallenge LatinT 6643 M+A C – 3.45 3.05 10.51 (Kurimo et al., 2010)
udm Ur Uniparser Cyrillic 401382 A+R P Inf, R, S 2.59 3.47 8.97 (Arkhangelskiy et al., 2012)
uig Tu thuuymorph Uyghur Ar. 20958 A+R C – 2.17 4.22 9.16 (Gulinigeer et al., 2021)
ven NC Sadilar Latin 5273 A+H C – 1.93 3.84 7.42 (Gaustad and McKellar, 2024)
xho NC Sadilar Latin 15480 A+H C – 3.96 2.35 9.32 (Gaustad and McKellar, 2024)
zul NC Sadilar Latin 14798 A+H C – 3.81 2.45 9.33 (Gaustad and McKellar, 2024)

Table 1: Resources used in the training of the models. Languages codes specified by ISO 639-3 are
used in the ISO column. Abbreviations used in the Family column: NWC = Northwestern Caucasian, NC
= Niger-Congo, AA = Afro-Asiatic, IE = Indo-European, Ur = Uralic, AN = Austronesian, Ja = Japonic,
Dr = Dravidian, Ka = Kartvelian, Ko = Koreanic, Mo = Mongolic, ST = Sino-Tibetan, Tu = Turkic. T in the
Script means transcription from the original writing system to the Latin script. Count = the number of
segmented lemmas or wordforms available in the resource. Abbreviations used in the Meth. column: A =
Automatic, Un = Unsupervised, R = Rule-Based, M = Manual, H = Human Reviewed. Abbreviations used
in the C/P column: C = Complete (fully segmented), P = Partial (only some boundaries). Abbreviations
for distinguished morph types in the Cat. column: R = Root, D = Derivational, I = Inflectional, X = Other, S
= Suffix, P = Prefix, C = Connector, E = Ending, Int = Interfix, Inf = Infix. Avg. M/W = average number of
morphs per lemma or word form. Avg M.Len = the average number of characters per morph. Avg W.Len
= the average number of characters per lemma or word form.
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ISO Family Script
Avg
M/W

Avg
M.Len

Avg
W.Len

ces IE Latin 4.05 2.3 9.31
deu IE Latin 2.5 4.01 10.01
ell IE Greek 2.24 3.5 7.84
eng IE Latin 1.93 4.46 8.62
epo Con. Latin 2.41 2.59 6.26
fra IE Latin 1.66 5.86 9.75
hrv IE Latin 2.64 2.12 5.61
ita IE Latin 1.58 7.12 11.28
lat IE Latin 2.5 2.77 6.94
pol IE Latin 2.71 2.23 6.05
rus IE Cyrillic 1.65 6.32 10.45
spa IE Latin 2.25 3.48 7.81
tel Dr Telugu 1.49 4.82 7.16
ukr IE Cyrillic 2.64 2.15 5.67
zho ST Hanzi 1.93 1.05 2.12

Table 2: Metamorphosis resources. All resources
are manually annotated, complete, and contain 200
wordforms. Languages identified by ISO 639-3
code. Avg M/W = average number of morphs per
lemma or word form, Avg M.Len = the average
number of characters per morph., Avg W.Len = the
average number of characters per lemma or word
form.

ple, we expect nominally good results for automati-
cally generated datasets, (the model might reverse-
engineer the original, often simple pipeline), and
for datasets with partial segmentation. The compa-
rability across resources is also limited.

However, the evaluation using manually seg-
mented data, even if they are consistent across
languages, is not necessarily more accurate. It
might be strongly influenced by differences in an-
notation approaches between training and test
data. Take as an illustration two pairs of highly
accurate datasets: MorphoLex with MorphoChal-
lenge for English, and Tikhonov with KuznetsE-
fremDict for Russian. From the 1941 words com-
mon to the training subsets of eng-MorphoLex and
eng-MorphoChallenge, the same segmentation ap-
pears for only 72.7%. In the case of Tikhonov
and KuznetsEfremDict, it is even less (namely
58.3%, out of 53,048 words). For example, the En-
glish word stabilized is segmented as stabil+iz+ed
in MorphoChallenge but as stabil+ize+d in Mor-
phoLex.

We have decided to evaluate our models in two
ways. Firstly, we have split the original resources
into two mutually exclusive subsets – training data
and test data. The test data from the resources
were sampled randomly according to the size of
the resource (2000 words for resources with more
than 5000 words, else 200 words), while the rest of
the resource was used for training. Secondly, we
have evaluated our models on a small, manually
annotated dataset, where available (see Table 2).
As evaluation metrics, we use whole-word accuracy,
and precision, recall and F1 on boundaries between
morphs.

5. Experiments and Results

Although transformers-based models have been
used for segmentation in a high-resource set-
ting (Batsuren et al., 2022), the performance gap
between transformer-based models and simpler
LSTM-based models appears to be quite small.
Among other advantages of LSTM-based models is
the comparatively low number of parameters, and
therefore faster training time. Such an architec-
ture also seems more appropriate for small-size
datasets, where it achieved competitive results
(Olbrich and Žabokrtský, 2025). We have thus
opted for employing two LSTM-based architectures,
trained on each resource separately.

Similarly to Girrbach (2022), we encode segmen-
tation as character classification, using the BMES
encoding (Ruokolainen et al., 2014). Each char-
acter is classified as beginning (B), middle (M), or
end (E) of morpheme, or as single-character mor-
pheme (S). For example, the word be-ing-s would
be annotated as b:B, e:E, i:B, n:M, g:E, s:S.

The first architecture we have used is a two-layer
LSTM, as presented by Girrbach (2022) and imple-
mented in the publicly available Python package
morphseg (Winkelman et al., 2026). Models using
this architecture (TüSeg) have achieved compet-
itive results in the SIGMORPHON 2022 Shared
Task on Morpheme Segmentation (Batsuren et al.,
2022). The implementation we use automatically
removes non-alphabetical characters. We auto-
matically restore most of these characters before
evaluation. As we don’t get any prediction for these
characters, we treat them by default as morpheme
boundaries. While not the best performing archi-
tecture in the original shared task, it might be more
appropriate for our setting, which includes small
datasets and concentrates of surface segmenta-
tion.

We have also created our custom architecture
(CNN-LSTM), inspired by Olbrich and Žabokrtský
(2025). Our models, after embedding the individual
characters (with embedding size 128), apply con-
volutions with kernel sizes 1 to 8 and 64 channels
each in order to capture local dependencies. Con-
catenated outputs of these convolutions are then
fed into a bidirectional LSTM layer (of dimension
512, close to the optimum according to (Olbrich
and Žabokrtský, 2025)), followed by a dense layer
and a final dense classification layer. We train for
100 epochs with batch size 64 for large resources,
16 for small resources, with early stopping on word
accuracy on validation set. It isn’t strictly guaran-
teed that the output of the neural network will be
a valid BMES-encoded segmentation. There are
multiple possible strategies of extracting a valid seg-
mentation from the output of the neural network,
including conditional random fields or Viterbi decod-
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Morfessor CNN-LSTM TüSeg
resource WAcc MBPrec MBRec MBF WAcc MBPrec MBRec MBF WAcc MBPrec MBRec MBF
ady-MorphAGram 0.10 0.76 0.64 0.69 0.61 0.96 0.95 0.95 0.58 0.94 0.96 0.95
aka-LDC_RLP 0.24 0.47 0.85 0.60 0.80 0.91 0.91 0.91 0.74 0.87 0.89 0.88
amh-Amharic 0.04 0.49 0.37 0.42 0.76 0.93 0.95 0.94 0.75 0.93 0.95 0.94
bel-Slounik 0.05 0.50 0.43 0.46 0.91 0.98 0.98 0.98 0.92 0.98 0.98 0.98
ben-kcis 0.14 0.32 0.74 0.44 0.86 0.87 0.87 0.87 0.74 0.87 0.76 0.81
cat-Morphynet 0.07 0.15 0.69 0.24 0.87 0.91 0.93 0.92 0.87 0.91 0.91 0.91
ces-Morphynet 0.24 0.32 0.67 0.44 0.96 0.97 0.98 0.98 0.93 0.95 0.96 0.96
ces-SlavickovaDict 0.00 0.59 0.44 0.51 0.94 0.99 0.99 0.99 0.95 0.99 0.99 0.99
deu-CELEX 0.15 0.35 0.72 0.47 0.88 0.95 0.96 0.95 0.83 0.91 0.94 0.93
deu-MorphoChallenge 0.01 0.27 0.80 0.41 0.59 0.83 0.86 0.84 0.53 0.84 0.81 0.82
deu-Morphynet 0.09 0.22 0.56 0.31 0.93 0.95 0.97 0.96 0.69 0.78 0.81 0.80
ell-GreekAnnotatedDict 0.09 0.26 0.71 0.39 0.83 0.92 0.92 0.92 0.60 0.86 0.76 0.80
eng-CELEX 0.12 0.20 0.71 0.32 0.86 0.92 0.92 0.92 0.87 0.91 0.94 0.92
eng-MorphoChallenge 0.07 0.22 0.88 0.36 0.62 0.81 0.79 0.80 0.59 0.79 0.80 0.79
eng-MorphoLex 0.17 0.31 0.76 0.44 0.92 0.96 0.97 0.96 0.93 0.96 0.97 0.97
eng-Morphynet 0.19 0.31 0.74 0.44 0.90 0.95 0.96 0.95 0.90 0.94 0.97 0.95
fas-PerSegLex 0.11 0.25 0.74 0.38 0.85 0.93 0.91 0.92 0.85 0.92 0.92 0.92
fin-MorphoChallenge 0.01 0.24 0.60 0.34 0.58 0.86 0.86 0.86 0.59 0.86 0.86 0.86
fin-Morphynet 0.05 0.24 0.40 0.30 0.99 1.00 1.00 1.00 0.97 0.98 1.00 0.99
fra-demonette 0.03 0.07 0.39 0.12 0.89 0.95 0.90 0.92 0.89 0.95 0.90 0.92
fra-MorphoLex 0.03 0.14 0.72 0.23 0.66 0.74 0.74 0.74 0.67 0.77 0.73 0.75
fra-Morphynet 0.08 0.17 0.75 0.28 0.86 0.92 0.91 0.91 0.86 0.89 0.92 0.90
hbs-Morphynet 0.07 0.18 0.84 0.30 0.85 0.89 0.90 0.89 0.74 0.83 0.80 0.81
hin-kcis 0.18 0.44 0.86 0.58 0.82 0.91 0.85 0.88 0.83 0.91 0.88 0.89
hin-LDC_RLP 0.04 0.19 0.89 0.32 0.82 0.88 0.88 0.88 0.75 0.90 0.77 0.83
hrv-CroDeriV 0.00 0.39 0.28 0.33 0.93 0.98 0.99 0.98 0.93 0.98 0.99 0.98
hun-LDC_RLP 0.03 0.23 0.88 0.36 0.58 0.80 0.77 0.78 0.54 0.79 0.71 0.75
hun-Morphynet 0.18 0.33 0.76 0.46 0.89 0.93 0.95 0.94 0.89 0.94 0.95 0.95
hye-Uniparser 0.18 0.47 0.61 0.53 0.84 0.95 0.94 0.94 0.83 0.91 0.97 0.94
ind-LDC_RLP 0.04 0.15 0.88 0.26 0.89 0.93 0.90 0.91 0.83 0.88 0.89 0.88
ita-DerIvaTario 0.05 0.26 0.53 0.35 0.70 0.90 0.89 0.89 0.67 0.89 0.87 0.88
ita-Morphynet 0.03 0.06 0.47 0.11 0.91 0.88 0.95 0.92 0.92 0.92 0.93 0.92
jpn-MorphAGram 0.41 0.60 0.69 0.65 0.67 0.76 0.92 0.83 0.72 0.81 0.91 0.86
kan-kcis 0.12 0.63 0.41 0.50 0.72 0.91 0.94 0.92 0.74 0.92 0.94 0.93
kat-MorphAGram 0.04 0.34 0.69 0.46 0.58 0.88 0.83 0.85 0.59 0.87 0.87 0.87
kor-LDC2004T03 0.05 0.12 0.74 0.21 0.82 0.86 0.84 0.85 0.66 0.64 0.78 0.70
kpv-Uniparser 0.18 0.44 0.61 0.51 0.81 0.91 0.94 0.92 0.80 0.90 0.94 0.92
lat-WFL 0.08 0.30 0.56 0.39 0.71 0.84 0.91 0.88 0.70 0.89 0.85 0.87
mal-kcis 0.04 0.31 0.42 0.36 0.62 0.86 0.83 0.84 0.60 0.83 0.82 0.83
mar-kcis 0.19 0.44 0.71 0.54 0.82 0.91 0.93 0.92 0.83 0.91 0.94 0.92
mdf-Uniparser 0.14 0.34 0.65 0.44 0.89 0.94 0.95 0.95 0.88 0.93 0.96 0.94
mhr-Uniparser 0.09 0.35 0.59 0.44 0.71 0.86 0.86 0.86 0.71 0.88 0.82 0.85
mon-Morphynet 0.33 0.32 0.92 0.48 0.97 0.98 0.99 0.99 0.97 0.98 0.99 0.99
myv-Uniparser 0.10 0.34 0.59 0.43 0.85 0.91 0.95 0.93 0.83 0.94 0.91 0.92
nbl-Sadilar 0.07 0.49 0.51 0.50 0.64 0.90 0.91 0.91 0.62 0.88 0.93 0.90
nld-CELEX 0.27 0.42 0.69 0.52 0.93 0.97 0.98 0.97 0.92 0.97 0.97 0.97
nso-Sadilar 0.04 0.20 0.56 0.30 0.84 0.92 0.93 0.92 0.82 0.90 0.93 0.92
pol-Morphynet 0.03 0.08 0.70 0.14 0.85 0.82 0.85 0.84 0.86 0.84 0.84 0.84
por-Morphynet 0.03 0.07 0.67 0.12 0.85 0.84 0.86 0.85 0.86 0.87 0.83 0.85
rus-Crosslexica 0.08 0.65 0.48 0.55 0.96 0.99 0.99 0.99 0.96 0.99 0.99 0.99
rus-KuznetsEfremDict 0.06 0.68 0.43 0.53 0.89 0.98 0.98 0.98 0.88 0.98 0.98 0.98
rus-Morphynet 0.03 0.09 0.55 0.15 0.86 0.89 0.87 0.88 0.87 0.89 0.89 0.89
rus-Tikhonov 0.05 0.55 0.43 0.48 0.91 0.98 0.98 0.98 0.89 0.98 0.97 0.97
sot-Sadilar 0.04 0.21 0.62 0.32 0.82 0.92 0.92 0.92 0.82 0.91 0.92 0.92
spa-MATS 0.01 0.22 0.82 0.35 0.67 0.81 0.84 0.83 0.66 0.81 0.84 0.82
spa-Morphynet 0.07 0.22 0.57 0.31 0.95 0.97 0.97 0.97 0.95 0.97 0.98 0.97
ssw-Sadilar 0.04 0.45 0.54 0.49 0.77 0.94 0.96 0.95 0.75 0.93 0.95 0.94
swa-LDC_RLP 0.01 0.35 0.59 0.44 0.66 0.91 0.90 0.91 0.66 0.91 0.91 0.91
swe-Morphynet 0.10 0.41 0.66 0.51 0.94 0.97 0.98 0.98 0.94 0.97 0.98 0.98
tam-LDC_RLP 0.02 0.15 0.72 0.25 0.64 0.73 0.75 0.74 0.58 0.75 0.65 0.70
tgk-Uniparser 0.24 0.44 0.73 0.55 0.88 0.92 0.98 0.95 0.87 0.92 0.98 0.95
tgl-LDC_RLP 0.01 0.18 0.88 0.30 0.72 0.86 0.79 0.83 0.68 0.81 0.80 0.81
tsn-Sadilar 0.04 0.20 0.58 0.30 0.78 0.87 0.91 0.89 0.76 0.89 0.86 0.88
tso-Sadilar 0.02 0.16 0.68 0.25 0.78 0.88 0.87 0.88 0.77 0.87 0.88 0.87
tur-MorphoChallenge 0.02 0.31 0.54 0.40 0.44 0.83 0.81 0.82 0.38 0.79 0.76 0.78
udm-Uniparser 0.14 0.40 0.59 0.48 0.89 0.97 0.93 0.95 0.89 0.94 0.97 0.95
uig-thuuymorph 0.12 0.27 0.64 0.38 0.92 0.96 0.97 0.96 0.92 0.96 0.97 0.96
ven-Sadilar 0.04 0.15 0.62 0.24 0.74 0.82 0.84 0.83 0.73 0.80 0.85 0.82
xho-Sadilar 0.10 0.54 0.55 0.55 0.80 0.95 0.95 0.95 0.79 0.95 0.95 0.95
zul-Sadilar 0.07 0.50 0.51 0.51 0.75 0.93 0.95 0.94 0.74 0.92 0.95 0.94
Macroaverage 0.09 0.32 0.64 0.39 0.81 0.91 0.91 0.91 0.78 0.89 0.90 0.90

Table 3: Evaluation of the two model architectures - our CNN-LSTM architecture and the TüSeg architecture,
trained on each resource, evaluated on data sampled from the corresponding resources. WAcc = word
accuracy, MBPrec = morph boundary precision, MBRec = morph boundary recall, MBF = Morph boundary
F1). The resource are listed in format [iso 639-3 language code]-[resource name/code].

ing. Since invalid outputs occur rarely, we simply split the word on characters tagged E or S.1.

1The training and evaluation pipeline is available at
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Figure 1: Effect of training data size on model per-
formance. The training size is shown in logarithmic
scale

As a simple baseline, we have trained a semi-
supervised morphological segmentation model us-
ing Morfessor 2.0 (Smit et al., 2014). Some of our
languages are very low-resource, and introducing
corpora of varying sizes would confound compara-
bility both across the baseline models and between
baseline and neural models. Hence, the Morfessor
Baseline models were trained exclusively on word
types (lists of unique words without corpus frequen-
cies) from the training sets of our resources, used
both as the annotated and the unannotated data.

As mentioned in the previous section, we evalu-
ate the models both on the original resources and
on custom evaluation data. The results of the evalu-
ation on the training resources are in Table 3. Both
architectures achieved high word accuracy and
morph-boundary F-measure. On (macro)average,
our CNN-LSTM architecture performed slightly bet-
ter than TüSeg in all the metrics, achieving 81 %
word accuracy and 90.6 % morph boundary F1,
as compared to 78 % and 89.5 % respectively
for TüSeg. Both the architectures have vastly out-
performed the Morfessor baseline on all the lan-
guages.

The performance gap between the two archi-
tectures in terms of word accuracy appears to di-
minish with growing size of training data, with the
CNN-LSTM architecture being better for smaller
datasets (see Figure 1). The observed effect of
training data size, while consistent with observe lin-
ear improvement in performance with exponential
increase of training data, as observed by (Olbrich
and Žabokrtský, 2025), is overshadowed by the
variability caused by the resource- and language-
dependent factors.

While the evaluation on training resources yields
promising numbers, there is a striking discrepancy
between these and the values achieved while eval-

https://github.com/johnvojtech/unisegmenter

uating on the manually segmented data (see Ta-
ble 4), where both the architectures only achieved
(macro)average word accuracy of approximately
40 %.

6. Discussion

While it seems that the CNN-LSTM architecture
outperforms the TüSeg architecture, some of the
largest differences between the two are artifacts.
For example, the German MorphyNet allows and
consistently uses multi-word stems. The CNN-
LSTM architecture allows multi-word stems, while
TüSeg does not. Morphemes spanning multiple
orthographical words are rare, if indeed they exist.
In this particular case, the TüSeg is in fact the bet-
ter segmenter, although nominally it is the worse
one. Similarly, for the Korean data, many apparent
errors are caused by treating the dashes by default
as morpheme boundaries. While this effect is most
visible for these two resources, it may on a lesser
scale appear in others as well. In some cases, the
apparent errors are in fact improvements. For ex-
ample, unfailingly is segmented as un+failing+ly in
the training data (eng-MorphoChallenge), but both
the TüSeg and the CNN-LSTM model unfailingly
segmented it as un+fail+ing+ly.

With respect to the large difference between eval-
uation measures on the original resources and eval-
uation on gold data, a large part of the difference
is grounded in differences between gold segmen-
tation and segmentation, as presented in the re-
sources (for an overview, see Table 4). Here follows
an overview of several types of data incompatibili-
ties and corresponding errors.

• Unrepresentativeness of the training data,
leading to false generalizations. For exam-
ple, SlavickovaDict includes only Czech verbs
in a slightly archaic infinitive form. As a con-
sequence, in the training data, the last two
characters always consist of the Czech inflec-
tive affix -ti. As a result, the models trained on
this dataset tend to segment off the last two
characters.

• Incomplete segmentation in the training data.
It is noteworthy that the macroaverage preci-
sion is significantly higher than the macroav-
erage recall. For no model is recall more than
10 % higher than precision, while in several
cases, the precision is more than 30 % higher
than recall.

• Errors in the training data, especially in au-
tomatically generated data (e.g. MorphyNet)
and/or resources not originally designed for
morphological segmentation (e.g. DerIvaTario,
Uniparser).
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CNN-LSTM TüSeg
resource Both Same Same (%) WAcc MBPrec MBRec MBF WAcc MBPrec MBRec MBF
ces-Morphynet 39 126 31 0.30 0.71 0.31 0.44 0.34 0.75 0.30 0.43
ces-SlavickovaDict 0 0 – 0.30 0.62 0.65 0.64 0.21 0.63 0.53 0.58
deu-CELEX 64 40 63 0.49 0.92 0.48 0.63 0.46 0.91 0.46 0.61
deu-MorphoChallenge 6 6 100 0.41 0.76 0.61 0.68 0.46 0.84 0.56 0.67
deu-Morphynet 21 8 38 0.38 0.82 0.32 0.46 0.38 0.83 0.31 0.45
ell-GreekAnnotatedDict 28 12 43 0.33 0.55 0.46 0.50 0.22 0.53 0.40 0.46
eng-CELEX 121 103 85 0.71 0.61 0.36 0.45 0.70 0.73 0.32 0.44
eng-MorphoChallenge 4 4 100 0.77 0.64 0.63 0.64 0.74 0.64 0.65 0.65
eng-MorphoLex 165 143 87 0.84 0.74 0.76 0.75 0.82 0.78 0.75 0.76
eng-Morphynet 40 26 65 0.76 0.75 0.56 0.64 0.72 0.72 0.55 0.62
fra-demonette 33 7 21 0.35 0.61 0.11 0.18 0.34 0.67 0.09 0.16
fra-MorphoLex 69 39 57 0.45 0.78 0.38 0.51 0.45 0.88 0.36 0.51
fra-Morphynet 44 11 25 0.36 0.64 0.22 0.33 0.37 0.70 0.25 0.37
ita-DerIvaTario 3 0 0 0.14 0.37 0.21 0.27 0.15 0.37 0.17 0.24
ita-Morphynet 25 1 4 0.16 0.47 0.05 0.10 0.17 0.65 0.05 0.09
lat-WFL 73 44 60 0.46 0.83 0.56 0.67 0.42 0.86 0.53 0.66
pol-Morphynet 27 1 3 0.16 0.70 0.14 0.23 0.16 0.71 0.13 0.22
rus-Crosslexica 24 11 46 0.38 0.84 0.64 0.72 0.40 0.84 0.66 0.74
rus-KuznetsEfremDict 59 40 68 0.49 0.82 0.75 0.78 0.49 0.84 0.75 0.79
rus-Morphynet 26 1 4 0.15 0.74 0.09 0.15 0.14 0.70 0.10 0.17
rus-Tikhonov 51 33 65 0.45 0.88 0.59 0.70 0.45 0.90 0.59 0.71
spa-MATS 60 35 0.58 0.44 0.71 0.58 0.64 0.45 0.71 0.55 0.62
spa-Morphynet 48 10 0.21 0.25 0.34 0.10 0.16 0.23 0.33 0.11 0.16
Macroaverage 0.42 0.69 0.42 0.49 0.40 0.72 0.40 0.48

Table 4: Evaluation of the neural segmenters on gold data. Both = how many words are both in training
data and in the golden test set. Same=number of words in both train and test set that are segmented in
the same way. WAcc = word accuracy, MBPrec = morph boundary precision, MBRec = morph boundary
recall, MBF = Morph boundary F1

• Incompatible annotation decisions. For exam-
ple, in cases of character reduplication (like
Tomm-y and Tom-my), it is unclear whether to
increase allomorphy of stems or of suffixes.
Our test data as a rule increase allomorphy
of stems (i.e., the segmentation would be
Tomm-y), which doesn’t necessarily hold
in other resources. Also, some morpheme
boundaries are more debateable than others,
and the authors of the original resources might
have been generally less prone to segment
(e.g. the GreekAnnotatedDictionary).

Morphological complexity does play a significant
role in the performance, as witnessed by the high
results for English (even in the case of the fairly
inaccurate English MorphyNet). Nevertheless, it
seems that typological features impose smaller lim-
itations on the results than size and quality of the
training data. For example, results for Russian are
consistently high, even though Russian is very mor-
phologically complex.

7. Conclusions

In this paper, we have presented the largest mor-
phological segmentation experiment to date, cov-
ering 58 languages. We have trained two state-
of-the-art neural models on surface morphologi-
cal segmentation, achieving 81 % average word
accuracy on the original resources. The models
can be further used in automatically annotating
text corpora on the morpheme level, which is so

far very rare. However, the much worse perfor-
mance on our custom test sets points to the need
for further harmonization of morphological segmen-
tation approaches. There is also a large scope for
further research in the technical side of the exper-
iment, as both the architecture and training can
be potentially improved. For example, if there are
multiple inconsistent resources for a language, it
might be advantageous to (approximately) train a
model succesively on all of these, in increasing or-
der of segmentation quality, or use transfer learning
for similar languages. This would avoid false gen-
eralizations when possible, while not significantly
decrease the quality of the segmentation. If multi-
ple models aren’t available, it might still be useful
to pretrain on a dataset segmented by an unsu-
pervised method. Our preliminary results indicate
improvement in precision, but large decrease in this
scenario. Apart from experiments with different ar-
chitecture (perhaps using another architecture from
Batsuren et al. (2022), especially a Transformers-
based architecture), we might also try to train a
joint model for all the languages, to enable cross-
lingual transfer across related languages (Olbrich
and Žabokrtský, 2025). We would also like to make
use of other morphological features present in the
datasets (e.g. lemma or part of speech), as well as
devise semi-supervised systems using such infor-
mation for improved morphological segmentation.
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Abstract
To foster investigations of noun phrase (NP) inflection in German at scale, this paper introduces DiNoS (Distributional
Noun Structure), a data-driven lexicon of NP heads, which includes statistical information on the dependents and
the morphosyntactic features of their original in-context appearances. We make available the source code for the
extraction of NPs from CoNLL-U treebanks, which includes rule-based heuristics to improve feature annotation
coverage and ensures a homogeneous lemmatisation strategy across treebanks. While the resulting JSON-based
lexicon is suitable for no-code interaction for non-experts, it is further supported by a toolkit for the automatic
calculation of, and access to, various statistical overviews. In this paper, we present the heuristics employed to
extract NP datasets from the German Universal Dependencies’ Hamburg Dependency and GSD treebanks. In
addition, we provide a preview of the emerging DiNoS lexica’s properties and discuss some implications of noun and
determiner word form ambiguity for NP complexity.

Keywords: corpus linguistics, lexicography, Universal Dependencies, German noun phrases

1. Introduction and Related Work

As a fundamental and highly salient construct,
nouns, and noun phrases (NP) by extension, are
prevalent across many linguistic research fields
such as writing research (Ansarifar et al., 2018),
L1 and L2 language use (Lan et al., 2022), and
lexical complexity prediction (North et al., 2023). At
the same time, NPs also pose challenges for non-
proficient individuals during production and under-
standing; exacerbated in morphologically complex
languages (e.g., German).

Lexical complexity prediction (LCP) aims to an-
ticipate and explain comprehension issues for, e.g.,
children, L2 learners, or individuals with aphasia
and distinguishes between absolute (or: objective)
and relative complexity (North et al., 2023). Ob-
jective complexity includes morphosyntactic (here:
primarily morphological structure), semantic, and
phonological factors. In contrast, relative complex-
ity depends on situational and personal, individual
factors, including, but not limited to, the frequency
of a given lemma, word form, or ngram. North et al.
(2023) summarise that such statistical factors as
well as morphosyntactic, psycholinguistic, and con-
textual features have been established as good
LCP predictors. We propose here that, instead of
constituting separate factors, morphosyntactic fea-
tures should be considered in combination with the
lemma, word form, and collocational frequencies of
individual occurrences to create morphosyntactic
subtypes below the level of word forms, i.e. dif-
ferentiating superficially identical instances such

∗Part of the work was completed while the author
was at FLoV, University of Gothenburg.

as the word form Uhr.nominative.singular ‘clock’
from Uhr.accusative.singular. Especially in the
case of highly inflectional, fusional languages with
non-fixed word order, such as German, statistical
familiarity with a lemma does not equate under-
standing of its morphosyntactic attributes and thus
its syntactic role in the larger semantic context of an
utterance. Accordingly, inflection of NPs in German
— where determiners, adjectives, and nouns must
agree according to gender, case, number, and defi-
niteness — remains one of the most common error
sources across all L2 proficiency levels (Spinner
and Juffs, 2008).

To move towards an account of item frequency,
informed by syntactical functions, morphological
features, and collocations with other lexical items
within NPs, this paper lays the groundwork for their
data-driven analysis by 1) extracting NPs from two
German Universal Dependencies (UD) (Nivre et al.,
2020) treebanks, and 2) formatting the extracted
NPs into DiNoS (Distributional Noun Structure) —
a lexicographically inspired, custom JSON data
structure — which is organised using the nominal
NP heads. DiNoS counts occurrences of i) each
NP heads’ lemma, ii) lemmas’ unique word forms,
and iii) their collocations with other words (e.g. de-
terminers, adjectives). Furthermore, each entry
is enriched with the occurrences’ morphosyntactic
features and (when applicable) the word form(s) or
part-of-speech (POS) classes of the dependent(s).

We acknowledge the related, and near-
simultaneous, work by Krsnik and Dobrovoljc
(2025), which presents the STARK toolkit for the
extraction of (sub)trees from dependency-parsed
CoNLL-U files by specifying syntactic patterns. The
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Indefinite Definite
Nom Gen Dat Acc Nom Gen Dat Acc

Sing
Feminine eine Uhr einer Uhr einer Uhr eine Uhr die Uhr der Uhr der Uhr die Uhr
Masculine ein Tag eines Tages einem Tag einen Tag der Tag des Tages dem Tag den Tag
Neuter ein Tier eines Tieres einem Tier ein Tier das Tier des Tieres dem Tier das Tier

Plur
Feminine ø Uhren ø Uhren ø Uhren ø Uhren die Uhren der Uhren den Uhren die Uhren
Masculine ø Tage ø Tage ø Tagen ø Tage die Tage der Tage den Tagen die Tage
Neuter ø Tiere ø Tiere ø Tieren ø Tiere die Tiere der Tiere den Tieren die Tiere

Table 1: German article and noun declensions by gender, case, number, and definiteness for ein/der +
Uhr/Tag/Tier (‘a/the clock/day/animal’).

key difference from our work is that STARK focuses
on abstract syntactical patterns and their frequency
(e.g. DET <det NOUN), while the highest level of
organisation in DiNoS is the NP head’s lemma.
Additionally, even when the remaining dependents
are abstracted, lemma and word form information,
as well as morphosyntactical features, are retained
in DiNoS. Another UD/CoNLL-U-compatible
toolkit, UDeasy (Brigada Villa, 2022), focuses on
streamlining data interaction for non-technical
users by replacing the need for code-based
treebank queries with a graphical interface. The
toolkit also lets the user compile an overview of
feature distributions, but only on the POS-node
level (e.g. “verb” or “noun”) or their crosstabs, as
opposed to lemma or word form levels.

Following an introduction of NP inflection in Ger-
man (2) and the selected treebanks (3), we first
detail the process of NP dataset creation and fea-
ture annotation restoration (4) and proceed with an
illustration of the DiNoS conversion procedure and
design choices, followed by an overview of the fea-
ture distributions (5). Finally, taking the challenge
NP inflection presents for German L2 speakers as
inspiration, we use the DiNoS toolkit to perform an
exemplary analysis of German NPs with definite
determiners to highlight form-based morphosyntac-
tic ambiguity from a statistical perspective (6). Our
main contributions consist of:1

1) DiNoS-lexica of UD_HDT (from Hamburg De-
pendency Treebank, Borges Völker et al.,
2019) and UD_GSD (from GSD, McDonald
et al., 2013);

2) Curation of HDT- and GSD-NP datasets, span-
ning 722k and 49k NPs, respectively;

3) Development of the UD-compatible DiNoS
toolkit to extract NP datasets from CoNLL-U
treebanks and subsequently create a DiNoS
lexicon.

2. Background

Inflection of German NPs depends on the aspects
of gender ∈ {feminine fem, masculine masc, neuter

1Code on GitHub, data releases of HDT-NP/-DiNoS
and GSD-NP/-DiNoS on Zenodo.

neut}, case ∈ {nominative nom, genitive gen, da-
tive dat, accusative acc}, number ∈ {singular sing,
plural plur}, and definiteness ∈ {definite def, indef-
inite indef} (Table 1). Gender is typically regarded
as lexically inherent to a nominal lemma (cf. Opitz
and Pechmann, 2016) but does not necessarily con-
form to its semantic gender. Moreover, inanimate
items lacking real-world gender can be morpho-
logically gendered otherwise (Bender et al., 2011).
It is often posited that gender cannot be reliably
deduced from a word’s surface form. Aside from
cues of morphological (e.g., derivational suffixes),
semantic, or phonological nature, which have been
shown to pattern with gender to an extent (Aikhen-
vald, 2000, referenced in Spinner and Juffs, 2008),
only the recent research by Fedden et al. (2025)
presented strong evidence that regularities may be
more widespread than previously assumed.

Nouns inflect only for case and number. Case
marks their syntactical function and is induced syn-
tactically, often by a governing verb or preposi-
tion. Number and definiteness are primarily de-
termined by the semantic context, though they can
also be analysed as being imposed by the noun’s
determiner. However, Note the high degree of syn-
cretism in Table 1: A noun’s inflection is often not
visibly marked on its surface word form and even
most article forms are shared across the paradigm
and between genders. An NP’s surface form may
thus often encode different combinations of mor-
phological feature values. Further, the degree of
syncretism in a noun’s declension depends not only
on its gender (e.g., four unique surface forms for
Tag and Tier, vs. only two for Uhr) and phono-
tactical structure (e.g., plural suffix -En), but for
masculine and neuter nouns, it also depends on
their inherent inflectional type (strong, weak, or
mixed). Inflectional suffixes are not gender-specific
(e.g., -es marks Gen.Sg.Masc and Gen.Sg.Neut).
Moreover, Eisenberg (2020) claims that current lan-
guage change in German tends to omit inflectional
suffixes on nouns (typically in dative, but also seen
on accusative and occasionally singular genitive
forms), i.e. language use is shifting towards a pref-
erence for the weak, more ambiguous inflectional
patterns. In conclusion, morphosyntactic cues are
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ID Form Lemma UPOS XPOS Features Head Deprel
11-12 im _ _ _ _ _ _
11 in in ADP APPR _ 13 case
12 dem der DET ART Case=Dat | Definite=Def | Gender=Masc | Number=Sing | PronType=Art 13 det
13 Wald Wald NOUN NN Case=Dat | Gender=Masc | Number=Sing 14 obl
11 im _ _ APPRART Case=Dat | Definite=Def | Gender=Masc | Number=Sing | PronType=Art 13 _
13 Wald Wald NOUN NN Case=Dat | Gender=Masc | Number=Sing 14 obl

Table 2: Example CoNLL-U sentence dev-s26 (GSD) (en. ‘in the forest’) before (above) and after (below)
APPRART restoration.

not consistently found on nominal word forms and
also tend to be ambiguous. As a consequence, a
noun’s encoded morphosyntactic features and thus
semantic role often cannot be extrapolated from a
noun’s form alone.

At times, the ambiguity is reduced by the
noun’s dependents, such as the highly informa-
tive determiners (e.g., dem vs. den disambiguate
Tag.dat.sg.def and Tag.acc.sg.def), but many
forms are still ambiguous (e.g., die Uhr can be
nominative or accusative). In total, there are only
six distinct definite (die, der, des, dem, den, das)
and indefinite (ein, eine, einer, eines, einem, einen)
article word forms, most of which are also shared
across genders. Notably, articles do not occur with
indefinite plural nouns (ø Uhren.dem.pl.ind and
stop inflecting for gender in the definite plural con-
dition.

3. Resources

To establish a proof of concept and an initial
database, we select two pre-annotated treebanks
from the Universal Dependencies (UD) (Nivre et al.,
2020; de Marneffe et al., 2021) 2.15 collection (Ze-
man et al., 2024). UD is a communal effort to
create treebanks with cross-linguistically applica-
ble annotations and guidelines. It encompasses
syntactic dependencies, part-of-speech tags, and
morphosyntactic features. Due to the challenging
nature of morphosyntactic parsing of German (Do,
2023), we focus on large, pre-annotated and, at
least in part, quality-controlled data sources to min-
imise noise in our results.

The bulk of our data stems from UD_German-
HDT (UD-HDT), one of the largest German tree-
banks, which is a subset of the Hamburg Depen-
dency Treebank (Foth et al., 2014) that was con-
verted to UD using TrUDucer (Hennig and Köhn,
2017; Borges Völker et al., 2019). Along with the
conversion, annotation was also expanded with ex-
ternal sources and manual input. The data had
been annotated manually and checked for con-
sistency using DECCA, except for one half of the
training data (Borges Völker et al., 2019). Themati-
cally, HDT consists of editorial, political, and legal
articles related to computer science and technol-
ogy, sourced from the German news site heise.de

(1996–2001).
The second treebank is UD_German-GSD (UD-

GSD), first released by McDonald et al. (2013) who
stated that the domains consist of news texts from
the Tiger Treebank (Brants et al., 2004) and unspec-
ified consumer reviews. Starting with the UD v2.0
release, duplicates were removed from the data and
texts from the “web domain” were added to the train-
ing data, supposedly from Wikipedia among other
sources. HDT surpasses GSD in size, sentence
construction complexity, and vocabulary specificity.
GSD is characterised by a more colloquial register,
opening up the possibility of investigating domain
effects.

In both treebanks, we pool the data from all train,
dev, and test files. Sentences are pre-split, to-
kenised, and given in the CoNLL-U format (e.g.,
Table 2) which we process using the conllu library.
Words are further annotated with a sentence po-
sition ID, word form, lemma, universal POS tag
(UPOS), a language-specific POS tag (XPOS, here:
Stuttgart-Tübingen-TagSet (STTS, Schiller et al.,
1999), morphological features, the governing head
token’s ID, and the dependency relation (deprel) to
that head token. Together, the data amount to 206k
sentences (HDT: 189.9k, GSD: 15.6k) consisting of
a total of 3.8M tokens (HDT: 3.5M, GSD: 268.4k).

4. Noun Phrase Dataset Creation

To extract the NPs from a CoNLL-U sentence, we
first select all its NP heads and then add each
head’s direct, agreeing dependents. We restrict
our choice of NP heads to common nouns with a
minimum length of two letters,2 and to simple NPs
(nouns with determiners, prepositions,3 or adjecti-
val/adverbial modifiers). For composite and multi-
word nouns (e.g., ein Karate Meister ‘a karate mas-
ter’), the subordinate modifier (here: Karate) does
not constitute an independent NP and is instead
extracted along with the article as a dependent of
Meister. The other dependents were retrieved via
their positional ID and head token ID annotations.

2No regular common noun word form of German con-
sists of less than two letters, although such tokens may
exist in the data.

3Following UD annotation, we consider Prepositional
Phrases as a subtype of NP.
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Thus, complex NPs such as those involving subordi-
nate clauses or instances like von der Auswahl und
der Qualität ‘by the selection and quality’, where
Qualität has a conj relation to Auswahl, are broken
up into two independent NPs: von der Auswahl and
der Qualität.

In this way, we extract about 722k eligible NPs
from HDT, and 49k NPs from GSD. The number of
NPs excluded due to insufficient NP head length
was low (HDT: 614, GSD: 218).

4.1. Feature Restoration
Initial inspection revealed that about 1.32% of NP
heads in GSD and 89.46% of NP heads in HDT had
insufficient annotation for gender, case, or number.4
We attempt to restore this annotation on NP heads
and determiners during NP extraction by searching
the feature annotations of a given NP’s grammati-
cally agreeing dependents for the missing values
and copying them. Additionally, we infer missing
case values from the NP head’s syntactic function,
provided it has a definite mapping to a case value,
i.e. nsubj→nom, obj→acc.

Feature restoration was successful for nearly
75% of incomplete HDT items. This leaves about
23.7% NPs in HDT-NP that remain underspecified
in one or more features. In contrast, gaps in the an-
notation were comparatively rare in GSD (<1.5%).

4.2. Token Contraction
According to UD guidelines, tokens corresponding
to the XPOS tag APPRART (STTS: “preposition
with fused article”) were split into two separate to-
kens in both treebanks: APPR (UPOS: ADP) and
ART (UPOS: DET), e.g., im → in dem. However,
this split into syntactic words introduces additional
ART/DET tokens and does not accurately depict the
orthographic words used in the source materials.
Therefore, we restore the original contracted forms
from the preserved APPRART relic tokens (Table 2).
APPRART relics are identifiable by their position
ID’s unique format (a range of IDs encompassing
the respective deconstructed forms’ position IDs).
We use the XPOS tag APPRART and copy the
deconstructed adposition’s position ID and head
token ID, as well as the unified feature annotation of
both the adposition and determiner. Lastly, the now
redundant deconstructed tokens are dropped from
the NP. In total, 53,526 APPRART tokens were
reconstructed across NPs from HDT and 3,649
across GSD.

Ultimately, we obtain two NP datasets: HDT-
NP (722,135 NPs, 1,684,425 tokens, avg. 2.33

4In the following, we focus on these three features
and exclude definiteness since nouns do not inflect for
this feature and its expression on NPs is unequivocal.

tokens/NP) and GSD-NP (49,425 NPs, 118,988
tokens, avg. 2.41 tokens/NP — NP subsets of the
CoNLL-U UD treebanks with improved annotational
coverage.

5. Distributional Noun Structure

Our next goal is to transform the extracted and re-
stored NPs from each treebank into the custom
DiNoS lexicon format. For each lemma, we aim
to capture absolute frequencies of the lemma and
its word forms, as well as information on the mor-
phosyntactic features and collocations associated
with each form’s occurrence (Figure 1).

5.1. Relemmatisation Algorithm
GSD and HDT exhibit different lemmatisation strate-
gies for nominal compounds — a highly productive
construction in German, found among many collo-
quial and lexical items, e.g. Krankenhaus ‘hospi-
tal’ (sick.noun + house.noun). While compounds
receive independent lemmas in GSD, their coun-
terparts in HDT are tagged with the head of their
morphological lemmas (i.e. Haus ‘house’). Due
to the productivity and frequent lexicalisations of
these constructions, as well as the difference in mor-
phological complexity of compounds and atomic
nouns, we opt to apply GSD’s lemmatisation strat-
egy to HDT using a custom form- and rule-based
relemmatisation algorithm.

Using the lemma of a compound’s morphologi-
cal head, we infer the compound’s uninflected form
and instantiate a new lemma entry: In the sim-
plest case, the compound form is not inflected, e.g.
Krankenhaus is a direct match for the lemma Haus.
Alternatively, an inflected compound form Kranken-
häuser.neut.nom.pl can be lemmatised by either
leveraging the large size of the treebanks and find-
ing a match of an inflected non-compound from
(given: Häuser → Haus; therefore: Krankenhäuser
→ Krankenhaus); or, if no matching inflection was
found, by establishing a match with the morpho-
logical head lemma after reverting the plural um-
laut ä to a: Krankenhauser → Krankenhauser →
Krankenhaus. After all newly established com-
pound lemmas were added, forms which still could
not be matched to a lemma receive the pre-existing
‘Unknown’ lemma. At this time, we prune NPs
whose head lemma is ‘Unknown’ or purely numeri-
cal.

Table 3 reports the number of total NPs and the
therein contained unique lemmas and unique word
forms, as well as the the ratio of unique word forms
to lemmas at three stages: Extracted NPs prior
to relemmatisation (raw), post-relemmatisation but
excluding the pruning of ‘Unknown’ lemma and nu-
merical items (noisy), and post-relemmatisation
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Figure 1: Demonstration of DiNoS format with word form entry Auge (lemma Auge ‘eye’) from GSD-DiNoS.

with pruning (clean/DiNoS).

NPs Lemmas Forms Ratio

HDT-NP
raw 722,135 13,777 116,019 8.42
noisy 722,135 84,689 110,986 1.31
clean 707,706 84,598 102,418 1.21

GSD-NP
raw 49,425 17,464 20,305 1.163
noisy 49,425 17,435 20,195 1.158
clean 49,416 17,433 20,190 1.158

Table 3: Effects of relemmatisation and pruning.

The coarse lemmatisation of HDT is clearly vis-
ible in the raw data. Despite being more than
10 times the size of GSD and having substan-
tially more unique word forms (GSD: 20.3k, HDT:
116k), raw HDT has notably fewer unique lemmas
(GSD: 17.5k, HDT: 13.7k). Furthermore, the form
to lemma ratio of 8.42 in Table 3 implies that each
lemma in HDT exhibits around 8 inflectional forms
on average, however, no noun class in German
has more than 6 inflectional forms. The DiNoS
relemmatisation algorithm aligns the datasets: In
the noisy row, HDT’s number of unique lemmas
(84.7k) corresponds much more closely to its over-
all size, as does the aforementioned ratio (1.21) to
GSD’s (1.16). Although some NPs with numerical
lemmas were dropped from the clean row (HDT:
145 NPs, 92 lemmas; GSD: 1 NP, 1 lemma), prun-
ing during relemmatisation was mostly confined to

‘Unknown’ lemma NP heads (HDT: 20,674 NPs, 21
lemmas; GSD: 8 NPs, 5 lemmas). Additionally, the
raw HDT data contained 23,260 NP heads which
had already been tagged with the ‘Unknown’ lemma
and of which 72.7% were successfully remapped
to a lemma entry by the algorithm.

771 (4.4%) of the lemmas in GSD-DiNoS
counted more than 10 occurrences in the data, as
is the case for 6549 (7.7%) lemmas in HDT-DiNoS
(Figure 2). Owing to its large source treebank, HDT-
DiNoS also contains 1011 lemmas which occurred
>100 times (mean: 400, median: 211). These
items present a start towards collecting data for
exploring lemma-level statistics, such as case pref-
erences on the word level.

Figure 2: Frequency distribution of lemma counts.
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Figure 3: Relative frequency of feature values on NP heads pre/post feature restoration and pruning.

5.2. Structural Design

The subset of extracted and restored NPs from
each treebank is transformed into a JSON-
based DiNoS lexicon, which aggregates NPs
with the same head lemma (Figure 1). For
each lemma, absolute frequencies of the lemma
(here: 20) and its word forms (here Auge: 5,
Auges: 1, Augen: 14) are captured. Moreover,
each occurrence feeds into three areas of inter-
est: morphosyntactic features (feat(ure)_types)
in isolation (gender, case, number), in com-
bination with dependents (spec(ifier)_types),
and in combination with the syntactic function
(dep(endency)rel(ations)_types). From the ex-
ample in Figure 1, it is visible that the word form
Auge occurred most often as Auge.sg.dat. The
subcategory spec_types warrants further explana-
tion: To gain insight into how likely a reader is to en-
counter a given NP pattern, collocations are tracked
as the dependents that co-occur with a given NP
head, along with their feature annotation. These
specifiers are assigned to one of three subcate-
gories: 1) determiner-articles (det_art_specs), 2)
non-article “general” determiner (e.g. possessive
pronouns; including APPRART; gen_det_specs),
3) other (e.g., adjectives), including no further
dependents (e.g., indefinite plural). Since these
categories are technically not mutually exclusive,
they are assigned hierarchically in the order they
were presented above, i.e. presence of an article
necessarily ensues category 1), regardless of the
presence of other, general determiners. Depending
on the subcategories outlined above, occurrences
are tracked with the specifier’s 1) word form, 2)
word form and XPOS tag, or 3) a UPOS-XPOS tag
pair (if applicable, else we use a non_spec place-
holder). The form Auge appeared most commonly
in dative case, and tends to occupy indirect object
(obl) positions.

5.3. Overview of Macro-Feature
Distributions

Using the DiNoS toolkit, this section presents the
distributions of the morphological features, depen-
dency relations, and frequency of specifier groups
across HDT- and GSD-DiNoS. The morphological
feature overview also includes the distribution over
the raw data, to highlight the effect of the feature
restoration. Due to the immense number of lemma
and word forms together with combinations of gen-
der, case, number, dependency relations, and spec-
ifier groups, we leave many of the possible analyses
open for future work.

Morphology In Figure 3 we examine the distribu-
tions of morphological features across (1) all initially
eligible NPs before any pruning or annotation mod-
ification (raw), and (2) the clean DiNoS lexica after
feature restoration, relemmatisation, and pruning
(DiNoS).5 For GSD, the overall coverage of feature
annotation in the raw data is high: only for gender
are >1% of NP heads missing a value and differ-
ences from the DiNoS version are minimal. On
the other hand, of the 722k NPs initially extracted
from UD-HDT, 5% of NP heads lack gender, 4%
lack number, and a striking 89% lack annotation
for case. Beginning with gender and number, our
feature restoration heuristics reduce unknown val-
ues by -1.94 and -2.21, respectively, while pruning
further lowers them down to 2.27% (gender) and
0.91% (number) in the final version. For case an-
notation, look-up from dependents and inference
from dependency relations was highly successful,
reducing unknown case items by -76.03 down to
13.08%, and 12.85% after pruning. The restoration
of dative case in particular indicates that feature
annotation in HDT is sparsely distributed among

5Since pruning had minimal effects on the distribu-
tions in either dataset, we omit the intermediary stage of
pruning without restoration/vice versa from the graphic.
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agreeing constituents, rather than incomplete: NP
heads are annotated for gender and number, while
case is situated on dependents such as determin-
ers.

Generally, distributions between the DiNoS lex-
ica are similar for gender and number: The most
common gender is feminine (avg. 40.1%), followed
by masculine (avg. 35.6%) and neuter (22.6%) —
error margins of ∼2 points withstanding. These val-
ues broadly correspond to distributions of gender
over the most common nominal lemmas in Ger-
man reported in Fedden et al. (2025), although
highly frequent lemmas have a higher weight in the
data-driven feature distribution here. The extent of
alignment between the lexica is less clear for gram-
matical case since 12.85% of items from HDT are
still underspecified for case. At 9.2%, the largest
gap currently persists for nominative case (HDT:
21.07%, GSD: 30.22%). Aside from nominative,
which is the second most common case in GSD and
third most common in HDT, the frequency order-
ing and values of the remaining cases align so far:
dative (avg. 31.45%, ±1.58), accusative (25.91%,
±0.64), genitive (10.46%, ±0.8). Regarding gram-
matical number, singular NP heads account for
about two thirds of the data. Plural is favoured
more strongly in HDT than GSD, which may be in
part attributed to the fact that the most common NP
heads consist of mainly plural nouns (e.g., count-
ing/currency units such as Prozent ‘percent’) and
form a Zipfian distribution.

Dependency Relations Table 4 shows the 8
most common dependency relation tags found on
the NPs underlying HDT- and GSD-DiNoS, each
covering >95% of all instances per lexicon.

nmod obl nsubj obj conj nsubj:
pass root appos

GSD 25.5 23.8 15.1 11.6 9.1 4.0 3.7 2.1
HDT 23.2 25.4 16.5 17.2 6.2 3.1 2.4 3.5

Table 4: Top 8 most common deprel tags.

Specifiers Nearly half the NPs in HDT- and GSD-
DiNoS contain an article (ein/der), around 16%
contain another type of (non-article) determiner,
22% occur with non-determiners (e.g. adjectives),
and about 13% of NPs consist of just the NP head
without any direct dependents (Figure 4)

6. Example: Morphological Subtypes
of Definite Articles

In the following, we focus on the most common type
of NP: NPs with a definite article (HDT-NP: 38.17%
of all NPs, GSD-NP 39.38%). First, we explore how
the morphological features of this subset differ from

Figure 4: Relative frequency of specifier categories.

the overall population of NPs. Second, we take a
closer look at the distribution of morphological fea-
tures over the definite article’s word forms, examine
which morphological subtypes reveal themselves,
and how these may compete with each other in
terms of frequency and ambiguity.

Figure 5: Relative frequency of feature values on
NPs with definite articles.

The morphological feature distributions in Fig-
ure 5 roughly follow the patterns seen in their su-
persets (Figure 3), while only very few annotations
(exclusively gender) remain underspecified. How-
ever, feminine gender is notably more common
(>+5%) in these subsets; the increase in each ex-
ceeding the possible margin of error from previously
unknown gender values. Within grammatical num-
ber, the shift and proclivity towards singular is also
substantial (avg. +9.47). Furthermore, case val-
ues align: Nominative is the most common case in
both (∼33.5%) and genitive (∼19.9%) is also more
frequent in the definite article subsets. Still, there
appear to be population differences: With a gap
of ±4.87, dative is favoured by GSD, while HDT
favours accusative (±5.12). Therefore, although
similarities persist, there are also some discrepan-
cies between the feature distributions across defi-
nite article NPs and those seen across all NPs.

As seen in Section 2, definite articles may aid in
deciphering an NP’s morphological features due to
the more pronounced inflectional markings, thus,
in turn, aiding language processing (Rogers and
Gries, 2022). Figure 6 reveals how the morpho-
logical feature values from Figure 5 are distributed

197



Figure 6: Relative frequency of morphological features across the definite article’s distinct word forms.

across the definite article’s word forms. Patterns of
cumulative relative frequency and degrees of am-
biguity emerge: The less common forms das, des,
and dem (<10% of all definite article occurrences)
display ambiguity in only one cardinal feature each
(das: nom/acc case, des/dem: masc/neut gen-
der), but their competing values occur at similar
rates. Den is a slightly more common form (∼10%)
but also subject to more syncretism. The two most
common forms by far, der (avg. 33%) and die (avg.
32%), ultimately account for about two thirds of
all definite article instances together. Die has the
same degrees of ambiguity as den (all genders
and numbers), but appears only in either nomina-
tive or accusative case. Der appears in one more
grammatical case — all but accusative. Both of
these highly frequent forms encode feminine and
singular most often, which matches the cumulative
frequencies of the individual feature values seen in
Figure 5.

Next, we go beyond the association of singu-
lar features to word forms and view the frequen-
cies of the morphologically unique subtypes of
the definite articles to explore whether forms have
“default interpretations” or whether their subtypes
occur at similar rates. Using a tuple of the fully
specified gender, case, and number values to dis-
tinguish the word forms, 24 unique morphological
subtypes emerge in Figure 7 (not including the 4
types with indeterminate gender). In GSD, the most
common subtype is der.fem.dat.sg (12.9% of all
definite article instances) so that the most common
appearance of der in GSD encodes neither nom
case nor masc gender, as the commonly cited “de-
fault” of nominative singular (with a definite article)
would demand (Schriefers and Teruel, 2000; Fed-
den et al., 2025). Nevertheless, der.masc.nom.sg
is also highly frequent at 9.1%. In HDT this type
does constitute both the most frequent der subtype
and the second most frequent definite article sub-

Figure 7: Relative frequency of morphological sub-
types of definite articles.

type in general (10.1%). Overall, the top 5 most fre-
quent and all but one of the bottom 5 least frequent
types are all subtypes of die or der. The subtypes
can be split along the number feature, with more fre-
quent singular (≥5%) and low frequent plural (≤5%)
subtypes. Another article form whose subtypes are
split along the number feature is den. The form ex-
hibits an archetypical subtype, den.masc.acc.sg,
which accounts for around half of its instances, and

198



three plural subtypes den.dat.pl with lower, similar
frequencies.

In plural, the definite article no longer distin-
guishes between genders and only changes de-
pending on the grammatical case. Among the plu-
ral forms, note that masculine is the most common
gender in: dative (den subtypes), nominative (die
subtypes), and genitive case (der subtypes), but
not in accusative case (der subtypes). This con-
trasts with the observation that feminine is the most
common gender of singular subtypes. Conversely,
masculine and accusative had been very frequent
in HDT-DiNoS overall, but they do not constitute the
most common gender-case combination among the
plural subtypes of the definite article. It ensues that
interaction effects between features are possible.

7. Conclusion and Future Work

We presented DiNoS (Distributional Noun Struc-
ture), a lexicon-like data structure and toolkit for
the fully automated extraction of NP datasets from
pre-annotated German data in the CoNLL-U format.
From the UD-HDT and -GSD treebanks, we created
the datasets HDT-NP (722.1k NPs, 1.7M tokens)
and GSD-NP (49.4k NPs, 119.0k tokens), compris-
ing NPs with common nouns as heads and their
direct and grammatically agreeing dependents. As
part of this extraction, feature annotation on the
NP heads and their determiners was restored from
agreeing dependents to maximise coverage of the
annotation for gender, case, and number without
the need for external knowledge resources, greatly
expanding the annotation coverage for HDT in par-
ticular. Using DiNoS, we further aligned the lem-
matisation granularities of the two NP datasets and
transformed them into a data-driven, lexicon-like
JSON data structure (HDT-DiNoS: 84.6k lemmas,
GSD-DiNoS: 17.4k lemmas) — suitable for both
code-based interaction and manual lookup.

DiNoS and its supplied loader allow for the calcu-
lation of and access to various frequency distribu-
tions of lemmas, word forms, features, dependency
relations, and collocational constructions on the cor-
pus, lemma, and word form levels, many of which
are pre-computed automatically. As an exemplary
analysis, Section 6 showed that the morphological
feature distributions of certain subsets of NP con-
structions, such as NPs with definite articles, differ
from those on the population level. Furthermore,
we demonstrated that the morphological subtypes
of the superficially identical definite article word
forms often compete with each other in terms of
frequency, building a case for including the degree
of competition and ambiguity in assessing, e.g., an
NP’s complexity.

The analysis example here only scratches the
surface of research possible with DiNoS. For ex-

ample, feature correlations and interactions, such
as gender x case, on the noun type or article basis
can be further explored (see also Rogers and Gries,
2022). Comparisons of our distributions to related
work would be desirable, however, the authors are
not aware of any further comparable works. We ex-
pect the toolkit to be compatible with other CoNLL-U
treebanks of German and potentially adaptable to
other languages. In future work, we also aim to
expand the data structure design and, although au-
tomated morphosyntactc annotation remains chal-
lenging in German, to include external tools to verify
and expand the morphological annotations.

Limitations

During NP extraction, heads were restricted to
common nouns which had to be attested by both
its UPOS and XPOS tag. The reason being
that, for one, both treebanks contain truncations
(e.g. Tages- und Nachtzeit ‘day- and nighttime’,
GSD dev-s471), which are only detectable via the
XPOS=TRUNC tag (HDT: 90, GSD: 82). They are
unsuitable as NP heads due to lacking feature an-
notation and having no eligible direct dependents.

Our work focused on pre-annotated, quality con-
trolled treebanks to minimize noise. GSD contained
1,375 nouns with visible tagging errors, i.e. incon-
sistencies where nominal and other POS tags were
mixed, which we excluded to minimise noise in our
NP datasets. GSD also had slightly higher error
rates than HDT in the definite article annotations
with 0.22% vs. 0.03% of all definite articles being
affected; errors here mean combinations of article
forms and feature values that are not admissible in
German (e.g., *das.fem.nom.sg). Potential error
rates among the extracted items with admissible
combinations are unknown and cannot be ruled out
entirely. However, there should be sufficiently few,
or indeed ungrammatical constructions from un-
moderated, web-scraped materials. Errors in HDT
would likely stem from the second half of the train-
ing data which had reportedly not been checked
for annotation errors (Section 3).

In HDT-NP, ∼12.85% of NPs are still missing
case annotations, while the only remaining under
underspecified article subtypes for HDT in Figure 6
and Figure 7 lack merely gender. By utilising the
lemma-based organisation of the DiNoS the re-
maining unknown values could be reduced further
by either referencing the lemma’s gender entry.
However, the implementation is not as straightfor-
ward, since homographs with differing genders may
share the same surface forms (e.g. Band.fem ‘[mu-
sical] band’ vs. Band.masc ‘volume [of a book se-
ries]’). This aspect could be improved upon by, for
instance, sorting forms under a lemma entry by
their associated gender.
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Abstract
Metaphor, a figure of speech and a cognitive device, offers a powerful way to explain one conceptual domain in
terms of another. Particularly successful metaphorical mappings conventionalize through frequent use and lose
their creative quality. They become sense extensions of polysemous words. Our dataset project captures such
metaphors with ten regular polysemy patterns that manifest repetitively in the meaning structures of English words.
Regular metaphor, unlike its counterpart regular metonymy, has not previously received a dedicated dataset, and we
intend to close this gap. The dataset under construction features naturalistic sentences extracted from a general
language corpus and is manually annotated with sense labels for metaphorically extended polysemes. Its intended
use is to support linguistic, cognitive and computational investigations into patterns of meaning in polysemy, while
accounting for its complexity, regularity, continuity and heterogeneity. We see neural language models as an excellent
experimental ground for such research because they are able to show both distributional (continuous) and symbolic
(discrete) behavior in language processing and representation. In this paper, we reflect on how these systems tally.

Keywords: metaphor, polysemy, large language models

1. Introduction

Metaphor is a figure of speech that involves map-
pings between two conceptual domains based on
analogy or similarity between the source domain
and the target domain (Lakoff and Johnson, 1980).
Through frequent use and entrenchment (Grady
et al., 1999; Langacker, 2017), metaphors con-
ventionalize, thus moving away from the creative
pole of the continuum (Cardillo et al., 2012). Some
metaphors also lose their perceived figurative qual-
ity in this process and are processed similarly to
literal expressions (Cardillo et al., 2010, 2017; Lai
et al., 2009). These shifts are what contributes to a
conventionalized, entrenched metaphor becoming
a sense extension of a polysemous word (Egg and
Kordoni, 2022; Reijnierse et al., 2018; Steen et al.,
2010b). Some metaphoric mappings are so salient
that they repeat themselves over and over across
lexical units of a semantic domain, thus forming
regular polysemy patterns (Lombard et al., 2023,
2024; Srinivasan and Rabagliati, 2015).

Metaphor and polysemy present a double chal-
lenge for natural language processing: polysemy,
a language phenomenon that implies multiplicity of
word’s senses, causes ambiguity (Haber and Poe-
sio, 2024), whereas metaphor, describing one con-
cept in terms of another, requires semantic cross-
domain integration (Momen et al., 2026). Both phe-
nomena increase processing difficulties for humans
and machines and both are ubiquitous: most lexical
words show varying degrees of polysemy (Durkin
and Manning, 1989; Haber and Poesio, 2024; Zipf,
1945), and metaphors are pervasive even in scien-

tific and formal domains (Steen et al., 2010a).
This work-in-progress contribution presents a

novel dataset that aims to capture the regulariza-
tion of metaphor with 10 polysemy patterns of En-
glish. Its intended use is to support linguistic and
cognitive analyses of regular metaphor and poly-
semy using computational linguistic methods. In
particular, we envisage experimentation with neu-
ral language models (LMs) including distributional
semantic modeling, contextualized representation
analysis, clustering, sense induction methods and
other types of exploration and probing.

Polysemy and figurativeness cover phenomena
that evade attempts to represent them in exclusively
discreet or exclusively continuous ways. Recent
work on polysemy shows how lexical meaning is
continuous in sense individuation, sense related-
ness, productivity and regularity of polysemy pat-
terns. At the same time, grouping these continuous
phenomena into symbolic, discrete-like categories
can serve as a meaningful generalization when
observing human language processing and build-
ing theories of language (Boleda, 2025; Futrell and
Mahowald, 2025; Li, 2024; Trott and Bergen, 2023).

In this light, neural language models can serve
as a suitable tool to approach such heterogeneous,
fluid language phenomena. They can flexibly offer
both symbolic and distributed (continuous) repre-
sentations, as argued in recent position papers
by Boleda (2025), Futrell and Mahowald (2025),
and Grindrod (2024) and demonstrated specifically
on polysemy material by Li and Armstrong (2024)
and Li and Joanisse (2021). Research into linguis-
tic capabilities of LMs shows that they are able to
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sufficiently encode relevant linguistics information
(Garí Soler and Apidianaki, 2021; Li and Joanisse,
2021; Wiedemann et al., 2019). The architectural
design and the emergent linguistic capabilities of
LMs make them a suitable experimental ground to
study language in its complexity and heterogene-
ity. Our rich and systematic language resource
provides the means to do so.

2. Background and Related Work

Applying the framework of regular polysemy to
metaphor is not supported by many linguistic ap-
proaches to polysemy. The term was first intro-
duced and defined by Apresjan (1974, p. 16): “Pol-
ysemy of the word A with the meanings ai and aj
is called regular if [...] there exists at least one
other word B with the meanings bi and bj, which
are semantically distinguished from each other in
exactly the same way as ai and aj [...]”. Apresjan
(1974) underlines that the typical sense extension
device for this polysemy type is metonymy, while
metaphorization is a source of irregular senses. Un-
like metaphor that maps two disjuncted domains,
metonymy operates on domain contiguity. The stud-
ies that cite and build upon Apresjan’s work (1974)
adopt this idea. Pustejovsky’s Generative Lexicon
tradition (Pustejovsky, 1991) and computational lin-
guistic work relying on it exclude metaphor from
regular polysemy investigation as well.

In contrast, a number of works in lexicography
(Nimb and Pedersen, 2000; Polguère, 2018, 2022),
lexicology (Berri, 2020), cognitive and psycholin-
guistics (Lombard et al., 2023, 2024; Srinivasan
and Rabagliati, 2015), and intersecting computa-
tional domains (Barque and Chaumartin, 2009;
Freihat et al., 2013; Peters and Peters, 2000)
treat patterns of metaphor as regular, on par with
metonymies. In particular, the psycholinguistic stud-
ies of Lombard et al. (2023) and Lombard et al.
(2024) develop metrics of polysemy pattern regular-
ity based on data from Wordnet (for English) and
expert lexicological expertise (for French) show-
ing that patterns of metaphor can be as regular as
those of metonymy, with varying regularity degrees.

The concept of regular polysemy is important
in the ongoing discussion on meaning represen-
tation in the human mind. Recently, hybrid ap-
proaches dominate, combining the sense enumer-
ation approach and one meaning representation
(see Haber and Poesio, 2024 for an overview). Li
(2024) develops a symbolic-continuous polysemy
theory based on previous experiments with neu-
ral language models (Li and Armstrong, 2024; Li
and Joanisse, 2021), where regular polysemy pat-
terns create entrenched meaning modulations that
are continuous in sense individuation but allow
grouping into emerging discrete-like sense clus-

ters. Psycholinguistic evidence delivers similar ac-
counts (Haber and Poesio, 2020; Rabagliati and
Snedeker, 2013). Involving regular metaphors into
the experimentation of this kind could give us a
more complete picture of how patterns of meaning
form. Unfortunately, the exclusion of metaphor from
regular polysemy theories, and consequently from
NLP experimentation that adopts these theories (if
any at all), is partly a reason for the absence of
a sizable corpus that could help to systematically
compare two of the most important regular sense
extension devices (metonymy and metaphor) on a
scale. The present work contributes to the field by
developing such a resource.

3. Dataset Design and Methodology

Scope. We treat conventional metaphor mappings
that form patterns across the vocabulary, as per
the above definition of regular polysemy (Apresjan,
1974). Conventionalized metaphors usually appear
as senses of polysemous words in the dictionaries
(Egg and Kordoni, 2022; Reijnierse et al., 2018;
Steen et al., 2010a). If we can observe the same
mappings in the sense structures in a series of
words, we can consider it a regular pattern.

Source of patterns, words and senses. We
borrow metaphorical patterns and their lexical real-
izations from previous research in regular polysemy,
in particular Lombard et al. (2024). The authors ex-
amine the distribution of 15 polysemy patterns in the
English lexicon by extracting lexical material from
WordNet (Fellbaum, 1998; Miller, 1995), manually
validating it and applying quantitative measures
to assess the degree of regularity of the patterns.
These measures are based on the number of words
that fit the pattern, the number of words that could
potentially do so and the frequency of target words
in a corpus. From 15 patterns, we discarded those
that were extremely irregular and would not warrant
sufficient material for experimentation (less than 10
words identified as fitting the pattern), as well as
those that involve highly specialized, terminologi-
cal senses usually unknown to general language
users. The remaining 10 patterns still fall under
a wide range of regularity degrees, with some of
them approached previously in psycholinguistics
(Srinivasan and Rabagliati, 2015) and computa-
tional lexicology (Barque and Chaumartin, 2009).

The patterns covered at the current stage of the
project are animal cry - communication and natu-
ral phenomenon - way of occurring. We exam-
ine both noun and verb realizations when possible.
The sense mappings covered by these patterns
are exemplified in Table 1 for words roar and del-
uge.1 Dictionaries are used to verify that sense
descriptions of selected words exhibit the intended

1The complete inventory of words and senses under
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Pattern Word PoS Literal Metaphoric
animal cry - communication roar V (of a lion or other

large wild animal)
utter a full, deep,
prolonged cry

(of a person or crowd) utter a loud, deep,
prolonged sound, typically from anger,
pain, or excitement; utter or express in a
loud tone; (of a crowd) encourage
(someone) to do something by loud
shouts or cheering; laugh loudly

animal cry - communication roar N a full, deep,
prolonged cry uttered
by a lion or other
large wild animal

a loud, deep sound uttered by a person
or crowd, generally as an expression of
pain, anger, or approval; a loud outburst
of laughter

natural phenomenon - way
of occurring

deluge V overwhelm with a
flood

to overwhelm with a large number or
amount

natural phenomenon - way
of occurring

deluge N a severe flood; a
heavy fall of rain

a great quantity of something arriving at
the same time

Table 1: Sample of sense inventory. The table presents senses (Literal and Metaphoric) covered by two
exemplified Patterns realized by words roar and deluge. Sense descriptions derived from OED.

Pattern Word PoS S. Sentence
animal cry - communication roar V L The lion has roared: who will not fear?
animal cry - communication roar V M He roared a great shout of laughter.
animal cry - communication roar N L We ate in the London Zoo and our meals were made

interesting by the chatter of monkeys and the roar of lions in
the background.

animal cry - communication roar N M Against the roar of rage he waved for silence.
animal cry - communication bleat V L The sheep were pushing into the fold, stumbling and bleating.
animal cry - communication bleat V M He bleats that his critics are talking the country down
animal cry - communication bleat N L The only sounds to be heard were the sheep’s teeth tearing

grass and their low, rumbling bleats.
animal cry - communication bleat N M They’re trying to buy me off in hopes I’ll bow to their idiotic new

arrangements without a bleat.
natural phenomenon - way
of occurring

torrent N L This produced a torrent of words but little effective action.

natural phenomenon - way
of occurring

torrent N M A quiet river on a summer’s day may be a raging torrent in
February.

natural phenomenon - way
of occurring

deluge V L The lake of liquid peat had burst through into the workings
beneath it and was deluging into the colliery.

natural phenomenon - way
of occurring

deluge V M Awards were deluged on him, as were titles, praise and
eulogies in the national press.

natural phenomenon - way
of occurring

deluge N L One deluge won’t end the drought.

natural phenomenon - way
of occurring

deluge N M Afterwards viewers sent a deluge of complaints about how
boring the show was and asking them never to return to the
Hacienda.

Table 2: Dataset sample. Column Pattern contains the names of regular poylysemy patterns; Word
contains the words instantiating the pattern; PoS marks either a verb (V ) or a noun (N); S. (sense) labels
literal (L) and metaphorical (M) senses; Sentence contains extracted sentences.

metahporical pattern (Oxford English Dictionary —
OED and American Heritage Dictionary — AHD)2.
Reimann and Scheffler (2024) experimentally show
that using sense descriptions from dictionaries is
more reliable than human scoring on metaphor
conventionalization. Such subjective annotation
correlates with word frequency (Do Dinh et al.,
2018; Momen et al., 2026) because human an-
notators tend to assign higher novelty scores to

these patterns, as well as the list of patterns that remain
to be annotated can be consulted in Appendices A and B.

2OED: oed.com, AHD: ahdictionary.com

rare words. As a result, each individual annota-
tor’s exposure to less frequent vocabulary mingles
with assessment of metaphor novelty. Less fre-
quent words, however, can have perfectly conven-
tionalized metaphoric senses listed in the dictionar-
ies, while relatively common words may be used
creatively. Our dictionary-based approach, even
though time and effort-consuming, helps to avoid
this confound.

Source of sentences. We present metaphor-
ically motivated polysemes in their full sentence
context to observe their naturalistic use in texts.
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Linguistic experiments often use handcrafted sen-
tences that are tailored to the narrow purposes
of each study (e.g. Cardillo et al., 2010, 2017;
Lai et al., 2009). While offering a general high
quality and controlled conditions of a manually
created resource, these can potentially introduce
bias. Momen et al. (2026) evaluate a series of lan-
guage models on various pre-existing conventional
metaphor datasets and find that results from syn-
thetic data differ from the extracted data, as man-
ually created sentences are intentional in sense
distinction by lexical means. With this in mind, we
opted for sentence extraction from a general lan-
guage corpus (British National Corpus — BNC)
(BNC Consortium, 2007) that represents natural-
istic language use as opposed to synthetic data.
In cases where we cannot draw enough material
from BNC, we revert to Wikipedia dump 3 and Web
corpora (Goldhahn et al., 2012).

Size. We selected 10 regular metaphor patterns
and 10 word instantiations per pattern. As we aim
for the explorations with LLMs, we draw at least 50
sentences for each word sense (the base sense
and the derived metaphorical sense), so we have
enough material for sensible experimentation and
evaluation (see Table 2 for a sample of our dataset).
To study regular metonymy and regular metaphor
in comparison, we structure our dataset in a way
that makes it compatible with the regular metonymy
dataset by Alonso et al. (2013) and its version ex-
panded and adapted by Li and Armstrong (2024).

4. Annotation

Sense annotation. We annotate the extracted
sentences to identify the senses in which the tar-
get words are used (literal base sense and derived
metaphorical sense of the pattern). Suitable sen-
tences unambiguously evoke the sense of inter-
est, without needing to revert to any wider context.
Vague sentences that do not fulfill this condition
are discarded. We plan to engage crowdsourced
annotators to validate the initial sense annotation
delivered by a language professional.

Frequency annotation. We sense-annotate all
extracted sentences, whether or not they are suit-
able to be included in the dataset, in order to col-
lect statistics on sense frequency. Usually, word
frequency is controlled for in the experimentation
with conventional metaphors, but, for the reasons
explained above, it may not be an optimal indicator.
In addition, due the unnatural, morphologically un-
motivated tokenization of infrequent words, neural
language models too show different performance
on metaphors with low and high word frequency
(Neidlein et al., 2020).

3dumps.wikimedia.org

A corpus-derived metric of sense frequency, on
the other hand, can open interesting experimen-
tal venues by showing in what sense the word
is used more often — literal or metaphoric. Kle-
pousniotou et al. (2008) show that very conven-
tionalized metaphoric senses become more domi-
nant than the literal senses. Corpus-derived sense
dominance can potentially be a good predictor of
metaphor conventionalization, the relation that we
aim to investigate in the future work. Unfortunately,
existing resources on word sense frequency are
scarce and have a small coverage (e.g. Bennett
et al., 2016; Liu et al., 2024). One of our contribu-
tions will be an estimate of the sense frequency of
each target word in the scope of the patterns and
as distributed in BNC.

Annotation difficulties. For highly polysemous
words with closely related, overlapping senses,
identifying the base sense of a metaphoric exten-
sion can be challenging. We generally relied on the
standard Metaphor Identification Procedure (Prag-
glejaz Group, 2007), but more extensive lexicologi-
cal analyses were often needed. When complexity
of the sense structure and the degree of word’s
polysemy are high, metaphoric sense annotation
becomes a very time-consuming task.

Unlike for metonymy, sense annotation for
metaphor is not complicated by underspecifica-
tion, when several senses can be active at the
same time (Alonso et al., 2013; Frisson, 2009).
Metonymy operates on conceptual domain con-
tiguity, but metaphor implies domain disjunction:
although senses are related, they are conceptually
far from each other and easier to disambiguate.

5. Discussion

The sense annotation procedure implies assigning
a discrete, individual sense to a word in context. In
practice, however, we had to deal with closely re-
lated, overlapping senses that were not easy to de-
lineate. As can be seen with the example of roar in
Table 1, such senses have been grouped together
based on their similarity. The case of metaphor,
in particular, brings another difficulty with it: vary-
ing underlying motivations for sense extension are
grouped in the same sense category. For instance,
the metaphorically motivated sense of the word rip-
ple describes a manner in which events occur or un-
fold based on the similarity with disturbed water. It
some cases, it maps dynamic visual imagery on an-
other image (a thing resembling a ripple or ripples
in appearance or movement), but in other, it con-
nects it to sound (a gentle rising and falling sound
that spreads through a group of people) and psy-
chological states (a particular feeling or effect that
spreads through someone or something) (sense
descriptions from OED).
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Consequently, even though the resulting anno-
tation suggests discrete, uniform meaning classes,
there is variation and continuity within them. This
continuity can be encoded in language model repre-
sentations and revealed with probing experiments
by observing the internal activations in their relation
to the variability of meanings in metaphorical pat-
terns. Despite recent linguistic arguments for conti-
nuity in polysemy, the standard NLP experiments
rather align with the earliest view of mental lexi-
con organization — sense enumeration approach
(Katz and Fodor, 1963) — and highly discrete, often
binary categories (polysemous vs. monosemous,
regular vs. irregular, figurative vs. literal). Recent
contextual language models offer the means to
change this paradigm.

6. Conclusions and Future Work

This work-in-progress contribution presents a novel
dataset framing metaphor as a regular sense ex-
tension of a polysemous word. Although rarely ap-
proached from this perspective, regular metaphor
can contribute to the theoretical, cognitive and
computational linguistic investigation of the lexical
meaning structure and representation, as well as
conventionalization of figurative speech. We also
contribute with data on sense frequency which is
of particular importance for polysemous words but
largely unavailable.

We plan to use the dataset in the experimentation
with neural language models. The distributional,
continuous nature of these systems makes them
a useful device to study polysemy and figurative-
ness in their complexity and heterogeneity. We
continue the work on the dataset aiming to cover 10
metaphoric polysemy patterns with expert linguis-
tic labeling, as well as subsequent crowd-sourced
annotation for additional validation.

7. Limitations

Several aspects of dataset design and annotation
can potentially introduce bias into the data. Manu-
ally picked sentences that very clearly realize the
target sense do not faithfully represent real lan-
guage use where ambiguity and vagueness are
ubiquitous. This might limit our capacity to gener-
alize insights derived from our data to language in
general. A similar concern is related to the words
that have been discarded from the analysis be-
cause of the difficulty to identify their base sense,
or cases where metonymy and metaphor are inter-
twined. Discarding uncomfortable cases that do not
fit into a theoretical framework distorts the picture
by simplifying the complex and diverse linguistic
landscape we are dealing with.
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Appendices

A. Pattern List

Below we list polysemy patterns covered by the
present study.

1. animal - artifact

2. animal - person

3. animal cry - communication

4. artifact - message

5. body part - object part

6. natural event - way of occurring

7. natural event - social event

8. person - animal

9. person - artifact

10. physical property - psychological prop-
erty

B. Sense Inventories

Two of the patterns listed in the Appendix A have
been annotated: animal cry - communication and
natural phenomenon - way of occurring. Ta-
bles 3 and 4 present sense inventories for these
patterns as covered by the annotated words. The
sense descriptions are mainly derived from the
OED. In certain cases, we draw additional material
from AHD:

• when OED offers a circular definition that
reuses the term being defined (or a morpholog-
ically related word) in the meaning description.
For instance, the metaphorical sense of the
verb shower is described by OED using its
nominal counterpart:

(of a mass of small things) fall or be
thrown in a shower: bits of broken
glass showered over me.

• in a similar situation to the above, but when
a synonym is used as a sense description,
especially if this synonym is one of the target
lexemes under study. For example, the literal
sense of the verb inundate is simply defined
as

flood: the islands may be the first to
be inundated as sea levels rise.

• when OED merges the base literal sense with
the derived metaphorical sense in a single
sense description, as, for instance, in the case
of the verb bellow:

(of a person or animal) emit a deep
loud roar, typically in pain or anger:
he bellowed in agony.

• when AHD lists more pattern-related senses
than OED does, which is also reflected in the
corpus annotation. This is the case for such
words as howl, riffle and torrent.
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Abstract
We present a new corpus of contemporary German sermons and describe the steps taken in its preparation. We
apply a semi-automatic approach to sentence segmentation, tokenization, and lemmatization, utilizing annotation
guidelines that are specialized to this domain. In the process of preparing these data, we find that state-of-the-art
tools for these tasks still make problematic errors, especially with non-standard data, despite apparently very
high performance on common benchmarks. We obtain test scores of F1 = 96.69 % for sentence segmentation,
F1 = 99.99 % for tokenization, and acc = 64.00 % for lemmatization with our domain-adapted models and show that
domain-adaptation improves performance over state-of-the-art models for the token and sentence segmentation tasks.

Keywords: corpus preparation, language resources, tokenization, segmentation, lemmatization, semi-automatic
annotation

1. Introduction

In this paper we introduce a new specialized cor-
pus of contemporary German sermons, which cur-
rently includes a range of metadata specific to the
domain, as well as semi-automatically annotated
tokenization, sentence boundaries, and lemmati-
zation. Further levels of linguistic annotations are
planned, including POS, morphological features,
and eventually dependency parses.

In the following, we will outline the process of
preparing this corpus and laying the foundations
for the annotations to come. The benchmark evalu-
ation of these initial tasks of tokenization, sentence
segmentation, and lemmatization usually results in
rather high accuracy and F1 scores, such that one
might reasonably have the impression that these
are solved tasks, and automatic tools for this pur-
pose can be applied directly with few reservations.

However, when it comes to the preparation of
corpora, the comparatively few errors that there
are have disproportionate consequences, since to-
kenization, sentence segmentation, and lemmati-
zation are tasks that are located towards the begin-
ning of several corpus preparation pipelines. Any
errors in these early steps will propagate through
all subsequent layers of annotation. Furthermore,
when it comes to domain-specific corpora and non-
standard text types, these errors are not necessarily
so few in number, as the requirements of these do-
mains may differ significantly from the newspaper
articles that still form the backbone of respective
off-the-shelf models.

Thus some of the problems that we have encoun-

tered during the process of adding tokenization,
sentence segmentation, and lemmatization to this
corpus show that there are still improvements to
be made, especially as regards the adaptation of
corpus preparation tools to specialized domains.

After a review of related work in Section 2, we
provide a more detailed description of the corpus
and its contents in Section 3. Section 4 provides
an overview of the aspects of the annotation guide-
lines that are more particular to this specialized
domain. Section 5 will then give a detailed analysis
of the process of training and evaluating algorithms
and models for extending our annotations accord-
ing to these specialized guidelines to the rest of
the corpus. Finally, in Section 6, we will discuss
some of the consequences and implications of our
findings for future work and conclude. Our data,
guidelines, scripts, and models are available in a
GitLab repository1.

2. Related Work

2.1. Tokenization and Sentence
Segmentation

Other specialized corpora are faced with similar
kinds of tokenization and segmentation problems.
For instance, Dipper and Laarmann-Quante (2024)
discuss some of the issues that they found during
the preparation of a parsed corpus of poetry, specif-
ically with regard to the implications of sentence
segmentation for dependency parsing of the data.

1https://gitlab.ruhr-uni-bochum.de/
comphist/slide-2026-specialized-corpora
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Beißwenger et al. (2015) present guidelines for
tokenization of a domain-specific corpus, namely
one concerning computer-mediated communica-
tion. Their guidelines must account for a number
of phenomena that are quite frequent in such data,
such as URLs, hashtags, and emoticons, but not
in the more standard datasets that have guided tok-
enization approaches traditionally, either in the form
of training data or as test data for rule-based meth-
ods. Similarly to the approach we have adopted
for this corpus, Beißwenger et al. (2015) employ a
manual correction step, in which annotators work
with a one-token-per-line plain text format.

Diewald et al. (2022) evaluate state-of-the-art to-
kenization tools for German in terms of adaptability
for new or different corpora and show how tokeniza-
tion can be specific to a certain text type. They fur-
ther emphasize the importance of high-quality tok-
enization since tokenization errors cascade through
all processing steps aligning with our interests of a
sensible and reliable tokenization to act as a foun-
dation for higher-level processing steps.

The evaluation in Ortmann et al. (2019) draws
attention to the relationship between text types and
the performance of off-the-shelf language process-
ing tools. Specifically, they show how tokenization
errors often correspond to conventions that are
specific to a given text type.

2.2. Lemmatization
In accordance with Toporkov and Agerri (2024), we
define lemmatization as producing, from a given in-
flected word, its lexicon form, which we call lemma.
In general, lemma forms correspond to the canoni-
cal dictionary form, e.g., for verbs this is often the
infinitive, for nouns the nominative singular. How-
ever, for morphologically inflected languages such
as German, there are many special cases that are
handled differently in different guidelines. Table 1
shows some examples from the guidelines of the
two standard German corpora, TIGER (Crysmann
et al., 2005) and Tüba-D/Z (Telljohann et al., 2017),
together with the corresponding forms that we use
in the sermons.The table shows that in TIGER, in-
formation about capitalization, which distinguishes
nouns in German, is not included in the lemma.

Common modeling approaches for lemmatiza-
tion can be categorized into neural, rule- or pattern-
based, and lookup-based models. Lookup-based
models such as the WordNet lemmatizer (Miller,
1994) rely on pre-compiled dictionaries or morpho-
logical databases and are inherently limited in cov-
erage. Rule-based lemmatizers such as spaCy
(Honnibal et al., 2020) lemmatizers apply hand-
crafted or automatically induced heuristics. They
are highly interpretable and efficient, but may lack
the flexibility to handle the complexities of morpho-
logically rich languages such as German. Neural

models such as Stanza (Qi et al., 2020) lemmatiz-
ers or Lematus (Bergmanis and Goldwater, 2018)
are often the most flexible option with high cov-
erage since they treat the task as a sequence-to-
sequence model or a classification task and lever-
age contextual information to resolve ambiguity, but
might lack reliability and linguistic interpretability
(see Section 5.3.2).

Toporkov and Agerri (2024) emphasize the im-
portance of evaluating lemmatization models on
out-of-domain test data and find that models us-
ing simple UPOS tags outperform those trained
with fine-grained morphological features. Dorkin
and Sirts (2024) compare current approaches to
lemmatization on Estonian and conclude that en-
sembles of different modeling techniques might be
the best possible approach to the task of lemma-
tization as of today. Hence, we choose to ex-
pand GermaLemma (Konrad, 2019), an ensem-
ble method for the lemmatization of part-of-speech
(POS) tagged German sentences, which combines
rule- and lookup based methods with a large lemma
dictionary based on the TIGER corpus (Brants et al.,
2004), functions from the CLiPS “Pattern” package
(De Smedt and Daelemans, 2012), and an algo-
rithm to split compounds.

3. Corpus description

The Corpus of Contemporary German-language
Protestant Sermons consists of a collection of
1 068 German-language sermons published by the
Zentrum für evangelische Gottesdienst- und Pre-
digtkultur (‘Center for Protestant Mass and Ser-
mon Culture’)2 between 2011 and 2023. The ser-
mons in our corpus are typically based on a spe-
cific Bible passage, which is explained and com-
mented on, and some include literal citations of
the respective passage. The corpus includes ser-
mons from 109 authors who generously granted
us permission to include their works, contains ap-
proximately 1.93 M tokens in total, and is avail-
able under a CC BY-NC-SA 4.0 license3: https:
//linguistics.rub.de/predigtenkorpus.

The texts are collected in their original HTML
format and automatically converted to an internal
JSON-based standoff format. In the process, we
preserve as much information as possible from the
original documents. This includes metadata per-
taining to the author, the date published, and the
relevant Bible passage, including a URL that points
to a digital version of that Bible passage, among
other things. It also includes text-structural ele-
ments, such as headings and line breaks, when
these are included in the markup, and emphasized

2https://predigten.evangelisch.de/
3https://creativecommons.org/licenses/

by-nc-sa/4.0/
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Word class Word forms TIGER Tüba-D/Z Sermons

Articles der / die / das ‘the’ der der / die / das der
ein / eine ‘a’ ein ein / eine ein

Pronouns manchen / manches ‘some’ mancher mancher / manches mancher
wer / wem / was ‘who, what’ wer / wem / was wer / wer / was wer / wer / was

Deadj. nouns (ein) Junger ‘a youth’ junge Junger Junge
Nettes ‘(something) nice’ nette Nettes Nette

Deverbal nouns (das) Lesen ‘reading’ lesen Lesen Lesen
(der) Angeklagte ‘the accused’ angeklagter Angeklagter Angeklagte
(die/der) Vorsitzende ‘the presiding (person)’ vorsitzend Vorsitzender Vorsitzende

Fused prep. im ‘in the’ in in im

Table 1: Example lemmas from the German corpora TIGER and Tüba-D/Z.

passages (using <em> tags), which are usually quo-
tations from the Bible. Since the Bible passages
themselves use a very different form of language
than the sermons themselves, it is of particular
interest for the annotation process to be able to dis-
tinguish these passages from the surrounding text,
and preserving this markup makes this possible
with a fair degree of reliability.

4. Annotation

All 1068 texts were initially tokenized and split into
sentences using SoMaJo with its de_CMC ruleset
(Proisl and Uhrig, 2016). Of these automatically
tokenized documents, 155 randomly selected ser-
mons were then manually corrected according to
the domain-specific tokenization guidelines pre-
sented below. Later, in Section 5, these corrected
data will be used in the training of segmentation
and tokenization models, with which we plan to
process the remaining corpus documents.

Note that the following sections don’t contain the
full contents of the guidelines used for the given
tasks, but rather serve to give an impression of
some of their finer points, i.e. the aspects that ap-
ply to the domain of sermons in particular. The full
guidelines are available as part of the documenta-
tion, which can be found in the corpus repository.

4.1. Tokenization and Sentence
Segmentation

In the following examples, tokens are separated
by space characters, and sentences are each pre-
sented on a new line, indicated by the line numbers
given at the left. Where sentences are too long to fit
in a column, they are wrapped and this is indicated
by ←↩. Continuations of logical lines are indented
to reflect that these line breaks do not correspond
to sentence boundaries as usual.4 English trans-

4Note that this differs from the format that was used
during the annotation process, in which, for easier editing,
each line contained one token, and sentence boundaries
were represented by an empty line.

lations of the relevant passages are provided in
italics.

Biblical citations. Citations from the Bible usu-
ally provide an abbreviation of the name of the
book, a chapter number, and a verse number, i.e.
2. Kor 13,11 refers to the second letter to the
Corinthians, chapter 13, verse 11. Each citation
represents a complex reference to a Bible pas-
sage and should therefore be treated as a single
token. One simple way to achieve this is to replace
space characters (i.e., U+0020) within these ref-
erence by underscores (_, U+005F), to indicate
visual spacing and also the instance’s acting as a
single token, as in 2._Kor_13,11. This is similar
to the format sometimes used for multi-word expres-
sions so that they can be treated as single tokens,
e.g. by word2phrase (Mikolov et al., 2013), the
mwetoolkit5 (Ramisch, 2015), and stanza (Qi
et al., 2020).

Multiple citations should be multiple tokens.
These are usually separated by punctuation marks
such as the semicolon ;. Citations and sequences
of citations, when they come at the end of an oth-
erwise complete sentence, should be considered
a separate sentence:
1 Freuet euch !

'Rejoice !'
2 Kap_3,1 ; 2._Kor_13,11 ; ←↩

1._Thess_5,16

If a citation acts as an argument, i.e. it is inte-
grated syntactically into the surrounding text, or it is
part of the title, it is not considered to be a separate
sentence.
1 Predigt zu Lukas_17,11-19

'Sermon on Luke_17,11-19'

Quoted material. Quotations (in this corpus,
these are usually Biblical in origin) are segmented
internally if they contain multiple sentences:

2
5Though note that mwetoolkit also supports many

other formats. https://gitlab.com/mwetoolkit/
mwetoolkit3
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1 5
3 Eure Güte laßt kund sein allen ←↩

Menschen !
'Let your kindness be known to ←↩

all people !'
4 Der Herr ist nahe !

'The Lord is near !'
5 Tit_3,2

Quoted material may be preceded by introduc-
tory comments. These should be annotated as a
single sentence whenever the quoted material is
considered part of the previous sentence syntacti-
cally, which is usually the case.

1 Dem Briefpapier vertraut er an ←↩
: Paulus , berufen zum ←↩
Apostel Christi Jesu durch ←↩
...

'To the letterhead he entrusts ←↩
: Paul , called to be an ←↩
apostle of Christ Jesus ←↩
through ...'

Headers and other metadata. If the sermon con-
tains a title, subtitle, author, etc, they are all seg-
mented separately.

1 Versöhnung : Christliches ←↩
Alleinstellungsmerkmal !?

'Reconciliation: A uniquely ←↩
Christian trait !?'

2 Hans Meyer
'Hans Meyer'

3 Liebe Gemeinde !
'Dear congregation !'

4.2. Lemmatization
Our guidelines largely follow those of TIGER. The
most important differences are (see Table 1):

• Deadjectival and deverbal nouns: We follow
the original upper/lower case spelling and
adopt this for the lemma (see TüBa-D/Z), re-
gardless of whether it is a lexicalized form.

• Deadjectival nouns: The lemma adopts the
ending of the weakly inflected nominative sin-
gular, which is -e in all three genders (see
TIGER). This ending is also used for nomi-
nalized participles.

• Personal pronouns: Word forms that are gen-
erally ambiguous are lemmatized with an am-
biguous form: ihm→ er_es; ihr→ sie_ihr.

• Proper nouns: Unusual capitalization is nor-
malized in the lemma, e.g. der Heilige Geist
→ heilig; HERR→ Herr

• Fused prepositions: To encode the difference
from normal prepositions, the lemma form cor-
responds to the word form: im→ im.

5. Models

To scale the applicability of our guidelines to the
size of the corpus, we develop models for sen-
tence segmentation, tokenization, and lemmatiza-
tion. Our overarching goals are to robustly and
efficiently model the domain-specific particularities
of our texts according to our guidelines and to in-
vestigate the transferability of off-the-shelf tools to
a specialized domain. While we primarily deal with
Biblical citations and quoted Bible passages, other
particularities will emerge in other domains. What
they have in common is that expert knowledge and
modeling adaptations might be required to ade-
quately process them. We ascertain that deviating
from standard modeling approaches is appropri-
ate for various domain-specific problems and that
quantitative evaluation scores of state-of-the-art
models are not necessarily informative of their true
generalization abilities.

5.1. Segmentation
Common segmentation algorithms, such as Punkt
(Kiss and Strunk, 2006), largely rely on punctua-
tion to detect sentence boundaries, which is unsuit-
able for our sermons due to three fallacies. Firstly,
though the texts were published in written form,
many of them are more adjacent to transcripts
of spoken language – manifesting in the fact that
the punctuation often reflects rhetorical indications,
such as pauses in speech, rather than sentence
boundaries. Secondly, the texts contain numerous
interjections of Biblical citations with parentheses,
additional punctuation, and abbreviations of Bible
chapters (e.g. Lk., Mk.) as well as direct speech,
where a punctuation mark does not necessarily
reflect a sentence boundary in the matrix clause.
Thirdly, the sermons frequently contain line num-
bers, which we choose to segment separately but
which may not be separated by any punctuation
mark.

5.1.1. Methods

To ensure robustness to the above particularities,
we follow the approach of Frohmann et al. (2024),
who present a collection of segmentation mod-
els (SaT) with less reliance on punctuation and
promising experiments with Low-Rank-Adaptation
(LoRA; Hu et al., 2021) for specialized domains.
They train subword-based multilingual encoder lan-
guage models (LMs) in a self-supervised manner
on 85 languages sampled from the mC4 corpus
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Split % #Text #Sent #Tok

train 70 106 12 103 208 589
val 15 23 2 668 45 287
test 15 26 2 829 47 791

Table 2: Split of manually corrected data for seg-
mentation model development reporting percent-
age of data (%), number of texts (#Text), number
of sentences (#Sent), and number of tokens (#Tok)
per subset.

Base F1 R P

sat-1l 0.71 0.94 0.57
sat-3l 0.67 0.96 0.52
sat-6l 0.76 0.95 0.63
sat-9l 0.80 0.94 0.69
sat-12l 0.81 0.93 0.71

sat-1l-sm 0.90 0.87 0.92
sat-3l-sm 0.93 0.91 0.95
sat-6l-sm 0.93 0.94 0.93
sat-12l-sm 0.95 0.94 0.96

Table 3: Evaluation of pretrained SaT models on
the validation set reporting base model, F1 score,
recall (R), and precision (P).

(Raffel et al., 2019) and subsequently train the self-
supervised models on a supervised mixture of al-
ready segmented sentences (sm-models). We
split the 155 manually corrected sermons as pre-
sented in Table 2 and first evaluate the pretrained
models on our validation set (see Table 3). Model
performance is measured in terms of F1 score as
in the original paper6.

For both classes, unsupervised and supervised,
we find that the largest models sat-12l and sat-12-
sm perform best and that the sm-versions perform
better than the completely unsupervised models.
We train LoRA adapters for each of the two highest-
performing models on our training set, of which the
size approximately compares to the 10 000 sen-
tences that Frohmann et al. (2024) use for LoRA
training.

5.1.2. Results

Matching the findings of Frohmann et al. (2024),
we find that the sm-versions do not benefit from

6Frohmann et al. (2024) suggest character-level F1
scores for the positive labels to compare ground truth and
predicted sentence boundaries. I.e. for each predicted
sentence, we check whether the right sentence border
is in the correct position.

Base #Ep F1 R P

sat-12l 5 0.96 0.94 0.98
sat-12l 6 0.97 0.95 0.98
sat-12l 7 0.96 0.95 0.98
sat-12l 10 0.96 0.93 0.99
sat-12l 20 0.25 0.14 0.99

sat-12l-sm 4 0.95 0.95 0.96
sat-12l-sm 5 0.96 0.95 0.97
sat-12l-sm 6 0.96 0.94 0.98

Table 4: Evaluation of LoRA adapters with different
hyperparameter configurations on the validation set,
reporting base model, number of epochs trained
(#Ep), F1 score, recall (R), and precision (P).

LoRA as much as the unsupervised models and
perform slightly worse with adapters even though
the base sm-models had significantly higher F1
scores. Furthermore, model scores only increase
for a given number of epochs k as demonstrated in
Table 4. The overall best model on the validation set
consists of sat-12l with a LoRA head trained for 6
epochs and reaches F1 = 96.69 % on the validation
set. After epoch 6, precision improves further but
at the cost of recall. A final evaluation on the test
set yields F1 = 96.86 % with 94.97 % recall and
98.82 % precision. Compared to the validation set,
we obtain slightly lower recall and slightly higher
precision, but overall good generalization abilities.

A qualitative analysis of the model outputs reveal
that Biblical citations are still a major source of
errors and are not segmented reliably.

1 Ja, Gesetzlichkeit ist ←↩
eigentlich nichts als ←↩
Ärgernis an der " ←↩
herrlichen Freiheit der ←↩
Kinder Gottes " , wie ←↩
Paulus sagt ( Röm._8,21 ) .

'Yes , the law is really ←↩
nothing but a hindrance to ←↩
the ‘ wonderful freedom of ←↩
the children of God ’ , as ←↩
Paul says ( Röm._8,21 )'

2 Ich lese den gesamten ←↩
Textabschnitt und stelle ←↩
uns damit die Szene ←↩
bildlich vor Augen ←↩
Mi_6,1-8.

'I read the entire passage and ←↩
use it to vividly picture ←↩
the scene in our minds ←↩
Mi_6–,18.'

3 Wir haben also heute ←↩

216



interessanterweise einen ←↩
alttestamentlichen Text zum ←↩
Osterfest !

'So , interestingly enough , ←↩
today we have an Old ←↩
Testament passage about ←↩
Easter !'

4 Jesaja_25,8-9
5 Es ist Matthäus , der sie ←↩

schildert : " Und Petrus ←↩
ging hinaus und weinte ←↩
bitterlich . " .

'It is Matthew who describes ←↩
it : "And Peter went out ←↩
and wept bitterly. "'

6 ( Mt_26,75 )

According to the guidelines, each of the exam-
ples above should be segmented into two sen-
tences, but the segmentation model only splits the
sentences in 3–4 and 5–6 correctly but not in 1 and
2. There is no clear tendency as to which cases are
segmented incorrectly other than punctuation: Ci-
tations are usually segmented correctly when there
is no subsequent punctuation mark and usually
segmented incorrectly when there is.

5.2. Tokenization
Sensible tokens are fundamental to semantically
motivated tasks such as metaphor detection, where
annotators as well as classifiers rely on a reliable
lexicon of candidate words. The assumption that
tokenization is a solved task based on very high
quantitative evaluation metrics is challenged by the
intricacies of domain-specific text.

5.2.1. Methods

We apply the neural tokenizer model of Qi et al.
(2018), who propose the combination of a bidi-
rectional LSTM and a 1-layer CNN, and provide
a training interface for custom models within the
Stanza framework (Qi et al., 2020). The default
model for German is trained on a dataset sampled
from the GSD (Nivre et al., 2016) and the HDT
(Borges Völker et al., 2019) treebanks and reaches
F1 = 99.62 % on a GSD test set and F1 = 100.00 %
on a HDT test set. We evaluate the off-the-shelf
model on the same validation set of sermons that
was used for the development of the segmentation
model and obtain a comparatively low accuracy of
95.83 %, even when citations from the Bible are al-
ready joined by underscores. A qualitative analysis
reveals that the model tends to split these tokens
specifically at underscores and other punctuation.
Since the models distributed with Stanza are not
inherently re-trainable, we default to training a new
model with the same architecture on a mixture of

the GSD training data and our training set of ser-
mons.

5.2.2. Results

The best model with a mixing ratio of approximately
2:1 of sermons and GSD sentences illustrated in
Table 6 yields F1 = 99.99 % on the test set7. We
evaluate qualitatively on our test set in two settings:
simple, where Biblical citations have already been
preprocessed and joined by underscores, and hard,
where this is not the case and subtokens of the ci-
tations are split by spaces. We utilize our manually
corrected sermons for this, but for future utility this
preprocessing step could be done with either a
rule-based script or a specialized model for named
entity recognition. In the easy setting, the tokenizer
learns to not split citations at underscores, validat-
ing our approach to adapt the default model to our
domain. However in the hard setting, citations are
split into subtokens and the model does not learn
to recognize them as constructs adjacent to multi-
word expressions. We present a few representative
examples in Table 5.

5.3. Lemmatization
As Wartena (2019) states, state-of-the-art lemma-
tizers for German are often rule-based, which we
can attribute to the fact that lemmatization is an
analytical step heavily depending on morphologi-
cal analysis. To map a word form onto a lemma
is to make a claim about how that word form is re-
lated to others on a linguistic level, and one must
highlight the contrast between lemmatization and
stemming here. For stemming, it is not necessary
for the string to correspond to a word one can find
in the lexicon, since it primarily aims at mapping
related words to a common string to counteract
data sparsity. However in lemmatization, we claim
to map words to their lexicon form, which is why
a non-existent lemma is always wrong whereas a
stem that does not exist as a word can serve its pur-
pose regardless. This is why linguistically sound
lemmatization is foundational for tasks like identify-
ing candidate words acting as metaphors, where
we depend on true lexicon forms with semantic
meaning.

This contrast made, we turn our attention to statis-
tical lemmatization models and find that they are of-
ten not as reliable as their quantitative performance
metrics suggest. While Stanza (Qi et al., 2018) re-
ports F1 = 97.23 % to 98.04 %8 for their default

7Here, we follow Stanza’s internal evaluation ap-
proach yielding character-level F1 scores.

8combined_charlm:
https://stanfordnlp.github.
io/stanza/performance.html#
system-performance-on-ud-treebanks
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Gold Easy Hard

Jer_7,18 Jer_7,18 Jer ; 7,18
Lukas_15,11-24 Lukas_15,11-24 Lukas ; 15,11-24
2._Buch_Mose 2._Buch_Mose 2. ; Buch ; Mose

Table 5: Examples of tokenization of Biblical citations in easy vs. hard scenarios as produced by our
custom tokenization model. “;” represents the beginning of a new token.

Sermons GSD
#Sent #Char #Sent #Char F1-val

12,103 927,614 13,813 1,388,381 57.11
12,103 927,614 6,906 656,466 99.99

Table 6: Training mixture for Stanza tokenizer
model with varying proportions of GSD support
reporting number of sentences (#Sent) and char-
acters (#Char) per dataset and F1 score on the
validation set of sermons.

lemmatization model for German and spaCy (Hon-
nibal et al., 2020) 98.00 % accuracy9, Table 7 illus-
trates how high performing models fail at cases that
are not inherently difficult or “just” domain-specific.
We observe four classes of common mistakes:

1. Nouns specific to the religious domain such as
Jesus or Bergpredigt ‘Sermon on the Mount’,
which are either just lowercased or lemmatized
as verbs by spaCy.

2. Non-sensical lemmas for various classes such
as 5a → zeichnen ‘draw’ or Geist ‘spirit’ →
isen.

3. Unreliable predictions, where the same model
produces different outputs for arguably the
same input. For example, spaCy predicts daß
for dass in some cases and dass correctly in
others.

4. Classes where outputs differing between mod-
els can be attributed to different guidelines, e.g.
how to lemmatize preposition–article contrac-
tions (“Schmelzformen”) and pronouns.

5.3.1. Methods

We target each of the above types of errors with
our implementation of GermaLemma++ (GL++), an
ensemble of rule-based, lookup-based, and neural
lemmatization methods and follow in the footsteps
of Ortmann (2019), who adapts GermaLemma

9de_core_news_sm:
https://spacy.io/models/de

Form Stanza spaCy

Jesu Jesu Jesu
Jesus Jesus jesus
Gottes Gott gott
Bergpredigt Bergpredigt bergpredigen

Anfällen Anfall anfällen
reifen reif reifen
trete treten tren
5a zeichnen 5a
Geist Geist isen

dass dass daß
dass dass dass

am am an
ihm er ihm
mir ich mir
aller alle aller
allem alle alle
was was wer

Table 7: Illustrating examples of unreliable perfor-
mance of neural SOTA models on German lemma-
tization reporting token form, POS tag according to
STTS, Stanza output, and spaCy output.

(Konrad, 2019) with additional rules for pronoun
handling and introduces spaCy as a large-scale
fallback to the original rule-based model. For GL++,
we propose extensive handling of proper nouns, al-
low for domain adaptation, add additional rules for
pronouns, adjectives, adverbs, articles, as well as
conjunctions, and optimize the model choice for the
fallback. The new GL++ architecture is illustrated
in Figure 1 in the appendix.

Both preceding versions propose the original
word form as the lemma for proper nouns, i.e.
words that receive the POS tag NE from the
Stuttgart-Tübingen-Tagset (STTS; Schiller et al.,
1999). Cases such as Jesu or Gottes suggest that
this solution is not always suitable. We utilize Kaikki
(Ylonen, 2022), a digital archive providing 13 631
German proper nouns, and provide GL++ with a
look-up table based on this resource. Only when
the word is out-of-vocabulary do we assign the orig-
inal word form as the lemma.

Since GermaLemma already has a dictionary-
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based component based on the TIGER corpus,
we exploit this method further for domain adapta-
tion and provide a Python interface to add lists of
custom mappings to the dictionary. Since we are
working with sermons, we additionally provide a
dictionary already adapted to the religious domain.

We extend the rule-based pronoun handling of
Ortmann (2019) with additional rules for pronouns,
corresponding to the STTS tags PIAT, PIS, PDAT,
PWS, and PRELS according to the guidelines pre-
sented in Section 4.2. Furthermore, we adopt
a rule-based and non-invasive approach to the
preposition–article contractions as well as conjunc-
tions to leave them unchanged and map convention-
alized adjective constructions such as desweiteren
and imfolgenden to weiter and folgend respectively.

Ortmann (2019) proposes spaCy as a rule-based
fallback model for cases where neither the original
GermaLemma nor the additional rules could assign
a lemma. However qualitative observations as in
Table 7 suggest that these edge cases might be
exactly what spaCy often fails at. We conduct a
quantitative analysis contrasting GL++ with spaCy
and with Stanza as a fallback. Manually curating
an evaluation set of 19 145 tokens shows that the
latter provides the correct lemma in 34 and the for-
mer in only 11 out of 51 cases where the models
differed in their predictions. Since the number of
differing predictions is not high enough to make a
definite judgement, we provide an option for choos-
ing between the two fallback models in our GL++
implementation, but proceed with Stanza as the
fallback for our corpus of sermons.

5.3.2. Results

For the final evaluation, we manually curate a set of
200 words from unseen sermons and contrast the
performance in lemmatization of the default mod-
els provided by Stanza and spaCy vs. GL++. The
200 words are randomly selected content words
whose lemmatization differs between models from
20 different sermons each providing 10 randomly
chosen words.

We provide two gold standard versions: (i) “strict”:
the lemma form that complies with our guidelines;
(ii) “flexible”: other lemma forms that comply with
the other guidelines. Table 9 shows that spaCy
performs by far the worst in both conditions. Stanza
clearly delivers the best results, even in the “strict”
condition, for which GL++ is specifically designed.
If we turn to accuracy separated by part of speech
(see Table 10), we obtain that all models perform
similarly well with adjectives. spaCy’s problems
lie mainly with nouns and verbs. GL++ achieves
exactly the same results as Stanza with adjectives
and verbs, but performs significantly worse with
nouns.

In order to assess the severity of the deviations

in the lemmas, we classify errors into four types,
see Table 8. For types 1–3, the corresponding lem-
mas can still be guessed (e.g., by a human anno-
tator), whereas this is no longer possible for type 4.
The critical errors are therefore the “strong” errors,
as these typically involve the assignment of com-
pletely incorrect lemmas. Table 11 shows how often
each error type occurs in the different models. The
“strong” type occurs most frequently with spaCy,
but also with the other models. Table 12 shows
some examples of the different models. spaCy
(and also GL++) quite often produce non-words,
while Stanza more often assigns incorrect existing
lemmas.

6. Conclusion

In this paper, we introduced a new corpus of
contemporary German sermons and described
some of the fundamental corpus preparation steps
that we have taken, for which we adopt a semi-
automatic annotation approach. We described the
annotation guidelines that we applied in this corpus,
which reflect the specific properties of this text type.
Our analysis of established tools for tokenization,
sentence segmentation, and lemmatization shows
that these tasks are not yet as solved as they often
seem and that it is worthwhile to approach them in
a domain-sensitive way.

Our evaluation of domain-adaptable neural mod-
els for tokenization and sentence segmentation
show that such models can be successfully adapted
to our sermon-specific guidelines, but only to a cer-
tain extent. In both tasks, there are certain error
classes that remain persistent. With respect to
lemmatization, Stanza appears to provide good
overall lemmatization performance, though the er-
ror rates are still quite high. A frequent error is the
generation of non-existent lemmas: Lemmatizers
should do more to avoid non-words, ideally linking
to specific entries in a lexicon as opposed to pro-
viding strings alone, which are often ambiguous.
If there is no clear solution, a model should not
predict any lemma, and this would do less damage
than making a misleading prediction.

In general, we wish to emphasize the importance
of a domain-specific approach for more correct an-
notations, since different domains have different
properties and requirements, and different corpora
are structured in different ways. The pursuit of high-
quality annotation is particularly important in these
early stages of corpus preparation, since errors
here will propagate through all subsequent stages
of processing, which can then have unpredictable
effects on derived automatic annotations as well
as on any statistical analysis one carries out on the
basis of such corpus data.
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Error Type Description Example

marginal Incorrect capitalization Striche→ *strich /XStrich
Or correct stem (vowel + consonants) rechte→ *rechter /Xrecht
with incorrect inflection but nom. sg.

small Correct stem, incorrect inflection Abschieden→ *Abschiede /XAbschied
medium Incorrect stem but lemma can be guessed blies→ *blies /Xblasen
strong Lemma distorted, e.g., other, unrelated lemma Zelt→ *zeln /XZelt

Table 8: Error types of incorrect lemma forms.

Model Strict Flex

spaCy 0.26 0.38
Stanza 0.72 0.81
GL++ 0.64 0.69

Table 9: Accuracies (strict & flexible) per model.

Model NOUN ADJ VERB

spaCy 0.29 0.76 0.23
Stanza 0.86 0.73 0.82
GL++ 0.65 0.73 0.82

Table 10: Accuracies (flexible) per model and main
parts of speech.
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Model marg. small medium strong

spaCy 10 20 78 17
Stanza 2 10 12 10
GL++ 3 37 15 7

Table 11: Frequencies of error types per model.

Word form XLemma * Lemma

spaCy:
abzugleiten abgleiten Abzugleit
mitgeprägt mitprägen mitgepragen
begehrenswert begehrenswert begehrenswern
Zelt Zelt zeln
Stanza:
http://wiki.vol[...] (same) Gewinntomaniet
betrüge betrügen betragen
Wollen Wollen Wolle
GL++:
bitter bitter bitt
abzugleiten abgleiten abzugleien
Wüsst wissen wüsen

Table 12: Example of strong deviations of lemmas.
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A. Appendix

Input:
FORM, UPOS, XPOS

GermaLemma:
NN, ADJA, ADV, V*

Rule Set:
ADJA, P*, APPRART

Kaikki Look-up:
NE

(Neural) Fallback:
everything else

Output:
LEMMA

Figure 1: GL++ ensemble combining rules, lookup, and a neural model.
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Abstract
Data augmentation is a common fix in domains where training data is scarce or difficult to collect, such as specialized
medical or any other domain specific applications. In question answering (QA), most studies report headline
accuracy while saying little about the quality of the synthetic data. Here, quality goes beyond fluent rewording:
augmented items must remain faithful to the supporting evidence and preserve the original answerability. We study
three augmentation families lexical, syntactic, and semantic edits generated with LLaMA 3.1 70B, and analyze how
these edits affect model behavior. To mirror low-resource settings, we focus on subsets of SQuADv2 (general) and
PubMedQA (biomedical, domain specific). We report Exact Match (EM)/F1 alongside quality diagnostics, yielding a
fuller picture than accuracy alone. Our results show that augmentation behaves differently across domains and
scales. In SQuADv2, augmented variants maintain performance on par with baselines, showing that added diversity
mostly does not harm model quality, whereas in PubMedQA semantic edits bring improvements under extreme
scarcity and support stronger performance as supervision grows.

Keywords: Question Answering, Evaluation Metrics, Human Validation, Diversity, Synthetic Data, Domain
Specific, Data Augmentation

1. Introduction

Data augmentation offers a straightforward promise
to generate additional training examples to compen-
sate for scarce annotations and improve model gen-
eralization. This promise has been realized in many
NLP tasks, especially classification and text genera-
tion (Feng et al., 2021; Dai et al., 2025), where meth-
ods like paraphrasing and back-translation yield
consistent gains (Sobrevilla Cabezudo et al., 2024).
By exposing models to varied phrasing and diverse
examples, augmentation can improve robustness,
particularly in low-resource settings where labeled
data is scarce. Large language models (LLMs) fur-
ther enable synthetic corpus creation at scale, but
raise a key question: what kind of linguistic vari-
ation do they actually produce, and which kind is
most useful for downstream learning?

In question answering (QA), augmented exam-
ples must satisfy constraints beyond surface flu-
ency, and the edits an augmentation system can
apply to a question–answer pair fall into three lin-
guistically motivated families. Lexical augmenta-
tion replaces individual words with synonyms or
near-synonyms (e.g., meet → encounter), varying
surface vocabulary while preserving meaning and
structure. Syntactic augmentation restructures the
sentence. For instance, converting active to pas-
sive voice, reordering clauses or changing gram-
matical form but not propositional content. Se-
mantic augmentation goes further: given the same
source passage, it generates an entirely new ques-

tion targeting a different fact. These three levels
mirror classical linguistic analysis (lexicon, syntax,
semantics) and allow us to isolate which kind of
variation is most beneficial for model training.

In contextual QA, the system must extract an
answer span from a given passage or return “unan-
swerable” if none exists, so augmented examples
must remain faithful to the passage and preserve
answerability. Prior work has emphasized scale,
as large synthetic sets often boost exact match
and F1 (Alberti et al., 2019; Shakeri et al., 2020),
yet without quality control, such gains may be mis-
leading artifacts. We study this on two contrasting
benchmarks: SQuADv2 (Rajpurkar et al., 2018), a
general-domain dataset built from Wikipedia with
both answerable and unanswerable questions, and
PubMedQA (Jin et al., 2019), a biomedical dataset
derived from PubMed abstracts requiring a categor-
ical label (yes/no/maybe) and a free-text justifica-
tion. Rather than using full training sets, we sample
small subsets to mimic low-resource conditions, as
truly low-resource QA datasets tend to be noisy
and under-explored (Castelli et al., 2020; Jin et al.,
2022); these well-established benchmarks provide
a controlled testbed for studying how augmentation
generalizes across domains and data scales.

Contributions. Our main contributions are:
• Cross-domain study: to our knowledge, the first

systematic comparison of lexical, syntactic, and
semantic augmentation across SQuADv2 (gen-
eral) and PubMedQA (biomedical)
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• Augmentation pipeline: we design a controlled
setup where each augmentation type is gener-
ated and validated with GPT-4o, with a human
audit confirming strengths and failure modes

• Scaling analysis: we reveal non-monotonic be-
havior across supervision scales, linking over-
fitting at mid-size subsets to LoRA dynamics

• Error taxonomy: we provide a structured taxon-
omy of augmentation failures, offering diagnos-
tic tools for improving future QA augmentation

2. Related Work

Data augmentation for QA operates at different lin-
guistic levels. Lexical methods such as synonym
substitution expand vocabulary diversity (Wei and
Zou, 2019). Syntactic approaches rephrase ques-
tions via structural changes like back-translation
(Sennrich et al., 2016), improving robustness to
phrasing (Yu et al., 2018). Semantic augmenta-
tion leverages generative models to create new QA
pairs or richer paraphrases, yielding strong gains in
benchmarks like SQuADv2 and PubMedQA (Alberti
et al., 2019; Shakeri et al., 2020; Guo et al., 2023).
While foundational studies showed improvements,
later work highlighted mixed results: for example,
back-translation sometimes fails to transfer across
domains (Longpre et al., 2019).

LLM-based augmentation. Recent work has in-
creasingly leveraged LLMs as data generators.
Schmidt et al. (2024) show that LLM prompting
generates high-quality synthetic QA data that im-
proves few-shot performance. Chowdhury and
Chadha (2024) demonstrate that LLM-generated
augmentation improves distributional robustness
across multiple QA datasets. Chan et al. (2024)
categorize synthetic data strategies into answer
augmentation, question rephrase, and new ques-
tion generation, a taxonomy that parallels our lexi-
cal/syntactic/semantic distinction and show the op-
timal strategy depends on the seed-to-query ratio.
In domain-specific settings, Khlaut et al. (2024) use
GPT-4 to generate medical QA training data from
textbooks, achieving competitive performance with
smaller fine-tuned models.

Quality control and synthetic data risks. Scal-
ing augmentation without fidelity may harm rather
than help. Chen et al. (2024) identify that uni-
form format in synthetic QA pairs leads to pattern
overfitting and distribution shifts. Pletenev et al.
(2025) study knowledge packing in LoRA adapters
on Llama-3.1-8B-Instruct, finding that biased syn-
thetic training data causes regression to overrep-
resented answers. For quality validation, the LLM-
as-a-Judge paradigm (Zheng et al., 2023; Gu et al.,

2025) has shown that GPT-4 achieves>80% agree-
ment with human experts, though position and ver-
bosity biases persist.

Positioning. Our work integrates lexical, syntac-
tic, and semantic edits in one framework with a
validation loop, combining the systematic compari-
son of augmentation types with quality-aware filter-
ing. Unlike prior work that isolates single strategies,
we study their interactions across data scales and
domains.

3. Methodology

3.1. Datasets

We evaluate on two extractive QA benchmarks:
SQuADv2 (Rajpurkar et al., 2018), also known as
SQuADRUn, a general-domain reading compre-
hension dataset that extends the original SQuAD
(Rajpurkar et al., 2016) with unanswerable ques-
tions, and PubMedQA (Jin et al., 2019), a biomed-
ical QA dataset derived from PubMed abstracts.
This pairing lets us assess whether augmenta-
tion strategies transfer across domains and lin-
guistic distributions. To simulate low-resource set-
tings, we downsample each training set to 1

32 of
its original size as the base augmentation pool,
then sample progressively smaller nested fractions
( 1
128 ⊂ 1

64 ⊂ 1
32 ⊂ 1

16 ). Test sets remain fixed
(11,873 for SQuADv2, 1,000 for PubMedQA). Since
neither benchmark provides an official dev set,
we reserve 10% of the original training data as
a validation pool, and consistently hold out 10%
of each training portion for fine-tuning validation.
For SQuADv2, we apply stratified sampling to pre-
serve the answerable/unanswerable ratio. Each
downsampled split therefore contains both answer-
able and unanswerable items; the unanswerable
questions are carried into augmentation.

Fraction SQuADv2 PubMedQA
1/128 1,015 1,648
1/64 2,031 3,296
1/32 4,062 6,593
1/16 8,125 13,187

Table 1: Training sample counts per supervision
scale

To characterize the data geometry, we project
samples into embedding space using Qwen3-
Embedding-0.6B. As shown in Figure 1, the two
corpora exhibit clear domain separation, though
some SQuADv2 passages with biomedical content
cluster near PubMedQA and vice versa, indicating
the embedding model captures cross-domain se-
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Figure 1: Embedding visualization showing separation between general-domain (blue, SQuADv2) and
biomedical (red, PubMedQA) samples, with overlap pockets reflecting cross-domain similarity

mantic proximity while preserving broader category
distinctions.

3.2. Data Augmentation
Prior work has shown that large models can be
powerful engines for creating diverse training cor-
pora (Puri et al., 2020; Wang et al., 2023; Mi-
tra et al., 2024). While many black-box aug-
mentation pipelines have proven effective in prac-
tice, our goal is more focused within a linguistic
scope, aiming to maximize the contextual knowl-
edge and generative ability of LLMs to produce
questions or question–answer pairs from multiple
linguistic angles. To isolate this effect, we employ
a single model, meta-llama/Llama-3.1-70B-
Instruct,1 and keep the prompting setup consis-
tent for both generation and inference. This design
ensures that observed differences stem from the
type of linguistic augmentation rather than engi-
neering optimizations. In this way, we do not at-
tempt to beat state-of-the-art accuracy, but rather
to analyze and better understand the role of linguis-
tic augmentation itself. The exact prompts used
for each augmentation type are provided in Ap-
pendix A. SQuADv2 contains unanswerable items,
which we retain in the augmentation pool. Lexical
and syntactic edits preserve the unanswerable sta-
tus, while semantic augmentation generates new
questions grounded in the passage, marking them
as unanswerable when no valid span exists. This
concern does not apply to PubMedQA, which has
no unanswerable category.

Within the 1/32 supervision split, each original
instance is expanded by calling the model twice
per augmentation type (lexical, syntactic, seman-
tic), producing two variants per category. Thus,
one original question yields six synthetic counter-
parts. We then apply GPT-4o to validate whether
the generated examples respect the intended cate-
gory constraints.2 After validation, we retain only

1https://huggingface.co/meta-llama/
Llama-3.1-70B-Instruct

2We intentionally oversample at this stage, since a
portion of synthetic examples are filtered out; we need
to ensures that the final supervision proportions remain

the valid examples for fine-tuning. Table 2 summa-
rizes the distribution of validation outcomes across
datasets.

Label SQuADv2 PubMedQA
Valid 17,768 19,050
Unsure 4 17
Invalid 7,207 5,927

Table 2: Validation outcomes for synthetic QA pairs
across datasets. Only the valid examples are used
for downstream fine-tuning

3.2.1. Lexical-based data augmentation

The question is rephrased by replacing words with
synonyms, near-synonyms, or idiomatic expres-
sions. The answer remains unchanged, but the
surface form of the question differs.

• Original question: At what age did Beyoncé
meet LaTavia Robertson? (SQuADv2)

• Lexical variant: At what age did Beyoncé en-
counter LaTavia Robertson?

3.2.2. Syntactic-based data augmentation

This strategy rewrites questions using alternate
grammatical structures such as switching between
active and passive voice or simple and complex
forms while preserving both meaning and the origi-
nal answer.

• Original question: same as above
• Syntactic variant: LaTavia Robertson first met

Beyoncé when she was how old?

3.2.3. Semantic-based data augmentation

Unlike the above, semantic augmentation produces
new question-answer that probe different aspects
of the same passage. These are not strict para-
phrases: answers may differ, yet they remain
grounded in the same evidence.

consistent across categories.
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• Original context: At age eight, Beyoncé and
childhood friend Kelly Rowland met LaTavia
Roberson [...] They were placed into a group
with three other girls as Girl’s Tyme, and
rapped and danced on the talent show circuit
in Houston. After seeing the group, R&B pro-
ducer Arne Frager brought them to his North-
ern California studio and placed them in Star
Search, the largest talent show on national TV
at the time. Girl’s Tyme failed to win [...]

• Semantic variant: What was the name of the
talent show that Girl’s Tyme failed to win?

• Answer: Star Search

3.3. Models and Fine Tuning

We fine-tune two open-source instruction-following
LLMs: Llama-3.1-8B-Instruct (Llama Com-
munity License) and Qwen2.5-7B-Instruct
(Apache 2.0), abbreviated hereafter as Llama8B-I
and Qwen7B-I respectively (with Llama70B-I de-
noting Meta-Llama-3.1-70B-Instruct used for aug-
mentation). Choosing open-source backbones en-
sures reproducibility and alignment with community-
driven policies. Fine-tuning uses LoRA (Hu et al.,
2022) with rank r=16, α=16, and dropout 0.05, ap-
plied to all attention and feed-forward projection
matrices, updating only 0.53% of parameters. We
use AdamW with a learning rate of 1 × 10−4, co-
sine schedule, warmup ratio 0.1, weight decay 0.01,
and a per-device batch size of 32 with 4 gradient
accumulation steps. Training runs for 4 epochs in
bf16 precision. Full hyperparameters are listed in
Appendix B. To set the training schedule, we ex-
perimented on the 1

128 split with three seeds: eval-
uation loss diverged after epoch 4 and extending
to 8 epochs yielded no gains, so we fix training to
4 epochs. Early trials also showed that generating
multiple QA pairs per call caused hallucinations
(Nayab et al., 2025); switching to one pair per call
improved quality.

3.4. Experimental Workflow

We construct augmented training sets by mixing
the original data with different types of linguistic ed-
its lexical, syntactic, semantic, and a combined all
variant while keeping the overall sample size fixed
across conditions. After generating augmented
data, we perform a quality-control step: each can-
didate QA pair is validated by GPT-4o (Hurst et al.,
2024) acting as an LLM judge (Gu et al., 2025),
which assesses whether the augmented items re-
main faithful to their supporting context and relevant
to their edit types. In Section 5, we further compare
the alignment of GPT-4o judgments with human
annotations. From this filtered subset, we construct

the final training data used for fine-tuning. In total,
our setup covers:

• 2 datasets: SQuADv2 (general) and Pub-
MedQA (biomedical)

• 2 models: Llama8B-I and Qwen7B-I
• 3 scales: downsampled subsets at 1

128 , 1
64 , and

1
32 of the original training set (we omit 1

16 due
to time constraints, but fine-tune the baseline
at this scale to enable comparison with lower-
proportion counterparts)

• 5 augmentation conditions: baseline (no aug-
mentation, purely train set), syntactic, lexical,
semantic, and all (uniform mixture of the other
categories)

This factorial design yields 2 × 2 × 3 × 5 = 60
runs overall. Together, these experiments allow us
to systematically analyze how augmentation type,
data scale, and model choice interact under low-
resource conditions.

4. Evaluation

We assess model outputs with three metrics: Exact
Match (EM), word-level F1, and semantic similarity
computed from sentence embeddings. Together,
these capture strict string agreement, partial over-
lap, and meaning-level alignment. For PubMedQA,
we substitute a simpler EM (EM bin.), which eval-
uates whether the predicted label (yes, no, or
maybe) matches the gold annotation. At the same
time, we retain word-level F1 and semantic sim-
ilarity to evaluate the longer free-form reasoning
answers, since they capture partial overlap and
meaning beyond the discrete label. We do not com-
pute span-level EM on PubMedQA, as answers
are long sentences that rarely match exactly even
GPT-4o achieves zero EM in this setting.

Normalization and multiple references. Follow-
ing standard practice for contextual QA, predictions
and references are normalized by lower-casing, re-
moving punctuation and articles, and collapsing
extra whitespace.

SQuADv2 Analysis. Our evaluation on
SQuADv2, summarized in Table 3, reveals
several key insights. First, supervised fine-tuning
provides a performance boost over the vanilla
models (i.e., base models used without any
task-specific fine-tuning). For instance, the
Qwen7B-I baseline, when fine-tuned on just the
1/128 data subset, achieves 0.68 EM and 0.77
F1, outperforming its vanilla counterpart’s 0.54
EM and 0.65 F1. This highlights the critical value
of task-specific adaptation, even with minimal
data. When comparing models, the fine-tuned

227



Model EM F1 Sim ↑
SQuADv2 (vanilla, i.e., no fine-tuning)

Qwen7B-I 0.54 0.65 0.73 ± 0.38
Llama8B-I 0.57 0.67 0.74 ± 0.39
Llama70B-I 0.54 0.66 0.74 ± 0.38
GPT-4o (vanilla) 0.56 0.68 0.78 ± 0.33

SQuADv2 (1/128 subset)
Qwen7B-I Baseline 0.68 0.77 0.83 ± 0.33
Qwen7B-I Semantic 0.69 0.77 0.83 ± 0.33
Qwen7B-I Syntactic 0.68 0.77 0.83 ± 0.33
Qwen7B-I Lexical 0.68 0.77 0.83 ± 0.33
Qwen7B-I All 0.68 0.77 0.83 ± 0.33
Llama8B-I Baseline 0.63 0.72 0.78 ± 0.37
Llama8B-I Semantic 0.60 0.70 0.76 ± 0.39
Llama8B-I Syntactic 0.62 0.71 0.77 ± 0.38
Llama8B-I Lexical 0.62 0.72 0.78 ± 0.38
Llama8B-I All 0.62 0.71 0.77 ± 0.38

SQuADv2 (1/64 subset)
Qwen7B-I Baseline 0.72 0.79 0.84 ± 0.33
Qwen7B-I Semantic 0.68 0.76 0.82 ± 0.35
Qwen7B-I Syntactic 0.72 0.79 0.84 ± 0.33
Qwen7B-I Lexical 0.71 0.79 0.84 ± 0.33
Qwen7B-I All 0.71 0.79 0.84 ± 0.33
Llama8B-I Baseline 0.67 0.73 0.77 ± 0.40
Llama8B-I Semantic 0.60 0.69 0.75 ± 0.40
Llama8B-I Syntactic 0.65 0.73 0.77 ± 0.39
Llama8B-I Lexical 0.66 0.73 0.77 ± 0.40
Llama8B-I All 0.65 0.73 0.77 ± 0.39

SQuADv2 (1/32 subset)
Qwen7B-I Baseline 0.57 0.67 0.74 ± 0.39
Qwen7B-I Semantic 0.55 0.66 0.76 ± 0.37
Qwen7B-I Syntactic 0.50 0.62 0.70 ± 0.40
Qwen7B-I Lexical 0.49 0.59 0.68 ± 0.42
Qwen7B-I All 0.52 0.63 0.71 ± 0.40
Llama8B-I Baseline 0.58 0.61 0.63 ± 0.47
Llama8B-I Semantic 0.55 0.64 0.70 ± 0.43
Llama8B-I Syntactic 0.57 0.60 0.64 ± 0.46
Llama8B-I Lexical 0.56 0.60 0.63 ± 0.46
Llama8B-I All 0.60 0.65 0.69 ± 0.44

SQuADv2 (1/16 subset)
Qwen7B-I Baseline 0.73 0.80 0.85 ± 0.33
Llama8B-I Baseline 0.70 0.77 0.80 ± 0.36

Table 3: Evaluation results on SQuAD v2 subsets
with different augmentation strategies

Qwen7B-I consistently outperforms Llama8B-I
across most baseline settings, suggesting stronger
data efficiency for Qwen on this benchmark.
Surprisingly, our data augmentation strategies
(Lexical, Syntactic, Semantic, All) offer no substan-
tial benefit. Most of the variants perform identically
to the baseline. This indicates that augmentation
does not substantially alter performance. Notably,
augmented models match the baseline despite
seeing fewer unique source passages, suggesting
that increased QA diversity compensates for

reduced contextual breadth.
The relationship between data proportion and

performance is notably non-monotonic. While re-
sults improve when scaling from the 1/128 to the
1/64 subset, they drop unexpectedly at 1/32 be-
fore recovering at 1/16. We hypothesize that this
dip may reflect an interaction between dataset size
and the dynamics of LoRA fine-tuning. With very
small subsets (e.g., 1/128), the model remains un-
derfit but relatively stable; with larger subsets (e.g.,
1/16), the adapter has enough signal to generalize
effectively. At intermediate scales, however, the
model may cross a threshold where it overfits to
limited but noisy supervision, leading to degraded
performance. Such non-monotonic scaling behav-
ior has been observed in other settings (Nakkiran
et al., 2021), suggesting that careful calibration of
data size and fine-tuning strategy is essential in
low-resource environment.

Summary. For Qwen7B-I, augmentation yields
parity with the baseline across splits while using
fewer unique source passages suggesting that
added QA diversity can substitute for contextual
breadth (no single strategy dominates).

PubMedQA Analysis. Our results on Pub-
MedQA (Table 4) differ markedly from SQuADv2.
A key distinction is that PubMedQA’s evaluation
includes EM (bin.) that only checks whether the
model predicted the correct label (yes, no, or
maybe) and the rest reflect how well the model
reasons in free-text explanations. This separation
reveals an important phenomenon, some models
are “stubborn” producing an answer reasoning with-
out committing to the correct discrete label, which
lowers EM but leaves F1 and similarity scores in-
tact. For instance, Qwen7B-I at the 1/128 sub-
set achieves only 0.75 EM but 0.53 similarity, while
its semantic-augmented variant keeps EM stable
but lifts similarity to 0.75. This suggests that label
prediction and reasoning fluency are not always
aligned, and both need to be considered together.

When comparing augmentation styles and data
proportions, several signals emerge. Semantic
augmentation proves most helpful at the smallest
scale, for Qwen7B-I, it improves F1 from 0.18 to
0.28 at 1/128 and raises similarity by more than 0.20.
In contrast, syntactic and lexical variants are less
reliable, occasionally dropping EM sharply (e.g.,
Qwen7B-I Syntactic at 1/32 falls to 0.42 EM) de-
spite stable reasoning metrics. The “All” strategy
produces middling results, rarely surpassing se-
mantic alone. Scaling with more supervision does
not yield monotonic improvements, performance
rises from 1/128 to 1/64, then becomes erratic at
1/32, and collapses at 1/16. This instability sug-
gests an interaction between noisy biomedical su-
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Model EM (bin.) F1 Sim ↑
PubMedQA (vanilla)

Qwen7B-I 0.84 0.27 0.75 ± 0.09
Llama8B-I 0.88 0.26 0.73 ± 0.14
Llama70B-I 0.85 0.26 0.7 ± 0.22
GPT-4o (vanilla) 0.76 0.26 0.70 ± 0.23

PubMedQA (1/128 subset)
Qwen7B-I Baseline 0.75 0.18 0.53 ± 0.35
Qwen7B-I Semantic 0.76 0.28 0.75 ± 0.14
Qwen7B-I Syntactic 0.76 0.19 0.56 ± 0.33
Qwen7B-I Lexical 0.72 0.19 0.54 ± 0.34
Qwen7B-I All 0.73 0.19 0.54 ± 0.34
Llama8B-I Baseline 0.89 0.18 0.49 ± 0.37
Llama8B-I Semantic 0.89 0.19 0.54 ± 0.34
Llama8B-I Syntactic 0.88 0.20 0.53 ± 0.36
Llama8B-I Lexical 0.88 0.19 0.53 ± 0.36
Llama8B-I All 0.89 0.14 0.38 ± 0.38

PubMedQA (1/64 subset)
Qwen7B-I Baseline 0.71 0.31 0.75 ± 0.19
Qwen7B-I Semantic 0.86 0.24 0.68 ± 0.24
Qwen7B-I Syntactic 0.73 0.31 0.75 ± 0.20
Qwen7B-I Lexical 0.70 0.28 0.71 ± 0.26
Qwen7B-I All 0.82 0.24 0.64 ± 0.30
Llama8B-I Baseline 0.72 0.33 0.80 ± 0.09
Llama8B-I Semantic 0.88 0.18 0.52 ± 0.35
Llama8B-I Syntactic 0.71 0.33 0.80 ± 0.10
Llama8B-I Lexical 0.66 0.33 0.80 ± 0.09
Llama8B-I All 0.86 0.30 0.77 ± 0.13

PubMedQA (1/32 subset)
Qwen7B-I Baseline 0.87 0.33 0.80 ± 0.09
Qwen7B-I Semantic 0.89 0.25 0.73 ± 0.12
Qwen7B-I Syntactic 0.42 0.33 0.81 ± 0.09
Qwen7B-I Lexical 0.56 0.33 0.79 ± 0.12
Qwen7B-I All 0.70 0.31 0.77 ± 0.16
Llama8B-I Baseline 0.38 0.33 0.80 ± 0.09
Llama8B-I Semantic 0.88 0.15 0.54 ± 0.26
Llama8B-I Syntactic 0.39 0.33 0.80 ± 0.09
Llama8B-I Lexical 0.39 0.33 0.80 ± 0.09
Llama8B-I All 0.82 0.33 0.80 ± 0.10

PubMedQA (1/16 subset)
Qwen7B-I Baseline 0.36 0.33 0.8 ± 0.09
Llama8B-I Baseline 0.38 0.33 0.8 ± 0.09

Table 4: Evaluation results on PubMedQA subsets
with different augmentation strategies

pervision and LoRA adaptation.
Model comparison reinforces these findings:

Llama8B-I achieves strong EM at 1/128 (0.89) but
drops to 0.38 at 1/32, while Qwen7B-I adapts better
with more supervision, likely reflecting differences
in tokenizer coverage and pretraining bias. Aug-
mentation thus interacts with both model type and
supervision size.

Summary. For PubMedQA, semantic augmenta-
tion is the only strategy that shows consistent gains,
improving Qwen7B-I at the 1/128 scale (higher F1
and similarity) without hurting EM. Syntactic and
lexical variants are unstable, especially at 1/32,
while the mixed “All” setting rarely outperforms se-

mantic alone. Llama8B-I performs best at extreme
low-data (1/128), but Qwen7B-I adapts better at
moderate scale (1/32).

5. Human Validation

Large language models can generate fluent but
unfaithful content (Huang et al., 2025; Kalai et al.,
2025), so we manually validate a subset of the syn-
thetic QA data to quantify quality and calibrate an
automatic screener. Our annotation pool comprises
one Linguist, one PhD student in NLP, and two NLP
Experts. For each dataset, we sample 75 items
and assign one of three labels: invalid, unsure, and
valid. The labeling guidelines differ slightly across
augmentation types to reflect their specific failure
modes (e.g., lexical vs. semantic drift). In paral-
lel, we ask GPT-4o to label the same items using
the exact guideline, in order to test whether it can
reliably scale the validation to the full corpus.

5.1. Validation Protocol and Confidence
Estimation

Protocol and timing. Annotators worked inde-
pendently with the same instruction sheet and ex-
amples. After annotation, we measure the level of
consensus between human raters and the GPT-4o
outputs to assess whether the model can approxi-
mate human judgment. Manual validation is costly:
36–67 minutes per 75 SQuADv2 items and 1.5–3
hours for PubMedQA (domain-specific terms re-
quire slower reading). In contrast, GPT-4o labels
the same batch in about 250 s (SQuADv2) and
370 s (PubMed).

Confidence Estimation from Log-Probabilities.
To avoid repeated API calls for calibration, we ap-
proximate model confidence directly from the log-
probability of the emitted label token (“-1”, “0”, or
“1” referring to invalid, unsure, and valid labels).
Specifically, we extract the log-prob reported for
that token and convert it into a probability by expo-
nentiation. This yields a single confidence score
per item without additional queries. While approxi-
mate, this proxy reflects the model’s internal prefer-
ence for the chosen label and is commonly used in
lightweight uncertainty estimation for LMs (Kada-
vath et al., 2022).

Figure 2 plots the distribution of GPT-4o confi-
dence grouped by the human reference label. The
model is highly confident overall, with mass near
1.0 for both valid and invalid cases. The valid
class shows slightly broader spread (some out-
liers < 0.9), whereas invalid items are predicted
with near-perfect certainty. Interestingly, the model
never outputs the intermediate unsure label (as in
our large-scale experiments, which yielded only a
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negligible number of such cases) and thus shows
no explicit uncertainty. This pattern indicates over-
confidence: the model differentiates valid from in-
valid on average, but leaves little room for calibrated
uncertainty, which cautions against fully automatic
acceptance without human.

Figure 2: Model confidence (from label log-probs).
Both datasets show the same pattern; we plot one
dataset (SQuADv2) for brevity

5.2. Error Taxonomy from Human Review
Beyond a single validity label, annotators consis-
tently flagged recurrent issues in synthetic QA. We
group them into five categories:

• Grammar & fluency (bad grammatical phrasing)
• Faithfulness to context (missing key details or

unsupported additions)
• Answer–question alignment (answer is

over/under-specified relative to the question)
• Redundancy/minimal variation (near-duplicates

or trivial rewrites)
• Clarity & specificity (vague wording, ambiguous

acronyms, underspecified entities)

This taxonomy offers a structured lens for diag-
nosing weak points in synthetic QA. Going forward,
these categories could be used not only for evalu-
ation but also to guide augmentation itself. For in-
stance, by adapting prompts to reduce redundancy,
enforce grounding for faithfulness, or encourage
clearer wording. They could also serve as auto-
matic filter signals, training lightweight detectors
that flag likely errors before human review.

5.3. Human vs. Model Validation
An important question is how closely model-based
validation aligns with human experts, and whether
this alignment shifts across domains. Manual re-
view is slow and costly, whereas models like GPT-
4o are efficient but may overlook domain subtleties.
We therefore compare validity rates, annotator con-
fidence, and category-level differences between
humans and the model.

Figure 3: SQuADv2 validation (75 QA pairs).
Agreement is relatively high, with disagreements
concentrated in syntactic vs. semantic categories

Figure 4: PubMedQA validation (75 QA pairs). NLP
Experts marked more items as invalid or unsure,
highlighting domain sensitivity absent in the model

The figures 3 and 4 present both the human eval-
uation (four annotators) and the automatic evalu-
ation (using GPT-4o) for the three kinds of data
augmentation (lexical, syntactic, and semantic) on
the SQuADv2 and PubMedQA datasets (75 QA
pairs evaluated on each dataset). We represent in
blue the amount of valid generated data, in orange
the amount of invalid generated data, and in grey
the amount of generated data for which uncertainty
was considered. Since human evaluators could
assign a confidence score, the standard deviation
is also indicated in each box.

On SQuADv2 (figure 3), humans judged 81.5%
of items valid versus 77.3% for GPT-4o, a small
gap of ∆ Valid% = −4.2 (negative = model stricter).
At the augmentation level, GPT-4o was more le-
nient on syntactic data (+9.9) but stricter on seman-
tic (−9.9) and lexical (−10.7). Overall, the model
broadly tracked human judgments with mild shifts
by augmentation type. Confidence remained high
(4.8 ± 0.4), suggesting disagreements stem from
interpretation rather than uncertainty.

For PubMedQA (figure 4), the pattern reverses,
humans judged 66.4% valid, GPT-4o 79.2% (∆ =
+12.8). This permissive bias persisted across
semantic (+13.1), syntactic (+13.7), and lexical
(+12.8). NLP Experts applied stricter criteria, intro-
ducing more invalid and unsure labels not captured
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by the model. Confidence dropped to 4.5 ± 0.7,
reflecting the difficulty of biomedical texts, where
domain-specific terminology and higher stakes re-
duce annotator certainty (Wang et al., 2021).3

Taken together, results reveal a domain-
dependent shift. In general data (SQuADv2), hu-
mans and GPT-4o converge, with disagreements
mostly stylistic. In specialized domains (PubMed),
humans adopt stricter thresholds while the model
remains permissive, widening the gap. A practical
implication is that GPT-4o serves well as a fast first-
pass screener, leaving experts to review harder
edge cases where consensus is fragile.

6. Energy and Emission Analysis

As tracking carbon is increasingly important both
to make the environmental costs of ML visible, re-
cent work urges routine reporting of energy and
emissions for ML experiments (Strubell et al., 2019;
Schwartz et al., 2020). We track energy use and
emissions with CodeCarbon4 (Courty et al., 2024),
an open-source Python library that samples hard-
ware power draw during runtime and converts it
into total energy (kWh) equivalent emissions. All
fine-tuning experiments were run on a single node
equipped with 2× NVIDIA H100 PCIe GPUs and
an Intel® Xeon® Gold 5418Y CPU.

Figure 5: Training time (h) and energy use (kWh)
across datasets, sampling tiers, and models. Bars
show mean over augmentation types; error bars
indicate the standard error of the mean (SEM)

Figure 5 reports training duration (top) and en-
ergy consumption (bottom) for SQuADv2 and Pub-
MedQA at three sampling tiers ( 1

128 , 1
64 , 1

32 ). Re-
sults are averaged over the five augmentation con-
ditions (Baseline, Lexical, Syntactic, Semantic, All).
Error bars denote standard error, but differences

3Confidence values (1–5 scale) are shown inside the
bars. For counts below five, values are omitted; in most
cases, the score was 5.

4https://pypi.org/project/codecarbon/

are minimal, indicating that augmentation choice
has negligible impact on runtime or energy.

On SQuADv2, Qwen7B-I is consistently faster
and slightly more energy-efficient than Llama8B-
I, reflecting its smaller parameter count. In con-
trast, on PubMedQA the trend reverses, with Qwen
taking longer and consuming more energy. We
hypothesize this stems from differences in tok-
enization and domain vocabulary. PubMedQA’s
biomedical terms may yield longer effective se-
quences for Qwen. This highlights how efficiency
can depend not only on parameter count but also
on model–data interaction (Hoffmann et al., 2022;
Zhou et al., 2024).

7. Conclusion

We systematically compared lexical, syntactic, and
semantic data augmentation for extractive QA un-
der low-resource conditions, with fidelity-aware val-
idation via GPT-4o and human audit. Our experi-
ments across SQuADv2 (general) and PubMedQA
(biomedical) yield three main findings: (i) seman-
tic augmentation is the only strategy that consis-
tently improves biomedical QA at the smallest scale
(1/128), while carefully curated baselines often suf-
fice in the general domain; (ii) performance scales
non-monotonically with data size, revealing an inter-
action between LoRA adaptation and supervision
volume that warrants careful calibration; and (iii)
label prediction can diverge from reasoning quality,
underscoring the need for multi-metric evaluation
beyond headline accuracy.

Several limitations qualify these conclusions. We
evaluated only two model families (Qwen7B-I and
Llama8B-I); other architectures such as Mistral-7B
may respond differently to the same augmenta-
tion types (Liu et al., 2024). Our domain cover-
age is limited to one general and one biomedical
benchmark, legal (Guha et al., 2023) and financial
QA (Chen et al., 2021) pose structurally different
challenges that future work should address. The
GPT-4o validation loop, while efficient, was not cal-
ibrated against human preferences, prompt tun-
ing or preference alignment of the judge could fur-
ther improve augmentation filtering. Finally, we did
not scale beyond 1/16 of the original training sets;
larger fractions may reveal additional nonlinearities
due to optimizer dynamics or augmentation qual-
ity variance. Despite these limitations, we believe
this work provides practical guidelines for choosing
augmentation strategies under data scarcity and
opens the door to more principled, quality-focused
augmentation pipelines for domain-adaptable QA.
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8. Ethical Considerations

We rely only on public datasets (SQuADv2, Pub-
MedQA) under their respective licenses and do
not process personally identifiable information (PII)
or protected health information (PHI). All synthetic
data are clearly labeled and generated with open
models (Llama70B-I for augmentation; Llama8B-
I and Qwen7B-I for fine-tuning) to ensure trans-
parency and reproducibility. Human validation was
carried out by a small team of expert annotators
who participated voluntarily; no demographic or
sensitive data were collected. To account for en-
vironmental impact, we tracked hardware, training
time, and energy consumption using CodeCarbon.
Whenever possible, we favored shorter training
schedules and smaller models to reduce resource
usage while maintaining accuracy.

Code is available at https://anonymous.
4open.science/r/ssl-4CB8.

9. References

Chris Alberti, Daniel Andor, Emily Pitler, Jacob De-
vlin, and Michael Collins. 2019. Synthetic QA
corpora generation with roundtrip consistency.
In Proceedings of the 57th Annual Meeting of the
Association for Computational Linguistics, pages
6168–6173, Florence, Italy. Association for Com-
putational Linguistics.

Vittorio Castelli, Rishav Chakravarti, Saswati Dana,
Anthony Ferritto, Radu Florian, Martin Franz,
Dinesh Garg, Dinesh Khandelwal, Scott Mc-
Carley, Michael McCawley, Mohamed Nasr, Lin
Pan, Cezar Pendus, John Pitrelli, Saurabh Pujar,
Salim Roukos, Andrzej Sakrajda, Avi Sil, Rosario
Uceda-Sosa, Todd Ward, and Rong Zhang. 2020.
The TechQA dataset. In Proceedings of the 58th
Annual Meeting of the Association for Compu-
tational Linguistics, pages 1269–1278, Online.
Association for Computational Linguistics.

Yung-Chieh Chan, George Pu, Apaar Shanker,
Parth Suresh, Penn Jenks, John Heyer, and Sam
Denton. 2024. Balancing cost and effectiveness
of synthetic data generation strategies for llms.
arXiv preprint arXiv:2409.19759.

Jie Chen, Yupeng Zhang, Bingning Wang,
Wayne Xin Zhao, Ji-Rong Wen, and Weipeng
Chen. 2024. Unveiling the flaws: Exploring im-
perfections in synthetic data and mitigation strate-
gies for large language models. In Findings
of the Association for Computational Linguis-
tics: EMNLP 2024, pages 14855–14865, Miami,
Florida, USA. Association for Computational Lin-
guistics.

Zhiyu Chen, Wenhu Chen, Charese Smiley,
Sameena Shah, Iana Borova, Dylan Langdon,
Reema Moussa, Matt Beane, Ting-Hao Huang,
Bryan Routledge, and William Yang Wang. 2021.
FinQA: A dataset of numerical reasoning over
financial data. In Proceedings of the 2021 Con-
ference on Empirical Methods in Natural Lan-
guage Processing, pages 3697–3711, Online
and Punta Cana, Dominican Republic. Associa-
tion for Computational Linguistics.

Arijit Chowdhury and Aman Chadha. 2024. Gen-
erative data augmentation using llms improves
distributional robustness in question answering.
In Proceedings of the 18th conference of the
European chapter of the association for compu-
tational linguistics: student research workshop,
pages 258–265.

Benoit Courty, Victor Schmidt, Sasha Luc-
cioni, Goyal-Kamal, MarionCoutarel, Boris Feld,
Jérémy Lecourt, LiamConnell, Amine Saboni, In-
imaz, supatomic, Mathilde Léval, Luis Blanche,
Alexis Cruveiller, ouminasara, Franklin Zhao,
Aditya Joshi, Alexis Bogroff, Hugues de Lavor-
eille, Niko Laskaris, Edoardo Abati, Douglas
Blank, Ziyao Wang, Armin Catovic, Marc Alen-
con, Michał Stęchły, Christian Bauer, Lucas
Otávio N. de Araújo, JPW, and MinervaBooks.
2024. mlco2/codecarbon: v2.4.1.

Haixing Dai, Zhengliang Liu, Wenxiong Liao, Xi-
aoke Huang, Yihan Cao, Zihao Wu, Lin Zhao,
Shaochen Xu, Fang Zeng, Wei Liu, Ninghao Liu,
Sheng Li, Dajiang Zhu, Hongmin Cai, Lichao
Sun, Quanzheng Li, Dinggang Shen, Tianming
Liu, and Xiang Li. 2025. Auggpt: Leveraging
chatgpt for text data augmentation. IEEE Trans-
actions on Big Data, 11(3):907–918.

Steven Y. Feng, Varun Gangal, Jason Wei, Sarath
Chandar, Soroush Vosoughi, Teruko Mitamura,
and Eduard Hovy. 2021. A survey of data aug-
mentation approaches for NLP. In Findings of
the Association for Computational Linguistics:
ACL-IJCNLP 2021, pages 968–988, Online. As-
sociation for Computational Linguistics.

Dan Friedman and Adji Bousso Dieng. 2023. The
vendi score: A diversity evaluation metric for ma-
chine learning. Transactions on Machine Learn-
ing Research.

Jiawei Gu, Xuhui Jiang, Zhichao Shi, Hexiang Tan,
Xuehao Zhai, Chengjin Xu, Wei Li, Yinghan Shen,
Shengjie Ma, Honghao Liu, Saizhuo Wang, Kun
Zhang, Yuanzhuo Wang, Wen Gao, Lionel Ni,
and Jian Guo. 2025. A survey on LLM-as-a-
Judge.

232



Neel Guha, Julian Nyarko, Daniel E. Ho, Christo-
pher Ré, Adam Chilton, Aditya Narayana, Alex
Chohlas-Wood, Austin Peters, Brandon Waldon,
Daniel N. Rockmore, Diego Zambrano, Dmitry
Talisman, Enam Hoque, Faiz Surani, Frank Fa-
gan, Galit Sarfaty, Gregory M. Dickinson, Haggai
Porat, Jason Hegland, Jessica Wu, Joe Nudell,
Joel Niklaus, John Nay, Jonathan H. Choi, Kevin
Tobia, Margaret Hagan, Megan Ma, Michael
Livermore, Nikon Rasumov-Rahe, Nils Holzen-
berger, Noam Kolt, Peter Henderson, Sean
Rehaag, Sharad Goel, Shang Gao, Spencer
Williams, Sunny Gandhi, Tom Zur, Varun Iyer,
and Zehua Li. 2023. Legalbench: a collabora-
tively built benchmark for measuring legal rea-
soning in large language models. In Proceedings
of the 37th International Conference on Neural
Information Processing Systems, NIPS ’23, Red
Hook, NY, USA. Curran Associates Inc.

Zhen Guo, Peiqi Wang, Yanwei Wang, and Shangdi
Yu. 2023. Improving small language models on
pubmedqa via generative data augmentation. In
LLM4AI’23: Workshop on Foundations and Ap-
plications in Large-scale AI Models -Pre-training,
Fine-tuning, and Prompt-based Learning, Long
Beach, CA, USA.

Jordan Hoffmann, Sebastian Borgeaud, Arthur
Mensch, Elena Buchatskaya, Trevor Cai, Eliza
Rutherford, Diego de Las Casas, Lisa Anne Hen-
dricks, Johannes Welbl, Aidan Clark, et al. 2022.
Training compute-optimal large language models.
ArXiv preprint arXiv:2203.15556.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
Weizhu Chen, et al. 2022. Lora: Low-rank adap-
tation of large language models. ICLR, 1(2):3.

Lei Huang, Weijiang Yu, Weitao Ma, Weihong
Zhong, Zhangyin Feng, Haotian Wang, Qiang-
long Chen, Weihua Peng, Xiaocheng Feng, Bing
Qin, and Ting Liu. 2025. A survey on hallucina-
tion in large language models: Principles, tax-
onomy, challenges, and open questions. ACM
Trans. Inf. Syst., 43(2).

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam
Perelman, Aditya Ramesh, Aidan Clark, AJ Os-
trow, Akila Welihinda, Alan Hayes, Alec Radford,
et al. 2024. Gpt-4o system card. Technical report,
OpenAI.

Qiao Jin, Bhuwan Dhingra, Zhengping Liu, William
Cohen, and Xinghua Lu. 2019. PubMedQA: A
dataset for biomedical research question answer-
ing. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Process-
ing and the 9th International Joint Conference on
Natural Language Processing (EMNLP-IJCNLP),

pages 2567–2577, Hong Kong, China. Associa-
tion for Computational Linguistics.

Qiao Jin, Zheng Yuan, Guangzhi Xiong, Qianlan
Yu, Huaiyuan Ying, Chuanqi Tan, Mosha Chen,
Songfang Huang, Xiaozhong Liu, and Sheng Yu.
2022. Biomedical question answering: A survey
of approaches and challenges. ACM Comput.
Surv., 55(2).

Saurav Kadavath, Tom Conerly, Amanda Askell,
T. J. Henighan, Dawn Drain, Ethan Perez,
Nicholas Schiefer, Zachary Dodds, Nova Das-
sarma, Eli Tran-Johnson, Scott Johnston, Sheer
El-Showk, Andy Jones, Nelson Elhage, Tristan
Hume, Anna Chen, Yuntao Bai, Sam Bowman,
Stanislav Fort, Deep Ganguli, Danny Hernandez,
Josh Jacobson, John Kernion, Shauna Kravec,
Liane Lovitt, Kamal Ndousse, Catherine Olsson,
Sam Ringer, Dario Amodei, Tom B. Brown, Jack
Clark, Nicholas Joseph, Benjamin Mann, Sam
McCandlish, Chris Olah, and Jared Kaplan. 2022.
Language models (mostly) know what they know.
ArXiv, abs/2207.05221.

Adam Tauman Kalai, Ofir Nachum, Santosh S.
Vempala, and Edwin Zhang. 2025. Why
language models hallucinate. ArXiv preprint
2509.04664v1.

Julien Khlaut, Corentin Dancette, Elodie Ferreres,
Alaedine Bennani, Paul Hérent, and Pierre
Manceron. 2024. Efficient medical question an-
swering with knowledge-augmented question
generation. In Proceedings of the 6th Clinical
Natural Language Processing Workshop, pages
10–20, Mexico City, Mexico. Association for Com-
putational Linguistics.

Qin Liu, Fei Wang, Nan Xu, Tianyi Lorena Yan, Tao
Meng, and Muhao Chen. 2024. Monotonic para-
phrasing improves generalization of language
model prompting. In Findings of the Associa-
tion for Computational Linguistics: EMNLP 2024,
pages 9861–9877, Miami, Florida, USA. Associ-
ation for Computational Linguistics.

Shayne Longpre, Yi Lu, Zhucheng Tu, and Chris
DuBois. 2019. An exploration of data aug-
mentation and sampling techniques for domain-
agnostic question answering. In Proceedings of
the 2nd Workshop on Machine Reading for Ques-
tion Answering, pages 220–227, Hong Kong,
China. Association for Computational Linguis-
tics.

Arindam Mitra, Luciano Del Corro, Guoqing Zheng,
Shweti Mahajan, Dany Rouhana, Andres Codas,
Yadong Lu, Wei ge Chen, Olga Vrousgos, Corby
Rosset, Fillipe Silva, Hamed Khanpour, Yash

233



Lara, and Ahmed Awadallah. 2024. Agentin-
struct: Toward generative teaching with agentic
flows.

Preetum Nakkiran, Gal Kaplun, Yamini Bansal, Tris-
tan Yang, Boaz Barak, and Ilya Sutskever. 2021.
Deep double descent: Where bigger models and
more data hurt. Journal of Statistical Mechanics:
Theory and Experiment, 2021(12):124003.

Sania Nayab, Giulio Rossolini, Marco Simoni, An-
drea Saracino, Giorgio Buttazzo, Nicolamaria
Manes, and Fabrizio Giacomelli. 2025. Concise
thoughts: Impact of output length on LLM reason-
ing and cost. ArXiv preprint arXiv:2407.19825.

Sergey Pletenev, Maria Marina, Daniil Moskovskiy,
Vasily Konovalov, Pavel Braslavski, Alexander
Panchenko, and Mikhail Salnikov. 2025. How
much knowledge can you pack into a lora adapter
without harming llm? In Findings of the Associa-
tion for Computational Linguistics: NAACL 2025,
pages 4309–4322.

Raul Puri, Ryan Spring, Mohammad Shoeybi,
Mostofa Patwary, and Bryan Catanzaro. 2020.
Training question answering models from syn-
thetic data. In Proceedings of the 2020 Confer-
ence on Empirical Methods in Natural Language
Processing (EMNLP), pages 5811–5826, Online.
Association for Computational Linguistics.

Pranav Rajpurkar, Robin Jia, and Percy Liang.
2018. Know what you don’t know: Unanswer-
able questions for SQuAD. In Proceedings of the
56th Annual Meeting of the Association for Com-
putational Linguistics (Volume 2: Short Papers),
pages 784–789, Melbourne, Australia. Associa-
tion for Computational Linguistics.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev,
and Percy Liang. 2016. SQuAD: 100,000+ ques-
tions for machine comprehension of text. In Pro-
ceedings of the 2016 Conference on Empirical
Methods in Natural Language Processing, pages
2383–2392. Association for Computational Lin-
guistics.

Revanth Gangi Reddy, Bhavani Iyer, Md Arafat Sul-
tan, Rong Zhang, Avi Sil, Vittorio Castelli, Radu
Florian, and Salim Roukos. 2020. End-to-end QA
on COVID-19: Domain adaptation with synthetic
training. ArXiv preprint arXiv:2012.01414.

Maximilian Schmidt, Andrea Bartezzaghi, and
Ngoc Thang Vu. 2024. Prompting-based syn-
thetic data generation for few-shot question an-
swering. In Proceedings of the 2024 Joint In-
ternational Conference on Computational Lin-
guistics, Language Resources and Evaluation
(LREC-COLING 2024), pages 13168–13178.

Roy Schwartz, Jesse Dodge, Noah A. Smith, and
Oren Etzioni. 2020. Green ai. Commun. ACM,
63(12):54–63.

Rico Sennrich, Barry Haddow, and Alexandra Birch.
2016. Neural machine translation of rare words
with subword units. In Proceedings of the 54th
Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers),
pages 1715–1725, Berlin, Germany. Association
for Computational Linguistics.

Minju Seo, Jinheon Baek, James Thorne, and
Sung Ju Hwang. 2024. Retrieval-augmented
data augmentation for low-resource domain
tasks. ArXiv preprint arXiv:2402.13482v1.

Siamak Shakeri, Cicero Nogueira dos Santos,
Henghui Zhu, Patrick Ng, Feng Nan, Zhiguo
Wang, Ramesh Nallapati, and Bing Xiang. 2020.
End-to-end synthetic data generation for domain
adaptation of question answering systems. In
Proceedings of the 2020 Conference on Empir-
ical Methods in Natural Language Processing
(EMNLP), pages 5445–5460, Online. Associa-
tion for Computational Linguistics.

Marco Antonio Sobrevilla Cabezudo, Marcio Lima
Inacio, and Thiago Alexandre Salgueiro Pardo.
2024. Investigating paraphrase generation as
a data augmentation strategy for low-resource
AMR-to-text generation. In Proceedings of the
17th International Natural Language Generation
Conference, pages 663–675, Tokyo, Japan. As-
sociation for Computational Linguistics.

Emma Strubell, Ananya Ganesh, and Andrew Mc-
Callum. 2019. Energy and policy considerations
for deep learning in NLP. In Proceedings of the
57th Annual Meeting of the Association for Com-
putational Linguistics, pages 3645–3650, Flo-
rence, Italy. Association for Computational Lin-
guistics.

Guy Tevet and Jonathan Berant. 2021. Evaluating
the evaluation of diversity in natural language
generation. In Proceedings of the 16th Confer-
ence of the European Chapter of the Associa-
tion for Computational Linguistics: Main Volume,
pages 326–346, Online. Association for Compu-
tational Linguistics.

Kanix Wang, Robert Stevens, Halima Alachram,
Yu Li, Larisa Soldatova, Ross King, Sophia Ana-
niadou, Maolin Li, Fenia Christopoulou, Jose Luis
Ambite, Joel Matthew, Sahil Garg, Ulf Hermjakob,
Daniel Marcu, Emily Sheng, Tim Beißbarth,
Edgar Wingender, Aram Galstyan, and Andrey
Rzhetsky. 2021. Nero: a biomedical named-
entity (recognition) ontology with a large, anno-
tated corpus reveals meaningful associations

234



through text embedding. npj Systems Biology
and Applications, 7.

Yizhong Wang, Yeganeh Kordi, Swaroop Mishra,
Alisa Liu, Noah A. Smith, Daniel Khashabi, and
Hannaneh Hajishirzi. 2023. Self-instruct: Align-
ing language models with self-generated instruc-
tions. In Proceedings of the 61st Annual Meeting
of the Association for Computational Linguistics
(Volume 1: Long Papers), pages 13484–13508,
Toronto, Canada. Association for Computational
Linguistics.

Jason Wei and Kai Zou. 2019. EDA: Easy data aug-
mentation techniques for boosting performance
on text classification tasks. In Proceedings of the
2019 Conference on Empirical Methods in Nat-
ural Language Processing and the 9th Interna-
tional Joint Conference on Natural Language Pro-
cessing (EMNLP-IJCNLP), pages 6382–6388,
Hong Kong, China. Association for Computa-
tional Linguistics.

Joonho Yang, Seunghyun Yoon, Hwan Chang,
Byeongjeong Kim, and Hwanhee Lee. 2025. Hal-
lucinate at the last in long response generation:
A case study on long document summarization.
ArXiv preprint arXiv:2505.15291v2.

Adams Wei Yu, David Dohan, Minh-Thang Luong,
Rui Zhao, Kai Chen, Mohammad Norouzi, and
Quoc V Le. 2018. Qanet: Combining local convo-
lution with global self-attention for reading com-
prehension. In Proceedings of ICLR, Vancouver,
Canada.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng,
Siyuan Zhuang, Zhanghao Wu, Yonghao
Zhuang, Zi Lin, Zhuohan Li, Dacheng Li, Eric
Xing, et al. 2023. Judging llm-as-a-judge with
mt-bench and chatbot arena. Advances in neu-
ral information processing systems, 36:46595–
46623.

Ming Zhong, Yang Liu, Da Yin, Yuning Mao, Yizhu
Jiao, Pengfei Liu, Chenguang Zhu, Heng Ji,
and Jiawei Han. 2022. Towards a unified multi-
dimensional evaluator for text generation. In Pro-
ceedings of the 2022 Conference on Empirical
Methods in Natural Language Processing, pages
2023–2038, Abu Dhabi, United Arab Emirates.
Association for Computational Linguistics.

Zixuan Zhou, Xuefei Ning, Ke Hong, Tianyu Fu, Ji-
aming Xu, Shiyao Li, Yuming Lou, Luning Wang,
Zhihang Yuan, Xiuhong Li, Shengen Yan, Guo-
hao Dai, Xiao-Ping Zhang, Yuhan Dong, and
Yu Wang. 2024. A survey on efficient infer-
ence for large language models. ArXiv preprint
arXiv:2404.14294v3.

Yuchang Zhu, Huizhe Zhang, Bingzhe Wu, Jintang
Li, Zibin Zheng, Peilin Zhao, Liang Chen, and
Yatao Bian. 2025. Measuring diversity in syn-
thetic datasets. In Forty-second International
Conference on Machine Learning.

A. Augmentation Prompts

Below are the prompts supplied to Llama-3.1-
70B-Instruct for each augmentation type. Each
prompt receives the original context, question, and
answer as input, with temperature 0.6 and top-p
0.9.

Lexical augmentation prompt.

You are given a context and an
original question-answer pair.
Rephrase the question using
different vocabulary and word
choices while maintaining the
same meaning and answer.

Return the result strictly in
JSON with the following struc-
ture: {"questions": ["..."],
"answers": ["..."]}

Syntactic augmentation prompt.

You are given a context and an
original question-answer pair.
Rewrite the question using dif-
ferent grammatical structure
or sentence construction while
preserving the same meaning and
answer.

Return the result strictly in
JSON with the following struc-
ture: {"questions": ["..."],
"answers": ["..."]}

Semantic augmentation prompt.

You are given a context and an
original question-answer pair.
Create exactly 1 new question-
short answer pair that asks about
a different facet of the context
(not a paraphrase). You need to
be creative.

Return the result strictly in
JSON with the following struc-
ture: {"questions": ["..."],
"answers": ["..."]}
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B. Hyperparameters

Hyperparameter Value
LoRA rank (r) 16
LoRA α 16
LoRA dropout 0.05
Target modules q/k/v/o/gate/up/down_proj
Optimizer AdamW (fused)
Learning rate 1× 10−4

LR scheduler Cosine
Warmup ratio 0.1
Weight decay 0.01
Max gradient norm 0.8
Batch size (per device) 32
Gradient accumulation 4
Epochs 4
Max sequence length 2048
Precision bf16 + tf32
Seed 42

Table 5: Full hyperparameters used for LoRA fine-
tuning
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Abstract
As previous research on annotator disagreement in discourse phenomena has shown, understanding text
coherence varies considerably from one individual to another. To explore this phenomenon, we created two
corpora with multiple annotations of Czech texts, accompanied by annotators’ explanations of their choices.
The first corpus consists of 1,024 contexts annotated in parallel by three annotators. It captures differences
in the identification of coreference across various text types and grammatical-semantic categories, including
pronouns, full noun phrases, and anaphoric adverbials. The second corpus comprises 512 contexts, annotated
in parallel by five annotators, and focuses on identifying discourse relations in attributive and non-attributive
constructions. Both corpora achieve a comparable inter-annotator agreement of approximately 60–65%. For
coreference annotation, agreement tends to be lower in cases where automatic coreference resolution models
disagree, suggesting that when the models disagree, the examples tend to be more difficult or ambiguous for
human annotators to interpret. The annotators’ comments, both for coreference and discourse relations, further
reveal differences in interpretation, varying levels of confidence in text understanding, and individual reading strategies.

Keywords: comprehension of coherence, multiple annotations, commented annotation

1. Introduction

During our long-term development of corpora fo-
cused on discourse relations, coreference, and in-
formation structure, we observed that certain lin-
guistic phenomena tend to produce lower inter-
annotator agreement than others. This observation
aligns with a growing body of research on anno-
tation evaluation taking into account different per-
spectives (Basile et al., 2021) and Human Label
Variation (HLV, Plank, 2022), which suggests that
disagreement in NLP is often a reflection of inher-
ent linguistic complexity rather than mere noise. It
is possible to identify several factors that appear
to contribute to this variation, ranging from the pol-
ysemy of synsemantic signals to word order pat-
terns (see, e.g., Zikánová, 2024). Furthermore,
annotator-related factors, such as the subjective
perception of the relative importance of text seg-
ments, play a significant role. Such interpretative
diversity is well-documented in large-scale projects;
for instance, Poesio et al. (2020) and Recasens et
al. (2010) have consistently observed that ambigu-
ity in textual meaning naturally reduces agreement
in coreference tasks.

In the present paper, we introduce two cor-
pora created to investigate human label variation.
Hlava Cor (Human Label Variation in Coreference
(Nedoluzhko et al., 2026)) contains annotations of
coreference and focuses on human label variation
related to genericity, subjectivity and underspecifi-
cation. Hlava AD (Human Label Variation in Attri-
bution and Discourse (Šárka Zikánová et al., 2024))
comprises annotations of discourse relations in at-

tributive and non-attributive constructions.
In developing these corpora, we took into ac-

count various hypotheses about the possible
causes of annotation disagreement, based on our
previous annotation experience and analyses. For
the coreference corpus, we specifically distinguish
generic and specific expressions, as well as dif-
ferent grammatical–semantic categories, including
pronouns, full noun phrases, and anaphoric ad-
verbials. We further hypothesize that coreference
resolution models may partially predict cases of
underspecification, in the sense that where models
disagree, human annotators are also likely to find
the interpretation of coreference relations problem-
atic (see Section 4.3 and 4.4).

For discourse relations, we assume that in texts
with larger segments of direct or indirect speech,
it may be more difficult for recipients to recognize
which of the upcoming sentences are still related
to the direct/indirect speech (see Section 5).

We argue that multiple annotation, and espe-
cially the detailed comments accompanying each
annotation, provide rich material for investigating
the reasons and nuances of human label variation,
enhancing our understanding of how people inter-
pret texts differently. We understand our corpora
as datasets providing many types of commented
structures, and thus serving as a base for future
psycholinguistic experiments dealing with special
cases. Furthermore, these corpora may serve as
reference datasets for evaluating the reliability of
previously single-annotated corpora.
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2. Related Work

The interpretation of linguistic meaning is never
entirely fixed or uniform; it is shaped by context,
perspective, and the inherent ambiguity of natu-
ral language. This fundamental indeterminacy in-
fluences all levels of linguistic analysis, including
discourse and coreference annotation, where hu-
man judgments often diverge even under detailed
annotation guidelines. Researchers in discourse
annotation address this challenge in different ways.
For example, Marchal et al. (2022) discuss meth-
ods evaluating annotation quality across multiple
annotators. Building on the "ecologically valid" ex-
planations introduced by Jiang et al. (2023), recent
work by Weber-Genzel et al. (2024) utilizes a two-
round annotation procedure where participants jus-
tify their label choices through natural language
explanations. In these studies, annotators clas-
sify the relations between clauses as entailment,
contradiction, or neutral and provide commentaries
that allows researchers to distinguish between in-
terpretative variation and annotation errors. Other
studies emphasize the importance of explicitly cap-
turing interpretative plurality (Plank, 2022, Basile
et al., 2021, Crible et al., 2019).

New corpora are published capturing multiple un-
derstandings of discourse relations, e.g. in the RST
approach (Peng et al., 2022, Polakova et al., 2024,
Hewett and Stede, 2025), or implicit discourse rela-
tions in the PDTB approach (Scholman et al., 2022,
Yung et al., 2024). None of these datasets include
annotators’ comments on their choices.

Comparative research on spoken and written
data further demonstrates that modality contributes
to interpretative diversity: spoken language tends
to involve more implicit and multifunctional relations
(Rehbein et al., 2016, Cuenca, 2017, Crible et al.,
2019), though its annotation consistency is not nec-
essarily lower than that of written texts (Zufferey
and Crible, 2015).

Ambiguity in textual meaning naturally reduces
inter-annotator agreement (IAA), as has been con-
sistently observed in large-scale coreference an-
notation projects (Weischedel et al., 2011; Zeldes,
2017; Recasens and Martí, 2010; Poesio, 2020).
While analyses of annotation disagreement have
occasionally been included (Recasens et al., 2011;
Pradhan et al., 2012), such studies are typically
limited to small, task-specific subsets of data (cf.
Levine and Zeldes, 2025). A few corpora ex-
plicitly encode ambiguous or near-identity cases
(Uryupina et al., 2020; Bourgonje and Stede, 2020;
Ogrodniczuk et al., 2013), but these remain statisti-
cally rare, leaving much of the natural variation in
human interpretation unexplored.

Poesio et al. (2019) present a preliminary analy-
sis of disagreements in a corpus of anaphoric in-

formation in 542 English documents crowdsourced
through a game-with-a-purpose. The corpus con-
tains multiple concurrent annotations of about 108
thousand markables, with 20 judgments on average
per markable (12 annotations and 8 validations).
Expert analysis of a sample of the data shows, how-
ever, that genuine ambiguity occurs only in about
9% of the markables and the other cases of annota-
tors’ disagreement should be accounted to annota-
tors’ errors and to various limitations of the coding
scheme and the annotation interface.

In our analysis, we use the Prague Dependency
Treebank - Consolidated 2.0 (PDT-C 2.0; (Hajič
et al., 2024)) as the primary data source for extract-
ing and then multiply annotating the data.

Namely, we use its subcorpus Prague Depen-
dency Treebank (PDT) for the written mode and
Prague Dependency Treebank of Spoken Czech
(PDTSC) for the spoken mode. The PDT represents
texts from the Czech newspapers from 1990’s,
while the PDTSC contains transcripts of conver-
sations between interviewers and Holocaust sur-
vivors or contemporary witnesses of communism.
The PDT-C 2.0 corpus contains manual annota-
tions of coreference and discourse relations, along
with multiple linguistic layers ranging from morphol-
ogy to tectogrammatics. Annotation in PDT-C 2.0
follows the principle of a single correct decision,
with approximately 10% of the data annotated in
parallel to assess inter-annotator agreement (IAA).
The collection comprises both spoken and written
subcorpora, enabling comparative analyses of dis-
course phenomena across modalities.

3. Hlava Cor and Hlava AD: General
Settings

To study human label variation, we extracted texts
primarily from different parts of the PDT-C 2.0 (see
detailed description in Sections 4.3 and 5) and cre-
ated Hlava Cor and Hlava AD. The overall statistics
for the annotated data are listed in Table 1. Hlava
Cor contains 1,024 cases annotated by three an-
notators, while Hlava AD contains 512 cases anno-
tated by five annotators.1

Both corpora consist of short Czech text seg-
ments containing the relevant linguistic phenom-
ena. Each text segment was multiply annotated
by several annotators. The annotations were per-
formed on the linear texts presented in an Excel
spreadsheet.

1The discrepancy in the size of the two corpora and
the number of participating annotators does not stem
from a specific theoretical or methodological requirement,
but rather reflects the successive stages of their devel-
opment and the varying availability of resources during
each phase of the project.
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Table 1: Overall Statistics for Hlava Cor and Hlava
AD

Corpus Name Number of Cases Number of Annotators
Hlava Cor 1,024 3
Hlava AD 512 5

The annotation team consisted of native Czech
speakers, primarily philology students (aged
18–30) with a basic linguistic background but no
formal training in specific theoretical frameworks.
This lack of prior exposure was intentional to en-
sure that text comprehension was not biased by
theoretical presuppositions. While a core group of
five annotators worked on Hlava AD, the Hlava Cor
corpus was annotated by six individuals organized
into two groups by three annotators. This larger
group included the same five participants from the
Hlava AD task plus one additional annotator.

The annotation process is designed not only
to capture the final annotation decisions but also
to elicit the annotators’ interpretative considera-
tions. For this reason, all annotations obligato-
rily include annotators’ comments explaining their
choices which are crucial for our investigation.

4. Hlava Cor: Human Language
Variation in Coreference

The annotation task for Hlava Cor was defined as
the identification of coreference, i.e. reference to
the same extra-linguistic entity, concept, or situa-
tion.

4.1. Hlava Cor: Annotation Process
Annotators were instructed to read the column Sen-
tence with a highlighted expression in question
and the left-hand context in columns Adjacent
Context and Distant Context (see Table 2)2

and to find a potential antecedent in the preceding
context if any. No potential antecedents have been
pre-annotated.3 Each annotation output contains
(i) the antecedent expression if it appeared in the
preceding context, (ii) a numeric value indicating
the degree to which context was required for in-
terpretation (0 = no distant context needed, 1 =
distant context necessary, 2 = even wider context
needed), and (iii) a free-text comment explaining
the annotator’s reasoning or uncertainty.

2The column Distant Context is not shown in the
example for space reasons.

3In Table 2, two antecedents are highlighted in bold
because the table shows an already completed anno-
tation. The bold highlighting is used only to make the
example easier to read in this paper; the annotators did
not see these highlights during the annotation process.

The annotation guidelines specified detailed con-
ventions for the form and syntactic scope of an-
tecedents. Annotators were required to record the
full nominal phrase as it appears in the text, ex-
cluding prepositions unless they constitute part
of a named entity or are internal to the referring
expression. Dependent modifiers were to be in-
cluded, while relative clauses were to be excluded.
Deviations from these rules had to be explicitly
documented in the comment field. Further spec-
ifications addressed the treatment of references
to clauses or larger textual segments, possessive
and other adjectival expressions, coordinated and
discontinuous antecedents. When no suitable an-
tecedent was found, annotators entered NE (“no
antecedent”), and in cases of complete indecision
they recorded a question mark.

4.2. Hlava Cor: Annotation Example

An example of the annotated segment is presented
in Table 2. For the expression vozidlo ‘vehicle’ in
the column Sentence, the annotators were asked
to identify an antecedent (if any) and record it in the
ANN_ante column. In the ANN_comment column,
the annotators were asked to justify their decision
or provide any additional remarks.

This example illustrates the annotation by two
annotators out of three who arrived at different con-
clusions. Annotator 1 (ANN1) selected vůz ‘car’ as
the antecedent of vozidlu ‘vehicle’ in Sentence,
arguing that the expression does not refer to the
specifically described model driven by the journal-
ist, but rather to the vehicle in general. Annotator 2
(ANN2), on the other hand, chose vozu ‘car (gen-
itive)’ as the antecedent, noting that both expres-
sions refer to the same entity.

For space reasons, the annotation of the third
annotator is not shown; this annotator made the
same decision as ANN1 but expressed more uncer-
tainty in the comment. We also omit the annotation
of the need for context, which was zero for all three
annotators in this case.

4.3. Hlava Cor: Data Description and
Statistics

The corpus consists of 1,024 cases, each marked
by three annotators. The segments for annotation
were selected according to several dimensions of
data division. First, we took the same number of
spoken and written text segments. Most of the text
segments have been excerpted from the PDT-C 2.0,
a few segments come from the Czech Academic
Corpus 2.0 (CAC) (Hladká et al., 2008). For the
written data, we additionally used examples from
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Table 2: Example of coreference annotation by two annotators
Adjacent Context Sentence ANN1 ante ANN1 comment ANN2 ante ANN2 comment
Firma Renault Česká republika nám k
redakčnímu testu poskytla verzi s tur-
bodieselovým motorem s označením RT.
Sice jsme v úvodu uvedli, komu lze
vůz [ANN1] především doporučit. Snad
nám nebudou mít případní zájemci z kat-
egorie ‘mladá rodina s více dětmi’ za
zlé, když jim neprozradíme, kde vzít
potřebných 969820 korun. V případě
testovaného vozu [ANN2] dovybaveného
dvěma střešními okny, autorádiem s
ovládáním pod volantem a ve vlnové met-
alíze pak ještě přes 66 tisíc korun navrch.

Věnujeme se však raději
samotnému vozidlu, neboť
svezení s ním opravdu stojí
za to.

vůz Neodkazuje na detailně popsaný,
konkrétní model vozu, s nímž
zrovna jel novinář, ale obecně na
vozidlo.

vozu Oba výrazy označují stejnou
skutečnost.

Adjacent Context: The company Renault Czech Republic provided us with a version featuring a turbo diesel engine,
designated RT, for an editorial test. Although we mentioned at the beginning who this car [ANN1] can primarily be
recommended to, we hope that potential buyers from the category of “young families with several children” will not
hold it against us if we do not reveal where to get the required 969,820 crowns. In the case of the tested car [ANN2],
additionally equipped with two sunroofs, a car radio with steering-wheel controls, and metallic paint, the price
increases by more than 66,000 crowns.
Sentence: However, let us turn to the vehicle itself, since driving it is really worth the experience.
ANN1 ante: vůz ‘car’
ANN1 comment: Does not refer to the specifically described model that the journalist was driving, but rather to the
vehicle in general.
ANN2 ante: vozu ‘car’(genitive)
ANN2 comment: Both expressions refer to the same entity.

the archive of iRozhlas.4 Table 3 shows the data
distribution from these resources.

Table 3: Structure of Hlava Cor: written vs. spoken
modes

Mode Source Corpus Number of Cases
Spoken PDT-C 2.0 505

Czech Academic Corpus 2.0 (CAC) 7
Total Spoken 512

Written
PDT-C 2.0 461
iRozhlas 40
Czech Academic Corpus 2.0 (CAC) 11
Total Written 512

Grand Total 1,024

We also considered the referential status of nom-
inal groups for all categories, and divided the seg-
ments according to the specific and generic refer-
ence of the nominal groups and pronouns in coref-
erential relations (see Table 4). The division of
the specific/generic reference did not apply for the
cases with the local pronominal adverb tam ‘there’.

Table 4: Structure of Hlava Cor: specific vs. generic
reference

Reference Category Number of Cases
full NPs + to ‘it’ with specific reference 384
full NPs + to ‘it’ with generic reference 384
tam ‘there’ (division is not relevant) 256
Total Cases 1,024

Another dimension was the division of our data
4the internet archive of the Czech news outlet iRozh-

las, https://www.irozhlas.cz/zpravy-archiv

into coreference types where the anaphoric expres-
sion is a full nominal group (noun, noun + adjective,
etc.), pronominal coreference with to ‘it’, or local
coreference with the pronominal adverb tam ‘there’
(see Table 5).

Table 5: Structure of Hlava Cor: nominal and
pronominal anaphors

Anaphor Type Number of Cases
full NPs 512
pronominal coreference with to ‘it’ 256
local coreference with tam ‘there’ 256
Total Segments 1,024

Being interested in exploring multiple readings
of coreference, we aimed to extract examples that
exhibit ambiguous or otherwise vague instances
of coreference, and at the same time to allow for
comparison with cases where coreference appears
to be easily identifiable. In an effort to assess such
a distinction in potential examples automatically,
we have first passed the examples to five differ-
ent Transformer-based coreference resolution mod-
els.5 All potential examples were pre-selected to be
theoretically ambiguous, i.e., based on morpholog-
ical properties, at least two possible antecedents
were present within a five-sentence context, making

5We trained 14 models on CorefUD 1.2 (Popel et al.,
2024) using the coreference resolution system Cor-
Pipe (Straka, 2024), the winner of the CRAC 2024 shared
task (Novák et al., 2024), and selected 5 achieving the
best results on the two Czech CorefUD datasets.
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disagreement possible. Based on the output of the
five models, the potential examples were divided
into two groups: (i) examples where all five models
agreed on the antecedent, and (ii) examples where
at least two models disagreed, with preference for
examples with larger number of disagreements. Fi-
nal examples for annotation were selected from
these two groups and included in Hlava Cor in a
1:2 ratio. The ratio was uneven intentionally, as
we assumed that cases of models’ disagreement
would provide more informative material for analy-
sis. Table 6 presents the data distribution according
to the models’ agreement and disagreement.

Table 6: Structure of Hlava Cor: model agreement
vs. model disagreement

Coreference Status Number of Cases
model agreement 352
model disagreement 672
Total Cases 1,024

Table 7 shows how various categories and di-
mensions in Tables 3 to 6 relate to each other. For
example, the first line states that there are 128
cases with an NP type of the anaphor in spoken
data with generic coreference (in 84 of them the
coreference resolvers disagreed, in 44 cases they
were in agreement). The features can be combined
to larger groups of equal size, for example ’to’ spo-
ken (128 cases) vs. ’to’ written (128 cases), or ’tam’
(256 cases) vs. ’to’ (256 cases), or spoken (512
cases) vs. written (512 cases).

Table 7: Numbers of cases for detailed combina-
tions of features in Hlava Cor

Feature Models Models Total
Combination Disagreed Agreed
NP spoken GEN 84 44 128
NP spoken SPEC 84 44 128
NP written GEN 84 44 128
NP written SPEC 84 44 128
tam spoken 84 44 128
tam written 84 44 128
to spoken GEN 42 22 64
to spoken SPEC 42 22 64
to written GEN 42 22 64
to written SPEC 42 22 64
Total 672 352 1,024

4.4. Hlava Cor: Inter-Annotator
Agreement

For each category described in Section 4.3 (and
summarized in Tables 3, 4, 5, and 6) we calculate

the inter-annotator agreement of our three human
annotators for setting the coreferential antecedent.6
Table 8 presents the IAA results for coreference
annotation in Hlava Cor. Overall, the agreement
of all three annotators reached 49%, while partial
agreement (at least two out of three annotators)
reached 83%. The average pairwise agreement
for Hlava Cor reaches 60.4%.7

Table 8: Hlava Cor: Inter-Annotator Agreement
Overview

Category All 3 At Least 2
Text Mode (from Table 3)
written data 45% 81%
spoken data 53% 86%
Referential Status (from Table 4)
generic coreference (GEN) 45% 82%
specific coreference (SPEC) 48% 82%
Grammatical Form (from Table 5)
full NPs 51% 86%
pronominal (to ‘it’) 38% 75%
local (tam ‘there’) 57% 88%
Model Status (from Table 6)
model agreement 66% 91%
model disagreement 39% 79%
All data 49% 83%

The inter-annotator agreement results reflect the
inherent complexity of coreference annotation, par-
ticularly in naturally occurring data and in cases
involving vague or underspecified referential rela-
tions. When broken down by referential status,
agreement for generic coreference (45%) and spe-
cific coreference (48%) is relatively similar, suggest-
ing that both types of reference pose comparable
challenges for human annotation. This contradicts
our initial observations and is possibly related to
the lexical composition of generic nominal phrases
in Hlava Cor. Regarding grammatical form, the
pronominal coreference with to ‘it’ showed the low-
est (38%) agreement as compared to full nominal
groups (51%) and the local adverbial tam ‘there’
(57%), confirming that non-nominal and underspec-
ified to ‘it’ may be more ambiguous. A more de-
tailed analysis of these patterns will be the subject
of further research.

Another relevant observation supports our hy-
pothesis that instances where the models dis-

6 Exact match was required. In order to avoid typo-
related errors, the annotators were asked to copy/paste
the segments from the original text; also, the disagree-
ments were manually checked by an expert to find and fix
cases of insignificant omissions (for example, a comma
at the end of the coppied text, a missing character etc.).

7This number is not included in Table 8.
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agreed tend to be more difficult for human anno-
tators as well. Human annotation on the model-
disagreement subset reached only 39% inter-
annotator agreement (IAA), whereas cases where
the models agreed showed considerably higher
consistency, with an IAA of 66%. Notably, an IAA
of 66% is still relatively low, especially given that the
models themselves were in agreement. This fact
clearly deserves special attention and can be par-
tially explained by the inherent implicitness and am-
biguity of coreference relations in our data. Model
agreement in such cases likely reflects a combina-
tion of chance and biases induced by the training
data. Overall, these findings suggest that model
disagreement may serve as an indicator of inter-
pretative complexity in the data.

Taken from a slightly different perspective, we
can also examine how many distinct annotation
choices were made for a single case, see Table 9.
The table presents the absolute numbers of unique
coreference choices per context annotated by the
three annotators. The specific reasons for inter-
annotator disagreement are not analyzed in detail
here; however, in general, they often stem from
differences in the level of detail or interpretation of
the referential scope of the entities.

Table 9: Hlava Cor: Distribution of Coreference
Choices by Annotator Agreement (absolute num-
bers).

Choice Type Agreement Level Cases
One choice Full (3/3) 503
Two different antecedent Partial (2/3) 351
Three different antecedents No agreement (1/3) 170
Total Annotated Choices 1,024

5. Hlava AD: Human Label Variation
in Attribution and Discourse

The corpus contains 512 short Czech text seg-
ments with explicit inter-sentential discourse rela-
tions, multiply annotated by five annotators. All
texts in Hlava AD come from PDT-C 2.0.

Similarly to Hlava Cor, we separately considered
the written and spoken modalities.

Based on our previous findings of frequent cases
of inter-annotator disagreement on discourse re-
lations (Zikánová, 2024), we hypothesized that a
higher measure of disagreement in inter-sentential
relations might be related to the presence of attribu-
tive constructions (sentences with verbs of thinking
or saying). The supposed reason is that it may be
difficult for recipients to recognize whether the up-
coming sentence is related to the governing clause
(author’s speech) or to the dependent direct or in-
direct speech.

Table 10: Structure of the Hlava AD (number of
items)

Spoken data Written data Total
Attribution 96 125 221
Other 173 118 291
Total 269 243 512

To analyze the influence of attributive construc-
tions on interpretive variation, we divided the Hlava
AD data into two subsets: one containing attribu-
tive constructions with verbs of thinking and saying
(including both direct and indirect speech) and a
control subset with non-attributive constructions.
Table 10 summarizes the structure of Hlava AD
concerning the spoken/written and attribution/non-
attribution dimensions.

The text segments were chosen from the orig-
inal source (PDT-C 2.0) based on the syntactic
and discourse structure. We searched for explicit
inter-sentential discourse relations with a complex
sentence in the role of the left argument. This com-
plex sentence contained at least one dependent
clause and its governing verb was either a verb of
thinking or saying (attributive constructions) or not
(non-attributive constructions). In non-attributive
items, we filtered out all the text segments contain-
ing verbs of thinking or saying in any other role.

5.1. Hlava AD: Annotation Process
The annotators were shown pairs of sentences
which had been related by an explicit discourse
relation in the previous annotation of PDT-C 2.0.
The Right sentence column contains a dis-
course connective (marked green, see Figure 1).
The Left sentence column consists of several
clauses; in the attributive group of items, the left
sentence contains a governing verb of saying / think-
ing, whereas in the control group, another semantic
type of verb is used instead. For better understand-
ing of the text, annotators were additionally given
the three preceding sentences in the Preceding
context column.

The annotators’ initial task was to identify the
clause in the left sentence, to which the dis-
course connective relates the right sentence (they
searched for the so-called “target of the relation”).

To technically simplify the task for the annotators,
we pre-marked the finite verbs (or parts of verbal
forms) in clauses in the Left sentence in red,
see Figure 1. Thus, the verbs served as identi-
fiers of the whole clauses; annotators entered the
chosen verb into the corresponding column.

In case of coordination between two verbal forms
(clauses), the entire construction could be anno-
tated as the target of the relation. Coordination was
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Figure 1: Annotators’ prompt in the Hlava AD annotation task

Preceding context Left sentence Right sentence
Španělská sekce prestižní Asociace evropských nov-
inářů pozvala již po šesté různorodé spektrum středo-
evropských politiků, publicistů a filosofů, aby počet-
ným posluchačům letního universitního semináře s
názvem Střední Evropa mezi Bruselem a Moskvou
přednesli své úvahy o tom, co se uprostřed kontinentu
děje. Pozornost od počátku budila polská účast. Vítěz
nedávných voleb Aleksander Kwasniewski a premiérka
poražené vlády Hanna Suchocká, každý ze svého úhlu,
ale stejně přesvědčivě popsali, co se stalo v Polsku.

Kwasniewski opako-
vaně zdůraznil, že
z cesty zásadních
proměn země nelze
sejít: pravice a levice
se budou přít se stře-
dem o tempo změn,
ale o základní vzorec
reforem není sporu.

Co však je
vážné, je
nevelký zájem
veřejnosti o věci
veřejné.

[Preceding context: The Spanish section of the prestigious Association of European Journalists has
invited for the sixth time a diverse spectrum of Central European politicians, publicists and philosophers
to present their reflections on what is happening in the middle of the continent to the numerous audience
of the summer university seminar entitled Central Europe between Brussels and Moscow. The Polish
participation attracted attention from the beginning. The winner of the recent elections, Aleksander
Kwasniewski, and the Prime Minister of the defeated government, Hanna Suchocka, each from their own
perspective, but equally convincingly described what happened in Poland.
Left sentence: Kwasniewski has repeatedly emphasized that the country cannot be diverted from the
path of fundamental changes: the right and left will argue with the center about the pace of change, but
there is no dispute about the basic formula of reforms.
Right sentence: What is serious, however, is the public’s lack of interest in public affairs.]

identified by the pre-marked (blue) conjunctions or
punctuation marks.

Thus, the annotators could mark red verbal forms
or blue conjunctive phrases/marks as targets of the
relation expressed by the green discourse connec-
tive. Additionally, they had a possibility to use an
exclamation mark (!) to indicate that the target was
in the preceding or far left context, and they used
a question mark (?) to signal that they could not
find any target in the given text (e.g., they did not
understand the text segment as a whole).

The second annotation task was to mark to what
degree the annotator needed the previous context
(before the left sentence) to understand the dis-
course relation expressed by the discourse con-
nective. There were three possible answers: 0 (I
did not need the previous context); 1 (I needed the
previous context to understand and it helped me);
and 2 (I needed the previous context to understand,
but it did not help me).

The third annotation task required annotators to
explain their choice of the target of the relation by
entering comments in a separate plain text field.

5.2. Hlava AD: Annotation Example

Figure 1 presents an example with an attributive
construction in the left sentence (Kwasniewski em-
phasized that...). Annotators interpret this segment
in two different ways. Some annotators identify the

main clause with the governing verb emphasized
as the target of the discourse relation expressed
by the discourse connective however. Their com-
ments explain that Kwasniewski emphasized politi-
cal happenings. On the other hand, the annotators
stress that what is truly important is what is going
on among ordinary people. This group of annota-
tors does not see the right sentence as a part of
the Kwasniewski’s speech.

Conversely, other annotators mark the clause
that the country cannot be diverted... as the target.
They claim in their comments that Kwasniewski
knows about the upcoming changes and is con-
cerned about the public’s lack of interest in public
affairs. Thus, they understand the right sentence
as a part of the Kwasniewski’s speech.

5.3. Hlava AD: Inter-Annotator
Agreement

We calculate the inter-annotator agreement on set-
ting the target of a discoure relation, expressed by
the discourse connective in the right sentence. We
can obtain theoretically 1-5 solutions from 5 anno-
tators; nevertheless, some syntactic structures in
the left sentences are simpler, they do not provide
up to 5 potential targets of the discourse relation.
On the other hand, the disagreement can be in-
creased by the possibility to use the mark "?" (not
understandable) and "!" (relation to a distant left

243



Table 11: IAA on the target of a discourse relation
in Hlava AD (percentage points)

Agreement Disagreement
(1 solution from (2-5 solutions from
5 annotators) 5 annotators)

In general 38% 62%
Simple structures 48% 52%
(2 possible targets)
Complex structures 27% 73%
(3-10 pos. targets)

context). The average pairwise agreement disre-
garding the syntactic complexity reached 64.9%.
The results for the IAA regarding the syntactic com-
plexity of the left sentence (and, subsequently, a
different number of potential targets) is presented
in Table 11.

A more detailed analysis of the IAA on the target
of a discourse relation can be found in Zikánová et
al. (2025), where the multiple annotation serves as
a test dataset for the default golden data. According
to the authors, the measure of the IAA in Hlava AD
is strongly affected by the syntactic complexity of
the left sentence; however, it is influenced neither
by the presence of the attribution, nor by the text
mode (spoken or written).

6. Observations across Hlava Cor
and Hlava AD

Given that Hlava Cor covers a dataset twice the
size of Hlava AD, and that Hlava AD was annotated
by five annotators while Hlava Cor involved only
three parallel annotations, the results are not fully
comparable. However, it is possible to compare the
average pairwise agreement on target identification,
which neutralizes the difference in the number of
annotators. For Hlava AD, the average pairwise
agreement reaches 64.9%, while for Hlava Cor it
is 60.4%.

In both corpora, annotators marked the need
for context (see Sections 4.1 and 5.1). The analy-
sis of the annotations reveals substantial variation
across annotators, while the overall tendencies re-
main similar in both corpora. What we observe
likely reflects, to some extent, the annotators’ de-
gree of confidence in their interpretation of the text,
as well as individual differences in annotation style.
Some annotators tend to consult a broader preced-
ing context to verify their interpretation, while others
consider their immediate reading sufficient without
referring to additional context. To a certain degree,
this also mirrors the annotator’s thoroughness and
attention to detail.

Particular attention should be paid to the annota-
tors’ comments, which, in our view, represent the
most interesting part of our annotation. Comments

were mandatory in both corpora, and they certainly
deserve a separate study beyond the scope of this
paper. They capture the annotators’ doubts about
their chosen decisions, indicate possible alterna-
tive interpretations, and often describe in detail the
strategies underlying their choices. Especially in-
triguing is the overlap between the annotators’ com-
ments and their decisions in other tasks. In some
cases, the antecedents were chosen identically
(inter-annotator agreement), yet the comments still
mentioned alternative options. Conversely, in cer-
tain cases of inter-annotator disagreement, the ana-
lysis shows that the annotators reasoned in a very
similar way but ultimately arrived at different deci-
sions.

7. Conclusions

In this paper, we presented and described two
datasets created to study human label variation:
Hlava Cor (Nedoluzhko et al., 2026), focused on
coreference, and Hlava AD (Šárka Zikánová et al.,
2024), focused on attribution and discourse rela-
tions. Hlava Cor explores coreference with respect
to the reference status of anaphoric expressions
(specific or generic), their form (pronouns, full noun
phrases, and anaphoric adverbials), and the extent
to which coreference resolution models agree on
identifying these relations. Hlava AD pays special
attention to attribution and non-attributive construc-
tions. Both corpora include spoken and written data
and consider both registers equally.

The introduced corpora offer space for a more
detailed analysis of label variation in human anno-
tation. Preliminary observations suggest individual
differences between annotators and the presence
of personal annotation styles. Of particular interest
are the annotators’ comments, which often explain
annotation choices, reflect subjective judgments,
and point to interpretative ambiguity. These and
related aspects will be the focus of our future work
based on the data obtained from the corpora.
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