Complexity in Joint Corpus Representations, Under-specified Simultaneity,
and the Case of KIParla

Martin Klotz and Thomas Krause and Anke Liideling
Humboldt-Universitéit zu Berlin
{martin.klotz,thomas.krause,anke.luedeling}@hu-berlin.de

Caterina Mauri and Ludovica Pannitto
Universita di Bologna
{caterina.mauri,ludovica.pannitto}@unibo.it

Abstract

In this paper we describe joint corpus repre-
sentations within a graph modeling framework
of the corpus search engine ANNIS (Krause,
2019). With regard to their complexity, we dis-
tinguish three model classes, that are reflective
of the underlying infrastructural and conceptual
complexity of a corpus and provide an analysis
on how to determine the model class for any
corpus analytically from its design and build
context. For integrating a corpus for register re-
search, we derive a specific corpus model for the
KTIParla corpus (Mauri et al., 2019) and connect
the complexity of its model to central aspects of
its design and representation. The joint graph
representation for KIParla is motivated to be of
the highest complexity class and thus require
the most general model known from parallel
architectures.

1 Introduction

For corpus linguistic investigations, joint represen-
tations of all annotations enable efficient search and
visualization of corpus data. A joint representation
unifies all data in a corpus, making them accessible
through a single query operation. From a concep-
tual and structural perspective, such representations
are mathematical objects. From an implementa-
tion perspective, they are objects in computer mem-
ory. For illustration, some corpus search engines
present their corpora to the user as a unified object,
e. g. ANNIS (Krause, 2019), Sketch Engine (Ku-
nilovskaya, Maria and Koviazina, Marina, 2017),
KorAP (Diewald et al., 2016).! The general pur-
pose of this paper is to identify different degrees or
classes of complexity within such models. We de-
rive and analytically motivate one such model with
a specific degree of complexity for the KIParla cor-
pus (Mauri et al., 2019). On a second level, we will

"By this we mean the corpus data that the user indicated
their interest in. For a fixed selection of corpora or corpus data,
the user searches a unified corpus.

show that from attempting to build such models, we
learn something about the conceptual complexity
of our data and workflows.

The structure of joint corpus representations calls
for re-examination in an ever-changing research
landscape, for several reasons: The diversity of
annotation structures has increased. There are
many well-established, more traditional annotation
tools with specific, but distinct requirements on
their tokenization (e. g. Straka et al., 2016; Schmid,
1999). Large Language Models (LLMs) are increas-
ingly used for annotation (e. g. Huang et al., 2025;
Imamovic et al., 2024) and cannot guarantee struc-
tured output, thus integration steps are required.
Data collection incorporates massive amounts of
non-standard and spoken corpus data, which intro-
duces new sources of noise on many levels, such as
orthography or segmentation. Multiple search plat-
forms and corpus ecosystems exist, which makes
corpus migration or alternative representation a sce-
nario of consideration. And last but not least, in-
creased awareness and coded criteria for research
data sustainability foster reuse and extension of lin-
guistic data sources, which demands a workflow for
joint search on an increasing amount of annotation
for the same data, as well as the representation of
theoretically competing concepts.

One such setting is the integration of externally
available corpus data for register research into an
existing corpus collection and the underlying cor-
pus ecosystem. Register refers to “those aspects
of socially recurring intra-individual variation in
linguistic behavior that are influenced by situational
and functional parameters” (Liideling et al., 2024b).
As the number of such parameters and their combi-
nations overall is very high. Thus, to identify and
reliably track and contrast features of the situation
in which language is produced and the functions
expressions may have, integrating new data is a di-
rectly motivated enterprise. This can mean migrat-
ing corpus data into already available data models,



but also to integrate ever-new annotation layers to
fully understand which parameters influence lin-
guistic variation, how, and when. This complex
(infra-)structural challenge is, on many levels, cen-
tral to our paper. The specific use case discussed in
this paper is the integration and architectural exten-
sion of the KIParla corpus (Mauri et al., 2019).

We start by highlighting important aspects and
properties of the KIParla corpus and its relevance
to register research in Section 2, which motivates
its integration into a different ecosystem in the first
place and forms the requirement for representing it
as a corpus graph. We continue by looking at joint
graph representations in Section 3 and by deriving
complexity classes within the family of such models
in Section 4. Section 5 connects conceptual and
infrastructural aspects of corpora to such classes.
In Section 6 we briefly describe a tool required to
efficiently obtain graph models of any of the given
classes. In Section 7 we analytically derive and
present a corpus model for KIParla. We summarize
our findings in Section 8.

2 The KIParla Corpus

2.1 Design Principles

KIParla is a continuously expanding corpus of spo-
ken Italian designed to capture interactional lan-
guage across a wide range of communicative set-
tings (Mauri et al., 2019). Its architecture is guided
by three core principles: ecological validity, interac-
tional richness, and sustainability of corpus growth.

First, the corpus prioritizes naturally occurring
speech, avoiding experimental elicitation when-
ever possible. This results in data that preserve
the temporal, sequential, and collaborative proper-
ties of spoken interaction, including phenomena
such as overlaps, interruptions, hesitations, and
co-construction of utterances. Second, KIParla
is explicitly designed to represent interaction as
a primary object of analysis. Rather than reducing
speech to linearized textual sequences, it encodes
the multi-layered structure of dialogue, where multi-
ple speakers produce partially overlapping and tem-
porally interdependent contributions. This makes
the corpus particularly suited for research on inter-
actional linguistics, pragmatics, and register varia-
tion.

Third, and crucially, KIParla is designed from
the outset as an incrementally growing, modular
resource. New data are systematically integrated as
modules, each defined by a coherent interactional

setting, sampling strategy, and balancing criteria.
Modules have been developed and released at differ-
ent moments, reflecting the progressive expansion
of the corpus and its research agenda. Current mod-
ules cover in total 3.6 million token and 350 hours
of recordings to be investigated for register variation
in academic contexts (lectures, exams, interviews,
free conversations), semi-structured sociolinguistic
interviews, Italian spoken by speakers with an im-
migration background in multilingual interactional
contexts, as well as informal conversations in do-
mestic settings.

Each module contributes a dataset characterized
by relatively homogeneous situational parameters
(e. g. degree of formality, participant roles, inter-
actional goals, sociolinguistic profiles), while the
corpus as a whole captures structured variation
across contexts. This modular organization en-
ables both within-module comparability and cross-
module analyses of register and sociolinguistic vari-
ation.

Importantly, this architecture has direct conse-
quences for corpus modeling. Because modules dif-
fer systematically in interactional properties—such
as overlap density, turn-taking organization, and
temporal alignment—the incremental addition of
modules increases the structural heterogeneity of
the corpus. In this sense, KIParla’s modular design
is not only a strategy for corpus growth, but also a
key factor in the emergence of the representational
challenges addressed in this paper. Furthermore,
it makes the corpus particularly attractive for in-
cremental register investigation along grammatical
features and phenomena, integrating new perspec-
tives as the corpus grows.

2.2 Data Format and Annotations

The KIParla corpus is available in multiple annota-
tion formats: ELAN? (Wittenburg et al., 2006) files
for time-aligned, multi-tier representations of spo-
ken interaction; a csv-format for extensive metadata
on both the speakers and recorded conversations
(e. g. age, gender, education, linguistic background,
interaction type, recording context). For corpus
querying and distribution, ELAN annotations are
systematically transformed into a custom tabular
format (tsv, illustrated in Appendix A), in which
each row corresponds to a token and each column
encodes a specific annotation layer. This tabular

*Max Planck Institute for Psycholinguistics, The Language
Archive, Nijmegen, The Netherlands, https://archive.
mpi.nl/tla/elan.
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representation is optimized for compactness, exten-
sibility, and efficient querying (Pannitto and Mauri,
2026). Importantly, this transformation is lossless:
all information encoded in the ELAN files is pre-
served in the tabular format. However, the nature of
the representation changes from an explicitly struc-
tured to a structurally implicit encoding. While
ELAN encodes relational and temporal structures
explicitly through tier organization and time align-
ment, the tabular format encodes part of this struc-
ture indirectly, through string-based annotations
and index references. This format will be the only
one considered further on.

Each token in the tabular format is associated
with arich set of annotations derived from Jefferson-
style transcription conventions (Jefferson, 2004),
capturing fine-grained properties of spoken inter-
action. These include speaker identification, en-
abling the reconstruction of dialogic structure; tran-
scription units (TUs), representing interactionally
meaningful segments; two transcription layers, con-
sisting of the original Jefferson-style transcrip-
tion with inline interactional and prosodic markup
(span), and a normalized version without such
markup (form); token classification, distinguish-
ing linguistic material from non-linguistic events
(e. g. pauses); prosodic and temporal features, such
as prolongations and speech rate variation; align-
ment information, linking tokens to time spans in
the audio signal; and overlap annotations, encoding
simultaneous speech events across speakers.

A crucial property of this representation is that
many annotations are encoded as references to char-
acter spans within tokens. For example, overlap
and prosodic features are not represented as inde-
pendent structural objects, but as indices referring
to substrings of the token form. This design yields
a compact and flexible encoding, while requiring
that structural relations be reconstructed from the
encoded information for downstream modeling.

From a modeling perspective, the data thus con-
sist of partially ordered speech events, where lin-
ear order is well-defined within speakers but only
partially specified across speakers due to overlaps.
These properties are fully encoded in the data, but
not always directly represented as explicit relational
structures in the tabular format.

Finally, the format is designed with future ex-
tensibility in mind. Additional annotation lay-
ers—such as syntactic dependencies (e. g. Pannitto
et al., 2025)—can be integrated without altering
the core structure of the data.

2.3 Central Goals and Desiderata

The extension of KIParla to additional corpus
ecosystems is motivated by both practical and theo-
retical considerations. From a practical perspective,
the goal is to increase accessibility and interoper-
ability. While KIParla is natively available in its
tabular format optimized for specific tools, making
it available in a graph-based environment allows a
broader community to access and explore the data
using a different query paradigm. From a theoret-
ical and modeling perspective, the transformation
process aims to achieve three main objectives:

Maximum preservation of information All an-
notations encoded in the original data should be
retained without loss. This includes both explicit
annotations and implicit structural information en-
coded via string references.

Structural explicitness Wherever possible, infor-
mation that is encoded as strings or indices in the
source format should be reinterpreted as explicit
structures in the target representation. For exam-
ple, overlap relations should not remain encoded
as character offsets, but should be represented as
relational structures between linguistic units.

Robustness and extensibility of the processing
pipeline The transformation workflow should be
able to handle future extensions of the corpus—both
in terms of new data and new annotation lay-
ers—without requiring substantial reconfiguration.
Ideally, the pipeline should support automated vali-
dation and reproducible corpus builds.

These desiderata reflect a broader commitment to
sustainable corpus development, where data are not
only preserved but also made adaptable to evolving
research questions and technological environments.
The observations from Section 1 about a diversified
research environment make such desiderata neces-
sary and, at the same time, render their achievement
a complex endeavor.

3 Joint Corpus Graph Representations

Graphs are powerful mathematical structures ca-
pable of representing discrete linguistic data, thus
a graph-based model allows for the representation
of basically any annotation type or structure. As
elaborate formal representations, they also allow
us to reason about features and types of linguistic
corpora, i. e., their complexity, composition, and
subclasses. For the purpose of this paper, for many



practical reasons we choose graphANNIS (Krause,
2019), but argue, that all points laid out here gen-
eralize beyond this specific representation. They
are features of corpora and can be considered re-
quirements for adequately representing data with
specific properties. As such, corpora are consid-
ered collections (i. e., finite sets) of discrete items
or events, whose linguistic features are represented
via nodes and edges, and labels attached to both. In
the discreteness of linguistic items lies the central
limitation of this approach to generality across all
linguistic data, but for the majority of corpora and
their analyses this is negligible.

graphANNIS is not only a database backend for
corpus search interfaces, with its central application
being the backend of ANNIS (Krause, 2019). It is
also a graph data model and thus a modeling frame-
work for linguistic corpora, that provides strong
means to represent and search multi-layer corpora,
limited mostly in physically available space and
restriction to acyclic structures. As any graph, a
corpus graph consists of nodes and edges, where
the nodes are either corpus-structural nodes (type
CORPUS) or linguistic, not necessarily overt nodes
(type NODE). Both node types can hold annotations
(or more formally, properties). While annotations
on the former are usually considered metadata, an-
notations on the latter are linguistic annotations.

In graphANNIS and our model, edges are always
directed and can also hold annotations. Edges are
distinguished into types as well and organized in
components, which are sets of edges that share the
component type and a component identifier, to al-
low using an edge type for multiple components
without introducing cycles to the graph. Each edge
type corresponds to one or more search operators in
the ANNIS Query Language (AQL), which can ex-
press levels 1, 2, and 3 of the CQLF meta model (Ev-
ert et al., 2025). As this implies highly expressive
representations, we take this as an additional argu-
ment that our characterizations of corpora through-
out this paper generalize beyond the given type of
graph model.

In which way a component is read off when a
corpus graph is queried, is described as search se-
mantics in the following. For the modeling discus-
sion of this paper we only need to look at three edge

types:

ORDERING Edges of this type are used to lin-
early order elements, usually segments of a data
source, in the annotation graph. They usually form

Figure 1: ORDERING edges providing a linear order to
token nodes in a graphANNIS corpus model.

Look

Figure 2: ORDERING edges (violet) and COVERAGE edges
(blue) in a corpus graph.

a non-branching tree, i. e., there is a single path
from one root to one terminal node for each con-
nected sub component. A corpus graph can contain
more than one ordering. Search semantics are tran-
sitive along COVERAGE edges (s. below), but only
optionally transitive within the edge type.> As an
example, the linear ordering of the tokens of a cor-
pus is realized by such a component, with one token
corresponding to a node, an outgoing edge from
said node pointing to its successive token, and an
incoming edge pointing from the preceding token.
Additional orderings can be used to order alterna-
tive text segmentations, which will be discussed
later. An example is given in Figure 1.

COVvERAGE These edges are used to express as-
sociation of linguistic annotations or features with
parts of the text, directly or indirectly. Edges of this
type have undirected and transitive search seman-
tics. In Figure 2 the annotation “P” overlaps with
“at”, “PP” with “at this text”, and hence annotation
“P” partially with annotation “PP” due to transitiv-
ity and lack of direction. These semantics make
search efficient, but also restrict the use of COVER-
AGE edges as pointed out below in Sections 4.2 and
4.3. Elaborating a bit more on transitivity of ORr-
DERING edges along COVERAGE edges as mentioned
above, we point out that in Figure 2 the node with
annotation “P” is a successor of the node with an-
notation “V”, as their covered tokens are adjacent
in the ordering.

POINTING Semantically, this is the most under-
specified edge type. The most common applica-
tions are dependency syntax (conceptually hierar-
chical) and referential chains (conceptually non-

31. e., there is a transitive and an intransitive AQL operator.



Figure 3: ORDERING edges (violet), COVERAGE edges
(blue) and POINTING edges (yellow) in a corpus graph.
The syntactic dependencies follow Gerdes et al. (SUD,
2019).

hierarchical). Search semantics are directed and
optionally transitive. Figure 3 extends the previ-
ously given examples by POINTING edges.

Any two nodes can be connected via an edge in
any possible component without further restrictions.
It is the user’s responsibility to only build sensible
graphs or avoid cycles. Further structural and se-
mantic restrictions to graphANNIS models can be
imposed by the search engine.

4 Complexity Classes

With only the described node and edge types, we
will describe three classes of corpus graph mod-
els, whose structural features reflect an underlying
conceptual complexity of the represented corpora.
Hence, we consider them complexity classes of cor-
pus graph models, where a graph model is a graph
representation of a specific corpus. The distinction
into the provided classes is derived from require-
ments of soundness and stability (Shadrova et al.,
2025, 88-93), which imposes structural restrictions
on models by their semantics. As COVERAGE edges
are transitive and associate annotations semanti-
cally with linguistic items, joint representations of
such objects need to make sure that the association
is valid: No new invalid associations are introduced
in a unification (soundness) and no existing valid
associations are removed (stability). The classes
discussed below are a consequence of opting for
stability and the expressive power of COVERAGE
edges. For a specific corpus, soundness might only
be given in the highest class of complexity.

4.1 SINGLESEG: Single Tokenization

The simplest corpus representation is a sequence of
ordered nodes in a single default ordering compo-
nent. These ordered nodes are also terminal nodes

in all COvERAGE components of the model. The
examples in Figures 1, 2, and 3 are single segmenta-
tion models. The ordered nodes, the nodes covering
them, and the involved edges carry all annotations.
The model can be enriched with other edge com-
ponents and annotations. As long as no alternative
ordering or segmentation is provided such that none
of the orderings is minimal, a corpus has a candi-
date model in class SINGLESEG. As an example,
an ordering of character segments paired with an
ordering of the words formed from those charac-
ters is still possible within a SINGLESEG model, as
the character tokens are the minimal ordering (no
character is associated with more than one word).
In contrast, the original spelling of historical text
paired with a normalized spelling cannot guarantee
minimality of one of the two segmentations, which
both have their own ordering, as in one case a his-
torically joint word might be split in the normalized
segmentation, and vice versa (s. also Odebrecht
et al., 2016).

4.2 MULTISEG: Multiple Segmentations

Corpus models in class MULTISEG, i. e., corpora
with multiple segmentations allow for competing
tokenizations or the assignment of annotations to
independent text segments, i. e., the existence of
overlapping, independently ordered, but indirectly
aligned annotatable linguistic items. Conceptu-
ally, such corpora are supported by ANNIS, but
also editors such as EXMARaLDA (Schmidt and
Worner, 2014) or ELAN and their built-in search
functionality. Odebrecht et al. (2016) provide a
motivation of a multiple segmentation model for
the RIDGES corpus. Multiple segmentations en-
able for the representation of dialogue corpora with
independent search by speaker, such as BeMaTaC
(Sauer and Liideling, 2016), but also corpora adding
re-segmenting normalization layers, such as RUEG
(Klotz et al., 2024; Liideling et al., 2024a).

Each of the multiple segmentations is a set of
items to its own set of annotations. In such a model,
all segments point towards token nodes, that are
demoted to timeline objects. Among the distinct or-
dered segmentations, none is minimal with respect
to the others. In fact, models, whose segmentations
share the same minimal nodes, can be represented
as a model of class SINGLESEG. For multiple seg-
mentations, the timeline sequence nodes provide the
minimal anchor nodes to represent indirect align-
ments between the segmentations via COVERAGE
edges. An illustration of a simplified example is
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Figure 4: A MULTISEG graph model. COVERAGE edges
are blue, ORDERING edges are violet. Line patterns
distinguish component identifiers. Two segmentations
are aligned via ordered, aligning nodes.

given in Figure 4: Both ordered sequences are lo-
cally minimal (“I'm” vs. “I” and “am”, “New” and
“York” vs. “New York™), but none is globally.

4.3 ALIGNSEG: Parallel Segmentations

While modeling data as multiple segmentations is
more powerful, it also has certain requirements that
need to be met for being realizable. Indirect align-
ments must be defined or derivable for all pairs of
segmentations to keep the data sound. To give a sim-
ple and general example, multilingual corpora that
require a reordering of tokens and provide between-
language alignments (traditionally referred to as
parallel corpora) cannot be represented as multi-
ple segmentations, as their alignment cannot be
represented indirectly through a common timeline
tokenization. They require a strictly parallel model,
i. e., direct, explicit alignments, which is, as we
will show below, the most general and powerful
corpus architecture and yields the most expressive
models. It is often also required for observationally
non-parallel data. Figure 5 provides an example
graph: There is no information about the mapping
between the syllables of “everyone’s” (“ev”, “1i”,
and “wanz”) and the normalized representation “ev-
eryone” and “is”. We need explicit alignments.

Going backwards from the most complex cor-
pus models discussed, those in class ALIGNSEG,
we see that we get to MULTISEG by removing the
requirement for non-associative POINTING edges.
At the same time, a corpus model in ALIGNSEG is
not excluded from featuring multiple segmentation
subgraphs, that are connected via such edges. And
in the same spirit, a corpus model in SINGLESEG
is the most simple corpus model type of any of the
three classes. Therefore,

SINGLESEG C MULTISEG C ALIGNSEG

holds. The model class thus indicates the lower
bound of complexity.

everyone > . >@

Figure 5: An ALIGNSEG graph model (Shadrova et al.,
2025; Zerbian et al., 2023). COVERAGE edges are blue,
ORDERING edges are violet, POINTING edges are yellow.
Line patterns distinguish component identifiers. The
syllabic segmentation on the bottom and the normalized
segmentation on the very top suffer from under-specified
simultaneity, therefore alignment edges are necessary.

S Under-Specified Simultaneity

For determining whether a specific corpus model
can be of class MULTISEG or rather ALIGNSEG, the
degree of specification in simultaneity of item se-
quences is decisive. We discuss different cases of
simultaneous item sequences, that do and do not
shift a corpus from MULTISEG to ALIGNSEG to bet-
ter illustrate their relevance and underlying reasons
of complexity. Neither the number of data formats,
that a corpus representation is derived from, nor the
modality involved, nor the question whether or not
a corpus contains dialogue data, necessarily deter-
mines the complexity required for representing all
involved ordered sequences.

Many, if not most, linguistically-annotated cor-
pora represent their annotations in more than one
data format, which implies some sort of distributed
source representation. Requirements for this are
partially discussed in Shadrova et al. (2025, 89-
90). The bottom line is that not all formats or the
tools behind them are capable of representing just
any type of annotation, but are specialized, usu-
ally as a consequence of the annotations’ structures.
A model of class ALIGNSEG is motivated, when
soundness cannot be ensured differently. i. e., no
format contains the globally minimal segmentation
while the annotations target single segments, so
the segmentation is actually necessary. As we will
show below in our discussion on KIParla, even a



single format can raise that issue. At the same time,
multiple formats can—and often do—contain the
same segmentation. Thus, the number of data for-
mats involved is neither sufficient nor necessary to
predict the complexity of a corpus model.

Regarding involved modalities in corpora, spo-
ken data are certainly more prone to produce com-
peting simultaneous item sequences. Raw tokens
from speech are usually more noisy, while process-
ing output of tools for such data often involves some
normalization. Also, speech events do not neces-
sarily need to be bound to words. However, writ-
ten data on its own can yield problems relating to
under-specified simultaneity as well, even without
being a parallel corpus in the original sense, i. e.,
without aligning data from two or more distinct
languages. Extensions of the RUEG corpus con-
tain multiple segmentations—raw and orthographi-
cally normalized tokens—Tlinked to word formation-
trees over morphemes as smallest units, whose map-
ping to one of the multiple segmentations is under-
specified. At the same time, not all spoken corpora
require a model more complex than multiple seg-
mentation.

Figure 5 is an example for spoken data from Zer-
bian et al. (2023), a prosodically annotated sub-
corpus of the RUEG corpus (Zerbian et al., 2023).
It contains morphosyntactic annotations on nor-
malized tokens with mappings to raw forms, and
prosodic annotations on syllables mapped to raw
forms. The data set is missing a crucial mapping
from normalized forms to syllables, which cannot
be derived transitively (Shadrova et al., 2025, 90-
93). In other words, while the the morphological
and the prosodic model are both in class MULTISEG,
their unification or joint representation cannot be,
as no indirect alignment can be obtained between
two simultaneous item sequences.

Dialogue data can also yield MULTISEG models.
BeMaTaC (Sauer and Liideling, 2016) presents a
corpus, that has simultaneous segmentations of an
instructor and an instructee, but fully specified, such
that a MULTISEG model can be derived.

The central question in determining the complex-
ity required for a corpus model is whether the re-
lationship between two ordering components can
be sufficiently derived from a common minimal
tokenization such as a timeline. If this is not the
case, explicit between-item alignment is required.
Therefore, any corpus who relies on a plurality of
item sources has potentially, but not inevitably, a
graph model in ALIGNSEG.

6 Building Graph Models

For building graph models, also the one for the
KIParla corpus outlined below, we require the novel
tool Annatto (Krause and Klotz, 2026). Annatto is
a compilation tool to build graphANNIS models
for corpora from linguistic data. It adopts Pepper’s
(Zipser and Romary, 2010) support for a multitude
of formats and adds more configurable, lower-level
graph manipulations and compile-time checking of
linguistic corpora for increased genericity, efficient
transformation, and quality assurance. Annatto im-
plements format mapping to graphANNIS instead
of Salt graphs. This way, a corpus graph under ma-
nipulation can be queried at build-time to identify
relevant parts for manipulation and can be checked
for consistency and other aspects of corpus quality
long before being imported into a search engine.
Both aspects guarantee more efficient corpus build-
ing processes and further allow to automatically
build and test corpora in continuous integration
pipelines.

Low-level graph manipulations are realized as
graph operations. They are a trade-off between the
lowest degree of graph manipulation as available
in grew (Bonfante et al., 2018), on the one hand,
and Pepper’s traditional, rather coarse approach on
the other. grew requires an explicit transformation
grammar, as its central purpose is natural language
processing and analysis, not corpus checking and
compilation. It does not support the same amount of
import formats or all corpus model classes required
for this paper’s purposes. Pepper’s drastically less
flexible manipulations, on the other end, are too
rigid.

Introducing strongly configurable graph opera-
tions comes with the benefit of reduced pressure on
format support, as long as the most generic formats
are supported. This way, importing a specific for-
mat can be implemented by a generic import and
a sequence of graph operations, as applied in this
paper for KIParla’s table format.

7 Modeling KIParla

A graphANNIS representation is built from a sin-
gle format source, but with multiple annotation
files. Additionally, audio files need to be linked and
aligned without further manual processing. The
corpus contains temporarily overlapping linguistic
items from multiple speakers. Annotations contain
explicit references to character indices of other an-
notation values. In the following the corpus graph



is sketched by component type. An illustration of a
subgraph of the corpus model is given in Figure 6
in Appendix B.

ORDERING From the given prerequisites, re-
quirements towards different components can be
derived. A non-trivial ordering for sub-word level
items, which could be characters, is required. This
is due to the back-reference of annotations, such
as coded overlaps, to character indices of forms,
but also due to the semantics of the overlaps them-
selves, i. e., partial temporal overlap between items
from different speakers. If one token of speaker
1 and another token of speaker 2 partially overlap,
it is crucial to not cross-associate annotations of
speaker 1’s token(s) with the entirety of speaker 2’s
overlapping token(s) if this is not what happened in
the input. The model needs to be sound. Addition-
ally, the individual speaker’s forms need explicit
ordering, as it is given only implicitly in the input.

CovERAGE We aim for structural explicitness,
therefore simply attaching all annotations in
KIParla’s table format directly to their linguistic
item is discarded. Also, above it was outlined that
items below word-level are required to represent
the data, thus spans over such items require edges
of type COVERAGE. More crucially, though, is the
question whether the KIParla data allow for multi-
ple segmentation. As a reminder, the requirement
for such a representation is total derivability of indi-
rect alignments between all ordered segments in the
model. For KIParla, those segments are items below
word-level, and the word forms of each speaker. To
be in a position to derive a complete common time-
line (which is what deriving indirect alignments
boils down to), either complete time annotations
for all segments have to be available in the source
data, or the overlap information derivable from the
input data is sufficient for deriving them. However,
time annotations are only available for transcrip-
tion unit boundaries. In our experience, this is the
case for most spoken corpora, that provide audio
alignments, as word-level alignments imply costly
manual labor or potentially faulty automatic values.
Regarding the overlap annotations in KIParla, they
are also not sufficient, as overlapping sections are
not strictly in the ratio of 1 : n, therefore alignments
for tokens within overlapping intervals are unknown.
This, as well, is very common. For KIParla we con-
clude, that maximum information preservation and
soundness are only given for a model in ALIGNSEG.

PoinTING It follows that a parallel corpus graph
structure is adopted to represent the overlaps be-
tween multiple speakers. In Section 5 we argued,
that this is the most generic corpus model class,
that fits all corpora as a consequence of relying
on under-specification. Beyond alignment, each
speaker’s syntactic dependencies can be integrated
as labeled pointers, once they are available in the
main corpus (Pannitto et al., 2025).

8 Summary and Discussion

We discussed many reasons, why a more classic
MuLTiSEG model does not suffice for all corpora
with competing orderings: As corpora get reused
more frequently, and tools allow to revise an ex-
isting item source to research-specific needs while
potentially wanting to incorporate existing annota-
tions, any new investigation of a corpus is always
at “risk” to be the moment of architectural revision
to a more complex model. Of course, as already
pointed out, the increasing role of corpora of spo-
ken language makes such a scenario more likely, as
these data are inherently more prone to competition
between item sequences. Tools for efficient, but not
necessarily reliable, automatic transcription, are
increasingly available and integrated into corpus
workflows. Such tools often provide a different data
segmentation than, as an example, a dependency
parser analyzing the outcome of such transcription.*
As soon as both segmentations are required to be
present in a searchable corpus, parallel modeling
may be inevitable. With an ever-increasing num-
ber of linguistic tools available in general, it be-
comes more likely that incompatible tokenizations
need unification in a corpus pipeline. The often un-
structured output of LLMs will add to that as well.
But not just the multitude of available tools, also
the openness of corpus architectures to ever more
annotations may be contributing to the described
tendency.

The outlined abstract corpus representations de-
serves a comment in the direction of what consti-
tutes a parallel corpus. This is not to challenge,
that a parallel corpus in its traditional sense is and
remains a multilingual corpus with explicit align-
ments. We merely argue and have shown, that mod-
els used for parallel corpora may be required for
other data sources as well, and highlight that there
are cases of within-data parallelism. Or, to look at

*A common example are the tokenizations of the powerful

tools Whisper (Radford et al., 2023) and UDPipe (Straka et al.,
2016).



it from a modeling point of view, one may have to
distinguish between syntax (i. e., the structure) and
semantics (the content) of a corpus when classify-
ing it.

Enriching all of KIParla’s annotations in a graph
model revealed that it conceptually and structurally
is of the highest class of complexity. It is a par-
ticularly special case, as it manages to code its
underlying data in a single, in itself very simple
format. The complexity is unpacked, once all avail-
able information is to be translated into searchable
structures, which gives it an aspect of powerful
and lossless compression from a corpus coding per-
spective. Also, on a development level, KIParla
aims at a high degree of sustainability and reusi-
bility, which falls in line with our observation that
these aspects are likely to create a demand for com-
plex corpus models. We nevertheless succeeded
to compile a graph-based corpus model through a
sequence of graph transformations and to build a
robust compilation process including measures of
quality assurance.” From this, a valuable corpus
resource is available for register investigations in
an additional corpus search environment.

Regarding future corpus projects starting from
scratch or building on an existing resource, the
growing tool landscape and individual research may
yield similarly complex corpus models, unless the
number of information sources is reduced, the in-
formation is represented in a compressed form, or
segmentation procedures undergo some standard-
ization. Compressed information representation,
though, yields less ergonomic search procedures
through structural implicitness. And standardized
segmentation procedures usually do not serve a
wide range of research interests in the context of
linguistics. Beyond that, projects aiming at cor-
pus expansion need to be aware, that in the multi-
layer paradigm such an endeavor is not necessarily
straight forward, when new item sources are intro-
duced.

Our discussion strictly aims to generalize beyond
the context of graphANNIS corpora, as the model
itself is very generic, as are graph representations.
Conceptual complexities revealed by such analyses
thus need to be addressed in different frameworks
and search engine contexts as well, when the goal
is a rich representation of all available information.
The derived complexity hierarchy of corpus models

5The workflow for a prototype model is available here:
https://doi.org/10.5281/zenodo.21640716

in Secion 4 can be a tool to conceptually reason
about corpora also outside of the ANNIS ecosys-
tem. Even when not working with unified corpora
or not querying joint representations, the issues out-
lined in the modeling section have high relevance.
Simply thinking of a corpus’ graph representation
or formally modeling it in an apt framework helps
identify conceptual or practical pitfalls. As soon as
multiple item sources are involved, the underlying
questions, that need to be answered are whether the
item sources need to be evaluated jointly to some
extent and which degree of effort is required to do
so. As an example, assume a corpus is represented
in two formats, one holding constituent syntax on
one item source or tokenization. The other format
might hold prosodic features over syllables as items.
A joint graph representation of such a corpus pro-
vides at least a hint, how easily different prosodic
features can be investigated across different syntac-
tic phrase types. To avoid the wrong conclusions
from this example, we remind that this work has
explicitly demonstrated, among other things, that
many aspects of searchable corpus representations
are independent of the format or number of formats
they are sourced from.

As less complex models (multiple segmentation
models) can be derived from complete audio align-
ments in specific cases, enriching existing corpora
with partial time value annotations can sometimes
circumvent a parallel corpus structure. Given a suf-
ficient degree of quality in the audio signal, tools
such as WebMAUS (Kisler et al., 2017) are provid-
ing word-level alignments, as long as resources are
available to include them in a corpus pipeline. Such
an approach is a concrete instance of re-allocating
complexity between model and workflow, which is
common in corpus linguistics.

Limitations

Our discussion cannot be generalized to models
with infinitely small target items (i. €., points in a
continuously annotatable space). Also, alternative
ways of dealing with competing orderings, such as
allowing crossing COVERAGE edges and thus a free
re-ordering of alternative segmentations in MUL-
TISEG models is out of scope for this paper. Fur-
thermore, corpora demanding explicit alignments
can be represented as MULTISEG models when or-
dering semantics are weakened. This is possible
by having sequences of exclusive alignment nodes
for each segmentation. Under strict ordering se-


https://doi.org/10.5281/zenodo.21640716

mantics as discussed in this paper, approaches of
exclusive alignment or flexible re-ordering are not
possible. Thus, the discussed complexity hierarchy
holds. In general, our discussion was outlined along
specific edge properties and semantics. If we were
to modify them, the complexity would not simply
disappear, but get re-allocated within the model or
into the search algorithm. Such modifications are
beyond what can be discussed here.
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A String-Based Representation of
Annotations in KIParla

As discussed in Section 2, the tab-separated for-
mat of KIParla represents structural information
as string codings. An example snippet is given in
Table 1. The table only represents a subset of the ac-
tually available annotations. The example contains
speakers B0026 and B0020. The speaker is coded
in column speaker, the orthographically normal-
ized token is given in column form, the identifier of
the transcription unit (a syntactic grouping) in col-
umn 7U and a string coding of overlaps in column
overlap. Tokens 36-0 to 36-3 represent the tokens
of a transcription unit of the first speaker, followed
by parts of a transcription unit of the other speaker.

While the format enforces a sequential order, the
overlap column indicates that the tokens 36-1, 36~
2, 37-0, and 37-1 partially overlap in the audio
signal. To understand this, the overlap codings
need to be unpacked. They code the character index
range—understood as corresponding to underlying
phonetic segments—starting at 0 with an exclusive
right boundary, which is combined with an overlap
identifier in parentheses. Thus, for speaker B0026
character 6 of token partite (the final ¢) and all
characters of token da (36-2) participate in overlap
10. For speaker B0020, all characters of tokens si
and da participate in the same overlap, i. e., the
sequences e da oggi and si da are uttered simulta-
neously. There is no further statement in the data
on the correspondence between the smallest units,
the characters, to one another between two speakers
for a specific overlap.

token_id speaker form TU overlap
36-0 B0026 sarebbero 36

36-1 B0026 partite 36 6-7(10)
36-2 B0026 da 36 0-2(10)
36-3 B0026 oggi 36

37-0 B0020 si 37 0-2(10)
37-1 B0020 da 37  0-2(10)

Table 1: The string representation (tsv) of KIParla at the
example of a snippet of situation BOA1001. “...” mark
omissions. Not all annotation columns are represented
for space reasons.
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B The Graph Representation of KIParla

Figure 6 shows a graph model derived from the
data in Table 1. The upper half of the graph is the
MULTISEG graph of speaker (B0026), the lower
half of speaker B0020. The overlap nodes cover
the overlapped parts of the production via Cov-
ERAGE edges. The overlap annotations in each
subgraph are linked via alignment POINTING re-
lations. “...” indicate omitted subsequences of
ORDERING components. transcription unit
annotations—which are structurally implicit token-
by-token annotations in Table 1—are explicit single
structures in the graph model. Annotation values
are omitted. Structural explicitness is expanded to
other annotations as well, but they are omitted in the
example. Note that annotations are not explicitly
ordered, as they are not segments.

[transcription unit}

---------------

G

[transcription unit}

Figure 6: An ALIGNSEG graph model for KIParla at
the example of situation BOA1001 from the KIP module.
COVERAGE edges are blue, ORDERING edges are violet,
POINTING edges are yellow. Line patterns distinguish
component identifiers.



	Introduction
	The KIParla Corpus
	Design Principles
	Data Format and Annotations
	Central Goals and Desiderata

	Joint Corpus Graph Representations
	Complexity Classes
	SingleSeg: Single Tokenization
	MultiSeg: Multiple Segmentations
	AlignSeg: Parallel Segmentations

	Under-Specified Simultaneity
	Building Graph Models
	Modeling KIParla
	Summary and Discussion
	String-Based Representation of Annotations in KIParla
	The Graph Representation of KIParla

