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Abstract

Text segmentation, a crucial pre-processing
step to many NLP tasks, is often treated as
having an objective ground truth, typically ap-
proximated by paragraphs. However, this au-
thorial structure may not always reflect how
different readers segment the same text. We
present an empirical study examining human
variation in English text segmentation across
60 texts from three genres. Fourteen annota-
tors segmented texts based on perceived inher-
ent structure, revealing substantial disagree-
ment (α = 0.29; [0.02, 0.62]). Mean seg-
ment lengths vary across and within genres,
with unscripted speeches exhibiting particu-
larly high variability (2.8–26 sentences). In
the same task LLMs show higher intra-model
(α = 0.742) but comparable inter-model agree-
ment (α = 0.514). These findings indicate that
text segmentation is shaped by subjective (or
model-specific) biases and thus cannot be ade-
quately represented by a single gold standard,
calling for a critical re-examination of its role
in downstream NLP tasks.

1 Introduction

Text segmentation is a foundational step in natu-
ral language processing (NLP), e.g., in discourse
analysis, text summarization, topic modeling, in-
formation retrieval, and, more recently, retrieval-
augmented generation (RAG). In these applications,
segmentation is often treated as if there were a sin-
gle objectively correct solution, ignoring the vari-
ability inherent in human segmentation. In this
paper, we use RAG as an example downstream
application that depends on text segmentation.

RAG enhances the capabilities of large language
models (LLMs) by providing them with informa-
tion outside their pre-training data via access to
external knowledge bases (Lewis et al., 2020). This
requires documents to be chunked to (1) preserve
sufficient context for query matching without break-
ing up or truncating semantically coherent units,

Figure 1: Ranges of boundary rates (top) and ranges of
segment lengths (bottom) of each annotator averaged
over the texts they annotated.

while (2) avoiding unrelated content as much as
possible.

The most common chunking method for RAG
currently splits text into fixed-sized token se-
quences (usually powers of 2 such as 128, 256, or
512) (Gao et al., 2024, p. 8). However, chunk size
has been shown to significantly impact retrieval
effectiveness (Bhat et al., 2025), suggesting that
how the text is segmented plays a crucial role. In
a systematic comparison, paragraph group chunk-
ing specifically – where each chunk consists of
multiple adjacent paragraphs – achieves the high-
est overall retrieval quality based on LLM-as-a-
judge evaluation (Shaukat et al., 2026). As such,
approaches that preserve “logical” units often out-
perform fixed-sized chunking methods, motivat-
ing paragraph-aware approaches that respect the
author’s intended structure (see e.g. Yepes et al.,
2024).



Authors typically use paragraphs to organize
content into coherent units, structure the develop-
ment of arguments, and guide readers through the
progression of ideas. At the same time, paragraph-
ing practices may be shaped by formulaic norms,
such as the five-paragraph essay taught in English-
speaking educational contexts (e.g. Tardy, 2019).
As a result, paragraphs are best understood as for-
mal artifacts that reflect writing conventions, edi-
torial decisions, and formatting constraints, rather
than a uniquely determined underlying structure.
While LLMs are trained on large collections of
paragraph-structured text such as web pages, they
typically observe only one “canonical” segmenta-
tion per text, which is often reinforced by duplicate
texts with identical structure (Lee et al., 2022, p.
8426). As a result, variation in how a single text
could be segmented is not represented; models are
only exposed to variation across texts.

This raises the question to what extent segmen-
tations, produced by authors, readers, or LLMs,
actually align. In particular, it remains unclear
whether paragraph boundaries reflect how readers
would segment a text, or whether they serve as con-
venient but imperfect proxies. To address this gap,
we present a large-scale text segmentation study
with 10 to 14 annotators per text, showing the vari-
ability in human text segmentation. The analysis
code is available for replication on GitHub.1

2 Related Work

Though chunking for the purpose of RAG has the
common goal of dividing text into coherent units,
text segmentation has typically been treated as a
separate task (cf. Nguyen et al., 2025). The focus
here has largely been on identifying topical units,
starting with Hearst’s (1997) seminal study using
patterns of lexical cohesion. When paragraph infor-
mation is not available, such semantic chunks have
also improved information retrieval but are mainly
based on embedding similarity (Shaukat et al.,
2026). More recent topic modeling approaches
have reframed segmentation as a supervised learn-
ing task, which may provide further gains in pre-
serving logical coherence. However, for the sake of
convenience, they too draw on structural informa-
tion from paragraphs as training data, in particular
from Wikipedia (e.g. Koshorek et al., 2018; Au-
miller et al., 2021). We might therefore assume
that they likewise suffer from the lack of within-

1https://github.com/quantor-project/humsegvar

text variability and produce unnaturally uniform
segmentations.

Especially in earlier work studying text structure,
single-annotator segmentation was common, typ-
ically carried out by an expert (e.g. Cloran, 1994;
Gregory, 2002), overlooking potential variability
in annotator segmentation choices. Furthermore,
segmentation studies were often limited to a single
genre, such as news texts (Hirschberg and Grosz,
1992; Grosz and Hirschberg, 1992), conversations
between mothers and their children (Cloran, 1994),
or spontaneous narrative monologues (Passonneau
and Litman, 1996).

In multi-annotator settings, majority voting is
commonly used to derive a gold standard (e.g.
Grosz and Hirschberg, 1992; Hirschberg and Grosz,
1992). While this incorporates multiple judgments,
it does not ensure that the resulting segmentation
is meaningful because these studies often impose
arbitrary restrictions, such as making boundary de-
cisions interdependent (e.g., by disallowing adja-
cent boundaries). The choice of a >50% threshold
is also ultimately arbitrary. For example, Hearst
(1994) set the boundary at 4/7 annotators, whereas
Passonneau and Litman (1996) considered 3/7 to
be the deciding majority. Moreover, some studies
restrict where boundaries can be placed, which can
artificially inflate agreement. For instance, Pas-
sonneau and Litman (1996) limits annotators to
pre-identified prosodic breakpoints, rather than al-
lowing boundaries between any pair of sentences.

Even though Mann et al. (1992) and Johnson
(1985) observe that segmentation is a rather subjec-
tive task, several later studies report relatively high
inter-annotator agreement. For example, Hearst
(1993) reports agreement above 80% (across 7 an-
notators) and regards majority boundaries as the
gold standard to which they compare the output of
the TextTiling algorithm.

Although Passonneau and Litman (1996, p. 169)
report “far from perfect agreement,” they subse-
quently present high percent agreement (Gale et al.,
1992). Percent agreement is typically defined as the
ratio of observed agreements to all possible agree-
ments. However, Passonneau and Litman (1996)
compute it as agreement with the majority opinion
relative to the number of possible agreements with
that majority. Because the majority label is, by def-
inition, the most frequent choice, at least half of the
annotations will agree with it, yielding values of
at least 50% even under substantial disagreement.
This inflates agreement estimates and obscures the

https://github.com/quantor-project/humsegvar


Figure 2: Example from the guidelines with color-coded
segmentation of the text (left) and explanations (right).

true extent of annotator disagreement.

3 Methods and Results

We use texts from nine varieties of the Interna-
tional Corpus of English (ICE; Greenbaum, 1996):
Canada, Great Britain, Hong Kong, India, Ireland,
Jamaica, New Zealand, the Philippines, and Sin-
gapore. From these, we randomly select 60 texts2

across three different registers: Popular scientific
writing in the technology domain, press news re-
ports, and unscripted speeches.

Unlike Passonneau and Litman (1996), who used
a corpus of spontaneous narrative monologues, we
broaden the range of genres to include both spo-
ken and written texts serving two purposes: First, it
allows us to examine whether variability in segmen-
tation persists across a wider range of registers and
varieties of English, using the ICE’s stratification
along both dimensions and thereby strengthening
the generality of our findings. Second, the inclusion
of written texts enables us to use author-defined
paragraphs as an additional point of comparison
for annotator decisions.

Following Passonneau and Litman (1996) and
Hearst (1994), we asked untrained annotators to
segment texts based on an open-ended criterion.
While Passonneau and Litman (1996) focused on
speaker intention and Hearst (1994) on topic shifts,
we instruct annotators to identify segments that
make the text recognizable as belonging to a par-
ticular genre, i.e., moves (Swales, 1990). We there-
fore assume that annotators will have an inherent
understanding of text structure through repeated

2Note that we use text here to refer to each of the subtexts
in a file (according to ICE parlance) as one self-contained unit.

Figure 3: Frequency barplot showing how many anno-
tators (x-axis) perceived a sentence as starting a new
segment (left) and aggregated into agreeing and dis-
agreeing cases (right).

exposure in diverse socio-cultural contexts (Hall-
iday and Hasan, 1989). This framing is intended
to provide a more intuitive proxy for communica-
tive functions, which should enable more abstract
comparisons than segmentations based on a text’s
specific content.

A tripartite segmentation into introduction, main
part, and conclusion was explicitly discouraged, as
it would be broadly applicable to texts of any genre.
Each segment had to consist of at least one sentence.
In addition to the instructions, annotators received
an example segmentation (see Fig. 2) that justifies
each decision by describing the segment’s function
in the text. A total of 14 annotators participated in
our study, 10 of whom segmented all texts, while
the others completed only a subset. The annotators
were university students with no background in
linguistics. The annotations were performed in the
bespoke annotation tool Segmatator (Weber and
Heinrich, 2026).

To assess the inter-annotator agreement, we com-
pute Krippendorff’s α (Krippendorff, 2019), which
is suitable for multiple annotators and missing val-
ues. We obtain an overall agreement of α = 0.29
(see Table 1). Pairwise annotator agreement ranges
from 0.02, which is practically chance level, to
0.62, which does not correspond to reliable agree-
ment according to Krippendorff (2019). Fig. 3
shows that annotators largely agree on the absence
of boundaries, whereas agreement on boundary
placement is sparse. Only a small number of bound-
aries are consistently identified by all annotators.
Applying a majority threshold would therefore re-
tain relatively few boundaries, yielding segments
that are substantially longer than author paragraphs.

Fig. 1 shows clear register-level differences:
press news reports have the shortest segments
(µ = 3.3, σ = 1.1 sentences) and the highest
boundary rate (µ = 34.6%, σ = 12.6), while un-



scripted speeches show much longer and more vari-
able segments (µ = 8.7, σ = 6.8; boundary rate
µ = 16.3%, σ = 8.4). Popular science texts fall
in between (µ = 4.8, σ = 1.9; boundary rate
µ = 23.7%, σ = 8.5). Across all registers, we ob-
serve substantial variability in both segment length
and boundary rate, indicating that segmentation be-
havior differs markedly not only across text types
but also across annotators.

A qualitative analysis of the differences between
segmentations reveals that the use of cohesive de-
vices, especially in sentence-initial position, plays
a central role in how readers interpret a text struc-
turally (see Appendix A for a concrete example).
More specifically, whether they align with the au-
thor seems to vary not only with the kinds of textual
signals they pick up on but also how this informa-
tion is weighted relative to each other. For example,
lexical chains establish a very obvious link between
adjacent sentences but may be superseded when
used in combination with a fronted adjunct.

In addition to the manual segmentations, we use
GPT-5.1, GPT-4o, and GPT-4o-mini (accessed via
the OpenAI API) to segment the same texts with
identical instructions and report the overall intra-
and inter-model Krippendorff’s α (see Table 1).
The example from the guidelines is used to define
the raw-text input and desired JSON-formatted out-
put. We mirror the human annotation setup by
prompting each model 14 times. To ensure com-
parability across conditions (28 runs for pairwise
comparisons and 42 runs for three-model compar-
isons), inter-model α is computed using bootstrap-
ping. Specifically, we sample an equal number of
runs per model (7 for pairwise comparisons and
5 for three-model comparisons) and calculate α
over 500 random draws. We report the mean α and
standard deviation across these samples.

The results show relatively high internal agree-
ment across all models compared to human seg-
mentations, with GPT-5.1 achieving the highest
consistency (0.782), followed by GPT-4.1 (0.761)
and GPT-4o (0.683). In contrast, inter-model agree-
ment is lower, clustering around 0.5, with the
strongest alignment between GPT-5.1 and GPT-4o
(0.538 ± 0.007). As a result, a substantial por-
tion of variability arises from differences between
models. Still, inter-model agreement lies within the
upper range of pairwise annotator agreement. Over-
all agreement across all 15 runs is lower (0.438 ±
0.006), indicating reduced consistency when aggre-
gating across models and runs.

Setting α

Human annotators (10–14) 0.290
Intra-model agreement
GPT-5.1 (14 runs) 0.782
GPT-4o (14 runs) 0.683
GPT-4.1 (14 runs) 0.761
Inter-model agreement
GPT-5.1 vs GPT-4o 0.538± 0.007
GPT-5.1 vs GPT-4.1 0.506± 0.006
GPT-4o vs GPT-4.1 0.499± 0.006

Overall (15 runs) 0.438± 0.006

Table 1: Krippendorff’s α for intra-model and inter-
model agreement over text segmentations.

4 Conclusion and Outlook

We have shown that inter-annotator agreement on
text segmentation is low, indicating substantial vari-
ability. In other words, without visual cues such as
line breaks, the author’s signals of boundaries are
not necessarily recognized. In LLM-generated seg-
mentations, intra-model agreement is consistently
high, meaning that individual models produce rel-
atively stable segmentations across repeated runs
under identical conditions. In contrast, cross-model
agreement is somewhat lower, suggesting that dif-
ferent models impose systematically different struc-
tural interpretations on the same text. Exposing
models to multiple segmentations per text may
increase variability in learned representations, al-
though the extent to which this captures genuinely
distinct interpretations rather than surface-level
variation remains unclear.

Future studies should investigate whether incor-
porating within-text variation could be beneficial
for downstream tasks. Coming back to RAG as an
example, providing an LLM with multiple segmen-
tations of the same text may improve alignment
with user expectations regarding which passages
are considered informative, especially given evi-
dence that retrieval performance can improve when
combining multiple chunking strategies (Yepes
et al., 2024, p. 10). Such segmentations could
be generated dynamically at the sentence level via
prompting approaches (for paragraphs, cf. Duarte
et al., 2024) and subsequently aggregated using
overlap-based heuristics or majority voting (see
mixture of chunkers; Zhao et al., 2025). This would
shift the notion of a single “ground-truth” segmen-
tation toward a more consensus-based approxima-
tion of relevance.



Limitations

While we cover multiple English varieties and three
genres, future work should examine whether the
observed patterns generalize to a broader range of
texts and whether certain genres exhibit higher lev-
els of agreement than others. In particular, highly
structured and conventionalized forms, such as aca-
demic research articles, may display more consis-
tent segmentation patterns.

Reliable author-defined segmentation (i.e., para-
graph boundaries) was available only for a subset
of the texts, which limited the qualitative compari-
son. Extending this analysis to a larger set of such
texts would allow for a more systematic assessment
to what extent intuitive human segmentations align
with this reference structure.

In an informal exit interview with a subset of
annotators, participants reported that the segmen-
tation task was initially challenging but became
easier as they grew familiar with recurring struc-
tural patterns. However, some texts were perceived
as incomplete, which made segmentation more dif-
ficult in those cases. This reflects inconsistencies
in corpus composition across different varieties of
English in the ICE.
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