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ABSTRACT
The growing complexity of legal cases has lead to an increasing
interest in legal information retrieval systems that can effectively
satisfy user-specific information needs. However, such downstream
systems typically require documents to be properly formatted and
segmented, which is often done with relatively simple pre-processing
steps, disregarding topical coherence of segments. Systems gener-
ally rely on representations of individual sentences or paragraphs,
which may lack crucial context, or document-level representations,
which are too long for meaningful search results. To address this
issue, we propose a segmentation system that can predict topical
coherence of sequential text segments spanning several paragraphs,
effectively segmenting a document and providing a more balanced
representation for downstream applications. We build our model on
top of popular transformer networks and formulate structural text
segmentation as topical change detection, by performing a series
of independent classifications that allow for efficient fine-tuning on
task-specific data. We crawl a novel dataset consisting of roughly
74,000 online Terms-of-Service documents, including hierarchical
topic annotations, which we use for training. Results show that our
proposed system significantly outperforms baselines, and adapts
well to structural peculiarities of legal documents. We release both
data and trained models to the research community for future work.1
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1 INTRODUCTION
Written texts are often a sequence of semantically coherent segments,
designed to create a smooth transition between various subtopics
discussed in a single document. Usually, the information needs of
a user are satisfied by retrieving only the relevant subtopic, and
retrieving the whole document is unwieldy and may result in infor-
mation overload [29, 43]. However, the context of a single subtopic
frequently spans multiple sentences and contains localized context,
which is crucial for proper understanding. Despite the clear rele-
vance of segmentation to downstream performance, many (legal)
retrieval systems choose structurally rigid representations of only
a single text element (generally either the full document [8, 28],
or a single paragraph/sentence [34, 42]), disregarding the semantic
coherence. Especially in legal documents, which can be extremely
lengthy and contain domain-specific complexities in their topics, it
is important to suitably represent entire topics in a single cohesive
unit. Furthermore, aside from semi-structured legal texts, such as
laws, other documents do not necessarily contain uniform and easily
separable segments, to begin with. Especially input formats such as
PDF or scans frequently lack any sort of meta descriptors for hierar-
chical information about the document contents, which makes this
a challenging task. To find a fitting representation that captures the
precise topical context in the text, a robust and flexible framework
to obtain such a structural segmentation is required. We therefore
propose a new approach for the estimation of topic boundaries to
generate more suitable document representations for the mentioned
downstream applications, by considering the topical coherence of
paragraphs. We define a coherent section in a document as a unit
consisting of potentially one or multiple paragraphs, which together
share a common topic. Section boundaries often coincide with a
change in topic and can thus be assumed to generate candidates for
the later segmentation.
Despite their importance, many previous works for structural text
segmentation ignore the notion of paragraphs and focus only on the
granularity of sentences. This is contrary to the nature of written
text, where paragraphs represent a semantically cohesive unit, which
is already available and represents a coarser and more meaningful
structure than sentences. In this work, we assume that topic bound-
aries generally do not appear in the middle of a paragraph, and,
consequently, operating on paragraph level can reduce the risk of
false-positive segmentations and lower the computation cost of per
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Figure 1: Visual cues such as paragraphs often give away a no-
tion of semantic coherence, which is disregarded in sentence-
level models.

sentence prediction. Figure 1 shows how paragraphs group sentences
and divide a text into coherent parts and how by overlooking this
valuable information the structure in the text is lost to the model.
Focusing on the field of text segmentation in the context of the
Natural Language Processing (NLP), we find an already large body
of existing work. Because no large labeled dataset existed, early
approaches to text segmentation were mainly unsupervised, using
heuristics to identify whether two sentences belong to the same topic
or not. Such approaches either exploit the fact that topically related
words tend to appear in semantically coherent segments [6, 18, 22,
26, 39], or focus on the representation of text in terms of latent-
topic vectors using topic modeling methods, such as Latent Dirichlet
Allocation [2, 29, 30, 37]. Recently, with the availability of annotated
data, text segmentation has also been formulated as a supervised
learning problem. Most methods utilize a hierarchical neural model,
where the lower-level network creates sentence representations, and a
secondary network models the dependencies between the embedded
sentences [14, 21]. These models use sentence dependencies to
predict the potential segment boundaries. One drawback of these
approaches is their sentence-level granularity, which disregards the
paragraph coherence previously mentioned. This problem is partially
solved by hierarchical neural models, where the dependency between
sentences is modeled in a hierarchical structure, to combine sentence
into bigger units. However, training such models are, due to the
different document lengths, computationally expensive. Moreover,
these models fail to take advantage of larger pre-trained language
representations, such as BERT [9] and RoBERTa [23], which have
recently proven to be valuable feature generators with a low cost of
fine-tuning, advancing the state-of-the-art in several disciplines.
In this paper, we aim to tackle the task of structural text segmenta-
tion using transformer-based models, and introduce a novel dataset
of Terms-of-Service documents, containing annotated paragraphs
belonging to the same topic. We focus on the text segmentation
alone and leave the use of segmentation for retrieval enhancement
to future work. We formulate topical coherence as a special case of
binary classification of Same Topic Prediction (STP) and fine-tune
our transformer-based models to detect paragraphs belonging to
sections with similar topics. We consider sections as the top-level
hierarchy in our dataset and do not consider subsections. We assume
topical independence between consecutive paragraphs and show that
it does not lead to a deterioration of performance while avoiding the
costly computation of hierarchical models. The hypothesis is that
by fine-tuning the paragraph embedding for topic similarity we can
generate segment features that detect coherent topical structures in

a document. We evaluate our models against the traditional embed-
ding baselines and compare them to supervised and unsupervised
approaches for text segmentation and find significant improvements
by our method.

Contributions. The contributions of this paper are as follows: (i) We
present the task of structural text segmentation on coarser cohe-
sive text units (paragraphs/sections). (ii) We investigate the perfor-
mance of transformer-based models for topical change detection,
and (iii) frame the task as a collection of independent binary pre-
dictions, reducing overhead for hierarchical training and simplified
training sample generation. (iv) We present a new dataset consisting
of online Terms-of-Service documents partitioned into hierarchical
sections, and make the data available for future research. (v) We
evaluate our model against classical baselines for text segmentation,
and (vi) show the effectiveness of our generated embeddings for
structural segmentations to obtain superior performance to other text
segmentation techniques.

2 RELATED WORK
Our work is closely tied to the broader fields of legal document
understanding, topic analysis, text segmentation, and transformer
language models, and we briefly review related work in each of these
areas in this section.

2.1 Legal Document Understanding
The area of legal document understanding and legal information
retrieval has a long-standing history. A great overview is presented
by Moens [31], who details more of the applications that were men-
tioned in the introduction. While there is existing work on the topic
of legal document segmentation [24, 25, 27], they are generally con-
cerned with a specific information extraction interest. In the case of
Mencía, they are concerned with metadata of French law documents
[27]. Specifically, they also make use of an existing HTML/XML
structure in their input documents, but do not generalize to arbi-
trary text inputs without structural features. Lu et al., on the other
hand, are utilizing clustering techniques to identify sub-topics in
legal documents. However, these topics are irrespective of actual
section boundaries within the document [24]. They further include
additional metadata, such as citations, headnotes, and key numbers,
in their task setup, which are suitable to their specific application
in case law. Similarly, Conrad et al. [8] have previously attempted
to employ clustering for heterogeneous document collections, again
focusing on hierarchical representations in the form of short topic
descriptors and not focusing on the actual textual content of the
documents themselves. Lyte and Branting [25] classify metadata
labels based on a CRF (Conditional Random Field) model, build-
ing on prior work by Branting [3] in the same direction, but focus
mostly on element classification. Slightly longer segments in the
form of entire sentences are both used by Poudyal et al. [34], who
mine arguments from European case-law decision, and Westermann
et al. [42], where a system for efficient similarity search based on
sentence embeddings is presented.
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2.2 Topic Analysis
Detection and analysis of topical change are grounded in topic mod-
eling approaches. Earlier work such as LDA [2] treat documents as
bag-of-words, where each document is assigned to a topic distribu-
tion, and each topic is a distribution over all words. More recent work
has adopted a more sophisticated representation than bag-of-words
and generally models Markovian topic or state transitions to cap-
ture dependencies between words in a document [15, 41]. With the
rise of distributed word representation, the focus has shifted to the
combination of LDA and word embeddings [11, 32]. Since we are
interested in a primary segmentation without necessarily predicting
topics, we put a stronger focus on the related work of segmentation
methods, as discussed in the following section.

2.3 Text Segmentation
Text Segmentation is the task of dividing a document into a multi-
paragraph discourse unit that is topically coherent, with the cut-off
point usually indicating a change in topic [17, 39]. Although the
task itself dates back to 1994 [17], most existing text segmentation
datasets are small and limit their scope to sentences (predicting
whether two sentences discuss the same topic or not). The most
common dataset is by Choi [7], containing only 920 synthesized pas-
sages from the Brown corpus. Choi’s method (C99) is a probabilistic
algorithm measuring similarity via term overlap. GraphSeg [13] is
an unsupervised graph method that segments documents using a
semantic relatedness graph of a document. GraphSeg is also eval-
uated on a small set of 5 manually-segmented political manifestos
from the Manifesto project2. Another class of methods are topic-
based document segmentations, which are statistical models that
find latent topic assignments reflecting the underlying structure of
the document [1, 4, 5, 10, 29, 38]. TopicTiling [38] performs best
among this family of methods and uses LDA to detect topic shifts,
with computing similarities between adjacent blocks based on their
term frequency vectors. Brants et al. [4] follow a similar approach
but employ PLSA [19] to compute the estimated word distributions.
Another noteworthy approach based on Bayesian topic models is
by Chen et al. [5], where they constrain latent topic assignments to
reflect the underlying organization of document topics. They also
publish a test dataset with 218 Wikipedia articles about cities and
chemical elements.
All mentioned methods are unsupervised learning approaches, and
small annotated datasets are only used for evaluation and, hence,
are not directly comparable to our approach. Instead, we focus on
supervised learning of topics and introduce a new dataset with 43,056
automatically labeled documents.
The only two comparable supervised approaches are from Koshorek
et al. [21] and Glavas et al. [14]. Koshorek et al. [21] propose a hier-
archical LSTM architecture for learning sentence representation and
their dependencies. They train their hierarchical model on a dataset
of cleaned Wikipedia articles, called Wiki-727k. Glavas et al. [14]
introduce Coherence-Aware Text Segmentation, which encodes a
sentence sequence using two hierarchically connected transformer
networks. The two latter models are closest to our work in terms of
data size and problem formulation. However, they rely solely on per
sentence predictions, which is incomparable to our paragraph-based

2https://manifestoproject.wzb.eu

method. The model by Glavas et al. is similar to our approach in
that it is based on a transformer architecture, yet, they do not take
advantage of transfer learning from pre-trained language models and
learn all the features from scratch. Finally, Zhang et al. [45] extend
text segmentation by outline generation and trained an end-to-end
LSTM-model for identifying sections and generating corresponding
headings for Wikipedia documents.

2.4 Transformer Language Models
The transformer architecture, much like recurrent neural networks,
aims to solve sequence-to-sequence tasks, relying entirely on self-
attention to compute representations of its input and output [40].
Transformers have made a significant step in bringing transfer learn-
ing to the NLP community, which allows the easy adaptation of a
generically pre-trained model for specific tasks. Pre-trained mod-
els such as BERT, GPT-2, and RoBERTa [9, 23, 35] use language
modeling for pre-training on large corpora. These models are power-
ful feature generators, which with minimal task-specific fine-tuning
achieve state-of-the-art performance on a wide variety of tasks. Al-
though at the core of all these models lies the idea of transformers
and attention mechanisms, many have been modified and optimized
to fit various downstream applications. One variation based on BERT
is Sentence-BERT [36], which combines two BERT-based models
in Siamese fashion to derive semantically meaningful sentence em-
beddings. By its design, Sentence-BERT also allows for longer input
sequences for pairwise training tasks and outperforms BERT on
semantic textual similarity tasks, making it a suitable choice for em-
bedding paragraphs. Another notable variant of BERT is RoBERTa,
a retraining of BERT with improved training methodology and more
training data, it achieves slightly better results than BERT on some
natural understanding tasks. Due to the advantages of RoBERTa, we
chose RoBERTa and Sentence-RoBERTa from the Sentence-BERT
variant for the setup in our approach.

3 SAME TOPIC PREDICTION
We formulate structural text segmentation as a supervised learning
task of the same topic prediction. Our model consists of two steps:
(i) Independent and Identically Distributed Same Topic Prediction
(IID STP) and (ii) Sequential inference over a full document. As
mentioned previously, sections are the considered level of hierarchy
in our model and the structure of sub-sections is ignored in this study.
However, the model is easily adaptable to any granularity, and our
dataset contains information for all the levels. In the first step, we
fine-tune transformer-based models to detect topical change for both
paragraphs and entire sections. Given two paragraphs or sections, the
classifier should correctly identify if they discuss the same subject
or not. We assume that the topic of each paragraph or section is
independent of the text before and after, meaning that the topic of
one paragraph does not affect the likelihood of the next paragraph
belonging to the same topic. We later prove that this assumption
yields good performance without a costly training of hierarchical
models. In the second step, we use the fine-tuned transformer-based
classifiers for sequential inference on entire documents, where the
segment boundaries are defined by topical change. In the following,
we discuss these steps in more detail.

https://manifestoproject.wzb.eu
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3.1 IID Same Topic Prediction (STP)
A document d ∈ D is represented as a sequence of N sections
Sd = (s1, ..., sN ), where each section is assigned one of M topics
T = (t1, ..., tM ), and each section contains up to K paragraphs Pn =
(p1, ....pK ). We assume topical consistency within a paragraph and
argue that the results for classification do not change based on the
position of the paragraph in the document, since the most relevant
part for our inference is the intra-section information. Therefore,
all paragraphs in a section belong to the same topic. If the topic
assignment is defined by the function Topic, we have:

sn = (p1, ..,pk ) ∧Topic(sn ) = t1 =⇒

Topic(p1) = t1 = ... = Topic(pk ) = t1 (1)

If we define C as a chunk of text corresponding to either a section
or paragraph, the topic prediction task is defined for section and
paragraph granularity as follows: Given two chunks of text of the
same type (both paragraphs or both sections) (c1, c2) and labels y ∈

{0, 1}, indicating whether the two chunks belong to the same topic,
topical change detection can be formulated as a binary classification
problem. The positive class indicates that both chunks have the same
topic, whereas the negative class indicates a change in topic and
potentially the beginning of a new segment in text. Note that we only
consider chunks of the same type, namely, either only sections or
only paragraphs, in each model. By formulating the problem as a
binary classification, detecting the topic consistency between two
chunks of text can now be solved with any type of classifier. In this
work, we train two types of transformer-based classifiers for this
task, one from the pre-trained language models [23] and another
Siamese network [36] variation, which is more suitable for encoding
pairwise similarity. Subsequently, the two variations are discussed.

3.1.1 RoBERTa is a replication study of BERT pre-training with
optimized hyper-parameters that applies minor adjustments to the
BERT language model to achieve better performance [23]. BERT
and RoBERTa both belong to the family of pre-trained transformer-
based language models. The transformer is an architecture for
shaping one sequence into another one with the help of the self-
attention mechanism, which helps the model to extract features from
each word relative to all the other words in the sequence. The en-
coder stacks in BERT and RoBERTa consist of one or multiple
self-attention blocks followed by a feed-forward network. During
pre-training, two sentences are taken as input, and models are trained
on two tasks of language modeling, by predicting masked words in
the input and next sentence prediction, and by classifying whether
the two sentences are sequential. By these means, the models learn
task-independent features from a vast amount of unlabelled text
that can then be used in a fine-tuning stage for various natural lan-
guage understanding tasks. Since the performance difference be-
tween most transformer-based language models is negligible, we
choose RoBERTa as the representative of this family. In the fine-
tuning process, the model receives two chunks as input and learns
to predict whether they belong to the same topic or not. To distin-
guish between two chunks in training a [CLS] token is inserted at
the beginning of the first chunk and a [SEP] token is inserted at
the end of both the first and second chunk. The embedding of the
[CLS] is what is used for pre-training the next sentence prediction
task and contains RoBERTa’s understanding at the sentence-level.

P1

P2

P3

P4

TF (P1, P2) = 1

TF (P2, P3) = 1

TF (P3, P4) = 0

Figure 2: Demonstration of how the transformer classifier is
used during inference, by comparing consecutive paragraphs
to detect section boundaries.

This token is used by a simple classification layer, learned during
fine-tuning, for the same topic prediction task. Since the input size
for both chunks combined is limited to a maximum of 512 tokens,
shorter than many sections and paragraphs in our dataset, any longer
chunk of text has to be truncated to fit.

3.1.2 Sentence-Transformers (SRoBERTa) aims to enhance
the sentence embeddings by modification of RoBERTa using a
Siamese architecture to derive semantically meaningful sentence
embeddings [36]. Their method is available for several transformer
models. We choose a RoBERTa-based variant to make the results
comparable to the first approach. SRoBERTa enables RoBERTa to
be used for certain new tasks, such as large-scale semantic similar-
ity comparison. Their modifications result in faster inference and
better representation for sentence-pair tasks. Moreover, because of
the Siamese structure and coupling of two RoBERTa networks, the
input size doubles, which allows for longer sequences and thus more
context. In this setup, each sentence is passed through a separate
RoBERTa network with an input limit of 512 tokens. The sentence
embeddings are derived from a pooling operation over the output
of two models with tied weights. Sentence-Transformers introduce
several learning objectives, out of which we use the classification ob-
jective function with binary cross-entropy loss to classify the chunks
into the same topics.

3.2 Sequential Inference
For inference, we use the classifiers of the previous step as topic
change detectors for text segmentation. We read each paragraph
of the document sequentially and classify the adjacent paragraphs
for topical mutuality. More concretely, given a document d ∈ D
divided into consecutive paragraphs P = (p1, ....pk ), section breaks
are marked as where the paragraph’s topic changes. Considering a
transformer TF as our classifier and two consecutive paragraphs as
our input, the classifier outputs the probability of the two paragraphs
belonging to the same topic, independent of their surrounding con-
text, e.g., TF (p1,p2) = P(Topic(p1) = Topic(p2)). Therefore, given
sequences of paragraphs p1, ....pk , and the corresponding predicted
labels y = (y1, ...,yk−1), a segmentation of the document is given by
k − 1 predictions of TF , where yi = 0 denotes the end of a segment
by pi . It is worth noting that regardless of the chunk type used dur-
ing the training of the classifiers (section or paragraph inputs) the
segmentation module operates on paragraphs only. Figure 2 shows
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the inference on a sample document with four paragraphs and two
sections, where the paragraph colors show the topics. The TF classi-
fier is applied on a paragraph pair and can ideally recognize the topic
change from P3 to P4 and mark the beginning of the new section.

3.3 Legal Applications
To put the presented segmentation into a legal context, we focus
on three main application areas: (i) As mentioned, a section-based
semantic segmentation can be used as a pre-processing step for a pas-
sage retrieval context. This, however, would require additional data
with relevance annotations for both sentence- and paragraph-level
relevance to compare the specific benefits of our approach, which we
leave to future work in this area. (ii) However, semantically coherent
sections can also be used as a basis for similarity search. This is
especially helpful when looking for, e.g., related sections in exist-
ing contracts [42]. Here, we focus on Terms-of-Service documents
that are widely available, and contain sections that follow a general
pattern of similar topics. (iii) Lastly, the section separation can be
used for generating outlines of documents, which has previously
been shown to work well on other domains such as Wikipedia [45].
During our document crawl, we also encountered several documents
not including any sectional headings, which makes it especially hard
to understand the legal contexts for laymen users.

4 TERMS-OF-SERVICE (TOS) DATASET
Due to data governance policies in many countries, it is generally
mandated that commercial websites contain the necessary legal infor-
mation for site users. Specifically, these must be easily reachable via
the landing page, which makes it comparatively easy to be crawled.
For each Terms-of-Service document, we automatically extract the
content divided into paragraphs and respective hierarchical section
headings. Further, ToS documents allow us to experiment with a
large-scale dataset that comes with a shared set of topics, while still
maintaining a heterogeneous set of topics due to the different types
of websites. In the following, we will discuss the detailed mining
process, and implicate limitations of this approach.

4.1 Crawling
As seeds to our crawler, we use the Alexa 1M URL dataset.3 For
each URL in the dataset, we try to access the website both with and
without the www prefix. First, the landing page is downloaded and
parsed using the Beautiful Soup Python package. We then search
for hyperlinks with texts Terms of Service, Terms of Use, Terms
and Conditions, and Conditions of Use, and follow them to get to
the respective terms-of-service pages. Levenshtein distance with a
threshold of 0.75 is used to allow for spelling mistakes and different
wording. The raw Hypertext Markup Language (HTML) content
of the Terms-of-Service page is downloaded and stored for further
processing. In case of an error, e.g., if the website is temporarily un-
reachable, we retry the same website 2 additional times before skip-
ping it. The unprocessed dataset contains HTML code for roughly
74,000 websites. Note that due to limitations of the current crawler
implementation, websites that rely on JavaScript to display content
are not supported.

3Available at: http://s3.amazonaws.com/alexa-static/top-
1m.csv.zip

4.2 Section Extraction
Despite the fact that HTML is a structured format, it is a non-trivial
task to extract text and hierarchies. The main reasons are that Web
pages often contain a lot of boilerplate (e.g., navigational elements,
advertisements, etc.), generally have heterogeneous appearences and
implementations, and that they simply do not always conform to
the HTML standard. Here, only a rough outline of the pipeline is
given. For further reference, please refer to the implementation in
our repository.

Boilerplate Removal. For boilerplate removal, we use the
boilerpipe package by Kohlschütter et al. [20], which is based
on shallow text features for classifying the text elements on a Web
page. The result is an HTML page with all navigational elements,
advertisements, and template code removed. Importantly, relevant
hierarchical information is retained past this step.

HTML Cleanup. To deal with websites that do not conform to
HTML standards, we perform several cleanup steps. This includes,
for example, fixing mistakes such as text appearing without a cor-
responding paragraph (<p> tag), or incorrectly nested tags (e.g.,
section headings within a <p> tag). We fix such mistakes by adding
missing tags and adjusting nested tags similar to how a web-browser
would interpret the code.

Language Detection. Since the Alexa dataset also contains many
non-English websites, we reject extracted terms-of-service, where
the majority of text most likely has a language different from English.
We use the langid Python package for detecting the language of
each individual paragraph (<p> tag).

Extracting Hierarchy. To obtain the hierarchy, we split the docu-
ment into smaller chunks. Splits are done in the following order:
first we split on each section heading (<h1>-<h6> tags), then on
bold text (<b> tag) starting with an enumeration pattern, then on
enumerations (<li> tags), then on underline text (<u> tag) start-
ing with an enumeration pattern, and lastly on regular text (<p>
tag) starting with an enumeration pattern. To prevent spurious splits,
each criterion is only used if there are at least 5 occurrences within
the document. Each time the document is split, we save the corre-
sponding headings, which then form the hierarchy. As enumeration
patterns we recognize Latin numbers, roman numerals, and letters,
optionally prefixed with Part, Section, or Article. The majority of
documents contain at most two levels of section hierarchy.

4.3 Data Set Statistics
In addition to the full dataset, we provide a cleaned subset for which
we manually grouped sections into distinct topics based on similar
spelling or meaning. We manually merged 554 section titles, which
corresponds to all titles with at least 250 distinct occurrences in the
corpus. After merging, 82 topics were obtained, and only sections
that have at least one of these aliases as a heading were kept. The
dataset contains different levels of section hierarchy. For our work,
we group document content into top-level sections only, any fur-
ther hierarchies are discarded, but are present in the raw data and
available for future work. After removing documents without any
valid sections, belonging to the predefined 82 topics, we are left with
approximately 43,000 documents for the same section prediction

http://s3.amazonaws.com/alexa-static/top-1m.csv.zip
http://s3.amazonaws.com/alexa-static/top-1m.csv.zip
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Table 1: Top 10 section topics by document frequency. Addition-
ally, the number of associated paragraphs is given.

Topic Label
Document
Frequency

Paragraph
Frequency

limitation of liability 21,317 68,517
indemnification 16,698 25,683
law and jurisdiction 15,113 29,790
links to other websites 13,752 24,727
termination 12,855 33,978
warranty 9,926 41,403
privacy 8,958 25,022
disclaimer 8,575 29,265
general terms 7,936 54,693

Section (S) Random Paragraph (RP) Consecutive Paragraph (CP)

Doc 1

Doc 2 Doc 2

Doc 1

Doc 2

Doc 1

Figure 3: Visualization of three distinct setups for same topic
classification, where the example chunk of text is depicted in
dashed purple, a positive sample in line of green, and a negative
sample in dotted red. Each vertical line is a sentence and the
grouping of them shows a paragraph, different sections in the
document are shown with different colors, denoting the same
topic across all paragraphs of the same section. From left to
right: Same Section prediction, Random Paragraph, and Con-
secutive Paragraph sampling.

task, and around 40,000 documents for our paragraph-level setup.
We randomly split the data 80/10/10 into train, validation, and test
set. The average number of sections per document is 6.56, and each
document consists of 22.32 paragraphs on average, which results
in a mean of 2.92 paragraphs per section. Table 1 shows the top 10
section topic labels. The average number of paragraphs per section
varies between different topics.

5 EVALUATION
We demonstrate the capabilities of transformer-based architectures
for topical change detection using dataset consisting of online Terms-
of-Service (ToS) documents, which was discussed above. Results
are compared for the introduced IID STP task (see Section 3.1) as
well as a downstream comparison of text segmentation results to
a range of baselines and existing methods. Results show a great
improvement in the performance for all transformer-based models.

5.1 Evaluation of Models
We compare our methods against a range of baselines, including
averaging over Global Vectors (GLVavg) [33], tf-idf vectors (tf-
idf ), and Bag of Words (BoW) [16]. For transformer language
models, we evaluate the standard [CLS] sequence classifica-
tion with roberta-base (Ro-CLS). For Sentence-Transformers
[36] we use the Siamese transformer setup with a variant of
roberta-base (ST-Ro) and an additional model that has been pre-
trained on NLI sentence similarity tasks (ST-Ro-NLI) to investigate
performance of further pretraining.
Transformer models are trained using the popular HuggingFace trans-
former library [44] for the [CLS] models, as well as the sentence-
transformers package from [36] for Siamese variants. We use two
Nvidia Titan RTX GPUs for training, and each model variant has
been trained with five different random seeds. Details for the training
parameters can be found in our public repository. Due to the length
limitation of 512 tokens, we employ an iterative truncation strategy
for two-sentence inputs. Due to the coupling of two transformers for
the Sentence-Transformers the input size doubles, accepting a total
input of 1024 tokens.

5.2 Prediction Tasks
As previously introduced, we train models with an independent
classification setup, which is generally much faster than more com-
plicated hierarchical sequential models. Specifically, we highlight
the differences in the setup for the same section prediction task,
compared to the two paragraph-based methods. We point out that re-
sults depicted in Table 2, for the prediction accuracy are not directly
comparable between sampling methods, as they generate different
development and test sets based on the employed sampling strategy.
We show in the subsequent section, however, that downstream per-
formance for the text segmentation is in line with results on topic
prediction. Figure 3 visualizes the different sampling strategies. In
the following, we describe each strategy in detail and highlight their
difference. Across all strategies, we added three positive and three
negative samples for each individual section/paragraph.

5.2.1 Section (S) Topic Prediction. In this setup, we use sec-
tions as input chunks to the transformer classifiers. The section task
showcases how different levels of granularity can affect outcomes
in the prediction results. Specifically, the extremely long input se-
quences test the limits of what transformers can predict from partial
observations since the majority of inputs will be heavily truncated.
To ensure an equal distribution of samples from within the same
and different sections, we match each section with three samples
from the same topic, and three from different topics. The positive
and negative sections can be sampled from a different document.
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Table 2: Prediction accuracy for the independent topic prediction tasks, Same Topic Prediction (STP), Random Paragraph (RP),
Consecutive Paragraph (CP) with different sampling strategies. Standard deviation is reported over 5 runs and the best model on
each respective set is depicted in bold.

GLVavд tf-idf BoW Ro-CLS ST-Ro ST-Ro-N

STP
Dev 89.70 ±.07 82.10 ±.05 50.94 ±.33 96.42 ±.52 96.38 ±.03 96.39 ±.03
Test 90.01 ±.06 82.54 ±.07 51.05 ±.51 96.58 ±.52 96.45 ±.06 96.46 ±.02

RP
Dev 76.63 ±.04 70.94 ±.07 50.34 ±.04 57.63 ±10.4 87.50 ±.13 87.39 ±.08
Test 76.16 ±.06 70.41 ±.09 50.31 ±.37 57.48 ±10.2 87.19 ±.64 86.88 ±.11

CP
Dev 77.64 ±6.6 74.94 ±.11 56.34 ±.83 89.63 ±.12 91.17 ±.05 91.12 ±.04
Test 78.63 ±6.8 76.17 ±.07 56.58 ±1.1 90.34 ±.08 91.17 ±.04 91.69 ±.02

The important point is that the positive samples should come from
the same topic and negative samples from different ones. The first
column of Figure 3 visualizes the section sampling, where the first
section of Doc1 is paired with the second section of Doc2 to form a
positive sample and the first section of Doc2 to form a negative sam-
ple, respectively. The same strategy is employed for the generation
of the development and test set.
Despite the constraints with respect to the input length, we find that
all transformers perform on a near-perfect level, compare Table 2.
Comparing these results to already very well-performing baselines,
we suspect that certain keywords give away similar sections, but
highlight the fact that the explicit representation of different topics
is not given during training in the binary classification task, which
makes this a suitable method for dealing with imbalanced topics.

5.2.2 Random Paragraph (RP) Topic Prediction. In contrast
to the section-level task, we revert to a more fine-grained distinction
of paragraphs in a text. In the Random Paragraph setting, we still
generate samples similarly, meaning we include three paragraphs
from a random document with the same topic and three negative
samples from random paragraphs with different topics. The main
difference between the Section prediction and Random Paragraph
is in the level of granularity and not how the samples are chosen.
The second column of Figure 3 highlights this difference, where
the samples are paragraphs inside the sections rather than the entire
section. Paragraph-based sampling is closer to our inference setup,
where each input document is considered one paragraph at a time.
However, results show a sharp drop in the performance, which can
come from a much narrower context of the paragraphs, as well as
a differing selection of test samples compared to the section task.
Solely the BoW model seems to be largely unaffected, which is
simply due to its low performance in either setting.

5.2.3 Consecutive Paragraph (CP) Topic Prediction. To boost
performance and account for the coherent structures in the text, we
employ a sampling strategy inspired by Ein Dor et al. [12]. For
their triplet loss, samples are generated inside the same document
only, which can be translated into sampling from intra-document
paragraphs. Note that this strategy also no longer requires any
merging and annotation of topics across documents, as all relevant
information is now contained within a single document. This fact
opens up much larger generation of training data, which we omit
in our current work for the sake of comparability with the RP

model. To generate samples, we look at all paragraphs of a section
and pair them as positive samples. Negative samples are picked
from paragraphs of different sections in the same document. The
third column of Figure 3 depicts the consecutive paragraph setup,
where the samples are limited to paragraphs of Doc1. Note that
despite their similar setup, results of RP and CP runs in Table 2
are not evaluated on the same test set and thus are not comparable,
since the test sets are each generated with the respective sampling
strategies (RP or CP) as well. However, we are able to compare
their downstream performance on the subsequently introduced text
segmentation task (see Section 5.3 and Table 3).

The result of different sampling strategies along with the perfor-
mance of the baselines is shown in Table 2, where the transformer-
based models all outperform the baselines by a significant margin.
Among the baselines BoW has the worst performance overall, with
the accuracy close to random, showing that distinct word occur-
rences are not a sufficient indicator. Average GloVe has the best
performance of all baselines, but is still behind the transformers by
a large margin. Despite the NLI-pretrained SRoBERTa model (ST-
Ro-N) achieving better scores than the base model (ST-Ro) for most
setups, the difference is insignificant, indicating that the pre-training
on sentence similarity tasks does not directly influence our topic
prediction setup.

5.3 Text Segmentation
By generating a text segmentation over the paragraphs of a full
document, the independent prediction results from the previous
section can now be compared across several approaches. Specifically,
we compare the paragraph-based training methods CP and RP.
As an evaluation metric, we follow related literature and adopt
the Pk metric introduced by Beeferman et al. [1], which is the
error rate of two segments at k sentences apart being classified
incorrectly. We use the default window size of half the document
length for our evaluation, again following related work. Furthermore,
we count the number of explicit misclassifications, and use the
accuracy acck of “up to k mistakes per document” as an evaluation
metric. Due to the coarser nature of paragraphs and the lower
number of predictions per document compared to the sentence-level
segmentation, this is a more illustrative metric. This also relates to
the “exact match” metric EMoutline employed by Zhang et al. [45],
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Table 3: Boundary error rate Pk for compared models (lower
is better), based on sampling strategies Random Paragraph
(RP), Consecutive Paragraph (CP) and their Ensemble variates,
RPEns and CPEns , respectively. Ensemble (”Ens”) predictions
are obtained by majority voting over model runs.

RP CP RPEns CPEns

GLVavд 29.97 ±.09 26.23 ±6.2 29.55 23.06
tf-idf 39.87 ±.24 29.70 ±.28 39.36 28.60
BoW 45.76 ±.67 43.46 ±1.5 46.20 41.80
Random Oracle 35.08 ±.15 - 31.88 -

GraphSeg - 32.48 ±.46 - 32.28
WikiSeg - 48.29 ±.30 - 48.29

Ro-CLS 37.26 ±4.8 15.15 ±.00 41.15 15.15

ST-Ro 15.72 ±.11 14.06 ±.14 14.62 13.14
ST-Ro-N 15.97 ±.14 13.97 ±.19 14.81 12.95

Ens consec - - - 12.50

Figure 4: Mistake rate of per-model ensembles, where the suf-
fix CP indicates the consecutive paragraph sampling and RP
the random paragraph sampling for each model. The baseline
is Rand Oracle (Random Oracle), GLVavд (average GloVe vec-
tors), tf-idf, and BoW (Bag-of-Words). Ro-CLS is the fine-tuned
CLS token for Roberta and Sentence transformer models are
ST-Ro and ST-Ro-N, where the latter is pre-trained on NLI task.
The best performing model is the Ens All (Ensemble of all mod-
els).

where acc0 = EMoutline .
Here, we also include the performance of related works where public
and up-to-date code repositories are available. Specifically, we
compare to the unsupervised segmentation algorithm GraphSeg [13],

and the supervised model by Koshorek et al. [21], which we
dub “WikiSeg”. Both approaches are trained on a sentence-level
approach, though, and predictions have to be translated back to a
paragraph level for comparison of results. We train each model with
the suggested parameters in their publicly available repositories.
For an additional pseudo-sequential baseline, we use an informed
random oracle that has a-priori information on the number of
topics in the document, and samples from a distribution with
adjusted probability P(“next section”) = #sections/#paraдraphs.
Note that no additional parameters are learned for any model, and
predictions are binarized with a simple 0.5 threshold over the same
topic predictions. We provide ensembling results for the majority
voting decisions by the five seed runs of each model variant (Ens),
which provides further improvements. Best results are obtained
by ensembling all consecutive transformer-based methods (Ens
consec).
Table 3 shows the results of the evaluation, where one can see that
results in the sequential segmentation are directly linked to the
performance on the independent classification task seen in Table 2.
To verify our initial assumption of cross-document comparability of
content from similar sections, we make the following observations:
(i) Evaluation performance for the STP setup is consistent for both
training strategies (RP and CP) when using Sentence-Transformer
models (see Table 2). (ii) Similarly, both CP and RP-trained
Sentence-Transformer segmentations achieve results within 2
percentage points of the respective Pk scores. (iii) In general, CP
training setup yields slightly better Pk scores, likely because the
intra-document dependencies are captured better with this sampling
strategy, which is a more appropriate sampling for the segmentation
task. (iv) We find convergence problems for RP training with the
[CLS] models, as well as the tf-idf model. Due to the size of our
general training corups, we therefore conclude that it is realistic to
expect topical similarity within a section, even across documents.
However, due to the seemingly inconsistent convergence of RP
models, we caution against blindly using this strategy, especially
when dealing with more heterogeneous corpora. The oracle baseline
performs unexpectedly better than both tf-idf and BoW, indicating
that additional information about the sections of a document can
greatly boost task performance, which might be relevant for future
work. Additional pre-training of ST models (ST-Ro-N) does not
show any significant improvement over the standard ST-Ro models.

To our surprise, sentence-based implementations (GraphSeg and
WikiSeg) show significantly lower performance, and fall even
behind the simpler baselines. For GraphSeg, an unsupervised
segmentation approach, the lack of explicit training on the different
granularity seems to significantly prohibit correct predictions
on longer segments. WikiSeg heavily preprocesses the data and
discards many samples, thus significantly shrinking the training set.
Since performance on the reduced training set is still decent, this
indicates that training a network from scratch is not suitable with
the smaller training set of a reduced corpus and tends to overfit.
We expect a significant increase in performance if the training
would instead be performed without such strict preprocessing
criteria, or continuing fine-tuning on pre-trained weights from a
paragraph-level WikiSeg model. For either baseline model, it is also
important to note that these models predict on the entirety of the
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sequence, which theoretically allows information sharing between
different sections in the current sample. However, they show no
improvement over our binary prediction setup which does not
share this information. It would be of interest to compare results to
sequential transformer-based architectures, such as they are used by
Glavas et al. [14]. However, their model again requires training from
scratch, which has proven to be inconsistent in our experiments with
WikiSeg.

Lastly, the plots for acck for various models in Figure 4 indicate
a correlation between the acck and Pk measures, which does not
apply to sentence-level segmentations. Overall, the best-performing
ensembles classify around 25% of documents without any mistake
(acc0), and around 70% with less than three mistakes (acc2) over
the entire document. We therefore suggest acck as an interpretable
addition to the classic evaluation of segmentation approaches when
dealing with paragraph-level segmentations.

6 CONCLUSION AND FUTURE WORK
Despite a multitude of previous works, structural text segmenta-
tion methods have always focused on very finely segmented text
chunks in the form of sentences. In this work, we have shown that
a relaxation of this problem to coarser text structures reduces the
complexity of the problem, while still allowing for semantic seg-
mentation. Further, we reformulate the oftentimes expensive-to-train
sequential setup of text segmentation as a supervised Same Topic
Prediction task, which reduces training time, while allowing for a
near-trivial generation of samples from automatically crawled text
documents. To show the applicability of our method, we present a
new domain-specific and large corpus of online Terms-of-Service
documents, and train transformer-based models that vastly outper-
form a number of text segmentation baselines.
We are currently investigating the setup for deeper hierarchical sec-
tions, which our dataset already contains annotations for, to see
whether such notions can also be picked up by an independent clas-
sifier and benefit a legal retrieval system. Also, the findings from our
Consecutive Paragraph model already indicate that training requires
no further information than the ground truth segmentation, which can
generally be inferred from structured input formats, such as HTML
or XML, making this an attractive option for a larger-scale study
of cross-domain document collections. Finally, an interface build
on top of our framework, enabling the users to judge the usefulness
of segmentation for legal use cases, such as a collection of docu-
ments from mergers and acquisitions, could be used to determine
the efficacy of our improved segmentation.
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