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A BSTRACT
We train an LSTM-based model to predict structure in Wikipedia articles. This results in a model that is capable of segmenting any English text, is not constrained
to a limited number of topics, and has much better runtime characteristics than
previous methods. Finally, we introduce a new dataset which is much more extensive than current ones, and compare our method with previous methods in terms
of segmentation quality and runtime on existing datasets.
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I NTRODUCTION

Text segmentation is the task of dividing a text into segments by textual topic, such that sentences
within a segment discuss the same topic, and cutoff points indicate a change of topic. It is often used
on long unstructured text, such as the output of automatic speech recognition or long, unstructured
text taken from the Internet. Additionally, it might be used in other NLP tasks where knowing the
text structure can help improve performance, such as in text summarization.
Prior work tried to either come up with a heuristic to identify whether two sentences discuss the
same topic - as in Choi (2000), Glavaš et al. (2016) - or to model topics explicitly and use methods
such as LDA to assign a topic from a pre-defined list to a paragraph or a sentence, as in Chen et al.
(2009).
We approach the problem from a different direction. Instead of engineering a similarity measure
between sentences ourselves, or modeling a textual topic explicitly, we build a deep neural-network
model and train it to predict topic changes in naturally-occurring articles taken from Wikipedia.
Our model achieves a result on our test set of 77,000 articles which is comparable to that of other
methods achieve on a small amount of natural texts when specifically trained on a pre-defined topic
list. Our method results in a single model that can be thought of as a generic model for text segmentation of any English text.
This paper is structured as follows. In section 2 we present related work. Section 3 describes the
specifics of our model, and section 4 the training and benchmark data. Section 5 contains segmentation quality evaluations, as well as comparisons with other methods. Section 6 concludes and
presents ideas for future work.
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R ELATED W ORK

Bayesian approaches are among the well preforming supervised methods for text segmentation.
Most of them - such as Chen et al. (2009), (Riedl & Biemann, 2012) - use LDA (or variants thereof)
as a generative probabilistic model for text: a document is a sequence of topics, which are sampled
from a topics distribution, and each topic imposes a distribution over the vocabulary. Riedl & Biemann (2012) performs the best among this family of methods. It defines a coherence score between
pairs of sentences, which measures the distance between two sentences’ topic probability vector,
and segments by finding drops in coherence scores between pairs of adjacent sentences.
Another noteworthy approach to text segmentation is GraphSeg - Glavaš et al. (2016) - an unsupervised method which builds a semantic relatedness graph, and analyzes it to obtain a well-behaved
1

segmentation. GraphSeg performs competitively on synthetic datasets and outperforms Bayesian
approaches on a real world dataset. GraphSeg works by representing the distance between two
words as the cosine distance between their embedding vectors. The distance between two sentences
is defined to be the cost of the best bipartite matching between the words of the two sentences. A
graph is then built where nodes are sentences, and an edge between two sentences signifies that the
sentences are semantically similar. The segmentation is then determined by finding maximal cliques
of adjacent sentences, and completing the segmentation based on those cliques using a heuristic.
GraphSeg also has two hyperparameters that must be tuned on a per dataset basis.
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O UR A PPROACH

3.1

T HE M ODEL

Our method is heavily based on the LSTM architecture - Gers et al. (1999). Given a document of
length k sentences, we compute a sentence embedding vector for each sentence by concatenating
the last hidden states of 2-layer bidirectional LSTM run on the sentences’ word embeddings. These
sentence embeddings then serve as input to another 2-layer bi-LSTM. This gives us k d-dimensional
vectors. We then multiply each of the vectors by a d × 2 matrix, trim the last result, and apply
softmax to obtain k − 1 cutoff probabilities between each two sentences. See Appendix 1 for a
diagram.
3.1.1

M ODEL VARIANTS

We have tested several variants of the described model:
• Base model: Uses a bidirectional LSTM for both modules, and computes the sentence
embeddings as the concatenation of the last hidden state vectors.
• Max sentence embedding: Changes the final sentence embedding to be the result of a
maximum operation on the last bi-LSTM output in the sentence embedding module.
• Attention: This model employs an attention mechanism as described in Bahdanau et al.
(2014) to calculate the sentence embedding from the LSTM hidden states.
• External sentence embedding: Instead of learning the sentence embedding ,we plugged a
pre-trained 4096-dimensional sentence embedding model from Conneau et al. (2017).
• Uni-directional LSTM: Identical to base model, with each bi-LSTM layers replaced with
two stacked LSTM layers.
During testing, the base model and the max sentence embedding models outperformed the rest. It
is worth noting that the single-directional LSTM model performed very badly compared to all the
others.
3.2

T RAINING

Our model predicts for each sentence whether it ends a segment. For each document, we train k − 1
binary classification problems by minimizing the negative log-likelihood of the parameters θ. Let y
is the predicted segmentation probabilities and ŷ the ground truth vector; then our training objective
is:
k−1
X
min
−ŷi · log yi .
θ

i=1

Training is done by stochastic gradient descent in an end-to-end manner.
3.2.1

A NALYSIS

The LSTM layers which take as input the sentence embeddings give the model the property of being
global, in the sense that any segmentation decision taken by the model may depend on information
found in other locations in the document.
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The sentence embedding model is trained specifically for the task of text segmentation. As such,
one could presume that it would output an embedding vector that contains information about the
topics discussed within the sentence, as well as information about formulations that often start or
end a segment. Whereas other works are concerned with the exact methods used to detect a change
of topic, we let our deep neural network decide ways to solve this problem by itself.
3.3

I NFERENCE

During test time, the model takes a sequence of word embeddings divided into sentences, and returns
a vector p of cutoff probabilities between sentences. We employ greedy decoding - that is to say, we
segment where pi is greater than some threshold τ . The threshold τ is thus a parameter that needs
to be tuned according to the desired average segment length - for example, if the desired segment
length is 10, τ should be the value at the 90th percentile in p. In practice, we set τ = 0.3 in all of
our experiments, as we have found it to produce reasonable segmentation results.
3.4

T ECHNICAL D ETAILS

For word embeddings, we use the GoogleNews word2vec pre-trained model - Google (2013). The
sentence embedding model is a 2-layer bidirectional LSTM with 256 units each, which makes for a
1024-dimensional sentence embedding vector in the base model. The top-level LSTM is a 2-layer
bidirectional LSTM with 256 units each.
The system is written in the PyTorch1 framework and trained on a single nVidia Titan X GPU for 36
hours.
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DATA

For this work we have created a new dataset, which we name Wiki-819k. It is a collection of 819,000
English Wikipedia articles2 , and their segmentation, as it appears in their table of contents. As
preprocessing, we filtered out articles with less than three segments, and removed the first segment
from all articles, as it usually is a summary text that discusses many topics. We view this data as
very fitting for the text segmentation task, since it is natural, open-domain, and it has a single, welldefined segmentation. Moreover, neural network models often benefit from a wealth of training data,
and our dataset can easily be expanded up to two million articles with very little effort.
4.1

E XISTING DATASETS

Existing text segmentation datasets are much smaller in size and variety than Wiki-819k. The most
common dataset for evaluating performance on the text segmentation task was created by Choi in
Choi (2000). It is a synthetic dataset, where each document is a concatenation of chunks of texts
from 10 different documents. Glavaš et al. (2016) created a dataset of their own, which consists
of 6 political manifestos from the Manifesto project 3 . The texts were manually segmented by first
classifying each sentence to one of 7 pre-defined topics, followed by joining adjacent sentences
classified to the same topic into segments. Chen et al. (2009) also use English Wikipedia documents
to evaluate text segmentation. They define two datasets, one with 100 articles about major cities and
one with 118 articles about chemical elements. During evaluation, they rely on the intuition that
articles about cities will have similar topics in a similar order.

5

E VALUATION

We compare our method to other methods in terms of segmentation quality and runtime. We measure
our runtime when running on a mid-range laptop CPU, and when running on a nVidia Titan X GPU.
1

Facebook (2017)
Wikipedia Dump (2017)
3
https://manifestoproject.wzb.eu
2
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Table 1: Datasets details
Documents
Real-world
Large Variety of Topics

Wiki-819k
819000
3
3

Choi
700
7
7

Manifesto
6
3
7

Table 2: Pk Results (percent)
Wiki-819k
Chen et al. (2009)4
GraphSeg
Ours (LSTM State)
Ours (Max Output)
Random baseline

5.1

24.9
24.27
51.30

Wiki-103

Choi

Manifesto

48.685
26.6
23.8

5.6-7.2
18.8
20.2
47.74

28.09
47.77
48.43
40.6

Wiki-Cities
22.2
40.096
20.5
19.5

Wiki-Elements
22.1
32.3
31.5

S EGMENTATION Q UALITY M ETRIC

We evaluated our performance using the Pk metric defined in Beeferman et al. (1999). Pk is the
probability that two randomly-chosen sentences k sentences apart, will be incorrectly detected as
either belonging to the same segment or belonging to different segments. Following Glavaš et al.
(2016), we set k to half the average segment size in the ground-truth segmentation.
5.2

C OMPARISONS

It is difficult to compare our open-ended segmentation method with other methods, which may
require a pre-defined list of topics, that all articles would have the same topics, or have hyperparameters that must be tuned per single example. Different methods pre-process data differently, and
datasets may have idiosyncrasies - for example, GraphSeg measure their performance on Manifesto
using the Pk measurement, but the Manifesto datasets defines that "sentences" are often actually
parts of a sentence. Since our system has only ever seen complete sentences, our system is not
competitive on this benchmark. We attempt a comparison nonetheless in Table 1.
For comparisons, we define a small dataset of 103 Wikipedia articles. We evaluate our own model
on Choi, Manifesto, Wiki-103 and the test set in Wiki-819k (some 77,000 documents), and the two
small wikipedia datasets introduced Chen et al. (2009) .
We also evaluate the two best-performing variants of our method: the basic setting, where the sentence embedding is a concatenation of the last states of bi-LSTM layers, and the maximum sentence
embedding model. In addition, we evaluate the performance of a random baseline model, which
starts a new segment with probability 0.5 every k sentences, where k is half of average segment
size.
5.2.1

A NALYSIS

Comparing our method to GraphSeg, we can see that GraphSeg gives a much better result on the
synthetic Choi dataset. However, their success on the Choi dataset does not carry over to natural
Wikipedia data, where they achieve a result only slightly better than a random baseline. We explain
this by noting that since Choi is a synthetic dataset created by concatenating unrelated articles, even
a simple word counting method as in Choi (2000) can achieve reasonable success. GraphSeg uses
a similarity measure between word embedding vectors to surpass the word counting method, but in
a real setting, considering the similarity of words in a direct manner is not a good method. At the
world level, two articles concerning completely different topics are much easier to differentiate than
two sections in one article .
4

Best parameters
With default parameters
6
With default parameters
5
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We compare our method to Chen et al. (2009) on the two small Wikipedia datasets from their paper.
Our method beats theirs on Wiki-Cities and obtains a worse result on Wiki-Elements, where presumably our word embeddings were of lower quality, having been trained on Google News, where one
might expect that few technical words from the domain of Chemistry have been used. We consider
this result convincing, since we do not require that all articles have similar sections and order, and
did not train specifically for these datasets, while still showing competitive performance.
5.2.2

RUN T IME

Our method’s runtime is linear in the number of words and the number of sentences in a document.
Conversely, GraphSeg has a much worse asymptotic complexity of O(N 3 + V k ) where N is the
length of the longest sentence, V the number of sentences, and k the largest clique size. Moreover,
neural network models are highly parallelizable, and can be run on GPUs.
This results in our method being much faster than GraphSeg. Measurements are found in 3. Note
that we could not reasonably run GraphSeg on the entire test set of Wiki-819k. Instead we measured
the total run-time on 50 articles from English Wikipedia.
Table 3: Run time in seconds
Ours (GPU)
Ours (CPU)
Graph-Seg
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Wiki-819k
1641

Wiki50
2
135
3480

Manifesto
3
131
3042

C ONCLUSIONS AND F UTURE W ORK

We believe the approach we have shown shows great promise on real-life data. It is only trained
once on Wikipedia data, does not require domain-specific training, and results in a single model that
is versatile enough to tackle generic English text and has very good runtime on a GPU. It has shown
to be accurate on a large variety of real-world text, even outperforming Chen et al. (2009) on one
of the datasets they have trained specifically on. We also vastly outperform Glavaš et al. (2016), a
prominent method that is not restricted to a set number of topics, on natural Wikipedia data.
6.1

F URTHER I MPROVEMENTS

Simply enlarging the model might improve it significantly - the model we trained has 2.4 million
parameters, while deep learning models typically have 100 times as many. Training a larger model
is a little more challenging, since a larger model’s full forward-backward pass on a large Wikipedia
article requires more memory than current GPUs have.
Setting τ to obtain a specific average segment length may also obtain better results than simply
setting it to 0.3. Another option is to abandon greedy decoding and attempt to enforce heuristic
rules on the output segmentations using a global decoding method.
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A PPENDIX : M ODEL D IAGRAM

Figure 1: Our model consists of two modules. The bottom half in the above figure shows the sentence encoding module. It consists of two bidirectional LSTM Layers, and its output is determined
by the LSTM’s last hidden states or output vectors. The second part of our model takes the sentence representations and predicts segmentation probabilities. It consists of two bidirectional LSTM
layers, and a linear projection and softmax to obtain a 2 dimensional probability vector for each
sentence.
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