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Abstract—Authorship attribution is the problem of iden-
tifying the author of a text based on its content, topic and
stylistic features. BERT can visualize the weight of each word
via self-attention and are effective in explaining the basis for the
decision for authorship attribution. However, the basis is not
easy to capture because of the large amount of self-attention
in a model. Topological data analysis(TDA) is a method used
to capture a set of points in space based on their topology.
Using TDA for text data, we can capture how the words
focus on each other, or the ”pattern of recognition” by self-
attention. In this study, we attempt to analyze the explanatory
power of the model based on the attention patterns of BERT
by extracting TDA-based features based on the zeroth-order
persistent homology through a developed classification model
and visualizations based on uniform manifold approximation
and projection (UMAP). Based on experimental results, we
can conclude that TDA-based features contain sufficient in-
formation to discriminate authors. The proposed method can
capture the basis of BERT’s authorship attribution more
clearly, facilitating the explanation of the basis.

Index Terms—Deep learning,natural language processing,
topological data analysis

I. Introduction

Authorship attribution is the problem of identifying
the author of a text based on its content, topic, and
stylistic features. A typical problem involves identifying
the author of a text based on classifications from a
list of candidates that has been narrowed down to a
certain extent by related parties. Various texts written on
digital media, such as social media, and those generated
by artificial intelligence are widely encountered in our
daily lives. However, they may be related to crime (e.g.,
spoofing and letter of responsibility for a crime); thus,
an authorship attribution method must be established.

Quantitative approaches based on natural language pro-
cessing (NLP) techniques using handcrafted features [1]
or deep learning (DL) techniques [2] have been proposed
for authorship attribution. Some studies have shown the
effectiveness of the former, such as n-grams, particularly
for Japanese sentences [3]. In contrast, in the field of
NLP, DL technology has made significant progress. DL is
commonly being used for various language-related tasks
and is now beginning to be used for authorship attribution
with explanations provided by generative models [4]. For
a convincing identification, it is necessary to provide the
basis for the decisions of the model. BERT [5], a model for
the downstream tasks of NLP, can visualize the weight of
each word by self-attention and is effective in explaining
the basis for its decisions. However, if a large amount of
self-attention is included in a specific transformer model,
then its analysis encounters challenges. The explanatory
nature of bidirectional encoder representations from trans-
former (BERT) models has been analyzed from various
perspectives. Among them, the knowledge of topological
data analysis (TDA) is occasionally used. This method
involves capturing a set of points in space based on
topology. Using TDA in BERT, we can capture the
connections between words and how the words focus on
each other within the model. Various methods have been
proposed to improve the accuracy of the model by adding
new features [6] or to determine the various self-attentions
that are effective for discrimination and use them for
pruning [7]. Consider the meaning of using only these
features; that is, the values obtained from only query and
key among the various attentions. As mentioned above,
the values obtained only from query and key are weights



for each word, which are based on the model’s perception
of the relationship between the words. This pattern is
considered to be more closely related to sentence structure
but not the meaning of each word.

II. Method
In this section, we explain the proposed method using

TDA and Self-Attention. Fig.1 presents an overview of the
proposed method.

A. Self-attention of BERT
In this section, feature calculation methods are ex-

plained, with a brief description of self-attention using
TDA. The relationship between each word captured by
BERT is quantified mathematically from the features for
the 0 th-order persistent homology, which represents the
connected components of the geometric model extracted
from persistent diagrams, which is the most typical
method in TDA. First, we explain the judgement basis
of BERT. The i-th head of multi-head self-attention is
defined as (1).

Attentioni(Q,K, V ) = softmax(
QWQ

i (KWK
i )T√

dk
)VWV

i

(1)
Here, d is the embedding length of each token obtained
from the sequence (e.g., sentences) input into BERT, and
the sequence length is s; Q,K, V ∈ Rs×d are matrices
which is called query, key, and value matrices. In ”multi-
head” self-attention, these matrices are separated and
calculated, respectively in each head via the matrices
WQ

i ,WK
i ,WV

i ∈ Rd×dk(dk < d). The basis of judgement,
a, of the i-th head of self-attention, is defined as (2).

ai = softmax(
QWQ

i (KWK
i )T√

dk
) (2)

ai ∈ Rs×s is a matrix that represents the relationship
between each token (e.g words) in a sequence. A BERT
model have several transformer layers, which contain
several multi-head self-attention, and it is difficult to
analyze them.

B. TDA-based features
In this section, TDA is introduced into the self-attention

value described above. Based on previous studies, we use
an attention graph to represent each word in a sentence
using self-attention as a geometric model [9]. In this
method, words are represented as a group of points based
on their self-attention values, the distances between them
as an adjacency matrix, and an undirected graph, such
that each node corresponds to each word. For a sentence
comprising s words, let the self-attention from the i-th
word to the j-th word be aij for wi and wj of the i-
th and j-th words extracted from (1)(i, j = 1 − s). The
adjacency matrix D = (Dij) is expressed as (3):

Dij =

{
1−max(aij , aji) if i 6= j

0 if i = j
(3)

The components matrix D, indicate the distances between
words, which are defined from the self-attention values, an
undirected graph of words is constructed. Let the set of
words in a sentence be defined as S and the nodes are
defined as x. Then, a simplical complex C(r, S) can be
defined from the words and their distances. By increasing
the radius r, (defined in (4)) of each word, according to
(r1, r2, · · ·, rn)(r1 < r2 < · · · < rn), simplical complex
filtration, as that defined in (5), is obtained.

B(r) = {x ∈ R2| |x− xi| ≤ r} (4)

C(r1, S) ⊂ C(r2, S) ⊂ · · · ⊂ C(rn, S) (5)

Through filtration, a persistence diagram for the 0-th
order persistent homology is calculated as shown in Fig.2.
In the persistent diagram, the horizontal axis represents
the radius at which the n-th order holes are created as the
radius increases, whereas the vertical axis represents the
radius at which they disappear. The vertical axis repre-
sents the radius of disappearance, whereas the 0-th order
holes represent the connected components. Therefore, this
time, distribution of the 0-th order persistent homology
comprises the point clouds whose horizontal axis value
(”birth” radius) is all 0 and the vertical axis (”death”
radius) has different values for each sentence. A sequence
of these vertical values is extracted and used to generate
TDA-based features.

As mentioned earlier, self-attention is abundant in a
BERT model because it has several transformer layers
and its self-attentions are multi-head; in BERT, twelve
heads exist for each of the twelve transformer layers, each
of which has a self-attention. In proposed method, the self-
attention of the layer closest to the output is considered,
and the sequence of values based on the TDA calculated
for each of these is concatenated and used as the feature
value.

C. Authorship Attribution by deep learning using TDA-
based features

A simple model was used to perform authorship attribu-
tion. A multi layer perception-based simple feed-forward
NN was constructed, and a classification model was built
to output the author classes from the TDA-based features.
Although the number of dimension is over 1000 due to
concatenation, the number of layers and units were taken
to be small for simplicity.

D. Discrimination of authors using TDA-based features
based on UMAP

An analysis of the relationship between features and
authors based on TDA is performed. The relationship
between authors and features was projected to lower
dimensions using UMAP, a manifold learning method.
Basic UMAP is an unsupervised method and comprises
two stages, graph construction and graph layout. When
data points are provided, the relevant weighted graph
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Fig. 1. Overview of the proposed method

Fig. 2. Example of persistence diagram(H0 means 0-th order,H1

means 1st order),using Ripser [12]

(fuzzy simplicial complex) based on k-neighbors is con-
structed at the graph construction stage. In the graph
layout, the dimension-reduced embeddings are calculated
and obtained. In addition, we can use supervised UMAP
and obtain low-dimensional representations of data points
considering their labels. We obtained and visualized two-
or three-dimensional (2D or 3D) representations of TDA-
based features (high-dimensional data) using supervised
and unsupervised UMAP methods by considering and
not considering author labels, respectively. We can visu-
ally understand the relationship between the TDA-based
features and authors and whether these features have
sufficient information to distinguish authors without using
raw sentences.

III. Experiment
We assumed a multi-class classification problem com-

prising eight authors, constructed from a balanced corpus
of written Japanese (BCCWJ) [10]. The training data
included 1485 paragraphs, while the test data comprised
185 paragraphs. The BERT model pretrained by Tohoku
University [11] was fine-tuned for authorship attribution.
The self-attention values after fine-tuning were extracted
from the layer closest to the output layer according to
the proposed method described in the previous section.
Values were extracted from the layer closest to the output
layer after fine-tuning, and the TDA-based features were
computed. When calculating the TDA-based features, a
persistent diagram was calculated using Ripser [12]. In
addition, For the data input into the BERT model, each
sample was divided into tokens and padding for 256 words
was applied to align the number of tokens for each sample.
(Special tokens, such as [PAD], were used to set the value
of self-attention value from other words to zero.) The
discrimination performance of the BERT test data showed
89% accuracy.

Next, we calculated the TDA-based features described
above. The dimensions of the features extracted by one
self-attention head were 255 (the final node was never
connected or “die” and was thus excluded), and the
dimension of the TDA features was 255×12 = 3060 (twelve
features calculated from twelve self-attention heads were
concatenated). The TDA features of one sample from the
training data are displayed in Fig. 3.

Next, we constructed a simple feed-forward NN. An
overview of the NN structure is provided in Fig.4.

Accuracy using TDA-based features and the NN was
71.8%, and the inference results of the two models were
in 74.1% agreement.



Fig. 3. Example of a TDA-based feature
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Fig. 4. Structure of the NN used

Fig. 5. 2D UMAP projection of the TDA-based features of the
training data

Fig. 6. 3D UMAP projection of the TDA-based features of the
training data

The data were visualized via projection onto a 2D space
using UMAP, as shown in Fig. 5. As a result, areas that
were well separated and not so well separated became
apparent. A 3D projection provides a clearer picture of
the classification, as shown in Fig. 6.

Area from which  
Sample A and Sample B were extracted

Fig. 7. 2D projection of TDA-based features using supervised UMAP
(training data)

The results of manifold learning on the training data
using a supervised UMAP that considers the author labels
for each sample are presented in Fig. 7. The samples
could be discriminated with an even higher accuracy than
that obtained using the unsupervised UMAP described
above. The model could discriminate some of the authors;
however, the others could not be identified.

The performance of the supervised method could be
further evaluated by applying it to the test data projected
using the same UMAP model as used for the training
data. As shown in Fig.8, the clusters are generally located
in the same positions as for the training data; however,



Fig. 8. 2D projection of TDA-based features using supervised UMAP
(test data)

some sentences are located in positions where cluster
formation is impossible. To examine the applicability
limits of discrimination, we extracted and compared two
overlapping samples of supervised UMAPs. Specifically,
we selected a sample sentence written by an author
(Sample A) that, when projected in two dimensions, was
located inside a cluster formed by a different author. These
sentences were compared with a sample extracted from the
cluster (Sample B). The area from which Samples A and
B were extracted is shown in Fig.7, and Samples A and B
are shown in Figs.9 and 10, respectively. These sentences
were taken from the BCCWJ [10], as described above.

Fig. 9. Sentences of Sample A (taken from the BCCWJ [10] )

Fig. 10. Sentences of Sample B (taken from the BCCWJ [10] )

Sample A is a sentence about the behaviors of men and

women, while Sample B is a sentence about adolescence.
These sentences are different in topic and length, among
other features, but similar in that the word endings and
other stylistic features show typical characteristics used in
Japanese critiques. This suggests that TDA features are
more related to the stylometric features of sentences than
the topic and length of sentences.

IV. Discussion

Authorship attribution was performed using a simple
NN. The results suggest that the weighting pattern by
self-attention is such that the data contain sufficient
information for author identification. We believe that one
of the reasons for the low accuracy of this model when
compared to the accuracy of the BERT model is the
effect of padding. Although the value of self-attention
“toward” the special token used for padding was set to
zero, that “from” the special token was not set to zero.
Therefore, the distance between special tokens, which
should not be considered, was calculated, and this may
have had a negative impact on the TDA-based feature
calculation. The projection using UMAP also visually
confirmed that a correlation existed between authorship
and TDA-based feature calculation. Furthermore, when
we examined the samples of different authors in close
proximity in the 2D space projected by the supervised
UMAP, we confirmed that samples with similar sentence
patterns existed, such as word endings, although the
content and topic of the sentences differed, suggesting that
this similarity in sentence patterns may be related to the
application limit of this method. Thus, the similarity in
sentence structure may be related to the limitation of
the application of this method. This method contributes
toward explaining the basis for judgments by BERT, a
deep learning model, which is generally a black box in a
way that its output is independent of the words used, such
as the form of sentences. However, only the decision basis
of the model was extracted, and the fact that not all the
features were used is noteworthy. In addition, the accuracy
of this model is lower, and the computational cost is higher
than that of BERT. Therefore, it is necessary to discuss
its practical applications based on the amount of data.

V. Conclusion

In this study, we proposed an authorship attribution
method to analyze the self-attention of BERT by the
”shape of the recognition pattern” using TDA and vi-
sualize its discrimination ability using manifold learning.
In the future, we plan to improve the accuracy and
interpretability of the proposed method.
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