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Abstract
Topic modeling is admittedly a convenient way to monitor markets trend. Conventionally,
Latent Dirichlet Allocation (LDA) is considered a must-do model to gain this type of
information. By the given merit of deducing keyword with token’s conditional probability
in LDA, we can know the most possible or essential topic. However, the results are not
intuitive because the given topics cannot wholly fit human knowledge. LDA offers the first
possible relevant keywords, which also bring out another problem of whether the
connection is reliable based on the statistic possibility. It is also hard to decide the topic
number manually in advance. As the booming trend of using fuzzy membership to cluster
and using transformers to embed words, this work presents the fuzzy topic modeling based
on soft clustering and document embedding form state-of-the-art transformer-based model.
In our practical application in a press release monitoring, the fuzzy topic modeling gives a
more natural result than the traditional output from LDA.
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In natural language processing, the typical way is to collect all vocabularies into a dictionary and then
tokenize each word into a dictionary. The typical way to extract the topics among these articles is using
Latent Dirichlet Allocation (LDA). By calculating the number of each word, LDA offers the contribution
property based on word-to-word conditional probability. Although this approach is admittedly
straightforward in a small amount of dataset, the output might be unintuitive when we face an enormous
dataset because a significant number of words could share the conditional probability for each word. Also, it
is the norm to suffer an excellent computing cost in building an enormous dictionary. Then, in such a sparse
vector towards one word, the chances of experiencing the curse of dimensionality is notoriously high. Even
worse, in a real world task, it is necessary to update the dictionary and run the LDA from scratch. Thus,
finding a better way to implement topic analysis is expected to gain a better result without setting the topic
number in advance.
In this dilemma, this work applies a novel model to extract a more meaningful vector towards word or
document, to begin with, instead of relying on the possibility. Because of the booming development of the
transformers, such as bidirectional encoder representation from the transformer, BERT (Devlin et al., 2018),
and the merit of attention effect, vector not only represents the meaning of the word itself but also contains
the relationship towards every word in a document. By extracting output from the hidden layer of the
transformers, each word embedding is shown in multiple continuous figures, which can be viewed as a
relative fuzzy index towards each direction because of the multi-head attention in a transformer. Whereas
training a transformer still needs to build a token dictionary, it is, as a result, more efficient and accessible to
use a pre-trained weight of BERT, which is released by Google. Most importantly, one of the significant
advantages of using a transformer is that we can speed up the process by the parallelizing workflow in GPUs
because of the merit of calculating the dot-product in multi-head attention.
On the other hand, the pooling of mean to reshape each document embedding in the same dimensions is
applied in this work. It is hard to visualize the embedding in such a high dimension space, so it is necessary
to make a dimension reduction, projecting the vector into a low dimension space. Therefore, visualizing the
relative location between documents for clustering similar data points in 2-D space becomes possible since
it is not wise to cluster data in high dimensional space directly. Typically, the standard way is using linear
discriminant analysis and principal component analysis. However, most dimensional reduction methods
assume the data is either linearly separable or following a normal distribution. Also, although the methods
above can successfully reduce the vector's dimensions, the data location cannot entirely reflect the actual
distance between the vector to vector in the original dimensions.
In contrast, t-distributed stochastic neighbor embedding can handle these concerns well because it
experiences a complicated step to project data step-by-step. It calculates each data's original distribution and
clusters the similar data in low dimensional space according to the t-distribution. Our experiments reveal that
t-SNE (t-distributed stochastic neighbor embedding) usually gives a better result than PCA (principal
component analysis) and LDA as t-SNE helps cluster data based on the distribution in advance instead of
merely projecting data.
After a series of preprocessing, the goal of this work is to find a better topic among a large amount articles.
Instead of using conditional probability to indicate the possible topic, clustering the document embedding of
each article in low dimension without setting the wanted topic number in advance is applied. Among a range
of clustering models, including K-means, KNN, and DBSCAN, HDBSCAN outshines all because of not only
using density to cluster data but also utilizing a hierarchy method to find the reasonable group. Instead of
assuming the data is in the round group and grouping data in a dense area, HDBSCAN can cluster data in
various shape and also pay more attention to handling outlier and less dense data point. Nonetheless,
HDBSCAN cannot find the representative of the group, which means it is not easy to know which data is the
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centre of this group or which one belongs to this cluster. In order to fix the problem, a fuzzy membership
value to data is applied in this work. With this value, it assumes the data with high membership value indicates
that the data is near the centre of the group or strongly represents the cluster. The experiments show extracting
top data with sorting membership value not only helps to know the representative but also helps to not
wrongly pick up the non-representative data on the edge of a group.
In light of the concerns above and the current trend in NLP tasks, what makes this work shine is ushering
transformer method into topic modeling. Also, for a better topic representing performance, this work uses
the fuzzy membership value as the determined standard. The detail about the proposed work is revealed in
the following section. Apart from the simple introduction of the motivation and background of our method
in this section, the related works are shown in Section 2 which contains the present method regarding
document embedding, transformer, dimension reduction, clustering in a hard and soft way. In Section 3, the
used algorithm of the proposed model and fuzzy membership value are presented. Then, Section 4 includes
experiment results toward different model setting and the final output in a commercial application. Lastly,
conclusion and potential about the fuzzy topic model are presented in Section 5. The structure of the proposed
model is shown below.
Figure 1. The proposing fuzzy topic model work flow
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2. Related works
When it comes to the topic modeling, it is a norm to see using latent Dirichlet allocation (Blei et al., 2003)
to get the keywords which contribute the most to the same topic. However, it is not intuitive to set the wanted
topic number in advance. The result is also posed for criticism because the output keyword is not related to
the same topic. Even so, LDA still can be seen as a pioneer in this field and provided significant contribution
since its introduction.

2.1 Autoencoder models
First of all, it starts from the basic encoder-decoder model, autoencoder (Hinton and Salakhutdinov 2006),
which is introduced by G. E. Hinton in 2006. This work presents an unsupervised way to train a model. As
presented in the paper, it embeds an image into a flat dimension vector, such as MNIST, and then prints it
out in two dimensions map. This work shows the way to convert data into a meaningful matrix so we can use
the matrix to expand the application. Later, the paper of attention is all you need (Vaswani et al., 2017) shows
an elated way to make a model to pay attention to an essential location in a matrix. The same model is used
in image tasks as the following (Anderson et al., 2018; Pedersoli et al., 2017; Xu et al., 2015). Recently, there
is a range of generative adversarial networks (Radford et al., 2015; Arjovsky et al., 2017; Mao et al., 2017)
each of which trains itself for growing a better image classification and image generating capability. In the
field of natural language processing application, a trend has been provoked by ELMO (Peters et al., 2018),
BERT (Devlin et al., 2018), and GPT (Radford et al., 2018). With the released pre-trained weight of BERT,
people can easily manipulate the model to do a variety of down streaming works, such as masked LM, next
sentence prediction, sentiment analysis, and document classification. In order to fix the token limited in
BERT and asymmetries of information between pre-training and fine-tuning, XLNet(Yang et al., 2019) is
introduced to fix the flaws and limitation in BERT and ELMO. Because of the unlimited input sentence
length and more reliable embedding as XLNet offering, we use XLNet embedding as our transformer model.

2.2 Dimension reduction techniques
In reality, it is normal that each data has multiple features. When clustering each document based on the
closest Euclidean distance, it is necessary to make dimension reduction toward each document embedding.
In the beginning, linear discriminant analysis (Mika et al., 1999) is the easiest way to downscale the data
because of projecting the data based on a linear function. Further, principal component analysis (Wold et al.,
1987) projects data based on the normal distribution or bell-shaped distribution. Then, it outputs the best axis
to represent every data in the same dimensions. However, as the models mentioned above either assume the
data is linear separable or follow Gaussian distribution, the models usually have terrible performance with
complex data distribution. Nevertheless, t-distributed stochastic neighbour embedding (Maaten and Hinton,
2008), t-SNE, performs well, uncommonly projecting data into two dimensions.

2.3 Clustering analysis
Clustering is an intuitive way to group similar data. Nowadays, there are many clustering models.
Furthermore, each model has its strength to gather different types of data. K-means (Lloyd, 1982) can group
dataset into k groups with setting the k in advance. On the other hand, DBSCAN (Kriegel et al., 2011) clusters
data based on the density and also considers the unreachable data point as noise. Nevertheless, it might
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accidentally view essential data as a noise so HDBSCAN (McInnes et al., 2017), which is also a hybrid
clustering model with density and hierarchical based mechanism, can prevent the problem and reduce the
possibility of overfitting problem by setting the spanning tree.
Further, the above clustering models are still hard clustering. In the real world, the criteria are not
necessarily binary. Therefore, a soft clustering, such as fuzzy c-means (Bezdek et al., 1984) and HDBSCAN
soft clustering, show a better path to indicate the belonging value toward each cluster.

3. Fuzzy topic modeling
3.1 Document embedding using XLNet
As this work directly utilizes the XLNet pre-trained weight as our transformer model, the embedding
algorithm can be shown as:
𝐸 = 𝑋𝐿𝑁𝑒𝑡(𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡)
(1)
where 𝐸 is the embedding of the document and 𝐸 ∈ ℝ1×2048 . The reason we get the ℝ1×2048 is we use
pooling of mean to average every sentence embedding by column. In the different document, we might get
123 x 2048 matrix, which means there are 123 sentences in the document. Moreover, we extract the last
hidden layer of XLNet. Thus, we will get 2048 dimensions of embedding, because of 2048 neurons in that
layer.

3.2 t-SNE for dimension reduction
Directly processing a 2048-dimension dataset is costing a lot of computing power. Also, it is hard to
understand the distance in such a high dimensional space. To avoid the issue and prepare for the following
clustering step, this work used t-SNE to scale the dataset to n x 2. In the meantime, because t-SNE can
measure the distance distribution in advance, the data can be moved based on their similarity in t distribution.
The equation can be seen in the following:
(2)
𝑅𝐸 = 𝑡𝑆𝑁𝐸(𝐸)
where 𝑅𝐸 is the projecting dimensions in ℝ1×2, and 𝐸 is the embedding of the document in ℝ1×2048.

3.3 Soft clustering in HDBSCAN
In our clustering section, we use HDBSCAN soft clustering to group similar embedding in two dimensions.
The membership is two combined membership mechanisms, distance-based and outlier-based membership.
The distance-based membership is utilizing the mutual reachability distance:
𝑑𝑚𝑟𝑒𝑎𝑐ℎ−𝑘 (𝑥1 , 𝑥2 ) = max{𝑐𝑜𝑟𝑒𝑘 (𝑥1 ), 𝑐𝑜𝑟𝑒𝑘 (𝑥2 ), 𝑐𝑜𝑟𝑒𝑘 (𝑥1 , 𝑥2 )}

(3)

where 𝑑(𝑥1 , 𝑥2 ) is the original distance between point 𝑥1 and point 𝑥2 , 𝑐𝑜𝑟𝑒𝑘 (𝑥1 ) means parameter of k for
a point 𝑥1 and denotes a core. In order to convert the distance into probability, the distance can be shown as:
𝜆=
where d is the distance as the former equation.

1
𝑑

(4)
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Then, we use softmax to scale each 𝜆 towards belonging cluster.
On the other hand, a modified global-local outlier score from hierarchies, GLOSH, algorithm is also
applied as another distance measurement in HDBSCAN soft clustering. The GLOSH is as:
𝐺𝐿𝑂𝑆𝐻(𝑥𝑖 ) =

𝜆𝑚𝑎𝑥 (𝑥𝑖 ) − 𝜆(𝑥𝑖 )
𝜆𝑚𝑎𝑥 (𝑥𝑖 )

(5)

The further detail of GLOSH algorithm can be seen in (Campello et al., 2015). Similarly, the softmax is
used to scale the GLOSH score.
If we denote every projecting document, 𝑅𝐸, as the 𝑥𝑖 , the middle way to combine both measurements
into:
(6)
𝑈𝑖 = [𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝜆𝑖 ) × 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑔𝑙𝑜𝑠ℎ(𝑥𝑖 ))]
where 𝑖 denotes the 𝑖-th point.
For now, we only receive a conditional probability in a vector. Therefore, by using the following
conversion, we can easily get the true membership vector:
𝑃(𝑥 ∈ 𝐶𝑖 |∃𝑗 : 𝑥 ∈ 𝐶𝑗 ) × 𝑃(∃𝑗 : 𝑥 ∈ 𝐶𝑗 ) = 𝑃(𝑥 ∈ 𝐶𝑖 , ∃𝑗 : 𝑥 ∈ 𝐶𝑗 )

(7)

where 𝐶𝑖 denotes the 𝑖-th cluster, 𝐶𝑗 denotes the 𝑗-th cluster.
After receiving the membership vector, the model can finally pick up the representative point by sorting
the vector value from the largest as the heart or the most representative data.

3.4 The processing of fuzzy topic modeling
Lastly, this work is applied to all the techniques above. Before showing the clear workflow of the proposed
model, this work does two-step topic model in practical application, which means doing one document
embedding, two time dimensional reduction and two time clustering. The reason is that this process model
can take a detailed insight into one group. Another reason is one step topic model ends up getting a relative
general profile. In order to explore more, projecting the document embedding and clustering based on the
last clustering result are used. Thus, the overall proposed workflow is as:
1. Document embedding from XLNet.
First phase:
2. Dimensional reduction to two dimensions from t-SNE.
3. Find the best minimal cluster size and clustering form HDBSCAN soft clustering.
4. Pick up the point whose membership function is not equal to zero, which might be a noise.
Second phase:
5. Based on the previous result, non-zero membership value data, to re-project the document embedding
from t-SNE.
6. Cluster the projecting vector form HDBSCAN soft clustering based on the minimal cluster size in 5.
7. Sort the membership value based from top-to-down and pick the top 5 largest membership value as our
representative.
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4. Application and simulation results
In this section, we reveal our practical result by using the fuzzy topic model. The two phases will be shown
respectively. What we have used in the experiment are articles that are related to AR and VR market news.
All the data is scraped from multiple open media domains during November 2019, which means the data is
prepared in advance. The data can be seen in Figure 2 with 3783 articles in total. However, it is believed the
work in this paper can be easily implemented in other genre articles as LDA. In this section, the detail process
and performance are presented. Then the result comparison between proposed work with LDA in the same
dataset is shown in 4.3.
Figure 2. Experiment data in November, 2019

4.1 First phase
As the previous section mentioned about the document embedding from XLNet, each document
embedding has the shape of (1, 2048). Then, we project each 2048-dimensional data into two-dimensional
space as in Figure 3.
Figure 3. Document distribution after t-SNE projecting in two dimensions
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Figure 4. The grid search result. (After the grid search, we find the best minimal cluster size is 32 in this
dataset.)

Therefore, based on the gird search result, the HDBSCAN minimal cluster size is 32. Moreover, the result
of using a membership value to pick up the representative data is as in Figure 5 and Figure 6. The colour
saturability represents the membership vector value.
Figure 5. The soft clustering result of the phase 1. (We can see the two groups can be separated clearly.
However, this is the general result.)

Figure 6. The representative data based on the membership value. (We can easily tell the topic 1 is related to
VR but the topic 2’s content is not specific.)

Asian Journal of Information and Communications

133

4.2 Second phase
In order to extract a more specific result, as taking insight is also a vital goal, it is necessary to do a Phase
II fuzzy topic modeling. As a result, the document embedding of every non-zero vector data is first reprojected based on the previous clustering result. Second, to get a top-5 list of representative articles, minimal
cluster size is set to 5 in this phase. The fuzzy topic modeling towards the result of each topic can be shown
in Figure 7 and Figure 8. Again, the colour saturability represents the membership vector value.
Figure 7. The topic modeling of topic 1 - Phase 2. (Now, we can easily extract minor topic and exclude the
noise in the topic 1 group. Except noise, we get nine topics.)

Figure 8. The topic modeling of the topic 2 - Phase 2 (More minor topics can be seen in the group. Also,
some not specific or noisy article can be removed by using membership vectors. As the number of minor
topics is too messy to show, the index of each minor topic label is not revealed.)
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Finally, the result of fuzzy topic model after two phases modeling is as below:
Figure 9. The result of the topic 43 in fuzzy topic model (The topic is mainly discussing apple’s VR.)

Figure 10. The result of the topic 29 in fuzzy topic model (It is talking about Microsoft’s HoloLens2.)

Figure 11. The result of the topic 35 in fuzzy topic model (The topic can easily be observed, talking about
Adobe.)

Another important note is in following. The proposed process only embeds the text of articles instead of
directly embedding the title. Therefore, it is quite motivating to see the method be able to group the same
title. Most importantly, the column of 'cluster_m' represents the softmax membership vector. The value is
related to the centre of the topic group. As the outputted topic number of the proposed method is a great
number, the sample of the result in top 5 topic is shown in the following Figure 12.

4.3 Comparison with LDA
As the same argument in the previous section, although LDA has shown its merit in using conditional
probability on a word to show the possible topic among text, setting topic number in advance can be viewed
as an unnatural process from the aspect of observing market information. How do people know how many
topics already exist in the present market news? In order to avoid human factor among the comparison, the
topic number was set by applying a grid search. The number of topics was determined by the coherence value,
which is introduced by Röder et al. (2015). The calculating of coherence value follows the pipeline of
segmentation, probability estimation, confirmation measure, and aggregation. Among the steps, we removed
stop words in advance in the article content for segmentation and build the corpus for probability estimation.
Lastly, the topic number range was set from 2 to 10 in 2 steps. The highest coherence value of topic number
then is chosen as the final topic number for the following comparison.
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Figure 12. The sample of proposed method output

Based on the description of the comparison experiment, the coherence value of each topic number is
presented in the following Table 1 and Figure 13.
Table 1. The grid search result in LDA
Topic Number
2
4
6
8
10

Coherence Value
0.555
0.5595
0.5877
0.5307
0.5496
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Figure 13. The grid search result in LDA

From the hyperparameter adjustment result, the topic number in LDA was set to 6 because the coherence
value of topic number 6 was the highest. Therefore, the represented articles in each topic are revealed in the
following.
Figure 14. The result of topic 1 (The topic is related to Apple or app based on the keyword)

Compared the topic related to Apple with the result of the proposed method in topic 43, although LDA
computed the topic based on the keywords, including apple, app, and device, the represented articles were
not as good as the result of topic 43. On the other side, LDA still offered a good result in the topic of PS4 as
below.
Figure 15. The result of topic 5 in LDA (The topic is related to PS4 based on the keyword of game, deal, etc.)
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As Figure 15 shows, LDA produced a decent result related to PS4, but another question was raised towards
the topic number. Compared the result with Fuzzy topic model in following Figure 16 to Figure 18.
Figure 16. The result of topic 45 in fuzzy topic model (The topic is related to PS4.)

Figure 17. The result of topic 33 in fuzzy topic model (The topic is related to PS4.)

Figure 18. The result of topic 24 in fuzzy topic model (The topic is related to PS4.)

Figure 16, 17 andFigure 18 have shown the topic related to PS4 more than LDA result. The proposed
model not only outputs the PS4 news related to black Friday but also reveals the VR game in PS4. This result
shows better coverage among different spectrum topic toward the same big topic, which LDA cannot offer.
The reason could be attributed to using contextual meaning from word embedding instead of only calculating
conditional probability in LDA. Also, with the merit of unsupervised clustering in HDBSCAN, the several
iterations and only setting minimum cluster size helps to exhibit continuously close data point. Last but not
least, assigning the fuzzy membership value to data point makes the represented data more meaningful. In
order to compare the result between the proposed method and LDA, the output of LDA is in Figure 19.

5. Conclusion
Given the exciting result of our method, it is recommended to replace the typical LDA by combining
document embedding and HDBSACN soft clustering since, as the experiments have shown, the method
picks the topic number automatically and offers a more natural and precise result. Even in the first phase of
topic modeling, the chosen topic already reveals a particular topic. Conversely, in Section 4 experiment
comparison with LDA, the topic analysis result from LDA is limited because of setting topic number in
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Figure 19. The output of LDA

advance. Also, as for how to pick up represented articles, with the blessing by the membership vector,
experiments show the result of the proposed method is much meaningful and intuitive as the process of setting
topic number manually and the possibility of showing general articles are avoided in the suggested process.
All in all, the proposed method is quite suitable for people who want to use the NLP model to monitor market
trending news without involving human factor. Most importantly, with the coming era of using pretrained
weight in state-of-the-art transformers, applying the proposed method in real-world tasks can easily transcend
the traditional method and provide a precise but also sensitive information towards small subset. The above
character is an essential feature in the rapidly changing market nowadays.
However, there are some flaws in our method, including data noise. Also, the clustering result is affected
by the projecting method. Thus, although using XLNet document embedding is a state-of-the-art method, the
work of how to project the embedding to cluster is still an on-going task. It is doable to train a transformer
from scratch to decode the transformer, BERT and XLNet, embedding so we can use the autoencoder to
project data to low dimension.
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