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Abstract
With the advent of social media more information is published and discussions happens in the
form of short text. Tools are needed for detecting new and changes in topics that can help people
understand and explore the vast amount of information available. Many of current approaches do
not handle short text well and some require specification of the number of topics beforehand. A
way of extending Dirichlet Processes Mixture Models to handle temporal data is introduced. A
collapsed Gibbs sampling algorithm for interference is derived for the model. In the model data is
divided into epochs where data is interchangeable within an epoch. The number of clusters in each
epoch is unbounded and the model has the ability to recover the birth, death and split of clusters.
Topic modeling is done by assuming that each short text belong to a single topic. The model is
specifically evaluated on short text dataset to show the model’s ability to discover topic evolution
and discover the appearance of new topics. We also show that the model has better stability and
less overfitting than previous solutions with the same abilities.
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Chapter 1

Introduction

Increasingly, information published online comes in the form of short text, for example, feeds,
tweets, forums, and status messages. New information often quickly reaches these types of media
and therefore detecting trends in topics is of interest. The large amount of information has created
a need for methods of exploration, organization, and classification. The popular methods used for
topic modeling for longer documents, such as Latent Dirichlet Allocation (LDA) [1] do not perform
well on the shorter texts due to the low word count and subsequent data sparsity. Thus, specialized
methods are necessary for evolutionary topic modeling on short texts.

In LDA documents are modeled using a “bag-of-words” model where a document is only repre-
sented by the frequency of word occurrences. Each document is then assumed to be a mixture of
topics and each topic is assumed to be a distribution of words. Due to the high order of the model
it is not suitable for short texts with low word count. A simpler statistical model with a similar
structure for short text was proposed in [2]. In this model, each document is instead assumed to
only come from a single topic. This model was shown to work well for shorter texts.

Both LDA and the model used in [2] require specifying the number of topics, which for a new
dataset is intractable in general. It is possible to generalize both these methods using Dirichlet
processes (LDA requires the use of hierarchal Dirichlet processes) to models that do not require
specification of the number of topics in advance [3]. These generalizations are examples of Bayesian
nonparametrics [3] and are useful when the number of topics is not known in advance.

In order to find the topic assignments in LDA, it is required to calculate the posterior distri-
bution of the hidden variable in the model. Calculating the exact distribution is intractable, so
instead an approximation inference scheme is usually applied. One approximate method is Gibbs
sampling in the context of a Markov Chain Monte Carlo algorithm. How to develop a Gibbs
sampling for a Dirichlet process mixture model is described in [4].

This thesis continues the work of developing short texts topic modeling. An evolutionary tempo-
ral extension for Dirichlet processes is introduced. This extension is used to create a nonparametric
evolutionary short text topic model where each document is modeled as a having a single topic.
The topic model is evaluated on real datasets.

1.1 Purpose and Aim
Recorded Future harvests and analyzes tens of millions of documents per day, and performs natural
language processing (NLP) to turn unstructured text into structured data. Since the volumes are
so big, and since there are many copies and versions of each story, they have a great need to cluster
different text elements (fragments/event references) together, both to find the most important
topics, and to track trending topics over time.

The aim of the project is to evaluate evolutionary topic modeling for short texts. Specifically
to implement an algorithm based on Bayesian statistics and Dirichlet processes for that purpose.
The algorithm will be evaluated empirically on available datasets.

1



1.2 Structure of the thesis
Chapter 2 introduces the theoretical background for the thesis. The chapter first introduces the
background to computational Bayesian inference. Then Dirichlet processes and their use in non-
parametric Bayesian topic modeling are discussed. In Chapter 3 we introduce our evolutionary
extension of a Dirichlet process mixture model and derive a Gibbs sampling algorithm for inference.
Results from using the model on real datasets are presented in Chapter 4, and the results are given
a more general discussion in Chapter 5. The thesis is concluded in Chapter 6 with a summary and
ideas for future research.
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Chapter 2

Background

In this chapter we introduce the theoretical background for probabilistic topic models based on
Dirichlet processes. Firstly, we introduce the bag of words model and how it is used in topic mod-
eling. Then we give an explanation of Bayesian inference and how it can be done computationally
using Gibbs sampling. Next, Dirichlet processes and how they are used for infinite mixture models
and nonparametric topic modeling is introduced. The chapter is concluded with explanation of
perplexity and how it is used for evaluation.

2.1 Bag of words
The bag of words is a simplified representation of text. All words in a document are assumed to be
exchangeable and therefore, the document can be represented by the number of times each word
appears. If a fixed vocabulary is used then the document can instead be represented by a word
vector. Each element i is number of times a word, with index i in the vocabulary, appears in the
document. This representation is commonly used in probabilistic topic models [1, 2, 5]. In the
case of [2] the word vector is modeled as a single draw from a multinomial distribution. However
for LDA [1] or DTM [5] where each word is modeled as draw different multinomial distribution
depending on the topic assignment of that word. The representation is often used together with
preprocessing such as stemming and stop words. An Illustration of how text is preprocessed and
represented in the bag of words model is given in Figure 2.1.

2.2 Computational Bayesian inference
This section begins with an introduction to Bayesian inference and then comes an explanation of
Gibbs sampling as a way of doing computational inference.

Text 1: A Look into the thriving dark web criminal market
Text 2: North Korean hackers tied to cryptocurrency attacks in South Korea

attack crimin cryptocurr dark hacker korea look market north south thrive tie web

Text 1: 0 1 0 1 1 0 1 1 0 0 1 0 1
Text 2: 1 0 1 0 0 2 0 0 1 1 0 1 0

Vocabulary

lowercase, stemming, stop words

Figure 2.1: Illustration of how text is preprocessed and represented in the bag of words model. The red
words are stop words that are removed in the preprocessing step.
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2.2.1 Bayesian inference
We have observed data y that is distributed as F (θ), a distribution parameterized by θ. The goal
in Bayesian inference is to calculate the posterior distribution p(θ|y) of the parameter θ given the
observed data. Using Bayes rule to expand we have

p(θ|y) =
p(θ)p(y|θ)
p(y)

∝ p(θ)p(y|θ), (2.1)

in the last step we used that p(y) is not dependant on θ and is only a normalizing constant. We
see that the posterior distribution is the product of the prior p(θ) and the likelihood p(y|θ). The
prior is our prior belief of the parameters and is specified as part of the model. The likelihood
p(y|θ) is the probability of observing the data given θ.

2.2.2 Gibbs sampling
It is often intractable to calculate and sample from the exact posterior distribution, so instead
simulation is used to obtain samples from the posterior. Markov Chain Monte Carlo is a computa-
tion method for drawing values from arbitrary posterior distribution. The goal is to construct as
sequence of samples θ(1), θ(2), . . . where each value only depends on the previous one, so that the
sequence forms a Markov chain. The construction is done so that the Markov chain converges to
the desired posterior distribution. Gibbs sampling is an example of a Markov Chain Monte Carlo
algorithm.

In Gibbs sampling the parameter vector θ = (θ1, θ2, . . . , θd) is divided into d subcomponents.
In each iteration t each of the components is updated by sampling from the conditional distribution
given the values of all other components

p(θ
(t)
i |θ

(t)
1 , . . . , θ

(t)
i−1, θ

(t−1)
i+1 , . . . , θ

(t−1)
d ), (2.2)

this is repeated for t = 1, 2, . . . until it has converged. The Gibbs sampling algorithm is described
in Algorithm 2.1. Assessing convergence can be difficult and for many application Gibbs sampling
is just done for a fixed number of iterations and is then assumed to have converged.

Algorithm 2.1 General Gibbs sampling algorithm

1: Initialize θ(0)
i randomly

2: t← 1
3: while not converged do
4: for i = 1, . . . , d do
5: Sample θ(t)

i according to Equation (2.2)
6: end
7: t← t+ 1
8: end

2.3 Dirichlet process

2.3.1 Dirichlet distribution
The Dirichlet distribution is the conjugate prior distribution of the multinomial distribution.
Therefore, draws from the Dirichlet distribution is a vector θ = (θ1, . . . , θK) with constraint∑K
i=1 θi = 1. The Dirichlet distribution is parameterized by parameters α1, . . . , αK and has prob-

ability density function

p(θ) =
Γ
(∑K

i=1 αi

)
∏K
i=1 Γ(αi)

K∏
i=1

θαi−1
i ∝

K∏
i=1

θαi−1
i . (2.3)
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α = (1, 1, 1) α = (0.5, 0.5, 0.5) α = (0.5, 0.5, 1.5)
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Figure 2.2: Example of probability density function for different parameters for the Dirichlet distribution.
The triangle represents the surface of a 2-simplex and the distribution is in three dimensions. In the figure
it can be seen how parameters αi < 1 favors sparse vectors and that αi = 1 gives same probability for all
vectors.

Letting y = (y1, . . . , yn) ∼ Multinomial(θ1, . . . , θK) we get the posterior

p(θ|y) ∝ p(y|θ)p(θ) ∝
K∏
i=1

θαi+yi−1
i , (2.4)

the prior parameters αi can be seen as pseudo observations. A uniform prior density is achieved
by setting αi = 1 for all i, which gives all possible vectors the same density. For αi < 1 we can not
have the same interpretation, but these lower values will assign higher density to vectors where the
probability is concentrated to a few categories. How the parameters effect the probability density
function is illustrated for the 3-dimensional case in Figure 2.2.

2.3.2 Dirichlet process
The Dirichlet process (DP) is a infinite extension of the Dirichlet distribution. The Dirichlet
process is a distribution over distributions. Therefore a distribution G can be a draw from a DP,

G ∼ DP(γ,H), (2.5)

here the DP is parameterized by the concentration parameter γ and base distribution H. The
distribution G is discrete even if the base distribution H is continuous. This fact and the effect of
γ is illustrated in Figure 2.3 where example of realisations is show for different γ.

Drawing i independent identically distributed variables from G we have θj |G ∼ G for j =
1, . . . , i. It can be shown [6, 4] that we for θi have the following conditional probability

θi|θ1, . . . , θi−1 ∼
1

i− 1 + γ

i−1∑
j=1

δθj +
γ

i− 1 + γ
H. (2.6)

Due to the exchangeability for the draws θi [6] and using the notation θ−i = {θj , j 6= i} we can get
that

θi|θ−i ∼
k∑
j=1

nj
i− 1 + γ

δθj +
γ

i− 1 + γ
H, (2.7)

where nj is the number times θj has been observed, and k is the number of different θj . The
larger nj (more observations in a cluster) the larger probability for observing that cluster. This
rich-gets-richer phenomenon, makes the DP a suitable prior for clustering problems.

Since each draw is independent we can use the linearity of expectation to calculate expectation
for the number of clusters m for a DP with n draws

E (m) =

n∑
i=1

E (new cluster draw i) =

n∑
i=1

γ

i− 1 + γ
≤

n∑
i=1

γ

n
≤ O (γ log n) (2.8)
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Figure 2.3: Histogram of 10 000 draws θi ∼ G where G ∼ DP(γ,N (0, 1))) for different values of γ. The
draws was generated using the Chinese restaurant process view of the DP.

in the last step we used the fact that the harmonic series is limited by the logarithmic function.
We can see that the number of expected clusters is much lower than n and is in fact of the order
of log n.

2.3.3 Chinese restaurant process
The Chinese restaurant process (CRP) is a commonly used metaphor and representation of DP
explaining the clustering property of the DP.

In the metaphor we have a restaurant with infinite number of tables and each table can seat
infinite number of customers. The first customer sits at table with dish θ1 and the second customer
sits at the same table with probability 1

γ+1 and a new table with probability γ
1+γ . The following

customers sit down at an already existing table with probability proportional to the number of
customer at that table and a new table with probability proportional to γ. The resulting conditional
probability for θi given the previous θ1, . . . , θi−1 becomes

θi|θ1, . . . , θi−1 ∼
1

i− 1 + γ

i−1∑
j=1

δθj +
γ

i− 1 + γ
H, (2.9)

where δθj is the distribution concentrated at θj . We see that this is the same conditional probability
as in Equation (2.6), and therefore the procedure does generate draws from a DP.

2.4 Dirichlet process mixture models
In this section we introduce how to use DP as a prior in a mixture model and how it corresponds
to the infinite limit of a finite Dirichlet mixture model. Then a Gibbs sampling algorithm for
inference is introduced.

We have data points y1, . . . , yn that we assume are interchangeable, each data point yi can
be multivariate. We model yi as being drawn from a mixture of distributions F (θ), with θ being
distributed G. We then assume G to be drawn from a DP with concentration parameter γ and
base distribution H, so the model is

yi|θi ∼ F (θi)

θi|G ∼ G
G ∼ DP(γ,H).

(2.10)

2.4.1 As an Infinite mixture
An equivalent model to Equation (2.10) can be achieved by taking the limit K →∞, where K is
the number of components of a Dirichlet mixture model. The Dirichlet mixture models the data
as being a mixture of K distributions F (φci). The latent variables ci are drawn from a discrete

6



γ

G θi yi

φkH

n

∞G

H

γ

θi yi

n

Figure 2.4: Plate diagram showing the Bayesian model for DP left and for the infinite limit of the finite
mixture right. Diamonds are hyperparameters, circles are latent variables and filled circles are observed
variables.

distribution with a symmetric Dirichlet prior, with concentration parameter γ/K. The parameters
φc draw from a distribution H and the Dirichlet mixture model is

yi|ci,φ ∼ F (φci) ci|p ∼ Discrete(p)

p ∼ Dirichlet(γ/K, . . . , γ/K) φc ∼ H.
(2.11)

By integrating over the mixing proportions p the conditional probability for class assignment is

p(ci = c|c−i) =
m

(i)
c + γ/K

i− 1 + γ
, (2.12)

where m(i)
c is the number of cj = c for all j < i. Taking the limit K →∞ we get

p(ci = c|c−i) −−−−→
K→∞


m

(i)
c

i− 1 + γ
if cj = c for one j = i

γ

i− 1 + γ
the rest

, (2.13)

With the conditional probabilities implied by this limit and denoting φci = θi we can see that
this model in the limit is equivalent to the Dirichlet process model in Equation (2.10) [4]. The
construction of the DPM as the limit of the Dirichlet model is helpful for understanding the model
and when deriving Gibbs sampling algorithm for the model. The difference between the infinite
mixture and the DP model represented as a graphical models can be seen in Figure 2.4.

2.4.2 Gibbs sampling algorithm
For a model there is more than one possible Gibbs sampling algorithm, which may have different
convergence rates. To derive a Gibbs sampling algorithm we use Bayes rule for the following
conditional probability

p(ci = c|c−i, yi,φ) ∝ p(ci = c|c−i,φ)p(yi|c,φ)

∝ p(ci = c|c−i)p(yi|φc).
(2.14)

In the second step we used for the first term the fact that ci is independent of φ and for second
that yi is given ci only dependant of φci . In the limit K → ∞ we only represent those φc with
some observation and we get

p(ci = c|c−i, yi,φ) ∝


m

(i)
c

i− 1 + γ
p(yi|φci) if cj = c for some j 6= i

γ

i− 1 + γ

∫
p(yi|φ) dH(φ) c new cluster

, (2.15)

7



So for the classes with no previously associated data points we have that the likelihood is the
predictive prior likelihood. The predictive prior likelihood is evaluated as∫

p(yi|φ) dH(φ) =

∫
p(yi|φ)p(φ) dφ, (2.16)

if it is analytically solvable it can be used to define a Gibbs sampling algorithm. The Gibbs sampler
would have the state is represented by c1, . . . , ci and {φc : c ∈ c1, . . . , ci}. Sampling cj according to
Equation (2.15) and each φc from the posterior distribution based on the prior H the observations
yj for which ci = c. For more details about this and other possible Gibbs sampling schemes for
DPMM see [4].

It is also possible to integrate out φc and eliminate them from the algorithm. By doing this we
instead have

p(ci = c|c−i, yi) ∝


m

(i)
c

i− 1 + γ

∫
p(yi|φ) dH(i)

c (φ) if cj = c for some j 6= i

γ

i− 1 + γ

∫
p(yi|φ) dH(φ) c new cluster

, (2.17)

here H(i)
c is the posterior for φc given prior H and the observations yj for which ci = c. Here

the state is the cluster assignments c1, . . . , cn and the algorithm is that each iteration draw ci
for i = 1, . . . , n from Equation (2.17). For this Gibbs sampling algorithm to be feasible both
the integrals in Equation (2.17) needs to be analytically computable. This is the case when the
distribution H is conjugate prior with F . There are other possible sampling schemes for DPM
when dealing with non-conjugate priors. This is not explored further in this thesis as conjugate
priors will be used. For more information about handling non-conjugate see [4].

2.4.3 DP multinomial mixture (DPMM) for topic modeling
We have a set of interchangeable documents y1, . . . , yN represented by their word vectors as de-
scribed in the bag of words model. Each document is assumed to be a sample drawn from a
multinomial distribution. To have a conjugate prior we choose a Dirichlet distribution with sym-
metric concentration parameters α for the base measure H. The model is described as

yi|θi ∼ Multinomial(θi)

θi|G ∼ G
G ∼ DP(γ,Dirichlet(α))

. (2.18)

To use the Gibbs sampler in Equation (2.17) for this model we need to calculate the posterior Hi
c

and calculate the two integrals. The posterior for φc is easily calculated for conjugate prior and
we have

φc|yj where j 6= i and cj = c ∼ Dirichlet(α+ n
(i)
c,1, . . . , α+ n

(i)
c,V ), (2.19)

where n−i,c,j is the number of word j is observed in topic c without observation i. The predictive
likelihood becomes a Dirichlet-Multinomial distribution and the integral is calculated as∫

p(yi|φ) dH(i)
c (φ) =

n!∏V
k=1 yk!

∏V
k=1

∏yk
j=1(j − 1 + α+ n−i,c,k)∏n

k=1(k − 1 + αV + n−i,c)
, (2.20)

where n−i,c is the total number of words in topic c without observation i. For exact details for
computation of the integral see Appendix A. For a new cluster without any observation the integral
is also a Multinomial likelihood integrated over a Dirichlet prior, so we get∫

p(yi|φ) dH(φ) =
n!∏V

k=1 yk!

∏V
k=1

∏yk
k=1(k − 1 + α)∏n

k=1(k − 1 + αV )
. (2.21)
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Figure 2.5: Each of the panels shows the exact topic parameters compared with the topic parameters
discovered by the inference by DPMM model. It can been seen that the model successfully recovered the
topic parameters and number of topics.

Combining this with Equation (2.17) we have the conditional probability

p(ci = c|c−i, yi) ∝


m

(i)
c

i− 1 + γ

∏V
k=1

∏yk
j=1(j − 1 + α+ n

(i)
c,k)∏n

k=1(k − 1 + αV + n
(i)
c )

if cj = c for some j 6= i

γ

i− 1 + γ

∏V
k=1

∏yk
k=1(k − 1 + α)∏n

k=1(k − 1 + αV )
a new cluster c

. (2.22)

The Gibbs sampling algorithm is just to repeatedly sample each ci using the conditional probability.
Before and after each sample the we update the appropriate cluster parameters mc, nc,k, nc.

2.4.4 Example using DPMM
To illustrate that the DPMM Gibbs sampling algorithm converges works it was tested using gen-
erated data. The data was generated by first drawing 4 topic parameters φi ∼ Dirichlet(0.1) in
a vocabulary of 100 words, then 1000 observations yi of length 5 were generated by choosing a
random topic θi with equal probability and drawing yi ∼ Multinomial(φθi).

Gibbs sampling was done using 1000 iterations for a DPMM with hyperparameters γ = 1.0 and
α = 0.1. The result was the model discovered 4 topics that are compared with the exact topics
in Figure 2.5. It is observed that the model successfully recovered both the number of topics and
their distributions.

2.5 Evaluation of topic models

2.5.1 Perplexity
When the documents in the corpus are unlabeled, topic modeling can be seen as doing density
estimation. A common way of evaluating topic models is to compare likelihood on a held-out test
set. For topic models the likelihood is commonly compared using perplexity [7, 8]. Perplexity is
monotonically decreasing in the likelihood of the test set. Lower perplexity indicates better per-
formance since it corresponds to higher likelihood. For a test set Dtest consisting of M documents
the perplexity is

perplexity(Dtest) = exp

(
−
∑M
d=1 log p(wd)∑M

d=1Nd

)
, (2.23)

where Nd is the length of each document and wd is the word vector for each document.
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In [9] it is shown that perplexity does not always reflect how humans measure the coherence
of a topic. Therefore other topic coherence measures have been proposed in [10] to address this.
The measures utilize Wikipedia as a reference corpus to capture the relation of words. But the
measures do not solve all problems as they only evaluate on the top words of each topic and not
the full model. They can not be used to evaluate non-word data such as hashtags if they are not
used in the reference corpus.1

1The tool Palmetto [11], which was released with the paper [10], does not reproduce the numbers in the paper,
see https://github.com/dice-group/Palmetto/issues/13. Also the best coherence measure from the paper seems
to have undesirable properties, see https://github.com/dice-group/Palmetto/issues/12. So it is unclear if the
measures were fully evaluated in [10].
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Chapter 3

Evolutionary Dirichlet process

In this chapter we first introduce the Evolving Dirichlet process (EDP) and extension of DPs to
handle temporal data. Then we introduce a inference algorithm based on Gibbs sampling for EDP
and how it can be applied to topics modeling. The way of extending DPs to handle temporal data
and modeling of topic parameters is our contribution to the field of topic modeling. The way it is
done is inspired by the extension described in [8]. By having a mixture in the base measure instead
of a mixture of DPs as in [8] we create a more stable evolutionary model.

3.1 Problem setting
We have a ordered dataset Y = {Y1, . . . , YT } where T is the number of epochs. The set of Mt

observations in epoch t is Yt = {yt,1, . . . , yt,Mt
}. The observations within an epoch are assumed to

be interchangeable while observations between epochs are not. The goal is to cluster observations
within an epoch and find traces that shows how clusters in the current epoch are dependant on
the ones in the previous epoch. Clusters can be born in an epoch, split into several clusters in the
next epoch or die out.

3.2 Evolutionary Dirichlet process
Each observation yt,i is modeled as being drawn from a mixture of distributions F (θt,i), with θt,i
being distributed G. We then assume G to be drawn from a DP with concentration parameter
γ and base measure that is a mixture of distribution H0 and the distributions Ht−1,p based on
the clusters in the previous epoch. The weight of the base distribution H0 is chosen to be a
hyperparameter µ and the weight of the posteriors proportional to the number of observations
assigned to the cluster in the previous epoch. Therefore the model for each epoch is

yt,i|θt,i ∼ F (θt,i)

θt,i|G ∼ G

G ∼ DP

γ, µH0 +
1− µ
Mt−1

Nt−1∑
p=1

mt−1,pHt−1,p

 .

(3.1)

This model for each epoch is the same as the static DP mixture model except for that the base
measure is a mixture of terms. The base measure is influenced by clusters in previous epochs,
allowing us to recover relationships between topics in the current epoch and those in previous
epochs. These relationships are defined as follows:

• A cluster is born in epoch t if it has prior H0.

• A cluster in epoch t inherits from topic p in epoch t− 1 if it has prior Ht−1,p.

• A clusters splits in epoch t if multiple topics inherits from the same topic p in epoch t− 1.

• A cluster dies in epoch t if no clusters inherits from it in epoch t+ 1.

11
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Figure 3.1: Chinese restaurant process representation of the EDP. The tables are represented by circles
and dish i at epoch t by φt,i. Customer i at day t is represented by θt,i and is sitting next to the assigned
table. Arrows between epochs represent that a dish is influenced by the dish in the previous epoch.

3.2.1 Construction using Chinese restaurant process
Construction of EDP can be done using Chinese restaurant processes. In this metaphor each epoch
is a fixed period, say a day, in a Chinese resultant with infinite tables and each table can seat an
infinite amount of customers. All customers only stay at a restaurant during one day. At the end
of a day the owner analyses the dishes served and their consumption and based on that information
changes the special dish menu to include variants of those dishes.

The generative process is the following. Customer θt,i enters, sits at one of the existing tables
in restaurant t with probability proportional to the number of customer at that table mt,p or he
sits at a new table with a probability of γ

i−1+γ . If the customer sits at en existing table he shares of
the dish at that table. If he sits at a new table he chooses a new dish from the base menu H0 with
probability µ or a variation of a dish Ht−1,p from the previous day with probability proportional
to the number of customers sharing that dish the previous day mt−1,p. Putting it together the
conditional probability can be written as

θi|θ1, . . . , θi−1 ∼
1

i− 1 + γ

 Nt∑
p=1

mt,pδφt,p
+ γ

µH0 +
1− µ
Mt−1

Nt−1∑
p=1

mt−1,pHt−1,p

 , (3.2)

which we will see is the same conditional probability as achieved by the DP model. The Chinese
restaurant process gives an equivalent more easily interpretable description of the model.

3.3 Gibbs sampling for EDP
In this section we derive a collapsed Gibbs sampling algorithm for the EDP model. The Gibbs
sampler is derived by considering the infinite limit of the equivalent finite mixture model. For
the algorithm we need to derive the conditional probability for the cluster assignments and the
conditional probability for the prior assignments.
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3.3.1 The infinite limit of a finite mixture model
In order to derive a Gibbs sampling scheme for the model we consider the equivalent finite mixture
model in the limit of the number of clusters K →∞. The equivalent model is described as

yt,i|θt,i,φ ∼ F (φθt,i)

θt,i|p ∼ Categorical(p)

φt,j |zt,j ∼ Ht−1,zt,j

zt,j ∼ Categorical

(
µ, (1− µ)

mt−1,1

Mt−1
, . . . , (1− µ)

mt−1,Nt−1

Mt−1

)
p ∼ Dirichlet(γ/K, . . . , γ/K)

, (3.3)

we have the extra latent variables zt,j indicating the priors for each clusters. All other notation is
the same as in the same as in Section 3.2 and is also explained in Table 3.1.

3.3.2 Sampling θt,i

Sampling θt,i is almost the same as for the static DP model from Section 2.4 except for sampling
a new cluster. For the new cluster the integration over the mixture of priors can be split into one
term for each prior. Each prior will also be weighted with its weight in the mixture. Therefore the
full conditional probability is

p(θt,i = k|θ(i)
t , zt, Yt) ∝

m
(i)
t,k

∫
p(yt,i|φ)dH

(i)
t,k(φ) existing cluster k if θt,q = k for some q 6= i

γ(1− µ)
mt−1,p

Mt−1

∫
p(yt,i|φ)dHt−1,p(φ) new cluster k with prior Ht−1,p

γµ

∫
p(yt,i|φ)dH(φ) new cluster k with prior H0

(3.4)

3.3.3 Sampling zt,j

For each existing cluster j we need to sample the variable zt,j . Considering Bayes rule for the
conditional probability for zt,i we have

p(zt,j = p|z(j)
t , Yt,φ) ∝ p(zt,j = p|z(j)

t ,φ)p(all yt,i where θt,i = j |c,φ)

∝ p(zt,j = p)p(all yt,i where θt,i = j |c,φ),

∝ p(zt,j = p)

Mt∏
i=1:θt,i=j

p(yt,i|φt,j).
(3.5)

Here φ is the set of all cluster parameters φt,1, φt,2, . . . in the current epoch. In the second step we
used that zt,i is independent of φ and z(i)

t and in the last step we used that all observations yt,i
are independent. Integrating out φ to get the collapsed conditional probability,

p(zt,j = p|z(j)
t , θt, Yt) ∝

(1− µ)
mt−1,p

Mt−1

∫ Mt∏
i=1:θt,i=j

p(yt,i|φ)dHt−1,p(φ) cluster j has prior Ht−1,p

µ

∫ Mt∏
i=1:θt,i=j

p(yt,i|φ)dH(φ) cluster j is new topic

(3.6)
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Table 3.1: Symbols used in model.

Symbol Meaning

V Number of words of vocabulary
Mt Number of observations in epoch t
Nt Number of clusters in epoch t
mt,p Number of observations assigned to cluster p in epoch t
nt,p Total number of words assigned to cluster p in epoch t
nt,p,w Number of times word w has been assigned to cluster p in epoch t
yt,i Observation i in epoch t
θt,i Clusters assigned to observation yt,i
θt The set of cluster assignments for observations Yt
zt,j Prior assigned to cluster j
zt The set of prior assignments in epoch t
φt,j Clusters parameter for topic j in epoch t
αt,p,w Parameter for word w for DP with base distribution Ht,p

αt,p Sum over prior parameters
∑V
i=1 αt,p,i

·(i)t,· Other variable without considering observation yt,i

3.4 Topic modeling
In this section we introduce the EDP multinomial mixture (EDPMM) where EDP is used for topic
modeling. We explain how the priors are affected by the last epoch clusters and then the integrals
in the Gibbs algorithm probabilities are calculated.

3.4.1 Modeling topic parameters
When using EHP for topics modeling we represent documents using the bag of words model and re-
alisations from a multinomial distribution. So the distribution F in Equation (3.1) is a multinomial
distribution. Conjugate prior is used so the base measure H0 is a symmetric Dirichlet distribution
with parameter Dirichlet(α). Left to specify is how the clusters in the previous epoch affect the
prior in the current epoch. The base measures Ht−1,p are chosen to be Dirichlet distributions (with
dimension V , the size of the vocabulary.)

Ht−1,p = Dirichlet(αt−1,p,1, . . . , αt−1,p,V ), (3.7)

so they are Conjugate priors. The parameters αt−1,p,w are chosen to be the posterior of cluster p
times a decay factor λ for the observations

αt−1,p,w = α+ λ(αt−2,pt−1,w − α+ nt−1,p,w), (3.8)

where nt−1,p,w is the number of times word w was assigned to topic p in epoch t−1 and αt−2,pt−2,w

is the prior for topic p in epoch t−1. So for a topic born in tb with parents with indices ptb , . . . , pt−1

in each of the epochs tb, . . . , tt−1 we have

αt−1,p,w = α+

t−1∑
i=tb

λt−ini,pi,w, (3.9)

this is Equation (3.8) expanded until the topic birth. We see that the prior is dependant on all
prior clusters weighted on how far they are from the current epoch.
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3.4.2 Gibbs sampling EDPMM
We conjugate Dirichlet priors for the topics parameters and therefore the integrals in Equation (3.4)
are traceable as shown in Appendix A. Performing the integrals in Equation (3.4) we get

p(θt,i = k|θt−1, θ
(i)
t , zt, Yt) ∝

m
(i)
t,k

∏
w∈yt,i

∏Nw
d

j=1(n
(i)
t,k,w + αt−1,zt,q,w + j − 1)∏Nd

i=1(n
(i)
t,k + αt−1,zt,p + i− 1)

if θt,q = q for some q 6= i

γ(1− µ)
mt−1,p

Mt−1

∏
w∈yt,i

∏Nw
d

j=1(αt−1,p,w + j − 1)∏Nd

i=1(αt−1,p + i− 1)
new cluster k with prior Ht−1,p

γµ

∏
w∈yt,i

∏Nw
d

j=1(α+ j − 1)∏Nd

i=1(V α+ i− 1)
new cluster k with prior H0

, (3.10)

where w ∈ yt,i means for all non zero values in the vector yt,i since only non-zero terms contribute
to the likelihood. This is to emphasize that the calculation of probability scales with the number
of words in observations, not with the size of the vocabulary.

The conditional probability for the priors indicator zt,j integrate over many multinomial obser-
vations. The likelihood of many multinomial observations can be seen as single observation with
all the observations combined. Therefore, we have conjugate priors and the integrals are solvable.
Performing the integrals in Equation (3.6) we get

p(zt,j = p|z(j)
t , θt, Yt) ∝

(1− µ)
mt−1,p

Mt−1

∏V
w=1

∏nt,j,w

j=1 (αt−1,p,w + j − 1)∏nt,p

i=1 (αt−1,p + i− 1)
cluster j has prior Ht−1,p

µ

∏V
w=1

∏nt,j,w

j=1 (α+ j − 1)∏nt,i

i=1(V α+ i− 1)
cluster j is new topic

. (3.11)

Gibbs sampling involves repeatedly sampling cluster assignments for all observations and sam-
pling priors for currently active topics. For each observation sample we update the bookkeeping
variables nt,i and nt,i,w. Between epochs we need to calculate the priors for the next epoch and keep
track of which topics inherits from previous topics. The Gibbs sampling algorithm for EDPMM
can been seen in Algorithm 3.1.

Algorithm 3.1 Gibbs sampling algorithm for EDPMM
Input: Corpus of documents, hyperparameters α, γ, µ, λ
Output: Topic assignments, topic distributions and topic tree evolution structure

1: for t = 1, . . . , T do
2: Initialize θt randomly
3: for j = 1, . . . , Niter do
4: for i = 1, . . . , Nt do
5: Draw θt,i according to Equation (3.10)
6: Update nt,θt,i , nt,θt,i,w ∀w ∈ yt,i
7: end
8: for i = 1, . . . ,Mt do
9: Draw zt,i according to Equation (3.11)

10: end
11: end
12: Record relation of new topics to previous topics
13: Calculate priors for next epoch according to Equation (3.8)
14: end
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3.4.3 Interpretation of hyperparameters
Here we discuss the interpretation and effects the hyperparameters γ, α, µ and λ have on the
model. First, γ the concentration parameter to the DP relates to the expected number of topics as
can been seen in Equation (2.8). In the limit γ → 0 we will only have a single topic and the other
limit γ →∞ every topic will only have a single observation. Therefore γ will affect the number of
topics discovered by the model.

The parameter α changes the symmetric Dirichlet prior for the topic’s words distribution. As
seen in Figure 2.2 when α < 1 the Dirichlet distribution assigns higher probability to vectors with
large weight for a few words. For α > 1 the prior assigns higher probability to words distributions
that assigns weight to many words. But even for α > 1 the model will still strive towards sparse
vectors as it is inherit to how sampling is done in the model. As seen in Equation (3.10), an
observation will be more likely to be assigned to a topic where words from the observation are
common, which when the observation is assigned to it those words will be even more common.

The parameter µ will affect the probability of a topic being assigned the base prior distribution.
If µ = 1 all topics in an epoch will be assigned the base prior and no topics will inherit from previous
topics. For µ = 0 all topics will inherit from topics in the previous topics and there will be no new
topics (except for the first epoch where µ = 0 is not well defined). So for µ closer to 1 more there
will be more new topics instead of inheritor topics.

The decay factor λ affects how much the observation from parent topics affects the word dis-
tribution of inheritor topics. In the extreme λ = 0 previous data will have no effect and the model
will be as having a static DPMM topics model for each epoch. For λ = 1 all data from previous
epochs will contribute equally to topic word distribution. With λ = 1 topics parameters can still
evolve but changes will be smaller as all previous observations contribute equally.

3.5 Complexity analysis
The most time consuming part in the Gibbs sampling algorithm is calculating the conditional
probability in Equation (3.10) and Equation (3.11). The total time complexity for the probability
calculations for observations is O

(
l̃MtK

)
, where l̃ is the average document length and K the

expected number of clusters. For the probability calculation for the priors the total complexity is
O (KVMt−1). In theory the expected number of clusters drawing Mt observations from a DP is
O (logMt) as shown in Equation (2.8). In practice the number of clusters is dependant on which
hyperparameters and the observations, but the expected value still gives some indication. Putting
it together we have complexity for each time epoch is O

(
l̃Mt logMt

)
in expectation.
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Chapter 4

Results

4.1 Evaluation on arXiv titles
To evaluate the effectiveness of EDPMM on short texts, we carried out experiments on the titles
of the papers published on arXiv [12]. The titles and the categories for each document could
be downloaded using their open archive initiative API [13]. The dataset contains 1 375 693 titles
between the years 1994 to 2018. The titles where preprocessed in the following steps: (a) converting
letters to lowercase, (b) removing stop words and non letter characters, (c) words were stemmed
using Snowball [14] (d) removing words shorter that 3 letters, (e) removing words that appear in
less than 69 titles (0.005 % of titles). After preprocessing the vocabulary consisted of 7296 words
and the titles had an average length of 6.1 words. For perplexity calculations the data set was
divided into a training set of 80 % of the titles and a test set with the rest.

4.1.1 Convergence of the Gibbs sampling
To analyses the convergence of the Gibbs sampling algorithm, the perplexity was calculated using
different numbers of iterations in each epoch. In Figure 4.1 we see that we have a steady improve-
ment in performance using a higher number of iterations. This indicates that for lower number
of iterations the model has not reached a steady sate and the samples are not from the proper
posterior distribution.

4.1.2 Comparison with static topic models
The evolutionary model was compared with two non-parametric static topic models; DPMM, a
static DP model for each epoch and DPMM-all, a DP model for all data in previous epochs. The
idea is here that if the static topic models fit the data better than similar relations as those discov-
ered by EDPMM could be estimated using for example, distance metric between topic parameters.
The hyperparameter for EDPMM, DPMM and DPMM-all where γ = 1.0 for the DP concentration
parameters and α = 0.01 for topic prior. For EDPMM the extra hyperparameters µ, λ were tuned
using a grid search and was set to 0.8 and 0.4 respectively. The number of iterations per epoch was
100 for EDPMM and DPMM and 10 for DPMM-all. The number of iterations for DPMM-all was
lower so that the algorithms had similar total running times. In Figure 4.2 we see that EDPMM
out performed both the static topic models for all epochs. For both EDPMM and DPMM-all
during the first 3 epochs the performance form the extra data is seen. The peak in the last epoch
(2018) for DPMM is explained by that there are fewer titles1 compared with previous year. The
evolutionary model and DPMM-all utilize data from previous epochs and do not have a decrease
in performance.

The number of topics discovered varies between the models and the difference can be seen
in Figure 4.3(b). For the evolutionary model the number of topics increases almost linearly with
the number of titles. While the to static models exhibit growth similar to the logarithmic growth

1Since the titles were downloaded in May 2018
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Figure 4.1: Illustration of how perplexity is affected by the number of Gibbs Iterations for EDPMM.
Left panel shows perplexity as a function of number of iterations over the epochs and the right panel shows
the average perplexity over all epochs as a function of the number of iterations.
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Figure 4.2: Performance of the Evolutionary topic model and static topic models using perplexity.
EDPMM is the Evolutionary topic model, DPMM is static topic model for each epoch and DPMM-all is
static topic model on the titles for all previous epochs.

expected for DP. How number of titles in the dataset increases over time which can be seen
in Figure 4.3(a).

4.1.3 Examples of discovered topics
In Figure 4.4 we can see a topic evolution discovered by the model. The topic evolution shows a
single path along the topics tree that ends in a “neural network”2 topic. The figure also shows the
trajectory for some words related to neural networks. The “neural network” topic in Figure 4.4 is
only one of many inheritors from the stating topic. So it should not be necessarily considered the
direct evolution of the stating topic, rather a evolution of a topic that was a part of the original
topic.

In Figure 4.5 we show a partial topic evolutionary tree recovered by the model, the tree is
limited to the biggest inheritors in the year 2018. We can see in the figure how the topic is divided
into more precise topics that are related to the starting topic.

2The name “neural network” was assigned to the topic based on the words in the topic and not something
discovered by the model.
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Figure 4.3: Left panel shows how the number of titles grows over time and right panel the number of
topics discovered by the models. The evolutionary topics models discovers more topics than both of the
topics models.
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Figure 4.4: Example topic evolution from EDPMM model on arXiv titles dataset. The top panel shows
the top ten words from the posterior distribution along the path in the topic tree found by the model. The
bottom panel shows the posterior frequency of words as a function of the year, the words probability have
been scaled so that the maximum year value for each word is one.
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Figure 4.5: Example of topics tree discovered by the EDPMM topic model. The tree shows the six
biggest topics in 2018 that inherit from the same topic in 1996. Top words are only shown for years before
and after splits due to limited space.
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4.2 Evaluation of Recorded Future dataset
To evaluate the effectiveness of EDPMM to discover new topics on short texts, we carried out
experiments on text fragments with references to “Recorded Future” extracted from Recorded
Future [15]. The text fragments downloaded from Recorded Future include extracts from news
sites, social media and many more websites. The dataset contains 11 289 fragments from 01/01/18
to 01/05/18. The fragments where preprocessed in the following steps: (a) converting letters
to lowercase, (b) removing stop words and non letter characters, (c) words were stemmed using
Snowball [14] (d) removing words shorter that 3 letters, (e) removing words that appear in less than
4 fragments (0.01 % of fragments). After preprocessing the vocabulary consisted of 5423 unique
words and the fragments had an average length of 10.9 words. The fragments were divided into
epochs per day.

The data was analysed using EDPMM with hyperparameters γ = 1.0, α = 0.1, µ = 0.6 and
λ = 0.9. The parameters µ, λ were tuned using a grid search. In Figure 4.6 shows discovered topic
evolution and the top words of some the discovered topics. The tops words are from the posterior
on the day that topic first appeared. The figures also list post made on Recorded Future’s blog
on the same day as the discovered topics. Many of the discovered topics directly correspond to
discussion on social media and articles written based on a blog post made on the same day.
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16/01/18 North Korea Targeted South Korean Cryptocurrency Users and Exchange in Late
2017 Campaign posted on Recorded Future Blog

29/01/18 Launches Fusion to Deliver the First Universal Threat Intelligence Solution
08/02/18 Litecoin Emerges as the Next Dominant Dark Web Currency posted on Recorded

Future Blog
22/02/18 The Use of Counterfeit Code Signing Certificates Is on the Rise posted on Recorded

Future Blog
06/03/18 5 Ransomware Trends to Watch in 2018 posted on Recorded Future Blog
09/03/18 Chinese Government Alters Threat Database Records posted on Recorded Future

Blog
27/03/18 Soft Target: The Top 10 Vulnerabilities Used by Cybercriminals report released by

Recoded Future
05/04/18 Mirai-Variant IoT Botnet Used to Target Financial Sector in January 2018 posted on

Recorded Future Blog.
16/04/18 Integrating Threat Intelligence Into Security posted on Recorded Future Blog
25/04/18 North Korea’s Ruling Elite Adapt Internet Behavior to Foreign Scrutiny posted on

Recorded Futures Blog

Figure 4.6: Illustration of discovered topics from the Recorded Future dataset. The bottom panel shows
posterior topic proportions timeline, solid bars represent topics and different colors represent different
topics, topics that that inherit from previous epochs are connected with an area in the same color. The top
panel shows the top ten words from the posterior distribution on the day that the topics appeared. Bottom
panel lists posts from Recorded Future’s Blog which likely might have triggered the topics discovered by
the Model.
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4.3 Hyperparameters µ and λ

In this section we do some exploration of the effects of the hyperparameters. The focus is on the
two parameters µ and λ that are unique for the model, the hyperparameters γ and α are explored
in other DP topics models. In order to explore how µ and λ affected the number of topics and the
type to topics relations is discovered by the model we used the arXiv titles dataset. The model
was tested using all combinations of µ = 0.01, 0.1, 0.2, . . . , 0.9, 0.99 and λ = 0.01, 0.1, 0.2, . . . , 1.0,
since the case λ = 0, µ = 0.0 and µ = 1.0 do not create a valid evolutionary topic model. In
Figure 4.7 we see number of discovered topics, number of topics splits and number of new topics
for each simulation. The numbers are extracted from epoch 4 (year 1997) from the dataset. The
number of split topics in Figure 4.7(b) references to the number of topics whose parent has more
than one inheritor in the current epoch.

0.01 0.3 0.5 0.7 0.99

µ

0.01
0.1

0.3

0.5

1.0

λ

(a) Number topics

60

80

100

120

140

160

180

0.01 0.3 0.5 0.7 0.99

µ

(b) Number split topics

0

20

40

60

80

100

120

140

0.01 0.3 0.5 0.7 0.99

µ

(c) Number new topics

0

5

10

15

20

25

Figure 4.7: Effect of hyperparameters µ and λ on the (a) number of topics, (b) number topics split and
(c) number of new topics. The numbers are gathered from the fourth epoch (1997) from the arXiv titles
dataset. For µ values 0.01, 0.1, 0.2, . . . , 0.9, 0.99 were used and for λ values 0.01, 0.1, 0.2, . . . , 1.0, since the
case λ = 0, µ = 0.0 and µ = 1.0 do not create a valid evolutionary topic model.

4.4 Stability and overfitting
To test the stability of the model we constructed a dummy dataset with the same observations
for each epoch. The dataset consisted of titles from the arXiv dataset and had 1381 observations
per epoch and repeated for 100 epochs. The dataset was preprocessed as described in Section 4.1
and after preprocessing the titles had an average length of 4.73 words. The dataset was split with
20 % of the data used as a test set for perplexity calculations (The same observations was used
for testing in each epoch). In this evaluation the model was compared with the evolutionary topic
model from [8], which creates an evolutionary DP by letting each topic create a DP in the next
epoch. Since the model has a mixture of DPs we call it EMixDP. The hyperparameters used for
EDPMM with hyperparameters γ = 1.0, α = 0.1, µ = 0.5 and λ = 0.7 and for EMixDP γ = 1.0,
α = 0.1, τ = 0.0001, η = 0.5, λ = 0.7.

The perplexity and number of topics over time for the experiment is seen in Figure 4.8. In
the perplexity calculation we see that both models has some overfitting but it is much worse for
EMixDP. We also sees that EMixDP almost never decreases in the number of topics, instead it
slowly increases over time. In the simulation, we used a low τ to limit the problem that the number
of topics increasing over time, which is much worse for larger values of τ .
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Figure 4.8: The perplexity and number of topics over time for a dummy dataset with the same observa-
tions each epoch. In the figure we see that EMixDP exhibits wore overfitting and not a stable number of
topics.
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Chapter 5

Discussion

This chapter includes a discussion and an interpretation of the results from the previous chapters.
First the results from the two different datasets are discussed and interpreted. Then follows a
discussion of the design of the model and how it is related to other similar DP topic models.

5.1 Topics discovered in the arXiv dataset
The arXiv dataset was used to show that EDPMM could discover long lived topics that possibly
split into multiple topics. Example of discovered topics are shown in Figure 4.4 and Figure 4.5.
The topics seem reasonable, but full evaluation of their connection to reality is hard. It also worth
considering that they are only based on the titles of papers, so the information available to the
model is limited.

5.1.1 Number of topics
The number of topics discovered for the EDPMM model in the arxiv growth over time is almost
linear compared to the static topic models that exhibit more logarithmic growth, seen in Figure 4.3.
The is interesting since all models put the same DP with a symmetric Dirichlet base distribution
for the topics. One reason is since the EDPMM topics model allows for topics to split and therefore
multiple topics to share the same prior, causing the effective number of observations used to be
higher. Another contributing factor for this is in the probability of drawing a new topic in Gibbs
sampling for EDPMM is dependent on topics in the previous epoch. The dependence is seen in
Equation (3.11) the prior probability is multiplied by the likelihood of drawing that observation
from the prior. For EDPMM the prior is the base prior combined with the prior from the topics in
previous epochs. It is likely that one of the prior from the previous epoch assigns higher likelihood to
an observation than the base symmetric Dirichlet prior, thus increasing the probability of drawing
a new topic. This mechanism also helps the EDPMM model to converge faster then the static
topic models since the prior gives a stronger indication of the expected topics.

The number of discovered topics for EDPMM is dependent on the hyperparameters used in
the simulation. Even the hyperparameter µ and λ have a large unexpected impact on the number
topics, this is discussed further in Section 5.5.

5.2 Topics discovered in Recorded Future dataset
The Recorded Future dataset was used to show EDPMM’s ability to discover new topics in a short
text data set. The topics discovered and related real events are shown in Figure 4.6. Several of
the appearing topics with the most observations have a clear connection to blog post or other
press releases made by Recorded Future. The observed data is the discussion on social media and
articles written based on the original release by Recorded Future. Because our model recovers the
topic evolution we can see that the discussion related to a release usually lasts a couple of days.
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The two topics from dates 16/01/18 and 21/01/18 marked in Figure 4.6 are very similar but
were not connected to each other. This might be because of the few number of observations on
the day 20/01/18 in between. Since the model tries to recover statistical properties from the data
is quite unstable when there is a small number of observations. This limitation of the model that
once a topic has died it will not appear again might be a problem for certain use cases. A possible
solution to this would be to let topics from several previous epochs affect the base measure of the
DP. Allowing topics to have inheritors in more than one epoch. The number of future epochs a
topic can have inheritors could either be a fixed number or dependent the size of the topic.

5.3 Dividing the data into epochs
The EDPMM topic model requires dividing the data into epochs of a fixed length before analysis.
This division is arbitrary and often higher time resolution for the data is available. For the arXiv
papers titles dataset we have the day the paper was published and for Recorded Future dataset
we have exact hour or minute a text was published. Dividing up the data discards part of the
data and is a limitation of the model. There are topic models for longer text from [16, 17] that
are continuous time dynamic topic models. The documents are modeled as in LDA and the topic
parameters are modeled as a stochastic processes and uses approximate variational inference. But
since both [16] and [17] require specification of the number topics a priori, they do propose a
solution for all problems.

5.4 Relation to other temporal DP topic models
There have been previous approaches of extending DPs to handle temporal data with applications
in topic modeling. Early approaches in [18, 19] utilize dependant DP and do not allow for evolving
cluster parameters over time. The topic model based on Recurrent Chinese Restaurant process
(RCRP) from [20] does allow evolving cluster parameters. The RCRP model does allow for topics
to appear and die out but it does not allow for a topic to split into multiple topics in the next
epoch. The model from [8] where a Evolutionary DP is created by letting each epoch be a mixture
of DPs. This approach allows both for evolution of topic parameters and for topics to split, the
same as the model introduced in this thesis.

The biggest difference between our model and [8] is how the splitting of topics is modeled.
In [8] it is directly controlled with the concentration parameters for the DPs based on a previous
topic. This causes the model to often generate too many topics and not be as stable as our model.
A second difference is that in our model we also sample the prior for topics in the Gibbs sampling
algorithm. This allows the prior to a topic or multiple observations in one step, similar operation
in [8] would require all observations to change to a new topic. This might help speed up the
convergence of our model compared to the one in [8]. A last difference between the topic model
in [8] and our model, is how we modeled the cluster parameters between epochs. In [8] they also
applied the decay factor λ in Equation (3.8) on the base prior in addition to the observations. This
sometimes causes topics with few observations to assign higher likelihood than the base distribution
to unrelated observations. This can create topic connections and evolutions that are undesired and
do not correspond to human interpretation. It also much worse then our model with respect to
overfitting as shown in Figure 4.8(b).

5.5 Effect of hyperparameters
The interpretation of the hyperparameters has already been discussed in Subsection 3.4.3 and this
chapter will cover observed effects of hyperparameters. The effect of µ and λ on the number of
topics, number of topics splits and number of new topics is shown in Figure 4.7. Lower µ value the
number of topic splits as expected from the interpretation of µ. The µ values also unexpectedly
has a strong influence on the number of topics discovered. The higher λ gives more topics stronger
memory, causing the model to discover more new topics instead of topics splits.
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Optimization of the parameters with respect to for example perplexity can easily be done since
both µ and λ fall into the range [0, 1]. The problem with optimizing the parameters is finding the
proper value to optimize with respect to. Optimization with respect to perplexity might not give
the most interpretable result. The values of the µ and λ as seen in Figure 4.7 have strong effect
to the topic trees that are discovered. So the values might need to be tuned depending on what
application the topic model is used for.
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Chapter 6

Conclusions

6.1 Conclusions
In this thesis a non-parametric evolutionary topics model for short text capable of discovering
topic births, deaths and splits is introduced. For inference a collapsed Gibbs sampling algorithm is
derived. The model was empirically evaluated on real datasets to show it different abilities. On the
first dataset the model’s ability of discovering topic evolution and splitting over long time spans is
shown. The second dataset shows the model’s ability of discovering new topics and how the topics
related to real life events is explored. We also showed that the model exhibits better stability and
less overfitting than the short text topic model in [8] that has the ability to generate evolutionary
topic trees.

6.2 Future work

6.2.1 Gibbs sampling computation time
Performing Gibbs sampling takes a long time for large datasets where the data contains many
topics. It especially takes many iterations for the algorithm to converge fully which is seen in
Figure 4.1. The parametric temporal topics models such as [5, 17] have used variational inference
to archive fast a scalable inference. It is also possible to apply variational inference for DP mixture
models [5]. In [5] they also showed that the variational inference achieves faster convergence than
Gibbs sampling for certain types of data. Therefore variational inference might be a good way of
decreasing the computation time needed for inference.

6.2.2 Tools for exploring topic models
Topic modeling is a good way of exploring and extracting information from large datasets. To
take full advantage of the output from a topic model an interactive graphical inference is useful.
For static topics models there is LDAvis [21] that is an interactive tool and inspired by this a
similar tool for temporal topic models was implemented and used. There is still room for large
improvements in this area, often topics are represented by just a few top words but this gives far
from the full picture of the topic.

When working with large datasets that can contain over hundreds of topics it is still hard to
get a good overview of the information. One way might be to use hierarchical modeling so there
are different level of topics. This could be implemented directly into a topics model or by using
a regular topic model. With a regular topic model it would first be used with hyperparameters
so that it generates few topics and then using the topic model (with hyperparameters that gives
more specific topics) again for the observations in each topic. This will make the exploration and
understanding of large topics spaces more accessible.
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Appendix A

Dirichlet-Multinomial

We have observed data generated from a Multinomial distribution with a Dirichlet prior

φ ∼ Dirichlet(α1, . . . , αV )

y ∼ Multinomial(φ),
(A.1)

with y = (y1, . . . , yV ), φ = (φ1, . . . , φV ) and
∑V
i=1 yi = n. We want to calculate probability density

function for the predictive posterior distribution called a Dirichlet-Multinomial distribution. The
posterior predictive for new data ỹ is

p(ỹ|y) =

∫
p(y|φ)p(φ) dφ =

∫
∆

n!

V∏
k=1

φykk
yk!

Γ(
∑V
i=1 αi)∏V

k=1 Γ(αk)

V∏
i=1

φαk−1
k dφ = (A.2)

=
n!Γ(

∑V
i=1 αi)∏V

i=1 yk!Γ(αk)

∫
∆

V∏
i=1

φαk−1+yk
k dφ, (A.3)

here ∆ is the V -simplex defined by
∑V
i=1 φi = 1. By noticing that the integral in the last equation

is normalizing constant for a Dirichlet distribution with parameters α1 + y1, . . . , αV + yV we have∫
∆

V∏
i=1

φαk−1+yk
k dφ =

∏V
i=1 Γ(αk + yk)

Γ(
∑V
i=1 αi + yi)

=

∏V
i=1 Γ(αk + yk)

Γ(n+
∑V
i=1 αi)

(A.4)

Combining this with the previous result we have

p(ỹ|y) =
n!Γ(

∑V
i=1 αk)∏V

i=1 yk!Γ(αk)

∏V
i=1 Γ(αk + yk)

Γ(n+
∑V
i=1 αk)

= (A.5)

=
n! Γ(

∑V
i=1 αk)

Γ(n+
∑V
i=1 αk)

V∏
k=1

Γ(yk + αk)

yk! Γ(αk)
= (A.6)

=
n!∏V
i=1 yk!

∏V
k=1

∏yk
i=1(i− 1 + αk)∏n

i=1(i− 1 +
∑V
i=1 αk)

, (A.7)

this is a closed form for the predictive posterior distribution.
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