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Personnel 
Principal Investigator: 

Xiaohua Tony Hu - Drexel University 

Graduate Students: 

Xiaoli Song – Drexel University 

Executive Summary/Abstract 
Objectives: 

In this project, we aim to overcome the limitation and shortcoming of current visualization, 
data analysis, data sampling techniques to make sense of complex big data through latent 
theme extraction, to detect emerging practices, recommendation, and collaborative 
filtering.   
Methods: 

 We Develop a unifying platform for data dimensional reduction, data sampling and 
visualizing various complex high dimensional big data, Develop analytical and 
visualization tools and solutions for various real-world applications  

 Worked with IAB members to evaluate the prototype systems in a real-world setting. 

Differences from Current State of Art 
 

Conventional visualization methods based on linear dimensionality reduction techniques, 

such as Principal Component Analysis (PCA), Principal Coordinates Analysis (PCoA), and 

Non-negative Matrix Factorization (NMF). However, such linear transformations cannot 

adequately capture the non-linear relationships contained within real-world datasets, like 

multimedia data, e.g. images and videos. 
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As part of this effort, a well-designed set of nonlinear methods, such as T-SNE and LLE, will 

be used to find a non-linear mapping between high dimensional and low dimensional spaces, 

which keeps probabilistic distances between pairs of points while preserving both local and 

global information. To improve visualization performance in different tasks, new methods 

will be developed, along with a suggested workflow for assembling the methods. In addition, 

a set of social media interfaces will be provided (e.g., Twitter and Tumblr) along with support 

for RSS feeds. While there are machine learning libraries (e.g., WEKA and YELP) and 

information retrieval toolkits (DRAGON, for instance), a similar programmable toolkit does 

not seem to be present 

Results 
This section provides an overview of the major steps in our project. 

Social Media sites, such as Twitter, Facebook and Instagram, have taken over our lives. They 

create convenient communication channels for users to disseminate breaking news, eyewitness 

accounts, and individual expressions in real time. Therefore, they become valuable sources of 

timely information. But, the amount of information in these services is massive, and growing 

every second; Twitter, as an example, has approximately 500 million tweets flowing across the 

service every day1. In addition, many message are short, such as ``BREAKING! \#Trump2016", 

causing traditional topic analysis algorithms function to be poor. In the face of this sheer mass 

and fragmentation of data, many individuals and organizations feel incapable to understand or 

analyze it, letting alone to utilize it. The purpose of this project is to design a systematic 

framework to help users detect and track the ongoing topics discussed in social media. To make 

a consistent statement, we use Twitter as an example, but it should also be noted that, our model 

can be applied to many other social media platforms which are similar to Twitter, such as 

Facebook, Instagram, etc. 

There have been many interests developing text mining techniques for topic detection from large 

volumes of tweets. Among them, Latent Dirichlet Allocation (LDA) is the most widely-used 

probabilistic model. However, a question that usually arises when using LDA is how to choose a 

proper number of topic K, which needs to be given beforehand and will heavily affect the final 

results. Although K value can be determined by techniques like cross-validation, the laborious 

trial and error process has limited the LDA's practicability in many situations. Therefore, Dirichlet 

Process (DP) has been proposed to generate K value automatically and directly from dataset. 

Once been proposed, DP has earned widespread attention, and been applied in various text 

mining tasks\. One problem of DP is that it relies on words' co-occurrence information to make 

an accurate inference. While, many online messages, such as tweets, are short and present very 

                                                      
1 http://www.internetlivestats.com/twitter-statistics/ 
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limited co-occurrence information to guarantee a satisfactory outcome from DP. This project is 

developed on DP framework, but we will alleviate this problem by exerting some supervision over 

traditional DP.    

Twitter, as well as many other social media platforms, delivers a continuous stream of 

messages, allowing topics to grow, fade, split and emerge over time. From user's perspective, the 

main reason for them to explore real time social media channels instead of traditional search 

engine to get information, is that they want to know not only the topics, but also each topic's 

evolution patterns over time. Many dynamic topic models have been created and can be 

classified into two categories: Discretized Methods and Stochastic Methods. Discretized 

Methods requires to discretize continuous time stream into discrete time episodes, and applies 

topic models on each of them. However, time granularity definition is always a tricky problem, 

especially in social media context, where topics are constantly changing. Taking Figure 1 as an 

example, when using ``Day" as granularity, we may consider Topic1 dominates the whole day in 

March 24th, 2016, but when we narrow down to use "Hour" as granularity, we find that Topic10 

takes over Topic1's dominant role later in that day. Stochastic Methods treat time as a 

continuous variable, providing a more flexible framework to track topics. In previous studies, 

probability distributions, such as Beta Distribution or Gaussian Distribution, are applied by 

modeling time variables, but they could not model events' arrival patterns over time. Recently, 

combining topic models with point processes, especially Hawkes Process, to cluster continuous 

document stream begins to attract researchers' attention. But, these studies either are LDA 

oriented, requiring a pre-defined K value, or implies independence among topics, ignoring their 

semantic correlations.  

Although much work has been done, topic detection and tracking on social media is still an 

open problem. Primarily, there are five issues need to pay attention. 

 (1) Short Text Problem. 

Many social media messages are short and noisy, bringing much trouble in topic detection. 

Short text could provide enough word co-occurrence information for many existing topic models 

to generate an accurate results.  

(2) Continuous Text Stream Process.  

Social media messages come in continuous stream, and the embedded topic are constantly 

changing. Therefore, traditional discretized methods are incapable in such context. 

(3) Topic Correlation Detection Problem. 
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Many related studies assume topics are independent\cite{blei2007correlated}, but such 

assumption is a little too strong. Topics interrelate in real situations. Just as shown in Figure 1, 

one topic might split into two or more topics, and some topics might merge into one with time 

goes. Although Correlated Topic Model (CTM)\cite{blei2007correlated} has been introduced to 

capture correlations among topics, topic number $K$ is pre-requisite for its embedded logistic 

normal distribution to function.  

(4) Underlying Evolution Mechanism Revelation 

Most related studies devote to discover how topics evolve over time, but ignore to 

understand why. There are many reasons that could trigger a topic: (1) an unexpected incident 

may arouse people to discuss on social media; (2) a hot debated issue may intrigue more people 

to involve in discussion; and (3) a related topic may trigger another topic. Such mechanism 

analysis is very inspiring in many applications, such as the study of sociology.  

(5) Concise but Comprehensive Visualization. 

Researchers have spent much effort in data analysis, but few of them consider data 

visualization. Nevertheless, a brief but comprehensive visualization is essential for common users 

to understand the results.  

 

In order to solve all the mentioned problems, this project introduces a Semi-Supervised 

Dirichlet-Hawkes Process(SDHP) to detect and track topics online, and then designs an interactive 

visualization interface (shown as Figure 1)2\ to allow common users understand the analyzed 

results. 

                                                      
2 We have designed an interactive visualization. With mouse moving on or click, a certain topicmap part will be 
zoomed in to show clearer topic details, and its corresponding topic flow will be highlighted. 
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Figure 1. Visualization Demonstration 

Discussion about “IPhone SE” on Twitter from March 19th to March 25th 2016 

 

Before digging into technical details, we first give a brief introduction about some preliminary 

knowledge associating with our model. 

Dirichlet Process 

Recall that in LDA, the K-dimensional Dirichlet allocation is a distribution on vectors π =

π1, … πK where 0 ≤ π𝑘 ≤  1 for all k, and ∑ 𝜋𝑘k=1 = 1.. The major problem is that K needs to be 
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defined in advance, but it is really hard to estimate an accurate K beforehand.  Dirichlet Process 

(DP) is one of the most basic Bayesian nonparametric process that can help to generate 𝛑 vectors 

without explicit determination of $K$. A Dirichlet Process is specified by a base distribution G and 

a positive real number $\alpha$, which is called the \ Concentration Parameter. One 

straightforward perspective to interpret DP is the Chinese Restaurant Process (CRP). Imaging a 

restaurant with an infinite number of tables, and customers walk in to choose tables to sit. Tables 

are chosen according to the following process: 

(1) The first customer will choose the first table to sit.  

(2) For 𝑛𝑡ℎ customer: 

 (a) With probability 𝜋 =
𝛼

𝛼+𝑛−1
 to create a new table to sit.  

(b) With probability 𝜋 = 
𝑐𝑘

𝛼+𝑛−1
 to sit around table 𝑘 , where 𝑐𝑘  is the number of 

previous customers sitting around table 𝑘.  

 If we use 𝜙𝑘 to describe the customer distribution over table 𝑘, the whole 

generation process can be written as Equation (1):  

 

𝜙𝑛| 𝜙1:𝑛−1 =∑
𝑐𝑘

𝑛 − 1 + 𝛼
𝛿(𝜙𝑘) +

𝛼

𝑛 − 1 + 𝛼
𝐺(𝜙)

𝑘

 
(1) 

 

 

In text mining, researchers usually implement a two-level DP model, which is known as HDP, to 

accomplish topic detection. In HDP, the first level DP treats each document as a restaurant, and 

group words within it into different tables; and the second level DP treats the whole document 

collection as a restaurant, and group tables into different topics.  

It is clearly noted from Equation (1) that 𝜙𝑛 is generated randomly without considering any 

context information or prior knowledge. This will lead to very poor results when 𝜙𝑘 could not 

provide enough clustering information, such as word co-occurrence. 

Supervised Topic Model  

Incorporating supervision with topic model is not a novel idea. Several models have been 

proposed on this research. Labeled-LDA (L-LDA) is one of the most eminent supervised topic 

models. L-LDA uses a binary label vector L to control words' distribution over topics. Specifically, 

assuming we have K labels in total; these labels are directly treated as topics in L-LDA. For a 
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document d, it has a K-dimension binary label vector 𝐋𝐝 , and for each 𝑙𝑘
𝑑 ∈ 𝑳𝒅, 𝑙𝑘

𝑑 = 1 only if 

document d is labeled with 𝑙𝑘, otherwise 𝑙𝑘
𝑑 = 0. All the words 𝒘𝒅 in document d can only be 

assigned to labels where 𝑙𝑘
𝑑 = 1.  

 

Many social media platforms allow users to annotate messages; in Twitter, we have 

#Hashtags. Hashtags have been proved to have strong topic indication by many studies, but 

unfortunately only 8\% tweets contain hashtags. . Thus a fully supervised topic model cannot 

been applied directly to solve our problem. 

Hawkes Process 

Hawkes Process is an important class of temporal point process, which is designed to utilize 

historical arrived points, 𝑰𝒕− = { 𝑡1, 𝑡2…𝑡𝑖: 𝑡𝑖 ≤ 𝑡𝑖+1} , to predict the probability of an event 

occurring at current time. In essence, Hawkes Process is a combination of different Poisson 

Process. The rate function of Hawkes Process is usually denoted as 𝜆(𝑡|𝑰𝒕− ). The distinguishing 

advantages of Hawkes Process are:  

 

(1) It can model continuous arrival process. There is unnecessary to segment timeline into 
discrete parts, Hawkes Process can directly model each coming time stamp.  

(2) It can provide an insightful trigger mechanism for each node in the network without an 
explicit network topology. Compared to count oriented methods, Hawkes Process can 
provide more insightful underlying patterns and mechanisms that drive one entity’s 
evolution.  

 

A classical Hawkes Process can be formulated as Equation(2), where 𝜇(𝑡) is used to simulate 

impacts coming from background, such as a trailer’s effect for a movie, and 𝛹(𝑡|𝑰𝒕−) is used to 

simulate the impact coming from historical events, such as a friend’s recommendation.  

 

𝜆(𝑡|𝑰𝒕−) = 𝜇(𝑡) + 𝛹(𝑡|𝑰𝒕−) (2) 

 

Where 𝛹(𝑡|𝑰𝒕−)  can be expanded as 𝛹(𝑡|𝑰𝒕−) = ∑ 𝜓(𝑡 − 𝑡𝑗)𝑡𝑗<𝑡
. In order to ensure 

stationary, ∫ 𝜓(𝑣)𝑑𝑣
∞

0
≤ 1 . Under this constraint, Hawkes Process can be transformed into 

Equation (3): 
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𝜆(𝑡) = 𝜇(𝑡) + 𝜂 ×∑ 𝑓(𝑡 − 𝑡𝑗; 𝜖)

𝑡𝑗<𝑡

 
(3) 

where 𝜂 is referred as the Intensity Parameter, and 𝑓(𝑡; 𝜖) is a probability density function with 

parameter 𝜖.  

Equation (2) has defined a Univariate Hawkes Process, which models a self-evolution 

process. While in many real applications, we want to model not only one event’s self-evolution, 

but also cross-influences among different processes. In this situation, we need Multivariate 

Hawkes Process. Assuming there are K events evolving simultaneously, and the 𝑘𝑡ℎ  event’s 

evolution process can be formulated as Equation (4).    

 

λk(𝑡) =  𝜇𝑘(𝑡) + ∑ 𝜓𝑘𝑘(𝑡 − 𝑡𝑘,𝑖) + ∑ ∑ 𝜓𝑘𝑘′(𝑡 − 𝑡𝑘′,𝑗)

𝑡𝑘′,𝑗<𝑡𝑘′≠𝑘,𝑘′=1𝑡𝑘,𝑖<𝑡

 
(4) 

 

Where 𝜇𝑘(𝑡) is the Background Function or Immigrant Function, 𝜓𝑘𝑘 is the Self-Excitation 

Function, describing the impacts coming from its own historical points, and 𝜓𝑘𝑘′ is the Cross-

Excitation Function, describing the impacts from other processes. In some related studies, Self-

Excitation Function and Cross-Excitation Function are called Response Function.  

Model Description 

Although some studies claim a topic's generation depends on time we assume a tweet's 

posting time depends on its topic[108, 109]. Two reasons support our assumption: (1) in practice, 

the reason for a user to tweet is probably because there is a topic intriguing him/her first, and 

then he/she posts a message at a proper time, but not he/she feels necessary to tweet first, and 

then picks up a topic to post; (2) in theory, without topic generation first, it is hard to construct 

a multivariate Hawkes Process since the dimension number K is unknown. Previous studies either 

apply LDA, which defines K manually from very beginning, or implements univariate Hawkes 

Process, but ignores impacts from other topics. With assumption that a tweet's posting time 

depends on its topic, this project has proposed a semi-Supervised Dirichlet Hawkes Process 

(SDHP) to realize topic detection and tracking from tweet stream. 

Assuming that we have a tweet collection containing N tweets, and the 𝑛𝑡ℎ tweet is denoted 

as 𝑑𝑛 ∼ 𝑑𝑛(𝒘𝒏, 𝒉𝒏, 𝑡𝑛) , where 𝐰𝐧  = < wn1, . . . wnW >  represents the W (W>0) words 

contained in 𝑑𝑛 , 𝒉𝒏 =< ℎ𝑛1, . . . , ℎ𝑛𝐻 >  represents the 𝐻(𝐻 ≥  0)  hashtags 𝑑𝑛  has, and 𝑡𝑛 

indicates the time stamp when this tweet is posted. In order to make a convenient calculation, 
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we duplicate 𝑡𝑛 W times, and attach each word wni with a time stamp 𝑡𝑛𝑖 Figure 2 presents the 

general idea of the whole process, and we will detail each part in Figure 2 in the following 

statement. 

s  

Figure 2. Graphical Model of SDHP 

Topic Generation Process 

Essentially, Dirichlet Process relies on word co-occurrence to clustering words, but tweets 

are too short to provide sufficient co-occurrence information. Thus supplementary information 

is needed in order to make a satisfactory topic detection. This project employs two kinds of 

supervision to facilitate topic detection from tweets: Hashtag Supervision and Relevance Kernel 

Supervision to facilitate topic detection from short message. 

Hashtag Supervision 

Hashtags are of great use in topic detection, but unfortunately, only a small fraction of tweets 

contain hashtags. Thus, we could not exert a full supervision by hashtags, but we can use hashtag 

as semi-supervision to adjust the topic generation process.  

Inherited from HDP, SDHP implements two-level assignment as well. In the first level, we 

assign words to hashtags, and in the second level, we assign hashtags to topics. Hashtag 

supervision is imposed in the first level.  

According to the presence of hashtags, there are two types of tweets: Hashtaged 

Tweets(tweets with hashtags) and Free Tweets(tweets without hashtags).We constrain that 

words in hashtaged tweets can only distribute over the attached hashtags, while, words in free 

tweets can either distribute over existing hashtags, or generate new hashtags. Specifically, we 

have two hashtag sets in total, the original hashtag sets, denoted as 𝑳∗, and generated hashtag 

sets, denoted as 𝑳+. The whole hashtag set 𝑳 is the combination of 𝑳∗ and 𝑳+, namely 𝑳 = 𝑳∗ ∪

 𝑳+.For a hashtaged tweet 𝑑ℎ, we attach it with a binary hashtag presence/absence indicator 
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vector 𝑼𝒅𝒉 = (𝑙1, . . . , 𝑙𝑢, . . . 𝑙|𝑳∗|) , where |𝑳∗| indicates the length of original hashtag set. In 𝑼𝒅𝒉, 

each 𝑙𝑢 ∈  {0,1},  where 1 indicates hashtag 𝑙𝑢 presents, and 0 indicates hashtag 𝑙𝑢  absents. 

Words in 𝑑ℎ can only distribute over hashtags with 𝑙𝑢 = 1.On the contrary, a free tweet 𝑑𝑓 can 

either distribute over any hashtags from  𝑳 or generate a new hashtag. 

Relevance Kernel Supervision 

In HDP, the probability of a word assigning to a table is proportional to the word count of 

that table[97]. Such word assignment mechanism ignores semantic information. When 

documents are long enough, 𝜙𝑘   can help to avoid random assignment because it records word 

co-occurrence information from documents. When text is short, the whole process tends to 

result in a random assignment. In order to ameliorate the assignment mechanism, SDHP replace 

the count oriented assignment with “Relevance” oriented assignment. SDHP implements BM25 

as the kernel to measure relevance between words and hashtags, and hashtags and words. 

Relevance Kernel Supervision is applied in both of the two-level assignments. To make a clearer 

statement, we take the word-to-hashtag assignment as an example to illustrate the whole 

process.  

BM25 is a famous scoring function used by search engines to rank documents according to 

their relevance to a give search query by considering Term Frequency (TF), Inverse Document 

Frequency (IDF) and document length. In our application, we treat the words as queries and 

hashtags as documents, and the probability of one word w assigning to a certain hashtag h 

depends on their relevance score, which can be calculated as Equation (5), where TF(w,h) refers 

the word frequency of w in hashtag h, IDF(w) is the inverse document frequency of w, aveLw 

refers to the average hashtag length, |L| is the number of hashtags, including both original 

hashtags and generated hashtags, and |L(w)}| is the number of hashtags that contain word w. b 

and k are free constants here, and we set b=0.75 and k=1.5 by default.   

𝑆𝑐𝑜𝑟𝑒𝐵𝑀25(𝑤, ℎ) =  
𝐼𝐷𝐹(𝑤) ∙  𝑇𝐹(𝑤, ℎ) ∙  (𝑘 + 1)

𝑇𝐹(𝑤, ℎ) + 𝑘 ∙  (1 − 𝑏 + 𝑏 ∙  
|𝐿|

𝑎𝑣𝑔𝐿𝑤)
 

(5) 

𝐼𝐷𝐹(𝑤) = 𝑙𝑜𝑔
|𝑳|

|𝑳(𝒘)|
 

 

Since we detect topics along time stream, in addition to relevance in content, time is another 

factor needs to be considered. We use Equation (6) to lower the assignment probabilities 

between a word and a hashtag who share high relevance but widely apart in time line.  
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𝑠𝑐𝑜𝑟𝑒(𝑤, ℎ) =
𝑆𝑐𝑜𝑟𝑒𝐵𝑀25
|𝑡𝑤 − 𝑡ℎ|

 (6) 

where 𝑡𝑤represents word w's time stamp, and 𝑡ℎ represents hashtags h's time stamp, which 

is calculated as the average value of all words' time stamp values containing in that hashtag. 

Generative Process for Topic Detection 

In consistence with2, the generative process of topic detection part in SDHP is shown as 

follows:  

Step 1: Initiate the Process 

(1) Define a baseline 𝐺0 to generate topics (To avoid unlimited topic growth, we define G as 
an exponential distribution ) 

(2) Draw a Hashtag-Topic Distribution 𝜽 parameterized by 𝛽𝜃  
(3) Draw a Word – Hashtag Distribution 𝝓 parameterized by 𝛽𝜙 

Step 2: For each hashtag ℎ𝑙  in the hashtag set 𝑳, draw a topic assignment 𝑘 according to 𝐺0 , 

which is controlled by 𝐺: 

𝐺0: 𝑝(𝑘ℎ𝑙 = 𝑘) ∝

{
 
 

 
 𝑠𝑐𝑜𝑟𝑒(ℎ𝑙, 𝑘)

∑ 𝑠𝑐𝑜𝑟𝑒(ℎ𝑙 , 𝑘′) + 𝛼𝑡𝑜𝑝𝑖𝑐
𝐾
𝑘′=1

⋅ 𝛿(𝜃𝑘)

𝛼𝑡𝑜𝑝𝑖𝑐

∑ 𝑠𝑐𝑜𝑟𝑒(ℎ𝑙, 𝑘′) + 𝛼𝑡𝑜𝑝𝑖𝑐
𝐾
𝑘′=1

⋅ 𝐺
 (7) 

Step 3: For each tweet 𝑑𝑛 in the dataset: 

(1) If 𝑑𝑛 is a hashtaged tweet: 

a) We first define a set 𝑳𝒅𝒏 = {𝑙𝑖|𝑙𝑖 = 1, 𝑙𝑖 ∈ 𝑼
𝒅𝒏} to describe the hashtag 𝑑𝑛 has.  

b) For each word 𝑤𝑛𝑖 draw a hashtag ℎ from 𝐺𝑛: 
 

 𝐺𝑛: 𝑝(ℎ𝑤𝑛𝑖 = ℎ) ∝
𝑠𝑐𝑜𝑟𝑒 (𝑤𝑛𝑖,ℎ)

∑ 𝑠𝑐𝑜𝑟𝑒(𝑤𝑛𝑖,ℎ
′)

ℎ′∈𝑳𝒅𝒏 

⋅ 𝛿(𝜙ℎ) (8) 

  

(2) If 𝑑𝑛 is a free tweet, its words 𝒘𝒏 can distribute over all the hashtag collection 𝑳. So for 
each word 𝑤𝑛𝑖 draw a hashtag ℎ  grom 𝐺𝑛, which is controlled by 𝐺0 

 𝐺𝑛: 𝑝(ℎ𝑤𝑛𝑖 = ℎ) ∝ {

𝑠𝑐𝑜𝑟𝑒(𝑤𝑛𝑖,ℎ)

∑ 𝑠𝑐𝑜𝑟𝑒(𝑤𝑛𝑖,ℎ
′)+𝛼ℎ𝑎𝑠ℎ𝑡𝑎𝑔ℎ′∈𝑳

⋅ 𝛿(𝜙𝑘)

𝛼ℎ𝑎𝑠ℎ𝑡𝑎𝑔

∑ 𝑠𝑐𝑜𝑟𝑒(𝑤𝑛𝑖,ℎ
′)+𝛼ℎ𝑎𝑠ℎ𝑡𝑎𝑔ℎ′∈𝑳

⋅ 𝐺0
 (9) 

(3) Draw a word 𝑤𝑛𝑖 from 𝜙ℎ 
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We use Gibbs Sampling to iterate Step 2 to Step 4 in the above process in order to optimize 

𝜃 and 𝜙 

Topic Evolution Process 

We implement a Multivariate Hawkes Process framework to simulate topic evolution 

process. In order to figure out how topics evolve over time, we first discuss three common 

scenarios where a tweet might be triggered.  

(1) Background-Excitation. Unexpected incidents, such as Brussels Attack, stimulate users to 

post tweets spontaneously and simultaneously. We use a Background Function 𝜇𝑘(𝑡) (as shown 

in Equation (4)) to describe such phenomenon.  

(2) Self-Excitation. According to "Matthew Effect", a hot topic will always intrigue more 

people to discuss about it. We call this phenomenon as Self-Excitation. For example, because 

there are tons of tweets talking about Trump on Twitter, these tweets might intrigue a new 

potential user to post a similar tweet. We use a Self-Excitation Function 𝜓𝑘(𝑡) (shown in Equation 

(4)) to describe such phenomenon. 

(3) Cross-Excitation. Some topics are close related on Twitter. Discussion about one topic 

will stimulate discussion about the other one. We call this phenomenon as Cross-Excitation. 

Taking Trump and Hilary as an example, because these two topics are close related, discussions 

about Hilary might stimulate a tweet about Trump. We use a Cross-Excitation Function 𝜓𝑘 (𝑡)  to 

describe such phenomenon. 

Background Function  

In most related studies, 𝜇 is treated as a constan T. However, in a real situation, it is hard to 

make such a strong assertion. Imaging that when an event happens, a few early birds get 

informed, such as some news channels, and they broadcast this event to make more and more 

people informed. People begin to discuss it on various platforms. The background effect rises to 

a peak, usually, quickly. Then with time goes on, the news is out of date and background effect 

will decay gradually. Thus, We use a Rayleigh Distribution, which has a rapid peak and flat decline, 

to model background effect. Rayleigh distribution can be written as: 

𝜇(𝑡)  =
𝑡

𝜔2𝑒
−
𝑡2

𝜔2

 (10) 

 

Cross-Excitation Function 
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Twitter is timely, a tweet's influence decreases by time. Therefore, we apply the decreasing 

Exponential Distribution to simulate the cross-excitation phenomenon among topics. We use 

$c(t)$ to represent the cross-excitation function, and it can be formulated as: 

𝑐(𝑡) = 𝜅𝑒−𝜅𝑡 (11) 

Self-Excitation Function 

Many related studies model self-and cross-excitation with the same function, but we 

distinguish them in this project. Although Twitter is timely, two factors make self-excitation 

evolution different from cross-excitation. First, Twitter provides recommendations, which put 

the most liked tweets about a topic ahead. The recommended tweets usually have a high 

possibility to intrigue potential users, but they are unnecessary to be a latest tweet. So, 

recommendation mechanism improves the probability for a tweet to be triggered by an old but 

popular tweet. Second, more and more people search tweets to read past news. They might 

backtrack to dated tweets in order to understand an event's causes and effects. In this scenario, 

a user is very likely to be intrigued by an dated tweet. Thus, a strict decreasing function is too 

strong for self-excitation. In this project, we use a Log-Normal distribution to model this function. 

The reason is that Log-Normal distribution is various shaped to model the variety of self-

excitation. We use s(t) to indicate the self-excitation function, which is formulated as: 

𝑠(𝑡) =  
1

𝑡𝜎√2𝜋
 𝑒^(−

(ln 𝑡 − 𝜇)2

2𝜎2
) (12) 

Similarity Kernel Supervision  

Hawkes Process only uses the distance between timing points to simulate the relationships 

among dimension while ignoring semantics. Tweets have semantics. Although two tweets may 

be published close in time line, the triggering probability could still be low if they belong to two 

irrelevant topics. For example, a tweet describing “Machine Learning" is very unlikely to trigger 

a tweet discussing “Beyonce", even though their posting time is very close to each other. 

Considering this, we insert a Cosine Kernel in cross-excitation functions tuning triggering 

probabilities among different topics. Assume 𝑡𝐴,𝑖 indicates the 𝑖𝑡ℎ time point in topic 𝐴, and 𝑡𝐵,𝑗 

indicates the 𝑗𝑡ℎ time point in topic 𝐵. The semantic similarity between 𝐴 and 𝐵 is measured by 

a Cosine Function, shown as Equation (13) and the distance between 𝑑𝐴,𝑖  and 𝑑𝐵,𝑗  can be 

calculated as Equation (14) 

𝑠𝑖𝑚(𝐴, 𝐵) =  
∑ 𝐴𝑖𝐵𝑖
𝑉
𝑖=1

√∑ 𝐴𝑖
2𝑉

𝑖=1  √∑ 𝐵𝑖
2𝑉

𝑖=1  

 
(13) 
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𝑑𝑖𝑠(𝑡𝐴,𝑖, 𝑡𝐵,𝑗) =
𝑠𝑖𝑚(𝐴, 𝐵)

|𝑡𝑖 − 𝑡𝑗|
 

 

(14) 

 

where V is word dictionary of our dataset. Thus cross excitation function can be re-written as: 

𝑐(𝑡𝐴,𝑖𝑡𝐵,𝑗) = 𝜅𝑒
−𝜅×𝑑𝑖𝑠(𝑡𝐴,𝑖,𝑡𝐵,𝑗) (15) 

Assume the 𝑖𝑡ℎ word in the 𝑛𝑡ℎ tweet in Figure 2 ahs been assigned to topic 𝑘 , and 𝑡𝑛𝑖 is the 

𝑟𝑡ℎ  time point ordered in topic 𝑘 , the complete intensity rate function to trigger 𝑡𝑛𝑖  can be 

written as follows: 

𝜆𝑘(𝑡𝑟) = 𝜂𝑘
𝐵
𝑡

𝜔𝑘
2 𝑒

−
𝑡2

𝜔𝑘
2
+ 𝜂𝑘

𝑆 ∑
1

(𝑡𝑟 − 𝑡𝑗)𝜎𝑘√2𝜋
𝑒
−
(ln(𝑡𝑟−𝑡𝑗)−𝜇𝑘)

2

2𝜎𝑘
2

𝑡𝑗<𝑡𝑟

+ ∑ 𝜂𝑘𝑘′
𝐶 ∑ 𝜅𝑘𝑘′𝑒

−𝜅×𝑑𝑖𝑠(𝑡𝑘,𝑟,𝑡𝑘′𝑙)

𝑡𝑘′,𝑙<𝑡𝑘,𝑟𝑘′≠𝑘,𝑘′=1

 

 

(16) 

where 𝜂𝑘
𝐵, 𝜂𝑘

𝑆, 𝜂𝑘𝑘′
𝑆  are the intensity parameter of background function, self-excitation function 

and cross-excitation function. Intensity parameter is used to measure models’ sensitivity to the 

corresponding part.  

Parameter Inference  

We use an EM algorithm to infer parameters in Equation (20). For the 𝑟𝑡ℎ time point in topic  

, denoting as 𝑡𝑘,𝑟, we create a vector 𝒁𝒕𝒌,𝒓 = (𝑍𝑘,0,0, 𝑍𝑘,𝑘,1, 𝑍𝑘,𝑘,2, … , 𝑍𝑘,𝑘,𝑁𝑘 , 𝑍𝑘,𝑘′,1, … 𝑍𝑘,𝑘′𝑁𝑘′
…) 

to indicate its affiliation. If 𝑍𝑘,𝑘′,𝑖 = 1 indicates 𝑡𝑘,𝑟  is evoked by the 𝑖𝑡ℎ  time point in the 𝑘′𝑡ℎ 

topic, and 𝑍𝑘,0,0 = 1 indicates that this time point is triggered by background.  

In the E step, the posterior probability of Z can be obtained from Baye’s rule. The posterior 

probability of that 𝑡𝑘,𝑟 is triggered by the 𝑖𝑡ℎ in the 𝑘𝑡ℎ process can be calculated as  

𝑝(𝑍𝑘,𝑘′𝑖 = 1|𝚷, 𝑰) =
𝜆𝑍

𝑘′,𝑖
(𝑡𝑘,𝑟)

∑ 𝜆𝑚(𝑡𝑘,𝑟)𝑚∈𝒁𝒕𝒌,𝒓

 (17) 

where 𝚷 indicates all the parameters contained in the whole process, and I indicates the 

preceding time points.  
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In the M step, , the expectation of log-likelihood function over time period [0,T] can be 

written as  

𝑄𝑘(Π𝑘) =  𝐸𝑍𝑘𝑙𝑖(Π𝑘|𝐼𝑘, 𝑍𝑘) = ∑ (∑ln(𝜆𝑘(𝑡𝑘,𝑟)) × 𝛿(𝑍𝑘𝑟 = 𝑍) − Λ𝑧(𝑇)

𝑁𝑘

𝑟=1

)

𝑍∈𝑍𝑘

 (18) 

Where 𝛿(𝑍𝑘𝑟 = 𝑍) = 1  only when 𝑡𝑘𝑟  is triggered by 𝑍 . Thus, our log-likelihood can be 

expended into Equation (18) , in which we simplify Λ𝑧(𝑇) with assumption from. 

 

𝑄𝑘(Π𝑘) = ∑ ∑(ln(𝜂𝑘
𝐵  𝜇(𝑡))) 𝛿(𝑍𝑘,0,0 = 1)

𝑁𝑘

𝑟=1𝑍∈𝑍𝑘

+ ∑ ln (𝜂𝑘
𝑆 𝑠(𝑡𝑘,𝑟 − 𝑡𝑘,𝑗)) 𝛿(𝑍𝑘,𝑘′,𝑙=1)

𝑡𝑘,𝑗<𝑡𝑘,𝑟

+ ∑ ∑ ln (𝜂𝑘𝑘′𝑐(𝑡𝑘,𝑟 , 𝑡𝑘′,𝑙)) 𝛿(𝑍𝑘,𝑘′,𝑙 = 1) 

𝑡𝑘′𝑙<𝑡𝑘,𝑟

𝐾

𝑘′=1,𝑘′≠𝑘

− 𝜂𝑘
𝐵

− 𝜂𝑘
𝑆𝑁𝑘 − ∑ 𝜂𝑘𝑘′

𝐶 𝑁𝑘
′

𝐾

𝑘′=1,𝑘′≠𝑘

 

(19) 

 

By taking derivations of Equation (19), we can optimize each parameter’s optimized value. 

The calculation equation for each parameter is shown as  

𝜂𝑘
𝐵 = 𝑁𝑘,0 (20) 

𝛿𝑘
𝐵 = √

∑ 𝑡𝑖
2

𝑡𝑖∈𝑍𝑘,0,0

2𝑁𝑘,0,0 
 (21) 

𝜂𝑘
𝑆 = 

𝑁𝑘,𝑘
𝑁𝑘

 (22) 

𝜇𝑘 =
∑ ln(𝑡𝑖 − 𝑡𝑗)𝑡𝑖∈𝑍𝑘,𝑘,𝑗;𝑗<𝑖

𝑁𝑘,𝑘
 (23) 
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𝜎𝑘 =
√
∑ (ln(𝑡𝑖 − 𝑡𝑗) − 𝜇𝑘)

2
(𝑡𝑖∈𝑍𝑘,𝑘,𝑗;𝑗<𝑖

𝑁𝑘𝑘
 (24) 

𝜂𝑘
𝐶 =

𝑁𝑘,𝑘′

𝑁𝑘′  
 (25) 

𝜅𝑘𝑘′ =
𝑁𝑘𝑘,

∑ 𝑑𝑖𝑠𝑡(𝑡𝑘,𝑖 − 𝑡𝑘′,𝑗)𝑘′,𝑗<𝑘,𝑖
 (26) 

  

  

Evaluation and Experiment  

Since there is no proper ground truth available for us to conduct evaluations, we collect data 

through Twitter Search API3. We choose 8 popular events as our research subjects; they are: (1) 

AlphaGo, which is a computer program developed by Google DeepMind, and beat Lee Sedol four 

time  between 9-15 March, 2016; (2)  Batman V Superman, which is a hot superhero movie 

released at 25 March 2016; (3) Zootopia, which is the most recommended Disney movie in 2016; 

(4) Brussels Attack, which is a terrorist attack happened in 22 March 2016; (5) IPhone SE, which 

is a new 4-inch iPhone released in 25 March 2016; (6) Kobe, who announced his retirement in 14 

April, 2016; (7) Hilary and (8) Trump, who are two famous and promising presidential candidate 

in USA 2016. The detailed data information is shown as in 1. 

Table 1. Datasets for SDHP 

Event Time Span Count 

AlphaGo 20160316-20160401 13099 

Batman v Superman 20160323-20160330 565418 

Zootopia 20160317 - 20160401 110163 

IPhone SE 20160316-20160331 112070 

Kobe 20160416-20160502 208766 

Brussels Attack 20160318 -20160326 886964 

                                                      
3 https://dev.twitter.com/rest/public/search 
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Hilary 20160426 - 20160505 56358 

Trump 20160428 -20160505 708348 

 

Twitter data are noisy, so before we conduct evaluations and experiments, we made some 

data pre-processes: 

(1) Abbreviation Process. Because of 140 character limitation, many tweets contain 

abbreviations, such as "8L3W", "GL", and so on.  We replace these abbreviations with their 

original phrase, such as, "8L3W" to "I Love You", and "GL" to "Good Luck", etc.  

(2) Repeat Word Process. Many users like to use repeat letters to express their emotions, 

such as "loooove". We convert words to their original from, such as "loooove" to "love".  

(3) Emoticons Process. Twitter is famous for emoticons, and we transform these emoticons 

into words. For example, we change "O:-)" to word "angle", ":-D" to word "big grin", and so on.    

(4) Stop Word Process.Words occur in more than 10%  tweets or less than 100 times as stop 

words are treated as stopwords, and been removed. 

Evaluation  

In nature, SDHP is a probabilistic model. The most common way to evaluate a probabilistic 

model is to measure the log-likelihood of a held-out test set. We also apply the log-likelihood as 

our measurement to evaluate SDHP's performances in both topic detection and topic tracking. 

However, since Perplexity is the most used measurement for topic model, we use Perplexity to 

evaluate topic detection, and log-likelihood to evaluate topic tracking.  

We want to check whether our proposed Hashtag Supervision and Relevance Kernel 

Supervision can help to improve model's performance in topic detection from short text. We 

compare three models:  

(1) Traditional HDP (TP). Traditional HDP clusters words into topics without any supervision.  

(2) Hashtag Supervised HDP (HP). We only add hashtag supervision (detailed in Section 0) on 

traditional HDP, and it still maintains the count oriented assignment from traditional HDP.  

(3) SDHP(KP). We further add relevance kernel supervision on HP, and get our SDHP model,  

In addition to the models, models' parameters may also affect final results. In Dirichlet 

Process, the only influential parameter is its concentration parameter. In HP and KP, their 

concentration parameters are 𝛼ℎ𝑎𝑠ℎ , which controls hashtag generation, and 𝛼𝑡𝑜𝑝𝑖𝑐 , which 
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controls topic generation. In TP, we treat its first level concentration parameter, which controls 

table generation, as 𝛼ℎ𝑎𝑠ℎ, and the second level concentration parameter, which controls topic 

generation, as 𝛼𝑡𝑜𝑝𝑖𝑐 We vary the values of 𝛼𝑡𝑜𝑝𝑖𝑐 and 𝛼ℎ𝑎𝑠ℎ  through{0.1,0.2,0.5,0.8,1,2,5,8,10} 

respectively, and conduct a 5-fold cross validation on each of our datasets with each pairs 

of 𝛼𝑡𝑜𝑝𝑖𝑐 and 𝛼ℎ𝑎𝑠ℎ. 

Since perplexity varies dramatically in different datasets. In order to present a concise 

comparison result, we calculate a p-score (shown in Equation (27)) to measure the improvement 

percentage achieved by HP or KP when compared to TP. 

𝑝 − 𝑠𝑐𝑜𝑟𝑒 =
𝑇𝑃𝑝𝑝𝑥 −𝑚𝑜𝑑𝑒𝑙𝑝𝑝𝑥

𝑇𝑃𝑝𝑝𝑥
 (27) 

𝑇𝑃𝑝𝑝𝑥 indicates TP's perplexity value, and we replace 𝑚𝑜𝑑𝑒𝑙𝑝𝑝𝑥  with HP's perplexity and KP's 

perplexity respectively. 

Figure 3 (a) shows perplexity variance with 𝛼ℎ𝑎𝑠ℎ goes through {0.1,0.2,0.5,0.8,1,2,5,8,10}r 

and 𝛼𝑡𝑜𝑝𝑖𝑐  with value 1, and Figure  3 (b) shows perplexity variance with 𝛼𝑡𝑜𝑝𝑖𝑐  goes through 

{0.1,0.2,0.5,0.8,1,2,5,8,10}  with 𝛼ℎ𝑎𝑠ℎ  set to be 1. All p-scores are larger than 0, indicating 

hashtag supervision indeed helps in improving model's performance in topic detection from 

tweets. Comparing HP and KP, we find that on the same dataset, KP always performs better than 

HP. This result implies that a kernel oriented assignment mechanism has imposed a positive 

effect on the model's performance. 

From Figure 3 (a) and (b), we also see find that concentration parameters have very small 

impacts on perplexity value. Even so, if we set their value too small, the model will lose the ability 

to generate new topics, and if we set their value too large, the model will generate overwhelming 

number of topics. Thus, although concentration parameters have very little impact on perplexity 

value, it still requires users to select a proper concentration parameter value in order to get an 

acceptable generated topic number. 
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Figure 3. Evaluation of the SDHP 

 

Functionality of Innovation(s) 
The innovations are that this project has proposed a Semi-Supervised Dirichlet-Hawkes Process 

(SDHP) to deal with topic detection and tracking from social media. In addition, this paper has 

designed a decent visualization to present the analyzed results. The main contributions of this 

project are reflected in: (1) SDHP can handle topic detection from short messages efficiently; (2) 

SDHP can track topics from continuous message stream without time granularity definition 

requirement; (3) SDHP can reveal the underlying mechanisms that drive a topic's generation and 

evolution; (4) SDHP allows topics to interact with each other, and reveals their correlations; and 

(5) this paper designs a decent visualization to present topic analysis results. We have evaluated 

SDHP's ability in both topic detection and tracking in 8 real datasets from Twitter, and the 

algorithm's performances are very promising. 

Conclusions and Recommendations 
This paper has created a complete framework for topic detection, tracking and visualization from 

Twitter. In the algorithm part, this paper has proposed a SDHP model to realize topic detection 

and tracking from continuous short text streams. SDHP exerts two kinds of supervision to assist 

topic detection. First, SDHP utilizes hashtaged tweets as supervision to adjust word distributions 

over hashtags. Second, SDHP implements a relevance kernel to replace the count oriented 

assignment mechanism with relevance oriented assignment mechanism in group relevant words 

or hashtags together. Evaluation results show that both hashtag supervision and relevance kernel 

supervision provide positive effects on model's performance. In addition, SDHP has implemented 

a Multivariate Hawkes Process as a framework to simulate topic evolutions over time. SDHP uses 

a Rayleigh Distribution to simulate background impacts, a Log-Normal Distribution to simulate 

the self-excitation process, and Exponential distributions to simulate cross-excitation processes. 

In order to take topic similarity into consideration, SDHP has impose a similarity kernel 

supervision to adjust the triggering relationships among different topics. Evaluation results show 

that SKDH achieves very promising results. Finally, this paper has created a decent visualization 

to present a concise view about our analyzed results to users.  

In this project, we just use Twitter Search API to collect a small part of tweets to test our models. 

In the future, we will apply Twitter Stream API to get more tweets in order to present users with 

a comprehensive views about ongoing topics and their evolutions on Twitter. 
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Impact and Uses/Benefits 
We evaluated the proposed robust dimensional reduction, sampling and visualization with high 

level of performance in purpose of generating useful knowledge in big data applications on social 

media. However, our model can be applied to a wide variety of problems.   
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