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Executive Summary/Abstract 
The main goal of this project is to develop a unifying platform for integrating, analyzing and 

visualizing various social media platforms, develop analytical tools and solutions for data 

cleansing, message annotation, classification and clustering, topic evolution, and 

recommendation for social media users. The Drexel team will focus on integration of social 

media data sets and developing novel algorithms in analyzing and visualization high 

dimensional big data in a dynamic environment. TUT will focus on integration of multimedia 

indexing and retrieval techniques for Big Data Analysis in Social Media applications by enabling 

partitioning massive volumes of Big (multimedia) Data into small and homogenous sets that are 

both “learnable” and “manageable” in the most efficient way possible. In order to reach the 

targeted goal we will we have the following objectives: 

 Enhance previous work to detect emerging practices, recommendation and 
collaborative filtering.   

 Develop programming interfaces and implementations for data cleansing, message 
annotation, classification and clustering, topic evolution, and recommendation.   

 Develop content management and learning for multimedia “Big Data” based on holistic 
“Divide & Conquer” philosophy. 

 Perform a distributed computing and storage platform for content management and 
preservation. 

 Research and develop, ever-evolving and self-adapting clouds of evolutionary feature 
synthesizers and classifier networks to “learn” and “mimic” the human audio-visual 
system based categorization for the audio-visual content. 

 Study user roles, content, and temporal thread evolution in multimodal environments 
(e.g. thread-based commenting). 
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 Develop a representation framework (language, inference algorithms) and 
computational models that accurately capture the nuances of online behavior, enabling 
automated reasoning, e.g. prediction of thread evolution, intervention planning. 

Methods:  

In this project, the TUT team propose a new concept called “ImageTag,” which is an 

automatically generated hashtag that is an encoded representation of the shared visual 

content. ImageTag is an alternative way to connect social media posts using the semantic 

information obtained from the attached picture. We propose to add a few extra bytes to each 

post with an attached image, for fast retrieval of related posts. It provides new links among 

social media posts, just like a text hash tag, but it uses the semantic information, which is 

obtained from the visual content. In order to realize this concept, we use the state-of-the-art 

visual features and develop an encoding scheme to compare the image similarity and perform 

retrieval in an efficient way, in terms of both computational complexity and memory usage.  

How does it work? 

• User shares a post with an attached image. 

• The image descriptors are extracted and encoded using a few extra bytes, creating an  

ImageTag for the post. 

• With this ImageTag, the related posts can be retrieved very fast. 

In this project, the Drexel team has proposed a Semi-Supervised Dirichlet-Hawkes Process 
(SDHP) to deal with topic detection and tracking from social media. In addition, the team 
has designed a decent visualization to present the analyzed results. The main contributions 
of Drexel team 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. 

 

Results:  



5 
 

With the help of the proposed approach, different links can be set among social media posts 
that include visual data. Using this new links, new relations can be obtained and the social 
media analysis can be extended to greater depths. Our experimental results show that our 
method can achieves better performance than the state-of-the-art methods. 
 

Conclusions:  

With the introduction of the ImageTag concept to social media, new links among different posts 
will be founded immediately according to the shared visual content. This will incorporate the 
visual multimedia information to social media analysis in a fast and efficient way. 

This project has created a complete framework for topic detection, tracking and visualization 
from Twitter. In the algorithm part, the research team has proposed a SDHP model to realize 
topic detection and tracking from continuous short text streams.   

Differences from Current State of Art  

 The developed ImageTag concept is a novel way of linking social media posts according 

to their visual content information. In order to provide the desired codes which will link 

the images in an efficient and robust way, we propose a novel vector quantization 

scheme, which is entitled “Self-Organizing Binary Feature Synthesis”. This method 

inspires from the famous “Self-Organizing Maps” clustering algorithm [1] and produces 

better codes than the-state-of-the-art [2].   

 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 hash- tag supervision and 

relevance kernel supervision provide positive effects on model’s performance. In 

addition, SDHP has implemented a Multivariate Hawkes Process as a frame- work 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 

consider topic similarity, SDHP has imposed a similarity kernel supervision to adjust 

the triggering relationships among different topics. Evaluation results show that SKDH 

achieves very promising results. Finally, this project has created a decent visualization 

to present a concise view about our analyzed results to users. 
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The Proposed Method: Self-Organizing Binary Feature Synthesis  
This section provides a detailed explanation of the proposed method. The proposed encoding 

method (binary feature synthesis) provides the codes, which are going to be used as the image 

tags and set the relations between posts. When a post with an attached image is shared, the-

state-of-the-art image descriptors are extracted and encoded with the proposed binary feature 

synthesis algorithm. The output code of the algorithm is represented as the ImageTag, which 

provides the new link between posts, which depends on the semantic information obtained 

from this visual content. Using binary codes instead of actual descriptors is much more efficient 

in terms of computational complexity and storage costs [2]. In this project, we focus our 

contribution on the encoding process and use the-state-of-the-art image descriptors, which are 

created by deep convolutional neural networks [3], [4].  In addition to these, we use the 

traditional hand crafted image descriptors such as SIFT [5] and GIST [6].  

 

Self-Organizing Maps 

Self-organizing maps (SOM) can be considered as neural networks, which spatially order the 

responses of neurons. It is inspired from the biological fact that, in brain, the cells which are 

together generally respond together. In this iterative algorithm, the neurons are connected to 

each other by a predefined topology. When one neuron is updated, the neurons within the 

predefined neighborhood are updated as well as a result of the imposed structure. 

 

Figure 1: Illustration of SOM neuron update. 

 

Training of SOM is a competitive learning process, i.e., for each input vector, the best matching 

neuron is updated to match even more closely to the corresponding vector. As no closed form 
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solution is available for the problem above, iterative approximations such as stochastic gradient 

descent are used. The distance between neurons can be used to define the neighborhood 

relations [1]. In our approach we follow this method and define a number of nearest neurons to 

the winner neuron as the neighbor set and decrease this number exponentially with the 

iterations. The neuron update process for SOM is illustrated in Figure 1. As it can be seen, the 

winner neuron (green disc) and all the neighboring neurons around it (blue discs) are updated 

to match even better (to move closer) to the given sample (yellow disc).  

Multi-Dimensional Topology 

Generally self-organizing maps define the network topology in a 2D form [7]. Here in this 

project, we propose a multidimensional initialization for the imposed structure based on the 

Principal Component Analysis (PCA). As the number of neurons are predefined in SOM, we aim 

to distribute these neurons uniformly within the feature space. 

The proposed algorithm starts with transforming the training data using PCA, in order to obtain 

the principal components and the corresponding standard deviations. On each principal 

component, we perform 1D clustering using Max-Lloyd quantization, which is very similar to K-

Means [8]. To achieve the uniform distribution the number of centroids for each dimension is 

kept directly proportional to the standard deviation. After the centroids are distributed 

uniformly in the transform space, concatenating the centroids of each dimension for all the 

permutations, initial positions of the neurons are obtained.  

Here note that, the number of all the permutations is, λ1 × λ2 × … ×  λ𝐿, where λ𝑙 is the 

number of centroids on the 𝑙𝑡ℎ  dimension and 𝐿  is the number of centroid appointed 

dimensions. In order to ensure that the total number of neurons   𝐾 = ∏ λ𝑙
𝐿
1 , we select 𝐾 to be 

a power of 2, and we also distribute the centroids to the dimensions with the powers of 2. The 

algorithm that is used for the distribution of neurons among the feature space is given in Table 

1.   

Table 1: Pseudo-code for Multi-Dimensional Topology 
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Given: 𝑿: the set of input samples 

 𝐾: total number of neurons 

𝑘𝑙 : The number of centroids assigned to 

dimension 𝑙. 
𝑽: vector of standard deviations, 

𝑉𝑙: The standard deviation for dimension 𝑙. 

 Apply PCA on 𝑿 and obtain 𝑽 

 while ∏ 2𝑘𝑙 < 𝐾,  

o  𝑙∗ = max𝒍 𝑉𝒍,   

o 𝑉𝑙∗ = 𝑉𝑙∗/2 

o 𝑘𝑙∗ = 𝑘𝑙∗ + 1  

 Obtain 2𝑘𝑙  centroids on each dimension 𝑙 

 Concatenate all permutations of obtained 

centroids to initialize the positions of 

neurons. 
 

 

Residual Vector Quantization 

Residual Vector Quantization (RVQ) by Chen et al. [9]  is a significant example for VQ for nearest 

neighbor search. The authors propose to create hierarchical layers of quantization, where in 

each layer the residuals of the previous layers are quantized. Therefore, the optimization 

problem is split into 𝑀 problems and solved separately. RVQ can be formulated as given in (4). 

𝑀𝑆𝐸𝑄
(𝑅𝑉𝑄1)

= min
{𝑪1},{𝑩1}
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𝑁
∑ ‖(𝒙𝑖 − ∑ 𝑪𝑚𝒃𝑚𝑖

𝑀

𝑚=1

)‖

𝑁

𝑖=1

2

 (4) 

  

As it can be seen in the equation above, even the problem is split into 𝑀  layers, the 

optimization in each layer depends on the solutions of the previous layers. In other words, the 

selection of codevectors in each layer highly affects the selection of the codevectors in the next 

layers.  

In RVQ, each problem is solved using the K-Means algorithm. K-Means algorithm converges to a 

local minima in each layer, but when upper layers overfit to the data, the contribution of lower 

layers decreases, leading to inferior codebooks. In this project, we introduce a structure for 

each codebook, to prevent overfitting in higher layers and obtain better overall quantization. 

In RVQ’s top down hierarchical scheme [9], each codevector in a lower layer is a residual of the 

corresponding upper layer. In other words, we can consider the lower layer codevectors as 

replicated and put around each and every one of the higher layer codevectors. This is illustrated 
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in Figure 2. As a result of this scheme, the positions of lower layer codevectors are highly 

dependent on the positions of higher layer codevectors in the feature space. While this method 

has proved  to be a very efficient way of exponentially increasing the total number of 

codevectors, the connection between the higher and lower layers also helps the distribution of 

codevectors among the space [9]. 

 

Figure 2: RVQ connections (left) vs SOBFS connections (right). 

 

However, in the proposed method, we aim to add another connection among the codevectors, 

which are in the same layer, by using SOMs. It is an intuitive expectation that, the connections 

between the codevectors of the same and different layers will improve the quality of training, 

leading to lower quantization error and better retrieval results.    

Self-Organized Binary Feature Synthesis (SOBFS) 

As mentioned earlier, the proposed method uses SOMs in a top-down hierarchical order to 

perform quantization on vectors. At each layer, codevectors are calculated by training a SOM 

and then the best matching codevector (neuron weight) is subtracted from each sample in 

order to obtain the residuals similar to [9]. The residuals are carried to the next layer of 

quantization. Again, for this layer, a SOM is trained and the best matching codevector of the 

new SOM is subtracted from the residuals in order to obtain the next set of residuals and so on. 

This is repeated until the final layer is reached.  

Each layer of SOM is trained on the residuals of the previous layer, hence decreases the 

quantization error. Thanks to the initial structure of SOM, overfitting is evaded at each layer. 

Preventing the overfitting on upper layers, we can obtain a better quantization scheme, which 
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utilizes the lower layers more efficiently, and obtain better binary codes to represent the 

content of the image. For further technical details about the proposed method, the reader is 

referred to [2]. 

Evaluation 
We test the performance of the proposed method in two publicly available datasets, SIFT1M 

and GIST1M [10]. Both datasets consist of 1 Million samples. SIFT1M consists of 128-

dimensional SIFT vectors and GIST1M consists of 960-dimensional GIST vectors. We use the 

given training sets for training the codebooks and perform exhaustive search with the given 

queries. We use the parameters of 𝐾 = 256, 𝑀 = 8 for 64-bits and 𝑀 = 4 for 32-bits coding. 

The performance of the proposed method, SOBFS, is compared against Product Quantization 

(PQ) [10],  Cartesian K-Means (CKM) [11], Optimized Cartesian K-Means (OCKM) [12] and 

Residual Vector Quantization (RVQ) [9]. We also use recall@R performance metric, which is the 

average recall for the nearest neighbor in the first r retrievals, similar to the other methods in 

literature [10]. The results of the competing methods are taken from the provided figures in the 

original publications. The 32-bit and 64-bit encoding performances for SIFT1M dataset are given 

in Table 2 and in Table 3. For GIST1M, the results are presented in Table 4  and in Error! 

Reference source not found..  

Table 2: Results for SIFT1M, 32-Bit Codes 

 
recall@1 recall@10 recall@100 

PQ 0.052 0.230 0.595 

CKM 0.068 0.273 0.658 

OCKM NA 0.348 0.742 

RVQ NA NA NA 

SOBFS 0.010 0.348 0.731 
 

Table 3: Results for SIFT1M, 64-Bit Codes 

 
recall@1 recall@10 recall@100 

PQ 0.224 0.599 0.924 

CKM 0.243 0.638 0.940 

OCKM 0.273 0.680 0.945 

RVQ 0.257 0.653 0.946 

SOBFS 0.282 0.701 0.962 
 

Table 4: Results for GIST1M, 32-Bit Codes 

 
recall@1 recall@10 recall@100 

PQ 0.023 0.068 0.176 

CKM 0.054 0.142 0.396 

OCKM NA 0.172 0.468 

RVQ NA NA NA 

SOBFS 0.064 0.189 0.403 
 

Table 5: Results for GIST1M, 64-Bit Codes 

 
recall@1 recall@10 recall@100 

PQ 0.076 0.218 0.504 

CKM 0.118 0.334 0.715 

OCKM 0.130 0.358 0.719 

RVQ 0.113 0.325 0.676 

SOBFS 0.136 0.360 0.705 
 

 



11 
 

As it can be seen in the results from the corresponding tables, the proposed method 

outperforms the compared methods for recall@1 and recall@10 in all tests. For recall@100 the 

proposed method is outperformed by OCKM except SIFT1M 64-Bit test. The tests prove that 

the proposed enhancements on training and encoding have improved the search performance.  

Functionality of Innovation(s) 
The project includes two major novelties. The first one is the ImageTag concept, which is an 

efficient way of setting links between social media posts using visual content. Using this 

concept, it is aimed to integrate the semantic information obtained from the images, to the 

social media analysis. In order to make the automatic generation of ImageTags, a new binary 

feature synthesis algorithm is developed, which is the second novelty of this project. The 

developed algorithm is shown to outperform the-state-of-the-art on tests performed on 

publicly available benchmarks. With the help of this algorithm, images can be represented as a 

small string of characters, and relevant posts using the same or similar codes can be retrieved if 

desired.  

The Proposed Method: a Semi-Supervised Dirichlet-Hawkes Process 

(SDHP)  

Although some studies claim a topic’s generation depends on time [14], we assume a tweet’s 
posting time depends on its topic. 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[14], which defines K manually from very beginning, or implements 
univariate Hawkes Process[7], but ignores impacts from other topics. With assumption that a 
tweet’s posting time depends on its topic, this paper has proposed a semi-Supervised Dirichlet 
Hawkes Process (SDHP) to realize topic detection and tracking from tweet stream. 

 

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 in- formation is 
needed in order to make a satisfactory topic detection. This paper employs two kinds of 
supervision to facilitate topic detection from tweets. Hashtag Supervision and Relevance 
Kernel Supervision to facilitate topic detection from short message. 

Topic Evolution Process 
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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 some common scenarios 
where a tweet might be triggered. For example 

 Background-Excitation. Unexpected incidents, such as Brussels Attack, stimulate 

users to post tweets spontaneously and simultaneously.  

 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 to describe such phenomenon. 

 

EVALUATION 
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 below. 

 Data Set Description 
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 

Hilary 20160426 - 20160505 56358 

Trump 20160428  -20160505 708348 

 

RESULT VISUALIZATION AND ANALYSIS 
 

We use treemap to visualize the detected topics, because we have a three-level topic 
structure: topic-hashtag-word, and treemap can visualize hierarchical structure clearly and 
compactly. Topics are presented in the upper part of the Figure 3 below. 

Each color represents a topic, each small rectangle embedded in a topic represents a hashtag, 
and below the hashtag, we list several words to describe this hashtag. Each rectangle’s area 
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represents the topic’s or hashtag’s importance. As Figure 3 shows, we have detected 17 topics 
from“IPhonse SE” tweet collection from March 19, 2016 to March 25, 2016. Except for Topic 1, 
which describes iPhone in a general scope, most of others have very specific topic indications. 
For example, Topic 2 is about the ”Apple Keynote Event” which really happened in March 21st,  
Topic 3 is about technology issues, Topic 4 is about software, Topic 5 is about comparison 
among different iPhones, and so on. These topics, especially these important topics, reveal 
social focus on “IPhone SE”. In addition, SDHP has generated many interesting hash- tags. 
Hashtags attached with “*”are generated by our model instead of created by Twitter users. 
Good examples of those generated hashtags include “#tiny-iphones” in Topic 2, “#China-
preorder*” in Topic 10, “#Monday-live” in Topic 12, “# March-event” in Topic 13, “#guy-
wanted” in Topic 16, and so on. We can see that, although these hashtags are generated by 
machine, they are very specific and meaningful. 

We use alluvial diagram to visualize topic evolutions, because alluvial diagram is a type of flow 
diagram that can perfectly demonstrate changes in flow structure over time. In Figure 1, the 
middle part shows topic evolutions over days and the bottom part shows topic evolutions over 
hours within the day of March 24, 2016. The colors presented in topic flows are consistent 
with the ones in the topic treemap, indicating topic content for users to refer. The positions in 
topic flow indicate topics’ importance, the upper topics are more important than the lower 
ones. 

In the middle part of Figure 3, we can find that Topic 2 emerges in March 21st, and in reality, 
”Apple Keynote Event” happened exactly in that day. If we explore Topic 2’s emerging 
mechanism, we find it is mostly triggered by back- ground; it is very reasonable since “Apple 
Keynote Event” really happened at that day. In addition, Topic 6 and 8 also contribute to Topic 
2’s emergence. Both Topic 6 and Topic 8 are talking about “Marketing,” which is close related 
to Topic 2. 

From the middle part of Figure 3, we may think that in 24 March, one day before iPhone SE 
released, Topic 1 dominates. However, when we zoom in to check topic evolution by hours, 
we find that later in the day, Topic 10, which talks about pre-order issues, has taken over Topic 
1’s dominant position and become the hottest discussed topic. Because SDHP is developed 
based on continuous point process, it provides users with maximum freedom to check topic 
evolutions at any time granularity. 
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Figure 3: Visualization Demonstration 

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

March 25th, 2016 

(1) The upper part shows detected topics in a treemap form. One color represents a topic, and rectangle area shows 
the topic’s importance. Topics are illustrate in three levels: a topic is defined by ”#hashtags”, and a ”#hashtag” is 
defined words. We encode topics with the black numbers for a convenient reference in this paper. 
(2) The middle and bottom parts show topic evolutions in an alluvial flow diagram. The middle part shows topic evolution 
flows over days, and the bottom part shows topic evolution flows over hours within a day. To make a clearer 
illustration, we just highlight several topic flows 

 
 

Conclusions and Recommendations 
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In this project, we aimed to integrate the idea of semantic image retrieval to social media 

analysis by using the relation between posts with an attached visual content. In order to 

perform the similarity search in a fast and efficient way, we developed a novel binary feature 

synthesis algorithm, which provides a representation for images in terms of binary strings. As a 

future work, we aim to improve the performance of the feature synthesis in terms of search 

accuracy and complexity. We aim to observe the effect of the ImageTag concept on people’s 

interactions with social media and taking their reactions into account we aim to extend this 

concept to VideoTag and AudioTag. 

We also 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 hash- tag supervision 

and relevance kernel supervision provide positive effects on model’s performance. In addition, 

SDHP has implemented a Multivariate Hawkes Process as a frame- work 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 project 

has created a decent visualization to present a concise view about our analyzed results to users. 

Impact and Uses/Benefits   
The developed concept is beneficial for social media users and analysts in various ways. First, 

this new relation between the social media posts provides a brand new source of information 

for the analysts to investigate. Combined with the text information, it is expected to reach to a 

deeper understanding of social media. For the users, the proposed method provides an easier 

and faster access to desired information.  
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