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Abstract—TV drama is a kind of big data, containing 

enormous knowledge of modern human society. As the character-

centered stories unfold, diverse knowledge, such as economics, 

politics and the culture, is displayed. However, unless we have 

efficient dynamic multi-modal data processing and picture 

processing methods, we cannot analyze drama data effectively. 

Here, we adopt the recently proposed deep concept hierarchies 

(DCH) and convolutional-recursive neural network (C-RNN) 

models to analyze the social network between the drama 

characters. DCH uses multi hierarchies structure to translate the 

vision-language concepts of drama characters into diversified 

abstract concepts, and utilizes Markov Chain Monte Carlo 

algorithm to improve the retrieval efficiency of organizing 

conceptual spaces. Adopting approximately 4400-minute data of 

TV drama - Friends, we process face recognition on the 

characters by using convolutional-recursive deep learning model. 

Then we establish the social network between the characters by 

deep concept hierarchies model and analyze their affinity and the 

change of social network while the stories unfold. 

Keywords—social network analysis; concept learning; deep 

model; concept drift 

I.  INTRODUCTION 

Human beings are accustomed to analyzing daily events 
and expressing sentiment through understanding interpersonal 
relationships based on their social roles in the family or society. 
The “Role Theory” observes that the social roles determine 
human behaviors, which means that the analysis of social 
networks can help us to understand the interaction between 
individuals and the society [1]. From the perspective of 
computer engineering, TV dramas are a really suitable source 
of big data that can be used to analyze social relations. 
However, character relations within dramas cannot be simply 
obtained from specific events, these relations are embodied in a 
tremendous amount of abstract conceptual knowledge. These 
dynamic and multi-modal properties of drama limit the related 
analysis. 

Dramas contain a large quantity of knowledge, in which 
concept drift occurs with the changes in time. Thus, the 
construction of the knowledge network is required to be able to 
adapt to temporal variation and search in vector space high-
efficiently. Accordingly, B.T. Zhang et al. [2] proposed the 
Deep Concept Hierarchies model that meets these requirements. 
The learning mechanism of DCH inspired the process of child 

constructing the visually grounded concepts from multimodal 
stimuli [3]. DCH uses a method based on a Monte Carlo 
simulation for efficiently exploring the search space. The graph 
Monte Carlo method cannot only obtain the weight between 
the nodes, but also enlarge and shrink the scale along with the 
change in the learning model. This enables DCH to control the 
efficiency of searching in vast knowledge commons. DCH 
model is capable of updating the weight of the graph Monte 
Carlo in the process of learning, and observing new input data 
simultaneously. Constantly accumulating new knowledge leads 
to the ultimate achievement of robustly tracking the concept 
drift. 

In order to evaluate our methods, we adopt a drama dataset 
– “Friends”, including 183 episodes, which are 4400 minutes in
total. We first recognize the characters by using the 
convolutional-recursive deep learning architecture, and then 
construct the social network between the main characters 
through DCH model. As a result, the proposed social network 
framework is capable of capturing the visual-linguistic 
concepts at multiple abstraction levels. Furthermore, it can well 
observe the affinity and social networks between the characters 
as time changes. This illustrates that our method is applicable 
to parse other dynamic networks where patterns change over 
time. 

II. RELATED WORK

A. Object recognition and classification in videos 

In research related to the analysis of socially aware videos, 
the study of video semantic and narrative structure is a popular 
topic. With the improvement of the GPU parallel algorithm, 
video recognition, label-placement and event classification 
using deep learning models have made great progress. In [4], 
Multiresolution CNN architecture is used to recognize, label 
and categorize video data on a large scale. Multi-modality deep 
learning algorithm can also be used to combine visual and 
auditory clues in videos to conduct feature learning [5]. 
Similarly, [6] and [7] used movie tempos-based segmentation 
to integrate visual and auditory information and analyze events 
in the videos. In [8], spatio-temporal feature coherence is 
utilized to distinguish frequently occurring concepts in a large 
annotated video dataset. These methods are able to complete 
specific recognition and classification tasks well, contributing 
to recognition and searching in a large annotated video dataset. 
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Figure 1 An example of hyperedges Figure 2 Architecture of deep concept hierarchies 

B. Social rule Analysis from Video Data 

Compared with the studies in video recognition and 
classification, the research in analyzing the social relations in 
video data, emphasizing how to realize the knowledge 
contained in videos have bristled with difficulties. To deal with 
these problems, [9] recognizes events and social roles across 
videos through training the object interaction feature, social 
feature and spatio-temporal feature. Reference [10] recognizes 
characters through visual features and builds an affinity 
network through movie scripts that eventually display the 
relationships between the characters. In [11], a framework is 
proposed to analyze communities of movie characters and a 
RoleNet is established according to their relations. Processing 
sports videos, [12] conducts recognition of group activities 
through training labels according to the interactions between 
players and predicting their role labels such as “defenders” and 
“offenders”. Moreover, [13-16] recognized the characters’ 
social relations by the frequency of their co-occurrence in the 
scenes. However, in our work, we hope to conduct overall and 
progressive learning and analysis of the socially aware videos.  

III. OUR APPROACH 

Our purpose is to analyze the relationships of drama 
characters, from the extracted subtitles and corresponding 
images from the whole dataset of episodes, making it into 
scene-subtitles pairs. Then by utilizing the convolution neural 
network, we extract object patches from scenes and separate 
the subtitles into each individual word. The words and object 
patches are linked as image-word pairs to be saved into the 
database. This data generation is inspired from the process of 
how a human being remembers scenes and conversations from 
the dramas that he or she has watched. 

  

where M and N are the sizes of the textual and visual 
vocabularies. From the perspective of cognitive science, this 
type of data which combines images and texts conform to the 
grounded cognition feature of human beings, that is, the 
multisensor of vision, audition, languages, etc. The grounded 
cognition theory believes that the association area in the brain 
combines and saves multi-sensor information into concepts 
[17]. When the brain activates the concepts, the combined 
information is conveyed back to each sensor. 

A. Sparse population coding 

Sparse population coding (SPC) is a data encoding 
principle that is used to represent vision-language concepts 
[18]. SPC encodes data of n variables compactly using multiple 
subsets of size k by defining a microcode as a subset of image 
patches and words. Usually, subsets are sparse because k is far 
smaller than n. When an episode is the input, the empirical 
distribution of the scene-subtitles pairs can be expressed by 
sparse population coding.  

  

where hi and αi represent a microcode and its weight, showing 
a density function. Within the model parameter 𝜃 = (α，e), α 
and e  are the sets of M  microcodes and their weights 
respectively. The previous work shows that this data encoding 
principle can effectively solve the concept drift problem in the 
video data learning.  

B. Structure of Deep Concept Hierarchies 

In order to construct a conceptual network from the video 
data, we adopt the DCH model. Figure 2 represents the 
structure of the DCH model, which is a multilayer structural 
network. Its bottom layer, H, is a pool of hyperedges, which 
consists of Image-word pairs. These pairs are constituted by the 
higher-order patterns of image patches and words through the 
SPC model. Every node of the C

1
 layer is connected with a 

clustering of hyperedges from layer H. The number of nodes 
changes as the model learns the video.  

  

where 𝐡𝑚  is the hyperedge connected with the m-th node in 
layer C

1
, and the function 𝐷𝑖𝑠𝑡  is the sum of Euclidean 

distance of these edges. When 𝑆𝑖𝑚(𝐡𝑚)  is greater than the 
threshold value, the node will be divided into two, and the 
threshold value is determined by the mean value and standard 
deviation of 𝑆𝑖𝑚 . A node in C

2
 is a concept variable, 

corresponding to a character in the video. These nodes are 
linked with a portion of the nodes from C

1
, of which the 

connection is determined by the scenes and conversations 
between characters – the information from hyperedges. 

𝐷𝑁 = {(𝐰𝑡 , 𝐫𝑡)|𝑡 = 1, … , 𝑇}
= {(𝐰1, … 𝐰𝑀 , 𝐫1, … 𝐫𝑁)|𝑡 = 1, … , 𝑇} 

𝑃(𝐰(1), … 𝐰(𝑁), 𝐫(1), … 𝐫(𝑁)|𝜃) = 𝑃(𝒙(1), … 𝒙(𝑁)|𝜃)

= ∏ ∑ 𝛼𝑖𝑓𝑖(𝑥(𝑡)|ℎ𝑖)

𝑀

𝑖=1

𝑁

𝑡=1

 

𝑆𝑖𝑚(𝐡𝑚) = 𝐷𝑖𝑠𝑡(𝐡𝑚)/|𝐡𝑚| 
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C. Learning of Deep Concept Hierarchies 

As the input data are in need for making DCH, image 
patches and words are extracted from each group of the scene-
subtitles pairs in the drama. They are represented by binary 
vectors: w =  (w1, … wM)  and r =  (r1, … rN) . We define all 
the image-word pairs as a mini corpus and save it. When the 
model parameter O= (e, a) and the variable c of characters is 
given, the equation of the probability distribution of image-
word pairs will be as follows: 

  

where e is the pool of hyperedges and a is their weight. In the 
initial period, only a small amount of video data was adopted in 
DCH learning, hence the network was very simple. However, 
every time it learns a new episode, it seeks an optimized 
number of hyperedges and weight through the method of 
sequential Bayesian inference. 

  

where 𝐜𝟏 and 𝐜𝟐 represents whether the node in the layer exists 
and 𝑃𝑡   is the probability distribution of the variables at the t-th 
episode. When the data from the t-th episode is the input for the 
DCH model, the prior probability 𝑃𝑡−1(θ) is used to compute 
the likelihood and normalization, which eventually updates the 
posterior probability. Furthermore, the newly updated posterior 
probability 𝑃𝑡(θ)  will be the prior probability of the next 
episode. Thus, the formula (6) can be also represented as: 

  

where 𝐷𝑡  is the set of image-word pairs in the t-th episode. 
DCH learning uses a log function, leading the learning process 
to the direction where the log  likelihood achieves a local 
maximum.  

  

When the character and model parameter are given, the first 
item is used to calculate the generation of hyperedges, the 
second item is used to predict the relevance between characters, 
and the last item reflects the learning model in the last stage. 
Besides, the first item can be divided into both the image 
patches and words. 

  

Here, the probability of generating a certain word and image 
patch is derived from the following:  

  

  

  

where d is the d-th scene-subtitles pair in an episode, Sm is the 
m-th value of s, ec is a set of the hyperedges, whose value of 
nodes connected with C

2
 is 1, and ei

w is the unit vector of the 
i-th hyperedge. In the initial period of learning, the frequency 
of image patches and words contained in a hyperedge that 
occur in a new episode determines the weight of this hyperedge. 

  

where r(d) ∙ ei
r represents the inner product of the data r(d) and 

its vector of words and image in the i-th hyperedge,   so as 

w(d) ∙ ei
w  , which means the level of similarity between the 

new data and the data contained in the hyperedges and it will 
increase as the level of similarity becomes higher. g(ei) is the 
geometric mean of the tf-idf value of the words contained in ei , 

𝑃(𝐫, 𝐰|𝐜) = ∑ 𝑃(𝐫, 𝐰|𝐞, 𝛂, 𝐜)𝑃(𝐞, 𝛂|𝐜)

𝒆,𝜶

 

𝑃𝑡(𝐞, 𝛂, 𝐜𝟏|𝐫, 𝐰, 𝐜𝟐)

=
𝑃(𝐫, 𝐰|𝐞, 𝛂, 𝐜𝟏, 𝐜𝟐)𝑃(𝐜𝟐|𝐞, 𝛂, 𝐜𝟏)𝑃𝑡−1(𝐞, 𝛂, 𝐜𝟏)

𝑃(𝐫, 𝐰, 𝐜𝟐)
 

𝑃𝑡(𝐞, 𝛂|𝐫, 𝐰, 𝐜)

∝ ∏{𝑃(𝐫(𝒅), 𝐰(𝒅)|𝐜, 𝐞, 𝛂)𝑃(𝐜|𝐞, 𝛂)𝑃𝑡−1(𝐞, 𝛂)}

𝐷𝑡

𝑛=1

 

𝜃′ =
argmax

𝜃
[{∑ (log𝑃(𝐫(𝑑), 𝐰(𝑑)|𝐜(𝑑), 𝐞, 𝛂)

𝐷𝑡

𝑑=1

+ log𝑃(𝐜(𝑑)|𝐞, 𝛂))

+ 𝐷𝑡log𝑃𝑡−1(𝐞, 𝛂)}] 

log 𝑃(𝐫(𝒅), 𝐰(𝒅)|𝐞, 𝛂, 𝐜𝟏, 𝐜𝟐)

= ∑ log 𝑃(𝐫(𝒅)|𝐞, 𝛂, 𝐜𝟏, 𝐜𝟐)

𝑁

𝑛=1

+ ∑ log 𝑃(𝐰(𝒅)|𝐞, 𝛂, 𝐜𝟏, 𝐜𝟐)

𝑁

𝑛=1

 

𝑃(𝐰𝒎
(𝒅) = 𝟏|𝐞, 𝛂, 𝐜𝟏, 𝐜𝟐) = 𝐞𝐱𝐩 (𝑺𝒎

𝐰 − ∑ 𝜶𝒊

|𝐞𝐜|

𝒊=𝟏

), 

𝑃(𝐫𝒏
(𝒅) = 𝟏|𝐞, 𝛂, 𝐜𝟏, 𝐜𝟐) = 𝐞𝐱𝐩 (𝑺𝒎

𝐫 − ∑ 𝜶𝒊

|𝐞𝐜|

𝒊=𝟏

), 

𝐬. 𝐭.  𝑺𝒘 = ∑ 𝜶𝒊

|𝐞𝐜|

𝒊=𝟏

𝒆𝒊
𝒘, 𝑺𝒓 = ∑ 𝜶𝒊

|𝐞𝐜|

𝒊=𝟏

𝒆𝒊
𝒓 

 

 

𝜶𝑖 = ∑{𝑔(𝐞𝑖)𝑓(𝐫(𝒅), 𝐰(𝒅); 𝐞𝑖)}

𝐷

𝑑=1

, 

s. t. 𝑓(𝐫(𝒅), 𝐰(𝒅); 𝐞𝑖) = {
1,
0,

  𝑖𝑓 
(𝐫(𝒅) ∙ 𝐞𝑖

𝐫 + 𝐰(𝒅) ∙ 𝐞𝑖
𝐰)

𝐞𝑖𝐞𝑖
𝑇

> 𝐾 

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

 𝜶𝑖
𝑡 = 𝜆𝜶𝑖 + (1 − 𝜆)𝜶𝑖

𝑡−1 

 

Figure 3 The learning process of DCH 
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Episode 1 Episode 23 

Episode 92 Episode 183 

Figure 5 PCA plot of microcodes associated with the concrete concept nodes  Figure 4 Examples of scene-subtitles representation 

which is used to exclude the situations when some functional 
words achieve extremely high weights. 𝐾  is a positive real 
number less than 1, and 𝜆 is a moderating constant. Here, the 𝜆 
is set to 0.9. We can derive from this equation that the first item 
in the equation (7) will be bigger if the new data are more 
similar to the data contained in the model. 

Among the enormous set of image patches extracted from 
the drama, many of them represent the same objects. To 
address this problem, the indicator function is used in the 
model to calculate the level of similarity between two different 
image patches. 

  

The similarity discrimination function S(v, u)  is used to 
compute the L2 distance of the feature vectors of two image 
patches – uv, uc  and vv, vc . Besides, γ  is to adjust the 
equilibrium relationship between two feature vectors. If the 
value of S(v, u) is less than the threshold value, we consider 
that v and u are image patches that represent the same object. 
Figure 3 gives the whole learning process of DCH model.  

D. Character Recognition method 

In order to recognize the characters in the drama, we adopt 
the C-RNN model for face recognition [19]. The C-RNN 
model includes two parts – the bottom layer is a monolayer of 
convolution neural network (CNN), while the upper layer is a 
tree structure of deep recursive neural network (DRNN). The 
learning process of this model can be divided into four parts: 

i. Extract human facial areas by face detection, then conduct 

normalization and whitening to the human face images, and 

finally cluster them by using K-means. 

ii. Automatically extract convolution vectors from the human 

face images by using the monolayer CNN. 

iii. The extracted feature vectors are input into the tree 

structure of DRNN, and then proceeds to recursive 

unsupervised learning. 

iv. The top layer vectors in DRNN structure are input into the 

Softmax classifier to be categorized and labeled.  

IV. EXPERIMENTAL RESULTS 

A. Data Preprocessing and  Parameter Setup 

We use TV drama data – from the sitcom “Friends” 
consisting of 183 episodes and 4400 minutes of total playing 
time – as a testbed for our experiments. One of the reasons for 
using this TV drama is because the actors or actresses does not 
change throughout the story. This avoids drastic conceptual 
changes and enables us to track the concepts of characters 
robustly, reducing the difficulty of our work. The whole video 
is converted to approximately 600,000 image-text pairs. In 
order to distinguish the six leading characters, we made 6000 
face data to train the C-RNN model. In the model parameters, 
monolayer CNNs are set to 128 convolution filters, the number 
of RNNs in the DRNN layer is set to 64. The final outcome of 
the recognition rate is 89.0%. By using C-RNN, we can extract 
image patches of faces characters in each image. For others 
objects, e.g. chair, lamp, cup, we use the R-CNN [20] model. 
Each image patch is represented by the CNN feature vector of 
4096 dimensions.  We separate the subtitles into individual 
words and transform them into vectors of 200 dimensions by 
word2vec [21].  

B. Social Network Representation 

The DCH model is a weighted network. We use the PCA 
algorithm to visualize the hyperedges in the model. Figure 5 is 
the result of the hyperedges of the nodes in C

1
 that connect 

with the six characters mapping on plane space. From the 
mapping results of the PCA algorithm, we can see that, as the 
stories unfold, the high-order patterns gradually become 
communities on the plane. The hyperedges related to one 
character intensively lies in one community, which becomes 
more and more obvious as the stories unfold. This also 
demonstrates that the DCH model is gradually enlarging the 
scale of concepts. 

We use the DCH model to analyze the social network of 
every leading character. As the weight of the hyperedges 
connected with C

2
 in the DCH model represents their degree of 

correlation with the character, we consider that the common 
hyperedges between the two characters can be used to quantize 

𝑆(𝑣, 𝑢) = √∑(𝑣𝑖𝑗
𝑉 − 𝑢𝑖𝑗

𝑉 )
2

𝑖,𝑗

+ 𝛾√∑(𝑣𝑖𝑗
𝐶 − 𝑢𝑖𝑗

𝐶 )
2

𝑖,𝑗
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and evaluate the affinity between them. Figure 6 shows the 
affinity net when the DCH learns 10 and 49 episodes 
respectively. The number of lines matching two characters in 
the graph represents the number of their shared hyperedges. 
The histograms shows the sum of the weights of hyperedges, 
which means that higher statistics reflect strong affinity. The 
graph demonstrates that there are few correlations between the 
characters until episode 10, while their social networks are 
strongly correlated in episode 49. In general, we can find that 
Ross, Joey and Phoebe have higher statistical values than the 
other three. Particularly, from Figure 6 (b), within Monica’s 
social relations, Ross is the closest with her. In fact, in the 
drama, Ross is Monica’s brother, which matches with and 
explains our result. Utilizing this information, we can infer 

other related information such as appearance rate, the rate of 
actors’ lines and the importance of the characters.  

 Figure 7 displays the joint vision-language concept maps 
around the six leading characters as they evolve over the 49 
episodes. With the help of a professional tool for social 
network analysis, we can clearly observe that some image 
patches and words surround the characters. The closer the node 
from the center, the bigger the weight it represents. For the 
convenience of our observation and analysis, we only keep the 
nodes with high weight. We observe that the connectivity of 
the visual-linguistic map grows as more episodes are learned. 
Figure 7 (a) is the observation of the social networks in episode 
10. The number of nodes shared by two characters reflects the 
correlation between them. Figure 7 (b) is the observation of the 
social networks from episode 1 to 23, from which we can find 

(a) Until Episode 10 (b) Until Episode 49 
Figure 6 Affinity between characters 

Rachel Green 

Monica Geller 

Phoebe Buffay Joey Tribbiani 

Monica Geller 

Phoebe Buffay Joey Tribbiani 

Ross Geller 

Chandler Bing Rachel Green 

Ross Geller 

Chandler Bing 

(a) Until Episode 10 (b) Until Episode 23 
 

 
  

  

  
  

Figure 7 Evolution of the social network for characters 
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that the characters are connected by more nodes and the social 
networks become more complicated. This also proves that the 
characters become more correlated, as the stories unfold, which 
conforms to our results from Figure 6.  

By using this social network analysis, we can intuitively 
and effectively observe the process that inter-character 
relations change over time. This information enables us to do 
some interesting further work, such as summarize the flow of 
stories and predict the direction of future stories.  

V. CONCLUDING REMARKS 

We have presented a framework that can help us analyze 
the change of the social network of TV drama characters. This 
method is capable of automatically constructing knowledge 
from continuous sentences and scenes, forming a visual-
linguistic concept network. Its characteristic makes it 
competent to track concepts in online situations like in TV 
Dramas, which tackled the problem of concept drift existing in 
online learning. Furthermore, we use the C-RNN model to 
recognize the faces of the characters, and construct a concept 
net of the six main characters by the DCH model. In the 
experiments, we observed the process by which the affinity 
between characters and their social networks change over time. 
As a next step, our approach can be extended to the online 
social platform – SNS to analyze the more complicated and 
diversified social networks in real life.  
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