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Abstract— Concepts have been widely used for categorizing 

and representing knowledge in artificial intelligence. Previous 

researches on concept learning have focused on unimodal data, 

usually on linguistic domains in a static environment. Concept 

learning from multimodal stream data, such as videos, remains a 

challenge due to their dynamic change and high-dimensionality. 

Here we propose an evolutionary method that simulates the 

process of human concept learning from multimodal video 

streams. Two key ideas on evolutionary concept learning are 

representing concepts in a large collection (population) of 

hyperedges or a hypergraph and to incrementally learning from 

video streams based on an evolutionary approach. The 

hypergraph is learned "evolutionarily" by repeating the 

generation and selection process of hyperedge concepts from the 

video data. The advantage of this evolutionary learning process is 

that the population-based distributed coding allows flexible and 

robust trace of the change of concept relations as the video story 

unfolds. We evaluate the proposed method on a suite of 

children’s cartoon videos for 517 minutes of total playing time. 

Experimental results show that the proposed method effectively 

represents visual-textual concept relations and our evolutionary 

concept learning method effectively models the conceptual 

change as an evolutionary process. We also investigate the 

structure properties of the constructed concept networks. 

Keywords— concept learning; concept evolution; multimodal 

concept network; hypernetworks; 

I. INTRODUCTION  

Concepts are a mental representation that can categorize 
objects or existences in the real world and automatic 
construction of concept relations has been a core problem in 
artificial intelligence [1]. Especially, semantic networks have 
used concept relations for knowledge representation for a long 
time since proposed in 1960s [2] and they have been applied to 
various problems based on ontology construction such as 
WordNet [3] for machine translation [4], information 
categorization and retrieval [5-6]. Despite their successful 
applications, however, most studies on construction of concept 
networks have mainly focused on computational linguistics and 
or linguistic information retrieval. Considering the recent 
explosion of multimedia data such as images and videos, it is 
necessary to extend the scope of concept networks from text 
data to various modality including visual and auditory data in 
aspect of knowledge representation and acquisition but there is 
little studies on multimodal concept relations yet. Although 

there are several research on multimodal data analysis [7-10], 
they focus on problem-solving including image auto-tagging, 
text-based image retrieval, and video search rather than 
knowledge representation and acquisition.  

Construction of multimodal concept network from 
multimodal data like videos is a challenging issue due to the 
following problems: 

i) How to extract and represent semantic concepts from 
images 

ii) How to deal with large scale and high-dimensionality 
that are the characteristics of multimodal data 

iii) How to treat the dynamic property of multimodal data 
like video that concept relations in the contents 
continuously change as the video stories proceed.  

Here we demonstrate a concept learning method from video 
data streams by evolving hypergraph structure, i.e. multimodal 
hypernetworks. We use a flexible hypergraph structure which 
allows for the continuous increment of concept nodes as the 
progress of the video data and higher-order relationships 
among concepts. A vertex in a multimodal hypernetwork 
denotes a concept represented as a partial image (visual patch) 
or a text word, and a hyperedge characterizes an arbitrary 
higher-order relationship among more than three concepts 
same as [10-11]. This representation resembles concept cell 
principle based on sparse population coding in human brain 
[12]. Each visual patch is extracted from images with 
maximally stable external regions (MSER) [13] and  the patch 
is represented as an occurrence vector of SIFT descriptors [14]. 
When the given video involves new concepts, unlike other 
learning models such as deep learning, proposed model 
structure can are flexibly evolved by adding new nodes 
corresponding to the new concepts and generating hyperedges. 
Moreover, modifying current hyperedges, the model is capable 
of searching combinatorial feature space. Therefore, 
multimodal hypernetwork represent higher-order semantic 
relationships among textual and visual concepts with flexibility.  

Multimodal hypernetworks use a subsampling-based 
evolutionary and incremental methods for efficiently learning 
the concept relations characterized as a combinatorial feature 
space. For dealing with the video stream, a sliding window 
approach is used instead of a batch method and the windows 
are defined as a sequence of video scene and its caption 
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sentence pairs. Each hyperedge is generated by 
probabilistically selecting text words and visual patches from 
scene-sentence pairs and the weight of a hyperedge reflects its 
contribution to the window data reconstruction that is defined 
as the model fitness, assuming that higher reconstruction 
accuracy reveals more correct concept relationships. The 
multimodal hypernetwork evolve by repeating the hyperedge 
generation and selection for each pair. An elitism approach is 
used for hyperedge selection based on the weight. The evolved 
hypernetwork is converted to a multimodal concept network 
(MCN) characterizing the closeness between two concepts. 
Consequently, the proposed model can feasibly learn the 
concept relation from large-scale video stream and robustly 
trace the change of concept relationships.  

We use a children’s cartoon video entitled ‘Maisy-ABC’ 
for evaluating our model. A cartoon video is a suitable testbed 
because it has explicit storylines with multimodal textual-
visual concepts and the concept relations continuously change 
as the story goes on. The video consists of six episodes with 
517 minutes playing time. Experimental results show our 
model precisely represents the concept relationships from 
video streams and robustly traces the concept changes as the 
story proceeds. Moreover, we present how to evolve the 
multimodal concept network as the video story goes on.  

 The remainder of this paper is organized as follows. 
Section II shows the multimodal concept network and how to 
deal with the video stream data. We explain the evolutionary 
method for multimodal hypernetworks to incrementally learn 
concept relationships in detail in Section III. The experimental 
results are reported and discussed in Section IV. Section V 
draw conclusions.  

 

II. MULTIMODAL CONCEPT RELATIONS 

A. Multimodal Concept Networks 

A concept is generally considered as meaning of words that 
are defined as a context set where word occurs in text 
documents or represented in network connectivity revealed by 
statistical analysis of a text corpus [15].  The concept have 
largely been used for categorization [5] and knowledge 
representation such as WordNet [3]. 

When concepts are extended from textual domain to visual 
domain, they are represented as pairs of images and text words. 
These concepts can be semantically related to each other and 
the concept relations can be represented as a network structure, 
thus constructing a multimodal concept network. 

A multimodal concept network (MCN) is defined as a 
undirected graph consisting of nodes, which correspond to 
concepts represented as text words or visual patches, and edges 
that characterize semantic relationships between concepts. 
While an edge in a conventional semantic network is defined 
as a verb which means a concept relation including ‘is-a’, ‘is a 
part of’, ‘lives in’ and so on, an edge in MCNs corresponds to a 
statistical association. Instead, all types of words are 
represented as a node as shown in figure 1(d) and it has a 
weight reflecting closeness between two concepts. A 

multimodal concept network focuses on representing glocality 
[16] of the concept, while traditional semantic networks 
characterize the concept relations based on symbolic formula. 

 

B. Concepts from Video Streams 

Learning concept relations from video streams requires two 
assumptions: 

(i) A video stream can be considered as a sequence of pairs 
of a captured scene image and its caption sentence. 

(ii) The scene images and sentences includes concepts 
reflecting the story context and the concepts are 
represented as text words or visual patches. 

For data preprocessing, caption sentence is converted to a set 
of words excluding exclamations. Visual patches are 
represented as histogram vectors of SIFT descriptors and 
generated from scene images as follows: 

(i) Regions used to concepts are extracted from images by 
MSER. The maximum and minimum ratio of the region 
size to the image size is larger than 0.01 and less than 0.3.  

(ii) Raw 128 dimensional descriptors are generated from all 
images of episode 1 by SIFT and the raw descriptors are 
clustered to 1,000 centroids by k-means clustering.  
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Fig. 1. Video steam and concept representation. A video is represented 

as a sequence of scene-sentence pairs (a) and scene images and sentences 
are converted to the sets of visual patches and textual words 

characterizing concepts, respectively (b). Multimodal hypernetwork 

incrementally learns higher-order concept relations from the visual and 
texual sets with subsampling-based evolutionary method (c). Multimodal 

concept relations can be constructed to a graph from the evolved 

hypernetworks (d).  
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(iii) A region of each image is converted to an occurrence 
vectors of 1,000 clustered SIFT descriptors in the region 
based on location information of the region and SIFT 
descriptors. A visual patch is defined as a region which is 
represented as a SIFT descriptor vector.  

(iv) All visual patches in episode 1, are clustered to 1,000 
patch clusters by k-means clustering based on L2-
distance between occurrence vectors of SIFT descriptors.  

Moreover, visual patches are clustered by k-means 
clustering based on L2-distance between their SIFT histogram 
vectors and we assume that the patches in the same cluster 
encodes the same concept. The number of clusters are not fixed 
but consecutively increases as observing more episodes by 
detecting outlier patches and using the outliers as a new 
centroid. Fig. 1 shows an example of a sequence of scene-
sentence pairs from a video stream (a) and the sets of visual 
patches and words (b).  

Formally, a scene-sentence instance x is formulated to 

{ , }x v t , where v and t denote the subsets of visual patch 

cluster and text vocabulary. For example, an instance x 
including two patch clusters-{1, 3} and two words-{‘I’, ‘you’} 

is represented as { , }x v t = {1, 3, ‘I’, ‘you’}. 

 

III. EVOLUTIONARY CONCEPT LEARNING 

A. Multimodal Hypernetworks 

A hypernetwork is a higher-order model based on a flexible 
hypergraph structure [16]. A vertex and an hyperedge 
correspond to a feature or a data variable and an arbitrary 
relationships among two or more vertices in hypernetworks. 
Therefore, a hypernetwork is regarded as a large collection of 
hyperedges and it characterizes higher-order association with 
features. Formally, a hypernetwork H is defined as a triple 
H=(V, E, W) where V, E, and W denote a set of vertices, 
hyperedges, and hyperedge weights. Each hyperedge is defined 
as a subset of V. Since then, it has been proposed as a 
simulation model for DNA molecular computing [17], 
hypernetworks have successfully been applied to a wide range 
of domains including pattern recognition [18], biological data 
analysis [19], neuro-image data analysis [20], image retrieval 
[10], and cognitive modeling [11].  

Multimodal hypernetwork is a hypernetwork where a 
hyperedge encodes an association with two or more modality 
features by defining different modal features to a vertex set 
[10]. This representation In human cognitive process, different 
regions of brain are responsible to process different modal 
stimuli [21]. Concept learning via multimodal hypernetworks 
imitate that a child watches a cartoon video and memorize the 
concepts represented as textual-visual information and their 
relations in the story context. For modeling concept relations 
with multimodal hypernetworks in this study, a vertex 
represents a text word or a visual patch, a small segment of 
image, encoding a concept and an hyperedge corresponds to an 
higher-order textual-visual concept relation. Fig. 1(c) illustrates 
a multimodal hypernetwork consisting of hyperedges encoding 
textual and visual concepts. 

The i-th hyperedge ei is formally defined as the subset of 
the visual patch cluster set and the text word set: 

1 1{ ,..., , ,..., }i i iM i iNe v v t t  

where M and N denote the number of visual patches and words. 
The weight of ei w(ei) is defined as a function reflecting the 
contribution of the hyperedge to fitness value of the model.  

B. Evolutionary Learning of Multimodal Hypernetworks 

Multimodal hypernetworks use an evolutionary method for 
efficiently learning concept relations from video streams, thus 
avoiding the combinatorial nature of the problem. Learning of 
multimodal hypernetworks consists of three parts: hyperedge 
generation, measurement of reconstruction error, and 
hyperedge selection, which correspond to variation, fitness 
computation, and selection in a conventional evolutionary 
computation. This evolving process is repeated during a 
specific generation for each observed instance. Because the 
video data are consecutively given as a steam, the multimodal 
hypernetworks learn concept relations and trace the story by 
continuously conducting the evolving process until the 
sequence of data finishes. Fig. 2 explains algorithm for 
evolving multimodal hypernetworks. 

 

1) Hyperedge generation 
A hyperedge in hypernetworks corresponds to a 

chromosome in conventional evolutionary methods. However, 
the subject of evolution is rather the hypernetwork structure, 
which is the population of hyperedges, than a hyperedge itself. 
Hyperedges are generated by selecting and combining several 
textual-visual concepts from a given scene-sentence instance. 
For selecting concepts, we use the occurrence frequency of 
concepts of all hyperedges in the model. This approach is 
similar to estimation of density algorithms (EDAs) where 
chromosomes are generated based on the probability of each 
gene variable [22]. When an instance x and the multimodal 
hypernetwork H are given, specifically, each hyperedge is 
generated as follows: 

Algorithm 1: Evolutionary Learning of Multimodal HNs 

E: a hyperedge set, R: the generation number for each instance 

W: a hyperedge weight set, N: the size of data stream 

V: a vertex set 

H ←{}, E ←{}, W←{};  

For n ← 1to N 

    V ← V ∪ ( )n

newV ; 

    For i ← 1 to R 

    ei ← Generate(En-1, v
(n), t(n));  

    wi ← Initialweight(W” ) ;                       

E’ ← E’ ∪ ei;  E” ← E∪ E’; 

W’ ← W’ ∪ wi; W” ← W ∪ W’; 

ˆˆ( , )v t ← ReconstructData(W”, E”);               

         (E”, W”) ← Select(W”, E”, ˆˆ ,  v t , v(n), t(n)); 

End For 

E ← E” ; W ← W” ; H ← (E, W);  

End For 

Fig. 2. Algorithm for evolving multimodal hypernetworks. 
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(i) Calculate the probability of each visual and textual 
concept Q(x) from the hyperedge set E: 
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where C is a constant for reflecting the preference of the 
majority in concept selection. When C is large, Q(x) 
follows a uniform distribution and concepts are 
randomly selected without any priority. 

(ii) Select M visual patches and N text words based on the 
probability P(x) from the given instance x and combine 
them to make a hyperedge: 
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                                  (2) 

(iii) Set initial weight of the generated hyperedge and add 
the hyperedge and its weight to E and W. 

 

2) Measuring fitness value 

The fitness value of model is defined as the reconstruction 

error that is the difference between the given scene-sentence 

data and the reconstructed data from the multimodal 

hypernetworks. Formally, the reconstruction of the given 

scene-sentence instance x is to reconstruct a data instance 
ˆˆ ˆ( , )x v t  and the fitness value is formulated to: 
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where  |x| is the size of x and  is the window size. 
larger  means the model observes more data and the learning 
is a batch style when  is equal to the total length of the video 
stream sequence. In contrast, the learning is instant and 
immediate when  is 1.  

The reconstructed instance x̂  is specifically generated from 
the model as follows: 

(i) Select an visual patch and a text word that are used as 
seed concepts from the observed original instance x 
randomly. 

(ii) Make a set E’ consisting of hyperedges including v or t 
as a vertex from E. 

(iii) Compute the score of concepts composing all 
hyperedges in E’ by summing the hyperedge weights 
per each concept. 

(iv) Make a visual concept set v̂  and a textual concept set 

t̂  with concepts with largest score. The set size is same 

as |v| and |t| of the original instance. 

 

 

3) Hyperedge selection 
Selecting hyperedges and generating new hyperedges 

enhance the diversity of multimodal hypernetworks. The 
criterion for selection is the weight, which reveals the degree of 
contribution of each hyperedge to correctly reconstructing the 
data. The weight is updated after every reconstruction: 
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The initial weight of the first generated hyperedge from the 
first observed scene-sentence instance is 1. Hyperedges with 
relatively small weight are removed from the model after the 
weight update process, and the amount of removed and 
generated hyperedges is given as a parameter. Then, the 
weights are normalized so that the sum of the all hyperedge 
weights is 1. Because the weight of microcodes contributing to 
correct and incorrect reconstruction goes larger and smaller, 
respectively, the fitness value increase by the weight update. 

Therefore, the model incrementally learns concept relations 
in new observed data, thus tracing the change of stories from 
the streams. 

 

C. Constructing a Multimodal Concept Network from Evolved 

Multimodal Hypernetworks 

A multimodal concept network is constructed by 
converting hyperedges of the evolved hypernetwork to cliques 
and connecting  edges sharing common concepts. The weight 
of a relation between two concepts is the value accumulating 
the weight of hyperedges including the relation. Therefore, the 
weight of the edges in a multimodal concept network reflect 
the closeness between two concepts considering higher-order 
relationships.  

IV. EXPERIMENTAL RESULTS 

A. Data and Experimental Setup 

We evaluate our method on a children’s cartoon video 
entitled “Maisy-ABC.” The main story of the video involves 
that Maisy is a mouse and plays various games with his friends 
consisting of various animals such as rabbits, crocodiles, 
leopards, and so on. The video consists of six episodes with 

TABLE I.  COMPOSITION OF ‘MAISY-ABC’ 

Episode 1 2 3 4 5 6 Total 

Time 
(min) 

101 100 67 105 73 71 517 

# of 
pairs 

801 843 451 697 353 333 3,478 
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total 517 minutes of playing time and the stream is represent as 
3,478 scene-sentence pairs. Table I illustrates the constitution 
of the data. The textual and visual vocabulary sizes are 1,122 
and 1,994, respectively. Parameters for experiments are setup 
as shown in table II.  

B. Multimodal Concept Networks from Cartoon Videos 

Fig. 3 compares MCNs constructed automatically from an 
evolved multimodal hypernetwork (a) and generated manually 
by human (b). First, the concept relations are built by watching 

the video stream from the start. Moreover, two concepts are 
connected as a relation based on the scene caption and after a 
concept has been made, the image of the concept can make 
relation from the context. As show in Fig. 4, we indicate that 
not only our method can make basic concepts by captions, but 
also build concepts that can be made from the flow of the 
context.  

Fig. 4 presents the degree distribution of concept nodes in 
the multimodal concept network. We indicate that the concept 
network derived from the evolved model follows Zipf’s law 
that is a discrete power law in corpus of natural langue 
utterances [23] and this means that the proposed evolutionary 
learning method allows the model to reflect the natural 
property of the data.  

C. Evolution of Multimodal Concept Networks 

We report the results in aspect of the evolution of  MCNs 
as the story goes on. Fig. 5 presents the reconstruction error 
whenever observing a new scene-sentence pair. The errors of 
both modalities are decreased to approximately 10~20% by the 
evolutionary learning. Interestingly, the errors of early steps of 
the video are larger in later observations and those of later 
steps are higher in more recent observations in both modality 
reconstruction. This result presents the interference occurs in 
reconstruction by concepts in previously generated microcodes 
and this phenomenon resembles the confusion by interference 
in human working memory [24]. Fig. 5(c) illustrates the 
average reconstruction error of 20 early scene-sentence pairs of 
the video stream. We indicate that at least 40% of information 
on early parts remain in the model even if our method focuses 
on instantly learning a new observed instance.  

Fig. 6 shows the evolution of the concept networks as the 
increase of observed episodes. For two concepts including 
‘maisy’ and ‘mouse’, (a) presents the concept network after 
watching episode 1 only and (b) shows the network after 
observing all episodes. As shown in Fig. 8, the network of (b) 
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Fig. 4. Degree distribution of concept nodes for Maisy-ABC. Y-axis 

denotes degree of nodes in log scale and x-axis is rank of nodes in log 

scale. The degree distribution follows power law, especially Zipf’s law. 

TABLE II.  PARAMETER SETUP 

Parameters Values 

Number of clustered SIFT descriptors 1,000 

Number of visual patch clusters 300 

Number of visual patches in a hyperedge 2 

Number of words in a hyperedge 3 

Number of generated / selected hyperedges per 
generation on each scene-sentence instance 

2 / 1 

Number of generation on an instance 10 

Size of a window 1 
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(a) Concept network generated by human after watching the video.  
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(b) Concept network constructed by evolving hypernetworks. 
 

Fig 3. Multimodal concept network constructed by the proposed method 

and human. 

1190



become larger and more complex than (a) because two 
concepts are related to more other concepts through the 
episodes. In Fig. 8, the numbers of the nodes adjacent to two 
concepts and edges connecting them increase from 122 and 
252 to 232 and 627, respectively.  

Fig. 7 illustrates the increase of the textual and visual 
vocabulary sizes in the constructed concept network. As it 
shows, our method only extract significant words and images 
to build concept network. If the words and images increases 
linearly, the model is difficult to be applied to real-world large 
scale data. Moreover, even if a new video stream is provided, a 
word or image that has been previously extracted as a concept 
will not increase anymore and saturate into a certain degree. 
This statement can be verified by Fig. 8 which is about a 
growth of a certain node degree. Tracing a certain word, for 
example, word ‘rabbit’ continues to appear in every video. 
However it only updates the degree not increasing the memory 
usage and saturates to a certain degree. Additionally, about Fig 
8, it can also be interpreted as a measurement of importance in 
constructing a concept network. As the story proceeds to the 
end, word ‘maisy’ is getting more important while ‘rabbit’ only 
indicates low importance in the story.   

 

V. CONCLUDING REMARKS 

We have presented a method for automatically constructing 
concept relations from video stream data. Two key components 
of the method are a hypergraph representation of relational 
concepts and a subsampling-based evolutionary method for 
learning the representation incrementally from a sequence of 
multimodal data. We have demonstrated the capability of the 
multimodal concept networks to flexibly capturing and tracing 
the conceptual changes in the stories of children’s cartoon 
videos. The flexibility of the representation comes from 
hypernetwork model structure which is a large population of  
relational concepts. Multimodal hypernetwork also facilitates 

 
Fig. 6. Evolution of the concept networks for ‘mouse’ and ‘rabbit’ from 

Episode 1 to Episode 6 (Maisy-ABC).  
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Fig. 7. Growth of vocabulary sizes as the concept network evolves. 
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Fig. 5. Reconstruction error (fitness value) as the progress 

of generations for a new observation. First 10% denotes the 

reconstruction error when the first 10% (early part of the 

video) of scene-sentence data among the stream are given 

as a new observation. Last 10% is the latter part of the 

stream. (c) shows the average reconstruction error of 20 

early pairs of the video as the learning proceeds. 
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the incremental learning in a changing environment since a part 
of the hyperedge set can chase the change while the rest of the 
set stays with the invariant concepts over the time. The trade-
off between the short-term adaptation and the long-term 
persistency, or the exploitation versus exploration trade-off, 
can be made by balancing the model size and the evolutionary 
strategy. In this work, we have focused on the flexibility of the 
representation and its impact on incremental learning and 
robust tracking of conceptual change. We found the use of 
cartoon video data very useful as a benchmark for knowledge 
acquisition research from multimodal stream data. The data 
contains most of the real-world aspects of the video data, such 
as multimodality and stories, while keeping the image 
processing minimal and the level of problem complexity 
scalable.  

Future work should improve the image processing 
capability and extend to larger-scale processing of the 
multimedia stream data. We plan to use high-performance 
computing and parallel processing technology for this 
extension. 
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Fig. 8. Degree growth of three concepts as the video story proceeds. 
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