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Abstract
In this paper, we propose a novel framework for text-to-image generation
based on association between text and image modalities. As an association
model, we use hierarchical hypergraphs which consist of two layers
including heterogeneous hypergraphs. While the first layer is composed of
two hypergraphs: a text hypergraph and an image hypergraph, a hypergraph
in the second layer associates two modalities by merging two hypergraphs
in the first layer. In our model, hypergraphs are learned by self-organizing
method based on random sampling. With multimodal association
represented in the learned model, an intermediate image is generated by
cross-modal inference when text keywords are given as a query. We use
Korean magazine articles as a text-image data for experiments and we
illustrate generated intermediate images and retrieved images similar to the
intermediates as experimental results.
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I n trod u cti on

Text-to-image generation [1] is a challenging issue in the field of vision and language
integration due to semantic gap and the difference of granularity between two modalities.
When compared with image-to-text generation such as image annotation [2], text-to-image
generation has been considered as a more difficult task because it includes synthesis of image
information. In this paper, we propose a novel framework for text-to-image generation based
on cross-modal association [3] and use a hierarchical hypergraph model for associating text
and image modalities.
Our model has a hierarchical structure with two layers consisting of hypergraphs which
represent heterogeneous information. While two hypergraphs for each text and image
modality exist in the first layer, the hypergraph in the second layer represents inter-modal
relationships by merging hyperedges of each modality-hypergraph in the first layer. Goal of
learning is to build these hypergraphs both to abstract features from raw variables of text and
image and to maximize the probability of generating stored patterns by reflecting the
association from patterns in the given multi-modal data. Learning in our model consists of
two phases: the first layer learning and the second one. In the first phase, hypergraphs for
each modality are learned by generating hyperedges, calculating weight of hyperedges, and
removing hyperedges with low-weight. In the second phase of learning, multimodal

Figure 1. Framework of text-to-image generation and image retrieval with hierarchical
hypergraphs. Hierarchical hypergraphs are trained with magazine article data and an image is
generated by inference with the learned model when text keywords are given as a query.
Finally, original images are retrieved from article database based on similarity between the
generated image and original images.
hypergraph is generated by merging two modality-dependant hypergraphs based on
meta-information.
Also, we generate intermediate images used to retrieve images with the learned model. When
text keywords are given as a query, an intermediate image is generated with abstracted image
features related to the query. By measuring the difference of generated images and original
images, we apply our framework to retrieve images.
For experiments, we use Korean magazine articles consisting of pairs of a document and an
image. Magazine articles are suitable data for associating text and image information because
they consist of a document and high-quality images related to the topic of the document. We
use whether two hyperedges are originated from same article as a meta-information for
building the multimodal hypergraph. A document and an image are converted to a term
frequency vector of predefined vocabularies with 4,062 keywords and a vector of 60 by 40
pixels with 24bit RGB scale. Experimental results show that images related to given text
query are generated by our method and it can be applied to image retrieval. Figure 1
illustrates overall flow of the proposed framework for text-to-image generation.

2

H i erarch i ca l h yp er grap h s

2.1

L e a r n i n g h i e r a rc h i c a l h y p e r g r a p h s

A hypergraph is an extended graph with generalized representation power [4]-[5]. A
hypergraph consists of vertices and hyperedges, edges connecting to more than two vertices
at the same time. Therefore, hypergraphs have been applied to dealing with higher-order
relationships among heterogeneous features in various domains such as bioinformatics and
multimedia mining [6]-[9]. This property allows hypergraphs to represent relationships
among text and image features effectively. Most previous works using hypergraphs focus on
analyzing relationships among vertices for clustering or categorizing and use prior
knowledge such as defined relations [7]-[8], measured similarity between objects [9], and
gene regulatory networks [10] for building a hypergraph.
In this study, we propose a novel data-driven method for building and learning hypergraphs.
Vertices and hyperedges in our model denote data variables and arbitrary combinations of
variables, respectively. With this definition, our model can represent higher-order
relationships between variables. Also, we formulate a hypergraph to a probabilistic graphical
model and introduce a hierarchical structure with two layers into our model for efficient

learning. The first layer includes two hypergraphs with higher-order features of text and
image and a hypergraph in the second layer consists of hyperedges which are intermodal
relationships between abstract information of text and image by combining hyperedges from
each modality hypergraph based on given data patterns.
Formally, a hypergraph H is defined to H = (V, E) where V and E denote a vertex set and a
hyperedge set. Also, w(e) denotes weight of a hyperedge e. Let it call “e matches x” that all
vertices of e are equal to the values of corresponding variable in x. When the information of
the n-th stored pattern x(n) in the i-th hyperedge ei is represented with energy function,
ε(ei;x(n)) is defined as follow:

ε (ei ; x ( n ) ) = w(ei ) I (x ( n ) , ei )

(1)

where I(x(n), ei) denotes an indicator function which yields 1 if e i matches x(n) and 0,

otherwise. Then, the probability of generating data D = {x( n ) }n =1 with a hypergraph H, P(D|H),
N

is given as a Gibbs distribution:
exp ( −ε ( E; x ) )
=
P(x | H ) ∏
∏
Z (H )
N

=
P( D | H )

N

(n)

1

(n)

=
n 1=
n 1

(2)

 |E|

1
(n)
exp
∏
 −∑ w(ei ) I (x , ei ) 
n =1 Z ( H )
 i =1

N

=

where Z(H) is a partition function.
Leaning hypergraphs is finding H of maximizing the above probability and is maximizing
log-likelihood function:
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To maximize the probability, therefore, learning the model includes find optimal set of hyperedges
with high weight value. By learning, an optimal multimodal hypergraph Ĥ is generated by
merging optimal text hypergraph Hˆ T and image hypergraph Hˆ I based on meta-information of
relationships documents and images:
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where ⊕ denotes an operator of merging two hypergraphs and it will be explained later.
Learning hierarchical hypergraphs has two phases such as the first layer learning and the second
layer learning and these phases repeat every epoch. The first layer learning consists of generating
hyperedges, calculating weight of hyperedges, and eliminating low-weighted hyperedges for each
modality. Figure 2 explains algorithm for learning a hierarchical hypergraph model.

learn_hierarchical_hg(D)
D: a data set, D = {T, I} where T and I are a text set and an image set.
|E|: the size of a hyperedge set E
HT: text hypergraph
HI: image hypergraph
H: multimodal hypergraph
K: the maximum number of epoch
for i ← 1 to |ET|
ET ← generate_hyperedge(ET, T)
end for
for i ← 1 to |EI|
EI ← generate_hyperedge(EI, I)
end for
for k← 1 to K
HT ← calculate_weight(ET, T)
HI ← calculate_weight(EI, I)
E ← merge_hypergraphs(ET, EI)
H ← calculate_weight(E, D)
HT ← replace_low_hyperedges(ET)
HT ← replace_low_hyperedges(ET)
end for
Figure 2. Algorithm of learning hierarchical hypergraphs. generate_hyperedge(.) is explained
in Figure 3. calculate_weight(.) and replace_low_hyperedges(.) is implemented by (9), (12),
and (13)
A hyperedge is generated based on random sampling from given data and Figure 3 shows
algorithm of generating hyperedges. This sampling method allows the model to approximate the
distribution of the data. When generating a hyperedge from image data, in this study, eight
neighboring pixels of randomly selected pixel are sampled together to be a patch and the patch
becomes a vertex in a hyperedge like Figure 4. Therefore, an image hyperedge includes several
image patches and degree of image hyperedges is defined to the number of patches dissimilar to
the one of text hyperedges.
Weight of text hyperedge is a function of the number of matching data samples and the occurrence
frequency in data of each vocabulary:
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where vk is the k-th vertex of e, ε denotes a small constant for preventing divide by zero, and f and
g are functions returning the number of data instances whose vk is positive value and the number
generate_hyperedge(E, D)
ei: the i-th hyperedge

δ(ei): degree of ei (the number of vertices in ei)
x ← x(n): the n-th instance of a data set D
ei ← {};
for k ← 1 to δ(ei)
idx ← random_sampling(|x|);
ei ← ei ∪ {xidx};
the value of the idx-th variable of x
end for
E ← E ∪ {ei};
Figure 3. Algorithm of generating hyperedges. random_sampling() is implemented variously
with considering the property of data.
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Figure 4. Flow of learning hierarchical hypergraphs
of hyperedges including vk regardless of its value, respectively. These two terms are used for
preventing from sampling a few vocabularies with high frequency only. To define weight of image
hyperedges, we modify indicator function to I’(x, e) as follows:
1 (∆ < θ )
I '(x I , e I ) = 
,
0 (∆ ≥ θ )

=
∆ β px − pe

2

(10)
2

+ (1 − β ) δ ( p x ) − δ ( p e ) ,

(11)

where px and pe denote pixel values of data and hyperedge, respectively and δ(p) is a value matrix
of difference between neighboring two pixels comprising eI. By considering both RGB pixel
values and difference values between pixels, an image hyperedge can reflect color patterns better.
Then, weight of image hyperedge can be formulated with two functions I’ and g like (9):
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The number of removed hyperedges with low weight is determined by epoch number:
=
Rt

Rmax − Rmin
+ Rmin ,
exp ( t κ )

(13)

where Rmax and Rmin denote maximum and minimum boundary value of Rt, respectively, κ is a
constant for controlling the speed from Rmax to Rmin. By repeating this replacement of hyperedges,
a hypergraph is self-organzied
The second learning phase is merging two modality hypergraphs by combining two hyperedges
from each modality hypergraph. Two hyperedges are merged based on meta-information
document and images and we use whether the document and the image where hyperedges are
originated are from a same article as meta-information. Repeating these two phase of learning, we
can find the optimal model to associate text and image. Figure 5 shows overall flow of learning
hierarchical hypergraphs with magazine article data.

2.2

Te x t - t o - i ma g e g e n e r a t i o n

Text-to-image generation is to generate an intermediate image with image patches consisting
of RGB pixels in hyperedges including vocabularies given as a text query. Text-to-image
generation consists of three processes: text query expansion, raw image generation, and
similar original image retrieval. The text query is expanded by making a set of vocabularies
in hyperedges including given text words as vertices. An intermediate image is 60 by 40
pixels with 24bit RGB scale and the value of each pixel p i,j is calculated by weighted
summation of pixels in hyperedges including given query and expanded query:
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Where h(Q,v) is the number of text word elements of query Q in e, EQ and EE denote a set of
given query vocabulary and expanded words, respectively, Idx(v) is the index in the image
pixel vector of vertex v, and α is a constant in (0, 1) for weighting image patches directly related
to given query and we set α to 0.1. Finally, original images are retrieved by measuring the distance
Diff(I, I’) to the intermediate image I’:
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where R, G, and B are 8bit values of red, green, blue pixels. Introducing q into calculating
the distance allows hyperedges with more text keywords of the given query to have stronger
influences on measuring the distance.

3

E xp eri men ta l res u l ts

We use 2,477 Korean magazine articles and each article consists of a document and an image.
As preprocessing, we define 4,062 words frequently occurred in data to a vocabulary set and

convert a document to a binary value vector of the defined vocabulary set. If a word appears
at least one time in a document, the value is 1. Moreover, images are resized 60 by 40 pixels
with 24bit RGB scale. As a parameter setting, we set up degree of hyperedges of text
hypergraphs and image hypergraphs to 10 and 20, respectively. Also, each of text and image
hypergraph has 12,385 hyperedges and a text hyperedge is merged with five image
hyperedge originated from the same article.
Figure 6 depicts some text-to-image generation results for five text queries. According to
Figure 6, it is not easy to understand contents from intermediate images but we can verify
that some retrieved images are semantically related to the given query in first two keywords.
The third and fourth keywords generate images a little associated to them while we cannot
associate retrieved images with be the fifth query ‘red’. This wrong association occurs
because ‘red’ appears in too many documents and the generated intermediate images are
averaged by many patches. Furthermore, retrieved images are similar to generated images in
aspect to color due to the definition of the similarity. We can also find the values of
difference value are smaller when the given keywords are more specific.
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Figure 6. Result of text-to-image generation. ‘given only’ and ‘expanded’ denote
generated intermediate images using given text query only and expanded query as well as
given query, respectively. Numerical value under retrieved images is the measured
difference.
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