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Abstract—Image classification is one of the most important
fundamental research topics in machine learning and image
processing. Recently, hypergraph learning, which can model the
high-order relationship of samples and fusion multimodal
features, has received the attention of many researchers.
However, existing multimodal hypergraph learning methods face
two problems, i.e., how to construct hyperedges and how to
determine the weights of hyperedges. This paper proposes an
adaptive multimodal hypergraph learning method (AMH) to
address these two challenges. AMH uses multiple neighborhoods
method to avoid generating a k-uniform hyperedge, and
optimizes the weights with the penalty function method to take
the initial labels into consideration. The experimental results
demonstrate the effectiveness of AMH compared with the stateof-the-art methods.
Keywords—classification; hypergraph; multi-modal; adaptive
weights

I. INTRODUCTION
Image classification is getting more and more important
for the explosive growth of images on the Internet. It is one of
the most important and fundamental research topics in
machine learning and image processing. A number of
traditional classification methods have been proposed, such as
the support vector machines (SVMs) [1, 2] , k-nearest
neighbors (K-NN), and decision tree [3]. However, the image
classification still remains an open challenging problem due
to the emergence of various image descriptors such as SIFT
[4] , HOG [5] , and GIST [6] , and also the intrinsic difficulty
in modeling the relationship of visual features.
Different from the conventional methods which utilize
only one type of visual feature for image classification,
several studies propose to integrate various visual features to
enhance the performance. The effectiveness has been
validated in [7][8] , which consider the complementary
information of different visual features. For instance, Zhong
et al. [8] proposed a multimodal heterogeneous visual features
learning method for classification and the experiment results
show that considering more visual features can prominently
improve the results.
In terms of classification, there also exist many graphbased learning approaches [9-11] which have achieved
promising performance. In graph-based learning methods,

the classification is formulated as a problem of learning the
ranking scores for each class. However, these methods only
consider the pair-wise relationship that is too simple to reflect
the relationship within more than two samples. For example,
it is easy to find two closed instances according to the pairwise similarity. But, it is hard to find three or more closed
samples. Therefore, modeling the high-order relationship
among more than two images is crucial for similarity
measurement, as well as image classification.
Hypergraph with hyperedge that connects more than two
verities has been widely investigated in high-order
relationship capture [12, 13] . Considering the various visual
features and high-order relationship capture, hypergraph has
been proposed to integrate multimodal visual features. For
example, in [7] , images are classified based on the visual
features, user-generated tags and geo-location by constructing
a unified hypergraph. In [14] , the author classify landmark
images based on five different visual modalities. Although
several efforts have been made to investigate the high-order
relationship in image classification with multimodal
hypergraph, there still remain two issues to be concerned. 1)
Most of the previous methods construct a hyperedge with one
vertex and its k nearest neighborhoods. This hyperedge
constructing method that named K-NN is useful and pervasive.
However, it will lead to a k-uniform hypergraph where all the
hyperedges are in the same size. The work in [15]
demonstrated that for the k-uniform hypergraph, all the
Laplace like operators can be reduced to a graph construction.
Thus, we need to improve the K-NN method to avoid
generating a k-uniform hypergraph; 2) The classification
performance is sensitive to the weights of hyperedges in most
hypergraph learning. There are various rules to compute the
weights. For example, all the weights are set to 1 in [12] . In
[7] , the weight of a hyperedge is the sum of the pairwise
affinities in the hyperedge. Therefore, a new scheme that can
make the weights be adaptive to datasets is needed.
Several researches with single visual feature has
considered the weights optimizing. Yu et al. [16] set the
weights of most hyperedges to zero using an alternating
optimization. However, this method does not work in the
multimodal scenario because most features are not considered
due to the zero weights after the updating procedure. In [17] ,
hyperedges weights are updated with gradient descent method,

which works well but
computationally expensive.

the

iterative

operation

is

In order to address the above issues, we propose an
Adaptive Multimodal Hypergraph (AMH) learning method
for image classification. Here, each type of visual feature is
viewed as a modality. A novel method is used to construct
hyperedges to avoid k-uniform hypergraph. The initial
weights for hyperedges are calculated based on different
features. Then, the weight matrix is optimized with the
penalty function method to ensure that most hyperedges are
kept in the process. With the updated weight matrix, the
Laplacian matrix of the hypergraph and the finial
classification results can be calculated.
The contributions of our work can be summarized as
below.
1) We propose an adaptive multimodal hypergraph
learning method for image classification. Considering the
influence of the training data, we optimize the weights
with the penalty function method. The new method is a
general transductive classification method and can be
applied to other tasks.
2) A novel multiple neighborhoods method is adopted to
construct hyperedges, which can make the approach
more robust. We reduce the types of k to show that non
k-uniform hypergraph can get better classification results.
3) Extensive experiments are conducted to evaluate our
approach compared with the state-of-the-art methods
including two hypergraph based learning methods and
one multimodal learning method. The results
demonstrate the effectiveness of our proposed method.
The rest of this paper is organized as follows. Section II
briefs hypergraph learning and multimodal fusion. Section III
reviews the conventional hypergraph learning approaches.
Section IV details the proposed adaptive multimodal
hypergraph learning algorithm. Experimental results
compared with other algorithms are reported in Section V.
Section VI concludes the paper.
II. RELATED WORK
A. Hypergraph Learning
Recently, many researchers focus on hypergraph learning
for its effectiveness in building high-order relationship among
data samples. A general hypergraph framework was proposed
for clustering, classification and embedding by Zhou et al.
[12], who construct a hypergraph by generating a hyperedge
from each sample and its k-nearest neighbors. The works in
[18, 19] constructed a visual-textual hypergraph for tag-based
social image search. The samples are connected by one
hyperedge when they share the same visual or textual word.
This method makes the amount of samples in each hyperedge
different. However, disconnected hypergraphs will be formed
in several datasets with this method. Yu et al. [16] proposed
an adaptive hypergraph learning approach for image
classification. The authors augmented the set of hyperedges
by varying the size of the neighborhood. Then the most

informative hyperedges are selected for classification. Wang
et al. [20] proposed an efficient multimodal hypergraph to
solve the high computational cost problem of the newly fused
hypergraph. This method selects some representative nodes
for each feature to construct the hypergraphs then the most
informative hyperedges are chosen finally. In comparison, the
authors of [17] optimized the weights with gradient descent
method which achieves a better classification results but costs
more time.
B. Multimodal Fusion
Multimodal fusion has become more and more popular
due to the complementarity among various concept
descriptors. Early fusion and late fusion are the two most
common forms [21, 22] . Graph based fusion methods have
demonstrated their advantages over both early and late fusion
in many research works [23-25] . In [26] , the authors
constructed several graphs separately for different modalities
and adjusted the weights of each graph in the learning process.
Some recent researches applied deep learning to the
multimodal problems. Liu et al. [27] fused multimodal
features by sharing representations in the middle layers. In
recent years, hypergraph has been proposed to integrate
multimodal visual features. For example, in [7] , images are
classified based on three kinds of modalities, which
significantly improves the classification accuracy compared
with single-modal methods. Chen et al [28] proposed a crossmodal hypergraph model to capture textual information and
sentimental information simultaneously for sentiment
classification of reviews.
In our proposed method, each type of visual feature is
viewed as a modality. A non k-uniform hypergraph is
constructed for image classification and the weights of each
hyperedge are updated without the iterative operation.
III. CONVENTIONAL HYPERGRAPH LEARNING
Regard each image as a vertex in the hypergraph

G  (V , E , w) . V and E denote the sets of vertices and
hyperedges, and w indicates the weight vector of the
hyperedges. A hypergraph can be represented by an incidence
matrix H  R |V ||E| , whose element h(v, e) is 1 if the hyperedge
e contains the vertex v .
Based on H , the degree for each vertex v  V
is d (v)  eE w(e) H (v, e) , and the degree for each hyperedge
e  E is  (e)  vV H (v, e) . With all the degrees, we can have
DV and DE as the diagonal matrices of vertex degrees and
hyperedge degrees.

Hypergraph can measure the similarity within more than
two vertices, which makes it be widely used in many machine
learning tasks such as classification, clustering, ranking, and
embedding. In classification, the objective of regularization
framework can be written as:
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where f is the to-be-learned relevance score vector for
the i - th class.   0 is a parameter to balance the empirical
loss and the regularizer. Let   DV1 2 HWDE1 H T DV1 2 , the
normalized objective function can be written as:
( f i )  f i ( I  ) f i   ( f i  y )T ( f i  y )
T

(2)

Thus, the classification problem can be transformed into
an unconstrained optimization stated as below:
c

arg min  ( f i )
F

(3)
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Algorithm 1. Adaptive Multimodal Hypergraph Learning
1: Input: Image features, initial table matrix Y
2: Output: Classification results F .
3: for each feature
4:
for each vertex
5:
Construct hyperedges based on the multiple
neighborhoods method
6:
end for
7:
Compute H k and the initial weight matrix Wq for the
q - th feature
8: end for
9: Generate the uniﬁed incidence matrix H by column
concatenating H q , and similarly for W .
10: Compute the optimal weights w * using the initial table
matrix Y based on Eq. (8)
11: Compute the new weight based on Eq. (9)
12: Compute the classification results based on Eq. (4)

We can easily get the optimum solution of the convex
optimization in Eq. (3). It can be computed as:
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In this section, the proposed adaptive multimodal
hypergraph learning algorithm will be presented in detail.
A. Hyperedge Construction
Without loss of generality, we regard each image as a
vertex in a hypergraph G  (V , E , w) . In most of the existing
methods, a hyperedge is constructed by K-NN method which
will lead to the problem of k-uniform hypergraph. Therefore,
we propose a novel method named multiple neighborhoods to
address the aforementioned problem.
Firstly, we construct hyperedges with K-NN method,
which is same to the previous approaches. A hyperedge is
constructed for each vertex and its k nearest neighbors based
on the affinity matrix. Then, we change the value of k to get
different hyperedges. Different from the existing method that
requires diverse k values to make the approach more robust,
we propose to construct a non k-uniform hypergraph. Thus,
two or three kinds of k value are enough to meet our demand.
In order to employ the multimodal visual features, we take
each image as a central vertex and form one or more
hyperedges with the above method for each visual feature. By
collecting all these hyperedges, we can have the multimodal
hypergraph containing all the information of different visual
features.
B. Adaptive Hypergraph Learning
The main focus of our work is to optimize the weight
matrix W for better performance. Due to the constraints of
weights, the optimization objective can be transformed into
the following form:

T

i 1
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(4)
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c

arg min  f (i ) ( I  ) f (i )    || f ( i )  y ( i ) ||2
(5)

eE

where   0 is a positive regularization parameter. The first
two terms are same to conventional method in Eq. (2) and the
third term is used to avoid a degenerate solution of W .
In order to solve the optimization problem in Eq. (5), we
first fix F as the initial label matrix Y . Thus, the problem
can be rewritten as:
c
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transformed into  eE 2 je we   eE we2 .
This is a convex optimization problem with linear
constraint. There are many algorithms for addressing this
question mathematically. We use the penalty function method
in this paper. In this way, the constraint is transformed into a
penalty function:

arg min  2 je we    we2  M ( we  1) 2
W
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In order to get the optimal solution, let the partial
derivative of the function with respect to W equal to 0,
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Note that there is another constraint on W , i.e.
we  0, (e  E ) , which can be satisfied by adjusting the
parameter  .
We can obtain the new weight W * with the initial label
matrix Y and the structure of the hypergraph, which means
that the new hypergraph G *  (V , E , w* ) prefers the
hyperedges containing the images with initial label. However,
the new result does not contain the distance information
between the vertices. Hence, we optimize the results in the
simplest way:

w

new

 cw  (1  c) w ,
*

In Eq. (5), the parameter  varies in the range of zero to
infinity. We observe that only one weight is 1 and others are 0
after updating when  equals to 0. Similarly, when  tends
to infinity, all the weights will be tuned to the same value.
However, according to Eq. (8),  should be big enough to
make sure that all the weights are positive. Therefore, in our
experiment, we let

  eE je  m  min ( je ) .
eE

In Eq. (9) and Eq. (10), the parameter c and  is used to
adjust the effect of initial label matrix. Empirically, we choose
c  0.5 and   9 .
We initialize the weight matrix according to the rules used
in [7]. First, we get the distance matrix D based on one
modality. Then, we derive the affinity for image i and j as
follows:

A(i, j )  exp(

(9)

where c  (0,1) is a parameter to adjust the effect of Y .

D(i, j )
)
D

where D is the median value of the entries in the matrix
D . Finally, the initial weight for each hypergraph is

With the new weight matrix, we can obtain the relevance
score matrix with Eq. (4).

w(ei ) 

C. Discussion

 A(i, j )

v j ei

The proposed method is summarized in Algorithm 1.
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Fig. 1. Classification accuracy of different methods on the dataset (a) HW, (b) AWA.
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Fig. 2. Classification accuracy of AMH and AH with different features on the dataset (a) HW, (b) AWA.
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Fig. 3. Performance comparison of AMH with different k on the dataset (a) HW, (b) AWA
V. EXPERIMENTS AND RESULTS
In this section, experiments on two representative datasets
are carried out to evaluate the effectiveness of our proposed
method. Firstly, the datasets used in our experiments are
introduced. Then, the baselines and implementation of the
proposed method are presented. Finally, we analyze the
experimental results in detail.
A. Data Sets
Handwritten numerals (HW) contains 2000 images for
the digits 0 to 9, where each digit has 200 samples. All the
samples are represented in 6 kinds of visual features including
profile correlations (FAC), Fourier coefficients of the
character shapes (FOU), Karhunen-Love coefficients (KAR),
pixel averages in 2  3 windows (PIX), Zernike moments
(ZER), morphological features (MOR).
Animal with Attributes (AWA) contains 30475 images
of animals in 50 classes. We choose 2000 images randomly
for our experiment. Because of the randomness, we repeat the
random sampling 6 times in experiments. The data sets are
described in six different feature descriptors including RGB
color histograms (CQ), local self-similarity histograms (LSS),
PHOG, SIFT, SURF and rgSIFT.
B. Comparison Baselines and Configurations
We select the following four classification methods as the
baselines:
1) Adaptive hypergraph learning [16] (AH). AH uses
only one feature to classify images. And it can achieve
adaptive weights in different ways.
2) Regular hypergraph learning [7] (RH). RH takes the
advantage of multimodality, but it cannot optimize the
weights.
3) SVM [1] . In order to solve the multi-classification
problem, we use the one-versus-all strategy. The radius
parameter and the weighting parameter in regularization are
tuned to their optimal values.
4) K-Nearest Neighbor (K-NN). K-NN classifies an
image by finding its closest images in the training set. The
parameter k equals to the number of classes plus one.

For all the experiments on HW data set, we choose the
neighborhood size k as {10, 20, 30} . And the neighborhood
size k in different methods are set to equal. And for AWA,
the k equals to {15, 25} .
C. Experimental Results
Fig. 1 shows the classification results of different methods.
We can observe that AMH performs better than the others in
most cases with different percentage of training data.
Compared with SVM and K-NN, the other three methods
which are based on hypergraph perform better and more
stable. For HW data set, the superior of AMH is not obvious
because the conventional methods have been able to obtain
very accurate results. When it comes to the AWA data set,
we can see that the proposed approach outperforms the others
because it can adjust the weights of all the features.
The adaptive hypergraph learning in [16] is closely related
to our approach. It constructs hyperedges with more k values
and updates the weights using alternating optimization
method. However, this method is not appropriate for
multimodal problems. Thus, in our approach, we use the
penalty function method to update the weights, and compare
our approach with the single-feature method. Fig. 2
demonstrates the effectiveness of our multimodal hypergraph
learning. It can be seen that AMH always achieves a higher
classification accuracy than single-feature approaches.
Especially for AWA date set, single-feature approaches are
not robust enough because of the randomly imbalanced data
set. But our proposed method can overcome the problem by
comprehensively considering the multimodal visual features.
Finally, we compare the classification accuracy with
different size of hyperedges and the results are shown in Fig.
3. In most cases, the scheme of multiple neighborhoods can
obtain a better result, with the cost of using one or two more
types of hyperedges. This results validate that non k-uniform
hypergraph can help improve the classification accuracy.
VI. CONCLUSION
In this paper, we have proposed an adaptive multimodal
hypergraph learning algorithm for transductive image
classification. In the hypergraph construction, we proposed a
novel multiple neighborhoods method with the optimization
of hyperedge weights by the penalty function method. We
have conducted experiments on two image data sets and

compared the proposed method with other four algorithms.
The results have shown that our method performs well in
image classification. In particular, the experimental results
demonstrate that multimodal algorithm outperforms singlefeature algorithms. In addition, non k-uniform hypergraph is
useful to improve hypergraph learning model.
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