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Abstract

In many applications, relationships among objects of interest are more complex than
pairwise. Simply approximating complex relationships as pairwise ones can lead to loss
of information. An alternative for these applications is to analyze complex relationships
among data directly, without the need to first represent the complex relationships into
pairwise ones. A natural way to describe complex relationships is to use hypergraphs.
A hypergraph is a graph in which edges can connect more than two vertices. Thus we
consider learning from a hypergraph, and develop a general framework which is applicable
to classification and clustering for complex relational data. We have applied our framework
to real-world problems and obtained encouraging results.

1. Introduction

Typical machine learning approaches assume pairwise relationships among the objects to
be investigated. For example, if we cluster a set of points in Euclidean space, then we may
define an affinity matrix based on an RBF kernel on the points (Shi and Malik, 2000). If
the pairwise relationships are symmetric, an undirected graph may be constructed, with a
set of vertices representing the objects, and edges joining pairs of related objects. If the
pairwise relationships are asymmetric, the object set may be modeled as a directed graph,
such as the World Wide Web (Zhou et al., 2005).

However, for many applications, relationships among objects of interest are more com-
plex than pairwise. Simply approximating complex relationships as pairwise ones can lead
to loss of information. Let us consider classifying or clustering a collection of articles into
different topics on the basis of the authors alone. We may construct an undirected graph
in which the vertices represent the articles, and two articles are connected by an edge when
there is at least one author in common. The edge may be weighted by the number of the
authors in common. In this representation we obviously ignore the information regarding
whether the same person is one of the authors of three or more papers or not.

An alternative for these applications is to analyze complex relationships among data di-
rectly, without the need to first represent complex relationships as pairwise ones. A natural
solution to the complete representation of complex relationships is to use hypergraphs. A
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Figure 1: Left panel: a hypergraph with vertices V = {v1, v2, v3, v4, v5, v6, v7} and edges
E = {e1, e2, e3}; right panel: the incidence matrix H of the hypergraph.

hypergraph is a graph in which edges can connect more than two vertices. In other words,
each edge is a subset of vertices. We illustrate a hypergraph in Fig. 1. In the above ex-
ample, we may construct a hypergraph with the vertices representing the articles, and the
edges the authors. Each edge contains the articles of the corresponding author. Clearly, an
article might have several edges attached. We might add more relations among the articles,
like the journals or proceedings where the articles are published. Then each journal or
proceeding will be regarded as an edge as well. We can also associate different weights with
the edges to measure their relative importance.

So, given a weighted hypergraph, in which some vertices are labeled, how to classify the
remaining unlabeled vertices? Classifying a finite set of objects in which some are labeled is
called transductive inference (Vapnik, 1998). It is natural to assign similar vertices (those
having many incident hyperedges in common) to the same class. Thus one may simply
assign a label to an unclassified vertex on the basis of the most common label among the
classified neighbors of the vertex. However a preferable way is to exploit the structure
of the hypergraph globally rather than locally, such that the classification is consistent

over the whole hypergraph. The above ideas are obviously also applicable to clustering for
hypergraphs, when there are no labeled vertices available.

The structure of this paper is as follows. We first introduce some basic notions on
hypergraphs in Section 2. A general framework for learning on hypergraphs is presented
in Section 3. In the absence of labeled instances, as shown in Section 4, this framework
can be utilized as a spectral clustering approach for hypergraphs. In Section 5, we define a
natural random walk over hypergraphs, such that the cut criterion and the regularization
framework can be understood in terms of random walks. Experimental results on real-wold
problems are shown in Section 6, and we conclude the paper in Section 7.

2



2. Preliminaries

Let V denote a finite set of objects v, and let E be a family of subsets e of V such that
∪e∈E = V. Then we call G = (V, E) a hypergraph with vertex set V and hyperedge set E.
A hyperedge containing just two vertices is simply a simple graph edge. Given a set S, let
|S| denote the cardinality of S. Then the size of vertices is denoted by |V |, and the size of
hyperedges is |E|. A weighted hypergraph is a hypergraph that has a positive number w(e)
associated with each hyperedge e, called the weight of hyperedge e. A hyperedge e is said
to be incident with a vertex v when v ∈ e. For a vertex v ∈ V, the degree of v is defined by

d(v) =
∑

{e∈E|v∈e}

w(e).

For a hyperedge e ∈ E, the degree is defined to be

δ(e) = |e|.

We say that there is a hyperpath between vertices v1 and vk when there is an alternative
sequence of distinct vertices and hyperedges v1, e1, v2, e2, . . . , ek−1, vk such that {vi, vi+1} ⊆
ei for 1 ≤ i ≤ k − 1. A hypergraph is connected if there is a path for every pair of vertices.
In the following, the hypergraphs are always assumed to be connected. A hypergraph G
can be represented by a |V |×|E| matrix H with entries h(v, e) = 1 if v ∈ e and 0 otherwise,
called the incidence matrix of G. Then

d(v) =
∑

e∈E

w(e)h(v, e),

and

δ(e) =
∑

v∈V

h(v, e).

Let Dv and De denote the diagonal matrices containing the vertex and hyperedge degrees
respectively. Let W denote the diagonal matrix containing the weights. Then the adjacency

matrix A of G is defined as A = HWHT − Dv, where HT is the transpose of H.

3. Regularization Framework

Given a hypergraph G = (V, E), the vertices in a nonempty subset S ⊂ V are labeled as
positive or negative. Assume a classification function f over V, which classifies each vertex
v as sign f(v). We may think of f as a vector in Euclidean space R

|V |. On the one hand, we
want to assign the same labels to vertices which have many incident hyperedges in common.
Thus we define a functional

Ω(f) =
1

2

∑

e∈E

1

δ(e)

∑

{u,v}⊆e

w(e)

(

f(u)
√

d(u)
− f(v)
√

d(v)

)2

. (3.1)

The functional sums the changes of a function over the hyperedges of the hypergraph. On
the other hand, the initial label assignment should be changed as little as possible. Let
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y denote the function in H(V ) defined by y(v) = 1 or −1 if vertex v has been labeled
as positive or negative respectively, and 0 if it is unlabeled. Thus we may consider the
optimization problem

argmin
f∈R|V |

{Ω(f) + µ‖f − y‖2}, (3.2)

where µ > 0 is the parameter specifying the tradeoff between the two competitive terms.
We will recover this regularizer (3.1) from a natural combinatorial optimization problem

in Section 4, which can further be derived from a viewpoint of random walks in Section
5. For a simple graph, each edge is incident with only two vertices and thus δ(e) = 2, so
equation(3.1) reduces to

Ω(f) =
1

4

∑

e={u,v}∈E

w(u, v)

(

f(u)
√

d(u)
− f(v)
√

d(v)

)2

,

which is consistent with the regularizer for transductive inference that we proposed earlier
(Zhou et al., 2004) up to a factor 1/2.

Define a matrix ∆ = I − D
−1/2
v HWD−1

e HT D
−1/2
v , where I denotes the identity. Then

Ω(f) = 〈f, ∆f〉 , (3.3)

which can be shown as follows:

Ω(f) =
∑

e∈E

∑

u,v∈V

w(e)h(u, e)h(v, e)

δ(e)

(

f2(u)

d(u)
− f(u)f(v)
√

d(u)d(v)

)

=
∑

e∈E

∑

u∈V

w(e)h(u, e)f2(u)

d(u)

∑

v∈V

h(v, e)

δ(e)
−
∑

e∈E

∑

u,v∈V

w(e)h(u, e)h(v, e)

δ(e)

f(u)f(v)
√

d(u)d(v)

=
∑

u∈V

f2(u)
∑

e∈E

w(e)h(u, e)

d(u)
−
∑

e∈E

∑

u,v∈V

f(u)w(e)h(u, e)h(v, e)f(v)
√

d(u)d(v)δ(e)

=
∑

u∈V

f2(u) −
∑

e∈E

∑

u,v∈V

f(u)w(e)h(u, e)h(v, e)f(v)
√

d(u)d(v)δ(e)
.

Equation(3.3) also shows that the matrix ∆ is positive semi-definite. It is easy to verify
that the smallest eigenvalue of ∆ is 0, and the corresponding eigenvector is

√
d.

For an undirected simple graph, the edge degree matrix De reduces to 2I. Thus

∆ = I − 1

2
D−1/2

v HWHT D−1/2
v = I − 1

2
D−1/2

v (Dv + A) D−1/2
v =

1

2

(

I − D−1/2
v AD−1/2

v

)

,

which coincides with the usual definition of the graph Laplacian for an undirected sim-
ple graph (Chung, 1997) up to a factor of 1/2. Hence we call the matrix ∆ defined by
(3.3) as the Laplacian for a hypergraph. It is might be interesting to compare our hyper-
graph Laplacian with an alternative that we found from mathematical literature (Rodŕıguez,
2002). Given an unweighted hypergraph G = (V, E), and two distinct vertices u, v ∈ V,
Rodŕıguez (2002) defined each entry a(u, v) of the adjacency matrix A as the number of
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hyperedges containing both u and v. Then he defined a diagonal matrix with diagonal ele-
ments D(v, v) =

∑

u,v a(u, v), and the hypergraph Laplacian ∆ = D−A. Note that D(v) is
generally not equal to the number of the hyperedges attached with vertex v. In the following
sections, we will further show that our hypergraph Laplacian is well motivated.

Let f∗ denote the solution of (3.2). From (3.3), differentiating (3.2) with respect to
function f, we have ∆f∗ + µ(f∗ − y) = 0. It is a linear equation. As in (Zhou et al., 2004,
2005), we can obtain a closed-form solution

f∗ = (1 − α)(I − αΘ)−1y, (3.4)

where α = 1/(1+µ) and Θ = D
−1/2
v HWD−1

e HT D
−1/2
v . For computing the involved matrix

inverse, we may refer the reader to (Spielman and Teng, 2003) for a nearly linear time
numerical technique.

We may generalize this regularization framework to directed hypergraphs (Ausiello et al.,
2001) as the regularization framework for undirected simple graphs (Zhou et al., 2004) is
generalized to directed simple graphs (Zhou et al., 2005). A directed hypergraph is a
hypergraph in which each hyperedge e is an ordered pair (X, Y ) where X ⊆ V is the tail of
e and Y ⊆ V \ X is its head.

4. Hyperspectral Clustering

In the absence of labeled instances, this framework can be utilized in an unsupervised setting
as a spectral clustering approach for hypergraphs, which generalizes the powerful spectral
partitioning methodology for undirected simple graphs (Shi and Malik, 2000).

For a vertex subset S ⊂ V, let Sc denote the compliment of S. A cut of a hypergraph
G = (V, E) is a partition of V into two parts S and Sc. We say that a hyperedge e is cut if it
is incident with the vertices in S and Sc simultaneously. We define the hyperedge boundary

∂S of S by ∂S := {e ∈ E|e ∩ S 6= ∅, e ∩ Sc 6= ∅}. For a vertex subset S ⊂ V, we define the
volume vol S of S by

vol S :=
∑

v∈S

d(v),

and the volume of ∂S by

vol ∂S :=
∑

e∈∂S

w(e)
|e ∩ S| |e ∩ Sc|

δ(e)
.

Clearly, vol ∂S = vol ∂Sc. Intuitively, a good partition is to cut as few hyperedges as possible
to disconnect the hypergraph into two subgraphs such that each subgraph is as dense as
possible. Thus we may consider the problem

argmin
∅6=S⊂V

Ncut(S) := vol ∂S

(

1

vol S
+

1

vol Sc

)

. (4.5)

For an undirected simple graph, |e ∩ S| = |e ∩ Sc| = 1, and δ(e) = 2, so the right-hand side
of equation (5) reduces to the usual normalized cut (Shi and Malik, 2000) up to a factor
1/2.
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In the following, we relax (4.5) into a real-valued optimization problem to obtain an
approximate solution of (4.5). Let r be an indicator function with r(v) = 1 if v ∈ S and −1
if v ∈ Sc. For a cut edge e ∈ ∂S, and the vertices {u, v} ⊆ e, u ∈ S, v ∈ Sc, (r(u)−r(v))2 = 4.
Otherwise, (r(u) − r(v))2 = 0. Let γ denote the ratio volS/ vol V. Then the cut criterion
may be written

Ncut(S) =

∑

e∈E

1

δ(e)

∑

{u,v}⊆e

w(e) (r(u) − r(v))2

8γ(1 − γ)
∑

v∈V

r2(v)d(v)
.

Define another function s with s(v) = 2(1 − γ) if v ∈ S, and −2γ if v ∈ Sc. Clearly, for all
u, v ∈ V, sign s(v) = sign r(v), and s(u) − s(v) = r(u) − r(v). In addition,

∑

v∈V

d(v)s(v) =
∑

v∈V

d(v)(r(v) + (1 − 2γ)) = 0,

and
∑

v∈V

s2(v)d(v) = 4γ(1 − γ)
∑

v∈V

r2(v)d(v).

Thus

Ncut(S) =

∑

e∈E

w(e)

δ(e)

∑

{u,v}⊆e

(s(u) − s(v))2

2
∑

v∈V

s2(v)d(v)

=

∑

e∈E

w(e)

δ(e)

∑

{u,v}⊆e

(

f(u)
√

d(u)
− f(v)
√

d(v)

)2

2
∑

v∈V

f2(v)
,

where f =
√

ds. Clearly, sign f(v) = sign s(v) for all v ∈ V. Let the elements of f take any
continuous values. Then the combinatorial optimization problem (4.5) may be relaxed into

argmin
f∈R|V |

Ω(f) (4.6)

subject to ‖f‖ = 1, 〈f,
√

d〉 = 0.

Note that
√

d is an eigenvector of ∆ with the smallest eigenvalue 0. Therefore the solution
of (4.6) is an eigenvector Φ with the second smallest eigenvalue. Consequently the vertices
is partitioned into the two parts S = {v ∈ V |Φ(v) ≥ 0} and Sc = {v ∈ V |Φ(v) < 0}.

It is easy to extend the hyperspectral clustering approach to k-partition. Assume a
k-partition to be V = V1 ∪V2 ∪ · · ·∪Vk, where Vi ∩Vj = ∅ for all 1 ≤ i, j ≤ k. Let Pk denote
a k-partition. Then we may obtain a k-partition by minimizing

Ncut(Pk) =
∑

1≤i≤k

vol ∂Vi

vol Vi
. (4.7)

Similarly, it can be shown that the solution of the corresponding relaxed optimization
problem of (4.7) can be any orthonormal basis of the linear space spanned by the eigenvectors
of ∆ associated with the k smallest eigenvalues.
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5. Random Walks

We first define a natural random walk over a hypergraph. Then the combinational cut
criterion is interpreted in terms of random walks.

The transition rule of the random walk is as follows: given that the current position
is vertex u ∈ V, first choose a hyperedge e over the hyperedges incident with u with the
probability proportional to the weight of e, and then a vertex v ∈ e is selected uniformly
at random. Let P denote the transition probability matrix of the random walk. Then each
entry of P is

p(u, v) =
∑

e∈E

w(e)
h(u, e)

d(u)

h(v, e)

δ(e)
. (5.8)

In the matrix notation, we have P = D−1
v HWD−1

e HT . The stationary distribution π of the
random walk is

π(v) =
d(v)

vol V
,

which follows from that

∑

u∈V

π(u)p(u, v) =
∑

u∈V

d(u)

volV

∑

e∈E

w(e)h(u, e)h(v, e)

d(u)δ(e)

=
1

volV

∑

u∈V

∑

e∈E

w(e)h(u, e)h(v, e)

δ(e)

=
1

volV

∑

e∈E

w(e)
∑

u∈V

h(u, e)
h(v, e)

δ(e)

=
1

volV

∑

e∈E

w(e)h(v, e)

=
d(v)

volV
= π(v).

Now we show how to understand the combinatorial cut criterion in terms of random
walks. The cut criterion may be transformed into

Ncut(S) =
vol ∂S

volV

(

1

volS/ vol V
+

1

vol Sc/ volV

)

.

From the closed-form expression of the stationary distribution, we have

vol S

vol V
=
∑

v∈S

d(v)

volV
=
∑

v∈V

π(v),
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which is the probability of the random walk occupying some vertex in S. Moreover,

vol ∂S

vol V
=

∑

e∈∂S

w(e)

vol V

|e ∩ S| |e ∩ Sc|
δ(e)

=
∑

e∈∂S

∑

u∈e∩S

∑

v∈e∩Sc

w(e)

vol V

h(u, e)h(v, e)

δ(e)

=
∑

e∈∂S

∑

u∈e∩S

∑

v∈e∩Sc

w(e)
d(u)

vol V

h(u, e)

d(u)

h(v, e)

δ(e)

=
∑

u∈S

∑

v∈Sc

d(u)

vol V

∑

e∈S

w(e)
h(u, e)

d(u)

h(v, e)

δ(e)

=
∑

u∈S

∑

v∈Sc

π(u)p(u, v).

This is the probability with which one sees a jump of the random walk from S to Sc.
Therefore the combinatorial cut criterion may be intuitively understood as follows: looking
for a cut such that, under the stationary distribution, the probability of transition from
one cluster to another is as small as possible, while the probability of remaining in the
same cluster is as large as possible. It is worth mentioning that there is a similar random
walk view for the spectral clustering approach for undirected simple graphs (Meilă and Shi,
2001).

6. Experiments

We apply the hypergraph based approach to four real-world problems, and compare it with
the method in (Zhou et al., 2004), which is a powerful transductive approach operating on
data with pairwise relationships, and built on the spectral clustering algorithm of Shi and
Malik (Shi and Malik, 2000). All dataset except the 20-newsgroup one are from the UCI
depository. The instances in the datasets are described as one or more attributes. For the
hypergraph based approach, each attribute value is thought of as a hyperedge. For instance,
in the 20-newsgroup dataset, each word is regarded as a hyperedge, and each document a
vertex. The weights of the hyperedges are simply set to 1. For the baseline, the pairwise
relationships is naturally defined to be the adjacency matrix of the hypergraph.

The first task is clustering on the zoo dataset. It contains 100 animals with 17 Boolean-
valued attributes. The attributes indicate whether the animals fly, milk, live aquatically
and so on. The animals are classified into 7 classes. We embed the dataset into Euclidean
space using the eigenvectors of the hypergraph Laplacian (Fig. 2). Clearly, the animals are
well separated by the first three eigenvectors.

The second task is classification on the mushroom dataset. It contains information
of physical characteristics of mushrooms. The data contains 8124 instances described by
22 categorical attributes, such as shape, color, etc. Each attribute has several categorical
values. We remove the 11th attribute which has missing values. Each instance is labeled as
edible or poisonous. The two classes have have 4208 and 3916 instances separately.
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The third task is text categorization. We use the modified 20-newsgroup dataset with
binary occurrence value for 100 words across 16242 text news.1 It is classified into 4 dif-
ferent classes corresponding the highest level of the original 20 newsgroups, which contains
4605, 3519, 2657 and 5461 articles respectively.

The final task is letter recognition. The letter dataset records images of capital letter
(from A to Z) based on 20 different fonts and they are randomly distorted. Each data point
is associated with 16 integer attributes extracted from raster scan image of the letter. We
use a subset of the dataset containing letters from A to E with 789, 766, 736, 805 and 768
letters for the five classes respectively.

The experimental results of the last three tasks are shown in Fig. 3(a)-3(c). The
regularization parameter α for both approaches is fixed at 0.1. Each test error is averaged
over 20 trails. In each trail, we randomly select some points to get labeled. For each
class, we have to have at least one labeled point. Otherwise, we sample again. The results
clearly show that the hypergraph based method is consistently better than the baseline.
The influence of the α for the letter recognition task is shown in Fig. 3(d). It is interesting
that the α influences the performance of the baseline much more than the hypergraph based
approach.

7. Conclusion

We have proposed a general framework for learning from a hypergraph which naturally
models complex relationships among data. In the absence of labeled instances, this frame-
work reduces to a spectral clustering approach for hypergraphs. Moreover, we defined a
natural random walk on hypergraphs to interpret this framework in an intuitive fashion.
Experiments on real-world datasets demonstrated that the hypergraph based approach is
significantly better than that based on a pairwise description. In the side of mathematics,
our work essentially extended the usual spectral graph theory (Chung, 1997) to the context
of hypergraphs.

It is interesting to consider applying the same framework to a broader range of practical
problems. For instance, the interactions among proteins are generally modeled as a protein-
protein interaction network. This representation does not take into account multi-protein
complexes however.
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Figure 2: Embedding the zoo dataset into Euclidean space. Left panel: the two eigenvec-
tors of the hypergraph Laplacian corresponding to the second and third smallest
eigenvalues; right panel: the two eigenvectors of the hypergraph Laplacian cor-
responding to the third and fourth smallest eigenvalues. For animals having the
same attributes, we randomly choose one as their representative to put in the
figures. It is worth noticing that the animals like dolphin are between class 1
(denoted by ◦) containing the animals mostly milking and living on land, and
class 4 (denoted by �) containing the animals living in sea.
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(a) mushroom
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(b) 20-newsgroup
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(c) letter
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Figure 3: Classification on the datasets with complex relationships. Fig. (a)-(c) depict the
test errors of the hypergraph based approach and the baseline on three different
datasets. The number of the labeled instances for each dataset is increased from
20 to 200. Fig. (d) illustrates the influence of the regularization parameter α in
the letter recognition task with 100 labeled instances.
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