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Abstract. Within-network classiﬁcation, where the goal is to classify
the nodes of a partly labeled network, is a semi-supervised learning problem that has applications in several important domains like image processing, the classiﬁcation of documents, and the detection of malicious
activities. While most methods for this problem infer the missing labels
collectively based on the hypothesis that linked or nearby nodes are likely
to have the same labels, there are many types of networks for which this
assumption fails, e.g., molecular graphs, trading networks, etc. In this
paper, we present a collective classiﬁcation method, based on relaxation
labeling, that classiﬁes entities of a network using their local structure.
This method uses a marginalized similarity kernel that compares the local structure of two nodes with random walks in the network. Through
experimentation on diﬀerent datasets, we show our method to be more
accurate than several state-of-the-art approaches for this problem.
Keywords: Network, semi-supervised learning, random walk.

1

Introduction

Networked data is commonly used to model the relations between the entities of
a system, such as hyperlinks connecting web pages, citations relating research
papers, and calls between telephone accounts. In such models, entities are represented by nodes whose label gives their type, and edges are relations between
these entities. As is it often the case, important information on the nature of
certain entities and links may be missing from the network. The task of recovering the missing types of entities and links (i.e. node and edge labels) based
on the available information, known as within-network classiﬁcation, is a semisupervised learning problem key to several applications like image processing,
classifying document and web pages, classifying protein interaction and gene
expression data, part-of-speech tagging, detecting malicious or fraudulent activities, and recommending items to consumers.
Classiﬁcation methods for this problem suﬀer from two important limitations.
First, many of these methods are based on the principle that nodes that are
close to each other in the network are likely to have the same type, a principle
known as homophily. While evidence suggests that homophily applies to certain
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networks, such as social networks [1], there are many types of networks for which
this principle fails. For instance, in molecules, nearby atoms are no more likely
to have the same type than distant ones. In such networks, the type of a node
is instead dictated by underlying rules which may be learned by considering the
relations of this node with other ones. Also, while other methods classify nodes
based on their neighborhood these methods consider the distribution of labels
in this neighborhood but not its structure. As we will see, the local structure
of a node in the network contains important information that can improve its
classiﬁcation.
1.1

Contributions

This paper makes two contributions to the problem of within-network classiﬁcation. First, it introduces a novel collective classiﬁcation framework that combines
the iterative approach of relaxation labeling with the power of similarity kernels.
Unlike existing relational classiﬁers, which only consider the distribution of labels
in the neighborhood of a node, this framework allows to use complex similarity
measures between nodes. Secondly, while methods based on random walks have
recently been proposed for the within-network classiﬁcation problem [4,8,20],
such methods evaluate the similarity between nodes using their proximity in the
network. Following the success of structural kernels on the problem of graph
classiﬁcation [3,7,12], we present a new similarity measure inspired by marginalized graph kernels [10], that evaluates the local structure similarity between two
nodes with random walks. This similarity measure upgrades marginalized kernels
by considering the uncertainty of labels and the degree of nodes in the network.
The rest of this paper is organized as follows. In Section 2, we present an
overview of existing methods for within-network classiﬁcation. We then describe
our method in Section 3, and evaluate it experimentally on several datasets
in Section 4. Finally, we conclude with a short summary of our approach and
contributions.

2

Related Work

Unlike traditional machine learning approaches, methods for the classiﬁcation of
networked data must deal with additional challenges that result from the interdependence of node classes. To overcome this problem, it has been recognized
that the type of the nodes should be inferred simultaneously instead of individually, a technique known as collective classiﬁcation [15]. Collective inference
methods for the within-network classiﬁcation problem can generally be divided
in two groups: exact and approximate inference methods. Exact inference methods for this problem focus on learning the joint probability distribution of node
labels. Among the best known methods of this group are those using Markov
Random Fields (MRF) [11], where the joint distribution is deﬁned as the product
of potential functions that operate on the cliques of the network. Various extensions to MRFs, that also take into account observed attribute data, have also
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been developed. Among these are Conditional Random Fields [11], Relational
Markov Networks [18] and Markov Logic Networks [6].
Due to the computational complexity of exact inference, approximation
methods, such as the one presented in this paper, are normally used for the
within-network classiﬁcation problem. Among these is Gibbs sampling [9], which
approximates the joint distribution by generating samples for the unknown labels. The main drawback of this method is its slow convergence, especially for
large networks [2]. Related approaches are Relaxation Labeling (RL) [5] and
Loopy Belief Propagation [19], where a vector containing the label probabilities
of each node of unknown label is maintained. In RL, these vectors are initialized
with apriori probabilities, either given or obtained from the data, and, at each
subsequent iteration, are recomputed using a given relational classiﬁer, until
convergence or a maximum number of iterations is reached. Nodes of unknown
label are then given the label of greatest probability. Unlike RL methods, Iterative Classiﬁcation (IC) approaches [13,16] assign, at every iteration, a label
to each node of unknown label, using a given relational classiﬁer. To facilitate
convergence, the amount of classiﬁed nodes at each iteration can be gradually
increased during the process. Although our classiﬁcation approach could also be
used within an IC framework, we have found the updated label probabilities of
RL to have better convergence properties.
2.1

Relational Classifiers

As pointed out in [15], the performance of iterative classiﬁcation methods, such as
RL and IC, greatly depends on the relational classiﬁer used. A classiﬁer strongly
based on homophily, the Weighted-Vote Relational Neighbor (WVRN) [14], computes the label probability of a node as a weighted sum of the probabilities of
neighbor nodes of having the same label. This simple classiﬁer was found to work
well with a RL method in the classiﬁcation of documents and web pages.
Another classiﬁer is the Class-Distribution Relational Neighbor (CDRN) [15].
This classiﬁer assigns to each node v of known label a vector whose k-th element
contain the sum, over each neighbor u of v, of the probability of u to have label
k. A reference vector is then obtained for each label k as the average of the
vectors belonging to nodes with known label k, and the probability of a node to
have label k is deﬁned as the similarity (L1 , L2 , cosine, etc.) between its vector
and the reference vector of label k. While our classiﬁcation approach is also
based on node similarity, it is more general than CDRN which only considers
the distribution of labels in the neighborhood of a node.
Two other relational classiﬁers are the Network-Only Bayes (NOB) classiﬁer
[5] and the Network-Only Link-Based (NOLB) [13] classiﬁer. The former, which
was originally used with an RL method to classify documents employs a naive
Bayes approach to compute the label probability of a node, assumed to be independent given the labels of its neighbors. Finally, the NOLB classiﬁer learns a
multiclass logistic regression model using the label distribution (raw or normalized counts, or aggregation of these values) in the neighborhood of nodes with
known labels. In [13], this classiﬁer was used within an IC method to classify
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documents. As with CDRN, these methods do not use the local structure of a
node in its classiﬁcation.

3

A Novel Classification Approach

Our method is composed of two parts: a classiﬁcation approach based on relaxation labeling and a node structure similarity inspired by marginalized kernels.
3.1

Relaxation Labeling Framework

Although the methods presented in this paper could be extended to the multivariate case of the within-network classiﬁcation problem, we will focus on the
univariate case.
We model relational data as a partially labeled graph G = (V, E, W, LV , LE , l)
where V is a set of nodes, E a set of edges between the nodes of V , W ⊂ V is
the set of nodes for which the true labels are known, LV and LE are respectively
the sets of node and edge labels, and l is a function that maps each node and
edge to a label of the corresponding set. We denote by lu the label of a node u
and lu,v the label of an edge (u, v). Denoting U the set of unlabeled nodes of G,
i.e. U = V \ W , the problem consists in assigning to each u ∈ U a label in LV
based on the labels of nodes in W .
As with other RL methods, our approach works by iteratively updating the
label probabilities of each unlabeled node using a relational classiﬁer, until convergence. Let Ku be a random variable modeling the label of a node u. Our
relational classiﬁer is based on the assumption that the probability P(Ku = k)
of a node u to have label k is determined by the membership of u to a certain “node class”, modeled by random variable Cu whose possible values are the
nodes of V . Thus, P(Cu = v) represents the probability of node u to “behave”
in the same way as node v, or more simply, the similarity between u and v.
Following this model, P(Ku = k) can be obtained by marginalizing Cu :
P(Ku = k) =
=


v∈V



v∈V

∝



v∈V

P(Ku = k, Cu = v)
P(Ku = k|Cu = v) P(Cu = v)
P(Kv = k) P(Cu = v).

Using the shorthand notation πv,k = P(Kv = k) and letting σu,v ∝ P(Cu = v)
denote the similarity between u and v, this expression becomes
πu,k =

1 
πv,k σu,v ,
Z v∈V

where Z is a normalization constant. Assuming the label probabilities are all
binary, i.e. πv,k = δ (lv = k), and letting Vk ⊆ V be the nodes that have label k,
the model simpliﬁes to

264

C. Desrosiers and G. Karypis

πu,k =

1 
σu,v .
Z
v∈Vk

This expression underlines an important drawback, where the probability of a
label k is proportional the number of nodes that have k as label. In cases where
there is an important bias in the distribution of labels, such as those reported
in the experimental section, this causes all the unlabeled nodes to get the most
frequent label. To alleviate this problem, we use a diﬀerent formulation where

πv,k σu,v
1 v∈V

·
.
πu,k =
Z
πv,k
v∈V

If we consider, once again, the label probabilities as binary, this expression becomes
1 
1
πu,k =
·
σu,v ,
Z |Vk |
v∈Vk

i.e., πu,k is proportional to the average similarity with nodes of label k.
Finally, this model is augmented with two parameters α ≥ 0 and β ≥ 0
which respectively encode the importance given to label uncertainty and node
similarity:
 α β
π σu,v
1 v∈V v,k
 α
·
.
(1)
πu,k =
Z
πv,k
v∈V

Our classiﬁcation approach can be summarized with the following iterative process. First, we initialize the label probability of unlabeled nodes using apriori
probabilities, either known or approximated from the labeled nodes. Then, at
each iteration, we use (1) to update the label probabilities πu,k of each unlabeled
node u ∈ U and label k ∈ LV , using the values of the previous iteration. These
values are then normalized to make sure that they constitute a probability distribution. This process is repeated until the label probabilities converge, i.e. the
average change is inferior to a given threshold  > 0, or we reach a given number
of iteration Tmax . Finally, we assign to each unlabeled node u ∈ U the label k of
highest probability πu,k .
Note that this approach can also be used to classify the unlabeled edges of a
graph G. The idea is to transform G by replacing each edge (u, v) ∈ E by a new
node uv and two new edges, (u, uv) and (uv, v). The graph obtained in this way
has |V | + |E| nodes with labels from a set of |LV | + |LE | nodes labels, and 2|E|
edges with the same label.
3.2

Random Walk Structure Similarity

Our approach to evaluate the local structure similarity of two nodes is based
on marginalized graph kernels [10], which compute similarities as the probability of generating the same sequence of labels in two parallel random walks.
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While a more general approach using product graphs has been proposed to compute the structural similarity between graphs [7], the probabilistic framework
of marginalized kernels is better suited to cope with the label uncertainties of
our RL method. We should also mention that other types of kernels have been
proposed to measure the similarity between nodes, such as exponential, diﬀusion and regularization kernels [17], and kernels based on random walks [4,8,20].
However, these kernels are mostly based on the proximity of the nodes in the
graph, not their structural similarity.
Our similarity measure diﬀers from marginalized kernels in two respect. First,
it evaluates the similarity between two nodes of a same graph, instead of between
two diﬀerent graphs. Accordingly, the similarity between two nodes u and u is
deﬁned as the probability of generating the same sequence with random walks
starting at u and u . Secondly, the labels of some nodes are only known as a
probability. To cope with this problem, we make the label generation stochastic
such that label k is generated at node v with probability πv,k .
Since we do not demonstrate the semi-deﬁnite positiveness of our proposed
kernels and because our classiﬁcation framework is meant to be very ﬂexible, the
term kernel should be considered as a general similarity measure throughout the
rest of the paper.
3.3

Derivation of the Similarity Kernel

Denote by Pt (v|u) the probability that the walk jumps from a node u to an adjacent node v and Pe (v) the probability that the walk stops at node v, satisfying
the constraint that

Pe (u) +
Pt (v|u) = 1.
(2)
v∈V

Following these deﬁnitions, the probability of visiting a sequence of nodes v =
(v0 , . . . , vn ) in a random walk starting at node v0 is


P(v) =

n


i=1

Pt (vi |vi−1 ) Pe (vi ).

Let Pl (k|v) and Pl (k|u, v) denote, respectively, the probability of generating
label k ∈ LV at node v and the probability of generating label k  ∈ LE while
traversing edge (u, v). Given node sequence v, the conditional probabilities of
generating the sequences of node labels s and edge labels q are
P(s|v) =
P(q|v) =

n

i=1
n

i=1

(n)

Pl (si |vi )
Pl (qi |vi−1 , vi )

Let Wu be the set of possible sequences of n + 1 nodes visited in a random
walk starting at node u. The marginalized probability of a sequence s, given a
(n)
start node u = v0 , is obtained by summing over all sequences of Wu :

266

C. Desrosiers and G. Karypis
∞


P(s, q|u) =



P(s|v)P(q|v)P(v)

n=1 v∈W (n)
u



∞ 


=

n=1 v
(n)

n


i=1


Pt (vi |vi−1 )Pl (si |vi )Pl (qi |vi−1 , vi ) Pe (vi ).

Denote by S (n) and Q the set containing, respectively, all sequences of n node
labels and edge labels, the probability of generating the same sequence in two
parallel random walks starting at nodes u and u is given by
σu,u =

=

∞






P(s, q|u)P(s, q|u )

n=1 s∈S (n) q∈Q(n)



∞ 






n=1 s,q

(n)
v∈Wu

(n)
v ∈W 
u

n

i=1


Pt (vi |vi−1 )Pt (vi |vi−1
)Pl (si |vi )Pl (si |vi )




Pl (qi |vi−1 , vi )Pl (qi |vi−1
, vi )

=

∞  




n=1 s,q v,v

n

i=1

Pe (vn )Pe (vn )



a(vi−1 , vi−1
, vi , vi , si , qi )

Pe (vn )Pe (vn ),

where



a(vi−1 ,vi−1
,vi ,vi , si , qi ) = Pt (vi |vi−1 )Pt (vi |vi−1
)Pl (si |vi )Pl (si |vi )Pl (qi |vi−1 , vi )Pl (qi |vi−1
, vi ).

The computation of σu,u can be greatly simpliﬁed using the following recurrence: the probability of generating the same sequence of n labels two parallel
(n)
random walks starting at nodes u and u , written ru,u , can be obtained from the
probability of visiting nodes v and v  , respectively from u and u , and the probability of generating the same sequences of n − 1 node and edge labels, starting
at nodes v and v  . This recurrence can be written as
(n)
ru,u

⎧
⎪
⎪
⎨

=

⎪
⎪
⎩





v,v  ∈V



(n−1)

a(u, u , v, v  , k, k ) rv,v

k∈LV k ∈LE

Pe (u) Pe (u )

,n ≥ 1
,n = 0

The probability of generating the same sequences of at most N labels starting
(N )
from nodes u and u , written Ru,u , is then
(N)

Ru,u =
=

N

n=1
N


(n)

ru,u






n=1 v,v  ∈V k∈LV k ∈LE

=

 
v,v 

=

k,k

 
v,v  k,k

(n−1)

a(u, u , v, v  , k, k ) rv,v

a(u, u , v, v  , k, k )






a(u, u , v, v , k, k )

N

n=1

(n−1)

rv,v

(N−1)

Pe (v)Pe (v  ) + Rv,v

where Ru,u = 0 for all u, u . We then have σu,u = limN →∞ Ru,u .
(0)

(N )

,
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Denote by Nu the neighbors of node u and let du = |Nu | be the degree of u.
Setting the termination probabilities of u to a constant Pe (u) = γ, and letting
the transition probabilities be uniform over the neighbors of u, following the
constraint of (2), we have Pt (v|u) = (1 − γ)/du if v ∈ Nu and 0 otherwise.
Furthermore, using Pl (k|v) = πv,k and Pl (k  |u, v) = δ (lu,v = k  ) as node and
edge label probabilities, the formulation of the kernel becomes
(N)

Ru,u =

(1 − γ)2
du du 







v∈Nu v  ∈Nu

k∈LV

(N−1)

δ (lu,v = lu ,v ) πv,k πv ,k γ 2 + Rv,v

. (3)

Other than being computed between pairs of nodes instead of graphs, this expression diﬀers from the one of [10] by the fact that the label probabilities are also
marginalized. To compute the kernel, we use a bottom-up iterative approach,
where we use (3) to compute the probabilities R(N ) based on R(N −1) . We repeat
this process for increasing values of N , until the similarity values converge, i.e.
the average change is smaller than a given , or N reaches a given limit Nmax .
3.4

Exploiting Node Degrees

A problem with the kernel deﬁnition of (3) is that it does not consider the
diﬀerence between the degrees of two nodes u and v, while evaluating their
similarity. To illustrate this, suppose we limit the walk length in (3) to Nmax = 1,
i.e. we consider only the direct neighbors of u and v. Moreover, suppose that the
label of every node is known, i.e. πu,k = δ (lu = k). Under these constraints, the
similarity kernel becomes
σu,v =

(1 − γ)2 γ 2 
nu,k nv,k ,
du dv
k∈LV

where nu,k ≤ du denotes the number of neighbors of u that have label k. Thus,
this simpliﬁed kernel simply compares ratios of neighbors having each label k,
similar to what is done in the CDRN classiﬁer. Using this formulation, the
similarity between the nodes u and v of Figure 1 (a)-(b) is equal to the selfsimilarity of these nodes: σu,u = σv,v = σu,v = 12 (1 − γ)2 γ 2 .

(a)

(b)

(c)

Fig. 1. (a)-(b) The neighborhood of two nodes u, v and (c) the transformed neighborhood of v
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In order to consider the diﬀerence in the degrees, we modify the kernel formulation as
(N)

Ru,u =

(1 − γ)2
max{du , du }2






v∈Nu v  ∈Nu


k∈LV

(N−1)

δ (lu,v = lu ,v ) πv,k πv ,k γ 2 + Rv,v

(4)

This modiﬁcation to the kernel can be interpreted in the parallel random walks
framework as follows. If the degree of the node visited by a walk is less than
the degree of the node visited by the other walk, temporary edges are added
from this node to a dummy node of label ∅ ∈ LV , such that both nodes have
the same degree. With the same probability as the true neighbors, the random
walk can jump to this dummy node, after which the probability of generating
the same sequence becomes null. Figure 1(c) illustrates this idea for nodes u, v
of (a) and (b). Using this new formulation, the similarity values for nodes u and
v, again limiting the walk length to Nmax = 1, are σu,u = σv,v = 12 (1 − γ)2 γ 2 ≥
1
2 2
4 (1 − γ) γ = σu,v .
3.5

Convergence and Complexity

While the convergence of the similarity kernels deﬁned above is shown in Appendix A, the collective classiﬁcation method presented in this paper, as most RL
methods, is not guaranteed to converge since the node structure similarities σu,v
vary from one iteration to the next. However, by limiting the number of allowed
iterations to Tmax , we can still obtain a solution in the non-converging case. Furthermore, while the classiﬁcation
process can be expensive in the worst-case, i.e.

O Tmax Nmax d2max |LV ||V |2 , its complexity is closer to O(|V |2 ) in practice due
to four reasons: 1) there are much less node labels than nodes, 2) the nodes of
many real-life graphs have a low bounded degree (e.g., molecular graphs), 3) the
relevant structural information of a node is contained within a short distance,
and 4) the RL algorithm normally converges in a few iterations, regardless of
|V |.

4

Experimental Evaluation

In this section, we test our framework on the problem of classifying the unlabeled
nodes of a partly labeled graph.
4.1

Experimental Setting

We tested our classiﬁcation approach on ﬁve datasets. The ﬁrst three datasets,
which are available online at the IAM Graph Database Repository1 , were originally used for the prediction of mutagenicity, AIDS antiviral activity, and protein function. The ﬁrst two model chemical compounds as undirected graphs
where the nodes represent atoms, node labels are the chemical symbols of these
1

http://www.iam.unibe.ch/fki/databases/iam-graph-database
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Table 1. Properties of the datasets
Property
Mutagen. AIDS Protein Cornell Texas
Nb. graphs
4,337 2,000
600
1
1
Avg. nodes
30.3 15.7
32.6
351 338
Avg. edges
30.8 16.2
62.1
1392 986
Node labels
14
38
3
6
6
Edge labels
3
3
5
1
1
Freq. class
44.3% 59.3% 49.4% 41.5% 48.1%

atoms, and edges are covalent bonds between atoms. Edge labels give the valency of these bonds. The third dataset models proteins into undirected graphs
using their secondary structure, such that nodes are secondary structure elements (SSE) labeled as helix, sheet, or turn. Every node is connected with an
edge to its three nearest neighbors2 in space, and edges are labeled with their
structural type.
Finally, the last two datasets, which were created for the WebKB project,
contain graphs modeling the links between Web pages collected from computer
science departments of the Cornell and Texas Universities. These two datasets,
available online3 , have often been used to benchmark within-network classiﬁcation methods, as in [15]. While the link information is sometimes converted into
a co-citation graph, we evaluate our approach directly on the original Web page
link graph. Furthermore, we consider the multiclass classiﬁcation problem where
pages can have one of six types: student, faculty, staﬀ, department, course and
project. Finally, while they are used in the evaluation of other methods, the edges
weights representing the number of links between two Web pages, are ignored
by our methods.
Table 1 gives some properties of these datasets: the number of graphs, the
average number of nodes and edges of these graphs, their number of node and
edge labels, and the percentage of nodes having the most frequent class label.
As suggested in [15], we compare our approach with the classiﬁcation methods implemented in NetKit-SRL4 . This toolkit provides a general framework for
within-network classiﬁcation that allows the user to choose any combination of
collective inference approach, i.e. RL, IC or Gibbs sampling, and relational classiﬁer, i.e. WVRN, CDRN, NOB or NOLB (using either raw or normalized counts
of neighbors with a given label). For additional information, the reader may refer
to Section 2 or to [15]. Although we have tested every possible combination of
collective classiﬁcation approach and relational classiﬁer, we have kept, for each
classiﬁer, the approach which worked best. Including the two methods proposed
in this paper, i.e. our RL framework with the similarity kernels of (3) and (4), a
total of 7 methods, described in Table 2, are tested.
2
3
4

Note that a node can have more than three neighbors since the relation “nearestneighbor” is not symmetric.
http://netkit-srl.sourceforge.net/data.html
http://netkit-srl.sourceforge.net/.
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Table 2. Tested classiﬁcation methods
Method
Description
RL-WVRN:
RL with WVRN
RL-CDRN:
RL with CDRN (cosine similarity on normalized counts)
IC-NOB:
IC with NOB
IC-NOLB-count: IC with NOLB (raw counts)
IC-NOLB-norm: IC with NOLB (normalized counts)
RL-RW:
Our RL with the kernel of (3).
RL-RW-deg:
Our RL with the kernel of (4).

The ﬁve datasets were used diﬀerently in our experiments. For the ﬁrst three
ones, which contain many small graphs, we randomly sampled six sets of 100
graphs and then merged the graphs of each of these sets into larger test graphs,
considering the small graphs as individual components of the larger ones (1500
to 3500 nodes depending on the dataset). We then randomly selected one of
these test graphs to tune the parameters of the tested methods and used the ﬁve
others to evaluate their performance. For each of these ﬁve test graphs, 10 runs
were performed, where we randomly selected a subset of nodes from which we
removed the labels. We then computed the F1-score using the precision and recall
obtained for each class, weighted by the number of nodes in these classes, and
averaged this value over the 5 × 10 classiﬁcation runs. For the graphs of the last
two datasets, parameters were tuned using another WebKB dataset modeling
the links between Web pages of the University of Washington. As with the other
datasets, 10 runs were performed on each of these two graphs and the F1-scores
were averaged over these runs.
4.2

Results

Figures 2 gives the F1-scores obtained by the seven tested methods on the ﬁve
datasets, for decreasing percentages of labeled nodes. Note that we have used a
diﬀerent range of labeled nodes for the two WebKB graphs (10% to 80% instead
of 2.5% to 50%), since these graphs have much less nodes than the other ones.
We can see that our structure similarity kernel approach that considers node
degrees, i.e. RL-RW-deg, outperforms the other classiﬁcation methods for
datasets where the type of a node is well correlated with its local structure
(i.e., Mutagenicity and AIDS datasets), especially when a small portion of nodes
are labeled. Moreover, within the classiﬁcation methods of Netkit-SRL, the IC
method based on the multiclass regression using the raw counts, i.e. IC-NOLBcount, provides results comparable with RL-RW-deg when the labels of a sufﬁcient number of nodes are known. However, as the number of labeled nodes
reduces, this method fails to learn a proper regression model and its performance drops. Finally, the methods based on homophily, such as RL-WDRN,
perform poorly on this type of data.
Our classiﬁcation approach considering node degrees also works well on other
types of data, such as the Web page link graphs, where it is comparable to
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Fig. 2. F1-scores obtained for the tested datasets: (a) Mutagenicity, (b) AIDS, (c)
Protein, (d) Cornell and (e) Texas

the best NetKit-SRL method. For the Cornell dataset, however, it appears that
WDRN works the best when a few labels are known. In this case, this method
simply assigns the most frequent label to unlabeled nodes, which gives decent
results due to the biased distribution of labels (see Table 1). As more node
labels are known, the classiﬁcation relies increasingly on proximity which actually
degrades the performance of this method.
Comparing our two similarity kernels, we observe a variation in the results
obtained for the diﬀerent types of data. Thus, while RL-RW-deg is signiﬁcantly
better than RL-RW on the Mutagenicity data, the performance of these two
methods is comparable on the AIDS data. This is due to the fact valency of an
atom, i.e. degree of a node, is a good indicator of the type of this atom, but this
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information is noisy in the AIDS data since bonds to hydrogen atoms have been
omitted. For the Protein and WebKD datasets, however, the degree of a node
provides a weaker signal for classiﬁcation, and both approaches give comparable
results.
4.3

Influence of Parameters and Runtimes

Although the results presented in this section were obtained on the same datasets
as for the validation, these results were not used to tune our methods.
Figure 3(a) gives the average accuracy of RL-RW-deg on the Mutagenicity
data (using a percentage of labeled nodes of 50%) for diﬀerent values of parameters α and β, which control the impact of label uncertainty and similarity in our
relational classiﬁer. We notice that the accuracy can sometimes be improved by
increasing the importance of nodes with uncertain labels w.r.t. nodes of known
label, i.e. using α < 1. This could be explained by the fact that using such values provides a smoother convergence of the method. This could also explain the
poor results of the RL-CDRN method, which corresponds to using α → ∞ in
our framework (assuming the random walk length is limited to 1).
The impact of the random walk termination probability γ on the classiﬁcation of
the AIDS data (using a percentage of labeled nodes of 50%) is shown in Figure 3(b).
To illustrate how this parameter inﬂuences the length of the random walks, we
varied the maximum walk length Nmax of the kernel. When the walk lengths are
the least limited, i.e. Nmax = 6, we notice that the accuracy is reduced when the
termination probability γ increases. We also see that the greatest gain in accuracy
occurs for Nmax = 2, suggesting that most of the structural information of a node,
for this data, is contained within a short distance of this node.
The last analysis focuses on the times required to run our methods on a machine
equipped with two 2.60GHz i686 processors and 1Gb of RAM. Figure 4 gives the
mean runtimes of RL-RW-deg on the Mutagenicity data (using a percentage of
labeled nodes of 50%), for diﬀerent values of kernel parameter γ. As a reference, we
also give the runtime of RL-CDRN, the slowest Netkit-SRL classiﬁcation method

RL α
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0.50
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Fig. 3. Impact of the parameters on the classiﬁcation accuracy: (a) RL parameters α
and β on the Mutagenicity data, and (b) kernel parameters Nmax and γ on the AIDS
data
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Fig. 4. Runtime (in seconds) of our approach on the Mutagenicity data

for this data. While our method is noticeably slower than methods based only on
direct neighbors, such as RL-CDRN, it performed the classiﬁcation within only 2
minutes for networks with 3,000 nodes, suggesting it could be used for even larger
networks.

5

Conclusion

This paper presented a novel approach for the problem of within-network classiﬁcation. Unlike other methods for this problem, which are based on the principle
that nearby nodes in the network are likely to have the same type, or which
use only the distribution of labels in the neighborhood of a node, this approach
classiﬁes a node based on its local structure similarity with other nodes in the
network. Furthermore, a new method was proposed to evaluate the structural
similarity between nodes in a partly labeled graph. This method, which uses
random walks, extends marginalized graph kernels by considering the label uncertainty and the degree of nodes in the network. Our classiﬁcation approach
was tested on real-life data from the several ﬁelds, and the experimental results
have shown our method to outperform several state-of-the-art methods when
the type of a node is correlated to its structure, and perform as well as these
methods with other types of data.
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A

Proof of Convergence

Proposition 1. The kernel deﬁned by (3) converges for any 0 < γ ≤ 1.
Proof. Consider the probability of generating the same sequence of n labels in
two random walks starting at u and u , as deﬁned by the following equation:
(n)

ru,u =

(1 − γ)2
du du 







v∈Nu v  ∈Nu

k

(n−1)

δ (lu,v = lu ,v ) πv,k πv ,k rv,v .

(n)

Since ru,u is computed by summing and multiplying non-negative terms, by
induction, it is also non-negative. Furthermore, this value can be bounded from
above as
(n)

ru,u ≤

(1 − γ)2
du du 

(1 − γ)2
=
du du 
=
(n−1)

Let rmax

(1 − γ)2
du du 
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rv,v .

(n−1)

= max
rv,v , we have

v,v ∈V

(n)

(n−1)
ru,u = (1 − γ)2 rmax
(0)
≤ (1 − γ)2n rmax

= (1 − γ)

2n

(by induction)

2

γ .

Finally, the probability of generating the same sequence of any length between
u and u is bounded by
σu,u =

∞

n=1

≤ γ2

(n)

ru,u

∞


(1 − γ)2n

n=1

γ 2 (1 − γ)2
=
,
1 − (1 − γ)2

where we have used the fact that the series is geometric and (1 − γ)2 < 1.
Proposition 2. The kernel deﬁned by (4) converges for any 0 < γ ≤ 1.
Proof. This can be shown using the same approach as with Proposition 1.

