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HIGHLIGHTS

We propose a distributed learning automata based algorithm for sampling from complex networks.

The proposed algorithm is studied on 9 popular complex networks.

The proposed algorithm is compared with well-known sampling methods.

The experimental results show that the proposed algorithm is a viable approach for sampling from complex networks.

ARTICLE INFO ABSTRACT

Article history: A complex network provides a framework for modeling many real-world phenomena
Received 8 July 2013 in the form of a network. In general, a complex network is considered as a graph of
Received in revised form 6 September 2013 real world phenomena such as biological networks, ecological networks, technological
Available online 18 November 2013 networks, information networks and particularly social networks. Recently, major studies
are reported for the characterization of social networks due to a growing trend in
analysis of online social networks as dynamic complex large-scale graphs. Due to the large
Social networks scale and limited access of real networks, the network model is characterized using an
Network sampling appropriate part of a network by sampling approaches. In this paper, a new sampling
Distributed learning automata algorithm based on distributed learning automata has been proposed for sampling from
complex networks. In the proposed algorithm, a set of distributed learning automata
cooperate with each other in order to take appropriate samples from the given network.
To investigate the performance of the proposed algorithm, several simulation experiments
are conducted on well-known complex networks. Experimental results are compared
with several sampling methods in terms of different measures. The experimental results

demonstrate the superiority of the proposed algorithm over the others.
© 2013 Elsevier B.V. All rights reserved.
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1. Introduction

Many real world systems such as biological, social, ecological, technological and information systems are modeled as
networks, which are represented as graphs with a set of vertices (e.g. users in social networks) and edges (relationship
between users in social networks). It is shown that there are universal common features in different real world networks
such as small-world and scale-free properties [1,2]. In recent years, complex networks have attracted an great deal of
attraction by researchers in many applications [3-5]. In Ref. [6], information in the form of periodic orbits (cycles) exists
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in the network modeled as complex networks. Moreover, complex networks have provided a suitable framework for real
world systems such as software systems [7]. Due to the dynamicity, complexity, and large scale of complex networks,
the conventional techniques of problem solving might experience some difficulties facing real networks [8]. Therefore, a
network is characterized using metrics (e.g. centrality measures) or techniques (e.g. sampling), instead of access to the
whole network [9-11]. In case of online social networks, in addition to the large scale of the network, limited access due to
privacy settings has arisen. So, it is impossible to fully access the whole network. In practice, researchers via sampling from
networks can estimate the characteristics of given large networks [12].

A sample from graph G = (V, E), where V(G) is the set of |V| = n vertices and E(G) denotes the edge set including
|E| = m edges, is a function f : G — S from the given graph G to the sample-set S = (V’, E’) such that V' C V and E’ C E.
It is noted that the main goal of the sampling technique is to select a smaller subgraph from G. Sampling methods [9,11,13]
play a significant role in preprocessing, characterizing, and studying networks. Sampling can be used to study a small part
of the networks while preserving features of the initial network. For example in online social networks, due to privacy
restrictions, it could not access the whole network information, therefore, the networks are characterized by estimated
small samples from a significant part of the networks. Taking into account complexity, large scale and dynamic properties
of the complex networks, most traditional methods were not scalable and thus failed. Moreover, the policies of some social
network websites have restricted accessibility to the whole network simultaneously [14], because of computational or
privacy restrictions. Hence, there are some special complexities and challenges in sampling from complex networks which
can still be discussed as new research fields [15].

In general, for studying social networks such as Facebook/Twitter, in fact there is no assumption about the probability
distribution of particular measures e.g. degree distributions, whereas some researchers have to address considering
special assumptions of the network a priori [10] for computing the biasness. In p2p networks which are highly dynamic,
vertices/edges are continuously added or removed from the network, while the sampling process covers some other parts
of the network [16]. Moreover, the weights of edges considered in the network are usually assumed constant, though these
weights are variables over time [17]. In some cases, sampling methods not only are limited to using smaller scales in order
to reduce storage space and computational complexity, but also they are used to estimate, characterize and study networks.
For example, the latest estimation of indexed web pages reports 3.6 billion pages in the internet [18].

The various methods reported in the literature for sampling from graphs can be categorized into three general approaches
for the sampling techniques. In the first approach, the scale of the initial graph is reduced, which is mainly used for visualizing
the graph applications [19] and describing the initial graphs. In this approach, several techniques can be utilized such as
clustering [20], coarse graining [21], k-core [22] and fractal based methods [23]. In the second category, the random selection
is done based on either nodes or edges which often does not provide proper results since it models just a small part of
the graph without considering its topological structure [15]. The third category includes crawling methods or topology
based sampling methods which has attracted a great deal of attention in the literature. As the topological structure is
provided relatively by the crawling methods such as Breadth-First-Search (BFS) [24], Depth-First-Search (DFS) [25], Forest
Fire Sampling (FF) [26], Snowball [27], Random Walk (RW)[28], Metropolis-Hastings Random Walk (MHRW) [29], Weighted
Random Walk (WRW) [30], Stratified Weighted Random Walk (SWRW) [30], and Respondent Driven Sampling (RDS) [31],
they offer more effective results in comparison with random selection methods. All of these approaches are similar in their
basics with their general difference being the selection strategy for a part of the graph [9].

Leskovec et al. [ 15] proposed a sampling method from a large graph with two goals of back in time and down scale, while
several methods have been introduced and compared. The study has demonstrated that vertex selection and edge selection
techniques do not provide desirable results regarding their ignorance of the correlations between selected vertices/edges.
An analytical comparison between RW and BFS sampling has been presented by Kurant et al. [ 10] to sample from a network.
Their study reveals that the degree of the graph is overstated by the BFS, while it is understated by the RW sampling.
Therefore, they suggested analytical solutions to correct the bias of estimation. A practical framework for uniform sampling
from users of the social network Facebook has been developed based on crawling in Ref. [ 16]. In this research, the advantage
of unbiased estimation of MHRW and Re-WRW (RWRW) over random sampling and breadth-first-search has been addressed
by comparing various approaches. RDS was analyzed in Ref. [32] to reduce the biases associated with chain referral sampling
of hidden populations. And then later, sampling from Twitter using the RDS method has been reported to characterize it in
Ref. [33]. They have shown, through experimental examinations on Twitter, the lower error in RDS than that of MHRW.
Analysis of the random walk method has been developed by Cooper et al. [34], where the authors have tried to sample from
the high degree vertices and similar graphs regarding the power law distribution. Cumulative distribution of degrees is
estimated via sampling based on tracerouting and some methods were studied for eliminating bias of the high degrees [35].
Ribeiro et al. proposed a sampling method, called Frontier sampling. It is developed from the traditional random walk which
used several dependent random walks. The frontier sampling outperforms the conventional random walk and generates
small errors in sparse graphs. According to the diversity communication between users of the social networks, a multi-
graph has been introduced using random walk [11] and the results of its simulation indicate improvement of the proposed
method by Gjoka. Random jump in MHRW for unbiased estimation has been proposed and it also prevents being trapped in
local structures in Ref. [36] by Jin et al.

Variety in social network models makes various kinds of modeling possible. A modular structure has been studied in
complex networks with sampling from the network being implemented based on identifying the communities by Maiya
et al. [37]. In other research, structure of a bipartite graph has been considered in Ref. [38] for some social networks, then
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Fig. 1. The relationship between the learning automaton and its random environment.

MHRW has been utilized to suggest sampling in this graph. Sampling from directed graphs has been proposed in Ref. [39]
using random walk. A directed heterogeneous graph [40] is suggested by Yang et al. in order to sample semantically. They
show that their sampling technique preserves the relational profile property. Sampling by crawling the edges has been
discussed in Ref. [41] by the idea of page rank which provides more significant results in comparison with RDS.

In this paper, an algorithm based on distributed learning automata is proposed for sampling from complex networks. In
the proposed algorithm, a learning automaton is assigned to each vertex of the graph, in which a set of distributed learning
automata cooperate with each other to take promising samples from the important part of the graph. In the proposed
algorithm, if the selected vertex is evaluated well, the selected vertex is rewarded, and penalized otherwise. The proposed
algorithm iteratively repeats until it proceeds to predefined criteria. The proposed algorithm is compared with several
sampling methods and the obtained results show the superiority of the proposed algorithm over the others in terms of
several criteria.

The rest of this paper is organized as follows. Section 2 introduces the learning automata and distributed learning
automata. In Section 3, the proposed algorithm for sampling from complex networks is described. The performance of
the proposed algorithm is investigated through the simulation experiments on the standard graph of complex networks
in Section 4, and finally Section 5 concludes this paper.

2. Learning automata

A learning automaton [42,43] is an adaptive decision-making unit that improves its performance by learning how to
choose the optimal action from a finite set of allowed actions through repeated interactions with a random environment. The
action is chosen at random based on a probability distribution kept over the action-set and at each instant the given action
serves as the input to the random environment. The environment responds to the taken action in turn with a reinforcement
signal. The action probability vector is updated based on the reinforcement feedback from the environment. The objective
of a learning automaton is to find the optimal action from the action-set so that the average penalty received from the
environment is minimized.

The environment can be described by a triple E = {«, 8, c}, where « = {aq, aa, ..., «;} represents the finite set
of the inputs, 8 = {B1, Ba2...., Bm} denotes the set of the values that can be taken by the reinforcement signal, and
¢ ={cy, ca, ..., C} denotes the set of the penalty probabilities, where the element ¢; is associated with the given action «;.
If the penalty probabilities are constant, the random environment is said to be a stationary random environment, and if they
vary with time, the environment is called a non-stationary environment. The environments depending on the nature of the
reinforcement signal S can be classified into P-model, Q-model and S-model. The environments in which the reinforcement
signal can only take two binary values 0 and 1 are referred to as P-model environments. Another class of the environment
allows a finite number of values in the interval [0, 1] can be taken by the reinforcement signal. Such an environment is
referred to as a Q-model environment. In S-model environments, the reinforcement signal lies in the interval [a, b]. The
relationship between the learning automaton and its random environment has been shown in Fig. 1 [42].

Learning automata can be classified into two main families [42]: fixed structure learning automata and variable structure
learning automata. Variable structure learning automata are represented by a triple (8, «, T), where 8 is the set of inputs,
is the set of actions, and T is the learning algorithm. The learning algorithm is a recurrence relation which is used to modify
the action probability vector. Let «(k) and p(k) denote the action chosen at instant k and the action probability vector on
which the chosen action is based, respectively. The recurrence equation shown by (1) and (2) is a linear learning algorithm
by which the action probability vector p is updated. Let o (k) be the action chosen by the automaton at instant k

_ _ |pit) +all —pily] j=i
kD =10 = 0yt Vi#i W
when the taken action is rewarded by the environment (i.e. 8(n) = 0) and
(1 —bypj(k) j=i
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Fig. 2. Distributed learning automata.

when the taken action is penalized by the environment (i.e. 8(n) = 1). r is the number of actions that can be chosen
by the automaton, a(k) and b(k) denote the reward and penalty parameters and determine the amount of increases and
decreases of the action probabilities, respectively. If a(k) = b(k), the recurrence equations (1) and (2) are called the linear
reward-penalty (Lg_p) algorithm, if a(k) > b(k) the given equations are called the linear reward-¢ penalty (Lg_.p), and
finally if b(k) = O they are called the linear reward-Inaction (Lg_;). In the latter case, the action probability vectors remain
unchanged when the taken action is penalized by the environment.

Learning automata have been found to be useful in systems where incomplete information about the environment,
wherein the system operates, exists. Learning automata are also proved to perform well in dynamic environments. It has
been shown in Ref. [44] that the learning automata are capable of solving the distributed problems. Recently, several learning
automata based approaches have been presented for improving the performance of many applications [45-49].

2.1. Distributed learning automata

A Distributed learning automata (DLA) [50-53] shown in Fig. 2 is a network of interconnected learning automata which
collectively cooperate to solve a particular problem. Formally, a DLA can be defined by a quadruple (A, E, T, Ag), where
A = {A1, Ay, ..., Ay} is the set of learning automata, E C A x A is the set of the edges in which edge e(; ;, corresponds to
the action o of the automaton A;, T is the set of learning schemes with which the learning automata update their action
probability vectors, and Ay is the root automaton of the DLA from which the automaton activation is started.

The operation of a DLA can be described as follows. At first, the root automaton randomly chooses one of its outgoing
edges (actions) according to its action probabilities and activates the learning automaton at the other end of the selected
edge. The activated automaton also randomly selects an action which results in activation of another automaton. The process
of choosing the actions and activating the automata is continued until a leaf automaton (an automaton which interacts with
the environment) is reached. The chosen actions, along the path induced by the activated automata between the root and
leaf, are applied to the random environment. The environment evaluates the applied actions and emits a reinforcement
signal to the DLA. The activated learning automata along the chosen path update their action probability vectors on the
basis of the reinforcement signal by using the learning schemes. The paths from the unique root automaton to one of the
leaf automata are selected until the probability with which one of the chosen paths is close enough to unity. Each DLA has
exactly one root automaton which is always activated, and at least one leaf automaton which is activated probabilistically.
For example in Fig. 2, every automaton has two actions. If automaton A; selects «3 from its action set, then it will be the
activated automaton of As. Afterwards, the automaton of A; will choose one of its possible actions and so on.

3. Proposed sampling algorithm based on distributed learning automata

In the proposed algorithm, first, each vertex of the graph is equipped with a learning automaton, and as a result, a network
of learning automata isomorphic to the graph is initially constructed. The set of distributed learning automata is defined
by a tuple (A, @), where A = {A1,A,, ..., A;} is the set of learning automata corresponding to the set of vertices, and
o = {aq, a, ..., ay} denotes the set of actions in which «; = {ai‘, aiz, ., air"} described the set of actions that can be
taken by learning automaton A;. In the proposed algorithm, the action set of each learning automaton (e.g. A;) is choosing
one of the neighbors which are initialized equally as

_ 1
d(v)
where d(v;) is the degree of vertex v;.

At the beginning of the algorithm, all learning automata are considered inactive. Randomly, a vertex is selected and
activated (e.g. A;), the activated automaton selected one of its neighbors (4;) according to the probability vector of A;. The

pij (3)
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Algorithm 1: proposed algorithm for sampling from complex networks using distributed learning automata

Input: Graph G=(V, E), Sample size k, convergence threshold T, maximum iteration T’
Output: The set of sample vertices
Assumptions
Assign an automaton 4; to each vertex v;
Let (xi={(xil, (xizy___oci'i} denotes the action set of automaton A4;
Let N denotes the number of vertices and M denotes the number of edges
Let d denotes the list of sampled vertices and initially set to {}
Select node s as seed node randomly
Begin
Disables all learning automata
While stopping criteria are not meet (t or T) Do
Enable A4,
Choose an action by 4, as i according to eq.(4)
If (4, visited before)
The chosen action by the learning automaton is rewarded
End If
SV

disable 4;
End While
Sort vertices
& «k-top(d)
End Algorithm

Fig. 3. The pseudo code of the proposed sampling algorithm based on distributed learning automata.
degree of vertices has also been considered in the process of selecting vertices as

‘ (Pl -d @)
P+ =+
> (Pl -dw)

i=1

(4)

where pﬁ(t) represents the probability of selected action «; by learning automaton A; in time ¢, and d(v;) denotes the degree
of vertex v;. In fact, the probability of actions with greater probability and smaller degree is increased.

Having selected the new vertex, the previous vertex is deactivated while the new vertex is activated. In the proposed
algorithm, if the selected vertex has been visited before, the corresponding automaton is rewarded, otherwise penalized.
This process is iteratively repeated until a predefined number of iterations or until it exceeds a predefined threshold of
convergence. Threshold of convergence is defined by the product of the action probability vector of the learning automaton
as follows

T = ]_[ arg max{p/(t)} (5)

jes

where t denotes the iteration number of the algorithm and S is the vertex set of samples. p/ represents the probability vector
of automaton A;.
At the end of this process, k-top vertices which belong to the highest probability; will be taken as desirable samples.

The pseudo code of the proposed sampling algorithm based on the distributed learning automaton is shown in Fig. 3.

4. Simulation results

To investigate the performance of the proposed algorithm, several simulation experiments are employed on the well-
known data sets of complex networks. In the simulation experiments, the proposed algorithm is compared with several
sampling methods from complex networks. The description of networks has been listed in Table 1. In all the experiments
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Table 1
Description of standard data set of the complex
networks.

Network Node  Link Type

Karate 34 78  Social
Football 115 613  Social
Dolphin 62 159  Social
Adjnoun 112 425  Word

C. elegans 453 2025  Biological
Airport 332 2126  Technological
Email 1133 5451  Social
Glossary 72 122 Words

Jazz 198 2742  Social

presented in the paper, the learning scheme is Lg_; and the learning rate is set to 0.01. The threshold convergence 7 is set to
0.9 and the predefined iteration for the stopping algorithm is set to 1000.
There is also the visualization of given complex networks in the simulation which are depicted in Fig. 4.

4.1. Evaluation criteria

In this paper, the results of the proposed algorithm in comparison with alternative methods are reported in terms of
Kolmogorov-Smirnov Test (K-S test), Relative Error (RE) and Normalized Root Mean Square Error (NRMSE) according to the real
and estimated values of the clustering coefficient and degree distribution of vertices. These evaluation criteria are described
as follows.

4.1.1. Kolmogorov-Smirnov test (K-S test)

The Kolmogorov-Smirnov D-Statistic is one of the statistical test methods used for assessing the distance between two
cumulative distribution functions (CDF). D is a measure for acceptability between the original distribution and estimated
distribution. The result of this test can be relatively employed for comparison. In other words, the result of this test is a value
between 0 and 1. The values close to 0 indicate both distributions will have a greater similarity; and the values close to 1
indicate the two distributions will show a greater discrepancy [54]. This measure has been defined as

D = max |F'(x) — F(x)] (6)

where F and F’ denote the Cumulative Distribution Function (CDF) of the original and estimated data, respectively, and
x represents the range of the random variables. So it is computed as the maximum vertical distance between the two
distributions.

4.1.2. Relative Error (RE)
Relative Error (RE) can be employed to assess the accuracy of the results, which is calculated by this equation below:

‘e—é
9

RE = 7)

where 6 and § denote the values of the real and estimated parameters (e.g. real clustering coefficient and estimated
clustering coefficient) in the obtained samples [9].

4.1.3. Normalized Root Mean Square Error (NMSE)
Another measure used in this regard is the Normalized Root Mean Square Error (NMSE) for the clustering coefficient
which is given by the following equation [55,12]:

~\2
NMSE = <E|CC_C|) (8)

where C and C are the values of the real and estimated clustering coefficients in the extracted samples.

4.2. Experimental results

In this paper, all experiments were launched on a system with a hardware configuration of Intel® Core i5 U520 1.07 GHz
processor and 2 GB RAM. The linear learning algorithm Lg_; was used for the learning automaton and the learning parameter
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(d) Adjnoun. (e) Airport.

(h) Email. (i) Jazz.

Fig. 4. Visualization of standard data set of the complex networks.

was taken as 0.01 for the first experiment. The proposed sampling algorithm was evaluated through sampling by learning
automata as SLA in comparison with random vertex sampling as RVS, Random Edge Sampling as RES, Random Walk Sampling
as RWS, and Respondent Driven Sampling as RDS for the sampling rate of 0.15%. In the first experiment, the performance of
the proposed algorithm and other popular algorithms is investigated. The average results of varying sampling rate (0.15%
and 25%) are summarized in Tables 2 and 3 for 30 independent runs in terms of the K-S test for degree distribution (k).

By focusing on the result of Tables 2 and 3, it can be inferred from most networks that those with increasing sampling
rates have a noticeable impact on the K-S test. Moreover, the results have shown the superiority of the proposed algorithm
except RDS for Football, C. elegans and Jazz for lower sampling rate and C. elegans for higher sampling rate.

In the second experiment, the impact of varying sampling rate is studied and compared with other algorithms in terms of
relative error (RE) for clustering coefficient (CC). Fig. 5 presents RE values for CC as a bar chart diagram for varying sampling
rates (15%-35%).

As shown in Fig. 5, the relative error decreases by increasing the sampling rate in most cases. Besides, for the networks
with smaller size (e.g. Karate), the relative error is less than those networks with larger size (e.g. C. elegans).
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Table 2
Results of K-S test for degree distribution (k) in the
sampling methods for sampling rate = 0.15%.

Networks ~ Methods
RVS RES RWS RDS SLA

Karate 064 040 042 035 034
Football 057 049 038 0.19 0.19
Dolphin 058 069 0.66 044 041
C.elegans 0.18 0.19 0.17 006 0.07
Airport 036 035 034 020 0.19
Jazz 060 068 057 035 037
Adjnoun 036 035 034 023 019
Glossary 031 038 031 025 022
Email 039 036 034 029 028

Table 3
Results of K-S test for degree distribution (k) in the
sampling methods for sampling rate = 0.25%.

Networks  Methods
RVS RES RWS RDS SLA

Karate 048 036 0.36 031 029
Football 051 042 034 0.18 017
Dolphin 052 061 0.59 039 037
C.elegans 0.15 0.16 0.14 0.06 0.06
Airport 033 034 031 0.18 0.17
Jazz 054 061 048 034 033
Adjnoun 036 035 034 021 019
Glossary 026 031 0.29 022 020
Email 034 032 029 027 0.26

Table 4
Results of K-S test for degree distribution (k) in the proposed sampling algorithm for
sampling rate = 0.15%.

Learning parameter ~ Networks

Karate  Football  Dolphin  Adjnoun  Glossary

0.01 0.3416  0.2478 0.4753 0.2787 0.2429
0.02 0.3891  0.2942 0.4524 0.2650 0.2954
0.03 0.3443  0.2855 0.4451 0.2595 0.2870
0.04 0.3208 0.2826 0.4643 0.2681 0.2801
0.05 0.3344  0.2681 0.4297 0.2802 0.2862
0.06 0.3680  0.2971 0.4961 0.2660 0.2798
0.07 03332  0.2884 0.4786 0.2594 0.2790
0.08 0.4040  0.2681 0.4922 0.2572 0.2388
0.09 03542  0.2594 0.4765 0.2439 0.2732
0.10 0.3817  0.2884 0.4663 0.2479 0.2875

In the third experiment, the effect of varying sampling rate on the proposed algorithm for NMSE of the clustering
coefficient has been depicted in Fig. 6 for different networks.

In general, according to Fig. 6, NMSE has a descending trend with increasing the number of samples. In the case of small
networks, a greater value of NMSE is noticed for a few samples in comparison with a large number of them.

In the last experiment, the impact of learning rate for learning automata in the proposed algorithm is investigated. It is
important that in the learning automata based algorithm, the convergence of the algorithm depends on an appropriate value
of the learning parameter. Thus, the effect of different learning parameters on the proposed algorithm for 30 independent
runs is listed in Table 4 for selected complex networks in terms of the K-S test for degree distribution (k).

It can be inferred from Table 4 that certain values (e.g. low value) of the learning parameter do not show a considerable
impact on the accuracy of results, while much better results are different for each network. Therefore, the proposed method
just requires a parameter tuning for the learning parameter. The proposed algorithm is simple and easy to implement
with appropriate results in most cases. As previously demonstrated in the simulation results, the proposed algorithm has
outperformed other approaches. Nevertheless, some further improvements can still be considered in this algorithm for more
future research such as selecting a targeted initial node (nodes with higher values of centrality), selecting a node after several
runs of crawling, selecting several types of neighborhood nodes, and postponing the learning process.
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Fig. 5. Relative error of CC for varying sampling rates (15%, 25% and 35% respectively from left).

5. Conclusion

Sampling methods are used for studying, characterizing, describing and visualizing the dynamical complex networks. In
this paper, an algorithm based on a distributed learning automaton was proposed for sampling from a complex network. In
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Fig. 6. Varying sampling rate for NMSE results of CC on the proposed algorithm for different networks.

the proposed algorithm, a set of learning automata were assigned onto vertices of the given graph and then the promising
part of the graph was sampled based on the cooperation between distributed learning automata. The performance of
the proposed sampling algorithm was empirically investigated against the well-known sampling techniques on various
complex network benchmarks. According to the obtained results in several simulation experiments, the proposed algorithm
outperforms the other algorithms in terms of the K-S test, RE and NMSE in most cases.
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