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Abstract 

Affinity Propagation (AP) is a new clustering method to cluster data set efficiently. In 

this paper, a Distributed method of Local Affinity Propagation (DLAP) is proposed to 

solve hardware bottleneck and time-consuming problem. DLAP refines AP by reducing 

the calculating data scale in each iteration and keeps a high quality clustering result. The 

method is implemented on Apache Spark distributed computation framework. Depending 

on high iteration efficiency on Spark, the method has an impressive result in time 

complexity. Experiments are conducted on two-dimensional data to show that the time 

cost of LAP on single machine is better than the two methods, FSAP and FAP, meanwhile 

the result of DLAP on Spark is better than that on Hadoop. 
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1. Introduction 

Recently with the rapid increment of information in our network, how to deal with 

large scale data set efficiently is becoming a significant issue. Clustering is one of the 

most popular method to combine similar data together for data analysis, patterns 

detecting, graph partition and text summarizing. Usually we execute clustering for many 

iterations to maximize the sum of similarities between each point and its center, then 

globally optimal clustering result is established. Nowadays with the development of 

BigData, using clustering to analyze large scale data set in parallel is a very important 

data mining approach. As a result how to deal with these data to facilitate our analysis is 

becoming a big issue. 

There are several classical algorithm for clustering such as K-means [1], Spectral 

clustering [2], Hierarchical clustering [3] and Affinity Propagation [4], but none of them 

is adapted to magnificent data. As a result, series of optimized algorithms are proposed to 

analyze large scale data in parallel. Parallel K-means [5] and Parallel Spectral clustering 

[6]. occurrence indicates that putting algorithm in parallel instead of a single machine 

effectively resolves large scale data issue. However, in K-means initially selected 

exemplars are important to final cluster result, and locally optimal solution is come out 

when initial exemplars choose a wrong set. Spectral clustering meets the same problem 

because it needs K-means to calculate final result. 

Affinity Propagation is a novel clustering method which takes all the data as possible 

cluster centers and doesn't need to confirm cluster number. The standard AP algorithm is 

quite time-consuming, so in recent years plenty of methods are presented to reduce the 

time complexity such as parallel realization or dataset reduction. These methods improve 

the time efficiency, but they are still complicated and not efficient enough. In this paper, a 

Distributed method of Local Affinity Propagation (DLAP) is proposed to improve time 

efficiency. DLAP improves the standard AP algorithm by decreasing the data scale and 
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using sparse graph structure in Apache Spark to facilitate computation without losing 

accuracy. The key contributions of our work are summarized as follows: 

1. The new method is proposed to reduce the scale of data to improve the time 

efficiency of AP algorithm. 

2. The Distributed method of Local Affinity Propagation is realized on Apache Spark. 

The remainder of this paper is organized as follows. Section 2 discusses related work. 

Section 3 introduces the proposed Distributed Local Affinity Propagation method 

(DLAP). In Section 4, two experiments are conducted respectively on single machine and 

distributed system. Section 5 concludes the whole paper. 

 

2. Related Work 
 

2.1. Affinity Propagation 

Affinity Propagation is a clustering method to find the globally optimal solution 

efficiently by means of trans information between data points. After series of iterations, 

the centers are generated for all points without setting initial number of clustering. AP has 

higher accuracy than other algorithms to deal with large scale data in images, n-

dimensional data, gene expressions and semantic analysis. 

In clustering algorithm, similarity indicates two points' close degree. There are a lot of 

ways to express similarity, and usually it is set to a negative squared Euclidean distance: 

For point  and  semantic analysis. 

                                                 (1) 

The AP defines two parameters which are called responsibility and availability. 

Responsibility   is sent from point  to point , reflecting how well  serves 

as the exemplar of  compared with other points . Availability  is sent from 

point  to point , reflecting how appropriate  chooses  as its exemplar compared 

with other points . The two parameters are updated iteratively by: 

                     (2) 

            (3) 

                               (4) 

These parameters are calculated until they are convergent. The constraint that one point 

 chooses another point  as exemplar is: 

           (5) 

All responsibilities and availabilities are set to 0 initially. For iterative algorithm, it is 

important to avoid numerical oscillations. We involve damp factor  to ensure 

convergence. The values are updated iteratively as follows to compute convergence 

values: 

                              (6) 

The similarity of a point to itself  is called preference , which is very 

important to affect the number of clusters. 

Due to iteration of computing responsibility and availability, the time complexity 

is , in which N means the number of data points and L means iteration time. So 
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time consumption is out of expectation when clustering large scale data set. There are two 

ways to handle this issue: dataset scale reduction and parallel realization. 

 

2.2. Dataset Scale Reduction 

The method of Dataset Scale Reduction aims at decreasing the computing complexity, 

thus to ensure the efficiency of algorithm without losing accuracy. 

A Fast Sparse Affinity Propagation (FSAP) is put forward to reduce the scale of data
 

[7]. The method makes each point take K-nearest neighbor points into consideration as 

similarity and puts them into computation regardless of other similarity data. However, 

when a large group of points are similar, they should be put into one cluster instead of 

being divided by K-nearest neighbors. So when data are unbalanced, FSAP often does not 

have a good result.  

Recently Fujiwara proposed An method called Fast Affinity Propagation (FAP) [8], 

which set a upper and lower bound to prune unnecessary message exchanges in the 

iterations. This method achieves a little better time efficiency compared with FSAP and 

has the same result as AP. However, some calculations in the methods are still 

complicated, which affect the time efficiency. 

 

2.3. Parallel Realization 

With the development of distributed computing, a lot of methods are realized on 

distributed platform in order to deal with Big Data issues [9]. 

MapReduce [10]
 
is a popular programming model to decompose huge task into small 

pieces for distributed computing. The model composed of two steps: Map step receives 

text data and parallelly transforms them into key/value pairs, then sends to Reduce step. 

Reduce step groups pairs by key and executes parallelly in the same group, finally the 

result is written on disk. Most of programming method can adapt to uniform model. 

Among all the MapReduce models, Hadoop [11] is a classical framework and is widely 

used. A method of Affinity Propagation on Hadoop [12] is proposed to achieve good 

performance. However, Hadoop uses text files on disk to store data, which totally 

increases time consumption because of I/O delay. Besides, there are no data structure 

specialized for graph computation in Hadoop. 

Apache Spark [13] is an emerging MapReduce framework aimed on memory 

computing. Compared with hadoop, Spark use memory to conduct computing instead of 

frequently reading or writing text file via disk. Spark supports iterative calculation as well 

as scalability and fault tolerance. To achieve these goals, Spark introduces an abstraction 

called resilient distributed datasets (RDD) [14], which is a highly efficient structure for 

data encapsulation and DAG computation. In every RDD computation Spark just records 

the transformations from old RDD to new RDD until the program need to output results 

(called linage). So optimizing can be conducted in linage to increase efficiency. Lineage 

can help program recovery when data is lost when one node of system is broken down. 

Spark provides a lot of Machine Learning lib and graph computing framework GraphX 

[15]. This algorithm takes advantage of GraphX to execute high performance. 

 

3. Distributed Local Affinity Propagation Method 
 

3.1. Local Dataset Reduction 

The process of AP can be regarded as finding a set of exemplars to maximize the sum 

of similarities between each point and its exemplar, and a lot of similarity data are useless 

when two points have a very small value of similarity. So at the beginning these 

similarities can be deleted. According to the FASP, the K-nearest neighbors are selected 

to be the initial input. When data are unbalanced, there may be situation that some dense 
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group of data lose a great deal of neighbors, but some isolated points keep lots of 

neighbors which are actually dissimilar.  

So a method to reduce data scale efficiently is to set a threshold to limit the similarity 

which we put into consideration. When a similarity of  and  is under this threshold we 

delete it. Therefore we can ensure to maximize the sum of similarities. 

In this situation, it is not sure how many neighbors a point has because of the 

unbalance of the data, but the data scale is easy to calculate. Example is presented by two-

dimensional data set (Figure1): 

 

 

Figure 1. Relationship Between the Points within Neighborhood of Point I 

In a two-dimensional space that has N points, the range of X coordinate and Y 

coordinate is R. The density of point in this space is . For point , in formula (1) 

we know the similarity between  and point  is  which means the 

negative square of two points' distance. Let T represent the square of two points' distance, 

and threshold represents a negative value of T. Then the neighbors of the point  with the 

similarity above the threshold are all in a circle, in which  is the center and  is the 

radius. In Figure1 the point  is in the circle, but the point  is not. So  will be 

deleted. The average number of these points  is as follows: 

                                                       (7) 

So threshold should be: 

                                            (8) 

When K is small enough compared with N, the data scale will decrease greatly, the 

remain data could be formed to a spare graph. The time complexity is O(NL) and all the 

large value of similarities are kept in the graph. After reduction, the data of AP can easily 

be calculated parallelly. In next section we detail a new realization of AP algorithm based 

on Apache Spark. 

 

3.2. Parallel Realization on Spark 

AP algorithm can be realized parallelly on MapReduce framework such as Hadoop. 

While compared with hadoop, Spark abstracts data into RAM for iterative computation, 

and the efficiency is higher than Hadoop. And Spark GraphX is a graph computing 

framework, which facilitates graph computation. So we use Spark as platform. 

To optimize calculating on Spark, we use the following RDD data structure named 

TripleEdge: 

In TripleEdge the data can easily be separated according to row or column. In formula (2-

4) we know that each update for a point only needs a row or a column to compute, and in 

our sparse graph there are only K points on average for one point to count. So it is 

necessary to put the graph data in parallel.   
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In Spark graph model facilitates the process of execution. In formula (2) the data are 

grouped by row number and computed in parallel, which means a vertex only needs all 

the edges from itself in graph structure (Figure2): 
 

 

Figure 2. Edges Point from I which Stands for Row Vector 

In formula (3-4) the data are grouped by column number and computed in parallel, 

which means a vertex only needs all the edges to itself in graph structure (Figure3): 
 

 

Figure 3. Edges Point to J which Stands for Column Vector 

When responsibilities are counted, the data can be grouped in row. When availabilities 

are counted, the data can be grouped in column. As a result, all the calculation can be in 

parallel. The method step is as follow: 

Step 1 Determine the threshold to reduce initial similarity data. 

Step 2 Put similarity data into Spark as sparse graph structure. 

Step 3 Divide graph into parts according to source vertex, then update responsibility in 

parallel based on formula (2). 

Step 4 Divide graph into parts according to destination vertex, then update availability 

in parallel based on formula (3-4). 

Step 5 Calculate clusters and decide whether the result is convergent. If the result is not 

convergent, go to Step 3. 

In each calculation, the clusters should be checked to make sure that the algorithm can 

converge. The program should stop to avoid time waste when the result does not change 

during several times. 

Here we show the algorithm pseudo-code: 
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In algorithm, if the Exemplar don't change for Convergence times then the iteration is 

stopped. In Graph(V,E) V stand for all the Vertex, E stand for all the Edges. The final 

result is stored in APmodel . 

From the pseudo-code, it is clear that algorithms can be easily paralleled. If the 

program is based on M worker nodes, every cluster has K points, the time complexity in 

algorithm is O (NKL/M). 

 

4. Experiments 

The experiments are conducted in two groups: 1) Compare the LAP with FSAP and 

FAP on single machine. 2) Compare the DLAP efficiency on Spark platform with 

Hadoop. The experiments are conducted on a small group of clusters which are composed 

of three computers. One is used for NameNode and others are used for DataNodes. All of 

the machines have the same configure: CPU Intel Xeon X5550 4 cores, Memory 8G, 

Hard Disk 300G with CentOs 64 bits system, Jdk Version is 1.6.0.47.  

The performances of those clustering method are based on the clustering accuracy and 

time efficiency. For accuracy, the sum-similarities of all the points with their exemplars 

are considered. For efficiency, running time and time per iteration are considered. The 

first experiment is conducted on single machine. We use two-dimensional data with 

numbers ranging from 1000 to 10000,  is set to 0.5. The value ranges from 0 

to , and Threshold is set to . We manually set preference to 

ensure fair condition in both methods. Then we set preference to -10, MaxIter to 300 and 

ConvergeIter to 10. The result is as follows: 
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Table 1. Comparison among FSAP, FAP and LAP on Single Machine with 
Preference -10 

 
 

In Table 1, the result is confirmed that FAP and LAP have the same clusters and total 

similarity, which means LAP doesn't affect the accuracy of the result. But LAP is more 

efficient than FAP according to the time per iteration. FSAP is slower and can't keep the 

same result as standard AP. Figure4 shows that LAP is faster than FSAP and FAP. 

 

 

Figure 4. Comparison among FSAP, FAP and LAP on Single Machine with 
Preference -10 

In the second group, the experiments are executed on Hadoop and Spark to compare 

the performance of DLAP on two platforms. The data ranges from 1000 to 50000, which 

can obviously show the differences for large scale data. Here is the experiment result: 
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Table 2. Comparison between LAP on Hadoop and Spark with Preference -
10 

 

 

Figure 5. Comparison Between LAP on Hadoop and Spark with Preference -
10 

Table 2 shows that the result on Spark is superior to that on Hadoop in time efficiency. 

In Figure5 LAP on Hadoop does not execute an ideal result at the beginning, because the 

data scale is small, while HDFS data block is bigger than the data file which wastes more 

time. 

 

5. Conclusions 

In this paper, Distributed Local Affinity Propagation method is proposed to effectively 

clustering data on higher performance and less time complexity. The method refines AP 

on data reduction using threshold and optimization on new platform Apache Spark. The 

experiments show that when cluster number is not assigned, DLAP processes well both 

on accuracy and efficiency. The method has improved time efficiency compared with 

FSAP, FAP and DLAP on Hadoop. 

Further research will be conducted on several issues. First, adaptive method of Affinity 

Propagation is necessary to control number of clusters by automatically setting preference 

instead of testing step by step. Second, Apache Spark is a newborn platform that is still 

need update, so there are a lot of issues on Spark that can cause huge disk overflow, such 

as long lineage in iterative computation and output file of shuffle step. The last one is how 

to set parameter threshold, which can get the perfect clustering result. 
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