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Abstract. In this paper, a novel parallel data clustering algorithm based on 
artificial immune network aiNet is proposed to improve its efficiency. In 
consideration of the restrictions of GPU, we carefully designed the data structure, 
algorithm flow and memory allocation strategy of the parallel algorithm and 
realized it using NVIDIA’s CUDA framework. During the implementation, in 
order to fully explore its implicit parallelism, we allocated threads on GPU that 
represent the network cells of aiNet, and modified this algorithm to let those 
thread operations parallel during the clustering process. We calculated the 
affinity parallel, combined the random numbers with the local search algorithm 
to select the first n cell parallel, and did the network suppression parallel. 
Experimental results show that certain speedup can be obtained by using the 
proposed method. 
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1   Introduction 

Artificial immune systems have drawn much attention in recent years. Many interesting 
algorithmic solutions were proposed in some fields, such as clustering or classification 
[1][2] in data mining, intrusion detection of network [3], optimization [4] and etc. 
Clustering is an unsupervised classification, which is very useful for data analysis 
[5][6]. The most popular algorithm for data clustering is K-Means [7]. Though the 
speed of K-Means is usually very fast, a main drawback of it is that it needs to know the 
cluster number previously and the result is sensitive to the initial center. In contrast, the 
artificial immune network clustering is a dynamic clustering algorithm, which means 
that it can get the clustering number in the analysis process. However, the efficiency of 
it is lower, and this is because that there are too many calculation steps during the 
process. The objective of our study is to parallel the aiNet (one of artificial immune 
network clustering) to improve its efficiency. As we known, the biological immune 
system is obviously a parallel system to protect the vertebrate’s organisms, that’s to 
say, the algorithm that simulates it has inherent parallelization and can be explored. 
Graphic Processing Unit (GPU) is a highly parallel multithread and multi-core 
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processor originally designed for accelerating 3D rendering in graphic applications, 
where need paralleling data processing for speed. It has emerging as one of the most 
powerful and common parallel processing devices, we also choose it as our parallel 
tool.  

The paper is organized as follows. In section 2, artificial immune network algorithm 
used in data clustering is introduced, and time complexity analysis is also given. In 
section 3, we describe the relevant architectural features of GPU and Compute Unified 
Device Architecture (CUDA) framework. The Implementation of the parallel 
algorithms using CUDA framework on GPU is proposed. Section 4 shows the 
empirical results obtained. Section 5 concludes this paper and gives some guidelines for 
the future work. 

2   The aiNet Algorithm 

Since the immune network theory had been proposed by Jerne in 1974 [8] and the 
colonel selection and affinity maturation algorithms proposed by Burent in 1987 [9], 
there are several useful principles which can be simulated in engineering research were 
emerged in human immune system. The two main principles of which are as follows. 
One is the colonel selection principle [10], which explains how the immune system 
recognizes and reacts to antigen(Ag). The second is the immune network theory[8], 
which hypothesis a new view point of lymphocyte activities, memory cells, internal 
images, antigen, antibody(Ab), size control, affinity, etc. In this paper, we choose the 
aiNet [1] algorithm to parallel for data clustering, which is based on the theory of 
artificial immune network .  

The aiNet algorithm was proposed by De Castro in 2000 and has been described 
detailed in reference [1]. However, in order to find out which part of this algorithm 
could be paralleled to improve its efficiency, we find out the most time-consuming 
processes of the aiNet algorithm and try to execute them parallel. Firstly, In each 
iteration process, all network cells do the same thing to the antigen presented when 
calculate affinity, so the time consumed in those steps should be the time one network 
cell consumed multiply by the size of the network. Secondly, in the selection process, 
the time of selecting the first N cells takes no less than o(N log (N)). Thirdly, in 
network suppression process or clone suppression process, similarity between memory 
cells is measured, and this step takes no less thano(N_Size ) (N_Size is the size of the 
network), which are very time-consuming especially when the N_Size is rather large.  

3   The Parallel Algorithm 

3.1   Data Structure and the Flowchart 

Parallel technology has been widely used in various algorithms to improve the 
efficiency [11][12][13]. GPU is a highly parallel multithread and multiprocessors 
which is excellent at floating point operation and parallel computing. It is very 
appropriate to solve problems that can be expressed as data-parallel, as the same 
instructions are executed for each data element. There are some other algorithms have 
been paralleled by researchers, such as the clone selection [14], resource limited 
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artificial immune system [15], and Genetic Algorithm have been carried out on GPU 
[16]. However, those algorithms are mainly based on the colonel selection principle 
[10], and our work in this paper is to parallel the immune network system for data 
clustering based on immune network theory [8]. 

 

Fig. 1. Flow chart of the proposed algorithm 

To implement our parallel algorithm on GPU, we first design the data structure, 
which takes shape logically in form of a two-dimensional grid plane and is allocated 
linear storage in shared memory of GPU. A grid of it represents a cell and has four 
fields: Ab, Affinity, Is_Deleted, Is_HillClimbing. The Ab represents the vector of 
length n, which is the measurement of the antigen, and it represents the data 
information that needs for clustering in the real world. The Affinity is a float data which 
store the affinity value of the cell with the other cells. Is_Deleted indicates whether this 
cell has been deleted from the network. Is_HillClimbing represents whether we will 
execute hill climbing process with the cell. More details will be introduced in the 
following sections. Firstly, we distribute network cells on shared memory and allocate 
memory on GPU. Then, in each iteration process, for the antigen presents serially to the 
network, we start the immune response where threads are running parallel. Finally, the 
network will be rebuilt and the iteration process will be continued. The whole 
algorithm we proposed briefly works as Fig. 1. 
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We use the random numbers for the data initialization which are generated by a 
Kernel introduced in 3.4, and the immune network response process which contains 
two other kernels will be presented in 3.2 in detail. 

3.2   Immune Network Response 

The general flow has been introduced in the last section. In this section, more details of 
immune network response are introduced, which are shown in Fig.2.  

 

Fig. 2. Immune Response Flowchart 

Corresponding to the Fig.2, for the antigen present serially, algorithm we proposed 
works as follows in detail.  

• carry out the step 1 and step 2. 
o Step1: Execute the Select and Clone Kernel: calculate its affinity to all 

the network cells and select the n highest ones, then clone and mutate 
them. The higher the affinity, the larger the clone size is. 

o Step2: Carry out Memory Cells Generate Kernel, which recalculates the 
affinity of the selected cells by step1 with the antigen presented and 
eliminate those inferior to the threshold δ . And reselect the ξ% most 
improved cells sorted by affinity. This is also being executed on GPU 
parallel. Then, execute the clone suppression during which eliminate 
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those cells whose affinity (Ab-Ab) is inferior to threshold. The memory 
cells generated are put in memory network. 

• Combine the memory cells with the network cells, and execute the Network 
Suppression Kernel: calculate the whole network inter-cell affinities and eliminate 
those cells whose affinity with each other is inferior to a given thresholdδ ; Replace 
the whose individuals by novel randomly generated ones; 

Among the implementation, one of the most challenges is the memory allocation. 
Firstly, memories are allocated with the size of the network cells on shared memory of 
GPU to initialize our algorithm; also we allocate some more memories for 
amplification as after the outer iteration the size of the network will increase. However, 
the max size is the sum of the initial network size added with the size of Memory 
Network Cell. For the Clone Network, the max size is equal to the Clone Number 
Multiplier (a pre-set number) multiplied by the number of threads selected to execute 
the hill climbing algorithm. 

There is also a Network Suppression Kernel like the Clone Suppression Kernel, 
which is executed after the antigens all have been represented once. For each antigen, 
the whole network response to it parallel, each thread calculates the affinity, then, 
judged by itself whether started the local search, and the Is_HillClimbing is set before 
current iteration started. Euclidean distance is used to calculate the affinity between Ag 
and Ab or between Ab and Ab.  

3.3   Generation of Random Number 

The CUDA haven’t provided any Random number generator. Here we use the example 
named MersenneTwister provided by the SDK of CUDA, and the example is based on 
the algorithm proposed by Makoto Matsumoto and Takuji Nishimura. We need random 
numbers in the following process: Firstly, we initialize the network cells with the 
random numbers, which is equal with: N_Network_Size (the size of the network). 
Secondly, when we decide which thread will continue with the hill climbing local 
search, some random numbers are also needed, which are transformed into the 
subscript of the network cells and thread. 

             ξ ∑ af inity CloneMultiple._                  (1) 
What’s more, we need to carry out the local search twice during the total process. In the 
first search, the numbers we need is N_Selected (a pre-set number). In the second 
search, the numbers we need is calculated as formula (1). We select ξ% higher affinity 
cells and clone them. The number of clone size is equal with the value of affinity 
multiple by CloneMultiple (a pre-set value). Thirdly, when we rebuild the network, we 
need random numbers to replace the weakest ones in every interaction, and the number 
of random numbers we needed are N_Network_Size. 

The total max number of random we need is as formula (2).  
As the af inityi of each selected cells is not same, it cause that the N  is not a 

certain data. However, we use af initymax which is the max affinity value among 
those cells instead of different af inityi  to get a certain N . This generated 
process is executed once at the start of iteration. 
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N N N ξ% ∑ af inity_CloneMultiple N_Network_Size. 

 

(2) 

3.4   Parallel Local Search 

In the proposed algorithm, we use the hill climbing to search the first n affinity cells. To 
make the program continuous and avoid switch threads, we use random numbers to 
decide which thread will execute this process. If the thread starts, it firstly selects the 
one with the highest affinity from its four sides in the data structure: left, right, up, 
down. Then if the affinity of the center cell where the thread start is larger than the other 
four, the thread will terminate. Otherwise, the highest one will be the center and 
continue the same operation. In this process, in order to avoid that all the threads get 
one highest cell but the n (N_Selected) first, the number of iterations 
(ITER_HillClimbing) is set a certain value based on the ratio of n and total network 
cells number. The left part of Fig.3 has shown a thread that carries out local search of 
the hill climbing. If the ITER_HillClimbing we set was small, it would only search for 
a smaller scope, such as in our grid data structure. If we set ITER_HillClimbing to 
three, most eleven grids we could search are around the center blue cell. As the right 
part of Fig.3 shown, the empty grids represent there are no cells generated or have been 
deleted, we will take c as the below cells of A. If we first get a center with B, we will 
also search its four sides, and then we get b in the first iteration, and then start the next 
iteration from the center of b. 

 

Fig. 3. The instruction of the Hill Climbing Local Search 

In our implementation, after we selected the first n cells using the proposed methods 
in Clone and Mutation Kernel, the clone and mutation would start. In Memory Cells 
Local Search Kernel of our algorithm, we follow it by the implementation of 
eliminating those cells whose affinity is inferior to the given threshold. 
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3.5   Clone Suppression and Network Suppression 

In the two suppression processes (clone suppression and network suppression), we 
need to calculate the affinity between the network cells. Based on the data structure we 
proposed, the calculation of Ab to all other Ab started. In this progress, we just need to 
judge if it satisfied the certain threshold and needn’t save the calculation result. If it is 
inferior to threshold, the Is_Deleted flag is set to one, and then stop the calculation with 
the remaining cells, which means that it has been deleted from the network. The time 
complexity of this method is o (n), because one Ab need to compute with all other 
network cells once. We provide the flowchart in Fig.4, which has some detailed design 
as follows. The program judged the Is_Deleted at first to avoid the unnecessary 
calculation. If the Is_Deleted attribute has been set to one, this calculation will be 
canceled. The setting of this flag uses the atomic operation, that is to say, the data can 
be operated only by one thread at a time. Therefore, this mechanism also insures that 
we will not delete both the two Abs whose affinity between them is below the 
threshold.  

 

Fig. 4. The Flowchart of the Suppression 

4   Experimental Results 

A PC was used for execution and performance analysis: AIUS with Intel CPU i5 480 
2.63 GHz processor, NVIDIA GeForce GT 425M. The applications presented in this 
paper were implemented on it. The CUDA timer functions are used to compute the time 
consumed by each operation. The speedup was evaluated in two experiments. The 
objective of first experiment is to test the speedup of different scales of records. And the 
second experiment shows that whether different number of antibodies influence the 
speedup.  

In the first experiment, the data sets had 1000, 10,000, 100,000 records respectively, 
and each record set has three subsets, in which the record has two, four and eight 
attributes respectively. The antibody of our network is set to be 512 threads in one grid. 
From the Fig.5, we can see speedups for different number of clusters respectively of our 
result at the given number of threads. This speedup we got is due to that all the network 
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parallel work could be done to improve the efficiency. We implemented our parallel 
immune network algorithm on GPU. The three kernels we had designed in section 3 
executed on GPU to do the main task of data clustering. During the whole process, 
some skills were designed because we tried to make sure that the thread executed 
frequently to get higher speedup. For example, we combined the random numbers with 
the hill climbing algorithm as our local search method for the first n higher affinity 
cells; we carried out the network suppression in parallel introduced in section 3.6; we 
generated enough random numbers before the iteration process to make our algorithm 
high efficiency. The experiment result shows that the algorithm proposed have 
achieved about 10 times speedup than the original algorithm with the parallel 
technology.  

It is noticed that the flow of the algorithm is relative complexity. Therefore, in the 
future work, we will try to optimize memory allocation and simplify the algorithm to 
make it more proper for practical using. 
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