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1. Introduction
The parallel computing is a technique compared to the sequential computing, which means that at the same time multiple computing elements are in operation and several programs are being executed. In this paper we will discuss the development and techniques about parallelism. In next section, historical development of parallelism will be introduced. In section 3, three important parallel computing paradigms, which are threading programming, cluster processing and GPGPU, will be discussed. In section 4, we will list some limitations and pitfalls of parallel computing, which we should pay attention to when programming.

2. Historical Development of Parallelism
[bookmark: OLE_LINK1][bookmark: OLE_LINK2]Parallelism can be classified into different types including bit-level, instrument level, data-level and task-level. Before the emergence of multicore processors, the exploration of parallelism is mainly on the bit and instruction level within single processing unit, and usually are transparent to programmers. Improving bit-level parallelism principally relies on increasing processor word size so processors can compute more bytes of data simultaneously. For instruction-level, the most employed technique is instruction pipeline, where execution process of one instruction is divided into four steps including fetching, decoding, execution and writing back. These steps are separate and performed by different part of processor, so in optimal case it allows four instructions being executed at one time and every part of processor is busy, which results in a significant speedup [1]. Because of the successful application of above parallelism mechanisms, the improvement of CPU clock rate and the development of integrated circuits manufacturing technique, the computing performance of processor grew substantially in the latter half of 20th century [2]. However, with the power requirement of high-performance single processor becoming more and more unbearable, chip vendors started to consider employing multiple simple "sub-processors" within a circuit die to get equivalent performance, which is the design idea of modern multicore processors. In 2001, IBM announced the world's first multicore processor and later AMD and Intel also released their new microprocessors relying on the multicore technique, which provided the physical base for the further development of parallel computing [3].

The advent of multicore processors has a profound influence on parallelism, in both hardware and software aspects. With regard to software level, there are more parallel computing paradigms being proposed to satisfy data-level and task-level parallelism demand, and more details will be discussed in next section. As for hardware level, more processing units means that instructions can be executed independently in different cores within the processor, and moreover, cores can schedule instructions out-of-order to make pipeline fuller and more efficient [4]. 

In addition, multicore processor also has a great implication on caches. Compared to caches in uniprocessor, designing multicore processor caches is more complicate and needs to consider data coherence problems. In multicore microprocessor architecture, for each core there is usually a CPU local cache and within chip there will be also a shared, on-die cache. CPU local cache is aimed to provide fast served data request to each core based on the locality of reference theory [5]. While shared cache is used to provide communication among cores when they are computing data in parallelism, in order to avoid redundant copies and inconsistent data operations. 

For shared memory system, the communication mechanism includes broadcast-based coherence and directory-based coherence. For broadcast-based coherence, if a core wants to write data, it needs to send request to all the other cores to delay their operations. This approach is easy to implement and suitable for small numbers of processors, but will have an impact on bandwidth because of the frequent broadcast requests. And for directory-based coherence, it uses a directory distributed in each core to store information about which caches contain each memory address [4]. Therefore, accessing data access will only need to notify relevant local caches. In another respect, the physical base of intra-chip interconnect also has improved a lot such as the development of crossbar, ring, bus and network-on-chip. Each type has its application situation and should balance the performance against complexity.  

3. Parallel Computing Paradigms
With the evolution of processors to multicore, the parallel programming paradigms also improved a lot like threading programming, cluster processing and GPGPU programming, which will be introduced in subsequent subsections.

3.1 Threading Programming
A process is the running form of a program. When executing, it will be allocated resource from operating system. A thread can be seen as a "light-weight process", which is created within process and shares the resource of process with other threads. A thread essentially is a sequence of machine instruments and can be scheduled indecently [6]. By threading, the task of process can be divided and assigned to different threads, which can improve modularity and manageability of the program. In addition, with the development of multicore processor, threading is more and more used for parallel computing. Threads can be executed on different cores simultaneously to achieve parallelism, which called multithreading. 

Multithreading has many advantages which support the improvement of performance it brings. The most significant one is the faster execution, especially for data-processing dominant applications like signal processing, image processing and so on, where computing consumption is mainly stream data processing and little amounts of data is reused. In addition, the program does not have lots of logic control conditions and race conditions so large part can be broke down into different threads easily. Consequently, the performance improvement of parallelism can be exploited fully. The second advantage is better application responsiveness. In applications with Graphical User Interface, GUI related operations are usually executed in main thread and if there is also heavy data computing task, the whole application will be blocked. Thus, creating an independent thread to handle long-running tasks is a noteworthy approach to enhance application response ability. In addition, threading also reduces the cost of communication and resource sharing. For processes, communicating and sharing resources with other processes require a complicate mechanism. While threads can utilize the memory already shared to simplify them.

In practice, because of the low scalability and complexity of manual creating threads, threadpools are usually used to provide automatic and flexible threading service, which is employed a lot in large scale client-server applications. The threadpool always maintains a thread queue, where a certain number of threads are initialized at beginning and wait for the coming of new task. When a task arrives, a thread will dequeue and serve the task, after finishing it will requeue again to wait for next task. All above operations are managed by threadpool, which can decrease the difficulty of parallel programming significantly and makes application more extensible.

However, not all types of applications are appropriate for threading. It is complicate to divide applications which have large part of condition branches and reused data into threads, like network processing, file compressing applications. The parallel programming of such tasks not only will be limited to the Amdahl’s law, but also can easily cause race conditions and deadlock problems, which requires a lot of skills and carefulness for programmers. 

3.2 Cluster processing
Cluster computing is a technique where a set of connected computers are orchestrated to work together and from outside perspective they can be regarded as a single high-performance system. Cluster computing is another way to implement task parallelism, where task can be divided into several portions and assigned to different nodes within cluster. 

In order to manage the large amount of computer nodes and make them can communicate well with each other, the message passing is an important mechanism to achieve it. The message passing is a process-level technique and relies on sending and receiving messages among processes to invoke behaviours and transfer data. For the reason that researchers and manufactures can have an agreed standard to implement message passing, Message Passing Interface (MPI) is designed and proposed. It is a library or a specification rather than an implementation. It defines the names, calling sequences, function results and other essential information to achieve interaction among processes. And because of MPI's lower level compared to most parallel programming libraries like Hadoop, it has better efficiency and flexibility. In addition, its portability also makes developers can write portable programs that will not be limited to the specialized hardware and software offered by individual vendors [7][8].

3.3 GPGPU Programming
A graphics processing units (GPU) is a dedicated device utilized to compute graphics and videogames. A GPU has a large amount of shader cores which support simultaneous rendering for multiple pixels. The idea of the general-purpose GPU (GPGPU) is that the same shader cores can similarly process multiple streams of data at the same time, which are typically handled by the central processing unit (CPU). Because GPUs are originally designed for massive parallel computing of graphics, they will also perform better in some general parallel processing tasks than CPUs, like algebra or matrix operations, if the data can be transformed into the similar image or other graphic forms. 

There are many graphic APIs can be used to achieve general-purpose computation, and next we will introduce two of the most popular API frameworks: CUDA and OpenCL. CUDA is a parallel computing architecture and a set of APIs released by NVIDIA that allows developers to utilize a CUDA-enabled GPU for general purpose computation to gain a significant speedup. Through these APIs developers can directly access the virtual instruction set of the GPU and use the parallel processing units. In addition, CUDA also enables heterogeneous systems (i.e., CPU+GPU) where the CPU is called host and the GPU is referred to device. A typical CUDA program includes code both for the host and the device. The host code can be compiled by a traditional C compiler and for device code, it will be compiled by NVCC (NVIDIA C Compiler), which is configured in CUDA-enabled GPUs. When executing, a separate memory will be allocated on the device, and data needs to be processed will be transferred from the host memory to the device memory. When finishing the result will be transferred back to the host memory. Through above way the CPU and GPU can collectively perform the heterogeneous computing [9]. OpenCL is the abbreviation of Open Computing Language, which is also a heterogeneous framework for constructing programs that can run in parallel on different computing devices. Compared to CUDA, OpenCL is an open standard and it has a much wider hardware support. The application of CUDA is to some extent limited to the NVIDIA's GPUs, while OpenCL provides a unified interface across CPUs, GPUs, DSPs, FPGAs, etc., which means easier deployment and less duplication [9][10].

The original design of the GPU limits that they can only process simple graphic elements like vertices and fragments, but the large amount of computing units makes the GPU can process them in parallel efficiently, especially when vertices or fragments can be computed in the same way. Accordingly, GPUs are appropriate for data stream processing, where data requires similar computations and little or no data are reused. These applications usually have high throughput and performance requirements, so the design that has many processing units will be more favoured.

4. The limitation of parallel computing
In this section some limitations and potential pitfalls of parallelism will be discussed including Amdahl’s law, race conditions and deadlocks, which should be paid attention to when writing parallel programs.

4.1 Amdahl’s law
Amdahl’s law is a formula used to predict the maximum speedup possible by improving a particular portion of the system. It usually employed in parallel computing to analyse the theoretical speedup by using parallel technique like multicore processing, multithreading, GPGPU, etc. 

Amdahl’s law is defined in the following way: 

where S is the maximum speedup of the whole task gained through improvement, p is the portion of the task that can be improved, s is the speedup value of the task that benefits from improvement [11]. In this formula we can see that there are two factors influencing the final speed-up ratio S of the whole task: p and s. Usually we concentrate more on the speedup value (i.e. s) and think a large value of s means a significant improvement for execution efficiency. However, if only half part of the task can be accelerated, Amdahl’s law shows that there will be only maximum double speedup we can get regardless how much magnitude the partial improvement is of. The theoretical maximum speedup formulation is following: 

Accordingly, what we should pay attention to is not only the parallel technique, but also the parallelizable extent of the program. Amdahl’s law suggests that only highly parallelizable programs can benefits a lot over parallelism. In practice, these programs have little serial part and are data dominant, where data is usually in the form of stream and is only processed once. Thus, these programs can fully exploit the performance of parallelism. 

4.2 Race conditions
A race condition occurs when the timing or the ordering of events can influence the output of system. In multithread applications, if a different ordering where threads start and finish their tasks can leads a different output result, that is the race condition. The race condition shows an uncertainty of system result, because the scheduling of threads is managed by CPU through time slices and can be regarded as a random scheduling from outside view. Furthermore, because of the difficulty of replication it is hard to find and debug with the race condition [12]. Note that the race condition is a different concept from data races. A data race is the state where more than one instruction from different threads can access the same variable, at least one is a write operation and they are not synchronized to perform a specific ordering. In practice there is a considerable overlap between race conditions and data races. But there are no necessary or sufficient conditions between them. 

In order to promise the definiteness of system, we should try to prevent race conditions. We can achieve the thread synchronization by using mutex for shared codes and variables. It is to make sure that at one time there is only one thread can access them. Specifically, we can add a thread clock at the start of the code block and release it at the end. Thus, the code will be not interrupted when executing and system result will be definite.

4.3 Deadlocks
A deadlock occurs when a group of processes are blocked because each member of the group is waiting for another to take action or release resource. Following is a simple example of deadlock: 
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Figure1 The Deadlock Condition 
The process P1 requires resource R1 and possesses resource R2. Process P2 requires resource R2 and possesses resource R1. Accordingly, each process is waiting for another to finish and release resource, but just because that each process cannot complete [13]. Thus, program is blocked and cease to run.

The usual resolution of deadlock is to terminate the process and release the resource forcibly. By this way, one or more processes in the deadlock will be terminated and the relevant resource will be released. Therefore, the requirement of other processes will be satisfied and system can continue to work [13].

5. Conclusion
With the advent of commercial multicore architectures and the development of parallel programming model, parallelism is being applied more and more in industry and research to provide high-performance, low-cost computing resources. Moreover, because of the blossom of data-dominant domains in recent years, such as machine learning, data mining and 5G telecommunications, the desire for more computing performance is still apparent. Parallelism will continue to evolve to offer more computing support for our society. 
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