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1. [bookmark: _Toc8847596]Introduction
This report will analyse three different approaches to parallelising serial scientific code. The three approaches include CPU multi-threading, GPU threading (CUDA), and MPI (Message Passing Interface).


2. [bookmark: _Toc8847597]The code
The main processing in the code occurs within the Computation Engine class. This carries out five operations in serial.  The longest process within this program occurs in the Set E method, and SetABDash (which is where two large matrix inversions take place). 

3. [bookmark: _Toc8847598] CPU Parallelisation
The picture below shows a side-by-side view of the speed-up incurred when using a relatively large input file (input_2000.txt) for data parallelisation. 
In this case, 252 seconds were saved by running the program in parallel on 16 threads (shown on the right) compared to running the program in a single thread (shown on the left).
[image: ]
Figure 1 CPU Parallelisation (Single Threaded Vs Multi-Threaded)
Meanwhile the speed-up is impressive when utilising multiple threads, an important observation was made when running the program, that is, the program does not benefit from small inputs (such as input_200.txt). 
The program seemed to carry out some processes faster with a single thread in this scenario. This could be the result of the computation being relatively light, resulting in the creation of multiple threads introducing a slight overhead.
Mutual Exclusion (Mutex) locks have been avoided throughout the code as they serialise processes, effectively slowing the program to that of serial speeds. 



Limitations of CPU multi-threading
Most functions are able to run completely in parallel, except from the matrix inversion. This will slow the program down slightly, however, the part that was parallelised includes a nested for loop – resulting in the computationally expensive component being run in parallel.
The code used for CPU multithreading, in addition to GPU follows a convention that distributes tasks evenly for each task, demonstrated in the following code snippet.


Figure 2 Code snippet showing task distribution
Each thread function that runs this snippet of code will be provided with a range to perform operations. This method of essentially distributing data in a for loop is known as Data parallelism. [1, p. 168]

The number of threads is provided through the std:: thread::hardware_concurrency(). [2]


4. [bookmark: _Toc8847599] GPU Parallelisation
NVIDIA has created a platform known as CUDA (Compute Unified Device Architecture). This allows developers to write programs that can be executed on NVIDIA GPUs. With this, the developers benefit from utilising the hundreds of threads that the GPU may have.
The GPU consists of hundreds of threads that are contained within blocks within a grid, as shown in the illustration below. With this, the developer can specify which blocks and how many threads they want to run within their function. This is what provides parallel computing functionality to software developers.  [3]
[image: Grid of Thread Blocks.]
Figure 3 Thread Blocks (taken from https://docs.nvidia.com/cuda/cuda-c-programming-guide/index.html)
The work-load for the GPU was divided using the same convention as shown in the previous section. The code utilised for the CPU version of the program has been modified to utilise GPU cores. This was done through creating .cu (CUDA) files for creating functions that can be executed on GPU kernels.
Meanwhile the code has been provided to parallelise each function using CUDA, a problem pertaining to how data is accessed on the GPU has resulted in the program not producing desired results.
Limitations of GPU multi-threading
Meanwhile the program did not produce desired results, an assumption can be made on a potential draw-back of using the GPU for multi-threading, that is, the speed improvement may not be as substantial when processing small workloads.
In addition to this, GPUs are clocked quite a bit lower than CPUs, so small workloads may be desirable for CPUs. However, with the number of cores GPUs can have, the speed improvement should be substantial in heavy multi-threaded scenarios.
Another potential limitation could be that programming for CUDA will limit the developer to writing code that can be run solely on NVIDIA cards (where-as, other graphics card manufacturers have their own frameworks for interacting with their graphics cards, such as AMD’s OpenCL (Open Computing Language.


5. [bookmark: _Toc8847600] MPI
MPI (Message Passing Interface) is used in cluster computing for providing a standard in which MPI-based systems can distribute workloads.
Meanwhile this method was not tested, it is safe to assume that utilising a large CPU cluster could substantially improve the speeds of this program when processing large workloads due to the high number of cores.
In addition to this, a GPU cluster could also be used to carry out heavily multi-threaded tasks faster than a single GPU.


6. [bookmark: _Toc8847601] Conclusion
Concluding this report, the given program benefits substantially from more threads when provided with a lot of data (more than that shown in input_200.txt). This makes the use of GPU parallelisation (using a single GPU or a cluster of GPUs) the most desirable when dealing with heavy multi-threaded workloads.
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cpu/src [master] » ./dcc-old
Possible file names:
input_10000.txt

input_1000.

txt

input_500.txt
input_200.txt
input_20000.txt

input_2000.txt

input_5000.txt

Enter file name to read:

input_2000.txt

Looking for input_2000.txt

Time taken to complete "File Read": 2 milliseconds.
Time taken to complete "Initialising variables": 0 mi
1liseconds.

Time taken to complete "Setting A": 39 milliseconds.
Time taken to complete "Setting B": 39 milliseconds.
Time taken to complete "Inverting A": 40 seconds.
Time taken to complete "Inverting B": 40 seconds.
Time taken to complete "Setting ADash and BDash": 81
seconds.

Time taken to complete "Setting C and D": 127 seconds
Time taken to complete "Setting E": 77 seconds.

Time taken to complete "Setting Result": 23 milliseco
nds.

Time taken to complete "Computation": 287 seconds.
Time taken to complete "File write": 2 milliseconds.
Time taken to complete "Deallocating variables": 7 mi
1liseconds.

Time taken to complete "Entire Program": 287 seconds.
Complete. Press <Enter> to exit.

[2] 0:./dcc*

m = - &0 ®
cpu/src [master] » ./dcc
Possible file names:
input_10000.txt
input_1000.txt
input_500.txt
input_200.txt
input_20000.txt
input_2000.txt
input_5000.txt
Enter file name to read:
input_2000.txt
Looking for input_2000.txt
Time taken to complete "File Read": 2 milliseconds.
Time taken to complete "Initialising variables": 0 mi
1liseconds.
Time taken to complete "Setting A": 7 milliseconds.
Time taken to complete "Setting B": 6 milliseconds.
Time taken to complete "Inverting A": 9 seconds.
Time taken to complete "Inverting B": 9 seconds.
Time taken to complete "Setting ADash and BDash": 18
seconds.
Time taken to complete "Setting C and D": 10 seconds.
Time taken to complete "Setting E": 5 seconds.
Time taken to complete "Setting Result": 27 milliseco
nds.
Time taken to complete "Computation": 35 seconds.
Time taken to complete "File write": 2 milliseconds.
Time taken to complete "Deallocating variables": 7 mi
1liseconds.
Time taken to complete "Entire Program": 35 seconds.
Complete. Press <Enter> to exit.
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image2.emf
     int opStart = (nbreLC / number_of_threads) * l;        int opEnd = opStart + (nbreLC / number_of_threads);        int j;          if (l == number_of_threads  - 1)            opEnd = nbreLC;        for (i nt i = opStart; i<opEnd; i++)        …  
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