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MONTE CARLO SIMULATION IMPLEMENTING MULTIPROCESSING PROGRAM EXECUTION TIMES
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PARALLEL CO M PUTI N G iterations using code adapted from [1].

1 * Create a Shared ObjeCt Pipe Strain MC Cost (1,000 iterations) Pipe Strain MC Cost (10,000 iterations)
An object with shared memory between the processes will be required to store any 07 6
function return data. This is done using the manager object from the 08 :
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def main (inputs) :
### Other Code
num processes = num cores # num processes can also be a manually chosen int

simulations per process = num simulations // num processes # Floor divide the tasks into
each process

remainder = num simulations $ num processes # Determine the remainder 1f there 1s one CONCLUSION
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Figure 2: Diagram comparing serial computing and parallel computing cor i in range (num processes): the results, the multiprocessed approach takes approximately 10% of the

# Create the process sequential execution time when using 16 CPU cores.

if 1 < remainder:

p = mp.Process (target=simulation, args=(simulations per process+l,
simulation args))

OBJECTIVES 4 Add another simulation for each remainder found in step 5 Additionally, running the multiprocessed program with 16 cores is more
else; = mp.Process (target=simulation, args=(simulations per process cost-effective COmpared 1o USing fewer cores or running Sequentially with
simulation args)) just 2 cores. Despite the higher cost per unit time, the speed of 16 cores in
processes.append(p) # Add the process to the list of processes _ . . . .
- Develop a procedure to implement multiprocessing on pre-existing Monte Carlo p.start () # Starts the process parallel makes this the most cost-effective and time-efficient choice.
simulations in Python for p in processes:
. . . . . L p.join () Implementing multiprocessing is essential for efficiently executing long
- Assess the impact of multiprocessing on Monte Carlo simulation execution time } This waits for other processes to finish executing before continuing
P P g . . .
Evaluate the cost feasibility of multiprocessing on MecSimCalc ### Other Code and computationally heavy Monte Carlo simulations, a task that would not
be practical otherwise.
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