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Abstract
The project identifies what K-Means algorithm is, implements k-means and tests the effectiveness of CUDA on the part of the algorithm that was parallelized and

ultimately compares the speed the programs.

The project successfully implemented the CPU and GPU versions of the K-Means algorithm, and it was documented in this report. The project also compared the time

it took to run both the CPU and GPU versions and evaluated the results found.




Introduction
The aim of the project is to implement the K-Means algorithm in a developed environment, and to speed up the efficiency of the K-means algorithm by using CUDA

parallelization.

Firstly, research mustbe done into an algorithms that the K-means algorithm can utilizes and decide upon a suitable algorithm for the implementation and a suitable

part of the algorithm for parrallization.

The next step in the project was to develop the K-Means algorithm using the CPU, and thus following this the next step in the project was to develop the project using

the GPU using CUDA parallelization,

Following the implementation the project final step was to using NVIDEA's profiler, identify the speed of running the program on just the CPU or just the GPU and

compare the results.




What is K-Means algorithm?

“K-means clustering is a type of unsupervised learning, which is used when you have unlabeled data (i.e., data without defined categories or groups). The goal of this
algorithm is to find groups in the data, with the number of groups represented by the variable K. The algorithm works iteratively to assign each data point to one
of K groups based on the features that are provided. Data points are clustered based on feature similarity.” [1] What Andrea Trevino states in this quote, is that the K-
means algorithm is useful for grouping similar data together, it is a machine learning algorithm in which it only receives data, and trawls this data and groups patches

of the data provided using the feature that was required by the user.

What data will | provide my K-means algorithm?

Games have three dimensional space capabilities in modern times alongside having capability to function in two dimensional space, as a result, it will be important to
be able to find the distance between two points in either two dimensional or three dimensional space. It may be beneficial for the game to be able to group an area of
points into a “cluster”, the label for this cluster could be something such as a safe zone, or save point. For this distance checking will be required, as a result

contextualising my project into games, the implementation will be aiming to group a series of points in two or three dimensional space into clusters.

What is Euclidian Distance checking?

“The Euclidean distance or Euclidean metric is the "ordinary” straight-line distance between two points in Euclidean space. With this distance, Euclidean space
becomes a metric space.” [2] What this refers to, is that the Euclidian distance is the direct distance, from point a, to point b. The Euclidian distance is as the crow
flies, meaning it does not take into account any data other than the point’s co-ordinates. Euclidian distance equations have been detailed below, there is a different

equation for both two Dimensional space and three dimensional space,




Euclidian Distance in 2 dimensional space

d(p,q) = /(@1 —p1)* + (g2 — p2)*.

Equation 1- Two Dimensional Space equation [2]

What the equation above is documenting, is how to calculate the Euclidian distance in two dimensional space. Some arbitrary values have been assigned to point P

and point Q in order to demonstrate how the two dimensional formula works,

Point ‘P" has the x co-ordinate of 122.4, and the y co-ordinate of 64.7

Point ‘Q’ has the x co-ordinate of 223.7, and the y co-ordinate of 172.2

In order to find the Euclidian distance in two dimensional space, the values will need to be substituted into the equation, the resulting equation would look like the

following. ‘p1’ & ‘q1" will refer to the x values of either pointand 'p2’ & ‘q2’ will refer to the y values of each point.

dp.q) = /(223.7 — 122.4)2 + (172.2 — 64.7)

d(p,q) =/ (101.3)% + (107.5)?

d(p,q) = V10261.69 + 11556.25




d(p,q) = V21817.94

d(p, q) = 147.70897

The resulting distance between point p and point q in two dimensional space with the arbitrary values provided is 147.70897

Euclidian Distance in 3 dimensional space

d(p,q) = /(1 — @) + (P2 — @)* + (3 — @)*.

Equation 2 Three Dimensional Space equation (2]

What the equation above is documenting, is how to calculate the Euclidian distance in three dimensional space. Some arbitrary values have been assigned to point P

and point Q in order to demonstrate how the three dimensional formula works.

Point ‘P’ has the x co-ordinate of 122.4, the y co-ordinate of 64.7 and the z co-ordinate of 35.2

Point ‘Q" has the x co-ordinate of 223.7, the y co-ordinate of 172.2 and the z co-ordinate of 9.2

In order to find the Euclidian distance in two dimensional space, the values will need to be substituted into the equation, the resulting equation would look like the
following. ‘p1” and 'q1’ will refer to the x values of either point, 'p2’ and ‘q2’ will refer to the y values of each point and ‘p3’ and 'q3" will refer to the z values of each of

the points.

d(p.q) = (1224 — 223.7)2 + (647 — 172.2)2 + (352 — 9.2)2




d(p,q) = V10261.69 + 11556.25 + 676

d(p.q) = V2249394

d(p,q) = 149.97979

The resulting distance between point p and point q in three dimensional space with the arbitrary values provided is 149.97979

Why is this algorithm suitable to be parallelized by cuda?

Considering all the above, this algorithm is suitable for parallelization using CUDA, the reasoning behind this is that the distance check equations have a lot of
individual functions that need to be carried out, for example, each x, y, z value from points when calculating the distance need to be subtracted from the other points
x,y,Z values. After this the resulting numbers need to be squared. Following this the resulting numbers left in the equation need to be added together to get the squared
distance, before finally square rooting the number to get the absolute value of distance. Performing all of these for every point, could make the program run slower
on the CPU rather than multi-threaded on the GPU on many threads and as a result being more efficient as the CPU would only be able to do one point at a time, thus

being time consuming.

Another reasoning behind this algorithm being suitable for parallelization by CUDA is that as it is an unsupervised algorithm, there is not a lot of shared memory.




Implementation

CPU Implementation
In the CPU implementation, the project has an array of structures for the points, and a separate array of structures for the clusters. Each structure has an X, Y, Z co-
ordinate representing the points and clusters place in 2D or 3D space. The number of points is inputted via the user on runtime, and using this the program groups

the points into clusters based on their pointin 3D space.

many the user wishes to have




of structure used for clusters Implementation

Clusters

Figure 6 - Dynamically creating the size of the array of clusters, to however many the user wishes to have




Each point gets randomly assigned a number, using a random number generator that I have developed.

Figure 7 - RNG X co-ordinate Implementation

Figure 8- RNG Y Co-Ordinate Implementation




Figure 9-RNG 2 Co-Ordinate Implementation

Using the random numbers generated, the program, tests each points distance to each cluster using the Euclidian distance equation(s) that were illustrated earlier in

the report.

Figure 10 - 2D Enclidian Distance Equation Implementation




Figure 11- 3D Euclidian Distance Equation Implementation

Implementation of K-means algorithm in 2D

Figure 12 - 2D K-means CPU implementation




Implementation of K-means algorithm in 3D

Figure 13 - 3D K-means CPU implementation

GPU Implementation

The GPU implementation had all the functionality of the CPU implementation, however was refactored and functions were added in order to make it able to be used
by CUDA.

In the kernel.cu file, I had as a device, the Euclidian Distance functions, This is due to the kernel being unable to access the functions outside of scope.The kernel had
in it, the k-means implementation as this is what was being serialized, it was set up in such a way to allow each point to run on its own thread, thus running all points
simultaneously. The screenshots below show the important code that was added to allow this to work. The K-means class was removed, and the functions were
implemented into the kernel.cu file, as kernel will notbe able to access functions outside of its scope, as a result, functions will as mentioned previously need to be set

up as devices.




Figure 14- 2D Euclidian Distance Device code

Figure 15 - 3D Euclidian Distance Device Code

The Kernel also sets the number of blocks equal to the amount needed, this is done by having one block of 512 threads for every 512 points.

Figure 16 - Setting up block and number of threads per block

The code below allows ‘i’ to be set to the thread it should be correctly, this allows the thread to be to the point it should be, every point is its own thread,

Figure 17 - setting i to the correct point




Below shows the buffers being set up, for the variables and arrays that will need to be passed through into the kernel.

Figure I8 - setting up buffers

Below is showing the GPU buffers being allocated for the variables that will be passed through to the kernel,

Figure 19 - allocation of buffers




Below shows the data being copied into the GPU buffers that were set up

Figure 20 - copying data into the buffers

Below shows the kernel being launched, with all the buffers passed through to the kernel

distanceChecks a1 << threadsPerBlock >> >(dev_PointArray, dev Clusters, desiredDimension, converge @], updated[0], num

Figure 21 - calling the kernel

Below shows the code to free up memory that were allocated to the buffers

Figure 22 - freeing the buffers




Below shows the function prototype for the kernel which contains the k-means algorithm implementation.

distanceChecks

Figure 23 - kernel function prototype

Below shows the updated information being copied back from the buffers back into their original source.

Figure 24 - copying data back from kernel to host

Below shows the refactored k-means cpu code to work with the kernel for 2D,

Figure 25 - 2D k-means kernel implementation




Below shows the refactored k-means cpu code to work with the kernel for 3D.

Figure 26 - 3D k-means kernel implementation




Program runningin 2D




Program runningin 3D




Performance Profile

All tests were done using the following computer specifications. The profile tests were done using CUDA’s performance profilers, performance wizard, using the

instrumentation option.

PC Specifications

MY RIG




2D Results

512 Points, 2 clusters

CPU GPU
Test 1 2.4 seconds 3.9 seconds
Test 2 2.6 seconds 4.0 seconds
Test 3 2.5 seconds 3.8 seconds
Average 2.5 seconds 3.9 seconds

512 Points, 5 clusters

CPU GPU
Test 1 2.2 seconds 4.1 seconds
Test 2 2.1 seconds 3.6 seconds
Test 3 2.2 seconds 3.5 seconds
Average 2.2 seconds 3.7 seconds




1024 Points, 2 clusters

CPU GPU
Test1 2.2 seconds 4.5 seconds
Test 2 3.2 seconds 4.4 seconds
Test 3 2.8 seconds 3.8 seconds
Average 2.7 seconds 4.2 seconds

1024 points, 5 clusters

CPU GPU
Test1 2.9 seconds 3.7 Seconds
Test 2 3.2 seconds 4.3 Seconds
Test 3 3.3 seconds 4.0 Seconds
Average 3.1 seconds 4 seconds




25600 Points CPU 2 clusters

CPU GPU
Test1 21.3 seconds 23.5 Seconds
Test 2 20.4 seconds 21.9 Seconds
Test 3 21.1 seconds 22.7 Seconds
Average 20.9 seconds 22.7 seconds

25600 Points CPU 5 clusters

CPU GPU
Test 1 22.9 seconds 22.8 Seconds
Test 2 21.8 seconds 21.9 Seconds
Test 3 22.8 seconds 22.7 Seconds

Average 22.5 seconds

22.5 seconds




3D Results

512 Points 2 clusters

CPU GPU
Test 1 2.6 seconds 2.7 seconds
Test 2 2.4 seconds 2.7 seconds
Test 3 1.9 seconds 3.2 seconds
Average 2.3 seconds 2.9 seconds

512 Points 5 clusters

CPU GPU
Test 1 2.2 seconds 2.8 seconds
Test 2 2.0 seconds 3.6 seconds
Test 3 1.9 seconds 2.9 seconds
Average 2.0 seconds 3.1 seconds




1024 Points 2 clusters

CPU GPU
Test1 2.8 seconds 4.0 seconds
Test 2 3.2 seconds 4.3 seconds
Test 3 2.6 seconds 3.9 seconds
Average 2.9 seconds 4.1 seconds

1024 Points 5 clusters

CPU GPU
Test 1 2.7 seconds 3.8 seconds
Test 2 2.5 seconds 4.4 seconds
Test 3 2.7 seconds 3.5 seconds

Average 2.6 seconds 3.9 seconds




25600 Points 2 clusters

CPU GPU
Test1 21.0 seconds 22.3 seconds
Test 2 21.2 seconds 22.1 seconds
Test 3 20.6 seconds 22.6 seconds
Average 20.9 seconds 22.3 seconds

25600 Points 5 clusters

CPU GPU
Test 1 21.0 seconds 22.7 seconds
Test 2 21.8 seconds 21.4 seconds
Test 3 22.0 seconds 21.6 seconds

Average 21.6 seconds 21.9 seconds




Results Evaluation

2D Results Evaluation

CPU GPU
512 points, 2 clusters 2.5 seconds 3.9 seconds
512 points, 5 clusters 2.2 seconds 3.7 seconds
1024 points, 2 clusters 2.7 seconds 4.2 seconds
1024 points, 5 clusters 3.1 seconds 4 seconds
25600 points, 2 clusters 20.9 seconds 22.7 seconds

25600 points, 5 clusters

22.5 seconds

22.5 seconds

To conclude the 2D CPU and GPU results, surprisingly, whether the project uses enough points to run on one block of 512 threads of fifty blocks of 512 threads, the

CPU implementation and the CPU has results which indicate that the implementation that has been done using CUDA does not speed up the program, it has the

opposite effect, The GPU was slower.




3D Results Evaluation

CPU GPU
512 points, 2 clusters 2.3 seconds 2.9 seconds
512 points, 5 clusters 2.0 seconds 3.1 seconds
1024 points, 2 clusters 2.9 seconds 4.1 seconds
1024 points, 5 clusters 2.6 seconds 3.9 seconds
25600 points, 2 clusters 20.9 seconds 22.3 seconds

25600 points, 5 clusters

21.6 seconds

21.9 seconds

To conclude the 3D CPU and GPU results, as above in the 2D results, whether the project uses enough points to run on one block of 512 threads of fifty blocks of 512

threads, the CPU implementation and the CPU has results which indicate that the implementation that has been done using CUDA does not speed up the program, it

has the opposite effect. The GPU was slower.




Conclusion & Future work

The result of the project was not what | expected at the start of the project, | had expected at the start of the project that due to the set up required in setting up CUDA
to work, that CUDA parallelisation would be slower on the smaller amount of point numbers, but I had expected that using a large amount of points, for example in
the project 1 used 25600, enough for fifty blocks of 512 threads, that the GPU would have been quicker. It may be due to the way that the parallelization was

implemented, or it may be due to not enough points being used. Further testing should be done,

Future work in the project should look to parallelizing more areas of the project, in order to test if serializing more areas of the project would improve efficiency, for
example, generating all the points on the CPU in both the GPU and CPU version takes a lot of time, Further future work would be to add visual representation of the

points, using openGL and using a CUDA kernel draw each point with the same amount of blocks and threads that was needed to perform the distance checks.
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Appendix - CPU implementation code

_Cluster.h

#pragma once
#include "STDAFX h"
#include "RNG.h"

class _Cluster
{ .
private:
/! structure for each cluster
struct Cluster
{
int clusterID:
float x;
float y,
float z:

iH

void generateClusters(int
void RNGCoOrds(int i), //

// how many clusters as argument
ake size of array (amount of clusters) as argument generate random point co-ordinates

public:
_Cluster().
~ Cluster():.

Cluster * Clusters; // declare an array that will be used to hold the structs

int uiCluster;

void printClusters():

void selectMode(): //select an amount of clusters to be done. (2//3(/5//10) this function will call other functions depending on input




_KMeans.h

ffpragma once

// includeS

#include "STDAFX.H"
// include class names
#include "_Cluster.h"
#include " Point.h"
#include " Math.h"

class _KMeans

{
public:

private:

~ KMeans():
~ KMeans():
void kmeans();

/ does the algorithm

int desired Dimension; // the desired dimension variable

int pointIndex: // the point index used in distance checking

int clusterlndex: // cluster index, used in distance checking
Kimum amount of iterations

int maxlteratiof
int iterationIndex current iteration number

int updated: // if points have swapped
bool convergence; //has the algorithm found convergence?

void mitialization(): // performs generation of points & clusters

void iteration(); // iteration of the algorithm

void distanceChecks(). // performs distance checks from points to clusters
void recalcClusterMeans(); // recalculate cluster means

void endProgram(): // end the program

void recalcX(): // recalculate the X value of cluster centroids
void recalcY recalculate the Y value of cluster centroids
void recalcZ(); // recalculate the Z value of cluster centroids

void printClusterGroups(); // prints a list of points in each cluster




_Math.h

ffpragma once
#include <math.h>
#include "STDAFX h"

class Math

{

public:
~ Math();
~_ Math():

float euclidianDist(float Px, float Qx. float Py. float Qy); // FIND THE DISTANCE IN 2 DIMENSIONS
float euclidianDist(float Px. float Qx. float Py. float Qy, float Pz, float Qz); // FIND THE DISTANCE IN 3 DIMENSIONS




_Point.h

ffpragma once

class Point

{

private :

/I structure for each point

struct Point

{ . .
mnt pointld:
float x;
float y.
float z;
float ¢Group; // which group do they belong to?

1

void generatePoints(int i), // how many points as argyment
void genRandomPoints(int 1), // take size of array as argument generate random point co-ordinates

public:

_Point().

~_Point().

Point* pointArray: // declare an array that will be used to hold the structs
int uiPoint; // user inputted points

void printPoints():

void selectMode():// pre set amount of points to generate




RNG.h

ffpragma once
#include "STDAFX h"
#include <ctime>
#include <chrono>
#include <thread>

class RNG
{

private:

// tng vars to be used to prevent the same number being used repeatedly
X
float prevX:
float prevX1:
float prevX2:
float prevX3:
Y
float prevY:
float prevYl:
float prevY2:
float prevY3:
NE
float prevZ:
float prevZ 1,
float prevZ2;
float prevZ3:
public:
RNG():
~RNG():

float genX(float);
float gen'Y (float);
float genZ(float);

// generates a random x value and returns it
generates a random v value and returns it
generates a random z value and retums it




STDAFX.h

#pragma once

LL HEADERS AND INCLUDES IN HERE
#include <stdio.h>

#include <iostream>

using namespace std;




_Cluster.cpp
#include "_Cluster.h"

RNG numGenCluster;
_Cluster::_Cluster()
{

uiCluster = 0;

_Cluster::~_Cluster()
{

¥

uiCluster = 0:

void _Cluster::selectMode()
{

/Iselect how many clusters to be generated
please select how many clusters you would like to generate " << endl;
2 or 5" << endl;

switch (uiCluster)

{

case2:
generateClusters(uiCluster);
RNGCoOrds(uiCluster);

break:

case 5:
generateClusters(uiCluster),
RNGCoOrds(uiCluster);
break:

default :
cout << "please enter a valid amount of clusters " << endl:
selectMode().

}

cout << endl;
printClusters();




}

void _Cluster::generateClusters(int i)

{

// dynamically create array size for array declared in header using argument passed in

Clusters = new Cluster|

¥
void _Cluster::RNGCoOrds(int num)

for (inti = 0: 1 < num; i++)
{
float tmp = 0

// Generate value for the current element properties
// initialize the point variable cluster group to 1
this->Clusters[i].clusterID = 1

// generate X,y z values

this->Clusters[i].x = numGenCluster.genX(tmp):
this->Clusters[i].y = numGenCluster.gen Y(tmp);
this->Clusters[i]. z = numGenCluster. genZ(tmp):.:

¥

void _Cluster::printClusters()
{
// print out all of the array
for (int1 = 0; 1 < uiCluster; 1++)

i

cout << "Cluster [" <= Clusters[1].cluster]D << "] , ™

/ ARRAY OF STRUCTURES




_KMeans.cpp

#include " KMeans.h"

// declare an object to use for each class
_Cluster _kcluster:

_Point kpoint;

_Math _kmath;

_KMeans:: KMeans()

{

pointIndex = 0;

_KMeans::~ KMeans()

{

¥

pointlndex = 0;
clusterlndex = 0;
updated = 0;

void _KMeans::kmeans()

{

// initialize the points and clusters
initialization().

cout << "initialization complete " << endl:

/*cout << "max # of iterations of the program if convergence is unable to be met?
/*cin >> maxlteration;*/
maxlteration = 100;

// whilst convergence has not been met AND max iterations have not been met continue loop
while (iterationIndex < maxlteration)
{

// set updated variable to 0

updated = 0:

/! do iteration
cout << "iteration " << iterationIndex << " complete" << endl;
iteration():




//if convergence has been met ( no points changing groups). set convergence to true
if (updated == 0')

{

"should be exiting the program” << endl;

/ exit loop once convergence found

*iterationIndex = maxIteration; */

iterationIndex-++:
I8
// end the program
endProgram():
}
void KMeans::initialization()
{

// what dimension will the algorithm run in
cout << "what dimension would you like the program to be performed in" << endl; cout << "1. 2D " << endl; cout << "2. 3D" << endl:
cin >> desiredDimension;,

// check if not an option, dont allow crap data
if (desiredDimension != 1 && desiredDimension != 2)

{
system("cls"):
cout << "please choose a correct option" << endl:
initialization(); // recursivley call the function to start again
h

//generate points and clusters

/ POINT GEN
//n of points is == 10][20(|50//100/200
_kpoint.selectMode();

CLUSTER GEN
//'n of clusters == 2|4/6/8[/10
_keluster.selectMode():




void KMeans::iteration()

{
distanceChecks(); // PERFORM DISTANCE CHECKS
recalcClusterMeans(), / RECALCULATE CLUSTER MEANS
H
void _KMeans::distanceChecks()
{

int iterationNumDistanceCheck;

/// DISTANCE CHECK VARIABLES

float Px =0, Py = 0, Pz =0 // Point

float Qx =0, Qy =0,Qz=10; int currentClustld = 0: // Current Cluster
float NQx = 0. NQy = 0, NQz = 0: int nCurrentClustld = 0 // Potential New Cluster

int numUpdated;

clusterlndex = 0;
pointIndex = 0:
numUpdated = 0,

// check what dimension program is running in
switch (desiredDimension)

{
cout << iterationNumDistanceCheck << endl;
case 1: /2D
/11f the distance to cluster 1 centroid is shorter than the distance
for (clusterIndex = 0: clusterIndex < _keluster.uiCluster; clusterIndex++)
{
//from the current point index, starting at point 0 each cluster index. loop through point array and check the euclidian distances
for (pointIndex = 0; pointlndex < _kpoint.uiPoint; pointIndex++)
{
/// POINT VARIABLES
Px = _kpoint.pointArray[pointIndex].z Py = _kpoint.pointArray[pointIndex].y:

/// CURRENT CLUSTER VARIABLES
currentClustld = kpoint.pointArray|pointIndex].cGroup:
Qx = keluster.Clusters[currentClustld].z; Qv = _keluster.Clusters[currentClustId].y:

/1 POTENTIAL NEW CLUSTER VARIABLES
nCurrentClustld = clusterIndex:
NQx = _kcluster.Clusters[nCurrentClustld].z: NQy = _kcluster.Clusters[nCurrentClustld].y:

// P =POINT, C = CLUSTER . // NQ = Potential new cluster




// 1f the eucldian distance from point to current cluster centroid is larger than euclidian distance from point to potential new cluster centroid

if (_kmath.euclidianDist(Px, Qx, Py, Qy) > _kmath.euclidianDist(Px, NQx, Py, NQy))

{
// set the points cluster id to the potential new cluster id's id
_kpoint.pointArray[pointindex].cGroup = nCurrentClustld:
/feout << "point " << pointIndex << "has changed from cluster" << currentClustld << "-> cluster " << nCurrentClustld << endl;
updated++;
}

}
}
if (updated == 0) // if nothing has been updated

convergence = true;
cout << "CONVERGENCE IS MET, END THE PROGRAM" << endl;

}
break:

case 2://3D

// if the distance to cluster | centroid is shorter than the distance
for (clusterIndex = 0: clusterIndex < _keluster.uiCluster; clusterIndex++)
{
//from the current point index, starting at point 0 each cluster index. loop through point array and check the euclidian distances
for (pointIndex = 0; pointlndex < _kpoint.uiPoint; pointIndex++)
{
/// POINT VARIABLES
Px = _kpoint.pointArray[pointIndex].z Py = _kpoint.pointArray[pointIndex].y: Pz = _kpoint.pointArray[pointIndex] .z

/// CURRENT CLUSTER VARIABLES
currentClustld = kpoint.pointArray[pointIndex].cGroup:
Qx = _keluster. Clusters[currentClustld].z. Qv = _keluster Clusters[currentClustld] y. Qz = _kcluster Clusters[currentClustld] z;

//l POTENTIAL NEW CLUSTER VARIABLES
nCurrentClustld = clusterIndex:
NQx = _kcluster.Clusters[nCurrentClustld].z; NQv = kcluster.Clusters[nCurrentClustld].v: NQz = _kcluster Clusters|[nCurrentClustld].z;

// P =POINT, C = CLUSTER , // NQ = Potential new cluster
// I the eucldian distance from point to current cluster centroid is larger than euclidian distance from point to potential new cluster centroid
if (_kmath.euclidianDist(Px, Qx, Py, Qy Pz . Qz) > _kmath.euclidianDist(Px , NQx , Py, NQy , Pz, NQz))
{
// set the points cluster id to the potential new cluster id's id
_kpoint pointArray[pointIndex] ¢Group = nCurrentClustld;




cout << "point " << pointIndex << "has changed from cluster" << currentClustld << "-> cluster " << nCurrentClustld << endl:
//"a point has been updated so increment variable

updated++;

}

}
}

if (updated == 0) // if nothing has been updated
i

convergence = true;

cout << "CONVERGENCE IS MET, END THE PROGRAM" << endl;
h
break;

default: // this should never happen

cout << "ERROR, IT SHOULD BE IMPOSSIBLE FOR ANY DIMENSION OTHER THAN 2D OR 3D TO BE PICKED, CHECK ERROR CHECKING" << endl;
break:
}
¥
void KMeans::recalcClusterMeans()
{
// call the recalculate cluster means functions based on dimension
switch (desiredDimension)
1
case 1: /2D
recaleX().
recaleY(),
break:
case 2: // 3D
recaleX():
recaleY().
recalcZ();
break:
default: // should never get here
cout << "ERROR IN RECALC MEANS FUNCTION, WAS NOT SET AS 2D OR 3D" << endl:
break:
}
H

void KMeans::endProgram()

{




H

// displaying result depending on what happened

/1 if convergence was found
if (convergence = true)

{
cout << "convergence was met " << endl << endl;
else if (iterationIndex == maxIteration) //  if iteration index reached max iterations
{
cout << " convergence was not met" << endl << endl:
}

// print cluster groups
cout << "final cluster groups are " << endl;
printClusterGroups();
cout << endl << endl;

void _KMeans:recalcX()

{

float newX = 0; float oldX = 0; int numX = 0:
clusterlndex = 0;

// recalculate each clusters x co-ordinate average
for (inti=0:i< 1;i++)
i
for (clusterIndex = 0; clusterIndex < keluster.uiCluster; clusterIndex++)
{
// reset new x to 0
newX = _keluster.Clusters[clusterIndex] x:
oldX = _kcluster.Clusters[clusterndex].x:
numX = 0;

//'loop through the points, adding every point which is part of the clusters x value to the new x value ready to be averaged at the end

for (pointIndex = 0: pointlndex < kpointuiPoint; pointIndex++)

if (_kpoint.pointArray|pointIndex].cGroup == _kcluster.Clusters|clusterIndex].clusterID)

/1 Add the points x value to the newX
newX += kpoint.pointArray[pointIndex].x;
// Increment the amount of points in the cluster




numX++,

}
for (int1 =0: 1< 1; 1++)
i
// DIVIDE THE X VALUES OF THE CLUSTER BY THE AMOUNT OF POINTS WITHIN THE CLUSTER TO GET THE MEAN
newX /= numX;
// ASSIGN THE NEW MEAN TO THE CLUSTER CENTROID
_keluster Clusters[clusterIndex].x = newX:
}

}

void KMeans:recalcY()
float newY = 0; float oldY = 0; int numY = 0:
clusterlndex = 0

// recaleulate each clusters v co-ordinate average
for (inti=0:i< 1;i++)
{
for (clusterIndex = 0; clusterIndex < keluster.uiCluster; clusterIndex++)
{
/l resetnew x to 0
newY = _keluster.Clusters[clusterIndex] y:
oldY = _kcluster.Clusters[clusterIndex].y:
numY = 0;
// loop through the points, adding every point which is part of the clusters x value to the new x value ready to be averaged at the end
for (pointlndex = 0; pointindex < kpoint.uiPoint; pointIndex++)

{
if (_kpoint.pointArray[pointlndex].cGroup == _keluster.Clusters[clusterlndex].clusterID)
// Add the points y value to the newX
newY += kpoint.pointArray[pointindex].y:
// Increment the amount of points in the cluster
numY-++,
H
3

for(intl=0:1<1;1++)

// DIVIDE THE Y VALUES OF THE CLUSTER BY THE AMOUNT OF POINTS WITHIN THE CLUSTER TO GET THE MEAN




newY /= numY;

/I ASSIGN THE NEW MEAN TO THE CLUSTER CENTROID
_keluster Clusters[clusterIndex].y = newY:

¥
void _KMeans::recalcZ()
{
float newZ = 0: float oldZ = 0; int numZ = 0;

clusterIndex = 0;

// recalculate each clusters x co-ordinate average
for (inti=0:1< 1; i++)

// loop through the points, adding every point which is part of the clusters x value to the new x value ready to be averaged at the end

// DIVIDE THE X VALUES OF THE CLUSTER BY THE AMOUNT OF POINTS WITHIN THE CLUSTER TO GET THE MEAN

1
for (clusterlndex = 0; clusterIndex < kcluster.uiCluster; clusterIndex++)
{
// reset new x to 0
newZ = kcluster.Clusters|clusterIndex].z:
oldZ = _keluster Clusters[clusterIndex].z;
numZ = 0,
for (pointIndex = 0: pointlndex < _kpoint.uiPoint; pointIndex++)
{
if (_kpoint.pointArray[pointindex].¢cGroup == _keluster Clusters[clusterlndex] clusterD)
// Add the points x value to the newX
newZ += _kpomnt.pointArray[pointindex].z:
// Increment the amount of points in the cluster
numz++,
¥
1
for (int1 =0:1<1; 1++)
{
newZ /= numZ;
// ASSIGN THE NEW MEAN TO THE CLUSTER CENTROID
_keluster Clusters[clusterIndex].z = newZ:
}
}




}

void KMeans::printClusterGroups()

{

int clusterlD: // whats the cluster id
int pointClusterGroup; // what group does the point belong to

int numC; // number of clusters
int numP; // number of points

numC = _kcluster.uiCluster; // assign the number of clusters to this variable
numP = _kpoint.uiPoint; // assign the number of points to this variable

/1 print the cluster groups out
for (intk = 0; k < numC; k++)

{
clusterID = k:
cout << "the points that are in cluster " << k << " are;" << endl;
for (intj = 0; j < numP: j++)
pointClusterGroup = _kpoint.pointArray[j].cGroup:
if (cluster] D == pointClusterGroup)
{
cout << _kpoint.pointArray[j].pointld << ", "
}
¥
cout << endl << endl:
}




_Math.cpp
#include "_Math.h"

~Math:: Math()
{
¥

_Math::~ Math()
{
¥

// 3D Math euclidian Distance formula
float Math::euclidianDist(float Px, float Qx, float Py, float Qy, float Pz, float Qz)
{

/forumla = sqrt(((P1 - QLy*2) + ((P2 - Q2)*2) + ((P3 - Q3)*2)))

double dist;
double x = (Px - Qx):

double y = (Py - Qy):
double z = (Pz - Qz).

z¥=z
dist=x+y+z

dist = sqrt(dist);

return dist;

}

// 2D Math euclidian Distance formula
float Math::euclidianDist(float Px. float Qx, float Py, float Qy)

{
/! forumla = sqri(((P1 - Q1)*2) + (P2 - Q2)*2))

double dist:




double x = (Px - Qx):
double y = (Py - Qvy):

]
]

dist = sqrt(dist);
/*cout << dist << endl:*/

return dist;




_Point.cpp
#include "_Point.h"
#include "STDAFX.h"
#include "RNG.h"

RNG numGenPoint:
_Point:: Point()

{

¥

uiPoint = 0:

_Point::~_Point()

{
uiPoint = 0;

¥

void _Point::selectMode()

{
cout << "please select how many points you would like to generate " << endl;
cout '512, 1024 or 25600" << endl;

cin >> uiPoint;

switch (uiPoint)

i

case 512:
generatePoints(uiPoint),
genRandomPoints(uiPoint);
break:

case 1024:
generatePoints(uiPoint);
genRandomPoints(uiPoint),
break:

case 25600:

generatePoints(uiPoint);
genRandomPoints(uiPoint);
break;

default:




cout << "please enter a valid amount of points " << endl;

selectMode():
i
cout << endl;
printPoints();
B
void _Point::generatePoints(int 1)
{
// dynamically create array size for array declared in header using argument passed in
pointArray = new Point[i]; / ARRAY OF STRUCTURES
H
void _Point::genRandomPoints(int num)
{
int pointID = 0;
for (int1 = 0:1< num; 1++)
{
float tmp = 0;
// Generate value for the current element properties
// initialize the point variable cluster group to 1
this->pointArray[i].cGroup = 1:
// generate X.y.z values
this->pointArray[i].x = numGenPoint.genX(tmp):
this->pointArray[i].y = numGenPoint.gen Y(tmp):
this->pointArray[i].z = numGenPoint.genZ(tmp)::
// Assign Pomt ID
this->pointArray[i].pointld = pointID;
pointlD += 1,
1
¥

void _Point::printPoints()

{

uiPoint;




// print out all of the array
for (inti = 0: i < uiPoint; i++)

i

< "Point [" <
"Cluster group = " <<
< pointArray

< pointArray[i].pointld << "], "
rray[1].cGroup




RNG.cpp
#include "RNG.h"

RNG:RNG()
{

/lintialize variables to 0
X

prevX = 0;

prevX1 =0;

prevX2 = 0;

prevX3 = 0;

ny

prevY = 0;

prevY1 =0;

prevY2 = 0;

prevY3 =0;

nz

prevZ = 0;

prevZ1=0;

prevZ2 = 0;

prevZ3 = 0;

I/l time seed to be used in RNG generators
srand(time(0));

RNG::~RNG()
{
}

float RNG::genX(float x)

{
x=0;

/l makes more sense in my head if its 0-500 then minus 250

I'if it is the first time running

if (x 1= 0 && prevX |= 0 && prevX1 && prevX2 |= 0 && prevX3 |= 0)
{

}

else

x =rand() % (500, 500) - 250;




}

//generate random value between -250 and 250
x =rand() % (500, 500) - 250;
}

I1'if x is the value of the previous 3 x's, regenerate until it isn't

while (x == prevX || x == prevX1 || x == prevX2 || x == prevX3 ||
x == prevY || x == prevY1 || x == prevY2 || x == prevY3 ||
X == prevZ || x == prevZ1 || x == prevZ2 || x == prevZ3)

x = rand() % (500, 500) - 250;

1! assign the values to the next x point.
prevX3 = prevX2;

prevX2 = prevX1;

prevX1 = prevX;

prevX = x;

return x;

float RNG::genY(float y)
{

y=0;

/I makes more sense in my head if its 0-500 then minus 250

lif it is the first time running

if (y =0 && prevY != 0 && prevY1 && prevY2 != 0 && prevY3 !=0)
{

y = rand() % (500, 500) - 250;

else

// generate random value between -250 and 250
y =rand() % (500, 500) - 250;

1lif y is the value of the previous 3 y's,x's or z's, regenerate until it isn't

while (y == prevX || y == prevX1 || y == prevX2 || y == prevX3 ||
y == prevY ||y == prevY1 || y == prevY2 ||y == prevY3 ||
y == prevZ ||y == prevZ1 || y == prevZ2 || y == prevZ3)




}

y = rand() % (500, 500) - 250;

/I assign the values to the next Y point.
prevY3 = prevY2;

prevY2 = prevY1;

prevY1 = prevY3;

prevyY =y;

return y;

float RNG::genZ(float z)
{

z=0;

/I makes more sense in my head if its 0-500 then minus 250

1if it is the first time running

if (z!=0 && prevZ != 0 && prevZ1 && prevZ2 = 0 && prevZ3 |=0)
{

z =rand() % (500, 500) - 250;

}

else
// generate random value between -250 and 250
z =rand() % (500, 500) - 250;

}

11if Z is the value of the previous 3 2's, regenerate until it isn't

while (z == prevX || z == prevX1 || z == prevX2 || z == prevX3 ||
z ==prevY ||z == prevY1 || z == prevY2 || z == prevY3 ||
z ==prevZ || z == prevZ1 || z == prevZ2 || z == prevZ3)

z =rand() % (500, 500) - 250;

/I assign the values to the next Z point.
prevZ3 = prevZ2;

prevZ2 = prevZ1i;

prevZ1 = prevZ3;

prevZ = z;

return z;




main.cpp
Il'includes
#tinclude "STDAFX.H"
#include "_KMeans.h"

I/ declare an object to use for each class
_KMeans kmeans;
void main()

/I start Kmeans

kmeans.kmeans();
system("pause”);




Appendix - GPU implementation code

_Cluster.h

#pragma once

#include "STDAFX h"
#include "RNG.h"

// structure for each cluster
struct Cluster

{
int clusterlD:
float x:
float y:
float z;
|
class _Cluster
{
private:
void generateClusters(int i), // how many clusters as argument
void RNGCoOrds(int i), // take size of array (amount of clusters) as argument generate random point co-ordinates
public:
_Cluster();
~ Cluster():.

Cluster * Clusters; // declare an array that will be used to hold the structs

int uiCluster;

void printClusters();

void selectMode(): //select an amount of clusters to be done. (2|3||5//10) this function will call other functions depending on input




_Math.h

ffpragma once
#include <math.h>
#include "STDAFX h"

class Math

{

public:
~ Math();
~_ Math():

float euclidianDist(float Px, float Qx. float Py. float Qy); // FIND THE DISTANCE IN 2 DIMENSIONS
float euclidianDist(float Px. float Qx. float Py. float Qy, float Pz, float Qz); // FIND THE DISTANCE IN 3 DIMENSIONS




_Point.h

ffpragma once
// structure for each point
struct Point

{
int pointld;
float x:
float v:
float z;
float ¢Group: // which group do they belong to?
ot
class Point
{
private :
void generatePoints(int 1); / how many points as argyment
void genRandomPoints(int i); // take size of array as argument generate random point co-ordinates
public:

_Point();
~_Point();

Point* pointArray: // declare an array that will be used to hold the structs
int uiPoint;

void printPoints():

void selectMode():// pre set amount of points to generate




RNG.h

#pragma once
#include "STDAFX.h"
#include <ctime>
#include <chrono>
#include <thread>

class RNG
private:

1l rng vars to be used to prevent the same number being used repeatedly
X
float prevX;
float prevX1;
float prevX2;
float prevX3;
ny
float prevy;
float prevY1;
float prevY2;
float prevyY3;
nz
float prevZ;
float prevZ1;
float prevZ2;
float prevZ3;
public:
RNG();
~RNG();

float genX(float); // generates a random x value and returns it
float genY(float); // generates a random y value and returns it
float genZ(float); // generates a random z value and returns it




_Cluster.cpp
#include "_Cluster.h"

RNG numGenCluster;
_Cluster::_Cluster()
{

uiCluster = 0;

_Cluster::~_Cluster()

{
uiCluster = 0:

¥

void _Cluster::selectMode()

{
cout "please select how many clusters you would like to generate " << endl:
cout << "2 or 5" << endl;

cin >> uiCluster,

switch (uiCluster)

{

case2:
generateClusters(uiCluster);
RNGCoOrds(uiCluster);

break:

case 5:
generateClusters(uiCluster),
RNGCoOrds(uiCluster);
break:

default :
cout << "please enter a valid amount of clusters " << endl:
selectMode().

}

cout << endl;
printClusters();




}

void _Cluster::generateClusters(int i)

{

// dynamically create array size for array declared in header using argument passed in

Clusters = new Cluster|

¥
void _Cluster::RNGCoOrds(int num)

for (inti = 0: 1 < num; i++)
{
float tmp = 0

// Generate value for the current element properties
// initialize the point variable cluster group to 1
this->Clusters[i].clusterID = 1.

// generate X,y z values

this->Clusters[i].x = numGenCluster.genX(tmp):
this->Clusters[i].y = numGenCluster.gen Y(tmp);
this->Clusters[i]. z = numGenCluster. genZ(tmp):.:

¥

void _Cluster::printClusters()
{
// print out all of the array
for (int1 = 0; 1 < uiCluster; 1++)

i

cout << "Cluster [" <= Clusters[1].cluster]D << "] , ™

/ ARRAY OF STRUCTURES




_Math.cpp
#include "_Math.h"

~Math:: Math()
{
¥

_Math::~ Math()
{
¥

// 3D Math euclidian Distance formula
float Math::euclidianDist(float Px. float Qx, float Py, float Qy, float Pz, float Qz)
{

// forumla = sqrt(((P1 - Q1Y*2) + (P2 - Q2)*2) + ((P3 - Q3)*2)))

double dist;

double x = (Px - Qx):
double v = (Py - Qv):
double z = (Pz - Qz).

b i o

y*=y

zH=z
dist=x+y+z

dist = sqrt(dist):

return dist:

// 2D Math euclidian Distance formula
float _Math::euclidianDist(float Px. float Qx, float Py, float Qy)
{

// forumla = sqrt(((P1 - Q1)*2) + ((P2 - Q2)*2))




double dist;

double x = (Px - Qx):
double y = (Py - Qv):

dist=x +v;
/*cout << dist << endl:*/

dist = sqrt(dist);
M*cout << dist << endl:*/

return dist:




_Point.cpp
#include "_Point.h"
#include "STDAFX h"
#include "RNG.h"

RNG numGenPoint:
_Point:: Point()

{

¥

uiPoint = 0:

_Point::~_Point()
{

¥

uiPoint = 0;

void _Point::selectMode()
{

cout << "please select how many points you would like to generate " << endl;
cout '512, 1024 or 25600" << endl;
cin >> uiPoint;

switch (uiPoint)

i

case 512:
generatePoints(uiPoint),
genRandomPoints(uiPoint);
break:

case 1024:
generatePoints(uiPoint);
genRandomPoints(uiPoint),
break:

case 25600:

generatePoints(uiPoint);
genRandomPoints(uiPoint);
break;

default:




cout << "please enter a valid amount of points " << endl;

selectMode():
i
cout << endl;
printPoints();
B
void _Point::generatePoints(int 1)
{
// dynamically create array size for array declared in header using argument passed in
pointArray = new Point[i]; / ARRAY OF STRUCTURES
H
void _Point::genRandomPoints(int num)
{
int pointID = 0;
for (int1 = 0:1< num; 1++)
{
float tmp = 0;
// Generate value for the current element properties
// initialize the point variable cluster group to 1
this->pointArray[i].cGroup = 1:
// generate X.y.z values
this->pointArray[i].x = numGenPoint.genX(tmp):
this->pointArray[i].y = numGenPoint.gen Y(tmp):
this->pointArray[i].z = numGenPoint.genZ(tmp)::
// Assign Pomt ID
this->pointArray[i].pointld = pointID;
pointlD += 1,
1
¥

void _Point::printPoints()

{

uiPoint;




// print out all of the array
for (inti = 0: i < uiPoint; i++)

i

< "Point [" <
"Cluster group = " <<
< pointArray

< pointArray[i].pointld << "], "
rray[1].cGroup




RNG.cpp

#include "RNG.h"

RNG::RNG()

{
// intialize variables to 0
X
prevX = (;
prevXl = 0;
prevX2 = 0;
prevX3 = 0;
Y
prevY = (;
prevYl =0;
prevY2 = 0;
prevY3 = 0:
Nz
prevZ = 0;
prevZ] = 0;
prevZ2 = 0;
prevZ3 = 0;
// time seed to be used in RNG generators
srand(time(0));

H

RNG::~RNG()

J

¥

float RNG::genX(float x)

{

x=0;

// makes more sense in my head if its 0-500 then minus 250

//if it is the first time running

if (x 1= 0 && prevX 1= 0 && prevX] && prevX2 1= 0 && prevX3 1= 0)
{

3

x = rand() % (500, 500) - 250;




else

//generate random value between -250 and 250
x = rand() % (500, 500) - 250;
¥

//if x is the value of the previous 3 X's, regenerate until it isn't
while (x == prevX || x == prevXl || x = prevX2 || x == prevX3
prevY || x == prevYl || x == prevY2 || x == prevY3 |
X == prevZ || x == prevZ1 || x == prevZ2 || x == prevZ3)

t
i

// assign the values to the next X point.
prevX3 = prevX2,

prevX2 = prevXl;

prevX1 = prevX:

x = rand() % (500, 500) - 250;

prevX = x;
return X;
}
float RNG::genY(float v)
{
y=0

// makes more sense in my head if its 0-500 then minus 250
/fif it is the first time running
if (v 1= 0 && prevY != 0 && prevYl && prevY2 |= 0 && prevY3 1= 0)

i
y = rand() % (500, 500) - 250;

¥

else

{
// generate random value between -250 and 250
v = rand() % (500, 500) - 250;

¥

/1ify is the value of the previous 3 v's,x's or Z's, regenerate until it isn't
g prevX2 ||y == prevX3

prevy -|| v ==prevYl H v ==prevY2 ||y == prevY3 |
y == prevZ || v == prevZl || y == prevZ2 || y == prevZ3)




H

{
h

// assign the values to the next Y point.
prevY3 = prevY2:

prevY2 = prevYl:

prevYl = prevY3;

prevY =y,

y = rand() % (500, 500) - 250

return y:

float RNG::genZ(float z)

{

z=0,
// makes more sense in my head if its 0-500 then minus 250
/fif it is the first time running

if (z 1= 0 && prevZ 1= 0 &é& prevZ] && prevZ2 |= 0 && prevZ3 1= 0)

z = rand() % (500, 500) - 250,

i

else

t
// generate random value between -250 and 250
z = rand() % (500, 500) - 250,

i

// if Z is the value of the previous 3 Z's, regenerate until it isn't
while (z == prevX || z == prevXl || z == prevX2 || z == prevX3 ||
z==prevY ||z ==prevYl |z ==prevY2 ||z == prevY3 |
z==prevZ ||z == prevZl || z == prevZ2 || z == prevZ3)
i

i

// assign the values to the next Z point.
prevZ3 = prevZ2;

prevZ2 = prevZl;

prevZ1 = prevZ3;

prevzZ = z:

7= rand() % (300, 500) - 250;

return z;







Kernel.cu

#include "cuda_runtime.h"
#include "device launch parameters.h"

#include <stdio.h>
#include "STDAFX H"
#include " Point.h"
#include " Cluster.h"
#include "_Math.h"

// declare an object to use for each class
_Cluster _kcluster:

_Point kpoint;

_Math _kmath;

// Variables to be used

int desiredDimension = 0; // the desired dimension variable
int pointIndex = 0; // the point index used in distance checking
int clusterlndex = 0; // cluster index, used in distance checking
int maxIteration = maximum amount of iterations

int iterationIndex = 0: // current iteration number

it numC; // num of clusters

it numP: // num of points

// Did not work if I used these variables as int or bool,

//s0 had to pass them to kernel as a array of 1, in order to get it back from the kernel
int updated[ 1]: // if points have swapped

bool convergence|1]; //has the algorithm found convergence?

//Functions
void initialization(). // performs generation of points & clusters
void iteration(); // iteration of the algorithm

void recalcClusterMeans(); // recalculate cluster means
void endProgram(); // end the program

//recaculate cluster X centroids
/ recalculate cluster Y centroids
ecaleulate cluster Z centroids

voud recaleX();
void recalcY(): /
void recalcZ(),

// the 4 variables below were provided wth cuda file upon creation
const int arraySize = 5,




const int afarraySize] = { 1.2.3.4,5 };
const int blarraySize] = { 10, 20, 30,40, 50 };
int c[arraySize] = { 0 };

void printClusterGroups(); // prints a list of points in each cluster
// number of threads per block
int threadsPerBlock = 512:

// blocks
dim3 block:

cudaError t addWithCuda(int *c, const int *a, const int *b, unsigned int size, int pass):

/ function needed as a device function in order to access the function from the kernel

// 2D version of euclidian distance

_ device _ float euclidianDist2D(float Px, float Qx. float Py, float Qy) // FIND THE DISTANCE IN 2 DIMENSIONS
{

/! forumla = sqri(((P1 - Q1)*2) + (P2 - Q2)*2))

double dist:

double x = (Px - Qx):
double v = (Py - Qv):

x="<<x
lgout << "y =" <<y
X*=x
yi=y

dist=x+y:
/*cout << dist << endl:*/

dist = sqrt(dist):
/*cout << dist << endl:*/

return dist;

// function needed as a device function in order to access the function from the kemnel




/73D version of euclidian distance
_ device _ float euclidianDist3D(float Px, float Qx, float Py, float Qy, float Pz, float Qz) // FIND THE DISTANCE IN 3 DIMENSIONS
{

// forumla = sqrt(((P1 - Q1)*2) + ((P2 - Q2)*2) + ((P3 - Q3)*2)))

double dist;

double x = (Px - Qx):
double v = (Py - Qv):
double z = (Pz - Qz).

x%*=x
yr=y

Ziv=2
dist=x+y+z

dist = sqrt(dist):

return dist;

¥
__global__ void addKemel(int *c, const int *a, const int *b)

int i = threadldx.x;

cfi] = af1] +b[i],
}

_ global__ voud distanceChecksKemel(Point* pointArray, Cluster* Clusters, int desiredDimension, bool convergence. int updated. int numC)
{

/fset 1 to the thread number, the thread number + block id allows the thread to be correctly assigned to correct point

int 1= blockldx.x * blockDim.x + threadldx.x:

/// DISTANCE CHECK VARIABLES

float Px =0. Py = 0,Pz=0: // Point

float Qx =0, Qy =0, Qz = 0; int currentClustld = 0: // Current Cluster
float NQx = 0, NQy = 0, NQz = 0; int nCurrentClustld = 0; // Potential New Cluster

int numUpdated;
int clusterlndex = 0;

numUpdated = 0;
// check what dimension program is running in




switch (desiredDimension)

{
case 1: /2D
//if the distance to cluster 1 centroid is shorter than the distance
for (clusterIndex = 0; clusterlndex < numC: clusterIndex++)
{
/// POINT VARIABLES
Px = pointArray[i] z: Py = pointArray[i].y:
/// CURRENT CLUSTER VARIABLES
currentClustld = pointArray[i].cGroup;
Qx = Clusters[currentClustld].z;  Qy = Clusters[currentClustld].y:
/// POTENTIAL NEW CLUSTER VARIABLES
nCurrentClustld = clusterIndex:
NQx = Clusters[nCurrentClustld].z: NQy = Clusters[nCurrentClustld].y:
// P =POINT, C = CLUSTER , // NQ = Potential new cluster
// 1f the eucldian distance from point to current cluster centroid is larger than euclidian distance from point to potential new cluster centroid
if (euclidianDist2D(Px, Qx, Py, Qy) > euclidianDist2D(Px, NQx, Py, NQy))
{
// set the points cluster id to the potential new cluster id's id
pointArray[i].cGroup = nCurrentClustld;
*¢ point " << i << "has changed from cluster" << currentClustld << "-> cluster " << nCurrentClustld << endl.*/
updated+
}
}
if (updated == 0)
{
convergence = true;
/*cout << "CONVERGENCE IS MET, END THE PROGRAM" << endl:*/
}
break:
case 2:/3D

//1f the distance to cluster 1 centroid is shorter than the distance
for (clusterIndex = 0; clusterIndex < numC; clusterIndex++)

{




/// POINT VARIABLES
Px = pointArray[i] z: Py = pointArray[i].v: Pz = pointArray|i].z;

/// CURRENT CLUSTER VARIABLES
currentClustld = pointArray[i].cGroup;
Qx = Clusters[currentClustld].z;  Qy = Clusters[currentClustld].y: Qz = Clusters[currentClustld] z;

/// POTENTIAL NEW CLUSTER VARIABLES
nCurrentClustld = clusterIndex:
NQx = Clusters[nCurrentClustld].z: NQy = Clusters[nCurrentClustld].y: NQz = Clusters[nCurrentClustld].z;

// P =POINT, C = CLUSTER , // NQ = Potential new cluster
// If the eucldian distance from point to current cluster centroid is larger than euclidian distance from point to potential new cluster centroid
if (euclidianDist3D(Px, Qx. Py, Qy, Pz, Qz) > euclidianDist3D(Px, NQx, Py, NQy, Pz, NQz))

{
// set the points cluster id to the potential new cluster id's id
urrentClustld;
"has changed from cluster" << currentClustld << "-> cluster " << nCurrentClustld << endl;*/
//"a point has been updated so increment variable
}

}
if (updated == 0)
{

convergence = true:
/*cout << "CONVERGENCE IS MET, END THE PROGRAM" << endl:*/

}
break:

default: // this should never happen
/*cout << "ERROR, IT SHOULD BE IMPOSSIBLE FOR ANY DIMENSION OTHER THAN 2D OR 3D TO BE PICKED, CHECK ERROR CHECKING" << endl;*/
break:

void kmeans()

{
// initialize the points and clusters
Mnitialization():

cout << "initialization complete " << endl;




updated[0] = 0;
convergence[0] = false;

/*cout << "max # of iterations of the program if convergence is unable to be met? " << endl:*/
/*¢in == maxlteration:*/
maxlteration = 100;

// whilst convergence has not been met AND max iterations have not been met continue loop
while (iterationIndex < maxIteration)

{
updated[0] = 0
// do iteration
cout << "iteration " << iterationIndex << " complete" << endl;
iteration();
/1 1f convergence has been met ( no points changing groups), set convergence to true
if (updated[0] == 0)
{
should be exiting the program" << endl:
Xit loop once convergence found
/*iterationIndex = maxlteration:*/
}
iterationIndex++;
 H

//'end the program
endProgram():

¥

void initialization()

{

// set the block x size to Number of points divided by thenumber of threads per block
block.x = (numP / threadsPerBlock) + 1:

// what dimension will the algorithm run in
cout << "what dimension would you like the program to be performed in" << endl; cout << "1. 2D " << endl: cout << "2. 3D" << endl;

cin >> desiredDimension:

// check if not an option, dont allow crap data
if (desiredDimension != | && desiredDimension != 2)




system("cls");
cout << "please choose a correct option" << endl:
initialization(); // recursivley call the function to start again

3

//generate points and clusters

/ 1/ POINT GEN

//n of points is == 10/|20/|50/[100]1200
_kpoint.selectMode().

CLUSTER GEN

//'n of clusters = 2|/4{|6/18/|10
_keluster.selectMode():

H

void 1teration()

{
//distanceChecks(); // PERFORM DISTANCE CHECKS

// added functionality here to pass m the number of points in the program
cudaError t cudaStatus = addWithCuda(c, a, b, arraySize, numP);
if (cudaStatus != cudaSuccess) {

fprintf(stderr, "addWithCuda failed!");

return;

3

// cudaDeviceReset must be called before exiting in order for profiling and
// tracing tools such as Nsight and Visual Profiler to show complete traces.
cudaStatus = cudaDeviceReset():
if (cudaStatus != cudaSuccess) {

fprintfistderr, "cudaDeviceReset failed!");

return;

}

recalcClusterMeans(), / RECALCULATE CLUSTER MEANS
H

void recaleClusterMeans()




// call the recalculate cluster means functions based on dimension
switch (desiredDimension)
{
case 1: //2D
recaleX():
recaleY().
break:
case 2: //3D
recaleX().
recaleY ()
recalcZ():
break:

default: // should never get here
cout << "ERROR IN RECALC MEANS FUNCTION, WAS NOT SET AS 2D OR 3D" << endl;
break:

H

void endProgram()

{
// displaying result depending on what happened
/1if convergence was found

if (convergence[0] == true)
{
else if (iterationIndex == maxlteration) //  if iteration index reached max iterations

{
}

cout << "convergence was met " << endl << endl:

cout << " convergence was not met" << endl << endl;

// print cluster groups
cout << "final cluster groups are " << endl;
printClusterGroups(),
cout << endl <= endl;

H

void recaleX()

{




float newX = 0: float oldX = 0: int numX = 0
clusterIndex = 0

/! recaleulate each clusters x co-ordinate average
for (inti=0:1<1;1++)

i
for (clusterIndex = 0; clusterIndex < _keluster.uiCluster; clusterIndex++)
{
// reset new X to 0
newX = kcluster.Clusters|clusterIndex].x:
oldX = keluster.Clusters[clusterIndex].x:
numX = 0;
//'loop through the points, adding every point which is part of the clusters x value to the new x value ready to be averaged at the end
for (pointlndex = 0; pointindex < kpoint.uiPoint; pointIndex++)
{
if (_kpoint.pointArray[pointlndex].cGroup == _keluster.Clusters[clusterIndex].clusterID)
// Add the points x value to the newX
newX += _kpoint.pointArray|pomtlndex].x:
// Increment the amount of points in the cluster
numX++
}
1
for (intl=0:1<1;1++)
{
// DIVIDE THE X VALUES OF THE CLUSTER BY THE AMOUNT OF POINTS WITHIN THE CLUSTER TO GET THE MEAN
newX /= numX;
// ASSIGN THE NEW MEAN TO THE CLUSTER CENTROID
_kcluster. Clusters|clusterIndex].x = newX:
}
¥
1
¥
void recalcY()
{

float newY = 0: float oldY = 0: int numY = 0:
clusterlndex = 0;

// recalculate each clusters y co-ordinate average




}

for (inti=0:1< 1; i++)

{
for (clusterIndex = 0; clusterIndex < kcluster.uiCluster; clusterIndex++)
{
/l resetnew x to 0
newY = kcluster.Clusters|clusterIndex].y:
oldY = _keluster Clusters[clusterIndex].y;
numY = 0
// loop through the points, adding every point which is part of the clusters x value to the new x value ready to be averaged at the end
for (pointlndex = 0: pointlndex < _kpoint.uiPoint; pointlndex++)
{
if (_kpoint.pointArray[pointIndex].cGroup == _kcluster.Clusters[clusterIndex].clusterID)
// Add the points y value to the newX
newY += _kpoint.pointArray[pointindex].y:
// Increment the amount of points in the cluster
numY++,
¥
1
for (int1 =0:1<1; 1++)
i
// DIVIDE THE Y VALUES OF THE CLUSTER BY THE AMOUNT OF POINTS WITHIN THE CLUSTER TO GET THE MEAN
newY /= numY;
// ASSIGN THE NEW MEAN TO THE CLUSTER CENTROID
_kceluster Clusters[clusterIndex].y = newY:
}
}
¥

void recalcZ()

float newZ = 0; float oldZ = 0; int numZ = 0
clusterIndex = 0;

// recaleulate each clusters x co-ordinate average
for(int1=0:1<1;1++)
{
for (clusterIndex = 0: clusterIndex < _keluster.uiCluster; clusterIndex++)
{
// reset new x to 0
newZ = _keluster.Clusters[clusterIndex] z;




oldZ = keluster.Clusters[clusterndex].z;

num7 = 0,

//'loop through the points, adding every point which is part of the clusters x value to the new x value ready to be averaged at the end
for (pointIndex = 0: pointlndex < kpoint.uiPoint; pointIndex++)

if (_kpoint.pointArray|pointIndex].cGroup == _kcluster.Clusters|clusterIndex].clusterID)

/I Add the points x value to the newX

newZ += _kpoint.pointArray[pointIndex].z:

// Increment the amount of points in the cluster
numzZ++,

}

h
for (int1=0:1<1; 1++)
{

// DIVIDE THE X VALUES OF THE CLUSTER BY THE AMOUNT OF POINTS WITHIN THE CLUSTER TO GET THE MEAN
newZ /= numZ;

// ASSIGN THE NEW MEAN TO THE CLUSTER CENTROID
_keluster. Clusters|clusterIndex].z = newZ;

}

void printClusterGroups()
{

int clusterlD; // whats the cluster id
int pointClusterGroup: // what group does the point belong to

// print the cluster groups out
for (int k = 0; k < numC; k++)
i

clusterID = k:
cout << "the points that are in cluster " << k << " are;" << endl;
for (intj = 0; j < numP: j++)

wainlClusteerup = _kpoint.pointArray[j].cGroup:

if (cluster] D == pontClusterGroup)

{
cout << _kpoint.pointArray[j].pointld <




}
H

cout << endl << endl:

int main()

initialization();

numC = _keluster uiCluster; // num of clusters, assign the number of clusters to this variable
numP = kpointuiPoint; //num of points, assign the number of points to this variable

// was provided when creating the cuda file
printf("{1.2,3.4.5} + {10.20,30.40.50} = {%d.%d.%d.%d %ed}\n",
¢[0], ¢ 11]. ¢[2]. ¢[3]. ¢[4]):

// Run k-means algorithm
kmeans().
svstem("pause"):

return 0:

}

// Helper function for using CUDA to add vectors in parallel.
cudaError t addWithCuda(int *c, const int *a, const int *b, unsigned int size, int numP)

int *dev_a=0;
int *dev_b = 0;
int *dev_c¢ = 0;

//devices to be used in allowing me to pass the data I require to be passed to the kemel
int *dev_Updated = 0;

bool *dev Convergence = 0:

Point *dev_PointArray = 0:

Cluster *dev_Clusters = 0;

cudaError_t cudaStatus;

// Choose which GPU to run on, change this on a multi-GPU system.




cudaStatus = cudaSetDevice(0):

if (cudaStatus != cudaSuccess) |
fprintfistderr, "cudaSetDevice failed! Do you have a CUDA-capable GPU installed?");
goto Error:

¥

/! Allocate GPU buffers for point array
cudaStatus = cudaMalloc((void**)&dev_PomtArray, numP * sizeof(Point));
if (cudaStatus = cudaSuccess) {
fprintf(stderr, "cudaMalloc failed!").
goto Error;
}
/I Allocate GPU buffers for cluster array
cudaStatus = cudaMalloc((void**)&dev_Clusters, numC * sizeof{Cluster));
if (cudaStatus != cudaSuccess) {
fprintfistderr, "cudaMalloc failed!").
goto Error:

3

/I Allocate GPU buffers for updated variable stored in array
cudaStatus = cudaMalloc((void**)&dev_Updated.sizeof(int)):
if (cudaStatus = cudaSuccess) {

fprintf(stderr, "cudaMalloc failed!").

goto Error;

1

// Allocate GPU buffers for convergence variable stored i array
cudaStatus = cudaMalloe((void**)&dev_Convergence, sizeof(bool)),
if (cudaStatus != cudaSuccess) {

fprintf(stderr. "cudaMalloc failed!").

goto Error:

cudaStatus = cudaMalloc((void**)&dev c, size * sizeof{int)):
if (cudaStatus != cudaSuccess) |

fprintfistderr, "cudaMalloc failed!").

goto Error:

¥

cudaStatus = cudaMalloc((void**)&dev_a, size * sizeof(int)):
if (cudaStatus != cudaSuccess) {

fprintf(stderr. "cudaMalloc failed!").

goto Error;




}

cudaStatus = cudaMalloc((void**)&dev b, size * sizeof(int));
if (cudaStatus != cudaSuccess) {

fprintf(stderr, "cudaMalloc failed!");

goto Error;

H

// Copy Point array from host memory to GPU buffers.
cudaStatus = cudaMemepy(dev_PointArray, _kpoint. pointArray, numP * sizeof(Point), cudaMemepyHostToDevice),
if (cudaStatus != cudaSuccess) {

fprintf(stderr, "cudaMemcpy failed!"):

goto Error:

1

// Copy cluster array from host memory to GPU buffers.
cudaStatus = cudaMemcpy(dev_Clusters, _keluster.Clusters, numC * sizeof(Cluster), cudaMemcpyHostToDevice):
if (cudaStatus != cudaSuccess) {

fprintfistderr, "cudaMemcpy failed!"):

goto Error;

3

// Copy updated array from host memory to GPU buffers.
cudaStatus = cudaMemcpy(dev Updated.updated, sizeof{int), cudaMemcpyHostToDevice);
if (cudaStatus = cudaSuccess) {

fprintf{stderr, "cudaMemcpy failed!"):

goto Error;

/I Copy convergence array from host memory to GPU buffers.
cudaStatus = cudaMemcpy(dev_Convergence, convergence, sizeof(bool), cudaMemcpyHostToDevice).
if (cudaStatus != cudaSuccess) {

fprintf{stderr, "cudaMemcpy failed!");

goto Error:

}

cudaStatus = cudaMemcpy(dev_a, a. size * sizeof(int), cudaMemcpyHostToDevice);
if (cudaStatus != cudaSuccess) {

fprintfistderr, "cudaMemcpy failed!"):

goto Error;

¥

cudaStatus = cudaMemepy(dev_b, b, size * sizeof(int), cudaMemepyHostToDevice):




if (cudaStatus != cudaSuccess) {
fprintf(stderr, "cudaMemepy failed!");
goto Error;

}

// Launch a kernel on the GPU with one thread for each element. pass in point array, cluster array and variables needed
// kemel uses the block.x variable that was set earlier in the file for number of blocks, and the threads per block to state how many threads per block
distanceChecksKemel <<< block x, threadsPerBlock == >(dev_PointArray, dev_Clusters, desiredDimension, convergence[0], updated[0], numC);
// Check for any errors launching the kernel
cudaStatus = cudaGetLastError():
if (cudaStatus != cudaSuccess) {
fprintf(stderr, "addKernel launch failed: %os'n", cudaGetErrorString(cudaStatus)):
goto Error;

H

// cudaDeviceSynchronize waits for the kemel to finish, and returns

// any errors encountered during the launch.

cudaStatus = cudaDeviceSynchronize():

if (cudaStatus != cudaSuccess) |
fprintf(stderr, "cudaDeviceSynchronize returned error code %od after launching addKemel!'n", cudaStatus);
goto Error:

H

// Copy updated point array back into point array
cudaStatus = cudaMemepy(_kpoint.pointArray, dev_PointArray. numP * sizeof( Point), cudaMemepyDeviceToHost):
if (cudaStatus != cudaSuccess) {

fprintf(stderr, "cudaMemepy failed!");

goto Error:

1

// Copy updated cluster array back into cluster array
cudaStatus = cudaMemepy(_keluster Clusters, dev_Clusters, numC * sizeof(Cluster). cudaMemepyDeviceToHost),
if (cudaStatus != cudaSuccess) {

fprintf(stderr, "cudaMemcpy failed!"):

goto Error;

1

// Copy updated value back into updated variable
cudaStatus = cudaMemcpy(updated, dev_Updated.sizeof{int). cudaMemcpyDeviceToHost);
if (cudaStatus != cudaSuccess) {

fprintf{stderr, "cudaMemcpy failed!");

goto Error:




// Copy output vector from GPU buffer to host memory.
cudaStatus = cudaMemcpy(convergence, dev_Convergence, sizeof(bool), cudaMemcpyDeviceToHost).
if (cudaStatus = cudaSuccess) {

fprintf{stderr, "cudaMemcpy failed!");

goto Error;

}

// Copy output vector from GPU buffer to host memory.
cudaStatus = cudaMemepy(c, dev_c, size * sizeof(int), cudaMemepyDeviceToHost),
if (cudaStatus != cudaSuccess) {

fprintf(stderr, "cudaMemcpy failed!"):

goto Error:

Error:
cudaFree(dev_c):
cudaFree(dev_a);
cudaFree(dev_b);

//free the memory
cudaFree(dev_PointArray),
cudakree(dev_Clusters);
cudaFree(dev Convergence):
cudaFree(dev_Updated):

return cudaStatus;
¥
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RESEARCH-INFORMED LITERATURE

[ )

y‘ | would expect far more references here. They are all online too. Please 4
avoid relying on too many online references- there are plenty of good
quality texts and journal papers that you could have used to help you here.

KNOWLEDGE AND UNDERSTANDING

( )

y‘ You've provided a brief overview of the method, reliance on quoting others 7 5
here. You have identified a suitable component of the algorithm to "
parallelise - Euclidian distance but why limit yourself to 3D here - a games
context? ok but use of a higher dimensional vector is common in Game Al.

ANALYSIS

[ )

y‘ Euclidian distance selected for parallelisation - good but use higher 4 5
dimensions as mentioned above. This will make your GPU testing more "
relevant and produce more reasonable load/timing experiments. Low data
sizes limit the extent of your timing results.

PRACTICAL APPLICATION AND DEP.

[ )

y‘ You managed to evaluate code that implements 3D and 3D distance 32
checking on both CPU and GPU. It's a shame you didn't manage to fully
integrate the K-means into this. Use of larger datasets would have helped
produce more interesting practical results.

SKILLS FOR PROFESSIONAL PRAC.

[ )




y‘ Abstract included. Refs light. Report structured. Some additional diagrams 2 5
would have helped support you discussions/ lit review. .
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