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ABSTRACT

One of the best ways of digesting ever-growing large troves of gathered data is by
grouping, also known as clustering, similar data points based on their attributes. A successful
clusterization is accomplished by minimizing intra-cluster and maximizing inter-cluster attribute
variation. Although theoretically simple, clustering has many real-life uses in fields such as
astronomy, data processing, medicine, digital marketing, biology, and computer vision. One of
the standard algorithms for accomplishing clusterization is k-means, also known as Lloyd’s
algorithm.

Lloyd’s algorithm for computing clusters has a simple heuristic implementation, but due
to the extreme size of the typical input target data, it can be a very time-consuming algorithm and
is, therefore, a suitable parallelization candidate.

I report my novel methods for significantly speeding up this algorithm for both GPU and
CPU. This was accomplished by minimizing the amount of communication between the device
and the host. My implementations utilized CUDA for the GPU code and relied on OpenMP for
CPU parallelization. I achieved respectable speedup levels compared to the current state of art
implementations by NVIDIA and Meta. My GPU code can execute k-means 3000 times faster

than Meta’s parallel CPU and 55 times faster than NVIDIA’s GPU code.
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L. INTRODUCTION

As the rate at which data collection is growing, so does our need to find more efficient
methods for processing and analyzing what we collect. One pathway for evaluating data is by
grouping the elements based on their likenesses. This method is more commonly known as
“clustering.”

The mechanisms for clustering fall under two main categories: supervised [1], [2] and
unsupervised learning [3] algorithms. Although both categories can cluster data, they each have
their unique strengths.

To successfully train a precise and accurate supervised learning model, we would need a
large amount of training data. Generating vast amounts of training data can be a time-consuming
task and may require direct human involvement. Alternatively, unsupervised learning offers the
option to classify given data without requiring prior training and instead uses provided
algorithms to classify data as necessary.

This paper focuses on a specific type of unsupervised clustering: centroid clustering.
Centroid clustering functions by organizing the data around virtual centroids. This approach has
been used in many different fields, including astronomy [4], [5], data processing, medicine [6],
[7], digital marketing [8], biology [9], and computer vision.

One method of centroid clustering is applying Lloyd’s algorithm, more commonly known
as k-means. This algorithm was initially introduced by Stuart P. Lloyd in his “Least squares
quantization in PCM” paper [10]. Although researchers have built on and developed different
variations of k-means (some of which are discussed in the related work section), my multi-GPU
implementation will focus on the original algorithm. At a high level, this algorithm relies on

repeatedly recategorizing data points until they are successfully clustered into k unique clusters.



The following section describes this algorithm in more detail.



II. LLOYD’S ALGORITHM
To cluster p points into & clusters using Lloyd’s algorithm, the following steps need to be
performed:
1. Select £ arbitrary center points called “centroids”
2. Assign each point to its nearest centroid (i.e., form clusters)
3. Calculate new centroid locations by computing the mean of all points assigned to the
same cluster
4. Repeat steps 2 and 3 until the centroid values no longer change

Visual representation of k~-means clustering, as showcased in Table 1 [11] :

Table 1. Step by Step breakdown for clustering input data

Step 1: Original un-assigned points




Step 2: Selecting centroids at random (the
yellow, green, blue, red, and black dots)

Step 3: Coloring points the same color as
their nearest centroid

Step 4: Calculating the average distance
of all same-colored points and moving the
centroids to these new respective
locations




Step 5: Recoloring points, so they match
their nearest centroid (after centroid
location update)

Step 6: Repeat the last two steps until
each cluster’s point median matches the
corresponding centroid location.

Although implementing the k-means algorithm seems straightforward, it can fall victim to

over-clustering or under-clustering.



Figure 1. Example of both under and over-
clusterization of points

Figure 1 shows an example of both under and over-clusterization of the data. The purple
points (bottom left) incorrectly include two separated clusters. In contrast, the pink points (center
right) belong to their adjacent yellow and cyan neighbors but were mistakenly clustered as the

same group. Figure 2 illustrates the correct categorization of the same data.



Figure 2. Correct clusterization of 100,000 points
using ten centroids.



III. MY IMPLEMENTATION OF LLOYD’S ALGORITHM
I re-cluster the original data multiple times using new centroid starting points to decrease the
odds of over-clustered results. Additionally, to find the best clustering attempt, I measure the
intra-cluster variance. Under the assumption that the program is using the correct number of
clusters, I keep track of the attempt with the lowest variance value and output its point-centroid
assignment.
Serial CPU approach:
1. Select k arbitrary center points called “centroids”
2. Assign each point to its nearest centroid (i.e., form clusters)
3. Calculate new centroid locations by computing the mean of all points assigned to the
same cluster

4. Repeat steps 2 and 3 until the centroid values no longer change



IV. PARALLEL CPU IMPLEMENTATION

My parallel CPU code strictly follows the general approach but relies on OpenMP to utilize
multiple CPU threads. For my implementation, I focused on updating the most computationally
heavy section of my program to use threads. Lloyd’s k-means requires every point to be
compared with every centroid. This comparison is the computationally heaviest segment of the
code, which is why I chose to parallelize it.

An OpenMP pragma is used to divide the points between the threads. Once assigned a point,
a thread is responsible for calculating the point-centroid distance and updating the point’s
centroid assignment, and the threads continue until they have processed all of their assigned
points. As threads find the nearest centroid for each point, they must also update the nearest
centroid’s values correctly. These values (the count and details of the points assigned to each
cluster) are used to calculate the new centroids.

To avoid a possible data race [12], which could be caused by all threads attempting to read
and write to the same information associated with each centroid, I elected to provide each thread
with its own private copy of each centroid. Since these copies are local to each thread, the
threads are able to update values without the possibility of a data race. Once the threads
processed all their assigned points and updated the required information, I utilized OpenMP’s
reduction clause to combine the cluster information, which is used to compute the centroid

information.



A. N-Dimensionality Support for CPU

The implementation covered by the previous section would only function properly if the
input data has two dimensions. Although the previous implementation can adapt to higher input
dimensions by using resizing techniques such as Principal Components Analysis [13], which is
more commonly known as PCA. Although PCA can assist with dimensionality reduction, they,
unfortunately, can introduce unwanted side effects such as noise and also may remove or
diminish important attributes and impose additional computational overhead. Due to these
factors, I have decided to add native support for higher dimensions to my CPU and GPU
implementations.

For the CPU implementation to successfully cluster any input size, regardless of dimension
count, | have elected to store the input data for all point and centroid dimensions within two
separate arrays. Figure 3 illustrates how different coordinates for the input and centroids are

stored:

Input Xt | X2 | .o Xn2a | Xn | Y2 [ Y2 |...|Yn1] Yn

Centroids X1 X2 | ...] Xn1 ] Xn Y1 Y2 | ...|Yn1| Yn

Figure 3. Visualization of arrays that store input and centroid information.

Since all dimensions are stored within the same array, the following formula is used to
navigate them:

Element index * Dimension count + Dimension

In the above formula, “Dimension count” is a constant value set to the total input dimensions

10



count. Alternatively, the index and dimension depend on the specific element being accessed.

11



V. SINGLE GPU IMPLEMENTATION
My single-GPU implementation is very similar to the general approach. Still, since the
calculation will be done on two separate pieces of hardware, the host (CPU) and device (GPU), I

need to choose when and how these two devices communicate.

[ Initial Centroid Values >
CPU GPU

[ Input Point Data >

Figure 4. Initial centroid values and point data are only transferred once
throughout the computation.

Point Cluster Assignment J
CPU GPU

[ Newly Calculated Centroid Values

- |

Figure 5. This step is repeated until convergence.

As shown in Figure 4, the host must communicate the point and centroid data to the device,
and the device sends the host the point cluster association (Figure 5). Data transfer between host
and device can be time-consuming. Therefore, I minimize the times the host and device
communicate by only transferring information when necessary. Consequently, excluding the
point centroid assignment, the point data is only transmitted to the device once. Moreover, the

host and device communicate new centroid values and point cluster assignments to each other.

12



This step is repeated until convergence.

To speed up the process and take advantage of the GPU’s computing power, I parallelized
this code by dividing the points among different threads. Since GPUs can generate many threads,
as soon as the GPU receives point data from the CPU, each point is designated to a single GPU
thread. Each thread is responsible for finding the closest centroid to its assigned point so that the
point’s centroid assignment can be updated accordingly. After GPU threads have finished their
task, the new centroid assignment data are sent back to the CPU to be used for new centroid

calculations.

13



VI. MULTI-GPU IMPLEMENTATION
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Input Point Data

Input Point Data

Input Point Data P

H

CPU

Input Point Data GPU

Input Point Data

Input Point Data
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Figure 6. Each GPU only receives a portion of the Points to

work on
GPU
GPU
GPU
CPU Initial Centroid Values

Figure 7. All GPUs receive data on every centroid value.

Although my multi-GPU code resembles the single-GPU version, it requires additional steps
to guarantee correct cluster outputs. Throughout this implementation, I keep two factors in mind:
How much data and how often the CPU and GPUs should communicate. Additionally, since
each GPU is responsible for its own portion of the calculation, it is essential to decide if the

GPUs need to communicate with each other throughout the process.
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If the CPU transfers data about all points to every GPU, then the GPUs would output
duplicate responses; therefore, since transferring data between the CPU and the GPU is time-
consuming, this would not only provide no speedup and instead cause a slowdown due to the
unnecessary communication overhead. To resolve this issue, I need to ensure that every GPU
gets access to a unique portion of the points. This step is accomplished by assigning each GPU a
roughly equal number of points. Since each GPU receives its own unique portion, this eliminates
the possibility of multiple GPUs producing duplicate work.

The information about the centroids needs to be transferred to every GPU (and re-transferred
when the centroids are updated). This is necessary because each GPU will need access to all
centroids to calculate the correct point assignment; since there are many more points than
clusters, transferring all centroids to all GPUs does not take long as it only communicates a small
amount of data.

As mentioned previously, each GPU is responsible for producing point assignments on only
their own portion of points. Once a GPU has accomplished its task, it calculates the new point
centroid assignments for future centroid calculations. Afterward, the CPU requests new point
assignments from each GPU and uses this data to compute new centroid values. As previously
stated, these steps are repeated for the serial CPU implementation until centroid values are no
longer updatable (point assignments have stayed the same throughout two consecutive runs). It is
essential to keep in mind that, since the GPUs only need to communicate with the CPU and not
each other, the code executed by each GPU is the same as the single-GPU implementation, but

each GPU only receives part of the point data (point count divided by GPU count).
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A. N-Dimensionality support for GPU

Adding more than two-dimensionality support for the GPU is done similarly to the CPU
implementation, but the dimensions are stored in a new fashion relative to each other. Unlike the
CPU, the GPU model contiguously stores each element’s dimensions’ data, as shown in Figure

8.

{ Point X1 Y1 |...| Z1 | Xn1|VYn1|...|Zn1| Xn Yn | ...| Zn ’

{ Centroids X1 Y1 | ... Z1 | Xn2 | Yn1]|...|Zn1]| Xn Yn | ...| Zn ’

Figure 8. Visualization of arrays that store input and centroid information for the GPU
implementation.

Storing information in this manner streamlines the necessary communication between the
CPU and GPU since the algorithm can allocate points to each GPU by simply dividing the point
array by the total number of GPUs.

Under this point design the point and centroid arrays are iterated using the following formula:

Element index + Dimension count * Dimension

16



VII. RELATED WORK

Alguliyev et al. [14] explored creating a more effective k-means algorithm specializing in
clustering large inputs. They advocate for dividing the dataset into several different batches. To
find the optimal batch size, the authors use a method suggested by Parker & and Hall [15]. Once
an optimal batch size is calculated, the original dataset is distributed into an equal number of
batches. These are independently clustered and consequently output new centroids.
Subsequently, the centroids are clustered, and the final centroid set is generated. During the
concluding step for this method, the original input dataset is mapped to the last set of centroids,
thus clustering the original dataset. This process is outlined in Figure 9.

This algorithm is similar to my multi-GPU implementation. However, I divided my data into
batches as I send portions of the input points to each GPU, whereas this paper did so as a
response to large input sizes. In addition, their batching method would not offer any advantages

when used with smaller input sizes.

> Bateh 1 |-»] k—mealns N Fmdn?g |
clustering centroids
Mapping
Input »| Batch2 |» k—mea}ls Flndu‘lg Set of k—meaps Fll’]dlljlg N of'da‘ta
Dataset clustering centroids centroids clustering centroids points to
clusters
Ly»| Batch/ |-»l k-means N Finding | |
clustering centroids

Figure 9. Flow diagram for method suggested by Alguliyev et al. [12]

For an accelerated approach, Cuomo et al. [16] investigate a new approach to help speed up

the algorithm by addressing two limitations: the space limitation of GPUs and the host-device

17



communication time. They propose resolving these constraints by limiting the number of times
the host and device communicate and focusing on using lighter data structures to reduce transfer
size and, as a result, transfer time. Moreover, to increase global memory throughput, following
the most optimal access patterns according to the device’s capabilities is recommended, relying
on data sizes that meet alignment requirements and padding data as necessary.

Similar to my execution, this method minimizes the frequency and size of communication
between the host and the GPU. However, unlike my approach of atomically updating point
cluster assignments on the GPUs, they depend on a master thread. This can substantially slow
down the execution of the code. They also use three separate vectors for data transfer, whereas I
break down my input and centroid information into ten different arrays, which provides me with
more control over the device host communication patterns. Furthermore, Cuomo et al. were able
to gain a speedup by parallelizing the calculations on the CPU, but bigger input sizes made these
gains irrelevant.

Kanungo et al. introduce a new implementation for k-means [17]. Their filtering algorithm
relies on a kd-tree [18], [19] as its only central data structure. To distribute the points correctly
into a kd-tree, the paper suggests the following: “Each node of the kd-tree is associated with a
closed box, called a cell. The root’s cell is the bounding box of the point set. If the cell contains
at most one point (or, more generally, fewer than some small constant), then it is declared to be a
leaf. Otherwise, it is split into two hyperrectangles by an axis-orthogonal hyperplane. The points
of the cell are then partitioned to one side or the other of this hyperplane. (Points lying on the
hyperplane can be placed on either side.) The resulting subcells are the children of the original
cell, thus leading to a binary tree structure.”

This algorithm requires data pre-processing since it needs a k-d tree to function.

18



Additionally, this approach has only been implemented serially, and it is not easily parallelizable.
Due to this, it is at a severe disadvantage since it is not exploiting the computational power

provided by the GPU.
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VIII. RELATED ALGORITHMS

This section describes several other variations of k-means. Although, as mentioned
previously, k~-means was originally introduced by Lloyd, researchers have offered new
algorithms that introduce novel tactics to achieve the same goal. These algorithms include but
are not limited to A-medians, Fuzzy C-Means, and Mini-batch k-means.

The first algorithm, k-median, is similar to the original k-means algorithm, but as the name
implies, it relies on calculating the median rather than the mean to cluster points [20].
Additionally, instead of depending on the Euclidian distance, the median value is calculated
using the Manhattan-distance [21] formula. Figure 10 [22] illustrates the difference between

these distinct distance measurements.

Manhattan

A Manhattan

Figure 10. The difference between Euclidean and Manhattan
distances.

Another method is Fuzzy C-Means, which can be a suitable algorithm for inputs with noise
or conditions where a point can belong to multiple clusters [23]. This algorithm minimizes intra-

cluster similarities while maximizing inter-cluster differences [24]. This is done by assigning a

20



cluster membership probability to each point. Consequently, points closer to a cluster’s center
have a higher rating; inversely, points further from the center have a lower rating.

Third, Mini-batch k-means is offered as a solution for real-time clustering [25]. Though this
algorithm offers faster clustering for smaller given inputs, it can suffer from increased
computational costs with bigger input sizes [25]. Mini-batch k-means functions by dividing the

data into fixed-sized batches, which are used to update the centroids.

21



IX. EXPERIMENTAL METHODOLOGY

The goal of my thesis is to design a high-speed multi-GPU k-means implementation. The
primary metric for comparing different versions of my code is the running time of the k-means
algorithm. Since input data is provided in practice, I did not include point generation in my
measurements.

To increase flexibility, I generate the points dynamically. This allows us to choose how many
points and clusters (and therefore centroids) the test would run with.

The point generation requires the point and cluster counts and a starting seed to be fed to the
randomizer. Using the same seed across multiple runs (and keeping cluster and point count the
same) guarantees that my tests across CPU and GPU experiments are based on the same input
values and start with the same initial centroids. These factors allow me to generate as many
points and clusters as I require for each test, and, as a result, I can easily observe algorithm
efficiency across both large and small point and cluster counts.

Our experimental timings were measured on Linux servers with the following details:
System:

e Linux 5.17.9-200.fc35.x86 64 x86_64

e Main memory - 128 GB
CPU:

e Two Intel Xeon Gold 6226R CPU @ 2.9 GHz

e Number of Cores - 32 (2x 16-core NUMA)

e Number of Threads — 64

e (Cache—-22 MB

GPUs:

22



e Two NVIDIA GA102 — GeForce RTX 3080 TI
e CUDA compute capability - 8.6

e Base and max frequency - 1.37 GHz | 1.67 GHz
e Memory size -12 GB

e SM count - 80

e L1 & L2 cache: 128 KB (per SM) | 6 MB

Table 4 includes a speedup comparison between serial and parallel CPU/GPU measurements.
To calculate these values, I first measured the amount of time each implementation takes to
cluster a given input set. Afterward, to calculate the speedup, I divide one measurement by the
other, i.e., to calculate the speedup of parallel GPU vs. serial CPU, the following formula would

be used:

Serial CPU time

Parallel GPU vs Serial CPU = Parallel GPU time

To make the rest of the chapter more comprehensible, Table 2 includes a central list of

abbreviations.

Table 2. Different abbreviations
used in this thesis.

Serial CPU SC
Parallel CPU PC
One GPU oG
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Multi GPU (2 GPUS)

MG

After executing the algorithm for 10 clusters, and two dimensions, I gathered the

following measurements showcased in the following tables. Table 3 includes the absolute

runtimes and as mentioned previously, Table 4 contains the speedup comparisons.

Table 3. Time (seconds) measurements for different implementations of k-means.

Point Count SC PC oG MG

500 0.0013 0.0030 0.0004 0.0005

5000 0.0073 0.0036 0.0011 0.0011

50000 0.0643 0.0050 0.0013 0.0015

500000 1.1761 0.0426 0.0066 0.0052

5000000 7.8957 0.2512 0.0297 0.0203

50000000 69.7024 2.2790 0.2477 0.1589

500000000 - 34.3035 3.9415 2.4306

Table 4. Speed up comparison of different implementations.

Point Count | PC vs. SC | OGvs SC | OGvs. PC | MG vs. SC | MG vs. PC | MG vs. OG
500 0.42 3.23 7.69 2.71 6.45 0.84
5000 2.04 6.85 3.36 6.65 3.25 0.97
50000 12.84 48.69 3.79 43.59 3.39 0.90
500000 27.63 178.08 6.44 224.27 8.12 1.26
5000000 31.44 265.68 8.45 389.74 12.40 1.47
50000000 30.58 281.43 9.20 438.59 14.34 1.56
500000000 - - 8.70 - 14.11 1.62

As the number of input points increases, so does the possible speedup by both the CPU and

GPU parallel codes. Since my GPU, and GPUs in general, can create thousands of threads, they
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are more efficient at bigger tasks. For the GPU implementation, as anticipated, the speedup went
up as the input point count increased; in other words, GPUs are not suitable for parallelizing
small-scale jobs. My GPU codes, on single and two GPUs, reached an efficiency plateau above
50,000,000 input values, and they both saw a lower speedups compared to the CPU codes.
Nevertheless, they were much faster than the CPU codes -- about 439 times faster than the CPU
for the largest tested input size.

Compared to the single GPU time measurements, my multi GPU implementation has a
maximum speedup of 1.62 out of 2.0 (the maximum possible speedup). The theoretical
maximum is 2 since I worked with two GPUs and, therefore, twice as much computational
power. The 19% drop, when compared to 2.0, is due to the parallelization overhead, in particular

the device-host communication (described in detail in Section 6).
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A. Timing Evaluations

This section covers the timing comparisons for my implementation of k&-means clustering
against Meta’s “Facebook Al Similarity Search” (FAISS) parallel CPU and NVIDIA’s state-of-
the-art cuML GPU algorithms. The timing results were gathered using a different dataset than
the one mentioned in the previous section. The new input dataset includes a more extensive
selection of point counts and introduces larger than two dimensions. This new pool ranges from
100 points and two dimensions to a maximum of 100,000,000 points and 128 dimensions.

To minimize testing anomalies, each experiment was repeated 10 times for each input, and
the median value was selected as the final time measurement.

Table 5 showcases the test results in seconds. Serial, OpenMP, and GPU columns for my
implementations. All tests were executed on the same hardware as mentioned in the previous
section, Serial, OpenMP, and FAISS were executed on the CPU, whilst GPU and cuML were

executed across all available GPUs (two).

Table 5. Time (seconds) measurements for my implements, cuML and FAISS. OOM
fields indicate out-of-memory errors.

Points Dim. | Serial OpenMP GPU cuML FAISS
100 2 0.001 0.009 | 0.002 0.028 0.14
100 3 0.001 0.009 | 0.002 0.028 0.19
100 4 0.001 0.010 ] 0.003 0.027 0.16
100 5 0.001 0.010 ] 0.003 0.027 0.13
100 9 0.001 0.009 | 0.003 0.028 0.15
100 15 0.001 0.009 | 0.004 0.028 0.15
100 64 0.002 0.011 0.013 0.044 0.14
100 | 128 0.003 0.013] 0.024 0.064 0.19

10000 2 0.059 0.018 ] 0.008 0.036 0.4
10000 3 0.076 0.020 | 0.011 0.036 0.44
10000 4 0.096 0.021 0.016 0.036 0.46
10000 5 0.087 0.016 ] 0.014 0.036 0.51
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10000 9 0.114 0.022 ] 0.024 0.039 0.52
10000 15 0.192 0.031 0.041 0.039 0.73
10000 64 0.389 0.385] 0.382 0.075 0.62
10000 | 128 0.809 0.251 0.812 0.120 0.62
100000 2 0.388 0.031 0.006 0.103 2.36
100000 3 0.428 0.034 ] 0.007 0.104 2.52
100000 4 0.606 0.039 ] 0.011 0.105 2.3
100000 5 0.609 0.039 ] 0.010 0.105 2.59
100000 9 0.679 0.043 ] 0.015 0.140 3.11
100000 15 1.209 0.068 | 0.025 0.138 3.11
100000 64 2412 0.192 ] 0.253 0.396 3.12
100000 | 128 4.286 0.188 ] 0.400 0.677 4.52
1000000 2 4.405 0.141 0.015 0.598 22.51
1000000 3 3.790 0.129 ] 0.014 0.620 22.76
1000000 4 3.511 0.113] 0.018 0.602 22.13
1000000 5 4.279 0.137] 0.021 0.609 24.15
1000000 9 4.949 0.165] 0.031 0.877 25.27
1000000 15 7.369 0.259] 0.113 0.912 30.09
1000000 64 12.239 0.592 1.296 3.286 36.02
1000000 [ 128 20.139 1.040 | 2.443 6.115 44.24
10000000 2 35.947 0.964 | 0.086 5.371 245.8
10000000 3 40.952 1.157] 0.105 5.586 260.54
10000000 4 36.062 0.941 0.123 5.576 259.23
10000000 5 35.613 09581 0.112 5.665 255.77
10000000 9 42.647 1.286 | 0.185 8.604 267.63
10000000 15 68.354 2.249 1.266 8.673 291.3
10000000 64 91.734 4.724 1 9.998 31.283 370.19
100000000 2| 330.802 8.884 [ 0.817 53.184 | 2401.61
100000000 3| 404.521 11.512 1.114 53.380 | 2587.85
100000000 41 326.012 8.578 1.081 55.684 2827.8
100000000 5[ 385.092 10.453 1.218 55.090 | 2785.14
100000000 9] 430.032 13.174 1.653 OOM | 2802.48
100000000 15| 661.875 22.430 | 12.398 OOM | 3146.41

Table 6 displays the calculated speedup of my GPU implementation compared with all other

measurements; the table is ordered ascendingly by points and dimensions count. I was able to
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gain considerable speed-ups over both the cuML and FAISS libraries.

Table 6. Speed up of my multi-GPU code over my Serial, OpenMP,
NVIDIA’s cuMI and Meta’s FAISS. This showcases considerable speedup

over both cuML and FAISS.
GPU vs GPU vs GPU vs GPU vs
Points Serial OpenMP cuML FAISS
100 0.4 4.9 14.7 73.4
100 0.3 3.9 11.6 78.9
100 0.3 3.6 9.8 58.1
100 0.3 3.7 10.6 50.9
100 0.3 2.7 8.7 46.5
100 0.3 2.3 7.1 38.0
100 0.1 0.9 3.3 10.5
100 0.1 0.6 2.7 8.1
10000 7.7 2.4 4.6 51.9
10000 6.7 1.8 3.2 38.8
10000 5.9 1.3 2.2 28.0
10000 6.0 1.1 2.5 354
10000 4.8 0.9 1.6 21.7
10000 4.7 0.8 0.9 17.7
10000 1.0 1.0 0.2 1.6
10000 1.0 0.3 0.1 0.8
100000 64.5 5.1 17.1 392.6
100000 64.3 5.1 15.6 378.5
100000 55.9 3.6 9.7 211.9
100000 58.7 3.7 10.1 249.4
100000 43.9 2.8 9.0 201.0
100000 47.8 2.7 5.4 123.0
100000 9.5 0.8 1.6 12.3
100000 10.7 0.5 1.7 11.3
1000000 290.9 9.3 39.5 1486.4
1000000 278.1 9.4 45.5 1670.0
1000000 192.5 6.2 33.0 1213.2
1000000 208.6 6.7 29.7 1177.6
1000000 160.3 5.4 28.4 818.4
1000000 65.0 2.3 8.0 265.5
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1000000 9.4 0.5 2.5 27.8
1000000 8.2 0.4 2.5 18.1
10000000 417.1 11.2 62.3 2852.3
10000000 391.7 11.1 534 2491.8
10000000 2934 7.7 45.4 2108.8
10000000 318.2 8.6 50.6 2285.5
10000000 230.8 7.0 46.6 1448.5
10000000 54.0 1.8 6.8 230.0
10000000 9.2 0.5 3.1 37.0
100000000 405.0 10.9 65.1 2940.7
100000000 363.0 10.3 47.9 2322.2
100000000 301.6 7.9 51.5 2616.0
100000000 316.1 8.6 45.2 2286.1
100000000 260.2 8.0 | OOM 1695.9
100000000 53.4 1.8 | OOM 253.8

Figure 11, Figure 12, and Figure 13 visualize the speedup comparisons of my GPU algorithm
versus other implementations. To provide a more detailed overview of various speedups, each

consecutive graph removes the slowest algorithm.
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Comprehensive comparison of speedups

3500.0
E{0[0[0X0)

2500.0

2000.0
1500.0
1000.0
500.0
00 i S (NN i

SIS SRS S SRS SN
S SL LSS S S
MR °°°0°0°0°0°0°0°0°0°0°0°
SIS

QQQQQQQQQQQQQ

\'\9\9\9

GPU vs Serial m GPU vs OpenMP  m GPU vscuML m GPU vs FAISS

Figure 11. Speedup comparisons of Serial, OpenMP, cuML, and FAISS. A larger value
equals a more significant speedup.
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Figure 12. Speedup comparisons after removing FAISS from the graph. A larger value
equals a more significant speedup.
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Comprehensive comparison of speedups
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Figure 13. Speedup comparisons of OpenMP, cuML. A larger value equals a more
significant speedup.
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X. CONCLUSION

Although simple in its implementation, the A-means algorithm can be time-consuming.
Throughout this paper, I explored previous attempts at efficient k-means parallelization and
alternatives to k-means that provide unique benefits.

I additionally presented my novel methods to speed up this algorithm’s performance for
CPU’s OpenMP and GPU’s CUDA. This was achieved by minimizing the data size and amount
of required communication between the device and host when necessary to increase this
algorithm’s efficiency. My CUDA and OpenMP variations achieved considerable speedups
versus two of the current state of art implementations by Meta and NVIDIA.

Furthermore, my thesis showcased novel methods for enhancing the speed of the original
algorithm; these methods are not limited to the original version of k-means and can be applied to
other various adaptations of this algorithm. As discussed in the related work and algorithm
sections, various implementations of k-means may use varying data structures and techniques.
My proposed techniques can be applied and integrated into these methods to achieve similar
improvements with only minor code modifications.

For example, k-median employs a different distance calculation than k-means, Manhattan
rather than Euclidian distance, and I was able to adapt my algorithm to follow suit by removing
the square root operation from one line of code. Similarly, Fuzzy C-Means assigns an assignment
probability to each point. Still, since the overall structure of the algorithm remains the same, my
algorithm would require basic modifications to support Fuzzy C-Means’ soft clustering feature.
Moreover, Mini Batch k-means subsamples the input data, and the implementation suggested by
Alguliyev et al. relies on batching the input data; although both novel approaches, my algorithm

can adapt to either algorithm by simply accepting their batched or subsampled input data as its
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point input, which again should only require slight adjustments to the code. Lastly, Kanungo et
al. rely on a k-d tree as the primary data structure. Although this would require my algorithm to
undergo modifications to process the input data into a k-d tree, the clusterization aspects of the
code would not need any major modifications.

In summary, my approach follows two simple guidelines: Minimizing data structures and
frequency of communication between different devices. These principles may be applied to any
k-means variant or implementation, and in some cases, applying my enhancements may be as

simple as updating a few lines of code.
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