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Abstract

Clustering is a computational technique that aims at classifying objects based on their
similarity, and is widely used in many branches of science nowadays, for instance in image
segmentation, medical imaging, study of complex systems, machine learning techniques
and high-energy physics.

As the amount of data collected in every field of research increases, techniques like
clustering will have to deal with an increasing amount of data, which will keep increasing
faster than the rate at which the hardware is evolving. This requires to find new ways
to handle this data as efficiently as possible.

In the last decades, parallel processors like GPUs and FPGA have risen in popularity,
thanks to their ability to perform complex calculations very efficiently by executing a
large number of operations in parallel.

The purpose of this thesis is to develop a general-purpose clustering library based
on the CLUE algorithm [1], a highly parallel density-based clustering algorithm used for
the local reconstruction of hits in the high-granularity calorimeters of the CMS detector
at CERN. CLUEstering is developed using the Alpaka library, a C++ performance
portability library that allows to write code that runs on many types of modern processors
with near-native efficiency and without any code duplication. The library is developed
with a Python interface to the C++ backend, in order to make it easier to use and appeal
to a wider range of users.

In the end the library was tested on selected datasets in order to assess the quality
of its reconstruction and benchmark its performance. Also, to show its generality it was
applied to two modern problems from two separate areas of science: vertex reconstruction
in high-energy physics and stars detection from PSF images in astronomy.
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Chapter 1

Clustering

Clustering is a computational technique used to group objects from a larger set based
on some kind of similarity. It is used in many branches of science, ranging from ma-
chine learning and data mining to bioinformatics, high-energy physics, statistics, image
analysis and more.

Clustering is a particular type of classi�cation. As shown in Figure 1.1, classi�cation
techniques can be divided into several classes [2]:

ˆ exclusive or non-exclusive: in an exclusive classi�cation, each object belongs to one
and only one class, meaning that the classes are non-overlapping.

ˆ intrinsic or extrinsic: in intrinsic classi�cations, also calledunsupervised learning,
a proximity matrix is used to group the data. Extrinsic classi�cations on the other
hand also use labels as well as the proximity matrix.

ˆ hierarchical, partitional and density-based: hierarchical clustering algorithms build
a hierarchy of clusters by iteratively merging or splitting them based on their
similarity; partitional algorithms divide the data points in a pre-de�ned number
of partitions in order to optimize an objective function, like minimizing the intra-
cluster distance or maximizing the inter-cluster distance; �nally, density-based
algorithms construct the clsuters by identifying the regions where the density of
points is higher.

1.1 Density-based algorithms

Density-based clustering algorithms assume that the points belonging to each cluster are
drawn from a speci�c probability distribution, and the entire dataset is the combination
of such distributions. The aim of this class of algorithms is to identify the distribution
parameters for each of them.

The idea is to grow a given cluster as long as the density in the neighborhood exceeds
some threshold. This means that in order to have a cluster, a neighborhood of a given
radius has to contain at least a minimum number of points.

Often with these methods the point distributions are assumed to be multivariate
gaussians for numeric data and multi-nominals for nominal data. A common solution is to

13



Classi�cation

Non-exclusive Exclusive

Extrinsic Intrinsic

Hierarchical Partitional

Density-based

Figure 1.1: Tree illustrating the di�erent types of techniques for classi�cation.

use the maximum likelihood principle1 to �nd the clustering structures and parameters
that maximize the probability of reproducing the given data.

1.1.1 The DBSCAN algorithm

DBSCAN [3] is one of the most well-known density-based clustering algorithms. It takes
two parameters,eps and minPts, representing respectively the radius of a circle around
a point where the neighbors will be searched, and the minimum number of points that
a cluster can contain.

The algorithm iterates over a set of points and for each point calls theExpandCluster
function. This function queries the surroundings of the point to �nd its neighbors and
checks the number of points inside this region: if it is smaller thanminPts, then the
point is marked as noise and the algorithm moves on to the next, whereas if it's larger
than minPts, then the cluster index in increased, and the neighbors of the point, as
well as the points in their " -neighbourhood are checked and if they are unclassi�ed or
previously marked as noise their cluster index is set.

The region query can be implemented e�ciently using anR*-tree 2 3. In a database of
n points the height of said tree is in the worst caseO(log(n)). Since the"-neighborhoods
are expected to be small with respect to the size of the whole clustering space, the run-
time complexity of a region query isO(log(n)), and since there is one query region for
each of then points, the time complexity of the whole algorithm isO(n log(n)), provided

1The maximum likelihood method is a technique used for parameter estimation of a probability
distribution. It states that the best estimate for the true value of a set of parameters is that for which
the probability of reproducing the given experimental data is the highest.

2An R-tree is a type of tree data structure used for indexing multi-dimensional information. The or-
dering of higher-dimensional data is done by placing the objects intominimum bounding hyper-rectangles
(MBR).

3An R*-tree is a variant of an R-tree which is speci�cally used for indexing spatial information.
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that the eps parameter is chosen in a meaningful way, and the space complexity isO(n).

1.2 Hierarchical clustering algorithms

Hierarchical clustering algorithms construct the clusters by recursively partitioning the
data points in a top-down or bottom-up approach [4]. They can be divided in two groups:

ˆ agglomerative hierarchical clustering: each point represents a cluster, and this
clusters are progressively merged until the desired structure is obtained.

ˆ divisive hierarchical clustering: all the points initially belong to the same cluster,
which is then divided in sub-clusters recursively, and the process continues until
the desired structure is obtained.

The merging or division of clusters is performed with some kind of metric representing
the similarity of the points belonging to the same clusters. Depending on the method
used to quantify such similarity, hierarchical clustering algorithms can be further divided
into three classes:

ˆ single-link clustering: the distance between two clusters is equal to the shortest
distance from any member of one clusters to any member of the other. Thus,
if each point has a quantity representing similarity, the similarity between two
clusters is equal to the greatest similarity from any member of one cluster to any
member of the other.

ˆ complete-link clustering: the distance between two clusters is equal to the longest
distance from any member of one cluster to any member of the other.

ˆ average-link clustering: the distance between two clusters is equal to the average
distance from any member of one cluster to any member of the other.

1.2.1 HDBSCAN

HDBSCAN is an extension of the DBSCAN algorithm that converts it into a hierarchical
clustering algorithm. The main goals of HDBSCAN are to produce good clusters even
in datasets with clusters of varying density, and to be robust to outliers, corrupt data
and noise.

The �rst step of the algorithms consists of transforming the space by de�ning distance
metrics that are robust to noise. As a �rst, inexpensive, estimate of density the distance
to the k-th nearest neighbour is used, which can be easily calculated using the distance
matrix or by querying data usingkd-tree s and computing it with the metric of choice.
For a point x this is called thecore distance, dcore(x). Then, to spread apart points with
low density, i.e., high core distance, a new metric is de�ned, calledmutual reachability
distance dmreach � k

dmreach � k(x; y) = max f dcore(x); dcore(y); d(x; y)g

whered(x; y) is the distance between pointsx and y in the original metric. In this way,
if one of the points is in a sparse region its core distance is going to be higher than the
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distance from the other point, and the two points are not linked. This prevents outliers
from getting included to a larger cluster, with the risk of acting as a bridge and merging
two well-separated clusters.

Using this new metric, the algorithm can start linking the points in dense regions:
it constructs a graph where the nodes are the points and the weight of the edges is the
mutual reachability distance. Then, the edges with weight below a threshold value are
dropped, and the threshold is progressively decreased, which results in disconnecting the
graph into connected components. The problem with this method is that it's compu-
tationally expensive, scaling asO(n2) in time, where n is the number of points. The
solution is to use algorithms for �nding theminimum-spanning tree4 of a graph, which
can be computed e�ciently using Prim's algorithm. With the minimum-spanning tree,
the hierarchy of connected components can be computed, from which the 
at clusters
are obtained by a cut given by theminimum cluster sizeparameter.

1.3 Partitional algorithms

1.3.1 k-Means

K-means clustering is a very popular partitional clustering algorithm [5]. It takes the
expected number of clusters as a parameter and iteratively partitions the dataset using
the distance of each point from the centroid of each cluster as a metric.

The algorithm, described in Algorithm 1, starts by taking the number of clustersk
and choosingk points as initial centroids. Then, each point is assigned to the closest
centroid. At this point, the centroids of each cluster are calculated again, and these steps
are repeated until the convergence criterion is met. A typical convergence criterion is
that at most 1% of the points change their cluster ownership. The steps of the algorithm
are shown in Figure 1.2

Algorithm 1 Overview of the K-means algorithm

1. randomly choose k points as cluster centroids
while convergence criterion is not metdo

2. calculate the distance of each point to the centroids
3. assign each point to the closest centroid
4. re-calculate the centroid of each cluster

end while

The major factors that can impact the performance of the K-means algorithms are:
choosing the initial centroids and estimating the number of clustersK . For choosing the
initial centroids, the simplest and most widely used method in literature is that proposed
by MacQueen, which consists of choosing the seeds at random.

4The minimum-spanning tree of a graph is a sequence of edges of a connected, weighted graph that
connects all the vertices without any cycles and with the minimum possible total edge weight, meaning
that the sum of the edges weights is as small as possible.
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Figure 1.2: Illustration of the steps for the K-means clustering algorithm. First
it loads the dataset (a) and generatesK seeds and assigns each point to the
nearest cluster (b). Then the last step is repeated iteratively (c) until the
convergence criterion is met and the clustering results don't change noticeably
(d).
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1.4 Metrics for evaluating cluster quality

In order to assess the quality of the clusters reconstructed by an algorithm it's important
to select the right metrics.

1.4.1 Homogeneity score

Homogeneitymeasures the similarity of the points inside a cluster [6]. Its value is de�ned
between 0 and 1, where 1 indicates that all the points in the same cluster have the same
label, and this is true for all the clusters.

The homogeneity scoreh is de�ned through Shannon's entropyH :

H (CjK ) = �
X

c;k

nck

N
log

�
nck

nk

�

H (C) = �
X

c

P
k nck

N
log

� P
k nck

N

�

H (K ) = �
X

k

P
c nck

N
log

� P
c nck

N

�

(1.1)

whereC and K are the sets of truth labels and cluster labels,nck represents the number
of points with label c assigned to clusterk, nk the total number of points in the clusterk
and N the total number of points in the dataset. The homogeneity score is then de�ned
as:

h = 1 �
H (CjK )

H (C)
(1.2)

An example of a perfectly homogeneous clustering can be seen in Figure 1.3: each of the
clusters only contains points with the same label. However, this clustering is not perfect,
since there are points with the same labels which are assigned to di�erent clusters, which
is not the expected result. This leads to the de�nition of another metric, the completeness
score (Section 1.4.2).

1.4.2 Completeness score

Completenessmeasures how much similar points are matched to the same clusters [6].
Recalling the de�nition of Shannon entropy from Eq. 1.1, the completeness score is
de�ned as:

c = 1 �
H (K jC)
H (K )

(1.3)

A completeness score equal to 1 indicates that all the points with the same label get
assigned to the same cluster. In Figure 1.4 can be seen an example of complete clustering:
all the points with the same label are assigned to the same cluster. However the clusters
are not homogeneous. This in addition to the considerations about the homogeneity
score leads to the introduction of another metric which combines the two, the mutual
information score (Section 1.4.3).
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Figure 1.3: Example of perfectly homogeneous clustering. Note however how
the clustering is not complete, since points with the same label can be found
across di�erent clusters.

Figure 1.4: Example of perfectly complete clustering. Note however how the
clustering is not homogeneous, since in the same cluster can be found points
with di�erent labels.
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Figure 1.5: Example of clustering with both perfect homogeneity and com-
pleteness scores. The clusters only contain points with a single label and all
the points with the same label are found in the same cluster.

1.4.3 Mutual information score

While both the homogeneity and the completeness scores give meaningful measures of the
quality of a cluster analysis, the optimal solution outcome would be to have clusters which
are both homogeneous and complete. To this scope theNormalized Mutal Information
score [6] was introduced, which is de�ned as:

NMI = 2
h � c
h + c

(1.4)

whereh is the homogeneity score andc is the completeness score. Figure 1.5 shows an
example of a clustering that is both complete and perfectly homogeneous: all the points
in a cluster have the same label and all the points with the same label are associated
with the same cluster.

1.4.4 Silhouette method

The silhouette method [7] provides a numeric value indicating how similar a data point
is to the other points in the same cluster compared to the other clusters.

Assuming that the data points have been divided intok clusters let

a(i ) =
1

jCI j � 1

X

j 2 CI ;i 6= j

d(i; j ) (1.5)

be a variable representing the mean distance of pointi from all the other points in the
same cluster, and let

b(i ) = min
J 6= I

1
jCJ j

X

j 2 CJ

d(i; j ) (1.6)
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be the minimum mean distance of pointi from all the points in the other clusters. A
small value ofa(i ) indicates that the point i is well matched to the clusterCI , whereas a
high value ofb(i ) indicates that it would be a better match for the neighbouring clusters.

The silhouette values(i ) is de�ned as:

s(i ) =
b(i ) � a(i )

maxf a(i ); b(i )g
(1.7)

for clusters with jCI j > 1 and s(i ) = 0 for jCI j = 1. Thus, the silhouette value is de�ned
in the [� 1; 1] range. A values(i ) equal to 1 indicates that the point is appropriately
clustered. In contrast, a value equal to -1 indicates that the point would be a better
match for the neighbouring clusters, and a value of 0 suggests that the point is in the
middle of two clusters. The mean value ofs for all the points of a cluster indicates how
packed together they are, and the mean over the entire dataset indicates how well the
data was clustered. It is also important to analyze the singles values for each cluster,
because if the number of clusters is incorrect, some of them could have a noticeably lower
silhouette value than the rest. This is possible especially for algorithms such as k-means.

In Figure 1.6 is shown an example of the silhouette method applied to a simple
dataset containing four blobs.

1.4.5 Dunn index

The Dunn index is another metric for evaluating the results of a cluster analysis based
on the structure of the dataset. Its goal is to identify clusters that are both compact,
i.e. with a small variance in the distribution of points, and well separated, meaning that
the distance between two clusters is much larger than their variance.

The Dunn index is de�ned as

Dm =
min

1� i � j � m
� (Ci ; Cj )

max
1� k� m

� k
(1.8)

where� (Ci ; Cj ) is the distance between clustersi and j and � k is the cluster diameter,
calculated as the maximum within cluster distance:

� within
i = max

x;y 2 Ci

d(x; y) (1.9)

In alternative to the maximum within cluster distance, which is the method for calcu-
lating the diameter of a cluster originally proposed by Dunn, it can also be computed as
the mean distance between all the pairs inside the clusters or the mean distance between
all the points and the cluster centroid:

� pairs
i =

2
jCi j(jCi j � 1)

X

x;y 2 Ci ;x6= y

d(x; y) (1.10)

� centroid
i =

1
jCi j

X

x2 Ci

d(x; � ) (1.11)

where� is the cluster centroid.
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Figure 1.6: Illustration of the silhouette method for a simple dataset containing
four blobs.
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Figure 1.7: Dunn index for a dataset containing 4 clusters, clustered using
K-means.

One of the drawbacks of the Dunn index with respect to the Silhouette method is its
computational cost. Figure 1.7 shows the values of the Dunn index for a dataset of four
blobs clustered with k-Means, showing a clear global maximum fork = 4, indicating
that the parameter produces the most compact and well-separated clusters.

1.4.6 Davies-Bouldin index

The Davies-Boulding index is another popular metric for evaluating cluster quality. It
measures how well-separated and compact the clusters are.

Si =

 
1

jCi j

X

x2 Ci

d(x; � )q

! 1
q

(1.12)

Let Rij be a measure of how well the data was clustered, de�ned as

Rij =
Si + Sj

M ij
(1.13)

so the Davies-Bouldin index is de�ned as:

DB =
1
N

X

i

max
j 6= i

Rij (1.14)

This index can be used by sampling its value for varying values of the clustering algo-
rithm's parameters, and the parameter which results in the smallest index value indicates
the best cluster. The main limitation of the Davies-Bouldin index are that it is sensitive
to outliers, because they can signi�cantly impact the average distances.

Figure 1.8 shows an example of use of the Davies-Bouldin index with the k-Means
algorithm: the trend shows a clear minimum fork = 4, which indicates that that pa-
rameter produces the most compact and well separated clusters.

23



Figure 1.8: Davies-Bouldin index for a dataset containing 4 clusters, clustered
using K-means. The values of the index have a clear minimum for value 4,
indicating that it's the correct number of clusters.
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Chapter 2

Parallel and Heterogeneous
computing

2.1 Notions in computer architectures

The most basic computer architecture was presented by John Von Neumann et al. in
1945 and is known asVon Neumann architecture. In this design, illustrated in Figure 2.1,
a computer is composed by:

ˆ A processing unit, or processor, containing an arithmetic logic unit (ALU) and
registers.

ˆ A control unit, containing an instruction register and a program counter.

ˆ Memory to store data and instructions.

ˆ Devices for handling input and output.

In Von Neumann's architectures, operations are carried out following theFetch-Decode-
Execute cycle, which is shown in Figure 2.2. This also constitutes the main limitation
of this architecture, which is usually referred to asVon Neumann's bottleneck: fetching
instructions and executing operations on data can never be done at the same time,
because they share the same channel (bus).

Figure 2.1: Illustration of Von Neumann's architecture [8].
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Start

Fetch: fetch instruc-
tion from memory to
the Current Instruc-
tion Register (CIR)

Decode: Interpret
the content of the CIR

Execute: Perform
the decoded action

Terminate?

Stop

yes

no

Figure 2.2: Von Neumann architecture's fetch-decode-execute cycle.

Figure 2.3: Illustration of a CPU architecture. Notice the di�erent sizes of the
L1, L2 and L3 cache, as well as the number and sizes of the cores
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A typical server CPU (Figure 2.3) is made up by several cores, each contaning a
control unit, an arithmetic logic unit (ALU) and a small amount of memory called
cache. This is connected to a large amount of dynamic random access memory, called
DRAM. The cache is static memory, which makes it much faster than DRAM, but it also
makes it much more expensive, which means that the amount that can be mounted on
a CPU is limited. In order to balance the speed of memory and its cost, multiple cache
levels are used, which are increasing in size and getting more distant from the core and
slower:

ˆ L1 cache, is the fastest memory, second only to the CPU registers, is divided in
L1-d (data) and L1-i (instruction) and usually is 64 kB in size for each core.

ˆ L2 cache, which is a bit slower than L1 and is usually between 256 kB to 32 MB in
size for each core.

ˆ L3 cache, which unlike L1 and L2 is shared between all the cores in the CPU, and
is the largest of the three, being between 32 MB to 96 MB.

Caches are useful for speeding up the access of elements during the execution of a
program.
When a piece of code is executed and it tries to read some data, for example an element
of an array, the CPU �rst looks for it in the L1 cache. If it does �nd it, that is called
a cache hit, and the data is thus accessed immediately, with a delay of roughly 1 ns. If
on the other hand the data is not found in L1, the processor looks for it �rst in the
L2 cache, then in L3 and �nally in the DRAM (access time of about 100 ns). Once the
data is found in the DRAM, a bu�er of data is copied to the cache in blocks of 64 B (for
modern CPUs), which are calledcache lines. This is an optimization which is based on
two common assumptions which tend to be true:

1. if an element in memory has been accessed, it is likely that is will be accessed again
soon

2. if an element in memory has been accessed, it is likely that the element adjacent
to it will be accessed next

These are called the principles oftime locality and spatial locality.
GPUs, Graphical Processing Units, have an architecture (shown in Figure 2.4) that

shares many elements with that of a CPU, but presents several key di�erences which make
it particularly �t for heavy parallelization tasks. As shown in Figure 2.5, a GPU is made
up by arrays of streaming processor cores, organized in streaming multiprocessors[9].
Each streaming processor core is highly multithreaded, managing dozens of concurrent
threads. Each streaming multiprocessor is composed of several SP cores,special function
units (SFU), instruction and constant L1 caches, a multithreaded instruction unit and
a block of memory calledshared memory. This general processor array architecture
is scalable in order to get smaller or larger GPU con�gurations by simply scaling the
number of multiprocessors and the number of memory partitions.

Whereas CPUs can assume high cache hit rates, higher than 99:9%, the hit rates for
GPUs are closer to 90%, and that high number of losses must be dealt with. Furthermore,
while a CPU can easily halt in the rare occurence of a cache miss, a GPU needs to work
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Figure 2.4: Illustration of a GPU architecture. Notice how the cores are
grouped inside streaming multiprocessor, and how each core has a much higher
number of processing units, which is the reason behind their better perfor-
mance for executing parallel algorithms.

28



Figure 2.5: A more in depth representation of a modern GPU architecture [9].

with a mixture of hits and misses, requiring what is called astreaming cache architecture.
The global memory is stored in external DRAM, meaning that it is not local to any one
of the streaming multiprocessors because it is meant for communication among di�erent
thread blocks in di�erent grids.

The whole device is made up by processor clusters, each containing streaming multi-
processors, SM. Each SM may contain up to 8 thread blocks, which then can contain up
to 1024 cores. Each core has an L1 cache, the L2 cache is shared by all the streaming
multiprocessors, there is an external random access memory called global memory and
each tread block has another small amount of memory calledshared memory. Shared
memory is an extremely important optimization because it allows the threads in a block
to communicate and share data, and is much faster than global memory.

2.2 Introduction to parallel computing

We live in a world where the amount of data produced in any �eld of study is increasing
at an astounding rate. As the size of data to be processed increases, the computing
power of the machines is also expected to increase, at a similar or possibly higher rate.

However, reality is the opposite. The increase in computing power of modern CPUs
is increasing much slower than would be desirable. If the demand for higher perfor-
mance cannot be answered with faster processors, then the solution is to employ high-
performance computing techniques, like re-thinking algorithm in a parallel paradigm.
For a generic algorithm, if ts is the serial execution time,f is the fraction that can be
parallelized andp the number of cuncurrent threads, the parallel execution timetp is
given by Amdahl's law (Figure 2.6):
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Figure 2.6: Ahmdal's law [10].

tp = f t s + (1 � f )
ts

p
(2.1)

From this it follows that the speed-up of a parallel algorithm with respect to the
serial version is:

S(p) =
ts

tp
=

ts

f t s + (1 � f )
ts

p

(2.2)

where the upper limit is:

Smax = lim
p!1

S(p) =
1
f

(2.3)

It is clear that in order to obtain the highest possible performance boost from parallel
computing the serial part of the whole execution should be as small as possible. This is
not trivial though, and is the true di�culty behind parallel computing, because it is not
enough to re-write algorithms in a parallel way, but often it is necessary to completely
re-think them and write them from scratch in parallel.

2.2.1 Parallel computing

A computer program is composed of a series oftasks, and a task is de�ned as a sequence
of instructions. Parallel computing is a computation paradigm where many operations
are carried out simultenously in order to reduce execution times and improve perfor-
mance. Although parallel computation is similar to concurrency, the two are actually
very di�erent: when multiple tasks are running concurrently it means that they are all
active and scheduled for execution; they are logically parallel in the sense that, they can
be executed at the same time without changing the �nal outcome. On the other hand,
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parallelism is a condition where a multitude of task are actually being executed at the
same time.

The most fundamental concept in parallel computing is that of athread. A thread
is an execution context, in particular a stack and a set of registers. In other words,
a thread is a small set of instructions to be executed as part of a larger process. In
parallel computing many threads are de�ned and to each is assigned a di�erent portion
of data, so that the entire execution can be divided into many small pieces that can
run and progress in parallel (an illustration of the sheduling of tasks to a multitude of
processing units is shown in Figure 2.7). The most basic example from this is the sum of
two vectors: when running code serially (in other words, with a single thread), each pair
of elements is summed sequentially, whereas in parallel execution there is a multitude of
threads, where each one sums a portion of the whole length of the vectors.

Process T0 T1 T2 T3 T4 T5 T6 T7 PU

Process

T0 T1 T2 T3

T4 T5 T6 T7

PU0

PU1

Figure 2.7: Comparison of the serial and parallel execution of a process.

When multiple tasks of the same program are running at the same time, the risk
of errors naturally increases. In particular, two of the most typical errors in parallel
programming aredata racesand false sharing.

Data race is a condition that occurs when more than one thread is trying to access to
the same memory location at the same time without any type of synchronization. This
type of error generally results in unde�ned behaviour, because there is no way of knowing
a-priori which one of the threads is going to access the resource �rst, so the �nal result is
impossible to predict. What makes this type of error even more dangerous is that often
the program would not crash and would terminate with no apparent error, which makes
�nding the error much more di�cult. Race conditions are usually handled usingatomic
operations. These types of operations don't have an intermediate state (that's why they
are called atomic) and ensure that only one thread at a time can modify a valiable by
syncrhonizing the threads the memory accesses of the di�erent threads.

False sharing is a conditions that occurs when the cache lines of two threads are
partially overlapping. When one of the two threads modi�es one of the elements in its
cache line it invalidates the cache line of the other thread, because now it contains an
old data value, so the processor needs to update the data in global memory and reload
the cache line of the second thread. This type of error can be prevented by designing
data structures so that the data bu�ers allocate memory in multiples sizes of cache lines,
which is known aspadding. For this to be e�ective, software needs to be designed in a
cache-friendly way: data should be aligned in such a way that the elements accessed by
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Figure 2.9: Sequential memory access pattern.

the same thread are adjacent in memory (Figure. 2.8). This is known as asequential
memory access pattern(Figure. 2.9), and is the best access pattern when programming
in parallel on a CPU.

th0 th1 th2 th3

Cache

Threads

Figure 2.8: Alignment of data inside a cache line for e�cient CPU parallel
execution.

2.2.2 GPU computing

Parallel computing is a fundamental tool in modern software development, and as the
number of cores in modern processors increases its e�ect gets increasingly signi�cat.
However, as explained in section 2.1, GPU's architecture makes them much more in-
dicated for parallel programming, because the number of threads that can be handled
by their streaming multiprocessors is much higher than that of even the best modern
CPUs. For this reason investing in GPUs and in developing software that runs on them
is crucial for keeping up with today's world increasing need for computational power.

Developing software on GPUs is similar to working with two di�erent machines,
one local and one remote. The reason for this is that the CPU and the GPU are two
completely di�erent devices, each with its own processor, global memory and caches.

2.3 The need for Software and Performance porta-
bility

As said in the previous sections, parallel computing is a very active �eld of research today,
with many applications in a wide range of branches of science, and taking advantage of
the very e�cient massively-parallel accelerators available nowadays is crucial for every
scienti�c application. However, the problem is that today there are many di�erent types
of accelerators available, and each of them comes with its speci�c tool for developing
software on it: Nvidia GPUs have the CUDA C++ extension, AMD GPUs have the
HIP/ROCm platform, Intel GPUs have the OneAPI programming model and so on.
Writing general software that can run on all of the types of accelerators available would
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require to maintain a large number of codebases, and this is simply not possible when
the scale of the software framework gets very large.

Performance portability of software represents the ability of a program to operate
e�cienctly accross di�erent platforms, processors types and architectures.

In order to mitigate this problem, there are a number of performance portability
libraries currently under development, like SYCL [11], Kokkos [12] and Alpaka [13]. The
goal of these libraries is to only write the code one time and be able to compile it for
every possible accelerator while maintaining performance as close to the native ones as
possible.

2.3.1 The Alpaka library

The Alpaka library is a header-only abstraction library for accelerator development. Its
aim is to provide performance portability across accelerators through the abstraction of
the underlying levels of parallelism.

The goal of Alpaka is to write a single source code which can then be compiled and
run on single or multiple di�erent backends, without having to re-write any part of the
code and, in particular, without having to develop, test and maintaing many di�erent
versions of the same software. Alpaka achieves this level of parallelism using preprocessor
symbols to enable di�erent backends, as well as general host-side and device-side APIs.
It also relies heavily on the use of C++ templates and type traits, in particular their use
for de�ning constraints on the types of the parameters taken by the API functions and
thus choosing the correct function specialization for the speci�c backend.

One of the strengths of Alpaka's model is that it separates the algorithms from their
parallelization strategies. The algorithms are de�ned as function objects calledkernels,
whereas the parallelization strategy is de�ned by theaccelerator type and the mapping
of threads and blocks, calledwork division.

The syntax of Alpaka is very similar to that of native CUDA, which is a great
advantage because it makes it much easier to integrate it into already parallel software
work
ows implemented in CUDA.

In Alpaka, host and device memory is managed withshared-pointers-likeobjects,
which makes memory handling safer and with almost no risk of memory leaks. There
are two types of memory wrappers in Alpaka:bu�ers, which own the memory that they
point to, and views, which are non-owning and serve as a cheap way of accessing the
memory owned by another container. In addition to making the use of memory easier
and safer, bu�ers have the further advantage of handling the use of pinned memory over
pageable memory1 when possible, thus speeding up data transfers between the host and
the accelerator.

1 #include <alpaka/alpaka.hpp>
2

3 template <typename TAccTag>
4 void main(const TAccTag&)
5 using Dim = alpaka::DimInt<1u>;
6 using Idx = std::size_t;
7 using Acc = alpaka::TagToAcc<TAccTag, Dim, Idx>;

1Data allocated in a pageablememory region can beswappedto the storage in the case of limited
available space in memory. When data contained in such a memory region needs to be copied to the
device (GPU), it �rst needs to be copied to a temporary pinned data region, which can't be swapped.
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8

9 auto const platform = alpaka::Platform<Acc>{};
10 auto const devAcc = alpaka::getDevByIdx(platform, 0);
11

12 QueueAcc queue(devAcc);
13

14 Idx const numElements(1 << 10);
15 Idx const elementsPerThread(8u);
16 alpaka::Vec<Dim, Idx> const extent(numElements);
17

18 auto const platformHost = alpaka::PlatformCpu{};
19 auto const devHost = alpaka::getDevByIdx(platformHost, 0);
20

21 using BufHost = alpaka::Buf<DevHost, Data, Dim, Idx>;
22 BufHost bufHost(alpaka::allocBuf<Data, Idx>(devHost, extent));
23

24 /* initialize data inside buffer */
25

26 using BufAcc = alpaka::Buf<DevAcc, Data, Dim, Idx>;
27 BufAcc bufAcc(alpaka::allocBuf<Data, Idx>(devAcc, extent));
28

29 alpaka::memcpy(queue, bufAcc, bufHost);
30

31 alpaka::KernelCfg<Acc> const kernelCfg = {extent, elementsPerThread};
32

33 auto const workDiv = alpaka::getValidWorkDiv(
34 kernelCfg,
35 devAcc,
36 kernel,
37 /* kernel arguments */);
38

39 auto const taskKernel = alpaka::createTaskKernel<Acc>(
40 workDiv,
41 kernel,
42 /* kernel arguments */);
43

44 alpaka::enqueue(queue, taskKernel);
45 alpaka::wait(queue);
46

47 alpaka::memcpy(queue, bufHost, bufAcc);
48 alpaka::wait(queue);
49 }

Listing 2.1: Generic Alpaka application

In Alpaka, kernels are de�ned as function objects2 and have several requirements for
the de�nition of the operator() :

ˆ it must be templated on the accelerator type

ˆ the accelerator must be passed as the �rst parameter by const-reference

ˆ it must be const, so no parameters of thestruct can be changed

ˆ it must the marked with the ALPAKAFNACCmacro, to indicate that it will be
executed on the accelerator

2.3.1.1 One more dimension: elements

When writing generic code that can be executed both in serial and in parallel, there is
one factor that must be taken into account: the number of threads in each block and thus

2A function object is an instance of a class or structure which can be called as a function. In
C++ function objects can be implemented through a struct and by providing an overload for the call
operator, operator() .
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the number of operations done by each thread highly depends on the type of accelerator.
For a CPU, the most optimal thing is that each block contains just one thread and

that thread will have to do more operations3. On the other hand, in a GPU the most
optimal thing is to have many threads in each block, with each thread doing just one
operation. This di�erence makes it very hard to write generic code. Take for example
the addition of two vectors in serial C++ and parallel CUDA: Writing such a function

1 void addition(const float* a,
2 const float* b,
3 float* c,
4 size_t n) {
5 for (size_t i{}; i < n; ++i) {
6 c[i] = a[i] + b[i];
7 }
8 }

1 __global__ void addition(const float* a,
2 const float* b,
3 float* c,
4 size_t n) {
5 auto index =
6 threadIdx.x + blockIdx.x * blockDim.x;
7 if (index < n) {
8 c[index] = a[index] + b[index];
9 }

10 }

Figure 2.10: Comparison of serial and parallel implementation of vector ad-
dition. Note how in the serial version a single thread is doing all the work
sequentially. However in the parallel version, the threads in a block are being
executed in parallel4, and each one is responsible for just one addition.

in a generic way would certainly lead to incredibly verbose code5.
In order to address this problem, Alpaka introduced a new level of task abstraction:

elements.
Elements represent operations which need to be performed in order to completely execute
an algorithm. As an example, Listing 2.2 shows the alpaka implementation of vector
addition. First the index of each thread is de�ned, and then in line 11 the number
of elements for each thread is obtained for the speci�c backend from the de�ned work
division: if the backend is a CPU and the code is being run in serial, the code is going to
be run by a single thread executing the operations sequentially, whereas in multithreading
each thread is going to operate on adjacent elements, and �nally on a GPU adjacent
threads are operating on adjacent elements, and eacth thread will operate on elements
separated by a stride equal to the number of threads (theblock size).

1 struct KernelVecAdd {
2 template <typename TAcc, typename TIdx>
3 ALPAKA_FN_ACC void operator()(const TAcc& acc,
4 const float* a,
5 const float* b,
6 float* c,
7 size_t n) const {
8 // define the thread index for each thread
9 const TIdx gridThreadIdx(alpaka::getIdx<alpaka::Grid, alpaka::Threads>(acc)[0u]);

10 // calculate the number of elements for each thread
11 const TIdx threadElemExtent(alpaka::getWorkDiv<alpaka::Thread, alpaka::Elems>(acc)[0u]);
12 // calculate the index of the first element for each thread
13 const TIdx threadFirstElemIdx(gridThreadIdx * threadElemExtent);

3A good choice would be to take 16 sequential elements, so that they can all be loaded in the
same cache line. This is another reason why sequential memory access patterns are favoured for CPU
computing.

5It could be done using C/C++ preprocessor, using macros de�ned during compilation to identify
the compiler and select the correct implementation through a series of#ifdef . This would get very
verbose very quickly, and would be unfeasible for large codebases.

35



14

15 if(threadFirstElemIdx < numElements) {
16 // Calculate the number of elements to compute in this thread.
17 // The result is uniform for all but the last thread.
18 const TIdx threadLastElemIdx{threadFirstElemIdx + threadElemExtent};
19 const TIdx
20 threadLastElemIdxClipped{(numElements > threadLastElemIdx) ? threadLastElemIdx :

numElements};
21

22 for(TIdx i{threadFirstElemIdx}; i < threadLastElemIdxClipped; ++i) {
23 c[i] = a[i] + b[i];
24 }
25 }
26 }
27 };

Listing 2.2: Alpaka kernel for vector addition.

2.3.2 Performance portability at the CMS experiment

The High-Luminosity upgrade of the LHC (HL-LHC) aims at increasing the luminosity6

of the accelerator by a factor 10 with respect to the original design value, reaching an
istantaneous luminosity of 7� 1034cm� 2s� 1 with an average pileup7 of 200 proton-proton
collisions. This increase in data will signi�cantly increase the need for computational
power both in the online as well as the o�ine software used in the high-energy physics
experiments at CERN. In the last years all the main data centers around the world have
been using heterogeneous computing platforms for improving the throughput and the
energy e�ciency of their workload. For this reason, the experiments at CERN have been
improving their software frameworks for taking advantage of the di�usion of these new
e�cient computing platforms.

In particular, starting from the end of the 2010s, the CMS experiment [14] started
investing considerable e�ort in the research and development of new techniques for reim-
plementing the algorithms and data structures of their software work
ow. In a paper [15]
published in 2020 they described the heterogeneous implementations of new algorithms
for the reconstruction of particle tracks and vertices, that leveraging parallel accelerators
allowed for more complex algorithms to be used, which resulted in better physics result,
as well as an increase in throughput.

For the software of an experiment such as CMS, all the available computing plat-
forms are needed, which makes e�cient software performance portability a fundamental
requirement. Several options were tested on a standalone version of the heterogeneous
version of the pixel reconstruction [16]:std::par , OpenMP, Kokkos, SYCL and Alpaka.
The throughput of the event processing was compared on NVIDIA and AMD GPUs as
well as multithreaded CPUs, comparing the performance obtained through the perfor-
mance portability option with the ones obtained with a native implementation for each

6Luminosity is the ratio of the number of events detected in a certain period of time divided by the
cross-section� of the process

L =
1
�

dN
dt

The luminosity is one of the values that quantify the performance of a particle accelerator, because the
higher its value is, the more data is available to analyze.

7When the luminosity is high, multiple collisions per beam-crossing occur, a phenomenon known as
pileup.

36



platform. Among all the options considered, Alpaka proved itself to be the most stable,
general and e�cient, providing time and space performance close and in some cases bet-
ter than the native implementations. This motivated the gradual porting of the CMS
reconstruction software to Alpaka [17], to be used both for the o�ine reconstruction but
also, most importantly, for the High Level Trigger to be used for the data acquisition in
Run 3.
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Chapter 3

The CLUEstering library

3.1 The CLUE algorithm

The CLUE algorithm [1] is a fast and fully parallelizable density-based clustering algo-
rithm.
The algorithm was developed in the CMS experiment at CERN to be applied on high
granularity calorimeters. Its main strength is that, unlike other clustering algorithms
which have some serial steps which can't be accelerated with the use of parallel pro-
cessors, CLUE is a fully parallel algorithm. This allows to take advantage of parallel
accelerators like GPUs and greatly increment performance.

Another characteristic of CLUE is that it natively supports the use of di�erent weights
for all the points (which originally were the energies picked up by the calorimeters in
the CMS detector), whereas other density-based algorithms require to manually de�ne a
metric that uses the weights when calculating the distance between the points. Instead,
CLUE calculates the \energy-density" of each point, and uses it to construct clusters
that originate from the points with the highest energy density and iteratively link the
points in their surroundings.

The algorithm requires three parameters in input: a geometrical parameter� c, that
represents the radius inside which the local density of each point is calculated,� c, which
represents the density threshold for a point to be a seed, which is the origin of each
cluster, and �nally � o determines the radius in which the points can be linked to form
the same cluster.

3.1.1 Query over neighbors and calculation of local density

The clustering space is divided in a �xed gridT of rectangular bins, called tiles� .
Query of points neighborhoods is the fundamental step in density-based clustering

algorithms. In order to avoid looping over the entire dataset for each point, which would
be extremely computationally expensive, the neighborhood of each pointi , also called
search boxS� c (i ), is de�ned as the set of tiles� touched by the square window of side� c

around i :
S� c (i ) = f � 2 T j � \ U � c (i ) 6= ? g (3.1)

Then the set of points over which the query for pointi takes place, 
 � c (i ), is:


 � c (i ) = f j j j 2 Sb(j )g (3.2)
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HOST DEVICE

mainRun FillTiles

CalculateLocalDensity

CalculateNearestHigher

FindClusters

AssignCLustersmainRun

Figure 3.1: Illustration of the work
ow of the CLUE algorithm. Notice how
the entire algorithm is executed on the device, so that the only memory copies
with the host are at the beginning and at the end of the execution, which
results in much better performance.

Figure 3.2: Steps of the CLUE algorithm. First, the density of each point is
calculated and used to �nd the most energetic neighbor for each one. Then,
the most energetic neighbors are marked as seeds and thus the clusters are
constructed.
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Figure 3.3: Illustration of the search-box used to speed-up the query of neigh-
bors for each point.

This set is guaranteed to contain all the neighbors of the pointi within a radius � c,
N � c (i ):

N � c (i ) = f j 2 
 � c (i ) j dij < � cg (3.3)

where it is clear that N � c (i ) � 
 � c (i ). In this way it's not necessary to loop over all
points, and in particular if � c is small enough querying over the setN � c (i ) will have
complexity O(1).

The tiles serve the same purpose as the KD-trees and R-trees in other density-based
algorithms. For the goal of this algorithm a �xed-grid data points indexing is the most
optimal choice because both the setup and the query can be easily parallelized and the
layout of the data is cache-friendly, which is crucial for the e�cient parallallel execution
of the algorithm.

The scan overN � c is used to calculate the local density of each point. This is done u-
sing a convolutional kernel� (dij ) and taking into account the weight of each neighbouring
point, wj . The local density of a pointi is then:

� i =
X

j 2 N � c (i )

� (dij )wj (3.4)

The default convolutional kernel is a 
at kernel (Eq. 3.5) with parameter 0:5. The other
default kernels implemented are Gaussian and exponential (Eq. 3.6).

� f lat (dij ; m) =

(
m; if dij < = � c

0; if dij > � c
(3.5)

� gaus(dij ; �; �; A ) = A exp
�

�
(dij � � )2

2� 2

�

� exp(dij ; �; A ) = A exp
�

�
dij

�

� (3.6)
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3.1.2 Calculation of the nearest highers

After calculating the density of each point, the algorithm needs to �nd thenearest-
highers, the most energetic neighbour of each point.

Let nhi be the nearest-higher of pointi and � i the distance betweeni and nhi .

nhi =

8
<

:

min
j 2 N � o (i )

dij ; if jN � o (i )j 6= 0

� 1; otherwise
(3.7)

� i =

(
di; nh i ; if jN � o (i )j 6= 0

+ 1 ; otherwise
(3.8)

The algorithm loops over all the points in the search boxS� o (i ), where the size of this
search box will usually be equal or slightly larger than that ofS� c (i ), and �nds the
nearest point j with � j > � i .

3.1.3 Finding and assigning clusters

The last two steps of the algorithm consist of, respectively, de�ning the clusters by
�nding their seeds and assigning each point to a cluster or marking it as an outlier.

It is important to underline the di�erence between seeds and outliers, since both are
points with no nearest higher, meaning nhi = � 1 and � i = + 1 . The di�erence between
the two is that for seeds� > � c and for outliers � < � c.

For each point the list of followers is de�ned as:

Fi = f j j nhj = ig (3.9)

and the cluster indices are passed from the seed to all the points in the cluster by
iteratively going through their chains of followers iteratively.

3.2 Generalizing the algorithm

The original algorithm was developed for being used exclusively in the calorimeters of
the CMS experiment, and was inapplicable in any other context, without modifying by
hand a considerable amount of code and geometrical constants.
The speci�city of the original algorithm laid in:

ˆ the number of dimensions. The algorithm was implemented to reconstruct exclu-
sively bidimensional clusters of each layer of the detector.

ˆ the geometrical constants. All throughout the code were hardcoded variables re-
presenting the geometrical shape of the CMS detector. In particular these constants
where used for constructing the tiles that the clustering space was subdivided
into. Since the range of the coordinates was �xed, there was no need to use more
complicated and 
exible criteria.
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1 class Points2D {
2 Vector<float> m_x;
3 Vector<float> m_y;
4 };

1 class PointsND {
2 // inner vector = single point
3 Vector<Vector<float>> m_coords;
4 };

Figure 3.4: AoS and SoA implementation of Points.

Both of these assumptions are limiting factors for the general use of the algorithm,
because they prevent the clustering of points in higher dimensional datasets (even just
in tridimensional) and the construction of the tiles through constants would require them
to be hard-coded for each single application.

In the following is described how these two limits have been overcome, in order to
produce a more general purpose algorithm.

3.2.1 Increasing the dimensionality

For supporting a generic number of dimensions, the �rst step is to rework the coordinate
containers of thepoint class. The most simple way to do so is to migrate from a series of
containers to a singlearray of structureswhich packs all the coordinates for all the points.
At this point a decision has to be made, whether to make the inner array representing
the coordinates of a single point statically or dinamically sized.
To make the array statically sized would require to make the size known at compile
time and this can be done with C++ non-type template parameters. This choice has the
advantages of improving runtime performance in several occasions and is particularly
optimal for GPUs1, where dynamical allocation is not optimal [18].

1 template <uint8_t NDim>
2 class Points {
3 Vector<Array<float, NDim>> m_coords;
4 };

Listing 3.1: General implementation of Points

Now that the data structures have been generalized, there is a second, more compli-
cated problem.
As discussed above, in the original algorithm the query of the points inside the search
box was implemented with two nested loops ranging in the two spatial dimensions. How-
ever, generalizing this would require to implement a numberN , not known a priori, of
nested loops.
The most simple way to achieve this result is to use a recursive function.

This solution is not the most e�cient one though, and furthermore it presents pro-
blem for the GPU implementations, because recursive functions are highly ine�cient on
GPUs.
Both of these problematics can be solved easily by using templated recursion to imple-
ment what is calledloop unrolling. This solution is more e�cient than the previous one
because the recursive calls are dealt with at compile time, and it also solves the problem
for the GPU execution, because each time that the template parameter is decreased and

1Since the dimensionality is known at compile time, when executing kernels on the accelerator memo-
ry can be allocated statically. This is done during compilation, so there is no risk of clash between
threads.
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the next term of the recursion is called, the callee is in fact a di�erent function from the
previous.

3.2.2 The construction of the tiles

As said previously, the tiles are used to decrease the compulational complexity of the
query of the neighbors for each point, so it's of paramount importance that the tile size
is chosen in such a way that the number of iterations for this process is as small as
possible. If the size of the tiles cannot be known a priori, it has to be deduced from the
dataset.
For this reason the construction of the tiles starts from a parameter which the user can
choose,NperT ile represents the desired average number of points in each tile. From this
the required number of tiles is calculated as:

N tiles =
jX j

NperT ile
(3.10)

whereX is the dataset.
The tiles are constructued as N-dimensional rectangles and the number of tiles in

each dimension is the same for all the dimensions, which is equal to:

N tilesP erDim = N
1

NDim
tiles (3.11)

Finally, the size of the tiles is calculated using the extremes of the coordinatesX :

Ti =
max

j
X ji � min

j
X ji

N tilesP erDim
(3.12)

whereTi is the width of tiles in the dimensioni and X ji is the coordinatei of the j -th
point in the dataset..

3.3 Developlment of a Python interface

The backend of the library is written in C++. This is the best option, since C++ is one
of the fastest programming languages in the world, and many of the libraries for perfor-
mance portability currently under development are written with it. However, publishing
the library with only a C++ interface would not be the best choice, because cluster-
ing is particularly used in machine learning work
ows, and these are mostly written in
Python 2, as are most of the libraries used in the �eld, like PyTorch, Keras, Scikit-learn,
and many more. The extensive use of Python in machine learning, as well as many more
other �elds in software development, is due to its simplicity of use, low verbosity and
abundance of libraries providing a wide range of functionalities working out-of-the-box.
The main drawback of Python however is that, being an interpreted language, its time
and spatial performance are worse than that of other languages like C, C++ [19] and
Rust, which are compiled and also allow a lower-level access to the computer resources.

2Also the R language is used for these types of application, so the implementation of an R interface
for CLUEstering would make sense in the future.
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In order to address this problem, many of the most popular libraries available in Python
are actually written in a lower-level language like C++, and subsequentlybinded to
Python, providing an interface to the backend. This provides both a handy interface to
the library functionalities as well as a faster execution time that would not have been
possible by writing the library directly in Python.

For these reasons, a Python interface for the library was developed3, allowing it to
be used in a much simpler way, with a more automated installation process (the next
section covers this in detail) and to be more appealing for a wider group of people in the
scienti�c community.

3.4 Installation

In order to make the library as easy to use for the future users as possible, the �rst step
is that the installation is as straightforward as possible. In particular, with the use of
Alpaka, the library supports many di�erent backends, and the goal is to install all of
them automatically, if the user's system supports them.

The installation script �rst looks for the libraries needed to install each backend
(TBB for the CPU-multithreaded backend, CUDA for the Nvidia GPU backend and
HIP-ROCm for the AMD GPU backend), and it compiles all the backend for which the
depencency was found. This allows the users to have, out-of-the-box, all the backends
that they can use without specifying them or without having to install separate versions
of the library.

To make the library more easily available it was uploaded to the Python Package
Index (PyPi) [21] [22], which is the largest software repository for Python, containing
hundreds of thousands of libraries. In this way the users can read the description of the
project, the dependencies, browse the past releases and, most importantly, install the
library with a single command line instruction.

3.5 Outline of the Python library

The Python library is based on theclusterer class, which represents a collection of the
clustering data and its output. The clusterer provides methods for loading data, plotting
the input and the clustering output, changing the default convolutional kernel and saving
the output to csv �le 4. Below is shown a basic usage of the library:

1 import CLUEstering as clue
2

3 clusterer = clue.clusterer(3., 10., 5.)
4 clusterer.read_data('dataset.csv')
5 clusterer.run_clue()
6 clusterer.cluster_plotter()

Listing 3.2: Basic usage of the CLUEstering library.

3The Python interface was developed using thePybind11 library [20], as it's one of the most popular
libraries for binding C++ and Python codes, while granting a small overhead in execution time and
very little boilerplate.

4Comma separated value.
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The clusterer is initialized passing the three main parameters of the algorithm:� c, � c

and � o. The average number of points per tile has a default value of 128, so it can be
omitted. The number of coordinates of the dataset is not needed either because it's
deduced automatically.

The input data must provide the coordinates and the weight for each point. The
dataset can be provided in a multitude of formats:

ˆ Python lists or numpy arrays. The data must contain two di�erent arrays, one for
the coordinates and one for the weights. The coordinates can be provided either
as arrays of structures or as structures of arrays.

ˆ Python dictionaries, pandas dataframes or csv �les. The only requirement for these
labelled data types is that the coordinate columns must be named"x*" , where the
absterisc is the index of each coordinate, and the column for the point weights must
be named"weight" . This naming allows the library to deduce the dimensionality
of the dataset without needing it to be speci�ed as a parameter.

3.5.1 Running the algorithm

The algorithm is run with the run_clue method of theclusterer class. The parameters
taken by the method are shown below in Listing 3.3. The backend to be used for running
the algorithm is chosen by passing a string, where the allowed values are"cpu serial" ,
"cpu tbb" , "gpu cuda" and "gpu hip" . It's also possible to specify the id of the device
to be used and the number of threads. Thedimensions parameter is used for clustering
using only a subset of all the coodinates of each point, and it requires a list of the
dimensions indexes to be used.

1 def run_clue(self,
2 backend: str = "cpu serial",
3 block_size: int = 1024,
4 device_id: int = 0,
5 verbose: bool = False,
6 dimensions.: Union[list, None] = None)

-> None:

Listing 3.3: Parameters taken by the runclue method.
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Chapter 4

Computational analysis of the
library

4.1 Assessing the cluster quality

As mentioned in Section 1.4, the quality of the clusters reconstructed by an algorithm
can be assessed for datasets with no known truth labels using the silhouette score. In
this section the output of CLUEstering will be analyzed for varying values of the input
parameters by comparing the silhouette scores. For datasets where the truth labels are
known, the homogeneity, completeness and normalized mutual information scores will
also be used. Another useful visual tool is the confusion matrix, that allows to see how
many points were correctly or incorrectly assigned to the di�erent clusters.

Clustering datasets with known truth labels can easily be generated using the tools
provided by the scikit-learn Python library. This library provides the make_blobsfunc-
tion, which generates round clusters with arbitrary width, and themake_moonsfunction,
which generates two partially intersecting moon-shaped clusters.

The �rst dataset used for testing the quality of the clusters produced by CLUEstering
is a simple set of four blobs with partially overlapping edges, as shown in Figure 4.1.
The clusters are reconstructed using� c = 1, � c = 10 and � o = 1. In Figure 4.2 is shown
the normalized confusion matrix of the clustering, which shows that approximately all
the points in the dataset were assigned to the correct cluster. Furthermore, Figure 4.3
shows the values of the homogeneity, completeness and normalized mutual information
scores obtained by keeping �xed� c = 10 and �o = � c, while changing the� c values
uniformly in the range [0:05; 1:50]. The plot shows that for � c > 0:4 all the three
scores are approximately equal to 1, indicating almost perfect clustering of the data.
Furthermore, Figures?? and ?? show respectively the silhouette scores for each point
and the scaling of the silhouette average with the� c parameter, and both suggest that
with the combination of parameters described above, the clusters are well reconstructed.

The second dataset is similar to the �rst with the di�erence that the clusters are
distributed anisotropicly, and thus have a more elongated shape. In addition, the clusters
are rotated with respect to the axes, and this allows to assess that the algorithm works
even when the data is not distributed symmetrically. Figure 4.6 shows the clusters
obtained by applting CLUEstering with � c = 1, � c = 10 and � o = � c: the clusters
appear well separated and the high silhouette scores in Figure 4.9, with exception of a
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Figure 4.1: \Blob" dataset clustered
with CLUEstering.

Figure 4.2: Confusion matrix for the
\blob" dataset.

Figure 4.3: Scaling of the clustering
metrics with � c for the \blob" dataset.

Figure 4.4: Silhouette scores for the
\blob" dataset.
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Figure 4.5: Scaling of the silhouette average with� c for the \blob" dataset.

Figure 4.6: \Aniso" dataset clustered
with CLUEstering.

Figure 4.7: Confusion matrix for the
\aniso" dataset.

few points, indicate that the clusters were well reconstructed. Figures 4.8 and 4.10 show
respectively the scaling of the homogeneity, completeness and mutual information and
the average silhouette score with� c, from which can be deduced that the best values for
the parameter is found near the range [1; 1:2].

The last dataset contains two partially intesecting half-moons. This dataset is par-
ticularly useful for checking that the algorithm works for clusters with curved shapes
and when the distance between the clusters is not constant. As shown in Figure 4.11,
with � c = 0:4, � c = 1 and � o = � c CLUEstering reconstructs well the two clusters, as con-
�rmed by the confusion matrix in Figure 4.12. With this set of parameters, the value of
homogeneity is 99:7%, completeness of 99:7% and a normalized mutual informtion equal
to 99:7%. In Figure 4.8 is shown how the values of the three metrics change by �xing
� c and changing� c: the homogeneity is high for small values, because the two classes
are well separated so if the clusters reconstructed are small they can't contain points
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Figure 4.8: Scaling of the clustering
metrics with � c for the \aniso" dataset.

Figure 4.9: Silhouette scores for the
\aniso" dataset.

Figure 4.10: Scaling of silhouette average with� c for the \aniso" dataset.
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Figure 4.11: \Moons" dataset clustered
with CLUEstering.

Figure 4.12: Confusion matrix for the
\moons" dataset.

from the other class. For this same reason the completeness and mutual information
start from small values. The three metrics then reach a peak of approximately 100% for
� c = 0:4, which con�rms the results presented above.

In Figure 4.14 are shown the silhouette scores for the all the points and what can
easily be seen is that many points have negative scores and the largest positive values
only reach 0:6, which results in an average of 0:4. These values indicate that the quality
of these clusters can't be assessed with the silhouette method, and this is probably due
to the shape of the clusters: since the clusters are partially overlapping the distance of a
point with the points in the same cluster is not smaller than the distance with the points
in the other cluster for all the combinations, and this decreases the average.

However, given the good separation of the two clusters the Dunn index is particularly
indicated for this dataset: as shown in Figure 4.15 the values of the Dunn index have
a clear maximum in correspondence of� c = 0:4, which con�rms that it's the parameter
that produces the best clusters.

Finally, the clustering obtained with CLUEstering has been compared with DBSCAN
and HDBSCAN. In Tables 4.1, 4.2 and 4.2 are shown the comparison of the values of the
metrics as well as the execution times. The quality of the clusters are generally compa-
rable among the three algorithms, with at most di�erences smaller than 1%. Regarding
the speed of execution, it can be seen from the bar plot in Figure 4.16 that CLUEstering
is much faster than HDBSCAN in all datasets and marginally faster than DBSCAN for
all datasets except the \blobs" dataset. It should be noted however that the quality of
the clusters produced by DBSCAN for this dataset is noticeably worse, which balances
the slight better performance.
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Figure 4.13: Scaling of the clustering
metrics with � c for the \moons" dataset.

Figure 4.14: Silhouette scores for the
\moons" dataset. The abundance of
negative values and the low average in-
dicate that the silhouette score is not a
good metric for this particular dataset.

Figure 4.15: Scaling of the Dunn index with� c for the \moons" dataset. The
index has a clear global maximum in� c = 0:4, indicating that the parameter
is the one that produces the clusters with the best separation.

CLUEstering DBSCAN HDBSCAN
Execution time 34� 4 ms 42� 6 ms 135� 2 ms
Homogeneity 99.8% 99.9% 99.9%
Completeness 99.8% 99.5% 99.6%
Mutual info. 99.8% 99.7% 99.8%

Silhouette 68.4% 67.7% 68.1%

Table 4.1: Comparison of the results of CLUEstering, DBSCAN and HDB-
SCAN on \aniso" dataset.
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CLUEstering DBSCAN HDBSCAN
Execution time 26� 3 ms 31� 3 ms 141� 9 ms
Homogeneity 99.7% 99.7% 100%
Completeness 99.7% 98.7% 99.2%
Mutual info. 99.7% 99.2% 99.6%

Silhouette 38.5% 29.8% 20.2%

Table 4.2: Comparison of the results of CLUEstering, DBSCAN and HDB-
SCAN on \moon" dataset.

CLUEstering DBSCAN HDBSCAN
Execution time 34� 3 ms 29� 2 ms 131� 3 ms
Homogeneity 99.9% 74.0% 97.5%
Completeness 99.9% 95.1% 92.3%
Mutual info. 99.9% 22.3% 94.8%

Silhouette 67.5% 58.8% 65.3%

Table 4.3: Comparison of the results of CLUEstering, DBSCAN and HDB-
SCAN on \blob" dataset.

Figure 4.16: Comparison of the execution times of CLUEstering, DBSCAN
and HDBSCAN.
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Figure 4.17: Dataset containing gaussian blobs and uniform noise.

4.2 Benchmarks

4.2.1 Scaling of execution time with dataset size

Nowadays the amount of data produced in any kind of application is increasing at an
astounding rate. For this reason it's crucial that modern software is able to handle big
data.
The library has �rst been benchmarked by studying the execution times as a function
of the number of points in a dataset. In order to remove any possible bias, the data had
to be generated in a general way: 90% of the points were used to make up an arbitrary
number of clusters, whereas the remaining 10% would be used to produce noise by
scattering points over the entire clustering space according to a uniform distribution. In
this way the probability density of each point in the dataset is given by:

� (r ) = U(r min ; r max ) +
X

i 2 C

N (r i ; � ) (4.1)

The measures of the execution times with this class of dataset are shown in Figure 4.18.

4.2.2 Execution time in function of the dimensionality

One of the main changes of the CLUEstering algorithm with respect to the original
CLUE is the support of higher-dimensional datasets. For this reason it's interesting to
study how the execution times vary as the number of dimensions increases. There is an
inherent problem in performing this kind of analysis: as the dimensionality increases, it
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Figure 4.18: Scaling of execution time with dataset size.

must be assured that the computational load of the added dimensions is comparable to
that of the previous, so that the increase in the execution time can be attributed purely
to the increase in dimensions and is not masked by internal e�ects which are di�cult to
predict. To this scope, the same dataset described in section 4.2.1 was used: by keeping
the total number of points constant and distributing them randomly in all the directions
it is assured that the additional tiles in the new dimensions get �lled as much as the
others.

The plot in Figure 4.19 shows a steady increase in the execution time with the number
of dimensions, as would be expected.

4.2.3 Tracing of the algorithm

Tracing of software means recording information about its execution for debugging or
analysis purposes. Tracing is often used to analyze the execution times of the main
portions of a piece of software, in order to assess its performance and identify its bottle-
necks. There are several tools which can be used for tracing C++/CUDA software: for
base serial C++ gprof [23] can be used, and its Nvidia counterpartnvprof for CUDA
software. These two pro�lers give a very detailed analysis of the execution, the time by
each individual function as well as the number of its calls. For CUDA software the Nvidia
Nsight Systems [24] is another very common tool, which also provides a handy graphical
user interface for easier visualization and analysis of the results and easy connection to
remote machines withssh.

Tracing the execution of CLUEstering is interesting for analyzing the time taken by
each of its components and comparing the trace of the di�erent backends allows to see
which parts are the most expensive for each processor. The main components of the
execution of the CLUEstering algorithm are: the setup of the tiles, the data transfer
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Figure 4.19: Scaling of execution time with the number of dimensions.

from host to device, the calculation of local density and the nearest higher for each
point, �nding and assigning clusters and the �nal data transfer from the device back to
the host.

In Figure 4.20 can be seen the result of the tracing for the serial, TBB and CUDA
backends run on a random dataset like the one in Figure 4.17 generated with 2048 points.
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Figure 4.20: Results of the tracing on a dataset containing 2048 points.
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