(

- J Tampere University

Leo Heinsuo

SMART TICKETING

Continuous learning system for
document classification

Master’s Thesis
Information Technology
Examiner: Davide Taibi

May 2020



ABSTRACT

Leo Heinsuo: Continuous learning system for document classification
Master’s Thesis

Tampere University

Master of Science (Technology)

May 2020

The purpose of this thesis is to showcase how to build a continuous learning system for document
classification. A project done at CGlI NEAAS, which this thesis revolves around, aimed to create
an automated classification cloud endpoint for predicting service ticket categories. The data used
for predicting mostly consisted of human-typed text.

The theory and key concept behind Natural Language Processing, machine learning classifi-
cation, cloud computing, and lifecycle management are first explained. Existing solution frame-
works on cloud platforms are examined. A detailed solution architecture on the Azure cloud plat-
form is proposed. The implementation process of the devised system based on pipeline automa-
tion is described in detail. Python is used as the programming language for the implementation.

The resulting system uses a combination of CI/CD pipelines called Azure Pipelines and a
machine learning-specific pipeline called ML pipeline. The solution puts MLOps principles and
practices into action, focusing on adding continuous training or CT functionality to set of pipelines,
alongside Cl and CD. This allows for new machine learning models to be automatically trained
and deployed when ticket data changes and the model performance degrades.
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1. INTRODUCTION

Smart Ticketing is a productized service offering that utilizes machine learning in con-
junction with cloud computing services and lifecycle management to create a continu-
ously updated endpoint for service and support ticket classification. It is the end result of
a project worked at CGl NEAAS. Many businesses today are using IT Service Manage-
ment (ITSM) tools and software as a core part of their service desk operations. Several
ITSM solutions are available globally from companies such as ServiceNow, Atlassian,
and Salesforce. These solutions allow for varied integrations with third-party applications
which is where an external service like Smart Ticketing can be used to automate a ticket
categorization task. The nature of the tickets changes over time, so enabling automated

machine learning retraining for the service is key.

1.1 Scope

The general idea of Smart Ticketing is to be able to utilize a reusable and updatable
pipeline quickly deploy a prediction endpoint after an initial data set is made available by
a customer. This endpoint is reachable from a client-side script that sends a request with
required ticket data and responds with a prediction for the category or categories of the
ticket. The ticket data is mostly comprised of free-form text with a small number of addi-
tional categorical or numerical features, which can be of several different languages. The
ticket data set grows larger and more varied over time and changes can be made to the
tickets’ structure along the way. This means that the system needs to be updated peri-
odically so that the predictions maintain accuracy and topicality over time. The solution
is mainly based on machine learning and cloud computing techniques and technologies.
In addition, software development and data lifecycle management principles are exer-
cised. The software components of the projects are programmed in Python. Python is
chosen as the programming language for this project as alongside with R, Python is the
most popular language among data scientists [1]. Unlike R, however, it is also widely

supported by cloud platforms.

The machine learning solution is based on a few discrete steps. First, the given data
must be fetched and preprocessed to clean, transform and augment it into a more effi-

cient and better-suited form for the selected machine learning processes and algorithms



[2]. Next, a machine learning model is trained with the initial set of data so it may effec-
tively learn what kind of data samples correspond with which categories or labels. The
model must then be validated in order to assess its performance. Lastly, the model must
be deployed and monitored. These steps can be combined in a sequence to form a ma-
chine learning pipeline that may be automated, reused and exported to be run remotely.
This pipeline is particularly useful for retraining purposes. In this thesis, the focus in terms
of machine learning will be on this pipeline — What components it requires and how it
works. A well-formulated pipeline is required to facilitate the retraining process of the

machine learning model.

Cloud computing technology has made it possible to manage machine learning re-
sources and processes in a timelier, highly available, more easily maintained, automated
and low-cost manner as opposed to on-premises solutions. Machine learning often re-
quires vast amounts of data and processing power which are enabled by the cloud. [3]
Many cloud computing capabilities and services lend themselves well to core machine
learning functions. Model training, which is arguably the most time-consuming aspect of
machine learning, can be managed on provisioned virtual machines which can be dis-
carded after training is completed. The trained model can be deployed onto a cloud-
hosted computing cluster for quick and highly available consumption. The model can
also be monitored, and the monitoring data stored in the cloud. Several cloud services
providers exist, and this thesis will be a look at the current major cloud platforms — Mi-
crosoft Azure, Amazon Web Services or AWS and Google Cloud Platform or GCP — and
their service offerings in the context of Smart Ticketing and how they can be utilized in

practice.

The final topic examined in the thesis is lifecycle management. This topic covers aspects
of data lifecycle management and software development lifecycle management in a ma-
chine learning service context. The development process of a machine learning service
like Smart Ticketing to the same principles as any other application development process
for the most part. However, there are some notable differences and additions. Particu-
larly, machine learning models must be kept up-to-date so that they reflect the relevant
data at any given time. This involves things such as detecting when a model is perform-
ing badly, retrieving new data, retraining and validating a new model. [4] In this thesis, it
is discussed how these issues affect machine learning-based solution development and

how they factored in the development of this project.



1.2 Motivations and Contributions

The main contribution of the entire project is the Smart Ticketing product itself. It can be
used to create an automated classification web service that can be integrated with most
types of service and support ticketing systems. A proof-of-concept service can be cre-
ated quickly and efficiently after a sample dataset is provided by a customer. The same
kind of architecture and core concepts can be utilized in many use cases, which acted

as a key motivation.

The current version of the solution only supports Azure. The development will continue
to extend support for AWS as well, which is reflected in the separation of the core ma-
chine learning components from Azure-specific libraries. A few different kinds of smart
ticketing solutions had already been developed by the CGlI NEAAS team, but they
weren’t generalized nor expandable. The solutions provided in this new Smart Ticketing
service solutions could be used for nearly any type of ticket classification task as well as

plain text classification tasks in general, as the incoming tickets are mostly text-based.

The motivation for this thesis is to explain what was done in the project, how the resulting
product works and to identify the most essential lessons learned in the process. The
thesis is intended to showcase how a machine learning-based text classification solution
can be developed for and served in the cloud. Both machine learning and cloud compu-
ting are relatively new technologies and this thesis discusses some of their current emer-
gent capabilities when used in tandem. As a new field of technology, some of the docu-
mentation on the various functionalities is limited and evolving. Thus, another contribu-
tion of this thesis is to provide some clarification on potential pitfalls and ambiguities

encountered during the project.

1.3 Problem definition

The practical problem that this project and thesis are trying to solve is how to create an
automatically updated document classifier endpoint. This problem and its solution are
multipart. Tickets are largely text-based documents, so the document classification can
be managed by a machine learning solution producing a text classifier model. Text clas-
sification is a commonly tackled issue in machine learning and several different solution
types exist [5][6]. The model can be trained and served in the cloud, providing the end-
point. The major cloud platforms provide comprehensive toolsets for handling machine
learning operations in the cloud, making this a fairly standard practice [7][8][9]. New doc-

uments are generated continuously, and the number of classes and their distribution can



change over time, which means that a machine learning model trained once will inevita-
bly lose its effectiveness. This type of scenario where the relationship between the pre-
dicted target variable and input data change is called concept drift or data drift which in
turn causes model drift [10]. To combat the effect of concept drift, the model must be
regularly updated. Automated updating requires an infrastructure that allows for training
the model with new data and re-deploying it. This type of machine learning where the
model is being regularly updated is called continuous learning [11]. The problem state-
ment can then be presented in a more exact manner as how to create a continuous

learning system for document classification.

The need to update a machine learning model is not restricted to text classification but
concerns any type of scenario, where concept drift occurs. Recommendation engines
and weather forecast systems, for example, must constantly factor the new data into the
prediction model. A manual update requires a machine learning engineer, a data scien-
tist or another expert to repeat the process of handling the data, training the model, test-
ing and deploying the model each time. A manual procedure is more prone to human
error and can be too time-consuming and expensive. This thesis proposes a system for

automating this process.

1.4 Thesis structure

The structure of this thesis is based on three different abstractions levels. These levels
are divided into their own sections. In each section, Machine Learning, Cloud Computing,

and Lifecycle Management are examined in their respective subsections.

Section 2, Background defines the problem that this work aims to solve and establishes
the basics of the theory, technologies, and techniques most essential to the topics at
hand. The context of the project along with requirements and constraints are clarified.
The section is separated into individual subsections that describe the different logical
and technical sub-parts required for the overarching solution. These sub-parts and their
purposes are defined and an overview of industry-standard options to manage them are
presented. To accomplish this, a literature survey is conducted in the related research
fields of machine learning, cloud computing, and data and application lifecycle manage-

ment.

Section 3, Architecture describes the solution architecture of the project. A selection of
existing solutions available on the major cloud platforms is presented. One of the existing
solution frameworks is selected as the basis for Smart Ticketing. It is described how the

different components outlined in section 2 — Background are selected and realized to



create the overarching solution infrastructure. Justification for the selection of compo-
nents is given, explaining why specific techniques and technologies are selected, reflect-
ing on the previous sections’ remarks. How these components are connected and inter-
act with each other to form the workflows within the architecture is elaborated on. The
architecture used in the project is presented along with tools and services utilized within
it.

Section 4, Solution Implementation explores the implementation of the architecture and
its workflow presented in the previous section. In this section, the implementation pro-
cess itself and the technologies used are discussed and explained in greater technical
detail. Like the rest of the thesis, this section attempts to follow a logical order of concepts
to make it easier for a reader to understand how a system such as the one laid out for

this project can be implemented.

Sections 5, Discussion examines the resulting solution and assesses its performance
and utility. The most pivotal issues and discoveries and their implications are discussed.
Recommendations based on this project and its findings are proposed for the develop-

ment of similar projects.

Lastly, section 6, Conclusion reiterates the process briefly and evaluates the outcomes

of the work.



2. BACKGROUND

This section explores the background of machine learning, cloud computing, and lifecy-
cle management in the context of the Smart Ticketing project in their respective subsec-
tions. It gives context to the project itself by presenting the initial circumstances and the
goals, restrictions, and requirements it brought about. The main technologies and meth-
odologies involved in the project are presented and their theories briefly visited. This
section is meant to give the reader a general understanding of the core technical com-

ponents specific to this project and what they are meant to achieve.

2.1 Machine Learning

The machine learning portion of this project and thesis focuses mainly on text classifica-
tion. Classification is a form of supervised machine learning where a model is built to
distinguish sample classes based on samples’ predictor features in a training dataset.
This means that a machine learning model is trained on samples for which the predictor
features and the class labels are known, and the model is then used to predict the labels
for samples with only the features known. Supervised learning is one of three primary
types of machine learning types along with unsupervised learning and reinforcement
learning. This thesis, however, only focuses on supervised learning. [12] This is because
in order for the Smart Ticketing service to be able to predict specific ticket categories,

class labels must be available for model training and thus the learning is supervised.

The customer was launching their new ticketing system at the same time as the Smart
Ticketing project was in development. The pilot dataset for the project was not available
at the start of the project and the number and type of attributes to be predicted by the
model were defined very late in development. The number of labels to predict was quite
high, especially in respect to the number of samples in the data. This meant that the
model needed to be quite general and perform well with very limited training data. A
generalizable approach was also supported by the fact that the resulting product was to

be used for several customer cases in the future.

2.1.1 Algorithms
A dataset can have two or more classes. If a dataset has two classes, the classification
problem is referred to as binary and a case of three or more classes is called multiclass

or multinomial. This is not to be confused with the term multilabel which means that the



number of targets to predict is greater than one. Essentially all supervised classification
methods can be used for binary problems but not for multiclass. [13] Service and support
ticketing systems can have multiple different attributes with multiple options within them

for each ticket, so strictly binary solutions are not sufficient for this project.

Several multiclass classification algorithms exist and are available as Python libraries.
Algorithms like Naive Bayes, Support-Vector Machines (SVM), Random Forests, Gradi-
ent Boosting Machines (GBM) and Neural Networks can be used to solve multiclass
problems. [14] The model algorithms vary greatly in their implementation and conse-
quently also in requirements, speed and performance. The features of a dataset also
impact how well a model suits that dataset [15]. It is important to choose the right classi-
fier algorithm early on so that more time can be spent on optimization later. Several
papers have compared these algorithms together in different combinations for various
kinds of classification problems. Naive Bayes and SVMs are arguably the simplest clas-
sifiers that can be trained very quickly and easily. SVMs, however, usually outperform
Naive Bayes, at least in text classification [16][17]. The linear kernel SVM in particular
fairs well in text classification tasks [18]. SVM also supports the weighting of individual
training samples, which may help with unbalanced data. Random Forests and GBMs are
also good performers accuracy-wise, with added versatility and suitability for multiclass
classification compared to SVMs. Random Forests and GBMs are both ensemble meth-
ods and typically use decision trees as base learners, making them somewhat similar in
implementation as well as performance. [6][19] Neural Networks and especially Recur-
rent Neural Networks (RNN) are excellent for the classification of unstructured data, such
as text. However, require much more data and computing resources to train compared
to the other algorithms. [20][21][22]

2.1.2 Evaluation and Model selection

The performance of a machine learning model can be evaluated on several different
performance metrics. These metrics include accuracy, precision, recall, and F-measure
or F1 score. Figure 1 demonstrates some of the different evaluation metrics for a binary
classifier — for illustration purposes — and how they relate to each other. Accuracy is
arguably the most self-evident metric, meaning the fraction of correct classification out
of all classifications. Precision is the fraction of correctly classified positive samples out
of all positive classifications or True Positives divided by the sum of True Positives and
False Positives. Recall is the fraction of correctly classified positive samples or True
Positives divided by the sum of True Positives and True Negatives. F4 score is the har-

monic mean between precision and recall, effectively forming a summation of the two



metrics. [23] As opposed to simple accuracy, F1score can also take multiclass class
distribution into account by using averaging schemes like micro, macro and weighted

average [24][25]. This is especially useful in this project as the class distribution is highly

imbalanced.
True class
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Figure 1. lllustration of valuation metrics for a binary classifier. (Source: [127])

The performance metrics of a model are obtained by testing the model against an eval-
uation set. The simplest way to do this is to split a data set into two parts, a training set
and an evaluation set. The evaluation set size is generally from 10 to 20 percent of the
whole set, leaving the rest for training the model. This way, the model performance is
only based on a small subset of the data and depends heavily on the characteristics of
that specific subset. Cross-validation or CV splits the data set into multiple, equal-sized
chunks and loops through them using one chunk as a validation set at a time and the
rest for training. This gives a better understanding of how the model generalizes for the
entire set of data. Figure 2 shows an example of a CV setup from scikit-learn documen-

tation.



All Data

Training data Test data

‘ Fold 1 H Fold 2 H Fold 3 ‘ Fold4‘ Fold 5 ‘\
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|
|
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|
|

> Finding Parameters

split4 | Fold1 || Fold2 || Fold3 || Fold4 || Fold5 |

Spiit5 | Fold1 || Fold2 || Fold3 | Fold4 || Folds |/

Final evaluation { Test data

Figure 2. Five-fold cross-validation and hyperparameter tuning with a test-split.
(Source: scikit-learn [102])

Model performance evaluation can be used for model selection. Model selection can
mean either comparing the performance of different classifier algorithms or hyperparam-
eter tuning. Machine learning algorithms generally have a set of parameters that are set
prior to training and guide the model generation process. These hyperparameters can
greatly affect how a model behaves on a given data set. Different algorithms have differ-
ent hyperparameters and how they affect the performance of the resulting model trained
on different data sets is difficult to predict. The evaluation process can be used to tune
hyperparameters to optimize the model’s performance on a selected metric. Grid search,
random search, and Bayesian optimization are among the most used tuning techniques.
As the name suggests, grid search exhaustively searches a grid of all possible hyperpa-
rameter values and combinations to find the optimal settings. Random search also uses
a grid, but only searches a selected number of random combinations. Bayesian optimi-
zation treats the model function as a Gaussian process and attempts to find a global
optimum by iterative sampling. It explores promising hyperparameter combinations up-
dating a probabilistic model, attempting to ultimately locate the function’s optimum. The
Bayesian model has been shown to obtain better results faster than grid search and
random search. [26][27]
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2.1.3 Natural Language Processing

As the core problem of the machine learning task is based on human-written text, Natural
language processing or NLP techniques should be used in data preprocessing. The pur-
pose of NLP is to aid computers to understand and manipulate natural language text or
speech. It comprises several fields of study, including machine translation, speech recog-
nition, natural language text processing, cross-language information retrieval and artifi-
cial intelligence [28]. In terms of this project, NLP is used to detect language, translate,

tokenize, normalize and embed tickets’ texts.

The tickets used in this project are of several different languages. There are a few options
to handle multilingual data sets. It's possible to ignore language differences and simply
create one model to cover all languages. However, this approach increases the model’'s
corpus and consequently the feature space dramatically which slows down the training
process as well as prediction speed. With multiple languages present in the corpus, the
model is not able to discern the differences of words that are written the same way or
words that mean the same thing between different languages. To remedy this, one option
is to translate all languages into one language first. The translation process adds the
possibility of translation errors as well as processing overhead. The languages should
be translated to either the majority language or English to ensure that translation errors
have minimal effect. The English language is the most commonly used and supported
best for most NLP tasks [29][30].

Another way to handle multiple languages is to create a model per each language. This
way the number of models increases, but the models learn their respective language’s
feature space better. The features spaces of each model are also kept lower this way,
increasing their individual speed. If the languages have much of the same target labels,
separating the models is limiting their prospective sample size. As with the singular
model, it is also possible to translate languages across the models, creating more sam-

ples for each language model.

Regardless of the model language setup, the texts should be cleaned and tokenized.
Setting all characters to lowercase, removing punctuations and numbers are language-
independent tasks. Stopword removal, tokenization and word normalization, on the other

hand, require the language to be known and applying lexical analysis accordingly [31].

Tokenization is a form of lexical analysis that is used to split a given text into smaller
meaningful pieces or tokens, hence the name. These tokens can be words separated by
spaces or special characters, combinations of n consecutive words or n-grams, phrases

or n-length strings of alphanumerical characters or character n-grams. Tokens of one
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word are called unigrams, two words bi-grams, three words tri-grams and so-on. The
idea of tokenization is to identify the individual features of a piece of text. These features
can then be processed further and utilized in machine learning processes. In text classi-
fication, some form of tokenization is necessary so that a machine learning algorithm can

learn the actual features that make up each piece of text. [32][33]

Stopwords are words that occur often in sentences and carry little to no meaning in terms
of what a given text is about [34]. In English, for example, words like ‘the’, ‘an’ and ‘which’
are counted as stopwords. Removing these reduces the feature space and may also
increase model accuracy as it reduces noise in the data [31]. In n-gram representations,
stopword removal can end up forming more meaningful word combinations. For exam-
ple, a sentence “Ferrari is the fastest” would constitute the following bi-grams: “Ferrari
is”, “is the” and “the fastest”. Removing the stopwords “is” and “the” would only leave one
bi-gram “Ferrari fastest”, which is arguably more informative. Stopword removal is typi-
cally done by comparing words in a text to a list of predefined stopwords [35]. After to-
kenizing a text, the tokens that match the stopword list can simply be removed from the
features. Many libraries exist for Python that have their own stopword lists for many lan-

guages.

Normalization aims to transform a given word into a base or root form effectively by re-
moving the suffix or inflection. There are two different ways to perform normalization:
stemming and lemmatization. Stemming works by either augmenting or removing the
suffix of a word. It doesn’t always produce the basic form of a word, but rather a so-called

” ” W

stem. For example, the words “study”, “studying”, “studies”, “studied” are all transformed

into “studi” after stemming. Lemmatization, on the other hand, always produces the basic

LTS ” W

form of a word. For example, the previous example’s words “study”, “studying”, “studies”,
“studied” would become the word “study” after being lemmatized. Lemmatization is a
more complex and computationally demanding task, but also more generalizable. [36]
There are some Python libraries for stemming and lemmatization. Stemming libraries

seem to be more common, especially multilingual ones.

Machine learning algorithms must have a numerical input, so the terms extracted from
texts have to be transformed into a numerical vector representation. Two popular meth-
ods of term vectorization are Bag-of-Words (BoW) and Word embedding. BoW is the
simpler one of the two, counting the occurrences of individual terms in a text. BoW can
incorporate term weighting schemes. The most popular one of these is TF-IDF or Term
Frequency-Inverse Document Frequency [37]. TF-IDF aims to determine how important
a term is to a specific document within a collection. TF-IDF assigns each term in a doc-

ument a weight based on term frequency (TF) in the specified document and inverse
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document frequency (IDF) in all documents in the collection. These weights are inserted
into a term-document matrix that acts as the output of TF-IDF. The idea behind TF is that
if a word appears frequently within a document, it most likely is a relevant feature of that
document. IDF, on the other hand denotes that the more often a particular term occurs
across different documents in the collection, the less relevant it is to any specific docu-
ment. [38]

Word embedding transforms a text’s features into a vector space model by representing
each term as a multi-dimensional vector. The main practical difference of word embed-
ding compared to BoW is that it takes into account each term’s context. The context can
be the linguistic meaning of a word or phrase or their relative position in the text. [38]
Words of similar meaning should be situated close to each other in the vector space so
that ideally, they can be used to form analogies. A common example of these vector
analogies is the following: vec(king) - vec(man) + vec(woman) = vec(queen), where vec
denotes a vector function. The contribution of word embedding is that they are able to
determine if two pieces of text are similar in terms of meaning even though they are

written using different words.

Word2Vec, GloVe, and fastText are some of the most established word embedding
methods. Word2Vec is a collection of shallow Neural Network models that vectorize large
corpora. It has two primary model architectures for vectorization: Continuous Bag-of-
Words (CBOW) and Skip-gram. CBOW is used to predict the target word based on the
surrounding context words. Skip-gram does the opposite, predicting the context words
based on the current word. They are both used to create the term vectors while attempt-
ing to build similar vectors for semantically similar words. [39] CBOW is considered to
perform slightly worse than skip-gram, especially with smaller data sets, while being con-

siderably faster to train. [40]

The main difference of GloVe or “Global Vectors for Word Representation” as compared
to Word2Vec is that it also considers the co-occurrence of terms. The idea is that if some
terms often appear near each other in the text, they are probably related in context as
well. GloVe and Word2Vec also differ in implementation in that instead of Neural Net-

works, GloVe based on matrix factorizations. [41]

FastText is more similar to Word2Vec than GloVe but instead of words, it utilizes char-
acter n-grams. Using sub-word strings of characters has the added benefit of being able
to generalize to new, previously unseen words. This is because similar words in meaning
may share certain sub-word strings or characters. Even though fastText uses character

n-grams under the hood, it outputs vectors for words like Word2Vec and GloVe. These
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word embedding models can be trained on very large corpora quickly. It is also possible
to use pre-trained models that have been trained with up to billions of words to vectorize

new text corpora [42].

For term-document matrix representations, like produced by TF-IDF, it is possible to per-
form Latent Semantic Analysis or LSA for dimensionality reduction and topic detection.
The idea is to deduce concepts that are linked with specific terms and documents using
mathematical techniques such as Singular Value Decomposition or SVD. The result is a
more condensed matrix, which occupies less memory and can also improve classifica-

tion accuracy. [43]

Cleaning, tokenization, stop-word removal and normalization can all be performed in
conjunction to preprocess textual data. However, the vector representation techniques
are mutually exclusive, which means that, for example, TF-IDF and Word2Vec cannot
be used for the same preprocessing pipeline. The choice of which method to use and
also what other preprocessing functions to use with them depends heavily on the context.
For example, TF-IDF works well for identifying descriptive keywords whereas word em-

beddings can extract information based on a sentence’s structure.

2.2 The Cloud

Cloud computing makes it possible to train, serve and manage machine learning models
and related components on scalable and distributed resources. To successfully admin-
ister this, specific cloud components and resources must be provisioned and configured.
Cloud services largely follow a microservice architecture, which means that most of their
components and functionalities are decoupled from each other. Workflows must be es-
tablished so that these components can work together cohesively. This sub-section goes
through the different cloud components and functionalities that are used to create an

end-to-end machine learning pipeline in the cloud.

2.2.1 Model training

The most obvious benefit of machine learning in the cloud is the fact that model training
can be very resource-hungry and that the cloud offers practically endless processing
power on demand. The training is also often a one-time job, and so the resources may

then be scaled down after to avoid unnecessary costs.

In terms of storage, model training requires a storage for the data and the outputted
model. The nature of the data can vary greatly in size, format, and topicality and it should

affect which type of storage is to be used. All the major cloud providers have versatile
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options for both small and big data of various different file types. For document classifi-
cation, the data is most likely be in CSV, Parquet, XSL, JSON or some serialized format,
so a basic general storage is sufficient. Even the most basic storage options in the major
clouds are usually highly scalable and offer Service-Level Agreements or SLAs of 95%
or more [44][45].

The model training requires a cloud compute resource to execute the preprocessing,
training and evaluation processes in a specified environment. The compute resources,
also called compute targets are virtual machines (VM) that consist of practically any
number of virtual CPUs, GPUs, and memory. GPUs and faster CPUs are more expen-
sive but also decrease the training time. GPUs are especially performant when training
certain Neural Networks like Convolutional Neural Networks [46]. In addition to single-
instance VM nodes, the compute targets can also consist of clusters of nodes. Clusters

enable models to be 