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Abstract

During the past decade, Machine Learning (ML) popularity has been
skyrocketing: year by year, the models are becoming more and more ac-
curate and they are finding applications in a huge variety of fields. Nowa-
days, even if ML is widely used, developing a good Machine Learning
system is not so easy: in particular, the model choice and hyperparam-
eters tuning are two aspects that only experts can handle successfully
through many tests. Therefore, researchers in the field are tackling this
problem making use of a new method: Automated Machine Learning (Au-
toML). AutoML is the possibility to delete the “expert phase” in favor of
a more complex system able to find the best approach independently. In
this work, we focus on the open source tools already available, trying to
compare their performance and their actual autonomy.

1 Introduction: definitions and domain

For the past ten years, Machine Learning (ML) and its sub-subject (in partic-
ular Deep Learning (DL)) has been introduced in several fields and nowadays
they are so common that some new smartphones have a dedicated processor
(called NPU) in order to improve ML and DL tasks such as image classification,
object detection and many others.

Even if ML has managed to take the next step into the “real application” world,
developing these types of systems is still challenging: indeed, to build a good
machine learning model, an expert that designs the best configuration through
the trial-and-error approach is necessary, with a consequent expense of resources
and time. For this reason, lately a new branch of Machine Learning, called Au-
tomated Machine Learning (AutoML), has started to develop quickly.



Among the various possible definitions, according to [22], Automated Machine
Learning is “a subject designed to reduce the demand for data scientists and
enable domain experts to automatically build ML applications without much re-
quirement for statistical and ML knowledge”. In other words, the main goal is to
minimize as much as possible the human participation in the Machine Learning
process.

Starting from the name, AutoML is the combination of two big branches of
computer science: machine learning and autonomous systems. In order to bet-
ter understand the domain under consideration, it may be helpful to remember
some definitions. First of all, the definition of Machine Learning is “the study of
computer algorithms that improve automatically through experience” [1]. On
the contrary, it is not easy to give a single definition about autonomous sys-
tems: indeed, it includes several concepts distributed in many subjects. Despite
this, we are able to describe them with some adjectives common in all fields
such as “self-government”, “well-defined bordered” and “self-determination”.
Currently, several companies/universities/communities have developed a solu-
tion related to AutoML: from Google to Amazon, but also Uber, MIT and Weka.
In this work, we will first try to give a general overview about the current state of
the art of AutoML, focusing on open source tools. Then we will provide a com-
parison between them, underlining the relation between their actual autonomy
and the results obtained.

2 Related work

As previously mentioned, AutoML has increased a lot its popularity in the last
ten years, the topic has been a matter of research in many respects, producing
much literature on the subject. In order to understand the starting point, the
survey proposed from [13] is probably the most complete work about AutoML
right now.

An important inspiration linked to the Open Source AutoML is presented in
[14], where an AutoML Benchmark is described with some performance test:
however, that tool is not used in this work.

Another important related work is [18], that was used as a reference regarding
the autonomy evaluation.

3 Auto Machine Learning classification

In the literature, many ways have been suggested in order to develop AutoML
systems. We will now give an overview of the available tools from the point
of view of machine learning, and their classification. According to [13], there
are also different classification schemes regarding automated machine learning
tools. In this paper, we propose the division into five different categories: feature
engineering, optimization algorithm selection, model selection, general full scope
and NAS (Neural Architecture Search). As can be easily deduced from the class



names, this partition is based on the problem setup: each category is one or
more phases of the machine learning pipeline. Many of the works we will cite
cannot always be classified in only one group; often they intersect more than
one. Here is the list with the categories, their description and some examples:

Feature Engineering: it is the process of transforming raw data into
features that better represent the underlying problem. FeatureTool [7],
for example, is one of the most famous service about feature engineering;:
it uses Deep Feature Synthesis to perform this task on relational and tem-
poral data. Another important work related to this topic is ExploreKit
[8], which first generates a very large space of possible solutions combined
with the initial one, and then reduces it through a machine learning algo-
rithm. Some general full scope and NAS tools also permit to figure out
this problem such as Auto-Weka [4] or AutoSKLearn [6].

Optimization Algorithm Selection: it is the phase in which, after
selecting a model, we try to find the best setting for it. Regarding this
part, we can mention HpBandSter [12] that use a bayesan optimization
or hyperopt-sklearn [5] built over the famous SkLearn Python package.
Also in this case, there are some frameworks that include the possibility
to optimize the hyperparameters, although this is not their only feature:
NNI [21] is an example.

Model Selection: this catagory has more than one phase of machine
learning pipeline included. For example, automl-gs [23] enables to generate
the entire sequence of a ML solution, without writing a line of code. ATM
(Auto Tune Models) [11] solve classification problems by providing only
a csv input and a target: they not only manage the configuration of the
hyperparameters, but also independently choose what is the best model
for them.

Neural architecture search: these types of systems are designed to
build the best possible architecture of neural networks, in order to perform
deep learning on the input. Moreover, they also usually perform a first
phase of feature engineering. Projects such as Microsoft’s NNI [21] and
AutoKeras [15] are probably the most important ones.

General full scope: in this case, AutoML reaches the highest level of au-
tonomy: in fact, these tools manage independently all aspects of learning
from feature engineering to hyperparameters selection. For this category,
AutoSkLearn [6] can provide an excellent example.

Having looked at AutoML from a machine learning perspective, now we will
focus on how these tools are self-governed.

According to [17], they can be distinguished by how the controller is imple-
mented: basic techniques and experienced ones.



Regarding basic methods, the literature shows many different methods to de-
velop a controller for an AutoML tool. For example, TPOT [9] proposes a
solution inspired by biology evolution: after doing a first part of feature engi-
neering, the main idea is to create and evaluate several different generations of
tree-based ML pipeline, in order to generate the best possible model. In partic-
ular, the algorithm is based on a genetic algorithm that, firstly, creates the first
generation of 100 random tree-based ML pipelines. At this point, the algorithm
is composed by two iterative phases: the first one is the evaluation one where
it selects the best 20 ML pipelines of a generation through the accuracy. In the
second part, instead, the algorithm creates a new generation starting from the
selected elements.

Another approach is presented on AutoKeras [15] which makes use of Bayesian
Optimization in order to optimize the best neural network architecture to solve
the problem. More specifically, this algorithm, after building a Gaussian Pro-
cess model, follows these 3 steps iteratively: first of all, The Gaussian Process
Model is trained with configuration and performance, then it generates the next
architecture to observe, optimizing a well-defined acquisition function. Finally,
the neural architecture is trained in order to be evaluated and then the proba-
bilistic model is updated (step 1).

MLjarSupervised [25] uses another different method, which is the greedy search
presented in [2|. The main idea in this work is to find the best model through
the selection of a local optimum: they start with an empty ensemble, which is
filled with all the models that maximize the metrics used. Finally, the system
selects the best model among the set created.

On the other hand, the second group, which makes use of experience-based
techniques, such as meta-learning and transfer-learning, is less common.

A very good example of this kind of methods is AutoSkLearn. In both of its
versions it makes use of meta-learning: the first one makes use of a k-nearest
dataset, which provides the initial configuration where to start with Bayesian
Optimization [6]. The second version [20], instead of using one k-nearest dataset,
creates a portfolio of possible ML pipelines, which are evaluated directly through
a comparison matrix, in order to use the best model.

4 The open source AutoML system

After seeing the proposed classification, in this section, we will focus on the
general full scope and NAS projects, giving a description for each one tested
on the proposed experiment. In fact, our goal is to evaluate the tools that can
be most used by a wide audience, as they require very little training related to
machine learning. Following is a list of all the instruments analyzed:

o AutoKeras: it is a NAS system based on Keras, a famous open source
Python’s library of TensorFlow. The framework uses Bayesian optimiza-
tion to guide the network morphism for efficient neural architecture search.
With just a few lines of code in Python, it allows to solve problems such
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as classification and regression with datasets that consist of images, text
and structured data.

AutoSklearn: built above the library SkLearn, it provides a different ap-
proach compared to the existing AutoML methods: in fact, it automat-
ically takes into account past performance on similar datasets and con-
structs ensembles from the models evaluated during the optimization. In
particular, AutoSklearn makes use of 15 classifiers, 14 feature preprocess-
ing methods, 4 data preprocessing methods, giving rise to a structured
hypothesis space with 110 hyperparameters [6].

Autogluon: developed by Amazon, Autogluon is a toolkit for deep learn-
ing, thus belonging to the category of NAS [19]. This is one of the most
recent instruments and as the paper shows, it is also considered among
the most performing ones at the moment.

h20: part of h20.ai project, AutoML h20 is a neural architecture search
system. What’s unique about this tool is that it is part of a larger frame-
work dedicated to machine learning. For this reason all the pipelines are
developed using their specific library [24].

Ludwig: developed by Uber, Ludwig is a “flexible, extensible and easy to
use toolbox which allows users to train deep learning models and use them
for obtaining predictions without writing code” [16]. Ludwig introduces
a different approach based on a configuration file and data types: the
first aspect would encourage reuse of sub-model code, while the second
would enable inexperienced users to obtain actual models and increase
productivity for more experienced users.

mljarSupervised: it is a automated machine learning Python package that
works only with tabular datasets: the main objective is to save time for
data scientists. It is a general full scope tool: it abstracts the common
way to preprocess the data, construct the machine learning models, and
perform hyper-parameters tuning to find the best model. Moreover, we
can see exactly how the ML pipeline is composed [25|.

Tpot: probably one of the first tool related to AutoML, Tpot (Tree-Based
Pipeline Optimization Tool) combines a flexible expression tree represen-
tation of pipelines with stochastic search algorithms such as genetic pro-
gramming, making use of the Python-based scikit-learn library as its ML
menu [9].

The proposed comparison

After seeing the open source tools currently available, in this section, we will
provide a comparison between them in terms of autonomy and results.

Before describing how the experiment works, in order to obtain a reliable com-
parison, we will make use only of those AutoML softwares which include all



steps of the machine learning process, such as NAS and general full scope. That
said, the experiment aims to evaluate autonomy and machine learning through
two different scenarios based on tabular datasets: the first one asks to complete
a multi-classification task about the price range for smartphones, while the sec-
ond is a regression task correlated with the life expectancy around the world.
The main idea is straightforward: both scenarios have their own dataset (.csv
files), already split in test and training sets, that are used to train the different
AutoML tools, so as to predict the label (classification) or the value (regression)
for the test set.

During this, each tool is set up following its own documentation, trying to in-
tervene as little as possible, relying on the default parameters. Once obtained
the predicted labels or values, we started to evaluate these tools on two dif-
ferent sides: from the Machine Learning point of view and the autonomy one.
Regarding ML, we decided to compare the prediction and the real value by us-
ing the mean accuracy, f1 score and confusion matrix for the classification and
variance scores, the mean absolute error and actual vs. predicted plots, for the
regression.

From the autonomy viewpoint, we took inspiration from what has been pro-
posed in [18], trying to outline it for the AutoML systems. In the paper, the
researchers suggest to evaluate the autonomy level through the external inter-
vention needed. In order to do this, they proposed the following,

L = Mg/Mj,

where L is the level of autonomy, M represents the measure of the set of Goals
G and M is the measure of the needed interventions I. Our idea is to assign a
level 100 of autonomy if you can run a tool that predicts perfectly the results,
after having received an acceptable training set, a target and a test set for each
task considered and supported. Basically, we want to solve an AutoML problem
just by typing a single line of code:

Automl_Tool_Name training test ”target”

For this purpose, we decided to calculate Mg with this simple formula:

MG=1oo-th

t=1

where n is the number of ML tasks considered and M; is a metric for the task
in the interval [0 —1]. In our case, we use the accuracy for the classification and
the variance score for the regression.

Before discussing about M;, we need to define what is considered an “Interven-
tion”. Here we suggest a list of a possible interpretation:

e instantiation of an object;
e type definition;

e type conversion;



e call a function;
e parameter passage;
e run a script.

Consequently, we calculated Mj as
Mr=Mn+1)/5 n,

where I are the number of interventions and n is the number of tasks. In this
way, a perfect AutoML system invoked with line code [I] obtains the maximum
level of autonomy, that is 100.

6 Results and Conclusion

6.1 AutoML tool results
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The results show that easy tasks like these can be generally performed by Au-
toML system. Indeed, except for Ludwig, all the others achieve good results,
with a relative low number of interventions.
In particular, the H20 system has the best ML overall performance in both
tasks, followed by Autogluon. Regarding the autonomy, H20 has to work in
its environment, increasing the number of interventions required. In terms of
autonomy level, Autogluon achieves the best result, combining a good ML per-
formance with only 10 interventions more than necessary.
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6.2 Conclusion

As we have seen, automated machine learning is nowadays a reality: the many
tools available confirm this, even if they are not so popular. Although the goals
to achieve were not difficult, the results show how effective these tools are: a few
instructions are enough to easily complete such tasks with a very good result.
On the other hand, even if these tools are very powerful, they will most likely be
able to help during the process of building a machine learning pipeline, rather
than opening up this world to a wider audience: indeed, it is necessary to have
some competence in order to manage the data and interpret the results, without
blindly relying on machines.

In conclusion, this work confirms how much automated machine learning can
help to speed up the trial-and-error process used to build this kind of models,
although they are not yet sufficient to completely eliminate the figure of the
expert.
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