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Abstract

Machine Learning has become very popular these years and has deeply changed our daily
lives. However, most of the Machine Leaning tasks need heavy work from human experts
to achieve good results. Therefore, an end-to-end Machine Learning technique without the
assistance of humans —AutoML— will make it much easier to apply Machien Learning in
different areas. In this report, a survey on AutoML will be carried out, focusing on the
theoretical background, the main approaches and techniques used in AutoML.

1 Introduction

Automatically working machines and intelligent agents have long been the dream of human beings,
from eastern to western worlds, from remote history to modern days. Due to the quick develop-
ment of Machine Learning in recent years, we have never been so close to that dream. Machine
Learning has already deeply changed our daily lives. Deep Learning, among the various techniques
of Machine Learning, is the one that attracted most attention and achieved most impressive results.

However, most of the Machine Learning tasks require heavy assistance from human beings, espe-
cially experts of specific domains to achieve good results. This heavily obstacles the spreading
of machine learning applications. Therefore, an end-to-end machine learning technique without
human intervene, i.e., AutoML, will make it much easier to apply Machine Learning in different
areas.

Since being first introduced in 1990s, AutoML has experienced great development, especially in the
past decade. Many novel techniques have been introduced and challenges like Chalearn[10] have
been proposed. Open source community and big tech companies like Google and Amazon have also
released their AutoML tools. Thus, I would like to make a survey on updated AutoML, focusing
on the background theory, the main approaches and techniques used in AutoML.

How this article is organized is as follows: in section 2 the research objective and questions are
proposed to guide the whole process of this SLR. Search Strategy, Study Selection and Quality
Assessment Criteria are introduced from section 3 to section 5. In section 6 the whole process of
AutoML, i.e., the pipeline, is introduced. The main components in the pipeline are introduced
from section 7 to section 9. In section 10, many AutoML frameworks are introduced, including
the benchmark and evaluations on these tools. A discussion on Human-Machine Relationship is
discussed in Section 11. Section 12 concludes this survey and answers the two research questions.
Future research gaps and challenges are also discussed here.

2 Research Objective and Questions

The goal of this Systemacit Literature Review is providing a up-to-date survey of AutoML. There
are two related search questions. The first one is how automation is achieved in AutoML. The
second one is what’s the similarities and differences of approaches and techniques used in AutoML.



3 Search Strategy

3.1 Sources and Keywords

Several search sources are included in this SLR, namely Google Scholar, the university library of
Unibo (AlmaStart), arXiv and OAlster. Google Scholar, arXiv and OAlser are among the most
famous engines for scholar search. Google Scholoar provides very useful functionality such as sorting
results according to citation index and publicatin date. ArXiv is an open-access archive is extro-
dinaryly popular for Machine Learning researchers. AlmaStart is especially useful for accessing
papers which are only available through the university account.

The keywords used during the search process are: AutoML; AutoML + background / approach /
technique / framework / tool / comparasion. AutoML is used as the main keyword. It is used to
make sure that the most famous papers on AutoML are not missed. All the other keywords are
used to search papers focused on specific areas of AutoML.

3.2 Include/Exclude Criteria
The critera for inclusion is as following:
1. the paper has high citations on Google Scholar and OAIster(>=50)
2. the paper is focused on the theoratical background of AutoML
3. the paper is focused on the approaches of AutoML
4. the paper is focused on the tools of AutoML
The criteria for exclusion is as following:
1. the paper is unrelated to AutoML
2. the paper is a duplicate of one of the previous papers
3. the paper’s full text is not available

4. the topic of the paper is an application of AutoML on a specific area

4 Study Selection

During the Search process, applying the include/exclude criteria, a total of 44 papers are selected
as the primary sources. All these papers are published between 2016 and 2021. Most of the papers
are from Europe, China and the US.

5 Quality Assessment Criteria

After reading the full text, all the sources will be split into 3 groups: excluded, good and excellent.
A paper will be excluded if most of its content is duplicated or unrelated to theoratical back-
gound /approaches/techniques of AutoML. Group excellent contains primary sources which provied
insightful information. If a source provides some useful information, it will be included in group
good.

Four papers are excluded according to this quality assessment criteria. Two papers named Evalu-
ating Generic AutoML Tools for Computational Pathlogy and AM-LFS AutoML for Loss Function
Search are excluded because they are applications on a specific area. One paper named AutoML to
Date and Beyond is excluded because it is a survey itself. The reason one paper named Low-code
AutoML-augmented Data Pipeline: A Review and Experiment is excluded is that it’s low quality
and unrelated.



Two papers are grouped as excellent whose names are AutoML Zero: Evolving Machine Learning
Algorithms from Scratch and Transfer Learning with Neural AutoML specifically. The reason is
that both papers provide very insghtful information. All other papers are gouped as of good quality.

6 AutoML Pipeline

AutoML systems consists of many components, each of which takes charge of one specific task, one
by one. This is called the AutoML Pipeline.

Briefly speaking, the pipeline consists of the following essential components: Data Preprocessing,
Feature Engineering, Model Selection and Optimization, as shown in the following diagram. In
this survey, the last two components are sometimes combined together to discuss because there
are many papers which take them as a Combinatorial Optimization problem[12][18][21][23].
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Figure 1. AutoML Pipeline

7 Data Preprocessing

The first step in AutoML pipeline, after receiving the input data, is Data Preprocessing. This step
could be done in two main processes, namely Data Cleaning and Data Augmentation.

The purpose of Data Cleaning is to filter noisy data, in order to avoiding the unreliable of outcomes
and algorithms, even though they may look correct. Typically, Data cleaning consists of fixing
or removing incorrect, corrupted, incorrectly formatted, duplicate, or incomplete data within a
dataset. Data Augmentation is essential especially when the dataset contains no enough number
of samples. Data Augmentation could also be viewed as a technique to void the problem of Over-
fitting.

As the first step of the whole AutoML pipeline, the impact of Data Preprocessing is hard to be
measured, especially in a quantitive way. The problem would be worse when data transformations
are combined into preprocessing pipelines. In paper[11], the impact of transformations and trans-
formation pipelines is studied. The paper shows that the overall impact of optimizing preprocessing
is not eligible and it may boost the performance of the overall result. A generic method which
allows to find effective pipeline prototypes is also developed. Specifically, the impact of precedence
order between pairs of various transformations is examined. As a result, a method is defined
that allows to generate effective pre-processing pipelines which consists of 1) compatible pairs of
transformations with respect to the framework used, 2) meaningful pairs of transformations in
terms of general knowledge (best practice), and 3) promising pairs of transformations that once
applied are expected to provide higher overall impact (domain knowledge).

8 Feature Engineering

Feature Engineering is the process of transforming raw data into features that can better represent
an underlying problem for computational predictive models, resulting in improved model accuracy.

Traditionally, Feature Engineering includes two subproblems, namely Generating new features
form data and Enhancing current features’ discriminative ability. The first problem heavily relies
on human experts and there’s little progress. For the second problem, there are several common
methods to deal with it. Specifically, when the feature dimensionality is very high or the features
have high redundancy, Dimension Reduction could be applied. Feature Generation method is used
to construct new features by exploring interactions among original features.



The requirement of good features becomes less urgent when Deep Neural Networks is included
in the search space of pipelines as deep neural networks could learn good feature representations
automatically.

Nowadays, Meta Features are widely used to mitigate the problem of heavy computational cost in
AutoML[24][31][18][30][23]. However, these features are not features IN the datasets, but features
OF the datasets, which is clearly different from the traditional feature engineering. Technique using
meta features can dramatically reduce the computational cost and time requirement.

9 Model Generation

Model Generation consists of several consecutive processes. First of all, a Search Space containing
both models and hyper-parameters must be established. Model Selection Strategy is used to select
models from search space. When the models are chosen, we still need to optimize the related hyper-
parameters. When neural networks are included in the model, we still need to optimize the model
architecture.

Search Space #» Model Selection |——= Architecture Optimization

Hyper-parameter Optimization
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Figure 2. Components in Model Generation

Instead of taking care of the previous modules one by one, like many researches do, there are
also several techniques which take them as a Combinatorial Optimization problem[12][18][21][23].
For instance, in research[12], the automation of search space and model selection strategies are
formulated as a combinatorial optimization problem. In research[21] and [18], the automation of
the pipeline is configured by jointly selecting models and hyper-parameters. This is also known
as the famous CASH (Combined Algorithm Selection and Hyper-parameter Selection). However,
combinatorial optimization requires more computational resources.

The importance of the modules in model generation is also studied in these researches. Specifically,
in research[12], it is shown that identifying the suitable search space is more important than
choosing a sophisticated model selection strategy. In search [28], model architecture is proven to
be more important than hyper-parameter selection.

9.1 Search Space of Models

Search space includes various models and their hyper-parameters. Different AutoML tools use
search spaces including different kinds of base models. One significant difference between search
spaces is whether they include neural networks as a base model. If neural network is included,
the pipeline has to consider the problem of neural network architecture optimization. Neural
Architecture Search is the technique to handle this problem.

In research [19], users can express their preferences over the components in search space to appear
in the generated pipeline. This is implemented by letting users to provide a weak pipeline specifi-
cation, from which the AutoML system use to produce a strong specification, i.e., a full candidate
pipeline. For instance, Logistic Regression could be used as a weak specification. The AutoML
system could strengthen this specification by adding other models, regulations, and a model selec-
tion strategy, to form a final pipeline.



AutoML systems suffer from scalability issues when facing large, high-dimensional search spaces.
VOLCANOML(7] is a scalable and extensible framework that facilitates systematic exploration of
large AutoML search spaces, by implementing basic building blocks that decompose a large search
space into smaller ones. These building blocks are similar to the relational operators in a database
system. Users are allowed to design decomposition strategies in a structured fashion similar to
relational execution plans.

Almost all AutoML tools construct their search spaces using common base models, such as logistic
regression and neural networks, i.e., restrictive search spaces. However, one research|[26] shows that
AutoML can go further: it’s possible to use only basic mathematical operations as building blocks.
This research significantly reduces human bias through a generic search space. Evolutionary search
is used and proved to be able to find two-layer neural networks, despite the vastness of the search
space.

9.2 Model(Algorithm) Selection and Optimization

After fixing the search space, the AutoML tools need to choose specific models which are most
suitable for the task from search space, also the hyper-parameters of these models. Generally
speaking, there are two type of methods doing this. The first type, takes care of search spaces
which include only traditional models, such as KNN, Logistic Regression and SVM. The second
type of method, whose search space includes deep neural networks, is called Neural Architecture
Search. NAS focused on selecting DNN architectures and hyper-parameters.

9.2.1 Random Search and Grid Search

Theoratically, Grid Search and Random Search could be used to solve the model selection and
optimization problem. For example, by randomly searching some models and hyper-parameters
from the search space, one final pipeline could be constructed. However, the generated pipeline
could probably perform badly. Generally speaking, the whole process is very inefficient. Therefore,
we need to find more efficient strategies.

9.2.2 Bayesian Optimization

Bayesian Optimization is a powerful strategy using Bayes Theorem to direct the search in order to
find the best pipeline configuration. A Surrogate Function representing the posterior probability
is used to estimate the optimal pipeline. An Acquisition Function is used to guide the sampling
process. Specifically, We want to use our belief about the optimal pipeline to sample the area of the
search space that is most likely to pay off, therefore the acquisition will optimize the conditional
probability of locations in the search to generate the next sample. Acquisition function needs to
trade-off between exploration and exploitation.

9.2.3 Ensemble

An ensemble of models is a model that utilized predictions from multiple models to produce an
even better model. It is widely used in Machine Learning field. Stacking is an ensemble machine
learning algorithm that learns how to best combine the models in an ensemble to achieve the best
performance. Therefore, besides the base models, a higher level meta model is also included to
learn how to combine them.

The training dataset of meta-model consists of predictions of base models on out-of-sample (via
k-fold cross-validation, for instance) data and the label of out-sample data. Specifically, data not
used to train base models is fed to the base models to generate predictions, these predictions along
with labels, provide the input and output pairs of the training dataset.

In addition, stacking the ensembled models into a multi-layer structure is also shown to be much
efficient[3]. When combined with fast random search, stacked ensembles could achieve competitive
results compared to other frameworks using more complex model tuning techniques[17].



The diversity of current AutoML tools could also be exploited by leveraging the differences in their
search spaces and heuristics. Ensemble Squared|[27] is the AutoML tool that ensembles the results
of SOTA open source AutoML tools. The performance of this framework is competitive to SOTA
AutoML tools.

9.2.4 Evolutionary Algorithm

Evolutionary algorithms are a heuristic-based approach to solving problems that cannot be easily
solved. An Evolutionary Algorithm uses mechanisms inspired by biological evolution, such as
reproduction, mutation, recombination and selection.
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Figure 3. Evolutionary Algorithm

Evolutionary algorithms may perform better than grid search or random search. TPOT is a
AutoML tool which uses evolutionary algorithms for pipeline construction. But evolutionary algo-
rithms rely heavily on the initial configurations, meaning that the final output may be unstable
and the process may be time consuming. Therefore, evolutionary algorithms is mainly used in
Neural Architecture Search, which will be introduced below.
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Figure 4. Evolutionary Algorithm in TPOT

9.2.5 Meta Learning

Meta learning is also widely used in AutoML with the purpose to learn more deep features to guide
the construction of AutoML pipelines. In other words, meta learning builds pipelines based on the
observations of various configurations on previous ML tasks.

First of all, meta features of datasets and algorithms are computed during a ’offline’ process. These
features can be used to measure the similarity between the new dataset and the existed ones[30].
The size of search space could be reduced by selecting only the models which performed better on
the similar datasets.



When dealing with a new machine learning problem, human often first choose to read the descrip-
tion of the dataset and the documentation of related algorithms. The same idea could also be
used in AutoML to improve the performance, i.e., using language embeddings from modern NLP
to improve AutoML systems by augmenting their recommendations with vector embeddings of
datasets and algorithms[24].

9.2.6 NAS

Neural architecture search is the task of automatically finding one or more architectures for a neural
network that will yield models with good results for a given dataset. It is the technique used when
the search space consists of neural networks.

Search Space of NAS

The search space of NAS evolves according to the development of Deep Learning. For instance,
at early stages, there are only Fully Connected layers, and the hyper-parameters such as number
of layers and number of activations in one layer. As the development of Deep Learning field, more
sophisticate structures emerged, such as CNN, Resnet and Inception, these structures are also
included in the search space.

Most of the search space consists of building blocks which are human designed, making it a restric-
tive search space. However, it is also shown that it is possible to automatically discover complete
machine learning algorithms just using basic mathematical operations as building blocks[26]. This
approach could significantly reduce human bias on the design of search spaces. Using evolutionary
search and back-propagation, two-layer neural networks could still be discovered.

Architecture Optimization

After fixing the search space of NAS, we need to search for the most suitable architecture for
the given problem. This problem is defined as Architecture Optimization. In order to cope with
the problems of high computational consumption and instability in NAS, two techniques named
Reinforcement Learning and Evolutionary Algorithms are introduced[29]. Reinforcement Learning
will be introduced below as the theory of evolutionary algorithms is already discussed before.

Reinforcement Learning

Reinforcement Learning is an area of machine learning focusing on how intelligent agents ought to
take actions in an environment in order to maximize cumulative reward. The purpose of reinforce-
ment learning is for the agent to learn an optimal policy that maximizes the “reward function” or
other user-provided reinforcement signal that accumulates from the immediate rewards.

An overview of an RL-based NAS algorithm is shown in the following figure. The RNN controller
executes an action At to generate a new architecture and receives an observation St and reward
Rt from the environment. These are used to update the controller’s sampling strategy.

action Ay: sample an architecture

[ )

Controller
{RNNj)

I reward By

state 5y

Environment

Rig J

S

'
'
i
T
'
'
'
¥
'

=

Figure 5. Reinforcement Learning in NAS

AutoML with NAS could outperform many SOTA AutoML systems, even some hand designed
solutions. The architecture, components and hyper-parameters could all be optimized to fit the
requirements of the task, with a superior performance[28].



9.3 Limitation Handling

The AutoML tools must be finished within a specific time duration during which many pipelines
must be constructed and evaluated. Also, the computational resources are limited. Therefore, the
tools try to use several techniques to avoid the time and computational resource limitation problem.

Typically, in AutoML a search procedure is used to repeatedly generate and validate candidate
pipelines, subject to a limited execution time budget. This could be a problem when facing a large
dataset. Therefore, one research that uniformly downsample the datasets shows that downsam-
pling can actually improve the performance[9]. Also, downsampling more aggressively allows the
search procedure to generate and evaluate more pipelines, those pipelines are also tend to be more
complex.

9.3.1 Successive Halving

Successive Halving Algorithm (SHA) is a bandit strategy which could be used to take care of the
budget allocation problem. SHA allows to specify a minimum and maximum budget for each con-
figuration. It starts with the minimum budget and iteratively increases the budget for the pipeline
that perform best with the current budget. By successively reducing the number of candidates and
at the same time increasing the allocated resources (number fo samples) per run, we could quickly
finish the selection while receiving a relatively good performance. Research [5][4] both implemented
this strategy.

9.3.2 Proxy Model

Proxy models could be used to predict candidate pipeline configuration performance before building
the full final model. In such a way the computational cost could be reduced a lot. In research
[31], each pipeline stage makes decisions based on meta-learned proxy models. This approach
builds and tunes only the best candidate pipeline, achieves better performance at only a frac-
tion of previous methods.

9.3.3 Decomposition

By decomposing one problem into several sub-problems, the computational complexity could be
reduced exponentially. This strategy is applied in research[7], which decompose a large search space
into smaller ones. Paper[23] uses low rank tensor decomposition as a surrogate model for efficient
pipeline search.

9.3.4 Transfer Learning

Transfer Learning is a research problem in machine learning that focus on storing knowledge gained
while solving one problem and applying it to a different but related problem. But using the stored
knowledge, the new problem could learn much more quickly.

In research|[13], the computational cost of Neural AutoML is reduced by applying transfer learning,.
Specifically, knowledge from prior tasks is used to speed up network design. RL-based architecture
search methods are extended to support parallel training on multiple tasks and then transfer the
search strategy to new tasks. A so-called Transferable AutoML approach which leverages previously
trained models to speed up the search process for new tasks and datasets is also presented in
paper[15].

10 AutoML Tools

AutoML has always been one of the hottest field in Machine Learning since its born. Many
organizations and companies have developed AutoML frameworks or tools of their own. These
tools use different techniques and strategies, forming a prosperous AutoML world. For instance,
besides the traditional ’offline’ AutoML strategies, one ’online’ framework named ChaCha|25] is
also provided to cope with the online learning manner. However, this section will focus on the
traditional AutoML tools.



10.1 Main Tools

Several reprensentative tools are going to be introduced here. They are selected according to
several criteria, including techniques used, reputation in open source community, support of big
companies, etc.

10.1.1 H20

H20 AutoML supports the training of Stacked Ensemble models. In H20 these stacked ensemble
models are constructed by a Meta Learner called Super Learner. H20’s core code is written in
Java, a Python API is also provided.

10.1.2 TPOT

Tree-based Pipeline Optimization Tool, relies on Genetic Evolutionary Algorithms to construct and
optimize pipeline. It could automatically optimize a machine learning pipeline built around Scikit-
Learn(uses Scikit-Learn as the ML backend). The model search space includes several models such
as Naiva Bayes, Random Forest and Logistic Regression.

10.1.3 Auto-Sklearn

Auto-Sklearn is one of the most famous AutoML frameworks. Auto-Sklearn uses Bayesian opti-
mization with warm start(meta-learning) to find the optimal model pipeline and build an ensemble
from the individual model pipelines at the end.
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Figure 6. Auto-Sklearn structure

10.1.4 Google AutoML

The main technique used in Google AutoML is the combination of Deep Reinforcement Learning
and Neural Architecture Search. It makes no surprise that Google choses the fields which it is
really good at.

10.1.5 Amazon SageMaker Autopilot

The name of Amazon’s AutoML tool is SageMaker Autopilot|[20], which operates only on tabular
datasets. It also includes many models in search space to balance between different needs. The
main novel point is that it exposes not only the final models but also the pipelines, catering the
needs of users with different levels of expertise. Autopilot is built as an AWS managed service.

10.1.6 Oracle AutoML

The main feature of Oracle AutoML is Iteration-Free, which means that it could run in a shorter
runtime. This is done by making decisions based on Metalearned Proxy Models at each pipeline
stage. These models can predict candidate pipeline configuration performances before building the
full final model. Oracle AutoML is also planned to be made could-native, to further take advantage
of the Oracle Cloud.



10.1.7 Huawei VEGA

VEGAJ16] is similar to Google AutoML as the main technique used is also NAS. The main novel
point of VEGA is the design of a novel fine-grained search space and its description language, to
support a variety of search algorithms and task. A unified front-end interface is also provided for
training frameworks and supports different deep learning frameworks.

10.2 Tool Adoption and Critics

In spite of the presence of many AutoML tools and the various techniques they used, the adop-
tion rate of these tools is still not high[32]. This survey shows that around 20% to 30% of the
respondents have not adopted AutoML at all and many more only partially. It also indicates that
the adoption may be inhibited by usability issues with AutoML frameworks and the increased
computational resources needed for adoption. Similar issues, such as confusing log output, low-
support for training time estimates, and a lack of support for visualizing internal state are also
reported[36]. Another interview study[8] also studied the benefits and deficiencies of AutoML
with participants ranging from novice hobbyists to industry researchers. According to the results,
ease of use, effectiveness and efficiency are the highest-rated qualities of AutoML. The deficiencies
include: lacks comprehensive end-to-end support, causes system failures due to compute intensive
workload, lacks customizability and lacks transparency and interpretability. Currently, most of the
AutoML tools focus on supervised learning, and the number of components in pipelines generated
by AutoML frameworks is less than 2.5[6].

One critic on current AutoML tools is that most of them focus solely on the predictive perfor-
mance of models built by these tools[40][34]. Other criteria, such as fairness, transparency and
interpretability should also be taken seriously because predictions need to be explained to users or
society.

One study|[35] investigates the robustness of pipelines generated by AutoML systems, in particular
the influence of dirty data on accuracy and how using dirty training data may help create more
robust solutions. The results show that when using dirty training data, the accuracy may drop a
bit but the robustness increases a lot.

The potential security risks incurred by NAS is studies in one search[33], which shows that com-
pared with the manually designed models, NAS generated ones tend to suffer greater vulnerability
to various malicious attacks (adversarial evasion for instance). The possible explanation is that
given the prohibitive search space and training cost, NAS methods favor models that converge
fast at early training stages, and this preference results in architectural properties associated with
attack vulnerability.

10.3 Evaluation and Benchmarks of AutoML Tools

Benchmarks have been established to measure the performance of the AutoML tools. However,
comparing different AutoML systems is not easy and done incorrectly. For instance, the selection of
datasets is often limited in scope, resulting the possibility of overfitting on specific set of datasets.
Authors may even only select datasets on which their tools perform well. Furthermore, insufficient
compute resources may also introduce bias.

Thus, a standard benchmark is needed to evaluate different AutoML tools. In research[22], an
open source and extensible AutoML benchmark is presented. This benchmark uses fewer but larger
datasets which are all not very easy to solve. As of performance metrics, AUROC (area under the
receiver operator curve) is used for binary classification problems and log loss is used for multi-
class classification problems. The scores of different tasks are normalized such that the constant
predictor is 0 and the tuned random forest is 1.

Another research[37] outlined three critical AutoML evaluation best practices, including: 1) the
separation of datasets used for system development from those used for evaluation, 2) using the
same set of ML building blocks systems use, and 3) standardizing a common ML program descrip-
tion language. A unified, open source machine learning framework upon which AutoML systems
can be built is also presented, to enable a thorough evaluations of AutoML systems.
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11 Human Role in AutoML

There are two different directions where different tools are forwarding. The first group is still
forwarding to the initial goal of AutoML: no human intervene at all. For these tools, human
is expected to be totally excluded. The second group of tools, in contrast, realized that total
automation is not realistic nowadays[8]. Therefore, they turned to the direction where human
and tools interact and cooperate. However, generally speaking, the first group still dominates the
research|6].

In research[l], an environment named MILE (Mixed-Initiative machine Learning Environment)
where humans and machines together drive the search for desired ML solutions is presented. Three
settings representing different levels of automation is also identified: user-driven, cruise-control and
autopilot. Intermediate results, additionally, should be made available to practitioners.

Gradual AutoML is the research where data scientists can control certain choices while AutoML
explores the rest. In this way, data scientists can apply their intuition. One AutoML library named
Lale[38] is introduced to simplify gradual AutoML by introducing the concept of combinators from
functional programming. Lale gives users fine-grained control over AutoML without requiring them
to be AutoML experts.

12 Conclusion and Future Reseach

In this SLR on AutoML, the techniques and apporaches used in AutoML are studied. Several
reprensentative tools from open source community and componies are also introduced, including
evalutations and critics on them.

The automation in AutoML is achieved by applying automation on consecutive components in
the AutoML pipeline. The data preprocessing could be automated by using diffent pairs of data
transformations. Dimension Reduction could be automated applied when the dimension of features
are too high and Feature Generation exploring interactions between original features could be used
to generate new features. Deep neural networks could mitigate the feature engineering problem
as they can learn feature representations automatically. The automation of model generation, in
essential, is the optimization of the searching process from search space which includes various base
models and hyper-parameters. It should be noticed that most existent research on the AutoML
belongs to the class of Narrow AutoML|[2] and the possible benefits obtained are at a cost of increase
in computing burdens. Therefore many techniques such as meature learning and transfer learning
are also proposed to mitigate this new problem.

Most research upon AutoML are focused on the model generation part, which could be divided
into two groups according to whether they adopt NAS. Among the approaches withoud NAS,
grid search and random search are the most basic methods without using any search heuristics,
which means that it’s very difficult for them to find a good result. Stacked ensemble and Bayesian
optimization both use search heuristics. Stacked ensemble implements a meta model to learn how
to best combine the models in an emsemble. Bayesian optimization uses an acuisition function to
guide the sampling from the area which is most likely to paf off in the search space. Evolutionary
Algorithm uses mechanisms inspired by biological evolution to gradually generate a better pipeline
from the initial configuration. It could be used in combination with random search and grid
search. The Automation of NAS is achieved by implementing reinforcement learning or evolu-
tionary algorithms. Reinforcement learning learns by interacting with the enviroment. The network
architecture could be optimized by maximizing cumulative rewards of the agent. Evolutionary
algorithms could also be used to optimize the network architecture, even when the search space is
generalized to contain only math operations.

However, as full automation seems still a dream too far away, the researches are moving towards two
different directions. That is, besides the initial direction where human intervene is totally excluded,
many researches are focusing on how to facilitate the cooperation between human and machines.
Different levels of automation have also been proposed. Generalized AutoML has a strong tie in
spirit with Artificial General Intelligence, which means that there is still a long way ahead of us.
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As mentioned before, much fewer researches on AutoML are about data pre-processing and feature
enginnering. But these two parts are also of great importance because this is where domain experts
utilize their knowledge. Besides, although many techniques and methods are proposed to solve
the efficiency problem of AutoML systems, there is still much room to progress. Funthermore, the
usablity and interpretability of many AutoML tools are also need to be improved.

Evolutionary Algorithms show great potential in AutoML. It could even build effective neural
networks from a search space where only math operations instead of human-designed building
blocks are available. How to explore its full potential to construct more complex and effective
network architectures could be a promising future research.

How to implement Multi Agent System theories and techniques in the field of AutoML is also a
very insteresting research topic. For instance, the similarity between the search space in AutoML
and the Tuple Centre in MAS sheds light on this possibility. Specifically, whether agents in a tuple
centre could be used to represent base models in an AutoML search space, where each agent takes
care of its hyper-parameters and decides whether and how it would join the final pipeline? If so,
how behaviour specification could be utilized to measure the quality of the pipelines? These are
among the questions which could be explored.
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