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Abstract

In-depth analysis of AutoML (Automated Machine Learning) tools in the context of automated deep learn-
ing, a rapidly evolving field aimed at simplifying and optimizing the development of deep learning models.
AutoML tools automate various stages of the machine learning pipeline, including data preprocessing,
feature selection, model selection, hyperparameter tuning, and model evaluation, making them accessi-
ble to non-experts and enhancing productivity for experts. The article reviews prominent AutoML tools,
examining their methodologies, strengths, limitations, and performance across different tasks. Through
comparative studies and practical applications, the effectiveness of these tools in producing robust and
efficient deep learning models is evaluated. Additionally, the article explores emerging trends and future
directions in the integration of AutoML with deep learning, highlighting the potential for these tools to
revolutionize machine learning workflows and democratize access to advanced Al technologies.

Keywords: AutoML; Automated deep learning; Data preprocessing; Hyperparameter tuning; Machine learning pipeline;
Model selection; Performance evaluation

Abbreviations: AUC-ROC: Area under the receiver operating characteristic curve, AutoML: Automated machine learning,
MSE: Mean squared error, MAE: Mean absolute error, NAS: Neural architecture search

1. Introduction

The field of automated machine learning (AutoML) has gained significant traction in recent years
as a way to simplify the process of building and deploying machine learning models. AutoML tools
and platforms aim to automate various tasks involved in the machine learning pipeline, such as data
preprocessing, feature selection, model selection, hyperparameter tuning, and model evaluation. By
reducing the manual effort required in these steps, AutoML empowers individuals and organizations,
even those without extensive expertise in machine learning, to harness the power of data and develop
accurate predictive models [1, 2, 3, 4, 5].

AutoML tools typically involve a comprehensive workflow that begins with data annotation and
preparation, followed by training multiple machine learning algorithms in parallel. These tools
then evaluate the performance of the trained models using appropriate metrics and select the best-
performing model for deployment. The inherent goal is to streamline the model development pro-
cess, improve efficiency, and accelerate the adoption of machine learning across various domains
(Fig. 1) [6,7,38,9].
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Figure 1. The five paradigms of Machine Learning according to the classification proposed by Pedro Domingos.

Automated Machine Learning (AutoML) is a modern approach that leverages automation to stream-
line the application of machine learning models for real-world problems. It aims to automate the
end-to-end process of building machine learning models, including data preprocessing, feature en-
gineering, model selection, and hyperparameter tuning. The primary goal of AutoML is to make
it easier for non-experts to develop machine learning models by providing a simple, user-friendly
interface for training and deploying models. AutoML covers the following steps in the ML develop-
ment processs [10, 11, 12, 13, 14, 15, 16]:

1. Data preprocessing: Automated data cleaning, formatting, and transformation.

2. Feature engineering and selection: Automatic identification and selection of relevant features
from the data.

3. Algorithm selection: Automated selection of appropriate machine learning algorithms based
on the problem and data characteristics.

4. Hyperparameter optimization and model selection: Automatic tuning of model hyperpa-
rameters and selection of the best-performing model.

5. Neural architecture search (NAS): Automated design and optimization of neural network ar-
chitectures for deep learning models.

Most AutoML software auto-analyzes data, selects algorithms, trains and tests models, and refines
them through hyperparameter tuning to provide the best-performing model. AutoML software en-
ables data scientists, machine learning engineers, and non-technical users to automatically build
scalable machine learning models. It allows users to trade-off between model complexity and per-
formance, enabling them to build complex high-performance models or simpler, more explainable
models [17, 18].

AutoML toolsand platforms aim to automate various tasks involved in the machine learning pipeline,
such asdata annotation, feature selection, model selection, hyperparameter tuning, and model eval-
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uation. By reducing the manual effort required in these steps,AutoML toolsempower individuals
and organizations, even those without extensive expertise in data science and machine learning, to
harness the power of data and develop accurate predictive models [19].

2. Key Components of AutoML

The key components of AutoML systems typically include (Fig. 1):
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Figure 2. AutoML model main processes.

Automated Data Preprocessing and Cleaning: AutoML tools automate the process of clean-
ing and preprocessing data, which includes tasks such as handling missing values, removing out-
liers, and transforming data into a format suitable for machine learning algorithms.
Automated Feature Selection and Engineering: AutoML systems can automatically identify
and select relevant features from the input data, as well as engineer new features through tech-
niques like feature extraction, feature construction, and dimensionality reduction.

Automated Model Selection: This component involves the automatic selection of appropriate
machine learning algorithms and models based on the characteristics of the data and the problem
at hand. AutoML tools can train and evaluate multiple models in parallel, and select the best-
performing model based on predefined metrics.

Automated Hyperparameter Optimization: AutoML tools can automate the process of tuning
hyperparameters, which are configuration settings that control the behavior of machine learning
algorithms. This is typically done through techniques like grid search, random search, or Bayesian
optimization.

Automated Neural Architecture Search (for Deep Learning): In the context of deep learning,
AutoML systems can automatically design and optimize neural network architectures, a process
known as Neural Architecture Search (NAS). This involves searching for the optimal combination
of layers, activation functions, and other architectural components.

Automated Model Postprocessing and Analysis: AutoML tools may also provide automated
model analysis and interpretation, including techniques like feature importance analysis, model
explanations, and performance evaluation on holdout or test data.

Other key components of AutoML systems include:

Hyperparameter Tuning across Algorithms: AutoML helps standardize hyperparameter tun-
ing across different algorithms, enabling fair comparisons and ensuring that each algorithm is
optimized for the given task.

Automated Hyperparameter Optimization: AutoML automates the tedious and error-prone
process of hyperparameter optimization, which is crucial for achieving optimal model perfor-
marnce.

Automated Architecture Search: For deep learning applications, AutoML enables faster devel-
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opment by automating the process of neural architecture search, which can be time-consuming
and resource-intensive when done manually.

It’s important to note that the quality of the input data is critical, as it directly affects the accu-
racy and performance of the trained model. Additionally, key inputs, outputs, and hyperparameters
are crucial components of the AutoML process. AutoML toolslike Auto-PyTorch, AutoKeras, and
talos provide architecture search anddata annotationcapabilities for deep learning models, further
streamlining the development process [20, 21].

3. AutoML Platforms and Tools

The field of AutoML has seen the emergence of various platforms and tools that aim to simplify and
automate the process of building machine learning models. These tools cater to a wide range of
users, from data scientists and machine learning engineers to non-technical users, enabling them to
leverage the power of automated machine learning techniques (Fig. 3) [22].
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Figure 3. AutoPrognosis.

Here are some of the popular AutoML platforms and tools:

1. Google Cloud AutoML: Google’s cloud-based AutoML suite offers services for automating the
training of machine learning models for tasks such as image recognition, text classification, and
structured data analysis. It provides a user-friendly interface and requires minimal coding.

2. Auto-Sklearn: An open-source AutoML library for Python that automates the process of se-
lecting and tuning machine learning algorithms for a given dataset. It supports a wide range of
algorithms and can be easily integrated into existing workflows.

3. AutoKeras: Another open-source AutoML library for Python that focuses specifically on au-
tomating the design and training of deep neural networks. It supports various types of neural
network architectures and can be used for tasks like image classification, text classification, and
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regression.

4. Amazon Lex: Amazon’s AutoML service for building conversational interfaces, such as chat-
bots and virtual assistants. It handles tasks like automatic speech recognition, natural language
understanding, and dialogue management.

5. H20 AutoML: An open-source AutoML platform that provides a comprehensive suite of tools for
automating the entire machine learning workflow, from data preprocessing to model deployment.
It supports a wide range of algorithms and can be used for various tasks, including regression,
classification, and time-series forecasting.

Other notable AutoML platforms and tools include:

« AutoWEKA, Auto-PyTorch, AutoGluon, MLBoX, TPOT, and TransmogrifAl (open-source)

« DataRobot, Dataiku, Enhencer, Akkio, MLJAR, dotData, JADBio AutoML, and DMWay Analytics
Engine (commercial)

These platforms offer various features and capabilities, such as automated data analysis, algorithm
selection, model training, hyperparameter tuning, and model deployment. They aim to streamline
the machine learning process and make it more accessible to a broader range of users as given in
Table 1.

Table 1. Differences of Open-Source AutoML Tools and Commercial AutoML Platforms

Open-Source AutoML Tools | Commercial AutoML Platforms
« DataRobot

« Dataiku
+ AutoGluon «H20.ai
+ FLAML » Google Cloud AutoML
+ H20-3 AutoML « Enhencer
+ Auto-Sklearn « Akkio
* AutoKeras *« MLJAR
+ MLBox « dotData

« JADBio AutoML
« DMWay Analytics Engine

It’s worth noting that the choice of an AutoML platform or tool depends on various factors, such
as the specific requirements of the project, the level of expertise of the user, the type of data and
problem being addressed, and the desired level of control and customization [23, 24, 25, 26, 27].

4. Workflow for Developing AutoML Models

The typical workflow for developing AutoML models involves several key steps as given in Table 2:

1. Data Ingestion and Preparation: The user provides the input data to be used for training
the model. The AutoML system then preprocesses the data, including feature engineering and
normalization. Automated feature engineering (featurization) techniques are applied, which can
also be customized based on the user’s requirements.

2. Model Training: The AutoML system trains multiple machine learning models using different
algorithms and hyperparameters. This process involves creating parallel pipelines that iterate
through various ML algorithms and feature selections to produce models with training scores.
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AutoML supports ensemble models using voting and stacking methods, which can improve over-
all model performance.

3. Model Evaluation: The AutoML system evaluates the performance of the trained models using
appropriate metrics. It supports splitting the data into training, validation, and test sets to ensure
robust evaluation of model performance.

4. Model Selection and Deployment: Based on the evaluation results, the AutoML system selects
the best-performing model. The selected model can then be deployed for making predictions on
new data. AutoML-generated models can be converted to ONNX format, enabling deployment
on various platforms and devices.

Table 2. Procedural steps

Step Description

. « User provides input data
Data Ingestion and

. « Data preprocessing (feature engineering, normalization)
Preparation . . o
+ Automated feature engineering (featurization)

« Training multiple ML models with different algorithms and hyperparameters
Model Training « Parallel pipelines for iterating through algorithms and feature selections
« Support for ensemble models (voting, stacking)

Model Evaluation « Evaluation of trained models using appropriate metrics

« Support for training, validation, and test data splits

. + Selection of best-performing model
Model Selection and . o
+ Deployment for making predictions on new data
Deployment

« Support for ONNX format for cross-platform deployment

Table 3. Data types

Data Type Considerations

Tabular Data Determine model objective (classification, regression, forecasting)

Ensure data is properly formatted and labeled

Image Data Minimum of 100 examples per category/label

Capture variation in the problem space

Video Data Choose appropriate objective (action recognition, classification, object tracking)

Ensure data is properly formatted and labeled

For deep learning applications, the AutoML workflow typically involves data ingestion, data prepara-
tion, data engineering, model selection, model training, hyperparameter tuning, model deployment,
and model updates. Platforms like Vertex Al provide an end-to-end workflow that includes gather-
ing and preparing the data, training the model, evaluating the model, and deploying and using the
model for predictions [28, 29, 30, 31].

5. Data Set Considerations

Data quality is a critical factor that directly impacts the accuracy and performance of AutoML mod-
els. Poor data quality or biased datasets can lead to inaccurate models that perpetuate existing biases,
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undermining the effectiveness of AutoML solutions [17]. To mitigate this, it is essential to carefully
prepare and preprocess the data before feeding it into an AutoML system as given in Table 3 [32].

Comparisons of the AUC score and training duration of the best model built using AutoML and non-
AutoML frameworks. When preparing datasets for AutoML, it is crucial to assess the use case and
determine the desired outcome. The following considerations should be taken into account [33, 34]:

1. Labeled Data: For supervised learning tasks, gather enough labeled examples per category or
label, with a minimum of 1,000 examples per label. Distribute the examples equally across cate-
gories to avoid class imbalance.

2. Capturing Variation: Ensure that the dataset captures the variation in the problem space to
enable better generalization. For image data, the bare minimum is 100 examples per category or
label.

3. Data Format and Objectives:

« For tabular data, determine the appropriate model objective (binary classification, multi-class
classification, forecasting, regression).

« For video data, choose the appropriate objective (action recognition, classification, object track-
ing).
4. Data Formatting and Labeling: Prepare the data properly and ensure it is formatted and labeled
correctly. Inconsistent or incorrect labeling can lead to poor model performance.

AutoML performs well for structured data, small to medium datasets, and when a quick assessment
of the model is needed. However, it may not be the best choice for larger and more complex datasets,
as it can be resource-intensive and slow. Key considerations when using AutoML include iteration
speed, data requirements, cost, and use case suitability [35, 36, 37, 38].

6. Model Training and Optimization

Optimizing hyperparameters, which control the behavior of machine learning models, is a crucial
part of the AutoML process [2]. AutoML techniques like hyperparameter optimization and algo-
rithm configuration help automate the tedious process of tuning models for new tasks, improving
the reproducibility and fairness of ML research. By automating hyperparameter tuning and algo-
rithm configuration, AutoML enables more rigorous comparisons between techniques, advancing
ML research as given in Table 4 [39, 40, 41].

AutoML toolslike Vertex Al use supervised learning to train models on labeled example data (Fig.
4). The specific algorithm and training method depend on the data type and use case. For effective
data preparation, Vertex Al recommends [42, 43]:

1. Assessing the use case and desired outcome.

2. Gathering enough labeled examples, with a minimum of 1,000 examples per label for supervised
learning tasks.

3. Distributing examples evenly across categories to avoid class imbalance.

4. Capturing the diversity and variation in the problem space.

Vertex Al provides AutoML capabilities to automatically train and optimize models, as well as sup-
port for custom training, allowing users to bring their own training code and containers.
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Figure 4. Study design.

Table 4. Data preparation

Data Preparation Recommendations

Use Case Assessment | Determine desired outcome

Labeled Examples Minimum 1,000 examples per label
Class Distribution Even distribution across categories
Variation Capture Capture diversity in the problem space

Google Cloud Platform’s AutoML Vision is a tool that allows users to train custom machine learning
models without extensive ML expertise. The training process involves uploading the dataset, label-
ing the images, and initiating the training process.AutoML Visionautomatically evaluates the trained
model’s performance and provides metrics like precision and recall. Users can further optimize the
model by adjusting the score threshold, andAutoML Visionautomatically sets aside a portion of the
data for testing the trained model [44, 45, 46].

AutoML toolscan provide better-performing models by iterating through different models and per-
forming hyperparameter optimization. This automated process of model training and optimization
can significantly improve the performance and accuracy of machine learning models, makingAu-
toML toolsa valuable asset for individuals and organizations seeking to leverage the power of data
and machine learning [47, 48, 49].

7. Performance Evaluation and Interpretation

Evaluating the performance of AutoML models is a crucial step in the development process. Ver-
tex Al provides a comprehensive set of tools to assess model performance, enabling users to make
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informed decisions about model deployment and optimization. Vertex Al supports various evalua-
tion metrics, depending on the task and data type. For classification tasks, common metrics include
precision, recall, F1-score, and area under the receiver operating characteristic curve (AUC-ROC).
For regression tasks, metrics such as mean squared error (MSE), mean absolute error (MAE), and R-
squared are typically used. These metrics help quantify the model’s accuracy, generalization ability,
and overall performance as given in Table 5 [50, 51, 52].

Table 5. Evaluation Metrics

Feature Engineering Tools | Description

Classification Precision, Recall, F1-score, AUC-ROC

Regression Mean Squared Error (MSE), Mean Absolute Error (MAE), R-squared

Classification Precision, Recall, F1-score, AUC-ROC Regression Mean Squared Error (MSE), Mean
Absolute Error (MAE), R-squared

In addition to these standard metrics, Vertex Al also provides advanced capabilities for model eval-
uation, such as:

+ Model Monitoring: Continuous monitoring of deployed models to detect performance degrada-
tion or data drift, enabling proactive maintenance and retraining.

- Explainability: Tools for interpreting and understanding the behavior of machine learning mod-
els, including feature importance analysis and model explanations.

« Pipeline Orchestration: Automated end-to-end pipelines for model training, evaluation, and
deployment, ensuring consistency and reproducibility [53, 54].

Once the model has been evaluated and deemed satisfactory, Vertex Al allows for seamless deploy-
ment to various environments, including online (for real-time predictions) and batch (for large-scale
predictions on historical data). This streamlined process ensures that the best-performing model
is readily available for production use, enabling organizations to leverage the power of AutoML
effectively [55, 56].

8. Potential Applications

AutoML is fundamentally transforming how businesses and organizations operate by automating
the intricate tasks involved in machine learning model development. As data volumes continue to
surge, the demand for efficient, accurate, and scalable machine learning solutions will grow, further
amplifying the relevance of AutoML. AutoML is poised to play a pivotal role in shaping the future
trajectory of machine learning by democratizing the field and catalyzing innovation across various
sectors (Fig. 1) [57].

AutoML can be leveraged by software engineers, data scientists, ML engineers, and Al enthusiasts
to rapidly build and deploy ML models for a wide array of applications, including [58, 59, 60, 61]:

« Image Classification: Automating the process of categorizing and labeling images, useful for
applications like quality control in manufacturing and medical image analysis.

« Customer Churn Prediction: Building models to predict customer attrition, enabling proactive
retention strategies.

« Fraud Detection: Developing models to identify fraudulent activities in domains like finance and
e-commerce.
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Figure 5. AutoML in healthcare is commonization of components.

« Personalization: Creating personalized recommendations for products, content, or services based
on user preferences and behavior.

« Anomaly Detection: Identifying unusual patterns or outliers in data, applicable in areas like
cybersecurity, predictive maintenance, and financial monitoring.

AutoML supports various learning paradigms, including supervised learning (regression and clas-
sification), unsupervised learning, and reinforcement learning, across diverse data modalities like
structured data, text, images, sound, and temporal/multimodal data as given in Table 6 [6_2, ﬁ]

Table 6. Learning Paradigms

Learning Paradigm Data Modalities

Supervised Learning (Regression, Classification) | Structured Data, Text, Images
Unsupervised Learning Sound, Temporal/Multimodal Data

Reinforcement Learning -

Moreover, AutoML can empower ’citizen data scientists’ — domain experts who can leverage the
power of machine learning to automate and support their daily tasks without needing extensive
machine learning expertise. This democratization of machine learning can foster innovation and
enable organizations to extract valuable insights from their data more efficiently [64].

AutoML offers several advantages over traditional manual model development approaches:

1. Cost-Efficiency: AutoML reduces the costs associated with skilled employees, services, and in-
frastructure required for end-to-end machine learning model development.

2. Accessibility: AutoML lowers the barrier to entry for companies new to deploying AI/ML projects,
enabling them to leverage machine learning capabilities more easily.
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3. Time-Saving: AutoML significantly reduces the time and resources needed to create machine
learning models compared to traditional development methods.

4. Accuracy: AutoML leverages state-of-the-art algorithms and techniques to produce more accu-
rate predictions and insights.

5. Scalability: AutoML enables scalable use of machine learning models across a range of applica-
tions and data sets.

6. Interpretability: AutoML integrates features that help users understand and justify model pre-
dictions, important for regulatory compliance and trust in Al systems.

9. Conclusion

The field of AutoML is revolutionizing how organizations approach machine learning model devel-
opment. By automating the intricate processes involved, AutoML empowers individuals and busi-
nesses to harness the power of data and machine learning more efficiently. It simplifies the model
development lifecycle, reduces costs, and accelerates time-to-deployment, making machine learn-
ing accessible to a broader audience. As data volumes continue to soar, the demand for scalable
and accurate machine learning solutions will surge. AutoML, with its ability to automate tasks like
data preprocessing, feature selection, model training, and hyperparameter tuning, is poised to play
a pivotal role in shaping the future of machine learning. By democratizing the field and catalyz-
ing innovation across various sectors, AutoML holds immense potential for driving transformative
applications that can unlock valuable insights and drive better decision-making.
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