ITM Web of Conferences 81, 01023 (2026) https://doi.org/10.1051/itmconf/20268101023
ETMIS 2025

A Comprehensive Review of VertexML: A Model
Training Platform

Arjun B CY, Swathi HY', Deeksha S', Nandan Javagal', Pratham D U', Arjun D!

"Department of Computer Science and Engineering (AI&ML), Malnad College of Engineering,
Hassan 573202, India

Abstract. This paper presents a comprehensive survey of automated ma-
chine learning (AutoML) techniques, with a focus on meta-learning,
hyperparameter optimization, and neural architecture search (NAS). Rather
than proposing or evaluating a full AutoML platform, this work synthesizes
insights from 49 influential research papers, organizing them into
methodological categories and highlighting their contributions to the
evolution of ML automation. The survey also analyzes trends across model
types, optimization strategies, and publication patterns. Based on this review,
the paper identifies research gaps and outlines key directions for future
development of unified, scalable, and interpretable AutoML systems. This
survey is intended to provide a structured foundation for researchers
working toward improved ML automation pipelines.

1 Introduction

The rapid evolution of machine learning (ML) has brought significant advancements, yet the
process of designing, training, and tuning ML models remains a complex and labor-intensive
task. This complexity creates a barrier for non-experts and reduces productivity for
experienced practitioners. To address these challenges, Automated Machine Learning
(AutoML) has emerged as a paradigm that seeks to automate the end-to-end process of ML
model development, including data preprocessing, algorithm selection, hyperparameter
tuning, and model evaluation.

Although AutoML platforms such as Auto-WEKA, Auto - sklearn, and several academic
prototypes integrate multiple stages of the ML pipeline, this paper does not propose or
evaluate a new AutoML system. Instead, the primary goal of this work is to consolidate and
synthesize prior research into a unified survey. Any references to potential platform
structures or future system designs serve only as conceptual motivation derived from the
literature, not as implemented contributions. The focus of this paper is therefore strictly on
reviewing existing ideas and identifying gaps that future AutoML platforms might address.

2 Literature Review
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The development of AutoML, meta-learning, and neural architecture search (NAS) is
grounded in foundational advances in machine learning theory, optimization, data mining,
and deep learning. Early contributions such as Support Vector Machines introduced margin-
based learning and kernel methods for high-dimensional classification [1], while the
transition to Knowledge Discovery in Databases (KDD) emphasized interpretability and
user-centered analysis, shaping explainable AutoML [2]. Evolutionary algorithms and the No
Free Lunch Theorems established the need for adaptive optimization and algorithm selection
in automated systems [3,4].

Process-oriented frameworks like CRISP-DM provided structured analytics workflows [5],
complemented by studies comparing KDD, SEMMA, and CRISP-DM that informed modern
AutoML pipelines [6]. Feature selection methods highlighted the trade-off between accuracy
and complexity [7], and early meta-learning approaches such as landmarking enabled data-
driven algorithm recommendation [8]. Research on intelligent and interactive data mining
systems further motivated human-in-the-loop AutoML [9,10].

Advances in optimization, including particle swarm—based model selection [11], ensemble
methods for concept drift [13], and formal analyses of algorithm selection [14,15],
strengthened adaptive pipeline design. Surveys on hyperparameter optimization and the
effectiveness of random search over grid search [16,17] laid the groundwork for scalable
tuning. Sequential Model-Based Optimization and Bayesian optimization became the
backbone of AutoML tuning [18,19], while the deep learning revolution triggered by AlexNet
made automated architecture design essential [20]. Auto-WEKA introduced the first end-to-
end AutoML framework integrating model selection and hyperparameter optimization [22],
supported by meta-learning surveys [23]. The removal of manual feature engineering in deep
learning [24,25] and insights from the AutoML Challenge 2015 emphasized the need for
scalable, reproducible automation [26,27].

Later work expanded automation to preprocessing and pipeline search [29,30], improved
efficiency through Hyperband [31], and incorporated expert guidance for trustworthy ML
[32]. By 2017, reinforcement learning—based NAS [34], unified NAS—hyperparameter
frameworks [35], and large-scale meta-feature validation using OpenML [36] enabled
modern deep AutoML systems. Recent advances such as differentiable NAS, transferable
architectures, and progressive search strategies further improved scalability and efficiency
[38—40].

2.1 Survey Summary

The evolution of AutoML and its related fields is rooted in early data min- ing methodologies
such as CRISP-DM, KDD, and SEMMA, which estab- lished structured processes for
consistent and reproducible knowledge discovery. Hyperparameter optimization matured
through advances such as Random Search, Bayesian Optimization. Neural Architecture Search
pushed automation into deep learning, using reinforcement learning, evo- lutionary algrithms,
differentiable search (DARTS), and progressive strategies to outperform manually designed

models and produce scalable architectures like EfficientNet.

Table 1. Survey Summary

SI. No. [Paper Title Year [Techniques Used [Highlights
1 Support-vector 1995 Max Introduced SVM for classification
networks mar [with max margin principle.
gin classifiers
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2 Knowledge 1996 |Stepwise Explained the  process and
Discovery i importance of knowledge discovery
n Databases data mining in databases.
process
3 Evolutionary 1997 |Evolutionary Survey on evolutionary algorithms
algorithms survey algorithms and their applications.
4 INo Free Lunch 1997 |Algorithm com-  [Proved no algorithm is universally
Theorem parison theory best for all problems.
5 CRISP-DM 2000 |Data Widely used step-by-step guide for
min |data mining projects.
ing process model
6 Data 2000 |Process Compared major data mining
mi mo [process models.
ning process del comparison
imodels
7 Feature selection 2003 [Filter, wrapper, |Reviewed feature selection methods
methods embedded and impact on performance.
8 Landmarking 2004 |Landmarking Improved meta-learning for
learning meta-features algorithm selection.
algorithms
9 Intelligent 2009 [Knowledge- Assisted data mining workflows
discovery based systems intelligently.
assistants
10 |Particle 2009 [PSO algorithm Used PSO for automated model
swW selection.
arm model
selection
11 Systematic 2009 [Review Guidelines for conducting systematic
literature review procedures literature reviews.
12 Ensemble learning | 2010 [Ensemble learning [Handled evolving data streams
for streams effectively.
13 IAlgorithm 2010 [Meta-learning Applied meta-learning to
selection for classification problems.
classification
SI. No. [Paper Title Year Techniques Used [Highlights
14 IAlgorithm selection| 2011 [Meta-learning Theoretical and empirical study of
problem portfolios selection problem.
15 Hyperparameter 2011 |Grid, Survey of hyperparameter
optimization survey rand |optimization methods.
om search
16 Random 2012 |[Random search Showed random search outper-
se forms grid search.
arch optimization
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17 SMBO 2012 |Bayesian Introduced sequential
optimization model- based optimization.
18 Practical Bayesian | 2012 [Bayesian Practical guidelines for Bayesian
optimization optimization optimization.
19 ImageNet 2012 [Deep CNN (Alex- |Landmark deep learning paper for
classification Net) image classification.
20 Auto-WEKA 2013 |AutoML Combined model selection and
hyperparameter tuning.
21 Meta-learning 2014 |[Meta-learning Comprehensive survey of meta-
survey learning techniques.
22 Deep Speech 2014 [End-to-end deep  |Scalable speech recognition system.
learning
23 Deep learning 2015 |[CNN, RNN, Outlined deep learning principles
overview LSTM and applications.
24 AutoML challenge | 2015 |Automated ML Lessons learned from AutoML
competition.
25 Res-Net 2015 [Residual connectionsEnabled very deep neural net-

works.

3 Comparative Analysis
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compares shows distribution of research the popularity of machine learning
over time. Techniques.

Figure 1.1 reveals a diverse ecosystem of machine learning methods, where Random Forests
and Neural Networks appear most frequently, indicating their strong adoption across
research. Figure 1.2, which presents the proportional distribution of model types using a pie
chart, reinforces these observations.

The temporal trends shown in Figure 1.3 demonstrate a consistent rise in research
publications from 1995 to 2020, with sharp acceleration after 2015— indicating heightened
academic and industrial interest. Figure 1.4, a bar plot comparing optimization and learning
techniques, shows Bayesian Optimization as the most dominant method, followed by random
search, transfer learning, and ensemble learning.

4 Motivation

While many AutoML tools automate individual components such as model selection,
hyperparameter tuning, or neural architecture search, the literature shows that fully integrated
end-to-end systems are still limited. Prior studies emphasize the need for unified platforms
that support dataset analysis, preprocessing, feature engineering, algorithm selection,
optimization, and evaluation within a single framework. Rather than evaluating an existing
implementation, this survey synthesizes common design principles from earlier work—
including meta-learning—based recommendations, efficient search strategies, modular
pipeline design, and scalable optimization—to inform the development of future AutoML
systems.

5 Research Gap Ildentified

The literature demonstrates significant progress in model selection, hyperparameter tuning,
and neural architecture search; however, these components are largely addressed in isolation
rather than as part of a unified workflow. Many existing AutoML systems struggle with
scalability, interoperability, and adaptability across diverse datasets. Consequently, there
remains a clear need for a holistic, end-to-end AutoML framework that integrates
preprocessing, feature engineering, model selection, optimization, and deployment while
ensuring efficiency, interpretability, and scalability. The research gaps identified in this
survey emerge from trends observed across the existing literature rather than from the
evaluation of a proposed system. This work does not present or assess an implemented
platform; instead, the gaps are synthesized from recurring limitations reported in prior
studies, including fragmented pipelines, limited interpretability, and scalability challenges in
NAS and hyperparameter optimization. These insights are intended to inform and guide
future research rather than describe a system evaluated in this survey.

6 Future Scope

Future research should focus on unified AutoML systems that automate the full machine
learning lifecycle while remaining efficient and interpretable. Promising directions include
hybrid frameworks that combine meta-learning, neural architecture search, and Bayesian
optimization to adapt to diverse and evolving datasets. Incorporating human-in-the-loop
strategies can improve transparency and trust, while self-supervised and foundation-model
approaches may reduce dependence on labeled data. Ultimately, the objective is scalable and
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adaptive AutoML capable of supporting real-world decision-making with minimal human
intervention.

7 Conclusion

This survey demonstrates that machine learning automation has evolved substantially, from
early algorithms and process models to modern meta-learning, neural architecture search,
and hyperparameter optimization. Nevertheless, future research must prioritize truly end-
to-end, adaptive, and scalable automation. There remains a clear need for transparent and
efficient AutoML systems that generalize across diverse datasets and support real-world
decision-making with minimal human intervention. This work is presented as a structured
literature survey; references to platform-level integration are conceptual insights derived
from existing research rather than descriptions of an implemented system.
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