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ABSTRACT
Over the last decade, the long-running endeavour to au-
tomate high-level processes in machine learning (ML) has
risen to mainstream prominence, stimulated by advances
in optimisation techniques and their impact on selecting
ML models/algorithms. Central to this drive is the appeal
of engineering a computational system that both discovers
and deploys high-performance solutions to arbitrary ML
problems with minimal human interaction. Beyond this, an
even loftier goal is the pursuit of autonomy, which describes
the capability of the system to independently adjust an ML
solution over a lifetime of changing contexts. However, these
ambitions are unlikely to be achieved in a robust manner
without the broader synthesis of various mechanisms and
theoretical frameworks, which, at the present time, remain
scattered across numerous research threads. Accordingly,
this review seeks to motivate a more expansive perspective
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wards an Integrated Framework for Autonomous Machine Learning”, Foundations and
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on what constitutes an automated/autonomous ML system,
alongside consideration of how best to consolidate those
elements. In doing so, we survey developments in the fol-
lowing research areas: hyperparameter optimisation, multi-
component models, neural architecture search, automated
feature engineering, meta-learning, multi-level ensembling,
dynamic adaptation, multi-objective evaluation, resource
constraints, flexible user involvement, and the principles
of generalisation. We also develop a conceptual framework
throughout the review, augmented by each topic, to illus-
trate one possible way of fusing high-level mechanisms into
an autonomous ML system. Ultimately, we conclude that
the notion of architectural integration deserves more discus-
sion, without which the field of automated ML risks stifling
both its technical advantages and general uptake.
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1
Introduction

The field of data science is primarily concerned with the process of
extracting information from data, often by way of fitting a mathematical
model. Data science, as an umbrella term for techniques drawn from var-
ious disciplines, is agnostic as to who or what is driving that extraction.
Indeed, while much effort has been dedicated to codifying effective work-
flows for data scientists (Fayyad et al., 1996), e.g. the Cross-Industry
Standard Process for Data Mining (CRISP-DM) (Chapman et al., 2000)
and others (Kurgan and Musilek, 2006; Studer et al., 2021), there is no
inherent restriction that forces any phase of the process to be manually
applied.

Certainly, in the modern era, one element of data mining and
analysis is almost ubiquitously automated: model training. At one
point in time, this was considered a novel advance, with computers
only just becoming capable of running model-updating algorithms, as
depicted in Figure 1.1, without human intervention. In fact, this form
of automation was considered such a paradigm shift that it birthed the
term ‘machine learning’ (ML) in the 1950s (Samuel, 1959), provoked
debate on its “moral and technical consequences” (Wiener, 1960; Samuel,
1960), and merged into the evolution of modern data analysis (Tukey,

3
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4 Introduction

1962). Advances since then, both fundamental and technological, have
all but cemented computational dominance for model training.

Data

ResponsesQueries
ML Model

.fit()

.predict()

ML Algorithm

Figure 1.1: A simple representation of a machine learning (ML) model, which takes
in user queries and outputs responses. The ML model is tuned by an ML algorithm,
which processes training data.

Now, more than 60 years beyond the dawn of ML, associated tech-
niques and technologies have diffused through society at large. While
advances in graphics processing units (GPUs) and big data architectures
are credited with popularising deep neural networks (DNNs), abun-
dant black-box implementations of the backpropagation method have
also played their part. In effect, the need for human expertise to de-
velop complex inferential models has been lessened, and the last decade
has consequently witnessed data science moving towards democratisa-
tion (Bond et al., 2019). The 2012 journal article that is frequently
credited with kicking off the DNN era sums it up well: “What many in
the vision research community failed to appreciate was that methods
that require careful hand-engineering by a programmer who understands
the domain do not scale as well as methods that replace the programmer
with a powerful general-purpose learning procedure.” (Krizhevsky et al.,
2012)

Despite all this, common practice has not yet seen widespread
mechanisation along the rest of the data science chain (Vega et al.,
2019). Granted, given a specific choice of model, it is routine to train,
validate and deploy the model on clean and informative datasets with
‘fit’ and ‘predict’ functionality, depicted in Figure 1.1, that is provided by
numerous coding packages. However, even within the model-development
phase, the typical data scientist still has to select a model, an evaluation
metric and a training/validation strategy, all subject to human bias.
Once the entire ML workflow is considered, shown at high level in

Full text available at: http://dx.doi.org/10.1561/2200000093
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Figure 1.2: Schematic of the workflow involved in designing, constructing, deploying
and maintaining an ML model. Crucially, monitoring and maintenance are required
to enable continuous learning, a prerequisite for autonomous machine learning
(AutonoML).

Figure 1.2, it becomes even more clear just how much an ML application
relies on manual operations, which is not ideal. The data-engineering
phase, for instance, is a notorious time sink for human involvement (Cios
and Kurgan, 2005; Kurgan and Musilek, 2006).

The field of ‘automated machine learning’ (AutoML) (Hutter et al.,
2019; Yao et al., 2018; He et al., 2019; Zöller and Huber, 2021; Balaji
and Allen, 2018; Truong et al., 2019) has firmly established itself in
recent years as a response to this; AutoML endeavours to continue
mechanising the workflow of ML-based operations. It is motivated by
the idea that reducing dependencies on human effort and expertise will,
as a non-exhaustive list,

• make ML and its benefits more accessible to the general public,

• improve the efficiency and speed of finding ML solutions,

• improve the quality and consistency of ML solutions,

• enforce a systematic application of sound and robust ML method-
ologies,

• enable quick deployment and reuse of ML methodologies,

Full text available at: http://dx.doi.org/10.1561/2200000093



6 Introduction

• compartmentalise complexity to reduce the potential for human
error, and

• divert human resources to more productive roles.

In fairness, the field as a whole must also grapple with the risks of
automation, including,

• increased obscuration of ML technical debt (Sculley et al., 2015),

• inappropriate or unethical usage as a result of ML illiteracy (Bond
et al., 2019),

• interpretability issues in high-stakes contexts (Rudin, 2019), and

• adverse socio-economic impacts such as job displacement (Wang
and Siau, 2019).

These are complex topics that are deserving of their own extensive
discussions.

In this review, we focus primarily on the technical aspects of AutoML.
Specifically, we motivate and discuss synthesising major threads of
existing AutoML research into a general integrated framework. Unlike
other published reviews, we also broaden the scope to capture adjacent
research that has been, to date, barely or not at all associated with the
AutoML label, particularly in recent scientific literature. In effect, the
aim of this review is to help inspire the evolution of AutoML towards
‘autonomous machine learning’ (AutonoML), where architectures are
able to independently design, construct, deploy, and maintain ML models
to solve specific problems, ideally limiting human involvement to task
setup and the provision of expert knowledge. That does not mean that
humans should be excluded from ML-based decision making, and there
is certainly a necessary debate to be had about degrees of autonomy
that are appropriate in various contexts. However, for the cases where
society judges the benefits of automation outweigh the disadvantages,
it is worth considering how AutonoML may be achieved.

Importantly, we do not profess the optimality of any particular
AutonoML architecture. Given the breadth and malleability of the field,
it is unlikely that any one framework proposal will perfectly subsume all

Full text available at: http://dx.doi.org/10.1561/2200000093
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existing AutoML systems, let alone future advances. On the other hand,
the merits and challenges of integration are best discussed with reference
to concrete schematics. Thus, the literature survey in this monograph
is accompanied by the graduated development of a conceptual frame-
work, exemplifying the potential interplay between various elements
of AutonoML. As a necessity, Section 2 lays the initial groundwork
for this example architecture by considering the fundamentals of ML,
abstracting and encapsulating them as the lowest level of automatic
operations; this is where the ‘fit’ and ‘predict’ functionality displayed
in Figure 1.1 resides.

The survey of AutoML begins in earnest within Section 3, which
discusses the role of optimisation in automating the selection of an ML
model/algorithm and associated hyperparameters. Section 4 then dis-
cards an assumption that the ML model need be monolithic, reviewing
optimisation research for extended pipelines of data operators. This
generalisation enables Section 5 to examine the optimisation of neural
architectures specifically, while Section 6 focusses on the pre-processing
elements of an ML pipeline, exploring the automation of feature engi-
neering. Subsequently, Section 7 investigates how model search can be
upgraded by meta-knowledge, leveraging information from external ML
experiments, while Section 8 identifies the importance of ensembles and
discusses how their management can be mechanised.

Notably, in terms of the ML workflow shown by Figure 1.2, the
previously listed six sections focus heavily on the model-development
phase – with a touch of data engineering – because this is the space
in which the majority of AutoML research exists. Nonetheless, recent
times have witnessed a significant broadening of scope along the entire
workflow, and the next five sections document current research per-
spectives on the role of automation with respect to model deployment,
model maintenance, and even problem formulation.

Thus, the paradigm of AutonoML is finally introduced in Section 9,
defined by the ability to adapt models within dynamic contexts. This
stimulates an examination within Section 10 of how the quality of any
one solution should even be determined. Section 11 then examines the
challenge of automating operations in low-resource settings, while Sec-
tion 12 reviews efforts to reintegrate expert knowledge and user control

Full text available at: http://dx.doi.org/10.1561/2200000093



8 Introduction

back into autonomous systems. The survey ends with an acknowledge-
ment in Section 13 of the drive towards one-size-fits-all AutonoML,
i.e. the quest for general applicability. Finally, Section 14 concludes
with a discussion on the overarching technical challenges of integration,
while remaining cognisant of the fact that understanding and fostering
general engagement with resulting technologies are complex endeavours
in their own right.

Full text available at: http://dx.doi.org/10.1561/2200000093



References

5th Planning to Learn Workshop WS28 at ECAI 2012. (2012). Ed. by
J. Vanschoren, P. Brazdil, and J.-U. Kietz. Citeseer.

Aalst, W. M. P. van der. (1998). “The Application of Petri Nets to Work-
flow Management”. Journal of Circuits, Systems and Computers.
08(01): 21–66. doi: 10.1142/s0218126698000043.

Abdulrahman, S. (2017). “Improving Algorithm Selection Methods
using Meta-Learning by Considering Accuracy and Run Time”. PhD
thesis. Faculdade de Economia da Universidade do Porto.

Abdulrahman, S. M., A. Adamu, Y. A. Ibrahim, and A. R. Muham-
mad. (2017). “An Overview of the Algorithm Selection Problem”.
International Journal of Computer (IJC). 26(1): 71–98.

Agasiev, T. and A. Karpenko. (2017). “The Program System for Au-
tomated Parameter Tuning of Optimization Algorithms”. Procedia
Computer Science. 103: 347–354. doi: 10.1016/j.procs.2017.01.120.

Aha, D. W. (1992). “Generalizing from Case Studies: A Case Study”. In:
Machine Learning Proceedings 1992. Elsevier. 1–10. doi: 10.1016/
b978-1-55860-247-2.50006-1.

Ahn, L. von, B. Maurer, C. McMillen, D. Abraham, and M. Blum.
(2008). “reCAPTCHA: Human-Based Character Recognition via
Web Security Measures”. Science. 321(5895): 1465–1468. doi: 10.
1126/science.1160379.

126

Full text available at: http://dx.doi.org/10.1561/2200000093

https://doi.org/10.1142/s0218126698000043
https://doi.org/10.1016/j.procs.2017.01.120
https://doi.org/10.1016/b978-1-55860-247-2.50006-1
https://doi.org/10.1016/b978-1-55860-247-2.50006-1
https://doi.org/10.1126/science.1160379
https://doi.org/10.1126/science.1160379


References 127

Alanne, K. and S. Sierla. (2022). “An overview of machine learning
applications for smart buildings”. Sustainable Cities and Society. 76:
103445. doi: 10.1016/j.scs.2021.103445.

Alexandre, F. (2016). “Beyond Machine Learning: Autonomous Learn-
ing”. In: Proceedings of the 8th International Joint Conference on
Computational Intelligence. SCITEPRESS - Science and Technology
Publications. doi: 10.5220/0006090300970101.

Ali, A. R., M. Budka, and B. Gabrys. (2015). “A Review of Meta-level
Learning in the Context of Multi-component, Multi-level Evolving
Prediction Systems”. en. Tech. rep. Bournemouth University. doi:
10.13140/RG.2.2.32797.54243.

Ali, A. R., M. Budka, and B. Gabrys. (2019). “Towards Meta-learning
of Deep Architectures for Efficient Domain Adaptation”. In: PRI-
CAI 2019: Trends in Artificial Intelligence. Springer International
Publishing. 66–79. doi: 10.1007/978-3-030-29911-8_6.

Ali, A. R., B. Gabrys, and M. Budka. (2018). “Cross-domain Meta-
learning for Time-series Forecasting”. Procedia Computer Science.
126: 9–18. doi: 10.1016/j.procs.2018.07.204.

Ali, S. and K. A. Smith-Miles. (2006). “A meta-learning approach to
automatic kernel selection for support vector machines”. Neurocom-
puting. 70(1-3): 173–186. doi: 10.1016/j.neucom.2006.03.004.

Ali, Y., E. Awwad, M. Al-Razgan, and A. Maarouf. (2023). “Hyper-
parameter Search for Machine Learning Algorithms for Optimiz-
ing the Computational Complexity”. Processes. 11(2): 349. doi:
10.3390/pr11020349.

Alletto, S., S. Huang, V. Francois-Lavet, Y. Nakata, and G. Rabusseau.
(2020). “RandomNet: Towards Fully Automatic Neural Architec-
ture Design for Multimodal Learning”. ArXiv. arXiv: 2003.01181
[cs.LG].

Almeida, E., C. Ferreira, and J. Gama. (2013). “Adaptive Model Rules
from Data Streams”. In: Advanced Information Systems Engineering.
Springer Berlin Heidelberg. 480–492. doi: 10.1007/978-3-642-40988-
2_31.

Full text available at: http://dx.doi.org/10.1561/2200000093

https://doi.org/10.1016/j.scs.2021.103445
https://doi.org/10.5220/0006090300970101
https://doi.org/10.13140/RG.2.2.32797.54243
https://doi.org/10.1007/978-3-030-29911-8_6
https://doi.org/10.1016/j.procs.2018.07.204
https://doi.org/10.1016/j.neucom.2006.03.004
https://doi.org/10.3390/pr11020349
https://arxiv.org/abs/2003.01181
https://arxiv.org/abs/2003.01181
https://doi.org/10.1007/978-3-642-40988-2_31
https://doi.org/10.1007/978-3-642-40988-2_31


128 References

Alsharef, A., K. Aggarwal, Sonia, M. Kumar, and A. Mishra. (2022).
“Review of ML and AutoML Solutions to Forecast Time-Series
Data”. Archives of Computational Methods in Engineering. 29(7):
5297–5311. doi: 10.1007/s11831-022-09765-0.

Anderson, A., S. Dubois, A. Cuesta-infante, and K. Veeramachaneni.
(2017). “Sample, Estimate, Tune: Scaling Bayesian Auto-Tuning of
Data Science Pipelines”. In: 2017 IEEE International Conference
on Data Science and Advanced Analytics (DSAA). IEEE. doi: 10.
1109/dsaa.2017.82.

Anderson, A. W. (2017). “Deep Mining: scaling Bayesian auto-tuning
of data science pipelines”. PhD thesis. Massachusetts Institute of
Technology.

Anderson, M. R., D. Antenucci, and M. J. Cafarella. (2016). “Run-
time Support for Human-in-the-Loop Feature Engineering Systems”.
IEEE Data Eng. Bull. 39: 62–84.

Andrychowicz, M., M. Denil, S. Gómez, M. W. Hoffman, D. Pfau, T.
Schaul, B. Shillingford, and N. de Freitas. (2016). “Learning to learn
by gradient descent by gradient descent”. In: Advances in Neural
Information Processing Systems. Ed. by D. Lee, M. Sugiyama, U.
Luxburg, I. Guyon, and R. Garnett. Vol. 29. Curran Associates, Inc.
3981–3989. url: https://proceedings.neurips.cc/paper/2016/file/
fb87582825f9d28a8d42c5e5e5e8b23d-Paper.pdf.

Angelov, P. and N. Kasabov. (2005). “Evolving computational intelli-
gence systems”. In: Proceedings of the 1st international workshop
on genetic fuzzy systems. 76–82.

Anonymous. (2013). “Kaggle vs. Auto-WEKA”. url: https://www.cs.
ubc.ca/~nando/540-2013/projects/p21.pdf.

Bach, S. H. and M. A. Maloof. (2008). “Paired Learners for Concept
Drift”. In: 2008 Eighth IEEE International Conference on Data
Mining. IEEE. doi: 10.1109/icdm.2008.119.

Baena-Garcıa, M., J. del Campo-Ávila, R. Fidalgo, A. Bifet, R. Gavalda,
and R. Morales-Bueno. (2006). “Early drift detection method”. In:
Fourth international workshop on knowledge discovery from data
streams. Vol. 6. 77–86.

Full text available at: http://dx.doi.org/10.1561/2200000093

https://doi.org/10.1007/s11831-022-09765-0
https://doi.org/10.1109/dsaa.2017.82
https://doi.org/10.1109/dsaa.2017.82
https://proceedings.neurips.cc/paper/2016/file/fb87582825f9d28a8d42c5e5e5e8b23d-Paper.pdf
https://proceedings.neurips.cc/paper/2016/file/fb87582825f9d28a8d42c5e5e5e8b23d-Paper.pdf
https://www.cs.ubc.ca/~nando/540-2013/projects/p21.pdf
https://www.cs.ubc.ca/~nando/540-2013/projects/p21.pdf
https://doi.org/10.1109/icdm.2008.119


References 129

Bagnall, A. and G. C. Cawley. (2017). “On the Use of Default Parameter
Settings in the Empirical Evaluation of Classification Algorithms”.
ArXiv. arXiv: 1703.06777v1 [cs.LG].

Bahri, M., F. Salutari, A. Putina, and M. Sozio. (2022). “AutoML:
state of the art with a focus on anomaly detection, challenges, and
research directions”. International Journal of Data Science and
Analytics. 14(2): 113–126. doi: 10.1007/s41060-022-00309-0.

Baker, B., O. Gupta, N. Naik, and R. Raskar. (2017). “Designing Neu-
ral Network Architectures using Reinforcement Learning”. In: 5th
International Conference on Learning Representations, ICLR 2017,
Toulon, France, April 24-26, 2017, Conference Track Proceedings.
url: https://openreview.net/forum?id=S1c2cvqee.

Bakirov, R., B. Gabrys, and D. Fay. (2015). “On sequences of different
adaptive mechanisms in non-stationary regression problems”. In:
2015 International Joint Conference on Neural Networks (IJCNN).
IEEE. doi: 10.1109/ijcnn.2015.7280779.

Bakirov, R., B. Gabrys, and D. Fay. (2017). “Multiple adaptive mecha-
nisms for data-driven soft sensors”. Computers & Chemical Engi-
neering. 96: 42–54. doi: 10.1016/j.compchemeng.2016.08.017.

Bakirov, R., B. Gabrys, and D. Fay. (2018). “Generic adaptation strate-
gies for automated machine learning”. ArXiv. arXiv: 1812.10793v2
[cs.LG].

Balaji, A. and A. Allen. (2018). “Benchmarking Automatic Machine
Learning Frameworks”. ArXiv. arXiv: 1808.06492v1 [cs.LG].

Bardenet, R., M. Brendel, B. Kégl, and M. Sebag. (2013). “Collaborative
hyperparameter tuning”. In: International conference on machine
learning. 199–207.

Barreiro, E., C. R. Munteanu, M. Cruz-Monteagudo, A. Pazos, and H.
González-Díaz. (2018). “Net-Net Auto Machine Learning (AutoML)
Prediction of Complex Ecosystems”. Scientific Reports. 8(1). doi:
10.1038/s41598-018-30637-w.

Bengio, Y. (2000). “Gradient-Based Optimization of Hyperparam-
eters”. Neural Computation. 12(8): 1889–1900. doi: 10 . 1162 /
089976600300015187.

Full text available at: http://dx.doi.org/10.1561/2200000093

https://arxiv.org/abs/1703.06777v1
https://doi.org/10.1007/s41060-022-00309-0
https://openreview.net/forum?id=S1c2cvqee
https://doi.org/10.1109/ijcnn.2015.7280779
https://doi.org/10.1016/j.compchemeng.2016.08.017
https://arxiv.org/abs/1812.10793v2
https://arxiv.org/abs/1812.10793v2
https://arxiv.org/abs/1808.06492v1
https://doi.org/10.1038/s41598-018-30637-w
https://doi.org/10.1162/089976600300015187
https://doi.org/10.1162/089976600300015187


130 References

Bennett, K. P., G. Kunapuli, J. Hu, and J.-S. Pang. (2008). “Bilevel
Optimization and Machine Learning”. In: IEEE World Congress on
Computational Intelligence. Springer. Springer Berlin Heidelberg.
25–47. doi: 10.1007/978-3-540-68860-0_2.

Bensusan, H. (1998). “God doesn’t always shave with Occam’s razor —
Learning when and how to prune”. In: Machine Learning: ECML-98.
Springer Berlin Heidelberg. 119–124. doi: 10.1007/bfb0026680.

Bergstra, J. and Y. Bengio. (2012). “Random search for hyper-parameter
optimization”. Journal of machine learning research. 13(Feb): 281–
305.

Bergstra, J., B. Komer, C. Eliasmith, and D. Warde-Farley. (2014).
“Preliminary evaluation of hyperopt algorithms on HPOLib”. In:
ICML workshop on AutoML.

Bergstra, J., D. Yamins, and D. Cox. (2013). “Hyperopt: A Python
Library for Optimizing the Hyperparameters of Machine Learning
Algorithms”. In: Proceedings of the 12th Python in Science Confer-
ence. SciPy. doi: 10.25080/majora-8b375195-003.

Bergstra, J. S., R. Bardenet, Y. Bengio, and B. Kégl. (2011). “Algo-
rithms for hyper-parameter optimization”. In: Advances in neural
information processing systems. 2546–2554.

Bermúdez-Chacón, R., G. H. Gonnet, and K. Smith. (2015). “Automatic
problem-specific hyperparameter optimization and model selection
for supervised machine learning”. en. Tech. rep. Zürich: ETH Zurich.
doi: 10.3929/ethz-a-010558061.

Biamonte, J., P. Wittek, N. Pancotti, P. Rebentrost, N. Wiebe, and
S. Lloyd. (2017). “Quantum machine learning”. Nature. 549(7671):
195–202. doi: 10.1038/nature23474.

Bifet, A., G. Holmes, R. Kirkby, and B. Pfahringer. (2010). “MOA:
Massive online analysis”. Journal of Machine Learning Research.
11(May): 1601–1604.

Bilalli, B. (2018). “Learning the impact of data pre-processing in data
analysis”. PhD thesis. Universitat Politècnica de Catalunya.

Full text available at: http://dx.doi.org/10.1561/2200000093

https://doi.org/10.1007/978-3-540-68860-0_2
https://doi.org/10.1007/bfb0026680
https://doi.org/10.25080/majora-8b375195-003
https://doi.org/10.3929/ethz-a-010558061
https://doi.org/10.1038/nature23474


References 131

Bilalli, B., A. Abelló, T. Aluja-Banet, R. F. Munir, and R. Wrembel.
(2018). “PRESISTANT: Data Pre-processing Assistant”. In: Inter-
national Conference on Advanced Information Systems Engineering.
Springer International Publishing. 57–65. doi: 10.1007/978-3-319-
92901-9_6.

Bischl, B., G. Casalicchio, M. Feurer, F. Hutter, M. Lang, R. G. Manto-
vani, J. N. van Rijn, and J. Vanschoren. (2017a). “OpenML Bench-
marking Suites”. ArXiv. arXiv: 1708.03731 [stat.ML].

Bischl, B., J. Richter, J. Bossek, D. Horn, J. Thomas, and M. Lang.
(2017b). “mlrMBO: A Modular Framework for Model-Based Opti-
mization of Expensive Black-Box Functions”. ArXiv. arXiv: 1703.
03373v3 [stat.ML].

Blum, A. L. and P. Langley. (1997). “Selection of relevant features
and examples in machine learning”. Artificial Intelligence. 97(1-2):
245–271. doi: 10.1016/s0004-3702(97)00063-5.

Bond, R., A. Koene, A. Dix, J. Boger, M. D. Mulvenna, M. Galushka,
B. W. Bradley, F. Browne, H. Wang, and A. Wong. (2019). “Demo-
cratisation of Usable Machine Learning in Computer Vision”. ArXiv.
Feb. arXiv: 1902.06804v1 [cs.CV].

Bosch, S. van den. (2017). “Automatic feature generation and selection
in predictive analytics solutions”. MA thesis. Radboud University.

Bouchachia, A., B. Gabrys, and Z. Sahel. (2007). “Overview of Some
Incremental Learning Algorithms”. In: 2007 IEEE International
Fuzzy Systems Conference. IEEE. doi: 10.1109/fuzzy.2007.4295640.

Brazdil, P. and C. Giraud-Carrier. (2017). “Metalearning and Algorithm
Selection: progress, state of the art and introduction to the 2018
Special Issue”. Machine Learning. 107(1): 1–14. doi: 10.1007/s10994-
017-5692-y.

Brazdil, P. B., C. Soares, and J. P. da Costa. (2003). “Ranking Learn-
ing Algorithms: Using IBL and Meta-Learning on Accuracy and
Time Results”. Machine Learning. 50(3): 251–277. doi: 10.1023/a:
1021713901879.

Brazdil, P. (1998). “Data transformation and model selection by ex-
perimentation and meta-learning”. In: Proceedings of the ECML-98
Workshop on Upgrading Learning to Meta-Level: Model Selection
and Data Transformation. 11–17.

Full text available at: http://dx.doi.org/10.1561/2200000093

https://doi.org/10.1007/978-3-319-92901-9_6
https://doi.org/10.1007/978-3-319-92901-9_6
https://arxiv.org/abs/1708.03731
https://arxiv.org/abs/1703.03373v3
https://arxiv.org/abs/1703.03373v3
https://doi.org/10.1016/s0004-3702(97)00063-5
https://arxiv.org/abs/1902.06804v1
https://doi.org/10.1109/fuzzy.2007.4295640
https://doi.org/10.1007/s10994-017-5692-y
https://doi.org/10.1007/s10994-017-5692-y
https://doi.org/10.1023/a:1021713901879
https://doi.org/10.1023/a:1021713901879


132 References

Breiman, L. (2001). “Statistical Modeling: The Two Cultures (with
comments and a rejoinder by the author)”. Statistical Science. 16(3):
199–231. doi: 10.1214/ss/1009213726.

Brochu, E., V. M. Cora, and N. de Freitas. (2010). “A Tutorial on
Bayesian Optimization of Expensive Cost Functions, with Appli-
cation to Active User Modeling and Hierarchical Reinforcement
Learning”. ArXiv. arXiv: 1012.2599v1 [cs.LG].

Brown, A. L. and M. J. Kane. (1988). “Preschool children can learn to
transfer: Learning to learn and learning from example”. Cognitive
Psychology. 20(4): 493–523. doi: 10.1016/0010-0285(88)90014-x.

Budka, M. and B. Gabrys. (2013). “Density-Preserving Sampling: Ro-
bust and Efficient Alternative to Cross-Validation for Error Estima-
tion”. IEEE Transactions on Neural Networks and Learning Systems.
24(1): 22–34. doi: 10.1109/tnnls.2012.2222925.

Budka, M. and B. Gabrys. (2010). “Correntropy-based density-
preserving data sampling as an alternative to standard cross-
validation”. In: The 2010 International Joint Conference on Neural
Networks (IJCNN). IEEE. doi: 10.1109/ijcnn.2010.5596717.

Budka, M., B. Gabrys, and K. Musial. (2011). “On Accuracy of PDF Di-
vergence Estimators and Their Applicability to Representative Data
Sampling”. Entropy. 13(7): 1229–1266. doi: 10.3390/e13071229.

Cachada, M., S. Abdulrahman, and P. Brazdil. (2017). “Combining
Feature and Algorithm Hyperparameter Selection using some Met-
alearning Methods”. In: AutoML@PKDD/ECML.

Cacoveanu, S., C. Vidrighin, and R. Potolea. (2009). “Evolutional meta-
learning framework for automatic classifier selection”. In: 2009 IEEE
5th International Conference on Intelligent Computer Communica-
tion and Processing. IEEE. 27–30. doi: 10.1109/iccp.2009.5284790.

Cai, H., L. Zhu, and S. Han. (2019). “ProxylessNAS: Direct Neural
Architecture Search on Target Task and Hardware”. In: 7th Inter-
national Conference on Learning Representations, ICLR 2019, New
Orleans, LA, USA, May 6-9, 2019. url: https://openreview.net/
forum?id=HylVB3AqYm.

Full text available at: http://dx.doi.org/10.1561/2200000093

https://doi.org/10.1214/ss/1009213726
https://arxiv.org/abs/1012.2599v1
https://doi.org/10.1016/0010-0285(88)90014-x
https://doi.org/10.1109/tnnls.2012.2222925
https://doi.org/10.1109/ijcnn.2010.5596717
https://doi.org/10.3390/e13071229
https://doi.org/10.1109/iccp.2009.5284790
https://openreview.net/forum?id=HylVB3AqYm
https://openreview.net/forum?id=HylVB3AqYm


References 133

Camilleri, M., F. Neri, and M. Papoutsidakis. (2014). “An algorith-
mic approach to parameter selection in machine learning using
meta-optimization techniques”. WSEAS Transactions on systems.
13(2014): 202–213.

Caruana, R., A. Niculescu-Mizil, G. Crew, and A. Ksikes. (2004). “En-
semble selection from libraries of models”. In: Twenty-first inter-
national conference on Machine learning - ICML ’04. ACM Press.
doi: 10.1145/1015330.1015432.

Celik, B., P. Singh, and J. Vanschoren. (2022). “Online AutoML: an
adaptive AutoML framework for online learning”. Machine Learning.
112(6): 1897–1921. doi: 10.1007/s10994-022-06262-0.

Celik, B. and J. Vanschoren. (2021). “Adaptation Strategies for Auto-
mated Machine Learning on Evolving Data”. IEEE Transactions
on Pattern Analysis and Machine Intelligence. arXiv: 2006.06480v1
[cs.LG].

Chan, P. K. and S. J. Stolfo. (1993). “Experiments on multistrategy
learning by meta-learning”. In: Proceedings of the second inter-
national conference on Information and knowledge management -
CIKM ’93. ACM Press. doi: 10.1145/170088.170160.

Chan, S., P. Treleaven, and L. Capra. (2013). “Continuous hyperparam-
eter optimization for large-scale recommender systems”. In: 2013
IEEE International Conference on Big Data. IEEE. doi: 10.1109/
bigdata.2013.6691595.

Chandola, V., A. Banerjee, and V. Kumar. (2009). “Anomaly detection:
A survey”. ACM Computing Surveys. 41(3): 1–58. doi: 10.1145/
1541880.1541882.

Chapman, P., J. Clinton, R. Kerber, T. Khabaza, T. Reinartz, C.
Shearer, and R. Wirth. (2000). CRISP-DM 1.0: Step-by-step data
mining guide. SPSS.

Charnes, A., W. Cooper, and E. Rhodes. (1978). “Measuring the effi-
ciency of decision making units”. European Journal of Operational
Research. 2(6): 429–444. doi: 10.1016/0377-2217(78)90138-8.

Chekina, L., L. Rokach, and B. Shapira. (2011). “Meta-learning for
Selecting a Multi-label Classification Algorithm”. In: 2011 IEEE
11th International Conference on Data Mining Workshops. IEEE.
doi: 10.1109/icdmw.2011.118.

Full text available at: http://dx.doi.org/10.1561/2200000093

https://doi.org/10.1145/1015330.1015432
https://doi.org/10.1007/s10994-022-06262-0
https://arxiv.org/abs/2006.06480v1
https://arxiv.org/abs/2006.06480v1
https://doi.org/10.1145/170088.170160
https://doi.org/10.1109/bigdata.2013.6691595
https://doi.org/10.1109/bigdata.2013.6691595
https://doi.org/10.1145/1541880.1541882
https://doi.org/10.1145/1541880.1541882
https://doi.org/10.1016/0377-2217(78)90138-8
https://doi.org/10.1109/icdmw.2011.118


134 References

Chen, B., H. Wu, W. Mo, I. Chattopadhyay, and H. Lipson. (2018).
“Autostacker: A compositional evolutionary learning system”. In:
Proceedings of the Genetic and Evolutionary Computation Confer-
ence - GECCO ’18. ACM Press. doi: 10.1145/3205455.3205586.

Cheng, J. and M. S. Bernstein. (2015). “Flock: Hybrid Crowd-Machine
Learning Classifiers”. In: Proceedings of the 18th ACM Conference
on Computer Supported Cooperative Work & Social Computing -
CSCW ’15. ACM Press. doi: 10.1145/2675133.2675214.

Cheng, W., G. Kasneci, T. Graepel, D. Stern, and R. Herbrich. (2011).
“Automated feature generation from structured knowledge”. In:
Proceedings of the 20th ACM international conference on Infor-
mation and knowledge management - CIKM ’11. ACM Press. doi:
10.1145/2063576.2063779.

Chowdhary, M., D. Lilienthal, S. S. Saha, and K. C. Palle. (2023).
“AutoML for On-Sensor Tiny Machine Learning”. IEEE Sensors
Letters. 7(11): 1–4. doi: 10.1109/lsens.2023.3327914.

Cios, K. J. and L. A. Kurgan. (2005). “Trends in Data Mining and
Knowledge Discovery”. In: Advanced Information and Knowledge
Processing. Springer London. 1–26. doi: 10.1007/1-84628-183-0_1.

Claesen, M. and B. De Moor. (2015). “Hyperparameter search in ma-
chine learning”. eng. In: vol. abs/1502.02127. 1–5. url: https://
lirias.kuleuven.be/retrieve/314688D14-188.pdf.

Clemen, R. T. (1989). “Combining forecasts: A review and annotated
bibliography”. International Journal of Forecasting. 5(4): 559–583.
doi: 10.1016/0169-2070(89)90012-5.

Cochran, D., M. Roe, C. Goudar, B. Martyn, M. Das, P. Uppuluri,
S. Lennon, B. Panda, S. King, L. Dolan, et al. (2018). “A methodol-
ogy for automated feature engineering in training of shallow neural
networks for prediction of multi-linear growth failures (“Nova Algo-
rithm”)”. Technical Disclosure Commons.

ConversionLogic. (2016). “Whitepaper: Multi-Stage Ensemble and Fea-
ture Engineering”. Tech. rep. ConversionLogic.

Full text available at: http://dx.doi.org/10.1561/2200000093

https://doi.org/10.1145/3205455.3205586
https://doi.org/10.1145/2675133.2675214
https://doi.org/10.1145/2063576.2063779
https://doi.org/10.1109/lsens.2023.3327914
https://doi.org/10.1007/1-84628-183-0_1
https://lirias.kuleuven.be/retrieve/314688D14-188.pdf
https://lirias.kuleuven.be/retrieve/314688D14-188.pdf
https://doi.org/10.1016/0169-2070(89)90012-5


References 135

Cowen-Rivers, A. I., W. Lyu, R. Tutunov, Z. Wang, A. Grosnit, R. R.
Griffiths, A. M. Maraval, H. Jianye, J. Wang, J. Peters, and H. Bou-
Ammar. (2022). “HEBO: An Empirical Study of Assumptions in
Bayesian Optimisation”. Journal of Artificial Intelligence Research.
74: 1269–1349. doi: 10.1613/jair.1.13643.

Crankshaw, D., G.-E. Sela, C. Zumar, X. Mo, J. E. Gonzalez, I. Sto-
ica, and A. Tumanov. (2018). “InferLine: ML Inference Pipeline
Composition Framework”. ArXiv. arXiv: 1812.01776v1 [cs.DC].

Cui, C., M. Hu, J. D. Weir, and T. Wu. (2016). “A recommendation
system for meta-modeling: A meta-learning based approach”. Expert
Systems with Applications. 46: 33–44. doi: 10.1016/j.eswa.2015.10.
021.

Cui, H., G. R. Ganger, and P. B. Gibbons. (2018). “MLtuner: System
Support for Automatic Machine Learning Tuning”. ArXiv. arXiv:
1803.07445v1 [cs.LG].

Culotta, A., T. Kristjansson, A. McCallum, and P. Viola. (2006). “Cor-
rective feedback and persistent learning for information extraction”.
Artificial Intelligence. 170(14-15): 1101–1122. doi: 10.1016/j.artint.
2006.08.001.

Deb, K., A. Pratap, S. Agarwal, and T. Meyarivan. (2002). “A fast and
elitist multiobjective genetic algorithm: NSGA-II”. IEEE Transac-
tions on Evolutionary Computation. 6(2): 182–197. doi: 10.1109/
4235.996017.

Dewancker, I., M. McCourt, S. Clark, P. Hayes, A. Johnson, and G. Ke.
(2016). “A strategy for ranking optimization methods using multiple
criteria”. In: Workshop on Automatic Machine Learning. 11–20.

Dey, N., A. E. Hassanien, C. Bhatt, A. S. Ashour, and S. C. Satapathy,
eds. (2018). Internet of Things and Big Data Analytics Toward
Next-Generation Intelligence. Springer International Publishing. doi:
10.1007/978-3-319-60435-0.

Diveev, A., S. Konstantinov, and E. Sofronova. (2018). “A Comparison
of Evolutionary Algorithms and Gradient-based Methods for the
Optimal Control Problem”. In: 2018 5th International Conference
on Control, Decision and Information Technologies (CoDIT). IEEE.
doi: 10.1109/codit.2018.8394805.

Full text available at: http://dx.doi.org/10.1561/2200000093

https://doi.org/10.1613/jair.1.13643
https://arxiv.org/abs/1812.01776v1
https://doi.org/10.1016/j.eswa.2015.10.021
https://doi.org/10.1016/j.eswa.2015.10.021
https://arxiv.org/abs/1803.07445v1
https://doi.org/10.1016/j.artint.2006.08.001
https://doi.org/10.1016/j.artint.2006.08.001
https://doi.org/10.1109/4235.996017
https://doi.org/10.1109/4235.996017
https://doi.org/10.1007/978-3-319-60435-0
https://doi.org/10.1109/codit.2018.8394805


136 References

Domhan, T., J. T. Springenberg, and F. Hutter. (2015). “Speeding up
automatic hyperparameter optimization of deep neural networks by
extrapolation of learning curves”. In: Twenty-Fourth International
Joint Conference on Artificial Intelligence.

Dong, X., D. J. Kedziora, K. Musial, and B. Gabrys. (2021). “Automated
Deep Learning: Neural Architecture Search Is Not the End”. ArXiv.
doi: 10.48550/ARXIV.2112.09245.

Dong, X., L. Liu, K. Musial, and B. Gabrys. (2020a). “NATS-Bench:
Benchmarking NAS Algorithms for Architecture Topology and Size”.
IEEE Transactions on Pattern Analysis and Machine Intelligence.
Aug.: 1–1. doi: 10.1109/tpami.2021.3054824.

Dong, X., M. Tan, A. W. Yu, D. Peng, B. Gabrys, and Q. V. Le.
(2020b). “AutoHAS: Efficient Hyperparameter and Architecture
Search”. ArXiv. arXiv: 2006.03656 [cs.CV].

Dong, X. and Y. Yang. (2019). “Searching for a Robust Neural Ar-
chitecture in Four GPU Hours”. In: 2019 IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR). IEEE. doi:
10.1109/cvpr.2019.00186.

Dor, O. and Y. Reich. (2012). “Strengthening learning algorithms by
feature discovery”. Information Sciences. 189: 176–190. doi: 10.
1016/j.ins.2011.11.039.

Drori, I., Y. Krishnamurthy, R. Rampin, R. Lourenço, J. One, K. Cho, C.
Silva, and J. Freire. (2018). “AlphaD3M: Machine learning pipeline
synthesis”. In: AutoML Workshop at ICML.

Drozdal, J., J. Weisz, D. Wang, G. Dass, B. Yao, C. Zhao, M. Muller,
L. Ju, and H. Su. (2020). “Trust in AutoML: exploring information
needs for establishing trust in automated machine learning systems”.
In: Proceedings of the 25th International Conference on Intelligent
User Interfaces. ACM. 297–307. doi: 10.1145/3377325.3377501.
arXiv: 2001.06509v1 [cs.LG].

Dubois, S. (2015). “Deep mining: Copula-based hyper-parameter op-
timization for machine learning pipelines”. MA thesis. École poly-
technique - Massachusetts Institute of Technology.

Full text available at: http://dx.doi.org/10.1561/2200000093

https://doi.org/10.48550/ARXIV.2112.09245
https://doi.org/10.1109/tpami.2021.3054824
https://arxiv.org/abs/2006.03656
https://doi.org/10.1109/cvpr.2019.00186
https://doi.org/10.1016/j.ins.2011.11.039
https://doi.org/10.1016/j.ins.2011.11.039
https://doi.org/10.1145/3377325.3377501
https://arxiv.org/abs/2001.06509v1


References 137

Dunner, C., T. Parnell, K. Atasu, M. Sifalakis, and H. Pozidis. (2017).
“Understanding and optimizing the performance of distributed ma-
chine learning applications on apache spark”. In: 2017 IEEE Inter-
national Conference on Big Data (Big Data). IEEE. doi: 10.1109/
bigdata.2017.8257942.

Dura-Bernal, S., B. A. Suter, P. Gleeson, M. Cantarelli, A. Quintana,
F. Rodriguez, D. J. Kedziora, G. L. Chadderdon, C. C. Kerr, S. A.
Neymotin, R. A. McDougal, M. Hines, G. M. Shepherd, and W. W.
Lytton. (2019). “NetPyNE, a tool for data-driven multiscale model-
ing of brain circuits”. eLife. 8. doi: 10.7554/elife.44494.

Eastwood, M. and B. Gabrys. (2007). “The Dynamics of Negative
Correlation Learning”. The Journal of VLSI Signal Processing Sys-
tems for Signal, Image, and Video Technology. 49(2): 251–263. doi:
10.1007/s11265-007-0074-5.

Eastwood, M. and B. Gabrys. (2011). “Model level combination of tree
ensemble hyperboxes via GFMM”. In: 2011 Eighth International
Conference on Fuzzy Systems and Knowledge Discovery (FSKD).
IEEE. doi: 10.1109/fskd.2011.6019563.

Eastwood, M. and B. Gabrys. (2012). “Generalised bottom-up pruning:
A model level combination of decision trees”. Expert Systems with
Applications. 39(10): 9150–9158. doi: 10.1016/j.eswa.2012.02.061.

Efimova, V., A. Filchenkov, and A. Shalyto. (2019). “Reinforcement-
Based Simultaneous Algorithm and Its Hyperparameters Selection”.
In: Communications in Computer and Information Science. Springer
International Publishing. 15–27. doi: 10.1007/978-3-030-35400-8_2.

Eggensperger, K., M. Feurer, F. Hutter, J. Bergstra, J. Snoek, H. Hoos,
and K. Leyton-Brown. (2013). “Towards an empirical foundation
for assessing bayesian optimization of hyperparameters”. In: NIPS
workshop on Bayesian Optimization in Theory and Practice. Vol. 10.
3.

Eggensperger, K., F. Hutter, H. Hoos, and K. Leyton-Brown. (2015). “Ef-
ficient benchmarking of hyperparameter optimizers via surrogates”.
In: Twenty-Ninth AAAI Conference on Artificial Intelligence.

Elsken, T., J. H. Metzen, and F. Hutter. (2019). “Neural Architecture
Search: A Survey”. Journal of Machine Learning Research. 20(55):
1–21. url: http://jmlr.org/papers/v20/18-598.html.

Full text available at: http://dx.doi.org/10.1561/2200000093

https://doi.org/10.1109/bigdata.2017.8257942
https://doi.org/10.1109/bigdata.2017.8257942
https://doi.org/10.7554/elife.44494
https://doi.org/10.1007/s11265-007-0074-5
https://doi.org/10.1109/fskd.2011.6019563
https://doi.org/10.1016/j.eswa.2012.02.061
https://doi.org/10.1007/978-3-030-35400-8_2
http://jmlr.org/papers/v20/18-598.html


138 References

Erickson, N., J. Mueller, A. Shirkov, H. Zhang, P. Larroy, M. Li, and A.
Smola. (2020). “AutoGluon-Tabular: Robust and Accurate AutoML
for Structured Data”. ArXiv. Mar. arXiv: 2003.06505v1 [stat.ML].

Escalante, H. J., M. Montes, and L. E. Sucar. (2009). “Particle Swarm
Model Selection”. J. Mach. Learn. Res. 10: 405–440.

Fakoor, R., J. Mueller, N. Erickson, P. Chaudhari, and A. J. Smola.
(2020). “Fast, Accurate, and Simple Models for Tabular Data via
Augmented Distillation”. Advances in Neural Information Processing
Systems. 33. arXiv: 2006.14284v1 [cs.LG].

Falkner, S., A. Klein, and F. Hutter. (2017). “Combining hyperband
and bayesian optimization”. In: Proceedings of the 31st Confer-
ence on Neural Information Processing Systems (NIPS), Bayesian
Optimization Workshop.

Fang, M., Y. Li, and T. Cohn. (2017). “Learning how to Active Learn: A
Deep Reinforcement Learning Approach”. In: Proceedings of the 2017
Conference on Empirical Methods in Natural Language Processing.
Association for Computational Linguistics. doi: 10.18653/v1/d17-
1063.

Farmer, J., N. H. Packard, and A. S. Perelson. (1986). “The immune
system, adaptation, and machine learning”. Physica D: Nonlinear
Phenomena. 22(1-3): 187–204. doi: 10.1016/0167-2789(86)90240-x.

Fayyad, U., G. Piatetsky-Shapiro, and P. Smyth. (1996). “The KDD
process for extracting useful knowledge from volumes of data”.
Communications of the ACM. 39(11): 27–34. doi: 10.1145/240455.
240464.

Fernández, S., T. de la Rosa, F. Fernández, R. Suárez, J. Ortiz, D.
Borrajo, and D. Manzano. (2013). “Using automated planning for
improving data mining processes”. The Knowledge Engineering Re-
view. 28(2): 157–173. doi: 10.1017/s0269888912000409.

Feurer, M., K. Eggensperger, S. Falkner, M. Lindauer, and F. Hutter.
(2022). “Auto-Sklearn 2.0: Hands-Free AutoML via Meta-Learning”.
J. Mach. Learn. Res. 23(1).

Full text available at: http://dx.doi.org/10.1561/2200000093

https://arxiv.org/abs/2003.06505v1
https://arxiv.org/abs/2006.14284v1
https://doi.org/10.18653/v1/d17-1063
https://doi.org/10.18653/v1/d17-1063
https://doi.org/10.1016/0167-2789(86)90240-x
https://doi.org/10.1145/240455.240464
https://doi.org/10.1145/240455.240464
https://doi.org/10.1017/s0269888912000409


References 139

Feurer, M., A. Klein, K. Eggensperger, J. Springenberg, M. Blum,
and F. Hutter. (2015a). “Efficient and Robust Automated Machine
Learning”. In: Advances in Neural Information Processing Systems
28. Ed. by C. Cortes, N. D. Lawrence, D. D. Lee, M. Sugiyama,
and R. Garnett. Curran Associates, Inc. 2962–2970. url: http :
//papers.nips.cc/paper/5872- efficient- and- robust- automated-
machine-learning.pdf.

Feurer, M., A. Klein, K. Eggensperger, J. T. Springenberg, M. Blum, and
F. Hutter. (2019). “Auto-sklearn: Efficient and Robust Automated
Machine Learning”. In: Automated Machine Learning. Springer In-
ternational Publishing. 113–134. doi: 10.1007/978-3-030-05318-5_6.

Feurer, M., J. T. Springenberg, and F. Hutter. (2015b). “Initializ-
ing bayesian hyperparameter optimization via meta-learning”. In:
Twenty-Ninth AAAI Conference on Artificial Intelligence.

Finn, C., P. Abbeel, and S. Levine. (2017a). “Model-Agnostic Meta-
Learning for Fast Adaptation of Deep Networks”. In: Proceedings of
the 34th International Conference on Machine Learning - Volume
70. ICML’17. Sydney, NSW, Australia: JMLR.org. 1126–1135.

Finn, C., T. Yu, T. Zhang, P. Abbeel, and S. Levine. (2017b). “One-Shot
Visual Imitation Learning via Meta-Learning”. In: Proceedings of
the 1st Annual Conference on Robot Learning. Ed. by S. Levine,
V. Vanhoucke, and K. Goldberg. Vol. 78. Proceedings of Machine
Learning Research. PMLR. 357–368. url: http://proceedings.mlr.
press/v78/finn17a.html.

Fonseca, P., J. Mendoza, J. Wainer, J. Ferrer, J. Pinto, J. Guerrero,
and B. Castaneda. (2015). “Automatic breast density classification
using a convolutional neural network architecture search procedure”.
In: Medical Imaging 2015: Computer-Aided Diagnosis. Ed. by L. M.
Hadjiiski and G. D. Tourassi. SPIE. doi: 10.1117/12.2081576.

Fowers, J., K. Ovtcharov, M. Papamichael, T. Massengill, M. Liu, D.
Lo, S. Alkalay, M. Haselman, L. Adams, M. Ghandi, S. Heil, P.
Patel, A. Sapek, G. Weisz, L. Woods, S. Lanka, S. K. Reinhardt,
A. M. Caulfield, E. S. Chung, and D. Burger. (2018). “A Configurable
Cloud-Scale DNN Processor for Real-Time AI”. In: 2018 ACM/IEEE
45th Annual International Symposium on Computer Architecture
(ISCA). IEEE. doi: 10.1109/isca.2018.00012.

Full text available at: http://dx.doi.org/10.1561/2200000093

http://papers.nips.cc/paper/5872-efficient-and-robust-automated-machine-learning.pdf
http://papers.nips.cc/paper/5872-efficient-and-robust-automated-machine-learning.pdf
http://papers.nips.cc/paper/5872-efficient-and-robust-automated-machine-learning.pdf
https://doi.org/10.1007/978-3-030-05318-5_6
http://proceedings.mlr.press/v78/finn17a.html
http://proceedings.mlr.press/v78/finn17a.html
https://doi.org/10.1117/12.2081576
https://doi.org/10.1109/isca.2018.00012


140 References

Fu, Y., W. Chen, H. Wang, H. Li, Y. Lin, and Z. Wang. (2020).
“AutoGAN-Distiller: Searching to Compress Generative Adversarial
Networks”. In: Proceedings of the 37th International Conference on
Machine Learning. Ed. by H. D. III and A. Singh. Vol. 119. Pro-
ceedings of Machine Learning Research. Virtual: PMLR. 3292–3303.
url: http://proceedings.mlr.press/v119/fu20b.html.

Fulcher, B. D. and N. S. Jones. (2014). “Highly Comparative Feature-
Based Time-Series Classification”. IEEE Transactions on Knowledge
and Data Engineering. 26(12): 3026–3037. doi: 10.1109/tkde.2014.
2316504.

Fürnkranz, J. and J. Petrak. (2001). “An evaluation of landmarking
variants”. In: Working Notes of the ECML/PKDD 2000 Workshop
on Integrating Aspects of Data Mining, Decision Support and Meta-
Learning. 57–68.

Gabrys, B. (2002). “Combining neuro-fuzzy classifiers for improved
generalisation and reliability”. In: Proceedings of the 2002 Inter-
national Joint Conference on Neural Networks. IJCNN’02 (Cat.
No.02CH37290). IEEE. doi: 10.1109/ijcnn.2002.1007519.

Gabrys, B. (2004). “Learning hybrid neuro-fuzzy classifier models from
data: to combine or not to combine?” Fuzzy Sets and Systems. 147(1):
39–56. doi: 10.1016/j.fss.2003.11.010.

Gabrys, B. and A. Bargiela. (1999). “Neural Networks Based Decision
Support in Presence of Uncertainties”. Journal of Water Resources
Planning and Management. 125(5): 272–280. doi: 10.1061/(asce)
0733-9496(1999)125:5(272).

Gabrys, B., K. Leiviskä, and J. Strackeljan, eds. (2005). Do Smart
Adaptive Systems Exist? Springer Berlin Heidelberg. doi: 10.1007/3-
540-32374-0.

Gabrys, B. and D. Ruta. (2006). “Genetic algorithms in classifier fusion”.
Applied Soft Computing. 6(4): 337–347. doi: 10.1016/j.asoc.2005.11.
001.

Gama, J., P. Medas, G. Castillo, and P. Rodrigues. (2004). “Learning
with Drift Detection”. In: Advances in Artificial Intelligence – SBIA
2004. Springer Berlin Heidelberg. 286–295. doi: 10.1007/978-3-540-
28645-5_29.

Full text available at: http://dx.doi.org/10.1561/2200000093

http://proceedings.mlr.press/v119/fu20b.html
https://doi.org/10.1109/tkde.2014.2316504
https://doi.org/10.1109/tkde.2014.2316504
https://doi.org/10.1109/ijcnn.2002.1007519
https://doi.org/10.1016/j.fss.2003.11.010
https://doi.org/10.1061/(asce)0733-9496(1999)125:5(272)
https://doi.org/10.1061/(asce)0733-9496(1999)125:5(272)
https://doi.org/10.1007/3-540-32374-0
https://doi.org/10.1007/3-540-32374-0
https://doi.org/10.1016/j.asoc.2005.11.001
https://doi.org/10.1016/j.asoc.2005.11.001
https://doi.org/10.1007/978-3-540-28645-5_29
https://doi.org/10.1007/978-3-540-28645-5_29


References 141
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