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176. Birkhäuser Basel, Basel, 1977. ISBN 978-3-0348-5927-1. doi: 10.1007/97
8-3-0348-5927-1 5. URL https://doi.org/10.1007/978-3-0348-5927-1_5.

137



Bibliography

[191] J. Searle. Minds, brains, and programs. Behavioral and Brain Sciences, 3(3):
417–424, 1980. doi: 10.1017/S0140525X00005756.

[192] S. Shalev-Shwartz. Online Learning and Online Convex Optimization. 2012. doi:
10.1561/2200000018.

[193] M. T. A. Sharabiani, V. B. Jakobsen, M. Jeppesen, and A. S. Mahani. Quantum
computing in green energy production, 2021. URL https://arxiv.org/pdf/

2105.11322.pdf.

[194] A. Sharma and P. K. Mishra. Performance analysis of machine learning based
optimized feature selection approaches for breast cancer diagnosis. International
Journal of Information Technology, pages 1–12, 2021.

[195] K. Sharma. Quantum adiabatic feature selection. arXiv: Quantum Physics,
2019. URL https://arxiv.org/abs/1909.08732.

[196] M. Sharma. Improved autistic spectrum disorder estimation using cfs subset with
greedy stepwise feature selection technique. International Journal of Information
Technology, pages 1–11, 2019.

[197] P. W. Shor. Polynomial-time algorithms for prime factorization and discrete
logarithms on a quantum computer. SIAM J. Comput., 26:1484–1509, 1999.

[198] Y. Si, Y. Zhang, and G. Li. An efficient tensor regression for high-dimensional
data, 2022. URL https://arxiv.org/abs/2205.13734.

[199] D. Silver, J. Schrittwieser, K. Simonyan, I. Antonoglou, A. Huang, A. Guez,
T. Hubert, L. Baker, M. Lai, A. Bolton, Y. Chen, T. Lillicrap, F. Hui, L. Sifre,
G. van den Driessche, T. Graepel, and D. Hassabis. Mastering the game of go
without human knowledge. Nature, 550(7676):354–359, 2017. doi: 10.1038/na
ture24270.

[200] H. Singh, N. Misra, V. Hnizdo, A. Fedorowicz, and E. Demchuk. Nearest neigh-
bor estimates of entropy. American Journal of Mathematical and Management
Sciences, 23(3-4):301–321, 2003. doi: 10.1080/01966324.2003.10737616. URL
https://doi.org/10.1080/01966324.2003.10737616.

[201] A. Skolik, J. R. McClean, M. Mohseni, P. van der Smagt, and M. Leib. Layerwise
learning for quantum neural networks. Quantum Machine Intelligence, 3(1):5,
2021. ISSN 2524-4914. doi: 10.1007/s42484-020-00036-4. URL https:

//doi.org/10.1007/s42484-020-00036-4.

[202] E. Snelson and Z. Ghahramani. Sparse gaussian processes using pseudo-inputs.
In Y. Weiss, B. Schölkopf, and J. Platt, editors, Advances in Neural Information
Processing Systems, volume 18. MIT Press, 2005. URL https://proceedings.

neurips.cc/paper_files/paper/2005/file/4491777b1aa8b5b32c2e8666dbe

1a495-Paper.pdf.

138



Bibliography

[203] J. Snoek, H. Larochelle, and R. P. Adams. Practical bayesian optimization of
machine learning algorithms. In F. Pereira, C. Burges, L. Bottou, and K. Wein-
berger, editors, Advances in Neural Information Processing Systems, volume 25.
Curran Associates, Inc., 2012.

[204] J. Snoeyink et al. Hyperparameter optimization in machine learning: A review.
In Proceedings of the 3rd Annual Workshop on Generalization in the Age of
Data-centric Computing, page 7, 2012.

[205] N. Stamatopoulos, D. J. Egger, Y. Sun, C. Zoufal, R. Iten, N. Shen, and
S. Woerner. Option Pricing using Quantum Computers. Quantum, 4:291,
July 2020. ISSN 2521-327X. doi: 10.22331/q- 2020- 07- 06- 291. URL
https://doi.org/10.22331/q-2020-07-06-291.

[206] K. O. Stanley and R. Miikkulainen. Evolving neural networks through aug-
menting topologies. Evolutionary Computation, 10(2):99–127, 2002. doi:
10.1162/106365602320169811.

[207] E. Strubell, A. Ganesh, and A. McCallum. Energy and policy considerations for
deep learning in nlp, 2019. URL https://arxiv.org/abs/1906.02243.

[208] R. S. Sutton and A. G. Barto. Reinforcement Learning: An Introduction. The
MIT Press, second edition, 2018. URL http://incompleteideas.net/book/t

he-book-2nd.html.

[209] R. Sweke, E. Recio, S. Jerbi, E. Gil-Fuster, B. Fuller, J. Eisert, and J. J. Meyer.
Potential and limitations of random fourier features for dequantizing quantum
machine learning, 2023. URL https://arxiv.org/abs/2309.11647.

[210] D. Systems. D-wave systems documentation. http://https://docs.dwavesy

s.com/docs/latest/leap.html/, 2022. [Online; accessed 10-October-2022].

[211] Q. Tan, N. Liu, and X. Hu. Deep representation learning for social network
analysis. Frontiers in Big Data, 2, 2019. ISSN 2624-909X. doi: 10.3389/fdata.
2019.00002. URL https://www.frontiersin.org/articles/10.3389/fdata

.2019.00002.

[212] A. T. Taylor, T. A. Berrueta, and T. D. Murphey. Active learning in robotics:
A review of control principles. Mechatronics, 77:102576, 2021. ISSN 0957-4158.
doi: https://doi.org/10.1016/j.mechatronics.2021.102576. URL https:

//www.sciencedirect.com/science/article/pii/S0957415821000659.

[213] C. Thornton, F. Hutter, H. H. Hoos, and K. Leyton-Brown. Auto-weka: com-
bined selection and hyperparameter optimization of classification algorithms.
In Proceedings of the 19th ACM SIGKDD International Conference on Knowl-
edge Discovery and Data Mining, KDD ’13, page 847–855, New York, NY,
USA, 2013. Association for Computing Machinery. ISBN 9781450321747. doi:
10.1145/2487575.2487629. URL https://doi.org/10.1145/2487575.2487629.

139



Bibliography

[214] M. K. Titsias. Variational learning of inducing variables in sparse gaussian
processes. In International Conference on Artificial Intelligence and Statistics,
2009. URL https://api.semanticscholar.org/CorpusID:7811257.

[215] M. Tuckerman. Statistical Mechanics: Theory and Molecular Simulation. Oxford
Graduate Texts. OUP Oxford, 2010. ISBN 9780191523465. URL https://bo

oks.google.com/books?id=Lo3Jqc0pgrcC.

[216] A. M. Turing. Computing machinery and intelligence. Mind, 59(October):433–
60, 1950. doi: 10.1093/mind/lix.236.433.

[217] S. Uryasev and P. M. Pardalos. Stochastic Optimization: Algorithms and Appli-
cations, volume 54 of Applied Optimization. Springer Science & Business Media,
Boston, MA, USA, 2001. ISBN 9781461508292.

[218] J. E. van Engelen and H. H. Hoos. A survey on semi-supervised learning. Ma-
chine Learning, 109(2):373–440, 2020. ISSN 1573-0565. doi: 10.1007/s10994-0
19-05855-6. URL https://doi.org/10.1007/s10994-019-05855-6.

[219] B. van Stein, H. Wang, W. Kowalczyk, M. Emmerich, and T. Bäck. Cluster-
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