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Csató, L. (2002). Gaussian Processes—Iterative Sparse Approximations. PhD thesis, Aston University,
UK. p. 179
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Quiñonero-Candela, J. (2004). Learning with Uncertainty—Gaussian Processes and Relevance Vector
Machines. PhD thesis, Informatics and Mathematical Modelling, Technical Univeristy of Denmark.

p. 177

Rasmussen, C. E. (1996). Evaluation of Gaussian Processes and Other Methods for Non-linear Re-
gression. PhD thesis, Dept. of Computer Science, University of Toronto. http://www.kyb.mpg.de/
publications/pss/ps2304.ps. p. 30

Rasmussen, C. E. (2003). Gaussian Processes to Speed up Hybrid Monte Carlo for Expensive Bayesian
Integrals. In Bernardo, J. M., Bayarri, M. J., Berger, J. O., Dawid, A. P., Heckerman, D., Smith, A.
F. M., and West, M., editors, Bayesian Statistics 7, pages 651–659. Oxford University Press. p. 193

Rasmussen, C. E. and Ghahramani, Z. (2001). Occam’s Razor. In Leen, T., Dietterich, T. G., and Tresp,
V., editors, Advances in Neural Information Processing Systems 13, pages 294–300. MIT Press. p. 110

Rasmussen, C. E. and Ghahramani, Z. (2002). Infinite Mixtures of Gaussian Process Experts. In
Diettrich, T. G., Becker, S., and Ghahramani, Z., editors, Advances in Neural Information Processing
Systems 14. MIT Press. p. 192

Rasmussen, C. E. and Ghahramani, Z. (2003). Bayesian Monte Carlo. In Suzanna Becker, S. T. and
Obermayer, K., editors, Advances in Neural Information Processing Systems 15, pages 489–496. MIT
Press. p. 193
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