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Bényi, A. and Oh, T. (2013). The sobolev inequality on the torus revisited. Publica-
tiones Mathematicae Debrecen, 83:359–374.

Berlinet, A. and C. Thomas-Agnan, C. (2004). RKHS and Stochastic Processes, pages
55–108. Springer US.

Bernardo, J. and Smith, A. (1994). Bayesian Theory. John Wiley, New York.

Bhattacharya, A. and Pati, D. (2015). Adaptive Bayesian inference in the Gaussian
sequence model using exponential-variance priors. Statist. Prob. Letters, 103:100–
104.

Bhattacharya, A., Pati, D., and Yang, Y. (2017). Frequentist coverage and sup-norm
convergence rate in gaussian process regression. arXiv e-prints.

Bickel, P. J. (1982). On Adaptive Estimation. The Annals of Statistics, 10(3):647 –
671.

Bickel, P. J. and Doksum, K. A. (1977). Mathematical Statistics: Basic Ideas and
Selected Topics. Holden-Day Company, Oakland, California.

Box, G. (1976). Science and statistics. Journal of the American Statistical Association,
71(356):791–799.

Brown, L. and Low, M. (1996). A constrained risk inequality with applications to
nonparametric function estimation. Ann. Statist., 24:2524–2535.

Cai, T. and Low, M. (2004). An adaptation theory for nonparametric confidence
intervals. Ann. Statist., 32:1805–1840.

Cao, Y. and Fleet, D. (2014). Generalized product of experts for automaticand prin-
cipled fusion of gaussian process predictions. arXiv e-prints.

139



Bibliography

Castillo, I. and Nickl, R. (2013). Nonparametric Bernsteinñ-von Mises theorems in
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