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Despite the accelerated recent developments in computational sciences and power, pro-
cessing times needed for engineering uncertainty quantification and optimization studies
are still cited as burden for high dimensional problems. Conventional dimensional reduc-
tion and surrogate modelling methods have been widely employed and well validated in
the literature to enable more affordable computational applications, while new research
efforts are more directed towards the development of multi-fidelity strategies to validate
and increase their performance and accuracy. Multi-fidelity modelling is a method in
which different fidelity levels are simultaneously used together to obtain accurate results
within a limited calculation budget [1, 2]. Among these emerging multi-fidelity methods,
the Gaussian process-based strategies are numerically more appealing since they are more
accurate with limited high-fidelity computational budget and also provide the variance
value of the estimation.

The aim of this study is to investigate the Gaussian process-based multi-fidelity methods
across selected benchmark problems -specifically chosen to capture diverse mathematical
characteristics- by experimenting their learning processes with respect to different per-
formance criteria such as root mean square error (RMSE) and global accuracy of the
optimum. Advanced experiments on Forrester[2], Rosenbrock [3], Shifted-rotated Rast-
rigin [4], ALOS [5], Spring-Mass [3], Discontinuous Forrester, Paciorek[7] functions will
be performed to report about the strengths and shortcomings of the proposed methods.
In addition, a further investigation on the correlation between the low-fidelity and the
high-fidelity models will enhance the mathematical representation of more reliable multi-
fidelity modelling.

In this study, Linear-Autoregressive methods with single [2] and multivariate scale factors
[8], and Nonlinear-Autoregressive method [9] will be experimented. From our preliminary
results, it is observed that as the discrepancy and non-linearity increase between the
fidelity levels, the Nonlinear-Autoregressive models provide more accurate results when
it is compared to Linear-Autoregressive models.
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