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Abstract
When modeling complex phenomena in nature and in technological systems, one is often faced
with the task of tuning/calibrating the models. In such cases, there typically exists a need for
model parameter (and/or meta-parameter) value tuning for more effective modeling performance.
Often such cannot be done manually, and in the machine le arning approach, the tuning is done in
an algorithmic and data-driven manner, and is called model training. The thesis presents studies
in which such methods are adopted, in the contexts of climate and artiﬁ cial neural networks, and
proposes novel techniques.
One of the studies is on the suitability of a well-known machine learning method called Bayesian
optimization (BO), for parametric tuning of chaotic systems such as climate and numerical weather
p re d i c t i o n ( N WP ) mo d e l s . Th e o b t ai n e d re s u l t s s h o w t h a t BO i s a s u i t a b l e me t h o d f o r s u c h t u ni ng
tasks.
A major d e sid e rat a f or a t raine d machine le arning mod e l is t he abilit y t o g e ne ralize w e ll t o u nse e n
data, and thus the phe nome na such as (so-calle d) unde r- and ove rﬁ tting are to be avoide d. In this
context, adopting (so-called) regularization methods as part of the model training process has
become a standard procedure. In this thesis, we introduce a regularization framework that is shown
to have close connections with many existing state-of-the-art regularization approaches. An
adversarial variant, derived from the proposed regularization framework, is used for solving a
classiﬁcation task, and the obtained results are compared to those of other regularization methods.
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Notation

In the thesis, the author has tried to use a consistent notation, although some
times they may be different from what is the convention. The notation that is
repeatedly used throughout the thesis is presented here to help the reader while
most of the text has self-contained description of the used notation as well.
Vectors, which are always assumed to be column vectors, are denoted by bold
lower case letters such x, y, f, etc. Scalers are denoted by non-bold lower case
letters such as x, y, f , etc. Matrices are denoted by bold upper case Roman
or Greek letters such as Q, Σ, etc. Lower case Greek letters can denote scalar
variables and parameters such as μ and σ denote scalar variables and λ denotes
parameters. An exception is θ which denotes a set of parameters of a model,
in vector form. A superscript T denotes the transpose of a matrix or vector.
Individual components of a vector are indicated by a subscript, for example, x i
denotes the i-th component of the vector x. A subscript of the form 1 : k indicates
a sequence of values, for instance, y1:k denotes a sequence of values of the vector
y, from the 1-st to the k-th step in the sequence.
Functions, regardless of the dimension of their output, are denoted by non-bold
letters such as f () and K ().
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1. Introduction

In this chapter, the motivation for the thesis work is discussed together with
giving a brief overview of the thesis. The contributions of the thesis are discussed
and the structure of the thesis is given in the last section of this chapter.

1.1

Motivation and overview

In order to model phenomena of inherently complex natural and technological
systems, one is often using a machine learning based approach, for example, an
artiﬁcial neural network. For effective modeling performance, the model may
need to have a very large number of degrees of freedom, which are dictated by the
parameterization (/tunable parameters) the model assumes. A key goal of model
ﬁtting is to ﬁnd values for the tunable parameters of the model so as to maximize
the model’s generalization performance; the generalization performance relates
to the model’s degree of modeling effectiveness in modeling problem-related and
-representative data that has not been used in tuning the parameter values, i.e.
in the model ﬁtting/training process.
The model’s parameters (all of which relate to the model speciﬁcation) are, and
often need, to be divided into two distinct types, regular (/learned/optimized)
parameters, and meta-parameters, for a training process; values of the parameters are tuned with the use of training data during the training process, where
as those of the meta-parameters are not. The training algorithm that realizes
the training process may be a parametrized one involving parameters that are
independent from the model speciﬁcation and to include meta-parameters. For
methods where the model is iteratively trained, there may be adaptiveness in the
values of the meta-parameters during the training process, for example updates
happening at each iteration. As an example, an adaptive training-algorithm’s
meta-parameter could be used to control the dynamics of the training process,
and a ﬁxed model’s meta-parameter could be used to deﬁne the model’s capacity.
The training process may also be nested, with (say model’s) parameters being
of meta-type in an inside-loop training algorithm and being of regular-type
in a training algorithm that is in an outer-loop. Classical examples of meta-
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parameters are the number of clusters in the k-NN clustering (see e.g., Duda
et al., 2001, pg. 174), the number of layers and number of units per layer in
the artiﬁcial neural network (see e.g., Bishop, 1995), or the learning rate when
using the gradient descent method (see e.g., Bishop, 2006, pg. 240).
There are two approaches for specifying values for (meta-) parameters: either
manually or automatically. Traditionally, the optimal values for the model’s
meta-parameters may be deﬁned using expert knowledge by rules-of-thumb (Hinton, 2012; Hsu et al., 2003). However, manual tuning seems feasible only when
there are a small number of the meta-parameters and/or joint conﬁgurations
of their values to manually search, and the training of the model’s regular parameters given a (single) joint conﬁguration of the meta-parameter values is
computationally cheap. Still, the manual tuning is often tedious and an automated tuning solution could be a preferable one. Recently, developing such
automated solutions has been one of the research focus areas in machine learning (Bergstra and Bengio, 2012; Hutter et al., 2011; Sutskever et al., 2013).
This research focus is especially on optimizing deep neural networks where a
plethora of new training methods have introduced additional meta-parameters
with effective values to be resolved. The training of deep neural networks’s regular parameters given a typical model parameterization is expensive in terms of
computational time. Therefore, methods for resolving the appropriate values
for the meta-parameters need to be computationally efﬁcient. As a solution to
this problem, Bayesian optimization (BO) — a powerful method for ﬁnding the
extrema of expensive-to-evaluate objective functions (Brochu et al., 2010) — has
gained a keen interest from the machine learning community in recent years
due to its successful application to a number of problems (Boyle, 2007; Brochu
et al., 2010; Frean and Boyle, 2008; Hutter et al., 2013; Osborne et al., 2009;
Snoek et al., 2012).
Similarly in climate modeling, meta-parameter estimation is a well-known
problem (Jackson et al., 2004; Urban and Fricker, 2010; Järvinen et al., 2010;
Neelin et al., 2010; Schirber et al., 2013; Hauser et al., 2012). Evaluation of
the objective function requires computationally expensive model simulations,
typically requiring several days to complete. Therefore, motivated by the success
of BO in complex and computationally expensive problems in machine learning,
in this thesis we have applied and studied the effectiveness of the BO approach
for climate and numerical weather prediction models.
Another important aspect in learning models from data is that we need to avoid
model settings in which the model is not able to generalize well to unseen data
settings, as in under- and overﬁtting settings. This could be achieved through
training techniques that use the concept of regularization — any method that
improves the model generalization falls under the regularization umbrella (see
Goodfellow et al., 2016, sec. 5.2) — commonly adopted in training deep learning
neural networks (see Goodfellow et al., 2016, chp. 7). In this context, BO and
similarly other meta-parameter optimization methods can even be used to tune
the amount of regularization via the regularization meta-parameters. With
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the advancement in computing power and the amounts of available data, the
deep neural networks or deep learning have been able to achieve state-of-the-art
results in many complex problem domains such as image classiﬁcation, image
recognition and in speech recognition (LeCun et al., 2015). These advancements
have enabled researchers to often use a rule-of-thumb of specifying the models
to have so many tunable parameters so that the models would be able to clearly
overﬁt to the training data but use regularization methods to avoid it (Srivastava et al., 2014). Many regularization methods have been introduced in this
context, especially, for deep learning such as the Dropout (Srivastava et al.,
2014), Maxout Networks (Goodfellow et al., 2013) and Generative Adversarial
Networks (Goodfellow et al., 2014b).
The idea of adversarial examples originated from a surprising discovery (Szegedy
et al., 2014). In this study the authors discovered that by adding small perturbations to the training examples one could ﬁnd the blind spots of the neural
networks. Any trained neural network misclassiﬁed images with small imperceptible perturbations although the same images were part of the training
examples. Later, adversarial training was presented as an effective way of
regularization by Goodfellow et al. (2014b). Recently, the method of adversarial
training has become a hot research topic in the deep learning community, see for
example (Kurakin et al., 2016; Goodfellow et al., 2014a; Salimans et al., 2016;
Makhzani et al., 2015).
In this thesis, we present a regularization framework and study the connections between related regularization techniques such as adversarial training. We
use the proposed regularization framework as a variant of adversarial training
to train the Ladder Networks (Rasmus et al., 2015) and present the results for a
widely used benchmark dataset known as the MNIST.

1.2

Contributions of the thesis

In this thesis, the contributions of the following four articles are summarized.
Publication I presents an approach based on the Filter Likelihood technique
that is used to calibrate the model error covariance matrix in a data assimilation
process. Two different representations (parameterizations) of the model error
covariance matrix are formulated. In the results, the effect of calibrating the
model error covariance matrix parameters on the forecast error are studied.
The two-layer quasi-geostrophic (QG) model (Pedlosky, 1987) was used in the
experiments. The main results of the study are that the importance of the model
error covariance matrix calibration depends on the quality of observations, and
that the estimation approach yields a well-tuned model in terms of the accuracy
of the state estimates and model predictions. The studied approach can be used
as a tool to calibrate the model error parameters in also many other climate
models.
Publication II presents Bayesian optimization (BO) as a tool for parametric
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tuning of chaotic systems. First, the BO is applied for tuning the values of the
parameters that are used to parameterize the model error covariance matrix
in the Filter Likelihood scheme for the two-layer quasi-geostrophic (QG) model.
The parameterization of the model error covariance matrix in the QG model is
formulated. Secondly, the BO is used for tuning the values of the parameters
used in the polynomial parameterization in the Lorenz 95 (Lorenz, 1995) model.
The results show that the BO is able to tune both the studied models with a low
number of objective function evaluations and without the need of any gradient
information.
Publication III studies the suitability of the Bayesian optimization (BO) approach for tuning climate and numerical weather prediction models. The BO
is applied to two benchmark models, namely the two-layer quasi-geostrophic
(QG) model and the Lorenz 95 model. For the Lorenz 95 model, the experiments
consist of the comparison of the BO method with the Covariance Matrix Adaptation Evolution Strategy (CMA-ES) method (Hansen and Ostermeier, 1996),
as well as the formulation of the performance metric to test the accuracy of the
tuned models in terms of the forecast error, and the lead time analysis. The BO
approach is able to ﬁnd the optimal meta-parameter values in both of the tuning
tasks with a low number of objective function evaluations. The results show
that the BO approach is a suitable technique for tuning expensive-to-evaluate
objective functions in climate and numerical weather prediction (NWP) systems.
In Publication IV, a regularization framework is presented, where an original clean data point and a nearby point are fed through a mapping, which is
then penalized by the Euclidean distance between the corresponding outputs.
The theoretical connections between the studied regularization framework and
many existing regularization methods are shown. It is demonstrated that the
studied approach is a stochastic estimate of penalizing the Frobenius norm of
the Jacobian of the mapping parameters, which generalizes the noise regularization, and is a simpliﬁcation of the canonical regularization term by the Ladder
Networks. In addition, the connection to the virtual adversarial training (VAT)
method (Miyato et al., 2016) is investigated and it is shown how the VAT can be
interpreted as penalizing the largest eigenvalue of a Fisher information matrix.
In Chapter 4, we present the results for the adversarial variant of the regularization framework studied in Publication IV. The framework is used to train
the Ladder Networks and the results are presented for the MNIST classiﬁcation
task.

1.3

Structure of the thesis

The thesis provides the basic concepts required to understand the methodology
used for the studied research problems, an introduction to the methodology, and
highlights the results of the research. In Chapter 2, we discuss the general
machine learning concepts relevant to the thesis. Chapter 3 presents an intro-
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duction to the Bayesian Optimization method and related topics. We discuss
the case-studies used in our research work and present some of the results.
Chapter 4 presents the regularization methods and adversarial training where
we discuss the connections between regularization schemes and show the results.
In Chapter 5, we provide the conclusions and future directions of the research
in this thesis work.
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2. Machine learning basics

Machine learning may be classiﬁed e.g. as a collection of methods that may
be used to algorithmically extract regularities or patterns from data (Murphy,
2012; Bishop, 2006). Identifying patterns from huge datasets is a non-trivial
task that is practically impossible to solve in a limited time-frame without the
use of computational methods and fast enough computers. Once useful patterns
are known they help us convert data to information and knowledge i.e., help
make informed decisions based on data. Moreover, these patterns can be used to
understand the process that generated the data and to make future predictions.
While machine learning has been widely used in data analysis in many
branches of science, its most important role has been to build artiﬁcial intelligence. For a machine to be intelligent it should at least be able to adapt to
the changing environment that it is a part of (Alpaydin, 2014). If it is able to
adapt then the system designer may not have to provide any further assistance
to the machine. Many tasks are too difﬁcult to solve using conventional computer
programs and often human experts are involved in the decision making process.
Some common machine learning tasks include: classiﬁcation, regression,
anomaly or outlier detection, denoising and imputation of missing values; see
(Bishop, 2006; Alpaydin, 2014; Murphy, 2012) for details on the different kinds
of machine learning tasks. An everyday example of the kind of problem for
which machine learning could be used is prediction of rain at a speciﬁc time
and location. For this a machine learning approach would require to tune the
parameters of an adaptive model on a set of N vectors X = {x1 , x2 , . . . , x N }, called
the training data set. Each vector xn consists of numerically valued weather
measurements such as numerical values of temperature, wind, humidity, and
pressure, at some particular time point in the past. Each such training observation vector (xn ) would have an associated label yn which would indicate whether
it rained or not at the location then. The model parameters are tuned so that the
model would map an input x to a target output y effectively, using the training
data. The training phase might generate a functional approximation in the form
of y = f (x). After training is complete the performance is usually checked on
unseen observations, called the test data set. The performance of the method
over the training and test set is given by the training error and the test error, re-
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spectively. The ability of the method to correctly classify the observations, where
the goal is to reduce the test error at the expense of increased training error, is
known as generalization (Goodfellow et al., 2016). The strategies collectively
adopted for this are known as regularization methods. Regularization can be
deﬁned as any kind of modiﬁcation made to a machine learning method that
improves its generalization (Goodfellow et al., 2016).

2.1

Machine learning methods

In general, machine learning methods can be broadly speaking categorized as
supervised and unsupervised learning (Murphy, 2012). More recently, there
has been the introduction of semi-supervised learning (Chapelle et al., 2006).
Another type of machine learning is called reinforcement learning, however,
that is beyond the scope of this thesis work. In the following sections a brief
introduction is given to the three types of machine learning: supervised, semisupervised and unsupervised.

2.1.1

Supervised training methods

In supervised learning, the task is to learn to associate some input with some corresponding output, given a labeled dataset of input-output pairs { x, y} (Murphy,
2012). Each input example in the dataset is associated to an output label or target. The training method learns a mapping between the input examples and the
associated labels. Both classiﬁcation and regression are examples of supervised
learning tasks (Alpaydin, 2014). The output of a classiﬁer is of different form
than the output of a regression model. In classiﬁcation, normally the outputs
are deﬁned to be categories from a ﬁnite set of discrete values (e.g. y ∈ {1, . . . , M },
where M denotes the number of possible classes in the classiﬁcation task). In a
regression task, the outputs are real-valued (Murphy, 2012).

2.1.2

Unsupervised training methods

More often, it is difﬁcult to ﬁnd a human supervisor or automatically generate
the labels (Goodfellow et al., 2016). In such cases, unsupervised learning is used
to ﬁnd the structure or regularities, only from the input data (Murphy, 2012;
Alpaydin, 2014). Usually, unsupervised learning is used to discover knowledge
about the source that generated the data (Goodfellow et al., 2016). This is also
known as density estimation in statistics (Alpaydin, 2014). Clustering methods
are an example of unsupervised learning where the aim is to group the training
set examples based on some suitable distance measure. Statistical methods such
as principal component analysis (PCA) and independent component analysis
(ICA) are also examples of unsupervised training methods (Alpaydin, 2014).
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2.1.3

Semi-supervised training methods

Between supervised and unsupervised learning there is semi-supervised learning, development of which accelerated in the 1970s (Chapelle et al., 2006). A
common scenario that arises in machine learning is the availability of few labels
while majority of the data being unlabeled. With semi-supervised learning both
the labeled and unlabeled data are used to solve a task that is originally a
supervised learning task. A natural question to ask then is how useful is the
unlabeled data? and the goal is to make as much use of unlabeled information
as possible (Goodfellow et al., 2016). This is a very effective strategy because
data is naturally in unlabeled form. Although manual labeling is possible it is
more often very tedious.

2.2

Machine learning concepts

All machine learning methods can be collectively understood with similar concepts. A few concepts that are central to understanding machine learning
training methods are presented in this section. More rigorous discussions about
machine learning concepts can be read from e.g. the following books Alpaydin
(2014); Bishop (2006); Murphy (2012).

2.2.1

Generalization

A major challenge for machine learning methods is the improvement of the
generalization ability. Generalization is the ability of a method to perform well
on unseen data that was not part of training (Goodfellow et al., 2016). The two
main settings of a machine learning model restricting it from generalization are
overﬁtting and underﬁtting. Either of them may occur when a machine learning
method is used to ﬁt a model to the training data.
Underﬁtting occurs when the model is too smooth or ignores the ﬁner details in
the data. This results in a training error which is not small enough. This kind of
problem is often easily solvable, usually it can be solved by increasing the model
complexity. Overﬁtting occurs when the model is unable to avoid unnecessary
details in the input data, one reason for which might be the presence of some
noise source (Murphy, 2012). As a result, the gap between the training error and
the test error is too large (Goodfellow et al., 2016). A common solution to this
problem is increasing the amount of training data, which, however, works only
to a certain point (Alpaydin, 2014). The goal in generalization is then to make
training error small and at the same time make the gap between training and
test error to be small (Goodfellow et al., 2016); Fig 2.1 provides an illustration
related to the gap.
Usually, overﬁtting and underﬁtting can be controlled by meta-parameters
that alter the model capacity. Roughly speaking, the model capacity stands for
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Error

Test error
Training
error
Model capacity
Figure 2.1. The generalization gap of a machine learning model is represented by the gap
between the test error and the training error.

the ability of a model to ﬁt a wide variety of functions to the data (Goodfellow
et al., 2016). A low capacity model may not be able to properly ﬁt the data while
a high capacity model may overﬁt and then capture unnecessary details in the
data.

2.2.2

Validation sets

In order to measure the generalization ability of a method during training a
validation set is required. The validation set could not be the same as the test
set because this could lead to the point where increasing the model capacity
would not improve the performance of the model, hence the model would reach
what is known as its maximum capacity (Goodfellow et al., 2016). The validation
set is usually obtained when training data is split into two separate sets with
a common rule to split being the 80-20 rule. This means that 80% of the data
is used as training input and 20% is used for testing the model during training
or prior to ﬁnal model selection. In model selection, the goal is to select the
model that performs best on the validation set. Another common approach is
to use several validation sets from the same training data, this is known as
k-fold cross validation (Bishop, 2006; Murphy, 2012). Although validation sets
are used for model selection they are also being used for selection of the model
meta-parameters. See (see Goodfellow et al., 2016, sec. 5.3) for a discussion on
validation sets and meta-parameters.

2.2.3

Regularization

There are a wide variety of approaches for generalization in machine learning.
Any approach that modiﬁes a machine learning method in order to improve its
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generalization ability is called a regularization method (Goodfellow et al., 2016).
For example, selection of the capacity of a model is itself a regularization method.
In this regularization scheme, the size of the hypothesis space of solutions is
determined so that the model best ﬁts the data. Another stronger regularization
scheme is where the preference is given to a speciﬁc function over other functions
in the hypothesis space (Goodfellow et al., 2016).
Generally, regularization is implemented by the introduction of a penalty
term into the error function (Alpaydin, 2014; Bishop, 2006). The training is
then done on this modiﬁed error function, for example, neural networks are
often regularized by adding the so-called weight decay penalty to the error
function (Bishop, 2006). The goal of weight decay is to encourage the weights
of the neural network to have small norms, usually, the penalty based on the
L2 norm (the Euclidean norm) of the weights is considered. In the L2 -case, a
scaled version (with a positive scalar, say λ/2) of the norm squared is considered
as the weight decay penalty. The weight decay meta-parameter λ then controls
the amount of penalization. If λ is zero it means that there is no preference on
regularization, a small value allows the model to tend towards overﬁtting and a
large value allows the model to tend towards underﬁtting.

2.3

Machine learning models

In this section, we present some machine learning models that have been used
in this thesis work.

2.3.1

Feed-forward neural networks

Feed-forward neural networks are the most common type of neural networks,
and include well-known classes of neural networks such as so-called multi-layer
perceptrons (MLPs). Feed-forward neural networks typically take vectors x
as input and map them to outputs y. Therefore, such neural networks can be
represented by a function y = f (x; θ ) that approximates the relationship between
the input and output. Usually, these functions are cascaded such as
y = f 3 ( f 2 ( f 1 (x))),

(2.1)

to imply a multi-layer network. In this example, f 1 is the function applied to the
outputs of the ﬁrst layer, f 2 is the function applied to the outputs of the second
layer and f 3 is the function applied to the outputs of the third layer. The size of
the input layer is often the same as length of the input x. The hidden layer’s
size is a free meta-parameter and the output layer size depends on the output
itself. The layer size stands for the number of units and each unit consists of an
activation function f (·) that maps the input to the next layer. The units are also
called neurons since the early neural networks were biologically inspired by how
the brain learns (see e.g., Bishop, 2006; Goodfellow et al., 2016). Typically, the
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y

f 3 ( f 2 ( f 1 (x)))

f 2 ( f 1 (x))

f 1 (x)

x
Figure 2.2. An illustration of the feed-forward neural network model. The rounded rectangles represent the layers. The size of the layer is equal to the number of neurons
(represented with circles) in the layer.

activation function is the same for the whole network or at least for all the units
in a single layer of the network. Commonly used activation functions are the
linear rectiﬁer and the logistic function (see e.g., Bishop, 2006; Goodfellow et al.,
2016). The Fig. 2.2, shows an illustration of a feed-forward neural network.
The layers of the neural network are connected to form a graph like structure.
In a fully-connected neural network, each unit in a layer is connected to every
other unit in the previous and next layer to it. The connections are represented
by weights and biases, together they are called as parameters of the network (see
e.g., Bishop, 2006; Goodfellow et al., 2016). Backpropagation (Rumelhart et al.,
1986) or simply backprop is an efﬁcient method for updating the parameters
by computing the derivatives of the error function w.r.t the weights and biases.
The name backpropagation is given because information ﬂows in the backward
direction through the network (Goodfellow et al., 2016). Usually for training
the neural network, backpropagation is combined with other methods such as
stochastic gradient descent.

Autoencoder
An autoencoder is a type of feed-forward neural network where the purpose is
the reconstruction of the input of that neural network. The autoencoder often
consists of two parts, namely, the encoder part and the decoder part. The encoder
maps the inputs x to a hidden representation h = f (x). The decoder maps h to
the output x̂ = g(h). Figure. 2.3 shows an autoencoder with a single hidden layer
that generates the representation or the code.
The autoencoder was introduced as a method for dimensionality reduction in
the 80’s (Baldi and Hornik, 1989). The autoencoder can be trained using the
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g( f (x))
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Figure 2.3. An illustration of the autoencoder model with a single hidden layer.

same methods as used by other feed-forward neural networks such as backpropagation. The training criteria for autoencoders are deliberately designed
in such a way that the autoencoder is unable to perfectly copy the input to
the output g( f (x)) = x because that would result in poor generalization of the
model (Goodfellow et al., 2016).
It is easy to fail to learn a useful hidden representation or code if the size
of the hidden layer of the autoencoder is the same or greater than the input
layer size. This is also known as the overcomplete case. The undercomplete
case for obtaining only an approximation of the input is by using a hidden layer
dimension less than the input dimension, such models are called bottle-neck
autoencoders. However, it is difﬁcult to learn useful representations or code from
the undercomplete case. Therefore, regularization methods are used in combination with the overcomplete case to learn more rich representations. See the
book by Goodfellow et al. (2016) for a detailed discussion about representation
learning.

2.3.2

State-space models for climate and weather

In climate and numerical weather prediction (NWP), mathematical models are
used to describe complex dynamical systems. In general, such models consist of
a set of states and parameters that need to be evaluated over time. Therefore,
the state and parameter estimation is a central problem in such systems. The
state estimation problem is usually solved using ﬁltering techniques that can be
given with a pair of state and observation formulas as follows
sk = M (sk−1 ) + Ek

(2.2)

yk = K (sk ) + ek ,

(2.3)

where sk is the state of the model, yk is the observation vector, M : Rm −→ Rm
is the dynamical state-space model which can be implemented by a solver of
partial differential equations and K : Rm −→ Rn is the observation operator. Ek
and ek are noise terms which account for model imperfection and observation
noise. In climate science applications, model parameters θ usually appear in
the formulation of M or/and they can govern the distribution of the model error
term Ek .
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The states sk are the representation of the dynamically changing conditions
in the physical space and the parameters θ are static variables that control the
system. The challenge is two fold: estimation of the unknown state sk at given
time instant k and ﬁnding optimal parameters θ for accurate state estimation.
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Many climate and numerical weather prediction (NWP) models consist of tuning
parameters (meta-parameters). For example, tuning of the closure parameters
in climate models is required because many processes are imprecisely modeled
due to the restrictive grid used for solving the differential equations (Järvinen
et al., 2010; Schirber et al., 2013). Another example is the tuning of the parameters that control the stochastic physics components in the ensemble prediction
systems (Leutbecher and Palmer, 2008). The closure parameter estimation
problem in Hakkarainen et al. (2013) and the problem of tuning the ensemble
prediction systems in Solonen and Järvinen (2013) is solved using the Filter
Likelihood method.
The difﬁculty in tuning the meta-parameters is due to several factors: the
high computational cost of running climate simulations, the objective function
can be noisy i.e., two evaluations of the objective function with the same metaparameter values usually results in distinct objective function values, and
another source of noise is chaos by which we mean that small perturbations of
the meta-parameters can result in signiﬁcantly different simulation trajectories
and therefore signiﬁcantly different objective function values.
The optimization of expensive-to-evaluate black box objective functions usually
relies on building surrogate models such as the response surfaces, space mapping,
artiﬁcial neural networks and Gaussian processes (GP). In this chapter, we
present the Bayesian optimization (BO) method which uses the GP. In BO, the
meta-parameter values where the objective function is evaluated are carefully
chosen so that we learn as much as possible about the objective function. As
a result, the optimum can often be found with a small number of function
evaluations.
The Filter Likelihood method is based on the computation of the likelihood
using the output of a data assimilation system where the goal is to estimate
the dynamically changing state of the model, given incomplete and noisy observations. Later in this chapter the description is given of how the Filter
Likelihood method and the BO method combine to tune the climate and the
NWP systems. Evaluating the likelihood function requires running the data assimilation process based on a computationally expensive model. The BO method
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utilizes the GP based model as a surrogate of the tuned chaotic system. The GP
parameters are then computed as part of the optimization process. The experiments consist of two case studies: parametric tuning of a simpliﬁed atmospheric
model with a noiseless likelihood function where the tuned model is a two-layer
quasi-geostrophic model with four tuned parameters that deﬁne the model error
covariance of the corresponding data assimilation system and parametric tuning
of a chaotic system with a noisy likelihood function where the parameterized
Lorenz 95 model is used as a test model, similarly to previous studies.
The structure of the rest of this Chapter is as follows: In the following section
the basic concepts of the Bayesian optimization (BO) method are described.
Section 3.1.1 presents the method of Gaussian processes regression and section 3.1.2 shows two acquisition functions used by BO, namely the expected
improvement (EI) and the probability of improvement (PI). The Filter Likelihood
method is presented in section 3.2. Some results of the case studies in which the
BO approach was used for tuning the meta-parameters are shown in section 3.3.

3.1

Bayesian optimization

In Bayesian optimization (BO), the aim is to ﬁnd the extrema of the blackbox functions, f : Rn → R that are computationally expensive to evaluate (see,
e.g., reviews by Brochu et al., 2010; Snoek et al., 2012). Here f that is also
known as the objective function, typically, does not have a closed form solution.
The objective function f is modeled as a random function and its distribution
describes our knowledge of the function, given a set of function evaluations
{θ i , f (θ i )} i=1,...,t . The posterior distribution over f is handled using the standard
Gaussian process methodology which allows for evaluating the mean and variance of objective function values f (θ ) in any location θ at any optimization step
t. This information is then used to propose a new input location θ t+1 that is
expected to have the largest potential to improve over the current best value of
the objective function.
The search of the new point (location) where the objective function has to be
evaluated is obtained by optimizing a complementary function called acquisition
function. The two statistics regularly adopted in design of acquisition functions
are the predictive mean and the predictive variance of f at any possible location
θ . In designing the new points where the function is evaluated, usually one has
to choose between two extremes: sampling from locations of high predicted mean
value (exploitation strategy) and locations of high uncertainty value (exploration
strategy). BO provides a tool that is able to automatically trade off between
exploration and exploitation, which often yields a reduced number of objective
function evaluations needed (Lizotte et al., 2012). It can also prove useful for
objective functions with multiple local optima, and noise in the objective function
can be handled in a straight-forward manner.
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3.1.1

Gaussian processes

The methodology of Gaussian processes (GP) works as a central element for BO,
as it is an efﬁcient tool for describing distributions of unknown functions (Rasmussen and Williams, 2006). In this methodology, the prior distribution of f
is chosen such that the function values fθ = [ f (θ 1 ), . . . , f (θ t )] are assumed to be
normally distributed:
fθ | η ∼ N (fθ |0, K f )

(3.1)

where the mean is typically taken to be zero and the covariance matrix K f is
constructed such that its i jth element is computed using the covariance function
k(θ i , θ j |η) that depends on θ i , θ j and hyperparameters η. The covariance
function k is the key element of the GP modeling: it encodes our assumptions
about the behavior of the function f , such as its smoothness properties.
A commonly used covariance function, also adopted in our work, is the squared
exponential covariance function:
⎛
⎞
D
(θ (d)
− θ (d)
)2

i
j
2
⎝
⎠,
k(θ i , θ j ; η) = σ f
exp −
(3.2)
2 l 2d
d =1
where l d are the parameters deﬁning the smoothness of the function in each
dimension and σ2f is the scaling parameter which speciﬁes the magnitudes of
the function values. Both belong to the set of hyperparameters η.
The BO algorithm works such that at every iteration, the properties of the
unknown function f are learned by adapting the hyperparameters η to ﬁt well
the observed data {θ i , f (θ i )} i=1,...,t . This is typically done by maximizing the log
marginal likelihood of the hyperparameters η:
1
1
n
(K f + Σ)−1 fn − log |K f + Σ| − log 2π .
(3.3)
log p(fn |θ , η) = − fT
2 n
2
2
where fn are the observed values of the objective function. They are assumed
to be noisy such that fn = f (θ ) + ,  ∼ N (0, σ2n ). Σ is the covariance matrix of
the noise in the objective function, which is often parameterized as σ2n I and
estimated in the optimization procedure as well. Thus η consists of the following
hyperparameters {σ f , l d , σn }. Note that σn is considered a hyperparameter and
optimized only when the observed values of the objective function are noisy.
Then, GP is used to evaluate the predictive distribution over the function values
f (θ new ) at any new location θ new . Assuming that the observed values of the
objective function are noisy and the noise is Gaussian, the predictive distribution
is normal:


(3.4)
p( f (θ new )|fn , η) ∼ N μ(θ new ), σ2 (θ new )
with the mean and variance given by
−1

T
μ(θ new ) = knew
K f + Σ fn

−1
T
σ2 (θ new ) = k(θ new , θ new ) − knew
K f + Σ knew ,

(3.5)
(3.6)
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where knew = [k(θ new , θ 1 ), . . . , k(θ new , θ t )]T . For more details on training GPs,
see, for example, the book by Rasmussen and Williams (2006).

3.1.2

Acquisition functions

The acquisition functions are used to search for a new point (location) θ new that
is expected to have the ability to improve over the best value of the objective
function obtained so far, denoted by
μ+ = max μ(θ t ) .
t

At each BO iteration, the new sample is chosen to maximize the value of the
acquisition function:
θ new = arg max g(θ ) ,
θ

where
g(θ ) = g(μ+ , μ(θ ), σ(θ )) .
High values of the acquisition function correspond to the regions where the
expected value μ(θ ) of the objective function value is high or where the prediction
uncertainty σ(θ ) is high or both. Deciding which areas have the largest potential
is known as the exploration vs exploitation trade off (see, e.g., Jones, 2001).
Two of the most popular acquisition functions, also adopted in our work,
are the probability of improvement (Kushner, 1964) and the expected improvement (Mockus, 1989). The probability of improvement (PI) is formulated as
g PI (θ ) = Φ (Δ/σ(θ ))

(3.7)

Δ = μ (θ ) − μ + − ξ

(3.8)

where μ(θ ) and σ(θ ) are deﬁned in Eq. (3.5) and Eq. (3.6), respectively. Φ(·) is
the normal cumulative distribution function. When ξ = 0, g PI (θ ) is simply the
probability of improving the best value μ+ by taking a sample at location θ .
The problem of using ξ = 0 is that PI favors locations that have even a slight
improvement over the current best μ+ . This means that in this setting PI has
a higher tendency to exploit rather than explore and it practically always gets
stuck at a local optimum (Lizotte et al., 2012). The parameter ξ > 0 allows
for tuning PI in order to reduce this problem. However, the choice of ξ is
always subjective, although it has a great impact on the performance. The work
of Lizotte et al. (2012) provides a detailed study on the effect of ξ on PI and EI
acquisitions.
The expected improvement (EI) is formulated as
g EI (θ ) = 〈fθ − μ+ 〉
= ΔΦ (Δ/σ(θ )) + σ(θ )φ (Δ/σ(θ ))

(3.9)
(3.10)

where 〈·〉 denotes the expectation, Δ is deﬁned in Eq. (3.8) and φ(·) is the normal
probability density function. The EI criterion is derived as the expected difference between the function value in a new location f (θ ) and the current best μ+ .
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Thus, EI aims at maximizing f by the biggest margin and yields optimization
that is less prone to getting stuck in a local optimum. Nevertheless, using
a tuning parameter ξ > 0 allows us to control the exploration vs exploitation
trade-off (Lizotte et al., 2012). In Fig. 3.1, we provide an example of how PI and
EI demonstrate different sampling behavior over time on the same objective
function.
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Figure 3.1. A 1-dimensional demonstration of Bayesian optimization. The objective function f
is shown with the black line. The circles represent sampled values of the objective
function { f (θ i )} i=1,...,t . The red line is the prediction mean μ(θ i ) and pink ﬁll color
is the uncertainty σ2 (θ i ) (±2 standard deviation). The yellow star shows the new
sample locations θ t+1 proposed by Bayesian optimization so as to maximize the
acquisition function. The magenta circle indicates the latest sampled location where
the objective function is evaluated. Note that all the horizontal axes show sample
locations θ . The ﬁrst and second columns show the progress of the Bayesian optimization with probability of improvement acquisition function. The second column
corresponds to the PI (3.7) acquisition function. The third and fourth columns show
the progress of the Bayesian optimization with expected improvement acquisition
function. The fourth column corresponds to the EI (3.9) acquisition function. The
objective function is maximized in this example. The ﬁgure shown here is adopted
from Publication III.

Figure 3.1 illustrates a 1-dimensional maximization procedure using BO. We
start with three function evaluations and show the sampled points, the GP ﬁts
(with the red line) and the posterior uncertainty (with the pink ﬁlled areas).
The acquisition functions are shown along the subplots of the objective function.

29

Parametric tuning of climate models

The new location (marked with a yellow star) is chosen so that it maximizes
the acquisition function. As the optimization proceeds, we collect more samples
and ﬁnally ﬁnd the maximum of the objective function. One can notice that,
compared to PI, EI favors exploration as it samples from regions with higher
uncertainty. The objective function approximation obtained with EI improves
much faster compared to PI. EI is also able to ﬁnd the global maximum earlier.
In this case, one could argue that using a larger value of ξ with PI could result
in more exploration and faster optimization. However, selecting a good value for
ξ would certainly require more computational time.

3.2

Filter Likelihood method

In tuning the chaotic systems, the likelihood is formulated for a complex system
represented as a state-space model. The likelihood computations can be done
with the ﬁltering techniques (Hakkarainen et al., 2012). Note that the likelihood
from the ﬁltering techniques is the objective function f .
Filtering methods evaluate the likelihood by sequentially estimating the dynamically changing model state sk for a given observation sequence y1:k =
{y1 , . . . , yk }. Filters work by iterating two steps: prediction and update. In the
prediction step, the current distribution of the state is evolved with the dynamical model to the next time step. The predictive distribution is given by the
integral
p(sk |y1:k−1 , θ ) =

p(sk |sk−1 , θ )p(sk−1 |y1:k−1 , θ )dsk−1 .

(3.11)

As this integral generally does not have a closed form solution, it is usually
approximated in one way or another. This yields different ﬁltering techniques
such as extended Kalman ﬁlter, ensemble Kalman ﬁlter, particle ﬁlter and so on.
The state distribution is updated using a new observation yk with the help of
Bayes rule:
p(sk |y1:k , θ ) ∝ p(yk |sk , θ )p(sk |y1:k−1 , θ ).

(3.12)

This posterior is used inside the integral Eq. (3.11) to obtain the prior for the
next time step.
The likelihood p(y1:n |θ ) of the model parameters can be computed from the
quantities evaluated in the ﬁltering procedure:
p(y1:K |θ ) = p(y1 |θ )

K

k=2

p(yk |y1:k−1 , θ ) ,

(3.13)

where p(yk |y1:k−1 , θ ) is calculated based on the marginal posterior of the states:
p(yk |y1:k−1 , θ ) =
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The goal in our work was to search for parameters that maximize the likelihood
f (θ ) = p(y1:K |θ ) in Eq. (3.13).
Extended Kalman ﬁlter (EKF) is a ﬁltering technique in which the integrals
are approximated by linearization of the forward model M and the observation
operator K around the current state estimate. Assuming that the observation
error is normally distributed with zero mean and covariance matrix Rk , the
linearization yields:
1 n T  y −1
y
r C (θ ) rk + log |Ck (θ )|
2 k=1 k k

T
T
Mk Cest
k−1 M k + Q k (θ ) K k + R k

p(y1:n |θ ) ∝ exp −
y

C k (θ ) = K k

(3.14)
(3.15)

p

where rk = yk − K (sk ) are the prediction residuals, Mk and Kk are the linearization of M and K operators, respectively, Cest
is the estimated covariance of
k−1
p(sk |y1:k , θ ) at time k − 1 and | · | denotes the matrix determinant.
When the dimensionality of the tuned model is too large, the extended Kalman
ﬁlter suffers from the memory issues. Another problem is that the linearization
is often too cumbersome for highly complex models. In such scenarios, more
sophisticated techniques like the stochastic ensemble Kalman ﬁlters (EnKF) are
often used for ﬁltering.
The basic idea of EnKF is that the posterior distribution of the states is approximated by using the sample statistics, which are computed using a relatively
small number of ensemble members propagated by the model at every assimilation step. The stochastic ﬁlters involve random perturbations of the model states
and observations, which introduces randomness in the likelihood evaluation.
More details on EnKF can be found, for example, in Evensen (2007).

Interconnection between the Filter Likelihood and BO methods
The evaluation of the likelihood requires running a data assimilation process for
a computationally expensive model. Thus, each function evaluation is expensive
and there can be noise in the likelihood, for instance, the noise caused by
stochastic ﬁltering techniques. The BO facilitates the optimization process by
using a GP based model as a surrogate of the tuned chaotic system. Thus, in
addition to the original tuning problem, that is the estimation of the parameters
of a chaotic system, BO also requires the estimation of the parameters of the
surrogate model.
The Fig. 3.2 shows an illustration of the interconnection between the BO and
the Filter Likelihood methods. The data assimilation process consists of the
chaotic system and the ﬁltering technique. The objective function for BO is
f (θ ) that is the output (log-likelihood function values) of the system. θ and y
represent the input (parameters) and observations, respectively. A GP based
surrogate model is learned using pairs of input-output (data). Therefore, the
optimization consists of two processes: the estimation of the model parame-
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Figure 3.2. A schematic illustration of the models tuned using BO. The chaotic system and
ﬁltering technique combined together represent a data assimilation process. θ is the
input (parameters), y are observations and f (θ ) is the output (log-likelihood function
values) of the system. Pairs of input-output (data) are used to learn a GP based
surrogate model. There are two estimation processes at play during BO: ﬁrst is the
estimation of the model parameters with the Filter likelihood method. Second is a
meta-estimation process which optimizes the GP based surrogate model. η represents
hyperparameters of the GP model.

ters using the Filter Likelihood method and a meta-estimation process which
optimizes the GP based surrogate model.

3.3

Experimental results

The study of the calibration of the error covariance matrix in Publication I uses
the two-layer quasi-geostrophic (QG) model where the parameterization of the
covariance matrix consists of four tunable parameters. In Publication II, the
parameterization introduced for the covariance matrix assures its positive deﬁniteness for any combination of the four tunable parameters, which is important
for the stability of BO. In Publication III, we have performed two studies: ﬁrst,
we consider parametric tuning of a simpliﬁed atmospheric model with a noiseless
objective function. The tuned model is the two-layer QG model with four tuned
parameters that deﬁne the model error covariance matrix of the corresponding
data assimilation system. Second, we consider the parametric tuning of a chaotic
system with a noisy likelihood function. We use the parameterized Lorenz 95
model as a test model, similarly to previous studies. The goal is to explore the
suitability of the BO methodology for parametric tuning of full scale climate
and weather models. The likelihood formulation is more relevant for (but not
limited to) parametric tuning of NWP systems, as it is essentially built around
the accuracy of short-term forecasts.

Parametric tuning of the QG model
A detailed description of the two-layer quasi-geostrophic (QG) model is given
in section 3.1 of Publication I. The ﬁgure 5.1 (left-panel) in Publication I shows
a scatter plot of the cost function values versus RMSE values using different

32

Parametric tuning of climate models

values for the meta-parameters of the model error covariance matrix in case of
the QG model. The ﬁgure 5.2 (right-panel) in Publication I shows the forecast
skill of the QG model with different values for the meta-parameters of the model
error covariance matrix. From these and other results in Publication I it can
be concluded that model error covariance matrix is an important tuning factor
and the fact that ﬁnding the optimal meta-parameters using an approach that
requires fewer evaluations of the objective function in expensive-to-evaluate
models was established.
In the two-layer QG model, the meta-parameters were four variables that
constructed the model error covariance matrix. In Publication III, the ﬁgure
4 illustrates the surface of the objective function, w.r.t to the four variables,
estimated from BO after parametric tuning of the QG model. The ﬁgure 5
in Publication III shows the iterative process of BO which results in ﬁnding the
best meta-parameters of the model error covariance matrix for the QG model.

Parametric tuning of the Lorenz 95 model
In the Lorenz 95 model, the tuning parameters were two variables that were
used in the construction of a polynomial parameterization. The section 5.1
in Publication III formulates the polynomial parameterization. The comparison
of the BO approach and the CMA-ES method is presented in the section 5.4
of Publication III. Figure 3.3 shows the average behavior of BO at each iteration
of BO. In the Fig. 3.3, each circle is computed by


C t = log f (θ t ) − max( f b∗ , f c∗ , f d∗ ) ,

(3.16)

where f b∗ is the maximum (best log-likelihood function value) obtained from the
200 BO experiments and f c∗ is the maximum (best log-likelihood function value)
obtained from 200 runs of CMA-ES method. Each point on the plus marked
line is the average value of the 200 samples of C t and the solid line shows its
maximum max(C 1:t ): the maximum obtained upto the current iteration t. Here,
max( f b∗ , f c∗ , f d∗ ) = f b∗ , hence, a small nugget 0.1 is added in Eq. (3.16) before
taking the logarithm in order to avoid computing log(0). The dashed line is the
desired log-likelihood value f d∗ which is plotted using Eq. (3.16).
In Publication III, the goodness of the optimization scheme is tested by computing the forecast accuracy. A two-dimensional grid of the parameter space
was used to compute the average forecast error for different parameter values.
In Fig. 3.4(a), the relationship between the average forecast error and the tuned
parameters is shown where the contour lines represent the forecast error, the
mathematical description of the forecast error is given in the Publication III.
The magenta circles indicate the parameter values used to initialize the BO
method. The black circles show the locations corresponding to samples obtained
from BO. The red cross indicates location of the maximum obtained using BO.
Similarly, the relationship between the EnKF likelihood function and the
tuned parameters is shown in Fig. 3.4(b). The contour lines represent the EnKF

33

Parametric tuning of climate models
1

−10

Ct

BO avg(Ct )

BO max(avg(C1:t ))

CMAES max(avg(C1:t ))

Desired value

2

−10

3

−10

4

−10

5

−10

0

20

40

60

80
Iterations

100

120

140

160

Figure 3.3. Parametric tuning of the Lorenz 95 model. The solid (red) and the dot marked
(magenta) lines illustrate the average behavior of BO and CMA-ES, respectively. A
total of 200 experiments are performed using each method with random initializations of the initial parameter values in the same region in each experiment. This
results in 200 × 171 likelihood function evaluations for each method. Each gray color
circle C t is computed using (3.16). Each point on the plus marked (black) line is the
average value of the 200 samples of C t and the solid (red) line shows its maximum
max(C 1:t ): the maximum obtained upto the current iteration t, for BO. The dot
marked (magenta) line shows the same for CMA-ES method.
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Figure 3.4. (a) The contour lines represent the average forecast error. The contours are drawn
using the error values computed on an evenly spaced two-dimensional grid. The
magenta circles show the parameter values used to initialize the BO method. The
black circles show the locations corresponding to samples obtained from BO. The red
cross indicates location of the maximum obtained using BO. The simulation length of
the model used for the BO experiment was 50 days. (b) The contour lines represent
the EnKF log-likelihood function values obtained using a 50 days simulation length
of the model. The contours are drawn using the values computed on the same twodimensional grid as in (a). Note that the contour lines are curly due to noisy values
obtained with the EnKF likelihood function. The circles and cross mark correspond
to the same result as shown in (a) on the left.

log-likelihood function values obtained using a 50 days simulation length of
the model. The contours are drawn using the values computed on the same
two-dimensional grid as in Fig. 3.4(a). Note that the contour lines are curly due
to noisy values obtained with the EnKF likelihood function. The circles and
cross mark correspond to the same result as shown in Fig. 3.4(a).
From these results and others shown in the Publication III, it can be concluded
that the BO method is a suitable tool for optimizing the meta-parameters in
complex climate and numerical weather prediction models.
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4. Adversarial training of neural
network models

A plethora of techniques for regularization have been introduced, especially,
for neural networks such as early stopping of training the parameters (see
Bishop, 2006, sec. 5.5), data augmentation, i.e. the training with transformed
data or noise injection to inputs, weights and activations (Sietsma and Dow,
1991; Vincent et al., 2008), restrictions on the parameter values (Poggio and
Girosi, 1990; Rifai et al., 2011), and ensemble learning methods that combine the
outputs of different hypotheses. Similar to data augmentation is the adversarial
training method that has recently become a popular method for deep neural
network regularization (Kurakin et al., 2016; Salimans et al., 2016; Makhzani
et al., 2015). In adversarial training, inputs close to the original inputs are
found so that the model is trained to generate the same output on these as
on the original inputs (Goodfellow et al., 2016). Such inputs which are called
adversarial examples are often extremely similar to the original examples, so
much that a human observer is unable to tell the difference. In Szegedy et al.
(2014); Goodfellow et al. (2014b), the authors have shown such images.
First, Goodfellow et al. (2014b) used adversarial training as a regularization
method to improve the results on the MNIST benchmark. Later, a more interesting strategy called virtual adversarial training (VAT) was introduced by Miyato
et al. (2016). One of the main difference between VAT and adversarial training is that the later is a supervised training method. VAT works for both the
unsupervised and semi-supervised settings and it utilizes soft labels obtained
from the neural network output in the unsupervised setting. In case some of the
true labels are available it works as a semi-supervised training method. It has
turned out that VAT outperformed many recent regularization methods except
the state-of-art Ladder Networks (Rasmus et al., 2015).
In this work, an alternative loss function is used for adversarial training. The
method is useful for semi-supervised training since unlabeled data is sufﬁcient
for the computation of the regularization penalty. The approach can easily
combine with the Ladder Networks by simply utilizing the structure of the
Ladder Networks. The theoretical connections of the regularization framework
were presented in Publication IV. The experimental results of the adversarial
variant of the regularization framework on the MNIST benchmark are presented
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in this thesis.
Section 4.1 explains the adversarial training method. In section 4.2, the
regularized autoencoders, especially, the modiﬁcations of the canonical autoencoder, namely, the denoising autoencoder and the contractive autoencoder are
presented. These modiﬁcations enable the canonical autoencoders to perform
regularization. The Ladder Networks are discussed in section 4.2.3. The connections of the regularization framework and other recent regularization methods
have been discussed in section 4.3. Section 4.5 presents the results of the
experiments performed with the MNIST data.

4.1

Adversarial training

A simple method to increase the generalization ability of a machine learning
model is to train it with more data. However, this is usually possible up to
a certain limit, especially, in the case of labeled data. A possible solution to
this problem is generation of training samples using prior knowledge. For
example, in object recognition the image dataset size can be increased by image
transformations: rotation, scale and shift. Such regularization methods are
broadly categorized as dataset augmentation.
The method of injecting noise in the inputs of a neural network (Sietsma and
Dow, 1991; Vincent et al., 2008) is another example of dataset augmentation.
Similarly, adversarial training utilizes additional data in the form of adversarial
examples (Szegedy et al., 2014). In dataset augmentation, the transformations
are manually speciﬁed which incurs the model to be invariant to the speciﬁed
directions of change in the input. This is different for adversarial training that
requires the model to be invariant to all directions of change in the input as long
as such changes are small (Goodfellow et al., 2014b).
In the seminal work of Szegedy et al. (2014) and later in Goodfellow et al.
(2014b), it was shown that addition of small perturbations to training examples
resulted in the misclassiﬁcation of those training examples with high conﬁdence
by the model. In this case, the adversarial examples were generated by perturbations via random noise in the input space in the directions to which the label
probability of the model is most sensitive to. Goodfellow et al. (2014b) developed
the adversarial training method that successfully improves the generalization
performance while the model remains robust to adversarial perturbations.
Let us denote x as the input, t as the associated labels, and θ as the model
parameters. In case, the method is applied to a classiﬁer, adversarial training
adds the following penalty to the training criteria as follows
R adv (t, x, θ ) = −log p(t|x + x̄adv ; θ )

(4.1)

where x̄adv = min log p(t|x + x̄; θ̂ )

(4.2)

x̄; x̄ ≤

where x̄ is a perturbation on the input and a constant set of the current parameters θ̂ are used. The reason for the use of θ̂ is to highlight that the back-
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propagation algorithm is not used during the adversarial example generation
process. During training, the current model p(t|x; θ̂ ) is trained to be robust
against worst case perturbations x̄adv through minimization of the Eq. 4.2 w.r.t
θ . However, minimization of this exactly is in general not possible because the
exact minimization w.r.t x̄ is intractable in many cases, especially, for neural
networks. In Goodfellow et al. (2014b), it was proposed to approximate this
value by linearization of the training criteria log p(t|x; θ̂ ) around x. In case of
L 2 norm with the linear approximation the resulting adversarial perturbation
is generated by
x̄adv. ≈ −

g
where g = ∇x log p(t|x; θ̂ ) ,
g 2

(4.3)

where  is a positive scalar meta-parameter and in case of L ∞ norm (Goodfellow
et al., 2014b) the resulting adversarial perturbation reads as follows
x̄adv. ≈  sign (g) ,

(4.4)

where g is the same as in Eq. 4.3. This way of adversarial example generation is called the fast gradient sign method, as mentioned in Goodfellow et al.
(2014b). Note that this gradient can be efﬁciently computed for neural networks by backpropagation. The authors in Goodfellow et al. (2014b) showed
better generalization performance using this method as compared to random
perturbations.
Virtual adversarial training (Miyato et al., 2016) is closely related to adversarial training. In VAT, virtual adversarial examples are generated by maximizing
the Kullback-Leibler divergence between encoding distributions for the example
x and its perturbed version x̄vadv . The additional penalty introduced by the VAT
method is given as


R vadv. (x, θ ) = KL (p(y|x, θ̂ )|| p(y|x + x̄vadv. , θ )


where x̄vadv. = max KL (p(y|x, θ̂ )|| p(y|x + x̄, θ̂ ) ,
x̄; x̄ ≤

(4.5)
(4.6)

where KL [·] denotes the KL divergence between the encoding and perturbed
distributions. Here the classiﬁer is made resistant to perturbations in directions
to which it is most sensitive on the current model p(y|x; θ̂ ). The VAT training
only requires x and uses only soft labels y from the training model instead of
the true labels t. This makes it possible to use VAT for semi-supervised and
unsupervised learning. In Miyato et al. (2016), the authors proposed an efﬁcient
method of approximating Eq. 4.5 using backpropagation.

4.2

Regularized autoencoders

The latest revival in deep learning neural networks started with the idea based
upon using unsupervised training as a prior step to supervised training such
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as training a classiﬁer (Hinton et al., 2006; Bengio et al., 2007; Ranzato et al.,
2007). This method was called unsupervised pre-training or greedy layer-wise
unsupervised pre-training (Goodfellow et al., 2016), more speciﬁcally. Unsupervised pre-training was generally used for better intialization of the neural
network model parameters. By using unsupervised pre-training layer-by-layer
in a deep neural network would map the inputs to more useful intermediate
representations. Better initialization of the model parameters was also seen as
having a regularization effect (Erhan et al., 2010). More generally, the method
used was based on the idea that learning about the data distribution itself
through unsupervised training methods could help with tasks where an input is
mapped to a different output, subsequently.
Another important realization from unsupervised pre-training was that how
unlabeled data could be made useful for training tasks requiring labels? After instigation of deep learning, unsupervised training has become quite obsolete but
it has motivated the development of semi-supervised training methods (Goodfellow et al., 2016). Semi-supervised training methods simultaneously use
unsupervised and supervised training. Unsupervised pre-training also motivated research on specialized autoencoders. The original autoencoders were
single layer models mainly used for tasks such as dimensionality reduction and
feature learning. With the success of unsupervised pre-training the focus shifted
towards multi-layer (stacked) autoencoders (Vincent et al., 2010) which could be
used for representation learning (Goodfellow et al., 2016).
Two modiﬁcations to the standard autoencoder have shown to regularize
the autoencoder model, namely the denoising autoencoder and the contractive
autoencoder. In the following sections, a brief introduction is given for the
denoising autoencoder and the contractive autoencoder.

4.2.1

Denoising autoencoder

The denoising autoencoder (DAE) is trained to reconstruct the clean input from
the corrupted version of it (Vincent et al., 2008). The DAE encoder maps the
corrupted inputs x̃ to a hidden representation h̃ = f (x̃) and the decoder maps
h̃ to the output x̂ = g(h̃). Typically, the corruption can be of two forms: an
additive isotropic Gaussian noise x̃ = x + N (0, σ2 I) and a binary masking of the
percentage υ of the inputs values randomly set to 0. The amount of corruption
σ or υ determines the amount of regularization.
The DAE training criteria automatically avoids learning the identity mapping
between the inputs and outputs of the model. The standard autoencoders
minimize some loss function L (x, g( f (x))), where the dissimilarity between
g( f (x)) and x is penalized, for example, the L2 norm. However, it is likely to
learn only the identity function given sufﬁcient capacity in the model. The DAE
instead minimizes a loss function L (x, g( f (x̃))), where x̃ is the corrupted version
of x. Therefore, the DAE learns to perform denoising rather than learning of the
identity mapping. This denoising of the input helps to learn the structure of the
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input distribution that is beneﬁcial for representation learning (Vincent et al.,
2010).

4.2.2

Contractive autoencoder

In the contractive autoencoder (CAE), an additional regularizer term is introduced that penalizes the derivatives of the hidden representation h = f (x) with
respect to the input (Rifai et al., 2011). The penalty is computed from the sum
of the squared elements of the Jacobian matrix of partial derivatives, known as
the Frobenius norm,
L (x, g( f (x))) + Ω(h),

(4.7)

 (∂ f (x)) 2


where Ω(h) = λ
 .
∂x

(4.8)

λ controls the amount of regularization of the model.

The idea of the CAE is to construct robust features or hidden representations
i.e., to make the CAE less sensitive to small perturbations close to the input
examples. The name contractive is given by the manifold perspective that is
the CAE encourages the near by points in the input space to be mapped to near
by points in the hidden space. This can be seen as the contraction of the input
neighborhood to a smaller neighborhood in the output. See (Goodfellow et al.,
2016, chp. 14), for a detailed discussion on CAE from the manifold perspective.

4.2.3

Ladder Networks

The Ladder Network is a variant of the autoencoder, proposed by Valpola (2015).
The structure of the Ladder Network consists of horizontal lateral connections at
regular intervals between the encoder and the decoder, hence the name Ladder
Network. The purpose of the lateral (skip) connections is to relieve the pressure
of local feature extraction from the higher layers of the model. This enables the
higher layers to focus on abstract invariant features Valpola (2015). Although
the training of the Ladder Network is similar to the denoising autoencoder the
corrupted representations are denoised at every level of the model.
The Ladder Network has been used as an efﬁcient method for semi-supervised
training and it has achieved state-of-the-art results on benchmark datasets (see
e.g., Rasmus et al., 2015). The Fig. 4.1 shows the structure of the Ladder Network
that consists of the two encoder paths: a corrupted path that is attached to a
decoder path and a clean path. The Ladder Network shown in the Fig. 4.1 is a
simpliﬁed depiction of the one presented by Rasmus et al. (2015). This structure
allows for the study of the regularization framework presented in Publication
IV and the adversarial variant of it in section 4.4. In the section 4.5, the results
of the combination of the Ladder Network with the regularization framework
proposed in Publication IV are shown.
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ỹ

x̃

x̂

x

Figure 4.1. A simpliﬁed depiction of the Ladder Network framework. Each rounded square
represents a neural network layer. There are two encoder paths: a clean path (with
x as input and y as output) and a corrupted path (with x̃ as input and ỹ as output)
that is connected to the decoder path (with x̂ as the reconstructions). Noise can be
added to the input, hidden and output layers of the corrupted path.

4.3

Regularization connections

In Publication IV, a regularization framework was presented and its connections
to other related regularization methods were discussed. The regularization
framework consisted of two identical mapping functions where the clean input
was mapped to f (x) and the corrupted input was mapped to f (x̃). The regularization term f (x) − f (x̃) 2 was computed as the squared Euclidean distance
between the two mapping functions. The regularization framework in Publication IV can be seen as part of the Ladder Network structure shown in Fig. 4.1.
It was shown in Publication IV that the presented regularization framework
was an instance of the Pseudo-Ensemble Agreement regularization approach
by Bachman et al. (2014), it generalized the noise regularization (Sietsma and
Dow, 1991), and it was a simpliﬁcation of the regularization term by the Ladder
Networks in Rasmus et al. (2015). The connection to the virtual adversarial
training (VAT) (Miyato et al., 2016) was shown and VAT could be interpreted as
penalizing the largest eigenvalue of a Fisher information matrix.
A central method connecting the different regularization methods in Publication IV was the penalization of the Jacobian. Poggio and Girosi (1990) proposed
to penalize a neural network by the Frobenius norm of the Jacobian. This method
of regularization was more recently used for regularization of the autoencoder
model by Rifai et al. (2011) as discussed in the section 4.2.2.
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4.4

Adversarial training for Ladder Networks

In this section, the adversarial variant of the regularization framework is presented. Let us say a dataset X consists of N samples {x(n) }nN=1 and M labels
M
{t(m) }m
=1 . In supervised training M = N while in semi-supervised training
M << N. In our case, the mapping functions are feed-forward neural networks.
We can use the semi-supervised Ladder Network by Rasmus et al. (2015) for
this case. The clean encoder path gives the output y = f (x) while the corrupted
encoder path gives the output ỹ = f (x̃).
The training is done by the minimization of the training criterion L (t, X, θ ) =
E p(t|x) (·), iteratively, where the expectation E p(t|x) is taken over the training data
set X. A regularization term R cadv. is added to the training criterion in order
to help it generalizing better to unseen data. Hence, the total loss function
minimized during training, reads as follows
αL (t, X, θ ) + βR cadv. ,

(4.9)

where α and β are positive scalar hyperparameters.
The proposed method is similar to adversarial training (Goodfellow et al.,
2014b) but adds a different regularization to the training criteria. The regularization penalty in this case is given by
R cadv. (x, θ ) = E p(x,x̄cadv. ) f (x; θ̂ ) − f (x + x̄cadv. ; θ )

where x̄cadv. = max

x̄: x̄ ≤

f (x; θ̂ ) − f (x + x̄; θ̂ )

2

2

(4.10)
(4.11)

where E p(x,x̄cadv. ) is the expectation taken over training data set X. Note that the
constant set of the current parameters θ̂ are used and that the backpropagation
algorithm is not used during the adversarial example generation process. We
use the approximation of Eq. 4.11 given as follows
xadv. ≈  sign (g) where g = ∇x y − ỹ

2

(4.12)

where  is a positive scalar meta-parameter, y = f (x; θ̂ ) denotes the network
output given a sample x, ỹ = f (x̃; θ̂  ) denotes the network output given a corrupted version of it, and the corrupted sample x̃ is obtained by adding white


Gaussian noise to the clean sample so that x̃ ∼ N 0, η2 I , with I denoting the
identity-matrix and η is a positive scalar that is used to control the amount of
corruption.
In Publication IV, it was shown how the penalization of the Jacobian is a
central method connecting the proposed regularization to other methods. It
was shown that there exists a connection between the proposed regularization
and the contractive autoencoder by Rifai et al. (2011). Therefore, the method
presented in this section is called the contractive adversarial training (CAT).
This method is easily implemented in the Ladder framework where we obtain y
and ỹ from the clean and corrupted encoder paths, respectively. Similar to VAT,
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this method only requires x and uses only soft labels y from the training model
instead of the true labels t. This makes it suitable for semi-supervised and
unsupervised learning. In contrast to VAT where a complex method is required
for approximation of the virtual adversarial example, here the process simply
requires to perform the linearization with the sign applied to it.

4.5

Experimental results

We have tested the proposed regularization framework on the MNIST benchmark
dataset. The standard machine learning task for MNIST data is the classiﬁcation
of handwritten digits between 0 and 9. The dataset consists of 60, 000 labeled
examples for training and 10, 000 labeled examples for testing. The training
data is shufﬂed with a random seed for each training epoch. This is also called
the permutation invariant training method that has been previously used for
MNIST, especially, in the work by Rasmus et al. (2015). MNIST has been
extensively used in machine learning research, especially, for deep learning.
In the experiments, we perform both supervised and semi-supervised learning.
In case of supervised training we used all the labels and a few labels are used for
semi-supervised training. The aim of the experiments was to test the proposed
framework as a regularizer, combine the regularizer to the Ladder network
model in Rasmus et al. (2015) and compare the classiﬁcation results with other
regularization methods.
The baseline model was a feed-forward neural network (MLP) with a 5 layer
structure with layer sizes set to be 784-1000-500-250-250-250-10. This structure
was chosen so that the model can be easily combined and tested against the
Ladder model in Rasmus et al. (2015) that used the same structure. This
structure has the property of being deep enough to test the scalability while not
being an overkill for MNIST task (Rasmus et al., 2015). The Table 4.1 consists
of the test error percentages of different regularization methods on the MNIST
data with different number of labeled samples. The comparison is shown with
100, 1000 (semi-supervised) and all labeled (supervised) samples.
First, we test the contractive adversarial training (CAT) by combining it to the
baseline model. From Table 4.1, we observe that CAT produces better results
as compared to the baseline itself for both supervised and semi-supervised
settings. This shows that CAT is able to perform well as a standalone regularizer.
However, these results are only better than the PEA (Bachman et al., 2014) and
not as good as the other regularization methods shown in the Table 4.1.
Secondly, the CAT is combined with the Ladder network presented in Rasmus
et al. (2015). As shown in 4.1, the results for the supervised learning (all labels)
are very close to VAT (Miyato et al., 2016) and the Ladder Networks (Rasmus
et al., 2015). For semi-supervised learning (fewer labels), the results are very
close to Ladder Networks (Rasmus et al., 2015) and slightly better than the
other regularization methods in the Table 4.1.
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test error percentage
Methods with number of labels

100

1000

All

Pseudo Ensemble (PEA) (Bachman et al., 2014)

5.21

2.64

1.08

Virtual adversarial (Miyato et al., 2016)

2.33

1.36

0.64

Ladder Networks (Rasmus et al., 2015)

1.06 ± 0.37

0.84 ± 0.08

0.57 ± 0.02

CatGAN (Springenberg, 2015)

1.91 ± 0.1

1.73 ± 0.18

0.91

Baseline Neural Network

26.4 ± 1.85

8.7 ± 0.32

1.18 ± 0.07

Adversarial training (Goodfellow et al., 2014b)

0.78

Contractive adversarial (CAT)

3.05 ± 1.6

1.35 ± 0.08

0.82 ± 0.05

CAT + Ladder network

0.96 ± 0.07

0.79 ± 0.05

0.56 ± 0.05

Table 4.1. The comparison of the regularization framework with other test error results on
the permutation invariant MNIST case. We show the results with 100, 1000 (semisupervised setting) and all labeled (supervised setting) samples.

The training settings used for the experiments were similar to the settings
in Rasmus et al. (2015). The training was done with a mini-batch size ﬁxed
to 100 samples in the baseline, CAT and CAT plus Ladder results. The Adam
optimization algorithm (Kingma and Ba, 2015) was used for the weight updates.
The initial learning rate was 0.002 for 100 training steps (epochs), followed by
an annealing phase during which the learning rate was linearly reduced to zero.
For CAT, we optimized the meta-parameters  and η on the standard training
set of 60, 000 samples that was randomly split into a 10, 000 samples validation
set and 50, 000 samples training set. Each training was repeated 10 times by
varying the random seed that was used for the splits. The search grid used for 
was {0.1, 0.2, 0.3, 0.4, 0.5, 1.0, 2.0, 3.0} and for η it was {0.1, 0.2, 0.3, 0.4}. We found
that the good value for  in case of 1000 labeled samples and all labeled samples
was  = 0.2 while in case of 100 labeled samples  = 0.1 was better. We found
η = 0.3 to be a good value for both semi-supervised cases and the supervised
case. These meta-parameter values were also used when CAT was combined
with the Ladder network. We adopted the same meta-parameters for the Ladder
Networks as presented in Rasmus et al. (2015). When CAT was applied to the
Ladder network the cost multipliers were set to α = 1 and β = 1.
For the ﬁnal results all the 60, 000 training samples were used during training
phase while the standard 10, 000 test samples were kept as a held-out test set.
The average values for the results shown in Table 4.1 were obtained with 10
different random initializations of the weight matrices and data splits. This
procedure was also the same as used by Rasmus et al. (2015). Overall the CAT
method is an alternative to the adversarial training (Goodfellow et al., 2014b)
and to the VAT (Miyato et al., 2016). The main advantage gained with CAT
is that it can be easily combined with the existing Ladder Networks structure
that has shown to be a promising state-of-the-art method for semi-supervised
learning.
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5. Summary and Conclusions

In this dissertation, training methods for climate and neural network models
were studied. The results in Publication I revealed the importance of tuning the
model error covariance matrix in EKF. The effect of calibrating the model error
covariance matrix parameters on the forecast error was also studied. It was
observed that the Filter Likelihood method was able to estimate the model error
covariance matrix parameters that resulted in the optimal likelihood function
values. The conclusion or main results from the study were that the model error
covariance matrix calibration depends on the quality of the observations and
that the estimation approach yields a well-tuned model in terms of the accuracy
of the state estimates and model predictions. It was concluded that the studied
approach can be a successful method for calibration of other climate models.
The work in Publication I motivated and lead to further studies of model
parameter tuning in climate and numerical weather prediction (NWP) and was
carried out in Publication II. In Publication II, the suitability of the Bayesian
optimization (BO) approach was studied for tuning the climate and NWP models.
The BO was applied to two benchmark models: the two-layer quasi-geostrophic
(QG) model and the Lorenz 95 model. For both models the parametric schemes
were used that consisted of the tuning parameters. Further results from the
application of the BO method on climate and NWP models were presented
in Publication III. The BO approach was compared with the Covariance Matrix
Adaptation Evolution Strategy (CMA-ES) for the Lorenz 95 model. A performance metric was formulated to test the accuracy of the tuned model. The
accuracy of the tuned parameters was shown in terms of the forecast error
and the lead time analysis was performed. The main results were that the BO
approach found the optimal meta-parameters in both of the tuning tasks with a
low number of objective function evaluations. As a conclusion the BO approach
was found to be a suitable method for tuning expensive-to-evaluate objective
functions in climate and NWP.
A regularization framework was proposed in Publication IV and its theoretical
connections to state-of-the-art regularization methods were shown. It was
demonstrated that the studied approach is a stochastic estimate of penalizing the
Frobenius norm of the Jacobian of the mapping parameters, that it generalizes

45

Summary and Conclusions

noise regularization, and that it is a simpliﬁcation of the canonical regularization
term by the Ladder Networks. The connection to virtual adversarial training
(VAT) method (Miyato et al., 2016) was investigated and it was shown that
the VAT can be interpreted as penalizing the largest eigenvalue of a Fisher
information matrix. In conclusion, the presented mathematical results could
help in understanding the relationship between different types of regularization
techniques. The work in Publication IV motivated the results presented in
chapter 4, where the results are presented for the adversarial variant of the
regularization framework studied in Publication IV. The framework was used
to regularize the Ladder Networks, see Rasmus et al. (2015), on the MNIST
classiﬁcation task. From this work it was concluded that the CAT method is
a good alternative to the adversarial training (Goodfellow et al., 2014b) or the
VAT (Miyato et al., 2016). The CAT has the advantage that it can be easily
combined with Ladder Networks that have been shown as a promising state-ofthe-art semi-supervised learning method.
We have studied two central problems in machine learning both of tuning the
meta-parameters and regularization that have an important role while training
the climate and neural network models. Further research on the BO methods
can be carried out in two separate directions: improving the BO methodology
itself for climate science and in application of the BO to large scale climate
models such as ECHAM5 and real weather predictions data. As the question
of climate change emerges as one of the most critical challenges of our time it
might be useful to use such machine learning methods to answer some of the
research questions in this domain. Artiﬁcial intelligence has also emerged as
one of the leading ﬁelds of research that has the potential to solve many real
world and societal problems. The work done in this thesis serves as another
important step towards the further research on regularization schemes that
could enhance deep learning or artiﬁcial intelligence frameworks. In order to
summarize this thesis work it could be easily mentioned that both BO as a
tool in climate and NWP, and the proposed regularization framework are two
techniques that require further exploration and research.
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