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Abstract.

Randomness has always been present in one or other form in Machine
Learning (ML) models. The last few years have seen a change of role in the
use of randomness, which is no longer a specific and accessory improvement
in very particular aspects of a model, but the main theoretical basis that
supports some ML methods, e.g., the well-known random forests.

In the Neural Network (NN) area, since its origins, randomness gave rise
to a rich set of models, which have been recently exploited especially for
efficiency aims. However, the bias induced by the use NN with random
weights deserves further analysis, especially in the novel advances in the
fields of deep NNs, dynamical systems (Recurrent NN), and NNs for learn-
ing in structured domains.

1 Introduction

A randomized approach employs a degree of randomness as part of its con-
structive strategy. As the introduction of randomness into computations can be
an effective tool to design better methods in many fields of computer science
(e.g. randomized algorithms), the interest of randomization in Machine Learn-
ing (ML) is wide as well. In this paper we present a brief overview of the recent
advances and major challenges emerging in the field of randomized approaches
for ML in general, with a focus on the impact on the area of NN modeling, in
which we are recently witnessing an unprecedentedly seen increase in popularity
of randomized methodologies.

The rest of this paper is organized as follows. Section 2 presents an overview
of the use of randonness in ML methods. Section 3 surveys the literature on
randomized NNs, presenting recent developments and open challenges. Finally,
Section 4 introduces the papers accepted for the ESANN special session.

2 Randomness in Machine Learning

Randomness is intrinsic to ML, as the probabilistic approach is one of its most
common interpretations. As a way of example, given the dependent variables x
and the independent variable ¥, supervised learning can be understood as mod-
eling the marginal probability distribution P(y) = >, P(y|x). The other main
paradigm of ML, unsupervised learning, can also be approached proabalistically,
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thus being the objective modeling the probability distribution P(x) [1, 2, 3]. This
kind of approaches have attracted special interest in the last few years; in par-
ticular, generative models [4] by means of the so-called Generative Adversarial
Networks (GAN) [5]. Randomness can be present in ML at many different levels,
usually enhancing performance or alleviating problems and difficulties of classi-
cal methods. In fact, many historic breakthroughs in the field of ML have been
linked to randomness; mutation facts in genetic algorithms [6] or temperature
in simulated annealing [7] are two representative examples. The current trend
suggests that it will become an even more relevant issue in the years to come.

Section 2.1 briefly shows how random approaches may enhance different as-
pects of ML methods while Section 2.2 shows key examples of models that are
intrinsically random; NNs are not included as they will be described in more
detail in Section 3.

2.1 Randomness in specific aspects of Machine Learning

Data splitting. Overfitting is one of the most common problems that a ML
model must deal with and eventually overcome. To assess this issue, different
techniques of random data splitting have been proposed, such as hold-out, k-fold
cross-validation or leave-one out.

Data generation. Randomness may also appear not only in splitting data sets al-
ready available but also in the generation of the data sets. Two relevant scenarios
are those given by bootstrap and highly unbalanced classification problems:

1. Bootstrap is a technique that randomly samples (with replacement) a given
data set in order to produce new sets based on the original one [8]. Al-
though bootstrap is often used with small data sets, it can also improve
bigger sets in terms of a better performance and stability, and a lower
variance and overfitting.

2. Highly unbalaced classes is a common scenario in many real applications,
e.g., fraud detection, rare diseases, screening of chemical compunds, etc.
Besides, a problem of outlier detection could also be considered as a partic-
ular case of an unbalanced classification problem. Some procedures based
on including randomness are usually considered in order to balance the
representativeness of each class; the most simple approaches consist in ran-
domly undersampling the majority class or randomly replicate patterns of
the minority class; there are, nevertheless, more sophisticated approaches,
like Synthetic Minority Over-sampling Technique (SMOTE) that also make
use of randomness to produce new patterns [9].

Observation order. During on-line training, a random presentation of the data
to the ML models usually enhances their performance. For instance, in a binary
classification problem, it is inconvenient to present all the patterns belonging
to one class and then, the patterns corresponding with the other class. Some
models are more robust to the order of presentation than others, but in general
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a random presentation is beneficial, especially in some kinds of models, e.g.,
NNs [10].

Hyperparameters. Most ML models are based on a search and eventual opti-
mization of parameters. That search might be global or local; the latter is a
paradigmatic example of a strong dependence with the initial values of the pa-
rameters, and hence, a smart intialiation would be helpful. When no a priori
knowledge is available, a smart random initialization is the most common and
sensible choice [10]. Once initialized, hyperparameters must be tuned; tradition-
ally, that was accomplished by selecting a range defined by (random) maximum
and minimum values for each hyperparameter, and then carrying out a grid
search within the predefined range [11]. Although it already involved a slight
randomness, [12] shows empirically and theoretically that fully-randomly cho-

sen trials are far more eflicient for hyperparameter optimization than trials on
a grid.

Key elements of the models. The inclusion of randomness at the structure level
is also possible. Two of the most remarkable examples are given by the ran-
dom neurons of Restricted Boltzmann Machines (RBMs) [5], and the trees that
made up a Random Forest (RF) [13], a model that will be briefly explained in
Section 2.2. Other approaches incorporate randomness in the model design, as
in the case of NNs with random weights (see Section 3). Moreover, tree-based
models, such as RF and Extremely Randomized Trees (ERTSs) [14] make use of
randomness in their learning process.

2.2 Intrinsically random models

Apart from neural approaches that will be explained in Section 3, there are a
number of models that are intrinsically random, i.e., randomness is no longer
used to enhance a particular part of the model, as most of the examples provided
in Section 2.1, but it is the basis of the model itself. For their particular relevance,
three models have been selected to be briefly explained, namely RFs, ERTs and
Conditional Random Fields (CRFs).

A RF is a tree-based ensemble learning method, which builds several Decision
Tree (DT) models independently and then averages their individual predictions
to compute a final prediction [13]. In a RF model, each single tree belonging
to the ensemble is built from samples drawn randomly with replacement from
the training set. Furthermore, when splitting a tree node during the building of
a tree, the split that is chosen is the best split among a random subset of the
input variables, selected without replacement, instead of picking the best split
among all the input variables as that done in a single DT model. As a direct
consequence of the randomization of the tree growing method combined with
ensemble averaging, the variance of a RF model is reduced compared to that
associated with a single non-random DT. Thus, several advantages are achieved,
such as the improvement of the prediction performance, the reduction in the
sensitivity to small changes in the training data and the control of overfitting,
at the expense of a small increase in the bias, the loss of interpretability and a
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higher computational cost. The main hyperparameters that need to be specified
and optimized when building a RF model are the minimum number of samples
required to split a tree node, the number of trees in the forest, and the number
of input variables randomly selected to consider when looking for the best split.

ERTs are another tree-based ensemble learning method [14]. In ERT mod-
els, one further step of randomization is added when splitting a tree node by
randomizing the choice of both input variable and cut-point. As in RF models,
ERT models use a random subset of the input variables, but instead of search-
ing for the best split-points, for each candidate input variable, its split-point is
chosen fully at random (i.e. independently of the target variable), and then the
best split among all the randomly-generated splits is picked. Thus, the variance
and the computational complexity of an ERT model are reduced even more com-
pared to those of a RF model, at the expense of a slightly greater bias. Another
key difference between RF and ERT is that ERT models use the entire original
training set to build each tree, instead of using bootstrap sampling, thus trying
to minimize the bias. The main hyperparameters to adjust when building an
ERT model are the same as in the case of RF.

CRFs are a class of model that has the appealing ability of processing neigh-
boring samples. This peculiar characteristic can be used to extract information
from the context, and hence, has a paramount relevance in the field of Natural
Language Processing (NLP). In particular, CRFs can be considered as discrim-
inative probabilistic graphical models [15]. They are used to encode known
relationships between observations and construct consistent interpretations, as
an alternative to Hidden Markov Models.

3 Randomized Neural Networks Approaches

The use of NN with random weights has its roots in the pioneering works on
the perceptron [16, 17], originally conceived as composed of units organized in
successive areas/layers, where the connections between the first two are random
and those between the last two are adapted by the popular perceptron error-
correction rule. The idea of leaving untrained some of the connections (or all
of them) in a NN architecture has been successively revisited and analyzed in
a number of early works (see e.g. [18, 19, 20]). However, this class of mod-
els, hereafter named randomized NNs, hit the literature only in recent years,
raising a growing interest in the research community and taking the shape of a
methodology of consolidated use [21, 22, 23].

Under an architectural point of view, a randomized NN can be typically
thought as composed of two parts. The first part is an untrained hidden layer
that serves to non-linearly embed the input into a high dimensional feature space
(i-e. a basis expansion) in which the original problem is more likely to be linearly
solved [24]. The second part is a trained readout component that combines the
features in the hidden space (typically linearly) for the output computation.

In an attempt to give an abstract uniform formulation, in the basic case of
static/vectorial data processing, a feed-forward randomized NN implements a
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function that maps an input pattern u € RNV into the output y € RN by
means of a basis expansion of the form!:

SO wgut f (wu)
y = ... = W f(W u). (1)

N.
22wl f(wiu)

where Ny is the dimension of the hidden space, f is the activation function of
the hidden units (usually of sigmoid-type such as tanh), W = [wy;...; Wy, | iS
the weight mat_rix2 of the hidden units whose elements are set randomly, and
Weut = {fwgut ;lejjvv‘; is the learned readout matrix.

The main reference models in this context are the Random Vector Functional-
Link (RVFL) network [25] (in which often direct connections between the input
and the output layer are considered) and the Extreme Learning Machine (ELM)
[26, 27], which greatly contributed to the diffusion of the approach in recent
years. Moreover, if the basis functions in eq. 1 are implemented as radial basis
functions (RBF's), than RBF networks with random centers are obtained [28, 29].

In the case of temporal/sequential data processing, the untrained hidden
layer is made up of recurrent units and provides a pool of random filters that
contextualize each new input, acting as a state-based memory of the past input
history. In this case, under the umbrella of Recurrent Neural Network (RNN)
models [30], we speak of recurrent randomized NNs and the reference frame-
work is given by the Reservoir Computing (RC) paradigm [31], which has been
proposed in literature under several equivalent forms. In particular, the Liquid
State Machine (LSM) [32] uses spiking units and has been originated from a
biologically plausible perspective rooted in neuroscience, while the Echo State
Network (ESN) [33, 34] adopts sigmoid units and achieved an impressive diffu-
sion in the neurocomputing community. Another approach that falls within the
same framework of computation is given by the Fractal Prediction Machine [35].
Adopting an ESN-like notation, in the case of recurrent randomized NNs, the
basis expansion of eq. 1 becomes:

Nzw (wiru(t) + vox(t — 1))
y(t) = N . = WU f(Wu(t) + Wx(t — 1))
35 it ol (e = 1)
= Weul(t)
@)

where, at each sequence step ¢, u(t) and y(t) respectively denote the input
and the output, while x(t) € RVx is the state of the network, computed by
the recurrent hidden reservoir layer. In this case, W' = [w{";...;wi | is

1Bias terms are omitted for the ease of notation.
2The notation [ ; ] is used to denote row-wise concatenation.
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the input-to-reservoir weight matrix and W = [W1;...; Wny] is the recurrent
weight matrix, both left untrained after random initialization. As can be seen in
eq. 2, the reservoir implements a (discrete-time) dynamical system ruled by the
relation x(t) = f(Wiu(t)+ Wx(t—1)), thus a primary role in the initialization
of a recurrent randomized NN consists in ensuring stability of its state dynamics.
This aspect is traditionally related to the spectral properties of W, according
to the characterizations expressed by the Echo State Property (ESP) [34].

A common characterization of feed-forward and recurrent randomized NN
is the extreme training efficiency, as learning is limited to the readout’s pa-
rameters, i.e. to the weights in W°“ in eq. 1 and 2. This involves a least-
squares problem in the feature space of the hidden units’ activations, typically
approached by means of direct methods such as Moore-Penrose pseudoinverse or
ridge-regression [31]. Fast training, ease of implementation (compared to stan-
dard fully trained architectures) and a vast number of successful applications
reported in literature represent the striking points that make randomized NNs
appealing, and a de facto state-of-the-art for efficiently learning in vectorial and
temporal domains.

However, in the research community the topic of feed-forward randomized
NNs (and especially of ELMs) has raised a debate, naturally related to the
elegance of a full learning versus the introduction of randomness, contributing
to motivate further research studies. On the other hand, in RNN modeling
the use of randomness has been subject of more in-depth studies, with hyper-
optimistic views mixed to different extents with constructive dialogues [36]. In
this case, the analysis of randomized recurrent approaches has been especially
motivated by the strict need for training efficiency and by aspects related to
the characterization and control of the system dynamics, including stability,
learnability [37], etc.

More in general, new analyses and developments in this field are demanded
as a way of enhancing the understanding, awareness of use and performance of
randomized NNs. Among the others, in particular, we identify the following
major research lines.

Analysis of limitations. Characterizing the bias due to the use of fixed ran-
dom weights is of primary importance in order to grasp the essential nature of
randomized NNs and to identify on a solid basis their range of applicability, i.e.
the class of learning tasks for which the training of the whole network’s weights is
effectively non necessary. Vice versa, a deeper understanding of the operation of
NNs with random weights, through comparisons with fully trained ones, allows
us to push forward our comprehension about the true merits of learning. While
for feed-forward architectures a clear characterization of the inherent limitations
due to the random weights setting is still needed, a considerable amount of works
have addressed this problem for the case of recurrent models. Remarkably, it
has been shown that initializing RNNs with small random weights results in a
Markovian organization of their state dynamics [37, 38], which allows to dis-
criminate among different input sequences on a suffix-based fashion even prior
to learning. Such Markovian bias of RNNs [39, 40] has been directly linked to
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the properties of ESNs in [41], and has shown to be of great help in charac-
terizing their successful and unsuccessful applications. Other related works aim
to investigate the way in which the random components are initialized, with
promising insights obtained e.g. by imposing structural patterns to the recur-
rent weight matrix W [42], by studying the network’s dynamics [43, 44], or by
using methodologies from the random matrix theory [45].

Implementations. Developments in software implementation of randomized
NNs are recently gaining a growing interest, especially in relation to the pos-
sibility of realizing a synergy between the already extremely efficient training
algorithms and hardware advances in high performance computing, e.g. GPUs.
Such interplay is of particular relevance in the case of Big Data [46, 47]. Another
recent trend is to explore physical realizations or RC networks via unconventional
computation approaches, leading to photonic implementations of reservoirs that
promise to open the way to ultra-fast learning (see e.g. [48, 49]).

Learning in Structured Domains. Along with the increased intrinsic complex-
ity and expressive potential of data representations, learning in domains of com-
plex structures such as trees, graphs and network data, often implies exploding
computational costs, thereby the advantages of an efficient training methodology
are in this case even more evident. Seminal contributions in this concern are
represented by the works on TreeESN [50] and GraphESN [51], which generalize
the RC paradigm respectively to trees and graphs, and that have opened the
way to theoretical and experimental investigations that are still demanded.

Deep Learning. The ability of effectively learn feature representations at
higher levels of abstraction and the impressive accuracy achieved in several com-
plex real-world problems, are making deep NN more and more popular. Deep
NN architectures generally consist of a hierarchy of many layers of non-linear
units, where one of the main shortcomings is typically related to the fact that
training algorithms are particularly time-demanding in this case. With the ma-
jor goal of alleviating such computational burden, randomized approaches to
deep NN design have been explored in recent literature. In the context of feed-
forward models, networks based on stacking RVFL/ELM modules have been
investigated e.g. in [52, 53, 54], showing competitive results in tasks related
to image processing, handwritten character recognition, object detection and
gesture recognition.

As concerns temporal data processing, a growing research interest is be-
ing devoted to deep RNN methodologies, enabling the potentiality of learning
dynamical feature representations at multiple time-scales. In this context, net-
works composed of hierarchies of multiple ESNs have shown a great potentiality
in applications to temporal benchmarks [55] and speech processing tasks [56].
Moreover, besides the applicative viewpoint, the analysis of stacked reservoir
architectures proposed for the deepESN model [57, 58] allows to investigate the
inherent role of layering in RNNs, also in terms of Lyapunov stability [59]. This
type of analysis also opens the way to grounded approaches aiming at extending
the advantages of deep learning to temporal data processing in an efficient way.
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4 Special Session Contributions

This Section briefly describes the main ideas of the papers that have been ac-
cepted in the ESANN special session, showing further significant instances of
advancements in the area of randomized ML approaches.

In [60] Tifo proposes a theoretical analysis of the asymptotic properties of
Fisher memory in linear ESNs. The paper addresses the case in which the ran-
dom recurrent weight matrix W is constrained to the class of Wigner matrices.
Interesting insights are found e.g. on the distribution of the weights in W and on
the pattern of input-to-reservoir coupling that maximizes the system memory.

In [61], Oneto et al. present a sound theoretical paper about a randomized al-
gorithm based on data generating dependent prior and data dependent posterior
Boltzmann distributions. The authors prove that the algorithm is Differentially
Private (DP) and shows better generalization properties than the Gibbs (ran-
domized) classifier associated to the same distributions. This allows, in turn, to
produce enhanced DP-based generalization bounds.

Bacciu et al. focus on different approaches to realize preference learning
when dealing with ELMs [62]. The main conclusion is that using weight sharing
techniques to exploit symmetries in the task induces a smoother total preference
relation, learned from different personal pairwise confrontations. The method
generalizes very well also to external data taken under different experimental
conditions.

Targeting the problem of reducing the efforts in data acquisition and labeling,
in [63] Akusok et al. propose a comparison among three active learning method-
ologies based on ELMs. Experimental results on three benchmark datasets show
promising results in comparison with literature approaches.

In [64], Wéjcik and Kurdziel analyze the initialization of deep networks with
random projection matrices. In particular, the analysis is limited to fully-
connected Convolutional Neural Networks (CNNs) with pre-training. The re-
sults achieved in the paper suggest that random projection can be a feasible
approach for CNNs, outperforming other common initialization methods.
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