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Résumeé

Lorsque | 6on souhaite d®rouler wune approche d
sortir du cadre des solutions connues. Différentes rdéthocomme le brainstorming, facilitent ce
travail. Néanmoins elles se heurtent a différents obstacles :
1 Le biais cognitif, qui conduit le concepteur a explorer des voies erronées et, plus grave encore, a en
®carter dobéautres aulmod®Ppaqudelvibaa®Reseimbl é®c hed
1 Le champ de connaissance, qui doit idéalement étre le plus large et diversifié que possible.

T Léaccessibilit® ™ | a connaissance. Dans un mon
est de plus en plus difficledeui vre | 6ensemble des ®volutions d
T Léapproche dbéoptimisation qui est vue comme un

mais qui a un potentiel disruptive limité car elle est conditionnée par un espace de conception de
dimenson finie.

Face a un besoin nouveau, le cerveau y associe des principes, des concepts, pour générer des similitudes.

Cette phase est tr s rapide et quasi i nconsci ent
biais cognitif) alors on chercr@6 abor ds ~ |l a formul er avec des mc
architecture, des principes physiques ou des pro

plus ou moins détaillés.

Ce processus doéutili sat i oconfrahter, seieprauit par a suiteepgup | i q u
faire avancer | a r®fl exion. L6int®r°t majeur r ®:¢
tr s globaux et basics et des concepts tr s com
instantanément.

L6objectif de cette th se est de sbéinspirer de |
une idée et ou son propriétaire va la formuler et de créer un premier démonstrateur logiciel basé sur des
outils IA. Elle se base sur lésavaux menés au sein du groupe CES WORKS qui est spécialisé en
conception disruptive.

Mots clés : démonstrateur, conception disruptive, conceptual design, machine learning, langage naturel.



Abstract

The development of a breakthrough design approach firstly requires getting out from the space of
known solutions. Different methods can facilitate this work, as brainstorming. Nonetheless, they are
often subjected to different obstacles:

1 The cognitive biases, not only leading designers to explore erroneous solution paths, but also to
exclude other apparently unsuccessful paths since the beginning.

1 The knowledge spacwhich must ideally be as large and varied as possible

9 The accessibity to knowledge. In a world where everything changes and develops very quickly, it
is increasingly difficult to follow all the developments in all fields.

1 The optimization approach, which is seen as a way to innovate at least incrembeutallijich has
a limited breakthrough potential, sinités conditioned by a design space of finite dimension.

When wefacewith a new need, our brain is able to associate it principles and concepts, generating
similarities and thus new ideas. This phase is genemflyrapid, and it is almost unconscious. If these
ideas are considered interesting (i.e. if they survive cognitive biases), viiesivitly to formulate them

with words, which generally describe an architecture, physical prin@pleaterial propertiesbefore
translatehem intomore or less detailed models.

This process of using words to explain, share and compare will be repeated again and again to move
forward. The major interest lies in its ability of explaining very general and basic conceyel as
very detailed and complex ones, and of instantly moving from one field to another different one.

The objective of this thesis is to be inspired by the way a brain works when it generates an idea and
when its owner formulates it, in order to creat@st software demonstrator based on different machine
learning tools (artificial intelligence). The current thesis is based on the work carried out within the
group CES WORKS, which is specialized in breakthrough design.

Keywords :demonstratqrbreakhrough designconceptual desigmachine learning, natural language
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Symbols

Symbols,superscriptsand Greek letters used for artificial neural networks

Symbols
E" Sample error referred to thé training sample
Eep Epoch error

% Epoch error referred to the training set
Y% Percentage variation 8 between two different numbers of hidden neur
which were consecutively tested
% Epoch error referred to the validation set
Y% Percentage variation 8 between two different numbers of hidden neur

which were consecutively tested

Number of right responses provided by the neural network in an epoch
Number of right responses (cf. ) referred to the training set
Number of right responses (cf. ) referred to the validation set
Number of samples

Target probability corresponding to thdutput neuron (cf. y
Generic synaptic weight

Weight correction

Input of the generic neuron

Neuron accumulated signal

Output of the generic neuron

Output of the K neuron in the generic layer, it refers to output neurons v
used with ¢

‘§~<®><§E;*.

Superscripts
b Bias neuron
h Hidden layer
[ Input layer
o] Output layer

Greek letters
d Learning rate
€ Momentum
U  Actual epoch
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Symbolsused inthe K-means clustering method

Ro
aRp

Cluster

Euclidean distance

Dispersion in a partitioning

Dispersion corresponding to the partitioning(ef. P)

Dispersion of the training samples around their centroid

Number ofclusters

Partitioning (or partitioning level)

Partitioning (or partitioning level) of minimum dispersion composed b
clusters

Percentage reduction of‘Dlue to the increasing of K, with respect t6D
Increment of B

Symbolsused for the genetic algorithm

Dav
aDay
Dmax
Dhmin

8D min
g

G
Gmax
N

Pec

Pm
Fmax

Imin

Average dispersion in the population of solutions at a given generation
Percentage variation @f., between two consecutive generations
Maximum dispersion in the population of solutions at a giyemeration
Minimum dispersion in the population of solutions at a given generation
Percentage variation @fmin between two consecutive generations
Number of genes per variable

Number of generations achieved

Maximumnumber of generations
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Mutation probability

Higher limit of the variable range

Lower limit of the variable range

Increment of distance between two values of the variable

Symbols used in the NLP methodology

Nw
Xi
554

Number of words in the generic training sentence
Relative position of thé"iword in the sentence

Length of a sentence portion (teentence of length 1 being divided intg |
portions, cf. N)
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Introduction

Our world is constantly changing. New products and processes are under continuous development
by companies, which continually try to be a step ahead competitors. Most of the developed products
early fail, as well as their associated business models, vgherda a very few part of them reach
prominent market positiord]. The extraordinary technologic development of the recent decades has
further accelerated this process, and the crucial role of design, as an activity aimed to codceive an
develop new product and process concepts, has more and more emerged. The great challenges of our
days, as the climate changes or the recent generalised crisis due to the T8dBdemic, which is
heavily impacting the social and economic framework, entiran ever highlight the need for
breakthrough design solutions, able to produce great advantages in terms of technology, sustainability
and social changeshe development of a breakthrough design approach firstly requires getting out from
the space ofkown solutiong2]. Nonetheless, this wften subjected to different obstacles:

1 The cognitive biasePesigners often tend to project following their own preferencesinigad

consider a limited set of design options and to explore erroneous solutioripagbscluding other

apparently unsuccessful paths since the beginning. The design solutions which can be quickly and

easily realized usually tend to be immediately chpsgen if they involve a poor outcorf8j. The

reasons of this tendency are mainly two. From one side, the design practices which allow to enlarge

the solution space and to improve the research of more interesting design options are often unknown

or ignored. From the other side, the behaviour ofsdrae designers, as of all humans, is affected

by subconscious mental mechanisms, which are ir
design habitudeso. The influence of t hese mec
observed when, forxea mp | e, we refuse to do something by
ino, I dondét I|ike ito or fAno, |l dm not wused to

they are very dangerous for our design thinking, since they preclude us tH#lipossiimagine
and explore different and potentially more interesting thiygrybody is subjected to cognitive
biases, even more open and smarter pda8plg.

1 The knowledge spacé. breakthrough desigapproactrequres having a knowledge space as wide
as possible and as various as possible since the beginning of the pirejeitte ability to generate
analogies between different fields and disciplines, different physical principles, [@fc.
Optimization, representing the most widespread design approach, is sometimas aegay to
innovate, at least incrementally, but it cannot lead to disruptive solutions because it is conditioned
by a fixed design space of finite dimension from the bagmiB]. Knowledge varietycan be
favoured by thenultiplicationof contributorswith different specializationgiowever, theithinking
and experiences are raltvayseasy tabe exploited andombinel. Indeedthe ability to generate
analogiesdepends on the openness of the same contributors, which is strongly linkatkito
factors as personalityculturalbackground ang@revious projects[1].

1 The accessibility to knowledge. In a world where everything changes and develops very, guickly
is increasingly difficult to follow all the developments in all fields. We must therefore specialize,
which however amjfies the previous obstacleBor the same reason, our brains are saturated with
i nformati on, and we sometimes tend to Areinven
the whole state of the art.

In order to overcome these obstacles, we trieth&émine the way our brain works when it is faced
with a new needWhen we are faced withdesignneed, our brain is able to associate it principles and

15



concepts, generating analogies and thus new ideas. This phase is generally very rapid and almost
unconscious. If these ideas are considered interesting (i.e. if they survive cognitive biases), we will try
to formulate them by words (i.e. natural language), generally describing an architecture, physical
principles material properties, etc. These elatsewill befirst set in the brain as words, before being
translatednto more or less detailed models. This original hypothesis is the base of this thesiShweork.
process of using natural language to explain, share and compare will be repeatednagainféoward

in the reflection. The major interest of natural language lies in its ability of explaining very general and
basic concepts as well as very detailed and complex ones, of emphasizing changes and of instantly
moving from one field to another tifent ong9]. The objective of this thesis is to be inspired by this
processusingmachine learning (artificial intelligence) to create a first original software demonstrator.
This ambitiousideais based on the work carried out within the group CES WOR#®Jer of the

current thesis anspecialized in breakthrough design

The thesis is organized in three chaplierchapterl, we clarify our perspective on design, which
represents our focus, and we present the purpose and the approach adopted in thischeaypker2,
we discuss the reasons for adopting machine learning, and we then present the implemented machine
learning methoddn chapter3, we present our original natural language processing (NLP) methodology
based on machine learning, andtivenadapt this methodology to the design field to create our original
demonstratorThe latterwill be described in detail arfthally tested with an original example.

16



1. Focus, Brpose andApproach

The current chapter is organized in three main sections which respectively introduce the focus (i.e.
design), the purpose and the approach pursutids thesis. The conceptual mapFig. 1 presents the
structure of the chaptenjghlighting the fundamental topics on which the discussion islclese.

FOCUS Design

* General definitions
* Adopted model of design process

The concept of innovation in the
entrepreneurial and industrial world
* Evolution and definitions
* Current perspective

Breakthrough innovations
* Concept originality: the key of breakthrough
* Breakthrough Design Practices (BDPs)

=
0]
Q
= |
-
-
A

Cognitive biases: the
Vgreatest obstacle against

the BDPs

! design procedure, based on:

! * Conceptual design

i * Follow BDPs’ indications

i * Help to overcoming cognitive biases

Optimization, the most widespread design approach

Many aspects of the optimization
V approach collide with our purposesv
* No emphasis on BDPs
* Risk of cognitive biases

Theory of the Inventive Problem Solving (TIPS):
* Proposed approach to conceptual design
» Example of the application of TIPS

i Adopted conceptual approach: |
| * Emphasis on BDPs 17T !
! * Influence of cognitive biases || !

APPROACH

Fig.1: Conceptual map of the chapter developed to explain the original path leading foutip@se and t@approachof the
thesis.
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Since design represents the focus of the thesis work, we believe our perspective of this concept
should be immediately clarified. Sectidrl ( A f o ¢ UFEy.dl), reparts some important definitions
about the roles of design as discipline and a-e&tthblished model of design process. The latter enables
to highlightthe crucial importance of the conceptual design phase. As arg(i&d],iesign is very
frequently linked to innovation by scholars, and this trend has particularly developed over the more
recent decades. Notably, innovation is popularly intended as newness and associated to the technological
progress, and it thus seems torenand more represent a fundamental component, or even the ultimate
target, of the design activif,10]. We believe that a preliminary analysis of the innovation concept
will help to better introduce our purpose. Accordinitp 1, a study of how innovation has been defined
and perceived over the modern history (from 1960s to the recent decades) by industrials and
entrepreneurs is Btly conducted in sectioh2( ipur poseodo). This enables to
innovation in the current work and to focus on breakthrough innovation, pgpatarsidered as the
most valuable form of innovation. Notably, after identifying the distinctive element of breakthrough
innovations, i.e. the concept originality, we introduce the fundamental design practices which can favour
the birth of breakthroughimnv at i ons, denoted as BDPs (FgB)y eakthr
BDPs do not involve only technical aspects, but they also involve some impmytaritive abilities
which represent the source of the human creatj2ityThe study of some literature contributions (cf.
[317]) allows to identify the greatest obstacle against BDPs: the cogbitises (cfFig. 1), which are
heavily responsible for fibad design habitudeso,
the three fundameritarinciples reported iffrig. 1, is finally pointed out. But which design approach
can be more suitable to reach our purpose? Setttin i a p p r o Rgc 1 siarts by dnalysing the
most widespread design appch, i.e. the optimization. The presence of many aspects of this approach
colliding with our purposes reveals that optimization is not suitable to our needs. Notably, we
demonstrate how optimization does not emphasize the BDP, and how the use of atesiged
procedure based on this approach is strongly af
design approach is required. We thus proceed by studying thesstadilished conceptual design
approach proposed by the Theory of Inventive Prol8eiing (TIPS)8,11]. Based on some important
features of TIPS, we finally define the fundamental principles of the adopted design apprdaich (cf.
1).

18



1.1. Focus

In this section, we want to briefly clarify our perspective of design, by outlining its roles as
discipline, and by introducing a weadablished model of design process. These aspects will be our
reference for the concept of design during the rest of the thesis.

1.1.1. The roles of design

The word Adesigndo is typically wused to mainly
CAD tools used by engineers. However, identifying design with aesthetics or defining design as the
process of collaborating with clients are two common prac{it2,13] The presence of all these
meanings can result in a significant vagueness, which makes difficult to conceptualize the role of design
as discipling14]. Some efforts in this direction have however been madg@.5lh Herbert famously
defined design as fthe process of rmdham@gdamgt exndt
abstracto conceptual i z 10 whapointed oyt threepnais reles ofllgsiglHe r n a
as discipline. These roles are reportedablel:

Tablel: The three main roles of design as discipline[{€]]).

The three main roles of design
Creative and generative thinking
Desi gn Research

Differentiator

Contrary to the popularly diffused vision, these aspects, and especially the fifsf.rokble 1),
highlight the centrality of the human mind in the design act{iéy15]

1.1.2. A wellestablished model of design process

Based on these ideas, Pahl et al. formulat¢tidha model of mechanét design process, which is
schematically reported fRig. 2according td11,16] This wellestablished model prales a sequential
gui deline consisting of four fundament al steps
development (cfFig. 2). Fig. 2 clearly outlines the extremely iterative nature of the design process, in
which any decision can determine a progress to the next phases orreamhsider the decisions made
in each one of the previous steps. The first phase, i.e. task clarification, mainly concerns the collection
of input data, the formulation of initial ideas and proposals to solve the given problem and the
elaboration of thelesign specifications to satisfy.
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1. TASK CLARIFICATION
Collect data (analyse literature and market)
Formulate initial ideas and proposals
Elaborate specification

¥

Initial idea + Specification

¥

2. CONCEPTUAL DESIGN
Identify solution principles
Apply and combine solution principles into concept and [«
develop concept variants
Evaluate, select promising concept variants

A
P

A\ 4

A 4

Concept variants

!

3. EMBODIMENT DESIGN
Develop preliminary technical layouts from concept variants
Optimize preliminary layouts to obtain definitive layouts +
Evaluate, select promising layouts

v

Definitive layouts

'

4. DETAIL DESIGN
Complete and check design details
Complete production drawings

v

Documentation ->

Fig.2: Model of mechanical design process [t1,16)).

A 4

'
o)
>

1.1.2.1. Conceptual design

The phase of conceptual design (second stepjg:f2) concerns the identification of the solution
principles, i.e. the general strategies, to satisfy the required specifications. Solution principles are thus
applied and combined to the initial i deathe obt air
initial idea towards the required specificatigid,16] According toFig. 2, the concept is further
developé to obtain different concept variants. The example propoded.ifi helps to clarify the given
definitions of solution principle, concept and varigft Fig. 2). Notably, the purpose of this example
is to schematically illustrate the conceptual design, without dwelling on the methods wherebwn solutio
principles are identified and applied to the initial idea.
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...from task clarification
Initialidea Specification
Cantilever structure <+ Reduce the mass of
; _ the structure
7 =

Conceptual design Solution principle(s)
Lattice frame

v

Application to the initial idea...

\

Concept(s)
Lattice cantilever structure

Variant 1 Variant 2 Variant n
/ / LN ] /
A\VAVAVANERA N NN 7
/7 7/ * /
Select promising variants. ..
...to embodiement design
Fig.3: Schematic example of conceptual design.

AsshownirFig.3, the initial idea Acantilever structur
arbitrarily chosen, constitute the input of conceptual design-{gf.2). First, the solution principle
ilattice frameo is identified: the employment of
the required specification. Hence, the applicatibthis principle to the initial idea leads to the concept
filattice cantilever beamo, whi ch can trigRBte shape
concept expresses the essential and constant <cha
structureo), while each variant expresses a di

configuration of the lattice)lThe more solution principles are multiple and different, the more they can

be combined into multiple and different concept variants. Theoretically, accordjhd,16] there is

no limit on how solution principles care combined. At the end of conceptual designKitf. 2 and

Fig. 3), concept variants are generally evaluated against economic criteria, and the most promising ones

are selectedsome examples of real product concepts follow:

1 Concept of Sony Walkman: portable device to bring along your own music. This concept involves
the combination of one main principle, i.e. the portability of the m@$ic

9 Concept of joystick: ergonomic device to control your alter ego in eovghme This concept
involves the combination of two main principles, i.e. the criterion of ergonomicity and the control
of an alter ego in a video garfie].

As argued iff11,16,18] the conceptual design has a considerable effect on important variables, as the

cost, and it is thus known as the masicial phase of the engineering design pracess
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1.1.2.2. Embodiment design and detail design

The phase of embodiment design (third stepFigf. 2) concerns ta development of preliminary
technical layouts from the selected concept variants. After an optimization process according to the
required specifications, the most promising definitive layouts are selected. The example proposed in
Fig. 4 represents the development of the technical layouts starting from the concept varagt8.of
As done inFig. 3, the purpose of this example is to schematically illustrate the embodiment design,
without dwelling on the methods whereby hairal layouts are developed, optimized and selected.
Regarding the parametric annotation uselign4, t he superscri pts dardbfo and
variant and of the corresponding | ayout, while 't
Adefinitivedo, respectively.

...from conceptual design

Concept variants = Specification

b N

Concept Concept Concept
Variant 1 Variant 2 see Variant n
Conceptual y
dimension 7 7 NSRRRN
Ve /
Embodiment design
Preliminary Preliminary Preliminary
, layout 1 o , layout 2 o layout n
. 1 2
/ g IHP 7 _ I Hp
/ 3 / ', 2 ) LN ]
Material : pj, F #trusses : Np K
Technical Optimize according to specification. ..
dimension *
Definitive Definitive ... Definitive
layout 1 layout 2 layout n
1
a
/ d / - LN ]
" NN N
7 R P ey ,
Material : pg #trusses: N3 VF
Select promising layouts...

~

...to detail design
Fig.4: Schematic example of embodiment design.

As shown inFig. 4, the development from the conceptual dimension of variant to the technical
dimension of layout requires the definition of some preliminary numerical values, regarding for
example:
 Geometry,a$ engt hs (H), angles (U) or the number of
T Materi al properties, as the density (1)

1 Work conditions, as loads (F) and constraints.

In general, this means that the further development of the studied layouts is constrained to the variatio
of the chosen parameters. Hence, the optimization enables to obtain their definitive (best, optimal)
numerical according to the required specifications. As reportédyirl, the optimization process will

be further deepened in sectitr8 Finally, the most promising definitive layouts pass to the phase of

22



detail design (fourth step, cFig. 2), which concerns the completion of the design documentation, as
the production drawings. According [tb6], even if the higHevel decisions are normally taken during
conceptual and embodiment design, designers should not relax too early, since anptigckion in

the design documentation could ruin even the best concepts.

1.1.2.3. Final considerations
The three design roles reportedrimble1 and the model proposedHiy. 2 constitute our reference
for the design process in thwsrk. Thanks td=ig. 3 andFig. 4, we can also highlight the fundamental
difference between the conceptual dimension, where everything is potentially possible, and the technical
dimension, where everything is constrained to the chosen preliminary conditions.
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1.2. Purpose

The current sectionrpsents the purpose of the thesis and is organized as followsgy(cE). The
concept of innovation is analysed in sectlo®.1 In order to formulate the BDPs, sectib2.2focuses
on breakthrough innovations (dfig. 1). Afterwards, sectiorl.2.3 concerns the cognitive biases.
Finally, sectioril.2.4introduces the purpose and the motivation of the thesis.

1.2.1. The concepbf innovation

Over the twentieth century, the concept of innovation has become very popular in the industrial and
entrepraeurial world, especially when linked to technological developrfisit Notably, the term
Ai nnovati ono has been used in different contexts
its Latin origins {nnovarg until the twelfth century, it denoted a changeyud, somé¢hing new and
young. During the sixteenth century, the sense of innovation moved to what is original, unexpected and
involves creativity. This aspect is still present nowadays.

1.2.1.1. The contribution of Schumpeter before 1960

Before 1960, scholarly publicatioren innovation were few and far betwef9]. The main
exception is represented by the social scientist Schumpeter, in the first half of ntiettweentury.
Notably, he studied the role of innovation artdrepreneurship in economic growttith an original
approach based on economics, sociology and history insights. In his early works, Schumpeter firstly

theorised invention as a process obranb i nant research. To him, an i n\
(an untried possibility) of existing ideas, processes ortechnol@fipgs and it can be fAan
or a model for a new i mpr ov e[2l]. Coesequenty, Schumpetdru c t

defined the entrepreneur as a pioneer who carries out new combinations and exploits them to reform the
pattern of production and introduce a revolutionary social, ecanontiechnological change, i.e. an
innovation [19,20] According to his definition, innovations can concern new commodities, new
methods, new forms or orgaations,new sources of suppbnd new marketd 3]. Schumpeter further

focused on the economic and technological aspects. He argued that, in the economic sense, an innovation
is accomplished "onlwith the first commercial transaction irlving the new product, process;stem

or device" [21]. On the technological side, he implemented different models to describe the
technological change. The following model is the most basic and influential: invéhtimmovation

C diffusion[13,22] According to his vision, among all the implemented inventions, very few of them
lead to innovations. These latter ones, whighresent successful new technologies, are thus diffused
until their use is widespredd?2]. In his later works, &humpeter extended his approach to also take into
account organized R&D (Research &elvelopment) activities in large firnj$9,20]

1.212.CNBSYIl yQa Nferd 21060z( AnRoyation | as
commercialization
Since the early 1960s, the number of innovation studies has started to grow significantly, due to an

increasing interest in Schumpeterob6s ideaHBg, as we
5, adapted from[19], shows the growth of the social science articles which contain the word
fii nnovationdo in the titl e, ftdide offig.5) regorks theirorati@( MO0 6. T
per cent) to the total number of social science articles, while the legend (right BigeXfreports the
respective authors6 disciplinary backgrounds in
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Fig.5: Growth of the social science articles contairlingg Yy § 1 A ¥2 G KS GAGE S oAy LISNI OSyiio
background (cf{19]).

Asillustrated inFig. 5, the number of these articles is continually increasing since 1960, and a more
accentuated slope growth can also be remarked since the late W@®8sver, the legend clearly
indicates the predominance of the economic backgraomzhg the social science authors, followed by
engineering and geography. This highly skewed background distribution is probably due to the original
contribution of Freemanyho was one of the most influential scientists in the field of innov§ti®yi9]
The core aspects of Freemands womnmercidizaton anditke r epr €
definition of technological innovation as product commercializgtl@h. A first important break point
with the pastand in particular with respect to Schumpetethe strongneaning of commercialization
which the innovati on maysisls anticipateddan Sclkeumpetemnndvatiene ma n 6
firstly consists in combining and i HA3],ewrdifthei ng a
was aware that an innovation can become such only after commercial[24fiddowever, he did not
discuss his ideas in terms of commercialization, except for innovations regarding new comiijlities
A second i mportant break point concerns the dif
view of technological innovatiornThe tradition on technological change had already emerged in the
1930s. Technologies were seeraasurce of unemploymenylsociologists, as in the previous century,
but as a source of productivity by firms and economiith such a focus on productivity, technological
innovationwas concerned witthe use of technological inventions in industrial production. For instance,
Schumpeter formalized his idea of technological innovation in the sense of combining factors of
production in a new waji 3]. Between the 1960s and the early 19[21s23] Freeman initiated a new
tradition, nmoving the focus from productivity to market: to him, the technological innovation is the
commercialization of technological inventions, for eithestaners (as products) or firms (as processes)
[13,19] According to this view, the inventor becomes a businessman who commercializes a new
product. On the other hand, the central role and economic importance of the commercialization aspect
affect themeaning of innwation, which is usually understood as technological innovation according to
this new tradition.

z

1.213.CNBSYlyQa lylfteara 2F wabyY (GKS
policy component

The R&D, intended as an activigmed at technologic@hnovation, is another kevant subject of
Freeman6s contribution. The introduction of the
discontinuity with the past. Till then, technological innovation had been discussed in disciplinary terms,
mainly sociological(unemplgyment) and economicgroductivity). Freeman focuses omarket and
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policy failures in relation to the technological innovation of consumer goods and services. Notably, he
remarks how the vast majority of public R&D is devoted to national security ancgprEgtD (military,

nuclear, space), especially in legoch,characterised by the Cold War. Moreover, he highlights how
ithe present R&D selection project techniqgques ar
term compet i ti v[el]. @&cFoeantam the reatiocatidn efrR&xrésources must be the

main concern of national policies, which should support science and technology based on their
contribution to social welfare. To this purpose, he propseesral strategies to involve criteria of user

oriented innovations (satisfaction, environment, aesthetics, social benefits) in the R&D processes:
standards, regulations, public representation on committees and technology ass¢s3ra&hts

1.2.1.4. The intergovernmental standpoint of the OECD and its
principal international reports

Since the early 1960s, intergovernmental organizations have been the principar diffus
Freemands ideas. A discussion on national <coordi
first century half, and thespread all over Europe the 1950s. Since its foundation in 1961, the OECD
(Organization for Economic Cooperation abevelopment)encourages international policies to
establish the role of science and technology in economic development. ThOE&IY reports also
focus on lags and gaps in science and technology between Eupedries and th&S (United
States), whib became a model of economic growth, technology development, productivity and market
share[13]. The Frascati manu24], one of the most important OECD documents, constitutes a world
recognised standard for R&D study and it is widely used by several organizations asgodiaged
United Nationsand theEU (European Union). It contains some fundamental definitions (as of base
research, applied research, experimental development) and it concerns the measurement of R&D
resources (costs and staff). The first edition (1963) was based on a document preseéntechby,
who acted as consultant to the OEQI3]. The OECD is also responsible for a deeply developed
discussion on innovation that stilbatinues todaySince the early reports in 1968] and 197(26],
the OECD retained a vision of technological innovation as commercialized invention, and further
implemented this representation in the following decades. The Oslo nj2n) dirst released in 1992
defines and distinguishes the technological innovation of product and process. According to the Oslo
manual, the product innovation concerns the commercialization of a more performing product that
provides objectively new or better services to consuntensthe other hand, the process innovation
concerns the adoption of new or considerably better production or distribution methods. The
technological innovation of process can involve changes in materials, human resources or work
methods, contemporarily separately.

1.2.1.5. The crystallisation of innovation as  product
commercialization

Between the 1960@nd 1970s, other public reports sharing the same OECD innovation perspective
were released bgther important public organizations, as the US Department of Cararard the UK
Central Advisory on Science and Technology. Despite the development of other definitions in sociology,
management and political science, only the definition of commercialization has been selected and
standardised by OECD and governments.réason lies in the relevance of commercialization to policy
purposes (market shares). However, this contributed to a crystallization of the concept of innovation as
technological innovation and on a focus on firms and economic growth as ultimate o{8hnrew
studiesdiscusswhat innovation is. On the contrary, the majority retains the specific perspective of
technol ogi cal i nnovation and specializes on fir
product commercialization] nnov at i oand #stitigianal aspekcts are studied for their
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contribution in the innovative performance of firms, while the social issues, as those criticized by
Freeman (cf. sectioh.2.1.3, occupy a marginal positiofi3].

1.2.1.6. Final considerations: our perspective of innovation in
relation to design

We have investigated the evolution of the innovation concept from the 1960s to the recent decades,
from an industrial and entrepreneurial standpoint. As argued, a differentététign has been added
to this concept according to the historical period. We have seen how innovation has nowadays acquired
a strong economic and technological meaning, mainly due to the international reports of the OECD. We
believe this is one of the nmareasons why this concept has become so popular even in the design field.
The principal meaning that innovation has assumed according to the different epochs are reported in
Fig.6, with the support of a timeline (left side).
also highlighted (cfFig. 6, right side).

Timeline General meaning of innovation ~ Relationship

. with “New”’
Ancient Never seen

times . .
Somethmgf SI ; ; ) Different

Relatively young

New corresponds to
innovation

L

Ry e i
Combining in a novel (different) way
o o New is the aim of
Combining existing ideas, concepts, » Into @roducts innovation
models, technologies, etc. or processes
<1060 = - - - - - - - m - - - - m - —— e —— - - - =TT s
Product Commercialization (mainly for financial gain) |
A A ! New is the mean to
Commercialize @ To obtain economic return and ! innovation
products or processes advantages on competitors 1
Nowadays !

FigY t NAYOALIt YSFyAy3a aadzySR 0& Ayy2@0lLGA2y | O0O2NRAY

Even if the economic interpretation is the most predamti vision, all the other meanings (€fg.
6) still exist and are currently used in different contexts by innovation schb@is3,19] This could
explain the great vagueness surrounding this concept. For the purpose of this work, we adopt a general
definition of innovation based on Schumpeterds v
a change (cfFig. 6 and sectiorl.2.1.9. This definition is reported iRig. 7, where three key aspects
are highlighted and explained in relation to our design focus.

Innovation
Novel combination which produces a change

/

Novel Combination (= solution) Change

In our . . . . - ; .

desien » Different, untried. It Obtained with an iterative An improvement, a

focfs highlights the concept process of recombining more effective design
of diversity previously or never used design

concepts and solutions

Fig.7: Key aspects of the adoptekfinition of innovation in relation to our design focus.

Notably, the diversity of the gener atkgd), combi n
represents for us a very important point of the given definitioeb@ieve a design approach should
insist on this aspect, by helping designers admitting different standpoints and by proposing different
solution opti onkig. 7). lesendeas rare emboded in thé BDPs, which will be
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introduced in sectiof.2.2 The t er m i €ig M eéntifiesta gemari®@dedign $olution and
highlights the recombinant and iterative nature ofdbsign process (cFig. 2). Finally, as reported

Fig. 7, we intend the producednifmpovenenga& a pravious @designo si t i
condition.

1.22. ¢ KS d. NBIF {1 0KNRdzZAKe¢ 5SaArday t

According to the adopted definition (d¢fig. 7), an innovatia is considered such if it produces a
(positive) change. This change can be more or less significant, predictable or unexpected. Many efforts
have been aimed to classify innovatiofdy by descr

1.2.2.1. Aqualitative model to classify innovatioa

Over the last decades, scholars hawployed differenadjectives, often imposing a bimodality to
innovation: continuous versus discontinuous, evolutionary versus revolutionary, and incremental versus
(breakthrouy). As argued in[2], these adjectives represent an indicative classification method.
Different models have also been implemented to classify innovations in a more structured way, mostly
from an economic point of view. The model proposedable2 (cf. [28]) is one of the mosised, and
highlights two principal dimensions of industrial innovation: newness of technology and customer need
fulfilment. The first one represents a measure of how much a technology involved in a new product is
different from prior technologies. The sedoone represents a measure of the begigén to customers
by a new product and its capability to create a new market.

Table2: Types of product innovations (§28]).

Customer Need Fulfilment
Low High
Newness of Low Incremental Innovation Market Breakthrough
Technology High Technological Breakthrougt Radical Innovation

According toTable2, an incremental innovation entails relatively moderate changes in technology
andcustomeibenefit. Market breakthroughs are based on core technology, similar to existing products,
but providehigher costumer benefits. Vice versa, a technological breakthemmbtsa substantially
different technology butloesnot provide superior customer benefits. Finallgdical innovations
involve substantially new technolieg and provide substantially dtier customer benefi{28]. The
gualitative natureof this model(low andhigh, cf. Table 2) suggestghat there is not a wetlefined
border between incremental and breakthrough (or radical) innovations and, as ardRigdtiat
innovation can be thought as a continuous sfjce

1.2.2.2. Concept originality: the key to breakthrough innovations

The use of new techrmgies and the birth of new markets (Eable2) are of course fundamental
variables to consider, but they do not constitute the unique term of casisifi As observed if2], a
large variety of innovations employed existing technologies and concerned already mature markets, as
the Sony Walkman, for example, which still resulted in an economic boom for the company. This
product had a great success andrgd diffusion, especially among young people. In this case, the
concept of the product, i.e. the possibility to bring along your own music (cf. sekctioh ),
represented the real breakthrough innovation. Another similar example is repdttéf im 2001, the
BMW Group decided to conceive a new interface device for controlling a manifold of functions in
luxury cars. This interface device was based on an already mature technology, the joystick, very
important for the video game industry, but still resulted in a great success. Notably, the breakthrough
was determined by transfer of the concept of joystitksgrction1.1.2.9 from the video game field to
the automotive domain. Based on these examples, we can make the following important considerations:
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1 As also arguedni[2,29], the breakthrough potential of an innovation is embodied in its concept.
Notably, the originality of the concept repretethe key to breakthrough innovations.

1 Consequently, the phase of conceptual desigrigf2), in which concepts are born, is of crucial
importanceor the achievement of breakthrough innovations.

1.2.2.3. Incremental and breakthrough innovation in a design

process

We can better outline the concepts of incremental and breakthrough innovation in our design
context by means dfig. 8. Remembering that design is arratiéve process of combination (&fig. 2
andFig. 7), the histogram ifrig. 8, adapted fronfil], shows the typical relation between the number of
carried combinations (vertical axis) and their design outcome (horizontal axis). Thedatesents a
statistical measure based on patent citations, scientific citations, financial returns and number of times
a novel combination is used by future designers. As argyétl every wellsampled of design ouime
based on these parameters shows an highly skewed profil&igs8n

Failures Incremental Breakthrough

Number of carried
combinations

“Long tail”

\

Outcome
Fig.8: Number of carried combinations degsign outcome (cf1]).

The histogransuggestshatthe most part of the carried combinations result in a very poor outcome,
as indicated by the great density on the left. For these combinations, the outcotow ighabthey can
be considered as failures (Eig. 8). Few combinations have a moderate value (incrementBig:f8),
while the wvery outliers on the right represent
innovation[1]. Based on these considerations, a design process could produce a great amount of useless
or minor new combinations before achieving a breakthrough innovation. The continuous &gné in
indicates that the innovation categories (failures, incremental and breakthrough innovations). cannot
neatly distinguished. This means there are no defined patterns which guarantee to achieve breakthrough
innovations.However, their birth can be favoured by observing some principles during the design
process. We called these principles fABreakthroug
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1.2.2.4. The base of the BDPs

The BDPs are directly related to the nature of the human subconsciokstadidgg?2,28]. The
latter is a highly personal and unique form of knowledy®] it derives from experience, practice,
perception and learning. Based on these characteristics, a designer can contribute to innovation in
different ways[29]. In the model of tacit knowledge proposedTable 3, adapted fronj2], the tacit
skills correlated to the innovative abilities have been distinguished into technical and cognitive skills.
As shown inTable 3, the experience -gyaionedyot lgri ovwegh tihlee d ronnie
abilities. This type of knowledge, for example, allows an expert workman to be more productive than a
novice, despite the same tools and a similar training. A combinatioorrobF education and work
experience (average level, dfable3) awards more significant innovative abilities. This category can
be represented by a spalist engineer, endowed with problesulving skills but limited by his
preference for detail®].

Table3: How the tacit knowledge contribute to innovation (&]).

Innovative abilities Correlated tacit skills
Level Description Technical Cognitive
Tangible results Learninaby-doin
Low achieved through gby g Pattern recognition
. . experience
bodily actions
Creative solutions to
Average Innovations in experienced M | del
techniquesmethods specialization ental models
and processes
Breakthrough Deep and broad System thinking
High conceptuakolutions multidisciplinary Intuition
(cf. sectionl.2.2.2 specialization Insight

The highest level of innovative ability indicates the skills which more contribute to breakthrough
conceptial solutions (cf. sectioh.2.2.2:
1 On thetechnical sidgcf. Table 3), a deep specialization in more disciplines allows to analyse
problems under different points of views, and thus to broaden the search range in the solution space.
1 On thecognitive side breakthrough innovators have an overathwiof the solution space (system
thinking, cf. Table 3): they can see and originally exploit (intuition and insight,Tefble 3) the
interreldionships between different technologies, or even different and apparently unrelated
disciplines, transcending the technical details and visualising the final solution.
Theseskills arethe base of the BB3Rnd represent the essence of creat[@if9]. In order to formulate
the BDPs, we want tashowhow these technical and cognéigkills, respectively, can be released and
exploited.

1.2.2.5. The BDPs based on the technical skills

We can better illustrate this aspect by assuming the point of view of a manager, who organizes and
supervises the design process. Notably, managers are chargeditor and measure the quality of the
design process. Based on the breakthrough technical skills repoRigd 9 managers can promote a
multidisciplinary collaboration between more designers with different fields of expgri8. Fig. 9
shows the effect of promoting multidisciplinary collaboration on the design outcome, according to the
typical skewed distribution irFig. 8. For brevity, the category of incremental innovations (blue
background, cfFig. 8) has been removed.
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Fig.9: Effect of promoting multidisciplinamgollaboration (cf[1,30).

As shown inFig. 9, a greater diversity between the specialization fields of collabsr&ods to
reduce the average outcome of the design process and, for this reason, it can be very risky. However,
the more this diversity is significant, the more the variance of the inventive outcome increases. This
means that much worse combinations (fi@) but also much better ones (breakthroughs) are more
probable. The behaviour reportedHig. 9 allows to formulate théwo following BDPs:

BDP a.Consider multiple and different solution paths. Base#ign9, the probability to achieve more
interesting (breakthrough) solutionscieases by carrying out more and different combinations.
Given a design problem with some design requirements to satisfy, we can admit mechanical,
physical or chemical solutions (i.e. from different disciplirj@s30]. We can also consider multiple
and different solutions within the same disciplig¢, as shown in the example Big. 10. The
solutions listed irFig. 10b allow to reduce the vertical displacement of the cantilever be&ig.in
10a.

(a) (b)

Z Reduce f ?

I—>y F
\ 1) Increase material stiffness (E 1)
X
\ 1 2) Reinforce the structure

F
N\ f / I 4

Material (isotropic) Section (square) ;
E (Young’s modulus) / \
p (density) Z h ; Added reinforcement

. 3) ...

Fig.10: Example: (a) cantilever beam and (b) different mechanical solutions to reduce f.

All the solutions inFig. 10b are mechanical (same discipline), but they act on the structure in a
different way. Indeed, solution 1 suggests increasing the material s$ifimkile solution 2 involves
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the addition of a reinforcing element which modifies the configuration of the original system (cf.
Fig. 10b).

BDP b.Consider god as well as bad solutions (keep also bad solutions). Bad solutions are those which
poorly improve the outcome (failure, €fig. 9). According td1,3,30] they should not be discarded,
since they could be combined with other solutions in the future and result in breakthroughs.

1.2.2.6. The BDP based on ¢hcognitive skills

Keeping the managerial perspective, manager so
team. As argued if29], the breakthrough cognitive skills (cFable 3) need targetedtimuli to be
released and expressed in a tangible way: desigr

of the hardest challenges for managers. Of course, we cannot exclude those stimuli could also randomly

and unexpectedly occur. Neverthelgaanagers can observe the following principles in order to achieve

this objective:

1 Encouragngdesi gners to At hink opushisgihameout bfitheir condoxto , whi
zone by inspiring them to explore new and unconventional p@#gsgners should be enabled to
Awander with their prédefed 8 t wu ¢ thwmues i anpd st ong car
( A f o orew somidinationgwhich increag the outcomevariability, cf. Fig. 9) by aiming to
ambitious target$1,30,31] Fostering a personal and emotibengagement of designers in the
design process could facilitate this t§8k

1 Create a stimulating environmerdligning all mindsto the same focuand encouraging an
atmosphere of mutual feedback and learning. The team should operatmifisdaentity, ideas
should constantly flow from everyone, including the manager, toahehn According to[2], this
task could be facilitated by promoting direct and continuous personal interactions with frequent
meetings, and by avoidintge indirect communication forms, asrails and documents, as much
as possible.

These points are summarisedliable4.

Table4: Managerial principles to release the breakthrough cognitive skills.

Principle Description Personal aspect
1 Encourage creative
improvisation trying .
. . > | Favour the emotiong
Push designers out of the unconventional  solutiol : :
; ; : engagement in the desig
comfort zone paths without imposing pre process

defined structures

Fix ambitious targets
Align all designers to th
Create a stimulating wor same focus

environment 1 Encourage mutual feedba
and mutual learning

= |=

Favour direct communicatio
forms, increase persong
interactions

Based on these principles, we can thus formulate the following BDP:

BDP c. Creative improvisation. Mostly during conceptuisign (cf.Fig. 2), the designer should be
free to Ai mpr ovi s e 0andinstinetive sdlution patvgthout followimgpre nt i o n a
defined patterns anadign methodologies (paefined structures, cf.abled), as for example those
proposed in the informatic CAD software. As arguefBRy33], these tools force designer to focus
on technical details Ilinked to their functioni
improvising enables designer to transcend technical details and to have an expanded overview of
the solution space (ssn thinking, cf.Table 3). This also improves his ability in exploiting
eventual interrelationships between different combinations (insight, intugfidimble3) to achieve
breakthrough innovations.
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1.2.2.7. Final considerations

The three BDPs formulated in sectioh®.2.5and 1.2.2.6are reported irmable 5, where their
fundamental concepts are also highlighted.

Table5: Breakthrough design practices (BDP).

BDP Fundamental cancepts

The probability to achieve more interesti

a. Consider multiple and different solution| (breakthrough) solutions increases by carry
paths out more (ultiplicity) and different diversity)

combinations (cfFig. 9)

Keep also bad solutionslo not discard them

b. Consider good as well &ad solutions priori). They could be potentially recombing

with other slutions and generate a breakthroy

Try unconventional solution paths witho
c. Creative improvisation following pre-defined patterns an
methodologies, transcend technical details

As anticipated in sectioh.2.2.3 these BDPs cannot guarantee the achievement of breakthrough
design solutions. However, if observed, they enable designer to enormously enlarge the solution space,
increasing the possibilitptinclude breakthrough solutions. Unfortunatéhe indications provided by
the BDPs are usually unknown or ignoifeg. Il nstead of BDPs, designers
design habitudeso, due to some ment al mechani s me
biaseqd3]. We will focus on them in in sectiadh2.3

1.2.3. Cognitive biases: the greatest obstacle against

breakthrough innovation

The cognitive biases are subconscious mental mechanisms which continually influence our
thoughts and decisions, and pr ev[d4b.tWewanttdstudyt hi nk
them in order to understand how they impact on our design abilities.

1.2.3.1. The effects of cognitive biases on our behaviour

By nature, our brain tries to keep us safe and to preserve energy. In a sense, this characteristic makes
usiil azyo: it subconsciously creates patterns of
fdangerouso al | t[4©5 Asaiguedife this asped allavedk to suwive several
times during our evolution, but it represents one of the greatest obstacles to the application of the BDP.
Notably, when we are faced to a problem, our brain has already determined which is the best chance of
success even before wéar to reflect. Indeed, the brain operates on autopilot and is used to
automatically taking welknown shortcuts, rather than consuming energy to explore new paradigms.

As reported i{34], fiwe think of ourselves as (being) in t
decisions we make but, alas, this perception hasmore@ do wi t h owur desires t
description of the principal cognitive biases is reportet@iahle 6 according td4,5,7], in the form of
relationship between their cause and their effect on our beha®ased orTable6, not onlycognitive
biases are innately eradicated in the human being, but they are also determinedrdneittesl
education Notably, the education contributes to form familiar patterns (functional fixedne$sbbs.
6) and to outline oneb6s Tabke®Bd@nceptions (confir ma
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Table6: Causes and effects of the principal cognitive biases.

Cognitive bias Cause Effect on behaviour

We tend to reject a priori what
uncertain, because too challengif
too risky and it requires too nain
time

The brain hates anxiety ar
Status quo uncertainty, and tends to maintain
equilibrium stateo save energy

The brain loves the familiarity of th We are limited to use objects in
Functional fixedness| patterns on which we have be| traditional way, it is hard to thin
trained and educated Afoutside the bo

We tend to interpret theeality,| We tend to dismiss, refuse a
make assumptions, and remem| ridicule the alternatives which d
information seeking confirmatio| not fit with our view, also becaug
and support to our preconceptiony we simply dislike them

Confirmation

1.2.3.2. Biased design habitudeBDHSs): how cognitive biases affect
design thinking

The influence of cognitive biases (dfable 6) on design thinking represents an important issue
regarding the achievement of breakthrough innovations. AccordinfB]focognitive biases are
responsible for biased design habitudes, denoted BDHs. Baf&8 @;32,33,35hnd onTable6, Table
7 shows the contraposition between the BDPs (i.e. what designers should do to achieve breakthrough
innovation, cf. Table 5) and the most common BDHs (i.e. what designers instead tend to do),
highlighting also the responsible cognitive biadese to BDHSs, the designer is led to prematurely
terminate the design process after evaluating a poor set of solutions, impairing the generation of new
ideas and the testing of different hypotheses. Many aspects of the BHDs derive from the design
education As argued in6,32,33,35] the traditional engineering pedagogy teaches science theory
focusing onthe technical aspects. Notably, design students are trained to eliminate ambiguity,
minimizing all uncertainties by defining fixed parameters, to quickly find optimal compromise solutions
(functional fixedness, cfTable 7). Moreover, they are not used to work in team, and they are thus
reluctant in considering different points of view which do not fit with their preferences (confirmation,
cf. Table7). As visible inTable7, all cognitive biases simalbheously contribute to prevent the BDP a,
while the BDP b and c are essentially obstructed by functional fixeddaesdo BDHs, the designer is
led to prematurely terminate the design process after evaluating a poor set of solutions, impairing the
generabn of new ideas and the testing of different hypotheses. Many aspects of the BHDs derive from
the design education. As argued@,32,33,35] the traditional engineering pedagogy teaches science
theory focusing on the technical aspects. Notably, design students are trained to eliminate ambiguity,
minimizing all uncertainties by defining fixed parameteosquickly find optimal compromise solutions
(functional fixedness, cfTable 7). Moreover, they are not used to work in team, and they are thus
reluctant in considering different points of view which do not fit with their preferences (confirmation,
cf. Table7). As visible inTable7, all cognitive biases simultaneously contribute to prevent the BDP a,
while the BDP b and ¢ arestially obstructed by functional fixedness.
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Table7: Contraposition between BDP and BDH, and corresponding cognitive biases.

BDP BDH
What designers should do What designers instead do

Responsible ognitive bias

Status quo we tend to rejec
seems too challenging ar

Choosing what can be quick| requires too much time
imagined and realized Functional fixednessdesigners

are trained to quickly find
optimal compromis solutions

a. Consider multiple an

different solution paths Confirmation we tend to refusg
what does not fit with ou
Dismissing unliked solution preconceptions (or what w
paths simply dislike)

Ignoring disconfirming data | Status quodisconfirming datg
perturbate ourequilibrium and
cause anxiety

Functional fixednessdesignerg
are trained to discard bg
solutions

b. Consider good as well as b{ Excessive focus on ogd
solutions (optimal) solutions

Functional fixednessdesignerg
Excessive focus on technic are very familiar with technica
aspects aspects; they are not trained
Athink outsi dg¢

c. Creative improvisation

Based onTable 7 and Table 6, the main effect of cognitive biases on our design thinking is
schematically illustrated iRig. 11, where the big circle is the space of the solutions we could potentially
imagine, while each round tick represents a different solution.

Legend:
@ Breakthrough

@ Ordinary/incremental
solution

@ What we could
imagine

S @ |imited to
imagine

@ Refused breakthrough
from another inventor

Fig.11: Restriction of thesolution space due to cognitive biases.
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The cognitive biases, by means of the BDHSs, preclude us the possibility to imagine different and
more interesting things (breakthroughs,Fifg. 11), Contrary to the BDPs (cTable5), this results in
restricting the solution space. Over the recent decades, effanyg have been aimed at creating a new
design thinking, to mitigate the cognitive biases (and so the BDHS). The analysed literature contributions
focus on two main points of view: management and education.

1.2.3.3. The mitigation of cognitive biases from the magerial

perspective
According to[2i 5,7], maragers can mitigate the confirmation bias {&ble6) by promoting the

open discussion (cfTable 4) of different points of view, to limit egocentrism phenomena. To this

purpose, several methods, as bistiorming and 5W1H (cf. [36]), can be very useful to foster

socialisation, but may not give a significant impulse to breakthrough innovation. As sugg¢2f8f in
managers should adopt fast prototyping methods:

1 FEast prototyping Solution sample are immediately constructed in the early steps of the design
process (cf.Fig. 2) , in which technical requirements ar
designersmprovising to immediately imagine a physical solution proposal without focusing on the
technical aspects, and thus mitigating the functional fixedness (creative improvisafi@|e¥).

Thanks to fast prototyping, team designers can alsenly discuss on visible and tangible
prototypes and this helps mitigating the confirmation bil#oreover, for commercial design, fast
prototyping easily favours the interaction with costumers, and this offers the possibility to learn
from failures and to collect complete data $&fsFor example, at Sony, the early techngahples,
which will serve as fAphysical proposal so, are
Fig. 2). Starting from the approved samples, project geaary on by creating commercial
prototypes, each one conceived to facilitate the communication with consumers and among the same
design teams at a specific phase of the design pr{&#4ss

The analysed aspects agmmarised imTable8.

1.2.3.4. The mitigation of cognitive biases from the educational

perspective

The Product Design Engineering (PDE) program[8d]), at Swinburne University of Technology
(Melbourne, Australia), and the Mechanical Engineering 310 (ME310) courd83pf. at Stanford
University (California, USA), represent two important educational examples of forging creative
designers with a novel approach oriented towards breakthrough innovationfethe affthe traditional
engineering pedagogy on the confirmation and functional fixedness biases are repbatele Tn(cf.
sectionl2.39 . Contrary to the traditional programs, t
approach and consist in designing and producing a prototype frorarargeed of a client. Students are
divided into project teams and are expected to search for original solutions, merging their creative efforts
in combining new materials and technologies. Duetotikdlf i ned (fAiwi ckedod) assic

1 BW1H: this method intends to analyse problems systematically, according to the essence of the object (What),

the essence of the subject (Who, i.e. the manipulator), the preistence ways in time and space (When,

Where), the reason/principle (W) and the solution of the problem (Hoy86]. In a more improved version,
denoted with 5W2HK, dtilve dteelr mnfildowidHow t oo and fAHow muc
way and the cost to resolve the probl@i.
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strugglein defining and ralefining the appropriate engineering requirements and continuayope

the solution space. Despite the initial anxiety, this enables students to become more flexible and to
acquire more advanced skills in handling risks, thus mitigdhe status quo bias (dfable6 andTable

7) [32,33] A particularemphasis is given to hatstketching and fast prototyping:

1 Handsketching In many courses, design is traditionally taught by means of CAD software. Of

course, these represent a powerful ally in the advanced design phases. However, in the first phases
of conceptual design (cFig. 2), they risk stifling creativity by imposing their methodology to users.
Instead, handketchingenablesstudentso quickly shift to new a#irnatives within the solution

space, without imposing angchnicalrule. Therefore, handketching helps to reduce the focus on
technical aspects, providing more space for creative improvisatidraf@g7, functional fixedness)

[38]. Moreover handsketching provides better possibilitiesopfen discussiareach team member

can

easily

participate

confirmation bias (cfTable6 andTable7) [32,33,39]
9 Fast prototypingcf. sectionl.2.3.3. Analogous to handketching, it allows to mitigate functional

ahisddea8 Thes rhelps toi mitigate ethie  t

he

fixedness and confirmation biases by fostering improvisation and open discussion. By means of fast
prototyping,project teams caalsofrequently interact with experts and clients to iterativgluate
the engineering and commercial features of their prototypes.

At the end of these courses, the skills acquired by students allow them not only to excel in the

resolution of illd e f i

ned probl ems,

but

al so tosow®ecome

technical problemf32,33] All the analysed aspects are summarisetiinlie8.

1.2.3.5. Final considerations

Basedon the analysed perspectives, the fundamental principlesitigate cognitive biases are
summarised iffable8.

Table8: Fundamental principles to mitigate cognitive biases.

Perspective Principle Mitigated cognitive bias
Encouraging open discussion (socializatior (_Zo_Lmanon open discussio
1 Brainstorming Ilmlts egocentrism phenomen
1 SWIH different standpoints can be mag
easily considered
Management _ Functional  fixedness more
Fast prototyping _ improvisation andless focus or
U Improvisationto realise early proposals| echnical aspects (cfable?)
U Open discussion on tangible prototype _ _
Confirmation(see above)
Status quo students continually
S , Astruggleo to
Assigning ilkdefined problems they become more confident
handling anxiety and risks
Education o
Handsketching(instead of CAD softwale
U Less technical rules Functional fixednesésee above)
U Open fcontaminati | Confirmation(see above)
Fast prototypingsee above)

Both perspectives highlight the importance thie fast prototyping to foster the creative
improvisation and to encourage the open discussion ambnipe actors of the design process
(designers, managers, costumeWe also want to highlight the signifint role of haneketching,
which enables designers to represent and combine even unconventional and incomplete solutions,
without following any technical rule.
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1.2.4. The purpose of our work

According toFig. 1, the three fundamental principles reported @ble9 express the purposes of
our work and represent the base of the aided design procedure implemented in thiF gieBalso
highlights two important targets involved in all the pragbpurposes (common targets).

Table9: Base principles of the implemented demonstrator, corresponding purposes and common targets.

Base principles Corresponding purpose Common targets
Favour the birth of origing
Focus on conceptual design | concepts and concept variants

Fig. 3) Minor focus on optimal
Follow the indications provide( Enlarge the solution space as my solutions
by the BDPs as possible (cfTable5)

Prevent cognitive biases to affg Minor focus on techical
Help to overcome cognitve|t he desi gner 6 s|aspects
biases restrict the solution space (g
Table7 andFig. 11)
According to our purposes, we want to further comment the chosen principles in view of their
common targets (cfTable9):
9 Focus on conceptual desigrhe conceptual design constitutes the scope of our procedure. Indeed,
as argued in sectioh.2.2.2 the conceptoriginality is the key to breakthroudR,17,29] As saidin
sectionl.1.2.3 fieverything is possibled in the concep
free from any rule and there is no limit to the creativity of the generated cofitefis] Notably,
conceptual design involves a minor fo@arstechnical aspects and on optimal solutionsTeble
9), which should be normally considered in the phase of embodiment ddsiBig (2 andFig. 4).
91 Follow the indications provided by the BDR&e want to offer designer the possibility to enlarge
the solution space as much as possible, considering multiple and different solutions, good and bad
ones (minor focus on optimal solutions, Table9), classical and unconventional ones {cible
5). Notably, unconventional solutions can be achieved through the creative improvisation (cf.
sectionl.2.2.9, i.e. by transcending technical details (minor focus on technical aspediabtd.
9) without following predefined design methodologies.
9 Help to overcome cognitive biasé8e want t o prevent cognitive bia
and to restrict the solution space. Based able8, we will insist on some design techniques which
allow to mitigate the BDHs (cfTable7). Notably, the employed techniques will enable designer to
divert the attention from technical design aspects and optimal solutiofmalftd9), improving the
diversity and the multiplicity of the carried design combinations
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1.3. Approach

According to the BDHSs introduced igection1.2.3.2 designers tend to excessively focus on
technical aspects, searching for optimal solutions (functional fixedne3aié7), i.e. following an
optimization approach. As suggested by the common targ&hir9, our purposes go in the opposite
direction, in order to limit these biased tendencies. Moreover, the optimization is generally involved in
the embodiment design phase (€fg. 2 and Fig. 4), which is out of the scope of our procedure.
However, optimization represents the most widespread approach usediggerd8]. Notably, we
believe it is very important to further clarify the reasons why optimization is not suitabletargess.

This will also help to better understand our purposes, before presenting the approach followed in our
work. According toFig. 1, the optimization approach is described and analysed in sekc@ah
Afterwards, theapproach followed in our procedure is presented in sett®a

1.3.1. The optimization approach: a poor breakthrough

potential

According to[8,33], optimization represents the most widespread design approach in the industrial
innovation environment. Its use is enormously increased thanks to computer diffusion. As introduced in
section1.1.2.2 the optimization generally consists of obtaining a definitive design layout, whose
parameters are optimized according to the given specificatiorisdcfl). Sectionl.3.1.1provides the
typical flowchat of an optimization procedure and some general definitions regarding this approach.
Based on these definitions, an example of optimization is then proposed in se@&itbrzand1.3.1.3
Finally, the aspects of the optimization approach which collide with our purposes and common targets
(cf. Table9) are pointed out and analysed in sectidh1.4

1.3.1.1. Optimization flowchart and general definitions
The typical flowchart of an optimization procedure is reporteéign12. Based orFig. 2 andFig.
4, an initial concept variant (an engineering structurekicf. 4) and some specifications are assumed
as start points. Regarding the annotations usédiri2:

T Avo (Il owercase) indicates the generic single v
variables.
T Apdo (l owercase) indicates the generic single p

of performances.
f Thesubscripts find and AmO respectively represent
of performances.
T The subscript fAobjd indicates an objective (ta
f The subscr i pt"géneriditeratiod of theaoptienizatidn fpess. |
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Concept variant (structure) + Specifications

/\

Objectives Variables
— » Pobj .
INPUT P1 ~|P1,0bj vy € [Vl,minl Vl,max]
P ... V- ..
_pm — Pm,obj _7vn € [Vn,min;vn,max]
Choose initial
(preliminary) Vj
OPTIMIZATION Evaluate performances Choose
PROCESS Pi=F(Vi) <———newV,
Compare with objectives 1

YES

-

Optimized solution
OUTPUT V; is the optimal (definitive)

configuration of the chosen variables

Fig.12: Typical flowchart of an optimization procedure (8f).

The optimization approach is characterised by three main phases: input, optimization process and output.

Input. This phase concerns the definition of two main groups of parameters:

1 Objectivesof the optimization, i.e. the performances which the optimized (defindivegture must
achieve.The performanceparameters (p) and the corresponding target valug$ ére defined
based on the required specificatiofbe objectivesan generally concewdifferent characteristics
of the studied structure: mechani¢ab mass, cffig. 4, structural stiffness, etc.), economic (as
material price, production price, etc.), etc. We define the optimization asoahjdttive if the
objectivesare more than or&,8].

1 Variables i.e.thedesign parameters the studied structure which have todmimizedaccording
to therequired objectivesach variable is defined in a limited variation ranygif; vmay, cf. Fig.
12).

Optimization process.The iterative process of optimization constitutes the core of the optimization
approach. The choice of an initial configuration of the design variables (Witiefl Fig. 12) is required

to start the process: a preliminary value is assumed for each variable (preliminary layeigt, 4f.

Hence, the set of performancedsPevaluated as function . Notably,F (cf. Fig. 12) represents the
ensemble of functions describing the behaviour of'tlesign layout. Finally, Rs compared with &;

to verify if the required objectives have been achieved. If yespptienization process is ended;
otherwise, the optimization process continues with a new iteration, by choosing a new configuration of
the design variables (new, cf. Fig. 12), different from the previous one. In general, the iterative
process shown iRig. 12is automatically handled with advancedaimhatic procedures, as gradient and
genetic algorithms (cf40,41)), which also contribute to speed up thptimization process.

Output. Once the optimization process is ended, theMasbnstitutes the optimal configuration of the
chosen design variables (i.e. the definitive design layout of the studied strattkrg, 2 andFig. 4).
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1.3.1.2. An example of multiobjective parametric optimization
We propose an example of muttbjective parametric optimization. Based Big. 12, the input
phase of the proposed example is repandelg. 13. The studied concept vant involves a cantilever
beam with a squared section. The hypothesis of isotropic material is also assumed. As suggested by the
legend, the design parameters linked to the studied structure can be distinguished between:
1 Potential variableghighlighted in red, cfFig. 13), i.e. parameters which can potentially become
design variables, and thus be optimized. In our example, the sectiensil h) , t he Youngéo
(E) and the materi al density (}J) belong to thi
1 Work conditions(highlighted in green, cfFig. 13), i.e. the paramters which describes the work
environment of the concept variant and are therefore priorly fixed due to external exigences. In our
example, the extremity load (F) and the beam length (L) belong to this category.

The specifications arfinally reported on the right side Bfg. 13.

Concept variant

£ y ' Section (square)
Specifications
NI -
AN L f | + * Minimize the mass
) X X » Maximize structural stiffness

Material (isotropic) (= minimize vertical displacements)
E, p Legend

® Potential variable
® Work condition

P
Objectives Variables
* m-0 * h € [hyjn hpayl
c £, -0

Fig.13: Input phase of the proposed example (accordingitnl2).

Based on the required specifications, the mass of the beam (m) and the vertical displacement at the
extremity (%) represent our twperformances. Since no target value is indicated in the specifications,
Mobj @and .00, are assumed equal to zero (i.e. m amdust be minimized as much as possible). We are
thus in a multiobjective optimization since we have more than one objectivebtevity, the section
side (h) represents the unigue variable assumed, whose value is limited in the variationiange [h
hnal , Whil e the other potenti al v &ig.il3. bHe@assuméde a n d
values of the design parameters are reportddiate10.

Tablel0: Assumed values of the design parameters in the examptégaf3.

Parameter Value and measure unit
h [10; 30] mm
E 210 000 MPa
J 7800 kg/ni
F 10N
L 1000 mm

Choosing only one valble enables to simplify the optimization procésfs Fig. 12): we can
directly study the dependency of m ap@r h, without using any iterative procedureznce,Egs. (1)
and(2) describehe behaviour of the performanaesand £ as function of the variable F(cf. Fig. 12).
Eqg. (2) has been adopted by assuming the hypothesis of linear elasticity, accofdi?ly to

i MmE )
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Therelationship rdfx in Fig. 14a has been obtained with £¢1) and(2), by varying h between 10

and 30 mm (cfTable10), andit representshe ensemble of possible solutions. Notably, each point of

the curve is characterised by different values of h and of the corresponding performances. It can be

remarked fron Fig. 14a that the performances m anchfe in contradiction an improvement in the
mass (decreasing of m, ¢fig. 13), obtained by decreasing leads to a deterioration of the vertical
stiffness {hcreasingof fy). This means the optimal solution, i.e. the optimized value of the vatiable
(cf. Fig. 12), will be a compromise between the performances m,and f

(2) (b)

20

13 , A:h=14.5mm
y | 1 B:h=12mm
\ C:h=20mm
14 \ ¢ h decrases
12 -
g 10 \ 4 &
.g. B." =
= 8 [~
4 A9 .
h increases
2 o = = m
0 C —————
0 1 2 3 4 5 6 7 10 12 14 16 18 20 22 24 26 28 30
m [kg] Mpyax = 6.9kg h [mm]

Fig.14: (a) Relationship Ff (b) Curves fkRm and FRf

The curves FiRnand hRsinFig.14db can hel p to select the fAbest o

according to Eg (3) and(4) (cf. [40,41), Rn and R correspond to the performances m §n@f. Egs.
(2) and(2)) normalized between the objectives,andfy opj (cf. Fig. 13) and the respective maximum
values max and § max (cf. Fig. 14d). Therefore, the curvesRy, and kR represent the trend of the
normalized performances in the variation range of h ([10; 30] mmabie 10).

S R ®)
£
2 —/E‘ (4)
A A
Clearly, as shown ifig. 14b, the minimummass¢Rda 0. 11) i s obtained
the minimum vertical displacements(® 0. 02) i s obtained with h

Fig. 14represent three different compromise solutions:

2The term Acontradictiond indicates a condition
without deteriorating another orj¢l]. According to the example iRig. 13, reducing the mass of the beam
(improvement) by decreasing the section side h makes the vertical displacement increasing (deterioration).
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A) h=14.5 mm(m = 1.6 kgfx = 4.3mm, cf.Fig. 14a). This solution is given by the intersection of the
curves hRm and hR:. According toFig. 14b, the point A corresponds ®» & R & 23 (the
Adi st amsdeso emual t dfxiohle thisichde ot addrhave the same weight.

B) h=12 mm(m=1.1kgfx=9.2mm, cfFig.14a) . Accor di FRig 14b),ohisBotudd 6 ( c f .
correspondsto/RA 0. 1 62 aOn.d4 8R I n this case, the minimiz
minimization offy.

C) h=20mm(m = 3.1 kgfx=1.2mm, cfFig.14a) Ac cor di ng Rigoldby ti€ golutior( c f .
correspondstoRA 0. 443 an.dOBR | n t hi s ofdaas the pridrity @verthe ni mi z
minimization of m.

Depending on the purpose of the optimization, all these compromises can be suitable optimal solutions.

Since no priority between m and Wwas indicated in the required specifications ¢&f. 13), the

compromise A (h = 14.5 mnef. Fig. 14a) is assumed as the optimized solution. In general, as shown

in thisexample,amutb bj ecti ve optimization requires the de

by designer) among the performamagameters in contradiction. This choice determines the nature of

the compromise between the performances, and thus the form of the optimized §jution

1.3.1.3. Overcoming performance contradictions by means of
conceptual variations
As argued in[8], some contradictions between performances can be overcome by means of
conceptual variations, i.e. qualiteg changes of the studied concept variantHicf. 13). The theoretical
effect of qualitative changes on the optimization process is illustratEdy.iri5a, adapted fronj8],
where the interdependency between two generic conflicting performances A and B is schgmatica
represented with an hyperbole.

q (2) (b)

=
= = full section

= 18 (cf. Fig. 13a)
e 16 hollow section
° 14 t=3 mm
<@ Parametric
= it 12 t
= optimization —_ h
=) E 10
; : t
= 8
=
L
A 6

Conceptual variation:~ ~ . - Rk P 4
g overcoming of Te~ao 5
?‘: contradictions il E S
> 0 —E=olaas
2 3 5 6 7
good bad o1 2 3 4
Performance A m [kg]

Fig.15: (a) Parametric optimization vs conceptual variation, theoretical representatiof8]cf.(b) Full squared section (cf.
Fig.13) vs hollow squared section with constant thickness.

As shown inFig. 153, atraditionab ar amet ri ¢ opti mi zati on Figmoves &
14a), searching for the best compromise in the contradiction between the performancés kstedd,
the introduction of a conceptual variation enables to achieve further improvements by overcoming the
contradictiolsbetween Aand B,i.di movi ng amon g [8]. fihis bdhgvipur cab e leasily 0
remarked by introducing a hollow squared section, i.e. a qualitative change of the beam section shape,
in the concept variant ¢fig. 13, and observing its effect on the relationship between the performances
m and £. In Fig. 150, the blue dashed curve refers to the full squared sectidfigciida, Ecs. (1) and
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(2)), while the red curve refers to a hollow squared section with a constant #sadrzmm. Notably,
the red curve has been obtaingth Eq. (5) and(6) (cf. [42]), by varying h between 10 and 30 nich
Tablel10). According ta[42], Ecs. (1) and(2) can be obtained from equation E5).and(6) respectively,
by imposing t = h/2 (full squared section, eig. 13).

i ME E ¢O (5)
&,

o oo & % ©

According to the theoretical representatiorfig. 153, the qualitative change of the section shape
shifts the relationship f towards the left sidecf. Fig. 15b). Indeed, this enables to achieve solutions
which are more optimized (m and dan be further minimized) than the compromises A, B and C
previously obtainedcf. Fig. 14). Moreover, thgparametet canbeadoptedasdesign variable, allowing
to test more combinations and thus widening the solution space. On the other hand, the adoption of a
hollow squared seicn results in a new contradiction, now represented by the red cuiFig tbb. In
general, this means that further improvements can be obtaineayngdfurther different qualitative
changes on the concept varig8it However, this example demonstrates how conceptuiticars can
be a very powerful design tool.

£

1.3.1.4. The aspects of the optimization approach which collide with
our purposes and targets

Based on the example proposed in sectioBd..2and1.3.1.3 we report and analyse in this section

the aspects of the optimization approach whichdmlvith our purposes and common targetsTable

9), denoted CAs (Colliding Aspects). We identified four main CAs:

CA 1. The optimization itself is out afur scope Accordingto Fig. 2, the optimization is typically
included in the phase of embodiment design, when we are instead focused on conceptual design. In
general, designers tend to skip the phase of conceptual désigmrematurely adopting the
optimization approach and focusing on very few concept variants. As a result, the solution space is
immediately restricted: the solution research is constrained to the assumed concept variants, while
different and potentially teresting conceptual solutions are excluded a (d8ti On the contrary,
we want to enlarge the solution space as much as possible, by generating multiple and different
concept variant&cf. Table9).

CA 2. Too much écus on technicahspectsAs seen in sectiod.3.1.2 the optimization approach
requires the definition of specific design parametpaential variables and work conditigred.

Fig. 13) and behaviour models (cf. Eq4), (2), (5) and (6)), needed to describe the technical
dimension of the studied concept varidbtably, the research of the solution is constrained to the
chosen behaviour models and is localised in the ranges of the chosen variables. This cdntributes
further restrict the solution spadé,8]. On the contrary, as reped inTable9, we want to be as

free as possible from technical aspects, to better favour the birth of unconventional conceptual
solutions(cf. Table9).

CA 3. Optimal solutions Solutions are ranked according to the optimization objectives: all the
solutions which do not satisfy the required obj
contraryto the indications provided by the BDPs (Efble5). Moreover, when multiple objectives
are involved (cfFig. 13), the optimization approach leads to compromise solutions, which prevent
to achieve further improvements. According Fay. 15, better compromises, and thus more
optimized solutions, can be obtained by adopting suitable conceptual varj8fions

CA 4. Many choices by designer are requiréithe required choices mostly regard the preliminary
numerical values, which must be assumed by designer before starting the optimization process. As
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seen in sectiof.3.1.2 thepreliminary values include the limits of the variable ranges and the other

constant design parameters ({Cable10), neededo use the chosen behaviour models (cf. EDs.

and(2)). In case of multbbjective optimization, the definition of priorities among fferformances

in contradiction may be also required. The more choices by designer are required, the more cognitive

biases risk to affect the design process.

The analysed CAs amummarised iffable 11 Notably, Table 11 helps to better highght the
reasons why the optimization approach is not suitable to our purpos€ak{ef9). It can be remarked
thatmany characteristics of the analysed CAs can be reconduceahéothe BDHSs reportedh Table
7, asthe excessive focus on technical aspects angptimal solutions. We believe the optimization
approach could be very useful to reach incremental innovations, based on an experienced knowledge of
the assumed design variables and performances. However, it may not be suitable to help designer in
searchindgor original design concepts and overcoming his cognitive b[2$es

Tablell: Aspects of the optimization approach colliding with our purposeq étile9).

CA What it involves What instead we want to do

The  solution  research | Focus on conceptual design

1. Out of scope constrained to one ore few concq generate different conce
variants variants

Free designer from technic

aspects to:

1 Enlarge the solution spac

1 Allow unconventional
solution paths

Insist on the BDPs (cfTable
5). search for multiple an
different solutionsby keepng
also bad solutions

4. Many choices by designd More risk of influence of thq Prevent cognitive biases
are required cognitive biases af fect the de

The solution research
2. Too much focus ol constrained to the chosg
technical aspects behaviour models and is localis
in the range of the chosen variab

All the solutions which do ng
3. Optimal solutions satisfy the required objectives (i.
bad solutions) are discarded
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1.3.2. A natural languagebased approach for conceptual

design
In the current section, the approach followed in our work is presented. According to our purposes

(cf. Table9), we thus have to focus on conceptual design. BasedjoRandFig. 3, the two main steps
of the conceptual design phase are showkign16[11,16]

...from task clarification

Initial idea + Specifications

;

Conceptual design
1) Identify Solution Principles (SPs)

SPs|= Fp(initial idea, specifications)

\

2) Apply and combine solution principles into
concept to develop Concept Variants (CVs)

CVs |= F(initial idea, SPs)

\

Select promising CVs...

P

...to embodiement design

Fig.16: Main steps of the conceptual design phase.

The first step concerns the identification of the solutions principles, denoted SPs, as function of the
initial idea and of the required specifications, while the second step involves the application of the
identified solution principles to the initial idefor generating the concept variants, denoted Ebfs.
now, we do not focus on the evaluation and selection of the promising CVs, since our purpose is to be
able to generate as many different CVs as possibl&dbfe9). Based on sectioh1.2.1 SPs and CVs
can be defined as follows:

1 SP. general strategy to ssfly the required design specification (Efg. 3).
1 CV: representation expressing a different declination of the design concdfig(8).

The functions Fand k generically represent the methods to realize the steps 1 and 2, respectively
(cf. Fig. 16). The detailed description tie methodsimplemented in our aided design procedisre
addressed in the next chapter. Here, instead, we want to introduce the fundamental principles which
characteris¢he followedapproach, denoted PAAs (Principles of fkdopted Approach), i.e. the way
we want to face with conceptual desidiptably, the study of a welistablished conceptual design
theory, called TIPSTheory of Inventive Problem Solvinglill enable to better introduce the PAAs.
The current section igganized as follows. In sectidn3.2.1we present TIPSanalysing the conceptual
design procedure provided by this theory. Henoeexaample of the application of A8, reported in
literature, is illustrated in sectiah3.2.2 Finally, the PAAs are introduced and discusseddation
1.3.2.3
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1.3.2.1. The Theory of Inventive Problem Solving (TIPS)

As seen in the example proposed in secti@l.2(cf. Fig. 13), design specifications are typically
characterised by contradictidremong the required objectives. In general, this leads to compromise
solutions (cf.Fig. 14) and prevents to achieve further improvements during an optimization process
[8,16]. However, the benefit involved by conceptual variations in overcoming the contradiction between
the objecties has been analytically demonstrated in sedtidri.3(cf. Fig. 15). Based on these ideas,
the Russian engineer and inventor G. Altshuller formulated and developed the Theory of Inventive
ProblemSolving (TIPS, also known as TRIZ from the Russian abbreviatiof43,44)), from 1946 to
1988. Altshuller and his colleagues analysed a large number of patents and observed that most of them
suggested means for eliminating the sfieaion contradictions in a system. Notably, these means were
based on recurrent solution (or inventive) principles and used recurrent geometrical, physical and
chemical effects to realize the system functions. This allowed Altshuller to synthetisee4@l @8
and about 2500 effects, and to finally organize them in a conceptual design theory (i.443 4R§)

Based onFig. 16, the conceptual design procedure provided by TIPS, adapted [frbi6] is
schematically represented kig. 17. For a better comprehension of the procedure, each step has been
decomposed according to inputs, used methods and outputs.

...from task clarification

Initialidea +  Specifications
Sub-function 1 Requirements = GEPs
Sub-function 2

B

Conceptual design
1) Identify SPs: eliminate contradictions

Input —_— Method ——  Output

* Identify contradictions

GEPs SPs

* Use contradiction
TIPS — matrix to find the SPs

2) Apply SPs and develop CVs

Input — Method ——  Output
« Sub-functions Realize sub-functions by
. SPs combining effects and SPs CVs
(morphological matrix)

Select promising CVs...

P

...to embodiement design

Fig.17: Conceptual design procedure provided by TIP$1(tf16,45).

3 Complete list of the 40 principles (indications and example)://www.triz40.com/aff _Principles_TRIZ.php
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As indicated irFig. 17, the initial idea must be defined in terms of gubctions, whose sequence
describes the functioning of the studied syst&otording toFig. 3, the specification requirements are
expressed as generalised engineering parameters, denoted GERg {df), to be improvediuring
conceptual design. TIPS provides 39 generalised parameters which must be used by designer to express
the design specificatiorj43,44] We can now analyse the two main steps of the procedure.

Step 1.The SPs are identified by eliminating the contradictions among the GEPs. Notably, the pairs of
contradicting GEPs arfed into contradiction matrix, which provides the suitable SPs to eliminate the
contraditions (cf. Fig. 17). A reduced section of the contradiction rais reportedin Table 12,
accordingto [11,43] The rows and the columns of the matrix contam39 generalisegparameters
madeavailable by TIPS. fie numbers in the matrix cells identify t8&s which allow to eliminate a
contradiction between two given GEPs. The empty cells indicate the pairs of not conflicting GEPs, while
the grey cells indicatthe matrix diagonal.

Tablel2: Section of theontradiction matrix (cf11,43).

GEPs whichdeteriorate
1 2 é 14 é
Welght Of. Le_ngth O.f é Strength é
stationary object moving object
1 Weight of é 2,10, 6
S stationary objecl 27, 28
z |, Length of 5 8, 29, s
E_ moving object 34, 35
3 le é é é é é é
e
% 1, 26, 1,8, .
& 14 Strength 27. 40 15. 35 €
O
é é é é é
For example, suppose we need to resolve the cont
stationary objecto. U sTialmegl2, thehfellowing 8Pts ara suggested @fn ma t
[43,44):
1 1: segmentation.
1 26:copying.

1 27:cheap shotliving objects.
1 40:composite materials.

As argued irf11], the 40SP$ providedby TIPSdo not constitute final solutions, but rather higiel
generalstrategies for finding ideamn how to exploit physical phenomena in various contémteed,

4 Visualize the entire contradiction matrix:
1 Classical contradiction matrix (38EPs cf. [43]): http://www.triz40.com/aff _Matrix_TRIZ.php
1 A more recent version (4BEP3: https://trizjournal.com/contradicticmatrix/
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they are often supplementedthv additional indications and desigexamplesin the operational
implemented versions @ IPS.

Step 2.Generating the CVs involves the realization of the systerfusuttions (cf.Fig. 17). This can

be done by building a morphological matrix which allows to combine the found SPs with the effects
provided by TIPS. Notably, each effextpresses a physical, mechanical or chemnicaking principle

and isassociated ta specificdesign case, i.e. an illustrated example of the involved effect. An example
of morphological matrix is reported ihable 13 (cf. [18,45)), w h e rindicat@srthie number of
subfunctions and A mandtiniwkich we sugpesed toohfive 4 $Ps found io thes
previous step.

Table13: Example of morphological matrix effects and design cases (&8,45).

Solutions
1 2 é m

n Effect 11 Effect 12
o < | Subfunction 1| Design case.1 Design casd.2 é
£ .2 SP2 SP2+SP3
ISR= Effect2.1 Effect 22 Effect2.m
® 2 | Subfunction 2| Design case.1 Design case.2 é Design cas@m
= 2 SP1 SP 3 SP2
=R é é é é é
% % Effectn.1 Effect n.2

7 | Subfunction n| Design case.l Design case n.2 é

SP1+SP4 SP 4

Each case contains an effect and a corresponding design case. Effects and design cases are identified
with two numbers, indicating the stilnction (row) and the solution (column), respectively. As shown

in Table13, the effects are used to contemporardglize a given sufunction of the system and to

apply one or more of the found SPs. For instance, théusidtion 1 can be realized with the effect 1

(design case 1.1), which involves the application of the SP 2. The CVs can be finally generated with the
morphological matrix, by realizing all the sfinctions required to the system, in sequence. For
example, based drablel13, three different CVs can be generated:

T Cv1:11-22-é -n1l
1 Cv2:12-21-é -n2
T CVv3:12-2m-é -n.l

ObservingTable13, it can be easily remarked that all the generated CVs involve the application of all
the 4 SPs supposed. Depending on the complexity of théedtsgistem, the construction of the
morphological matrix by designer can be very challenging and time consuming. Indeed, TIPS provides
a library of 30 basic functions, linked to the corresponding effects and design cdsadp, designer

building the morpological matrix. A schematical representation of the function library is reported in
Fig. 18 (cf. [11]). A complete list of the 30 basic functions can be found in43] According toFig.

18, some functions can have more associated effects than other functions, and this is the reason why
some cells in the morphological matrix can be empty.
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TIPS Function library

Functions Effects Design cases
' | 1) Measure temp.
i 2) ... | Joule effect

3)|Raise temp. — » Slip friction

Fig.18: Schematic representation of the function library provided by TIP8 {gf.

The practical example proposed in sectioB.2.2can help to better understand the conceptual
design procedure proposed by TIPS E§. 17).

1.3.2.2. An example of the application of TIPS: the conceptual design

of a paper punch system

The proposed examplepncerningthe conceptual design of a paper punch systenepisrted in
[18,45] and follows the procedure presented inisect.3.2.1 According toFig. 17, Fig. 19a reports
the initial idea with the list of the system sfulmctions, in sequence, whilgg. 19 shows the design
requirements to i mprove, whi ch have [MBletme9synt he
requirements are reduténto 6 GEPs, chosen among the 39 parameters provided by TIPS, where the
abbreviati on Ast. 0 s t[43h de cdntoadictiofssidentified amoag the o b j e
considered GEPs are reported for brevity on the right siééyol % [18].

(a) (b)
Initial idea Specifications
Paper punch system Requirements GEPs Contradictions
.| 1. Fix pad of papers 1. Easy handling 1. Productivity —]
_§ 2. Centre of pad of papers | 2. Low cost ] —
T | 3. Secure the system 3. More papers 2. Weightof st. )
& | 4. Transmithuman force | 4. Light 3. Force
£ | 5. Punch pad of papers 5. Not folding or marking o —
“ | 6. Store waste papers 6. Quickly punching 4. Reliability )
7. Less manpower 5. Lengthofst. —
8. Operating safety . T
9. Low space required 6. Device comple)utt

Fig.19: (a) initial idea and related stfianctions; (b) design requirements to GEPs and identified contradictiorjd §¢t5).

Step 1(cf. Fig. 17). We have 5 contradictions-@, 1-3, 1-4, 1-5 and 46, cf. Fig. 19b) which must be
eliminated with the contradiction matrikig. 20 shows the use of theatrix to solve the contradiction
productivity-force (13, cf. Fig. 19b), and the resulting S®s
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GEPs which deteriorate
1 2 9 10
Weight of Weight of
moving object stationary object Speed Force
1 Weight of 2,8, 8,10,
< moving object 15,38 18437
E 2 Weight of 8,10,
E‘ stationary object 19135
‘s
o
- Extent of 28, 26, 28, 26,
é 38 automation 18,35 35,10 28,10 2"35
(&
39 Productivity 321’ ig’ 218 ; 2; 2 r 21% 1356’
SPs
28: Mechanics substitution 10: Prior action
15: Dynamicity 36: Phase transition

Fig.20: Eliminating the contradiction productivifiprce (13, cf.Fig.19b).

As anticipated in sectioh.3.2.1 TIPS provides further additional indications on how applying the SPs
and some corresponding examplesr example, Table14 (cf. [18,43,45) reports the indications and
the coresponding examples regarding the SP 28 (mechanics substjtat. Fig. 20).

Tablel4: Additional indications and correspomdi examples for the SP 28 (mechanics substitutiorrigf20).

Indication (how to apply the SP) Corresponding example

A Replace a physical
with an acoustidifenced (signal audible to thg
Replace a mechanical means with a senj animal).

(optical, acoustic, taste or smell) means. A Use a bad smelling
alert users to leakage, instead of a mechanic
electrical sensor.

A To mix 2 powders,
positive and the other negative. Either use fig
to direct them, or mix them mechanically and
their acquired fields cause the grainspofvder
to pair up.

A Early communicati
broadcasting. We now use antennas with \
detailed structure of the pattern of radiation.

A Heat a substance
material by using varying magnetic field. Wh
the temperature exceeds the Curie point,
material becomes paramagnetic, and no lof
absorbs heat.

Use electricmagnetic and electromagnetic fiel
to interact with the object.

Change from static to movable fields, frg
unstructured fields to those having structure.

Use fields in conjunction with fieleactivated
(e.g. ferromagnetic) particles.

According toTablel4, the SP 28 suggests replacing a mechanical means by exploiting different physical
phenomena, saacoustics, electric andagneticfields. In general, each SP provided by TIPS can be
applied in different ways by exploiting phenomena of different ndg&id@4] The other contradictions

are finally solved in a similar wayTable 15 (cf. [18,45) resumes all the contradictions and the
respective SPs identified with the contradiction matrix.
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Tablel5: Contradictions and respectivéentified SPs (cf18,45).

Contradiction IDs of the Selected SPs
ID Conflicting GEPs identified SPs| ID Name
1-2 ProductivityWeight of st. 28,27,15,3| 3 Local quality
1-3 Productivity-Force 28, 15,10, 36| 15 Dynamicity
1-4 ProductivityReliability 1,35,10,38 | 1, 10 | Segmentation, Prior actiof
- Nesting, Spheroidality
1-5 ProductivityLength of st. 30,7,14,26 | 7,14 curvature
4-6 Reliability-Device complexity 13,35,1 1 Segmentation

As stown inTable 15, few SPs for each contradiction are selected. AccordifitBtd5] the selected

SPs are more adequate to the current purpose and they also allow to solve more contradictions at once.
For example, the SP 1 (segmentatjaran be applied to solve the contradictions dnd 46, while the

SP 15 (dynamicit)) to solve the contradictionsZLand 13.

Step 2(cf. Fig. 17). We have now to build the morphological matrix of effects and design cases to

realize the system subfunctions reporte#igh 19a. Based oifable13, the built morphological matrix

is shown inTable16. Each cell of the matrix reports an effect, with a corresponding design case, and

the applied SPs, among the ones select&dlble15. We can remark that all the selected SPsT@ble

15) are present ifTable 16, at least one time. As seenTable13, some effects allow to apply two
distinct SPs, a6 or exampl e the #fAfol dabl e handédfluendc,t ivwmi chhd .
Transmit human forced and to apply the SPs fAsec
contradictions, i.e.-# and 12 respectively (cfTable15). Moreover, the same SP can be applied by

means of different effects. For instance, accordintptlel6, t he SP dApri or -4ctiono
cf. Tablel5) can be applied by means o-presdure platecafolindct s
puncherséerasscuipr @l ate bet ween -ftihrectpiumrch@tsoFi x
papes 0 . The sadfmentofr onhéd3sulSecure the systemo. We
the same effect which realize the same function, as forth¢ sumct i on A 4. Transmit
which can be realized by means of two different varianf$ Bfx t endabl e handl e o0, t h
different desigrcases (cfFig. 18). Hence, the CVs can be now generated by combining the different

effects reprted inTable 16, to realize all the required sdibnctionsand to solve all the identified
contradictions (cfTable15).

52



Tablel6: Morphological matrix of effects, design cases and selected SPs, built for the papeisgstech (cf[18,45).

Solutions
1 2 3
) ) ) Prepressure plate arounq Prepressure plate betwee

pad of paperg

- 3

Dynamicity (15)

b
A%

Spheroidality (14) +
dynamicity (15)

1. Fix padof == | L
papers | == PO [ S
i 7
Prior action (10) " — o - -
Prior action (10) Prior action (10)
Angular moving
Linear moving %ﬂ
2. Centre of

3. Secure theg
system

Angular sub plate

e

Prior action (10)

Reverse handle
e

Prior action (10)

Extendable sub plate

Prior action (10)

4. Transmit
human force

Sequence of the system stfininctions

Extendable handle 1

Nesting (7) +
Local quality (3)

Extenda_ble handle 2

| '“

Nesting (7) +
Local quality (3)

Foldable handle

[ %8

Segmeﬁtation Q)+
Local quality (3)

Rack and pinion

r/—‘p

Screw

waste papers

o

Spheroidality (14)

5. Punch pad
of papers
Segmentation (1) Spheroidality (14)
Inclined form
6. Store =

Two examples of CVgjenoted CV 1 and CV, are reportedh Fig. 21 andFig. 22 accading to
[18,45] Notably, Fig. 21a and Fig. 22a provide a geometry representation of CV 1 and CV 2,
respectively, in the working states of maximum and minimum cap&gity21b andFig. 22b illustrate
the used effects, whilgig. 21c andFig. 22c show the solved contradictions. The differences between
CV 1 and CV 2 are highlighted red (cf.Fig. 21 andFig. 22).
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(©)

Solved contradictions

(a) (b)
CV1:1.1-2.1-3.1-4.1-5.1-6.1 Used effects

Working state at maximum capacity (30-70 sheets) 1.1 Fi)l(ed _“‘-::‘-_‘-\:_-‘—’ /N Productivity-Reliability
springs =—— " |/

2.1 le’jal' E@ Productivity-Force
moving

3.1 Angular Productivity-Reliability
sub plate
¢

Productivity-Weight of st.

) o ) Extendable | I
Working state at mmmmum capacity (0-30 sheets) handle 1 ’ | Productivity-Length of st
s
Q
‘ Productivity-Reliability

N
Rack and ‘
S.1 pinion — Productivity-Device
i complexity

Productivity-Length of st.

6.1 Inclined
form

Fig.21: CV 1 (a) geometry representation(b) used effects (c) solvectontradictions (cf[18,45).

(b) (c)

(a)
Used effects Solved contradictions

CV 2:1.1-2.1-3.3-4.3-5.1-6.1
Fixed =o' - 7 .. .
= Y IV Productivity-Reliability

——

Working state at maximum capacity (30-70 sheets) 1.1
= ' springs =—— "\ |\

Productivity-Force

jé— g Productivity-Reliability
IS

21 Linear
' moving

3.3 Extendable
sub plate

Productivity-Weight of st.

4.3 Foldable P v Y
’ handle & A Productivity-Device
\ complexity
Rack and Productivity-Reliability
ack an
5. pinion Productivity-Device
complexity

Productivity-Length of st.

6.1 Inclined
form

Fig.22: CV 2 (a) geometry representation(b) used effects (c) solveatontradidions (cf.[18,45)

Based a Table16, the SPs applied in CV 1 and CV 2 aesumed ifTable17 with respect to the
used effects (ckig. 21b andFig. 22b). As done irFig. 21 andFig. 22, the differing effects and the SPs

are highlighted in red.
54



Tablel7: SPs applied in CV 1 and CV 2 with respect to the used effects.

CVv1 Cv2
Used effect Applied SP Used effect Applied SP

1.1 Fixed springs Prior action (10) 1.1 Fixed springs Prior action (10)

2.1Linear moving Dynamicity (15) 2.1Linear moving Dynamicity (15)

3.1Angular sub plate | Prior action (10) iigte Extendable  suf Prior action (10)

4.1 Extendable handl Nest_lng (7) + Local 4.3Foldable handle Segmentapon (1) +

1 quality (3) Local quality (3)

5.1Rack and pinion | Segmentation (1) 5.1Rack and pinion | Segmentation (1)

6.1Inclined form Spheroidality (14) 6.1Inclined form Spheroidality (14)

By comparingFig. 21c andFig. 22c with Table15, wecan see that all the contradictions identified

for the current system are solved at | east one t
needsi(e. the requirements, dfig. 19b) have been fully satisfied. As highlightedkig. 21 andFig.
22, the two generated CVs differ in the effects used to realize the subfunction3. Secur e t he

and A4. Transmit huma #iunctiom B, the use of ah exteadableysyb plate(€V t h e
2, cf. Fig. 22b) insteadof an angular sub plate (CV 1, ¢fig. 21b) does not affect the corresponding

solved contradiction (i.e. productivitgliability, cf. Fig. 21c andFig. 22c). On the other hand, for the
subfunction 4, using a foldable handle (CV@, Fig. 22b) instead of an extendable handle (CV 1, cf.

Fig. 21b) means applying a different SP (segmentation rather than nestiriggbéé 17), and this
consequently change the solved contradictadnFig. 21c andFig. 22c).

1.3.2.3. The Principles of the Adopted Approach (PAAS)

Based orTIPS (cf.sectionsl.3.2.1and1.3.2.3, thefollowing points constitute the PAAs which

will characterise thdevelopment and the methodology of the demonstrator preseritésl thesis

1 Model ofconceptual design procedubecordingto Fig. 16 andFig. 17, ouraideddesign procedure
will be composed of two main stephe identification of the solutions principles (SPs) and the
development of the concept variants (C\A.anticipateda minorimportance will be given to the
final evaluation the CVs since our maipurpose is to be able to generate as many different CVs
as possiblécf. Table9).

1 Use of equatioitiree design method#s shavn, the conceptual design methods proposed in TIPS
does not employ scientific equations (behaviour modsli&js.(1), (2), (5) and(6)). Instead design
knowledge are made available by means of SPs, effects and design cases and solutions are thus
provided as CVs (cFig. 21 andFig. 22), in a nonnumerical formBased orTablel11, webelieve
that including similar methods (i.e. which do not employ scientific equations) in our approach can
involve a minor focus on technical aspeatsd on optimal solutionsmaking unconventional
solutions more likely, as suggested in the BQ#PsTable5). This will also reduce the influence of
designer 6 s c o gallithe ¢cheices libkedaseguations aind wesign parameters are no
more required, in accordance with our purpdsésrable9).

1 Use of the natural language (dialectics) to identify and express the SPs and the TPS, the
SPs are based on recurrent scientific and engineering knowledge and are providedeictia dial
form, i.e. by exploiting the natural language (€ig. 20), as well as the effects (cFable16). As
argued in[9,46], dialectics isimmediate, simply accessible and it emphasizes the change (i.e.
innovation, cf.Fig. 7), and it can thus easily be used to eliminate the contradictions among the
required specifications. Moreover, the natural language provides the possibility to admit multiple
and very differensolutions which can significantly enlarge the solution space, as indicated in the
introduced BDPs (cfTable5). Based onTable9, all these aspects are in accordance with our
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purposes. In a similar way, the methods used irdearonstratoto identify the SPs and the CVs
will be based on the manipulati of the natural language.

1 Use of illustrated design examplesstgpport the application of the SPs and the development of the
CVs. As seen for TIPS, theisual representations of theéesign casegprovided with the
morphological matrix (cfTable16) constitute a powerful mean to quickly transmit multiple and
diverse knowledge to the desigp@rl1,43] Moreover, according tbable16, same SPs and effects
can be applied in different ways, thbased on different design cases. This aspect contributes to
further enlarge the solution space, in accordance with the BDPs, and thus with our purposes (cf.
Table9). In a similar way, the implementemonstratowill provide a catalogue of illustrated
design examples linked to the SPs, to help designer generating different CVs.

The introduced PAAs and their corresponding fundamental aspects aredépdible18. All points

in Tablel8have a role in favouring the BDPs and contribute to achieve our purposes.

Tablel8: Principles of the adopted approach (PAAs) and corresponding fundamental aspects.

PAA Fundamental aspects

Model of conceptual design procedure E&f. 16):
Step 1 Identify solution principles (SPs)
Step 2 Develop concept variants (CVs)

Mi nor importance
Keep also less promising solutions (BDPs

. _ Minor focus on technical aspe@sd optimal

Use of equatioriree design methods solutions C unconventional solutions a

1 No scientific equations employed more likely (EDPs)

9 Solutions provided in a nemumerical form ) . )
Reduceinfluenceof the cognitive biases

] Immediacy and emphasis on change (i
Use of thenaturallanguage to express and ident jhnovation, cf Fig. 7)

the SPsand the CVs

More differentsolutions(BDP9

Use of illustrated design examplesvistial| qyick transmission of multiple and differe
representations of differedtesign casedp support knowledge to the designer

the application othe SP&ind thedevelopnentof the _ _
CVs More different solutions (BDPs)
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2. Machine learning methodology

In the previous chapter, we presentedghbgposes pursued in the present work Teible 9) and

the principles of the adopted approach (PAAsTable18). This chapter is devoted to the developed

machine learning methodology. Machine learning represents an impmaach of the computational

al gorithmso6 do mdféranttecrmigues to reprodunevhonan ietaligetide by emulating

different cognitive abilitie$47]. Before illustrating the implemented machine learning methods which

will be integrated in our demonstrator, it is crucial to us to specify why we adopted machine learning in
this work. This enables the reader to better understand our standpeiconceptual map of the chapter

is reported inFig. 23 and highlights the fundamental topics on which the discussion is conducted. As

shown inFig. 23, the chapter is organized in two main sections:

1 A preliminary introduction (sectioB.1), in which we study the role of the key cognitive abilities
(KCAs) in conceptual design, and where we present the advantages offered by using machine
learning by comparing brain and machine.

9 The technical description of the developed machine learninigate{sectior2.2).

In section2.1( Apr el i mi nar y Fig. 23, asthluogervievo oncorain leakic biological
aspects, regarding neurons and synapse, and on memory is firstly proposed. The objective is to
understand éw informationis stored in our brain and retrieved to awareness, also introducing many
important pointswhich will be recalled in the following sections. Based on the adopted conceptual
design procedure (cFig. 16 and Table 18), we then focus othe KCAs, i.e. the cognitive abilities
respondile for our great performances dfarning and knowledge manipulation. An original
representation of the designer mental process is constructed to explain thercleiciithe KCAs
during conceptual designn accordance with the thesis purposes andPthas (cf. Table9 and Table

18, respectively). Itemerges that KCAs are potentially very suitable to favour the development of
breakthrough design solutions (Eig. 23). We finally propose an original comparison between brain
and machine, highlighting the limits of the brain to conceptual design, including cognitive biases (cf.
Table6 andTable7), which however do not affeatachines (cfFig. 23). The base idea linked to the
useof machine learning in our methodology is finally pointed out at the end of s@cti@nd it is also
reported inFig. 23: exploiting the power of KCAs without being affected by brain limits. Due to this
ambitious idea, the machine learning methods developed in this work will mainly focus on the
identification of he SPs, i.e. on the first step of the adopted conceptual design procedliabl&IS).
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PRELIMINARY Human brain

INTRODUCTION * Neurons and synapses
*  Memory (model, functioning, biases
and other important aspects)

From brain to machine

* Key cognitive abilities (KCAs) of the brain
= KCAs very powerful for conceptual design

* Comparison brain-machine
Many brain limits to conceptul design V
mostly due to memory
=—» Machine not affected by these limits

Use of Machine Learning: Exploiting the
power of KCAs during conceptual design without
being affected by brain limits

' Due to this ambitious ideas, the developed '
e machine leaming methods focus on the §
1dentification of the SPs

MACHINE Machine learning models
LEARNING *  Supervised leamning
METHODOLOGY *  Unsupervised learning

* Reinforcement leaming

Presentation and test of the implemented
machine learning methods
» Artificial Neural Networks (supervised)

* K-means clustering by Genetic Algorithm
(unsupervised)

Fig.23: Conceptual map of the chapter developed to explaindghiginalpath leading to the implemented machine learning
methods.

In section2.2( rfiachine learning methotbgyo , Fig.23), the three main machine learning models

areimmediatelyintroduced.Based ortwo of these models, two different machine learning methods

were implemented iMATLAB [48], i.e. artificial neural networks (ANNs) and-ideans clustering,

which arethuspresented followinghe order inFig. 23. Both method arefirst theoretically described

outlining their base mechanisms and highlighting the influence of the main parameters, and they are

finally testedand validated with original examples.

5 The learning model identifies the human cognitive abibtytie aspect of the human intelligence, in general) to
be emulatedThe terminologyelated tomachine learning is lately discussed in sec#dhl
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machine

In the current section, we present the base ideas of our methodology, also introducing the reasons
for adopting machine learning. An overview on brain and memory is firstly provided in s2ctién
to understand the basic principles of learning and retrieving (i.e. how learnt information is recalled to
awareness). The powerful cognitive abilities of the brain are then presented and discussed in section
2.1.2 In the same section, a braimachine comparison is finally proposed to highlight brain limits
regarding our purposes (cFable9) and the advantages offered by mackifiéhe latter comparison
represents a crucial point of our work.

2.1.1. An overview on brain and on memory

The brain is a dense network constituted by billions of elementary processing units (or cells), called
neurons, connected by means of synapses. As reportptd,B0] our brain is characterised by
approximately 18 neurons, each one forming 50000 synapses. Based on these numbers, the total
amount of synapseés the brain can be estimated betweel? 40d 16° This enormous connectivity
potential is the source of our extraordinary cognitive and learning capabilities.

2.1.1.1. The neuron: the elementary processing cell of the brain

A neuron can be considered as a sdrswitch, which can activate (or not) as function of the
information received. The neuron anatomy is illustratdeign24a, adapted frorf#9,50] According to
Fig. 24a, the different input signalsoim other neurons are collected by the dendrites and accumulated
into the nucleus as an electrical potential. Input signals can be stimulating or inhibiting, and if the
accumulated potential exceeds a specific threshold value the cell nucleus activateittibg an
electrical impulse. The impulse pass through the axon and is transmitted to othes,rauelhs with
different functions, by means of synapses at the axon terminalidc4a). The axon is electrically
isolated, and it caachieve lengths df m, enabling the neuron to communicate with other systems and
organs of the body, as the musds,50]

(2) (b)

Input synapses - .
Axon terminal

(presynaptic side)

Electrical
impulse

S 3

g Synaptic vesicle
= 4
10N i |
= . Synaptic
"5 Dendrite cleft
g Mucleus Neuro-
; ® e e e~ e 0‘/trnnsmittcrs
= Axon _
=
=
=
g Synaptic
=2V receptor
Axon
terminals — Electrical

Dendrite branch signal

~—- (postsynaptic side)
Output synapses

Fig.24: (a) anatomy of aeuron and (b) representation of a chemical synajg8e51].
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2.1.1.2. The synapse: the special neuronal connection

The synapse is a special connection allowing neurons to communicate each other or with other
different cells, as muscular oerssorial cells. Two main variants of synapse can be distinguished:
electrical and chemical synapse. In both cases, the transmitting neuron is called presynaptic neuron,
while the receiving cell is called postsynaptic cell.

9 The electrical synapsenables alirect and quick communication by means of electrical signals,

which are transmitted through the presynaptic axon terminals to the postsynaptic cell nucleus. The

electrical synapse occurs when a rapid and synchronic response by a great number ofsieurons i

required, as for example in danger situations or in case of quick refié}es
9 The chemical synap$gthe more distinctive in humans, and it is represent&ibir24b according

to [50,51] As illustrated, the electrical impulse transmitted by the presynaptic neuron reaches an

axon terminal. Her e, it is converted into a

neurotransmittersspecific molecules incapsulated in the synaptic vesicles. The neurotransmitters

cross the synaptic cleft towards the postsynaptic dendrite, where they are absorbed by the synaptic
receptors and converted into an electrical signal for the nucledsdc®4b). The great advantage

of the chemical synapse resides in the Aadju

neurotransmitters exists, andeyhcan be released in different quantities, allowing for stronger or

weaker connections ( i50%] Awei ghtedod connection

The adjustability of the chemicaynapses is the base of the brain learning ability. The principal aspects
of the analysed synaptic variants are resumdcbiel9.

Tablel9: The two synaptic variants and their principal aspects.

Synapse variant Description Principal aspects

It allows for a rapid and synchron
response by a great number of c¢
(reflexes)

Release of neurotransmittersacrf Adj ust abl e (Awei
the synaptic cleft, stimulated by th variable nature and quantities of t
presynaptic electrical impulse (¢ released neurotransmitters (tlishe
Fig. 24b) base of the learning process!)

Direct and quick communication k

Electrical synapse . .
means of electrical signals

Chemical synapse

2.1.1.3. Introduction to memory. our personal store of knowledge

As reported inTable 19, the adjustability of the chemical synapses is the base of the learning
process, which involves the acquisition of knowledge and their synthesis into encoded information. The
ensemble of allhte encoded information constitutes the memory, i.e. our personal archive of past
experiences. The most popular model of the memory was propd&] oy Atkinson and Shiffrin, in
1968, and it is represtrd inFig. 25. Although many improvements in this field have been achieved in
more recent works, this model remains in regular use nowadays, sineastljscomprehensible and
widely supported by experimental evidence in literafa856]. According to this model, the memory
is organized in a muhstore structure, consisting of three separate levels (or storEgy.&5): sensory
memory (SM), shorterm memory (STM) and lorterm memory (LTM). NotablyFig. 25 describes
how information is passed and processed through these three memory stores, each one having different
characteristics in terms of:

9 Duration of the encoded information.
9 Store capacity, concerning how much information can be stored.
1 Type of encoded informatmo(visual, acoustic, semantic, etc.).

The characteristics of each store have been reporieable20, according td52,56]
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Forgotten information

Input
Stimulus from —

environment

Forgotten information

Forgotten information

|

Long-term
memory
(LTM)

] ] Elaborative rehearsal
tic link
Sensory Attention Short-term (semantic link)
memory —_— memory
(SM) ST™M) | +—
Retrieval

Continual rehearsal
(repetition loop)

|

Output
Information recalled
to awarness

Fig.25: Multi-store memory model of Atkinson and Shifffs®,56]

Table20: Characteristics of the memory stores in the model of Atkinson and SHE56]

Memory store

Duration of encoded
information

Store capacity

Type of encoded
information

Sensory memory
(SM)

0.2571 0.5 seconds

Large (all sensory
experience)

Visual (sight), auditory
(sounds), touch, taste, smel

Shortterm
memory (STM)

07 18 seconds
(normally)

Up to 30 seconds,
with continual
rehearsal (cfFig.

25).

3-5 chunk$§

Mainly auditory

Long-term
memory (LTM)

Few minuted lifetime
(difficult to define

Explicit

Mainly Semantic

Auditory

Theoretically
unlimited

Implicit

models

Visual (images)

Skills and habits
Emotions, reflexes
Obj ectsb

(cf. Fig. 26, section2.1.1.9

an

As shown irnFig. 25, each stimulus we perceive through the five senses is initially stored in the SM.
Notably, information derived from an input stimulus activates enormous number of synapses
Aneuronal
information enoded in the SM. Most of the perceived stimuli receives no attention, and it is thus
retained for a very brief period (&fable20). They are thus forgten (cf.Fig. 25)

(synaptic adjustment, cf.able20) ,

® Based 0r{57,58]

t he

wor d

f or mi

ng a sort of

by

Afover wr i

fi ¢ dnoumok information pidces tanreced By a common pattern.

For instance, let us imagine memorizing the number 9876534: the sequer@&-6f93-4 (composed of seven
distinct information elements) would be chunked, for example, inte68384 (i.e. into wo larger blocks of
information). Thenatural chunking ability of our brain enables to compress large information in few blocks, thus
storing more information at once in the STM.
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corresponding neuronal path. As reported able20, the SM has a large capacity, and it can encode
information from all the five senses. Based[62,53], the passage of information through STM and
LTM is described in sectiora1.1.4and2.1.1.5 The processes of rehearsal and retrievalHgt.25)

are summarisenh Table21. A deeper analysis of the LTM, regarding the type of encoded information
(explicit and implicit, cf.Table20), is provided in sectio.1.1.6

2.1.1.4. The passage through the STM and the process of continual
rehearsal

Focusing the attention induces the transfer of information to the STMWi¢cf25). Notably, the
STM constitutes a temporary working space where infaanancoming from the SM is elaborated and
prepared for different tas59]. As reported inrable20, the store capacity of the STM is limited to 3
5 chunk$ (cf. [57,58)), and the duration of the encoded information does not normally overcome the 18
seconds. This duration can be however extended up to 30 seconds by means of the continual (or
maintenance) rehearsal, i.e. the process of verbally (or mentally) repeating tidor(o Fig. 25).
Notably, the information is repeated without thinking about its meaning or connecting it to other
information[52]. This explains why the type of information encoded in the STM is mainly auditory (cf.

Table 20) [54]. This type of rehear sal involves the <con

synaptic trace (cfTable19) corresponding to the repeated information, making it stronger. We typically
perform continual rehearsal when we memorize information to be foseal current purpose, as a
telephone number to be called in the immediate future, for example. If repetition does not occur, we will
quickly forget it (i.e. information expires from the STM). The principal aspects of continual rehearsal
are summarised ifiable 21. As shown inFig. 25, the STM continudy communicate with the LTM
through elaborative rehearsal and retrieval. This latter aspect is presented inXsgctidn

2.1.1.5. The passage through th&TM: elaborative rehearsal and
retrieval

Giving meaning to information favours its transfer in the LTM, i.e. the archive containing our
knowledge, with a theoretically unlimited capacity {Ehble20). Let us suppose, for example, that the
above phone number (cf. secti@rl.1.9d belongs to our deariénd, who we well know (i.e. whose
information is thus already encoded in our LTM). Not only we often call this number, but we also
associate a meaning to it, i . e. Abel onging to
encoded in the LTMnd is called elaborative rehearsal Ef). 25). Moreover, some information about
our dear friend will be immediately recalled to awareness, ashiga or the date of his birthday: this
is a consequence of the retrieval processHidf. 25). According toFig. 25, elaborative rehearsal and
retrieval form a continual information cycle between the STM and the LTM. Notably, not only the
information incoming from the STM can be encoded in the LTMjtlman also potentially decode (i.e.
retrieve) some information already encoded in the UbR|60] The bidirectional interaction between
STM andLTM can be better understood by comparing the STM to a computer desktop, and the LTM
to the hard disk (i.e. the storage unit). As a desktop, the STM represents a working space, where
information is temporarily manipulated and prepared to execute seaska]39] (cf. section2.1.1.9.

As a hard disk, the LTM constitutes our stable archive of information, which is continually used and

modified during all the performed tasks. Indeed, we do not normally see on the desktop all the files

stored in the hard disk, as well as we do not nllynsae the overall information available in the LTM.

Let us provide more details about elaborative rehearsal and retrieval.

i Elaborative rehearsal This process consists of linking new information, incoming from the STM,
with information already stored the LTM in a meaningful walp2]. Notably, elaborative rehearsal

is more effective than continual rehearsal, since it involves the construction of new synapses, which
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ensure a much more stable informatencoding than STM. The stability of encoded information

over time also depends on the motivational and emotional state of the subject. This makes difficult
to define the storing duration, which can vary from few minutes to a lifetim&gbfe20) [60].
1 Retrieval. Information decoding (retrieving) requires a similitude (associative) relationship
between thenformation incoming from the STM and the information to be decoded. The incoming

i nfor mat.

on is ficomparedo

to the

encoded memories also depends on motivational and emotional state of the subject.
The processes of rehearsal and retrieval arersarised inTable21.

Table21: The processes of rehearsal and retrievalKitf.25) and their principal aspects.

Process

Description

Associated synaptic mechanisn

Continual (or
maintenance)
rehearsal (cf. section
2.11.4

Verbally (or mentally) repeating
information (repetition loop, ckig.
25), in general without thinking about
its meaning

Continual adjustment
(Ar ergaetnieo n 0)
trace corresponding to the
repeated information

of

synaptic
share, the higher the probability the latter is decoded and recalled td tile S i . e .
our desktop)61]. This physically occiwwith the reactivation of the synaptic traces (neuronal path)
corresponding to the decoded informatj68]. As seen for elaborative rehearsal, the retrieving of

Elaborative rehearsa

Linking new information with
information already encoded in the
LTM by means of meaning.

Influenced by the emotional and
motivational state.

Construction of new synapses
which ensure a stable informatig
encoding

Retrieval

Information incoming from the STM i
ficomparedo to inf
the LTM: the more similitudes they
share the higher the probability the
encoded information is deded and
recalled.

Influenced by the emotional and

motivational state.

Reactivation of the synaptic
traces corresponding to the
encoded information

2.1.1.6. LTM: explicit and implicit knowledge

In the current section, we provide more details about the typdoofriation encodeth the LTM

trac

Avi sual

(cf. Table20), to better understand what kind of knowledge we can store and retrieve. Since the 1970s,

many models of the LTM have been developed, typically by defining different LTMategories,
with different roles and characteristif&3i 65]. The model representedhig. 26, proposed ifi63], was
one of the first and most influential aneéAs shown irFig. 26, the LTM can be divided into two parts:
an explicit knowledge, also called declarative (or conscious), and an implicit knowddstyeenoted

as nondeclarative (or unconscious). Both parts are in turn divided into twaaegories. Although
more recent models propose a greater number efagigories, they always retain the same distinction

between explicit and implicit knowledd64i 66).
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LTM

P ~—
~ ~

Explicit knowledge Implicit knowledge
declarative, non-declarative,
/Conscious unconscious
./’/ N o S
Semantic Episodic Procedural Priming
Concepts and Experienced events Skills and habits ~ What implicitly influences
word meanings (“impressions of what  for common tasks the response to other
happened”): stimuli -
* Visual / ™~
» Auditory Conditioning Perceptual
Emotions and Objects’ and language models
reflexes (“predefined”’and familiar

recognition patterns)
Fig.26: Influential model of the LTN63].
According to [63], the explicit knowledge involves conscious effort to encode and recall

information, and iis mainly categorised into (cFig. 26):
1 Semantic memorywhich includes the knowledge about concepts and word meanings, as well as

gener al knowl edge. For instance, we know that
semantic link (elaborativeehearsal, cfFig. 25andTable2l)b et ween @A Ro mapital and At
of Iltalyo, and this informati ofable2 thesematici ous | vy

memory constitutes the main part of the expkoowledge.

1 Episodic memorywhich contains information about experienced events, regarding for example:
specific moments of our life (called autobiographical memories, as our first day of school), general
feelings associated to an activity (for exampite, feeling associated to running), and exceptionally
vivid and detailed fAsnapshotso |inked to i mpor
memories). All this knowledge is consciously declarable, and it is mainly encoded as visual and
auditoryinformation (cf.Table20).

On the other hand, the implicit knowledge involves unconscious and automatic (and thus not consciously

controlled) thoughtsa nd it includes all we have implicitl.\

knowledge is typically distinguished into (&fig. 26):

9 Procedural memoryncluding skills and habitudes linked to the tasks we commonly execute without
conscious efforts. For instance, the memory of the motor skills for riding a bike, or the habitude to
brush the teeth every morning.

1 Priming memory including all the factors which unconsciously (i.e. implicitly) influence the
response to other stimuli. According[&8i 66], two main omponents of the priming memory can
be distinguished (cfFig. 26). The first one, called conditioning memory, determines all the
emotional and reflexdsed behaviours. The second one, called perceptual memory, involves objects
and language models (or structures;Teble20).

Notably, the models stored in the perceptual memory=gf.26) consti tute dApredefin

recognition patterns which allow to speed up the learning process.
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2.1.1.7. Final considerations: important aspects concerning memory
and its functioning

We have @cussed how information is processed by the brain, analysing the main mechanisms
enabling new information to be encoded in the memory and which allow stored knowledge to be
retrieved and made available. Based on the presented elements, we want tdifyiditijnt some
important aspects regarding memory and its functioning, in order to better introduce machine learning
in the next sections.

1 Continual modification and re-elaboration of the stored knowledgeAs seen in sectiod.1.1.5
the retrieval process (dfig. 25) involves the decoding of thefarmation stored in the LTM (our
hard disk), by reactivating their synaptic traces, and their recalling to the STM (our desktop). Due
to the continual information cycle between STM and LTM the same information just retrieved can
be redirected towards theTM, thus reprocessed and 4encoded by elaborative rehearsal. This
phenomenon is called reconsolidation: retrieved memories are actively modifiededablarated,
and thus reencoded by means of new synaptic trdé&$. Due to reconsolidation, some retrieved
memories can be completely rewritten, or even erased. The synaptic mechanisms linked to this
phenomenon are still uncle@@8]. However, this supports the idea that our memory should not be
considered as a passive archive containing static information, but ratelative archive whose
stored knowledge is under continual modification areladoratior{69].

1 Loss of the capability to access (retrieve) some stored information over timAs reported in
Table20, the capacity of the LTM is thought to be theoretically unlimited, which means an infinite
amount of information could be potentially encoded, and thus be available by retiekFa. 25)

[52,53] Rather than availability, the main constraint regards the accessibility to the stored

knowledge. According tdable21, the access to the stored knowledge reposes on the similarity

between the information to be decoded and the retrieval information incoming from the STM. The
retrieval signal can be consciously elaborated in order to recall specific encoded information.

However, the capability to retrieve some memaries can be gradually lost over time, due to the loss

of the neuronal paths which allow to access them. As argugdd], this mechanism occurs

unintentionally (unconsciously), and it explains why older memories are generally harder to retrieve
than more recent ones. Notably, this does not necessarily tm&izhose memories have been
removed: they are probably still available in the LTM, but we are ho more able to access them.

1 Implicit (unconscious) effects of emotional conditioning on learning and retrievingBased on
Fig. 26, the responses to received stimuli are generally influenced by the priming memory, on which
we have a limited cognitive control due to its rdetlarative naturg3]. The effect of the emotional
conditioning component (cFig. 26) on the elaborative rehearsal and retrieval processes has been
already highighted inTable21 These effects can be both positive and negative. For example, it is
widely demonstrated that certain emotions can facilitate leaamidgnemorization. A similar effect
can be observed for retrieving: the emotional content of some perceived stimuli can potentially
facilitate the retrieval of specific and detailed memories. Clearly, these abilities differ from a person
to another, sincemotions are extremely personal. On the other hand, specific emotions can also be
responsible of unwanted memory suppression (psychological trauma, for example), whose
mechanism is however still uncldad].

 Conscious and unconscious (or cognitive) memory biasesccording to[72i 74], two types of
memory biased attitudes (or biases) can be distinguished: unconscious (or cognitive) biases (cf.
Table6), due implicit knowledge, and conscious biases, due to explicit knowleddeg(@6). As
widely discussed in the previous (cfection1.2.3, the cognitive biases operate outside our
awareness, and involve negative effects on ountietiaand design habitudes (BDHs, Thble7
andFig. 11). Notably, three principal cognitive biases have been identifidéle 6: status quo,
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functional fixedness, and confirmation. Based on literature, it is not easy to establish whether each
one of these biases belongs to procedural rather than priming memory. They should be probably
considered as spread all over the implicit memory. Noretbelve believe some connections could

be found, for example, between confirmation and functional fixedness biases and the perceptual
memory (cf.Fig. 26). As reported irFig. 26, the perceptual memory is characterised by models of
objects and language, which play a fundamental role in speeding ugthiedeprocess. On the

other hand, these models constitute familiar patterns (functional fixednedsbté.6) which
unconsciously involve a selective | earning:
bias, cf.Table6) is permanently retained in the LTM, while the rest risks to be early ford@tgn
Contrarily to cognitive biases, conscious biases are explicitigamantically processed, mostly as
words and concrete actions. Consequently, conscious biases manifest in a more overt way, as for
example physical and verbal harassment or different modalities of social exclusion (sexism, racism
and other types of discrimations)[73,74] Since conscious biases are explicitly expressed, we are
thus more aware of them than cognitive biases, which are instead typically unknown and unnoticed.
Regarding our purposes in this thesis {cdible 9), we believe cognitive biases are much more
dangerous than conscious due to their implicit nature. Nonetheless, conscious biases are important
as well to understantdbw memory operates.

The discussed aspects are summarisdalne22.

Table22: Important aspects regarding memory and its functioning.

Memory aspect Description
Reconsolidationretrieved memories are modified and
Continual modiﬁcation and ¥e Written, |e reenCOded in a diffel’ent Wa.y.

elaboration of the stored memories | The LTM is an active archivét does not contain static, b
rather continually modified and-edaborated information.

Loss of the capability to acce] Loss over time of the neuronal paths which allow to ac
(retrieve) some encoded informati{ some information. This information remaimetentially
over time available but it isno more retrievable

Positive effect facilitated learning and retrieving fg

Implicit ~ (unconscious)  effects Q@ jnformation which holds a certain emotional content.
emotional conditioning on learning ] .
and retrieving Negative effect unwanted memory suppression due

specific emotions.

Unconscious (or cognitive) bias@gd. Table6, Table7 and

Fig. 11): mental mechanisms negatively affecting

behaviour and operating outside our awareness (im

knowledge).

9 Confirmation and functional fixedness biases: seleg
learning due to the objects and language modeishw
characterise the perceptual memory Fify. 26).

Conscious and unconscious
cognitive) memory biases Conscious biases negative attitudes explicitly an
semantically processed as words and coneatens.
1 Examples: physical and verbal harassment, diffeg

types of social exclusion (sexism, racism, etc.).

Regarding our purposes (dfable9), cognitive biases ar
more dangerous than conscious biases due to their im
nature.

Since each individual has different memory performances, the weight of these aspects can be
differert from one person to anothgrl]. According toTable22, we must however keep in noirthat
there exist many factors in our memory we cannot explicitly control, and which represent a potential
obstacle to the achievement of our purposes.
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2.1.2. From brain to machine

The analysis of memory conducted in secftahlallowed to better understand how knowledge is
stored in our LTM and made available to our brain. According to the proposed memory mdegl (cf.
25), input information is processed through three different memory stordafde20). Thanks to the
bidirectional communication between STM and LTM (€fg. 25), input stimuli can be encoded a
permanent knowledge (elaborative rehearsal, Teble 21), and contemporarily enable encoded
information to be retrieved as output (retrieval, Teble21). Regarding conceptual design (€fg. 16),
the input stimulus is constituted by initial idea and specifications, while the retrieved (and elaborated)
output is represented by the developed CVs. Based on the example illustiEte@ih let us assume
to cognitively perform a conceptual design procedure by exploiting the design knowledge stored in our
brain. In this case, the inpsiimulus involves a cantilever beam with a full squared section (initial idea),
and the reduction of its mass (specification). These elements are thus processed by our brain, which
quickly proposes two different CVs.

Initial idea Specification
Cantilever beam, + Reduce structural
Input — full squared section mass

N\\\

-

Conceptual design

&

CV1 CVv2

Cantilever beam, Cantilever beam

Output — full squared section, hollow squared section
lower density material

g l__. 2} 1___E__,

Fig.27: Exanple of conceptual design performed by the brain.

#

As shown inFig. 27, both inputs and outputs are characterised by:
91 A dialectic description (use of nail language).
1 A visual representation of the design configuration.

These characteristics involve the main categories of the explicit knowleddeg(c26), i.e. the
semantic memory and the episodic memory, respectively. Moreover, they immediately emphasise the
changes of the CVs from to the initial idea, in accordance with the PAAs repofigiol@i8. The green
bolded words (cfFig. 27) highlight the SPs on which the proposed CVs are based. Regarding CV1, the
concepto f Al ower materi al densityo has been added
representation, the use of a lower density material is indicated by the grey beam. Regeg]irig
description highlights that the concept of #Afull
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been changed into fAholl owo. Both CV1 and CV2 col

both allow to satisfy the required spiezation. The following important considerations, based on this

example, enable to introduce the organization of the current section.

1 The proposed CVs seem two common and immediate solutions. Probably, an experienced brain can
achieve them without so mudffort, almost automatically. How is that possible? Usually, we do
not realize how much powerful our brain is. Notably, some key cognitive abilities, denoted KCAs,
can be considered as the main source of our extraordinary brain perforfd@ntgs 6] In section
2.1.2.1 we want to intoduce the KCAs and study their role in conceptual design.

1 Although the power of brain performances is unquestionable, the proposed CVs constitute only two
possible solutions. We are surely capable to generate other different CVs, based on different
knowledge we can retrieve and manipulate. Nonetheless, we will be hopelessly limited by several
aspects, mostly due to our own memory {able22). Can machine reproduce the extraordinary
brain capabilities without being affected by its limits? We will answer this question in section
2.1.2.2 by providing a coparison between the brain and the machine.

Final considerations are given in sectibt.2.3

2.1.2.1. The key cognitive abilities (KCAs) and their role in
conceptual desig

According to[50,75] our performances of learning, reasoning and knowledge manipulation are
mainly based on three KCAs: abstraction, generalization and arnalaking. Their generic definitions,
adapted fronj75i 78], are reported ifable23.

Table23: KCAs and thegeneric definitions.

KCA Generic definition

Ability of mentally isolating a characteristic of a concrete context, to con
the isolated characteristic as a specific analysis object.

Ability of associating a similar (or the same) meaning to a variety of si
inputs, regardingdr instance objects, experiences, or contexts in general
Ability of adapting the knowledge about an already known and familiar co
Analogy-making to explain and characterise phenomena occurring in a new unfamiliar c(
which however shares one more similitudes with the first one.

Abstraction

Generalization

We continually and automatically use these abilities, often without realize it. Their role in
conceptual design can be better explained with the help of the exantfite &Y. Fig. 28 shows an
original representationf the mental processes which ledXg1 and CV2 (cfFig. 27), highlighting the
intervention of the KCAs in the two main steps of the adopted condejssignprocedure (cfTable
18 andFig. 16). This is one of the possible interpretations of how our brain operates, and it is assumed
to explain the roles of the KCAs.
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Fig.28: Originalrepresentationof the mental processsleading to CV1 and CV2, which is assumed tdréasthe roles of
the KCAs during conceptual design

Steps 1 and 2are thus analysed detail as follows.

Step 1: identification of the SPsBYy abstraction, our brain firstly associates the initial idea to similar

experienced design scenarios, denoted [I3esign Samples, cFig. 28). Notably, the abstraction
ability (cf. Table23) enables to isolate different characteristics of the initial idea, which are thus used to
retrieve different DSs by means of similitudes T&ble21). In Fig. 28, the similitudes shared by initial

idea and

DSs, i . eo0,

ibaaeobaaend

thaeétl

Epedi amd

hig!

(green and blue). In general, the similitudes can involve one or more characteristics of the initial idea.
By generalization, our brain then exploits the experiences gained on the DSs to tlothmil&Ps, as

function of the specifications to satisfy. AccordingTtable 23, the generalization ability enables to
adopt similar (or the same) resyses for similar inputs. In our example (€ig. 28), the same SPs used
to reduce the mass of the DSs (which are similar to the initial idea) are ddopezeluce the mass of

the initial idea. As also indicated lig. 27, the identified SPs involve the use of a lower density material

and of a hollow s&tion, instead of full.

Step 2: development of the CV.sAs represented iRig. 28, our brain has already experienced how the

identified SPs can be applied to the DSs. As dorieégn27, the grey beam (DS1+SP1, Eig. 28)
indicates the use of a lower density material. The characteristics of the DSs involved in the application

of t he

SPs, i . e.
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(red and violet, cfFig. 28). By analogy based on these characteristics, the knowledge on the application
of the SPs is adapted to the initial idea for developing the CVs (analalgyg, cf.Table23). Notably,
the knowledge of applying SP1toDSlisadaptesl t he i ni ti al i dea based on
thus resulting in CV1 (cfFig. 28) . CV2 is generated in a similar
characteristic, the knowledge about the application of SP2 is transferred from DS2 to the initial idea (cf.
Fig. 28).
The analysed conceptual design steps are briefly summariSedle24 with the involved KCAs.
Table24: Conceptuatlesign steps and involved KCAs.

Conceptual

design step Description Involved KCA
L . Abstraction The features of th
325 Eitgﬁqv'ggs ([;);s)es)i(g?lgﬂget‘ initial idea are isolated and us&al
initiag idea P retrieve the experienced DSs
1. Identification of similitude
the SPs Generalization the similitudes

1b. Exploiting the experience
gained on the DSs to formulate t
SPs.

between initial idea and DSs invol
a similar (or the same) response
the requiredspecification

The knowledge of applying the Sk Analogymaking exploiting the
2.Development of to the corresponding DSs is adap] analogies (similitudes) betwesg
the CVs to the initial idea for developing th initial idea and DSs for th
CVs. knowledge adaption.

As assumedn Fig. 28, we did not employ any scientific equation to study the behaviour of the
identified DSs, or the influence of the adopted SPs on the initial idea. On the other hand, all the mental
operations \wich led to CV1 and CV2 by exploiting the KCAs were based on similitudefdofe24),
which mostly involved the language used to describe initialidedd Ss and CVs (as the
and As e ¢&ig.28 ndeed, scidntific equations contribute to the comprehension of the physical
and mechamial phenomena during the construction of our design knowledge. Once the concepts
expressed by equations hdxeen learnt and interiorizethe viewpoint adopted in this thesis is that
brain is able to quickly retrieve and manipulate them in a dialémtic and by means of similitudes,
without executing any equation. The latter aspects are in accordance with the PAALIEH8), which
means KCAs i@ potentially very suitable to favour the development of breakthrough design solutions.

2.1.2.2. Towards machine learning: an original bramachine
comparison

For brevity, only two CVs have been considered in the above examptg(&8), as well as only
two DSs and only two SPs have been retrieved and manipulated. With a greater conscious effort, we can
surely develop novel CVs by means of our KCAs Tefble24). Despite these extraordinary cognitive
abilities, the number of novel combinations will be hopelessly limited by several aspects inherent in our
brain, as those d@uto memory (cfTable22). Based on these ideas, we need something able to reproduce
the KCAs, without however being affected by brain limits. Is maelsiuitable for this task? With the
help of Table 25, let us compare brain and machine. Notably, the comparison terms regard the limits
due to memory (cfTable22), andtwo more aspects involving language variatydmultidisciplinary
abilities,which aredirectly linked to the PAAs (cfTable18).
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Table25: Original lvain-machine comparison.

Aspect Brain Machine
Very dangerous andffecting all the
phases of conceptual design Potentially  introduced in  th
. Main negative effects: knowledge base by programmer
Conscious an( . . .
ﬂ Pnor EXCIUS|0n Of pOtentIa”‘ The more d|fferent programme

unconscious
memory biases

interesting solution paths
1 Selective learning (cfTable22)

Very difficult to mitigate (especially
unconscious biases)

(specialized in differentdisciplines)
contribute to the knowledge base, 1
more biasesd inf

Continual
modification of the
stored knowledge

Retrieved knowledge is necessar
modified

No explicit control on the knowledd

base:

1 Risk of modifying/oveiwriting the
experienced DSs and SPs

1 Impossible to consciously retrie
some DSs and SPs, since th
semantic link could have beg
modified.

9 Undesired knowledge cannot
consciously forgotten

No, and he knowledge base can

directly handled:

9 Copying data before atifying
them avoids ovewriting

1 All the available knowledge can K
retrieved at will and manipulate@l
possibility to generate more CVs

9 Undesired data can be deleted
will

Loss of the
capability to
retrieve stored
knowledge  ovel
time

The older thelesign experiences (DY
and SPs), the less probable they cal
retrieved for  contributing  t(
conceptual design

No limit in retrieving old data.
The knowledge base can be eaj

transferred to new hard disk
theoretically avoiding the time
deterioration of the hardwar

components

Implicit emotional
conditioning

Not consciously controllable and n

predictable influence:

9 Positive effectscannot be easil
reproduced

9 Negative effects cannot be eas
avoided

The occurrence of nepredictable
and norcontrollable (i.e. implicit)
events is strongly reduced.

Language variety

Limited:

9 About 17,000 word families fo
university graduates

fTUp to 20,000 word families fo
really cultured people

Potentially unlimited C A more
varied lexicon can involve mor
different CVs

Multidisciplinary
abilities (cf. Table
3)

Often specialized in only on
discipline, and rarely in two or mot
different disciplines
9 Less analogies between differe
and apparently unrelated concept
1 Difficulty in sharing knowledge
with other specialized in differern
disciplines

Potentially unlimited C analogies
between very different and apparen|
unrelated disciplines are more like
(more different and potentiall
breakthrough CVs)

The moe programmerspecialized in
different disciplinescontribute to thg
knowledge basethe moredifferent
analogies are likely
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Let us analyse each aspect in detail.

1 Conscious and unconscious (or cognitive) memory biasé&/'e believe memory biases represent
the most dangerous limit of our brain, regarding our purposesdpofe9).
Brain. Accordingto Table7, Fig. 11 andTable22, both conscious and unconscious biases involve
the prior exclusion of potentially intesting solution paths due to different reasons. Notably,
unconscious biases can also be considered as a potential cause of selective learning (confirmation
and functional fixedness, cfable22). Memory biases can heavily affect conceptual design from
the earliest phases. For instance, we could be led to priorly fix some characteristics of the initial
idea. In general, memory biases are very difficult to mitigate, especially unconscious doks, wh
are not consciously controllable (Gable22).
Machine Theoretically, a machine does not have any biases, even if they could be potentially
introduced by the human programmer during the construction of its knowledge base. Nevertheless,
the effects of memory biases on thoughts and actions differs from one individual to §nbgher
and they also depend on the received educatiod &bile 6). We thus believe their presence and
influence can be mitigated if more and different progreers, specialized in different disciplines,
contribute to the knowledge base of the machine.

1 Continual modification of the stored knowledge Due to reconsolidation, retrieving and
manipulating design knowledge necessarily involve its continual modificatid reslaboration.
Brain. Each time DSs and SPs are retr-wrivtetdermdd( an
anyway modified, cfTable22). This also implies we do not have a clear and global vision on the
overall design knowledge stored in our LTM: we do not know exactly how many and which DSs
and SPs we have experienced, since they are under continual modification. Consequently, it could
be pdentially impossible to consciously retrieve some DSs and SPs: their neuronal path (and thus
the corresponding semantic link) could have been chafgé®b8] Moreover, we cannot
consciously decide to forget undesired experiences by eliminating their corresponding synaptic
trace. In summary, we cannot explicitly control our knowledge base.
Machine A machine does not hatkese problems. Notably, the knowledge base can be directly
handled. Data can be copied before being modified (avoidingvaiténg) and deleted at will.
Moreover, the knowledge base can be completely scanned to consider all the available knowledge:
during conceptual design, this enables to enlarge the space of the potential similitugigs 265,
thus increasing the number of generated CVs.

9 Loss ofthe capability to retrieve stored knowledge over time
Brain. We better remember the DSs and SPs we have recently manipulated, or which we often
manipulate. Indeed, recent design experiences can be normally retrieved without so much effort.
However, it ismore difficult to retrieve older design experiences, since their corresponding neuronal
path may have potentially deteriorated over time. Consequently, the older the DSs and SPs are, the
less they can contribute to conceptual design: the less novel @Wsusabe developed.
Machine Contrary to the brain, a machine has no limit in retrieving old data stored in its knowledge
base. Moreover, the knowledge base of a machine can be easily transferred to a new hard disk,
avoiding potential damages due to timeet deterioration of the hardware components.

1 Implicit emotional conditioning.
Brain. Based ormable22, the implicit and unexpected character of emwtioonstitute an element
of uncertainty and randomness, which can benefit or limit our memory performances in a given
context. Their implicit nature makes them not consciously controllable. This means potentially
positive effects cannot be easily reprodijcand potentially negative effects cannot be easily
avoided.
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Machine A machine has no emotions, which strongly reduces the occurrence-pfaaictable

and nonrcontrollable events. Nonetheless, some algorithms used in machine learning, as the genetic
algorithm, are purposely based on the introduction of random events to better perform optimization
tasks in extremely nelinear problems.

1 Language variety. The use of natural language represents one of the crucial points of the adopted
approach (cfTable18). Asassumedn Fig. 28, themanipulation of the design concepts in form of
language enables our brain to quicgbnerate different CVs by means of the KCAs Tetble24).

The morevaried our lexicon (i.e. the more different words we know), the more different concepts

we can express and combine.

Brain. Estimating an average size of individual lexicon is particularly difficult. Basd@3%i81],

it mainly depends on age and education. As argud80h people learn and use thousands of
inflected forms of words which however share the same core meaning. In the current analysis, we
have thus adopted t he(cfdable?25gs measufe offiexicon size,fina mi | vy
accordance wit79]. Considering English, about 54,000 different word families ¢xi@l. On

average, a 2@earsold native speaker knows about 11,100 word families (about 16,700 different
words)[80,81] A lexicon of 17,000 word families can be estimated for university graduates, while

really cultured people meanly achieve 20,000 word families. It is however interesting &thatic

we could comprehend the 95% of -3006kwomd families. Engl i s
Machine The number of different words which can be stored in the knowledge base is potentially
unlimited. Consequently, a machine can potentially maatpuand combine a larger variety of
concepts than brain, thus increasing the possibility of generating breakthrough CVs.

1 Multidisciplinary abilities . Based ornTable 3, a broad multidisciplinary specialization increases
the possibility of making analogies between different and apparently unrelated concepts, which
favours the birth of breakthrough solutions.

Brain. On average, we are specialized in oiseigline, and we have superficial knowledge in the
other ones. Designers are rarely specialized in two or more different disciplines. Due to this aspect,
they often have difficulty in sharing their knowledge with others specialized in different dissipline
This is also linked to cognitive biases: we feel safe in our domain, and it is hard to admit different
standpoints inherent to other disciplines Ta&ble6).

Machine The number of disciplines a machine can specialize in is potentially unlimited: analogies
between very different and apparently unrelated concepts are more Okethe other hand, the
number of disciplines depends on the number of programmers with different specializations who
contribute to the knowledge base of the machine.

Regardingour purposes (cfTable9), almostall the aspects reported Trable 25 represent limit for

the brain. Notably, the first foumes ardimits due to memoryvhich cannot be consciously controlled
and arealmostimpossible to eliminate, while those due to language variety and multidisciplinary
abilities cannot be easily balancédn the other handhe emulation of the KCAs by means of the
machine requires a naregligibleprogrammingeffort, and it thus involves potentiallimit in the use

7 A word family is a group of different words sharing the same core medeigg stimulate, stimulation,
stimulated, stimulating, stimulates, stimulative, etc.). The first member represents the base form, while the
following ones constitute the derived forms, which can be verbs, adjectives, nouns, etc. By knowing the meaning
of either member of a family, one can easily infer the meaning of all the other members of the sanjégamily
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of the machingln generalthe comparison ifiable25 suggeststat machine is potentially more suitable
for conducting conceptual design according to our purposes.

2.1.2.3. Final considerations

Based on sectiorz1.2.1and2.1.2.2 two important considerations can be finally remarked:

1 On one side, our brain is endowed with very powerful cognitive capabilities. As sEan 28,
different design concepts can be quickly retrieved from our memory, and effectively manipulated
by means of the KCAs (cT.able24) to develop novel C¥.

1 On the other side, brain performances are limited by several aspects, which however do not affect
the machine (cfTable25).

By means of machge learning, we want to exploit the power of the KCAs and all the advantages
offered by machine during conceptual design, without being affected by brain limits. This is the idea on
which the methodology of the developed demonstrator is based, and thmstthation for using
machine learningAs reported irFig. 23, due to the difficulties encountered in realizing this ambitious
idea, our efforts in this work will be rmdy focused on the first step of the conceptual design
(identification of the SP<f. Fig. 28). This means thatie machine learning methods integrated in the
developed demonstrator withainly focus onemulating the KCAs of abstraction and generalization
(step 1a, cfTable24). The second step of the conceptual design procddieig. 28) will be instead
performed by thehuman user, and ware thusaware thatthe development of the CVs could be
potentially influenced by memory biases and other brain lif@it3 able25). Thisimportantassumption
will be resumed in chapt@hbefore presenting the demonstrator
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2.2. Presentation of the implemented machine
learning methods

In this section, we want to introduce and present the machine learning methods used in the current
work. Machine learning, afterwards denoted as ML, generally involves the implementation of
computational algorithms, able to emulate specific human cogritilgies by learning from the
surrounding environment. In the recent decades, many ML techniques have been developed for different
purposes, as pattern recognition, data clustering and computer vision, and are more and more used in
different domains asngineering, medicine, finance and entertainmd@]. Before presenting the
organizatio of this section, let us introduce some important definitions regarding the used terminology.

T We refer to AML model 06 (or ftmedypehof human cogrativen i n g
ability or a specific aspect of the human intelligence we want tolate.
T We refer to AML methodod (or fAmachine | earning

(i.e. the algorithms) which a given learning model is implemented with.

These definitions are summarisedliable26.

Table26: Definitions of machine learning model and machine learning method.

Terminology Definition
ML model (or machine learning model) | It representshetype of human cognitive abilit)
to be emulated
ML method (or machine learning metho| It represents thecomputational procedur
(algorithm) by which a given learning model
implemented.

The current section is organized as follows. The three princigalnMdels, called supervised,
unsupervised and reinforcement learning, are presented in s2@ibrThe ML methods implemented

in this work are based on the supsed and unsupervised learning models and are respectively
presented in sectiong.2.2and?2.2.3 Notably, our objective is to well outline their base ideas and to
describe their functioning, highlighting the main parameters and their influence. This will anable
expertreades to becane more familiar with the principal technical aspects generally involved in ML
algorithms.Some indications to lighten the readifighe following sectionareratherprovidedto ML
experts.

2.2.1. Learning models

Based orcurrent established literature on mimehlearning and in particular ¢47,50,82,83]three
principal learning models exist: supervised learning, unsigeat learning and reinforcement learning,
which are respectively presented in sectidi2zsl.1 2.2.1.2and2.2.1.3 Their summary is then provided
in section2.2.1.4 together with some final consideratioifie ML expert readers can directikip to
section2.2.1.4

2.2.1.1. Supervised learning
The base principle of supervised learning is to emulate the human generalization abilaplef.
23). As shown irFig. 29a, the supervised learning model typically involves two distinct phases: training
and generalization. Let us analyse these phases in detail accorffiighth82,84]

Phase 1: training This phase concernke calibration of the learning algorithm on a suitable set (or
array) of training samples (called training set), which represent the ensemble of kndthdddgavant

the machine to learn. According kag. 29a, each training sample consists of an input, called training
input, and the corresponding output, called training output. Let us imagine, for instance, to train our
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learning algorithm for classifym d o g s

ACATO. The

and

cats into
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adopt ed Fig. 29%: each santple s eharacierssgdan image of dogn

or cat (training input) and by the label of the category associated to the image (training output), i.e. what
each image truly represents. With an iterative process, the training set is submitted to the learning
algorithm, whichisthusecl i br at ed
cat images (cfFig. 29a).

Phase 2: generalizationThe trained algorithmsinow able to recognize dogs and cats, by associating
tself the | abel
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however different from the dogs and cats involved in the training set. As sh&imn 29a, the trained

algorithm exploits the acquired knowledge to generalizeTlble 23), i.e. it can associate the same
meaning (i.e. the same label) to new inputs which are similar to the training ones. The label associated
to the new inputs is called generalization outputKij. 29a).

R il e R e R T

(b)

Tr. Input

Fig.29: (a) Scheme of the supervised learning model and (b) example of training set for the classification of dogs and cats.

If the submitted training set is not enough representative of the data to be classified, the trained

algorithm will have poor generalization performances. Notably, the training outputs represent a sort of
0 n tedydnd whith enable to directyacheck if themesultlg ¢ a | |
generalization outputs are pertinent or not. Due to this aspect, the supervised learning model is not
strictly plausible from the biological standpoint (absolute truth does not exist in nature)vdipwe
supervised learning is very effective and very suitable for many practical tasks, mainly regarding:

fabsol ut e

1

trut ho,

CsS

as

76

S i

Z e

ear so

shape,

et c.

Classificationi.e. the object categorization based on the recognition of common systematic patterns
or characteristics. Software of image recogmitiypically reposes on this kind of approach. In the
example above (cFig. 29%), dog and cat images can be classified according to different systemati
characteristi



9 Prediction i.e. the approximation of a future event occurring in a known system. For instance,
predictive maintenance software empgxhis kind of approach: a given system (as an industrial
machine) is contiually monitored and the responses to future potential issues are elaborated in real
time based on the collected d§i8,84]

The supervised learning model is summarisebaible28.

2.2.1.2. Unsupervised leaming

The unsupervised learning model concerns the identification of hidden patterns or clusters (i.e. data
groupings) in a set of samples, called training Aatluster is defined as a group of training samples
similar to one another. The samples containeal éfuster are thus dissimilar to the samples contained
in other clusters. Contrary to supervised learning, the training set now consists of only unlabelled input
data (without the corresponding output). As showrfrion 30a, the learning algorithm analyses the
training inputs and groups them into different clusters which depend on the adopted clustering features,
afterwards denoted as C[E§,50,82,84]

(2) (b)

Training set
Images of dogs and cats

— o®

Training set ° ® e
5 o e ® ® ®

Training °, o ©

Input F1 ° o @ ©
) ®
1 o 2. o
e e
L]

Analysis .
/ ° A
C -D CF =feature 1 CF = feature 2
Hair length Predominant hair colour
1 /”—’:‘\ Brown .. . ° °®
1% 8% e -~ AR R -
Output le ® o PSR I °\.. PR )
. /7@
Identified clusters Long ~»_ e, ° /7 \ ° \m ¢ :f
based on the adopted FlI /’. o’ Fig Y .'\{ o’
lustering feat b s Short \ e g ~--
clustering features of B2 e s o P2y e g Black
( ot /.’ g \.s ./’

Fig.30: (a) Scheme of the unparvised learning model; (b) representation of the training set (dog and cat imagE#j.cf.
29%) in an ndimensional space (upper part) and clusteraighe training samples according to the adopted CFs (lower
part).

Let us resume the example illustrated in seci@nl.1to better illustrate the unsupervised learning
model and the concept of clustering feature (CF). The considered training set corresponds to the
unlabelled images of dogs and cats (only thieitrg inputs, cfFig. 29b). As shownmn Table27, let us
descrbe the training samples basedrodifferent features, abstracted from the subjects of the studied
images (cfFig. 29). Each sample is thus expressgdreans of different words, which represent the
values of the abstracted features.
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Table27: Description of the training samples (Efg.29) based on abstracted features.

Feature 1 Feature 2 e Feature n
. Predominant hair .
Sample # Hair length colour e
Samplel short black é é
Sample? short white é é
é é é é é
SampleN long brown é é

Table27 provides an abstract representation of the training set: each feature can be isolated from
the other ones and considered as a speuifitysis object, emulating the abstraction ability of the brain
(cf. Table23). Moreover, as shown ifig. 30b, the training set can be now represented as an ensemble
of pointsinarmi mensi onal space, where the di mensi onal
abstracted features. The learning algot hm tri es to group the traini
identifying) the similarities between their features. The two clustering examples propdsgd3eb
are characterised by two different CFs (feature 1 and featureTalié27), i.e. the features by which
the samples are grouped. Notably, the CF correspont 0 t he fAspeci fic anal ysi
of abstraction (cfTable23). In these cases, the similarity of the clustered samples is batdezwords
used in the description of the adopted CFs: for

feature 1 is equal to fAishorto, while the cluster

Abl acko. De p e n d iFg) the sanme trairting samples gan ke alustered in different ways
leading to different interpretations of the training set. Contrary to supervised learning, there is no
Afabsolute trutho (training output) geheoal itisthuect | vy
preferred to verify qoosteriori if the generated clusters are representative of the chosen clustering
features. Due to this aspect, the unsupervised learning is considered more biologically plausible than
supervised learning. The ptaal uses of the unsupervised learning model mainly regard:

9 Data organization and interpretatid®eliminary data clustering can be very effective to organize
and better visualize data structure, before processing them by means of other methods.

1 Anomaly detectionas in the fraud detection systems, for instance. An anomaly can be generally
considered as a sample of the analysed training set which does not belong to anyone of the identified
clusters. The concept of anomaly can be better undensfittothe help ofFig. 31 can you identify
the fnanomal ous cato? At first gl ance, we woul
because ouattention is immediately captured by the colour difference. However, if we are

interested in the direction of catsod | ook, t he

In accordance withFig. 30, anomaly identification thus strongly depends on the adopted CFs.

- gy

Fig.31: Example of anomaly detection.

The unsupervised learning model is summariséihlne28.
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2.2.1.3. Reinforcement learning

The base idea of this model is to emulate a real time learning process conducted by trial and error,
which is very similar to thevay a baby learngs0]. The typical scheme of reinforcement learning is
reported inFig. 32 wherehe | earning algorithm is Ai mpersonat
environment by attempts. At each attempt, the agent tries an action and immediately receives feedback
from the environment. The feedback indicates whether the made action was riglungr amd it
consists of a Arewardo otha &pent bmknbw| edbechbf
(cf. Fig. 32). At the beginning, the agent has no knowledge of the environment, and he will thus receive
many negative feedbacks for the first tried actions. However, after several attempts, the agent will
gradually i mprove hi msel f  akelnly good decisions: @irnilarlg tpd i t s
supervised learning (cFig. 29a), actions and feedbacks can be respectively considered as training
inputs and oyduts (cf.Fig. 32). On the other hand, while in supervised learning the training set is entirely
known from the beginningF{g. 29), in reinforcement learning the training inputs (actions) are
generated in real time at each attempt, based on the training inputs (feedbacks) received in the previous
attenpts[47,50,83]

Agent
Fged_b_ack <{E{eward (positive) or g&c’.ti(.)n
ramming . . raining
output) Punishment (negative) input)

Very common uses of reinforcement learning mainly regard:

1 Robotics where it is typiclly employed to teach machine different actions based on the surrounding
environment. Many applications also involve automatic pilot devices for cars and ff0hes

1 Adaptive online learningwhere theknowledge of already trained systems continues to improve
during their operation. This approach has been recently applied to videogame Als, whose knowledge
gradually adapts to the playerbts alBB8] ty, in o

Environment <—I

Fig.32 Scheme of the reinforcement learning model.

Let us see an example of reinforcement learning: let us imagine teaching a robot (agent) to walk,
going as far as possible without damaging itself. The robot sees the environment through a camera. At
each step (action), it receivesdges about its position and a feedback about its integrity, and it thus
decides to make a new step (new action). The robot will encounter many obstacles du ring the walk. By
crashing against obstacles, it will gradually learn to avoid them to continuecinty.@At the beginning,
the robot knows nothing, and has no danger instinct. If it walks on a cliff edge, it will need to fall off
the cliff to learn it took a bad decision: too late, because it will be already destroyed. This can represent
a big drawbackegarding reinforcement learning. Indeed, it is preferred to preliminary train the agent
on the basic environment laws by simulations, before passing to the real envirphre®i83] The
reinforcement learning model is summarised atle28.
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2.2.1.4. Summary and final considerations

The presented ML models are summarised@able 28, reporting their base principles and main
application tasks.

Table28: Summary of the ML models: base principles and main applicatsis.

ML model Base principles Main application tasks
Emulation of the humal
generalization ability, involving twq
phases (cfFig. 2%).

Phase 1: training Calibration of the
learning algorithm on the training s
(i.e. the ensemble of knowledge to
_ | learnt by the machine), to acquire {
Supervised learning generalization ability.

Phase 2:generalization Exploiting T Prediction approximation of

the acquired knowledge to generali Luture eve?ts occurring d'mt'
(cf. Table23). nown system (e.g. predictiy

maintenance).

1 Classification  categorization
based on the recognition
common systematic patterns
characteristics (e.g. imag
recognition).

Warning: The training set must b
sufficiently representative of th
generalization database.
Identification of clusters in a datag
(training set).

Definition of cluster Group of
training samples similar to on
another. The samples contained i " - ; ,

L interpretation  clustering  to
cluster are thus dissimilar to t

_ samples contained ither clusters. preliminary organize and bett
Unsupervised visualize data structure.

learning The identified clusters depend on t
adopted clustering features (CFs, | data to ident i
the abstracted features by which { ata to identify anomalig

- according to different CFs (e.
gg;n;%.?gm glzeglare grouped, Bg. fraud detection systems).

9 Data organization an

9 Anomaly detection clustering

Warning: the pertinence of th
identified clusters should be verified
posteriori.

Emulation of a real timeehrning
process conducted by trial and erro

The agent (learning algorithn T Robotics teaching machine
explores the environment by attemy ~ different actions based on tt
Tried actions involve feedbacks fro| ~surrounding environment (e.

Reinforcement the environment (rewards ( autopilot devices).

learning punishment, cfFig. 32), which enable q Adaptive _ online learning
agent to reinforce his knowledge Improving  (adapting)  the
order to take only good decisions. knowledge already traine

Warning: preliminary training by Systems (e.g. videogame Als).
simulation is suggested befo
passing to the real environment.

According toTable28, these ML models represent the base for emulating many human cognitive
abilities. As seen in sectidh2.1.1and2.2.1.2 the characteristics of the supervised and unsupervised
learning models make them very suitable to emulate the KCAs of generalization and abstraction, i.e.
those involved in the first step of the conceptualgfeprocedure (cfFig. 28). According to section
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2.1.2.3 these are the machine learning models on which the methodology of the current demonstrator
is based.

2.2.2. The implemented supervised learniAgased method:

artificial neural networks (ANNS)

The two mainly used types of supervised learning algorithms are theiartiieural networks
(ANNs) and the random forest (R47,50,8689]. The first type washosenin this thesis.The
implemented ANNwill be employed for classification tasks, emulating the generalization ability of the
human brain (cfTable28). In this section, we want to describew data are processed in ANNs and
how calibration (training, cfFig. 29a) is conducted, highlighting the influence of the main parameters.
The currentsection is organized as followk section2.2.2.1 ANNs and RF are introduced and
compared, and the motivations for the choice of ANNs are provided. In s2@i@r? the adopted type
of ANN is presented and discussed in detail. The procedure to train ANN is introduced and presented
in section2.2.2.3 Some mathematical parameters regarding the training procedure are briefly discussed
in section2.2.2.4 The fundamental guide principles to improve training efficacy are provided in section
2.2.2.5 The mplemented ANN is finally presented and tested in sei@®.6 The experts of
supervised learning am&NNs can directly skipo section?2.2.2.6

2.2.2.1. Introduction and comparison of Artificial Neural Networks
(ANNs) and Random Forest (RF)

As reported in47,50,86 89], two different ML methods (or algorithms d&fable26) are mainly
used to perform classification and prediction tasksT@hle 28): artificial neural network (ANN) and
random forest (RF), respectively representelign 33a andrig. 33b.

3 neurons

(a) (b)

Input Input
Layer | DT 1 DT 2 DT n
2 neurons
Layer 2 ;gﬂ}.\m ﬁ;—“ﬁ

| |

Output | Output 2 wee Output n

|
Average

|

Output

UOT)OAIIP UOTJBULIOT U]

Layer n
I neuron

Output

Fig.33: (a) Representation of an artificial neural network (ANN) and (b) representation of a random forest (RF).

ANN and RF are based on different ideas. An ANN is inspired to biological neural systems and
consists of multiple connected and interdependent artificial neurons, which are typically organized in
different layers (cf.Fig. 33a). Input information is processed layer by layer by all neurons
simultaneously, and the final classification (or prediction) output is provided by the neurons in the last
layer. Instead, a RF is an ensemble of independent decision trees (DTs), eacthamaliffierent
structure[90]. As shown inFig. 33b, each DT in the RF elaborates the input information and provide
its own classification (or prediction) output. Therefore, the RF final output is the average of all the
outputs given by the single DTs. The ANRF comparison proposed Trable29 helps to understand
which method is more suitable to our purposes. Accordif@aid39], the comparison is based on three
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main criteria, and the characteristics highlighted in green indicate which method is better regarding a
given criterion.
Table29: Comparison ANIRKfor green colour se&xt description)50,86;89,91¢93].

Comparison criterion ANN RF
Numerical,text (natural
language)audio and image

Type of processable data Numerical

Robustness of the method

dispersed training data (influen
on the accuracy of the traing
algorithm)
ATuni ng par an
hyperparameters, influence on § Many and less usdriendly Few and more usdriendly
accuracy of therained algorithm)

High Low

The first criterion suggests that ANNs can be used to process any type of data, including natural
language, whose processing is one of the main PAAsST&ile 18), while RF based methods are
typically limited to process numerical data. The robustness (second criteribablef29) measures the
attitude of ML methods to not be influenced by dispersed (anomalously distributed) training data sets,
which is often the case of natural language processing. Ba48@i@&®9], this characteristic influences
the acuracy of the trained algorithm. As indicatedlable29, ANNSs are less influenced by dispersed
data than RFs. The third comparison criterion regahde t nu mb e r and the entit
parameterso (often referred to as hyperparameter
to regulate the training phase, and tisbpuldbe setup and tuned during the training phase Fig.
2%) to ensure results relevancy and improve the accuracy of the used ML ®dfhdageneral, he
hyperparametergvolve the algorithm architecture, as the number of neurons and layers for ANNs and
the number of DTs for RFand other differentnathematicaparametersAs indicated irTable29, RF
has fewer hyperparameters, which are also morefrisedly than ANN[86i 89]. In summary, ANNs
can be emlpyed in more cases, including language processing (PAA3able 18), and are more
robust to dispersed training data, even if their use generally requires a dedypénat RFs. Otherwise,
RFs are more interesting for fast numerical applications where a deep knowledge of machine learning
is not required. Regarding ANNs, many indications to help users safiifyperparameters are
however provided in literatur®0,91' 93]. For these reasons, ANNspresenthe supervised learning
method implemented in this work.

2.2.2.2. Adopted type of ANN and inform@on processing in
neurons

Based orfig. 333, the type of ANN adopted in this work is showiirig. 34, and it is characterised
by three layers: input layer, hidden layer and output layer. Neurons are denoted with a letter, which
indicatesthergse ct i ve | ayer, and a number. For exampl e,
Afih306 is the third neuron of the hiddenFid3yer, an
The numbers of input and output neurons depend on the dataset to be processed (i.e. on the studied
problem), while the number of hidden neurons is an hyperparamet@rafidé 29) and it should be
selected by attempts during the training pHaee91i 93]. The chosen ANN model also involves two
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additional fAspeafnedronmedr das ot e dig.B4). bdachidyeay, eaclc f .
neuron is connected to all the neurons of the following layer by means of artificial synapses. Each
artificial synapse is identified by a weight, de
inspired to the adjustability ohé biological chemical synapses. As reportetdidhlel9, this property

is the base of the learning process in biological neural systems, and it consists of varyiragtities

and the nature of the neurotransmitters released across the synaptic clétisZ4ih). In a similar way,

the ANN learning process is based on the calibn (adjustment) of the synaptic weights during the

training phase (cfFig. 29%). In mathematical terms, the synaptic weights thus represent tkeensyst
unknowns. Regarding the annotations uselign34, the superscript dhe synaptic weightmdicates

the connected layers, while the subscript iatis the numbers of the connected neurons. For example,
thesynaps& connects the neuronsx fid dmn eantds fithiBe , n @ threo re

Afo206, andxtbensegaotps B h3obiasneuran(bf.dig.B4L specti ve

Legend
* Names
i input
b h hidden
0 output
Artificial b bias
S)mc'zpses W WElght
(eights) * Math. functions
/7 Identity
Hidden X Weighted sum
layer Sig Sigmoid
b Sof Softmax
Artificial
synapses
(weights)

J' Outputs l'
Fig.34: Type of ANN adopted in the current work.

Each artificial neuron represents an elementary processing umte wceived information is
elaborated by means of different mathematical functions and then provided to the neurons of the
following layer. The mathematical functions contained in the neurons are repoiigd34 according
to [50]. Their role can be better understood by illustrating in detail how information is processed layer
by layer, assuming th&NN as already trained (the synaptic weights are calibrated). For each layer, let

8l'n this context, the ter m if[bd.dewisincconnestobetiveem biammat he
neurons and memory biases (E&ble22 andTable25).
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us adopt Ax060 to indicate the input of the gener

neuron.

Input layer. The role of input neurons is to introduce the input data provided by user into the ANN. As
shown inFig. 34, each input neuron is characterised by tleaiity function (y = x), which means the
neuron output y, i.e. the information passed forward to the hidden layer, is equal to the neuron input x,
i.e. the information provided by user (x).

Hidden layer. Let us see how information is processed by hiddamrans. InFig. 35a, the neuron hl

is considered. Information processing involves two steps, characterised by two different functions: sum
and sigmoid (€ Fig. 34). As shown inFig. 35a, the first stepconcerns the accumulation of the
information incoming from the input neurons by means of a weighted sum, generating the accumulated
signald@. This operation is inspired to the accumulation of input signals in a unique nucleus potential
which occurs in diological neuron (cf. sectioa11.1), as indicated iifrig. 35b.

(2) (b)

) from il from i2 Sfromb | __
Neuron inputs X1 Xy 1 S SN 1 Inputs

ih ih bh

1. Accumulation
Weighted sum

Input
accumulation

Nucleus
activation
2. Activation g
Sigmoid (““threshold” 3
M —
function) =
=
=
oD
2
v

Neuron output

to ol to o2

Fig.35: (a) Information processing in the artificial neuron h1Kid.34); (b) analogy with biological neuron (Efg.24a).

As shown inFig. 35a, the second step involves the neuron activation and consists of passing the
accumulated sign@ into the sigmoid functioto generate the neuron output y, which is limited in the
range betwen 0 (inhibiting) and 1 (stimulating). AccordingRig. 35b, the base idea of using sigmoid
function is to emulate the nucleus of a biological neuvamich activates if the accumulated signal
exceeds a specific threshold potential (cf. secBidnl.). The same operations of accumulation and
activation are perfored in the neurons h2 and h3. The outputs generated by the hidden neurons are then
passed forward to the output layer (€iy. 35a).

Output layer. As the hidden neurons, also output neurons involve the two sequential steps of
accumulation and activation (d¢fig. 35a). The accumulated sign&sand@d are first generated in the
output neurons 0l and 02 by means of the weighted sum, in the sameFig88a The activation of
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the output newons is thus represited inFig. 36, where the softmax functias used to generate the
ANN outputsU andU . As shown inFig. 36, the softmax is a normalized exponential function and it
represents a generalization of the Sigmoid fundormultiple dimensionsThe reason for using the
sigmoid function in the outputyar is explained as follows.

ol 02
from accumulation from accumulation
Accumulated ' /
. X1 . Xo
signals
1 ......'~;:“.I 1
X’ -t .* X’
Activation vy = et y = ez
1 — ! 2 = !
2 X 2
Softmax YZ_, eXk y2_ ek
ANN outputs V1 Y2

Fig.36: Activation of the output neurons ol and o2 (€fg.34).

Three different examples of fsimax calculation are proposed Trable 30 for neurons 0l and 02, to
better understand what kind of result is provided by this function. For the rows 01 andl@dig30),

the values ofd are chosen arbitrarily and the values of y (neuron outputs) are calculated with the
equations reported fRig. 36, while the row 01+02cf. Table30) provides the sum & and y values.

Table30: Examples of softmax calculation.

Example 1 Example 2 Example 3
Neuron o o i oH 0 O 1T H 0 6 "IT
ol 3 0.73 -1 a o -4 0.95
02 2 0.26 5 a 1 -7 0.05
0l+02 5 1 4 1 -13 1

As shown inTable 30, the single neuron outputs (y) are limited in the range [0;1], and their sum is
always equal to 1 (this is true even with more than two output neurons). For these, teasouput of
softmax function can be seen as a probability distribution in percentage, and it is thus very suitable for
multiclass classification probleni@4], as inour case.

The two similitude aspects identified in this section between ANN and biological neural systems
are reported iTable31, while the role oftte mathematical functions used in the adopted type of ANN
(cf. Table30) is summarised ifable32

Table31: Similitude aspects between ANN and biological neural sysfefiriSig.35andFig.36) [47,50]

Aspect Biological neural system ANN

Calibration &djustment) of the
synaptic weights(w, cf. Fig. 34)
during the training phase

1. Accumulation of the neuron
1. Accumulationof input signals in inputs into the signa@d (cf. Fig.
a unigue nucleus potential 353a)

2. Activation of the neuror 2. Activation of the neuror
generating an electrical outp| generating the output y (hidden a|
impulse (cf. sectio2.1.1.) output neurons, cfFig. 35a and
Fig. 36)

Adjustment of the chemical
synapsescf. Table19)

Learning process

Two-step  information
processing in neurons
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Table32: Role of the mathematical functions used in the ANNFid.34).

Layer Step Used function Role
. Introducing the input data provided |
Input Identity user into the ANN
Accumulating (collecting) th¢
1. Accumulation | Weighted sum information incoming from the inpy
neurons
Hidden Generating a neuron output limitg
L : , between 0 (inhibiting) and
2. Activation Sigmoid (stimulating), similarly to the threshol
potential of biological neurons.
Accumulating (collecting) th¢
1. Accumulation | Weighted sum information incoming from the hidde
Output neurons
2 Activation Softmax P_rov_ldm_g a multiclass  probabilit
distribution in percentage [%)]

2.2.2.3. ANN training: introduction and procedure flowchart

The overall knowledge stored in our memory is encoded in the synaptic traces formed and adjusted
during the processes #hearsal (cfTable21). Similarly, the knowlede of an ANN is encoded in the
synaptic weights calibrated during the training phaseTahle 31). Based orFig. 29, this phase
notably consists of minimizing the error between the ANN outputs and the desired (target) outputs, i.e.
the outputs of the samples contained in the training sdti¢cf29), by adjusting the synaptic weights
[50]. The following example will help to better illustrate the training ph@ike.training set reported in
Table33is assumed as example to illustrate the training phase, and it is corhpd€iitrainingnput
andthe 100 corresponding training outpyts. Fig. 29b). The idea is to teach the ANN kig. 34 to
classify XY coordinates according to the four quadrants of the Cartesian plane. It is important to remark
that the number of inputs for each training samples corresponds to the numpat péirrons (i.e. two,
cf. Fig. 34), and that the number of outputs for each training sample is equal to the number of output
neurons (i.e. two, ckig. 34). X and Y values are assumed limited in the rang@d;100]. Moreover,
based orTable 32, training outputs are in form of probability arrays: for instance, sample 1 has 0%
probability (¢ = 0) to belong to the first or to the third quadrant (I | lll, Table 33), and 100 %
probability (& = 1) to belong to the second or to the fourth quadrant (Il | IVI;atile33).

Table33: Training seassumedas exampleo illustrate the training phaseclassification of the XY coordinates according to
the four quadrants of the Cartesian plan.

Training input Training output
Coordinates Probability
# Sample X Y L] (t) ]IV (t2)
1 +30 -67 0 1
2 +58 +39 1 0
é é é é
100 -42 -84 1 0

The flowchart of theiterative training procedure is schematized-ig. 37a. Before starting the
procedure, all synaptic weights (fix Fx Fx , cf. Fig. 34) are initialized with random real
numbers, as suggested[f0]. After starting the procedure, the training samples are presented to the
ANN one by one. For each sample, two main steps can be distieguia forward step and a backward
step.
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(a)

Initialize w
)
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] y

Sample 2

Sarn;ﬂe n

Sample 100
}
Calculate epoch error

\

Eep = f(EL; E2; E®;..)

N

1. Forward step
Generate ANN outputs (y)

Calculate error between ANN
outputs and training outputs (t)
2 E" =f(y,t)

2. Backward step
Calculate weights’ corrections
Aw = f(E™)

Apply corrections to the synaptic
weights =2 w = w + Aw

‘

—e If Eep < Etarget
* ¢lse

)
End

Fig.37: (a) Flowchart of the iterative training procedure; (b) forward step of the sample Tgafe33).

Let us describe these steps.

Forward step. As reported irFig. 373, the A" training sample is first passed into the ANN. The sample
error% is thus calculatedith Eq. (7) (cf. [50]), as function of the generated ANN outputs (y) and of

(b)
Sample 1
Y

-67

ANN outputs {0_57Y1

Training outpiits { 0 t

Sample Error { E1=0.32

the training outputs {and &, cf. Table33), i.e. the target outputs.

The forward step of the sample d.(Table33) is represented iRig. 37b. According to the response
provided by the ANN, sampleHas a 57% probabilit}t{ 1@ ) to belong to the first or to the third
quadrant (I | llicf. Table33), and a 43% probabilittf 1@ ¢to belong tdhe second or to the fourth
quadrant (Il | IVcf. Table33). This leads to the sample erfér
be moreover remarked that the suntyoindU is equal to 1, in accordance witlable30.

6 corr ecty (of.rFig. 370) .58 e
popular computational procedure used to perform this step is calleghimgugation algorithm (BPA)
[50,95,96] Since the BPA is a well consolidated and accessible method, we will only provide some base
passages to help understanding its functioning, without presenting the complete meahprmatdure
implemented, which is however well documenteds@]. For instance, let us focus on the synaptic

, connecting the neurons hl and ol Fif. 34). Let us calculate the correction associated

, by resuming the training procedure from the calculation of the sample2&rior

is expressed by the gradient of the sample éfravith

Backward step

weight x

to x

Fig. 37b. According to the BPA methodlx

respect toc , as reported ikq. (8):

,i.e.yx

Synaptic

%E O U
C

wei ght s

o o
Yx
Tx

8

()

T ¢ calculated with g. (7). It can

(8)

ar

e

(



where the operator A0O0 i n d50]ctetgradentinthe seponadrterm of | der

Eg. (8) can be decomposed into three components by meahe détivative chain ruleBy focusing
on the neuroml, Fig. 38a shows the process of backward chain derivation, Wwhgde38b reports the
expression of the three gradient components, which correspond to the partial derivakessaimple
error(cf. Eq.(7)), of the softmax function (cFig. 36), and of the weighted sum (¢fig. 35a).

(b)
1
1) Derivate of the sample error
gE! 4 [1 i(t )2
=315 k — Yk
dy; 0yq\ 2 e
2) Derivate of the softmax
dy, 0 ( e )
I T 3 | =2 o
Backward 0x;  0X3\32_ e*x
chain . .
derivation 3) Derivate of the weighted sum
0x} 9]
aEl 1 1 = Z ho + bo . 1
1) — [‘? 1 | Sample awle  awh k_lwkl M
aY1 Error

Fig.38: (a) Backward chain derivation in the neuron o01K.34) according to the BPAb) expressions of the gradient
components (cf. Eq7) , Fig.36 andFig.35a).

All the variables contained in the equation$-if. 38b are known from the forward step (Eig. 37b).
Consequently, all the three gradient components can be easily calculated, and thus replad@l in Eq.
to obtainYx . The corrections associated to the synaptic wepghtgcf. Fig. 34) are calculated in a
similar way. In this case, the gradient componeniéxof corrections will be expressed as function of
the accumulated signal®) and outputs (y) generated in the hidden nedPoAs reported irFig. 373,
the calculated corrections are finally applied to the synaptic weights, and the training procedure
continues with the sample 2.

Forward and backward steps are performed for each trainimgeaOnce all the 100 samples have
been treated, the first iteration (epoch 1Fd. 37a) is completed. As shown g. 37a, an epoch error
% is thus calculated to measure the efficiency of the training process, i.e. the classification accuracy
achieved by the trained ANN. Typicall¥ is calculated as the average error, the root mean square
error or the maximum of the sample errors calculated during the just past epoch. However, in our case,
t he ANN outputs can be more easily intergpreted
probability distribution. According tf50], the output of the ANN is considered right if the maximum y
(betweery; andy;, cf. Fig. 37b) corresponds to the training outgtitor t,, cf. Fig. 37b) which is equal

9 Mathematical demonstrations and examples are reported at:
1 https://tutorial.math.lamar.edu/classes/calci/chainrule.aspx
1 https://en.wikipedia.org/wiki/Chain_rule

10 A stepby-step backpropagation example which illustrates in detail the calculatiod>of is reported at
https://mattmazucom/2015/03/17 fstepby-stepbackpropagatioexample/
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to 1. Otherwise, the output of the ANN is considered wrong. For example, the response provided by
the ANN inFig. 37b is wrong, since the maximum y. €y 0.57) does not correspond i&tl. The epoch
error% is thus calculated with E¢9):

% p —h ©)
where. is the number of right responses provided by the ANN during the just past epoch, iand
the number of training samples in the training set. The I&werthe more accurate the trained ANN.
After calculating% , the latter is finally compared taarget errofo set by the user (cFig. 37a).

If % % a new epoch is started. Otherwise, the training processlargimneral, the decreasing
of % epoch after epoch indicates that the training process is well performing (Addhifidation
accuracy is increasing).

2.2.2.4. ANN training: brief discussion on mathematical
hyperparameters
In section2.2.2.3 the training process of an ANN has beerspnted with the help ¢fig. 37a. For
brevity, some aspects regarding tadculationo f wei ght s 6 c Big 37&8with theoBPA ( sw,
(cf. Eq. (8)) have been@!l unt ari ly omitted. Not abl vy, this op
hyperparameters (ct.able29), called learning raté dapd momentunf ¢ ) , avelbdthdefined in
the range [0;1]According td50,95,96] Eq.(8) can be rewritteinto Eq.(10) for the i training sample:

y L .
Yx z s% t¥yx z ph (10)

where U indicates the actual epoch, @nky the s
means of the derivative chain rule (Efg. 38). Based oriq. (10), the role of learning ratef()is to

reduce the entity of the sample error gradient-f-€), while the role of momentung (js to weight the

correction of the actual epoch (i¥x z ) on the correction calculated in the previous epoch (i.e.

Yx z p). In both cases, the main purpose is to slow down the learning process, to avoid the ANN

from forgetting (losing) the knowledge acrpd in the previous epochs and to prevent the learning
algorithm from being trapped in local minimeherolesand the purposes of these hyperparameters are
summarised iMmable 34 according td50,97] Ty pi cal | vy, the values of d al
different training tests. In this work, these hyperparameters will hgosattthe beginning of the training

phase, based on sormglications reported in literature (460,91 93,97) and on priorly conducted

training tests (which are not presented here for brevity).

11 This assures that all the other neuron outputs are lower, since the sum of all y outputs is always equal to 1 (cf.
Table30andFig. 37b).
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Table34: Roles and purposes of learning rate and momenf5@97]

chain rule (cf. Eq(8))

ANN math.
hyperparameter Role Purposes
Reduce the entity of the sami gjow down the learning procefs:
Learning |erorgradient£— cf. Eq.(10) | f Avoiding the  knowledgg

calculated with the derivativ|

acquired in the previous epoc
to be forgotten (lost) by th

Mo me nt u m | correction

Eq.(10)

Weight the correction of the actu
epoch ¥x z , cf. Eq.(10)) on the| T
calculated
previous epochdx z p, cf.

ANN.

Preventing the learnin
algorithm (cf. Fig. 37a) from
being trapped in local minim
during the training phase.

in th

We also believahata more detailed mathematical explanation of these hyperparameters is not
mandatory for the comprehension of ANN functioning in the context of this work. We thus address the

reader to some literature contributions for their exhaustive disctisgEa@n100],

2.2.2.5. ANN training fundamental guide principles

The fundamental guide principles to improve the efficiency of the training process are provided in
Table 35 according t0[47,50,96] The potential risks in not following the guide principles are also

reported.

Table35: Fundamental guide principles to train an AMN,50,96]

Guide principle

Potential risk if not followed

1. Use a high number of training samples
thousand of sample at least is typicg
suggested).

The number of samples is not sufficient to all
the ANN acquires the generalization ability. T
ANN could merely memorize the trainir
samples (overfitting), obtaining a low
classification accuracy.

2. All the used training samples must be differ
from each other.

The ANN knowledge is biased towards {
repeated samples.

3. Mix the order of the training samples at eg
epoch.

The ANN merely nemorizes the order of th
training samples (overfitting), without acquirix
the generalization ability (low classificatig
accuracy).

4. At the end of each epoctest the ANN with g
validation set different from the training s
validation samples areonh directly used tq
calibrate the synaptic weights with the BPA,
they are used to test the generalization ab
acquired by the ANN during the training proce

Epoch errors to be calculated:
% C epoch error due to training samples

% C epocherror due to validation samples

During the training phase, it is more difficult
check whether the ANN is effectively acquiri
generalization ability (classification accuracy
increasing) or it is merely memorizing t
training samples (overfitting).

12 Some useful graphic explanations for setiipglearning rate and momentum are reported at:
1 https://cnl.salk.edu/~schraudo/teach/NNcourse/momrate.html

1 https://www.jeremyjordan.me/Alearningratel

1 https://towardsdatascience.com/stochagtadientdescenivith-momenturra84097641a5d
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Based ornrable35, the mere memorization of the training samples (implying a poor classification
accuracy of the ANN) is one of the most probable negative effect if the given guide principles are not
observedAs argued irf47,50] the phenomenon of sample memaorization is called overfiffimg first
guide principle represents one of the main weaknesses of ANNs. Indeed, training data are not always
readily available and their number is often limited, mostly for engineering afptisavhere training
samples derive from experimental data. In the following chapter, we will use a clever method to solve
this problem and generate thousands of different training samples. Based on the fourth guide principles,
validation samples are oftersed to test the generalization ability of the implemented ANN during the
training phase. Contrary to training sampl es,
calibration process with the BPA (&q. (8) andFig. 38). According toTable35, the ANN classification
accuracy is thus measured by calculating two different epoch errors at the end of eactoepdcie:
to training samples, artd , due tovalidation samples. This aspect will be further clarified in section
2.2.2.6

2.2.2.6. Presentation and testing of the implemented ANN

Based on the theory presented in sect22.2 2.2.2.3and2.2.2.4 a versatile model of ANN
integrating the classical BPA (¢85,96) has been implemented in MATLARBS]. The setup interface
of our ANN is entirely handled by means of the tiaxcel tables shown ifig. 39, which make the
parameter initialization very intuitive and origin@ihe data contained in the green cells can be modified
by the user.

Interface 1: Configuration of the ANN

Layer Number of neurons | Learning Rate | Momentum

hidden 10 0.2 0.3
output 0.15 0.3
e N
Acting on Aw'? and AwPP Acting on Aw"° and AwP®

Interface 2: Training settings

# Setting Value
1 |Max. epoch number 200
2 |Training/Validation division [%] 85.00%
3 |Epochinterval to mix training set 1

Fig.39: Interface tables of the implemented ANN.

The first interface table (interface 1, Efg. 39) enables to test different configions of ANN, by
changing theaumber of neurons in the hidden layer and the mathematical hyperparameters which act
on wei ght s 6 Eg @0 ané¢TableB4p Thenuniberfof.neurons in the input layer and in the
output layer is automatically set by the program, bechutpends on the dataset to be processed. The
second interface table (interface 2 Fify. 39) involves three important settings impacting on the training
process:

9 The first setting regards the maximum number of epochs to be performed. When the set number of
epochs is achieved, the training processtopped. At any moment, the training phase can be
restarted from the beginning or from the last epoch achieved.

1 The second setting enables to automatically generate the validation 3eib({ef35, fourth guide
principle)from the training set. For example, the value of 90% reportEdyir39 indicates that the
10% of training samples is randomly selected at the beginning of the training phase, and then used
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as validation set during the training process. Accordigg 0] this setting is typically limited in
the range [70;90]%

1 The third setting regards theah interval to mix the order of the training samples. According to
the third guide principle iffable35, this parameter is almost always set to Iindsg. 39.

The implemented ANN is thus tested in ariginal classification problem regarding image
recognition. The considered training set is represkinFig. 40a and it consists of 900 sampldhe
training inputs are images of 15x20 pixels (white and black) depicting numbers from 0 to 9. These
images were realized by hand with the progRzaimt by sven different people, to assutatall the
designed numbsiare sufficiently different from each other (G&able35, second guide principleJhe
corresponding training outputs are given in form of probability arrays of 10 elements, where the value
1 identifies the 100% probability of being the number depicted in the imagedcfiOa). The idea is
to teach the ANN to recognize the number depicted in the input image, studying the influence of the
number of hidden neuronBour different numbers of hidden neurons will be tested: 5, 10, 20 and 30.
For each ongethree different training tests will be conducted to verify the reproducibility of the
obtainable training results (and thus the robustness of the implengxdiéd), for a total of twelve
training tests. The list of the conducted tests is teddn Table36.

(a) (b)
i Tr.Input : Tr. OQutput B Sample n
1 Images 15x20 1 Probability 1
_____________ i Pixels i Num Target Value Image (300
! 0t 0 ! pixels)
Sample || [Tt 1];  Training] \
| i t 0 ‘:\ input Image array (300 pixels)
| HIEN ¥EE = EEEEEEET
e FEEEERRT -
! b ;l : ;;g?nﬁeih; Encoded array (300 numbers)
Sample 2 ! b7 ts 0 110000 1 1 1 1 1 1 1 e
e 8 b0 <
| ) t 1 r
B R RRREEEE R 10 -------- ; Input layer (300 neurons)
_____________J:_______________E___E______E ______ ___i - Tesledcon_!fs.
i 13 0 ANN — Hidden layer - 5 10
Sample n | P4 s 1 20 30
e s w0 -
_____________ B L L Output layer (10 neurons)
............. ‘ { } u
| o R ANNouput . 034 012" 041% 006" ..
i w0 T
Sample 900 : 2t 0 Tramzngoutput{_" 0% ob 15 ot e
i o : P ¥
: P9ty 0 Sample error{ E" =038

Fig.40: (a)Original taining set &rimage recognition; (b) forward step of the sample n Féf.37b).

13 Synaptic weights are initialized with random rational numberseabéginning of the training phase (Efg.
37a). Therefore, all training tests will start with different synaptic weights. The robustness conditien is t
following: for each tested number of hidden neurons, the three training tests must achieve similar 9alues of

(i.e. a similar accuragyf. Table35).
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Table36: List of the conducted training tests.

Training t est # 1 [ 23] 456 7]8]9]10]11]12
Number of hidden
neurons ° 10 20 30

Each training test involves two distinct steps:

1 Setup, i.e. the initialization of the ANN configuration and of the training settings in the program
interfaces (cfFig. 39) before starting the training phase

1 Training i . e. t h ephaBe (cfRige28a), whichaféllows thegiterative procedure reported
in Fig. 37a.

Each step is described in detail as follows.

Setup. Regarding interface 1, the values of learning rate and momentum are deiga89raccording
to[50,97]and on priorly conducted training tests, while the number of hidden neurons is changed every
three tests (cfTable 36). Reggardinginterface 2, the training settings have been set &gyir89. This

means we will have 810 training samples (90% of the original 900 sampteSp aralidation samples

(10% of 900), the latter randomly selected from the original training sefi¢zf40a). The idea is to

have as many trainingsles as possibiéto allow the ANNto acquirea good classification accuracy,

even if the current amount of training samples (810) is lower than the typically suggested minimum (cf.
Table35, first guide principle).

Training . The training phase follows the iterative procedure report&ibir87a. The forward step of

the ri" training samples is shawin Fig. 40b. Image rows are firstly organized in a pixel array, and then

encoded in a binary numerical array, which can be thus given to the WRite pixels are converted

into 1 and black pixels are converted inta @s done irFig. 37b, ANN outputs (y) and training outputs

(t) are used to caltate the sample erré6 by means of Eq(7). According toFig. 37a, the following
backward step involves the cal cul at(8awFigo3) wei ght
and their application to synaptic weiglhig means of Eq(10). All these operations are repeated for

each training samples until the epoch is concluded. At the end of each epoch, the epoeh earmts

% (cf. Table35, fourth guide principleare respectively calculated wiltg. (11) and Eq.(12), which
are adapted from E¢O).

% p WE]T (13)
% p ‘—8 (12)

In these equations and.  are the numbers of right responses (cf. se@i@R.3and Eq.(9))
provided by the ANN on the training set (810 samples) and on the validation set (90 samples),
respectively. New epochs are thus performed until the maximum number of epochs is dchidfy]

Fig. 39).

1490% is the maximum of the typical range [70;90]% suggested for this training $¢®i60]
15 This is the most classical method to transform black and white images into numerical inputs.
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Let us analyse and discuss the results of the conducted training testbl(eB6). The respective
trends o0 and% arereported inFig. 41, Fig. 42, Fig. 43 andFig. 44, andare all characterised by

several epoch ranges whéte and% remain constar(plateaux) and by sw@én error diminutions.

5 hidden neurons

Eepi Test 1 Eep 1 Test 2 Eep 1 Test 3
0.8 0.8 0.8
0.6 0.6 0.6
04 0.4 Overfitting Retain 0.4 T
risk at ANN at EBP
02 02 epoch 182 epoch 181 0.2 EY,
0 0 0
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
epoch epoch epoch
Fig.41: Trends 0O andO inthe training tests 1, 2 and 3 (5 hidden neurons Teble36).
10 hidden neurons
Eep Test 4 Eep | Test 5 Eep Test 6
— Et
0.8 0.8 0.8 ip
—_— Eep
0.6 0.6 0.6
0.4 0.4 0.4
0.2 0.2 02
0 0 0
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
epoch epoch epoch
Fig.42: Trends 0O andO inthe training tests 4, 5 and 6 (10 hidden neuronsTehle36).
20 hidden neurons
Eep, Test 7 Eep Test 8 Eepi Test 9
— Et
0.8 08 08 ip
Edp
0.6 Overfitting  Retain 0.6 Overfitting | Retain 0.6
risk at ANN at risk at ANN at
epoch 159 epoch 158 epoch 133 epoch 132
0.4 0.4 0.4
0.2 \ 0.2 0.2
0 0 0
0 50 100 150 2 0 50 100 150 200 0 50 100 150 200
epoch epoch epoch
Fig.43: Trends oD andO inthe training tests 7, 8 and 9 (20 hidden neuronsTeble36).
30 hidden neurons
Eep Test 10 Eep Test 11 Eep Test 12
Et
0.8 0.8 08 3p
— Egp
0.6 06 0.6
0.4 0.4 0.4
0.2 02 0.2
0 0 0
0 50 100 150 2 0 50 100 150 200 0 50 100 150 200
epoch epoch epoch

Fig.44: Trends oD andO

in the training tests 10, 11 and 12 (30 hidden neuronsT ahle36).
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In all the conducted test)e greatest decrease%f and% is localised in the first 50 epochs.
Further error diminutions generalbccur up tathe 150" epoch After the 2%-30" epoch, on average,
% tends to decrease more th#n . This occurs when few training samples are used (less than a
thousand, cfTable35), as in tlis case. According tdable 35 (fourth guide principle)the training
samples represent the ensemble of knowledge on which the synaptic weights #yecdilibcated,
while the role of validation samples is to test the generalization ability acquired by the ANN at the end
of eachepochwi t hout parti ci pat ilchDable3f fowmtle guigeprireiple)Foror r ec t i
this reason% s typically considered more reliable th&s for the evaluation of the classification
accuracy achieved by the trained AN#Y,50] Monitoring% is still veryuseful to understand if the
training process is affected by overfitting (€able35). Indeed, theeductionf % and% normally
occur in the sae epoch. However, a potential risk of overfitting exists wkencontinues decreasing
while % remains constant. This trend can be remaf&etests 2, 7 and.8n these cases, the training

process should be stopped, and the trained ANN at the epémfe overfitting should be retained (cf.
Fig. 41 andFig. 43). The values o%6 and% achieved during the training tests are sumseatin

Table37, together with the average valu@s (; ), coefficients of variation (COV) and percentage error
variations ¥% 5 ) calculated foreach tested number of hidden neurons. The red values refer to the
tests potentially affected by overfitting. For these tests, the valds ahd% at the epoch previous

to overfitting (cf.Fig. 41 andFig. 43) are considered. All the other values refer to thé"2@ch (i.e.

the maxmum allowed, cfFig. 39).

Table37: Values 0D and’O achieved in the training tests, and average vali@si( ), variation coefficients (COV) and
percentage error variatiotO j ) for each tested number of hidden neurons.

Training Validation
Number ek | e |
. Test EpOCh Wl Wl 'A'Eﬁ yA,-”'Hj Wl wl oL lA'EI”] yA|I_||«'H~|
nhelﬂ(:g:s # 4 At | Al (%] (%] At | Al (%] (%]
1 200 0.59 0.70
5 2 181 0.59 | 0.60 2 0.66 | 0.69 3
3 200 0.62 0.71
4 200 0.08 0.30
10 5 200 0.11 | 0.14 48 -76 0.31| 0.31 4 -55
6 200 0.24 0.33
7 158 0.10 0.27
20 8 132 0.17 | 0.13 24 -7 0.32 | 0.30 7 -3
9 200 0.11 0.31
10 200 0.07 0.29
30 11 200 0.06 | 0.11 60 -15 0.30 | 0.29 3 -3
12 200 0.21 0.28

Two main considerations can be made accordirigatde 37

1 About the influenceofthehi dden n e ur.Banoth randdo b, anrimportant decrease
of the average errdr76% and-55%, respectively) can be remarked when the number of hidden
neurons is increased from 5 to 10. Much lower error diminutions can moreover be remarked when
the number of hiddeneuronsis further incrased. Consideringoe asa more reliable accuracy
indicator, the obtained resultaggesthat a number of hidden neurons between 10 and 20 is suitable
for the current classification problemvith an achieved accuracy around #6 @ 5 a Q1In3
general, even higher accuracy values can be obtained with ANNs. We however believe the results
obtained in the conducted training tests strongly depend on the number of used training samples
(810), which is lower than the minimum suggestedTable35, first guide principle).
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1 About the robustnessof the implemented ANN Based or# / 6and# / § % values are
generally characterised by a high dispersion, while a much lower dispersion can be remarked for
% . According td47,50] more interest should be however addressétl tosince it represents the

main parameter for the evaluation of the obtained results. Qosisidyg the low values of# / 6
suggesthe training results are reproduciblgaus confirming the robustness thle implemented
ANNZ,

It is finally important to remark that the main target of the proposed tests was not to obtain a super
accurate ANN to be used in the future, but rather to show how training should be conducted, what type
of results are obtained and how they should bepréeed. We believéhatthe discussed aspects are
enough for the comprehension of ANNs and their training process in the context of the current work.

2.2.3. The implemented unsupervised learningpased

method: Kmeans clustering by genetic algorithm (GA)

The implemented unsupervised learnbased method (cTable26) is presented and discussed in
this section. As shown ihable27, any set of samples can be described by means of different features
abstracted from the same samples. Based on the definition of abstracfl@big?3), each feature can
be isolated and used as CF (clustering feature) to cluster the samples in different ways, as done for
example inFig. 30b. In this section, we want to describe the used clustering method and the algorithm
by which it is conducted, highlighting the main parameters and their influence. The current section is
organized as follows. An overview armbmparison of the two principalustering approaches,
partitional and hierarchical, is firstly proposed in secoh3.1 This enables to better introduce the
terminology used in the followingections and to better delimit the adopted clustering method, which
is based on partitional clustering. In secti@®.3.2and 2.2.3.3 the adopted partitional clustering
method, called Kmeans, is introduced and illustrated with an example. The genetic algorithm (GA)
represents the computational procedure by which theeins mihod will be conducted. The base ideas
and the procedure flowchart of the GA are presented in seét®ad4 together with an example. The
main parameters of the Ga#e discussed in secti@?2.3.5 The implemented GA is finally presented
and tested i2.2.3.6 The experts of Kneans clustering and GA can directly skip to se@i@n3.6

2.2.3.1. Overview on the principal clustering approaches: partitional

clustering and hierarchical clustering

According to[101i 103], two principal clustering approaches exist: piaral clustering and
hierarchical clustering. In partitional clustering, the training set is partitioned into various clusters, which
are subsequently evaluated by means of some criteria to verify their pertinentab{ef28). An
example of partitional clustering is reportedrig. 30b, wheretwo different partitioning level§ (i.e.
the two clustering examples) of the same training set can be distinguibledftst partitioning level is

based on feature 1 (hair length, Téble27) and i ncl udes two different cl
Fig. 30b), while the second patrtitioning level is based omufea2 (predominant hair colour,. Gfable
27) and involves three different Fig.[30h)s Thereisno( Awhi t

hierarchy between these partitioning levels, which are independent from one dA@th6R] In

®¥The term fApartitioning levelod (or Apartitioningo) i
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hierarchical clustering, training set elements are combined into clusters, the latter argutitihaned

into smaller clusters and so on, creating a hierarchy of partitioning levels. This approach can be
considered as an extension of partitioning clustering. Two examples of hierarchical clustering are
reported inFig. 45, where the same training set and clustering featur€sga80b are assued (cf.
Table27).

Short
white

White

Fig.45: Based on the example Fig.30b: (a) hierarchical clustering according to feature 1 (hair lengti,atfle27) and

feature 2 (predomiant hair colour, cfTable27); (b) hierarchical clustering according to feature 2 and feature 1.

Contrary to partitional clustering, the partiting levels are now dependent from one another. In
Fig. 45a, the first partitioning level is based on feature 1 (hair lengtiatfle 27), and the second
partitioning level is based on feature 2 (predominant hair coloufable27). Vice versa irFig. 45b.
The same clusters are obtained in the last partitioning levels. The order of the partitioningslevels i
arbitrarily decided by user. In both cases, the similarity between the elements of each cluster increases
from the left side to the right side of the hierarchical structuresF{gf.45). As for partitioning
clustering, the pertinence of the identified clusters must be evaluated a poft&datD3] The two
principal clustering approaches are summarised and comparad|ad8.
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