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1. Int�oduct�on 
 
In the Expe��ence-ba�ed Computat�on: Lea�n�ng to Opt�m��e (ECOLE) p�o�ect, we �e�ea�ch novel 
method� and �ma�t computat�onal model� fo� captu��ng the not�on of expe��ence embedded �n 
(eng�nee��ng) data, wh�ch a�e collected ove� the cou��e of opt�m�zat�on �un�, and explo�t�ng �a�d 
expe��ence �n ��m�la�, yet mo�e challeng�ng, opt�m�zat�on ta�k� (F�gu�e 1). Ou� v���on of 
expe��ence �� analogou� to an eng�nee� who al�o lea�n� and t�an�fe�� he�/h�� knowledge f�om 
p�ev�ou� p�ofe���onal ta�k� to new and d�ffe�ent type� of appl�cat�on�. In automot�ve p�oduct 
de��gn, th�� expe��ence �� u�ually �ha�ed between human� develop�ng model� of d�ffe�ent type 
(�edan, conve�t�ble etc.) to handle eff�c�ently the �e�u��ed c��te��a f�om d�ffe�ent eng�nee��ng 
doma�n� a� well a� ove� the cou��e of ca� model change� (m�no�/ma�o� model change) to apply 
ex��t�ng knowledge f�om the pa�t. 
 

 
F �gu�e 1– V���on fo� expe��ence-ba�ed mult�-c��te��a opt�m�zat�on �n the automot�ve doma�n 

In (o�k Package 1 ((P1) of the ECOLE p�o�ect, we focu� on the �e�ea�ch on expe��ence-gu�ded 
opt�m�zat�on �n automot�ve p�oduct de��gn, l�nk�ng �c�ent�f�c �ue�t�on� to �ndu�t��al p�oblem� and 
add�ng a p�act�cal pe��pect�ve to the �e�ea�ch ta�k�. The ut�l�zat�on of expe��ence �n opt�m�zat�on 
p�oblem� comp���e� a va��ety of advantage�. Th�nk�ng of the con�tantly �nc�ea��ng complex�ty 
du��ng p�oduct de��gn and of f�nal p�oduct�, expe��ence allow� the u�e� to a��e�� mo�e accu�ate 
�y�tem �e�pon�e� by advanced ��mulat�on �et-up�, e.g. ba�ed on �mp�oved featu�e �elect�on�. Th�� 
lead� to �mp�oved dec���on-mak�ng p�oce��e� and to an eff�c�ent �ampl�ng among what-�f 
�cena��o�. In add�t�on, computat�onal expe��ence-ba�ed model� enable the human u�e� to wo�k on 
mult�-c��te��a opt�m�zat�on �cena��o�, whe�e the�e model� �uppo�t the human u�e� w�th 
complementa�y knowledge to a����t �n f�nd�ng opt�mal t�ade-off �olut�on�, e.g. by p�ed�ct�ng �f (o� 
�f not) �olut�on� v�olate con�t�a�nt� and fulf�ll g�ven �pec�f�cat�on�. Mo�e v���ona�y, computat�onal 
expe��ence-ba�ed model� may even coach nov�ce human u�e�� to bu�ld up the�� �el�able knowledge 
ba�e.  
 
S�nce a few decade�, compute� a�ded eng�nee��ng and de��gn (CAE/D) �oftwa�e play� an �mpo�tant 
�ole �n the automot�ve development by p�ov�d�ng an ea�ly a��e��ment of the de��gn pe�fo�mance 
ba�ed on v��tual ��mulat�on�, gene�at�ng a huge amount of d�g�tal de��gn data. Due to the �ecent 
advance� �n the f�eld of a�t�f�c�al �ntell�gence (AI), cu��ent eng�nee��ng �oftwa�e development a�m� 



 
 
 

 

4 
 

at explo��ng �uch ex��t�ng de��gn data w�th �tat��t�cal analy�e� and mach�ne lea�n�ng techn��ue�, 
�uppo�t�ng the u�e� to �u�ckly gene�ate a la�ge va��ety of �olut�on�. In opt�m�zat�on p�oblem�, 
lea�n�ng the data collected f�om ��m�la� ca�e�, wh�ch we �ee a� embedded expe��ence, potent�ally 
can captu�e the �en��t�v�ty of de��gn pa�amete�� and �eg�on� �n the de��gn �pace that lead to 
opt�mal�ty o� novelty, wh�ch could be wo�th explo��ng. Neve�thele��, m�n�ng eng�nee��ng 
opt�m�zat�on data �� challeng�ng due to many facto��: the d�men��onal�ty and type of de��gn 
�ep�e�entat�on�, the pa�t�cula��t�e� of d�ffe�ent type� of nume��cal ��mulat�on�, and the �pa���ty of 
data con��de��ng the de��gn and output �pace� def�ned �n �uch p�oblem�. Fu�the�mo�e, the data �� 
d��t��buted �n d�ffe�ent �tage� of the opt�m�zat�on and thu� �nc�ea�e� the complex�ty to ext�act and 
t�an�fe� knowledge between d�ffe�ent p�oblem�. 
 

 
F �gu�e 2 - Typ�cal loop of an opt�m�zat�on algo��thm �pl�t �nto ta�k� fo� wh�ch new algo��thm� have been 

developed �n the ECOLE p�o�ect. 

A typ�cal computat�onal mult�-c��te��a de��gn opt�m�zat�on loop fo� eng�nee��ng appl�cat�on� l�ke 
automot�ve development �� dep�cted �n F�gu�e 2. U�ually a veh�cle de��gn �� �ep�e�ented by a �et 
of �hape pa�amete��. De��gn mod�f�cat�on� a�e �eal�zed by pa�amete� va��at�on� �ugge�ted by the 
cho�en opt�m�zat�on algo��thm, e.g. evolut�ona�y opt�m�zat�on, g�ad�ent-ba�ed opt�m�zat�on among 
many othe��. The�e �ep�e�entat�on� may e�the� be de��gned by human�, e.g. CAD o� �hape 
mo�ph�ng �ep�e�entat�on� [1], o� ba�ed on featu�e� ext�acted by mach�ne lea�n�ng algo��thm� �n an 
un�upe�v��ed fa�h�on. The latte� techn��ue �� the focu� of the p�e�ent �epo�t.  
 
Ou� app�oach ut�l�ze� geomet��c deep lea�n�ng a�ch�tectu�e� that automat�cally ext�act featu�e� 
f�om ex��t�ng CAE model�, �educ�ng the d�men��onal�ty of the geomet��c �ep�e�entat�on w�thout 
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�ely�ng exclu��vely on the u�e� expe�t��e o� pa�t�cula��t�e� of the unde�ly�ng phy��c� whe�e the 
�hape �� embedded (Sect�on 3 and Append�x A , B). Of cou��e, ou� method� �ely on �nteg�at�ng the 
cumulat�ve expe��ence of p��o� veh�cle de��gn� u��ng offl�ne lea�n�ng algo��thm�, wh�le a pu�ely 
human-made �ep�e�entat�on would be �ndependent of ex��t�ng data. Follow�ng the �tep of 
pa�amete� va��at�on, new �hape� a�e gene�ated u��ng the �elected �hape �ep�e�entat�on. Each 
gene�ated �hape �� then p�oce��ed by computat�onal ��mulat�on� to a���gn a pe�fo�mance numbe� 
to each de��gn. The�e ��mulat�on� typ�cally evaluate mult�ple c��te��a, e.g. ae�odynam�c o� 
�t�uctu�al pe�fo�mance, u��ng �tate-of-the-a�t nume��cal �olve�� �mplemented �n �ndu�t��al tool�. 
S�nce the�e computat�onal ��mulat�on� may be ve�y t�me-con�um�ng depend�ng e.g. on appl�ed 
nume��cal me�h �e�olut�on� and �elected �olve��, �ndu�t��al opt�m�zat�on �e�u��e� mach�ne lea�n�ng 
method�, wh�ch �nd�cate potent�ally well-pe�fo�m�ng �olut�on� �athe� than low-pe�fo�mance 
�olut�on�. If low-pe�fo�mance �olut�on� can be �el�ably detected w�th method� f�om mach�ne 
lea�n�ng, the ��mulat�on �tep can be �k�pped fo� the�e de��gn� �e�ult�ng �n ma�o� t�me (=co�t) 
�av�ng�. Thu�, we al�o �e�ea�ched and �mplemented a cla���f�cat�on algo��thm fo� ae�odynam�c 
c��te��a that can handle �mbalanced data fo� detect�ng potent�ally �nfea��ble de��gn� fo� 
computat�onal flu�d dynam�c� (CFD) ��mulat�on� and wh�ch could be extended to othe� 
ta�k�/c��te��a w�th�n the opt�m�zat�on f�amewo�k (Sect�on 4 and Append�x C). Fo� clo��ng the 
opt�m�zat�on loop, �n a f�nal �tep de��gn� and the�� pa�amete�� a�e �elected f�om the cand�date 
�olut�on�. The pe�fo�mance of each de��gn �� e�the� �ep�e�ented by a we�ghted �um of the 
pe�fo�mance� f�om each c��te��on (��ngle-ob�ect�ve opt�m�zat�on) o� by a �et of pe�fo�mance value� 
that �pan a mult�-d�men��onal �o-called Pa�eto �pace (mult�- o� many-ob�ect�ve opt�m�zat�on). 
 

 
F �gu�e 3 – (o�kflow fo� the gene�at�on of veh�cle de��gn p�ototype� �pl�t �nto ta�k� that we�e add�e��ed w�th the algo��thm� 

developed �n the ECOLE p�o�ect. 
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Each of the �tep� �n the opt�m�zat�on cycle comp���e� the �mplementat�on of �tate-of-the-a�t 
algo��thm� and the algo��thm� p�opo�ed w�th�n the ECOLE p�o�ect, compa�at�ve te�t� on 
benchma�k and (clo�e to) �eal-wo�ld data, and f�nally publ�cat�on� at �nte�nat�onal confe�ence� by 
the Ea�ly-Stage Re�ea�che�� (ESR�). F�gu�e 3 p�ov�de� a mo�e deta�led ove�v�ew on algo��thm� 
�e�ea�ched �n ECOLE, wh�ch �eal�ze pa�t� of the de��gn opt�m�zat�on loop.  
 
In th�� �epo�t, we p�e�ent the cu��ent �tate of the mult�-c��te��a de��gn opt�m�zat�on f�amewo�k 
focu��ng on the expe��ence-ba�ed a�pect� of featu�e lea�n�ng/adaptat�on and cla���f�cat�on of 
�mbalanced data. Fo� each a�pect we p�ov�de deta�l� on the �c�ent�f�c backg�ound of the developed 
method� and �nt�oduce the �oftwa�e component� that we�e �mplemented. The �ema�nde� of the 
�epo�t �� o�gan�zed a� follow�: In �ect�on 2, we �nt�oduce 3D �hape �ep�e�entat�on� a� well a� 
benchma�k and eng�nee��ng data that we u�ed fo� ou� �e�ea�ch. In �ect�on 3, we de�c��be the 
methodology fo� lea�n�ng f�om cumulat�ve ex��t�ng data and expe��ence� enabl�ng the gene�at�on 
of �olut�on�. In �ect�on 4, we demon�t�ate an eff�c�ent cla���f�cat�on methodology fo� detect�ng 
�nfea��ble de��gn� �n �mbalanced data. Sect�on 5 conclude� the �epo�t. In the Append�x, deta�l� a�e 
p�ov�ded on the developed �oftwa�e and on how to u�e the d�ffe�ent component�. 
 

2. Geomet��c data man�pulat�on 
 
Gene�at�ng and �ep�e�ent�ng geomet��c data �n a computat�onal env��onment �� cent�al to many 
eng�nee��ng p�oce��e� �n the automot�ve �ndu�t�y, f�om �n�t�al de��gn th�ough eng�nee��ng 
development and analy��� to manufactu��ng pha�e�. Y et, the �ep�e�entat�on of 3D �hape� �� not 
canon�cal and often depend� on the expe��ence of the u�e� a� well a� on the appl�cat�on. Fo� 
example, �u�face and volume me�he� p�edom�nate �n 3D �hape opt�m�zat�on p�oblem� that �e�u��e 
compute� a�ded eng�nee��ng (CAE) ��mulat�on�. In CAE, the phy��cal doma�n �� often d��c�et�zed 
a� me�he� a� a ba��� to �olve the �y�tem of e�uat�on� �e�u��ed to calculate e.g. flow f�eld� o� 
�t�uctu�al �t�ffne��. Howeve�, fo� c�eat�ng the geomet��e� �n compute� a�ded de��gn (CAD) 
�oftwa�e, eng�nee�� often p�efe� con�t�uct�ve �ol�d geomet�y (CSG) a� the �ep�e�entat�on, due to 
�t� �ntu�t�ve appl�cab�l�ty. Fo� the �e�ea�ch w�th�n ECOLE, we ma�nly explo�ed two type� of 
�ep�e�entat�on� fo� computat�onal p�oce���ng: 3D polygonal me�he� and 3D po�nt cloud� (F�gu�e 
4).  
 

 
F �gu�e 4 - Ca� �ep�e�entat�on �n 3D polygonal me�h and �n 3D po�nt cloud 

(h�le the u�e of me�he� �� �u�t�f�ed by the appl�cab�l�ty �n eng�nee��ng ta�k�, po�nt cloud� eme�ged 
a� a gene��c type fo� �ep�e�ent�ng 3D �hape� f�om the l�te�atu�e on geomet��c deep lea�n�ng a� 
be�ng eff�c�ent fo� mach�ne lea�n�ng ta�k� [2], [3]. Fu�the�mo�e, we can ea��ly ext�act po�nt cloud� 
f�om eng�nee��ng me�he� by �ampl�ng the node�, wh�ch allow� fo� connect�ng mult�ple �oftwa�e 
component� �n the opt�m�zat�on p�oce��. In te�m� of data �et�, we opted fo� benchma�k data a� 
ava�lable �n ShapeNetCo�e [4] and the TUM D��vAe� model [5], [6], wh�ch we al�eady employed 
�n a compute� flu�d dynam�c� (CFD) ��mulat�on f�amewo�k. 
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Fo� man�pulat�ng the geomet��c data, we �mplemented d�ffe�ent �oftwa�e component�, wh�ch a�e 
deta�led �n [7]. In the p�e�ent �epo�t, we focu� on the appl�cat�on of geomet��c data �n opt�m�zat�on 
ta�k� and p�ov�de deta�l� on the lea�n�ng and adaptat�on of 3D �hape featu�e�. Fu�the�mo�e, we 
outl�ne cla���f�cat�on method� fo� �mbalanced data to �uppo�t mult�-c��te��a opt�m�zat�on. In 
add�t�on, we p�ov�de �nfo�mat�on on the d�ffe�ent �oftwa�e component� to enable othe� �e�ea�ch 
g�oup� to ut�l�ze them �n the�� wo�k.   
 
 
3.  L ea�n�ng 3D �hape featu�e� f�om eng�nee��ng data  

Featu�e eng�nee��ng �� �mpo�tant fo� p�oce���ng CAE data, but �t �� t�me-con�um�ng and labo�-
�nten��ve. A� an alte�nat�ve to manual featu�e ext�act�on u��ng �hape de�c��pto��, geomet��c deep 
lea�n�ng a�ch�tectu�e�, �uch a� (va��at�onal) autoencode��, lea�n �n an un�upe�v��ed fa�h�on a low-
d�men��onal �et of latent featu�e�. The 3D geomet��e� a�e �econ�t�ucted f�om �ample� �n the latent 
�pace, wh�ch can be explo�ed �n �hape opt�m�zat�on p�oblem� fo� �educt�on of the d�men��onal�ty 
and a� �hape gene�at�ve model�. 
 

 
 

F �gu�e 5 - Potent�al appl�cat�on� of geomet��c deep lea�n�ng model� fo� �hape analy��� and eng�nee��ng opt�m�zat�on. 

Geomet��c deep lea�n�ng �� an umb�ella te�m fo� algo��thm� that lea�n on 3D geomet��c data. 
D�ffe�ently to the 2D �mage doma�n, mo�t of the geomet��c �ep�e�entat�on� a�e non-Eucl�dean 
(un�t�uctu�ed) and �nva��ant to the o�de��ng of the element�. They �e�u��e mo�e �oph��t�cated 
a�ch�tectu�e� and �pec�al mach�ne lea�n�ng algo��thm�, wh�ch d��t�ngu��he� geomet��c deep 
lea�n�ng f�om the �tanda�d �et of deep lea�n�ng method�. The l�te�atu�e on geomet��c deep lea�n�ng 
p�ov�de� a�ch�tectu�e� that handle d�ffe�ent type� of �nput data [2], [3], but a� p�ev�ou�ly d��cu��ed, 
we opted fo� p�oce���ng geomet��e� a� 3D po�nt cloud�, due to the flex�b�l�ty of the �ep�e�entat�on. 
Thu�, we a�med at �e�ea�ch�ng and develop�ng geomet��c deep lea�n�ng model�, �n pa�t�cula� 3D 
autoencode��, fo� p�oce���ng 3D po�nt cloud�.  
 
3D po�nt cloud (va��at�onal) autoencode�� we�e �ecently �nt�oduced a� powe�ful �hape gene�at�ve 
and data comp�e���on techn��ue� [8]. The�e a�ch�tectu�e� comp���e an encode�, wh�ch �educe� the 
d�men��onal�ty of the po�nt cloud� to a compact �et of latent va��able�, and a decode�, wh�ch 



 
 
 

 

8 
 

�ecove�� the ca�te��an coo�d�nate� of the po�nt� f�om the �ep�e�entat�on� �n latent �pace. The latent 
va��able� lea�ned by the autoencode� a�e appl�cable to �hape opt�m�zat�on p�oblem� a� de��gn 
pa�amete��, pe�fo�m�ng ��m�la�ly to �tate-of-the-a�t �ep�e�entat�on�, �uch a� f�ee fo�m defo�mat�on 
[9], [10]. Fu�the�mo�e, the�e va��able� encode the d��t��but�on of the t�a�n�ng data �n the �nput �pace 
and potent�ally comp���e enough �nfo�mat�on fo� f�tt�ng �econda�y �u��ogate model� that map the�e 
va��able� to eng�nee��ng pe�fo�mance met��c�, �uch a� ae�odynam�c fo�ce�. In the follow�ng 
�ub�ect�on�, we p�e�ent the a�ch�tectu�e� and ou� �e�ea�ch �e�ult� of the �tanda�d and va��at�onal 
po�nt cloud autoencode�� that we p�opo�e fo� lea�n�ng 3D �hape featu�e� �n an un�upe�v��ed 
fa�h�on. Add�t�onally, we p�ov�de f���t �n��ght� �nto the�� appl�cat�on to mult�-c��te��a de��gn 
opt�m�zat�on.  
 

3.1. 3D po�nt cloud autoencode� 
 
3.1.1 Deta�l� on the 3D po�nt cloud autoencode� a�ch�tectu�e 
 
A� expla�ned above, �n the follow�ng we �ep�e�ent 3D ca� �hape� a� �et� of 3D po�nt cloud� each 
g�ven a� Nx3 po�nt� (N: numbe� of po�nt�), wh�ch we u�e to ext�act featu�e� p�ov�ded th�ough the 
latent pa�amete�� of ou� autoencode��. One of the ma�n challenge� fo� develop�ng the a�ch�tectu�e 
of a 3D po�nt cloud autoencode� �� the non-Eucl�dean natu�e of the po�nt cloud�. In o�de� to lea�n 
featu�e� that a�e �nva��ant w�th �e�pect to the o�de��ng of the po�nt�, we opted fo� an a�ch�tectu�e 
w�th po�nt-ba�ed ope�ato�� [2], ��m�la� to the wo�k p�e�ented �n [11]. The encode� comp���e� f�ve 
1D convolut�onal laye��, wh�ch ope�ate po�ntw��e on the Ca�te��an coo�d�nate�, followed by a 
max�mum pool�ng ope�ato�, wh�ch p�oce��e� the act�vat�on of the la�t convolut�onal laye� �n a 
featu�e-w��e fa�h�on and y�eld� the latent �ep�e�entat�on. The decode� comp���e� th�ee fully 
connected laye�� that �ecove� the Ca�te��an coo�d�nate� f�om the latent va��able�, and al�o 
co��e�pond� to the �ect�on of the netwo�k w�th the h�ghe�t numbe� of t�a�nable pa�amete�� (F�gu�e 
6). 
 

 
F �gu�e 6 - Deta�l� of ou� 3D po�nt cloud autoencode� a�ch�tectu�e. In the table, N �nd�cate� the ��ze of the po�nt cloud. 
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Compa�ed to the p�opo�al �n [11], we mod�f�ed the act�vat�on funct�on �n the la�t convolut�onal 
laye� f�om �ect�f�ed l�nea� un�t� (ReLU) to hype�bol�c tangent�. Thu�, �t �e�t��cted the latent 
va��able� to the �pace [−ͳ,ͳ]௅, the�eby ea��ng the fo�mulat�on of con�t�a�nt� fo� pe�fo�m�ng �hape 
ope�at�on� �n the latent �pace. Fu�the�mo�e, we added a ��gmo�d funct�on to the la�t fully connected 
laye�, con�t�a�n�ng the output �pace to [0,1]3, wh�ch �� the �ame a� the no�mal�zat�on of ou� �nput 
data. (e ma�nta�ned the d�men��onal�ty of the �ema�n�ng laye�� a� p�opo�ed �n the �efe�ence wo�k, 
��nce we d�d not ob�e�ve any ���ue� du��ng the expe��ment� that could be cau�ed by the�e 
pa�amete��. 
 
3.1.2 V al�dat�on of the 3D po�nt cloud autoencode� a�ch�tectu�e 
 
Befo�e apply�ng the autoencode� to eng�nee��ng p�oblem�, we val�dated the a�ch�tectu�e by t�a�n�ng 
the autoencode� on the ca� cla�� of the ShapeNetCo�e data �et [4], �ampled un�fo�mly to 2048 
po�nt�. (e opted fo� the �tanda�d Adam Opt�m�ze� [12] a� t�a�n�ng algo��thm, w�th a lea�n�ng �ate 
�=5×ͳͲିସ, momentum te�m� �=Ͳ.9Ͳ and �ଵ=Ͳ.99, and the epoch� l�m�ted to 500. The 
�hape� �n the data �et we�e �andomly �pl�t �nto 90% and 10% pa�t�t�on� fo� t�a�n�ng and te�t�ng the 
autoencode�, �e�pect�vely, wh�ch we�e o�gan�zed �n batche� of 50 �hape�. (e computed the po�nt 
cloud �econ�t�uct�on lo��e� u��ng the Chamfe� D��tance (CD) [13], wh�ch �� �nva��ant to the 
o�de��ng of the po�nt� and thu� can handle uno�gan�zed �et� of po�nt cloud�. The ha�dwa�e u�ed 
fo� t�a�n�ng and te�t�ng the model wa� a mach�ne w�th 2 CPU� Intel ) eon S�lve� 4110, clocked at 
2.10 GHz, w�th 4 GPU� NV IDIA  GeFo�ce RT)  2080 T�. The a�ch�tectu�e wa� �mplemented u��ng 
Python �c��pt� ba�ed on the Ten�o�Flow 1.14 l�b�a�y fo� ope�at�ng �n g�aph�c p�oce���ng un�t� 
(GPU�).  
 
Afte� t�a�n�ng the model, we compa�ed the mean �econ�t�uct�on lo��e� on the t�a�n�ng and te�t �et� 
to the value of the lo��e� �epo�ted �n [11], and we obta�ned a �educt�on f�om 3.34E-04 to 2.91E-04 
and f�om 4.00E-04 to 3.03E-04, �e�pect�vely. Add�t�onally, we v��ually �n�pected the 
�econ�t�uct�on of �andom �ample� �n the data �et (F�gu�e 7) and �nte�polat�on� between each of the 
�ample�, by wh�ch we conf��med that the autoencode� lea�ned the ca� �hape� �n the data �et. 
 

 
F �gu�e 7 - Recon�t�uct�on of �ample� taken f�om the ca� cla�� of ShapeNetCo�e [14] 

3.1.3 E ff�c�ency of ou� 3D po�nt cloud autoencode�� �n �hape opt�m�zat�on 
 
Ba�ed on the �ucce��ful val�dat�on of ou� a�ch�tectu�e, we a��e��ed the eff�c�ency of u��ng the 
latent featu�e� (va��able�) of ou� 3D po�nt cloud autoencode� a� de��gn pa�amete�� fo� ta�get �hape 
match�ng opt�m�zat�on p�oblem� [15]. The�efo�e, we gene�ated a �ynthet�c data �et of �hape� by 
defo�m�ng a benchma�k ca� �u�face me�h u��ng f�ee fo�m defo�mat�on (FFD) [16], wh�ch �� a �tate-
of-the-a�t method fo� �hape mod�f�cat�on� u�ed �n eng�nee��ng de��gn opt�m�zat�on. 500 defo�med 
ca� �u�face me�he� have been conve�ted to po�nt cloud� and u�ed to t�a�n ou� autoencode�. (e 
opted fo� the �ynthet�c data fo� th�ee �ea�on�: F���t, we could compa�e the deg�ee� of f�eedom 
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lea�ned by the latent va��able� to the FFD pa�amete��zat�on, ��nce we had cont�ol ove� the numbe� 
of data �et featu�e�. Second, we could cont�ol the d�ff�culty to match the ta�get �hape� and explo�e 
the potent�al of the autoencode� to ext�apolate the featu�e� lea�ned �n the t�a�n�ng �et. Th��d, ��nce 
the data �et comp���ed ��omo�ph�c me�he�, we could enfo�ce the o�de��ng of the po�nt� du��ng the 
t�a�n�ng, wh�ch allowed u� to �u�ckly �econ�t�uct the me�he� f�om the po�nt cloud� gene�ated by 
the autoencode�. The configu�at�on of the FFD latt�ce u�ed �n the defo�mat�on� conta�n� ��x plane� 
�n x- and z-d��ect�on, and fou� �n y-d��ect�on. To defo�m the �hape�, we con��de�ed only the ax�al 
d��placement of the plane� and �ymmet�y w�th �e�pect to the geomet��c cente� of the ca�, 
��mpl�fy�ng the pa�amete��zat�on, wh�ch y�elded 8 pa�amete�� (F�gu�e 8). 

 

 
F �gu�e 8 - FFD pa�amet��zat�on u�ed fo� gene�at�ng the data �et and �n the ta�get �hape match�ng opt�m�zat�on. 

(e d�v�ded the analy��� �nto two opt�m�zat�on expe��ment�, both pe�fo�med fo� the FFD and 
autoencode� pa�amete��zat�on, and u��ng the cova��ance mat��x adaptat�on evolut�ona�y �t�ategy 
(CMA-ES) a� opt�m�zat�on algo��thm. In the f���t, we �elected ta�get �hape� gene�ated w�th the 
p�opo�ed FFD pa�amete��zat�on, �uch that the opt�m�zat�on w�th e�the� the FFD o� autoencode� 
�ep�e�entat�on could conve�ge to the ta�get �hape. Hence, we could compa�e the conve�gence �peed 
and �ual�ty of the f�nal de��gn�. In the �econd, we gene�ated a new �et of ta�get �hape�, by 
pa�amete��z�ng the po��t�on of the cont�ol po�nt� �n the y- and z-d��ect�on a� ha�mon�c funct�on� of 
the�� po��t�on �n the x-d��ect�on. The�efo�e, match�ng the ta�get �hape� would be challeng�ng w�th 
any of the �ep�e�entat�on� and we could evaluate the capab�l�ty of the autoencode� to ext�apolate 
the lea�ned featu�e�. 
 
In the f���t �cena��o, both �ep�e�entat�on� conve�ged to the ta�get �hape�, a� expected, and the 
opt�m�zat�on� w�th the latent va��able� outpe�fo�med the FFD �ep�e�entat�on, ach�ev�ng about 30% 
bette� f�tne��, even �n the ca�e� wh�ch �howed the weake�t pe�fo�mance of the autoencode�. 
Neve�thele��, �econ�t�uct�ng �nte�med�ate �e�ult� of the opt�m�zat�on, the autoencode� y�elded 
me�he� w�th a h�gh level of no��e (F�gu�e 9), wh�ch �� p�oh�b�t�ve �n opt�m�zat�on p�oblem� w�th 
computat�onal eng�nee��ng ��mulat�on�, �uch a� CFD. 

 
F �gu�e 9 - Recon�t�uct�on of ca� �hape� obta�ned w�th the autoencode� afte� 10, 20, 30 and 70 gene�at�on� of the opt�m�zat�on 

(f�om the left to the ��ght). 
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In the �econd �cena��o, the opt�m�zat�on ach�eved a local opt�mum w�th both �ep�e�entat�on�, wh�ch 
wa� al�o �n l�ne w�th ou� expectat�on�. A lthough nume��cally ��m�la�, the �ual�ty of the me�he� 
obta�ned at the f�nal opt�m�zat�on �tage w�th each opt�m�zat�on wa� con��de�ably d�ffe�ent (F�gu�e 
10). S�m�la� to the �n�t�al �tage� �n the p�ev�ou� �cena��o, the autoencode� y�elded a me�h w�th 
�eve�e d��to�t�on and mult�ple �nte��ect�on� of element�. The�e �e�ult� can be expla�ned by the 
d�ffe�ence� �n the pa�amete��zat�on�: (h�le the fo�mulat�on of FFD en�u�e� cont�nu�ty and 
�moothne�� of the �u�face� up to a ce�ta�n deg�ee, the �econ�t�uct�on lo��e� computed when 
t�a�n�ng the autoencode� do not con��de� any global a�pect of the geomet�y. The�efo�e, when the 
latent �ep�e�entat�on �� d��ven to a �eg�on that �� not �ep�e�ented �n the t�a�n�ng �et, the 
�econ�t�uct�on of the po�nt cloud� p�e�ent a h�ghe� level of no��e and collap�e �n mo�e ext�eme 
ca�e�. 

 
 

F �gu�e 10 - Compa���on between the no�mal�zed ob�ect�ve funct�on at d�ffe�ent gene�at�on� and me�h �econ�t�uct�on of the f�tte�t 
�nd�v�dual obta�ned w�th the FFD and autoencode� �ep�e�entat�on� 

F�om ou� expe��ment�, we concluded �n gene�al that the latent �ep�e�entat�on obta�ned w�th 3D 
po�nt cloud autoencode�� ha� the potent�al to �nc�ea�e the �peed and �ual�ty of �e�ult� �n �hape 
opt�m�zat�on p�oblem�. Neve�thele��, the fea��b�l�ty of the �hape� gene�ated du��ng the p�oce�� can 
be l�m�ted to the �eg�on �n the latent �pace lea�ned du��ng the t�a�n�ng pha�e, wh�ch h�nde�� the 
gene�at�on of uncommon o� novel �hape�. It al�o �mpact� the �elect�on of �oftwa�e component� fo� 
the ove�all f�amewo�k p�opo�ed fo� the p�o�ect, wh�ch �hould al�o con��de� algo��thm� fo� 
detect�ng �nfea��ble �hape� fo� down�t�eam eng�nee��ng ta�k�. In add�t�on, me�he� �hould be 
�ecove�ed f�om autoencode�-ba�ed po�nt cloud� �n the gene�al ca�e, when the po�nt cloud� �n the 
data �et do not �ha�e a common unde�ly�ng �t�uctu�e, �uch a� w�th ��omo�ph�c me�he�.  
 
3.1.4 Scalab�l�ty of 3D po�nt cloud autoencode�� 
 
Anothe� a�pect of the a�ch�tectu�e and t�a�n�ng algo��thm that we analyzed wa� the �calab�l�ty to 
h�ghe�-d�men��onal CAE model� [15]. In the l�te�atu�e, the wo�k on 3D po�nt cloud autoencode�� 
typ�cally deal� w�th po�nt cloud� that �ange between 1024 and 4096 po�nt�, wh�le complex 
eng�nee��ng me�he� can ea��ly comp���e m�ll�on� of node�. Hence, �n th�� �econd �tudy, we 
fo�mulated a� ob�ect�ve� to def�ne the max�mum po�nt cloud ��ze that �� �uppo�ted fo� t�a�n�ng the 
p�opo�ed a�ch�tectu�e, and to p�opo�e a �e-�ampl�ng �t�ategy to �educe the d�men��onal�ty of the 
po�nt cloud� p��o� to the t�a�n�ng, �uch that h�ghe�-d�men��onal model� can be lea�ned. The 
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ha�dwa�e ava�lable fo� the expe��ment� wa� a mach�ne w�th two Intel ) eon CPU�, clocked at 2.10 
GHz (16 co�e�, t�me� 2 hype�th�eaded), u��ng a ��ngle Nv�d�a Quad�o RT)  8000 GPU� (48 GB). 
 
Fo� dete�m�n�ng the max�mum po�nt cloud ��ze, we pe�fo�med a �un-to-c�a�h expe��ment, whe�e 
we �te�at�vely �ta�ted the t�a�n�ng algo��thm fo� 20 epoch� wh�le g�adually �nc�ea��ng the po�nt 
cloud ��ze, unt�l the �c��pt �topped wo�k�ng. (�th th�� �etup, we ach�eved a max�mum po�nt cloud 
��ze of 200000 po�nt�, w�th an ave�age GPU memo�y u�age of (45.38 ± 19.91)% and elap�ed t�me 
of 450� fo� 10 epoch�. Rega�d�ng the data �et, we al�o adopted �ynthet�c data gene�ated f�om a 
pa�amete��zed plate (F�gu�e 11), �uch that we could cont�ol the geomet��c featu�e� conta�ned �n the 
data and �ef�ne the model� up to 25,000 node�. (hen the �un-to-c�a�h expe��ment exceeded the 
numbe� of po�nt� �n the model�, the �ampl�ng algo��thm automat�cally allowed the �epl�cat�on of 
�ampled po�nt�, ��nce we focu�ed on the computat�onal demand �athe� than the accu�acy of the 
model. 
 

 
F �gu�e 11 - Schemat�c of the pa�amete��zed plate u�ed to gene�ate the �ynthet�c data �et 

Fo� the �e-�ampl�ng techn��ue�, we con��de�ed two app�oache�: the �andom un�fo�m �ampl�ng 
(RUS) and a h�gh-pa�� f�lte� (HPF) techn��ue. In the RUS app�oach, all me�h ve�t�ce� have the 
�ame �ampl�ng p�obab�l�ty, the�efo�e, �t doe� not favo� any geomet��c featu�e, but the �eg�on� w�th 
den�e me�h �ef�nement. The HPF techn��ue wa� ba�ed on g�aph f�lte��ng p�opo�ed �n [17], wh�ch 
�nc�ea�e� the p�obab�l�ty of �ampl�ng ve�t�ce� clo�e to �eve�e �hape t�an��t�on�, �uch a� co�ne��, 
ope�at�ng a� an edge detecto�. The unde�ly�ng mot�vat�on wa� that the HPF would y�eld a �keleton-
l�ke �t�uctu�e that could be u�ed to d�ffe�ent�ate the �hape� and thu� �mp�ove the t�a�n�ng of the 
autoencode�. In o�de� to account fo� the effect� of the a�ch�tectu�e and po�nt cloud ��ze, we 
con��de�ed th�ee po�nt cloud ��ze� (2048, 4096 and 8192) and th�ee ��ze� of latent �pace� (8, 16 
and 32), and evaluated the mean value� of the Chamfe� D��tance computed on a te�t �et w�th 100 
�hape�, �ampl�ng w�th RUS and HPF techn��ue�. 
 
Analyz�ng the lo��e� fo� t�a�n�ng and te�t�ng data �et�, we ob�e�ved d�ffe�ence�, both w�th �e�pect 
to the �ampl�ng �cheme and the �e�ult� obta�ned w�th the p�ev�ou� data �et. F���t, the model� needed 
to be t�a�ned fo� mo�e epoch� and w�th data �et augmentat�on to ach�eve the �ame �ange of 
�econ�t�uct�on lo�� a� �n the p�ev�ou� �tudy, even though the �hape� �n the data �et had a lowe� 
deg�ee of complex�ty and �ha�ed many geomet��c cha�acte���t�c�. Second, RUS led to bette� 
pe�fo�mance on the te�t �et, but the advantage ove� HPF wa� �educed w�th �nc�ea��ng 
d�men��onal�ty of the po�nt cloud�, wh�ch �� expected, ��nce the po�nt cloud� �ampled w�th HPF 
became mo�e ��m�la� to the model� �ampled w�th RUS. Howeve�, when te�t�ng on the �hape� 
�ampled w�th alte�nat�ve techn��ue�, the model t�a�ned on po�nt cloud� �ampled w�th RUS 
outpe�fo�med the HPF �ampl�ng �n mo�t of the ca�e�, e�pec�ally w�th lowe� d�men��onal latent 
�pace� and po�nt cloud� (F�gu�e 12). Ou� conclu��on wa� that RUS y�eld� po�nt cloud� w�th mo�e 
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�nfo�mat�on about the global �t�uctu�e of the geomet�y, wh�le HPF concent�ate� on �pec�f�c 
featu�e�, wh�ch �educe� the gene�al�zat�on capab�l�ty of the model. 
 

 
F �gu�e 12 - Recon�t�uct�on of geomet��e� u��ng the a�ch�tectu�e� t�a�ned on d�ffe�ent data �et�. The blue ma�ke�� �nd�cate the 

po�nt� of the �nput po�nt cloud. In the table, CD�,� �nd�cate� the Chamfe� d��tance of the model t�a�ned on data �et � and te�ted on 
data [18]  

Th��d and la�t, we analyzed the Pea��on co��elat�on coeff�c�ent between the pa�amete�� u�ed to 
gene�ate the data �et and the latent va��able� of the model t�a�ned on po�nt cloud� w�th 8192 po�nt� 
and an 8-d�men��onal latent �pace (F�gu�e 13). A lthough we expected the model t�a�ned on po�nt 
cloud� �ampled w�th HPF to y�eld h�ghe� co��elat�on value�, the�e wa� no ma�o� d�ffe�ence between 
the �e�ult� obta�ned fo� both �ampl�ng �cheme�. Fu�the�mo�e, both ca�e� �nd�cate �edundanc�e� �n 
the co��elat�on w�th data �et pa�amete��, wh�ch could h�nde� the pe�fo�mance of the �ep�e�entat�on 
�n �hape opt�m�zat�on p�oblem�. 

 

 
F �gu�e 13 - Pea��on co��elat�on between the de��gn va��able� x� and latent va��able� (LV) obta�ned f�om the netwo�k t�a�ned on 

the RUS (left) and HPF  data�et (��ght). 

3.1.5 Featu�e v��ual�zat�on �n 3D po�nt cloud autoencode�� 

A� a con�e�uence of ou� �e�ult� of the �calab�l�ty �tudy, and �n o�de� to evaluate and unde��tand 
effect� of change� �n the po�nt cloud a�ch�tectu�e, we p�opo�ed a method fo� v��ual�z�ng the featu�e� 
lea�ned by the po�nt cloud autoencode� [19]. (e ba�ed ou� p�opo�al on the p�ope�t�e� of the 1D 
convolut�on, wh�ch ope�ate� �n a po�nt-w��e fa�h�on and thu� allow� fo� a �t�a�ghtfo�wa�d mapp�ng 
of the �nput po�nt� to the co��e�pond�ng act�vat�on� �n the laye�� of the encode� (F�gu�e 14). He�e, 

[w size t /  size / 5wU { ,I t C / 5I t C,wU {

ϮϬϰϴ ;ϰ.Ϯϴ ± Ϭ.ϱϲͿ9ͲϬϰ;ϱ.ϳϮ ± ϭ.ϱϬͿ9ͲϬϰ
ϰϬϵϲ ;ϯ.ϱϱ ± Ϭ.ϰϴͿ9ͲϬϰ;ϰ.ϭϬ ± ϭ.ϯϬͿ9ͲϬϰ
ϴϭϵϮ ;ϯ.ϵϴ ± Ϭ.ϱϮͿ9ͲϬϰ;ϰ.ϰϰ ± ϭ.ϬϬͿ9ͲϬϰ
ϮϬϰϴ ;ϰ.Ϭϳ ± Ϭ.ϵϮͿ9ͲϬϰ;ϱ.ϴϳ ± ϭ.ϲϬͿ9ͲϬϰ
ϰϬϵϲ ;ϯ.ϵϮ ± Ϭ.ϲϲͿ9ͲϬϰ;ϯ.ϲϬ ± Ϭ.ϵϲͿ9ͲϬϰ
ϴϭϵϮ ;ϯ.ϵϭ ± Ϭ.ϰϵͿ9ͲϬϰ;ϭϭ.ϳ ± ϭ.ϰͿ9ͲϬϰ
ϮϬϰϴ ;ϰ.Ϭϳ ± Ϭ.ϵϲͿ9ͲϬϰ;ϰ.ϬϬ ± Ϭ.ϰϵͿ9ͲϬϰ
ϰϬϵϲ ;ϯ.ϵϮ ± Ϭ.ϲϲͿ9ͲϬϰ;ϯ.ϰϲ ± ϭ.ϭϬͿ9ͲϬϰ
ϴϭϵϮ ;ϯ.ϵϭ ± Ϭ.ϰϵͿ9ͲϬϰ;ϯ.ϰϱ ± Ϭ.ϰϭͿ9ͲϬϰ
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we def�ned a netwo�k featu�e a� the �et of act�vated value� of neu�on � at a laye� κ fo� all po�nt� �n 
the �nput po�nt cloud, wh�ch co��e�pond� to a column of the heatmap �hown �n F�gu�e 14. In o�de� 
to v��ual�ze a netwo�k featu�e, we p�o�ected the co��e�pond�ng act�vat�on� a� colo�map� onto the 
3D �catte� plot of the �nput po�nt cloud that y�elded the act�vat�on�. Ou� expectat�on wa� that the 
act�vat�on would h�ghl�ght geomet��c patte�n� �n the po�nt cloud�, ��m�la�ly to the featu�e� �evealed 
�n the laye�� of �mage p�oce���ng netwo�k�. Then we could u�e the�e to �nte�p�et the geomet��c 
cha�acte���t�c� encoded �n the latent laye�. 

 

F �gu�e 14 - (o�kflow of the p�opo�ed method fo� v��ual�z�ng netwo�k featu�e� a� colo�map� p�o�ected onto the 3D �ep�e�entat�on 
�nput po�nt cloud. 

Fo� the pu�po�e� of th�� �tudy, we l�m�ted ou� analy�e� to the la�t convolut�onal laye� of the 
encode�. In�tead of lea�n�ng h�ghe�-level featu�e�, the latent �ep�e�entat�on� a�e ext�acted 
�mmed�ately afte� th�� laye� w�th a max�mum pool�ng ope�at�on. The�efo�e, the h�ghe� the 
act�vat�on value �n a featu�e �, the mo�e �mpo�tant �� the co��e�pond�ng �nput po�nt fo� that featu�e. 
Th�� make� the �nte�p�etat�on of the latent va��able� ea��e�. Fo� ou� expe��ment�, we u�ed the �hape� 
�n the ca� cla�� of the ShapeNetCo�e �epo��to�y [4], �ampled w�th 2048 po�nt�, t�a�ned w�th the 
�ame hype�pa�amete�� of the afo�ement�oned val�dat�on expe��ment (3.1.2) and fo� th�ee ��ze� of 
the latent �pace: 2 (LR2), 10 (LR10) and 20 (LR20). (e al�o only con��de�ed geomet��e� w�th 
�econ�t�uct�on lo��e� clo�e to the mo�t f�e�uent value obta�ned fo� the t�a�n�ng �et, avo�d�ng ove�- 
and unde�f�tted �ample�. (e clu�te�ed the �ema�n�ng geomet��e� ba�ed on the�� latent 
�ep�e�entat�on�, �uch that we could �dent�fy patte�n� of co-act�vat�on�, ea��ng the �nte�p�etat�on of 
the featu�e�. 

At f���t, we v��ual�zed the featu�e� calculated w�th model LR2 fo� fou� �hape� �ampled f�om 
d�ffe�ent clu�te�� (F�gu�e 15). (e ob�e�ved that the act�vat�on� h�ghl�ghted ��m�la� �eg�on� �n the 
�nput �pace �athe� than �eveal�ng any complex �t�uctu�e�, e.g. wheel� o� ��de m���o��. Ou� 
�nte�p�etat�on wa� that the featu�e� that y�eld the latent va��able� map the occupancy of the �nput 
�pace and not geomet��c patte�n�, wh�ch wa� what we �n�t�ally expected. 
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F �gu�e 15 - V��ual�zat�on of the featu�e� calculated w�th model LR2 fo� �hape� �ampled f�om d�ffe�ent clu�te�� �n the latent �pace. 
The b��ghte�t colo�� �nd�cate h�ghe� act�vat�on value�. 

The featu�e� v��ual�zed fo� model LR2 f�t the cha�acte���t�c� of the 1D convolut�on, wh�ch 
p�oce��e� the po�nt� �nd�v�dually and thu� doe� not captu�e la�ge-�cale geomet��c p�ope�t�e�. In 
o�de� to conf��m that the latent va��able� map the occupancy of the �nput �pace, we pe�fo�med a 
�econd expe��ment, whe�e we g�adually �h�fted and �otated a ��ngle geomet�y �n the �nput �pace 
and v��ual�zed the featu�e� fo� d�ffe�ent po��t�on� (F�gu�e 16). (h�le the �hape wa� mov�ng, the 
act�vated �eg�on �n the po�nt cloud� �ema�ned �tat�c w�th �e�pect to the �nput �pace, conf��m�ng ou� 
hypothe���. 

 
F �gu�e 16 - V��ual�zat�on of the featu�e� obta�ned fo� a ca� �hape �h�fted �n the x-d��ect�on (left) and �otated a�ound the ve�t�cal 

ax�� (��ght) w�th d�ffe�ent �tep� a� �nput and u��ng model LR2. The b��ghte�t colo�� �nd�cate h�ghe� act�vat�on value�. 

Add�t�onally, we pe�fo�med t�an�fe� of netwo�k featu�e� obta�ned fo� d�ffe�ent �hape� con��de��ng 
the model w�th a latent ��ze of 10 (LR10). Ou� goal wa� to ve��fy the co��e�pondence between the 
t�an�fe� of geomet��c and netwo�k featu�e�, and we ob�e�ved that th�� a��umpt�on �� only val�d fo� 
ca�e� whe�e the �hape� �ha�e ��m�la� occup�ed �eg�on� �n the �nput �pace. Othe�w��e, the decode� 
fa�l� to �econ�t�uct �mooth ca�-l�ke �hape�, wh�ch �nd�cated that the decode� �ecove�� the Ca�te��an 
coo�d�nate� of the po�nt� ba�ed on the comb�nat�on of occup�ed �eg�on� �n the �nput �pace. (hen 
the t�an�fe��ed netwo�k featu�e� y�elded the �ep�e�entat�on of an uncommon d��t��but�on of po�nt�, 
compa�ed to the t�a�n�ng data, �t fo�ced the decode� to ext�apolate the lea�ned featu�e�, wh�ch led 
to fuzzy po�nt cloud �econ�t�uct�on�. 

F�nally, we analyzed the v��ual�zat�on of comb�ned netwo�k featu�e�, calculated on a den�e 
un�fo�m latt�ce, and compa�ed them to the mo�t f�e�uently occup�ed �eg�on� �n the t�a�n�ng data 
(F�gu�e 17) calculated u��ng a K e�nel Den��ty E�t�mato� (K DE) model [20]. Ou� expectat�on wa� 
that the comb�nat�on of featu�e� would �eveal ��m�la� �e�ult� to the K DE, ��nce the featu�e� map 
the occupancy of the �nput �pace. Howeve�, the analy��� �evealed that the featu�e� def�ned nea�ly 
the bounda�y of the mo�t f�e�uent ca� �hape w�th the model LR2, and g�adually h�ghl�ghted othe� 
�eg�on� of the �nput �pace w�th �nc�ea��ng numbe� of latent va��able�. Ou� �nte�p�etat�on wa� that 
fo� a mo�e �nten�e �educt�on of d�men��onal�ty, a� fo� model LR2, the autoencode� lea�n� 
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p�efe�ably how to d�ffe�ent�ate the �hape�, wh�ch y�eld� the ob�e�ved bounda�y �n F�gu�e 17. (hen 
the d�men��onal�ty of the latent �pace �nc�ea�e�, �t allow� the encode� to de�c��be the �hape� a� a 
comb�nat�on of f�ne� �eg�on� and thu� othe� �eg�on� of the �nput �pace become act�vated. 

 

F �gu�e 17 - V��ual�zat�on of the KDE �co�e (cent�al ca� �hape) and comb�ned featu�e� of a den�e un�fo�m latt�ce �n the �nput 
�pace. Fo� v��ual�zat�on pu�po�e�, the ��ze of the ma�ke�� va��ed w�th the value of the met��c�, �edundant to the colo��. In the 

�ep�e�entat�on�, the l�ghte�t colo� �nd�cate� the h�ghe�t value� fo� both met��c�. 

3.1.6 3D po�nt cloud autoencode�� �oftwa�e component� 
 
Be��de� the �c�ent�f�c publ�cat�on�, the wo�k on the 3D po�nt cloud autoencode� y�elded two 
�mpo�tant �oftwa�e module� fo� the ECOLE p�o�ect. F���t, we developed a �el�able algo��thm fo� 
t�a�n�ng and te�t�ng a 3D po�nt cloud autoencode�, wh�ch can be �mplemented �n eng�nee��ng 
analy�e� fo� lea�n�ng featu�e� fo� d�men��onal�ty �educt�on o� a� a �hape gene�at�ve model. Second, 
we p�ov�ded a method fo� v��ual�z�ng the featu�e� lea�ned by the encode�, wh�ch p�ov�de� an 
�nte�p�etat�on of the �nfo�mat�on ab�t�acted by the autoencode� and can gu�de futu�e mod�f�cat�on� 
�n the a�ch�tectu�e. The cu��ent wo�k focu�e� on two a�pect� that a�e cent�al to the �mplementat�on 
of the autoencode� �n eng�nee��ng opt�m�zat�on p�pel�ne�. On the one hand, we a�m at �ecove��ng 
me�he� f�om autoencode�-ba�ed po�nt cloud�, when the data �et doe� not comp���e ��omo�ph�c 
me�he�, a� �n the ShapeNetCo�e �epo��to�y, ��nce mo�t of the CAE ��mulat�on� �e�u��e me�hed 
�ep�e�entat�on� of the �hape�. On the othe� hand, ou� ob�ect�ve �� to �uant�fy the �nfo�mat�on 
conta�ned �n the latent va��able� on eng�nee��ng pe�fo�mance met��c�, �uch a� ae�odynam�c fo�ce�, 
�o that we can ta�lo� the latent �pace fo� �pec�f�c eng�nee��ng opt�m�zat�on p�oblem�. Ou� 
�mplementat�on of the po�nt cloud autoencode� and how to u�e �t �� deta�led �n the Append�x A.  
 

3.2. 3D po�nt cloud va��at�onal autoencode� (PC-V AE ) 
 
3.2.1. Deta�l� on the 3D po�nt cloud va��at�onal autoencode� a�ch�tectu�e 
 
The V AE [21], [22] �� a gene�at�ve model that, oppo�ed to a �tanda�d AE, a�m� at lea�n�ng 
“d��entangled, �emant�cally mean�ngful, �tat��t�cally �ndependent and cau�al facto�� of va��at�on 
�n data” [23]. The V AE may be �een a� a �egula��zed ve���on of the AE that fo�ce� the lea�ned 
latent �pace towa�d� follow�ng an a-p��o�� �pec�f�ed d��t��but�on. P��o� �e�ea�ch on V AE� wh�ch 
a�e clo�e�t to ou� goal of gene�at�ng novel and d�ve��e �hape� �� CompoNet [24], a gene�at�ve 
neu�al netwo�k fo� 2D o� 3D �hape� ba�ed on a pa�t-ba�ed p��o�, wh�ch �el�e� on a V AE fo� 2D 
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�hape �ynthe��� and the above ment�oned AE+GMM fo� 3D ob�ect�. Zamo��k� et al. [25] p�opo�ed 
an end-to-end �olut�on to gene�ate 3D �hape� w�th an adve��a��al autoencode� (AAE) fo� 3D po�nt 
cloud� u��ng a b�na�y �ep�e�entat�on �n the latent �pace. The AAE d�ffe�� f�om a V AE �n the lo�� 
computed on the latent �pace, whe�e the AAE u�e� the adve��a��al lo�� ��m�la� to a gene�at�ve 
adve��a��al netwo�k (GAN) wh�le the V AE u�e� the K ullback-Le�ble� (K L ) d�ve�gence to enfo�ce 
�egula��zat�on of the latent �pace. In ou� wo�k, we ta�get on the one hand the ext�act�on of featu�e� 
f�om 3D �hape data �et� �n an un�upe�v��ed way and on the othe� hand the gene�at�on of d�ve��e 
�olut�on� fo� fu�the� ��mulat�on and analy��� �n a veh�cle de��gn f�amewo�k. To fulf�ll both ta�get�, 
we p�opo�e a va��at�onal autoencode� fo� 3D po�nt cloud� (PC-V AE).  
 
The PC-V AE u�ed �n ou� expe��ment �� �mplemented ba�ed on an a�ch�tectu�e p�e�ented �n [8], 
[13], wh�ch extend� a p�opo�al �n [10], [15] (F�gu�e 18). The encode� pa�t of the PC-V AE follow� 
[11], [26], who p�opo�e to u�e 1D-convolut�onal laye�� togethe� w�th pe�mutat�on-�nva��ant global 
ope�ato�� (e.g., max-pool�ng at a deepe� laye� of the netwo�k) �n o�de� to make the a�ch�tectu�e 
�nva��ant aga�n�t pe�mutat�on� �n the �nput po�nt cloud�. The encode�-decode� �t�uctu�e u�ed he�e 
�� ��m�la� to the a�ch�tectu�e p�opo�ed �n [11], only the la�t laye� of the decode� �� �eplaced w�th 
��gmo�d act�vat�on funct�on� [10] to no�mal�ze the coo�d�nate� of all po�nt� to the �ange [0.1,0.9]. 
In ou� encode�, we u�e f�ve 1D-convolut�onal laye��, each followed by a ReLU [27] and a batch 
no�mal�zat�on laye�. The decode� con���t� of th�ee fully connected laye��. 
 

 
 

F �gu�e 18 - Ove�v�ew of the gene�at�ve PC-VAE fo� gene�at�ng de��gn�, �hape analy��� and eng�nee��ng opt�m�zat�on. 

To mod�fy the autoencode� a�ch�tectu�e �n [10], [11], [15] to become va��at�onal autoencode��, the 
output of the la�t convolut�on laye� �n the encode� �� pa��ed to a max-pool laye� that p�oduce� a  
k-d�men��onal vecto� that fo�m� the bottleneck fo� two �epa�ate k-d�men��onal vecto��: a mean 
vecto� µ  and a �tanda�d dev�at�on vecto�. The mean vecto� ha� no act�vat�on funct�on, wh�le the 
dev�at�on vecto� u�e� a ��gmo�d act�vat�on funct�on. A  vecto� �ampled f�om the latent d��t��but�on 
�� fed �nto the decode� netwo�k fo� �econ�t�uct�on of a po�nt cloud and �� �ep�e�ented a� a vecto� 
µ+�∗�, whe�e �~�ሺͲ,ͳሻ. The PC-V~ ݖ AE m�n�m�ze� the lo�� funct�on between the �nput po�nt 
cloud, �ଵ, and the �econ�t�ucted po�nt cloud, �ଶ, a� 
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ℒ��ℰሺ�ଵ,�ଶሻ=α �஼஽+ ��௄௅ ሺݍሺݖ|�ଵሻ ||݌ሺݖሻሻ                            (1) 
 

whe�e the f���t te�m on the ��ght-hand ��de denote� the �econ�t�uct�on lo��, mea�u�ed by the 
Chamfe� d��tance (CD).  
 

�஼஽ሺ�ଵ,�ଶሻ=∑ m in
௬∈ௌమ

ଶ|ݕ−ݔ|
ଶ

௫∈ௌభ +∑ m in
௫∈ௌభ

ଶ|ݕ−ݔ|
ଶ

௬∈ௌమ              (2) 

 
and the �econd te�m �� the K ullback-Le�ble� (K L )-d�ve�gence that �uant�f�e� the d��tance between 
the lea�ned latent �ep�e�entat�on and the p��o�. Both te�m� of the lo�� funct�on d�ffe� by �eve�al 
o�de�� of magn�tude. To b��dge th�� gap, two pa�amete�� α  and β a�e �nt�oduced to �cale the 
�econ�t�uct�on lo�� and K L-d�ve�gence, �e�pect�vely.  

 
(e te�ted ou� app�oach on an autoencode� t�a�ned on the ca� cla�� f�om ShapeNetCo�e [14], 
va�y�ng the d�men��onal�ty of the latent �pace. (e concluded that the laye�� of the encode� map 
the occupancy of the �nput �pace �athe� than complex geomet��c featu�e� [15], [19]. Tun�ng the 
pa�amete�� of the lo�� funct�on� �� an �mpo�tant a�pect to ove�come mode collap�e �n V AE and 
al�o to �mp�ove �econ�t�uct�on of the geomet��e�. (e u�ed a hype�pa�amete� opt�m�zat�on 
techn��ue (OPTUNA) [28] to tune α  and β �n e�uat�on (1). (e al�o u�ed a g��d �ea�ch and a���ved 
at pa�amete� value� of α  = 250 and β = 0.001, wh�ch �e�ulted �n an acceptable t�ade-off between 
the �econ�t�uct�on accu�acy and d�ve�gence �n the latent �pace. The wo�kflow to t�a�n a PC-V AE 
and python �c��pt� a�e expla�ned �n Append�x B. 
 
3.2.2 V al�dat�on of the 3D po�nt cloud va��at�onal autoencode� a�ch�tectu�e 
 
To val�date the �mplementat�on and funct�on of ou� p�opo�ed PC-V AE model, we compa�ed �t� 
gene�at�ve pe�fo�mance to that of ex��t�ng model� a� �epo�ted �n the l�te�atu�e, �pec�fically a �egula� 
AE [11] and a 3D-Adve��a��al AE (3dAAE-G) [25]. A� no p��o� wo�k wa� ba�ed on 3D ca� �hape�, 
we �e-t�a�ned ou� model on the cha�� cla�� of the ShapeNet data �et, �pl�t �nto 85 % t�a�n�ng, 5 % 
val�dat�on, and 10 % te�t-�pl�t to match the �ett�ng� to the �efe�ence model� f�om the l�te�atu�e. (e 
calculated the MMD-CD between the �econ�t�ucted po�nt cloud� and the�� co��e�pond�ng g�ound 
t�uth �n the te�t data �et of the cha�� ob�ect cla�� (Table 1). The �e�ult�ng MMD-CD value� �nd�cate 
that ou� model �� compa�able to ex��t�ng model� �ega�d�ng the ab�l�ty to encode and �econ�t�uct 
the data �et, �o that �n a next �tep, we can evaluate the model’� gene�at�ve capab�l�t�e� w�th �e�pect 
to �eal��m and novelty of gene�ated �hape�. 

 
Table 1: Compa���on of the �econ�t�uct�on capab�l�ty between ou� PC-VAE and �efe�ence model�. 

Method� MMD-CD 
PC-V AE .0008 
AE [10] .0011 

3dAAE [20] .0008 
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3.2.3 3D po�nt cloud va��at�onal autoencode� fo� gene�at�ng �eal��t�c and novel �hape� 
 
Once we have ou� t�a�ned model, we a�m at gene�at�ng both �eal��t�c and novel �hape�, a� both 
a�pect� a�e cent�al to appl�cat�on �n the eng�nee��ng doma�n. In othe� wo�d�, a model �hould 
gene�ate plau��ble �hape�, �.e., �hape� that �n �ome a�pect� clo�ely �e�emble the �hape� �n the 
data�et, but al�o novel o� d�ve��e �hape� that a�e �uffic�ently d��t�nct f�om the �hape� u�ed fo� 
t�a�n�ng. The t�a�ned gene�at�ve PC-V AE (def�ned �n �ect�on 3.2.1) can be u�ed to gene�ate a la�ge 
amount of de��gn �ample� e�the� by �ampl�ng f�om the latent �pace o� by �nte�polat�ng �n the latent 
�pace (a� �hown �n F�gu�e 19). To u�e a gene�at�ve model �n the eng�nee��ng de��gn p�oce��, the 
model ha� to be able to gene�ate �eal��t�c and novel �hape�. In ou� �e�ea�ch, we the�efo�e explo�ed 
method� to enfo�ce the gene�at�on of �uch �eal��t�c and novel �hape�. F�om the t�a�ned PC-V AE 
we gene�ate a �et of new �hape� (�ሻ, e�the� by �nte�polat�ng �n the latent �pace o� by �andom 
�ampl�ng of the lea�ned d��t��but�on �n the latent �pace. Fu�the�, we expla�ned method� to evaluate 
�eal��m and novelty of th�� gene�ated �hape�.  
 

 
F �gu�e 19 - Appl�cat�on of PC-VAE fo� de��gn gene�at�on� and evaluat�on�. 

 
E valuat�ng the �eal��m of the �hape� - To �uant�fy the “�eal��m” of a gene�ated �hape, Be�thelot 
et al. [29] p�opo�ed a mean d��tance (MD) met��c �n 2D that compa�e� the m�n�mum co��ne 
d��tance of the �nte�polated data-po�nt� w�th the o��g�nal data-po�nt� by find�ng the nea�e�t ne�ghbo� 
of each �nte�polat�on �tep �n the t�a�n�ng �et. S�m�la� to th�� app�oach, Achl�opta� et al. [11] 
p�opo�ed a m�n�mum match�ng d��tance (MMD) met��c to mea�u�e the clo�ene�� of two-po�nt 
cloud �et� u��ng the Chamfe� d��tance (CD) [13], whe�e clo�ene�� between �et� �� a��umed to 
�nd�cate a h�ghe� �eal��m. Be��de� follow�ng the �ame �dea a� the MD met��c, clo�ene�� mea�u�e� 
the d��tance of each po�nt �n a po�nt cloud �et to �t� nea�e�t ne�ghbo� �n anothe� �et u��ng the 
Chamfe� d��tance (CD). Th�� mea�u�e �� ��m�la� to the mean d��tance (MD) mea�u�e but u�e� 
Chamfe� d��tance (CD) to mea�u�e clo�ene�� between two-po�nt cloud �et�. So, we u�ed th�� 
app�oach to mea�u�e the �eal��m of the gene�ated �hape� u��ng PC-V AE. To al�o �uant�fy �eal��m, 
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we p�opo�e to employ the method �nt�oduced �n [11], [29], who mea�u�e the fea��b�l�ty of �hape� 
by the mean d��tance between the �hape� gene�ated th�ough �nte�polat�on �n the latent �pace (�efe� 
to a� �et �) and the �hape� �n data�et �.  
 
(e hypothe��zed that the PC-V AE due to the appl�ed �egula��zat�on lea�n� a �moothe� latent �pace 
compa�ed to the AE model, wh�ch �hould lead to the gene�at�on of mo�e �eal��t�c ca� �hape� when 
�econ�t�uct�ng �andom o� �nte�polated �ample� f�om the latent �pace of the PC-V AE compa�ed to 
the AE [30]. To te�t th�� hypothe���, we compa�ed �econ�t�uct�on� f�om a 10-�tep l�nea� 
�nte�polat�on between 50 �andomly �elected pa��� of ca� geomet��e� f�om the data �et S u��ng both 
ou� PC-V AE and the AE (F�gu�e 20). Each �nte�polat�on pa�� con���ted of an �n�t�al �hape A  and a 
ta�get �hape C, a� well a� an �nte�med�ate �hape� B, wh�ch we�e �econ�t�ucted f�om the 
�nte�polat�on �n the latent �pace. 

 
F �gu�e 20 – (A): In�t�al �hape. (B): Inte�polat�on between �hape� (A) and (C) �n 10 �tep�— �econ�t�uct�on of the �nte�polat�on at 
�tep� 2, 4, 6, 8, and 10. (C): Ta�get �hape. Top �ow: Recon�t�uct�on of the �nte�polat�on u��ng the p�opo�ed PC-VAE. Bottom �ow: 
Recon�t�uct�on of the �nte�polat�on u��ng the p�opo�ed PC-VAE. Bottom �ow: Recon�t�uct�on of the �nte�polat�on u��ng the AE. 
(D): MMD-CD mea�u�e fo� 50 �andomly �elected ca� pa��� (each w�th 10 �nte�polat�on �tep�) u��ng AE and PC-VAE (�haded a�ea� 
�nd�cate the �tanda�d dev�at�on). 

(e fi��t evaluated the gene�ated �hape� �ual�tat�vely by v��ual �n�pect�on. (e �how one example 
(F�gu�e 20 (A), (B), (C)), whe�e we ob�e�ved a ma�o� d�ffe�ence �n the �oof �eg�on. A  f���t v��ual 
�n�pect�on �how� that the �nte�med�ate �nte�polat�on� pe�fo�med �n the AE latent �pace lead to a 
�lanted �oof a� well a� to dent� �n the �oof �eg�on of the ca� �hape. The �nte�polat�on w�th the PC-
V AE �nduce� a mo�e g�adual change �n the �oof �eg�on and mo�tly ma�nta�ned the cu�vatu�e of the 
�oof, �n total lead�ng to mo�e �eal��t�c �nte�polated ca� �hape�.  
 
To al�o �uant�tat�vely a��e�� the d�ffe�ence of the gene�at�ve capab�l�ty between AE and PC-V AE, 
we calculated the clo�ene�� (MMD-CD) between the �ample� gene�ated fo� each �nte�polat�on and 
the �ample� �n the complete data�et � . F�gu�e 20 D �how� the MMD-CD ove� all 50 �nte�polat�on� 
fo� both, AE and PC-V AE. A  �tat��t�cal analy��� ve��f�ed ou� �e�ult� that �nte�polated �hape� w�th 
PC-V AE gene�ate lowe� MMD-CD compa�e to ba�el�ne AE, �ee fu�the� deta�l� �n [30]. Ove�all, 
the PC-V AE �howed a lowe� MMD-CD compa�ed to the AE, �nd�cat�ng that the �nte�polat�on led 
to �hape� that we�e mo�e ��m�la� to the t�a�n�ng �et �hape� and hence p�oduced mo�e �eal��t�c ca��. 
 
Ident�fy�ng novel �hape� u��ng a cla���f�e� - Bu�ld�ng a �u��ogate model on the latent 
�ep�e�entat�on def�ne� a �upe�v��ed lea�n�ng p�oblem to ext�act the �elat�on between the �nput and 
output. Su��ogate modell�ng y�eld� an ea��e� mechan��m fo� p�ed�ct�ng the �y�tem’� �e�pon�e fo� 
a new p�ev�ou�ly unob�e�ved �nput, wh�ch can be �ub�e�uently u�ed to accele�ate down�t�eam 
ta�k� �uch a� opt�m�zat�on loop� and �uant�tat�ve evaluat�on�. The�efo�e, afte� te�t�ng the capab�l�ty 
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of the PC-V AE to gene�ate �eal��t�c �hape�, we evaluated the d�ve���ty/novelty of the gene�ated 
�hape� u��ng a cla���f�e� ba�ed �u��ogate model (a� �hown �n F�gu�e 21 (A)).   

To �uant�fy the d�ve���ty/novelty of gene�ated �hape�, �, we u�ed the d�ve���ty mea�u�e p�e�ented 
�n [24]. S�m�la� to the app�oach outl�ned the�e, we t�a�ned a b�na�y cla���f�e� on the latent 
�ep�e�entat�on of the whole data�et �, whe�e the �nfo�mat�on whethe� a �ample belonged to e�the� 
the t�a�n�ng �et, �࢚ �࢘��, o� te�t �et, �࢚�࢙ ,࢚ wa� u�ed a� the label. The d�ve���ty �� then calculated a� 
the pe�centage of gene�ated �ample�, �, that a�e cla���f�ed a� belong�ng to the te�t �et. In othe� 
wo�d�, the cla���f�e� �uant�f�e� the pe�centage of �ample� gene�ated by the model that a�e clo�e� to 
the un�een te�t �et than to the t�a�n�ng �et. The h�ghe� the numbe� of gene�ated �ample� cla���f�ed 
�nto the un�een te�t �et, the h�ghe� the d�ve���ty of the model. He�e, we u�ed a mult�laye� pe�cept�on 
(MLP) w�th two h�dden laye�� [100, 60] and a tanh act�vat�on funct�on fo� the h�dden laye��. 

 

 
F �gu�e 21 – (A): Schemat�c ove�v�ew of the gene�at�ve d�ve���ty evaluat�on. (B): Qual�tat�ve compa���on of gene�at�ve d�ve���ty of 
PC-VAE and ba�el�ne AE+GMM. Row 1: Th�ee �andomly �elected �hape� f�om the gene�ated �ample�. Row 2-4: Nea�e�t ne�ghbo�� 
of the gene�ated �ample�. Row 2-4: Nea�e�t ne�ghbo�� of the gene�ated �hape� �n the t�a�n�ng �et (mea�u�ed by CD). 

 
Table 2: Compa��ng gene�at�ve d�ve���ty of the PC-VAE and the AE+GMM (ba�el�ne). Be�t gene�at�ve d�ve���ty fo� each t�a�n-

te�t-�pl�t �hown �n bold. 

T �a�n- te�t �pl�t AE +GMM PC-V AE  E ncode� 
50/50 40.3 ± 0.80 58.19 ± 0.19 
70/30 21.7 ± 0.5 26.96 ± 0.8 
90/10 4.0 ± 0.3 6.5 ± 0.08 

 
(e �epeated the expe��ment ten t�me�. The ave�aged pe�centage of gene�ated �ample� cla���fied a� 
belong�ng to the te�t �et a�e �hown �n Table 2. Fo� all t�a�n-te�t-�pl�t�, the PC-V AE gene�ated 
�hape� w�th a h�ghe� d�ve���ty than the ba�el�ne model. Fo� an add�t�onal, �ual�tat�ve evaluat�on of 
the gene�at�ve d�ve���ty of the model�, we �andomly �elected th�ee gene�ated �ample� f�om each 
model and �ea�ched fo� the th�ee nea�e�t ne�ghbo�� of each �hape �n the t�a�n�ng �et, �࢚ �࢘�� (F�gu�e 
21 (B)). Both model� gene�ated �eal��t�c �hape�, howeve� the PC-V AE gene�ated �hape� we�e mo�e 
d����m�la� to �t� nea�e�t ne�ghbo�� �n �࢚ �࢘�� compa�ed to the ba�el�ne model. 
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In [30], we al�o te�ted ou� a�ch�tectu�e fo� �t� ab�l�ty to gene�ate a novel type of ca� �hape� u��ng 
the cla���f�cat�on techn��ue. Th�� methodology help� to dete�m�ne the model’� capab�l�ty to 
gene�ate un�een novel �hape�. (e �e-t�a�ned the PC-V AE and the ba�el�ne AE on the ca� cla�� 
afte� manually exclud�ng all p�ckup t�uck de��gn� f�om the data. The p�ckup t�uck �hape� p�e�ent 
�n the data �et a�e a comb�nat�on of conve�t�ble� and coupe-l�ke ca� de��gn� (�ee F�gu�e 22 (A) fo� 
example�). (e u�ed the �epa�ated p�ckup t�uck �hape� a� the te�t �et, �࢚�࢙ ,࢚ (630 �hape� �n total). 
(e gene�ated 1800 �ample� (th�ee t�me� the ��ze of �࢚�࢙ )࢚, � , f�om the t�a�ned PC-V AE and 
ba�el�ne AE+GMM. (e then �et�a�ned the MLP cla���fie� on the new �࢚ �࢘�� and �࢚�࢙  ࢚to calculate 
the d�ve���ty of the gene�ated �hape�. Fu�the�mo�e, we calculated two othe� �uant�tat�ve mea�u�e�: 
cove�age and MMD-CD (fo� fu�the� deta�l� �ee [30]). A ll th�ee mea�u�e� �howed that the PC-V AE 
wa� able to gene�ate mo�e t�uck-l�ke and hence mo�e novel �hape�. Example� of gene�ated �hape� 
that we�e cla���fied a� belong�ng to �࢚�࢙ ,࢚ �.e., p�ckup t�uck� a�e �hown �n F�gu�e 22 (B, C). Note 
that the t�uck� gene�ated by the PC-V AE �how a �l�ghtly h�ghe� �ual�ty. 
 

 
F �gu�e 22 – (A): Randomly �ampled geomet��e� f�om the te�t �et con���t�ng of p�ckup t�uck �hape� only. (B): Shape� gene�ated by 
the AE+GMM ba�el�ne model that we�e cla���fied a� belong�ng to the te�t �et. (C): Shape� gene�ated by the PC-VAE cla���fied a� 
belong�ng to the te�t �et. (D): Compa��ng gene�at�ve d�ve���ty, cove�age and m�n�mum match�ng d��tance (MMD-CD) fo� a �ubcla�� 
of ca� �hape� on te�t �pl�t (be�t pe�fo�mance fo� each mea�u�e �hown �n bold.) 
 
(e want to empha��ze that th�� expe��ment po�e� a ��gn�f�cant challenge fo� the gene�at�ve model, 
��nce we a�e te�t�ng fo� the gene�at�on of a �hape that �� ��gn�ficantly d�ffe�ent f�om the t�a�n�ng 
�et, �࢚ �࢘��. Th�� d�fficulty �� al�o �eflected �n the �mall numbe� of gene�ated �hape� that a�e 
cla���fied a� t�uck-l�ke (3% of 1800 gene�ated �ample�, F�gu�e 22 (D)). Neve�thele��, both model� 
�u�p����ngly �howed the ab�l�ty to gene�ate �uch novel �hape�, not �een �n the t�a�n�ng �et, whe�e 
the PC-V AE gene�ated �hape� of h�ghe� �ual�ty. 
 
E nfo�c�ng gene�at�on of novel �hape� - To u�e a gene�at�ve model �n the eng�nee��ng de��gn 
p�oce��, the model ha� to be able to gene�ate �eal��t�c and novel �hape�. In ou� �e�ea�ch, we 
the�efo�e explo�ed method� to enfo�ce the gene�at�on of �uch �eal��t�c and novel �hape�. Afte� 
t�a�n�ng the cla���fie� (a� ment�oned �n Sect�on 3.2.3) we pe�fo�med an opt�m�zat�on on the �nput 
to the cla���fie� that wa� a�med at gene�at�ng novel �ample� that a�e cla���fied a� belong�ng to �࢚�࢙ ,࢚  
�.e., a�e con��de�ed novel o� d�ve��e. Recon�t�uct�ng the latent �ep�e�entat�on� �etu�ned by the 
opt�m�zat�on p�oce�� lead� then to the gene�at�on of novel �hape� �n a ta�geted fa�h�on. Howeve�, 
fo� the opt�m�zat�on, we t�a�ned an add�t�onal Gau���an p�oce�� model (GP) on the latent �pace 
�ep�e�entat�on and the co��e�pond�ng output p�obab�l�t�e� of the MLP cla���fie� fo� each �hape. (e 
t�a�ned an add�t�onal model to make u�e of g�ad�ent-ba�ed method� that a�e typ�cally fa�te�. Hence, 
we u�ed a d�ffe�ent�able model to map f�om the latent �ep�e�entat�on to the cla���ficat�on �e�ult�.  
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F �gu�e 23 - Schemat�c ove�v�ew of u��ng g�ad�ent ba�ed opt�m�zat�on fo� novel �hape� gene�at�on�. 

(e t�a�ned the GP on top of the cla���ficat�on �e�ult� to apply the B�oyden-Fletche�-Goldfa�b-
Shanno (BFGS) algo��thm to gene�ate �hape� that max�m�ze the GP output, �.e., the p�obab�l�ty of 
cla���fy�ng a latent �ample a� belong�ng to �࢚�࢙ .࢚ BFGS �� an �te�at�ve method fo� �olv�ng 
uncon�t�a�ned non-l�nea� opt�m�zat�on p�oblem� effic�ently. F�gu�e 23 �how� a �chemat�c ove�v�ew 
of ou� p�opo�ed opt�m�zat�on app�oach. In �um, we he�e p�opo�e an app�oach that �� a comb�nat�on 
of the explo�ato�y ab�l�ty of the PC-V AE, and a cla���fie� and opt�m�zat�on appl�ed to the lea�ned 
latent �pace. (h�le we make u�e of the explo�at�ve and gene�at�ve capab�l�t�e� of the PC-V AE, we 
ut�l�ze an add�t�onal model and opt�m�zat�on to �dent�fy and gu�de the gene�at�on of �hape� towa�d� 
mo�e novel de��gn�. Ou� �mplementat�on of the po�nt cloud va��at�onal autoencode� and how to 
u�e �t �� deta�led �n Append�x B. 
 

4. Su��ogate a����ted opt�m�zat�on and evaluat�on 

4.1. Imp�ov�ng veh�cle de��gn cla���f�cat�on 
 
A� �tated �n the �nt�oduct�on, ��mulat�on� of veh�cle bod�e�, l�ke computat�onal flu�d dynam�c� 
(CFD) fo� ae�odynam�c pe�fo�mance, a�e typ�cally ve�y t�me-con�um�ng and co�tly. The�efo�e, �t 
�� �mpo�tant �n any mult�-c��te��a opt�m�zat�on to �educe the numbe� of funct�on evaluat�on�. 
Mach�ne lea�n�ng method� allow ba�ed on g�ven data �et� to �dent�fy �olut�on p�opo�al�, wh�ch a�e 
l�kely to have a low pe�fo�mance and may not be con��de�ed fo� co�tly ��mulat�on�. Howeve�, �t �� 
often the ca�e that the data �� �mbalanced, wh�ch mean� that the �at�o between the �ample numbe� 
belong�ng to d�ffe�ent cla��e� �� ve�y la�ge. The cla���f�cat�on p�oblem unde� cla�� �mbalance ha� 
caught g�ow�ng attent�on f�om both the academ�c and �ndu�t��al f�eld. Recent advance� �n data 
�to�age and management a� well a� �n data �c�ence enable� p�act�t�one�� f�om �ndu�t�y and 
eng�nee��ng to collect a la�ge amount of data w�th the pu�po�e of ext�act�ng knowledge and ac�u��e 
h�dden �n��ght�. An example may be �llu�t�ated f�om the f�eld of computat�onal de��gn 
opt�m�zat�on, whe�e p�oduct pa�amete�� a�e mod�f�ed to gene�ate d�g�tal p�ototype�, wh�ch 
pe�fo�mance� a�e evaluated by nume��cal ��mulat�on� o� ba�ed on e�uat�on� exp�e���ng human 
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heu���t�c� and p�efe�ence�. S�nce the �at�o between val�d and �nval�d de��gn� �� l�kely to favou� 
val�d de��gn�, we w�ll typ�cally have an �mbalanced data �et. Unde� th�� c��cum�tance, a databa�e 
would conta�n a la�ge numbe� of de��gn� wh�ch a�e val�d (even �f �ome may be of low pe�fo�mance) 
and a �malle� numbe� of de��gn� wh�ch v�olate p�e-def�ned p�oduct �e�u��ement�. In ou� �tudy, we 
�et up �eve�al expe��ment� on ou� �eal-wo�ld �n�p��ed veh�cle data�et to �tudy whethe� pe�fo�m�ng 
ove��ampl�ng techn��ue� can �mp�ove veh�cle de��gn cla���f�cat�on. Deta�led �nfo�mat�on on the 
data�et �� ava�lable �n [31] and �n the ECOLE del�ve�able �epo�t D1.1, Sect�on 2. 

 
(e b��efly �ev�ew ��x powe�ful ove��ampl�ng app�oache�, �nclud�ng both “cla���cal" one� 
(SMOTE, ADASY N, M(MOTE) and new one� (RACOG, wRACOG, R(O-Sampl�ng) [32], 
[33], [34], [35], [36]. The ��x �ev�ewed ove��ampl�ng techn��ue� can be d�v�ded �nto two g�oup� 
acco�d�ng to whethe� they con��de� the ove�all m�no��ty cla�� d��t��but�on. Among the ��x 
app�oache�, RACOG, wRACOG, and R(O-Sampl�ng con��de� the ove�all m�no��ty cla�� 
d��t��but�on wh�le the othe� th�ee do not. Due to the l�m�ted �pace, we only �nt�oduce the wo�k�ng 
p�ocedu�e of the SMOTE, ADASY N, ROCOG and wRACOG he�e, the wo�k�ng p�ocedu�e of the 
othe� two ove��ampl�ng techn��ue� a�e de�c��bed �n [31]. 
 
SMOT E  and ADASY N - The �ynthet�c m�no��ty ove��ampl�ng techn��ue (SMOTE) �� the mo�t 
famou� �e�ampl�ng techn��ue [32]. SMOTE p�oduce� �ynthet�c m�no��ty �ample� ba�ed on the 
�andomly cho�en m�no��ty �ample� and the�� K-nea�e�t ne�ghbo��. The new �ynthet�c �ample can 
be gene�ated by u��ng the �andom�zed �nte�polat�on �cheme above fo� m�no��ty �ample�. The ma�n 
�mp�ovement �n the adapt�ve �ynthet�c (ADASY N) �ampl�ng techn��ue �� that the �ample� wh�ch 
a�e ha�de� to lea�n a�e g�ven h�ghe� �mpo�tance and w�ll be ove��ampled mo�e often �n ADASY N 
[33]. 
  
R ACOG and wRACOG - The ove��ampl�ng app�oache� can effect�vely �nc�ea�e the numbe� of 
m�no��ty cla�� �ample� and ach�eve a balanced t�a�n�ng data�et fo� cla���f�e��. Howeve�, the 
ove��ampl�ng app�oache� �nt�oduced above heav�ly �eply on local �nfo�mat�on of the m�no��ty 
cla�� �ample� and do not take the ove�all d��t��but�on of the m�no��ty cla�� �nto account. Hence, 
the global �nfo�mat�on of the m�no��ty �ample� cannot be gua�anteed. In o�de� to tackle th�� 
p�oblem, Da� et al. [35] p�opo�ed RACOG (RAp�dy COnve�g�ng G�bb�) and wRACOG ((�appe�-
ba�ed RAp�dy COnve�g�ng G�bb�). 

 
In the�e two algo��thm�, the n-d�men��onal p�obab�l�ty d��t��but�on of the m�no��ty cla�� �� 
opt�mally app�ox�mated by Chow-L�u'� dependence t�ee algo��thm and the �ynthet�c �ample� a�e 
gene�ated f�om the app�ox�mated d��t��but�on u��ng G�bb� �ampl�ng. In�tead of �unn�ng an 
“exhau�t�ng” long Ma�kov cha�n, the two algo��thm� p�oduce mult�ple �elat�vely �ho�t Ma�kov 
cha�n�, each �ta�t�ng w�th a d�ffe�ent m�no��ty cla�� �ample. RACOG �elect� the new m�no��ty 
�ample� f�om the G�bb� �ample� u��ng a p�edef�ned lag and th�� �elect�on p�ocedu�e doe� not take 
the u�efulne�� of the gene�ated �ample� �nto account. On the othe� hand, wRACOG con��de�� the 
u�efulne�� of the gene�ated �ample� and �elect� tho�e �ample� wh�ch have the h�ghe�t p�obab�l�ty 
of be�ng m��cla���f�ed by the ex��t�ng lea�n�ng model [35], [37]. 
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The o��g�nal �dea of the geomet��c data fo� eng�nee��ng appl�cat�on� ha� been p�ov�ded �n D1.1 
Sect�on 2. Hence, we only empha��ze the �ynthet�c data�et gene�at�on p�ocedu�e he�e. Fo� the 
expe��ment� we adopted the computat�onal flu�d dynam�c� (CFD) ��mulat�on of a conf�gu�at�on of 
the TUM D��vAe� model [5]. The ��mulat�on model �� defo�med u��ng the FFD algo��thm w�th a 
latt�ce w�th 7 plane� �n x- and z-d��ect�on�, and 10 �n y-d��ect�on (F�gu�e 24). The plane� clo�e� to 
the bounda��e� of the cont�ol volume a�e not d��placed �n o�de� to enable a �mooth t�an��t�on f�om 
the �eg�on affected by the defo�mat�on� to the o��g�nal doma�n. A��um�ng �ymmet�y of the �hape 
w�th �e�pect to the ve�t�cal plane (xz) and a��um�ng defo�mat�on� cau�ed by d��placement of ent��e 
cont�ol plane� only �n the d��ect�on of the�� no�mal vecto��, we def�ne a de��gn �pace w�th n�ne 
pa�amete��. To gene�ate the data �et, the d��placement� x� we�e �ampled f�om a �andom un�fo�m 
d��t��but�on and con�t�a�ned to the volume of the latt�ce, allow�ng the ove�lap of plane�. 

 

F �gu�e 24 - F�ee fo�m defo�mat�on latt�ce u�ed to gene�ate the data �et fo� the expe��ment�. 
 

The �n�t�al me�h wa� gene�ated u��ng the algo��thm� blockMe�h and �nappyHexMe�h of 
OpenFOAM. (e automat�cally gene�ated 300 me�he� ba�ed on the FFD algo��thm �mplemented 
�n Python and evaluated them u��ng the OpenFOAM checkMe�h �out�ne. In the p�oce��, ��x 
me�he� we�e d��ca�ded due to e��o�� �n the me�h�ng p�oce��. The met��c� u�ed to def�ne the �ual�ty 
of the me�he� we�e the numbe� of wa�n�ng� �a��ed by the checkMe�h algo��thm, the max�mum 
�kewne�� and max�mum a�pect �at�o. (e manually labelled the fea��ble me�he� acco�d�ng to the 
�ule� �hown �n Table 3. The �mbalance �at�o� afte� manual labell�ng a�e al�o g�ven �n Table 3. 
Plea�e note that the �nput att��bute� a�e exactly the �ame fo� all th�ee �et� of data�et�, only the 
“cla��” label� a�e d�ffe�ent.  
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Table 3: Fea��ble me�he� labell�ng �ule. 

Data�et #Att��bute #Sample #(a�n�ng� Max �kewne�� Max a�pect �at�o IR 
Set1 9 294 <4 <6 <10 6.35 
Set2 9 294 <4 <6.2 <10.5 2.54 
Set3 9 294 <2 <5.8 <10.3 12.36 

                                                             
The expe��mental �e�ult� on the d�g�tal veh�cle data�et a�e g�ven �n Table 4. (e f�nd that apply�ng 
the ove��ampl�ng techn��ue� can �mp�ove the pe�fo�mance by a�ound 10% fo� ou� d�g�tal veh�cle 
data�et�. 

Table 4: Expe��mental Re�ult� (AUC) on D�g�tal Veh�cle Data�et (w�th Dec���on T�ee). 

Data�et Ba�el�ne SMOTE ADASY N M(MOTE RACOG wRACOG R(O 
Set1 0.7786 0.8412 0.8315 0.8354 0.8543 0.8406 0.8502 
Set2 0.6952 0.7575 0.7560 0.7651 0.7614 0.7421 0.7452 
Set3 0.6708 0.7780 0.7792 0.7660 0.7823 0.7534 0.7743 

 
In th�� wo�k, we �ev�ewed ��x powe�ful ove��ampl�ng techn��ue�, �nclud�ng “cla���cal” one� 
(SMOTE, ADASY N and M(MOTE) and new one� (RACOG, wRACOG and R(O-Sampl�ng), 
�n wh�ch the new one� con��de� the m�no��ty cla�� d��t��but�on wh�le the “cla���cal” one� do not. 
The ��x �ev�ewed ove��ampl�ng app�oache� we�e te�ted on 19 benchma�k �mbalanced data�et� (not 
de�c��bed �n th�� �epo�t, �ee [31]) and an �mbalanced �eal-wo�ld �n�p��ed veh�cle data�et to 
�nve�t�gate the�� eff�c�ency. 

In ou� expe��ment, �n mo�t ca�e�, ove��ampl�ng app�oache� wh�ch con��de� the m�no��ty cla�� 
d��t��but�on (RACOG, wRACOG and R(O-Sampl�ng) pe�fo�m bette�. Fo� both the benchma�k 
data �et� and ou� �eal-wo�ld �n�p��ed data �et, RACOG pe�fo�m� be�t and M(MOTE �econd be�t. 
The appl�cat�on of the �mbalanced lea�n�ng techn��ue�, �.e., ove��ampl�ng app�oache�, to the 
veh�cle de��gn cla���f�cat�on p�oblem ha� �hown to be a �ucce�� w�th an �mp�ovement of 
cla���f�cat�on pe�fo�mance by a�ound 10%. The �c��pt� and wo�kflow fo� veh�cle de��gn 
cla���f�cat�on a�e expla�ned �n mo�e deta�l �n Append�x C. 
 

5. Summa�y and Outlook 
 
Th�� �epo�t �nt�oduce� �ome e��ent�al component� fo� mult�-c��te��a de��gn opt�m�zat�on, namely 
un�upe�v��ed lea�n�ng method� of featu�e� �ep�e�ent�ng 3D de��gn� and a cla���f�cat�on techn��ue 
to m�n�m�ze computat�onal co�t� of de��gn ��mulat�on�. (e p�ov�ded deta�l� on ou� developed 
po�nt cloud (va��at�onal) autoencode� a�ch�tectu�e� and ou� �e�ea�ch �e�ult� ba�ed on both 
�mplementat�on�. (e �epo�ted on val�dat�on �e�ult� and �nt�oduced potent�al appl�cat�on� �n mult�-
c��te��a de��gn opt�m�zat�on. A long w�th the �oftwa�e deta�l� g�ven �n the follow�ng Append�ce�, 
othe� �e�ea�che�� a�e enabled to ut�l�ze ou� code to compa�e the�� own method� w�th ou� �e�ult� o� 
to extend ou� f�amewo�k� fo� �olv�ng add�t�onal �e�ea�ch �ue�t�on�. (e have al�o �hown how 
cla���f�cat�on of �mbalanced data �uppo�t� the opt�m�zat�on and �educe� (computat�onal) co�t� to 
fulf�ll con�t�a�nt�. Futu�e wo�k w�ll cove� the appl�cat�on of th�� method to the featu�e�, �.e., latent 
pa�amete�� of ca� model�, wh�ch a�e ext�acted by ou� autoencode�� �n an un�upe�v��ed fa�h�on. 
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In the follow�ng Append�x, the deta�l� on how to u�e ou� �oftwa�e a�e p�ov�ded. Acco�d�ng to the 
ECOLE data management plan document (D5.3), the �oftwa�e fo� ou� (va��at�onal) autoencode� �� 
cla���f�ed a� �e�t��cted, �.e., the �oftwa�e can be acce��ed v�a the Bea� Data �ha��ng �epo��to�y of 
the Un�ve���ty of B��m�ngham (http�://bea�data�ha�e.bham.ac.uk/log�n) afte� �eg��t�at�on ha� been 
�e�ue�ted and completed, o� by contact th�ough the fo�m p�ov�ded on the ECOLE webpage: 
http�://ecole-�tn.eu/contact/. 
 
The �oftwa�e fo� the cla���f�cat�on of �mbalanced data �� ava�lable on Zenodo. The l�nk �� g�ven �n 
Append�x C. 
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Append�x  
 
The �oftwa�e module� have been developed u��ng Python (Append�ce� A  and B) and R  
(Append�x C) and thu� need p��o� Python/R �n�tallat�on�. The �c��pt� �n the p�e�ent �epo��to�y a�e 
p�ov�ded unde� the te�m� of the GNU Gene�al Publ�c L �cen�e a� publ��hed by the F�ee Softwa�e 
Foundat�on, e�the� ve���on 3 of the L �cen�e, o� any late� ve���on. 
 
The �c��pt� de�c��bed �n the Append�ce� A  and B we�e te�ted w�th L �nux OS (Ubuntu 18.04, Conda 
env��onment) and Python 3.6.10 and �e�u��e the �n�tallat�on of the follow�ng Python l�b�a��e�: 

 numpy, ve���on 1.19.1 
 Ten�o�Flow, ve���on 1.14.0 
 TFLea�n, ve���on 0.3.2 
 cudatoolk�t, ve���on 10.1.168 
 cuDNN, ve���on 7.6.5 
 panda�, ve���on 1.1.0 
 �mplementat�on of the Chamfe� d��tance u�ed �n [38], ava�lable at  

http�://g�thub.com/opta�/latent_3d_po�nt�. If the �c��pt� a�e u�ed �n an env��onment w�th 
Python 2.7+, CUDA 8.0+ o� cuDNN 6.0+, the �c��pt� �n [38] f�om Achl�opta� et al. mu�t 
be ad�u�ted and comp�led to the cu��ent ve���on� �n the env��onment. 

 
Fu�the�mo�e, the data �et fo� t�a�n�ng the po�nt cloud autoencode�� have to be �to�ed �n a ��ngle 
d��ecto�y, wh�ch comp���e� f�le� �n one of the follow�ng fo�mat�: .c�v, .xyz, .�tl o� .ob�. The 
algo��thm� �n the data p�e-p�oce���ng �c��pt we�e developed to load f�le� f�om a d��ecto�y w�th 
m�xed fo�mat�, howeve�, �t �� not �ecommended. If the u�e� would l�ke to t�a�n o� te�t the model� 
on the ShapeNetCo�e data, fo� example, the data have to be p�e-p�oce��ed and o�gan�zed �n a ��ngle 
d��ecto�y p��o� to the t�a�n�ng, othe�w��e the �c��pt� cannot load the po�nt cloud data. 
 
Fo� the �oftwa�e �n Append�x C, the R �oftwa�e need� to be �n�talled along w�th R package� fo� 
�mbalance cla���f�cat�on. The t�a�n�ng data f�om the K EEL  data �et [39] need� to be p�ep�oce��ed 
befo�e be�ng loaded �nto the �c��pt�, by chang�ng the f�le fo�mat f�om .dat to .c�v and the cla�� 
label� f�om {po��t�ve, negat�ve}  to {1, 0} .  

Append�x A  – V an�lla 3D po�nt cloud autoencode� �c��pt� 
Step 1: T �a�n�ng the autoencode� – the f���t �tep to u�e the autoencode� �� to t�a�n the pa�amete�� 
on a data �et of 3D po�nt cloud�. The t�a�n�ng algo��thm �� pe�fo�med by u��ng the follow�ng 
command �n the te�m�nal: 
 
pyt hon pc ae_ t � a� n� ng. py - - N [ po� nt _ c l oud_ � � z e]  - - LR [ l � _ � � z e]  - - GPU [ gpu_ � d]  
- - �  [ dat a_ � et _ d� � ec t o� y]  - - o [ out put _ d� � ec t o� y]  
 
The �c��pt gene�ate� a d��ecto�y named Netwo�k_pcae_N{�}_LR{�} �n the output d��ecto�y, a� 
def�ned fo� the pa�amete� –o, w�th value� of � and � a� a���gned to --N and --LR, �e�pect�vely. If the 
pa�amete� �� not �pec�f�ed, the d��ecto�y �� c�eated �n the path, whe�e the u�e� �ta�t� the t�a�n�ng 
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algo��thm. Fu�the� pa�amete�� of the a�ch�tectu�e we�e ha�d coded �n the t�a�n�ng �c��pt and, �f 
nece��a�y, need to be changed �n the pcae_t�a�n�ng.py f�le (F�gu�e 25). 
 
The �c��pt output� the follow�ng f�le�: 

 checkpo�nt, pcae.data-00000-of-00001, pcae.�ndex and pcae.meta: the�e f�le� �to�e 
�nfo�mat�on about the ten�o�flow g�aph and a�e u�ed to �ecove� the t�a�ned pa�amete��. 

 geomet��e�_t�a�n�ng.c�v and geomet��e�_te�t�ng.c�v: text f�le� conta�n�ng the path to the 
geomet��e� a���gned to the t�a�n�ng and te�t�ng pa�t�t�on�. 

 pcae_N{ } _LR{ } _lo��e�_t�a�n�ng.c�v and pcae_N{ } _LR{ } _lo��e�_te�t.c�v: text f�le� 
conta�n�ng the value� of the mean and �tanda�d dev�at�on calculated fo� each epoch on the 
t�a�n�ng and te�t pa�t�t�on�. 

 no�mvalue�.c�v: conta�n� the max�mum and m�n�mum value� ob�e�ved �n the data �et, u�ed 
fo� no�mal�z�ng the data befo�e t�a�n�ng 

 plot_ lo��e�_pcae_N{ } _LR{ } .png: �catte� plot of the lo��e� computed on the t�a�n�ng and 
te�t �et�. 

 log_d�ct�ona�y.py: python d�ct�ona�y conta�n�ng the pa�amete�� a���gned fo� t�a�n�ng the 
autoencode�. 

 
F �gu�e 25 - Conf�gu�at�on� and �nfo�mat�on wo�kflow of the autoencode� t�a�n�ng algo��thm. 

Step 2: T e�t�ng the t�a�ned a�ch�tectu�e – The t�a�ned a�ch�tectu�e can be te�ted u��ng two 
�c��pt�: one fo� comput�ng the �econ�t�uct�on lo�� on a �et of po�nt cloud� and the othe� fo� 
gene�at�ng po�nt cloud� f�om �ample� �n the latent �pace. Fo� comput�ng the �econ�t�uct�on lo��e�, 
the follow�ng command �hould be u�ed �n the te�m�nal: 
 
pyt hon eval uat e_ l o� � . py  - - N [ po� nt _ c l oud_ � � z e]  - - LR [ l � _ � � z e]  - - GPU [ gpu_ � d]  
- - �  [ l � � t _ w� t h_ po� nt c l oud� _ pat h]  - - VAE Fal � e  
 
whe�e the pa�amete� --� �pec�f�e� the path to a text f�le, wh�ch conta�n� the path� of the po�nt cloud� 
that �hould be u�ed a� �nput. Fo� th�� �c��pt, the po�nt cloud data have to be �to�ed a� .xyz f�le�, 
othe�w��e they cannot be loaded fo� te�t�ng the a�ch�tectu�e. An example of potent�al l��t f�le� that 
could be u�ed a�e the geomet��e�_t�a�n�ng.c�v and geomet��e�_te�t�ng.c�v, gene�ated by the 
autoencode� t�a�n�ng algo��thm. The output of the �c��pt �� a f�le named �econ�t�uct�on_lo��e�.dat 
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�n the d��ecto�y pcae_te�t, gene�ated �n��de the t�a�n�ng folde�, conta�n�ng the path to the te�ted 
geomet��e�, co��e�pond�ng latent �ep�e�entat�on� and the computed �econ�t�uct�on lo��e�. 
 
S�nce both a�ch�tectu�e� and algo��thm� a�e ve�y ��m�la�, a ��ngle �c��pt wa� developed fo� te�t�ng 
both a�ch�tectu�e�. The pa�amete� --VAE, �� a flag to �nd�cate whethe� the �c��pt �� appl�ed to a 
V an�lla (Fal�e) o� V a��at�onal (T�ue) autoencode�, �uch that the algo��thm can a���gn d�ffe�ent 
path� and a�ch�tectu�e�. If not a���gned, �t �� a��umed that the algo��thm �� appl�ed to a van�lla 
autoencode�. 
 
Fo� gene�at�ng po�nt cloud� f�om �ample� �n the latent �pace, the follow�ng command �hould be 
�nput to the te�m�nal: 
 
pyt hon po� nt c l oud_ gene� at o� . py  - - N [ po� nt _ c l oud_ � � z e]  - - LR [ l � _ � � z e]   
- - GPU [ gpu_ � d]  - - �  [ l � � t _ w� t h_ l at ent va� � abl e� _ pat h]  - - VAE Fal � e  
 
The f�le a���gned to the pa�amete� --� mu�t comp���e the value� of the latent va��able� to �econ�t�uct 
the po�nt cloud�, fo�matted a� comma-�epa�ated value�: each l�ne de�c��be� the latent 
�ep�e�entat�on of a �hape w�th latent va��able� �epa�ated by comma�. The �ema�n�ng pa�amete�� 
enable the �ame funct�onal�t�e� a� de�c��bed fo� the p�ev�ou� �c��pt�. The output� of the algo��thm 
a�e po�nt cloud data (.xyz) and plot� (.html), �to�ed �n a folde� po�nt_cloud_gene�at�on �n��de the 
t�a�n�ng d��ecto�y of the autoencode�. 
 
Step 3: E xt�act�ng the netwo�k pa�amete�� – �n o�de� to u�e the t�a�ned we�ght� and b�a�e� �n 
fu�the� appl�cat�on w�thout �e�u���ng the ten�o�flow g�aph f�le�, one can ext�act and �ave the 
pa�amete�� a� text f�le�, �unn�ng the follow�ng command �n the te�m�nal: 
 
pyt hon ae_ pa� amet e� � _ ext � ac t � on. py - - N [ po� nt _ c l oud_ � � z e]   
–- LR [ l at ent _ � ep� e� ent at � on_ � � z e]  - - GPU [ gpu_ � d]  - - VAE [ T� ue  
 
The output of the �c��pt a�e .*dat f�le� w�th the co��e�pond�ng name of the laye�, a� a���gned �n the 
f�le a�ch�tectu�e_autoencode��.py, comp����ng the value� of the t�a�ned pa�amete��. 
 
Step 4: E xample of appl�cat�on – �n o�de� to �llu�t�ate a potent�al appl�cat�on of the autoencode�, 
we p�ov�de a �c��pt that pe�fo�m� �nte�polat�on between �hape� �n the t�a�n�ng and te�t �et�, u��ng 
the �ep�e�entat�on� �n the latent �pace. The algo��thm �un� by call�ng the follow�ng command �n 
the te�m�nal w�ndow: 
 
pyt hon aut oenc ode� _ l � _ � nt e� pol at � on. py - - N [ pc _ � � z e]   
- - LR [ l at ent _ � pac e_ d� men� � on]  - - VAE [ � f  va� � at � onal ,  T� ue]   
- - GPU [ gpu_ t o_ be_ a� � � gned]  - - VAE [ T� ue/ Fal � e]  
 
whe�e the pa�amete�� a���gned �n the command l�ne have the �ame funct�onal�ty a� �n the p�ev�ou� 
�c��pt�. The algo��thm a���gn� f�ve �hape� f�om the t�a�n�ng �et and f�ve f�om the te�t �et to the 
�nte�polat�on batch, and gene�ate� f�ve �nte�med�ate �ep�e�entat�on� between each �hape, wh�ch a�e 
�econ�t�ucted u��ng the decode� and plotted a� .png and .html f�le� (F�gu�e 26). Afte� plott�ng the 
po�nt cloud�, the algo��thm gene�ate� a .g�f an�mat�on of the �nte�polat�on, �to�ed �n the d��ecto�y 
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po�nt_cloud_�tne�polat�on, c�eated �n��de the autoencode� t�a�n�ng folde�, togethe� w�th the othe� 
f�le�. 
 
 

 
 

F �gu�e 26 - Data wo�kflow fo� a �hape �nte�polat�on ta�k pe�fo�med �n the latent �pace. 

Acco�d�ng to the ECOLE data management plan document (D5.3) the �oftwa�e �n Append�x A  �� 
cla���f�ed a� �e�t��cted,  �.e., the �oftwa�e  can  be  acce��ed  v�a  the  Bea�  Data  �ha��ng �epo��to�y  
of  the  Un�ve���ty  of  B��m�ngham (http�://bea�data�ha�e.bham.ac.uk/log�n)  afte�  �eg��t�at�on ha� 
been �e�ue�ted and completed, o� by contact th�ough the fo�m p�ov�ded on the ECOLE webpage: 
http�://ecole-�tn.eu/contact/. 
The f�lename ��: D1_Po�ntCloudAutoencode�-200921-RESTRICTED.tgz 

Append�x B – 3D po�nt cloud va��at�onal autoencode� �c��pt� 
The �mplementat�on of 3D po�nt cloud va��at�onal autoencode� (PC-V AE) vpcae_t�a�n�ng.py - �� 
tuned fo� the ca� cla�� of ShapeNet data�et, �.e. the opt�mal value of alpha and beta fo� t�a�n�ng 
PC-V AE w�th ca� cla�� �hape�. The �c��pt fo� t�a�n�ng the autoencode� ha� a �athe� f�xed �t�uctu�e, 
whe�e one a���gn� the a�ch�tectu�e and t�a�n�ng hype�pa�amete�� and pe�fo�m� the opt�m�zat�on of 
the netwo�k we�ght�. Afte� t�a�n�ng the model, the �c��pt al�o �ave� the a�ch�tectu�e w�th t�a�ned 
we�ght�, wh�ch can be u�ed �n down�t�eam ta�k�, the h��to�y of lo��e� du��ng t�a�n�ng and the log 
of the �hape� �ampled f�om the data �et. The �c��pt can �un u��ng the �nl�ne command. A  �chemat�c 
ove�v�ew of the data flow fo� t�a�n�ng the po�nt cloud autoencode� �� �hown �n F�gu�e 27. The �tep� 
fo� t�a�n�ng and apply�ng the va��at�onal autoencode� a�e a� follow�: 
 
Step 1: T �a�n�ng the autoencode� – the f���t �tep to u�e the autoencode� �� to t�a�n the pa�amete�� 
on a data �et of 3D po�nt cloud�. The t�a�n�ng algo��thm �� pe�fo�med by u��ng the follow�ng 
command �n the te�m�nal: 
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pyt hon vpc ae_ t � a� n� ng. py – �  [ pat h t o dat a� et ]  - - o [ pat h t o out put  d� � ec t o� y  -
- N [ pc _ � � z e]  - - LR [ l at ent _ � pac e_ d� men� � on]  - - GPU [ GPU � d]  
 
The �c��pt gene�ate� a d��ecto�y named Netwo�k_v_pcae_N{�}_LR{�} �n the output d��ecto�y, a� 
def�ned by the pa�amete� –o, w�th value� of � and � a� a���gned to --N and --LR, �e�pect�vely. If the 
pa�amete� �� not �pec�f�ed, the d��ecto�y �� c�eated �n the path whe�e the u�e� �ta�t� the t�a�n�ng 
algo��thm. Fu�the� pa�amete�� of the a�ch�tectu�e we�e ha�d coded �n the t�a�n�ng �c��pt and, �f 
nece��a�y, need to be changed �n the vpcae_t�a�n�ng.py f�le (F�gu�e 27). 
 
The �c��pt output� the follow�ng f�le�: 

 checkpo�nt, vpcae.data-00000-of-00001, vpcae.�ndex and vpcae.meta: the�e f�le� �to�e 
�nfo�mat�on about the ten�o�flow g�aph and a�e u�ed to �ecove� the t�a�ned pa�amete��. 

 geomet��e�_t�a�n�ng.c�v and geomet��e�_te�t�ng.c�v: text f�le� conta�n�ng the path to the 
geomet��e� a���gned to the t�a�n�ng and te�t�ng pa�t�t�on�. 

 v_pcae_N{ } _LR{ } _lo��e�_t�a�n�ng.c�v and v_pcae_N{ } _LR{ } _lo��e�_te�t.c�v: text f�le� 
conta�n�ng the value� of the mean and �tanda�d dev�at�on calculated fo� each epoch on the 
t�a�n�ng and te�t pa�t�t�on�. 

 v_pcae_N{ } _LR{ } _�econ_lo��e�_t�a�n�ng.c�v and 
v_pcae_N{ } _LR{ } _�econ_lo��e�_te�t.c�v: text f�le� conta�n�ng the value� of the mean 
and �tanda�d dev�at�on calculated fo� each epoch on the t�a�n�ng and te�t pa�t�t�on� fo� the 
�econ�t�uct�on lo��. 

 v_pcae_N{ } _LR{ } _K L_lo��e�_t�a�n�ng.c�v and v_pcae_N{ } _LR{ } _K L_lo��e�_te�t.c�v: 
text f�le� conta�n�ng the value� of the mean and �tanda�d dev�at�on calculated fo� each 
epoch on the t�a�n�ng and te�t pa�t�t�on� fo� the K L  d�ve�gence lo��. 

 no�mvalue�.c�v: conta�n� the max�mum and m�n�mum value� ob�e�ved �n the data �et, u�ed 
fo� no�mal�z�ng the data befo�e t�a�n�ng 

 plot_ lo��e�_v_pcae_N{ } _LR{ } .png: �catte� plot of the lo��e� computed on the t�a�n�ng and 
te�t �et�. 

 log_d�ct�ona�y.py: Python d�ct�ona�y conta�n�ng the pa�amete�� a���gned fo� t�a�n�ng the 
autoencode�. 
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 T�a�n�ng.pkl, te�t.pkl, val�dat�on.pkl : p�ckle f�le conta�n�ng the t�a�n�ng,te�t and val�dat�on �hape�.

 
F �gu�e 27 - Data wo�kflow of va��at�onal autoencode� t�a�n�ng �n Step 1. 

Step 2: T e�t�ng the t�a�ned a�ch�tectu�e – The t�a�ned a�ch�tectu�e can be te�ted u��ng two 
�c��pt�: one fo� comput�ng the �econ�t�uct�on lo�� on a �et of po�nt cloud� and the othe� fo� 
gene�at�ng po�nt cloud� f�om �ample� �n the latent �pace. Fo� comput�ng the �econ�t�uct�on lo��e�, 
the follow�ng command �hould be u�ed �n the te�m�nal: 
 
pyt hon eval uat e_ l o� � . py  - - N [ po� nt _ c l oud_ � � z e]  - - LR [ l � _ � � z e]  - - GPU [ gpu_ � d]  
- - �  [ l � � t _ w� t h_ po� nt c l oud� _ pat h]  - - VAE T� ue  
 
whe�e the pa�amete� --� �pec�f�e� the path to a text f�le, wh�ch conta�n� the path� of the po�nt cloud� 
that �hould be u�ed a� �nput. Fo� th�� �c��pt, the po�nt cloud data have to be �to�ed a� .xyz f�le�, 
othe�w��e they cannot be loaded fo� te�t�ng the a�ch�tectu�e. An example of potent�al l��t f�le� that 
could be u�ed a�e the geomet��e�_t�a�n�ng.c�v and geomet��e�_te�t�ng.c�v, gene�ated by the 
autoencode� t�a�n�ng algo��thm. The output of the �c��pt �� a f�le named �econ�t�uct�on_lo��e�.dat 
�n the d��ecto�y pcae_te�t, gene�ated �n��de the t�a�n�ng folde�, conta�n�ng the path to the te�ted 
geomet��e�, co��e�pond�ng latent �ep�e�entat�on� and the computed �econ�t�uct�on lo��e�. The 
wo�kflow of the �c��pt �� de�c��bed �n F�gu�e 28. 
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F �gu�e 28 - Data wo�kflow fo� evaluat�ng the �econ�t�uct�on lo�� u��ng the t�a�ned model 

  
Fo� gene�at�ng po�nt cloud� f�om �ample� �n the latent �pace, the follow�ng command �hould be 
u�ed �n the te�m�nal: 
 
pyt hon po� nt c l oud_ gene� at o� . py  - - N [ po� nt _ c l oud_ � � z e]  - - LR [ l � _ � � z e]   
- - GPU [ gpu_ � d]  - - �  [ l � � t _ w� t h_ l at ent va� � abl e� _ pat h]  - - VAE T� ue  
 
The f�le a���gned to the pa�amete� --� mu�t comp���e the value� of the latent va��able� to �econ�t�uct 
the po�nt cloud�, fo�matted a� comma-�epa�ated value�: each l�ne de�c��be� the latent 
�ep�e�entat�on of a �hape w�th latent va��able� �epa�ated by comma�. The �ema�n�ng pa�amete�� 
enable the �ame funct�onal�t�e� a� de�c��bed fo� the p�ev�ou� �c��pt�. The output� of the algo��thm 
a�e po�nt cloud data (.xyz) and plot� (.html), �to�ed �n a folde� po�nt_cloud_gene�at�on �n��de the 
t�a�n�ng d��ecto�y of the autoencode�. 
 
Step 3: E xt�act�ng the netwo�k pa�amete�� – �n o�de� to u�e the t�a�ned we�ght� and b�a�e� �n 
fu�the� appl�cat�on� w�thout �e�u���ng the ten�o�flow g�aph f�le�, one can ext�act and �ave the 
pa�amete�� a� text f�le�, �unn�ng the follow�ng command �n the te�m�nal: 
 
pyt hon ae_ pa� amet e� � _ ext � ac t � on. py - - N [ po� nt _ c l oud_ � � z e]   
–- LR [ l at ent _ � ep� e� ent at � on_ � � z e]  - - GPU [ gpu_ � d]  - - VAE T� ue  
 
The output of the �c��pt a�e .*dat f�le� w�th the co��e�pond�ng name of the laye�, a� a���gned �n the 
f�le a�ch�tectu�e_autoencode��.py, comp����ng the value� of the t�a�ned pa�amete��. 
 
Step 4: E xample of appl�cat�on – �n o�de� to �llu�t�ate a potent�al appl�cat�on of the va��at�onal 
autoencode�, we p�ov�de a �c��pt that pe�fo�m� �nte�polat�on between �hape� �n the t�a�n�ng and 
te�t �et�, u��ng the �ep�e�entat�on� �n the latent �pace. The algo��thm �un� by call�ng the follow�ng 
command �n the te�m�nal w�ndow: 
 



 
 
 

 

38 
 

pyt hon aut oenc ode� _ l � _ � nt e� pol at � on. py - - N [ pc _ � � z e]  
- - LR [ l at ent _ � pac e_ d� men� � on]  –V - - GPU [ gpu_ t o_ be_ a� � � gned]  - - VAE T� ue  
 
(he�e the pa�amete�� a���gned �n the command l�ne have the �ame funct�onal�ty a� �n the p�ev�ou� 
�c��pt�. The algo��thm a���gn� f�ve �hape� f�om the t�a�n�ng �et and f�ve f�om the te�t �et to the 
�nte�polat�on batch, and gene�ate� f�ve �nte�med�ate �ep�e�entat�on� between each �hape, wh�ch a�e 
�econ�t�ucted u��ng the decode� and plotted a� .png and .html f�le� (F�gu�e 26). Afte� plott�ng the 
po�nt cloud�, the algo��thm gene�ate� a .g�f an�mat�on of the �nte�polat�on, �to�ed �n the d��ecto�y 
po�nt_cloud_�nte�polat�on, c�eated �n��de the autoencode� t�a�n�ng folde�, togethe� w�th the othe� 
f�le�. 
 
Acco�d�ng to the ECOLE data management plan document (D5.3) the �oftwa�e �n Append�x A  �� 
cla���f�ed  a�  �e�t��cted,  �.e.,  the  �oftwa�e  can  be  acce��ed  v�a  the  Bea�  Data  �ha��ng 
�epo��to�y  of  the  Un�ve���ty  of  B��m�ngham (http�://bea�data�ha�e.bham.ac.uk/log�n)  afte�  
�eg��t�at�on ha� been �e�ue�ted and completed, o� by contact th�ough the fo�m p�ov�ded on the 
ECOLE webpage: http�://ecole-�tn.eu/contact/. 
The f�lename ��: D2_Po�ntCloudV a��at�onalAutoencode�-200921-RESTRICTED.tgz 
 

Append�x C  – Imp�ov�ng �mbalance cla���f�cat�on  
 
(e a�m to �mp�ove veh�cle de��gn cla���f�cat�on u��ng th�� �oftwa�e component. A� we 
empha��zed, �n the f�eld of computat�onal de��gn opt�m�zat�on, a m�no��ty numbe� of de��gn 
pa�amete� va��at�on� w�ll �e�ult �n �nval�d geomet��e� that v�olate �ome g�ven con�t�a�nt�. S�nce the 
�at�o between val�d and �nval�d de��gn� �� l�kely to favo� val�d de��gn�, we w�ll typ�cally have an 
�mbalanced data �et. Hence, pe�fo�m�ng p�ope� �mbalanced cla���f�cat�on algo��thm� on the de��gn 
pa�amete�� could �ave computat�on t�me and �mp�ove accu�acy. The code �� ava�lable at 

http�://zenodo.o�g/�eco�d/3855094#.) zpRvu�7QuV  
and the �tep� fo� �elect�ng a p�ope� �mbalance cla���f�cat�on algo��thm on the de��gn pa�amete�� 
u��ng th�� �c��pt a�e a� follow�:  
 
Step 1: p�oce���ng the �c��pt - The path to the data �et and output d��ecto��e� we�e ha�dcoded �n 
the �c��pt� and need to be adapted befo�e �unn�ng the �c��pt�. The �c��pt can be p�oce��ed u��ng the 
�un command of the R �oftwa�e. The �c��pt calculate� the pe�fo�mance mat��x fo� SMOTE, 
ADASY N, M(MOTE, RACOG, wRACOG, R(O ove��ampl�ng techn��ue� and �ave �t �n the 
output d��ecto�y. 
 
Step 2: E valuat�on: The f�nal pe�fo�mance mat��ce� a�e �aved �n the output d��ecto�y �n .c�v 
fo�mat. 
 
Conf�gu�at�on �n the �c��pt: 
     Data �et d��ecto�y: <path>                          Random �eed: <�et.�eed>                  
     Data �et t�a�n�ng �pl�t: �t�at�f�ed fold�        Ove��ampl�ng method�: <funct�on> 
     Cla���f�e��: C5.0 o� SV M                           Afte�-�ampled IR (�mbalance �at�o): x �n (0.8, 1] 
     Output d��ecto�y: <path>   
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Sc��pt wo�kflow          
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
 
 
 

F �gu�e 29 - Data wo�kflow of cla�� �mbalance cla���f�cat�on 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Ma�n Sc��pt 
  A���gn conf�gu�at�on� 
  Load data �et 
  No�mal�zed data 
  Calculate data complex�ty 
  A���gn cla���f�e�� 
  T�a�n�ng loop 
  Clea� GPU and ex�t 

Data ove��ampl�ng �c��pt 
Acce�� data �et d��ecto�y 
T�a�n�ng/te�t data �pl�t w�th  
    �t�at�f�ed fold� 
A���gn ove��ampl�ng method  
    and afte�-�ampled IR 

Data �et d��ecto�y 

�mb_bench_1 
             … …  
             Imb_bench_19 
             V eh�cle_1 
             V eh�cle_2 
             V eh�cle_3 

Output d��ecto�y 
AUC pe�fo�mance mat��x (.c�v) 
F1 pe�fo�mance mat��x (.c�v) 
Gmean pe�fo�mance mat��x (.c�v) 
Data complex�ty value fo� each 
t�a�n�ng �et (.c�v) 

Data P�e-p�oce���ng: 
1. The deta�led �nfo�mat�on fo� the benchma�k 

data�et� can be found �n pape� [31], and the 
data�et� can be downloaded f�om K EEL data�et� 
�epo��to�y [39]. 

2. Befo�e the expe��ment�, we changed the 
benchma�k data�et� fo�mat f�om .dat to .c�v. 
Meanwh�le, we changed the cla�� label f�om 
{po��t�ve, negat�ve}  to {1, 0} .  

 


