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Figure	1:	Illustration	of	our	goal.	Given	an	existing	3D	shape,	represented	as	a	triangle	mesh	
of	a	point	cloud	(left),	our	goal	is	to	recover	a	sequence	of	Computer-Aided-Design	operations	
that	reproduce	well	that	shape	(right).	

Context 
Computer-Aided-Design	 (CAD)	 is	 the	 industry	 standard	 to	 create	 3D	 shapes	 for	 product	
design	 and	 engineering	 [1].	 A	major	 strength	 of	 CAD	modeling	 is	 to	 define	 a	 shape	 as	 a	
sequence	 of	 geometric	 operations,	 such	 that	 the	 shape	 can	 be	 modified	 by	 editing	 the	
parameters	of	 these	operations.	But	creating	a	CAD	model	by	hand	 is	a	very	tedious	task,	
requiring	 significant	 expertise	 to	 select	 the	 sequence	 of	 operations	 that	will	 produce	 the	
envisioned	shape.	Our	long-term	goal	is	to	ease	the	creation	of	CAD	models	by	automatically	
converting	an	existing	geometry,	such	as	a	triangle	mesh	or	a	scanned	point	cloud,	into	an	
editable	CAD	sequence.	

Goals and approach	
Generating	 a	 CAD	 sequence	 requires	 jointly	 solving	 for	 discrete	 unknowns	 (which	
operations	should	 form	the	sequence)	and	continuous	unknowns	(the	parameters	of	each	
operation).	 The	 presence	 of	 discrete	 unknowns	 makes	 the	 problem	 NP-hard,	 as	 it	 is	
impractical	 to	 evaluate	 all	 possible	 sequences	 of	 operations.	 Recent	 work	 made	 this	
problem	tractable	by	leveraging	machine	learning	as	a	way	to	guide	a	search	algorithm	to	
only	evaluate	a	subset	of	high-quality	sequences	[2,3].	However,	training	machine	learning	
algorithms	 on	 this	 task	 is	 challenging	 because	 CAD	 operations	 are	 typically	 executed	 by	
black-box,	non-differentiable	geometric	engines.		
The	goal	of	this	internship	is	to	implement	a	differentiable	CAD	engine	suitable	for	gradient-
based	 optimization	 of	 CAD	parameters.	 As	 a	 first	 step,	we	will	 follow	 the	 recent	work	 of	
Kania	 et	 al.	 [4],	 who	 rely	 on	 signed-distance-functions	 to	 represent	 shape	 primitives	
(cuboids	and	spheres)	as	differentiable	functions.	We	will	then	extend	their	approach	with	
a	palette	of	primitives	and	operations	on	signed-distance-functions	[5],	focusing	on	the	ones	
that	are	most	frequently	used	in	CAD	datasets	[6].	



Work environment and requirement 
The	 internship	 will	 take	 place	 at	 Inria	 Sophia	 Antipolis.	 Candidates	 should	 have	 strong	
programming	 and	 mathematical	 skills	 as	 well	 as	 knowledge	 in	 computer	 graphics,	
geometry	processing	and	machine	learning.		
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