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Summary (for diffusion):  

Proteins belong to the most fascinating complex systems in nature. Playing a crucial 
role in almost all biological processes, they attract considerable attention at the 
interfaces of biology, physics, and computer science. Thanks to the sequencing 
revolution in biology, protein sequence databases have been growing 
exponentially over the last years. Data-driven modeling approaches, which in 
recent times increasingly include methods from Artificial Intelligence, are therefore 
becoming more and more popular in exploring this emergent data richness. 

In our doctoral project we suggest to construct highly accurate, generative but 
interpretable models for protein sequence landscapes by leveraging rapidly 
expanding sequence databases, inverse statistical physics and deep learning. The 
landscapes describe the sequence variability in protein families, i.e. ensembles of 
proteins having common ancestry in evolution, sharing very similar three-
dimensional structures and biological functions, but having highly variable amino-
acid sequences. To build these models, we will systematically explore generative 
modeling approaches, ranging from parsimonious but easily interpretable models 
(e.g. Boltzmann machines, restricted Boltzmann machines) to more powerful, but 
also less easily interpretable deep generative models (e.g. autoregressive models, 
variational auto-encoders and generative adversarial networks). We will explore 
integrative modeling strategies, which combine publicly available sequence data 
with more quantitative data (deep-mutational scanning) generated by our close 
collaborator Dr. Olivier Tenaillon (DR INSERM at Bichat). 

Uncovering the patterns of natural sequence variability using generative models will 
allow us to address biological questions of prime importance, including the 
assessment of mutational effects in proteins (important e.g. in predicting 
pathological mutations or evolution of drug resistance) and the data-driven design 
of new protein sequences. 
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Data driven generative modeling of protein sequence landscapes 

A	PhD	project	proposed	by	Martin	WEIGT	(LCQB	SU)	and	Francesco	ZAMPONI	(LPENS)	
 

Context	–	Proteins	belong	to	the	most	fascinating	complex	systems	in	nature.	They	are	simultaneously	
robust	 and	 fragile.	 Being	 primarily	 linear	 heteropolymers,	 they	 fold	 into	 well	 defined	 3D	 structures	
underlying	 their	 biological	 functionality.	 However,	 the	 folds	 are	 thermodynamically	marginally	 stable:	
increasing	 temperature	 by	 a	 few	 degrees	 may	 denature	 proteins.	 Proteins	 conserve	 structure	 and	
function	throughout	evolution,	in	many	cases	even	from	bacteria	to	humans,	while	substituting	70-80%	
of	 their	 amino	 acids;	 however,	 very	 few	 random	mutations	may	 destabilize	 a	 protein	 or	 interrupt	 its	
function.	
In	 classical	 biophysics,	 proteins	 are	 modeled	 using	 fine-tuned	 models	 of	 the	 physical	 interactions	
between	 amino	 acids	 [1,2].	Molecular	 dynamics	 simulations	 help	 to	 understand	 folding;	Monte-Carlo	
sampling	allows	 for	exploring	a	protein’s	3D	conformational	 space.	Deep	 insight	has	been	gained,	but	
important	 limitations	 persist	 when	 treating	medium-to-large	 proteins	 (>100	 amino	 acids)	 or	 relevant	
time	scales	(>1μs)	due	to	the	high	computational	cost	of	these	simulations.	
Biology	 is	 currently	undergoing	a	deep	 transformation	 to	a	data-rich	 science.	A	 fascinating	alternative	
increasingly	gains	interest	in	the	community	at	the	interface	of	biology,	machine	learning,	and	statistical	
physics:	 instead	of	modeling	proteins	 from	 first	principles	and	via	expensive	 simulations,	we	consider	
sequence	data	as	a	testimony	of	the	unknown	rules	relating	protein	sequence	to	structure,	function,	

and	generated	by	the	partially	unknown	dynamics	of	protein	evolution	[3].		
	

Specific	 aims	 –	We	 aim	 at	 learning	data-driven	 generative	 protein	 sequence	 landscapes	 –	 functions	
relating	protein	sequence	to	protein	fitness	[4]	or	related	phenotypes,	cf.	the	schematic	Fig.	1a	–	directly	
from	 rapidly	accumulating	 sequence	data	 [5].	We	will	 interpret	 the	models	 in	 terms	of	 structural	 and	
functional	 constraints,	 and	 explore	 them	 by	 modeling	 evolution	 in	 landscapes.	 To	 this	 aim,	 we	 will	
combine	 state-of-the	 art	 methods	 in	 artificial	 intelligence	 and	 inverse	 statistical	 physics	 [6],	 and	
integrate	 public	 databases	 with	 novel	 data	 resulting	 from	 top-end	 experimental	 techniques	 (gene	
synthesis,	 deep-mutational	 scanning)	 provided	 by	 our	 experimental	 collaborator	 Dr.	 Olivier	 Tenaillon	
(INSERM	Paris),	which	are	able	to	quantitatively	characterize	thousands	of	protein	variants.	

Fig. 1 – (a) Schematic 
representation of a sequence 
landscape: Following an 
analogy to energy landscapes, 
good (resp. bad) sequences 
have low (resp. high) values 
E(a1,...,aL). The different data 
types are shown: blue dots for 
global landscape sampling by 
diverged homologs, green dots 

for local landscape sampling from the intra-species variability, and a red line for a local landscape quantification. Only 
for the last datatype, E(a1,...,aL) is explicitly measured. (b-e) Architectures of generative models for protein 
sequences: The different modeling approaches, to be explored in the proposal, are (b) Boltzmann machines / Potts 
models, (c) restricted Boltzmann machines / Hopfield-Potts models, (d) autoregressive models  and (e) variational 
auto-encoders. Amino acid variables A are shown as blue circles, latent variables x as green squares. In (b,c) black 
lines denote pairwise interactions; arrows in (d,e) may represent general dependencies, realized via deep neural 
architectures. 
 

Data	–	Our	modeling	is	strongly	data-driven,	and	part	of	the	data	will	be	generated	by	the	project.	We	
will	base	our	work	on	three	data	types	of	different	relations	to	the	concept	of	sequence	landscapes,	cf.	
Fig	1a:	
A. Global	landscape	sampling:	Homologous	proteins	from	different	species	show,	as	mentioned	before,	

strong	 sequence	 divergence	 but	 highly	 similar	 collective	 properties	 (3D	 structure	 and	 function).	
Thanks	 to	 next-generation	 sequencing,	 databases	 offering	 this	 kind	 of	 data	 literally	 explode.	 The	
Pfam	protein	family	database,	e.g.,	lists	>17	000	protein	families,	many	with	103-106	sequences	[5].				
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B. Local	 landscape	sampling:	Thanks	to	sequencing	thousands	of	 individuals	or	strains	of	one	species,	
massive	 data	 of	 almost	 identical	 sequences	 (>90%	 ID)	 are	 available.	M.	Weigt’s	 team	at	 LCQB	has	
curated	a	dataset	of	>60,000	strains	of	Escherichia	coli,	and	matched	with	the	global	Pfam	sampling.		

C. Local	landscape	quantification:	Experiments	like	deep-mutational	scanning	[7]	allow	to	quantify	the	
phenotype	 of	 thousands	 of	 mutants	 of	 a	 protein	 (e.g.	 all	 single-site	 amino-acid	 mutations),	 thus	
directly	measuring	 the	 landscape.	 O.	 Tenaillon	 has	 recognized	 expertise	 in	 generating	 this	 type	 of	
data	[8].	
All	 three	 data	 types	will	 be	 used	 in	 the	 project:	many	 are	 available	 in	 sequence	 databases,	 but	 in	
particular	 the	 more	 quantitative	 data	 related	 to	 point	 C	 will	 be	 generated	 by	 our	 collaborator	
O.Tenaillon.	

Scientific	tasks	and	objectives	–	Our	main	objective	is	to	develop	data-driven	modeling	approaches,	to	
test	 them	 using	 accurate	 quantitative	 data	 (published	 or	 produced	 by	 OT),	 and	 to	 refine	 them	 using	
these	data.	Particular	attention	will	 be	 laid	 to	 the	generative	 character	of	our	 landscapes	–	artificially	
sampled	sequences	should	be	almost	indistinguishable	from	natural	ones.		
Task	 1	 –	 Parsimonious	 and	 interpretable	 models:	 MW	 and	 other	 groups	 previously	 showed	 that	
Boltzmann	 machines	 [9]	 (BM,	 Fig	 1b)	 and	 Restricted	 Boltzmann	 machines	 [10,11]	 (RBM,	 Fig	 1c)	 are	
interesting	 candidates	 for	 generative	 models	 based	 on	 inverse	 statistical	 physics.	 However,	 these	
models	 suffer	 from	 overfitting	 due	 to	 huge	 parameter	 numbers	 inferred	 from	 limited	 data.	 We	 will	
develop	 parameter-reduced	 models,	 which	 need	 less	 data	 while	 remaining	 generative.	 RBM	 contain	
latent	 variables	 allowing	 for	 learning	 dimensionally	 reduced	 representations	 of	 the	 sequence	 data;	 a	
shallow	architecture	makes	them	more	interpretable	compared	to	the	deep	networks	of	Task	2.	
Task	 2	 –	 Deep	 generative	 models:	 Deep	 learning	 is	 at	 the	 basis	 of	 the	 recent	 success	 of	 artificial	
intelligence.	While	the	standard	setting	 is	a	supervised	one,	 in	our	context	 less	explored	unsupervised	
approaches	 are	 of	 relevance,	 such	 as	 autoregressive	models	 (ARM,	 Fig	 1d),	 variational	 autoencoders	
(VAE,	 Fig	 1e)	 or	 generative	 adversarial	 networks	 (GAN).	While	 first	 promising	 results	 were	 found	 for	
predicting	 mutational	 effects	 [12],	 their	 generative	 capabilities	 for	 sequence	 ensembles	 remain	
unexplored.	 We	 will	 analyse	 the	 different	 generative	 modeling	 strategies,	 to	 establish	 the	 currently	
unknown	optimal	strategy.	
Task	3	–	 Integrative	modeling	using	all	 the	data:	While	the	first	two	tasks	use	only	data	of	type	A,	we	
expect	 further	 improvements	 by	 integrating	 all	 data	 types	 A,	 B	 and	 C,	 using	 in	 particular	 the	 newly	
generated	data	by	OT,	and	building	upon	ideas	proposed	by	MW	[13].	
All	 tasks	rely	on	a	combination	of	the	experience	of	MW	in	modeling	biological	sequences,	and	of	the	
expertise	of	FZ	in	modeling	complex	energy	landscapes	and	dynamics	[14,15].	MW	and	FZ	have	recently	
started	a	collaboration	at	the	interface	of	learning	and	data-driven	biological	modeling,	co-supervising	a	
postdoc,	Anna-Paola	Muntoni,	now	researcher	at	Politecnico	Turin,	Italy;	2	papers	are	in	preparation.	
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