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Data are easier and easier to get

All-atom MD simulations Aggregate digital databases
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Data are easier and easier to get

All-atom MD simulations Aggregate digital databases

Huge amount of generated data: | /
how to extract insight” |

Hadden et al., eLife 2018 Morand, Yip, Velegrakis, Lattanzi, Potestio, Tubiana, arXiv 2023
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Data are easier and easier to get

All-atom MD simulations

Hadden et al., elLife 2018

F = ma
106 atoms for
10° configurations
of the system
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Simplify to understand
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Simplify to understand
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Simplify "just right”
to understand
without losing information



Simplify to understand
PR SHRO R
AL COAD ) -

DATA = INFORMATION

' \« ‘ 4 3 S\ X \

Q““.‘ c’.":@z\ )
‘ A\ ” " oy (‘\.
@ )

X

Simplify "just right”
to understand
without losing information

Dimensionality reduction:
N terms of what variables?




Simplify to understand
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Simplify to understand

Collective variables
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Simplify to understand
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Coarse-graining (CQG)

AA representation

Rudzinski, Noid, J. Chem. Phys. 2011




Coarse-graining (CQG)

CG representation

Describe the system in terms of a
reduced number of particles: CG filter

Rudzinski, Noid, J. Chem. Phys. 2011




Coarse-graining (CQG)

CG representation

Describe the system in terms of a
reduced number of particles: CG filter

Degree of detail employed
can be modulated

Intuitive interpretation
of the outcome

Rudzinski, Noid, J. Chem. Phys. 2011
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Hsu et al., J. Chem. Phys.
2020

Corradi et al., ACS Cent.
Sci. 2018

Vermaas, et al., J. Chem. Inf. Model.
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CG filters

High-resolution model Choice of the sites

’

Observe the system with a pair of
CG glasses: information loss
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High-resolution model
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CG filters

Choice of the sites

’

Observe the system with a pair of
CG glasses: information loss

Optimize the glasses to extract
relevant information from the data

Giulini, Rigoli, RM et al., Front. Mol. Biosci. 2021
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CG filters

High-resolution model Choice of the sites
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CG filters
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CG filters

Optimize the CG filter
based on quantitative criteria:
In our case, minimize the

information loss arising
from coarse-graining

Potestio, Pontiggia, Micheletti
BJ 2009
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Rudzinski, Noid, J. Chem. Phys. 2011
Giulini, RM, Shell, Potestio, JCTC 2020




p R}

Low-res
configurational space

in coarse-graining

pr(R) = / dr p,(r)5(M(r) — R)

High-res
configurational space
pr(r)

Information loss

Rudzinski, Noid, J. Chem. Phys. 2011
Giulini, RM, Shell, Potestio, JCTC 2020




Information loss Iin coarse-gra

Rudzinski, Noid, J. Chem. Phys. 2011
Giulini, RM, Shell, Potestio, JCTC 2020
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high resolution representation
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Information loss In coarse-graining

Quantifies the information loss arising from coarse-graining
DEPENDS ONLY ON THE CHOICE OF THE CG SITES

high resolution representation litering

Rudzinski, Noid, J. Chem. Phys. 2011
Giulini, RM, Shell, Potestio, JCTC 2020

high resolution representation




Estimating the information loss

Suan ~ by [ dRPR(R) (1~ (W)3m)) 1w

Giulini, RM, Shell, Potestio, JCTC 2020




Estimating the information loss

2

Smap = kp—- [ dRpr(R){(u — (u)gr)") 8IR

Calculating the mapping entropy of a CG representation
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Estimating the information loss

2

Smap = kp—- [ dRpr(R){(u — (u)gr)") 8IR

Calculating the mapping entropy of a CG representation

Giulini, RM, Shell, Potestio, JCTC 2020



Estimating the information loss

2
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Calculating the mapping entropy of a CG representation
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Estimating the information loss
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Minimizing the information loss

Looking for maximally informative selections of CG sites:
Stochastic minimization of Smap over the mapping space

Giulini, Rigoli, RM, et al., JCTC 2020
Errica, Giulini, RM et al., Front. Mol. Biosci. 2021
RM, Giulini, Potestio, EPJB 2021




Minimizing the information loss

Looking for maximally informative selections of CG sites:
Stochastic minimization of Smap over the mapping space

Random An I|.1formation Theory-Based Approach for Optimal Model Reduction
) of Biomolecules
Mappin Marco Giulini, Roberto Menichetti, M. Scott Shell, and Raffaello Potestio
® J. Chem. Theory Comput. 2020, 16, 11, 6795-6813
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Minimizing the information loss

Looking for maximally informative selections of CG sites:
Stochastic minimization of Smap over the mapping space

Random An I|.1formation Theory-Based Approach for Optimal Model Reduction
) of Biomolecules
Mappin Marco Giulini, Roberto Menichetti, M. Scott Shell, and Raffaello Potestio
® J. Chem. Theory Comput. 2020, 16, 11, 6795-6813
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Errica, Giulini, RM et al., Front. Mol. Biosci. 2021
RM, Giulini, Potestio, EPJB 2021




Minimizing the information loss

Looking for maximally informative selections of CG sites:
Stochastic minimization of Smap over the mapping space
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Minimizing the information loss

Looking for maximally informative selections of CG sites:
Stochastic minimization of Smap over the mapping space

Adenylate (N =214)
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Investigating the nature of optimal mappings

Application to Tamapin

Giulini, RM, Shell, Potestio, JCTC 2020




Investigating the nature of optimal mappings

Application to Tamapin
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Investigating the nature of optimal mappings

Application to Tamapin

Biologically relevant residues are
singled out in an unsupervised manner
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Investigating the nature of optimal mappings

Application to Tamapin
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Biologically relevant residues are
singled out in an unsupervised manner
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Investigating the nature of optimal mappings

Application to Tamapin Application to CzrA transcription repressor
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Investigating the nature of optimal mappings

Application to Tamapin Application to CzrA transcription repressor
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Investigating the nature of optimal mappings

Application to Tamapin | Application to CzrA transcription repressor
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Smap Via Deep Graph Networks

Calculating the mapping entropy is a computationally expensive task

Random An Information Theory-Based Approach for Optimal Model Reduction
. of Biomolecules
0' Mappln y Marco Giulini, Roberto Menichetti, M. Scott Shell, and Raffaello Potestio
® J. Chem. Theory Comput. 2020, 16, 11, 6795-6813
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Errica, Giulini, RM et al., Front. Mol. Biosci. 2021




Smap Via Deep Graph Networks

Calculating the mapping entropy is a computationally expensive task

An Information Theory-Based Approach for Optimal Model Reduction
of Biomolecules

Marco Giulini, Roberto Menichetti, M. Scott Shell, and Raffaello Potestio
J. Chem. Theory Comput. 2020, 16, 11, 6795-6813
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Smap Via Deep Graph Networks

Artificial Intelligence to speed up calculations: Deep Graph Networks

Errica, Giulini, RM et al., Front. Mol. Biosci. 2021




Smap Via Deep Graph Networks

Artificial Intelligence to speed up calculations: Deep Graph Networks

Encode the (static) structure
of the molecule in a graph

Errica, Giulini, RM et al., Front. Mol. Biosci. 2021
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Artificial Intelligence to speed up calculations: Deep Graph Networks

Encode the (static) structure Employ DGNs to predict the
of the molecule in a graph mapping entropy

Smap

Errica, Giulini, RM et al., Front. Mol. Biosci. 2021




Smap Via Deep Graph Networks

Artificial Intelligence to speed up calculations: Deep Graph Networks

Encode the (static) structure Employ DGNSs to predict the hﬁﬂ — MLP* ((1 + 65) % hﬁ + Z hﬁ * ew,)
ueN,

of the molecule in a graph mapping entropy
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Errica, Giulini, RM et al., Front. Mol. Biosci. 2021
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6d93 dataset
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Smap Via Deep Graph Networks

Speedup generated by DGNs: guasi-exhaustive exploration of the Smap landscape
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Smap Via Deep Graph Networks

Speedup generated by DGNs: guasi-exhaustive exploration of the Smap landscape

Combine the trained DGNs with the Wang-
Landau sampling algorithm to reconstruct

the density of states Q(Smap)
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Smap Via Deep Graph Networks

Speedup generated by DGNs: guasi-exhaustive exploration of the Smap landscape

Combine the trained DGNs with the Wang-
Landau sampling algorithm to reconstruct

the density of states Q(Smap)

106 CG representations sampled to achieve
convergence: feasible only via DGNs
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Smap Via Deep Graph Networks

Speedup generated by DGNs: guasi-exhaustive exploration of the Smap landscape
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Speedup generated by DGNs: guasi-exhaustive exploration of the Smap landscape
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Smap Via Deep Graph Networks

Speedup generated by DGNs: guasi-exhaustive exploration of the Smap landscape
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Tamapin 0.07
Combine the trained DGNs with the Wang- 0.06-
Landau sampling algorithm to reconstruct

0.05+

the density of states Q(Smap)

N
~
~
~
~
~~
~

DGNs succeed in capturing the correct
statistical weight of CG representations:
do not overfit the training set

106 CG representations sampled to achieve

AdoJjus Buiddey
o

convergence: feasible only via DGNs
V
-\\ K 200 \

\ /’: < 1501
accepted ' >
v @)

1001

50+

RM, Giulini, Potestio, EPJB 2021 %o 12 14 6 18 20 22

Errica, Giulini, RM et al., Front. Mol. Biosci. 2021 Smap




Application to neural systems

Being based on information-theoretic quantities, the mapping entropy protocol is extremely general
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Application to neural systems




Neural system: Hopfield model

Couplings J;; = Z gt
u=1
Memory patterns &;', 4 =1,...,p
Hopfield, PNAS (1982)

Amit, Modeling Brain Function: The World of Attractor Neural Networks (1989)
Aldrigo, RM, Potestio (in preparation)




Neural system: Hopfield model

Nonlinear evolution of the configurations
Model’s dynamics retrieves memory patterns

1
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Nonlinear evolution of the configurations
Model’s dynamics retrieves memory patterns
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Neural system: Hopfield model

Nonlinear evolution of the configurations
Model’s dynamics retrieves memory patterns

1
Overlaps mt = ~ foﬂi
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Detection of maximally-informative neurons

CG’ing the Hopfield model

1) Simulate the Hopfield model

Aldrigo, RM, Potestio (in preparation)




Detection of maximally-informative neurons

CG’ing the Hopfield model

1) Simulate the Hopfield model 2) Select a subset of retained neurons

Aldrigo, RM, Potestio (in preparation)
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2) Select a subset of retained neurons

1) Simulate the Hopfield model




Resolution/Mapping-Entropy analysis

- Simulate the high-resolution Hoptield model
- Empirical reference probability p(o1,...,0nN)

Aldrigo, RM, Potestio (in preparation)




Resolution/Mapping-Entropy analysis

- Simulate the high-resolution Hoptield model
- Empirical reference probability p(o1,...,0nN)
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- Select n<N retained neurons S;
- Empirical CG probability Py;(S1, ..., 5,)
- Empirical backmapped probability par (o1, ..., oN)

Aldrigo, RM, Potestio (in preparation)




Resolution/Mapping-Entropy analysis

. . , | Resolution of the neuron selection
- Simulate the high-resolution Hoptield model

- Empirical reference probability p(o1,...,0n) Z P(S1; ;. 8,) In P(St, .. Sn)
{Si}
- Depends on the specific selection
- Decreases by decreasing the number
of retained neurons

$

- Select n<N retained neurons S;
- Empirical CG probability Py;(S1, ..., 5,)
- Empirical backmapped probability par (o1, ..., oN)

Aldrigo, RM, Potestio (in preparation)




Resolution/Mapping-Entropy analysis

Resolution of the neuron selection

- Simulate the high-resolution Hoptield model

- Empirical reference probability p(oi,...,0n) Z P(S1;.;S0) I P(S1, ..., Sp)
154}
- Depends on the specific selection
- Decreases by decreasing the number
of retained neurons
b Information loss generated by the selection:
mapping entropy
ma p({o-l})
- Select n<N retained neurons S; = ZP ({oi})In (pM({O'i})>
- Empirical CG probability Py (51, ..., Sn) toi}

- Depends on the specific selection

- Increases by decreasing the number
of retained neurons

- Empirical backmapped probability par (o1, ..., oN)

Aldrigo, RM, Potestio (in preparation)
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Resolution/Mapping-Entropy analysis

. . , | Resolution of the neuron selection
- Simulate the high-resolution Hoptield model

- Empirical reference probabillity p(o1,...,0N) Z P(S1, ..., Sn) In P(51, ..., Sn)

’
$

map p({o-l}) )
_ " . p O-'L ln (
Select n<N retained neurons \S; Z (1 pa({oi})

- Empirical CG probability Py (51, .-, 5n) - Depen{gé on the specific selection

- Increases by decreasing the number
of retained neurons

- Depends on the specific selection

- Decreases by decreasing the number
of retained neurons

Maximally informative neurons:
minimize the mapping entropy
in the space of possible selections!

8S generated by the selection:
mapping entropy

- Empirical backmapped probability par (o1, ..., oN)

Aldrigo, RM, Potestio (in preparation)
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Resolution/Mapping-Entropy analysis

Maximally informative selection of neurons that minimize the mapping entropy
Hoptield model with N=100 neurons and 5 memory patterns
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Resolution/Mapping-Entropy analysis

Maximally informative selection of neurons that minimize the mapping entropy
Hoptield model with N=100 neurons and 5 memory patterns
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Resolution/Mapping-Entropy analysis

Maximally informative selection of neurons that minimize the mapping entropy
Hoptield model with N=100 neurons and 5 memory patterns
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Resolution/Mapping-Entropy analysis

Maximally informative selection of neurons that minimize the mapping entropy

Hoptield model with N=100 neurons and 5 memory patterns
Ordered coupling matrix | J; ;]|
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Resolution/Mapping-Entropy analysis

Maximally informative selection of neurons that minimize the mapping entropy

Hoptield model with N=100 neurons and 5 memory patterns
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Resolution/Mapping-Entropy analysis

Maximally informative selection of neurons that minimize the mapping entropy

Hoptield model with N=100 neurons and 5 memory patterns
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Resolution/Mapping-Entropy analysis

Maximally informative selection of neurons that minimize the mapping entropy

Hoptield model with N=100 neurons and 5 memory patterns

Ordered coupling matrix | J; ;]| Ordered coupling matrix | J;;|
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Resolution/Mapping-Entropy analysis

Maximally informative selection of neurons that minimize the mapping entropy

Hoptield model with N=100 neurons and 5 memory patterns
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Conclusions

» CG filters as a mean to gain insight on the behavior of complex systems
 CG’Ing procedures result in a loss of statistical information

o Maximally-informative CG representations single out biologically relevant
residues of a macromolecular system in an unsupervised manner

* Deep Graph networks can be employed to speed up information 10ss
calculations and to achieve a quasi-exhaustive exploration of the mapping
space

* Application of the mapping entropy protocol to a neural system: maximally
iInformative neurons in a Hopfield model

* Phase separation of the maximally informative representations of the system
depending on the observational level of detall

Thank you for the attention!
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State-dependence of optimal mappings @

Search for mappings that minimize
the information loss within each basin
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Identify relevant regions in each state
and compare the outcomes
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Application: CzrA transcription repressor @
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Perform independent
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Smap Via deep graph networks @

Speedup generated by DGNs: guasi-exhaustive exploration of the Smap landscape

RM, Giulini, Potestio, EPJB 2021
Errica, Giulini, RM et al., Front. Mol. Biosci. 2021
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Speedup generated by DGNs: guasi-exhaustive exploration of the Smap landscape
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Smap Via deep graph networks @

Speedup generated by DGNs: guasi-exhaustive exploration of the Smap landscape

Combine the trained DGN with the Wang-
Landau sampling algorithm to reconstruct
the density of states of Smap
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Smap Via deep graph networks

Speedup generated by DGNs: guasi-exhaustive exploration of the Smap landscape

Combine the trained DGN with the Wang-

Landau sampling algorithm to reconstruct
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Smap Via deep graph networks @

Speedup generated by DGNs: guasi-exhaustive exploration of the Smap landscape
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Smap Via deep graph networks

Speedup generated by DGNs: guasi-exhaustive exploration of the Smap landscape
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Moving towards the SG phase @

N=100 neurons, p= 4 patterns N=100 neurons, p= 5 patterns
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Simplify to understand @

DATA = INFORMATION

Simplify "just right”
to understand
without losing information

Dimensionality reduction:
N terms of what variables?




Simplify to understand

X 0. 0
X 0. 0
X 0. 0
X 0. 0
X 0. 0
X 0. 0
X 0. 0
X 0. 0
X 0. 0
X 0. 0
X 0. 0
X 0. 0
X 0. 0
X 0. 0




Simplify to understand

Collective variables
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