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all-atom peptide model coarse-grained models of varying detail

known or “target” ������



mapping function
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~225 total parameters



What do we want in a coarse-graining method?

practical

stable and robust for models with 1000+ parameters

relatively fast

amenable to a wide class of CG models

fundamental

prediction or control of coarse-graining errors

as free of assumptions as possible

physical insight into model design

“universal” ways to compare different models



What to match?
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What to match?

structure
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Shell, JCP (2008); Chaimovich and Shell, PRE (2010); Chaimovich and Shell, JCP (2011)
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parameter space (potentials)

relative 

entropy
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from single reference 

atomistic simulation 

(e.g., saved trajectory)

evaluated at each iteration with a trial CG simulation

as force field parameters converge

Newton-Raphson iteration to minimize #rel
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No need for a new CG simulation at each step.  

Reweight old one instead!

Chaimovich and Shell, JCP (2011); Carmichael and Shell, JPCB (2012)



Carmichael and Shell, JPCB (2012)

~80 total parameters
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Carmichael and Shell, JPCB (2012)



25 chains of (ALA)15



Carmichael and Shell, JPCB (2012)



5 residue polyalanine5 residue polyalanine 10 residue polyalanine10 residue polyalanine



82‒444 

parameters



Carmichael and Shell, JCP (2012)



Does the relative entropy teach us anything new?



What to match?

structure
�#rel

� D	
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see also: Rudzinski and Noid, JCP 135, 214101 (2011)



M#rel →	 nonequilibrium work associated with coarse-graining
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Constraints – Lagrange multipliers
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A. Chaimovich and M. S. Shell, Phys. Rev. E(2010); J. Chem. Phys. (2011).
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AAGHWWKGPVGEWTLMTYVAVWKHI

unknown sequence

Protein Data Bank

similar sequences and their structures

AIGHWWLRGPGAEWTLCTYVAHI

LAGHWFSGGVGEWTIMTYAAWLVEHI

AGHWWKAAVGEYITYEKVADAVWHI

predicted structure

database of known structuresatomically detailed representation 

simulated conformational folding

process guided by atomic energetics

Protein structure prediction
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CASP target T0471

Pritchard-Bell and Shell, Biophys J. (2011).
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Conclusions

∑=
i CG

A
A ip

ip
ipS

 configs.
rel )(

)(
ln)(

length scale

time 

scale

quantum 

mechanics

classical atomic

coarse-grained 

molecular

mesoscale

macroscopic or 

continuum

E Ψ = H Ψ

The relative entropy provides a systematic and flexible strategy 

for moving to coarse-grained models and large-scale behavior.


