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o J.I Ms:
* Data acquisition: entire internet

* Training costs: ~1m GPU hours
* Achievement: Seinfeld Forever

* Computer Vision:
* Data acquusition: 3-5 billion images
* Training costs: ~150k GPU hours
* Achievement: See lefthand side

* AlphaFold:

* Data acquusition: 50 years of beam time

* Training costs: ? (“about a week” + fine-
an image of coarse grain tuning)

* Achievement: Real scientific progress
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Opportunities afforded by high-4 learning
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* High-dimensional committor

* On the fly data acquisition

k target. 9
* NO collective variables X? ~ e_'gsampling (U(X)+5(qe(X7)~q; 7 )7)

Adaptive Importance Sampling

* Accurate rates (with bias ®)

2 March. 2023 GMR, Mitchell, Vanden-Eijnden PMLR 145:757-780, 2022. Mitchell, GMR, I preparation. Stanford University o




Opportunities afforded by high-4 learning
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0

. High—dimensional committor

* On the fly data acquistion Cf. Strahan, John, Justin Finkel, Aaron R. Dinner, and Jonathan
e NO collective variables Weare. “Forecasting Using Neural Networks and Short-Trajectory
*  Accurate rates (with bias ®) Data.” arXiv, August 2, 2022. http://arxiv.org/abs/2208.01717.
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Limitations of coarse-graining in biomolecular systems

Representation

Marrink and Tieleman Chens. Soc. Rep., 2013, 42, 6801-6822

Linear projections
Independent of fine-grained state
Empirical potential (or delta ML)
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Limitations of coarse-graining in biomolecular systems

Representation Interpretation

Marrink and Tieleman Chens. Soc. Rep., 2013, 42, 6801-6822

Linear projections No access to fine-grained state
Independent of fine-grained state Imperfect recovery
Empirical potential (or delta ML) Dynamics difficult to map
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Limitations of coarse-graining in biomolecular systems

Representation Interpretation Transferability

Marrink and Tieleman Chens. Soc. Rep., 2013, 42, 6801-6822

Linear projections No access to fine-grained state Quality of generalization?
Independent of fine-grained state Imperfect recovery Need relevant rare configurations
Empirical potential (delta ML) Dynamics difficult to map Limited opportunities for feedback
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Closing the loop on coarse-grained modeling

T; ~ Pinv(T|2:)

- 4

1. Fine-Grained 2. Coarse-Grained 3. Generated Fine-Grained
Configuration Dynamics Configurations

[TAD
/..-'
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Closing the loop on coarse-grained modeling

Learned Learned Learned

zo = M(xp) 2 ~ e BU(2.,0) T; ~ Piny(T|2;)

&

1. Fine-Grained 2. Coarse-Grained 3. Generated Fine-Grained
Configuration Dynamics Configurations
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Closing the loop on coarse-grained modeling

Graph antoencoder Force-matching GNN Conditional Normalizing Flow

zo = M(xp) 2 ~ e BU(2.,0) T; ~ Piny(T|2;)

&

1. Fine-Grained 2. Coarse-Grained 3. Generated Fine-Grained
Configuration Dynamics Configurations

Specific models not important for framework. .. pick your poison
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Learning M --- physical inductive bias

Translation invariance Permutation invariance Rotation equivariance
o . u. w - — m.
miy = felllas — aill) - 6(l|; — i) ] = S (Y m) 5= ST Rl — @) T
j wil < lj — i
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Learning M --- building embeddings

Coarse-Grained Beads (& — > | SchNet

(©) (9 \

Partial Reconstruction © )

2 March. 2023

Dimensionality reduction

P, = O(x)

Coarse-grained potential energy

A

4>U

Reconstruction map

@dec (Zi) — Pzi Z;
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Learning M --- building embeddings

Optimizing the map:
Fine-Grained Configuration L® - LI’ + ﬂ Lhnk + Lent + Lassg + /lmemf]
Locality Force-matching
Coarse-Grained Beads o N Optimizing the energy:
l ; 2
E(n) — EGNN Ly= [V:U(z) — Finst(2)]
© |
OO “Force-matching”
Partial Reconstruction 0 O
O,
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Interpreting M --- necessary sacrifices

Interpretability of the CG representation

* Noid & 1oth (CG-space criterion) :

F(z)=-Btlogz™! / e PUX 5(0(x) — 2)dx o U(z).
Q . .
v Potential of mean force Coarse-grained potential

\4

Flexible, learned embeddings (potentially nonlinear)

* Us (FG-space criterion):
if for every observable f € F,

Dynamics in CG <> Dynamics in FG /f(x)pinv(xlz)ﬁ(z,ﬂ) dxdz —>/f(x)p(x) dx.

l l Inverted CG samples Boltzymann

L : JF — weak thermodynamic consistenc
Quantitative accuracy of inverted Boltzmann averages Y Y
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Learning pinv --- rigorously sampling FG space

Tho(x) = o(T~ (%)) IVT~*(x)]
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Rigorously inverting the CG sampling

Rational quadratic neural spline flow

Compute ¢***¢ from #; = 09 (z;)
Sample ¢, ~ 0
for j=0...mdo

Compute 9{ = FCN(cp?:j_l, peed)

Compute gb{ =84 (cpii)
end for

Reconstruct x; from X; and ¢;
Tho(x) = o(T~(x)|VT ™" (x)]

Gabrié, M.; GMR.; Vanden-Eijnden, E. Proc. Natl. Acad. Sci. U.S. A. 2022, 119 (10), €2109420119.
https://dot.org/10.1073/pnas.2109420119.
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Closing the loop on coarse-grained modeling

Optimize with starting configurations ———>  Sample with Langevin — Invert!
4 iy zog = M(CB()) ~ 6—BU(z,9) L ~ pinv(mlzi)

&

1. Fine-Grained 2. Coarse-Grained 3. Generated Fine-Grained
Configuration Dynamics Configurations
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Closing the loop on coarse-grained modeling

Optimize with starting configurations ———>  Sample with Langevin — Invert!
4 iy zog = M(CB()) ~ 6—BU(z,9) L ~ pinv(mlzi)

&

1. Fine-Grained 2. Coarse-Grained 3. Generated Fine-Grained
Configuration Dynamics Configurations

// #

o
<
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Compulsory example: alanine dipeptide

Generated Configurations

2 March. 2023

Rewei

hted Generated Configurations

&

Molecular Dynamics Simulation
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Error in basins is low, mixing is fast, expectations ©

Absolute Free Energy Difference

T
w

T
]
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Folding of chignolin

Generated Configurations

4
91
N
@,
p—{
-+ 0!
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Reweighted Generated Configurations

Molecular Dynamics Simulation

"b« /.1
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Large- and small-scale observables well-captured
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Challenges in coarse-graining biomolecular systems

Representation Interpretation

Marrink and Tieleman Chens. Soc. Rep., 2013, 42, 6801-6822

Linear projections No access to fine-grained state
Independent of fine-grained state Imperfect PMF recovery / bias
Empirical potential (delta ML) Practical Morti-Zwanzig
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