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Today’'s Menu

* Al4Science: A new paradigm for scientific discovery?
* Free Energies in Physics and Machine Learning

* Examples of Al4Science:
e Transition Path Sampling
* Classical Density Functional Theory
* Quantum Variation Monte Carlo
* Gravitational Lensing

e  Qutlook




Free Energy = Energy Entropv

' jon
This revolution, the informatl

ution, is a revo

ndustrial Revolution: £1820 Information Revolution: £1940



Generative Al: Images




Generative Al: Videos

“A shot following a hiker through jungle brush.”




Deep learning in the natural sciences

MO'ECUle Generatlon Denoising Molecule Diffusion

Protein Folding

Equivariant Diffusion for Molecule Generation in 3D

An animation of the gradient, descent method
predicting a structure for CASP13 target T1008

Emiel Hoogeboom *! Victor Garcia Satorras*! Clément Vignac*? Max Welling '

Highly accurate protein structure prediction with
AlphaFold

John Jumper &, Richard Evans, ... Demis Hassabis & + Show authors

Plasma Control

Nature 596, 583-589 (2021) | Cite this article

Magnetic control of tokamak plasmas through deep
reinforcement learning

Jonas Degrave, Federico Felici &, ... Martin Riedmiller ~ + Show authors

Nature 602, 414-419 (2022) | Cite this article



COMPUTATIONAL
COMPLEXITY

From Experiment to Computer Simulation
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From Simulation to Emulation

Simulate ) Train NN Surrogate =) Emulate

Simulate

BIG DATA ; Amortization

fast

Emulate



From Physics to ML

KL(Q||P) =0

—log Px < —Eq, , (log Px z) — S(Qzx) 4 MM F — —Tl0g 2 < F(Q) = Eo(H) — TS(Q)

(Evidence Lower Bound: ELBO) ’ (Variational Free Energy)
P EG_H/T
ML Physics/Chemistry/Biology
P(z|z)P(z)
P(z|z) = Pa) P(z) = exp|—H (2)]

VA
KLQ|P] = / dz Q(2)[log Q(z) + H(z) +log Z] > 0
g Z = F < F(Q) = U(Q) - 5(Q)

KLIQ|IP) = [ d= Q@)llog Q(2) + Eol~ og(P(sl2)P(2))] + log P(x)] = 0

—log P(z) = F(z) < F(Q; ) = Eq[—1log(P(x[2)P(2))] — 5(Q)



Expectation Maximization as Stochastic Thermodynamics

E-step: min F(Q, 0)

EM-algorithm: @

M-step: m@in F(Q,0)

(from 1994 “Helmholtz Machine” paper)

oU oU 05
. 0 —00 4+ —0Q) — —0
Thermodynamics: F 50 + 5@ Q 5@ Q

= Work + Heat + System Entropy change
= M-step + E-step



E.T. Jaynes

PHYSICAL REVIEW VOLUME 106, NUMBER ¢4 MAY 15, 1957

Information Theory and Statistical Mechanics

E. T. JAYNES
Department of Physics, Stanford University, Stanford, California

(Received September 4, 1956; revised manuscript received March 4, 1957)

Bayesian View of Statistical Mechanics:
Entropy is our degree of ignorance about the microscopic degrees of freedom of a system
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Generative Al

2015

Deep Unsupervised Learning using Nonequilibrium Thermodynamics

. . . t=0 t=7T t=T
Deep Unsupervised Learning using

Nonequilibrium Thermodynamics i e x

Jascha Sohl-Dickstein JASCHA @STANFORD.EDU

Stanford University
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Stanford University
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Diffusion Based Models

2021

. Maximum Likelihood Training of
Noise Score-Based Diffusion Models

Y

dX e f(X, t) dt + g(t) dW Yang Song*
x(0) , Score function ( x(T) O antond Univerity
dx _ [f (x, t) _ g(t) vx log pt (x) ] dt 4 g(t) dW yangsong@cs . stanford. edu
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il 3 s o 7 o ) el i LSRR SRR | School of Informatics
S am 1 es b / Y b %1 o) ; : & ; i 3 . University of Edinburgh
A 2 b | Y 251 ey 7y a6 Pr i.murrayQed.ac.uk
2 P W ‘e 2 2 0 10k ’
v y . y v \ ; s ¥

Figure 1: We can use an SDE to diffuse data to a simple noise distribution. This SDE can be reversed
once we know the score of the marginal distribution at each intermediate time step, Vx log p;(x).

e Crooks Fluctuation Theorem: IIZ(A—_>B; = exp[B(Wa_,p — AF)]

(A<~ B

 The faster you want to generate, the more work you dissipate to the environment.

Conor Durkan*
School of Informatics
University of Edinburgh
conor .durkan@ed.ac.uk

Stefano Ermon
Computer Science Department
Stanford University
ermon@cs.stanford.edu



Generative Al: Molecules!

Denoising Molecule Diffusion




Free Energy is all you need

Variational Inference
MCMC Sampling

Schrodinger Bridges

Optimal Transport

Free Energy

Optimal Control

G-Flows

Diffusion Models

Normalizing Flows

Objective is to minimize KL(Q| | P)
(a.k.a. Free Energy)

F(Q;z) = Eq[—log(P(z|2)P(2))] — 5(Q)

Q & P are Markov Chains:

Q(Z) = QO(ZO) Ft(2t|Zt—1)

t

P(Z) = PT(ZT) Bt(Zt_1|Zt)




DiffLinker: Molecular Linker Design

Input fragments Reference molecule Generated molecule
Input Fragments True Molecule DiffLinker Samples
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Transition Path sampling

Sampling transition paths between molecular conformations

PIPS : Path Integral Path Sampling:

Given initial state ry and target state rr find the series
of intermediate states {ry, 1, ..., "r_1} that describe the transition

path of minimal energy.

Langevin dynamics: extra force term

@I (—Vr‘:lt!(rt)> dt -I—@-(u(xt, £)dt + det), te0.7]

\ . >4

dx¢ f(Xt,t) G(Xt,t)

Source: https://www.e-cam2020.eu/rare-events-story/

Train policy to force molecule over energy barrier



Alanine Dipeptide

- Extensively studied molecule with known collective variables

Collective Variables:

O gy ans b
SNALE

With Lars Holdijk, Yuangi Du, Ferry Hooft,
Priyank Jaini, Bernd Ensing

Potential Energy



Learning the Free Energy of Classical DFT

* Consider liquid/gas with the following free energy: Jacobus Dijkman:

(with B. Ensing

Flp(x, D) = FRlp(x, 0] + [V — j)(0)p(x, Ddx + F&[p(x, )] :\'/lv_\/b‘i’jak:t'\r/;ee”t
_ R. Van Roij)
Qlp] = Flp] + / drp(r) (Vexs (r) — ) o
/ /4 /‘ + + PR
Internal Free Energy External Potential Chemical Potential |

Grand Potential Functional Particle Density

e Learn Z|p] from MD data

* minimize (|p| over density for new V
[ ] Learning Neural Free-Energy Functionals with Pair-Correlation Matching

€2 ij 1,2 jolein Dijkstra,® René van Roij,*
. Dynam|cs; 8tp($,t) — ,yvm . (p(m,t)v [p] ) Jacobus Dijkman,™* Marjolein Dijkstra,> R Roij,

T 5 p ( T t) Max Welling,2 Jan-Willem van de Meent,2 and Bernd Ensing!:®
;




Tralning a free-energy approximator: naive approach

1. Generate training data from MC simulations . .
== simulation data

sampled non-uniform density p(z0)

s
/\/\ PED | -2 () + Vi) =B s e
. : sim

< p(2n)

2. Train the neural network

6F6XC
p(zo) 8;0
p(z1 update model parameters
‘ F;XC autodiff S.Zexc 1 OFex
OFexc 0[-0—1 — Ol + v9 5 S A_ 60 ”
. Z .
p(zn) Ogn Pi Pi
3. Classical DFT at fixed B and BV *(2)
Fgs predicted non-uniform density
p(20) dpo
P 21 .
(_ ) F;*  autodiff :
: )i z
p(zn) Opn 1 Feexc
i) = ~ B — BV
p(z;) = exp (ﬂu N 901 BVext (2 ))

self-consistent DFT iteration



Tralning a free-energy approximator:

pair-correlation matching

1. Generate training data from MC simulations

sampled uniform density p(20)
p(z1)
z p(zn) E

2. Train the neural network with pair-correlation matching

82F06XC
p(20) 9p;
z
p(. 1) Ey* autodiff? :
' 62Fexc
Zn U
p( ) BPOPn
3. Classical DFT at fixed Bu and BV **(z)
aFex.C
p(20) azo
p(z
V+£0 ( 1) F;*  autodiff :
' OF g
p(zn) Opn

self-consistent DFT iteration

aZFgexc
8P0Pn

a 2 F 0exc
ap},

Ornstein-Zernike

== simulation data

sampled radial distribution function

P I

sim

pidp;

update model parameters

52 exc 1 82 F eexc

011 < 0,4+ Vy

sim
opidpj  (Az)* Opidp;

predicted non-uniform density

z
1 FHeXC
p(z) = exp (ﬂu - fa - Buxt(zi))



Classical DFT application

Classical DFT at fixed B and BV **(z) 0 -

OF X
0.6

dpo a
Fy*¢  autodiff ool
OFS~ )

\p(zn)/ apn 0.2 1 ’———r —‘

] - rhp_guess
self-consistent DFT iteration 00d -~ ~— rho_mc -
6 5'0 160 15'0 260 2%0 3(;0

1 OFg

p(zi) = exp (BM — B Az Op ﬂ%xt(zz'))




Classical DFT application

Classical DFT at fixed B and BV ***(2) 0195 ] — tho.guess
OF s \ 0150
dpo 0.125
Fy™  autodiff 0,100 -
OF 0075
Opn ) Soso.
self-consistent DFT iteration 00257
0.000
1 OF;™ 0 50 100 150 200 250 300
p(zi) = exp (BM — B Az o ﬂ%m(%))



Classical DFT application

Classical DFT at fixed Bu and BV *'(2) M

0.30 A

( 6Foexc 0.25 A

dpo
. 0.20
w Fy*¢  autodiff :
0.15 4
OF = )

\o(z)/ i

0.10 A _f— ju_
0.05 -
self-consistent DFT iteration _J —— rho_guess L
0.00 A — rtho_mc
0 50 100 15';0 200 250 300

1 OFg

p(zi) = exp (BM — B Az Op ﬂ%xt(zz'))




Some Results

1 .
«== Neural Free-Ener F( ) Hard-Sphere + Mean-Field Approx. External Potential
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Wasserstein Variational Monte Carlo

* Train a Neural Network to represent the (quantum) wavefunction of the ground state

ir} or
{n} T B mein EIE.. |

Iterations
2
r.orn, -~ ¢,

Source: https://www.nature.com/articles/s41557-020-0544-y

Source: https://deepmind.google/discover/blog/
ferminet-quantum-physics-and-chemistry-from-first-principles/



Quantum Variational Monte Carlo

 Minimize Energy of physical system described by Hamiltonian H over wavefunction:

Blo) = [ do v @10 = [ do (0@ 7105 = By [Buclv]

« Define neural representation for q(x,0) = |¢(x, t9)|2 and follow gradient:
VGE[Q(H)] — Eq(m,@) [(Eloc ($, (9) - Eq(m,@) [Eloc (37, 0)]) Vo lOg q(a:, 0)]

e Claim: this can be viewed as a gradient flow of E[q] in a Fisher-Rao metric + a KL projection.



Wasserstein Quantum Monte Carlo:

[ ]  J { .
G e 0 m et r I C a I V I eW p O I n t the Quan?ugogfil;?gzzzcgctziﬁfl(:l::rg Equation

Kirill Neklyudov
Vector Institute

Jannes Nys Luca Thiede

Institute of Physics & Center for Quantum Science and Engineering Vector Institute
Ecole Polytechnique Fédérale de L (EPFL) Univeristy of Toronto

Juan Felipe Carrasquilla  Qiang Liu Max Welling Alireza Makhzani

Vector Institute UT Austin Microsoft Research Vector Institute

Univeristy of Waterloo Al4Science Univeristy of Toronto

* Introduce manifold for densities by defining a distance between densitities:

Wasserstein metric Fisher-Rao metric
A N S
) [ \
. 1 2 1 :
WFR(PO,p1)2 ‘= inf /0 Eq, (z) l§||vt(x)|| + Egt($)2] dt, subj. to Kirill Neklyudov

Vt,9t,4¢
0g+ ()
ot

= —V - (g(z)ve(x)) + g¢(x)ge(z), and go(z) = po(z), q1(x) = p1(x)

* Wasserstein metric moves probability mass over a vector field (like a physical flow)

* Fisher-Rao metric allows for nonlocal teleportation of probability mass



Two Flows to Minimize F[q]

* By using the gradient flow of the Wasserstein or Fisher-Rao metrics we get two gradient flows to minimize F:

W@ = (0@ - v. 208 @) ),

W) )at@)

0qy

5F[(It]
VeTsg )

e Equilibrium (in both cases) if: ‘

%(x) _ (5F[C]t] () — Eq [(51;575]

=0 <=

2-Wasserstein Gradient Flow,

Fisher—Rao Gradient Flow.

Fisher-Rao Gradient Flow

di+At _ ) )
4 Wasserstein Gradient Flow

OF [Qt]

x) = constant.
7 )

argmin KL(giya: || go+a0)

QQQQQ

Parametric Manifold of ¢

VoE[q(0)] = Eq(z.0) l(Eloc(x, 0) — Eq(a.0) [Eloc(a:,f))])ve log q(z, 0)] — F-R Grad. Flow on E[¢] + Projection



ldea: Use Wasserstein Gradient Flow Instead

Be (4) B (5) Li2 (6) H10 (10)
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How can Al help the Sciences?

Schrodinger eqn. Langevin eqn. Fokker-Planck eqgn. Navier Stokes eqn.
< & }"":‘:‘:' ‘f‘f v
PR
I AN o
¥ \4:4\‘;):‘ !“;,A”
Ly = How() - Ol t) = 2V - (plasyv, 2L Ow/O = vAu = (u-V)utVp.
in—y(t) = Dyl(l). 1dU ip(x,t) =7y x-(pw, z >
ar? v V=—yv———+~2BE(t) op(z,t) Vo=,
m dx
(DFT+ML, (MD+ML=ML Force Fields) i (PDE Surrogates: FourcastNet
QVMC: Fermi & Pauli Net) - (Classical DFT + ML) ' '
GraphcastNet)
Drug Discovery: Catalysis: Materials Science:
Generating Molecules Accelerate reactions. Generating materials

32



A Golden Age of Materials

Condensed
Matter
Physics

Computational
Chemistry

Molecular

Biology
Sustainability

Application

Al4Science

Computational
Science

Iron age

Machine
Learning

Plastic age

Quantum
Computing

— ,_ - ' Q ‘ Modeling
Technology
05

“Material-on-demand age”?

e
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Conclusions

Deep connection between Al
and natural sciences
—>Free Energy is the bridge

ML is the new hammer for Applications in health & sustainability:
computational scientist. new drugs & materials.




