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Physicists’ gifts to Machine Learning

Mean Field Theory Tensor Networks

Monte Carlo Methods Quantum Computing




Deep learning I1s more than fitting functions

Discriminative learning Generative learning

y = f(x)

or p(y|x) P, )



Deep learning I1s more than fitting functions
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“What I can not create, I do not understand”
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(Generated Arts
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(Generating molecules

Latent 2hysical
attributes configurations
Math behind:  Simple Generate Complex
—)

Probablility  Distributions < Distribution

Transformation Interence

Sanchez-Lengeling & Aspuru-Guzik,
Inverse molecular design using machine learning:
Generative models for matter engineering, Science ‘18
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Probabilistic Generative Modeling

p(x)

How to express, learn, and sample from a
high-dimensional probability distribution 2

generated distribution true data distribution
N\
p(X)
unit gaussiar/
generative
Q model .
_ || (neural net) «._|loss|

Image space

https://blog.openai.com/generative-models/




Physics genes of generative models

Goodfellow, Direct
NIPS tutorial, 1701.00160 p(x) |
\ GAN

Explicit density Implicit density

N o

| . . Markov Chai
Tractable density || Approximate density ROV -

N —_ - GSN
-Fully visible belief nets
-NADE ‘/ \

MADE Variational ' Markov Chain

-Pixel RNN Variational autoencoder Boltzmann machine
-Change of variables

models (nonlinear ICA)



Physics genes of generative models

Goodfellow,

NIPS tutorial, 1701.00160

p(x)

4) Explicit density

< / GAN

Implicit density

S\

Direct

Tractable density

Approximate density

Markov Chain

Tensor -Fully visible belief nets / \ GSN
Networks app
MADE Variational | | Markov Chain
-PixelRNN Variational autoencoder Boltzmann machine

-Change of variables
models (nonlinear ICA)
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Generative modelin hysics

- A """

Known: samples Known: energy function
Unknown: generating distribution Unknown: samples, partition function

Modern generative models for physics
Physics of and for generative modeling



Physics genes of generative models

Goodfellow,

NIPS tutorial, 1701.00160
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Physics genes of generative models

Goodfellow,

Direct
NIPS tutorial, 1701.00160 p(x)
/ GAN
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Explicit density Implicit densﬂ:y
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| ecture Note http://wangleiphy.qgithub.io/lectures/PIL tutorial.pdf

Generative Models for Physicists

CONTENTS
Lei Wang®
1 GENERATIVE MODELING 2
Institute of Physics, Chinese Academy of Sciences 1.1 Probabilistic Generative Modeling -
Beijing 100190, China ' ,
1.2 Generative Model Zoo 4
Octoh 1.2.1  Boltzmann Machines 5
ctober 28, 2018 :
1.2.2 Autoregressive Models 8
1.2.3 Normalizing Flow 9
Abstract 1.2.4 Variational Autoencoders 13
1.2.5 Tensor Networks 15
Generative models generate unseen samples according . .
to a learned joint probability distribution in the high- 1.2.6 Generative Adversarial Networks 17
dimensional space. They find wide applications in density 1.2.7 Generative Moment Matching Networks 18
estimation, variational inference, representation learning
and more. Deep generative models and associated tech- 1.3 Summal‘y 20
niques (sqch as dlffer(‘entlable programing and repljesenta- 5 PHYSICS APPLICATIONS 21
tion learning) are cutting-edge technologies physicists can
learn from deep learning. 2.1 Variational Ansatz 21
This note introduces the concept and principles of gen- R 1; . G

erative modeling, together with applications of modern 2.2 enormalization Gr oup 22
generative models (autoregressive models, normalizing . 3 Monte C arlo Upd ate PI'OpOS als 29
flows, variational autoencoders etc) as well as the old ones ) ) )
(Boltzmann machines) to physics problems. As a bonus, 2.4 Chemical and Material D681gn 23
this note puts some emphasize on physics-inspired gen- : :
erative models which take insights from statistical, quan- 25 Quantum Information Science and Beyond 24
tum, and fluid mechanics. 3 RESOURCES 25

The latest version of the note is at
http://wangleiphy.github.io/. Please send comments,

suggestions and corrections to the email address in below. BIBLIOGRAPHY 26



Generative modeling with normalizing flows

() Wavenet 1609.03499 1711.10433 @ Giow 1807.03039

https://deepmind.com/blog/wavenet-generative-model-raw-audio/ | .
https://deepmind.com/blog/high-fidelity-speech-synthesis-wavenet/ https://blog.openai.com/glow/



https://deepmind.com/blog/wavenet-generative-model-raw-audio/
https://deepmind.com/blog/high-fidelity-speech-synthesis-wavenet/

Generative modeling with normalizing flows

() Wavenet 1609.03499 1711.10433 @ Giow 1807.03039

https://deepmind.com/blog/wavenet-generative-model-raw-audio/ | .
https://deepmind.com/blog/high-fidelity-speech-synthesis-wavenet/ https://blog.openai.com/glow/



https://deepmind.com/blog/wavenet-generative-model-raw-audio/
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Normalizing tflow Iin a nutshell

latent space

‘neural net”
with 1 neuron

N (Z)

ﬁ

p(x) onhysical

\ space




Normalizing Flows

Change of variables x < z with deep neural nets

oz Review article 1912.02762

p(x) — '/V(z) det (E) Tutorial hips icircepirtual 2020/speaker 4.html

composable, differentiable, and invertible mapping between manifolds

4 )

z~ N ()

=
Neural Net

\_ J

Learn probability transformations with normalizing flows

Got this name in Tabak & Vanden-Eijnden, Commun. Math. Sci. ‘10



Training approaches

Density estimation Variational calculation
‘learn from data” ‘learn from Hamiltonian”
< = — Egugaraset [ln p(x)] L = jdx p(x) [ln p(x) + ,BH(x)]
G O )
Z Z
x ~ dataset Tg Z X 7%’ z~ N(0,2)
\ g Y . % Y,

Sample from dataset in the physical space Sample in the latent space



Training approaches

Density estimation Variational calculation
“learn from data” “learn from Hamiltonian”
& = — Eguaamase | In p)] L = [dx p(x)|Inp(x) + SH(x)|
e_ﬁH
KL(7 = zlnm— 7 ln Y+ 1InZ =KL > ()
(z|1p) 2 Z p pll—
@

Sample from dataset in the physical space Sample in the latent space



Forward KL or Reverse KL 7

Maximum Likelihood Estimation Variational Free Energy

q* = argmin, Dk (p||q) q" = argmin, Dxkr(q||p)

Probability Density
Probability Density

Fig. 3.6, Goodfellow, Bengio, Courville, http://www.deeplearningbook.org/



http://www.deeplearningbook.org/

Monte Carlo Gradient Estimators

Review: 1906.10652

V. lE X ] Reinforcement learning

0 —x~py lf( ) Variational inference
Variational Monte Carlo
Variational quantum algorithms

Score function estimator (REINFORCE)

VoEsp, V)] =

Erep, ) Vgln py(x)

Pathwise estimator (Reparametrization trick) X = gg(Z)

VoEsp, 0] =

-:zrv/V(z) [ Vé’f(gé’(z))]

Choose the one with the lowest variance



Design principles

Composability

Balanced
efficiency &
iInductive bias

dp(x, 1)
ot

FV - px, v =0

] B

det (Z—f;) Autoregressive Neural RG Continuous flow




Example of a building block

Forward arbitrary Z< Z>
neural nets
X< = Z< / \ / \
Xs =25 © e + 1(z.) @
Inverse O

{z<:x< & 0,

z> = (x> — 1(x)) © e _ /
Log-Abs-Jacobian-Det X. X
In det(g—;) = ).ils(z<)]; Real NVP, Dinh et al,1605.08803

Turns out to have surprising connection Stoérmer—Verlet integration (later)



How It can be useful in physics ?

Relative Center-of-mass
motion Mmotior

N (Z)

Neural Net

p(x)
WapgonH>

Coupled harmonic oscillator



How It can be useful In physics 7

\";

@.5.
/I\ Renormalization group ¥ Monte Carlo update

X1

Effective theory emerges upon Physics happens on a manifold
transformation of the variables | earn neural nets to unfold that manifold



Neural Network Renormalization Group

;l: ;lg Q Li, LW, PRL 18

[ J ~ ¥ 1i012589/NeuralRG

1 1

| jﬁ{ ] jﬁ:
\Bijective

1 1 neural nets

Correlated classical variables



Neural Network Renormalization Group

;l: ;lg O Li, LW, PRL 18

[ J ~ ¥ 1i012589/NeuralRG

o [* J {* J

B w48
| jﬁ{ ] jﬁ:
\ Bljective

1 1 neural nets

Correlated classical variables



Neural Network Renormalization Group

;l: ;lg O Li, LW, PRL 18

[ J ~ ¥ 1i012589/NeuralRG

* * Collective

variaples

L atent

/ variables

)

COEIE L aec

1 1 neural nets

Correlated classical variables



Neural Network Renormalization Group

z=g (%)

Inference
9] BIDUDS)

x = g(2)

O Li, LW, PRL ‘18
S ¥ 1i012589/NeuralRG

x Collective

] variables
Latent
/ variables

J
J
1

|

|
8 o
ij [*

W

0 (G ) B [
{ M M M J\ Bijective

neural nets

Correlated classical variables



Neural Network Renormalization Group

1 O Li, LW, PRL 18
Z2=g (x) [ J * ¥ 1i012589/NeuralRG
w x Collective
@ ) f ) , variables
O
g % Probability Transformation
0 8 ] L atent
0 % Inp(x)=InAN(z)— In |det <—x) variaples
Hl o 0z
S 1| o
H

B 0 T S S
[ ][ M ][ J\ Bijective

Correlated classical variables

neural nets

x = g(2)



Variational LossS

0.0- 32x32 critical Ising
Exact lower bound -In(Z)

g 70 (Onsager 1944)
@
= —1.0-
O
N 15

—2.0

1  10* 102 103
epochs

Training = Variational free energy calculation



Sampling in the latent space

| atent space energy function

E.(z) = E(g(z)) + Inp(g(z)) — In N (2)
[’|‘ ’|‘] E 05 - III
A I So4i = Critical ISing __,sesesss
| | S e - - = =5
() ) §o3]=
S ESENE = o.z-,EI o
T 1 [ [ -
e 0] '§0.1 _——__ ¢ HMC in physical space
| ! -+ ¢ HMC in latent space
0.0- . . . .
Physical energy function E(x) 10 20 30 40 50

HMC steps

HMC thermalizes faster in the latent space

Other ways to de-bias: neural importance sampling, Metropolis rejection of flow proposal ...



Quantum origin of the architecture

0) Multi-Scale
. . Entanglement
Renormalization
Ansatz

Entangled qubits



Connection to wavelets

Nonlinear & adaptive generalizations of wavelets
Guy, Wavelets & RG1999+ White, Evenbly, Qi, Wavelets, MERA, and holographic mapping 2013+




Continuous normalizing flows

det | —
074

Consider infinitesimal change-of-variables Chen et al 1806.07366

ov
det (1 + 8—) ‘
074

Inp(x)=InA(z) — In

X =2Z+¢v Inp(x) —InA(z) = —In

dx dInp(x,1)
dt da

—V vy



Neural Ordinary Ditferential Equations

Residual network ODE integration

LY. $-|
O O
(@ +
—] (1
Q -
o)
— d
5 &
O =
.
; :
M @)

X, =X, +f(x,) dx/dt = f(x)

Harbor el al 1705.03341
uetal 1710.10121,
- Commun. Math. Stat 17°...

Chen et al, 1806.07366



Neural Ordinary Differential Equations

Residual network ODE integration

144 /

1 '
05 0 5 0= 5 0 5
Input/Hidden/Output Input/Hidden/Output

Harbor el al 1705.03341
uetal 1710.10121,
- Commun. Math. Stat 17°...

Chen et al, 1806.07366



Neural Ordinary Differential Equations

Chen et al, 1806.07366, Grathwohl et al 1810.01367

Target Densit Samples Vector Fleld
/,///
. f»w
N2
N
R A

Continuous normalizing flow have no structural
constraints on the transformation Jacobian




Neural Ordinary Differential Equations

Chen et al, 1806.07366, Grathwohl et al 1810.01367

Target Densit Samples Vector Fleld
/,///
. f»w
N2
N
R A

Continuous normalizing flow have no structural
constraints on the transformation Jacobian




Hluld physics behind flows

J /hang, E, LW 1809.10188
_x — v x ¢ wangleiphy/MongeAmpereFklow
N
> o dInp(x, 1) d B 0 “material
/:, —_ =—V°V _—_+V’V . L,
/ \ At dt ot derivative
dp(x, 1)

Simple density Complex density



Optimal Transport Theory

Monge problem (1781): How to transport earth with optimal cost ?

\

‘ ’
A\"/d

Kantorovich Koopmans Brenier Otto McCann Villani Figalli

Fields Metal 18

Nobel Prize in Economics ’75

Fields Metal 10

from Cuturi, Solomon NISP 2017 tutorial



Optimal Transport Theory

Monge problem (1781): How to transport earth with optimal cost ?

\p(x)

‘ ’
A\"/d

Brenier Otto McCann Villani Figalli

Fields Metal 10 Fields Metal 18

from Cuturi, Solomon NISP 2017 tutorial

Kantorovich Koopmans

Nobel Prize in Economics ’75




Optimal Transport Theory

Monge problem (1781): How to transport earth with optimal cost ?

\p(x)
74 / T ﬂ

S

Under certain conditions

the optimal map is | &~ % = Vu)

Brenier theorem (1991)



Optimal Transport Theory

Monge problem (1781): How to transport earth with optimal cost ?

\p(x)
74 / T ﬂ

S

Under certain conditions

the optimal map Is

z—~Xx =Vu)

Brenier theorem (1991)

Monge-Ampere Equation




Monge-Ampere Flow

Zhang, E, LW 1809.10188
vvanqleipﬂv/l\/longeAmpereFlovv

op(x, 1)
ot

———+ V- |px,n) V| =0

@ Drive the flow with an “irrotational” velocity field

@ Impose symmetry to the scalar valued potential for
symmetric generative model

pgx)=pkx) = pgx)=px)



Hamiltonian dynamics: phase space flow

Hamiltonian equations



Hamiltonian dynamics: phase space flow

Hamiltonian equations Phase space variables

x =(p.q)
. _ OH
- 0q Symplectic metric
. _ 4 9H
T=7% /= (—1 I)



Hamiltonian dynamics: phase space flow

Hamiltonian equations Phase space variables Symplectic gradient flow

x=(p,q)
— _od
0q Symplectic metric
oH

T ]:<—1 I)




Hamiltonian dynamics: phase space flow

iltoni R o0
Hamiltonian ec pace vz % < a,nd, IC gradient flow
| L
_ UL
V.I. Arnold = (P, ¢ fo] 2 V,H(x)J
Mamedmatlfcal 14)
ethods o lectic
Classical iﬁ
Mechanics 7
Second Edition : (_ I

i
T
7
z
T
A
it}
H;&.
i

2 Springer




Symplectic Integrators

explicit Euler, A = 10 symplectic Euler, h = 100

=)

from Hairer et al, Geometric Numerical Integration



Canonical Transformations

Change of variables

x=(p,q ———— z2=(P,0)

T . .
which satisfies (sz) J ( sz) = J | symplectic condition



Canonical Transformations

Change of variables

x = (p,q) z=(P,0)
T . .
which satisfies (sz) J ( sz) = J | symplectic condition

one has Z — VZK(Z)] where K(Z) — H°x(Z)

Preserves Hamiltonian dynamics in the “latent phase space”



Canonical transformation for AR
Moon-Earth-Sun 3-body problem o
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More than 1800 pages of this, ~20 years of efforts (1846-1867)



Neural Canonical Transformations

Li, Dong, Zhang, LW, PRX ‘20 () 11012589/neuralCT

K(P,Q) = )

k

Pi+w;Of
2

Symplectic
Neural Net

physical space latent space

Learn the network parameter and the latent harmonic frequency



Alanine dipeptide slow modes

(a) c><>°OCJO -{
102-g /
| oo
\

5? 101; degp

104 o

0 6 12 18 24 30
k

Neural canonical transformation identifies nonlinear slow modes!



Alanine dipeptide slow modes

(a) c><>°OCJO -{
102-g /
| oo
\

5? 101; degp

104 o

0 6 12 18 24 30
k

Neural canonical transformation identifies nonlinear slow modes!



ICORCINY

150

~J

100

50 -

W 0pF 4
| o e R "1 - Ramachandran
slow motion of the = L plot of stable
two torsion angles o if ! i conformations

150 <100 -50 0 50 100 0

EI VS

Dimensional reduction to slow collective variables
useful for control, prediction, enhanced sampling...

check the paper 1910.00024, PRX 20 for more examples & applications




Symplectic primitives

* Linear transformation: Symplectic Lie algebra

o Continuous-time flow: Symplectic generating functions Structure and Interpretation of

Classical Mechanics

second edition

Symplectic integrator of neural ODE, Chen et al 1806.07/366

 Neural point transformation

P=p( V)

0 =f(q) invertible

ﬂ e U ra‘ n et Gerald Jay Sussman and Jack Wisdom

Symplectic
Neural Net




"A Hamiltonian Extravaganza®

—Danilo J. Rezende@DeepMind
Sep 25 ICLR 2020 paper submission deadline

Sep 26 Symplectic ODE-Net, 1909.12077 & SIEMENS

Sep 27 Hamiltonian Graph Networks with ODE Integrators, 1909.12790 Q ¥

NYU

Sep 29 Symplectic RNN, 1909.13334

NYU

Sep 30 Eaquivariant Hamiltonian Flows, 1909.13739

-

Hamiltonian Generative Network, 1909.13789 Q http://tiny.cc/hgn

Neural Canonical Transformation with Symplectic Flows, 1910.00024 () &

See also Bondesan & Lamacraft, Learning Symmetries of Classical Integrable Systems,1906.04645



Renormalization group

Killer application in science 7

Liand LW, PRL 18

Hu et al, P

q

Research ‘20

Lattice field theory

Albergo et al, P
Kanwar et al, P

RD 19
RL 20

Molecular simulation

Noe et al, Science ‘19
Wirnsberger et al, JCP ‘20



Symmetries

; Normalizing ¥ =9
Invariance EqQuivariance
p(gx) = p(x) T (8z2) = 87 (@)

Spatial symmetries, permutation symmetries, gauge symmetries...



Flow on manifolds

Periodic variables, gauge fields, ...

Gemici et al 1611.02304, Rezende et al, 2002.02428, Boyda et al, 2008.05456
Neural ODE on manifolds, Falorsi et al, 2006.06663, Lou et al, 2006.10254, Mathieu et al, 2006.10605




Obstructions

Dupont et al 1904.01681, Cornish et al, 1909.13833, Zhang et al, 1907.12998, Zhong et al, 2006.00392...



VIIX with other approaches

step c; :
) N - (O—(D)—T
Kingma et al, 1606.04934,...
Prior CB)
1z (z) =

Levy et al, 1711.09268, Wu et al 2002.06707/, ...

—p Target
 pux(x)

Flow
Sample
Sample



Discrete tlows

Tran et al, 1905.10347,

px) = p(y = 7 (x))

p(y1,Y2,Ys3)

oogeboom et al, 1905.07376, van den

p(y1,Y2,Ys3)

Berg 2006.12459



Representation learning: what and how 7

Towards a Definition of

| | Disentangled Representations
What is a good representation 7

Irina Higgins®, David Amos*, David Pfau, Sebastien Racaniere,
Loic Matthey, Danilo Rezende, Alexander Lerchner
DeepMind

1812.02230

2010

2020 GPT-3
relu, batchnorm
resnet ... 2006
Generative Pre-Training appears to be a ——— bj@f?et

==

successful way in learning good representations




Thank You!

Explore more In the interface
of machine learning & physics
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